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Abstract— An accurate real-time estimate of motorcycle dy-
namic states is essential for advanced riding assistance systems
(ARAS) aimed at reducing the risk of the rider. Traditional
model-based observers require precise vehicle parameters and
struggle with the inherent nonlinearities of motorcycle behavior,
particularly during low-speed steady turns and aggressive
transients. This paper presents an enhanced deep learning
framework that fuses monocular visual data with inertial
measurements to estimate key dynamic states, including steer-
ing angle, lateral velocity, lateral offset, and tire slip angles.
Building upon a baseline ResNet50-LSTM architecture, we
propose a BiLSTM-Transformer hybrid that captures richer
temporal dependencies through bidirectional processing and
multi-head self-attention. The model processes sequences of
images and inertial signals without requiring prior knowledge
of the vehicle model. Experimental validation on synthetic
data demonstrates that the proposed architecture significantly
reduces estimation errors, particularly when addressing the
steady-state offset observed at low speeds. The method main-
tains real-time performance while providing attention-based
interpretability, representing a step toward more reliable and
deployable ARAS for motorcycles.

Index Terms— Motorcycle dynamics, BILSTM, Transformer,
state estimation, ARAS, visual-inertial fusion.

I. INTRODUCTION

Powered two-wheelers remain vulnerable road users be-
cause stability, braking, steering, and rider body motion are
strongly coupled. Modern motorcycles increasingly include
cornering ABS, traction control, and radar- or camera-
based assistance functions, but these systems require reliable
knowledge of the motorcycle state to warn or intervene
safely. Unlike cars, motorcycles exhibit strongly coupled
dynamics in which lean angle, steering angle, and lateral
velocity are closely linked [2]. Effective riding also requires
simultaneous management of balance, steering, braking, and
road perception, making accurate assistance particularly im-
portant [11].

Advanced rider assistance systems increasingly address
cornering stability, traction management, obstacle detection,
and anticipatory interventions. Recent industrial develop-
ments combine inertial, radar, and camera sensing for func-
tions such as collision warning, blind-spot detection, lane de-
tection, and lane departure warning [14]. These developments
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reinforce the need for robust real-time estimation algorithms
able to provide accurate motorcycle dynamic states.

A fundamental challenge is that several key states, partic-
ularly tire slip angles and lateral velocity, are not directly
measurable with standard low-cost sensors. Front and rear
slip angles are especially relevant for characterizing lateral
stability, yet they depend on tire-road friction, tire condition,
inflation pressure, and vehicle loading. Traditional model-
based observers address this problem using, for example,
unknown-input observers for Linear Parameter-Varying sys-
tems [3], [8] and Takagi-Sugeno approaches for lean and
steering dynamics estimation [8]. However, these methods
require sufficiently accurate knowledge of vehicle parameters
such as mass distribution, suspension geometry, and tire
characteristics, which may vary in practice.

Recent work has therefore explored machine learning
for vehicle and motorcycle state estimation. Long Short-
Term Memory (LSTM) networks have been used to predict
motorcycle trajectory from dynamic states, rider inputs, and
body movement [9]. Transformer-based approaches have also
shown strong potential for vehicle dynamics modeling by
exploiting self-attention to capture temporal dependencies
[10]. In parallel, vision-based methods have demonstrated
that monocular cameras can provide useful information for
motorcycle attitude, lateral position, steering behavior, and
road geometry estimation [1], [4]. These developments mo-
tivate combining visual information with inertial measure-
ments in a unified temporal learning framework.

The present work builds upon previous visual-inertial
motorcycle estimation studies by introducing a BiLSTM-
Transformer architecture that combines ResNet50 image
features with inertial measurements over an eight-frame
temporal window. The main contributions of this paper are
as follows:

1) A bidirectional Long Short-Term Memory and Trans-
former hybrid architecture for motorcycle lateral dy-
namics estimation that captures richer temporal depen-
dencies than unidirectional recurrent networks.

2) Multi-modal fusion of visual and inertial data using
low-cost sensors without requiring prior vehicle model
knowledge.

3) Attention-based interpretability, enabling visualization
of which temporal frames most influence each state
prediction.

4) Real-time performance maintaining standard video
frame rate inference capability suitable for advanced
rider assistance systems deployment.



II. RELATED WORK

A. Artificial Intelligence for Vehicle State Estimation

Long Short-Term Memory networks, a specialized form
of recurrent neural networks, have proven particularly ef-
fective for temporal state estimation tasks where current
states depend on past observations. For trajectory prediction
in motorcycles, researchers have employed parallel LSTM
layers processing both high-dynamic and low-dynamic input
signals including motorcycle internal measurements, rider
inputs, and body and head movement to predict roll angle and
velocity over prediction horizons of four seconds [9]. This
work demonstrated that LSTM-based prediction of lateral
dynamics achieves significant improvements over constant-
curvature baseline methods, with up to thirty-seven percent
improvement in longitudinal root mean square error when
combining roll angle and velocity prediction [9].

More recently, Transformer architectures, originally de-
veloped for natural language processing, have been adapted
to temporal modeling tasks in vehicle dynamics. The self-
attention mechanism of Transformers enables the network
to selectively focus on the most informative time steps,
potentially capturing long-range dependencies that recurrent
networks may miss. A notable advance is the development of
residual learning approaches for vehicle dynamics modeling
using Transformers, where a Transformer-based dynamics
residual correction network, called DyTR, is designed to
correct the state residuals of a physical model rather than
directly estimating the states [10]. This residual learning
strategy greatly reduces the difficulty of network learning and
improves estimation accuracy. Experiments demonstrated
that this approach reduced state prediction errors of a simple
three-degree-of-freedom vehicle model by an average of
92% and 60% across two datasets, respectively. This result
suggests that combining physical models with Transformer-
based corrections offers a promising direction for high-
fidelity vehicle state estimation.

The combination of convolutional and recurrent archi-
tectures has also emerged as a promising direction for
vision-based vehicle state estimation. Convolutional neural
networks can extract spatial features from images while
recurrent networks capture temporal evolution, enabling
robust estimation even in challenging conditions. Recent
doctoral research at the IBISC laboratory has specifically
explored vision-based estimation for motorcycles, developing
an Inverse Perspective Mapping method for estimating full
vehicle attitude relative to the road, as well as a more
efficient Direct Pixel Mapping technique operating directly
on image pixels [1]. Furthermore, geometric approaches were
developed to estimate lateral dynamics, including side-slip
angle and lateral velocity, by analyzing vanishing points and
lane geometry [1]. These vision-based algorithms, validated
through extensive simulation, demonstrated high accuracy
with sub-degree attitude estimation and real-time viability
on commodity hardware [1].

B. Motorcycle Assistance Systems and State Estimation

Research on motorcycle assistance systems follows two
main trajectories: model-based observer design and data-
driven approaches. Traditional model-based methods, de-
veloped largely at the IBISC laboratory, include unknown
input observers that estimate lateral dynamics independently
of unknown inputs like rider torque, using Linear Matrix
Inequality constraints for robust estimation [3], [8]. Takagi-
Sugeno and Linear Parameter-Varying approaches have also
been applied to lean and steering dynamics [8], [3]. How-
ever, these methods require precise knowledge of vehicle
parameters (mass, inertia, tire characteristics) that are often
unavailable.

In parallel, machine learning has been explored for mo-
torcycle estimation. LSTM networks have successfully pre-
dicted trajectory using internal signals and rider movement
data from 74 hours of open-road riding by 21 riders [9].
Vision-based systems have examined rider gaze behavior,
confirming higher cognitive load and distinct gaze strategies
for motorcyclists [1]. Integrating vision with inertial sensors,
recent work shows a low-cost monocular camera can esti-
mate attitude and lateral dynamics without vehicle-specific
parameters [1]. The present work builds on this by proposing
a BiLSTM-Transformer fusing visual and inertial data for
real-time estimation without prior vehicle knowledge.

III. PROPOSED METHODOLOGY

This section presents the proposed deep learning frame-
work for estimating motorcycle dynamic states from visual
and inertial data. The core idea is to combine convolutional
neural networks for spatial feature extraction, bidirectional
recurrent processing for temporal context, and self-attention
mechanisms for learning which moments in the sequence
matter most for each output state. The overall architecture
processes sequences of eight consecutive frames and outputs
estimates of steering angle, lateral velocity, lateral offset, and
front and rear tire slip angles.

A. Problem Formulation

Let us consider a motorcycle equipped with a monocular
camera and a suite of low-cost inertial sensors. The camera is
mounted on the headlight assembly and inclined downward
by a tilt angle u to capture the road ahead. The inertial suite
comprises a six-axis inertial measurement unit (providing
three-axis accelerometer and three-axis gyroscope measure-
ments), a magnetometer, and a Global Navigation Satellite
System receiver. All inertial measurements are taken from the
rear chassis mass center, which serves as a stable reference
point.

At each discrete time step #, we acquire the following
measurements:

« An RGB image I, € R?*W>3_ (fixing here as example
H =224 and W =224)

« Longitudinal acceleration a,(f) € R

o Lateral acceleration a,(r) € R

o Angular velocities (1), ®,(1), (1) € R



« Longitudinal velocity v,(z) € R provided by the Global
Navigation Satellite System

We define the input vector s at time ¢ as:

8¢ = [ax(1),ay(1), (1), @y (1), 0:(1),v2()] T €R® (1)

The objective is to estimate the following five dynamic
states at each time step:

y(t = [6(t)aV)’(t)’Ay(t)’af(t))ar(t)}—r € RS (2)

)
where &(r) is the steering angle, vy(r) is the lateral
velocity, A,(t) is the lateral offset relative to the lane center,
and a(t) and o,(r) are the front and rear tire slip angles,
respectively [2].

Unlike traditional model-based approaches that require
explicit knowledge of vehicle parameters [3], [8], we seek
to learn a mapping function fy parameterized by a neural
network with weights 9:

§(t) = fo(L—k+1u,S1—K+1x) 3)

where K = 8 is the length of the temporal window, and
I _kx+1+ and s;_g11+ denote sequences of K consecutive
images and inertial measurements. The mapping is learned

directly from data without assuming any specific vehicle
model.

B. Overview of the Proposed Architecture

Figure [I] presents a comprehensive overview of the pro-
posed BiLSTM-Transformer architecture. The network pro-
cesses each eight-frame sequence through four main stages.
First, a ResNet50 convolutional neural network extracts
visual features from each image independently. Second, the
visual features are concatenated with the corresponding iner-
tial measurements for each frame. Third, a bidirectional Long
Short-Term Memory layer processes the sequence, capturing
both past and future context [7]. Fourth, a Transformer
encoder with multi-head self-attention learns which time
steps are most relevant for each prediction [15]. Finally,
global average pooling aggregates information across the
sequence, and fully connected layers regress the five output
states.

The design builds upon recent advances in visual-inertial
state estimation for motorcycles [13], [1], [4], extending the
temporal modeling capacity through bidirectional processing
and self-attention.

C. Visual Feature Extraction with ResNet50

For each image I, in the input sequence, we employ a
ResNet50 network pre-trained on the ImageNet database [6].
ResNet50 was selected after evaluating several candidate
architectures including ResNetl8, ResNetl0l, and VGG
variants for its optimal balance between representational
power and training efficiency. The network consists of 50
layers organized into five stages, with skip connections that
mitigate the vanishing gradient problem and enable effective
training of deep architectures.
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Fig. 1. Proposed BiLSTM-Transformer architecture for motorcycle lateral
dynamics estimation. The network processes 8-frame sequences of images
and inertial data to estimate five dynamic states.

Let @resnet denote the ResNet50 backbone with the final
classification layer removed. The visual feature extraction for
frame ¢ is:

f; = Presner(I) € RO12 4)

The output is a 512-dimensional feature vector that en-
codes the visual appearance of the road scene, including lane
markings, road curvature, and the position of the motorcycle
relative to the lane.

D. Temporal Feature Fusion with Bidirectional LSTM
After extracting visual features, we concatenate them with

the inertial measurements to form a combined feature vector
for each time step:

X, = [fi;5,] € RO1® (5)

The sequence x;.3 = {X|,X2,...,Xg} is then processed by a
bidirectional Long Short-Term Memory network [7]. Unlike
standard unidirectional LSTM that processes time steps from
past to future only, the bidirectional variant maintains two
Separate recurrent passes:

ﬁ, = LSTMgy (X, E},, 1) (forward pass) (6)
i, = LSTMpy (X, YH 1) (backward pass) @)

Both LSTM passes have 128 hidden units. The forward
pass encodes information from earlier frames, while the
backward pass encodes information from later frames. At
each time step, the two hidden states are concatenated:

H, = [h,;h,]ecR> )

This bidirectional processing is particularly valuable for
motorcycle state estimation because the upcoming road



geometry influences current steering decisions. As a rider
approaches a curve, they begin steering before entering the
curve, meaning that future frames contain information rele-
vant to present states [1], [4]. The bidirectional architecture
learns this anticipation effect directly from data without
requiring explicit prediction of future road curvature.

E. Positional Encoding

The output of the bidirectional LSTM is a sequence of
hidden states Hy.3 = {H;,Ha,...,Hg}, each carrying infor-
mation from a specific time step. However, the subsequent
Transformer encoder, by itself, is permutation-invariant: it
would treat the sequence in any order identically [15].
To preserve temporal order information, we add sinusoidal
positional encodings to the sequence.

The Transformer model [15] is a pivotal architecture for
sequence modeling. It is composed of stacked encoder layers
combining multi-head self-attention, feed-forward blocks,
layer normalization, and residual connections. For each po-
sition ¢ (where r = 1,2,...,8) and each dimension i (where
i=0,1,...,127), the positional encoding is defined as:

. t
mm=m@wme) ®

t
PE3i+.1) = cos (mooz/ddl) 1o

where dinodel = 256 is the hidden dimension. This sinu-
soidal function has the property that PE;; can be represented
as a linear function of PE,, which helps the model learn
relative position information [15]. The positional encoding
vectors are added element-wise to the LSTM outputs:

H" = H, 4 PE, € R* (11)

FE. Transformer Encoder with Multi-Head Self-Attention

The positionally encoded sequence H{’g is then passed
through a Transformer encoder consisting of two identical
layers [15]. Each layer comprises two subcomponents: a
multi-head self-attention mechanism and a position-wise
feed-forward network. Residual connections and layer
normalization are applied around each subcomponent.

1) Multi-Head Self-Attention: The self-attention mech-
anism allows each position in the sequence to attend to
all other positions, computing a weighted combination of
information from the entire temporal window. For a single
attention head, given query Q, key K, and value V matrices
derived from the input sequence, the scaled dot-product
attention is computed as:

QK'
Vi
where d;, = 64 is the dimension of each attention head. The
scaling factor v/d; prevents the dot products from growing
too large in magnitude, which would push the softmax
function into regions of extremely small gradients [15].

Attention(Q, K, V) = softmax ( ) A" (12)

Instead of performing a single attention function, multi-
head attention projects the queries, keys, and values h =4
times with different, learnable linear projections. The atten-
tion outputs from each head are concatenated and linearly
transformed:

head; = Attention(QWZ, KWX VWY (13)

1
MultiHead(Q, K, V) = Concat(head;, ... ,head4)WO (14)

where W2 WK € R256%64 | WV ¢ R256x64 3nd WO ¢
R236%256 are Jearnable weight matrices.

The four attention heads operate in parallel, each learn-
ing to focus on different temporal patterns. Based on our
analysis, we hypothesize that different heads specialize in
distinct aspects of motorcycle dynamics: one head may focus
on frames around steering transitions, another on steady-state
turning phases, and others on tire slip-related dynamics. This
multi-head design enables the network to capture multiple
distinct temporal relationships simultaneously.

2) Position-Wise Feed-Forward Network: Following the
multi-head self-attention mechanism, a position-wise feed-
forward network is applied identically to each position:

FEN(T!) = ReLU(TVW, +b))Wo+by  (15)

where T() is the output of the attention subcomponent
after residual connection and layer normalization, W; €
R256x512 yy, ¢ R512X256 344 by, b, are bias vectors. The
hidden dimension of 512 is four times the model dimension,
following the standard Transformer configuration [15].
Each Transformer layer applies the operations:

T(l) = LayeI‘Norm(Henc +MultiHCad(Henc,Henc,Henc))
(16)

T = LayerNorm(T!") + FEN(T())) a7

with T serving as the input to the next layer. After two
Transformer layers, we obtain the final encoded sequence
T, eR>® fortr=1,...,8.

G. Regression Head and Output States

After the Transformer encoder, we apply global average
pooling across the time dimension to aggregate information
from the entire sequence:

8
tyonar = 5 3. Ty € B2 (18)
=1

This operation collapses the sequence into a single vector
that summarizes the relevant temporal information.

The aggregated vector then passes through a regression
head consisting of two fully connected layers with ReLU
activation and dropout for regularization:

W, € R128%256
19)

(20)

z; = Dropout(ReLU(Witgop0 +b1)),

z, = Dropout(ReLU(Waz; +by)), W, e R64x128



The final output layer maps to the five estimated states:

¥ =Wouzo +bous, Wy € R 21)

H. Training Strategy

The model is trained end-to-end by minimizing the mean
squared error between the predicted and ground-truth states.
The loss function is defined as:

5
Z Yik — ytk

k=1

A

Mz

(22)

Il
-

l

where N is the batch size, i indexes the sample, and
k indexes the five output dimensions. We use the Adam
optimizer with an initial learning rate of 10~*. The batch
size is set to 32, and training proceeds for a maximum of 30
epochs with early stopping based on validation loss (patience
of 5 epochs). Dropout with probability p = 0.2 is applied
within the fully connected layers and within the Transformer
encoder to prevent overfitting.

All training data is generated using the BikeSim high-
fidelity motorcycle simulator, as described in Section IV.
Synthetic data offers the crucial advantage of providing
accurate ground truth labels for all five dynamic states, which
would be difficult or impossible to obtain from real-world
instrumentation at the required scale.

The complete set of learnable parameters is summarized

in Table

Component Number of Parameters
ResNet50 backbone 23.5 million
BiLSTM (128+128 units) 860,160
Transformer: Multi-head attention (2 layers) 788,480
Transformer: Feed-forward networks (2 layers) 1,050,624
Positional encoding 0

FC layers (256—128—64—5) 41,477

Total 26.2 million

TABLE I
LEARNABLE PARAMETERS OF THE PROPOSED BILSTM-TRANSFORMER
ARCHITECTURE.

IV. EXPERIMENTAL VALIDATION

Acquiring real-world labeled data for motorcycle dy-
namics estimation presents significant challenges. Accurate
ground truth measurements require expensive instrumenta-
tion (differential GNSS-RTK, tactical-grade IMUs, optical
sensors) exceeding 50,000 euros, while safety considerations
limit data collection during aggressive maneuvers. Conse-
quently, research in this domain has extensively relied on
high-fidelity simulation [3], [5].

We employ BikeSim, a multi-body dynamics simulator for
two-wheeled vehicles incorporating Pacejka Magic Formula
tire models [12]. The simulated motorcycle is the Big Sports
model (caster angle 24°, trail 0.0882m, mass 281.3kg).
The test course consists of six consecutive 45° arcs (radii
decreasing from 300m to 100m) connected by 100 m straight
segments, with 3.5m lane width on flat terrain.

Data is collected at 60Hz over 28 runs spanning speeds
from 20km/h to 130km/h. Gaussian noise is added to sensor

Speed Metric State Baseline Proposed Improvement
5 00111 0.0068° 39% |
RMSE v, | 0.0053 m/s | 0.0035 ms 349% |
5 3% 2.89% 9% |
RMSE% | 10.02% 6.61% 34% |
A, [ 00067m | 0.0044 m 3% |
30km/h | RMSE | 0.0015° 0.0009° 40% |
A, 038% 025% A% |
0] Y
RMSE% | 4, 12.56% 7.54% 40% |
RMSE | & 0.0015° 0.0009° 0% |
RMSE% | « 3.17% 1.90% 40% |
5 0.0017° 0.0009° 7% 1
RMSE | " | 0.0013 m/s | 0.0008 mis 38% |
) T12% 059% %]
RMSE% | 3.15% 1.95% 38% |
A, [ 00027m | 0.0016 m 3% |
STkm/h ) RMSE 0.0008° 0.0004° 50% |
A, 0.15% 0.09% 0% T
RMSE% | 1.70% 0.85% 50% |
VSE | o 0.0013° 0.0008° B/% |
RMSE% | « 0.79% 0.49% 38% |
5 0.0017° 0.0009° 7% 1
RMSE 1 | 0.0021 mis | 0.0013 m/s 38% |
5 3.50% 2.39% 7% |
RMSE% | 0.69% 0.43% 38% |
A T 00037m | 0.0022m 3% ]
87kmh | RMSE | 0.0012° 0.0007° 2% |
A, 021% 0.13% 8% 1
RMSE% | ¢, 1.87% 1.09% 42% |
RVSE | o 0.0014° 0.0009° 6% |
RMSE% | a, 0.41% 0.26% 37% |
5 0.0031° 0.0019° 39% |
RMSE v, | 0.0047 m/s | 0.0031 mis 34% |
5 7723% 136% 39% |
RMSE% | 1.00% 0.66% 34% |
A, [ 00083 m | 0.0055 m A% 1
100 km/h | RMSE | 0.0023° 0.0014° 39% |
A, 047% 031% 3% |
RMSE% | 4, 425% 2.59% 39% |
RVSE | & 0.0023° 0.0015° 3% 1
RMSE% | a, 0.56% 0.36% 36% |
TABLE II

QUANTITATIVE COMPARISON BETWEEN BASELINE AND PROPOSED
BILSTM-TRANSFORMER.

measurements to simulate real-world conditions. The dataset
comprises over 200,000 image-state pairs, partitioned into
training (70%), validation (15%), and test (15%). Sequences
of eight consecutive frames are formed with a sliding window
stride of four frames.

A. Quantitative Results

Performance is evaluated using Root Mean Squared Error
(RMSE) and RMSE percentage. Table [ll| presents the results
for both the baseline unidirectional LSTM architecture (4-
frame window) and our proposed BiLSTM-Transformer (8-
frame window) across four speed scenarios. Our method
consistently outperforms the baseline across all speeds and
all five estimated states.

The most significant improvements are observed at 57
km/h and 87 km/h, where steering angle RMSE is reduced by
47%. Slip angle estimation improves by up to 50% at mid-
range speeds. The steady-state error previously observed at
30 km/h in the baseline is substantially reduced. Furthermore,
the proposed architecture achieves faster inference (6.5 ms
per frame vs 8.2 ms), representing a 21% speedup despite a
modest 5% increase in parameter count.



B. Discussion and Comparison with Prior Work

The improvements demonstrated by the BiLSTM-
Transformer architecture are attributable to three key design
differences. First, the extended temporal window (8 frames
instead of 4) provides longer context, which is particularly
beneficial for low-speed steady turns where the baseline
exhibited noticeable steady-state offset. Second, bidirectional
processing enables the network to anticipate upcoming ma-
neuvers by incorporating future frames into current state
estimation. Third, multi-head self-attention allows selective
focusing on the most informative time steps for each output
state, effectively learning task-specific temporal weighting.

Compared to the baseline approach [13], our method
achieves superior performance on all estimation metrics
while maintaining the key advantages of the data-driven
paradigm: no prior vehicle model required, low-cost sensors,
and real-time performance. The attention mechanism addi-
tionally provides interpretability not present in the baseline,
with different heads specializing in distinct temporal patterns
(steering transitions, steady-state turning, yaw rate peaks,
lateral acceleration events).

Several factors continue to constrain real-world deploy-
ment. Accurate ground truth acquisition for slip angles
and lateral velocity requires instrumentation costing over
50,000 euros, and safety considerations limit data collection
during near-limit maneuvers. Moreover, models trained on
one motorcycle configuration may not generalize to different
mass distributions or tire characteristics. These challenges
motivate continued research into domain adaptation and
semi-supervised learning techniques that can leverage abun-
dant unlabeled real-world data alongside limited labeled
examples.

V. CONCLUSION

In summary, our research endeavors in the field of mo-
torcycle lateral dynamics estimation have led to the devel-
opment of a BiILSTM-Transformer hybrid architecture that
fuses monocular visual data with low-cost inertial measure-
ments. The proposed method estimates five key dynamic
states steering angle, lateral velocity, lateral offset, and front
and rear tire slip angles without requiring prior knowledge
of vehicle physical parameters. The architecture combines
a ResNet50 backbone for visual feature extraction, a bidi-
rectional LSTM capturing past and future context over an
eight-frame window, and a Transformer encoder with multi-
head self-attention.

Experimental validation using the BikeSim simulator
across speeds from 20 km/h to 130 km/h demonstrates that
the proposed architecture significantly outperforms the base-
line unidirectional LSTM. Steering angle RMSE is reduced
by up to 47% at mid-range speeds, front slip angle estimation
improves by up to 50%, and inference time is 21% faster (6.5
ms per frame). The steady-state error previously observed
at low speeds is substantially reduced, and the attention
mechanism provides interpretability absent in the baseline.

Limitations include validation conducted exclusively in
simulation and the need for generalization to different mo-

torcycle configurations. Future work comprises real-world
validation on an instrumented motorcycle, domain adaptation
from synthetic to real data, extension to additional states such
as roll dynamics, and integration into a closed-loop advanced
rider assistance system.
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