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Abstract— Autonomous driving for motorcycles has received
comparatively little attention, despite the extensive research on
four-wheeled vehicles. Motorcycles pose unique challenges due
to their inherently wide ranges of roll and pitch dynamics,
which can significantly influence accurate vehicle localization.
In this work, we investigate the necessity of incorporating roll
and pitch angles in motorcycle localization models, analyzing
how Global Navigation Satellite System (GNSS) output fre-
quency and antenna position influence their performance within
Kalman-filter based algorithms. First, we present a formal
analysis of the impact of roll and pitch angles on both model
integration and output computation as a function of GNSS
output frequency and antenna location. Then, we provide a
quantitative evaluation using real experimental data to validate
the theoretical findings, spanning the GNSS frequency from a
low-cost commercial sensor to an ideal one. The results provide
both methodological and practical insights into vehicle modeling
for Kalman-filter localization of two-wheeled tilting vehicles.

I. INTRODUCTION

Autonomous Driving (AD) represents one of the most
significant challenges in the automotive sector [1]. While
AD for four-wheeled vehicles is extensively studied in the
literature, two-wheeled vehicles, i.e., motorcycles, have re-
ceived comparatively little attention. Existing research on
motorcycles is mainly focused on stabilization control, due
to their intrinsic dynamic instability, see for example [2].
As discussed in [3], a complete AD stack typically relies
on a modular architecture in which perception, planning,
control, and localization cooperate to accomplish the nav-
igation task. Specifically, for the localization problem, the
objective is to estimate the vehicle position with respect
to a fixed reference frame with high accuracy, ensuring
that the planning and control modules can operate safely
and reliably. As summarized in [4], numerous localization
algorithms and techniques have been developed for four-
wheeled vehicles on different sensor suites and for different,
as urban or racing, applications (see respectively [5] and [6]
for recent advances in these domains). In this context, Inertial
Navigation Systems (INS), which rely solely on accelerations
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and angular rates measurements, suffer from drift errors,
whereas centimeter-accuracy absolute sensors, such as dou-
ble antenna Global Navigation Satellite System (GNSS) with
Real Time Kinematics (RTK) correction, typically operate at
limited output frequencies. As a consequence, INS-GNSS
sensor fusion has become the most established technique to
achieve accurate and high-rate localization. A wide variety
of Kalman-filter (KF) based estimation techniques have been
proposed in the literature, see e.g., [7] and [8], most of which
employ a planar kinematic model of the vehicle (see [9]),
since roll and pitch angles are typically negligible in four-
wheeled vehicles.

Regarding motorcycles, instead, very few works address
the localization problem. [10] proposes to identify motorcy-
cles positions in road environments using external cameras,
whereas [11] and [12] discuss more classical KF-based
approaches built on three-dimensional kinematic models that
explicitly account for roll and pitch dynamics. The need of
roll and pitch angles is motivated by the fact that their ranges
are typically much wider than in four-wheeled vehicles,
thus potentially increasing localization accuracy, since the
performance of any model-based algorithm is inherently
tied to the fidelity of the underlying model. At the same
time, however, these approaches require precise estimation
of roll and pitch angles. Moreover, the output frequency
of the employed GNSS also plays an important role, as
it determines how long the localization module must rely
on the vehicle model before a new absolute high-accuracy
information becomes available, which may impose different
requirements on the complexity of the vehicle model. Hence,
in this work, we aim to investigate the necessity of including
roll and pitch angles in the localization model as a function of
both the positioning of the GNSS antenna on the vehicle and
its output frequency, spanning from a low-cost commercial
sensor to an ideal sensor sampling at the ECU frequency.
This analysis provides both methodological and practical
insights into localization for two-wheeled vehicles. Specifi-
cally, the contributions of this paper are twofold: (i) a formal
analysis of the impact of including roll and pitch angles,
considering GNSS output frequency and antenna position,
on both the model integration and output computation, with
the latter evaluated against GNSS measurements in a KF-
based algorithm; (ii) a quantitative analysis based on real
experimental data to show the consistency of the mathemat-
ical findings in a real world scenario.

In the remainder of the paper, Section II describes the
experimental setup and the dataset. Section III and IV present
and validate a formal analysis of the impact of roll and
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Fig. 1. Dataset collected at CREA oval-like proving-ground in Treviglio, Italy. The time evolution of speed, roll and pitch angles is shown on the
left, while GNSS traces are shown on the right. For analysis purposes, the dataset is divided into four categories: straights, corners, slaloms, and pitching
zones.

pitch angles in the vehicle model for localization. Section
V concludes the paper with remarks.

II. EXPERIMENTAL SETUP AND DATASET DESCRIPTION

The motorcycle used in this work, previously presented in
[13], is an Eva Ribelle, i.e., a commercial electric motorcycle
manufactured by Energica Motor Company (Modena, Italy).
The vehicle has been retrofitted at Politecnico di Milano
(Milan, Italy) with all actuators, sensors, and control units
required to enable up to full autonomous riding. In this
section, we describe the sensors relevant for localization,
as illustrated in Fig. 2. An Optical Sensor Unit (OSU), a
non-contact speed sensor is mounted on the underside of the
motorcycle to measure the longitudinal and lateral velocities
and also provide estimates of the roll and pitch angles; a
6-axis Inertial Measurement Unit (IMU) measures the
chassis linear accelerations and the angular velocities; a
Global Navigation Satellite System (GNSS) is available
with a multi-constellation receiver with Real Time Kinematic
(RTK) capability with front and rear antennas. An Electronic
Control Unit (ECU) is employed as data-logger and real-
time controller to execute the main algorithm, responsible for
vehicle dynamics control, state estimation and localization,
at a sampling frequency of 100 Hz.

OSU

ECU

IMU

front GNSS antenna
rear GNSS antenna

Fig. 2. Experimental setup: a retrofitted Energica Eva Ribelle, equipped
with an Optical Sensor Unit for speed and roll/pitch estimation, a 6-axis
IMU, two GNSS antennas and a Speedgoat ECU.

The experimental data used in this paper were collected
at the CREA proving ground in Treviglio, Italy, an oval-like
test-track where a variety of standard maneuvers were exe-
cuted. The whole dataset, illustrated in Fig. 1, has been cat-
egorized into four classes of maneuvers: straights, straight-
lines driven at constant speed without roll motion; curves,
curved-segments driven at constant speed and approximately
constant roll angle; slaloms, straight-line segments driven at
constant speed with varying roll angle; pitching, straight-line
segments driven with alternating acceleration and braking to
induce pitch dynamics.

We highlight that, to evaluate the performance of the
localization model and to analyze the impact of the antenna
position and of different GNSS output frequencies in Section
IV, an ideal position benchmark was reconstructed offline
using the rear antenna measurements. Specifically: (i) GNSS
data, originally sampled at 10 Hz, have been resampled at
100 Hz, to match the ECU execution rate; and (ii) sampling
delays were compensated using the GNSS-provided times-
tamps of each navigation epoch. This can be done because
GNSS and the ECU are synchronized via PTP (Precision
Time Protocol).

III. VEHICLE MODELS FOR LOCALIZATION:
FORMULATION AND ANALYSIS

In this section, we discuss the kinematic vehicle models
employed within a KF-based motorcycle localization frame-
work, progressively transitioning from a complete three-
dimensional motorcycle model to simplified, car-like formu-
lations in which roll and pitch dynamics are neglected. We
first introduce the mathematical formulations of the consid-
ered models along with their underlying assumptions. Then,
we formally analyze the impact that roll and pitch angles
have on both model integration and output measurement,
highlighting how these effects depend on the GNSS output
frequency and on the position of the antenna on the vehicle.
To ease the notation, we adopt the following shorthand for
trigonometric functions: cx = cos(x), sx = sin(x), tx = tan(x).



TABLE I
LOCALIZATION MODELS.

motorcycle no-pitch no-roll car
M (ϕ,ϑ ,vvf,ωvf) Φ(ϕ,vvf,ωvf) Θ(ϑ ,vvf,ωvf) C (vvf,ωvf)

˙̂p = E ·R(ϕ,ϑ , ψ̂)vvf E ·Rz(ψ̂)Rx(ϕ)vvf E ·Rz(ψ̂)Ry(ϑ)vvf E ·Rz(ψ̂)vvf
˙̂ψ = ωy

sϕ

cϑ
+ωz

cϕ

cϑ
ωysϕ +ωzcϕ ωz

1
cϑ

ωz

p̂g = p̂+E ·R(ϕ,ϑ , ψ̂)dg p̂+E ·Rz(ψ̂)Rx(ϕ)dg p̂+E ·Rz(ψ̂)Ry(ϑ)dg p̂+E ·Rz(ψ̂)dg

A. Kinematic Models: Formulation

We begin by introducing the full motorcycle kinematic
model, illustrated in Fig. 3. As a three-dimensional rigid
body, the motorcycle orientation in space is described us-
ing Euler angles, following the roll–pitch–yaw convention.
Specifically, roll, pitch, and yaw angles are denoted by ϕ ,
ϑ , and ψ , respectively. As shown in Fig. 3, three reference
frames are defined: (i) the global reference frame (gf),
which is inertial; (ii) the road reference frame (rf), which
shares the same yaw angle ψ as the vehicle; and (iii) the
vehicle reference frame (vf), which is rigidly attached to
the motorcycle. A vector w expressed in the vehicle frame,
denoted wvf, can be mapped into the road and global frames
as

wrf =Ry(ϑ)Rx(ϕ)wvf

wgf =R(ϕ,ϑ ,ψ)wvf = Rz(ψ)Ry(ϑ)Rx(ϕ)wvf,
(1)

where Rx(ϕ), Ry(ϑ), and Rz(ψ) are the elementary rotation
matrices (see [14] for details). Moreover, the time derivatives
of the Euler angles are related to the angular velocity of the
body ωvf = [ωx ωy ωz]

′ through
ϕ̇ =ωx +ωytϑ sϕ +ωztϑ cϕ

ϑ̇ =ωycϕ −ωzsϕ

ψ̇ =ωy
sϕ

cϑ

+ωz
cϕ

cϑ

.

(2)

Given that our objective is the vehicle localization, we
focus exclusively on the position of the motorcycle in the
ground plane and on its ψ orientation. Accordingly, the
localization model M , which governs the time evolution of

global frame (gf)

road frame (rf)

vehicle frame (vf)

rear GNSS 

antenna

front GNSS 

antenna

CoG

(ground-projected)

Fig. 3. Motorcycle kinematic model. The three reference frames used
in the formulation are shown: (i) global reference frame (gf), (ii) road
reference frame (rf), and (iii) vehicle reference frame (vf). The position of
the two GNSS antennas and the ground-projected CoG on the experimental
motorcycle are also indicated.

the vehicle position and yaw angle, is defined as

M (ϕ,ϑ ,vvf,ωvf) :


˙̂p =E ·R(ϕ,ϑ , ψ̂)vvf

˙̂ψ =ωy
sϕ

cϑ

+ωz
cϕ

cϑ

p̂g =p̂+E ·R(ϕ,ϑ , ψ̂)dg

(3)

where p̂ =
[

x̂ ŷ
]′ and p̂g =

[
x̂g ŷg

]′ denote, respectively, the
estimated ground-projected position of the center of gravity
(CoG) and the estimated global frame position of the rear
GNSS antenna. The input velocity vvf =

[
vx vy 0

]′ is defined
at the ground projection of the CoG expressed in the vehicle
reference frame. The vector dg =

[
dx dy dz

]′ is a constant
vector in the vehicle frame which represents the mounting
distance between the ground-projected CoG position and the
GNSS antenna. Finally, the matrix

E =

[
1 0 0
0 1 0

]
(4)

extracts only the planar components of a three-dimensional
vector, ensuring that only the x and y coordinates are
considered.

Given that the aim of this paper is to analyze the role
of the vehicle model within localization algorithms, three
simplified models are introduced in Table I. The starting
point is Model M , defined in (3), which is referred to as the
motorcycle model, since it incorporates both roll and pitch
angles. The opposite model, C , called car model, neglects
these two angles, which are typically small in four-wheeled
vehicles. Additionally, two intermediate models, Θ and Φ,
referred to as the no-roll and no-pitch models, respectively,
neglect the roll and the pitch angles individually.

B. Kinematic Models: Roll and Pitch Impact Analysis

The analysis of the localization models aims to determine
whether, and under which conditions, roll and pitch angles
are relevant in motorcycle localization. Specifically, we focus
on the application of the models introduced in Section III-
A within KF-based algorithms. To this end, we formally
analyze the impact of roll and pitch angles on two key
aspects: (i) the integration model, by quantifying the drifts
induced as a function of the output GNSS frequency, which
defines the expected integration interval of the model Tg =
f−1
g , where fg is the GNSS output frequency; and (ii) the

output equation, which determines the error used by a KF
to correct the model state variables. Indeed, errors in the
output equation will reflect on wrong state estimates. In this
formal analysis, we compare the motorcycle model against
the car model. Specifically, the impact of roll and pitch



angles is mathematically evaluated using three metrics. The
first metric, referred to as position integration mismatch,
is defined as the norm of the difference in linear velocity
between the models, multiplied by the integration time Tg:

∥∆p̂∥= ∥E ·Rz(ψ̂)vvf −E ·R(ϕ,ϑ , ψ̂)vvf∥Tg =

=
∥∥E ·Rz(ψ) [I −Ry(ϑ)Rx(ϕ)]vvf

∥∥Tg =

=
∥∥E · [I −Ry(ϑ)Rx(ϕ)]vvf

∥∥Tg =

= ∥W (ϕ,ϑ)vvf∥Tg,

(5)

where W (ϕ,ϑ) = E · [I −Ry(ϑ)Rx(ϕ)]. The second metric,
named heading integration mismatch, is defined as the norm
of the difference in yaw rate between the two models,
multiplied by the integration time Tg:

|∆ψ̂|=
∣∣∣∣−ωy

sϕ

cϑ

+ωz

(
1−

cϕ

cϑ

)∣∣∣∣Tg. (6)

Finally, the third metric, the output position mismatch, com-
putes the norm of the difference between the two output
equations of the two models:

∥∆p̂g∥=
∥∥p̂+E ·Rz(ψ̂)dg − p̂−E ·R(ϕ,ϑ , ψ̂)dg

∥∥=

=
∥∥E ·Rz(ψ) [I −Ry(ϑ)Rx(ϕ)]dg

∥∥=

=
∥∥E · [I −Ry(ϑ)Rx(ϕ)]dg

∥∥=

=
∥∥W (ϕ,ϑ)dg

∥∥ .
(7)

Therefore, it is evident from (5) and (7) that a crucial role in
both the position integration and output mismatches is played
by the matrix

W (ϕ,ϑ) = E · [I −Ry(ϑ)Rx(ϕ)] , (8)

which acts as a weighting matrix for the speed vvf in (5) or
GNSS displacement vector dg in (7). After straightforward
matrix computations, W (ϕ,ϑ) can be expressed as

W (ϕ,ϑ) =

[
1− cϑ −sϑ sϕ −cϕ sϑ

0 1− cϕ sϕ

]
. (9)

Consequently, the two mismatches can be explicitly inter-
preted as functions of roll ϕ and pitch ϑ angles as

∥∆p̂∥=
∥∥∥∥[vx (1− cϑ )− vysϑ sϕ

vy
(
1− cϕ

) ]∥∥∥∥Tg, (10)

and
∥∆p̂g∥=

∥∥∥∥[dx (1− cϑ )−dzcϕ sϑ

dzsϕ

]∥∥∥∥ , (11)

where, for simplicity, we assume that the lateral displacement
of the antenna dy ≈ 0 for any mounting position, due to the
limited width of motorcycles. This assumption is consistent
with the specific vehicle used in the experimental analysis.
Since combined rolling and pitching is rare in standard
motorcycle maneuvers, we can set either ϑ = 0 or ϕ = 0
to facilitate the interpretation of the analysis. Under these
assumptions, the mismatches become

ϑ = 0 ϕ = 0
∥∆p̂∥

∣∣vy
(
1− cϕ

)∣∣Tg |vx (1− cϑ )|Tg

|∆ψ̂|
∣∣−ωysϕ +ωz

(
1− cϕ

)∣∣Tg

∣∣∣ωz

(
1− 1

cϑ

)∣∣∣Tg

∥∆p̂g∥
∣∣dzsϕ

∣∣ |dx (1− cϑ )−dzsθ |
(12)

For easier interpretation, these results are also approximated
by linearizing the most significant terms

ϑ = 0 ϕ = 0
∥∆p̂∥

∣∣vyϕ2/2
∣∣Tg

∣∣vxϑ 2/2
∣∣Tg

|∆ψ̂|
∣∣ωyϕ

∣∣Tg
∣∣ωzϑ

2/2
∣∣Tg

∥∆p̂g∥ |dzϕ| |dzϑ |

(13)

whose graphical evaluation is reported in Fig. 4, together
with the corresponding data points extracted from the ex-
perimental dataset described in Section II. The analysis can
be summarized as follows. With respect to the integration
mismatch, captured by first and second metrics, the differ-
ences between the models in both position and yaw evolution
remain limited under standard riding conditions. For ϑ = 0,
although the roll angle ϕ can reach significant values, the
lateral speed vy and the angular speed ωy are usually small,
with only few peaks occurring during slaloms or cornering.
Conversely, when ϕ = 0, vx and ωz can be large, but the pitch
angle ϑ stays within a narrow range. As a consequence,
significant mismatches emerge only in extreme situations,
such as high-roll drifts producing large vy, or wheelie-like
conditions combining high vx with non-negligible ϑ . In
addition, integration mismatches scale with the integration
time Tg, making them more relevant at decreasing GNSS
update rates. Nevertheless, as shown in Fig. 4, the position-
related integration mismatches become comparable with the
output equation mismatch only for Tg = 1 s, i.e., when the
GNSS operates at a very low update frequency. Conversely,
the output equation mismatch is highly sensitive to variations
in both roll and pitch. This comes from the fact that the
vertical offset dz between the GNSS antenna and the ground-
projected CoG can be substantial, as the GNSS antenna
must be mounted at elevated positions on the motorcycle
to ensure unobstructed satellite visibility. As a result, even
moderate roll or pitch angles induce noticeable deviations in
the projected GNSS position, making the output mismatch
significantly larger than the integration mismatch for typical
riding conditions. This highlights that, in KF-based localiza-
tion, neglecting roll or pitch primarily affects the correction
step rather than the prediction step, with the magnitude of
the induced error directly driven by the combination of ϕ ,
ϑ , and antenna height dz.

IV. EXPERIMENTAL ANALYSIS

In this section, after the derivation of the general analysis,
the formal results regarding the influence of roll and pitch
angles on the localization model are evaluated using the
experimental dataset introduced in Section II for the target
vehicle. The input to the localization models are obtained
directly from the onboard sensors: roll/pitch angles together
with linear velocities are retrieved from the OSU, while the
angular rates are measured by the IMU. Reported analysis is
just for the rear GNSS antenna position with respect to the
CoG is dg =

[
−825 0 1110

]′ mm, results for the front antenna
are similar because both are placed at the same height. We
analyze the modeling performance as a function of the GNSS
output frequency fg. Performance is quantified through two
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Fig. 4. Localization Models Analysis: mismatch metrics defined in (12), evaluated as function of roll and pitch angles. The plots also highlight the
distribution of experimental data corresponding to the maneuvers classes introduced in Fig. 1.

indexes: the position integration error Jp, and the output
error Jg, both computed with respect to a benchmark. The
benchmark for the antenna position is obtained from the
GNSS measurements pg, as described in Section II. The
benchmark CoG position p, instead, is reconstructed offline
as

p = pg −E ·R(ϕ,ϑ ,ψg)dg, (14)

which compensates for the known antenna offset through
the measured vehicle attitude; indeed, ψg is the benchmark
yaw angle obtained using information from the two available
antennas. Therefore, the two indexes can be mathematically
written in the discrete-time domain defined by the ECU
running frequency f0 as

Jp(k0, fg) =
1

1+ f0
fg

k0+
f0
fg

∑
k=k0

∥p− p̂(k)∥, (15)

Jg(k0, fg) =
1

1+ f0
fg

k0+
f0
fg

∑
k=k0

∥pg(k)− p̂g(k)∥. (16)

The quantities p̂ and p̂g are obtained through forward-Euler
numerical integration of the localization models reported
in Table I, using the benchmark values to initialize the
integration window:

p̂(k = k0) = p(k0) and ψ̂(k = k0) = ψg(k0). (17)

The indexes are computed for every sample k0 in the dataset,
grouped according to the four selected maneuvers classes,
as an average over a time interval determined by the chosen
GNSS frequency fg. The results of the analysis are illustrated
in Fig. 5, where the two indexes are reported for each
maneuver class as a function of the GNSS output frequency
fg. The fg range is centered on 10 Hz, a typical value for
current RTK-GNSS, and spans from 1 Hz to 100 Hz, i.e.,
from a low-cost commercial sensor to an ideal GPS sampling
at the ECU frequency. For each frequency, the minimum, the

maximum, and average values across all considered frequen-
cies are shown. First, as expected from the analysis in Section
III-B, the integration error Jp is similar across the models.
Due to the limited influence of roll and pitch angles on the
integration, these errors remain consistent across all tested
maneuvers. Consequently, the primary factor affecting the
integration error is the GNSS frequency, which determines
the duration over which the model must propagate without
correction. In contrast, significant differences are observed
in the output error Jg by the height of the GNSS antenna,
positioned over 1 m above the ground. Neglecting roll and
pitch angles in the model leads to substantial errors in the
predicted antenna position, with the largest discrepancies
occurring during curves and pitching maneuvers, even at
low GNSS frequency. These results are particularly relevant
for KF-based localization algorithms. On the one hand, the
correction step, that compares the predicted output against
the measurements, can lead to incorrect state estimates if
roll and pitch angles are neglected and the antenna is not
mounted close to the ground. On the other hand, the effects
of roll and pitch can be neglected in the prediction step.

V. CONCLUSIONS

In this paper, the impact of GNSS output frequency and
antenna position in vehicle modeling for localization has
been studied focusing on a motorcycle application. First of
all, the impact of roll and pitch on the localization kinematic
model has been mathematically approached. The experimen-
tal test are used to compare the localization model against
RTK-GNSS measurements. Both the mathematical and the
experimental analysis revealed that roll and pitch angles are
fundamental to properly estimate the GNSS antenna position,
which plays an important role in KF-based localization
algorithms, since they affect the correction term; whereas the
integration error is more sensitive to slower GNSS sampling
frequency than roll and pitch values.
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Fig. 5. Experimental Analysis: Jp (top) and Jg (bottom) indexes metrics, defined in (15) and (16), and their min-max area are evaluated as functions of
GNSS output frequency for the different maneuvers classes introduced in Fig. 1.
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