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Fusion of Human Context for Vehicle Trajectory Prediction,

Incorporating Driver Monitoring Data for Short-Horizon ADAS Applications.
Samuel Armgren

Robert Kupferschmied

Department of Electrical Engineering

Chalmers University of Technology

Abstract

Short-horizon ego-vehicle trajectory prediction is a key component of Advanced
Driver Assistance Systems, particularly in situations where driver behavior directly
influences vehicle motion. Classical kinematic models are limited in such cases, as
they rely solely on observed motion and do not account for anticipatory cues related
to driver awareness. This thesis investigates whether gaze information from a Driver
Monitoring System can improve short-term trajectory prediction without relying on
environmental perception.

A learning-based model, termed Gaze-Aware Dual-Stream Trajectory Predic-
tion (GA-DSTP), is proposed. The model predicts 3.5 seconds future ego-vehicle
trajectories by jointly leveraging temporal histories of vehicle dynamics, actuator
inputs, and driver gaze data. Vehicle-centric and driver-centric information are pro-
cessed in separate streams and fused to capture both physical motion tendencies
and driver-based indicators of upcoming maneuvers. A multi-modal prediction for-
mulation is used to represent uncertainty in future motion.

The model is trained and evaluated on a self-collected real-world driving dataset and
compared against classical kinematic baselines as well as the same model trained
without DMS data. GA-DSTP achieves a 37% reduction in Average Displacement
Error (ADE) compared to the Constant Turn Rate and Acceleration (CTRA) model
and over 60% compared to the Constant Velocity (CV) model. It also achieves a
2.1% lower ADE than the model not using DMS data, indicating that gaze informa-
tion provides complementary predictive value beyond vehicle dynamics alone. The
results demonstrate that driver gaze provides complementary information to vehicle
dynamics and can enhance the robustness of ego-vehicle trajectory prediction for
ADAS applications.

Keywords: vehicle trajectory prediction, driver monitoring systems, dual-stream
learning, advanced driver assistance systems, driver awareness modeling
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Introduction

Advanced Driver Assistance Systems (ADAS) rely on accurate short-horizon trajec-
tory predictions to support safe and reliable operation in complex and time-critical
driving scenarios [1]. As vehicles approach potentially hazardous situations, the
accuracy of these predictions becomes increasingly important, since even small de-
viations in predicted motion may significantly affect downstream system behaviour.
Recent studies show that the complexity of ADAS continues to increase as new
safety and automation features are added each year [2, 3]. Given this accelerating
technological evolution, it is essential that the baseline trajectory prediction models
used in ADAS development are updated accordingly to ensure accurate, reliable,
and future proof optimization.

Traditional motion models, such as Constant Turn Rate and Acceleration (CTRA),
provide reliable baselines for trajectory prediction but operate solely on vehicle dy-
namics and assume simplified motion behaviour. These assumptions tend to break
down during human-driven maneuvers such as sudden lane changes, sharp turns, or
evasive actions [4]. As classical models lack behavioural cues, they are inherently
limited in their ability to anticipate driver intent prior to observable vehicle motion.
An example of this is shown in Figure 1.1

Driver Monitoring Systems (DMS) have become increasingly common in modern
vehicles as automakers integrate more in-cabin safety technologies, often used to de-
tect drowsy or distracted drivers [5]. These systems typically use an inward-facing
camera to track the driver’s head position, gaze direction, hand placement, and foot
movements. The captured signals can be expressed as numerical feature vectors.
For example, the head’s (z,y, z) position, gaze orientation represented by angular
components, or the foot’s angle relative to the pedals. Instead of processing raw
images directly, these structured feature vectors can be used as inputs to a Ma-
chine Learning (ML) model, significantly reducing computational complexity while
still capturing the essential behavioral information needed for driver monitoring [5].
When combined with actuator inputs (e.g., brake, steering, and accelerator signals)
and host vehicle state information (e.g., speed and yaw rate), DMS data offers the
potential to enhance short-term trajectory prediction by incorporating cues about
what the driver is likely to do next.

Incorporating such heterogeneous and behaviour-related signals introduces complex
and potentially nonlinear relationships that are difficult to capture using conven-
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Traditional Motion Model Driver-Aware Prediction Model

Trajectory (INND

Gaze Area

Figure 1.1: The figure shows an example of a traditional motion model prediction
on the left and a proposed driver aware prediction on the right.

tional analytical motion models. Therefore, investigating data-driven methods, such
as ML approaches, that fuse host vehicle state information with DMS and actuator
data for short-term trajectory prediction is of interest. It has been shown in similar
previous work that incorporating DMS data improves performance of ADAS func-
tionalities [6], further motivating the exploration of such approaches in this project.

1.1 Objectives and Research Questions

The aim of this thesis is to investigate the use of a ML-based method for short-term
vehicle trajectory prediction by fusing host vehicle state information with DMS
data and actuator signals. The intended outcome is a model that can generate ac-
curate short-horizon trajectory predictions and an analysis of the potential benefits
of incorporating driver-related information compared to traditional motion-based
approaches. The following research questions are formulated to specify the issues
being investigated:

« RQ1: Can data-driven trajectory prediction models outperform traditional
analytical motion models for short-term vehicle trajectory prediction?

e RQ2: Does the inclusion of DMS data improve the performance of data-driven
short-term trajectory prediction models?
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1.2 Summary

This thesis aims to improve short-horizon vehicle trajectory prediction for Advanced
Driver Assistance Systems by incorporating information related to human driving
behavior. The central objective is to better anticipate a vehicle’s near-future motion
in scenarios where driver intent significantly influences the outcome, such as turning
or low-speed maneuvers, and where traditional motion-based approaches may be
insufficient.

To achieve this, the project adopts a data-driven approach that combines vehi-
cle state information with driver-related signals, enabling the prediction model to
account for both physical motion and human intent. By learning temporal patterns
from real driving data, the proposed method seeks to produce more reliable tra-
jectory predictions than conventional kinematic models. The effectiveness of this
approach is assessed through comparative evaluation against established baseline
methods.
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Related Work

Vehicle trajectory prediction is a fundamental component of ADAS and autonomous
driving, where accurate short-horizon forecasts are required for safe and efficient
decision-making. Existing approaches can broadly be divided into two main cate-
gories: model-based and learning-based methods.

Model-based approaches rely on analytical formulations of vehicle dynamics and are
typically used for short-term prediction due to their interpretability and computa-
tional efficiency. In contrast, learning-based approaches leverage data-driven mod-
els to capture complex motion patterns and multimodal future behaviors. Recent
research has increasingly focused on incorporating environmental context, driver
behavior, and multimodal prediction capabilities to improve prediction accuracy.
The following sections review representative work in both categories and position
this thesis within the broader research landscape.

2.1 Model-Based Trajectory Prediction

Model-based trajectory prediction methods rely on analytical motion models that
describe vehicle motion using simplified kinematic assumptions. These models are
widely used in vehicle tracking, state estimation, and short-term trajectory predic-
tion within intelligent transportation systems (ITS) and ADAS applications [7].
Common formulations include constant-velocity (CV), constant-acceleration (CA),
constant-turn-rate and velocity (CTRV), and constant-turn-rate and acceleration
(CTRA). These models are frequently employed together with recursive filtering
techniques such as Kalman filters to estimate and predict vehicle motion in real
time, forming a standard baseline in many tracking and prediction systems [7].
Their popularity is largely due to their interpretability, low computational cost,
and robustness in short-horizon prediction tasks. However, these models are based
on simplified assumptions of vehicle dynamics and do not explicitly capture driver
intent, interaction with other road users, or complex nonlinear behaviors. As a
result, their performance is limited in more dynamic and uncertain driving scenarios,
motivating the development of learning-based approaches.

2.2 Learning-Based Trajectory Prediction
Khakzar et al. propose a Dual Learning Model for vehicle trajectory predic-

tion that explicitly incorporates interactions with surrounding vehicles through risk-
aware representations [8]. Their approach combines an LSTM-based encoder-decoder

5



2. Related Work

architecture with two distinct spatio-temporal inputs: an Occupancy Map, which
encodes the positions and velocities of nearby vehicles, and a Risk Map, which rep-
resents interaction risk using time-to-collision measures. A ConvLSTM network is
employed to learn dynamic interaction patterns from these maps, enabling the model
to account for both motion history and collision risk when predicting future trajec-
tories. The model is evaluated on large-scale real-world highway datasets (NGSIM
and HighD) and demonstrates improved prediction accuracy over several state-of-
the-art interaction-aware methods.

A potential limitation of this approach is its dependence on accurate perception
of surrounding vehicles and interaction modeling, which may reduce robustness in
environments with incomplete or noisy sensor data. Furthermore, the evaluation is
restricted to highway scenarios, limiting insight into performance in more complex
urban settings such as intersections or roundabouts.

Zhang et al. introduces another trajectory prediction framework TFE-PID, focused
on the ego vehicle, emphasizing the role of driver intention rather than surrounding
traffic [9]. The proposed method employs a time-feature encoding mechanism using
a bidirectional GRU with attention to extract temporal driving patterns. These
features are combined with a physics—intention decoding strategy, where short-term
predictions rely on physical vehicle dynamics and longer-term predictions are guided
by recognized driver intentions obtained through a coupled hidden Markov model.
The approach is designed to operate without environmental perception data, relying
solely on ego vehicle states and driver-related signals. Experiments are conducted on
a human-in-the-loop dataset collected in controlled driving scenarios, demonstrating
strong short-horizon prediction accuracy and stable performance.

A limitation of this approach is that it is evaluated primarily on simulated, human-
in-the-loop data and focuses on a limited set of predefined driving scenarios. As a
result, the method is scenario-specific and may not generalize well to the full diver-
sity of real-world driving conditions.

Varadarajan et al. propose another framework called MultiPath++, a large-scale
trajectory prediction framework designed to model highly multimodal future be-
haviors of traffic participants [10]. The method represents the driving environment
using sparse, structured inputs, including agent state histories, road network poly-
lines, and interaction features between agents. These heterogeneous inputs are en-
coded separately and fused using a multi-context gating mechanism that enables
efficient information sharing across modalities. Future trajectories are predicted as
a Gaussian Mixture Model with learned anchor embeddings, allowing the model to
capture multiple plausible motion outcomes. MultiPath++ achieves state-of-the-art
performance, outperforming the other compared approaches on large-scale datasets
such as the Waymo Open Motion Dataset and Argoverse.
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Criterion Dual TFE-PID | MultiPath++4 This Thesis
Learning
Model

Dataset NGSIM, Simulated Waymo Open | Real world col-
HighD human-in- Motion Dataset lected dataset
(Highway the-loop
dataset)

Uses real- | v X v v

world data

Uses gen- | X X v v

eral (di-

verse) data

Uses driver | X v X v

awareness

data

Uses per- | v X v X

ception

features

Table 2.1: Comparison of related work and the proposed thesis approach

Despite its strong predictive performance, the method relies heavily on detailed
map data and rich perception features, including road geometry and multi-agent
interactions. This dependence can limit applicability in settings where such infor-
mation is incomplete, unavailable, or unreliable. In addition, the model architecture
is designed for large-scale prediction of multiple agents over long horizons, which
increases computational complexity and may be unnecessary for short-horizon ap-
plications where driver awareness and immediate intent play a more central role.

Table 2.1 compares related work to this thesis, showing the differences and similar-
ities. TFE-PID and this thesis create a new dataset while the others use existing
ones. All of the work uses real-world data except for TFE-PID who instead collects
their data from simulated driving. The Dual Learning Model is only trained on
datasets driven on highways meanwhile TFE-PID is trained on specific scenarios
only. This thesis and MultiPath++ uses more general datasets with all scenarios
included. This thesis is the only one using DMS data but the TFE-PID also uses
driver behaviour such as brake pedal and steering torque. Dual Learning Model and
MultiPath++ uses perception data, such as radar and environmental data, to make
their prediction meanwhile TFE-PID and this thesis only focuses on the dynamics
of the car and driver behavior. This makes it harder to predict because of the un-
certainty from other vehicles.
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Theory

This chapter provides the theoretical background and literature necessary to sup-
port the methodology and analysis presented in this thesis. It begins by introducing
classical vehicle motion models and their underlying kinematic assumptions, which
serve as important baselines for trajectory prediction. The chapter then reviews key
concepts related to driver behavior, driver intent, and DMS, highlighting how hu-
man factors influence vehicle motion. Finally, relevant machine learning techniques
for trajectory prediction are discussed, with a focus on transformer-based architec-
tures and multimodal prediction. Together, these theoretical foundations establish
the motivation for integrating driver-related information into short-horizon vehicle
trajectory prediction.

3.1 Vehicle Dynamics and Traditional Motion Mod-
els

Object trajectory prediction is commonly formulated as a discrete-time state esti-
mation problem as in Equation (3.1),

Xpp1 = f(xk) + Wi, wi ~ N(0, Q), (3.1)

where f(-) encodes kinematic assumptions about the object’s motion. The models
presented in this section follow the standard formulations widely used in ground-
vehicle tracking [11].

3.1.1 Discrete-Time formulation

The state-transition function in Equation (3.1) is expressed in discrete time be-
cause both vehicle sensors and trajectory-prediction models operate on sampled data
rather than continuous signals. Automotive sensors typically provide CAN, IMU,
DMS, and other measurements at fixed frequencies, meaning the prediction problem
is inherently discrete. In addition, discrete-time formulations allow direct integra-
tion into recursive filters and learning-based architectures that process sequences
of fixed-length time steps. Although the underlying vehicle motion is continuous,
the discrete-time approximation is sufficiently accurate at common automotive sam-
pling rates (e.g., 10-100 Hz) and forms the practical basis for both analytical and
machine-learning prediction methods.
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p - Steering angle
X, Y - World coordinates
Xy, Yy - Local vehicle coordinates

[x, y, ®] - Vehicle position

Figure 3.1: Image of a local coordinate system of the ego vehicle

3.1.2 Local Coordinate System

The local coordinate system used for vehicle motion prediction is a body-fixed frame
attached to the car, as seen in Figure 3.1. Its origin is placed at the vehicle’s cen-
ter of gravity (CoG). The x-axis points forward in the driving direction, the y-axis
points to the left side of the vehicle, and the z-axis points upward, perpendicular to
the road plane. Because the frame moves and rotates with the car, velocities, accel-
erations, yaw rate, and short-horizon displacements are naturally expressed in this
coordinate system. Most onboard sensors (e.g., radar, lidar, camera) are calibrated
in this vehicle-fixed frame, which makes it the standard choice for motion prediction
and tracking.

The relationship between the local frame (z,,y,) and the global map frame (X,Y) is
defined through the vehicle’s yaw angle ¢. A point expressed in local coordinates can
be mapped to global coordinates using the rotation matrix R(¢) and the vehicle’s

global pose (Xo, Yp):
X| X cos¢p —sing| |x
lY] B [Y(ﬂ + [sinqﬁ cos ¢ ] [y] : (3.2)

R(¢)

The inverse mapping (global to local) uses the transpose of the rotation matrix:

H = Ry’ ([ﬂ - [ﬂ) . R(®)T = R(-9). (33)

Y

10
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Local velocities (v,, v,) relate to global velocity (X,Y) via the same rotation:

X - Ve V| T X

F-ro ] ] ror 3] (3.4
When a global trajectory is required for evaluation or visualization, the predicted
local points are mapped back to the global frame using Equation (3.2).

3.1.3 Classical Motion Models

Constant Velocity (CV) models assumes rectilinear motion at constant speed.
With state x = [z, y, &, 9]", the transition is linear, shown in Equation (3.5).

1 0 At 0
01 0 At

Xk+1 = 00 1 0 X + Wg. (35)
00 0 1

Any deviation from straight-line motion is absorbed by the process noise wy,, mak-
ing the model suitable only for short prediction horizons with low lateral dynamics.
Because CV uses constant velocity it is not good when accelerating.

Constant Acceleration (CA) models augments CV with per-axis acceleration,
x =z, y, &, 9, %, §]", yielding Equation (3.6).

10 At 0 $A£ 0 ]
01 0 At 0 LA
00 1 0 At 0
=190 0 1 0 At (36)
00 0 0 1 0
00 0 0 0 1

This discrete-time CA model uses acceleration which improves upon CV during a
gas or braking maneuver, though it still assumes straight-line motion.

Constant Turn Rate and Velocity (CTRV) models, also denoted CTCV in
the literature, introduces a heading angle 6 and yaw rate w to capture curvilinear
motion. The state is x = [z, y, 0, v, w|, and the nonlinear transition function is

.
V (sin(6’+wAt) — sin 9), B(cos@ — cos(6’+wAt)), wAt, 0, 0 lw| > e,
X1 = X+ LW w
[vcos B At, vsinf At, 0, 0, 0]T lw| <e,
(3.7)

where the degenerate case |w| < e recovers CV kinematics. The nonlinearity of

Equation (3.7) necessitates a nonlinear filter such as the Unscented Kalman Filter
(UKF).

11
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Constant Turn Rate and Acceleration (CTRA) extends CTRV by adding
a tangential acceleration a, giving x = [z, y, 0, v, w, a]". For |w| > &, the position
updates are shown in Equation (3.8) and (3.9).

1
Th1 = T + — [(vkw + awAt) sin(by + wAt) + a cos(Oy + wAt) — vpwsin O — a cos Qk],
w

(3.8)
1
ki1 = Y + — [—(vkw + awAt) cos(by + wAt) + asin(fy + wAt) + vpw cos Oy — asin Qk],
w
(3.9)
The remaining states will then evolve as in Equation (3.10).
Or1 = O + wAL, Vg1 = Uk + alt, W1 = W, g1 = ag.  (3.10)

CTRA captures both turning and longitudinal acceleration and is therefore the most
expressive constant-parameter model in this family.

The CV, CA, CTRV, and CTRA models are widely used as baselines in vehicle-
tracking and trajectory-prediction research because they provide simple yet physi-
cally interpretable approximations of typical on-road vehicle motion. Their state-
transition equations are analytically derived from the kinematic properties of ground
vehicles, making them computationally lightweight and well-suited for real-time ap-
plications. These models also form the foundation of many classical estimation
frameworks, such as the Extended Kalman Filter and the Unscented Kalman Filter,
which rely on explicit process models. By progressively increasing model complex-
ity they span a spectrum of behaviour that is sufficient for comparison with more
advanced data-driven approaches. For this reason, they serve as standard and re-
producible baselines across most vehicle-prediction benchmarks.

3.1.4 Kinematic Bicycle Model

The Kinematic Bicycle Model (KBM) is a commonly used low-complexity vehicle
model that captures the non-holonomic motion constraints of a wheeled vehicle while
remaining computationally efficient [12]. It represents the vehicle as a single-track
system by lumping the left and right wheels of each axle into a single front wheel
and a single rear wheel. Unlike simple point-mass models, the KBM explicitly mod-
els the coupling between longitudinal and lateral motion through steering-induced
curvature, making it well suited for trajectory prediction over short horizons.

The vehicle state is defined as

x=[z,y, 0, v, 5], (3.11)

where (z,y) denotes the vehicle position in the horizontal plane, 6 is the yaw angle,
v is the longitudinal speed, and & is the path curvature. Curvature is defined as the

12
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inverse of the instantaneous turning radius and relates to the steering angle through
the vehicle geometry.

Under the kinematic assumption of negligible lateral slip and pure rolling contact,
the continuous-time equations of motion are

T =wvcosb, (3.12)
7y =wvsinb, (3.13)
0 = vk, (3.14)
U= a, (3.15)
k= 0k, (3.16)

where a is the longitudinal acceleration and dx denotes the curvature rate, which
serves as a steering control input. This formulation decouples steering dynamics from
explicit steering angles and vehicle geometry, enabling a compact and numerically
stable representation that is well suited for learning-based control and prediction
models.

For discrete-time prediction with sampling interval At, the KBM is commonly in-
tegrated using a semi-implicit Euler scheme. Given the state at time step ¢, the
discrete-time update equations are

Kir1 = clamp (k; + 0k AtL) (3.17)
Vg1 = clamp (v + a;At) (3.18)

Ori1 = 0; + v 1K1 AL, (3.19)
Tip1 = Xy + Vg1 cOs Oy 1 AL, (3.20)
Yer1 = Y + Vi1 8in Oy 1 AL (3.21)

The use of semi-implicit integration improves numerical stability by updating veloc-
ity and curvature before propagating orientation and position. The clamp operator
enforces physically feasible bounds on speed and curvature, preventing unrealistic
predictions under aggressive control inputs.

3.1.5 Limitations of Traditional Motion Models

Traditional motion models rely on simplified kinematic assumptions that make them
well-suited for smooth, low-dynamic driving scenarios but cause their accuracy to
degrade under more demanding conditions. Models such as CV and CA assume rec-
tilinear motion with either constant velocity or constant acceleration, which restricts
their ability to represent curved trajectories or transient steering behaviour. CTRV
and CTRA extend these formulations by introducing yaw-rate dynamics, yet they
still assume that yaw rate, tangential velocity, and tangential acceleration remain

13



3. Theory

constant over the prediction interval. Such assumptions rarely hold over longer pre-
diction horizons or during rapid driver inputs, evasive manoeuvres, and situations
involving strong tyre forces, where vehicle motion becomes highly nonlinear [11].
Moreover, many classical models rely on additional simplifying assumptions, includ-
ing linear tyre behaviour, small-angle approximations, and fixed vehicle parameters,
all of which break down under high slip conditions, aggressive steering, or vary-
ing road surfaces [12, 13]. As a consequence, the predictive performance of these
traditional motion models deteriorates rapidly as the prediction horizon increases,
and they remain reliable primarily for short-term forecasting under mild and stable
driving behaviour [14, 15].

Beyond the dynamical assumptions themselves, traditional motion models typically
extrapolate motion based solely on the most recent host-vehicle state, making them
effectively memoryless and unable to exploit longer temporal patterns that convey
trends in motion or driver intent [16]. They also rely exclusively on vehicle-centric
kinematic variables and do not incorporate perception data from radar, camera, or
lidar. Consequently, they cannot account for interactions with surrounding vehicles,
road geometry, or environmental context [16]. Likewise, they ignore behavioural
cues from the driver such as gaze direction, head pose, distraction, and characteris-
tic steering patterns, even though such cues are known to be predictive of imminent
manoeuvres [17, 18].

3.2 Driver Behavior and Driver Monitoring Sys-
tems

Driving is a complex cognitive and motoric task that involves continuous interac-
tion between the driver, the vehicle and the surrounding environment. The driver
must perceive relevant information from the environment, interpret the situation,
and execute appropriate control actions such as steering, acceleration and braking.
This process is closely related to the concept of situational awareness, which de-
scribes the driver’s ability to perceive environmental elements, comprehend their
meaning and anticipate future states [19]. Situational awareness directly influences
driver behaviour and vehicle motion, as drivers continuously adjust their control
inputs based on perceived risks, road geometry and intended maneuvers.

Driver behaviour is naturally variable and influenced by factors such as experience,
attention and intent. As a result, vehicle trajectory cannot always be predicted
solely on the current vehicle state. Incorporating information about driver state
and behavior may therefore improve the prediction of future vehicle motion.

3.2.1 Driver Intent and Its Influence on Vehicle Motion

Driver intent is not directly observable but can be concluded through behavioral in-
dicators, particularly visual attention and head movements. Visual attention plays

14



3. Theory

a critical role in driving, as drivers consistently shift their gaze between different
regions of interest, such as the road ahead, mirrors and intersections. These gaze
patterns reflects the drivers focus of attention and provide insight into their intended
future actions. Research has shown that drivers typically look toward relevant ar-
eas of the environment before initiating corresponding control action, e.g. directing
their gaze towards an upcoming turn or hazard before initiating steering or braking
actions [17].

Driver gaze can also be categorized into predefined gaze regions (see Figure 3.2),
which reflect the drivers allocation of visual attention within the driver environ-
ment [21]. These gaze targets provide relevant information about driver attention
and interaction with both the road and in-vehicle systems.

Figure 3.2: Example layout of different gaze targets used in this work, inspired by
prior zone-based gaze representations |[20].

These relationships between driver intent and vehicle motion has also been high-
lighted in the broader motion prediction literature. It has been shown that future
vehicle trajectories are fundamentally influenced by driver decision-making, and that
accurate motion prediction requires modeling the behavioral component of driving
in addition to vehicle dynamics [22]. Since multiple future trajectories may be pos-
sible given the same immediate vehicle state, knowledge of driver intent can help
reduce uncertainty in trajectory prediction.

3.2.2 Driver Monitoring Systems

Driver Monitoring Systems (DMS) are in-cabin sensing systems designed to monitor
driver behaviour and state while driving. These systems typically use cameras in
combination with computer vision algorithms to track various observable driving
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features such as head pose, gaze direction, eye activity and hand positions [23].
These features provide measurable indicators of driver attention, behaviour and
interaction with the vehicle. DMS have become increasingly important in modern
vehicles and are now required by regulation in the European Union (EU). Under the
EU General Safety 2019/2144, systems for monitoring driver attention and detecting
driver drowsiness are required in new vehicle models and all new vehicles sold from
2024 [24]. Because of these regulations, DMS data is becoming widely available in
modern vehicles, creating new opportunities for integrating driver state information

into ADAS.

3.2.3 Limitations of DMS data

DMS signals are a valuable complement to conventional vehicle sensors for short-
horizon motion prediction, but they also introduce practical and methodological
limitations. One major limitation concerns the visibility of the driver’s face. Dark
sunglasses, reflective eyewear or low-light conditions can prevent the system from
reliably detecting the eyes. This degrades gaze estimation and reduces the stabil-
ity of gaze-related features [21, 23|. Head-pose tracking is also affected because
most DMS algorithms depend on facial landmarks such as the eyes, nose, mouth
and ears. If the driver wears a hood or a mask, these landmarks may be partially
occluded, which increases uncertainty in the estimated head movements [23]. The
camera is typically mounted near the steering wheel to obtain a clear view of the
driver. This placement increases the likelihood that the camera becomes blocked
by the driver’s hands during normal steering, which can interrupt the measurements.

Another limitation arises from timing and sampling properties. DMS pipelines of-
ten operate at lower update rates than vehicle CAN signals. The computational
steps required for gaze and head-pose estimation introduce additional latency. This
creates a temporal mismatch with high-frequency vehicle state measurements at 50
Hz. As a result, behavioural cues from the DMS may not be perfectly aligned with
the corresponding vehicle dynamics in real time [23].

Driver-specific differences create another challenge. Gaze and head-movement strate-
gies vary widely across individuals. Some drivers rely almost entirely on subtle eye
movements while others perform large head rotations even for small checks. In ad-
dition, not every gaze shift reflects an upcoming manoeuvre. Drivers may scan the
environment, check mirrors out of habit or look toward non-driving stimuli inside
or outside the cabin. These behaviours make it difficult to derive a consistent map-
ping from DMS signals to vehicle intent without additional contextual information.
This variability reduces the ability of a single model to generalize across different
drivers [17, 23].

Privacy and regulatory constraints also influence the use of DMS data. Raw in-cabin
imagery is often restricted, which means that recordings may need to be deleted im-
mediately or transformed into anonymized numerical features at the time of capture.
In many jurisdictions, retaining identifiable video requires explicit consent from the
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driver. These considerations limit the richness of the data that can be used for
training and may affect which signals are available in production systems [23, 24].

3.3 Machine Learning for Trajectory Prediction

This section presents the machine learning concepts relevant to trajectory prediction
in this thesis, with a focus on sequence modeling using transformer architectures. It
first introduces the transformer and its core components, followed by key architec-
tural variants such as DETR and BERT, and concludes with multimodal prediction
methods for representing multiple possible future trajectories.

3.3.1 Transformers for Sequential Modeling

The transformer was introduced by Vaswani et al. in the paper Attention Is All You
Need [25], which proposed a novel neural network architecture based entirely on
self-attention mechanisms, eliminating the need for recurrence or convolution and
achieving state-of-the-art results in machine translation. The network architecture is
shown in Figure 3.3. The network was initially used for Natural Language Process-
ing (NLP) where the self-attention mechanism where crucial [25]. The transformer
quickly became popular for both NLP and computer vision using self-attention ef-
fectively [3]. The difference between a transformer and any other encoder-decoder
structure is the positional encoding and self-attention. The positional encoding
makes it possible to do future trajectory prediction of vehicles [26]. It is autoregres-
sive, which means the model generates its output one step at a time: it produces
the first token, then uses that token as input to generate the next one, continuing
this process until the entire sequence has been produced.

3.3.2 Transformer Variants Relevant to this Work

Detection Transformers (DETR) are a transformer-based architecture that,
instead of using autoregression to predict future timestamps, predicts all future out-
puts simultaneously [27]. This makes it well-suited for tasks where the input and
output sequence lengths are known in advance.

A common use case for DETR is object detection in images. In this setting, the
input is an image and the output consists of bounding boxes around detected ob-
jects. DETR assumes a fixed maximum number of objects and outputs both class
probabilities and bounding-box coordinates for each predicted object. An example
of this network is showcased in Figure 3.4.

Its architecture typically includes a convolutional neural network (CNN) backbone
that extracts feature maps from the input image. These features are then passed
into a transformer encoder—decoder structure. Finally, the decoder produces object
probabilities and bounding-box coordinates, which are mapped back onto the orig-
inal image.
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Figure 3.3: Transformer Model Architecture [25]
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Figure 3.4: DETR flowchart example

Bidirectional Encoder Representations from Transformers (BERT) are a
widely used transformer-based architecture [28]. In contrast to unidirectional mod-
els, BERT’s encoder processes the input sequence in both the forward direction
(ay — ap) and the backward direction (a, — a;). This bidirectional processing
enables any intermediate position k in the sequence to incorporate contextual infor-
mation from both preceding elements (a; < aj) and subsequent elements (ay — ay,).
This network is shown in Figure 3.5 where the arrows are pointing both left and
right from each neuron.

Such a mechanism is particularly advantageous in natural language processing,
where the meaning of a word often depends on both its left and right context within
a sentence. By leveraging information from the entire surrounding context, BERT
develops richer semantic representations.

This property is also beneficial for trajectory prediction tasks, as the model can
capture how a given state arises from past behavior while simultaneously consider-
ing its implications for future states. Consequently, the bidirectional representation
allows the network to learn deeper dependencies and more nuanced relationships
among the features of a sequence.

A Dual-stream Encoder architecture is an architectural design in which two
independent encoder branches process two distinct input modalities in parallel.
Each stream employs a modality-specific encoder that is tailored to the tempo-
ral and statistical properties of its input features. Depending on the model design,
these encoders may be implemented using transformer-based architectures with self-
attention, or using CNNs that operate along the temporal dimension.

In transformer-based realizations, each stream consists of an encoder stack composed
of multi-head self-attention layers, feed-forward networks, positional encodings, and
normalization layers. The input modality is first embedded into a sequence of tokens
compatible with transformer processing, after which positional encodings are added
to preserve temporal order. Self-attention then models long-range temporal depen-
dencies by weighting contributions from different time steps within the sequence.
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Figure 3.5: Flowchart example using bidirection
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Alternatively, CNN-based encoders process each input modality using stacked tem-
poral convolutional layers. These layers apply one-dimensional convolutions along
the time axis to capture local temporal patterns and short-range dependencies. By
increasing the receptive field through stacking and dilation, such encoders can model
increasingly long temporal contexts while maintaining computational efficiency and
strong inductive bias for regularly sampled time-series data.

Because the two streams do not interact during encoding, each learns an internal
representation that is specialized to the characteristics of its respective input do-
main. After the independent encoding, the resulting feature sequences are merged
in a downstream fusion module, where cross-modal interactions are modeled. Fusion
can involve concatenation, cross-attention, or other integration techniques depend-
ing on the specific model design. The fused representation is then provided to the
prediction head for the downstream task [9].

3.3.3 Multimodal Prediction

In trajectory prediction, multimodality refers to the fact that multiple distinct fu-
ture outcomes may be plausible given the same past observations. This ambiguity
arises naturally in dynamic systems, where different actions or behaviors can lead to
qualitatively different future trajectories, even when the initial state is identical. As
a result, predicting a single deterministic outcome may fail to capture the inherent
uncertainty present in real-world scenarios.

Multimodal prediction methods address this issue by representing multiple pos-
sible futures instead of committing to a single prediction. Each mode typically
corresponds to a different plausible evolution of the system, allowing the model to
reflect uncertainty and variability in future behavior. This representation is partic-
ularly important in human-in-the-loop systems, where future motion depends not
only on physical dynamics but also on latent factors such as intent, attention, and
decision-making processes. By explicitly accounting for multiple outcomes, multi-
modal approaches provide a more expressive and realistic framework for sequence
prediction under uncertainty [29].

3.4 Short-Horizon Trajectory Prediction in ADAS

Short-horizon trajectory prediction refers to forecasting the future motion of the
host vehicle over time scales typically ranging from about 0.5 to a few seconds, an
interval that is central to safety-critical decisions and control in ADAS [30, 31]. Al-
though this time interval may seem brief, it is critical for a number of ADAS that
rely on fast, reliable estimates of where the vehicle will be in the immediate future.
Improved short-term predictive accuracy can change the inputs provided to down-
stream safety functions, which in turn may affect their behavior.

For ADAS systems such as Automatic Emergency Braking (AEB) and Automatic
Emergency Steering (AES), short-term prediction informs whether an intervention
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is necessary and which maneuver is feasible. In AEB, precise estimates of imminent
longitudinal motion support time-to-collision and stopping-distance logic [32]. Inac-
curate trajectory predictions can lead either to unnecessary activations or delayed
braking.

AES generally imposes stricter requirements than AEB because steering-based avoid-
ance involves faster and more complex vehicle dynamics. A steering-based avoid-
ance maneuver is only safe if the system can predict the vehicle’s combined lateral
and longitudinal motion with high accuracy. Since lateral dynamics evolve quickly
and non-linearly during evasive maneuvers, even small prediction errors could affect
whether a steering intervention is deemed safe or even possible. Because such inter-
ventions typically unfold over fractions of a second, accurate short-term prediction
become essential for determining both the feasibility and the timing of a steering
response.

3.5 Evaluation Metrics for Trajectory Prediction

Two of the evaluation metrics used in trajectory prediction are Average Displacement
Error (ADE) and Final Displacement Error (FDE). ADE is the average positional
error for the prediction point p; compared to the ground truth for each future time
t, meanwhile FDE is the positional error for the final prediction point pr. For a
predicted trajectory {p;}._; and ground truth {p;}’_,,

1. A
ADE = -3 [Ipe —pilly,  FDE = [|pr — prll,.-
t=1

ADE captures the average deviation over the entire prediction horizon and is there-
fore sensitive to accumulated trajectory drift. In contrast, FDE focuses exclusively
on the error at the final prediction step and emphasizes endpoint accuracy. As a
result, models with similar ADE values may exhibit substantially different FDE per-
formance, particularly in scenarios involving turning maneuvers or late trajectory
corrections.

In short-horizon trajectory prediction, endpoint accuracy is particularly important
because downstream ADAS functions such as AEB and AES rely on precise esti-
mates of the vehicle’s position a few seconds ahead. To further assess endpoint
reliability, Miss Rate (MR) is commonly reported. In this paper, MR is defined
as the fraction of predictions whose final position lies outside a predefined distance
threshold 0 from the ground truth final position. A prediction is therefore considered
a miss if
b7 — prlly, >0,

and the MR is computed as the proportion of such missed predictions over the
evaluation set. MR thereby provides a complementary, threshold-based perspective
to FDE by indicating whether the predicted endpoint is sufficiently accurate to be
considered usable for downstream decision-making.
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Learning-Based Multi-Modal
Vehicle Trajectory Prediction

This section presents the complete methodology used in this thesis, covering every
step from data acquisition to model evaluation. It begins with a formal problem
definition followed by the collection and description of the dataset, preprocessing
pipeline used to clean, synchronize, and construct the final feature set. The model
architecture is then detailed, including the dual-stream encoder design, gaze-target
embedding, and decoding process. Finally, the evaluation procedure is outlined,
describing the metrics, baseline motion models, and ablation study used to assess
model performance.

4.1 Formal Problem Definition

The objective of this thesis is to predict the short-horizon future trajectory of a
human-driven host vehicle by leveraging both recent vehicle motion and driver-
related behavioral signals. This section provides a formal, model-agnostic definition
of the trajectory prediction problem addressed in this work.

We consider a discrete-time setting with a fixed sampling interval At, where all
signals are represented as sequences indexed by time. Let ¢; denote the prediction
origin time. The host vehicle state is observed over a finite history window of length
Sh steps, forming the sequence

(h) [ (h)

X].ZS}L - [Xti—S;L—&-l? et 7Xti ]7 (41>
where xﬁh) € RS represents the host vehicle motion state at time ¢, including lon-
gitudinal speed, yaw rate, and accelerations, expressed in the vehicle-fixed local
coordinate system described in Section 3.1.2.

In addition to vehicle motion, driver-related signals are observed over a longer tem-
poral window of length S, steps,

d d d
X = e x ), (4.2)

where xgd) € RP4 contains actuator inputs (steering, brake, accelerator), discrete
turn-indicator state, and driver monitoring system (DMS) features such as gaze

direction, head pose, and gaze-target information.
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The prediction task is to estimate the future planar trajectory of the host vehicle
over a fixed horizon of S, discrete timesteps,

Pti+1:ti+50ut = [pt¢+17 s 7pti+Sout]7 (43)

where each p; = (74, 7;) € R? denotes the vehicle’s future position in the local coor-
dinate frame, relative to the vehicle pose at ;. In this work, S, = 8, corresponding
to a prediction horizon of 3.5 seconds. The reason we use 3.5 seconds prediction
horizon is explained in Section 4.4.

Formally, the trajectory prediction problem is defined as learning a function

h d
f: (Xglgh7xglgd) — Pti+1iti+sout' (44)

Because future vehicle motion is inherently uncertain and influenced by latent driver
intent, multiple distinct future trajectories may be plausible even when conditioned
on identical past observations. To account for this multimodality, the prediction
function is extended to output a set of K candidate future trajectories together
with associated confidence values,

K
FC) = { (Pl s P1)} (4.5)
where K | pp = 1 and each P represents a kinematically feasible future trajectory
hypothesis.
This formulation is independent of the specific model architecture used to approxi-
mate f. The subsequent sections describe the dataset, preprocessing steps, and the
proposed GA-DSTP architecture used to learn this mapping in practice.

4.2 Dataset

The dataset utilized in this thesis was collected using real-world driving data. Data
acquisition took place in Gothenburg, Sweden, over the course of one week during the
winter. Four drivers conducted approximately 17 hours of total driving during this
period. The DMS camera was placed at the instrument cluster behind the steering
wheel. The raw CAN and DMS data was then parsed, processed and converted into
floating-point values stored in CSV format.

4.2.1 Available Signals and Feature Groups

Each CSV file contains 20 seconds of driving data, corresponding to 1,000 time steps
at the 50 Hz sampling rate. The variables included in the dataset are described in
Table 4.1. The vehicle position is represented in a local coordinate system, explained
in Section 3.1.2; in which the initial ground-truth position is fixed at (x,y)=(0,0).
The ground truth consists of nine future (x,y) positions, representing the vehicle’s
trajectory (relative to the local coordinate system) over the subsequent 3.5 seconds.
The yaw angle is fixed at zero so that the longitudinal axis of the vehicle aligns with
the x-axis (pointing forward), and the lateral axis aligns with the y-axis (pointing
to the left). The generation of ground truth is described in Section 4.2.2.
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Table 4.1: Dataset variables grouped by host vehicle state and driver behaviour.

Variable(s) Description

Host Vehicle State

time Timestamp (s)

host_speed Vehicle speed (m/s)
host_yawrate Yaw rate (rad/s)
host_lat_accel Lateral acceleration (m/s?)
host_long_accel Longitudinal acceleration (m/s?)

Driver Behaviour (Gaze + Actuator signals)

steering_torque Steering torque (N m)
acc_pedal pos Accelerator pedal position (%)
brake _pedal_torque Brake pedal torque (Nm)
turn_indicator_pos Turn indicator state (Enums)
dms_pos_x,y,z Gaze origin position (m)
dms_dir_x,y,z Gaze direction unit vector
gaze_targetl, gaze_target2 Gaze target class IDs (Enums)

gaze_targetl_qual, gaze_target2_qual Gaze target confidence values (]0,1])

Target (Ground Truth)

gt_long pos_1..9 Longitudinal ground-truth vehicle positions (m)
gt_lat pos_1..9 Lateral ground-truth vehicle positions (m)

The variables steering torque and brake pedal torque represent the force applied
by the driver to the steering wheel and brake pedal, respectively. The variables
gaze targetl and gaze target2 describe the regions of the driver’s field of view at
which the driver is looking, together with associated gaze-quality values in the range
[0,1].

4.2.2 Ground truth generation

Since no external positioning system was available during data collection, ground
truth future trajectories were generated using vehicle-internal motion signals at the
origin t;, with the longitudinal axis pointing forward and the lateral axis pointing
to the left, with the vehicle located at the origin (0, 0) and initial heading ¥y = 0.

The planar motion of the host vehicle is obtained by the kinematic equations

o) = v(t)cosy(t),  gt) =v()siny(t), D) =r(D), (4.6)

where v(t) is the longitudinal speed and r(t) is the yaw rate, both obtained directly
from the CAN bus signals. No lateral tyre slip is assumed.

Ground truth is evaluated at M = 9 discrete horizons,
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T = {0, 0.4375, 0.875, ..., 3.5} s, (4.7)

spaced 0.4375s apart and covering a total prediction horizon of 3.5s. For each
prediction origin ¢; and horizon A € T, the integration window [t;, t; + A] is
subdivided at the native logging timestamps. Over each sub-interval [ty, ty.1] with
0ty = try1 — tg, the heading is updated using a trapezoidal average of the yaw rate,

r(ty) + r(tks)
2

Yry1 = Yr + oty (4.8)

and the position is propagated using the trapezoidal rule,

ot

Th41 = Tk + 7k [U(tk) cos Yy, + v(tyy1) cos ¢k+1], (4.9)
oty . .

Y1 = Yr T > [U(tk) sin ¢y, + v(tg41) sin ¢k+1] (4.10)

Values of v(t) and r(t) at intermediate time points are obtained by linear interpola-
tion between logged samples. This gives a ground truth matrix P¢T € RV*Mx2 for
a recording of N time steps, where each entry contains the longitudinal and lateral
displacement from the prediction origin.

Since the trajectory prediction model outputs positions relative to a forward-displaced
reference point, a fixed longitudinal offset of d,.f = 2.3614m is subtracted from the

computed longitudinal positions to align the ground truth with the model’s coordi-

nate origin. A visual illustration of the resulting ground truth trajectory is shown

in Figure 4.1.
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Figure 4.1: Example ground truth future trajectory relative to the prediction
origin. Discrete points correspond to the evaluation horizons in 7T .

4.2.3 Dataset Distribution

The dataset used for training the model was split into 80% training data and 20%
validation data. A separate day of driving data was reserved as the test set to pre-
vent data leakage. Table 4.2 below shows the distribution of maneuver categories,
for each sample, within the dataset for the train, validation and test split.

The maneuver categories are based on the angular deviation of its future displace-
ment vectors. How these are classified are shown below.

For a given sample, the longitudinal and lateral displacements (diong i, dlat,x), Where
k is a future time from 7 except zero, over the prediction horizon are converted into
angles

O), = arctan 2(dy k, max(|diong k], 10°%)) , (4.11)

and the final-step angle 0g,., = 0g is used for classification. A sample is labelled
standstill if |diongs| < 0.5m and ||(diong,s, dat,s)|| < 0.5 m.
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Train Validation Test
Category N % N % N %
standstill 25626  7.1% 5290 5.8% 5187 12.80%
straight 209385 57.7% 51953 57.3% 22396 55.27%

light left  turn 56600 15.6% 15633 17.2% 5799 14.31%
heavy left turn 9244  25% 1822 2.0% 497  1.23%
light right turn 51634 14.2% 13538 14.9% 5720 14.12%
heavy right turn 9933 2.7% 2237 2.5% 887 2.19%
unclassified 734 0.2% 184  0.2% 34 0.08%
Total 363156 100% 90657 100% 40520 100%

Table 4.2: Distribution of maneuver categories, for each sample, across training,
validation, and test datasets.

For non-standstill samples, the final angle determines the turning direction:

left turn: Ofinar > 2°, (4.12)
right turn: Ofinal < —2°, (4.13)
straight: |Oinal| < 2°. (4.14)

Left and right turns are further divided into light and heavy based on the angle
magnitude,

heavy turn if |fg,.1| > 15°, light turn otherwise. (4.15)

The thresholds for the maneuver category classification are selected by looking at
the video of the samples and from that manually choosing a suitable threshold. Be-
fore these signals can be used for model training, several preprocessing steps are
required to synchronize and clean the data.

Table 4.3 shows the DMS coverage within the driver history window for each dataset
split. The dataset partitions were arranged to make the proportions of complete,
partial, and missing DMS coverage as even as possible across training, validation,
and test data. The training and validation sets are closely matched, while the test
set shows a slightly higher proportion of samples with complete DMS coverage.
Overall, the distributions are sufficiently similar to limit bias from unequal DMS

availability.
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Table 4.3: DMS coverage per sample within the driver history window. Here, All
DMS means all timesteps in the driver-history window contain valid DMS signals,
Some DMS means only a subset of timesteps contain valid DMS signals, and No
DMS means no valid DMS signals are present in that window.

Split Category Count Percentage
All DMS 209,472 57.7%
Training Some DMS 121,667 33.5%
No DMS 32,017 8.8%
All DMS 54,429 60.0%
Validation = Some DMS 29,151 32.2%
No DMS 7,077 7.8%
All DMS 27,784 68.6%
Test Some DMS 11,494 28.4%
No DMS 1,242 3.1%

4.3 Data Preprocessing

First the raw logs (CAN and UDP files) were parsed using processing tools provided
by the company to extract the signals needed for feature construction and ground
truth generation.

4.3.1 Synchronization and Resampling

Since the signals originate from different sources and channels on the CAN BUS,
they are recorded with different sampling frequencies and time stamps. Therefore
a resampling was necessary to make them synchronized for correct construction of
time series input sequences for the trajectory prediction model. This synchronization
was performed using nearest-neighbor interpolation, where for each time stamp in
the master time vector, the temporally closest available sample was selected.

4.3.2 Filtering and Noise Reduction

Certain CAN signals tend to show a lot of noise which required additional filter-
ing before being used as input features. To reduce this noise while still preserving
important signal dynamics, a second order Butterworth filter was used. The But-
terworth filter was chosen as it provides a smooth passband response and behaves
stably when applied using zero-phase forward-backward filtering, making it suitable
for noise reduction without affecting the relative timing of the signals. An nth-order
Butterworth filter has the magnitude response

[H (jw)|* = (4.16)
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where n denotes the filter order and w,. is the cutoff frequency. The filter was
designed using the MATLAB butter () function with a sampling frequency

fs =50 Hz (4.17)
and an empirically selected cutoff frequency

fe=4Hz. (4.18)

In MATLAB, the cutoff frequency must be normalized by the Nyquist frequency,
which is half the sampling frequency. The normalized cutoff frequency is therefore
given by

Je
fs/2
The butter () function returns the numerator and denominator coefficients of the

digital filter transfer function [33]. The filtering operation in discrete time can be
expressed as

W, = (4.19)

ylk] = abﬂ[/{? —i] = ;az‘y[k — i, (4.20)

where x[k| represents the input signal, y[k] the filtered output signal, and a; and
b; are the filter coefficients obtained from the Butterworth filter design. To avoid
phase distortion and temporal delay, the filter was applied using forward-backward
filtering via the filtfilt () function. This method applies the filter once in the
forward direction and once in the reverse direction, resulting in zero-phase distor-
tion [34]. This makes it so the filtered signals preserve the original timing of the
signal dynamics while removing high-frequency noise.

4.3.3 Feature Cleaning and Validity Handling

After synchronization and filtering, additional handling is required to ensure that
the remaining signals form a consistent and usable input sequence. Missing val-
ues introduced during resampling are filled using linear interpolation so that all
input variables remain time-aligned across the observation window. For categori-
cal gaze-target readings, entries marked as invalid based on their confidence values
are replaced with the designated padding index used throughout the preprocessing
pipeline.

When only one of the gaze-target entries at a time step is valid, the invalid one
is replaced with its padding representation, allowing feature construction to proceed
without discarding the entire time step. Continuous DMS signals that cannot be in-
terpolated reliably, such as directional vectors with clear discontinuities, are instead
set to zero for the affected samples to avoid introducing artificial trends. These
steps ensure that the feature set maintains consistent dimensionality and avoids
propagating incomplete or unreliable measurements into the model.
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4.3.4 Final Feature Construction

Once cleaning is completed, all processed variables are assembled into the two input
streams used by the model. The host-vehicle state stream contains the six continuous
signals related to vehicle motion, while the second stream groups actuator inputs,
DMS positional and directional features, turn-indicator encoding, and the fused
gaze-target representation. FEach time step is represented by one feature vector per
stream, and these sequences are mapped into their respective embedding dimensions
through linear projection layers. The outcome of this stage is a pair of synchronized,
fixed-length embedded sequences that constitute the final model input. They provide
a compact representation of both vehicle dynamics and driver-related behaviour,
prepared for processing in the dual-stream encoder.

4.4 Model Architecture

This thesis propose the Gaze Aware - Dual Stream Trajectory Prediction
(GA-DSTP) model which employs a transformer-style decoder with bidirectional
attention and non-autoregressive prediction, similar to a DETR-model, combined
with CNN encoders for temporal feature extraction. Bidirectional attention is ap-
plied in the decoder stage, while temporal feature extraction in the encoder is han-
dled by the CNN layers. The flowchart of the model architecture is shown in Fig-
ure 4.2. The GA-DSTP model is implemented in the PyTorch deep-learning frame-
work, which provides efficient tensor operations and flexible modules for transformer-
based architectures.

We use 1 second of host vehicle history because prior work has shown that vehi-
cle trajectory prediction performance saturates when using approximately 0.5 to 1
seconds of past data [6, 10]. Shorter windows fail to capture meaningful steering
and lateral motion patterns, while longer histories provide little additional benefit
and may introduce noise and overfitting. Dahl et al. demonstrate empirically that a
historic depth in this range is sufficient for accurate lane-departure prediction and
argue that recent driver behaviour dominates future motion, motivating the use of
a limited, recent time window rather than long continuous histories [35]. A longer
temporal window (3s) is used for driver behaviour signals to account for human per-
ception, decision and action latency and to capture behavioural trends rather than
instantaneous responses. Human-factors research shows that driver reactions, par-
ticularly steering responses, unfold over a finite time interval that typically exceeds
I's under realistic driving conditions [36]. In addition, recent driver intention and
steering prediction studies explicitly model driver behaviour as a temporally evolv-
ing process and rely on multi-second input windows to capture consistent trends in
steering actions, rather than isolated instantaneous measurements [37].

The prediction horizon is set to 3.5 seconds, which lies at the upper end of what is

commonly considered short-horizon trajectory prediction. While many ADAS func-
tions, such as AEB and AES, primarily rely on predictions within approximately two
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Figure 4.2: Architecture of the GA-DSTP model
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seconds, extending the horizon provides a more challenging prediction setting. This
design choice allows the evaluation of model robustness under increased uncertainty;,
where small deviations can accumulate and classical motion assumptions begin to
degrade. By selecting a 3.5-second horizon, the objective is not to mirror conser-
vative ADAS operating limits, but rather to assess whether driver monitoring data
can contribute to improved prediction quality when future vehicle motion becomes
less certain. This horizon therefore serves as a stress test for the proposed model,
enabling a clearer analysis of the potential benefits of incorporating driver-related
information beyond near-term reactive behavior.

To summarize, the network operates on a 3-second sequence of input signals from
driver behavior data and 1-second sequence of input signals from vehicle host-state
data. The output trajectory is 3.5-seconds in the future.

4.4.1 Dual-Stream Encoder

The GA-DSTP model processes two separate input modalities through a dual-stream
encoder architecture, where each stream uses a dedicated CNN-based temporal en-
coder. Each CNN encoder operates independently on its respective feature sequence.
This separation allows each modality to be contextualized without mixing informa-
tion prematurely. This also enables an ablation study comparing the GA-DSTP
model with the Dual Stream Trajectory Prediction (DSTP) model, yielding the ar-
chitecture shown in Figure 4.3, which excludes DMS inputs. The outputs of the
two encoder streams are later combined in the fusion step described in the following
section.
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Figure 4.3: Architecture of the DSTP model, which excludes DMS data

Although transformer encoders were discussed in theory, CNN-based temporal en-
coders where chosen due to the short, fixed-length input windows, the modest
dataset size, and the noisy, driver-specific nature of DMS signals. In such settings,
transformer encoders can introduce excessive capacity and overfit, a phenomenon
observed in small-data regimes where transformers underperform CNNs [38]. CNNs
offer a stronger inductive bias for smooth time-series and serve as an implicit regular-
izer, while attention is instead reserved for the decoder where multimodal interaction
and trajectory hypothesis selection are critical.
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4.4.2 Fusion Layer and Decoder

After the two encoder streams have produced their modality-specific hidden repre-
sentations, they are combined into a single memory sequence for decoding. This is
done by concatenating the encoded host-state and driver-behaviour representations
along the temporal dimension, forming a unified sequence that preserves all contex-
tual information from both modalities. The resulting memory is passed directly to
the decoder without additional temporal processing. The architecture of the GA-
DSTP decoder is shown in Figure 4.4.

The decoder operates on this shared memory together with a fixed set of learned
queries. These queries are designed to represent multiple candidate future motion
hypotheses, enabling multi-modal trajectory prediction within a single forward pass.
Through self-attention among queries and cross-attention over the fused memory;,
the decoder jointly reasons about alternative future behaviors conditioned on the
same observed history.

The decoder outputs a set of latent vectors which are mapped by K separate per-
mode control heads to 2-D control signals, curvature rate (0x) and longitudinal
acceleration (a) at each future timestep. These controls are bounded via tanh ac-
tivation to physically feasible ranges and then integrated forward through a dif-
ferentiable KBM to produce (x, y) waypoint trajectories. All future positions are
generated simultaneously, enabling efficient and stable non-autoregressive trajectory
prediction, while the KBM integration guarantees that every predicted trajectory
satisfies non-holonomic vehicle dynamics.

4.4.3 Formal Model Specification

To formalize the GA-DSTP model structure, we denote the host-state sequence as
rig, € R,

and the driver-related inputs as
%y, € RY,

which comprise actuator signals and DMS features. The input features are further
explained in Table A.1. In addition, gaze information is provided in the form of
gaze targets together with associated quality measures. Each gaze target is embed-
ded into an 8-dimensional representation and combined with gaze-derived features,
yielding an 8-dimensional gaze feature vector per time step. This representation is
concatenated with the driver inputs, resulting in a 22-dimensional driver-behaviour
feature sequence.

Both host-state and driver-behaviour input sequences are processed by separate
temporal convolutional encoders. Each encoder consists of three one-dimensional
convolutional layers with kernel size 3 and channel widths of 64, 128, and 128, re-
spectively. Each convolution is followed by batch normalization, a GELU activation,
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and dropout. GELU activations are used throughout the encoders for consistency
with the Transformer decoder, where GELU is the standard activation in feed-
forward layers [28]. A residual projection is applied at the encoder output to match
the final embedding dimensionality, and positional encodings are added to preserve
temporal ordering. The two encoders produce modality-specific representations

M ¢ RS»x128 H@ ¢ RSax128.

Rather than performing channel-wise fusion, the encoded host and driver represen-
tations are concatenated along the temporal dimension to form a unified memory

sequence,
M = [H(h); H(d)] € R(Snt+Sa)x128

which is used directly as input to the decoder.

Trajectory prediction is performed using a transformer-style decoder operating on
a fixed set of learned queries. Each query is augmented with a mode embedding
encoding the trajectory mode identity, as well as a continuous time embedding nor-
malized over the prediction horizon. The decoder comprises four stacked layers, each
consisting of multi-head self-attention, cross-attention over the memory sequence M,
and a feed-forward network. The decoder outputs a latent tensor of shape

(K X Sout, 128),

where K denotes the number of trajectory modes and S, the prediction horizon.

The decoder outputs are reshaped to
(B, K, Sout, 128). (4.21)
Each mode k has a dedicated control head—a two-layer MLP
128 — 64 — 2, (4.22)

that maps the latent vectors to raw control signals. Tanh bounding is applied to
produce physically feasible controls:

5k = tanh(-) Okmax, (4.23)

agk) = tanh(+) amax- (4.24)

These control sequences are integrated through a differentiable Kinematic Bicycle
Model initialized from the current vehicle state

(vo, Ko)- (4.25)
The KBM performs semi-implicit Euler integration per timestep At:
Kir1 = clamp(kry + 0k At) (4.26)

vy = clamp(vy + a; At), (4.27)
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9t+1 = Qt + Ut+1lit+1At, (428)
Tir1 = Xy + Vg1 COS 0t+1At, (429)
Y+l = Yt T Vg1 sin 9t+1At. (430)

The entire rollout is fully differentiable, allowing gradients to flow from the trajec-
tory loss back through the integration and into the control heads and transformer
decoder. Using per-mode control heads prevents the Winner-Takes-All training loss
from collapsing all modes to identical outputs, since each mode’s MLP parameters
receive gradients only from that mode’s trajectory.

In parallel, a confidence head predicts a categorical distribution over the K modes,
producing normalized confidence scores. The model therefore outputs K candidate
future trajectories, each consisting of S, waypoints, together with an associated
confidence value.

By predicting the full trajectory horizon for all modes in a single, non-autoregressive
forward pass, the model avoids temporal error accumulation and is well suited to
short-term, multi-modal trajectory forecasting.

4.4.4 Training Objective

The GA-DSTP model is trained in two successive stages, designed to first establish
high-quality, diverse trajectory modes and then learn to predict which mode best
matches the current driving context. This decoupled strategy avoids the conflicting
gradient dynamics that can arise when trajectory regression and confidence esti-
mation are jointly optimised from scratch, an issue previously noted in multimodal
trajectory prediction models such as MultiPath++ [10]. All hyperparameter values
referenced below are listed in Appendix A.1.

Stage 1: Trajectory Learning with aWTA and Diversity Regularisation

In the first stage, the full model is trained using an Annealed Winner-Takes-All
(aWTA) loss [39]. Unlike standard WTA, which assigns gradient exclusively to the
single best mode and thereby starves all other modes of learning signal, aWTA
distributes gradients across all K modes through a soft-weighting scheme:

K

Lowra = Z Wk * Sk, Wg = ;Xp( Sk/Tt) ) (4'31)

k=1 j=1 exp(—s;/7)

where s, = ADE, + Appg - FDE, is the per-mode trajectory score and wy, is the
soft assignment weight for mode k. The weights are treated as constants during
backpropagation so that only the scores s; receive gradient updates, pulling each
mode towards the ground truth in proportion to how close it already is.
The temperature 7; decays exponentially over training epoch t:
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=1, (4.32)

At high temperature the weights are nearly uniform, ensuring all modes learn re-
alistic trajectories early in training. As 7, — 0 the distribution sharpens towards
standard hard WTA, allowing modes to specialise.
To further prevent modes from collapsing to identical trajectories, a margin-based
diversity regularisation term penalises each mode whose nearest-neighbour trajec-
tory distance falls below a minimum separation m:

1 & -
Laiy = % kZ::l max (0, m — rjgélil dkj> (4.33)
where dj; is the mean (5 distance along the trajectory between modes &k and j. The
full Stage 1 objective is therefore:

Ls1 = Lawta + Adiv Laiv- (4.34)

Stage 2: Joint Fine-Tuning

After Stage 1, the backbone produces high-quality, diverse trajectory modes but has
no systematic relationship to which mode best matches the current input. Stage 2
therefore fine-tunes the entire model jointly using differential learning rates, with the
confidence head trained at a rate 100x larger than the backbone. This allows the
backbone to subtly adapt its representations to become mode-discriminative while
preserving the trajectory quality established in Stage 1.

The Stage 2 objective combines a hard WTA trajectory loss with a confidence loss
based on Kullback—Leibler (KL) divergence against soft labels:

ESQ = EWTA +2- ACKL- (435)

Rather than assigning a hard label to the single best mode—which is noisy when
two modes are similarly close to the ground truth—soft probability targets are con-
structed as

p* = softmax(—s> . sp = ADE; + Appp - FDE;, (4.36)

Tels

where the low temperature 7,5 concentrates probability mass on the best mode while
distributing a small residual to close competitors. The confidence loss is then

K *
- e D
Ly, = KL(p*[|p) = >} 10%*: (4.37)
k=1

where p = softmax(c) are the predicted confidence probabilities from the confidence
head. Stage 2 is checkpointed based on the validation ADE of the trajectory selected
by the highest confidence prediction. This criterion is preferred over the total loss,
as this more directly reflects deployment performance.
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4.4.5 Gaze-Target Embedding with Quality-Weighted Fu-
sion

An additional component of the GA-DSTP architecture is a learned gaze-target em-
bedding. The raw gaze-targets, presented in Table 4.1, are replaced with a compact,
learned representation. At each time step, the dataset provides up to two gaze-target
readings, each consisting of a discrete target_idx € {0,...,9} and a confidence score
q € [0,1]. Invalid measurements (confidence below 0.20 or missing) are mapped to
a padding index 10 with ¢ = 0. This is done with an embedding table £ € R!"*®,
where the first ten entries are trainable 8-dimensional vectors corresponding to the
gaze targets, and the final entry is a fixed zero vector for padding. These embed-
dings are learned jointly with the rest of the model.

If two gaze targets are present at a time step, we fuse their embeddings using a
confidence-weighted average:

1) (1 2) (2
o _ae +ae”
t .

ai’ +q” +e

If only one reading is valid then é; reduces to that embedding but if both are in-
valid, the result is the zero vector. The fused vector replaces the raw gaze-related
columns and is concatenated with the continuous actuator features before entering
the encoder. This design explicitly addresses known limitations of DMS data dis-
cussed in Section 3.2.3, such as unreliable gaze estimates due to occlusion and driver
variability.

This representation avoids imposing an artificial ordering on gaze targets (as integer
encoding would) and allows the model to learn meaningful relationships between tar-
gets (unlike one-hot encoding). Targets with similar behavioral roles may naturally
cluster in the embedding space, providing a more informative input representation
without manual feature design.

4.4.6 Turn-Indicator One-Hot Encoding

One-hot encoding of turn signal is another feature added to the GA-DSTP archi-
tecture to help the model understand them better. The turn-indicator signal is
represented using a three-dimensional one-hot encoding. The raw categorical values
{“no indicator”, “left”, “right”} are mapped to the vectors

no indicator = [1,0, 0], left indicator = [0, 1, 0], right indicator = [0, 0, 1].
This encoding avoids introducing an artificial ordinal relationship between indicator
states (e.g., left > right) and allows the model to treat each state as an independent

categorical outcome. The resulting one-hot vector is concatenated with the other
continuous and embedded features before being passed into the actuator encoder.
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4.5 Model Evaluation

To ensure that RQ1 and RQ2 are addressed in a fair and meaningful manner, this
section outlines the evaluation methodology used for model comparison. A clear
and consistent evaluation framework is essential for drawing valid conclusions, and
is therefore presented here to avoid confusion.

4.5.1 Classical motion models with team comparison

For each test instance, ADE and FDE are computed for the classical motion models
(CA, CV, CTRV, CTRA) and for the GA-DSTP model. A “beat-all” indicator
is recorded if the GA-DSTP model strictly improves upon all classical baselines
simultaneously:

Theat-all = H(ADEGA-DSTP < MiNye{CA,CV,CTRV,CTRA} ADEm) A L(FDEga-psTp < min,, FDE,,).

The primary summary statistics include the mean of ADE/FDE for each method,
and the proportion of test instances with Ipea.an = 1. Per-sample win rate is used
as the primary indicator of beat-all performance.

4.5.2 Ablation: With vs. without DMS

The contribution of driver-monitoring signals is isolated by evaluating two otherwise
identical models:

1. GA-DSTP model (with DMS): Input features comprise host-vehicle state,
actuator signals (including one-hot turn indicators), DMS features, and a
learned gaze-target embedding that replaces the four raw gaze columns.

2. DSTP model (without DMS): Identical architecture and training proto-
col; DMS features are removed from the input. The actuator-stream input
dimensionality is adjusted accordingly. All remaining components (host-state
stream, fusion module, decoder, loss, and output heads) are unchanged.

Performance differences are summarized as

AADE = ADEga-pstp — ADEpgrp, AFDE = FDEga-pstp — FDEpgrp,

along with percentage changes relative to the DSTP model. Positive values indicate
improvement attributable to DMS information.

4.5.3 Experimental Protocol

As mentioned in Section 4.2.3 the dataset was divided into an 80/20 split, where
the larger portion was used for training and the remaining portion was used for val-
idation. A separate test set collected on a different day was kept isolated and only
used for the final performance assessment. Before splitting, the data was shuffled to
avoid grouping consecutive segments from the same driving sequence.

A fixed random seed was applied to all data handling steps, including shuffling,
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batching, and model initialization. Both model variants, GA-DSTP and DSTP, are
trained under identical conditions: same train/validation/test splits, batch size, op-
timizer and learning rate, number of epochs, early-stopping criterion, random seeds,

prediction horizon, and query schedule. Hyperparameters are not re-tuned for the
DSTP model.

Each model was trained using the input window and evaluated on the same eight
future prediction horizons. Validation was performed after each epoch, and the
checkpoint with the lowest validation loss was selected for testing.

This protocol ensured that any observed performance differences between the models
were the result of the input feature sets rather than differences in training or eval-
uation conditions, while accounting for the inherently multimodal nature of vehicle
trajectory prediction.
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Evaluation and Results

This chapter presents the experimental results and evaluation of the proposed GA-
DSTP model. The performance of the model is first analyzed in terms of training dy-
namics and overall prediction error on the test set. It is then compared against clas-
sical motion models using standard trajectory prediction metrics, including ADE,
FDE, and MR. Further analysis examines performance across different maneuver
categories to highlight scenario-dependent behavior. The chapter also includes an
ablation study to assess the contribution of DMS features, followed by qualitative
trajectory examples that illustrate representative successes and failure cases.

5.1 Training and Evaluation Summary

The training behavior shown in Figures 5.1 and 5.2 indicates stable convergence dur-
ing both the initial trajectory learning stage and the subsequent joint fine-tuning
stage. Table 5.1 reports the ADE and FDE of the GA-DSTP model across the
training, validation, and test datasets. The relatively small gap between training
and validation performance indicates that the model generalizes well and does not
suffer from severe overfitting. While a modest degradation is observed on the held-
out test set, the increase in both ADE and FDE remains limited, suggesting that
the learned representations capture consistent patterns of vehicle motion and driver
behavior that transfer across driving sessions and data splits.

Table 5.1: ADE and FDE of the GA-DSTP model across training, validation and
test dataset

Dataset ADE (m) FDE (m)

Train 0.364 0.954
Val 0.440 1.185
Test 0.375 0.992

Figures 5.3 and 5.4 show the distributions of ADE and FDE for the GA-DSTP model
on the test set. Both distributions are right-skewed, with a high concentration of
predictions at low error values and a smaller number of larger-error outliers. The
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Figure 5.1: Stage 1 (Trajectory learning) training and validation loss up to the
epoch with the best validation performance.
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Figure 5.2: Stage 2 (Joint Fine-tuning) training and validation loss up to the epoch
with the best validation performance
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median error is notably lower than the mean, indicating that most predictions are
accurate and that the mean is influenced by a limited number of difficult samples.
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Figure 5.3: Histogram of ADE density of the GA-DSTP model
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Figure 5.4: Histogram of FDE density of the GA-DSTP model
Figure 5.5 further illustrates how prediction error evolves over the prediction horizon.
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Figure 5.5: Box plot of the displacement error each timestep of the GA-DSTP
model. The white line in the box is the median, which are also stated in the legend.

The interquartile range increases steadily with time, reflecting growing uncertainty
as the prediction extends further into the future. Nevertheless, the median error re-
mains relatively low throughout the horizon, indicating stable short-term prediction
behavior.

5.2 Baseline Comparison with Classical Motion
Models

Table 5.2 compares the GA-DSTP model against classical motion models (CV, CA,
CTRV, and CTRA) on the test set. The GA-DSTP model achieves substantially
lower ADE and FDE than all classical baselines, reducing ADE by approximately
37% compared to CTRA and by more than 60% compared to CV.

Table 5.2: The GA-DSTP model compared to traditional motion models on the
test set.

Model ADE (m) FDE (m) MR@0.5m MRQ@1.0m MR@2.0m

CvV 0.991 2.438 7. 7% 63.4% 44.5%
CA 0.884 2.235 77.7% 63.5% 43.0%
CTRV 0.743 1.892 75.5% 55.9% 33.1%
CTRA 0.642 1.714 76.1% 57.2% 32.4%
GA-DSTP 0.371 0.992 61.9% 34.7% 12.5%

MR analysis further highlights the improvement. At a 1.0 m threshold, the GA-
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DSTP model reduces miss rate from 66.4% (CTRA) to 43.6%, indicating a markedly
higher proportion of predictions that are sufficiently accurate for downstream decision-
making.

Figure 5.6 and Table 5.3 show that while classical motion models perform com-
petitively at very short horizons, their error grows rapidly after approximately 1.5
seconds. In contrast, GA-DSTP maintains a consistently lower error growth, high-
lighting its ability to better capture nonlinear vehicle behavior and driver inputs.
In Figure 5.6, the upper edge of the interquartile range of GA-DSTP is close to the
error levels of the CTRA and CTRV models. This indicates that approximately 75%
of GA-DSTP predictions achieve errors comparable to or lower than those classical
models.

Per-Timestep Median Error with IQR — ML vs Traditional

=@= GA-DSTP median
GA-DSTP IQR (25th-75th)
1.50 4 —=- CV median
CA median
—=- CTRV median

1251 %" CTRA median

1.00 4

0.75 4

Displacement Error (m)

0.00 4

0.5 10 15 2.0 2.5 3.0 35
Prediction Horizon (s)

Figure 5.6: Median displacement error and IQR for every timestep of the GA-
DSTP model compared to classical motion models.

Table 5.3: Mean displacement error (m) at each prediction timestep.

Model 0.44s 0.88s 1.31s 1.75s 2.19s 2.62s 3.06s 3.50s

Ccv 0.042 0.164 0.364 0.639 0987 1.405 1.889 2.438
CA 0.035 0.136 0.307 0.548 0.860 1.245 1.704 2.235
CTRV 0.028 0.111 0.253 0.456 0.720 1.048 1.438 1.892

CTRA 0.020 0.082 0.194 0.363 0.596 0.896 1.268 1.714
GA-DSTP 0.029 0.062 0.118 0.207 0.335 0.505 0.723 0.992

Table 5.4 reports the per-sample win rate against the best-performing classical
model. GA-DSTP outperforms the classical team in over 56% of test samples in
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Table 5.4: Per-sample win rate: best-of classical team (CV, CA, CTRV, CTRA)
versus the GA-DSTP model.

Metric Classical Team GA-DSTP
Win rate by ADE 40.5% 59.5%
Win rate by FDE 41.8% 58.2%

terms of both ADE and FDE, demonstrating that its advantage holds on a per-
instance basis rather than being driven by a subset of scenarios.

5.3 Performance Across Maneuver Categories

Figure 5.7 and Tables 5.5-5.7 present performance broken down by maneuver cate-
gory. The GA-DSTP model consistently outperforms classical motion models across
most categories, with particularly large improvements observed for turning maneu-
vers. In Figure 5.7 specifically it is shown that the GA-DSTP model is, on average,
better at predicting a right turn than a left turn.

For heavy left and right turns, GA-DSTP achieves approximately 35-40% lower

ADE and FDE compared to the best classical baseline, reflecting its ability to model
nonlinear steering dynamics that violate constant-turn assumptions.
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Figure 5.7: Box plot of the displacement error for each maneuver category of the
GA-DSTP model. The black line in the boxes is the median.
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Table 5.5: ADE in metres by scenario category. Best result per row in bold.

Category N GA-DSTP CV  CA CTRV CTRA
Standstill 5187 0.025 0.031 0.223 0.031  0.223
Straight 22396 0.352 0.758 0.600 0.745  0.590
Light left turn 5799 0.533 1.659 1.458 1.040  0.850
Heavy left turn 497 0.824 3.153 2964 1.476  1.356
Light right turn 5720 0.497 1582 1.494 0.950 0.882
Heavy right turn 887 0.760 3.085 3.045 1.120 1.013

Table 5.6: FDE in metres by scenario category. Best result per row in bold.

Category N GA-DSTP CV CA CTRV CTRA
Standstill 5187 0.054 0.066 0.556  0.066  0.556
Straight 22396 0.941 1.859 1.539 1.877  1.569
Light left turn 5799 1.425 4.100 3.671 2.678  2.304
Heavy left turn 497 2.197 7.872 7.433 3.954  3.749
Light right turn 5720 1.327 3.893 3.746 2.430  2.361
Heavy right turn 887 2.047 7.637 7.586 2999  2.788

Table 5.7: Miss Rate at 1.0 m threshold (%) by scenario category. Lower is better;
best per row in bold.

Category N GA-DSTP CV CA CTRV CTRA
Standstill 5187 1.7% 2.5%  15.4% 2.5% 15.4%
Straight 22396 29.6% 57.9% 55.5% 56.6% 54.7%
Light left turn 5799 54.9% 972% 96.2% 74.3% 76.3%
Heavy left turn 497 74.8% 100.0% 100.0% 92.0% 89.1%

Light right turn 5720 54.4% 97.0% 96.3% 74.8% 78.5%
Heavy right turn 887 72.2%  96.8% 99.3% 86.1%  80.3%

As seen in Table 5.8 the performance gains are especially pronounced in standstill
scenarios, where classical motion models frequently fail due to their reliance on
constant velocity or acceleration assumptions. Straight-driving scenarios constitute
approximately 52% of the test set, which means that the performance in this cate-
gory is particularly important for overall metrics. In these scenarios, the GA-DSTP
model achieves a win rate above 50% in terms of ADE, indicating that it provides
more accurate short-horizon predictions than the classical baselines for the majority
of straight-driving samples.

However, the corresponding win rate in terms of FDE is lower, indicating that
while GA-DSTP is effective at capturing the immediate future motion in straight
trajectories, long-horizon prediction differences between models are less pronounced.
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Table 5.8: Per-sample win rate: best-of classical team (CV, CA, CTRV, CTRA)
versus the GA-DSTP model for each maneuver category.

Metric Classical Team GA-DSTP
Win rate by ADE
Straight 48.9% 51.1%
Left turn 40.0% 60.0%
Right turn 39.9% 60.1%
Standstill 5.3% 94.7%
Win rate by FDE
Straight 51.7% 48.3%
Left turn 39.2% 60.8%
Right turn 39.2% 60.8%
Standstill 5.5% 94.5%

5.4 Ablation Study: Effect of DMS Features

Figure 5.8 shows an inference-time feature masking experiment conducted on the
validation set to assess whether GA-DSTP actively uses DMS and gaze information.
The model was evaluated under three conditions: with all features available, with
DMS and gaze features masked to zero, and with the entire driver behavior stream
masked.

The full model achieved an ADE of 0.44m and FDE of 1.18 m. Masking DMS and
gaze features increased the error to 0.47m ADE (4+6.8%) and 1.27m FDE (+7.6%).
Masking the entire driver stream resulted in substantially larger degradation, with
ADE increasing to 0.63m (+43%) and FDE to 1.70 m (4+44%).
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Feature Masking — GA-DSTP

Emm ADEy4
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Figure 5.8: This shows the effect of error when certain features are removed from
the GA-DSTP model on the validation set.

Tables 5.9-5.12 compare the GA-DSTP model with the DSTP variant that excludes
DMS signals. Incorporating DMS features results in consistent improvements across
all global metrics, reducing ADE by 1.7% and FDE by 2.1% on the test set.

While the absolute improvements are modest, they are systematic and most pro-
nounced in scenarios involving braking and turning maneuvers. In heavy right turns,
the inclusion of DMS features decreases MR by 2.4 percentage points.

Table 5.9: Ablation study: effect of DMS data by comparing GA-DSTP model vs
DSTP model.

Model ADE (m) FDE (m) MR@Q@0.5m MR@1.0m MR@2.0m
GA-DSTP 0.375 0.992 61.9% 34.7% 12.5%
DSTP 0.383 1.003 62.8% 34.9% 12.7%
Improvement —2.1% —-1.1% —0.9pp —0.2pp —0.2pp

Table 5.10: ADE (m) by scenario category for GA-DSTP model and DSTP model.
Best result per row in bold.

Category N GA-DSTP DSTP A
Standstill 5187 0.025 0.013 +0.012
Straight 22359 0.352 0.371 -0.019
Light left turn 5799 0.533 0.545 -0.012
Heavy left turn 497 0.824 0.887 -0.063
Light right turn 5720 0.497 0.498 -0.001
Heavy right turn 887 0.760 0.720 +0.040
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Table 5.11: FDE (m) by scenario category for GA-DSTP model and DSTP model.
Best result per row in bold.

Category N GA-DSTP DSTP A
Standstill 5187 0.054 0.027 +0.027
Straight 22 396 0.941 0.963 -0.022
Light left turn 5799 1.425 1446 -0.021
Heavy left turn 497 2.197 2311 -0.114
Light right turn 5720 1.327 1.320 +0.007
Heavy right turn 887 2.047 1.963 +0.084

Table 5.12: Miss Rate at 1.0m (%) by scenario category for GA-DSTP model and
DSTP model. Lower is better; best per row in bold.

Category N GA-DSTP DSTP A (pp)
Standstill 5187 1.7 0.6 +1.1
Straight 22 396 29.6 29.9 -0.3
Light left turn 5799 54.9 55.3 —-0.4
Heavy left turn 497 74.8 77.5 —0.7
Light right turn 5720 54.4 54.9 —0.5
Heavy right turn 887 72.2 74.6 —24

5.5 Qualitative Trajectory Examples

The following plots illustrate representative success and failure cases. The green line
corresponds to the ground truth trajectory, the red line to the GA-DSTP prediction,
and the blue line to the best-performing classical motion model for the given sample.
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(a) Straight driving failure of the clas-
sical model, where GA-DSTP maintains
accurate longitudinal tracking.
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(b) One common issue observed in the
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tial phase of acceleration from standstill,
where the predicted trajectory becomes
unstable.

Figure 5.9: Examples of longitudinal motion prediction in straight-driving scenar-

108.
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(a) Right turn where GA-DSTP overes-
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(b) Right turn where GA-DSTP closely
follows the ground truth trajectory.

Figure 5.10: Contrasting GA-DSTP behavior in right-turn scenarios.
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Figure 5.11: Examples of left-turn prediction performance.
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(a) Failure of the constant turn-rate as-  (b) Braking scenario where the GA-
sumption, resulting in a fixed-curvature = DSTP model anticipates deceleration
trajectory that deviates from the ground  earlier than the classical motion model.
truth.

Figure 5.12: Examples illustrating limitations of classical motion assumptions and
anticipatory behavior of GA-DSTP.

5.6 Summary of Key Findings

The experimental evaluation demonstrates that the proposed GA-DSTP model
achieves substantially lower prediction errors than classical motion models across
all global trajectory prediction metrics. In particular, GA-DSTP consistently re-
duces both ADE and FDE on the test set and achieves a lower MR at all evaluated
thresholds.

Analysis of prediction error over time shows that GA-DSTP maintains slower error
growth across the entire prediction horizon compared to classical baselines, indicat-
ing improved robustness at longer horizons. While classical motion models perform
competitively at very short prediction times, their error increases rapidly after ap-
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proximately 1.5 seconds.

Scenario-specific evaluation reveals that GA-DSTP provides the largest performance
gains in turning maneuvers, where constant-velocity and constant-acceleration as-
sumptions are frequently violated. For both left and right turns, GA-DSTP achieves
significantly lower ADE and FDE than all classical models and outperforms them on
a per-sample basis. Straight-driving scenarios show more moderate improvements,
with GA-DSTP achieving higher short-horizon accuracy while long-horizon differ-
ences are less pronounced.

The ablation study shows that incorporating driver monitoring system features leads
to consistent improvements across global metrics and most maneuver categories.
While the absolute gains from DMS data are modest, they are most pronounced
in turning scenarios, indicating that driver-related signals provide complementary
information beyond vehicle-state history alone.

Finally, qualitative trajectory examples illustrate both the strengths and limitations
of the proposed approach. GA-DSTP demonstrates improved anticipation of braking
and nonlinear steering behavior compared to classical motion models, while failure
cases highlight challenges in scenarios involving delayed driver intent or sudden
motion changes such as acceleration from standstill.
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Conclusion

This chapter interprets the experimental results presented in Chapter 5 and discusses
their implications for short-horizon vehicle trajectory prediction and the use of driver
monitoring data. The discussion focuses on understanding the observed performance
trends, the scenarios in which the proposed model provides the greatest benefit, and
the limitations revealed by the results.

6.1 Overall Model Behavior and Training Stabil-
ity
The relatively small gap between training, validation, and test performance reported
in Table 5.1 suggests that the GA-DSTP model generalizes well and does not suffer
from severe overfitting. The layer sizes of the architecture were made smaller to
prevent the model memorizing the training data. That was a problem because the
dataset collected is rather small with less datatypes compared to public datasets
such as Waymos open dataset [40]. This is particularly important in trajectory pre-

diction tasks, where temporal correlations in driving data can easily lead to overly
optimistic training performance.

Beyond convergence stability, the two-stage training strategy plays an important
role in shaping model behavior. By first focusing on learning geometrically plau-
sible and diverse trajectory modes, and only later learning to select among them,
the model avoids optimization instabilities commonly associated with jointly train-
ing trajectory regression and confidence estimation from scratch. This decoupling
contributes to reliable learning dynamics and helps prevent mode collapse, which is
especially relevant for multi-modal trajectory prediction over longer horizons.
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Table 6.1 presents the minADE and minFDE, which defines the error of the closest
predicted trajectory to the ground truth across all four modes, alongside the ADE
and FDE of the confidence-selected trajectory. The gap between the minimum met-
rics and the confidence-selected metrics indicates how much performance is lost due
to imperfect mode selection. This shows the potential of the model if it would choose
the best trajectory more frequently. A plausible method would be to include radar
data such that we can exclude a modes trajectory if there are something in the way.
This is ofcourse with the assumption that the driver is alert.

Table 6.1: GA-DSTP performance across data splits.

Split minADE minFDE ADE FDE
Train 0.2909 0.7791 0.3643  0.9539
Validation 0.3420 0.9392 0.4394  1.1858
Test 0.2918 0.7981 0.3714  0.9922

Figure 6.1 presents qualitative examples that help explain the behavior summarized
in Table 6.1. Figure 6.1a show a prediction where some modes are very close to the
ground truth but the model choose one that turns the complete opposite way. This
behavior could occur if the driver is distracted and not looking same way as they are
turning for a while. Then the model believes the driver will turn the other direction
and chooses the incorrect mode to proceed with. Figure 6.1b shows a case where
the selected trajectory is reasonable but a more accurate mode is available among
the predictions. Overall, this indicate that the stage 1 training produces accurate
and diverse predictions, while the gap to the confidence-selected metrics suggests
that the stage 2 training has room for improvement.
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wrong one during stage 2. choose the more accurate trajectory in-
stead.

Figure 6.1: Examples illustrating limitations of the stage 2 learning.

The error distributions shown in Figures 5.3 and 5.4 reveal that most predictions
achieve relatively low displacement error, while a smaller subset of difficult samples
contributes disproportionately to the error tail. Importantly, the median is left of the
mean in both figures which indicates that there are a large quantity of samples with
a low error. Such long-tailed distributions are common in trajectory prediction and
reflect the presence of ambiguous or highly dynamic maneuvers. Figure 5.5 further
shows that uncertainty increases steadily over the 3.5-second prediction horizon, as
expected. The error is even more expected to rise over time because of our uncer-
tainty of the surroundings. Nevertheless, the median error remains comparatively
low throughout the horizon, indicating that GA-DSTP maintains stable short-term
prediction performance even as uncertainty accumulates.

6.2 Comparison with Classical Models

To address RQ1, whether data-driven trajectory prediction models can outper-
form classical analytical motion models, we compare the proposed GA-DSTP model
against established kinematic baselines. As shown in Table 5.2, GA-DSTP sub-
stantially outperforms all classical baselines across ADE, FDE, and MR metrics.
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Importantly, this comparison is conservative in favor of the classical approaches,
as the reported baseline performance reflects a best-of selection across CV, CA,
CTRV, and CTRA. In other words, the classical models are evaluated as a team,
while GA-DSTP produces a single prediction conditioned only on past observations.
A key distinction lies in the information available to each approach. Classical mo-
tion models rely on a single vehicle state and a fixed motion assumption, while
GA-DSTP leverages a longer temporal history of both vehicle dynamics and driver
behavior. Figure 5.6 and Table 5.3 show that classical models perform competitively
at very short horizons but degrade rapidly beyond approximately 1.5 seconds. In
contrast, GA-DSTP exhibits significantly slower error growth across the entire pre-
diction horizon. The proximity of the upper interquartile range of GA-DSTP to the
median error of the best classical models in Figure 5.6 indicates that a substantial
majority of GA-DSTP predictions achieve accuracy comparable to or better than
classical motion models, even at longer horizons.

The per-sample win-rate analysis in Table 5.4 further confirms that these improve-
ments are not driven by a small subset of scenarios. GA-DSTP outperforms the
classical team in over half of the test samples for both ADE and FDE, demonstrat-
ing a consistent advantage on an instance-by-instance basis.

An important observation is that the relative advantage of GA-DSTP depends on
the driving regime. At higher vehicle speeds, motion tends to be smoother and more
constrained by road geometry, making it closer to the assumptions underlying kine-
matic motion models. As speed increases, the gap between GA-DSTP and classical
models therefore narrows. Conversely, at lower speeds, such as in urban driving,
maneuvering, standstill, and stop-and-go traffic, uncertainty increases and driver
influence becomes more pronounced. In these regimes, GA-DSTP shows clearer
performance gains, as it is better able to capture deviations from idealized motion
assumptions.

Turning scenarios further illustrate this behavior. As shown in Tables 5.5-5.7, GA-
DSTP provides particularly large improvements in both left- and right-turn maneu-
vers. These scenarios violate the constant-turn-rate assumptions used by classical
models and often involve early driver decisions that are not immediately observable
in vehicle state. An interesting result is that the GA-DSTP model is better at pre-
dicting right turns than left turns, in both the heavy and light category. The reason
may have to do with the dataset where right turns often occur during lower speeds
and more standardized in contrast to left turns which often has a larger turning
radius and interaction with opposing traffic. It could also be that left turns often
involve delayed or ambiguous driver intent, which makes early trajectory prediction
inherently more challenging compared to right turns that are typically executed in
a more decisive manner.

Overall, these results provide clear evidence that the proposed approach effectively

addresses RQ1, demonstrating that data-driven models can outperform classical
motion models for short-horizon trajectory prediction.
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6.3 Impact of DMS Features

To address RQ2, whether the inclusion of DMS data improves the performance
of data-driven trajectory prediction models, we analyze the contribution of driver
monitoring features through ablation studies. As shown in Figure 5.8, the degrada-
tion in performance when gaze features are masked demonstrates that GA-DSTP
has learned to actively exploit this information, rather than treating it as noise or
routing around it. This validates that the performance improvement of GA-DSTP
over DSTP (which lacks DMS and gaze features) is due to genuine utilization of
driver monitoring signals rather than architectural differences alone. The larger
degradation when masking all driver behavior features confirms that actuator sig-
nals (steering, pedals, turn indicators) remain the most informative driver inputs,
with DMS and gaze providing supplementary predictive value.

The ablation study presented in Tables 5.9-5.12 shows that incorporating DMS data
yields consistent, though modest, performance improvements across most metrics.
These gains are most pronounced in braking and turning scenarios, where driver in-
tent typically precedes observable changes in vehicle motion. The GA-DSTP model
in Table 5.12 has the lowest MR in all categories except standstill which indicates
that it is better at keeping the trajectories more reasonable than the DSTP model.
This suggests that DMS features provide complementary information that enables
earlier anticipation of upcoming maneuvers.

At the same time, the limited magnitude of the improvements highlights practical
challenges associated with driver monitoring data. Camera occlusions, unfavorable
lighting conditions, or temporary loss of visibility can degrade signal quality, reduc-
ing the reliability of gaze- and head-based features. The DMS camera was located
behind the steering wheel which implies that during sharp turns the camera was
blocked by the steering wheel or hands. Therefore, during difficult maneuvers, most
of the DMS data is unavailable. In addition, driver behavior is highly individual:
different drivers attend to different visual cues and exhibit distinct head-movement
and gaze patterns. This inter-driver variability introduces noise and limits the ex-
tent to which a single model can fully exploit DMS signals without personalization
or adaptation.

These findings are in line with Doshi et al. [17], who found that head-movement
dynamics provide a stronger indication of driver intent than eye gaze alone. A likely
reason is that gaze behavior during driving is often ambiguous, since drivers fre-
quently shift their eyes between the road, mirrors, dashboard, and other points of
interest without necessarily intending to perform a maneuver. Head movements, by
contrast, are often more closely aligned with an upcoming action and may therefore
provide a clearer indication of future vehicle motion. This may help explain why
the DMS features in this thesis yield only modest improvements overall, suggesting
that gaze-related cues alone are not always sufficient to robustly distinguish future
driving behavior.
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Overall, these findings support RQ2, showing that the inclusion of DMS features pro-
vides complementary information that improves trajectory prediction performance,
although the impact remains modest due to practical sensing limitations.

6.4 Model Limitations and Future Work

Several limitations are revealed by the quantitative results presented in Chapter 5
and by the qualitative trajectory examples in Section 5.5. Addressing these limita-
tions highlights clear directions for future research.

A primary limitation is that the GA-DSTP model does not explicitly incorporate
information about the surrounding environment, such as neighboring vehicles, lane
geometry, intersections, or traffic control elements. As a result, the model cannot
reason about interaction-driven behavior. This limitation is particularly apparent
in turning maneuvers, which often depend on external factors such as oncoming
traffic, road curvature, and intersection layout. As shown in Tables 5.5 and 5.6,
although GA-DSTP substantially outperforms classical motion models in both left
and right turns, prediction errors remain significantly higher than in straight-driving
scenarios. Qualitative examples in Figures 5.11a and 5.10a further illustrate that
delayed steering decisions or external constraints can lead to large prediction errors
even when temporal vehicle and driver data are available. Incorporating explicit en-
vironmental context would allow the model to better distinguish between different
turning outcomes and could further improve performance in these scenarios.

A second limitation concerns maneuver categorization. In this work, maneuver labels
are derived using rule-based thresholds on kinematic displacements, as described in
Section 4.2.3. While this approach is sufficient for large-scale evaluation and enables
systematic comparison across models, it may misclassify transitional behaviors, par-
ticularly during the onset and completion of turns. This effect may contribute to
the elevated error variance observed in turning categories, as reflected in Figure 5.7.
Future work could benefit from manual maneuver labeling using synchronized video
data, which would provide more accurate and semantically meaningful turn anno-
tations and enable deeper analysis of driver intent during maneuver transitions.
Further insight could be gained by analyzing samples with the highest prediction
errors. The ADE and FDE distributions shown in Figures 5.3 and 5.4 indicate
that a relatively small fraction of samples dominates the error tail. Qualitative in-
spection of these high-error cases reveals failure modes such as sudden acceleration
from standstill and delayed steering inputs. For example, the acceleration scenario
in Figure 5.9b shows that GA-DSTP fails to anticipate motion onset, while the
left-turn example in Figure 5.11a demonstrates that both GA-DSTP and classical
models struggle in cases of ambiguous or late maneuver execution. These examples
highlight the limitations of deterministic trajectory prediction in situations where
multiple future motions are equally plausible. This observation motivates future ex-
tensions toward probabilistic or explicitly multi-modal prediction frameworks that
can better capture uncertainty in real-world driving.
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Finally, while driver monitoring data contributes positively to prediction perfor-
mance, its effectiveness is constrained by sensing limitations and inter-driver vari-
ability. The ablation results in Tables 5.9-5.12 show consistent but modest im-
provements when DMS features are included, particularly in turning and braking
scenarios. Eye-gaze information provides useful cues about driver attention and
workload, but gaze signals are sensitive to noise and occlusions. As discussed in
Section 3.2.3, large steering inputs can partially occlude the DMS camera, which
coincides with situations where intent cues are most valuable. Prior work has shown
that the dynamics of head movement provide more robust indicators of driver intent
than gaze alone, particularly for anticipating turning maneuvers [17]. The scenario-
dependent improvements observed in Tables 5.10 and 5.11 are consistent with this
finding and suggest that future systems could benefit from placing greater emphasis
on head-motion dynamics, potentially combined with gaze information and driver-
specific adaptation.

6.5 Summary

This thesis investigated short-horizon vehicle trajectory prediction with a focus on
incorporating human-context information through driver monitoring data. The over-
all objective was to assess whether fusing driver-related signals with traditional ve-
hicle motion data could improve predictive performance in safety-critical ADAS
scenarios where driver intent plays a significant role.

A learning-based trajectory prediction model was developed that combines host
vehicle dynamics, actuator inputs, and DMS features within a dual-stream architec-
ture. By separating vehicle state information from driver behavior during encoding
and fusing them at a later stage, the model was designed to capture both physical
motion tendencies and anticipatory cues related to driver awareness. The use of a
multi-modal prediction framework enabled the model to represent multiple plausible
future trajectories, which is particularly important in situations characterized by be-
havioral uncertainty. Experimental results demonstrate that the proposed approach
consistently outperforms classical kinematic motion models across standard trajec-
tory prediction metrics. The performance gains are most pronounced in scenarios
involving turning, braking, and standstill maneuvers, where classical assumptions of
constant motion are frequently violated.

An ablation study further shows that incorporating DMS features leads to sys-
tematic improvements over an otherwise identical model without driver monitoring
inputs, confirming that driver awareness information provides complementary value
beyond vehicle dynamics alone. While the absolute improvements contributed by
DMS data are moderate, they are stable across scenarios and align with the in-
tended application of short-horizon prediction in ADAS. The findings suggest that
driver-related signals are particularly beneficial in situations where vehicle motion
alone is insufficient to anticipate imminent maneuvers. At the same time, the results
highlight remaining challenges related to uncertainty, data limitations, and mode se-
lection, indicating opportunities for future improvements.
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6. Conclusion

In summary, this work demonstrates that integrating driver monitoring data into
learning-based trajectory prediction models can enhance short-term prediction ac-
curacy and robustness. The results support the inclusion of human-context infor-
mation as a meaningful complement to traditional motion-based approaches in the
development of future ADAS trajectory prediction systems.
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A

Appendix 1

A.1 Description of AI-Generated Content

Artificial intelligence—based tools were used to support specific aspects of this the-
sis, primarily as writing and coding assistance, while all core ideas, methodology,
analysis, and conclusions remain the authors’ own. Copilot was used throughout the
writing process to assist in improving clarity, structure, and linguistic quality of the
text. In particular, Copilot was employed to revise and refine sentences and para-
graphs to ensure grammatical correctness, readability, and overall coherence of the
report. The generated suggestions were carefully reviewed by the authors, and only
those aligned with the intended meaning and academic standards were incorporated.

In addition, Claude Opus was used as a coding assistant during the implemen-
tation phase of the project. Claude Opus contributed to generating and refining
parts of the source code based on high-level instructions and comments provided by
the authors. All generated code was reviewed, tested, and, where necessary, modi-
fied before being integrated into the final codebase to ensure correctness, relevance,
and consistency with the project objectives.

No AI tool was used to autonomously generate scientific content, experimental re-

sults, analyses, or conclusions. The responsibility for the final content of the thesis,
including all technical decisions and interpretations, lies solely with the authors.

A.2 Hyperparameters

Below in Table A.1 the hyperparameters used when training the GA-DSTP model
are listed.



A. Appendix 1

Table A.1: GA-DSTP model configuration and hyperparameters.

Hyperparameter Value

Input Features

Host input dimension 6 (4 raw + Aspeed, Ayawrate)

Driver input dimension 22 (actuator 3, turn indicator 3, DMS ;| Asteering 1, gaze embed 8)
Gaze embedding Embedding(11 — 8), quality-weighted

CNN Encoders (per stream)

CNN channels / kernel (64, 128, 128] / k=3 with residual skip

Positional encoding Additive sinusoidal

Transformer Decoder

dodel / heads / layers 128 /8 /4

Feed-forward dim (dg) 512 (GELU)

Learned queries K X Sgut =4 x8 =232

Mode embedding 4 per-mode identity biases
Time embedding Linear(1 — 128)

Dropout 0.25

Output Heads

Trajectory head Linear(128 — 2) — (B, 6,8,2)
Confidence head 272 — 128 — 64 — 1, Log-Softmax over K
Trajectory Setup

Trajectory modes (K) 4

Prediction horizon 3.5s (8 waypoints)

Host / Driver history 1.0s (10 steps) / 3.0s (30 steps)
Sampling rate 10 Hz (downsampled from 50 Hz)
Stage 1 — Trajectory Training

Epochs (warmup) 50 (5)

Optimizer / LR AdamW / 2 x 10~*

Loss Ls1 = Lawta + Adiv Laiv

Weight decay 1x10~*

Stage 2 — Joint Fine-Tuning

Epochs (warmup) 30 (3)

Backbone / Conf head LR 1 x 107 /1 x 1073

Loss WTA +\;s x KL(soft)

Tels / )\cls 0.1 / 2.0

Weight decay 1x107°

General

Batch size / Gradient clip 256 / max_norm = 1.0
Scheduler Linear warmup + Cosine annealing
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