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ABSTRACT The vehicle side slip angle represents a key indicator of dynamic stability. Elevated values of
the side slip angle may indicate a loss of stability or undesired vehicle behaviors such as understeering
or oversteering. With the increased use of advanced driver assistance systems (ADAS), the need for
accurate estimation of the side slip angle has become increasingly critical. This quantity in general needs
to be indirectly measured or estimated, with the latter often representing a more cost-effective and more
reliable approach. This is usually done by simple observer design, e.g., Kalman filter, which requires
a well-parameterized system dynamics model. In this work we explore Machine Learning techniques in
combination with a budget hardware inertial measurement unit to estimate the sideslip angle. This is done
independently of the actual vehicle configuration, i.e., vehicle load and tires used. We model the system
dynamics with a traditional Luenberger Observer, Long-short-term memory, Gated recurrent unit neural
networks, and their combination, and investigate possible performance benefits when incorporating well-
known physical relations. The results demonstrate that a well-designed combination of model-based and
data-driven approaches can achieve high estimation accuracy even without the need for large datasets,
which are typically required when employing purely data-driven methods. The performance of the proposed
sideslip angle estimator under different driving conditions and tire configurations is validated with real-world
measurement data.

INDEX TERMS Sideslip angle estimation, observer design, recurrent neural network, artificial neural
network, physics-informed neural network, physics-infused neural network, hybrid observer design.

I. INTRODUCTION
Accurate vehicle dynamics models are crucial for the devel-
opment and testing of modern control algorithms for safe and
efficient automated and semi-automated driving on public
roads [1], [2]. Vehicle dynamics play a pivotal role in ensuring
the reliability and performance of the used prediction and
control models. The vehicle sideslip angle β is a critical
parameter in vehicle dynamics, particularly for assessing tire
slips and overall vehicle stability during dynamic maneuvers.
It can be measured using highly sophisticated and expen-
sive methods, as discussed by Li et al. [3]. Alongside the
yaw velocity (ωz), β serves as a crucial indicator of vehicle
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stability [4], [5]. The longitudinal and lateral slips of the
vehicle tires are essential criteria for evaluating the interac-
tion between the road surface and tires [6]. However, direct
measurement of β is often too expensive for regular road
applications [7]. To that end, β is typically estimated utilizing
model-based or data-driven approaches. Although model-
based observers often struggle under varying or unknown
external conditions [8], data-driven approaches, such as
machine learning [9] or regression techniques [10], can
address these challenges, provided that the encountered sce-
narios are sufficiently similar to portions of the training data
used [8].

Estimating β presents challenges due to the non-linear
dynamics of vehicle motion, which often limit the effective-
ness of purely model-based methods. In contrast, data-driven
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machine learning techniques require extensive datasets that
are not always readily available, particularly for the diverse
driving conditions needed for accurate estimation. Conse-
quently, a hybrid approach that combines model-based and
data-driven methods can offer a more robust solution.

The overarching objective of this work is to obtain
estimation results for β comparable to those obtained by
the use of high-quality inertial measurement units (IMUs),
which currently use ‘‘Kalman Filter’’ model-based observers,
by leveraging low-budget IMUs, with limited sensor accu-
racy, which are currently deployed in vehicles for fleet
testing.

A. RELATED WORK
The first application of neural networks for the β estimation
was introduced by Kato et al. [9], where β is modelled
as the sum of an approximate analytical expression and
a corrective term from an artificial neural network. Inputs
included the steering angle δsteer, longitudinal ax and lat-
eral ay accelerations, velocity ẋ, and yaw velocity ωz. This
approach demonstrated the feasibility of combining analyt-
ical and data-driven models for β estimation. Sasaki and
Nishimaki [11] used a multi-layer neural network with ωz
and ay as inputs for direct β estimation. Validated on a dou-
ble lane-change maneuver, Sasaki’s model highlighted that a
simplified input set could still achieve accurate β estimation,
showing that neural networks can model vehicle dynamics
with minimal system knowledge. Melzi and Sabbioni [7]
tested a feed-forward neural network with a single hidden
layer on a simulated 7-degree-of-freedom (DOF) model in
Simulink. This model described the center of gravity (COG)
motion and provided inputs included ẋ, ay, ax , ωz, and steer-
ing wheel angle δsteer. The model also generated β output
related to the COG motion, which was analyzed in the work.
The study found satisfactory results but noted drift under
low-excitation conditions, recommending a varied training
dataset for optimal performance. Tristano et al. [4] compared
the direct estimation of the β by an artificial neural network
(ANN) to a physics-infused estimate that modelled β as a
sum of dynamic and kinematic components. A sensitivity
study showed that a simpler input set, using only the δsteer
and the ay, improved generalization. This approach under-
scored the importance of minimizing input variables to avoid
overfitting. Du et al. [12] developed a model with a pre-
diction horizon of 0.5 s, using inputs such as wheel speed
sensors ωfl, ωfr, ωrl, ωrr, yaw velocity ωz, lateral acceleration
ay, and steering velocity δ̇steer. Simulation results yielded
a small average error, confirming the ANN’s effectiveness
for both estimation and predictive tasks in β applications.
Chindamo and Gadola [13] used a black-box neural net-
work trained with data from a Multibody simulation (MBS)
software CarSim Simulator [14] under various conditions.
Although adding neurons increased computation time, it did
not improve accuracy, with optimal results achieved using a
simple 5-10-1 architecture. This work highlighted that more

complex networks do not necessarily enhance prediction
accuracy. Gräber et al. [15] combined a Recurrent neural
network (RNN)with a simplified 6-DOF kinematic model for
estimating β. By providing β̇ =

ay
ẋ −ωz to the gated recurrent

unit (GRU) layer, they achieved better accuracy compared
to the ‘‘Kalman Filter’’ based estimator across dry, wet,
and snowy surfaces, showing the benefits of hybrid models.
Sieberg and Novi explored combining an Unscented Kalman
Filter (UKF) with an ANN for β [8], [16] and body roll
angleφx [17] estimation.With a focus on embedded hardware
constraints, they opted for simpler architectures with fewer
neurons and a hyperbolic tangent transfer function. Their
approach demonstrated effective implementation on limited
hardware. Essa et al. [18] compared Feedforward neural
network (FFNN), RNN, Long short-term memory (LSTM),
and GRU for β estimation in IPG CarMaker. While FFNN
achieved the highest accuracy, GRU provided the fastest
solution, and LSTM offered a balance between accuracy
and computational load. This study highlighted the trade-
offs among different neural network architectures for the
sideslip angle estimation. In their study, Bertipaglia et al. [19]
demonstrate that a data-driven approach can achieve higher
accuracy than a model-based approach, provided that suf-
ficient quality data is available. The authors employ a
Convolutional Neural Network (CNN) instead of an RNN
for β estimation, with weights between the UKF and the
Neural Network (NN) adjusted based on lateral acceleration.
However, they note that deep NNs are prone to overfitting and
lack generalization capabilities. While data-driven methods
cannot guarantee robust performance across varying operat-
ing conditions, model-based approaches, despite their lower
accuracy, offer consistent performance within the working
region. The authors utilize a neural network architecture with
two hidden layers (250 and 125 neurons), Rectified Linear
Unit (ReLU) activation functions, a dropout rate of 0.2, and a
learning rate of 0.001. They highlight that a slalom maneuver
is particularly beneficial for testing, as it presents numerous
challenging sideslip angle peaks. Ultimately, the authors con-
clude that with a limited dataset, the hybrid approach offers
only a minor improvement in estimation accuracy over state-
of-the-art Kalman Filter (KF) methods.

B. RESEARCH GAP AND CONTRIBUTION
Previous studies have explored the estimation of the vehicle
sideslip angle using various approaches, including black-
box ANNs [11], [18], physics-informed ANNs [8], [15],
[16] (where the vehicle physical, or observer model provides
the ANN with guidance on an approximate value of β),
and physics-infused ANNs [4], [9] (where the ANN esti-
mates only the difference between the physical, or observer
model and the reference signal (ground truth)). These studies
primarily focused on immediate β estimation using low-
powered IMUs. Essa et al. [18] demonstrated different ANN
architectures but treated the vehicle as a black-box. Gräber
et al. [15] demonstrated the use of a physics-informed GRU
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ANN, achieving satisfactory results based on measured data
across different surfaces and tire sets.

Existing research has dedicated significant resources to
constructing comprehensive datasets encompassing a wide
spectrum of driving conditions for the estimation of β. The
associated data acquisition process is often time-consuming
and expensive. This raises the question: Can a data-driven
estimator achieve accurate sideslip angle estimation using
only datasets collected under typical, rather than extreme,
driving conditions, thereby offering a more efficient and
practical approach? Additionally, this work seeks to evaluate
the adaptability of different prediction model structures to
changes in system parameters, such as different tire sets,
to enhance the robustness and accuracy of the sideslip angle
estimation.

The following main contributions are developed hereafter:

1) A novel hybrid estimation structure, combining data-
driven and model-based approaches, is developed and
evaluated.

2) A comprehensive comparative analysis of LSTM and
GRU estimators is conducted, utilizing real-world mea-
surement data to assess their respective strengths and
weaknesses.

3) The performance of the proposed algorithms is assessed
through empirical evaluation, including field testing and
real-world validation scenarios. The robustness of the
developed estimator is demonstrated through evaluation
on data acquired from a low-fidelity IMU employed in
fleet testing.

C. PAPER OUTLINE
The remainder of this work is organized as follows: Section II
delineates the problem formulation, including the experi-
mental setup. Section III presents the proposed observer
architectures for the estimation of the sideslip angle β. The
obtained results are discussed in Section IV, while Section V
concludes this paper.

II. PROBLEM FORMULATION
This section defines the observer design goals and describes
the measurement vehicle, including its sensor configuration,
utilized for data acquisition, testing, and validation. Follow-
ing this, a physical vehicle model used for model-based
observer design is presented. Finally, the dataset, used for
training, validation, and evaluation, is described.

A. DESIGN GOALS
The main goal of this work is to develop accurate and ver-
satile observers for the estimation of the difficult-to-measure
sideslip angle β. This should be achieved by utilizing model-
based, data-driven, and combined approaches. The training
of the data-driven approaches should be based on real-world
measurement data collected under typical rather than extreme
driving conditions. The developed (hybrid) observers should
offer more efficient, cost-effective, and practical tools for the

estimation of β, also when combined with low-cost mea-
surement devices – therefore democratizing sideslip angle
estimation for a wide range of applications.

Additionally, to enhance the robustness and accuracy of
the sideslip angle estimation, the adaptability of different
observer designs to changes in the observed system’s param-
eters, such as different tire sets, is investigated.

B. MEASUREMENT VEHICLE
The system under consideration is a front-wheel-steered
multi-purpose road vehicle, a real instrumented measurement
vehicle used at the Brno University of Technology, portrayed
in Figure 1. Its relevant measured parameters are given in
Table 1.

FIGURE 1. Measurement vehicle and sensor setup incl. vehicle-fixed
coordinate frame.

TABLE 1. Measurement vehicle parameters.

1) MEASUREMENT SETUP/SENSOR CONFIGURATION
The instrumentation/measurement setup comprised an NI
cDAQ-9139 datalogger equipped with two NI-9862 high
speed Controller Area Network (CAN) Flexible Data-rate
(FD) interfaces, one for logging signals from the IMU and
the other for data from the vehicle’s standard sensors (such
as steering wheel angle and wheel speed sensors) connected
through onboard CAN-Bus and a low-budget IMU commonly
used in vehicle fleet testing. A sampling rate of 100 Hz
was employed, with the signal subsequently filtered using a
Butterworth low-pass filter with a cutoff frequency of 5 Hz.
This was then resampled to 10 Hz for the purposes of data
analysis, evaluation and machine learning, in accordance
with the procedures set out in ISO 15037-1 [20] for vehi-
cle dynamics test methods. As in the approach described
in [15], the IMU installed in the vehicle was a Genesys
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ADMA-G-Pro+. This sensor can combine GPS and full IMU
data (from 3 MEMS accelerometers and 3 closed-loop fibre
optic gyroscopes) using built-in Kalman filters to determine
the β, which, according to the manufacturer, has an RMS
estimation error bound of 0.05◦ [21]. The low-budget IMU
employed in this study integrates Micro-Electro-Mechanical
Systems (MEMS) accelerometers, gyroscopes, and a GPS
receiver. Data was acquired at a sampling frequency of
10 Hz and stored on an external flash drive. Subsequent
post-processing, performed within the MATLAB environ-
ment, involved synchronization with data from a high-quality
IMU [21]. For describing the forces and accelerations acting
on the vehicle, the vehicle coordinate system defined in ISO
8855:2011(E) [22] is adopted. In this paper, the very accurate
signals estimated by the IMU: the sideslip angle, with other
signals from the high-quality ADMA IMU’s accelerometers
(ax , ay, az) and gyroscopes (ωx , ωy, ωz), are considered
as reference (ground truth). Data regarding δsteer and ωfl,
ωfr, ωrl, ωrr were gathered from the vehicle’s CAN-Bus via
the aforementioned measurement setup as is portrayed in
Figure 1.

2) MEASUREMENT DATA COLLECTED
Out of the several hundred measurement channels available
through the sensor configuration described in Section II-B1,
the following subset of measurements will be used for the
design of data-driven observers and validation purposes

M =
{
δsteer, ẋ, ax , ay, az, ωx , ωy, ωz, ωfl, ωfr, ωrl, ωrr

}
,

(1)

where δsteer denotes the steering wheel angle, ẋ the longitudi-
nal velocity of the vehicle, ax,y,z the longitudinal, lateral, and
vertical acceleration, respectively, ωx,y,z represents the pitch,
roll and yaw velocities and ωfl,fr,rl,rr represent the respective
wheel speeds.

C. VEHICLE MODEL
As discussed in Section II-A, we will develop and investigate
data-driven, model-based, and combined (hybrid) observer
designs. Any model-based observer design necessitates a
mathematical model of the system under investigation. To this
end, in this section, the corresponding model of the mea-
surement vehicle (compare Section II-B) is presented and
described in detail.

We approximate the dynamics of the measurement vehi-
cle with the widely used dynamic single-track vehicle
model [23], a common simplification that treats wheels on a
shared axle as a single wheel, thereby yielding a bicycle-like
abstraction of the vehicle dynamics.

Even though the actual measurement vehicle is front-wheel
steered, in this work, we utilize the dynamic single-track
vehicle model with steerable front (δf ) and rear axles (δr )
in combination with a Luenberger-type observer to increase
estimation accuracy for a broader operation range. Here, δr
acts as a correction factor for the absence of elastokinematics

(vehicle suspension kinematics, incorporating component
compliance) and bump steer (tendency of a vehicle’s wheels
to steer themselves as the suspension moves vertically
without any input from the steering [24]) in the 3-DOF single-
track vehicle model. Details are given in Section III.

1) DYNAMIC SINGLE-TRACK VEHICLE MODEL
As part of the extended single-track vehicle observer, the
dynamic single-track vehicle model with front- and rear-
wheel steering is used to approximate the planar rigid
body dynamics of the test vehicle. Specifically, we use the
MATLAB/Simulink ‘‘Vehicle Body 3-DOF’’ library model
with the external longitudinal velocity mode selected [25] to
facilitate observer design and analysis, see Figure 2. A linear
tire model is utilized that considers the lateral force via Fy =

Cαα, compare [23]. The three DOFs of the model are the
planar vehicle positions with respect to a global reference
frame X and Y , and the yaw angleψ described with respect to
a vehicle-fixed coordinate frame located in the vehicle’s cen-
tre of gravity (COG), compare Figure 2. The model is based
on the assumption of quasi-steady-state longitudinal motion
(ẍ = 0) and yields sufficiently accurate results within the
region of operation of lateral accelerations ay ≤ 0.4 g [26].

FIGURE 2. Dynamic single-track vehicle model with front- and rear-wheel
steering.

The equations of motion are formulated as (cf. [23], [25])

ÿ = −ẋ ωz +
Fy,f + Fy,r

m
, (2a)

ω̇z =
a Fy,f − b Fy,r

Jz
, (2b)

with the yaw rate ωz and the planar displacements with ay =

ÿ + ẋωz and ax = ẍ − ẏωz. The longitudinal and lateral tire
forces acting on the front and rear axle, Fi,j with i ∈ {x, y}
and j ∈ {f , r}, are described via

Fx,f = Cαf αf µf
Fz,f
Fz,nom

sin
(
δf

)
, (3a)

Fx,r = Cαrαrµr
Fz,r
Fz,nom

sin (δr ) , (3b)

Fy,f = −Cαfαf µf
Fz,f
Fz,nom

cos
(
δf

)
, (3c)

Fy,r = −Cαrαrµr
Fz,r
Fz,nom

cos (δr ) , (3d)

Fz,f =
bmg− (ẍ − ẏωz)mh

a+ b
, (3e)

Fz,r =
amg− (ẍ − ẏωz)mh

a+ b
, (3f)
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where Cαf/r denotes the cornering stiffness of the front and
rear axles, µf/r = 1 the friction coefficient, Fz the vertical
force applied on the axles (aerodynamic axle lift forces were
omitted), δf /r the steering angle of the front and rear axles
and αf/r denotes the sideslip angle of the front and rear axles:

αf = arctan
(
ẏ+ aωz

ẋ

)
− δf , (4a)

αr = arctan
(
ẏ− bωz

ẋ

)
− δr , (4b)

The formulation of Equations (3a)-(3d) employs a simplified
linear tire model, wherein pure longitudinal and lateral slip
are considered independently. The rationale of this indepen-
dent use is illustrated in Fig 3, which presents normalized
characteristic curves (measured in the laboratory) for one
of the tire sets employed in this study (vertical axis scaled
due to confidentiality), with multiple longitudinal slip (SX )
conditions. Quantitatively, a state with SX = 2% exhibits
a 2.45% difference in the cornering stiffness compared to a
state with SX = 0% (pure lateral slip). A total of 96.5% of
the measurement data obtained in this study corresponds to
longitudinal slip values up to ±2%.

FIGURE 3. Comparison of tire lateral force characteristics for 0% and 2%
longitudinal slip conditions. Relevant working area is highlighted in blue.
The vertical axis is scaled due to confidentiality.

The sideslip angle can now be expressed in radians as a
function of the longitudinal and lateral velocity (cf. [15]) by

β = arctan
(
ẏ
ẋ

)
. (5)

Based on the provided inputs u =
[
ẋ, δf , δr

]T, the dynamic
single-track vehicle model calculates the desired outputs y =[
β, ay, ωz

]T, of which β is the most important one.

D. REAL-WORLD MEASUREMENT DATA COLLECTION
For the efficient training of the ANNs developed in the con-
text of this work, we select the training data based on the
recommendations from [7], which can be summarized as:
R1) The network should be trained with both clockwise

and anti-clockwise maneuvers to prevent asymmetrical
output behaviour.

R2) At least two different friction conditions should be con-
sidered in the training set.

R3) Maneuvers carried out at different speeds should be
included.

R4) At least one maneuver with a significant longitudinal
acceleration should be included in the training set.

In order to address points R1) and R3), the driving
course was designed to incorporate a variety of surfaces
and driving scenarios, including highways, country roads,
dynamic driving, and calm driving. To address points R2)
and R4), a speed profile with high longitudinal acceleration,
ranging from −5.3m s−2 to 4.3m s−2, was selected with
longitudinal velocity reaching up to 145 kmh−1. As implied
by [15], acquiring data with small β values is relatively
straightforward, whereas achieving large β values presents
a considerable challenge. To ensure input features are on a
comparable scale, thereby reducing training time and improv-
ing stability, Z-score normalization was applied to the data
prior to training. The Z-score normalization was performed
using the following formula:

x ′
=
x − µ

σ
, (6)

where x ′ denotes the normalized value, x the original value,
µ denotes the mean, and σ represents the standard deviation.
The test course, depicted in Figure 4, encompasses a total
driving duration of 75 076 s and driven distance of 2918 km.
In total, 5 different tire sets have been used. Training and
validation utilized tiresets 1. and 2., covering two driving
conditions for dry and wet surfaces with wet dataset forming
approximately 30% of the training data set. Model perfor-
mance was assessed using different tiresets, labeled 3., 4.,
and 5. as detailed in Table 2. Tiresets 3. and 4. have identical
construction but differ in material, while tiresets 4. and 5.
share the material but differ in construction. Due to confi-
dentiality constraints, the cornering stiffness of the tiresets
in Table 2 was normalized with tire set 2., exhibiting the
highest cornering stiffness, set to 100%, and expressed as
percentages.

TABLE 2. Tire sets used for real-world data collection.

The evaluated dataset is visualized in Figure 4 and is
divided into training, validation, and testing sets with an
80/11/9 ratio, respectively. 80% of the acquired data, indi-
cated by the blue line in Figure 4, was used for model training.
11% of the data, shown as the red-dashed line in Figure 4, was
used for model cross-validation during the training process.
This validation was conducted using tire set 2., as detailed
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FIGURE 4. Test course: Training (blue), validation (dashed red), testing
(dotted green).

in Table 2. Finally, 9% of the data, represented by the green-
dotted line in Figure 4, was reserved for post-training model
testing. This testing utilized tire sets 3.-5., as specified in
Table 2.

III. PROPOSED OBSERVER ARCHITECTURES
As documented in [15] and [19], the accuracy of model-
based observers depends significantly on the quality of the
employed system designs used to estimate the states of the
real vehicle. In contrast, the effectiveness of black-box data-
driven methods depends heavily on the quality and diversity
of the training data used. To overcome the limitations asso-
ciated with both of these methodologies and to construct a
model capable of accurately estimating β in both small and
large β regimes, three hybrid approaches were developed:
the physics-informed design (O3), the physics-infused design
(O4) and their combination (O5). These designs integrate
the strengths of model-based and data-driven techniques.
For comparison, five distinct observer designs that span the
spectrum of estimation strategies are evaluated: a purely
model-based method (O1), a fully data-driven method (O2),
and three hybrid designs (O3-O5).

DATA-DRIVEN ESTIMATOR DESIGN
As shown by [5], [7], and [27], ANNs can effectively model
vehicle dynamics without requiring detailed knowledge of
vehicle parameters, provided that an appropriate model struc-
ture and a sufficiently rich and diverse training dataset are
used. This process is generally performed using heuristic
approaches, as done in this work. When designing a neural
network, three primary challenges are often encountered [8],
[28]:
1) The number of neurons is too small, the network is

unable to learn complex relationships in the data, and
thus is not able to accurately model the data.

2) The network overfits the training data.When the number
of neurons exceeds an optimal threshold, the network
exhibits overfitting, characterized by a minimal training

error and a degradation in performance when evaluated
with new data.

3) The deployed network exhibits poor extrapolation capa-
bilities. The nature of neural networks, as nonlinear
Blackbox models, results in limited extrapolation abili-
ties when deployed. Consequently, predictions for inputs
outside the training data range are often unreliable.

MODEL-BASED OBSERVER (O1)
The first observer design is purely model-based and uti-
lizes an extension of the dynamic single-track vehicle model
described in Section II-C1. The observer is depicted in
Figure 5. To enhance estimation accuracy, a Luenberger-
type observer (LO) is implemented with the feedback gains
G1 and G2 determined by the Simulink Parameter Estima-
tor Toolbox [29] using the least squares optimization. The
measured steering angle δsteer, longitudinal velocity ẋ, lateral
acceleration ay, and yaw angle ωz are used to obtain the
estimated sideslip angle β̂1, compare Figure 6. (O1) includes
a Luenberger observer that uses estimates and measurements
of ay and ωz as feedback to steer the front and rear axles to
optimally match the measured data. The rear axle is either
steered in the same direction to match the lateral acceleration
Figure (5 orange line) or steered to the opposite direction to
match the yaw velocity Figure (5 blue line).

FIGURE 5. Model-based observer (O1).

ARTIFICIAL NEURAL NETWORK (O2)
The data-driven observer design (O2) depicted in Figure 7 is
solely composed of an artificial neural network which consid-
ers the whole vehicle as a black box without any knowledge
regarding the physical vehicle parameters or configuration.

The ANN is designed in MATLAB 2024b [30] using the
corresponding Deep Learning Toolbox [31]. The network
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FIGURE 6. Simplified representation of (O1), compare Figure 5.

FIGURE 7. Data-driven observer (O2).

architecture comprises an input layer consisting of 12 neu-
rons, a fully connected hidden layer consisting of 24 neurons
that utilize either Long Short-Term Memory (LSTM) or
Gated Recurrent Unit (GRU) cells, and an output layer con-
sisting of one neuron. The input vector/set connecting to the
input layer of the ANN is selected similarly to [5], [12], [13],
and [15] as

uANN =
[
δsteer, ẋ, ax , ay, az, ωx , ωy, ωz, . . .

ωfl, ωfr, ωrl, ωrr]T , (7)

while the hidden LSTM/GRU layer has twice the number of
units in the sequence input layer. The output layer contains a
single neuron that represents the estimated sideslip angle β̂2.
To optimally adapt learning rates during the training pro-

cess, the Adaptive Moment Estimation (ADAM) algorithm
was chosen similarly to [15], [16], [18], and [19]. In contrast
to ADAM, other explored optimization methods, includ-
ing Stochastic Gradient Descent with momentum (SGDM),
Root mean square propagation (RMSprop), and Broyden–
Fletcher–Goldfarb–Shanno (BFGS), failed to achieve com-
parable convergence rates or final performance.

A sigmoid function was used for gate activation. For the
state activation, both hyperbolic tangent (tanh) and rectified
linear unit (ReLU) functions were investigated, with the
hyperbolic tangent used in the final configuration.

PHYSICS-INFORMED ANN (O3)
The physics-informed ANN (O3) depicted in Figure 8 com-
bines the model-based approach (O1) with the data-driven
approach (O2) in that the output of the single-track vehi-
cle model guides the ANN (O2), which is extended by the

respective additional input of β̂1 (resulting in the new artifi-
cial network ANN3). The network ANN3 then subsequently
estimates the final sideslip angle β̂3 as depicted in Figure 8.
The network architecture comprises an input layer consisting
of 13 neurons, a fully connected hidden layer consisting of
26 neurons that utilize either LSTM or GRU cells, and an
output layer consisting of one neuron.

FIGURE 8. Physics-informed ANN (O3).

The performance of the physics-informed ANN is found to
be highly sensitive to the training dataset used. The distribu-
tion of the measured sideslip angle within the training data
significantly influences accuracy. The most accurate results
are obtained for sideslip angles up to 1◦, typical β-values that
are overrepresented in the utilized training data.

PHYSICS-INFUSED ANN (O4)
In contrast to (O3), the physics-infused ANN (O4) depicted
in Figure 9 operates on the principle that the physical model
(O1) directly calculates β̂1, with the ANN4 subsequently
estimating only the deviation from the reference signal β̂1.
In an input layer the ANN is presented with a signal from the
extended single-track vehiclemodel (O1) β̂1 and is estimating
the error of the physical model 1β̂ and the final estimate is
calculated as β̂4 = 1β̂ + β̂1.

FIGURE 9. Physics-infused ANN (O4).
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ANN4 is trained using the sideslip angle estimated/
measured by the expensive IMU as a reference signal. The
network architecture is composed of an input layer containing
13 neurons, a fully connected hidden layer of 26 neurons,
LSTM or GRU cells, and an output layer with one neuron.

(O4) exhibits worse performance at small sideslip angles
when compared to (O3). Conversely, (O4) design maintains
a nearly constant accuracy across its entire operating range,
which also extends beyond the working area of (O3) design.
It is important to note that the output layer or the reference
represents 1β̂ = βmeasured − β̂1, rather than the β̂ quantity
directly.

HYBRID ANN MODEL STRUCTURE (O5)
While the physics-informed design (O3) demonstrates sat-
isfactory performance, its effectiveness is primarily limited
to scenarios involving small values of β. In contrast, the
physics-infused design (O4) offers relatively stable perfor-
mance across a wider operating range. This observation
motivates a selective strategy, wherein each design is applied
within the regime where it performs best.

FIGURE 10. Hybrid ANN observer design (O5) with output selection and
weighting detailed in Figure 11.

To implement this strategy, a combined design (O5)
depicted in Figure 10 is developed, leveraging the strengths
of both approaches (O3) and (O4) based on the predicted
value of β̂4 from the physics-infused design. Specifically, the
hybrid design (O5) operates as the physics-informed design
(O3) for β̂4 ≤ 1◦, and switches to the physics-infused design
(O4) for β̂4 ≥ 2◦. In the transition interval between 1◦

and 2◦, the estimation is computed as a weighted sum of
both designs, with the weighting determined by the output
of the physics-infused design. This approach is illustrated in
Figure 11 and Figure 12. Estimate β̂4 is used for switching
respective weighting between β̂3 and β̂4 because the physics-
infused design provides a consistently accurate estimate of
β over the whole operation range (while providing slightly
worse accuracy compared to (O3) for small sideslip angles).

IV. RESULTS AND DISCUSSION
This section presents the results of the sideslip angle esti-
mation using the observer designs (O1) to (O5) described in

FIGURE 11. Output selection and weighting of hybrid ANN observer
design (O5).

FIGURE 12. Reference vs. estimated values of β for the design
architectures (O3) to (O5) for validation data from tire sets 2. The design
architectures utilize a LSTM network. The transition of the hybrid
structure design (O5) between β̂3 and β̂4 for 1◦ ≤ β ≤ 2◦ is highlighted.

Section III, evaluated on the dataset detailed in Section II-D.
Prior to training and evaluation, the cornering stiffness coeffi-
cient of each tire was integrated into the Simulink model and
model-based observer (O1). The Root Mean Squared Error
(RMSE) was employed as the Key Performance Indicator
(KPI):

RMSE =

√√√√ n∑
i=1

(β̂i − βi)2

n
, (8)

where β̂i represents the estimated and βi the measured ref-
erence (ground truth) sideslip angle, and n is the number of
samples.

A. PROOF OF CONCEPT USING A HIGH-QUALITY IMU
For a proof-of-concept study, the signals (7) were initially
acquired using a high-fidelity IMU. Two distinct ANN
architectures, LSTM and GRU networks, were subsequently
evaluated for sideslip angle estimation. They showed simi-
lar performance, see Table 3 for their RMSE performance.
We analyze the LSTM-based results in detail in Figure 14
and Figure 15.

The data-driven black-box observer design (O2), visually
represented in Figure 14 and Figure 15 in red, exhibited a high
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TABLE 3. RMSE of observer designs (O1) - (O5) using LSTM/GRU
architectures and data obtained by a high-quality IMU.

degree of accuracy in the estimation of small sideslip angle
values, specifically those not exceeding 1◦. This observation
aligns precisely with the findings in [32], which indicate that
data-driven methodologies generally show good performance
within their training range. Nevertheless, a degradation in the
performance of the data-driven design was observed beyond
sideslip angle magnitudes |β| of 2◦. In contrast to (O2), the
model-based observer design (O1), depicted in Figure 14
and Figure 15 in blue, showed decreased performance in
the estimation of small β values. Despite this, (O1) demon-
strably surpassed (O2) in performance when the sideslip
angle β exceeded 1.5◦. However, the performance of (O1)
is limited by the use of a linear tire model, whose accuracy
decreases significantly as the static characteristics of the tire
force become more saturated. On the other hand, the use
of (O2) is limited by the sparsity of the data sets in the
high sideslip range. Examining the two hybrid designs, the
physics-informed (O3) and physics-infused (O4) approaches
consistently outperformed the purely model-based and purely
data-driven observer designs (O1 and O2), as shown in
Table 3. It should be mentioned that investigating both the
timeseries results and Table 3 the performance of both (O3)
and (O4) directly depend on the training dataset. In most of
the cases (O3), visually represented in Figure 14 in green,
performed with greater accuracy in situations involving small
sideslip angles (approximately below 1◦). However, when the
dataset incorporated β values exceeding 1.5◦, (O4) consis-
tently exhibited better performance compared to (O3). This is
due to the more significant role of the model-based observer
(within the (O4) design compared to the (O3) design), par-
ticularly in the estimation of β, when it is not sufficiently
represented in the training dataset.

Although high β scenarios represent a minority of driving
situations, they cannot be completely ignored. Therefore,
a hybrid structure (O5) was developed to combine the accu-
racy of the data-driven design at small sideslip angles with
the robustness of the model-based observer at larger sideslip
angles. Design (O4), while less accurate, provides a robust
general estimate of β values. Therefore, in the hybrid struc-

FIGURE 13. Combined sideslip angle distribution of all measurement
datasets. The y-axis is scaled logarithmically for better visualization.
Sideslip values exceeding 2◦ constitute less than 0.5% of all collected
samples.

FIGURE 14. Reference vs. estimated values of β for (O1) to (O5) tested on
the testing set II. The observer designs (O2) to (O5) utilize an LSTM
network.

ture (O5), the parameter β̂4 is chosen as a critical determinant
of the observer’s behavior. Specifically, the design transitions
between two operational modes based on the value of β̂4:
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FIGURE 15. Time series data of β and β̂ for a selected portion of the
testing set II. The observer designs (O2) to (O5) utilize an LSTM network.

• |β̂4| ≤ 1◦: The design adopts the physics-informed
structure (O3). In this mode, the design integrates phys-
ical knowledge while allowing for greater flexibility,
through data-driven ANN, to complement or enhance
the physics-based elements of (O1).

• |β̂4| ≥ 2◦: The design shifts to the physics-infused struc-
ture (O4). Here, the design is predominantly constrained
by physical laws.

• 1◦ < |β̂4| < 2◦: In the transition region, the design’s
output is a weighted sum of the physics-informed and
physics-infused design outputs, with weights linearly
adjusted based on β̂4.

The results demonstrate that (O5) shows better perfor-
mance compared to all of the previous designs (O1) - (O4)
across most of the evaluated scenarios. This is quantitatively
supported by the data presented in Table 3 and visually
corroborated by Figure 16. The performance of (O5) was
matched by other designs only in Test III, specifically when
utilizing the GRU ANN, where its improvement over (O4)
was marginal. This can be attributed to (O5) operating pre-

dominantly as (O4) in this particular scenario. Notably (O4)
and (O5) demonstrated a consistently high fit. This robust
performance was sustained even in rare, high β scenarios,
while the fit of (O2) and (O3) exhibited a rapid deterioration
for |β| > 2◦. It is important to note that the majority of the
collected data (99.5%) correspond to sideslip angles |β| <

2◦, with only 0.5% of the data falling into the higher β range,
compare Figure 13.

FIGURE 16. RMSE of the vehicle sideslip angle estimation.

B. VALIDATION USING A LOW-BUDGET IMU
To validate this proof of concept, the trained ANNs were
fed with data from a low-budget IMU. The assessments in
the Section IV-A revealed very similar results between the
LSTM and GRU networks. Consequently, we selected only
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the LSTMnetwork to evaluate the preliminary viability of our
proposed methodology. The results are then shown in Table 4
and visually corroborated by Figure 16. A more detailed
investigation is planned as part of future research.

TABLE 4. RMSE of observer designs (O1) - (O5) using LSTM architectures
and data obtained by a low-budget IMU.

C. DATA AVAILABILITY
The acquisition of real-vehicle test data encompassing highly
varying β values presents inherent challenges, as exten-
sively documented within academic discourse, notably in
[15] and [19]. Prior investigations frequently employed high-
performance rear-wheel drive vehicles, which are inherently
more susceptible to oversteer and possess the inherent capa-
bility to sustain larger β values. In stark contrast, the
front-wheel drive vehicle, the characteristics of which are
detailed in Section II-B, rarely exhibits such dynamic states,
thereby imposing a significant limitation upon the availability
of substantial β data within the training dataset. An analysis
of the β distribution within the dataset, visually represented
by a histogram comprising 50 bins in Figure 13, revealed
that instances of β values exceeding 2◦ are exceedingly rare,
constituting less than 0.5% of all collected samples. It was
verified that the training, validation, and testing datasets
showed consistent distributions.

V. CONCLUSION
This study demonstrated that purely data-driven methods for
estimating the sideslip angle β are highly sensitive to the
training dataset, limiting their ability to provide robust esti-
mates of β under extreme driving conditions. We showed that
combining data-driven andmodel-based approaches provides
a promising way to overcome these limitations of sparse but
representative training datasets, particularly with respect to
their performance in edge cases. By integrating a data-driven
estimator into a model-based framework, robust performance
can be maintained under typical driving conditions, while the
model-based component effectively supports estimation in
edge cases. Importantly, increasing design complexity does
not necessarily improve accuracy. Instead, the complemen-
tary strengths of data-driven and model-based methods can
be leveraged through their combination. The datasets used in
this work were measured under real-world conditions using
five different tire sets, and the proposed observer designs
were validated accordingly. The presented hybrid ANN
observer design (O5) enables sideslip angle estimation using

artificial neural networks in combination with a model-based
approach. This directly addresses the research question, con-
firming that reliable estimation of β is feasible using hybrid
methods trained on data from typical, rather than extreme,
driving scenarios. In conclusion, this study highlights the
potential of hybrid estimators that combine physics-based
observers with ANN techniques for vehicle state estimation,
specifically for sideslip angle estimation. Fleet tests with
low-cost IMUs and data-logging capabilities facilitate large-
scale validation across multiple vehicles, providing detailed
insights into tire–road interactions.

Future research should examine the influence of additional
key performance indicators (KPIs) and further investigate
how hardware requirements, training time, and computational
load affect overall system performance.
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