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Abstract

Accurate estimation of the vehicle sideslip angle is critical for the effective operation of
advanced driver assistance systems and active safety functions such as electronic stability
control. However, direct measurement of sideslip angle is impractical in series-production
vehicles due to high sensor cost. Furthermore, existing estimation methods often neglect
the impact of model uncertainties on estimation error, which can compromise estimation
reliability and, consequently, vehicle stability. To address these limitations, this paper
proposes an interval observer based on a Kalman filter that accounts explicitly for model
uncertainties in the sideslip angle estimation process. The proposed method generates
both upper and lower bounds of the estimated sideslip angle, providing a quantifiable
measure of uncertainty that enhances the robustness of control systems that depend on this
measurement. Given the limitations of simplified vehicle models, a combined vehicle roll
and lateral dynamics model is utilized to improve estimation accuracy. The effectiveness of
the proposed methodology is demonstrated through a series of simulation experiments
conducted using CarSim.

Keywords: sideslip angle estimation; model uncertainty; vehicle dynamics; intelligent
transportation system

1. Introduction
Since the early 1990s, when electronic stability control (ESC) and other onboard active

systems were first introduced to manage vehicle dynamics, accurately estimating the
vehicle sideslip angle has remained a complex and critical challenge [1–6].

Today’s advanced vehicle control technologies, such as rear-wheel steering [7,8], active
front steering [9,10], direct yaw moment control [11,12], and torque vectoring [13,14], are
increasingly integrated to push the limits of vehicle performance and stability. These
systems work together to significantly improve key aspects of driving, including road-
holding, cornering performance, handling responsiveness, and overall dynamic behavior.
Their importance becomes even more pronounced during sudden maneuvers or when
driving on low-friction surfaces, where the driver’s ability to maintain control is most
compromised [15]. The performance of these sophisticated control systems depends on
precise, real-time information about the vehicle’s dynamic state [16–18], with the sideslip
angle being one of the most important parameters [19]. Accurate estimation of this angle
is essential for the success of active safety features, as it directly influences the vehicle’s
ability to avoid dangerous situations such as rollover [20].
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From a mechanical perspective, the sideslip angle is affected by variables such as lateral
acceleration, the vehicle’s mass and how it is distributed, along with the rear axle’s slip
angle [21]. Pneumatic tires, in particular, are known to have a nonlinear response between
lateral force and slip angle, largely due to phenomena like saturation and sensitivity to
vertical load [22]. Therefore, it is necessary for vehicle control systems to respond quickly
when instability can occur. These systems are primarily designed to act early, ensuring
that lateral forces remain within limits that prevent the tires from entering their nonlinear
saturation zone. This is an operating state associated with a significant loss of lateral grip
and an increased risk of skidding or directional instability. The issue becomes even more
critical under low-friction conditions, where tire saturation will occur at much smaller slip
angles [23].

In the field of vehicle dynamics, it is well-known that directly measuring the sideslip
angle in series-production vehicles is not feasible [24–26]. Unlike variables such as lateral
acceleration or yaw rate (which can be monitored using affordable and widely available
sensors like IMUs), sideslip angle measurement requires advanced equipment, such as
optical ground speed sensors [27] or dual-GPS antennas with high resolution [28]. These
systems are typically limited to research and development purposes due to major draw-
backs, such as their high cost, installation complexity, limited durability, and long-term
reliability. These limitations highlight the need to develop accurate and reliable sideslip
angle estimation algorithms that can support ESC.

A variety of methods have been proposed for estimating the sideslip angle, yet no
single approach has proven to be universally accurate or dependable under all driving
scenarios. Within the mechanical and automotive engineering communities, there is a
clear preference for model-based estimation techniques, which utilize a predefined vehicle
model to guide the design of state observers [29,30]. In [31], an algorithm that estimates
the sideslip angle by combining dynamic and kinematic vehicle models without requiring
supplementary sensors is presented. In [32], a cost-effective method to jointly estimate
the vehicle sideslip angle and lateral tire–road forces is introduced, only requiring the
information from onboard sensors, readily available on mass-production vehicles. In [33], a
robust adaptive filtering estimator is used for the joint estimation of vehicle sideslip angle
and tire–road forces. In [34], an event-triggered fuzzy filtering for vehicle sideslip angle
estimation with consideration of data quantization and dropouts is presented. However, it
is important to highlight that the previously mentioned studies do not incorporate model
uncertainties into the sideslip angle estimation process, so they overlook the inherent
uncertainty associated with the estimated sideslip angle. Once a value has been estimated,
a significant estimation error can adversely affect vehicle stability, particularly when the
estimate is used as an input to vehicle control systems [35]. Inaccurate inputs may lead to
suboptimal or incorrect control actions, thereby increasing the risk of instability [36].

In response to the aforementioned challenges, this work introduces an interval ob-
server based on a Kalman filter to estimate the vehicle’s sideslip angle while explicitly
accounting for model uncertainties. Unlike conventional methods, the proposed approach
provides both upper and lower bounds on the estimated sideslip angle, offering a quantifi-
able measure of estimation uncertainty and improving the reliability of inputs to vehicle
control systems. Recognizing that a bicycle model lacks the fidelity required to accurately
capture vehicle dynamics, a combined roll and lateral dynamics model is employed instead.
To evaluate the effectiveness of the proposed methodology, a series of simulation tests are
conducted using CarSim.
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2. Vehicle Model
This chapter presents the vehicle dynamics model employed for sideslip angle estima-

tion. In order to design an observer that estimates the sideslip angle, both lateral and roll
dynamics of the vehicle are considered, since these are heavily coupled [37]. The vehicle
model (see Figure 1) has three degrees of freedom, i.e., the sideslip angle β, the yaw rate r,
and the roll angle ϕ. The vehicle parameters are given in Table 1.

Figure 1. Vehicle roll and lateral dynamics model [20].

Table 1. Vehicle parameters and variables.

Symbol Name Value

m Vehicle mass (total) 1529.98 kg
l f Distance to the front axle from the center of gravity 1.139 m
lr Distance to the rear axle from the center of gravity 1.637 m
kϕ Roll stiffness coefficent 248,600 Nm/rad
cϕ Roll damping coefficient 15,905 Nms/rad
Cα f Cornering stiffness of the front tires (total) 184,862 ± 15% N/rad
Cαr Cornering stiffness of the rear tires (total) 141,404 ± 15% N/rad
g Acceleration of gravity 9.81 m/s2

hcr Distance from the roll center to the center of gravity 0.22 m
Ix Roll inertia with respect to the center of gravity 708.22 kg m2

Iz Yaw inertia with respect to the center of gravity 4607.47 kg m2

r Yaw rate
β Sideslip angle
vx Longitudinal velocity
vy Lateral velocity
δ Steering angle

Assuming small angles and slow vehicle speed variation, the vehicle dynamics are
expressed as follows [37]:

β̇ =−
Ieq(Cα f + Cαr)

Ixmvx
β −

1 +
Ieq

(
l f Cα f − lrCαr

)
Ixmv2

x

r +
hcr
(
mghcr − kϕ

)
Ixvx

ϕ

−
hcrbϕ

Ixvx
ϕ̇ +

IeqCα f

Ixmvx
δ

ṙ =−
l f Cα f − lrCαr

Iz
β −

l2
f Cα f + l2

r Cαr

Izvx
r +

l f Cα f

Iz
δ

ϕ̇ =−
hcr

(
Cα f + Cαr

)
Ix

β −
hcr

(
l f Cα f − lrCαr

)
Ixvx

r +
mghcr − kϕ

Ix
ϕ −

bϕ

Ix
ϕ̇ +

Cα f hcr

Ix
δ

Ieq = Ix + mh2
cr

(1)
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Given that the vehicle’s roll center does not coincide with its center of gravity, it is necessary
to recalculate the moment of inertia with respect to the roll center using Steiner’s theorem
(the parallel axis theorem). Accordingly, the equivalent moment of inertia, Ieq, is determined
by transforming the known moment of inertia about the center of gravity to the roll center
reference frame.

Due to the inherently nonlinear dynamics of the vehicle, a Linear Parameter-Varying
(LPV) continuous-time state-space model is employed in this work. Accordingly, (1) is
formulated as

ẋ(t) = A(t)x(t) + B(t)u(t)
y(t) = Cx(t)

(2)

where x =
[

β r ϕ ϕ̇
]⊤

is the state vector and u = δ is the control input, where δ is
the steering angle. In this work, we assume that the yaw rate, roll angle, and roll rate can
be measured by an inertial measurement unit (IMU). Hence, the measurement vector is

defined as y =
[
r ϕ ϕ̇

]⊤
. Additionally, the longitudinal velocity can be measured using

wheel speed sensors. The state-space matrices of the system (2) are

A =


− Ieq(Cα f +Cαr)

Ixmvx
−
(

1 +
Ieq(l f Cα f −lrCαr)

Ixmv2
x

)
hcr(mghcr−kϕ)

Ixvx
− hcrbϕ

Ixvx

− l f Cα f −lrCαr
Iz

−
l2

f Cα f +l2
r Cαr

Izvx
0 0

0 0 0 1

− hcr(Cα f +Cαr)
Ix

− hcr(l f Cα f −lrCαr)
Ixvx

mghcr−kϕ

Ix
− bϕ

Ix



B =
[

IeqCα f
Ixmvx

l f Cα f
Iz

0
Cα f hcr

Ix

]⊤
, C =

0 1 0 0
0 0 1 0
0 0 0 1


A key limitation of the model (2) lies in the inherently complex and nonlinear

behavior of tire dynamics. Specifically, the matrices A and B depend on the time-
varying vehicle speed. Furthermore, the front and rear cornering stiffnesses are not
constant but vary over time in response to changing driving conditions and road sur-
face characteristics [38]. Moreover, accurately estimating their instantaneous values in real
time is highly challenging [39–41]. To address this, it is assumed that these parameters
remain bounded within known limits throughout the vehicle’s operation, such that

Cα f ∈
[
Cα f Cα f

]
, Cαr ∈

[
Cαr Cαr

]
(3)

The presence of model uncertainties, particularly in tire parameters, compromises the
accuracy of state estimations for variables that are not directly measurable, such as the
sideslip angle. To mitigate this issue, the subsequent section introduces an interval observer
capable of estimating bounded intervals within which the sideslip angle is guaranteed to
lie at each time instant. This approach enhances robustness against parameter variability
and modeling inaccuracies.

3. Interval Kalman Filter
3.1. Preliminaries

In order to ease real-time implementation, the continuous-time system (2) is converted
into its discrete-time counterpart using Euler’s method [42]:

ẋ(t) ≃ x(k + 1)− x(k)
T

, ∀k ∈ Z+ (4)
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which leads to the discrete-time state-space model:

x(k + 1) = A(ρ)x(k) + B(ρ)u(k)

y(k) = Cx(k)
(5)

It is clear that T is the sampling period, x(k) denotes the value of the state x at the k instant,
and (ρ) indicates dependency on the time-varying vector ρ. The state-space matrices of (5)
are given by

A(ρ) = I + TA(ρ), B(k) = TB(ρ), ρ =
[
vx Cα f Cαr

]⊤
(6)

Since vx can be measured online but Cα f and Cαr cannot be, it is possible to express
system (5) as the convex sum

x(k + 1) =
4

∑
i=1

αi(k)Ai(vx)x(k) +
4

∑
i=1

αi(k)Bi(vx)x(k)

y(k) = Cx(k)

(7)

where

Ai(vx) = A(ρi), Bi(vx) = B(ρi), i = 1, . . . , 4

ρ1 =
[
vx Cα f Cαr

]⊤
, α1 =

(
Cα f − Cα f (k)

Cα f − Cα f

)(
Cαr − Cαr(k)

Cαr − Cαr

)

ρ2 =
[
vx Cα f Cαr

]⊤
, α2 =

(
Cα f − Cα f (k)

Cα f − Cα f

)(
Cαr(k)− Cαr

Cαr − Cαr

)

ρ3 =
[
vx Cα f Cαr

]⊤
, α3 =

(
Cα f (k)− Cα f

Cα f − Cα f

)(
Cαr − Cαr(k)

Cαr − Cαr

)

ρ4 =
[
vx Cα f Cαr

]⊤
, α4 =

(
Cα f (k)− Cα f

Cα f − Cα f

)(
Cαr(k)− Cαr

Cαr − Cαr

)
(8)

It is then assumed that the actual behavior of the vehicle will be contained within four
different subsystems, Πi, each with their own states, χi, and different sets of state-space
matrices, Σ, that depend on the limits of unmeasurable uncertain parameters, such that

χi(k + 1) = Σi(vx)

[
χi(k)
u(k)

]
︸ ︷︷ ︸

Πi

,



Σ1(vx) =
[

A1(vx), B1(vx)
]

Σ2(vx) =
[

A2(vx), B2(vx)
]

Σ3(vx) =
[

A3(vx), B3(vx)
]

Σ4(vx) =
[

A4(vx), B4(vx)
] (9)

Then, the current states of the real system are assumed to be contained within the interval

χ(k) ≤ x(k) ≤ χ(k) (10)

3.2. Extended Kalman Filter

Following the presentation of each subsystem, Π, the next step is to design a filter for
estimating the sideslip angle in each case. Given that the system matrices evolve over time
as a function of the longitudinal velocity vx, an Extended Kalman Filter (EKF) is selected to
effectively handle the system’s inherent nonlinearity and time-varying behavior [43].
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Although the Kalman filter can be expressed as a single recursive equation, it is gen-
erally considered to have two distinct stages: prediction and correction [44]. During the
prediction phase, the filter uses the previous state estimate to forecast the system’s state at
the current time step. This prediction, referred to as the a priori estimate, represents the
anticipated state before incorporating any new measurement data. In the correction (or
update) phase, the filter adjusts this prediction by evaluating the innovation, the discrep-
ancy between the predicted measurement, and the actual observation. This difference is
weighted by the Kalman gain, which is computed to minimize estimation error. The result
is an improved state estimate, known as the a posteriori estimate, which integrates both the
model prediction and the latest measurement. The two stages of our EKF are formulated as
follows [45]:

• Predict.

χ̂i[k + 1|k] = Ai[k|k]χ̂i[k|k] + Bi[k|k]u[k]
Pi[k + 1|k] = Ai[k|k]Pi[k|k]Ai[k|k]⊤ + Q

(11)

• Update.

Ki[k] = Pi[k|k − 1]C⊤
(

CPi[k|k − 1]C⊤ + R[k]
)−1

χ̂i[k|k] = χ̂i[k|k − 1] + Ki[k]
(

y[k]− Cχ̂i[k|k − 1]
)

Pi[k|k] = (I − Ki[k]C)Pi[k|k − 1]

ŷi[k|k] = Cχ̂i[k|k]

β̂i[k|k] = Cβχ̂i[k|k], Cβ =
[
1 0 0 0

]
(12)

Matrices P, Q, and R denote the prediction, process noise, and observation noise covari-
ances, respectively. Since Q and R are constant, these do not have time indices.

Based on the minimum and maximum estimated values of the system states at each
time instant, denoted by (χ̂, χ̂), the corresponding interval in which the real sideslip angle
of the vehicle β may be contained is

β ∈
[

β̂, β̂
]

(13)

4. Results
To validate the proposed sideslip angle estimator, a comprehensive set of simulations

was performed using the vehicle dynamics software CarSim. CarSim is a high-fidelity
vehicle dynamics simulation software that has gained significant popularity in both in-
dustry and academia for its ability to model and analyze the behavior of ground vehicles.
The model provides detailed physical representations of key subsystems, including sus-
pension, steering, tires, brakes, and powertrain. These components enable the accurate
representation of vehicle dynamics under various driving conditions. In this work, Car-
Sim is co-simulated with MATLAB/Simulink using the CarSim–Simulink interface. The
architecture of the proposed methodology is illustrated in Figure 2. The evaluation focused
on two test scenarios: a double lane change maneuver and a racetrack. For the purpose of
comparative analysis, the accuracy of the estimator was benchmarked against an estimator
designed under a conventional bicycle model (also known as single-track model) [46], since
this approach simplifies the vehicle’s lateral dynamics by neglecting the influence of roll
dynamics. In the simulations, the vehicle starts at a desired constant speed, without the
need for an acceleration or braking phase. Given that no speed controller was implemented
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to adapt the vehicle’s velocity to the curvature of the path, CarSim was configured to
maintain a fixed target speed throughout the maneuver.

Figure 2. Proposed interval observer architecture.

By trial and error, the Kalman matrices are defined as follows:

Pi[0|0] = diag(0.01, 0.01, 0.01, 0.01)

Q = diag(0.01, 0.02, 0.02, 0.02)2

R = diag(0.02, 0.02, 0.02)2

(14)

4.1. Double Lane Change Test

The double lane change is a common maneuver encountered in everyday driving [47–49],
typically performed to overtake slower vehicles or to avoid unexpected obstacles on the
road. This maneuver involves abrupt lateral movements, which can significantly affect the
vehicle’s lateral dynamics. Specifically, the sideslip angle increases in response to a sudden
rise in lateral velocity. This effect can compromise vehicle stability and control, especially at
higher speeds. Consequently, continuous monitoring of the sideslip angle in this particular
scenario is essential to assess vehicle safety and ensure that the maneuver remains within
controllable limits.

The configuration and main results of this scenario are depicted in Figure 3. As
longitudinal velocity is not expected to vary significantly during the maneuver, it was
maintained at a constant 50 km/h. The steering input was defined as a symmetrical
sinusoidal signal to ensure the vehicle returns to its original lane without lateral offset.
The sideslip angle and roll angle exhibit remarkably similar patterns, reflecting the strong
coupling between lateral and roll dynamics in a vehicle. This close relationship highlights
the importance of using a comprehensive vehicle model that simultaneously incorporates
both lateral and roll dynamics to accurately estimate the sideslip angle, which will be
further demonstrated.

Figure 4 illustrates the sideslip angle estimation using an interval observer based on a
Kalman filter. The results clearly show that employing a more sophisticated vehicle model
significantly enhances the accuracy of the state estimation. Specifically, the root mean
square (RMS) estimation error decreased from 0.1171◦ when using a basic bicycle model to
0.0376◦ with the integrated lateral and roll dynamics model, highlighting the value of a
more extensive modeling approach. The uncertainty area, calculated as the integral of the
uncertainty envelope (sum of absolute errors), is presented as an indicator to evaluate the
quality of the interval observer:

A =
∫ t

0

∣∣∣β(τ)− β(τ)
∣∣∣dτ (15)
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In this scenario, the uncertainty area calculated using the bicycle model was 6.09◦s, whereas
the integrated lateral and roll dynamics model reduced this value significantly to 0.91◦s,
clearly demonstrating a marked improvement in estimation accuracy.

Figure 3. DLC maneuver results: (a) X-Y position, (b) longitudinal velocity, (c) steering angle,
(d) roll angle, and (e) roll rate.

Figure 4. Sideslip angle estimation during the DLC test: (a) bicycle model only; (b) bicycle
model + roll dynamics.

4.2. Racetrack Test

The configuration and main results of this scenario are depicted in Figure 5. This
racetrack scenario, generated using CarSim, is widely adopted by researchers as a stan-
dardized benchmark for vehicle dynamics validation. The racetrack provides a realistic
and challenging environment that tests the performance and robustness of vehicle models.
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Figure 5. Racetrack maneuver results: (a) X-Y position, (b) longitudinal velocity, (c) steering angle,
(d) roll angle, and (e) roll rate.

As shown in Figure 6, the sideslip angle estimation during the racetrack test exhibits a
clear improvement with increasing model complexity. The simpler bicycle model produces
noticeable errors in tracking the sideslip angle, whereas the integrated lateral and roll
dynamics model closely matches the actual values throughout diverse maneuvers. The RMS
estimation error is significantly reduced, dropping from 0.15◦ when using the bicycle model
to just 0.05◦ with the integrated lateral and roll dynamics model. Similarly, the uncertainty
area decreases from 106.49◦s with the bicycle model to 22.65◦s when employing the more
comprehensive integrated model. This finding emphasizes the efficacy of employing a
more sophisticated vehicle model to achieve more precise and reliable state estimation
under dynamic driving conditions.

Figure 6. Sideslip angle estimation during the racetrack test: (a) bicycle model only; (b) bicycle
model + roll dynamics.

Table 2 provides a summary of the simulation results regarding the sideslip angle
estimation simulation.



Machines 2025, 13, 707 10 of 13

Table 2. Summary of sideslip angle estimation results for two vehicle dynamic models. RMS denotes
the root mean square error of the estimated sideslip angle, and A denotes the absolute error area
over time. Lower values indicate better performance.

Scenario
Bicycle Model Bicycle + Roll Model

RMS (◦) A (◦s) RMS (◦) A (◦s)

Double Lane Change (DLC) 0.1171 6.09 0.0376 0.91
Racetrack 0.1500 106.49 0.0500 22.65

5. Conclusions
This work presents an interval observer for vehicle sideslip angle estimation, built on

a Kalman filter framework and explicitly accounting for model uncertainties. Instead of
providing a single estimate, the observer delivers upper and lower bounds on the sideslip
angle, offering a quantifiable measure of uncertainty. This enhances the reliability of inputs
for vehicle control systems such as ESC. In contrast to traditional approaches that rely on
overly simplified models, this study employs a combined roll and lateral dynamics model,
resulting in more accurate estimations across a broader range of driving conditions.

Simulation tests conducted in CarSim demonstrated the effectiveness of the proposed
observer in capturing sideslip angle behavior while maintaining robustness to model un-
certainties. These results highlight the potential of the method to enhance the performance
and safety of vehicle control systems, particularly in situations where direct measurement
is infeasible and estimation reliability is critical.

Future work will focus on experimental validation through vehicle testing to analyze
the practical applicability and real-time performance of the proposed method under real-
world driving conditions. Additionally, the estimated sideslip angle will be used as an
input for path/trajectory tracking controllers [50–54].
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