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Abstract— High-performance autonomous racing requires
accurate modeling of vehicle dynamics, particularly in limit-
handling regimes where tire-road interactions dominate ve-
hicle behavior. While traditional semi-empirical tire models
provide interpretability, they often lack the flexibility to capture
complex tire characteristics, especially when combined with
simplified vehicle dynamics models. Conversely, purely data-
driven methods offer high expressiveness and flexibility, but
may suffer from physical inconsistencies and poor extrapolation
in extreme regimes, leading to unsafe exploitation by control
policies. To address these issues, we introduce SplineTM, a
novel tire modeling framework that represents tire forces using
B-splines. SplineTM bridges the gap between rigid empirical
structures and flexible data-driven approaches by maintaining
physical grounding while providing scalable representational
capacity. We evaluate the model against strong baselines across
three tasks: trajectory prediction, Model Predictive Control,
and Reinforcement Learning based sim-to-real transfer. Results
on small-scale and full-scale racing platforms demonstrate that
SplineTM achieves superior prediction accuracy and signif-
icantly faster lap times, providing a robust, differentiable,
and interpretable alternative for safe, high-speed autonomous
vehicle control.

I. INTRODUCTION

Accurate vehicle dynamics modeling is a cornerstone of
high-performance autonomous racing. When operating at the
limits of handling, small modeling inaccuracies can lead
to large prediction errors, degraded control performance,
or catastrophic failures. To achieve competitive lap times
safely during extreme maneuvers, an autonomous agent must
operate within the nonlinear regime of vehicle dynamics,
where the interaction between the tires and the track surface
becomes the dominant factor.

The landscape of tire modeling spans a spectrum from
semi-empirical to purely data-driven approaches. Clas-
sic semi-empirical models, such as the Pacejka "Magic
Formula"[1], TMEasy [2], or more analytical ones, such as
the Dugoff [3], [4] or Fiala [5], utilize structured mathe-
matical formulations to capture the characteristic S-curve
of tire forces. While interpretable and physically grounded,
their fixed structures lack the flexibility to adapt to pecu-
liar behaviors of specific tire-surface combinations. On the
other end, data-driven methods [6], [7] offer unparalleled
expressiveness. However, this comes at the cost of poor ex-
trapolation and physical inconsistencies. This is particularly
problematic in Reinforcement Learning (RL) and optimal
control, where optimization schemes actively exploit these
irregularities, leading to unsafe deployment.
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Fig. 1. We propose SplineTM, which utilizes B-splines to model tire-road
interactions, combining expressiveness with physical structure.

Recent advancements have sought a middle ground, us-
ing neural networks to determine the parameters of semi-
empirical models [8], [9]. Nevertheless, the underlying semi-
empirical structure is often still constrained by strong para-
metric coupling and limited expressivity, and some rely
on history-dependent features [10] that complicate standard
Model Predictive Control (MPC).

To provide a safe, flexible, and interpretable alternative,
we propose SplineTM, a novel tire modeling framework
based on B-splines. Our approach represents longitudinal and
lateral tire forces as smooth, piecewise polynomial curves
(Fig. 1). By utilizing clamped uniform B-splines [11], we
ensure physically consistent behavior while allowing the
model to smoothly adapt to complex characteristics.

The contributions of this work are twofold:
• We introduce SplineTM, a B-spline-based tire model

that offers a physically-grounded, smooth, differen-
tiable, and interpretable alternative to existing tire mod-
els.

• We provide a rigorous evaluation of various tire models
in the context of autonomous racing, benchmarking per-
formance across three domains: (i) trajectory prediction
on both F1TENTH and full-scale racecars, (ii) safe
MPC applied to real-world racing, and (iii) RL policy
training and sim-to-real transfer1.

II. METHOD

A. Problem Statement

The problems we consider are trajectory prediction and
closed-loop control in autonomous racing. Our goal is to

1Supplementary video can be found at https://youtu.be/
aa6GFuCYnJM
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investigate how the choice of the dynamics model influences
safety and performance in these tasks. In trajectory predic-
tion, we aim to develop a dynamics model ẋ = f(x, u)
that minimizes the Mean Squared Error (MSE) between
the predicted state trajectory x̂ and the true system state
trajectory xGT over a prediction horizon. In the control
task, we exploit the dynamics model f to control the vehicle
through a time trial using either gradient-based MPC or as
a simulated environment to train RL policies for zero-shot
real-world deployment.

B. Vehicle Dynamics Model

We adopt the dynamic single-track model, widely used in
robotics for its balance of predictive fidelity and computa-
tional tractability. The vehicle state is x =

[
vx vy r

]T
,

representing longitudinal velocity, lateral velocity, and yaw
rate. The dynamics are:v̇xv̇y
ṙ

 =

 1
m (Fxr + Fxf cos δ − Fyf sin δ − Fdrag) + vyr

1
m (Fxf sin δ + Fyf cos δ + Fyr)− vxr
1
Iz

((Fxf sin δ + Fyf cos δ) lf − Fyrlr)

 ,

where δ is the front steering angle, F□ represents lumped
tire and drag forces, m is mass, Iz is yaw inertia, and lf , lr
are distances to the axles. Accurately modeling tire forces
(Fxf , Fxr, Fyf , Fyr) is critical as they are the primary source
of energy for a racing vehicle.

C. B-Spline Tire Model

We model tire forces as functions of the slip angle α
and slip ratio σ, representing the relative velocity between
the tire contact patch and road surface. Following standard
conventions [12], we define:

αf =
vy + lfr

vx
− δ, αr =

vy − lrr

vx
,

σr =
ωR− vx

max(ωR, vx)
,

σf =
ωR− (vx cos δ + (vy + lfr) sin δ)

max(ωR, vx cos δ + (vy + lfr) sin δ)
,

where ωR is the linear velocity of the tire contact patch.
To prevent non-physical boundary exploitation by control

policies, we explicitly enforce the coupling between longi-
tudinal and lateral forces via a friction ellipse constraint:

Fx = Fzµ
σnorm

κ
Tx(σeff ), Fy = Fzµ

αnorm

κ
Ty(αeff ),

σeff = κσ̄, αeff = κᾱ, κ =
√

σ2
norm + α2

norm,

σnorm =
σ

σ̄
, αnorm =

α

ᾱ
,

where σ̄, ᾱ represent learnable slip scaling factors, and
Tx, Ty model normalized tire forces in the pure slip regimes.

Empirical data [1] suggests that Tx and Ty possess char-
acteristic shapes: an initial linear region, smooth saturation,
and steady-state behavior at higher slips. We model these
using clamped uniform B-splines [11], which natively scale
with the number of control points and allow us to impose
structural priors. For the longitudinal force:

Tx(σeff ) = BSpline(min (σeffkσ, 1)),
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Fig. 2. SplineTM longitudinal tire force Tx(σ) for varying parameters.
It provides fine-grained shape control while naturally retaining a physically
plausible S-curve structure.

where kσ maps the effective slip to the [0, 1] B-spline
domain. Although the min operator can introduce non-
smoothness, we mitigate this by carefully selecting boundary
control points to ensure C1 continuity at the saturation
transition. Specifically, we constrain the last two control
points to be equal, ensuring T ′(1) = 0, guaranteeing a
smooth transition to a bounded steady-state value after
σeffkσ exceeds 1. By fixing the first control point to 0, we
obtain physically grounded behavior at zero slip, though we
optionally allow horizontal and vertical offsets (Sh, Sv) to
model the effects of camber or internal tire structures [1].

The interior control points dictate the shape of the force
curve. To guarantee a physically plausible shape (rising to
a peak, then potentially degrading), we parameterize control
points p with a vector of non-negative increments dp↑ ∈ RN↑

+

and another vector of non-negative decrements dp↓ ∈ RN↓
+ .

The integers N↑ and N↓ control the capacity of the model
before and after the peak. Figure 2 illustrates the diverse
yet structurally safe family of characteristics this setup
generates. SplineTM integrates physically plausible inductive
biases with scalable representational power, bridging the
gap between fixed empirical models and unstructured neural
network-based ones.

D. Identification of Model Parameters

We optimize model parameters θ end-to-end to minimize
multi-step Mean Squared Error over a dataset of trajectories
D. Each trajectory τ consists of ground-truth states xτ

GT

and applied actions uτ . The predicted state x̂τ is obtained
by integrating the model dynamics ˙̂x = fθ (x̂, u) from an
initial state xτ

0 . We optimize

min
θ

∑
t∈T

∥xτ
t − x̂τ

t ∥
2
2 s.t. ˙̂xτ

t = fθ (x̂
τ
t , u

τ
t ) , (1)

using back-propagation through time via gradient descent.

E. Model Predictive Control (MPC)

Autonomous racing is a challenging benchmark for eval-
uating vehicle dynamics models, as discrepancies between
the model used in MPC and real-world dynamics directly



degrade closed-loop performance, leading to suboptimal lap
times or constraint violations.

To evaluate the dynamics models in optimal control, we
use the acados framework [13]. The objective is to maximize
progress subject to soft constraints on track boundaries and
hard constraints on actuators limits. We extend the state
with Frenet coordinates (s, n, µ) and control inputs The
MPC optimizes over an 80-step (2.64 s-long) horizon. To
compensate for real-world delays, we forward-integrate the
model from the current state estimate to seed the solver.

F. Reinforcement Learning (RL)

Similarly, learning racing policies using RL serves as a
rigorous benchmark for vehicle dynamics models, as RL
agents aggressively maximize reward, inevitably exploiting
simulator inaccuracies. We train policies entirely in simu-
lation using PPO [14]. The policy operates at 20Hz while
the vehicle dynamics are integrated at 100Hz. To enforce
robust behavior without domain randomization, we inject
Gaussian observation noise with standard deviation Q, which
is provided as an input to the network. Higher values of Q
force the policy into a conservative driving style, enabling us
to test the sim-to-real gap required for safe track completion.

III. EXPERIMENTS
A. Experimental Setup

Real-world experiments utilized an Xray GTXE’22 1/8th
scale F1TENTH RC car. State estimation was provided by
an Optitrack motion capture system. We tested on two virtual
tracks: an oval and a technical L-shaped track (Fig. 3).

We evaluate SplineTM against a comprehensive set of
baselines: Dugoff [4], TMEasy [2], Pacejka (with and
without offsets) [1], Neural ExpTanh [9], Neural Tires (a
3-layer MLP predicting forces) [7], and an MLP approxi-
mating full vehicle dynamics [6].
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Fig. 3. Layout of the F1TENTH racetracks utilized in our evaluations.

B. Trajectory Prediction

We evaluated open-loop prediction accuracy over 1 s hori-
zons on two datasets: (i) an F1TENTH dataset featuring
aggressive MPC driving and drifting, and (ii) the Stanford
Vehicle Dynamics dataset [15] featuring a full-scale VW
Golf operating at handling limits.

As shown in Figure 4, unstructured neural networks
(Neural Tires, MLP) achieved the lowest MSE, benefiting
from immense representational capacity to fit complex, high-
frequency disturbances in the dataset. However, SplineTM

with offsets successfully bridged this gap, outperforming
the classical Pacejka baseline by 9.5% on F1TENTH and
over 30% on the full-scale VW Golf, while utilizing only a
fraction of the parameters of the neural models.

The significant performance gap observed in the full-scale
dataset highlights the importance of the vertical and hori-
zontal offsets (Sh, Sv). Full-scale vehicles possess complex
suspension geometry and rolling resistance that shift the
zero-crossing of the force curve. SplineTM captures these
structural phenomena natively while maintaining the flexi-
bility to shape the saturation regions using interior control
points. In contrast, the highly constrained Neural ExpTanh
struggled to fit the data using our end-to-end multi-step
loss formulation. SplineTM provides natural scalability while
maintaining the interpretable, compact structure necessary
for stable downstream control.

C. Control Performance: MPC and RL

MPC: We deployed the identified models as the inter-
nal dynamics constraint in a real-time 33Hz MPC on the
physical F1TENTH car on both oval and L-shaped tracks
in a 30-lap-long time trial. Among baselines, only Dugoff,
TMEasy, and Pacejka without offsets were able to safely
complete 30 laps. In fact, neural network-based models failed
to complete even a single lap, which we presume can be
caused by the lack of a model structure that makes them
inherently easier to exploit. In turn, the models with offsets
introduced a slight chattering to the control signal, leading
to significantly degraded lap times. The lap times for the
solver-friendly baselines and our SplineTM are presented in
Figure 5. Although in general, the lap time differences are
not big nominally, in the context of autonomous racing, they
show a clear advantage. To ensure that the achieved results
are statistically significant, we performed the Mann-Whitney
U test [16]. For both tracks, we see that the proposed
approach achieves the lowest median lap times, significantly
outperforming Pacejka and TMEasy models (Mann-Whitney
U test p < 10−6). In turn, compared with the Dugoff tire
model, our approach is comparable on the simpler oval
racetrack, but on more technical L-shaped one, there is a
significant advantage of 0.09 s in the mean lap time and the
Mann-Whitney U test confirms that SplineTM achieves lower
lap times with p < 10−4.

RL Sim-to-Real Transfer: We trained PPO policies in
simulation using the identified models and evaluated zero-
shot transfer on the L-shaped track. To ensure safety and
prevent track boundary violations, we incrementally scaled
up observation noise Q during evaluation until the policy
drove conservatively enough to complete 30 laps safely.

As shown in Figure 6, policies trained with SplineTM
achieved significantly lower lap times (p < 10−15) than
all baselines. Moreover, the performance gap increases with
the growing number of control points used to represent the
tire model. Interestingly, models offering higher prediction
accuracy, such as MLP and Neural Tires, did not translate
into better racing performance. We suppose that this may be
caused by the training process in which the policy learns
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Fig. 4. Relative MSE [%] (↓ lower better) between the considered tire models and the Pacejka baseline for the F1TENTH dataset (left) and Stanford
Vehicle Dynamics dataset [15] (right).
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Fig. 5. Lap times [s] for models used in real-world MPC (oval - left, L-
shaped - right). Neural baselines failed to deploy safely. SplineTM achieves
significantly shorter lap times than Pacejka and TMEasy.

N↑ = 7
N↓ = 3

N↑ = 5
N↓ = 2

N↑ = 4
N↓ = 1

6.1

6.2

6.3

6.4

6.5

6.6

6.7

SplineTM w/ offsets (ours)

Pacejka w/o offsets

TMEasy

Neural Tires

MLP

Dugoff

Pacejka

Fig. 6. Lap times [s] achieved on L-shaped track by zero-shot RL policies.
SplineTM allows learning safely transferable policies that are significantly
faster than all considered baselines.

how to exploit the dynamics model. Thus, even though they
are slightly more accurate in the domain of the collected
dataset, they may lose accuracy in the region explored by
the RL policy. Moreover, unlike the semi-empirical models,
purely data-driven ones do not directly impose combined slip
constraints.

IV. CONCLUSIONS

We introduced SplineTM, a B-spline-based tire modeling
framework that captures nonlinear limit-handling interactions
for autonomous racing. By utilizing piecewise polynomial
curves with structural friction-ellipse constraints, SplineTM
bridges the gap between rigid semi-empirical models and
unconstrained neural networks. Our extensive evaluations
demonstrated that while pure neural networks yield the low-
est offline prediction errors, their lack of physical structure
renders them unsafe or suboptimal in optimization-based

control (MPC) and RL. SplineTM effectively prevents policy
exploitation and solver divergence while offering superior
trajectory prediction and significantly faster real-world lap
times compared to classical baselines. Future work will
explore online adaptation of the B-spline control points to
accommodate real-time tire degradation.
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