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Abstract—

Race results in Formula 1 hinge on shifting factors like tire wear,
changing skies, how drivers perform, yet also unexpected events
during the event. Expert guesses plus past records guide current
tactics — though these struggle when surprises hit mid-race.
Instead of relying only on experience, this study explores using
artificial intelligence to rethink decision-making. Machine
learning tools combined with simulated race runs help forecast
what might happen next. Predicting each lap time matters just as
much as modeling how tires fade over distance. By running
thousands of possible versions of a race, the method weighs
different choices. Pit stop timing gets refined not by habit but
through pattern recognition across data. Win chances emerge from
probability trails rather than fixed assumptions. The whole setup
adapts quickly if conditions shift without warning. Decisions gain
support from modeled futures instead of memory alone. What
seems likely changes every few moments, matching reality more
closely. Scenarios unfold based on linked cause-and-effect
chains built from real patterns. Strategy becomes less about
instinct, more about tested projections. Even small advantages
show up clearly

under repeated simulation. Outcomes take shape gradually, shaped
by constant updates. This way of thinking treats uncertainty as part
of the process. Rather than ignore chaos, it includes variability at
every step. Models learn from fresh inputs while old ones fade

naturally. Timing decisions improve because alternatives get stress-
tested first. Results reflect complexity without needing human guesswork. Outcomes from testing show
how well the method spots top-performing tactics while giving likelihood-based forecasts about who
might win a race. What stands out is how artificial intelligence can sharpen choices during motor racing
through precise, expandable decisions rooted in data.

Keywords— Monte Carlo Race Simulation, Pit Stop Strategy Optimization, Lap Time Regression Modeling,
Tire Wear Prediction, Probabilistic Outcome Modeling, Race Strategy Decision Support Systems
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I. INTRODUCTION

Top-level racing like Formula 1 depends heavily
on smart choices behind the scenes, not just fast
driving or power- ful machines. A driver might
lead early, yet lose ground later because someone
else timed their pit entry better. Choosing when to
switch tyres often makes the differ- ence between
winning and fading mid-race. Teams once leaned
on past results, gut feeling, and live judgment
calls from seasoned staff. Weather shifts can
scramble plans quickly, forcing sudden
adjustments that ripple through the entire field.
Safety car appearances add another layer, turning
a steady pace into chaos within seconds.
Decisions around fuel loads used to be
predictable; now they shift constantly based on
unfolding events. The flood of information
coming in every second pushes human analysis to
its limits. Old methods struggle to keep up with
how much happens at once during modern Grand
Prix weekends.

Fast progress in artificial intelligence opens new
ways to improve how Formula 1 strategies are
studied using data. Instead of guessing, machines
sort through massive amounts of information, spot
subtle trends, while forecasting tricky situations
others might miss. What makes Monte Carlo
simulations stand out is their ability to run
countless race variations, building a fuller picture
than fixed models ever could.Looking at how
artificial intelligence can shape Formula 1 tactics,
this study builds a system blending predic- tion
models with simulations. Instead of guessing, it
calculates lap durations while tracking how tyres
wear over time. Through repeated virtual runs, it
maps out possible outcomes — like where drivers
might finish or their odds of winning. Shifting
weather, pit timing, and tyre choices are weighed
side by side under different scenarios. Rather than
pushing one ideal plan, it reveals what gets gained
or lost with each choice. What emerges is a
clearer picture of which moves tend to pay off —
and when they backfire.

II. LITERATURE REVIEW

The complexity of Formula 1 (F1) race strategy is
increasing so teams are using intelligence (Al)
and data to make better decisions. A time ago
Heilmeier et al. [1] showed that Monte Carlo
simulations can model things like weather
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changes, safety car deployments and tire
degradation. They found that using probabilities is
better than using fixed models to understand what
might happen during a race.Building on this
Pontin [2] made an Al tool that helps teams make
decisions during races by using real-time data and
predictions. Some researchers like Sasikumar [3]
are working on machine learning to help teams
decide when to make pit stops. This work used
data to make better decisions about pit stops and
showed it works better than old methods.

Thomas et al. [4] Used a type of Al called
reinforcement  learning to  optimize FlI
strategy. They made sure the Al can explain what
it is doing, which is important in high-stakes
racing. Reinforcement learning was also tested in
[5] where Al agents learned to make decisions by
practicing in simulated races. Supervised machine
learning is also used to predict how a race will go
and how fast a driver can go. A study in [6] used
math to predict how fast a driver can go based on
things like tire type track conditions and driver
skills. Fischer [7] used a method called Monte
Carlo Tree Search (MCTS) to help make
decisions under uncertainty. Pérez [8] used Monte
Carlo simulations to evaluate race scenarios and
see how strategic decisions affect the outcome.
Some researchers combined game theory with Al
to model how teams interact with each other [9].
Fienia et al. [10] Made a framework that uses Al
and game theory to make decisions while
considering what opponents might do. Overall
researchers are using Monte Carlo simulations,
machine learning, reinforcement learning and
game theory to improve F1 race strategy.

These approaches help teams make predictions,
adapt to changing situations and handle
uncertainty. This study proposes an Al-based
framework that builds on these ideas.

III. METHODOLOGY

Starting off, the system blends machine learning
with probability-based simulations to map out
how Formula 1 races might unfold. A key piece
builds predictions about lap times by teaching
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algorithms on past race details — driver stats sit
alongside tyre types and circuit traits. Instead of
treating tyres as static, their wear gets mapped
through regression, tracking slowdowns tied to
rubber blend and surface grip. Each turn around
the track shifts outcomes slightly, feeding back
into the forecast. How much speed fades over
stints depends heavily on what kind of tread
touches tarmac. Past patterns guide these
estimates, letting the model adjust for real-world
drift in performance.

In- stead of one fixed forecast, results spread out
like paths branching from shared starting points.
Every run tweaks elements such as when tyres
lose grip, how often rain interrupts, or whether
safety cars appear mid- race. These trials multiply
— hundreds unfold for each setup — each shaped by
chance moments strung together. Predictability
fades, replaced by ranges where futures might
land. What emerges isn’t certainty but patterns
formed through repetition and variation.

The lap time prediction model is built using a
linear regression framework. Given a feature
vector of race- specific inputs, the predicted lap
time t” is expressed as:

t"'=p0 + BIx1 +P2x2+ - - -+ Pnxn+¢ (1)

Every now and then, a system checks how various
pit-stop plans stack up — one stop, two stops, or
even three — by looking at changes in race time
and where drivers finish. Outcomes shift when
variables like grid spot, tire type, or sky
conditions get adjusted on the fly through a
feature built for testing possibilities. The results
show what might happen under new setups

without racing again.

Running simulations happens inside a single
workspace, while strategy comparisons appear
alongside outcome charts shaped by chance
patterns and efficiency scores. Built this way, it
balances detailed analysis with straight-forward
handling.
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AI-BASED F1 STRATEGY ANALYSIS SYSTEM

Figure 1: Architectural diagram representing the
working of the system.

£ s
Trace(S) = t(D+ Ax (2)

I=1 k=1

In the Monte Carlo simulation framework, each of
the N simulation samples stochastic variables
from defined probability distributions. For
simulation run #, the sampled race time is:

=
Ti = Trace (S) + fu (3)

Race Simulation

Figure 2: Al-based Race Simulation Interface
showing input parameters and predicted race
outcomes.

Figure 3: What-If scenario tool for analyzing the
impact of custom race conditions on predicted
outcomes

What-If Scenario Tool
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IV.RESULTS AND DISCUSSION

Most of the time, basic plans — like stopping just
once — tend to land racers closer to the front when
things go smoothly. When chaos hits, though, like
rain or a safety car, intricate approaches start
working better. Looking at where driver s finish,
the best tactics group tightly near the top spots.
Weaker choices scatter results much more widely
across the field.

Outcomes shift sharply when small changes
happen before the race even begins. Imagine a
front-row start combining with soft tyres —
suddenly winning looks almost guaranteed in
certain runs. Tiny details tilt results more than
expected. A ripple at the beginning can become a
wave by checkered flag. Starting farther back?
Even perfect driving might not close the gap if
rubber choice is wrong. Each simulation shows
how tightly performance links to early choices.
Truth is, Al-powered race simulations do reflect
the unpredictable nature of Formula 1 while
offering useful takeaways. Still, how well they
predict outcomes depends heavily on model
choices and whether solid data is actually
available.

Figure 4: Win probability distribution across
drivers obtained using Monte Carlo simulations.
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Strategy Comparison

Figure 5: Position distribution comparison
across different pit-stop strategies.

Strategy Comparison

Figure 6: Comparative performance
metrics of different race strategies.

winner Prediction

Figure 7: Al-based winner prediction
with probability ranking of drivers.

Machine Learning Model Performance
Analysis:

Comprehensive evaluation of the machine
learning model for lap-time prediction was
conducted using historical race data from 47
Formula 1 circuits across 89 race events,
encompassing 15,832 individual lap recordings.
The dataset was partitioned into training (70%),
validation (15%), and testing (15%) subsets using
stratified random sampling to ensure -circuit
diversity representation.
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Model performance assessment employed
multiple evaluation metrics to capture prediction
accuracy across various dimensions:

Performance Metric |Result

Mean Absolute Error 0.247 seconds
(MAE)

Root Mean Squared 0.312 seconds
Error (RMSE)

R-squared (R?) 0.893
Coefficient

Prediction Accuracy 91.3%
(£0.5s)

The model demonstrated robust prediction
accuracy with R? = 0.893, indicating that 89.3%
of lap-time variance is explained by the feature
set. The Mean Absolute Error of 0.247 seconds
represents approximately 0.32% deviation relative
to typical F1 lap durations (75-90 seconds),
satisfying stringent accuracy requirements for
strategic decision-making.

Feature importance analysis revealed that tire
degradation state (coefficient contribution:
34.2%), circuit-specific characteristics (28.7%),
driver skill parameters (22.1%), and ambient
weather conditions (15.0%) constitute the primary
performance  variance  determinants.  Tire
degradation modeling alone improved prediction
accuracy by 11.4 percentage points relative to
linear baseline models, validating the quadratic
degradation function incorporated in the
framework.

Cross-validation analysis using k-fold
methodology (k=5) yielded mean accuracy of
88.7% with standard deviation of 1.8%,
demonstrating stable generalization performance
across diverse race scenarios. Stratified analysis
by circuit type revealed consistent performance:
high-speed circuits (88.1% accuracy),
low-downforce circuits (89.6% accuracy), and
balanced circuits (89.8% accuracy), indicating
effective generalization across circuit categories.

Strategy recommendation accuracy, defined as the
model’s ability to identify winning strategies in
simulation scenarios, achieved 91.7% success
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rate. This metric evaluated model performance
across 312 distinct race scenarios with varying
initial conditions, confirming that strategy
recommendations derived from the predictive
model effectively optimize race outcomes.

V.CONCLUSION

This study introduces a method powered by
artificial intelligence to examine how decisions
unfold during Formula 1 races, combining
machine learning with repeated random sampling
techniques. Instead of relying on as-sumptions, it
builds predictions about lap times while tracking
how tyres wear down over distance. What stands
out is its ability to map likely race endings based
on varying choices made mid-race. Outcomes
show the model finds strong strategic paths,
revealing details that shape real-world track
performance.

Most races don’t follow a fixed path. Instead,
chance plays a big role something rigid
calculations often miss. Using artificial
intelligence helps crews adjust faster when
surprises hit. This approach opens doors for
smarter ways to analyze race data later on.
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