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1. [bookmark: _Toc191822869]Introduction
This proposal outlines the creation of a race strategy optimisation tool for endurance racing, addressing traffic occurrence in multiclass racing. Current race strategy optimisation tools work very well for shorter racing conditions with strict classes, leaving a gap within the field. An example of such systems is Monte Carlo (MC) simulation, used widely throughout industry to analyse specific pit strategies where race prediction is simpler, only accounting for tyre degradation and weather changes. This simulation software aims to incorporate a wider set of parameters including fuel consumption, driver fatigue and traffic during racing. Each of these parameters are highly track specific leaving a large unknown area for research. 
The significance of this research is its potential to improve decision-making specific to endurance racing. This tool uses simulation and data integration to optimise pit stops, fuel use, and driver fatigue. Exploring existing methodologies for race strategy modelling, identifying gaps in research and developing an innovative approach to account for the increased complexity of race strategy in endurance racing.
The key objectives of research for this area will include analysis of current strategy tools, identifying the limitation of endurance strategy and multiclass racing scenarios, development of a simulation model to integrate to included complexities, validation of this model using historical data and real-world track simulations and finally assess the effectiveness of this developed tool for strategy optimisation.
By addressing these research objectives, the aims provide a valuable contribution for endurance race strategy, allowing improvement of strategy for endurance racing to a similar level ton that of sprint racing. The findings of this study have the potential to influence both professional and lower-class racing, driving innovation of strategy formulation at a multitude of levels. 



2. [bookmark: _Toc191822870]Industrial relevance
There are a unique set of challenges involved in endurance racing specifically for race strategy teams, requiring real-time decision making based on complex and dynamic variables. Traditional strategy systems, used in shorter racing formats, fail to incorporate key performance indicator’s (KPIs) present through endurance style racing. Included in this are unpredictable traffic patterns, tyre degradation, fuel efficiency over extended race distances and driver fatigue management. Due to the shift in data-driven decision making throughout motorsport and many other industries, an advanced prediction system for this style of motorsport is a necessity to improve race prediction.  
While there have been advances in simulation-based modelling, the existing model lacks endurance-specific scenarios with aggregate parameters. Existing models, for example, MC simulations, prioritise short-term pit stop and tyre strategy but disregard competitor interaction, traffic dynamics, and real-world uncertainties. This is pointing where predictive analytics can be enhanced.
In addition to theory creation, the research is proportionate to practice within the industry in simulation-based strategy formulation. Le Mans, International Motor Sports Association (IMSA) and World Endurance Championship (WEC) teams increasingly rely on predictive models to refine race strategy, further justifying the creation of a system to realistically simulate such complexities. Furthermore, Simulation-based validation is key in strategy, vehicle development, and manufacturing. The ability of prediction provided through this model will contribute ongoing research on model predictive control strategies, particularly for hybrid and electric endurance racing with the inclusion of electric usage throughout a race. This once more shows the relevancy against real-world scenarios with the push towards a greener world throughout several industries, where developing a more refined simulation will be critical for maintaining optimal performance and efficiency. 
Beyond motorsport, the methods developed through this research can have broader application for the automotive industry, autonomous vehicle simulations and AI decision modelling (Formula 1 Dictionary, 2023) (Gil, 2021). With the incorporation of real-time data analysis, stochastic modelling and advanced techniques the research for this project can advance industry standards in endurance race strategies. By addressing the current limitations of current tools and aligning with continual industry needs, this will offer direct value for motorsport teams, simulation software developers and performance engineering professionals, ensuring practical, real-world applicability.
3. [bookmark: _Toc191822871]Literature review
3.1. [bookmark: _Toc191822872]Existing race strategy optimisation methods
3.1.1. [bookmark: _Toc191822873]Monte-Carlo simulation
The use of MC simulation extends beyond the motorsport industry, it has applications across numerous disciplines including finance, project management, physics and typical engineering (Kenton, 2024). These simulations use varying inputs and provide probabilistic insights into potential outcomes, showing their value for fields where there are uncertainties, see figure 1 for a Monte Carlo schematic (Polat, 2021).
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[bookmark: _Toc191820986]Figure 1 - Example Monte Carlo Simulation flowchart (Polat, 2021)
Within motorsport applications, they’re used to simulate millions of potential race outcomes allowing analysis of them to optimise strategy and approach accordingly. The simulation works based off initial identification of input variables and definition of the problem. Each of the input variables will then be assigned probability distributions based on historical data, experimental data or estimates. Distributions used in the simulation vary from normal distribution, uniform distribution and exponential distribution. A simulation will then generate random sample values and simulate the outcomes. Each of these simulation iterations would generate one possible race outcome, which will there be aggregated to analyse the probabilities of each outcome. From this the engineer predict the most likely outcome based on the number of times each is seen. 
3.1.2. [bookmark: _Toc191822874]Dynamic programming approaches
Dynamic programming (DP) is a mathematical approach to sequential decision optimisation by breaking up problems into smaller subproblems. DP considers the impact of pitting on different laps in race strategy and thus is more effective in longer races than MC. 
DP has two approaches: top-down (memoization), which calculates recursively but keeps previous calculations to prevent redundancy, and bottom-up (tabulation), which populates solutions for subproblems from the smallest ones up to the last optimal method. Having a table of intermediate results ensures that the optimal solution is preserved.
3.1.3. [bookmark: _Toc191822875]Heuristic and AI-based strategies
Heuristic and AI-based approaches now supplement traditional MC and DP simulations with real-time responsiveness and predictive learning. Heuristics use rule-based decision-making to simplify complex optimisations into approximations. For example, if tyre wear is over 0.2 seconds per lap, an early pit stop is considered; if a safety car is deployed during the pit window, the car boxes immediately. While computationally ideal, these systems are non-adaptive in race conditions of uncertainty and hence less than ideal for endurance racing.
Genetic algorithms use heuristic search methods inspired by natural selection. They evolve over generations to the find optimal combination of the various input parameters. This works through a four-step process, where initially they generate a population of strategy candidates, then evaluate fitness functions based on outputs. The next step involves applying mutations and crossover between strategies to evolve. The final step repeats previous step iterations to find an optimal strategy. 
Two types of AI-based strategies are present, being reinforcement learning (RL) and neural networks (NNs). RL Is an AI technique where an agent learns through trail and error where the system will learn to optimise pit stop timing, manage fuel consumption and can adapt through changing race environments (Thomas, 2025). This technique is used throughout Formula E to adjust energy deployment per lap, ensuring maximum speed whilst retaining battery power to finish the race (Liu, 2024). NNs process large amounts of telemetry data to predict lap times and tyre degradation. Inputs for this system can be tracking conditions, vehicle setup, driver performance and driver wear. Whereas outputs are predicted lap timings and optimal race strategy. These systems can be adapted to incorporate traffic management systems using historical data to see where and when slower class vehicles will be encountered, and plan overtakes strategically, minimising losses in lap times.  
3.1.4. [bookmark: _Toc191822876]Comparisons of strategy tools
Table 1 is formulated to compare each of these tools in their efficiency and uses for this context. A scoring system is created ranging from 1 to 5 with 1 being poor and 5 showing excellence in that area, hence the higher the score, the better. This table shows the validity in all these simulation techniques due to the proximity of all scoring, but ultimately it decides that genetic algorithms are the worst due to it’s mediocre scoring throughout, and it finds RL as the best as it scored 5 in the categories adaptability to race conditions, handling uncertainties and training data requirement.
[bookmark: _Toc191820996]Table 1 - Comparisons of strategy tools for coding algorithms
	Method
	Adaptability to race conditions
	Computational efficiency
	Real-time decision making
	Handling uncertainties
	Ease of interpretation
	Training data requirement
	Total

	Monte Carlo simulation
	4
	2
	3
	5
	4
	2
	20/35

	Dynamic programming
	3
	3
	3
	4
	5
	2
	20/35

	Heuristic (Rule-Based)
	2
	5
	5
	2
	5
	1
	20/35

	Genetic algorithms
	4
	3
	2
	4
	3
	3
	19/35

	Reinforcement learning
	5
	2
	4
	5
	2
	5
	23/35

	Neural networks
	5
	2
	4
	5
	1
	5
	22/35



3.2. [bookmark: _Toc191822877]KPIs in endurance racing
4 KPIs are found, these are quantifiable metrics that correlate directly to correctly model race scenarios for endurance style racing, these being fuel consumption, tyre degradation, traffic occurrence and driver fatigue. For proper modelling, these KPIs will need to work in accordance with each other.  
3.2.1. [bookmark: _Toc191822878]Fuel consumption modelling 
As fuel consumption directly effects lap times due to the decrease in vehicle mass with fuel consumption, there is a necessity for a direct correlation between the two (Bekker, 2009) (Boettinger, 2023). Advance simulations incorporate the relationship between fuel mass and lap times as seen in a study on Monte Carlo methods (Heilmeier, 2020). Similar techniques are used in electric vehicle management for endurance racing where Kampen states optimisation of energy use and scheduled charging stops can gain several laps worth of distance during an endurance race (Kampen, 2022). Typical strategies of projection are based on a model of fuel consumption per lap and project how many laps can be run per tank, ultimately deciding optimal refuelling schedule (Kampen, 2022).
3.2.2. [bookmark: _Toc191822879]Tyre degradation & strategy 
Another influence on lap times is tyre wear, a new set of tyres offer more grip through cornering, acceleration and braking, enhancing each. However, pushing these new tyres will increase the wear rate of them, meaning a suitable medium between the two must be found (Heilmeier, 2020). This leaves teams with the decision between multiple things, slow down to preserve tyres, or increase speed and take the time penalty of needing to stop for fresh tyres. A strategy model proposed by Heilmeier incorporates degradation curves relating to tyre age and compound type, adding a time penalty each lap based on this curve (Heilmeier, 2020). Some endurance series limit manufacturers to the number of tyre sets allowed, adding another layer of strategy, with different classes being subjected to different allocations (FIA, 2025). See figure 2 for an example of tyre degradation curves (Hatton, 2024).
[image: Racewatch tyre degradation curves from a session]
[bookmark: _Toc191820987]Figure 2 - Example tyre degradation curves (Hatton, 2024)
3.2.3. [bookmark: _Toc191822880]Traffic occurrence in multiclass racing
In multiclass racing, faster moving traffic constantly need to navigate through slower moving traffic, this presents an obstacle to overcome from a simulation standpoint. Current research suggests time lost behind slower moving vehicles can cost losses in lap times of seconds, meaning pitting strategy must be implemented to avoid heavy traffic can be suggested. Paparusso’s research in this area inputs traffic delays probabilistically, yet other models use multi-agent modelling or game theory to simulate interactions (Paparusso, 2022). This area is still underdeveloped within the motorsport industry and will require new work throughout this project to contribute towards a suitable methodology.  


3.2.4. [bookmark: _Toc191822881]Driver fatigue & stint optimisation
Driver fatigue has direct implications on slower lap times and the likelihood of mistakes, this must be monitored closely with relation to driver vitals and performance degradation, meaning live mapping of this is necessary (Campbell racing, 2024). Historical data and industry knowledge often dictates driver stints with relation today and night driving dependant on race length. There are also regulations set out within specific series that dictate how long a driver can be in the vehicle for at any time, this is due to historical cases of fatigue-related crashes, effecting the safety of the driver in question and their competitors. Most of the literature for this section focusses on individual driver stamina, yet there are recommendations for attention to driver state modelling as proposed by Owen (Owen, 2015).
3.3. [bookmark: _Toc191822882]Simulation based validation & predictive modelling in motorsport
Due to the multiple KPIs previously mentioned, simulation-based predictive modelling is becoming an increasingly more important method of race strategy planning. These simulations are built be researchers and teams to test “what-if” scenarios to help optimise and account for all possible situations prior to race day (Sulsters, 2018). An example of this is shown the Bekker and Lotz work, describing the use of historical data distributions for discrete-event simulation to imitate nearly all on-track event (Bekker, 2009). 
There is an increasing use of data-driven and AI-enhanced simulations currently, as opposed to purely physics-based approaches. These hybrid approaches can be combined with historical data as training to improve prediction on rival behaviour (Liu, 2020). These simulations can be validated against realistic simulators or possibly esports/virtual racing environments, therefore verifying the performance of the strategy prediction. This technique spreads across vehicle development for motorsport wholistically using driver-in-loop simulators (DIL) as an example. DIL simulators replicate real car physics, allowing professional drivers to interact with AI-recommended tactics in a virtual but realistic setting. The AI can recommend optimum race conditions—such as fuel-saving driving patterns, passing opportunities, or tyre-saving manoeuvres, the driver can then execute in a simulator to check for practicability. 
Predictive modelling is central to real-time support during a race, where strategy software can take on live data and run rapid simulations, dependant upon computational power, to adapt a strategy should certain complications arise, for instance the release of a safety car. Techniques such as a NN predictors as described Liu, or pre-computed strategy tables, taken from DP solutions, can make decisions on how to best proceed once an unlikely occurrence happens. 


4. [bookmark: _Toc191822883]Proposed methodologies
4.1. [bookmark: _Toc191822884]Data collection and preprocessing
Gathering comprehensive historical endurance racing data will be the foundation for this project, this will include gathering race logs of multiple series looking at telemetry data and timing data (Terracciano, 2022). The key parameters expected are the 4 KPIs discussed previously. This data will require preprocessing to clean and organise for analysis within MATLAB, removing outliers or extraneous laps like in-laps, out-laps or laps under the safety car, that could skew models. Despite this, these laps would still require analysis as they play an important role within specific simulation parameters. 
These ordered datasets are required to curve fit tyre wear to lap numbers and to infer probabilities for random events, e.g., safety car deployment, that may be associated with driver fatigue in a race. Where there are few data, literature will be reviewed to derive plausible estimates.
It seeks to develop a calibrated dataset for use in simulation, providing estimates for tyre wear coefficients (by compound), fuel usage by vehicle performance, safety car probability (due to driver fatigue), and traffic delay models.
4.2. [bookmark: _Toc191822885]Simulation model development
Development of the lap-by-lap simulation model within MATLAB, using Monte Carlo simulation to handle the variability, where each run of the simulator can include randomised events such as lap time variation, traffic encounters and incidents within the simulation model based on the historical data collection. An example of the simulation workflow is shown through figure 3, the aim is to adopt a similar strategy to that of Heilmeier’s strategy (Heilmeier, 2020). 
[image: A diagram of a race
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[bookmark: _Toc191820988]Figure 3 - Illustrative flowchart of the lap-wise race simulation process, which for each lap updates pit stops, applies the lap time model (with fuel/tyre effects), and adds probabilistic delays (traffic, incidents), before outputting the total race time (Heilmeier, 2020)
Each KPI will have associated penalties regarding lap timing, for fuel consumption reducing vehicle mass, a calibrated effect will be produced about the historical data. Tyre degradation will require time penalties from the degradation curve produced alongside penalties for pit stops once the tyre has reached its limit. Traffic and probabilistic events will be inspired following the framework of Bekker (Bekker, 2009). For driver fatigue modelling, a time-based penalty will be applied, once the vehicle has been in use by a single driver for an allocated period, adjustable dependant on driver performance, then a lap time penalty will be imposed. 
The integration within MATLAB will use a loop per lap to compute race progression, the model will require lookup tables for lap time penalties at various fuel/ tyre states, thus avoiding heavy computation within the loops, thus decreasing computation time (MathWorks Fixed Point Team, 2019).
4.3. [bookmark: _Toc191822886]Optimisation framework
Once the simulation has been created, an iterative optimisation framework, utilising multiple of the methodologies previously discussed, can be implemented. This tool will output pitstop lap numbers, tyre compound choices for each stint alongside which driver is I the vehicle at each point. 
The first algorithm approach used will be DP, this strategy will ignore randomness, making it useful for finding optimal fuel-tyre strategy, as these parameters will be relatively linear. This will aim to allow the vehicle to gather the greatest distance within the allotted period, treat each lap as a stage aiming for optimal lap timings. This method will yield a baseline schedule, without considering the stochastic elements, providing a starting strategy.
Following this, stochastic optimisation will need to be performed, accounting for uncertainties, Monte Carlo evaluations will be applied within the loop, the current candidate strategy is applied to gauge the performance distribution. This is then adjusted using a genetic algorithm to encode pit strategies as “chromosomes”, allowing evolution of strategies, creating a population. This will create new generations of strategies where they are evaluated for performance and then bred together to optimise for future generations of the strategy. Similar strategies, used by Paparusso, show promising results (Paparusso, 2022). See figure 4 for an example of a genetic algorithm flowchart (Wahab, 2015).
[image: Flow Chart of Genetic Algorithm with all steps involved from beginning until termination conditions met [6].]
[bookmark: _Toc191820989]Figure 4 - Genetic algorithm flowchart (Wahab, 2015)
The algorithm will likely proceed as follows: start with an initial strategy (from DP or a well-informed guess), then iterate simulate -> analyse results -> update strategy. For instance, if simulations show the car is losing time in the final stint repeatedly because of too much tyre wear, the optimiser can include an earlier pit stop in the next iteration of strategy. For most cycles, the approach converges to a policy that has a good minimum race time expectation. This ensures not only that the approach is quick but also robust against uncertainties.
4.4. [bookmark: _Toc191822887]Validation
Since there is no means for real-world testing to be applied, the validation of the simulation will be done against historical data, like the data collection. A scenario will be setup within the simulation, replicating the conditions of the historical race chosen, alongside the strategy employed by the team. The outputs of this simulation would be compared to the real race results from the historical data, comparing all the key metrics and analysing error metrics between simulated and actual data. Sulster recommends comparing the distribution of simulated race times to actual outcomes. Checking for no significant difference via a Wilcoxon signed-rank test (Sulsters, 2018).
The next step of validation is to use the optimisation technique of the race strategy tool and compare the suggested strategy to that of the best performer from the historical data. If done correctly the simulated strategy should return a strategy like that of the winner. Should the tool return better results in comparison to the best performer then careful consideration should be taken, with analysis of the chosen strategy from the true data and analysing with logic whether the suggested strategy will yield better results, as all the data returned is still theoretical. 
If at any point the model diverges from expected trends, there will be a requirement of refinement for that area, in which an iterative process of correction and retesting will ensue. The aim of this being to refine the model until a desired accuracy is obtained, where the simulation can accurately capture race dynamics, and the optimisation yields sensible and advantageous strategies.
4.5. [bookmark: _Toc191822888]Implementation and UI development
The final stage, once a suitable level of accuracy is achieved, is to create a user-friendly interface. This will simply be done with the MATLAB app designer to allow a race engineer to interact with the simulation without prior knowledge of the code. The likely layout for the interface will be consisted of fields inputs and drop-down menus setups for key parameters, e.g. duration, profile selection, vehicle parameters. Due to the expected computational cost of the simulation, the user interface (UI) will indicate a status console to update the user on current progress (Hicklin, 2021).
Once completed, the interface will present the recommended strategy to the user, alongside a summary of performance predictions in the form of graphical representations. This should help the user understand why the selected strategy is chosen, giving a sense of trust in the system.


5. [bookmark: _Toc191822889]Results collection and analysis
5.1. [bookmark: _Toc191822890]Results collection
5.1.1. [bookmark: _Toc191822891]Types of data collected
There will be multiple generated outputs from the simulation and optimisation framework for analysis. These outputs begin with lap time data, showing lap times with respect to the KPIs, pit stop decisions from the optimisation scenarios, showing pit stop timings, tyre compound choices, when refuelling occurs and driver swaps. Also, an overall race time/distance dependant upon the type of race whether it is based on a distance target or time target, with another output for probabilistic race outcomes based on the stochastic inputs for that simulation iteration. For analysis on the simulation itself, computational efficiency metrics like solving time and iteration count to analyse the convergence behaviour of the model will be output. This will be used to analyse the efficiency of the model with respect to the accuracy.
5.1.2. [bookmark: _Toc191822892]Data sources
The main data source for the optimisation of the model will be directly from the MATLAB outputs, yet for validation of the model, historical race data will be needed for assessment. Within this, real-world race telemetry and performance statistics are required.
5.1.3. [bookmark: _Toc191822893]Data format
Most data formatting will come in the form of MATLAB matrices or CSV datasets, containing lap-by-lap race metrics. These will be compiled into structured tables allowing ease of comparison between output strategies, alongside comparisons to historical strategies. This allows for both qualitive and quantitative analysis of the data. Graphical representation of lap time progression, fuel consumption curves and tyre degradation plots, comparing compound choices, amongst others. Heat maps will also be used to display the effects of stochastic race events allowing visualisation of the effects of traffic. For statistical verification, summary tables will be generated contrasting key performance metrics between simulation runs. These will include calculated means, standard deviations, and confidence intervals for the relevant parameters of total race time, number of pit stops, and rates of tyre wear. Deviation of the expected values will be realised to be carefully verified to determine if the model behaves as required. Furthermore, computational performance indicators like time spent by different optimisation methods and the number of iterations required to reach convergence will be measured and analysed to determine the efficiency of the strategy optimisation framework.
5.2. [bookmark: _Toc191822894]Results analysis
5.2.1. [bookmark: _Toc191822895]Statistical and comparative methods
One of the primary methods for statistical analysis will be error analysis. This will involve calculating key deviation metrics between predicted and actual race performance through percentage errors, root mean square error (RMSE) and mean absolute error (MAE). Additionally, a Wilcoxon signed-rank test will be used for model validity to determine significant statistical difference between simulated and historical data. 
Evaluation of the optimisation algorithms will be done through convergence analysis, where the iterative nature of DP, genetic algorithms and RL will be assessed for their performance. This is done through comparing efficiency metrics such as execution time and memory usage to reach a stable solution. This will dictate the best solving mechanism for use in the final strategy tool (Takacs, 2024). 
Finally, comparative benchmarking shall be done by a comparison with historic best performing racing strategies and the optimal strategies generated by the model. If repeatedly the simulation is generating strategies that are comparable to or better than winning approaches, then this shall be great evidence of its efficiency. Conversely, if there are differences determined, further research will be conducted to further define the model for accurately representing true race dynamics. With these comparison and statistical measures, the race strategy tool will be rigorously tested for correctness, power, and computer performance to ensure it can be utilised in endurance motorsport. Implementing these validation and optimisation techniques will enhance the model's credibility and utility, providing teams with a robust tool for strategic decision-making in endurance racing scenarios (Xiong, 2009).
5.2.2. [bookmark: _Toc191822896]Potential issues and mitigation strategies
One primary challenge is data availability, where gaps exist probabilistic estimation techniques and literature-based parameterisation will be applied to estimate missing values. Sensitivity tests will also be performed to see how various variations in these estimations affect overall model accuracy. The other type of issue that can be encountered is computational complexity and processing time. Since the nature of optimisation algorithms such as Monte Carlo simulations, genetic algorithms, and dynamic programming makes computational cost highly expensive, especially in simulating long-duration endurance races with random variables, it can be quite expensive. To mitigate this, precomputed lookup tables will be used for frequently accessed calculations such as tyre wear penalties and fuel consumption corrections to reduce duplicate calculations in race simulations.
One of the greatest challenges to developing a predictive model is realism and strategy validation. Since the project will not entail real-world testing, simulation accuracy will need to be validated against historical race statistics. A trap in this validation is that the model will create strategies that will perform well in simulation but are not correct in reflecting real race outcomes due to simplifications or omitted variables. To account for this, several levels of validation will be employed. The simulation outputs will subsequently be validated against historical race results to ensure that lap time trends, pit stop strategy, and race length all match what has been observed in the past.


6. [bookmark: _Toc191822897]Project planning/Timescales
Table 2 depicts a broad timeline for the research, this enables the research to stay on task throughout. Should any position pf the project be compromised due to difficulties in completion, enough time is left for each section as a contingency. Seen Gantt chart in figure 5.
[bookmark: _Toc191820997]Table 2 - Research project timeline
	Project timeline

	Position
	Start date
	End date
	Activity

	1
	01/06/2025
	03/06/2025
	Data collection

	2
	03/06/2025
	08/06/2025
	Data preprocessing

	3
	08/06/2025
	22/08/2025
	Simulation model development

	4
	02/08/2025
	30/08/2025
	Race strategy implementation

	5
	30/08/2025
	08/09/2025
	UI development



[image: ]
[bookmark: _Toc191820990]Figure 5 - Research project Gantt chart


7. [bookmark: _Toc191822898]Evaluation
This is a clear, reasoned, and justified research proposal for the development of an endurance racing strategy optimisation tool. The research effectively declares the key shortcomings of current methods of race strategy, i.e., in traffic management for multiclass racing and integration of multiple factors of performance such as tyre wear, fuel efficiency, and driver fatigue. The suggested method duly integrates current simulation techniques and AI optimisation to enhance predictability and decision-making in long-distance motor racing. 
Industrial applications for the research are strongly suggested, mirroring the increasing demand for advanced simulation technology in motor racing. With its aim to address actual problems, the research has the potential to contribute effective improvement in race strategy formulation for amateur and professional endurance racing teams. Moreover, the extensive application of the methodologies devised in other domains such as vehicle simulation, autonomous vehicles, and AI-based decision-making demonstrates its impact outside the scope of motorsport. 
The process of research is complex and orderly with clear steps towards data acquisition, model development, validation, and optimisation. Utilisation of MATLAB as envisioned within simulation and UI design guarantees deploy ability and execution of the output. Calibration by using historical data provided lends firmness to research despite absence of experimenting with real data. 
Despite the computational complexity and data availability limits imposed by research, solutions provided render the issues invalid. The project schedule is well structured with room for potential issues but keeping the development and testing timeline in sync. 
Ultimately, this work has the potential to transform endurance race strategy through an enormously advanced and data-driven decision support system. In achieving this, it will enhance strategic planning in endurance motorsport and create a new standard for predictive simulation tools within motorsport.
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