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Abstract
Adaptive Cruise Control (ACC) is a key component of the Advanced Driver Assis-
tance System which automatically adjusts the vehicle speed to maintain a safe dis-
tance from vehicles ahead. While current ACC strategies mainly take vehicle speed
as the dominant factor, human drivers adapt their time headway (THW) according
to a wider range of contextual factors, including infrastructure, traffic density, lead
vehicle type, and environmental conditions. This thesis adopts a data-driven ap-
proach to analyze how such factors influence car-following time gaps. Using public
trajectory datasets and the Volvo Cars sample dataset, we first extract steady car-
following states and apply regression models with permutation importance to rank
influential factors. Detailed analyses are then conducted on lead vehicle type, lane
selection, and lighting conditions, supported by statistical comparisons across traffic
groups. In addition, scenario-based studies examine interactions of multiple factors,
such as cut-in intentions and on-ramp infrastructure, using clustering methods (Hid-
den Markov Models and K-means) and sensor signal filtering. The results show that
contextual conditions affect human time gap preferences in predictable ways. These
insights provide recommendations for more adaptive and human-like ACC time gap
strategies, with potential benefits for driving comfort and user experience.

Adaptive Cruise Control, Car Following, Time Gap Control, Human Driving Be-
havior, Data-driven Analysis
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1
Introduction

Adaptive Cruise Control (ACC) is an advanced driver assistance system that au-
tomatically adjusts a vehicle’s speed to maintain either a driver-selected cruising
speed or a safe following distance from the vehicle ahead by automatically control-
ling the throttle and the brake [1]–[3]. It is believed to enhance driving safety, traffic
efficiency, and comfort by reducing driver workload and mitigating human limita-
tions in the driving process [4]–[6]. One of the most critical parameters affecting
ACC performance is the car-following time gap between vehicles. A short time gap
may increase the risk of rear-end collisions and cause more frequent, abrupt speed
oscillations, while a long time gap can lead to driver dissatisfaction and reduce road
capacity. Therefore, determining an appropriate following time gap is crucial for the
development of advanced ACC systems.
The speed of the vehicle is the primary factor considered in the current ACC func-
tion. This may cover the major scenarios, while other factors can affect the car-
following time gap. Human drivers continuously adjust car following distance not
only based on velocity, but also according to a variety of contextual factors such
as visibility, traffic density, and the behavior of surrounding vehicles. For example,
human drivers may maintain a longer time gap at night than during the day due
to reduced visibility, allowing more time to react to potential threats [7]. Simi-
larly, the presence of a lead truck may influence human drivers’ perception of risk
and choice of car-following distance [8]. Including these contextual factors can help
ACC functions operate in a more natural, intelligent, and context-aware manner,
making them better aligned with human driving behavior.
In this study, contextual factors such as visibility and infrastructure are system-
atically incorporated into the car-following time gap analysis. The findings are
cross-validated with both a public dataset and a Volvo dataset, and critical scenar-
ios are identified. These results offer implications not only for the development of
ACC functions and autonomous driving functions but also for the advancement of
traffic simulation and analysis.

1.1 Background
ACC is one of the earliest and most widely deployed Advanced Driver Assistance
Systems (ADAS). It has been 30 years for the first generation of ACC equipped
vehicles to be on the market, and it has been 22 years since the first ISO standard
of ACC systems was produced [2]. ACC systems are an extension of conventional
Cruise Control (CC) systems that adjust vehicle velocity and provide a specified
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1. Introduction

distance to the preceding vehicle by automatically controlling the throttle and the
brake. However, the application scenarios of CC are limited because the vehicle
speed cannot change according to local traffic. In order to solve this problem, ACC
system has been developed. A typical ACC system has two function modes [9]. The
first mode is traditional CC mode which is activated when there is no preceding
vehicle or the preceding vehicle is far away. This mode is also known as speed
control mode. The second mode is the distance control mode. It is activated when
the ego vehicle needs to keep the inter-distance with the preceding vehicle to avoid
a collision. In this mode the ego vehicle can automatically adapt its speed when
a preceding vehicle appears, so the application scenario of CC is largely expanded
[10].
Time gap (or time headway) is a pivotal control parameter in ACC systems, as
it governs both traffic flow efficiency and safety. Excessively short time gaps may
compromise driver safety and string stability, whereas overly long gaps can lead to
reduced traffic capacity and efficiency [11].
Current ACC systems mainly rely on vehicle speed and relative distance to determine
the time gap. While this approach captures the fundamental aspects of car-following,
human drivers adapt their time gaps to different contextual conditions. In practice,
drivers often adjust their following distance depending on factors such as road type,
visibility, and the presence of other vehicles. This study, therefore, investigates how
human drivers adapt time gaps under varying scenarios and contextual factors, and
aims to provide recommendations for more adaptive and human-like ACC functions.

1.2 Related work
Research on car-following has a long history, and numerous models have been pro-
posed to describe how vehicles follow one another on a road. Early approaches were
predominantly theory-based, relying on mathematical formulations from traffic flow
theory. Among them, kinematic models emphasized the physical aspects of vehicle
motion by considering parameters such as velocity, headway, acceleration, and rel-
ative distance. Two well-known examples are Gipps’ model [12] and the Intelligent
Driver Model [13]. They remain widely used because of their ability to reproduce
macroscopic traffic phenomena.
Psycho-physical models were introduced to account for the driver’s perception and
reaction processes. These models incorporate thresholds of perception and response
times, thereby capturing more realistic driver behavior in response to surrounding
vehicles. In parallel, models explicitly tailored for ACC emerged, focusing on the
mechanistic aspects of longitudinal control, such as throttle and braking, to ensure
safety and comfort [14].
With the increasing availability of trajectory data, data-driven car-following mod-
els have gained prominence. Leveraging machine learning and statistical methods,
these models can capture heterogeneous traffic behavior and complex interactions.
For example, Khodayari et al. [15] proposed a neural-network-based model incorpo-
rating driver reaction delay, while Kamjoo et al. [16] developed models for winter
maintenance scenarios involving snowplows, showing that accounting for driver het-
erogeneity improves predictive performance. Recent reviews highlight that such

2



1. Introduction

approaches outperform traditional models under complex traffic and mixed environ-
ments, including lane-free and pedestrian interactions [17], [18].
Despite these advances, most car-following models (theory-based, psycho-physical,
or data-driven) primarily emphasize speed, distance, and headway as the key de-
terminants of following behavior. Contextual factors, such as road type, visibility,
traffic density, and other road users, are rarely incorporated in a systematic way.
This limitation motivates the present study, which investigates how human drivers
adapt their time gaps under different contextual conditions and provides insights
for the development of more adaptive and human-like ACC systems.

1.3 Purpose
To address the challenges above, this study seeks to answer the following research
questions (RQs):

RQ1: What contextual factors influence the car-following time gap maintained by
human drivers?

RQ2: How do these contextual factors influence the car-following time gap main-
tained by human drivers?

RQ3: In which typical driving scenarios do multiple contextual factors combine to
significantly affect the car-following time gap, prompting drivers to adapt their
following distance?

RQ4: How may the ACC time gap strategy adapt to these factors?
In summary, existing car-following models have greatly advanced our understanding
of vehicle interactions. The way human drivers adapt their time gaps to different
scenarios remains insufficiently understood. Addressing this research gap is crucial
for developing ACC systems that are adaptive and human-like.
In this research, we identify contextual factors that influence human drivers’ choice of
car-following time gaps, quantify how time gaps vary across different conditions, and
highlight key scenarios where multiple factors interact. By systematically analyzing
these effects with data-driven methods, the study provides new insights into driver
behavior and offers recommendations for developing more adaptive and human-
centric ACC functions.

1.4 Scope
In this project, we focus on the analysis of car-following time gaps within ACC
application scenarios. Specifically, the study considers steady highway car-following
situations where (1) a lead vehicle is present, (2) both vehicles travel on a highway,
(3) the ego vehicle maintains a consistent following pattern, and (4) no lane-change
is performed. Within this scope, we identify contextual factors that may influence
drivers’ choice of time gaps, quantify their effects, and highlight scenarios where
multiple factors interact.
This study specifically focuses on the car-following time gap within ACC application
scenarios under steady car-following conditions. This implies that the primary focus
is on the time gap maintained when a vehicle is steadily following a preceding vehicle,

3
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without abrupt speed or gap adjustments, and in the absence of significant traffic
disruptions. Scenarios involving urban driving, lane-free, extreme weather, abrupt
braking in response to the preceding vehicle, or reactions to a vehicle already having
cut into the lane in front of the ego vehicle, do not fall within the scope of this study.

1.5 Thesis outline
This thesis is organized into four main chapters. Chapter 2 (Theory) introduces
the theoretical background relevant to this research, including regression model,
clustering model, random forest classifier and filters. Chapter 3 (Implementation)
describes the methodology, detailing the dataset, preprocessing steps, factor selec-
tion, and the data-driven modeling approach. Chapter 4 (Results) presents the main
findings of the study, with a focus on how different contextual factors influence car-
following time gaps and the research on critical scenarios. Specifically, this chapter
investigates:

• Ranking and Individual Factor Influence: A comprehensive importance
ranking of individual contextual factors influencing the car-following time gap.

• Detailed Individual Factor Analysis: In-depth analysis of specific individ-
ual contextual factors, including: (1) Lead vehicle type; (2) Number of lanes
and lane selection; (3) Lighting conditions.

• Scenario-Based Studies: Investigation of car-following time gaps in specific
scenarios, focusing on the combined influence of contextual factors: (Scenario
1): Cut-in intention of other vehicles; (Scenario 2): Passing on-ramp area
without merging vehicles; (Scenario 3): Passing on-ramp area with merging
vehicles

Finally, Chapter 5 (Conclusion) summarizes the key results, discusses their impli-
cations for ACC development, and outlines the limitations of this work along with
directions for future research.

1.6 Delimitation
This study is subject to several delimitation. The distinct characteristics of the
two datasets used in this study (the public dataset and the proprietary Volvo Cars
sample dataset) may each influence the results and should be taken into account.

• Public Dataset : A key challenge with the public dataset is the relatively
short duration of continuous car-following events. This limits the analysis of
long-term behavioral patterns and potential driver adaptation over extended
periods. Furthermore, there is no information on whether a vehicle’s ACC
function was active or not. This is a significant point of discussion, as our
study’s fundamental assumption is that all observed car-following behavior
is human-driven. The increasing ACC penetration rate in the vehicle fleet
means that a portion of the data might reflect automated rather than human
behavior, potentially influencing the statistical distributions we observed. The
dataset is also restricted to specific German motorways, which, while providing
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a rich source of high-quality data, may not fully reflect the comprehensive
driving scenarios and cultures found across the world.

• Volvo Cars sample dataset: The Volvo Cars sample dataset offers a differ-
ent perspective, capturing longer car-following durations and a wider range of
infrastructure. However, unlike the fully curated public dataset, the raw data
in Volvo Cars sample dataset requires extensive preprocessing and filtering.
These steps may introduce subtle biases into the analyzed results. In addi-
tion, the dataset is collected with test drivers rather than in fully naturalistic
settings, this recorded behavior may not perfectly represent everyday driving
patterns.

• Common Limitations: A significant limitation of both datasets is the ab-
sence of information on individual driver characteristics or driving style, as
noted by Karrouchi et al. [19]. Therefore, our analysis focuses on the collec-
tive driving patterns. As this study focuses on cars, the findings may not be
directly applicable to other vehicle classes, such as trucks or vans. For the
lead vehicle type study, we only investigate the influence of whether the lead
vehicle is a car or a truck due to the lack of data for other vehicle type, such
as motorcycles and vans, other than trucks.

Beyond the dataset-specific characteristics, our study was also subject to certain
methodological limitations: Our in-depth scenario study, focusing on cut-in inten-
tion and on-ramp interactions, was primarily conducted and verified on the public
dataset. A full cross-validation of these scenario-specific findings on the Volvo Cars
sample dataset was not performed. This means that while our conclusions are ro-
bust for the public data, the human preference car-following time gap adaption in
the Volvo Cars sample dataset remains a subject for future investigation.
The selection of the contextual factors for our analysis was necessarily restricted
to the factors available in the dataset. There may be other significant contextual
factors, such as weather conditions, road geometry, or traffic events that are not
captured in the datasets, which could also play a crucial role in influencing a driver’s
choice of time headway.
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2
Theory

Car-following behavior influenced by contextual factors is inherently complex, which
requires a combination of complementary methods to analyze. To address the re-
search questions introduced in Chapter 1, this section employs several analytical
approaches. Regression models are used to estimate the impact of contextual fac-
tors on time headway, while clustering techniques help uncover latent patterns in
driving behavior. Filtering methods are applied to improve the quality of time-series
data, and a quantitative analysis of the shortest interval is conducted to character-
ize the predominant driving performance. Together, these methods provide a robust
framework for understanding and modeling car-following gaps under different driv-
ing contexts.

2.1 Regression model
In this study, regression models are used to analyze how contextual factors influence
the car-following time gap. As widely used and powerful tools in machine learning,
regression models are suitable for discovering the relationships between a dependent
variable and multiple independent variables. They make predictions and reveal
interpretable insights into feature contributions.
In particular, Gradient Boosting and Extreme Gradient Boosting (XGBoost) are
used in handling nonlinear relationships and interactions between variables.
[20] Gradient Boosting Regressor builds an additive model in a forward stage-wise
manner. It iteratively fits new models to the residual errors made by prior models,
effectively reducing prediction error by combining weak learners:

Fm(x) = Fm−1(x) + γmhm(x)

where hm(x) is the base learner at stage m, and γm is the learning rate.
[21] XGBoost, or Extreme Gradient Boosting, is an efficient and scalable imple-
mentation of gradient boosting. It includes advanced regularization (L1 and L2),
which helps prevent overfitting, and supports parallel computation, making it highly
suitable for large-scale regression tasks.
In our study, Gradient Boosting Regression model and XGBoost Regression model
are used to estimate the car-following time headway based on multiple factors. By
modeling THW as a function of these features, we aim to assess the importance of
individual features.

• Gradient Boosting and XGBoost can capture nonlinear dependencies and
feature interactions that are typical in human driving behavior.
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• They are robust to multicollinearity and can handle heterogeneous feature
scales without preprocessing.

• These models provide feature importance estimates that are helpful for inter-
pretability and policy recommendation in driver behavior analysis.

• Their regularization techniques help prevent overfitting, making them ideal for
real-world noisy traffic data.

By combining high prediction accuracy with interpretability, these regression models
are well-suited for estimating the relative influence of driving factors on car-following
time gaps.

2.2 Permutation Importance
Permutation importance is a model-agnostic technique designed to quantify the
contribution of predictor variables to a model’s predictive performance. The key
idea is to randomly permute the values of a feature, thereby breaking its relationship
with the response variable, and then measuring the resulting increase in prediction
error. A greater increase in error indicates that the feature plays a more important
role in the model. Permutation importance methods are used to correct biases in
feature importance assessments and are particularly useful for tree models and other
complex algorithms [22].
Traditional feature importance measures often suffer from bias: variables measured
on larger scales or those with many categories tend to appear artificially more im-
portant [23].
Permutation importance addresses this issue by using a performance-based criterion
that is not affected by the scale or number of categories. This makes it particularly
suitable for complex machine learning models, such as random forests, gradient
boosting, or neural networks.
In applied research, permutation importance has proven useful in domains where
interpretability and robust variable selection are crucial. For example, Su et al. [24]
applied this method to traffic event detection, showing that identifying influential
flow variables through permutation-based assessment improved detection accuracy.
Similarly, in bioinformatics and medical research, Altmann et al. demonstrated that
permutation-based correction yields more stable and unbiased feature importance
rankings compared to standard random forest measures [22].
By applying permutation importance, we are able to rank contextual factors ac-
cording to their influence, which offers clear evidence for analyzing the influence of
individual factors in car-following behavior.

2.3 Clustering Method
Understanding and categorizing driving behavior patterns is essential for traffic be-
havior analysis. Clustering methods are widely used to identify typical behavioral
modes. In this study, we focus on two representative clustering approaches: the
Hidden Markov Model (HMM), which captures temporal and latent-state dynam-
ics for time series data, and K-Means, a classical clustering algorithm suitable for
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grouping multivariate observations based on factor similarity.

2.3.1 Hidden Markov Model
HMM is a probabilistic framework commonly used for modeling the dynamics of
multivariate time series, where the observed data are considered as stochastic func-
tions of an underlying, unobservable (hidden) finite-state Markov process. In this
context, the hidden states represent distinct behavioral modes or regimes, and the
model captures both the temporal dependencies between states and the distribution
of observations conditioned on those states. Zhang et al. fuse traffic contextual in-
formation into the driving behavior estimation of target vehicles by using continuous
HMMs [25]. Yue Zhanga and Yajie Zou use the Nonhomogeneous Hidden Markov
Model to decompose the merging processes into primitives containing semantic in-
formation [26].
An HMM is defined by:

• A set of hidden states X = {x1, x2, ..., xN} that evolve according to a Markov
chain.

• An observation sequence O = {o1, o2, ..., oT } where each observation ot is gen-
erated from a probability distribution conditioned on the current hidden state.

• A transition probability matrix A = [aij] defining the probabilities of switching
from one hidden state to another.

• An emission probability distribution B for generating observations from each
state.

• An initial state distribution π.
In this study, HMM is applied for: Car-following behavior clustering and pattern
recognition, and for Cut-in behavior modeling.
HMM is particularly suitable for these use cases since driver behavior involves tran-
sitions between discrete but unobservable modes, the latent-state formulation of
HMM allows for the detection and interpretation of early-stage transitions, which is
crucial for pattern recognition and prediction tasks in traffic scenarios.

2.3.2 K-means Model
K-Means is a widely used unsupervised machine learning algorithm for partitioning
data into a predefined number of clusters. It is particularly effective for identi-
fying groupings in multivariate space where similar observations are located close
to one another based on a distance metric, typically the Euclidean distance. The
algorithm iteratively refines cluster assignments by minimizing the within-cluster
variance, which makes it computationally efficient and easy to implement. Higgs
and Abbas use k-means to segments and clusters car-following behaviors based on
eight state–action variables and get state–action clusters that define the driving
pattern of drivers [27].
Formally, given a set of observations X = {x1, x2, . . . , xn}, where each xi ∈ Rd,
K-Means aims to partition the data into K clusters C = {C1, C2, . . . , CK} such that
the total within-cluster sum of squares is minimized:
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arg min
C

K∑
k=1

∑
xi∈Ck

∥xi − µk∥2

where µk is the centroid of cluster Ck.
In this study, K-Means is applied to analyze and categorize different types of driver
deceleration behavior using features such as maximum deceleration, average decel-
eration, and deceleration duration.
K-Means is an appropriate choice for this task since it is fast and simple, allowing for
efficient experimentation with different clustering configurations and enough for this
case due to the data distribution is easy to separate in different cluster by the distinct
features. It provides interpretable cluster centers that can serve as representative
behavioral profiles.
These clustering methods enable the identification and interpretation of driving
patterns, which is essential for analyzing how contextual factors shape car-following
behavior.

2.4 Random Forest Classifier
The Random Forest Classifier is a powerful and widely used ensemble machine learn-
ing algorithm, particularly effective for classification tasks. A Random Forest con-
structs a "forest" of multiple decision trees during its training phase. The process
involves two key randomization mechanisms:

• Bagging (Bootstrap Aggregating): For each individual decision tree in the
forest, a separate training dataset is created by bootstrapping from the original
training data. Data points are randomly sampled from the original dataset. As
a result, each bootstrap sample will likely contain some duplicate data points
and omit others, ensuring diversity among the training sets for different trees.

• Random Feature Subspace Selection: When building each decision tree, at
every node split, a random subset of features is selected from the total available
features. The algorithm then searches for the best split. This additional
layer of randomness further decorrelates the trees, preventing any single highly
predictive feature from dominating all trees and thereby reducing the variance
of the overall model.

Each tree is grown to its maximum possible depth without pruning (or until a min-
imum number of samples per leaf node is reached). For a new, unseen observation,
each decision tree in the forest makes an independent prediction. In the case of
classification, the final output of the Random Forest is determined by a majority
vote among all the individual tree predictions.
In this study, Random Forest Classifier is used for selecting the key features for
the scenarios analysis. The Random Forest Classifier was particularly well-suited
for the task due to its ability to handle non-linear relationships inherent in complex
driving behaviors, its robustness to noise, and its capacity to provide intrinsic feature
importance scores. This latter capability is good for identifying which feature that
have the most significant influence on the distribution model [28].
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2.5 Filters

2.5.1 Butterwort Low pass filter
The Butterworth filter is a type of signal processing filter designed to have a fre-
quency response that is as flat as possible in the passband. This characteristic is
crucial as it minimizes distortion to the desired signal components. Unlike other
filters (e.g., Chebyshev filters) that might exhibit ripples in the passband, the But-
terworth filter maintains a smooth, monotonic frequency response.
For a low-pass Butterworth filter of order N , its squared magnitude response |H(jω)|2
is given by:

|H(jω)|2 = 1
1 +

(
ω
ωc

)2N

where:
• ω represents the angular frequency of the input signal.
• ωc is the cutoff angular frequency, often defined as the frequency at which the

filter’s power output is half of the input power (i.e., -3 dB point). Signals with
frequencies significantly below ωc are passed with minimal attenuation, while
those significantly above ωc are attenuated.

• N is the filter order, which determines the steepness of the filter’s roll-off in the
stopband. A higher order N results in a sharper transition from the passband
to the stopband, meaning a more aggressive attenuation of high-frequency
components.

The key advantages of the Butterworth filter for this application are its maximally
flat passband, which preserves the integrity of the slow-varying lighting signal, and
its smooth, monotonic roll-off in the stopband, which avoids introducing unwanted
oscillations or ringing artifacts into the filtered data.

2.5.2 Gaussian smoothing filter
A Gaussian smoothing filter is a linear filter that uses a Gaussian function to cal-
culate the weights of the neighboring data points. When applied to a time-series
signal, it replaces each data point with a weighted average of its neighbors, where
the weights are determined by a Gaussian curve. Data points closer to the center of
the window receive higher weights, while those further away receive lower weights.
The one-dimensional Gaussian function is given by:

G(x) = 1
σ

√
2π

e− x2
2σ2

where:
x is the distance from the center of the distribution (or the current data point).
σ is the standard deviation of the Gaussian function. This parameter is crucial
as it controls the "width" of the smoothing kernel and, consequently, the degree of
smoothing. A larger σ results in a wider kernel, incorporating more distant data
points into the average and thus leading to more aggressive smoothing.
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This effectively blurs the signal, reducing high-frequency noise and smoothing out
sudden fluctuations. A key characteristic of the Gaussian filter is that it prioritizes
nearby points more heavily, providing a very natural and gentle smoothing effect
that minimizes the introduction of artificial sharp edges or oscillations that can
sometimes be associated with other types of filters.
Both filtering methods are employed to preprocess the time-series data from the
Volvo Cars sample dataset, ensuring the removal of noise for further analysis.

2.6 Shortest Interval with majority of the data
In this study, we derive a quantitative analysis method that we use consistently
throughout this study to extract the shortest interval with the majority of data
from the data distribution. This approach is inspired by the principles of statistical
hypothesis testing, Standard statistical practices use quantiles (e.g., interquartile
range for 50% or 5th-95th percentile ranges) to describe the spread of the bulk of
the data. For example, Akhilesh et al. use 85 quantile as one of the Statistical
parameters to model time headway distribution [29]. We optimized it in a way that
more suitable for our situation, where the distribution is multimodal or skewed and
percentile cuts from the ends might not capture the true "majority" peak.
The idea of the algorithm is for a density distribution, we calculated the cumula-
tive density function of the distribution, then calculate the shortest interval for the
distribution axis that encompasses majority of the probability.
This shortest interval method is applied in the analysis of single contextual factor
influence and scenario-based studies to consistently capture the predominant driving
behavior.
In summary, the methods presented in this chapter provide a complementary toolkit
for analyzing car-following time gaps under different driving contexts. Regression
models and permutation importance quantify the influence of individual factors,
while clustering techniques reveal latent behavioral patterns. Filtering methods
ensure data quality. In addition, the shortest-interval approach offers a consistent
measure of predominant behavior in multimodal distributions. These methods form
a framework that directly supports our analysis of contextual factors and scenario
studies.
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With the theoretical methods introduced in Chapter 2, this chapter explains how
they are implemented with the available datasets. We begin by describing the
datasets used in this study and the data preprocessing steps. A steady car-following
filter is then constructed and compared with an experienced-based filter, provid-
ing the foundation for selecting valid car-following segments. Following the overall
research outline, the chapter proceeds with a detailed explanation of the analyt-
ical workflow, including multi-factor ranking, selected single-factor analysis, and
scenario-based studies.

3.1 Dataset
This project utilizes two primary sources of naturalist driving data for analysis: pub-
licly available datasets highD and exiD, and a Volvo Cars sample dataset. While
both sources contain a large quantity of data on vehicle trajectories and driving
contents, including fundamental parameters like vehicle speed, acceleration, and dis-
tance headway, they also possess distinct information that complements the overall
study.

1. highD and exiD, large-scale vehicle trajectory datasets collected from German
highways.The two datasets are collected on different types of road infrastruc-
ture. The highD dataset provides naturalistic driving trajectories on straight
highway segments, whereas the exiD dataset covers highway sections with on-
and off-ramps. This distinction enables a more comprehensive analysis of car-
following behavior in relation to straight roads and ramp areas.

2. Volvo Cars sample dataset, a dataset collected by test vehicles from multiple
countries and locations. The real-world driving data complement the public
datasets by providing longer car-following durations, diverse infrastructures
and lighting condition.

3.1.1 Public Datasets: highD and exiD
For the analysis of public data, we utilize two well-known datasets: highD and exiD
which provide extensive vehicle trajectory data collected on German highways by
drone.

• The highD dataset provides vehicle trajectory data collected on German high-
ways, focusing primarily on straight lanes without ramps. Making it suitable
for analyzing car-following behavior without the complexities of ramps [30].
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• The exiD dataset includes highway infrastructure with both on-ramps and off-
ramps, capturing more complex merging and diverging behaviors.This allows
for the capture and analysis of more complex merging and diverging behaviors,
which are crucial for understanding car-following in dynamic traffic environ-
ments [31].

Both highD and exiD datasets are naturalistic driving data collected from an aerial
perspective on German Highways using a drone at 6 different locations by the team
from the Institute for Automotive Engineering, RWTH Aachen University [30], [31].
These datasets include information about the vehicle classes, widths, sizes, driving
dynamics such as velocity, accelerations, time gap, information about surrounding
vehicles, and the infrastructure information of all the passing vehicles within the
record road section, which are essential for our project which make it suitable for
constructing realistic car-following scenarios due to their detailed information on all
road users and infrastructure.
The main difference between the two datasets is the ramp infrastructure. This en-
ables us to investigate and compare the car-following behavior with and without
the influence of ramps and merging vehicle. Furthermore, since the dataset records
comprehensive information and assigns a unique identifier (ID) to all vehicles cap-
tured in the recording, we are able to extract the trajectories of surrounding vehicles
relative to the ego vehicle, as well as other information such as vehicle type. This
allows us to thoroughly investigate the influence of other road users on car-following
behavior. In our study, we assume that human drivers drive all the vehicles recorded
and analyzed, and that ACC is not activated.

Based on these public datasets, our analysis investigates the influence of the fol-
lowing factors and scenarios on car-following time gaps:

• Cut-in intention of other vehicles
• On-ramp areas (with and without merging vehicles)
• Number of lanes and lane selection
• Lead vehicle type

3.1.2 Volvo Cars sample dataset
Volvo Cars sample dataset is a high-quality naturalistic driving dataset collected by
the data center at Volvo Cars. In this study, we only utilize manual driven data
collect on highway/motorway. Compared to public datasets, it offers longer car-
following driving sequences and additional information, including lighting condition
and road curvature. These features enable analysis of conditions that are not covered
by public datasets. The dataset also assigns a unique ID to other road users, allowing
for the study of the influence of surrounding vehicles. Since it’s recorded in multiple
countries and locations in different road infrastructure and conditions, the Volvo
Cars sample dataset also provide more data variability. These additional inputs
allow for a more comprehensive understanding of driving behavior under real-world
conditions.
Since the data are collected by professional test drivers on test purpose, their driving
behavior tends to be more by the book, more consistent, and steadier compared to
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that of naturalistic everyday driving.
Figure 3.1 illustrates the longitudinal velocities of a leading vehicle and its following
ego vehicle from a random drive segment within the Volvo Cars sample dataset. It
can be observed that the ego vehicle closely follows the lead vehicle, and their speeds
are highly correlated for most of the duration.

Figure 3.1: Longitudinal velocity for leading and ego vehicles (ID: 20060) during
a car-following event from the Volvo Cars sample dataset.

The additional inputs available in the Volvo Cars sample dataset allow for a more
comprehensive understanding of driving behavior under real-world conditions, par-
ticularly concerning environmental and contextual factors not typically available in
public datasets. Specifically, the Volvo Cars sample dataset enables us to explore
the impact of:

• Lighting conditions (e.g., day vs. night driving)
• Number of lanes and lane selection
• Lead vehicle types

Incorporating these factors allows for a more adaptive ACC system that better
imitates human driving preferences.

3.2 Data Pre-processing
We performed a consistent analysis across heterogeneous datasets (highD, exiD,
and Volvo Cars sample dataset). Core features such as surrounding vehicles, lane
information, and environmental conditions are processed in a similar and comparable
way, while dataset-specific adjustments are applied due to the existing differences
in datasets.
The public datasets are already calibrated by the data owner using state-of-the-
art computer vision algorithms, exhibit typical positioning errors of less than ten
centimeters [30]. This high level of pre-calibration allows for the direct application
of the steady-state car-following filter. In contrast, the Volvo Cars sample dataset
requires specialized pre-processing, including removing outliers and noise, before
similar filters can be applied. Differences also exist in the processing of infrastructure
data between the two sources.
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Gaps accurately reflect scenarios relevant to typical ACC function application; we
made specific data selection choices. We limited the dataset to vehicle-following
instances that occur on a highway. Since ACC systems are mainly designed for and
engaged in these types of roads, characterized by multi-lane traffic, higher speed
limits, additionally, the data used were restricted to highway/motorway driving and
vehicle-following instances where the ego vehicle’s speed was within the range of 20
– 40 m/s. Since where traffic is typically uncongested and flowing relatively freely
so human drivers prefer to use the ACC function, and the majority of the public
data falls into this speed range.
The main steps are as follows:

1. Surrounding Vehicles: For each ego vehicle under study, we identify the
surrounding vehicles. Using the unique vehicle ID and the frame index, we
extract the dynamics (velocity and acceleration) of both ego and surrounding
vehicles.

• In the highD dataset, this is achieved directly using the provided unique
IDs and frame numbers.

• In the exiD dataset, a similar procedure is applied; however, the lane
has been separated into segments for further discussion of different roads
close to the on-ramp and off-ramp infrastructure. Therefore, we need
to collect the fragment information and store the information to a json
file so that we know whether the ego vehicle is passing by on/off ramp
section, which is one of the scenarios we are interested in.

2. Lane Identification Lane information is essential for determining the driving
context of the ego vehicle.

• In the highD dataset, the lane number detected by the drone provides
the current lane of the ego vehicle.

• In the exiD dataset, lanes are further divided into segments, particularly
to capture behavior near on- and off-ramp sections. Segment information
is stored in a JSON file to preserve this context.

• In the Volvo Cars sample dataset, lane information is obtained from HD
map and cross-verified with the detection of vehicle perception system.

3. Environmental and Sensor Signals. These factors are provided only in
Volvo Cars sample dataset, so the preprocessing is only based on this dataset.
Lighting Condition
Volvo Cars sample dataset provides a numerical indicator for the ambient
lighting conditions during each drive. This data ranges from 0 to 10000 (arbi-
trary units). As illustrated in Figure 3.2 and Figure 3.3, a significant amount
of the collected data is distributed at the extreme ends of this range, specif-
ically around 0 (representing very dark conditions) and 10000 (representing
very bright conditions).
This data proved to be sensitive to road conditions. We observed signifi-
cant noise influence and sudden drops in brightness values, presumably caused
by environmental factors such as the vehicle driving under trees or bridges,
which would lead to abrupt reductions in light readings. This required further
scrutiny and potential mitigation strategies to ensure the reliability of lighting
condition analysis.
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Figure 3.2: Count of lighting condition
data points across different bins in the
Volvo Cars sample dataset.

Figure 3.3: Number of files (car-
following drives) by mean light condition
bin, showing data distribution by drive.

The two pre-processing approaches for lighting condition data are as follows:
• Method 1: Custom Thresholding and Gaussian Smoothing. This

approach was designed to specifically target sudden data drops and gen-
eral noise.
(a) Outlier Removal: To eliminate sudden drops in brightness values,

a rolling mean window was applied to the lighting condition data.
A dynamic threshold, determined by this rolling mean, was then
set. If a data point deviated excessively from the rolling mean and
surpassed this threshold, it was identified as an outlier and replaced
by the corresponding rolling mean value. This method effectively
mitigates abrupt, presumably erroneous, light reductions.

(b) Noise Reduction: Following outlier removal, a Gaussian smoothing
filter was applied to the data. Gaussian filters are particularly suit-
able for smoothing out general noise and high-frequency fluctuations
while preserving the overall trend of the signal, given their bell-
shaped weighting function that prioritizes values closer to the center
of the window.

• Method 2: Time-Frequency Conversion with Butterworth Fil-
ter. This method leveraged frequency domain analysis for noise and
artifact suppression.
Low-Pass Filtering: To isolate noise and sudden drops, which typically
manifest as high-frequency components. A low-pass Butterworth filter
was applied to the lighting condition data. Butterworth filters are known
for their maximally flat frequency response in the passband and mono-
tonic roll-off in the stopband, making them ideal for effectively filtering
out high-frequency noise and sudden signal artifacts without introducing
significant ripples or phase distortion in the desired low-frequency signal,
thus preserving the underlying trend of the brightness.

Here’s examples of the raw and processed lighting signals using the first method,
which combines a custom threshold with a Gaussian filter. Figures 3.4 and
3.5 display the lighting condition evolution for random drives, both in their
original form and after the application of this smoothing technique.
As can be observed from these examples, the applied filtering effectively mit-
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Figure 3.4: Raw and Processed Light-
ing Condition Evolution with Smoothing
for Random Drives Example 1

Figure 3.5: Raw and Processed Light-
ing Condition Evolution with Smoothing
for Random Drives Example 2

igates or removes sudden drops in the data. Furthermore, the Gaussian filter
effectively removes high-frequency noise, while the custom threshold helps to
eliminate glitches or spurious readings in the raw brightness signal. This pre-
processing ensures that the lighting condition data used for subsequent analysis
is more stable and accurately reflects the ambient brightness.
Then we evaluate the processed lighting signal using the second method, which
employs a Butterworth low-pass filter in the frequency domain. Figures 3.6
and 3.7 present examples of the raw and Butterworth-filtered lighting condi-
tion signals for random drives.

Figure 3.6: Raw and Butterworth-
Filtered Lighting Condition Evolution
for Random Drives Example 1

Figure 3.7: Raw and Butterworth-
Filtered Lighting Condition Evolution
for Random Drives Example 2

As observed in Figures 3.6 and 3.7, the Butterworth filter demonstrates a simi-
lar effectiveness in smoothing the signal compared to the custom threshold and
Gaussian filter method. It successfully mitigates sudden drops and effectively
removes high-frequency noise from the signal.
However, certain characteristics inherent to Butterworth filters are also visi-
ble. For instance, in Figure 3.7, a small ripple is noticeable at the onset of
the filtered signal. Additionally, in Figure 3.6, the filtered brightness values
occasionally drop slightly below zero. These phenomena are attributable to
the Butterworth filter’s design. While it offers a maximally flat passband and
a monotonic roll-off (a key advantage for preserving signal integrity within
the desired frequency range and avoiding sharp discontinuities), its infinite
impulse response (IIR) nature can sometimes introduce minor ringing arti-
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facts or, when applied to non-negative signals, produce small negative values.
This occurs because the filter’s impulse response can have negative compo-
nents, which, when convolved with a signal near zero, can result in temporary
negative outputs.
Despite these minor trade-offs, the results obtained from the Butterworth fil-
tering are acceptable and yield conclusions similar to those derived from the
custom threshold and Gaussian filtering method. Furthermore, the Butter-
worth filtering approach is often more straightforward to implement and less
complex in terms of parameter tuning compared to developing a custom thresh-
olding and smoothing pipeline, making it a robust and efficient alternative for
signal preprocessing.
This dual-approach was adopted to compare and verify the effectiveness of
different signal processing techniques from varied perspectives, ensuring a ro-
bust and reliable processing method for lighting condition data. This dual
approach served as a verification step, allowing us to assess if both methods
yielded consistent underlying brightness trends, thereby increasing confidence
in our processed data.

3.3 Steady Car-following Filter
Since this study specifically focuses on the car-following time gap under steady-
state conditions, it is imperative to derive a comprehensive and robust criterion to
accurately filter steady car-following data from the raw datasets. A meticulously
defined steady car-following criterion is crucial to avoid introducing bias into the
dataset, which is fundamental to the reliability of our subsequent analysis.
From the literature review, a rule-based steady car-following criterion has been
proposed by Loulizi [32]. This criterion includes the following conditions:

1. There is a lead vehicle, and the lead vehicle does not change during the car
following state.

2. Ego vehicle does not change its lane during the car following state.
3. Absolute value of the speed difference between the lead vehicle and ego vehicle

< 5%
4. Acceleration and deceleration during the event < 0.2 m/s2

5. Time headway < 4 s
6. Distance headway < 100 m

To determine the suitability and validity of this filter criterion for our specific
datasets and to ensure it does not introduce unintended bias, we conducted an
analysis of this criteria and identified typical steady car-following patterns from the
public data. This internal validation process was essential to confirm the fundamen-
tal assumptions of our study.
To effectively model and describe the dynamic relationship between the lead vehicle
and the ego vehicle, the following steps are taken to select the feature to ensure the
robustness and interpretability of for the car following pattern recognition model:

1. Select all contextual features from the public datasets, which may influence
drivers’ choice on car-following time gap. These features capture the essential
aspects of car-following behavior.
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2. A Standard Scaler is applied to the selected feature data to ensure that each
feature contributes equally to the analysis, preventing features with larger
scales from dominating.

3. Principal Component Analysis (PCA) is applied to identify the most signif-
icant underlying patterns in high-dimensional data, thereby simplifying the
model and mitigating multicollinearity. Working with many features directly
increases the computational complexity of training and interpreting the HMM.
If highly correlated features are fed directly into a clustering model like HMM,
it can lead to less reliable clustering results since multicollinearity can make
the model’s parameters less stable and more sensitive to small changes in the
input data. PCA is an appropriate choice here since it effectively reduces
the dimensionality of the dataset while preserving most of the variance by
transforming correlated features into a set of linearly uncorrelated variables.

4. The results of the PCA are then visualized. We also thoroughly examined
the explained variance ratio and its cumulative sum to determine the optimal
number of principal components that capture a substantial portion of the
dataset’s variance. Furthermore, feature importance was assessed through the
analysis of component loadings.

Through these methods, we discovered that ego vehicle acceleration, distance head-
way, and the speed difference between the preceding vehicle and the ego vehicle
emerged as the contextual and important features for modeling the dynamic rela-
tionship in car-following scenarios, which is also the factor used in the rule based
filter criteria, suggesting that the rule base filter feature selection is reasonable.
To gain a deeper understanding of car-following behavior and identify distinct steady
car-following patterns, an unsupervised clustering approach was employed. Initially,
data was filtered to include only instances where a vehicle was following another, un-
der the filter criteria: distance headway of less than 120 meters and a time headway
of less than 5 s.
Subsequently, the set of contextual features capturing the vehicle’s dynamic state
was selected: ego vehicle acceleration, distance headway, speed difference between
the preceding and ego vehicles, mean acceleration, and mean speed difference. These
selected features were then standardized using the same Standard Scalar, consistent
with the previous method to ensure uniform scaling.
An HMM model was then applied to cluster the car-following behavior into distinct
states. HMMs are particularly suitable for this task because they can model sequen-
tial data, capturing both the underlying hidden states (car-following patterns) and
the probabilistic transitions between these states, which is essential for understand-
ing dynamic behaviors over time. They allow for the identification of behavioral
patterns that might not be immediately apparent from individual data points.
The optimal number of hidden states for the HMM was determined using the elbow
method, which indicated that four states provided the most appropriate balance
between model complexity and explanatory power. Ultimately, a robust HMM was
trained, effectively clustering the car-following behaviors into these four distinct
groups, each representing a unique car-following pattern.
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3.4 Multi-factor Importance Ranking
To investigate the impact of driving dynamics, surrounding road users, road in-
frastructure, and other environmental factors, we first aggregated and preprocessed
trajectory data from files in different maps. We selected Map 2 in the exiD dataset
as the primary infrastructure for this study due to its clearly defined lane structure
and well-separated regions, including the main road and the acceleration lane. The
dataset was filtered to include only three vehicle types: car, van, and truck (denoted
as trackClass 0, 1, and 2, respectively). For each vehicle, a unique identifier was
created by combining its file ID and track ID.

3.4.1 Factor Selection and Grouping
The ego vehicle in this study is restricted to cars, as the focus of this research is on
car driving behavior.
The selection of factors in this study follows the driver–vehicle–environment frame-
work discussed by Han et al. , which emphasizes that realistic car-following model-
ing should incorporate driver–vehicle dynamics, surrounding road users, and broader
traffic environment conditions [33]. Accordingly, we include variables representing
vehicle motion (velocity, acceleration, relative speed), interactions with surrounding
vehicles (e.g., presence of lead, rear, and alongside vehicles in adjacent lanes), and
traffic measures (traffic flow and density).
For infrastructure-related variables, previous research has shown that the design of
the acceleration lane significantly affects vehicle behavior near on-ramps. Kita found
that longer merging lanes can alter how mainline drivers adjust their spacing [34].
This supports our inclusion of distance-to-merge-point and acceleration-lane-end
distance as contextual features, since they capture the spatial constraints influencing
driver anticipation and gap adjustment in merging areas.
In the Volvo Cars sample dataset, we also include additional environmental factors
such as lighting conditions and wiper status. However, after filtering for stable car-
following data, the processed curvature values were consistently within the range of
–0.001 to 0.001, indicating that all selected segments were essentially straight road
sections[35]. Therefore, curvature was not included in the subsequent analysis.
We focus only on vehicles located in the target lane. Therefore, we use the lane IDs
provided in the dataset’s Lanelet2 map to generate a map information file (data.json)
for lane matching.
Since speed is the dominant factor in keeping a car-following time gap, we computed
the mean velocity for each vehicle instance and categorized vehicles into three speed
groups:

1. 20 – 25 m/s
2. 25 – 30 m/s
3. 30 – 35 m/s
4. 35 – 40 m/s

However, in the research in the public dataset, the data ranging 35 – 40 m/s are
really limited, so we only compare the other three speed groups. Additionally, jerk
was derived as the time rate of change of acceleration using a fixed frame interval
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of 0.04 s.
The factors selected from the public dataset are:

1. Vehicle dynamics:
(a) Velocity
(b) Acceleration
(c) Relative speed to the lead vehicle

2. Lead vehicle type: car / truck
3. Traffic:

(a) Traffic flow: Number of unique vehicles passing through the exit lane
within a one-second window centered on the current frame.

(b) Traffic density: Number of vehicles across all same-direction lanes at the
current frame. Since vehicles are counted within the same frame, the
roadway segment length considered is identical for all measurements.

4. Other road users:
(a) Other road users include vehicles on the left and right side, including the

presence of vehicles in the lead, rear, and alongside positions. They are
derived from ID fields (leftLeadId, leftRearId, leftAlongsideId, rightLea-
dId, rightRearId, rightAlongsideId).

(b) Lateral distance to the right-side vehicle was computed based on vehicle
offsets and widths.

5. Infrastructure:
(a) Distance to the end of the acceleration lane, calculated based on map-

specific geometric rules.
(b) Distance to the merging point (distJoin), which can be positive or nega-

tive depending on vehicle location relative to the merge.
(c) Lateral offset from the lane center was used to estimate lateral distances

to neighboring vehicles.
Features were preprocessed to ensure comparability across variables. Continuous
features (e.g., velocity, acceleration, lateral offset) were standardized to have zero
mean and unit variance, facilitating model convergence and avoiding scale domi-
nance. Traffic flow and traffic density values, which have bounded but skewed dis-
tributions, were normalized using min–max scaling to the [0,1] range. Binary and
categorical variables, such as the presence of surrounding vehicles and lead vehicle
type, were retained in their original form to preserve interpretability.[36] There are
no missing or invalid entries because the dataset has undergone initial preprocessing
before being published.

3.4.2 Regression model and permutation importance
A Gradient Boosting Regressor model is trained for each velocity group. An 80/20
train-test split was used within each group. After fitting the model, permutation im-
portance was computed to evaluate the contribution of each feature to the prediction
of time headway.
The feature importance results were visualized using heatmap plots. Additionally,
the plots are shown without velocity-related features, such as velocity, acceleration,
and jerk, to better understand the influence of other contextual factors.
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Although we also experimented with the XGBRegressor, it did not significantly
affect the results, and the Gradient Boosting Regressor was retained for final analysis
due to comparable performance and interpretability.

3.5 Baseline time gap for traffic group
In our study, to evaluate if a particular variable significantly influences the car-
following time gap, we proceed as follows: we construct two distinct traffic groups
by applying identical and consistent filtering criteria to the data, with the sole ex-
ception of the single variable under investigation. For each of these variable-effected
traffic groups, we then calculate key statistical measures including the mean, stan-
dard deviation (std), 25th percentile, 75th percentile, and the majority data selection
which mean the shortest interval that contain most of the data. This systematic
quantitative analysis of differences across groups allows us to rigorously assess the
influence of the single factor on car-following time gaps. This method is inspire by
the common use of Kolmogorov-Smirnov (K-S) test to study whether distribution
are significantly difference [29].

The time headway (THW) distribution across different traffic groups typically ex-
hibits a trapezoidal shape as we can observe from Fig 3.8. This characteristic dis-
tribution is marked by a high concentration of data points in the central portion,
representing the preferred or common time gaps, while fewer data points (often
considered outliers) are distributed at the lower and upper tails of the range. Our
primary interest lies in analyzing this central, or majority, time gap chosen by human
drivers, as these time headway values are generally perceived as safe and comfort-
able by most. This focus allows us to specifically filter out scenarios where the time
headway might be excessively small (indicating following too closely, with a high risk
of collision) or unnecessarily large (suggesting an excessively far following distance
that potentially reduces road capacity). These driving behavior (too conservative or
too aggressive) are not representative of a driver’s preferred or stable car-following
behavior under normal conditions, nor are they the intended operational scenar-
ios for ACC systems,. Including them would skew the analysis towards reactive,
high-risk situations rather than typical following patterns.
To systematically identify where the majority of the data points are distributed
within a given traffic group, we derived the algorithm to identify the shortest interval
containing the majority (specifically, 90%) of the time headway data points within
a given traffic group 2.6. The choice of 90% as the threshold for this majority
selection was made after empirical observation of the time headway distributions
across various traffic groups and lane types within the dataset, it robustly captures
the central, "flat" or most dense region of these trapezoidal distributions as we
seem in Fig 3.8. This central region represents the predominant and most preferred
time headway choices made by the majority of drivers under typical car-following
conditions. This threshold effectively excludes the "triangle areas" or tails at both
ends of the distributions. The process unfolds in several steps:

1. Density Distribution Estimation: First, the density distribution of the
time headway for the single-variable-effected traffic group is calculated us-
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Figure 3.8: Time headway distribution for Truck leads data, highlighting 80% of
the data in shortest interval(20 – 30 m/s, Volvo Cars sample dataset)

ing Kernel Density Estimation (KDE). This provides a continuous probability
density function (f(x)) for the time headway values (x).

2. Normalization: To ensure that the total area under the density curve is
unity, thus avoiding any bias from varying sample sizes or scales, the estimated
density distribution is normalized. This effectively transforms it into a true
probability distribution.

3. Cumulative Density Computation: The cumulative density function is
then computed from the normalized density distribution. This function rep-
resents the probability that a time headway value is less than or equal to a
given point, providing a continuous sum of the probabilities.

4. Shortest Interval Identification: From the cumulative density function,
we systematically search for the shortest interval on the time headway axis
that encompasses 90% of the data’s total probability. This involves iterating
through all possible start and end points on the time headway axis and iden-
tifying the interval for which the difference in cumulative density is at least
0.9, while simultaneously minimizing the length of that interval.

This robust method allows us to quantitatively characterize the central tendency
and spread of preferred time gaps, enabling a focused analysis on the most typical
human driving behaviors rather than being skewed by outliers.
The statistical baseline is made on recording locations that have 2 lanes. The data
is calculated on the inner lane for velocity over 20 m/s using highD dataset.

Time headway (s) mean 25% 75% std
All speed highway 1.19 0.75 1.50 0.59

20 – 25 m/s highway 1.18 0.73 1.50 0.61
25 – 30 m/s highway 1.17 0.72 1.47 0.59
30 – 35 m/s highway 1.21 0.76 1.53 0.60

>35 m/s highway 1.21 0.75 1.55 0.60

Table 3.1: Baseline calculated with straight lane data
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3.6 Selected individual factors analysis
In this section, we delve into the individual influence of specific factors on the car-
following time gap, which are of particular interest to this study. We closely investi-
gate the impact of:Lead vehicle types, Number of lanes and lane selection, Lighting
conditions. These feature are chosen given the following reason: Firstly, they play
a notable role in shaping time headway preferences from factor important ranking
4.2. especially for lighting condition from the Volvo Cars sample dataset result. Sec-
ondly, For highly dynamic and real-time influencing factors such as the immediate
presence and behavior of surrounding vehicles (e.g., tail vehicles, left-lead vehicles),
their interactions are complex to analyze due to their transient nature and strong
interdependencies. In contrast, lead vehicle type, the number of available lanes, and
lighting conditions represent more stable, persistent, and relatively independent con-
textual signals that drivers continuously process throughout a drive. Their influence
is not momentary but sustained, making them amenable to a more systematic and
robust analysis of driver adaptation. They provide a foundational understanding
of driver preferences that is less prone to the rapid fluctuations of direct vehicle-to-
vehicle interactions. Thirdly, these factor can be easily interpreted and incorporated
into future ACC algorithms design.
Given that vehicle speed has been identified as the primary and most influential
factor governing car-following time gaps, and recognizing that time headway distri-
butions and driver behavior vary significantly across different speed ranges, we have
categorized the traffic data into four distinct speed categories for a more granular
analysis. These speed categories are defined as: 20 – 25 m/s, 25 – 30 m/s, 30 –
35 m/s, and 35 – 40 m/s. This categorization allows for a detailed examination of
how the single factors influence time gap preferences within different speed ranges
for human drivers.

3.6.1 Lead vehicle Types
Research finds that the desired headway of passenger car drivers are lower when
following a truck than when following a passenger car [8]. To investigate and quantify
the influence of lead vehicle type on car-following time gaps, we use both the public
highD dataset and the Volvo Cars sample dataset.
In the public highD dataset, collected on German highways, only two primary vehicle
types are present: cars and trucks. For this analysis, we filtered the data to include
vehicles within the same predefined speed categories (20 – 25 m/s, 25 – 30 m/s, 30
– 35 m/s, and 35 – 40 m/s) and focused on car-following scenario occurring on all
lanes of straight road segments.
Volvo Cars sample dataset offers a broader range of lead vehicle types, including
cars, trucks, and motorcycles. However, it is important to note that the data volume
for motorcycles on motorways in the dataset is relatively smaller and more limited
compared to the data for cars and trucks. For the Volvo data analysis, we applied
filters out with different lead vehicles in the different speed categories and focus on
car-following events occurring on the outermost lane of the road. The lane filter
criteria is base on the fact that there’s a significantly larger volume of lead truck

25



3. Implementations

data in outermost lane and little in inner lane since the heavy vehicle prefer to
drive in outer lane. Also it’s easier to filter data base on outermost lane from Volvo
Cars sample dataset. Subsequently, we compared and analyzed the time headway
distributions for each lead vehicle type: car, truck, and motorcycle.

3.6.2 Number of Lanes and Lane selection
Similarly, to investigate the influence of the number of lanes and lane selection on
car-following time gaps, we utilized both the public highD dataset and the Volvo
Cars sample dataset, applying similar filtering strategies.
For the public highD dataset, which was recorded on German highways featuring
either two or three lanes, we examined the time headway distribution across different
speed categories , varying numbers of lanes on the road, and the ego vehicle’s lane
selection (e.g., inner, middle, outer lane). This allowed us to assess how the lane
configuration and a driver’s choice of lane might affect car-following behavior.
For the Volvo Cars sample dataset, to maintain consistency and allow for compar-
ative analysis, we similarly filtered for drives occurring on roads with two, or three
lanes. We then analyzed the time headway distribution under different speed cate-
gories, the specific number of lanes on the road, and the ego vehicle’s lane choice.
This comparative approach across both datasets provides a comprehensive under-
standing of the impact of lane characteristics on car-following time gaps in various
driving contexts.

3.6.3 Lighting Condition
To investigate the influence of lighting conditions on car-following time gaps, we
focused exclusively on the Volvo Cars sample dataset due to it capture the ambi-
ent light. The lighting condition data, ranges from 0 to 10,000 lux. A significant
majority of these values are distributed around the extremes, i.e., close to 0 and
close to 10,000, with values near 0 typically indicating night conditions. Given this
distribution, our investigation proceeds from two distinct perspectives:

1. Average Light Condition vs. Average THW: This approach seeks to
understand the relationship between general light levels and preferred time
gaps over extended driving periods.

2. Categorical Analysis (Dark vs. Bright Conditions): This method clas-
sifies driving segments into distinct "dark" and "bright" categories to analyze
their respective THW distributions.

Average Light Condition vs. Average Time Headway
For this method, our interest lies in the driver’s preferred time headway over the
long term, rather than transient THW changes caused by sudden, momentary shifts
in light conditions (e.g., passing under a bridge). We assume that, for a given drive
segment, the overall lighting condition remains relatively consistent, and we are
interested in the driver’s general THW preference under this prevailing light. To
achieve this, we calculated the mean lighting condition and the mean THW for every
500 data points, the data is collect by time series with fix time interval. A block
size of 500 data points was chosen as a good balance: it is sufficiently large to reflect
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a driver’s long-term preference under a stable lighting condition, yet small enough
to capture meaningful shifts in light over the course of a drive. We then fitted a
linear regression model to describe the time gap evolution as a function of average
light condition changes. The distribution trend and relationship between THW and
lighting condition are subsequently visualized using a scatter plot.

Categorical Analysis (Dark vs. Bright Conditions)
For the second method, we employ the traffic group baseline and majority selection
methodology again. Based on the observed distribution of lighting condition values,
we classify the data into two distinct lighting condition groups:
Dark Condition Traffic Group: Data points where the lighting condition value falls
within the range of [0 – 10000] (arbitrary units). These segments primarily repre-
sent night-time or very low-light driving scenarios. The selection of this range is
supported by the bimodal distribution of the lighting data shown in Fig 3.2 and
Fig 3.3 that the values concentrated is heavily concentrated in two distinct clusters:
one centered around the [0 – 1000] range and another around the [9000 – 10000]
range. The intermediate range [1000 – 9000] represents transitional periods. The
range of [0 – 1000] value indicate environments with effectively no ambient light,
representing complete darkness To distinctly investigate and compare driver behav-
ior specifically under no light conditions versus light conditions (which encompasses
both bright and transitional states), the threshold of 1000 arbitrary units was cho-
sen to because it represents a natural inflection point where the frequency of data
points for genuinely low-light conditions drops significantly.This allows us to create
a clean separation, isolate and study driving dynamics specifically in genuinely dark
environments, separate from twilight or daylight influences.
Bright Condition Traffic Group Data points where the lighting condition value falls
within the range of [1000 – 10000] (arbitrary units). These segments primarily cor-
respond to day-time or non-dark driving scenarios. It includes both the high-light
cluster concentrated around the [9000 – 10000] range (representing full daylight)
and the intermediate range (approximately [1000 – 9000]) that corresponds to tran-
sitional periods like dawn, dusk, or driving through a tunnel. This categorization
allows for a direct and clear comparison between driving behavior in genuinely dark
environments versus all other conditions where ambient light is a factor.
We then applied our established methods to compare and analyze the time head-
way distributions of these two distinct traffic groups, focusing on their majority
sections to identify significant differences in driver preferences under dark versus
bright conditions.

3.7 Scenarios where the time gap is influenced by
infrastructure and road users

In our analysis of public driving datasets, we identified merging behavior as a fre-
quent and influential scenario. Comparing the time headway baseline between highD
and Exid suggests that drivers begin to adjust their time gaps in anticipation of a
potential merge, even before the actual merging occurs. Cut in behavior is also of
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interest for ACC system design. We aimed to identify and quantify the changes in
car-following time gaps induced by drivers’ reactions to potential events. Follow-
ing this, we investigated how these scenario influences the time gap modifications
preference by human drivers.

3.7.1 Scenario 1: Cut-in intention of other vehicles
To investigate the influence of other vehicles’ cut-in intentions on the ego vehicle’s
time headway, we use the highD dataset. This dataset’s focus on straight road seg-
ments is crucial as it allows us to minimize the confounding influence of factors like
road curvature and other infrastructure elements.

Scenario Definition
The scenario of interest, as presented in Figure 3.9, is defined as follows: The ego
vehicle is driving on a straight road while a vehicle in an adjacent lane initiates a
cut-in maneuver, but the cut-in maneuver has not yet been fully completed (the
intruding vehicle has not yet crossed the lane marking and established itself as the
new lead vehicle directly in front of the ego vehicle). This is identified by the adjacent
vehicle performing a noticeable lateral movement towards the ego vehicle’s lane. Our
primary terest lies in understanding the ego vehicle’s pre-cautionary reactions, such
as braking or increasing its following distance/time gap, in response to this potential
cut-in intention.

Figure 3.9: Scenario demonstration for Scenario 1

Data processing
To effectively analyze this, the first step is to accurately identify the intention period
of the cutting-in vehicle, enabling the extraction of relevant data pertaining to both
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the cut-in intention event and the ego vehicle’s subsequent reaction. To accurately
estimate lane-changing intention, we draw inspiration from Schlechtriemen et al.
[37]. We first filtered the dataset to identify vehicles that successfully performed a
cut-in maneuver (a lane change of surround vehicles resulting in a new lead vehicle
for the ego vehicle).
Subsequently, we applied a methodology using feature analysis and selection then
apply HMM model to cluster similarly to previous analyses, selecting the most rel-
evant features to model the vehicle’s movement and behavior throughout the cut-in
process, which is inspired by Qiu et al. [38]. The chosen features include longi-
tudinal velocity, longitudinal acceleration, lateral velocity and lateral acceleration.
These features comprehensively describe the dynamic behavior of a vehicle during
a lane change.

Cluster Cut in Behavior
An HMM model was then trained on this feature set to cluster the driver behav-
iors during these cut-in intention scenarios. HMMs are particularly suitable for this
application because they excel at modeling sequential data, enabling the identifica-
tion of distinct, underlying behavioral states (such as different phases of a cut-in
intention or reaction) within a continuous time series. They can effectively capture
the temporal dependencies and probabilistic transitions inherent in dynamic driving
maneuvers. The optimal number of clusters was determined to be 5 using the elbow
method, resulting in a robust HMM that efficiently categorizes driver behavior into
these four distinct groups, with 3 of cluster can be used to identify cut in intention
period and the rest of the cluster as normal driving.
Following the successful clustering of cut-in behaviors using the HMM, the data
points and drive identified as corresponding to a "cut-in state" are then retrieved.
This enables the specific analysis of the ego driver’s reaction to vehicles exhibiting
a cut-in intention or being in their intention period.

Cluster Driver Reaction
The second step of this investigation focuses on characterizing the ego driver’s behav-
ioral responses to these cut-in events, specifically examining deceleration behavior.
Deceleration is considered a robust indicator of a driver’s precautionary reaction to
an intending cut-in vehicle. For each identified cut-in event, we calculated three key
metrics for the ego vehicle: maximum deceleration, duration of deceleration (decel-
eration time), and mean deceleration. These metrics are computed for the interval
from the moment the cut-in vehicle first shows its intention until the moment it fully
cuts in front of the ego vehicle.
Then K-means clustering was applied to these three features (maximum decelera-
tion, deceleration time, and mean deceleration) to categorize the ego vehicle’s pre-
cautionary reactions. The elbow method was again employed to determine the
optimal number of clusters, indicating that three distinct types of precautionary
reactions provided the most meaningful segmentation of driver behavior in response
to cut-in intentions.

Data visualization and Identify feature
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Following the clustering of ego driver reactions into three distinct groups, the final
step of this analysis aims to understand the underlying reasons for these varied
reactions and to identify the specific scenarios that trigger each type of response.
To achieve this, we investigated feature and scenario differences across the identified
driver reaction clusters.
Specifically, for each reaction cluster, we calculated the average speed difference and
average longitudinal distance headway between the cut-in intention vehicle and the
ego vehicle during the entire cut-in intention period. Furthermore, we computed
the average lateral acceleration and average lateral velocity of the cut-in intention
vehicle during this same period.The feature is selected using the feature importance
from random forest classifier that trained on the scenario specific features, random
forest is chosen referring to Xue et al. [39] By examining the differences in these
calculated metrics across the distinct reaction groups, we sought to uncover the
contextual cues that lead to different precautionary behaviors. The variations across
these groups were further visualized using KDE plots inspired by Björn Filzek et al.
[40], providing a clear graphical representation of the distribution trends for each
feature within each reaction cluster.

3.7.2 Scenario 2: Passing on-ramp area without merging
vehicles

Lane-changing and merging behavior was identified by tracking changes in vehicle
“lane IDs” over time, which allowed us to determine directly from the map whether,
and at which location, a vehicle changed lanes within the segment. The analysis re-
vealed that the most common merging event occurs when a vehicle in the acceleration
lane merges into lane 0, the lane adjacent to on-ramp area as shown in Figure 3.10.
The colors indicate different functional areas of the road: the red region corresponds
to the acceleration lane and on-ramp, the blue region marks the analyzed mainline
segment (lane 0, adjacent to the on-ramp). The division into numbered blocks (e.g.,
1499, 1500) follows the segmentation provided by the exiD dataset, which splits
the road into discrete segments for analysis. The small blue rectangle highlights
an example ego vehicle, included to illustrate the reference position of the analyzed
vehicle within the segment.
Based on these observations, Scenarios 2 and 3 were defined to examine both the
effect of the on-ramp’s physical presence on car-following behavior and the influence
of vehicles present in the on-ramp lane on those in the adjacent lane.

Scenario definition This scenario investigates whether the presence of an on-
ramp infrastructure influences car-following behavior when no merging vehicles are
present in the adjacent acceleration lane. As shown in Figure 3.10, the ego vehicle
is located in Lane 0, while the red road segment represents the ramp lane, which
remains empty. The purpose of this setup is to isolate the effect of the ramp infras-
tructure itself, distinguishing it from the influence of merging traffic, and to compare
it against baseline driving on a standard straight highway segment.
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Figure 3.10: Example infrastructure for Scenario 2

Data selection The exiD dataset provides us with 6 infrastructures with different
ramp infrastructures. We selected Map 2 due to its clearly defined lane structure and
well-separated regions, including the main road and the acceleration lane. This clear
spatial organization makes it particularly suitable for analyzing merging behaviors
and on-ramp infrastructure according to Li et al. [41]. Moreover, the layout of a
two-lane main road with a single on-ramp lane is a common highway configuration,
enhancing the generalizability of our analysis.
The analysis focuses on vehicles driving in the blue-marked segment, corresponding
to the lane adjacent to the acceleration lane (lane 0), as shown in Figure 3.10.

Data filtering Both conditions are filtered to include only steady car-following
states. For the exiD dataset, additional filtering ensures that the acceleration lane
contains zero vehicles during the selected frames.

Approach For both scenarios, we analyzed three key longitudinal variables: speed,
acceleration, and THW. To statistically evaluate group differences, we applied a lin-
ear mixed-effects model, with trackId included as a random intercept to account
for repeated measurements from the same vehicle. The model was estimated using
maximum likelihood, and the general form of the model was:

yij = β0 + β1 · Conditionij + ui + ϵij,

where yij denotes the outcome variable (speed, acceleration, or THW) for vehicle i
at frame j; Conditionij indicates whether the vehicle was in the on-ramp-adjacent
lane or the straight lane; ui is the random intercept for vehicle i ∼ N (0, σ2

u); and
ϵij is the residual error term ∼ N (0, σ2). Hypothesis testing for fixed effects was
conducted using likelihood ratio tests, with significance thresholds set at p < 0.05.
To characterize the empirical distributions of the three variables, we employed KDE
with a Gaussian kernel. From the estimated densities, we extracted the shortest 80%
highest-density intervals (HDI) to summarize the most probable range of values,
providing a robust comparison of distributional characteristics across conditions.

31



3. Implementations

Statistical analyses were performed in Python using the statsmodels package, and
density estimation was carried out using scipy and seaborn.

3.7.3 Scenario 3: Passing on-ramp area with merging vehi-
cles

Figure 3.11 follows the same definitions as Figure 3.10. In addition, the small blue
rectangle in the red acceleration lane highlights an example ego vehicle located on
the on-ramp.

Scenario definition This scenario investigates whether the presence of a vehi-
cle in the adjacent acceleration lane, regardless of whether it merges, affects car-
following behavior in the lane next to the on-ramp. As shown in Figure 3.11, the
ego vehicle is located in Lane 0, while the red road segment represents the ramp lane
containing another vehicle that may or may not merge into the ego lane to become
a lead vehicle. The purpose of this setup is to isolate the influence of a neighboring
vehicle in the ramp lane on the ego vehicle’s car-following behavior and to compare
it against both baseline highway driving and the empty-ramp condition.

Figure 3.11: Example infrastructure for Scenario 3

Data selection Data are drawn from Map 2 of the exiD dataset, focusing on ve-
hicles in lane 0, which is similar to scenario 2. The “with right vehicle” condition
includes time frames where at least one vehicle is continuously present in the accel-
eration lane. The “without right vehicle” condition includes only time frames where
the acceleration lane is empty.

Data filtering For both conditions, only steady car-following states within the
target lane are retained. In the “with right vehicle” condition, data segments are
truncated at the point where the adjacent vehicle leaves the acceleration lane.
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Approach The analysis procedure follows the same steps as in Scenario 2. Speed,
acceleration, and THW were extracted, and group differences were evaluated using
a linear mixed-effects model with trackId as a random intercept. KDE was applied
to estimate the empirical distributions, and the shortest 80% HDI was computed to
summarize the range of most probable values. In this scenario, the two comparison
groups were defined by the presence or absence of vehicles in the adjacent acceler-
ation lane. To capture the effect of vehicle appearance or disappearance, segments
were restricted to periods of continuous presence of the right-lane vehicle.
In summary, the implementation chapter addressed our work on dataset-related
challenges, and provided the technical solution for analyzing car-following behavior.
We emphasized the importance of data preprocessing for comparable factors pro-
vided to different theoritical models, and filtering when working with naturalistic
driving datasets. Noisy or inconsistent signals, such as lighting conditions or lane
assignment, required systematic filtering strategies to ensure that subsequent anal-
yses were based on reliable input. Roads are separated into segments with unique
IDS in public datasets, which helps us to clearly research the influence of specific
infrastructures, but introduces dependencies on dataset-defined segmentation and
additional data-processing effort.
A further limitation of the current implementation is the focus on on-ramp scenarios.
While on-ramps are a critical source of interactions and merging behavior, they
represent only one subset of highway driving contexts. Other factors, such as off-
ramps, or cut-out behaviors, were not explicitly addressed here but may serve as
key scenarios.
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4
Results

In this section, we present a comprehensive overview of all findings and results de-
rived from our data-driven analysis on car following time gap. Our study aimed
to investigate as many factors and scenarios relevant to ACC function design as
possible that can be extract from the dataset. To ensure the robustness and valid-
ity of our conclusions, and to effectively isolate the influence of individual variables
of interest on the car-following time gap, we employed rigorous control strategies.
For example, recognizing speed as the primary factor influencing time gap, we con-
structed and extracted traffic groups base on speed category and derive our findings
on each group, ensuring that other confounding variables were minimized when an-
alyzing the impact of a specific factor. This systematic approach results in a lot of
detailed findings and conclusions, which will be elaborated upon in the subsequent
subsections.

4.1 Car-following pattern recognition
To identify distinct car-following patterns, we trained an HMM using the features:
ego vehicle acceleration, distance headway (DHW), and speed difference between
the lead and ego vehicles. This analysis was performed on different speed groups
within the highD dataset. Here, we present the results for the 20 – 25 m/s speed
group.
Figure 4.1 displays the distributions of key features — DHW, THW, ego velocity,
preceding vehicle velocity, and speed difference — across the four identified HMM
clusters. These distributions serve as indicators to verify and interpret the charac-
teristics of each cluster.
Based on the analysis of these feature distributions, we can interpret the meaning
of each cluster:

• Cluster 1 & Cluster 2 : Steady Car-Following Behavior. These two
clusters most likely reflect the behavior of steady car-following. This is pri-
marily indicated by the "Distribution of Speed_Diff Across HMM States" plot
in Figure 4.1, where the speed difference for both Cluster 1 and Cluster 2 is
highly concentrated around 0. This signifies that the ego vehicle is maintaining
a consistent speed relative to its lead vehicle.

– Cluster 1 (Light Blue): Steady Following with close distance:
This cluster represents a closely steady following behavior. As shown
in the plots, the time headway and distance headway distributions for
Cluster 1 are relatively small, with a small standard deviation. This
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Figure 4.1: Distribution of Distance Headway, Time Headway, Ego Velocity, Pre-
ceding Velocity, and Speed Difference Across HMM States for 20 – 25 m/s Speed
Group by highD dataset

indicates that most vehicles in this cluster are closely following the lead
vehicle, typically maintaining a distance under 20 – 40 meters.

– Cluster 2 (Orange): Steady Following with Longer Distance.
Cluster 2 also represents steady following but with a preference for a
longer time and distance gap. Suggesting drivers maintain a greater buffer
while still closely matching the lead vehicle’s speed.

• Cluster 0 (Purple): Lead Vehicle Driving Away Behavior. Cluster 0
primarily represents a scenario where the lead vehicle is driving away. This is
evident from the "Distribution of Speed_Diff Across HMM States" plot, where
the speed difference for Cluster 0 is predominantly negative and the preceding
vehicle distribute around 20 – 40 m/s. This indicates that the preceding
vehicle’s speed is generally larger than the ego vehicle’s speed.

• Cluster 3 (Red): Unsteady car following Behavior While not explicitly
display any feature , typically represents scenarios where the ego vehicle is
adjusting speed since the speed difference distribution is larger, which indicate
a non steady following behavior.

Then, we compared the aggregated data from HMM Clusters 1 and 2 (representing
steady car-following) with data classified as steady car-following by a pre-defined
rule-based model. Figure 4.2 illustrates the distribution differences across various
features between these two classification methods.
From the figure 4.2 we can see a significant overlap in the distributions of distance
headway, time headway, ego vehicle Velocity, Lead vehicle Velocity, Speed Difference
between ego and lead vehicle, and ego vehicle Acceleration.
Quantitatively, we calculate that:

• Percentage of data points that cluster as steady following by HMM model that
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Figure 4.2: Distribution Comparison: HMM-identified Car-Following vs. Rule-
Based Filtered Car-Following for 20 – 25 m/s group

also meet the rule based model car-following criteria: 52.50%.
• Percentage of data point that cluster as steady car-following by rule based

model that are also cluster as steady car following by HMM model: 70.36%.
The high degree of overlap between these two groups, particularly the substantial
portion of rule-based car-following points captured by the HMM, verifies that the
rule-based model is effective and its classification of steady car-following is reason-
able. This demonstrates the consistency between a data-driven HMM approach
and a more traditional rule-based classification for identifying fundamental driving
patterns.
Similarly we examined the feature distributions across identified HMM clusters for
the 30 – 35 m/s speed group. The result can be found in Appendix A
After examine the result for all the traffic group, we verifies that the rule-based
model is effective and reasonable in filtering out steady car-following data. One
interesting finding is that the ego vehicle acceleration criteria need to be loosen to
0.5 m/s2 for speed higher than 30 m/s for in high speed, the vehicle maneuvers
is more responsive. This process not only validates the rule-based approach but
also provides valuable insight into car-following behavior within the highD dataset,
particularly how the parameters for "steady" following may adapt with increasing
speed.

4.2 Multi-factor Importance Ranking

4.2.1 Feature importance on public dataset
From the exiD dataset, we selected steady car-following data collected on the lane
adjacent to the on-ramp area. Both Gradient Boosting and XGBoost regression
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Speed Range R2 Train R2 Test MSE Train MSE Test
20 – 25 m/s 0.70 0.68 0.21 0.22
25 – 30 m/s 0.96 0.94 0.043 0.057
30 – 35 m/s 0.98 0.97 0.016 0.022

Table 4.1: Gradient Boosting Regression – exiD (lane adjacent to on-ramp) Eval-
uation Metrics

Speed Range R2 Train R2 Test MSE Train MSE Test
20 – 25 m/s 0.99 0.99 0.0012 0.0074
25 – 30 m/s 0.99 0.99 0.001 0.004
30 – 35 m/s 0.99 0.99 0.001 0.004

Table 4.2: XGBoosting Regression – exiD (lane adjacent to on-ramp) Evaluation
Metrics

models were applied to evaluate feature importance. Their evaluation metrics are
summarized in Tables 4.1 and 4.2, while the corresponding feature importance re-
sults are shown in Figure 4.3.
Table 4.1 shows the Gradient Boosting results. The test R2 ranges between 0.68 –
0.97 across speed intervals, with a corresponding MSE between 0.22 and 0.022. By
contrast, Table 4.2 shows that XGBoost attains higher coefficients of determination
(R2 ≈ 0.99) and substantially lower mean squared errors (MSE < 0.01). R2 mea-
sures the proportion of variance explained by the model, while MSE quantifies the
average squared difference between predicted and observed values. This indicates
that XGBoost provides a more stable and accurate fit to the data. Although XG-
Boost models often risk overfitting due to their high flexibility, in our case this risk
is not high. The training and test R2 are close to 0.99 and the consistently low MSE
across speed ranges indicate that the model generalizes well in this dataset. The
relatively weaker performance of Gradient Boosting, especially in the 20 – 25 m/s
range, suggests that the model struggles with the larger variability in contextual
factors at lower speeds.
In this analysis, the choice of regression model does not substantially affect the
permutation importance results. Since both regressors yield similar outcomes, we
present the XGBoost regression as a representative example.
After filtering, the dataset contained 355 unique tracks in the 20 – 25 m/s range,
27 in the 25 – 30 m/s range, 28 in the 30 – 35 m/s range, and only 5 in the 35 – 40
m/s range. Results for the highest speed range were excluded due to the very small
sample size, which would make the metrics unreliable. The differences in sample
sizes also help explain why Gradient Boosting performance fluctuates more strongly
than XGBoost because small datasets amplify instability in models that lack strong
regularization.
Figure 4.3 shows the feature importance for car-following behavior in exiD dataset,
grouped by different speed intervals. The results indicate that traffic density is the
most important factor among the two velocity intervals. The number of surround-
ing vehicles is also influential, particularly in the 25–30 m/s group. Traffic-related
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Figure 4.3: Feature Importance Heatmap – Volvo Cars sample dataset, German
Highway (3 Lanes, XGBoosting)
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Speed Range R2 Train R2 Test MSE Train MSE Test
20 – 25 m/s 0.67 0.67 0.34 0.33
25 – 30 m/s 0.52 0.52 0.31 0.31
30 – 35 m/s 0.37 0.37 0.28 0.29
35 – 40 m/s 0.75 0.73 0.098 0.10

Table 4.3: Gradient Boosting Regression – German Highway Lane 3 Evaluation
Metrics

Speed Range R2 Train R2 Test MSE Train MSE Test
20 – 25 m/s 0.98 0.96 0.016 0.022
25 – 30 m/s 0.96 0.95 0.020 0.028
30 – 35 m/s 0.97 0.97 0.018 0.022
35 – 40 m/s 0.99 0.98 0.0048 0.0072

Table 4.4: XGBoosting Regression – German Highway Lane 3 Evaluation Metrics

factors, Traffic density, traffic flow and number of surrounding vehicles are the core
contextual factors.
Figure 4.3 (based on XGBoost) highlights the relative contribution of contextual
features, with velocity and relative velocity intentionally excluded to focus on ex-
ternal factors. Across speed intervals, traffic density emerges as the most influential
feature, followed by the number of surrounding vehicles, particularly in the 25 – 30
m/s group. This finding is consistent with the intuitive role of traffic flow conditions
in shaping car-following dynamics. Distance to the end of the acceleration lane has
moderate influence at lower speeds, reflecting the localized effect of on-ramp infras-
tructure. Vehicle type and the presence of right-lane vehicles show limited impor-
tance, though their effects appear more noticeable at lower speeds, which motivates
future research on explicit merging scenarios. Rear and alongside vehicle features
generally rank very low, likely due to limited representation in the dataset.
In this part, XGBoost regression provides more reliable performance across heteroge-
neous conditions, making it the preferred choice for subsequent modeling tasks. The
dataset-specific map definitions support infrastructure-oriented analysis. Therefore,
the results of the ranking motivate further single-factor analyses and investigation
of on-ramp effects.

4.2.2 Feature importance on Volvo Cars sample dataset
From the Volvo Cars sample dataset, we selected steady car-following data collected
on a German highway with three lanes. This setup is comparable to the public exiD
dataset, which was also recorded on a three-lane German highway (include one accel-
eration lane), ensuring that results can be compared without confounding differences
in lane number or country-specific traffic regulations. Both Gradient Boosting and
XGBoost regression models were applied to evaluate feature importance, and their
evaluation metrics are summarized in Tables 4.3 and 4.4.
Table 4.3 shows that Gradient Boosting regression exhibits modest performance,
with test R2 values ranging from 0.37 to 0.73 depending on speed interval. The rela-
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Figure 4.4: Feature Importance Heatmap – Volvo Cars sample dataset, German
Highway (3 Lanes, XGBoosting)

tively low R2 at intermediate speeds (30–35 m/s) and higher MSE values (0.28–0.29)
suggest that the model struggles to generalize in these ranges. In contrast, Table 4.4
shows that XGBoost achieves higher predictive accuracy, with R2 values above 0.95
across all speed intervals and very low MSE values (all below 0.03). The close agree-
ment between training and test R2 in the XGBoost results indicates that overfitting
is not a concern here.
The flickering pattern of MSE in the Gradient Boosting results (e.g., slightly lower
error at 20 – 25 m/s and 35 – 40 m/s, but much higher in the mid-speed intervals)
may be explained by data variability: intermediate speeds are associated with diverse
traffic conditions and possible lane-changing events, which are harder for regression
models to capture reliably.
Although all data belong to the free-flow regime, driving behavior is not equally
homogeneous across speed intervals. As Treiber and Kesting show in their stability
analysis, free-flow stability increases with larger headways, since small perturbations
are more likely to decay [42]. This is consistent with our findings: at higher speeds
(35 – 40 m/s), vehicles maintain longer gaps and more uniform behavior, leading to
higher R2 and lower MSE compared to intermediate speed intervals.
Figure 4.4 display the heatmap of feature importance ranking of contextual factors
with Volvo Cars sample dataset. It shows that lighting condition is the most influ-
ential factor for car-following behavior across all speed ranges. Traffic density also
shows high importance, which is in line with expectations. The number of surround-
ing vehicles, although related to local traffic density, appears less important than the
overall traffic density. One possible reason is that the range of surrounding vehicles
is zero to six, which may not fully capture differences in heavy traffic conditions.
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Lane selection is another important factor, indicating that the chosen lane has a
significant effect on time gap behavior. This finding is also supported by our further
analysis on lane-specific patterns.
In contrast, the type of lead vehicle has lower importance than expected. This may
be due to data imbalance, as there are few instances of trucks in the lead vehicle
position. The feature indicating whether the front wipers are on also has little
influence, likely because of the limited number of such samples.
With feature importance scores for surrounding vehicles, we observe that the lead
vehicle in adjacent lanes generally has a greater influence on time gap behavior than
vehicles located behind or alongside the ego vehicle. Rear vehicles also show a more
important influence in the speed range of 25 – 30 m/s. Vehicles alongside the ego
vehicle show much lower importance across all speed ranges, suggesting that drivers
primarily focus on the behavior of vehicles in front and the rear vehicle in the same
lane when adjusting their time gap, rather than those behind or next to them. This
pattern is consistent across different speed intervals.

4.2.3 Overall results from the factor importance analysis
Across both datasets, traffic density consistently emerges as the most influential
contextual factor affecting car-following time gaps, regardless of speed interval. The
number of surrounding vehicles also plays a secondary role, although its influence is
weaker than that of overall traffic density. Lane-related variables are important in
Volvo Cars sample dataset, reflecting the impact of lane choice on driver behavior.
In the exiD dataset, the research is done on a certain lane adjacent to the on-ramp,
so the presence of right-side vehicles are more relevant, highlighting merging effects
in that environment. Other factors, such as lead vehicle type or weather-related
indicators (e.g., wiper status), show limited influence, likely due to data imbalance
or small sample sizes.
These results suggest that car-following behavior is shaped primarily by traffic con-
ditions and road context, with dataset-specific effects reflecting the on-ramp infras-
tructure. This provides a basis for selecting key factors in further scenario-based
modeling and for interpreting differences in driver behavior between settings.
However, the dataset is imbalanced in two aspects. First, vehicles following a truck
are much fewer than those following a car, which may lead to an underestimation of
the influence of lead vehicle type. Second, some vehicles contribute disproportion-
ately long car-following durations, giving their behavior more weight in the training
process. Both issues suggest that the relative importance of certain factors should be
interpreted with caution, as they may be either underestimated or overrepresented
due to the data distribution.

4.3 Lead Vehicle Type (Car or Truck)
Here we investigate the influence of lead vehicle type on car-following time gaps.
For this analysis, we specifically filtered traffic segments on motorways where the
lead vehicle was either a car or a truck, within the predefined speed category. Fur-
thermore, to simplify the analysis and ensure consistency, we restricted the data to
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car-following instances occurring in the rightmost/outermost lane.

4.3.1 Analysis of Volvo Cars sample dataset
Figure 4.5 compare lead Vehicle Distance and Time Headway Distributions by Lead
Vehicle Type for Different Speed Ranges for Volvo Cars sample dataset. We can see
the difference between speed range varies across different speed group. In general,
The gap is not significant at the low speed group, then we can observe Time headway
different at median speed group, then the difference again disappear on the high
speed group.
(1) 20 – 25 m/s (Fig. 4.5a): It is evident that the DHW and THW distribu-
tions for car-lead and truck-lead vehicles are highly overlapped, with no statistically
significant difference can be observed. In this speed traffic is relatively low-speed
and potentially slightly congested, human drivers do not significantly distinguish
between car and truck leads and they do not exhibit a preference for maintaining a
longer time gap when following a truck. This behavior might stem from the lower
speeds offering more time for reaction, reducing the perceived risk associated with
following larger vehicles, or due to the prevailing traffic density at these speeds
constraining drivers’ ability to maintain larger gaps.
(2) 25 – 30 m/s (Fig. 4.5b): The mean THW for the truck-lead group is approx-
imately 0.3 s longer than the mean THW for the car-lead group. This divergence
is expected as traffic conditions generally become less congested at these slightly
higher speeds, allowing drivers more flexibility in choosing their following distances.
Human drivers tend to prefer leaving a longer time gap when following a truck due
to cautious reasons: trucks often have a larger blind spot, their braking capabilities
can differ significantly from passenger cars, and their sheer size can obscure visibility
of the road ahead, all of which necessitate a greater safety margin and more time to
react to sudden events.
(3) 30 – 35 m/s (Fig. 4.5c): It can be seen that the mean THW for the
truck-lead group is approximately 0.15 s longer than that for the car-lead group.
This further supports the reasoning that human drivers, for safety considerations,
prefer to maintain a slightly longer time gap when following a truck, especially as
speeds increase. The larger mass, potential for varied braking dynamics, and reduced
forward visibility associated with trucks all contribute to this cautious behavior,
allowing for more reaction time.
(4) 35 – 40 m/s (Fig. 4.5d): The THW distributions for car-lead and truck-lead
groups overlap again and their mean THW values are relatively similar. It is im-
portant to note that at high speeds, the number of observed car-following scenarios
and the data volume is considerably lower compared to other traffic groups, which
might influence the statistical significance of subtle differences. The convergence
of THW preferences for car and truck leads at high speeds can be explained by
several factors. In well-structured highway environments at higher velocities, traffic
conditions are often very good, with minimal congestion. This reduced complexity
and the absence of foreseeable emergency braking scenarios or sudden traffic dis-
ruptions might lead drivers to feel safer maintaining similar time gaps regardless of
the lead vehicle type. The high speeds themselves might also naturally encourage a
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(a) 20 – 25 m/s, outermost lane

(b) 25 – 30 m/s, outermost lane

(c) 30 – 35 m/s, outermost lane

(d) 35 – 40 m/s, outermost lane

Figure 4.5: Comparison of Lead Vehicle Distance and Time Headway Distributions
by Lead Vehicle Type for Different Speed Ranges on Motorways by Volvo Cars
sample dataset
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more uniform, often shorter, gap preference as drivers maintain a steady flow, with
the perceived risk associated with truck size being less pronounced than at lower,
potentially more dynamic, speeds.
Overall, these findings suggest that for an ACC system aiming to better mimic
human driving preferences, it would be advisable to maintain a time gap that is
approximately 0.1 to 0.3 s longer when following a truck compared to following a
car, particularly in medium-speed traffic.

4.3.2 Analysis of HighD Dataset
Figure 4.6 illustrates the lead vehicle distance and time headway distributions for
car and truck leads across different speed ranges in the outermost lane of the HighD
dataset.
Unlike trends observed in the Volvo Cars sample dataset, the findings from the
HighD dataset regarding lead vehicle type reveal some consistent characteristics
across different traffic speed groups: Firstly, there isn’t a significant change across
different speed groups in the HighD dataset. The distributions for different speed
ranges and mean time headway look relatively similar for both car and truck leads.
Secondly, THW for car-following scenarios is consistently smaller than for truck-
following scenarios. Specifically, the time headway for the car lead group is approx-
imately 0.3 to 0.5 s smaller than the truck lead group across all examined speed
ranges. Thirdly, as the speed range increases, the mean time headway for car leads
tends to become slightly smaller, similar to the finding on the Volvo Cars sample
dataset. For truck leads, the trend is less pronounced, with mean THW values re-
maining relatively the same.
This behavior, particularly the relatively stable THW across speed groups and the
smaller gap to cars, can be attributed to the driving culture and infrastructure char-
acteristics of German highways, where the HighD dataset was collected. Drivers on
these highways often exhibit more unified and highly adapted following behaviors,
especially given the prevalence of higher speeds and the emphasis on maintaining
flow.
Overall, even though the time headway distribution differ from different dataset
and speed group, and the mean time headway between truck and car can differ from
almost 0 to 0.5 s, we can observe the general preference to leave a longer time gap
when following a heavier vehicle (truck) compared to a car, likely driven by safety
considerations due to longer braking distances and reduced visibility behind trucks,
which demonstrate that lead vehicle type does have a consistent influence on time
headway and it’s recommend to include lead vehicle influence on car following time
gap in ACC design.

4.4 Infrastructure: Number of Lanes and Lane
selection

Here we present our results on the Number of Lanes and lane selection utilizing
highD and the Volvo Cars sample dataset. The section is divided in analysis on 2
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(a) 20 – 25 m/s, outermost lane.

(b) 25 – 30 m/s, outermost lane.

(c) 30 – 35 m/s, outermost lane.

(d) 35 – 40 m/s, outermost lane.

Figure 4.6: Comparison of Lead Vehicle Distance and Time Headway Distributions
by Lead Vehicle Type (Car or Truck) for Different Speed Ranges on Motorways by
HighD dataset
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lanes and 3 lanes conditions. We applied the same filter criteria to both dataset as
the lead vehicle type study.

4.4.1 2 Lanes
Here we will present our findings on the influence of the number of lanes and the
ego vehicle’s lane selection on car-following time gaps on a 2-lane motorway using
the Volvo Cars sample dataset first.
(1) 20 – 25 m/s (Fig. 4.7a): We can see that the THW distributions for both the
outer and inner lanes are highly overlapping, and their mean THW values are nearly
identical. This similarity suggests that under low-speed, the overall traffic dynamics
and perceived road capacity are relatively consistent across both lanes of a 2-lane
motorway. Drivers’ preferences for time gaps do not significantly differentiate based
on lane choice in such environments where the limited road capacity often dictates
more uniform following behaviors.
(2) 25 – 30 m/s (Fig. 4.7b): We can see the different between the inner and
outer lane group. This differentiation is expected as the inner lane typically offers
better traffic conditions and is often perceived as reserved for higher-speed travel or
overtaking maneuvers, leading drivers to maintain shorter time gaps. Conversely,
heavier vehicles like trucks often prefer to use the outer lanes, contributing to dif-
ferent driving dynamics and preferences in THW. Drivers in the inner lane might
prefer slightly shorter time gaps due to a higher expectation of consistent flow and
fewer large vehicles.
(3) 30 – 35 m/s (Fig. 4.7c): We can observe the discernible gap between the
THW distributions of the outer and inner lane groups. This slightly wider difference
compared to the 25-30 m/s group is expected and reinforces the previous reasoning:
as speeds increase, drivers in the inner lane often aim for more efficient, higher-speed
travel, leading to preferences for shorter time gaps, while outer lanes may accom-
modate a mix of vehicle types and driving intentions.
(4) 35 – 40 m/s (Fig. 4.7d): The THW distributions for the outer and inner
lanes become highly overlapped again, with very close mean THW values. This
convergence can be attributed to the extremely good traffic conditions typically en-
countered at such high speeds on motorways. Factors like slower trucks or varying
overtaking behaviors, which may differentiate lane preferences at lower speeds, tend
to have a less pronounced influence. Drivers in both lanes likely feel safe to main-
tain similar, relatively consistent, and optimal time gaps without significant traffic
disruptions or perceived risks.
Here we present our findings on the influence of lane selection for 2-lane roads by
the HighD dataset. Figure 4.8 displays the lead vehicle distance and time headway
distributions for both outer and inner lanes across different speed ranges on a 2-lane
motorway segment in the HighD dataset.
We can observe that: firstly, across speed ranges, the overall shape and charac-
teristics of the time headway distributions for both inner and outer lanes remain
relatively consistent similar as what we seen in the lead vehicle type study 4.3. This
suggests a stable driving culture within these speed bands on German highways.
An exception is observed in the highest speed range (35 – 40 m/s), particularly for
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(a) 20 – 25 m/s, 2-lane motorway.

(b) 25 – 30 m/s, 2-lane motorway.

(c) 30 – 35 m/s, 2-lane motorway.

(d) 35 – 40 m/s, 2-lane motorway.

Figure 4.7: Comparison of Lead Vehicle Distance and Time Headway Distributions
by Lane for Different Speed Ranges on 2-Lane Motorways by Volvo Cars sample
dataset
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(a) Lead vehicle distance and time headway density distri-
butions for outer and inner lanes (20 – 25 m/s, 2-lane mo-
torway).

(b) Lead vehicle distance and time headway density distri-
butions for outer and inner lanes (25 – 30 m/s, 2-lane mo-
torway).

(c) Lead vehicle distance and time headway density distri-
butions for outer and inner lanes (30 – 35 m/s, 2-lane mo-
torway).

(d) Lead vehicle distance and time headway density distri-
butions for outer and inner lanes (35 – 40 m/s, 2-lane mo-
torway).

Figure 4.8: Comparison of Lead Vehicle Distance and Time Headway Distributions
by Lane for Different Speed Ranges on 2-Lane Motorways by highD dataset
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the outer lane. The distribution appears less smooth and more uneven compared
to lower speed ranges, since there’s a lack of data. Secondly, A striking difference
is evident in THW distributions between the inner and outer lanes. The inner lane
(typically the faster, overtaking lane) consistently shows a significantly smaller mean
THW compared to the outer lane. For instance, at 20 – 25 m/s, the Inner Lane
Mean THW is 1.54 s, while the Outer Lane Mean THW is 2.38 s. This considerable
difference is attributed to the generally better traffic conditions and the dynamic
role of the inner lane, which allows drivers to maintain closer following distances.
The outer lane, often used for cruising or by heavier vehicles, exhibits a broader and
more diverse distribution of THW choices. This suggests that drivers in the outer
lane may have more varied reasons for their chosen headway.
Overall, Consistent with general traffic flow principles and driver expectations,
drivers universally prefer to keep a smaller time headway, approximately 0.1 to
0.8 s longer in the inner (faster) lane than in the outer (slower) lane.

4.4.2 3 Lanes
(1) 20 – 25 m/s (Fig. 4.9a): It is important to note that there is a lack of data
for the inner lane in this speed group for 3-lane motorways. Despite this, we can still
observe a similar trend to that found on 2-lane roads in this low-speed group: the
gap between the middle and outer lane THW distributions is relatively small. This
suggests that under low-speed or slightly congested conditions, the traffic flow and
driver behavior are relatively homogeneous across these lanes, as the road capacity
is shared and drivers may not aggressively differentiate their following gaps based
solely on lane choice. The limited space and lower speeds constrain the potential
for significant behavioral divergence.
(2) 25 – 35 m/s (Fig. 4.9b and Fig. 4.9c): The mean THW values clearly
show the progression. As middle lanes accommodate a mix of speeds and lead to
intermediate time gaps. Besides, Outer lanes experience heavier vehicle traffic (e.g.,
trucks) and are more influenced by on- and off-ramp infrastructure, leading drivers
to maintain longer, more cautious time headway. The reduced traffic disruptions
and more stable flow at these speeds, especially in inner lanes, allow drivers to choose
more consistent gaps tailored to the lane’s specific function.
(3) 35 – 40 m/s (Fig. 4.9d): It is important to note that at this highest speed
range, there is a distinct lack of data, particularly for the outermost lane, which con-
tributes to its unusual and potentially less representative THW distribution shape.
However, focusing on the inner and middle lanes where data is more robust, we
observe that the THW gap between them begins to close or converge once again.
This behavior is consistent with our previous findings for lead vehicle type and 2-
lane analysis at very high speeds. Under high-speed traffic conditions, drivers often
perceive minimal risk regardless of the lane, leading to a convergence of preferred
time gaps. There is less need for exaggerated safety margins, and drivers feel safe to
maintain efficient time headway across these lanes, as significant traffic disruptions
are less probable.
Overall, we can observe and draw similar findings from both the lead vehicle type
analysis and the number of lanes/lane selection study regarding THW preferences.
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(a) Lead vehicle distance and time headway den-
sity distributions for outer, middle, and inner
lanes (20 – 25 m/s, 3-lane motorway).

(b) Lead vehicle distance and time headway den-
sity distributions for outer, middle, and inner
lanes (25 – 30 m/s, 3-lane motorway).

(c) Lead vehicle distance and time headway den-
sity distributions for outer, middle, and inner
lanes (30 – 35 m/s, 3-lane motorway).

(d) Lead vehicle distance and time headway den-
sity distributions for outer, middle, and inner
lanes (35 – 40 m/s, 3-lane motorway).

Figure 4.9: Comparison of Lead Vehicle Distance and Time Headway Distribu-
tions by Lane for Different Speed Ranges on 3-Lane Motorways (Volvo Cars sample
dataset).
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The THW gap exhibits a consistent behavioral pattern across different speed cat-
egories: the gap between different traffic groups (e.g., inner vs. outer lane; car vs.
truck lead) is negligible in very low (20 – 25 m/s) and very high (35 – 40 m/s) speed
ranges. However, a significant and clear gap emerges in the intermediate speed
ranges (e.g., 25 – 30 m/s and 30 – 35 m/s) where traffic conditions allow for more
driver discretion and lane-specific behaviors become more pronounced.
This dynamic relationship highlights that human driver preferences for car-following
time gaps behave differently under varying traffic settings, necessitating a nuanced
approach to analysis and ACC design. It underscores the importance of carefully
constructing scenarios to derive robust conclusions. Based on our analysis, for ACC
system design, we suggest incorporating a variable time gap strategy, potentially
adding between 0 to 0.7 s of time headway depending on the specific number of
lanes, the ego vehicle’s lane selection.
Here we present our findings on the influence of lane selection for 2-lane roads by
the HighD dataset. Figure 4.10 presents the lead vehicle distance and time head-
way density distributions for the outer, middle, and inner lanes across various speed
ranges on a 3-lane motorway in the HighD dataset.
The analysis of the 3-lane HighD dataset reveals findings consistent with the 2-lane
observations that: Firstly, the time headway distributions for the inner, middle,
and outer lanes in the 3-lane motorway sections show only small variations across
different speed ranges. This again points to a relatively unified and stable driving
behavior on German highways, where drivers maintain consistent headway prefer-
ences within a given lane, irrespective of marginal speed increases. Secondly, across
all examined speed ranges, a clear and increasing difference in mean time headway is
observed from the inner lane to the middle lane, reflecting the functional hierarchy
of motorway lanes. This clear differentiation indicates that drivers adapt their time
headway choices significantly based on the designated purpose and typical traffic
flow characteristics of each lane. Drivers maintain smaller distances in faster lanes
and progressively larger distances in slower lanes.
Overall, these findings suggest that for the ACC system to better mimic human
driving preferences, it’s recommended to maintain a time gap that is approximately
0.2 to 0.6 s longer for different lanes.

4.5 Lighting Condition
This study specifically leverages the Volvo Cars sample dataset, since it provides a
high-quality data for the lighting conditions during each drive, which is not present
in the public dataset. This data ranges from 0 to 10000 (arbitrary units). As il-
lustrated in Figure 3.2 in previous sections, a significant amount of the collected
data is distributed at the extreme ends of this range. Given this skewed distribu-
tion, we examined the influence of lighting conditions on THW from two distinct
perspectives:

1. We classified traffic data into distinct bright and dark traffic groups to compare
their THW distributions.

2. We analyzed the average THW evolution with a granular regard to the con-
tinuous range of lighting conditions.
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(a) Lead vehicle distance and time headway density
distributions for outer, middle, and inner lanes (20
– 25 m/s, 3-lane motorway).

(b) Lead vehicle distance and time headway density
distributions for outer, middle, and inner lanes (25
– 30 m/s, 3-lane motorway).

(c) Lead vehicle distance and time headway density
distributions for outer, middle, and inner lanes (30
– 35 m/s, 3-lane motorway).

(d) Lead vehicle distance and time headway density
distributions for outer, middle, and inner lanes (35
– 40 m/s, 3-lane motorway).

Figure 4.10: Comparison of Lead Vehicle Distance and Time Headway Distribu-
tions by Lane for Different Speed Ranges on 3-Lane Motorways by highD dataset
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(a) Time Headway and Lead Vehicle Distance Distribution by Dark and Bright
Condition Group (Gaussian Filtered Data).

(b) Time Headway and Lead Vehicle Distance Distribution by Dark and Bright
Condition Group (Butterworth Filtered Data).

Figure 4.11: Comparison of Time Headway and Lead Vehicle Distance Distribu-
tions by Dark and Bright Lighting Conditions, Processed with Gaussian and But-
terworth Filters.

4.5.1 Time headway analysis for dark and bright traffic group
Following the signal processing of the lighting condition data, we proceeded to ana-
lyze its influence on human drivers’ THW preferences. This analysis was conducted
using both the Gaussian-filtered and Butterworth-filtered lighting data. Using a
similar method like before, we construct two traffic groups: the dark traffic group,
referring to drives that occurred under dark conditions (typically at night), and the
bright traffic group, referring to drives that occurred under well-lit conditions.
For the data processed with the custom threshold and Gaussian filter, we observed
a discernible difference in time headway distributions between the dark and bright
lighting conditions. As illustrated in Figure 4.11a, there is approximately a 0.2 s
gap in the mean THW between the two groups. Specifically, the time headway
distribution for the bright condition is clearly shifted towards smaller values, while
the dark condition exhibits a preference for longer time gaps.
This finding aligns with human driving instincts and safety considerations. In dark
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conditions, reduced visibility necessitates a longer reaction time and increased safety
margins. Drivers instinctively compensate for the diminished visual information
by increasing their following distance, thereby allowing more time to perceive and
react to potential hazards, such as sudden braking of the lead vehicle or unforeseen
obstacles on the road.
Subsequently, we performed a similar comparison using the data processed with
the Butterworth low-pass filter. Figure 4.11b presents the time headway and lead
vehicle distance distributions for dark and bright conditions based on this filtered
data. The distributions derived from the Butterworth-filtered data exhibit a similar
pattern. We can draw analogous conclusions regarding driver behavior, where the
darker conditions correlate with a preference for longer time headways. This con-
sistency across both filtering methods reinforces the robustness of our finding that
lighting conditions significantly influence human drivers’ time gap choices, with a
clear tendency to increase safety margins when visibility is reduced. The similar
outcomes from both filtering approaches validate that the choice of filter, while hav-
ing minor technical differences as discussed previously, does not fundamentally alter
the behavioral insights gained from the dataset.

4.5.2 Analysis of Time Headway Evolution with Lighting
Condition

We also examined the continuous relationship between average THW and varying
lighting conditions. This provides another perspective on how driver behavior adapts
across the full spectrum of ambient brightness.
Figure 4.12 presents a scatter plot depicting the average time headway against the
average lighting condition for every 500 data points. This visualization includes a
regression line to show the overall trend, a rolling mean to illustrate local variations,
and a 95% prediction band to capture the expected range of human driver time
headway choices.
As evident from Figure 4.12, despite a clear overarching trend, human drivers exhibit
a dynamic and diverse range of time headway choices even under similar lighting con-
ditions. This variability is expected, as numerous other factors influence individual
driving styles, including driver personality, psychological state (e.g., fatigue, stress),
and the specific traffic context at any given moment (e.g., immediate necessity for
acceleration or braking, presence of vulnerable road users). These background traffic
conditions frequently necessitate different THW choices, contributing to the broad
spread of data points within the prediction band.
Nevertheless, a clear descending trend is observed: as the average lighting condition
improves (i.e., brightness increases), the average time headway chosen by drivers
distinctly decreases. The regression line visually confirms this inverse relationship.
The average/mean THW selection is consistent with our previous findings from the
grouped analysis, showing an approximate 0.2 s decrease as conditions transition
from dark to bright.
In conclusion, our analysis from two distinct angles—both categorical grouping and
continuous trend evaluation—consistently confirms that human drivers prefer to
maintain a longer time gap in darker or worsening light conditions. We recommend
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Figure 4.12: Average Time Headway per 500 Data Points vs. Average Brightness,
with Regression Line, Rolling Mean, and 95% Prediction Band.

adapting a 0.2 s longer car following time gap for the design of ACC systems.

4.6 Scenarios influenced by infrastructure and sur-
rounding traffic

4.6.1 Scenario 1: Cut-in intention of other vehicles
To investigate the ego vehicle’s reaction to cut-in intentions from adjacent vehicles,
the first step is to accurately identify periods within the highD dataset where such
intentions were present. For this, we employed an HMM to cluster driving behaviors,
specifically focusing on detecting when drivers exhibit lateral movements indicative
of a cut-in.
The HMM was trained using the following features: longitudinal acceleration (xAc-
celeration), longitudinal velocity (xVelocity), lateral acceleration (yAcceleration),
and lateral velocity (yVelocity). These features comprehensively describe a vehicle’s
motion and are highly relevant for capturing lane-changing dynamics. Figure 4.13
illustrates the distribution of these features across the different clusters identified by
the HMM.
Based on the analysis of these feature distributions, we determined that Cluster
0 (Purple), Cluster 2 (Light Blue), and Cluster 4 (Yellow) are most likely associ-
ated with cut-in behaviors, as they predominantly reflect periods where the driver
is performing significant lateral movement. While these clusters are distributed dif-
ferently across the feature space, they all show notable activity in either lateral
acceleration (yAcceleration) or lateral velocity (yVelocity), confirming their associ-
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Figure 4.13: Distribution of velocity and acceleration in x and y direction under
four HMM states
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ation with lane-changing maneuvers.
To further validate these clusters as indicators of cut-in events, we investigated
whether all recorded lane change events in the highD dataset were indeed classified
into these identified clusters (0, 2, or 4) during the actual cut-in period. The results
are overwhelmingly positive:

• Total lane changes identified in the dataset: 1363
• Total lane change events classified into states 0, 2, or 4 by the HMM: 1363
• Percentage of lane changes occurring within states 0, 2, or 4: 100.00%

This 100% capture rate strongly confirms that the HMM effectively identifies all
instances of lane changes within these three clusters. Furthermore, the distribution
of lane change events among these states provides insight into the prevalence of each
specific lateral movement pattern during a cut-in:

• State 0: Lane change events: 620 (45.49% of total lane changes)
• State 2: Lane change events: 597 (43.80% of total lane changes)
• State 4: Lane change events: 146 (10.71% of total lane changes)

Following the identification of cut-in periods using the HMM, our next step was to
investigate the reaction of the "being cut in" vehicle during these events. This study
focuses on how drivers respond to an encroaching vehicle just before it fully cuts
into their lane.
We train a K-Means clustering model on features representing the ego vehicle’s
braking behavior during these cut-in events: maximum deceleration, deceleration
duration, and mean deceleration. We filter out drives where the maximum decelera-
tion is smaller than 0.2 m/s2, since most cut-ins occur at low speeds, and a previous
study determined that accelerations smaller than this threshold represent normal
steady car-following behavior. This allows us to categorize different types of driver
reactions into three distinct clusters. Figure 4.14 presents a 3D scatter plot visu-
alizing the distribution of these clusters across the three aforementioned features.
Each point in the plot represents a distinct driver’s reaction instance.
The K-Means clustering resulted in the following distribution of reaction patterns:

• Cluster 0 (Purple): Short and Intense Braking (15% of data points).
This cluster reflects situations where drivers perform sudden and intense de-
celeration over a short period. Characterized by a deceleration time of 3 s
and a high average decelerate speed of 2.29 m/s, this reaction suggests a more
urgent or reactive braking response to a perceived immediate threat from the
cutting-in vehicle.

• Cluster 1 (Green): Long and Moderate Braking (22% of data points).
Drivers in this cluster engage in a more prolonged, but still moderate, braking
action. This pattern is defined by a longer deceleration time of approximately
7.8 s and a decelerate speed of 1.76 m/s. This indicate a more gradual, sus-
tained reaction to a cut-in, or a situation where a longer adjustment period is
available.

• Cluster 2 (Yellow): Short and Moderate Braking (61% of data points).
This cluster represents the majority of driver reactions. Drivers in this cluster
exhibit short and moderate braking behavior, characterized by a typical decel-
eration time of 3 s and a relatively low average decelerate speed of 0.72 m/s.
This suggests a common, perhaps anticipated, response to a cut-in that allows
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Figure 4.14: 3D scatter plot for different braking clusters across different features

for gentle adjustment.
To understand the underlying situational factors that cause a driver to react in a
certain way (i.e., belong to one of the K-Means reaction clusters), we investigated the
relationship between various pre-cut-in scenario features and the resulting braking
behavior cluster. Our objective was to identify what specific traffic and interaction
conditions compel a driver to react in a particular manner.
For this purpose, we trained a Random Forest Classifier using the following scenario-
specific features as inputs: Average speed difference between the ego vehicle and the
cut-in vehicle, Average distance headway between the ego vehicle and the cut-in
vehicle, Average lateral acceleration of the cut-in vehicle, Average lateral velocity of
the cut-in vehicle., Traffic flow and traffic density.
The performance of the Random Forest Classifier was robust with 100% precision,
recall, and F1-score across all clusters. This high performance suggests a strong
relationship between the chosen features and the observed reaction types.
To understand which of these scenario features were most influential in determining
the driver’s reaction, we analyzed the Feature Importance from the trained Random
Forest model:
From the table 4.5, it is evident that several factors related to the immediate in-
teraction with the cutting-in vehicle have a large influence on the driver’s reaction
behavior: average speed difference, average distance headway, average lateral accel-
eration, and lateral velocity.
to gain a deeper understanding of how these scenario factors influence specific driver
reactions, we visualize the distributions of the most influential features for each
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Feature Importance Score
Average Speed Difference (m/s) 0.2694
Average Lateral Velocity (m/s) 0.2589
Average Lateral Acceleration (m/s2) 0.2187
Average Distance Headway (m) 0.1913
Density (vehicles/km) 0.0487
Flow (vehicles/hour) 0.0131

Table 4.5: Feature Importance from Random Forest Classifier

braking cluster. This allows for a direct comparison of the conditions under which
different reaction types occur. We particularly focus on Cluster 0 (Hard Braking), as
it indicates an intensive reaction likely driven by immediate safety concerns, which
is critical for ACC to understand and adapt to. Below Figure show the distributions
of average speed difference, average distance headway, average lateral acceleration,
and average lateral velocity for the cut-in intention vehicle.

(a) Speed difference density distribution
between cut-in intention vehicle and the
ego vehicle across different clusters

(b) Average distance headway distribu-
tion between cut-in intention vehicle and
the ego vehicle across different clusters

(c) Lateral average acceleration distribu-
tion for cut-in intention vehicle across
different clusters

(d) Lateral average velocity distribution
for cut-in intention vehicle across differ-
ent clusters.

Figure 4.15: Behavioral features of the cut-in intention vehicle clustered by driver
reaction.
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By examining these distributions from Figure 4.15, we can clearly observe the dis-
tinct conditions that lead to each reaction cluster.

• Cluster 0:(Hard Braking - Yellow) : For hard braking, drivers tend to
react in this manner when the cutting-in vehicle’s speed is significantly smaller
than the ego vehicle’s speed by Figure 4.15a ,when the distance between the ego
vehicle and the cutting-in vehicle is small by Figure 4.15b, when the cutting-in
vehicle performs aggressive and abrupt lateral movements since the distribu-
tions in both Acceleration in Fig 4.15c and Velocity in Figure 4.15dby show
peaks at larger absolute values. This is reasonable because these factors com-
bine to present a dangerous scenario: a sudden and aggressive lateral move-
ment of a cutting-in vehicle into a small gap, coupled with a high relative
speed, leads to a short time-to-collision or rapid decrease in headway. Such
conditions contribute to an intense braking response from the ego vehicle driver
to ensure safety and avoid potential collisions.

• Cluster 1 (Long and Moderate Braking - Green): Drivers tend to ex-
hibit this type of reaction when the average distance headway is relatively
small, but the cutting-in vehicle’s speed is higher than the ego vehicle’s speed.
While the distance headway might be small, the positive speed difference indi-
cates a diverging scenario with little collision possibility. In this case, drivers
are likely braking not due to an immediate collision threat, but rather to in-
crease their following distance and adjust to a comfortable and safe headway
with the now faster lead vehicle.

• Cluster 2 (Short and Moderate Braking - Purple): This represents the
most frequent reaction. Drivers tend to perform short and moderate braking
when the distance headway is relatively large, and the cutting-in vehicle’s
speed is smaller than the ego vehicle’s speed, indicating that the ego vehicle
needs to slow down. However, with a generous distance headway, the driver has
plenty of room and time to adjust comfortably, allowing for a less aggressive
and more controlled deceleration.

In conclusion, it is recommended that the ACC algorithm introduce the braking
mechanism for when the there’s a cut-in intention vehicle, the cut-in vehicle speed
is significantly smaller than the ego vehicle, and the distance between the ego vehicle
and the cut-in vehicle is small.

4.6.2 Scenario 2: Passing on-ramp area without merging
vehicles

Lane change behavior analysis For this study, we selected a map from the
exiD dataset that contains an on-ramp, enabling a detailed investigation of the
infrastructure on car-following behavior. Within this map, 5, 453 vehicles were an-
alyzed. Among these, 62.3% (3, 399 vehicles) maintained their lane throughout the
observed trajectory, 27.6% (1, 505 vehicles) executed a single lane change, and 10.1%
(549 vehicles) performed multiple lane changes.
As shown in Figure 3.11, the on-ramp lane refers to the lane containing the accel-
eration lane; lane 0 is the lane directly adjacent to the on-ramp, and lane 1 is the
innermost lane adjacent to lane 0.

61



4. Results

Number of
tracks

Time
headway
mean (s)

Velocity
mean (m/s)

Acceleration
mean (m/s2)

Straight lane 542 1.54 24.03 0.09
Adjacent to

on-ramp
12 1.65 24.95 0.13

Table 4.6: Comparison of mean values in Scenario 2

For vehicles entering from the on-ramp, all merged into one of the two main lanes,
with the predominant maneuver being a merge from the on-ramp into lane 0 within
the acceleration lane region.
For vehicles starting in lane 0, 82.1% maintained their lane, 15.0% made a single
lane change, and 3.0% made multiple changes. The most frequent maneuver was
a shift from lane 0 to lane 1 during the acceleration lane section, likely to avoid
merging traffic from the on-ramp.
For vehicles starting in lane 1, 86.2% remained in the same lane, 13.5% made a
single lane change, and 0.3% made multiple changes. The lower incidence of lane
changes compared with lane 0 suggests a reduced direct influence from the on-ramp.
The most common maneuver from lane 1 was a merge into lane 0 shortly after the
end of the acceleration lane, possibly to position for an upcoming exit or due to
local traffic flow patterns.
A small number of vehicles performed multiple lane changes within the approxi-
mately 1 km study segment. Notably, some vehicles from the on-ramp merged into
inner lanes twice, while 24 vehicles starting in lane 0 shifted into an inner lane during
the acceleration lane and then returned to lane 0.
These observations point to further discussion on the on-ramp area: Impact of the
on-ramp on lane 0 behavior. The existence of on-ramp increases the likelihood of
lane changes during this lane segment, either to accommodate merging vehicles or
to avoid potential slowdowns.

Scenario 2 analysis When drivers pass an on-ramp section and no vehicle is
present in the adjacent acceleration lane, the observed differences in time headway
between the straight lane and the lane adjacent to the on-ramp are statistically
significant (p < 0.001), but the magnitude is small (0.08s) and unlikely to have a
practical impact. The 80% HDI for vehicles in the straight lane is 0.5 ˘ 2.2 s, while
for vehicles in the lane adjacent to the on-ramp it is 0.3 ˘ 2.5 s, which has been
shown in Table 4.6.
As shown in Figure 4.16, although the mean time headway in the on-ramp-adjacent
lane is slightly longer (1.65 s vs. 1.54 s), speed and acceleration distributions remain
comparable across the two lane types. This suggests that in the absence of merging
activity, the influence of the on-ramp is minimal, and drivers maintain car-following
patterns largely consistent with those in uninterrupted lanes. The small observed
difference may be attributed to a cautious driving tendency in proximity to an on-
ramp, even when no merging occurs.
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(a) Time headway (b) Speed

(c) Acceleration

Figure 4.16: Distributions of (a) time headway, (b) speed, and (c) acceleration for
vehicles on straight lanes and on lanes adjacent to on-ramps. Each subplot compares
the two lane types.

4.6.3 Scenario 3: Passing on-ramp area with merging vehi-
cles

When vehicles are present in the adjacent acceleration lane, drivers in the on-ramp-
adjacent lane adopt longer time headways, with a mean difference of 0.4 s compared
to the “without right vehicle” case (p < 0.001). The 80% HDI shifts upward,
reflecting a consistent pattern of increased spacing. Additionally, mean acceleration
decreases (0.04 m/s2 vs. 0.13 m/s2), indicating milder longitudinal control in the
presence of potential merging, which has been shown in Table 4.7.
As shown in Figure 4.17, this anticipatory spacing behavior appears regardless of
whether the vehicle in the acceleration lane actually merges ahead of the ego vehicle.
The adjustment is likely a proactive safety measure, allowing space for a possible
merge and reducing the need for abrupt deceleration. The lower average speed in
the “with right vehicle” condition may also reflect a conscious moderation of pace
to maintain this buffer.
Overall, the comparison between Scenario 2 and Scenario 3 demonstrates that the
presence of vehicles in the adjacent acceleration lane is the primary driver of behav-
ioral change in this context.
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Number of
tracks

Time
headway
mean (s)

Velocity
mean (m/s)

Acceleration
mean (m/s2)

"Without"
right vehicle

542 1.65 26.97 0.13

"With" right
vehicle

12 2.15 24.95 0.04

Table 4.7: Comparison of mean values in Scenario 3

(a) Time headway (b) Speed

(c) Acceleration

Figure 4.17: Distributions of (a) time headway, (b) speed, and (c) acceleration
for vehicles in On-Ramp Adjacent Lane (exiD): With vs. Without Right Vehicle(s).
Each subplot compares the two lane types.
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In this section, we presented the core findings derived from the analysis of both
the public datasets and the Volvo Cars sample dataset. Our analysis began with a
comprehensive examination of factor importance. Then we quantified the individ-
ual influence of specific factors. We found that drivers consistently adjust their time
gaps based on lead vehicle type, number of lanes and lane selection, and lightning
conditions. Furthermore, our scenario-based analysis provided crucial insights into
adaptive behavior in complex situations. We confirmed that human drivers proac-
tively adjust their time gaps in response to a detected cut-in intention and also
adapt their following distance when passing an on-ramp with merging vehicles.
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Conclusion

In this concluding chapter, we summarize the main findings of the thesis, discuss
their limitations and implications, and outline promising directions for future re-
search. Finally, we reflect on the ethical considerations relevant to the use of large-
scale driving trajectory datasets.

5.1 Summary of Findings
This thesis conducts a comprehensive comparative analysis of how contextual factor
influence car following time gap, leveraging data from both a publicly available
dataset and a proprietary dataset from Volvo Cars. By applying consistent research
methodologies across both sources, we aimed to gain a deeper understanding of
driving dynamics in various contexts, providing insights for the development of the
ACC System. Our work involved establishing robust car-following filters, analyzing
the importance of diverse influencing factors, examining the specific impact of factors
such as lead vehicle type, number of lanes, and lighting conditions on driver behavior
and investigate specific scenario where the time gap is influenced by infrastructure
and road user.
Our comparative study revealed several key similarities and differences between the
datasets. Methodologically, common car-following filtering techniques were applied
across both datasets. The primary findings of this study offer valuable insights into
human driving behavior and actionable recommendations for ACC systems:

• Refined Car-Following Definition: Our pattern recognition approach for
identifying "steady car-following" behavior led to a recommended refinement
in acceleration criteria for rule-based models, suggesting a transition from
0.2 m/s2 to 0.5 m/s2 in higher speed for better characterization.

• Key Influencing Factors Identified: The analysis of feature importance
across datasets underscored the significant role of traffic density in shaping
car-following behavior. Furthermore, lighting conditions were confirmed as a
crucial factor, particularly in the Volvo Cars sample dataset. This highlights
the importance of environmental factor influence in car following time gap.
The study also emphasized the critical need to investigate the influence of
specific geographical contexts, such as on-ramp areas, on adjacent lane behav-
iors.

• Quantified Driver Preferences: Our research quantified several consistent
human driving preferences:

– Drivers were found to consistently prefer to maintain a longer time gap
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(approximately 0.3 – 0.5 s more) when following a truck compared to a
car, indicating a higher safety margin for larger vehicles.

– A clear preference for smaller time headway was observed in the inner
(faster) lane compared to the outer (slower) lane, reflecting adaptive be-
havior to lane function and traffic flow.

– Under darker light conditions, drivers demonstrated a tendency to main-
tain a longer time gap (approximately 0.2 s more), suggesting an increased
cautionary approach in reduced visibility.

• Scenario where the time gap is influenced by infrastructure and road
user: We identified and investigated specific scenarios:

– Drivers were found to have a tendency to adjust to a approximately 0.1-
0.3 s longer time gap and react proactively when a clear cut-in intention
is detected from an adjacent vehicle, especially when that vehicle’s speed
is significantly lower than the ego vehicle’s and the lateral distance is
minimal.

– Drivers tended to maintain a time gap approximately 0.5 s longer and
exhibited proactive reactions when the ego vehicle was passing an on-
ramp area where vehicles might be merging from the acceleration lane,
thereby increasing safety during these common conflict points.

Our study highlights that car-following time gaps are influenced by a range of con-
textual factors. Across both the public and Volvo Cars datasets, we found that lead
vehicle type, lane configuration, on-ramp infrastructure, lighting conditions, and
surrounding vehicles’ merging intentions all play a significant role. Drivers tended
to extend their following distance in more demanding conditions, when following
trucks, in darker environments, when adjacent vehicles displayed cut-in intentions,
and when passing an on-ramp area with vehicles in the on-ramp area.
In summary, this thesis provides a robust, data-driven framework for understanding
complex human car-following behavior across diverse driving contexts. The insights
gained from both public and Volvo datasets offer a valuable foundation for develop-
ing more intelligent, context-aware, and human-centric ACC systems.

5.2 Discussion and Implications
While the findings of this thesis provide valuable insights into manual car-following
behavior and offer practical recommendations for ACC time gap adaptions, several
limitations must be noted.
First, the analysis focuses exclusively on passenger cars and does not include other
vehicle types such as trucks or vans; therefore, the findings may not generalize to
other classes of vehicles. Second, the public datasets used in this research (highD
and exiD) are limited in spatial coverage (typically 400 – 500 m), which may restrict
the ability to capture long-term driving patterns of individual drivers. In addition,
the Volvo Cars sample dataset consists of test drives rather than fully naturalistic
driving, which may introduce bias in driver behavior.
Despite these limitations, the results offer several interpretations. Firstly, by ana-
lyzing both the public dataset and the Volvo Cars sample dataset, we found that
they present both consistent and unique results, offering a more complete view of
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car-following behavior. For instance, both datasets confirmed that speed and traf-
fic density are primary determinants of the time gap. However, the Volvo dataset,
with its richer contextual data, allowed us to quantify the significant influence of
factors like lighting conditions and traffic density in a way that the public datasets
could not. This demonstrates that a comprehensive understanding of car-following
behavior requires data that captures both standard kinematic variables and a wide
range of contextual details.
This thesis is grounded in classical car-following perspectives in which headway
choice is primarily explained by speed-related factors and safety margins. The ev-
idence here supports that foundation, while other contextual factors are found to
influence the time gap choice. First, lead-vehicle class, lane selection, and lighting
shift the preferred headway even when speeds are matched. Second, scenario struc-
ture matters: anticipation effects appear before a merge is completed. The results
argue for extensions of standard car-following theory that (i) incorporate contextual
factors as explicit inputs or latent regimes, and (ii) model anticipatory adjustments
triggered by impending interactions (e.g., cut-ins maneuvers, ramp proximity). In
short, practical ACC design benefits from a theory that is context-aware.

Reflection on theory and implementation. Gradient boosting and XGBoost
were suitable for capturing non-linearities and interactions, and they provided good
predictive performance with heterogeneous features. Their main limitation is the
lack of transparency in how multiple factors interact, and there is also a potential
risk of overfitting. In our study, the test results did not indicate overfitting. To
reduce bias and improve clarity, the models were trained separately for each speed
group, and feature importance was interpreted in a relative rather than absolute
sense.
Methods like K-Means for clustering and Random Forest for classification are rela-
tively transparent and interpretable. This transparency is crucial for safety-critical
applications. If a system trained on these models causes an accident, a transparent
model allows for a clear investigation into the cause.

5.3 Further work
Building upon the insights and methodologies developed in this thesis, several con-
textual factors can be study to further enrich the understanding of car-following
behavior and enhance the development of ACC systems.
Our current scenario studies, investigating cut-in intentions and the influence of
on-ramp infrastructure, were primarily conducted and validated using the public
dataset due to time constraints. A critical next step would involve implementing
and validating these scenario studies on the Volvo Cars sample dataset. This cross-
dataset validation would assess the reliability of our findings to different driving
locations and data collection environments, thereby strengthening the robustness of
our conclusions.
Future work could also expand the scope to include off-ramp infrastructure and
cut-out scenarios. While on-ramps and cut-ins represent situations where vehicles
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merge into the ego lane’s path, off-ramps and cut-outs involve vehicles diverging
from the ego lane. Understanding how drivers adjust their time headway and react
to diverging vehicles near off-ramps, or when a surrounding vehicle performs a cut-
out maneuver, is equally crucial for developing comprehensive and robust ACC
functionalities that can handle the full spectrum of merging and diverging traffic
interactions.
Another promising direction for future research involves a factor analysis of road
curvature impact on car following time gap. This is an especially interesting factor,
given its direct relevance to vehicle dynamics and driver comfort in real-world driv-
ing. Steady car-following data is naturally more common on straight roads than on
curves due to the naturalistic driving dynamics in curvy roads. Consequently, after
filtering for steady car-following states in Volvo Cars sample dataset, few data in our
dataset have curvature values larger than 0.001 m−1, corresponding to curve radii
greater than 1000 m. According to Othman et al. [35], road segments with radii
greater than 1250 m are typically considered straight, thus providing no high-quality
data on time gap adaptation on highly curvy roads. Future work could focus on
understanding human drivers precautionary adaptations before entering the curve.
This could involve analyzing how drivers modify their speed and time gap on the
straight section of road leading into a curve to prepare for the change in dynamics.

5.4 Ethics
The ethical handling of data from naturalistic driving studies is paramount to ensure
that research benefits society without compromising individual privacy. Therefore,
both the public trajectory datasets and the Volvo Cars sample dataset we used
in the study are processed according to the specific compliance; all records are
fully anonymized to remove any personally identifiable information. Data were
analyzed only within the approved research scope and were not used to identify
individuals. Additionally, the primary objective of our study is to contribute to a
deeper understanding of human driving behavior, with the ultimate goal of more
intelligent, more human-centric, and more comfortable advanced driver assistance
systems. Our findings derived from this work, such as thresholds for human-like
following distances, are intended to support the development of the ACC system that
enhances ride comfort and user acceptance, rather than being used for commercial
exploitation or purposes outside of its intended academic scope.
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A
Appendix 1

In here, we present one more group of result for Car following pattern recognition.
Similarly we examined the feature distributions across identified HMM clusters for
the 30-35 m/s speed group.

Figure A.1: Distribution of Distance Headway, Time Headway, Ego Velocity, Pre-
ceding Velocity, and Speed Difference Across HMM States for 30-35 m/s Speed
Group (highD dataset).

our analysis indicates the following interpretations for the clusters:
• Cluster 1 & Cluster 2: Steady Car-Following Behavior These two

clusters consistently represent steady car-following behavior within this higher
speed range.The preceding vehicle speed within these clusters is typically
around 30-35 m/s. So the ego vehicle and lead vehicle have similar overall
velocity allowing for stable relative velocities. The speed difference for both
Cluster 1 and Cluster 2 is largely concentrated around 0, indicating that the
ego and lead vehicles maintain very similar speeds.

– Cluster 1 (Light Blue) reflects steady car follow with lead vehicle speed
slightly higher than ego vehicle
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A. Appendix 1

– Cluster 2 (Orange), while also representing steady following, reflects
steady car follow with lead vehicle speed slightly smaller than ego vehicle

• Cluster 0 (Purple) : Lead vehicle Driving away behavior The cluster
represent more dynamic and transient car-following states. A cluster where
the speed difference is negative indicates a "driving away" scenario, where the
preceding vehicle is accelerating relative to the ego vehicle, or the ego vehicle
is decelerating.

• Cluster 3 (Red): Ego vehicle Closing in behavior Conversely, a cluster
with a positive speed difference indicate a "closing in" scenario, where the ego
vehicle is gaining on the lead vehicle.

To validate the HMM-based classification for the 30-35 m/s speed group, we again
compared the combined data from HMM Clusters 1 and 2 (representing steady car-
following) with data classified as steady car-following by the rule-based model for
the 30-35 m/s group Fig A.2

Figure A.2: Distribution Comparison: HMM-identified Car-Following vs. Rule-
Based Filtered Car-Following for 20- 25 m/s group

A key adjustment made for this higher speed group was loosening the criterion for
ego acceleration in the rule-based model from 0.2 m/s2 to 0.5 m/s2. This adjustment
was necessary because at higher speeds, vehicle adjustments (even during "steady"
following) often involve larger magnitudes of acceleration or deceleration due to
increased speed and the need for more responsive maneuvers to maintain a stable
state.
Quantitatively, we observed that:

• Percentage of data points that cluster as steady following by HMM model that
also meet the rule based model car-following criteria: 57.98%.

• Percentage of data point that cluster as steady car-following by rule based
model that are also cluster as steady car following by HMM model: 57.22%.
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In here, we present our result for signal factor study for Lead vehicle type, Number of
Lanes and Lane selection, Lighting Condition using our majority selection method to
these distributions reveals the range of preferred THWs Base on Volvo Cars sample
dataset.

B.1 Lead vehicle type

Figure B.1 and Figure B.2 display the majority (90%) THW sections for car-leads
and truck-leads, respectively, in 20-25 m/s speed category from Volvo Cars sample
dataset.

Figure B.1: Time headway density dis-
tribution for Car Leads, showing major-
ity section (20-25 m/s, Volvo Cars sam-
ple dataset).

Figure B.2: Time headway density dis-
tribution for Truck Leads, showing ma-
jority section (20-25 m/s, Volvo Cars
sample dataset).

As seen in Figures B.1 and B.2, the time headway range preferred by human drivers
is quite wide within this speed category, encompassing values from approximately
0.87 s to 3.8 s for car leads and 0.84 s to 3.77 s for truck leads, reflecting a diverse
set of following time gap preferences.
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Figure B.3: Time headway density dis-
tribution for Car Leads, showing major-
ity section (25-30 m/s, Volvo Cars sam-
ple dataset).

Figure B.4: Time headway density dis-
tribution for Truck Leads, showing ma-
jority section (25 -30 m/s, Volvo Cars
sample dataset).

Furthermore, a comparison with the lower speed group (20-25 m/s) reveals that
the majority THW selection in the 25-30 m/s category is generally smaller, and
the overall range of the majority section is also narrower. This indicates a more
consolidated preference for certain time gaps as speeds increase within this range.

Figure B.5: Time headway density dis-
tribution for Car Leads, showing major-
ity section (30-35 m/s, Volvo Cars sam-
ple dataset).

Figure B.6: Time headway density dis-
tribution for Truck Leads, showing ma-
jority section (30 -35 m/s, Volvo Cars
sample dataset).

Consistent with the trend observed in increasing speed categories, the overall data
range and the mean THW for both car and truck lead groups continue to be smaller
compared to the lower speed groups, indicating a further convergence towards a
narrower set of preferred time gaps at higher speeds.
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Figure B.7: Time headway density dis-
tribution for Car Leads, showing major-
ity section (35-40 m/s, Volvo Cars sam-
ple dataset).

Figure B.8: Time headway density dis-
tribution for Truck Leads, showing ma-
jority section (35-40 m/s, Volvo Cars
sample dataset).

Furthermore, the majority data range for THW in this speed group is slightly smaller
compared to the 30-35 m/s group, indicating a continued trend towards a more
refined and consistent time gap selection among human drivers under these high-
speed, stable conditions.

B.2 Number of Lanes and Lane selection
Figures B.9 and B.10 further detail the majority THW ranges for the outer and
inner lanes, respectively.

Figure B.9: Time headway density dis-
tribution for Outer Lane, showing ma-
jority section (20-25 m/s, 2-lane motor-
way, Volvo Cars sample dataset).

Figure B.10: Time headway density
distribution for Inner Lane, showing ma-
jority section (20-25 m/s, 2-lane motor-
way, Volvo Cars sample dataset).

The majority data range is notably wide and diverse for both groups, reflecting a
broad spectrum of human driver preferences even under these specific conditions.
It is worth noting that the data volume for the inner lane in this speed category is
comparatively lower. Additionally, the THW distribution for the inner lane presents
a somewhat unique, possibly bimodal, pattern with two discernible peaks at both
the lower and higher ends of the distribution. This might suggest a subset of inner-
lane drivers either following very closely for quick maneuvers or maintaining larger
gaps to avoid frequent lane changes, or it could be an artifact of the smaller sample
size influencing the KDE.
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Figure B.11: Time headway density
distribution for Outer Lane, showing
majority section (25-30 m/s, 2-lane mo-
torway, Volvo Cars sample dataset).

Figure B.12: Time headway density
distribution for Inner Lane, showing ma-
jority section (25-30 m/s, 2-lane motor-
way, Volvo Cars sample dataset).

Additionally, consistent with trends observed at increasing speeds, the majority data
range for THW in this speed group is also notably smaller and narrower, indicating
a more converged and potentially optimized time gap preference as traffic conditions
improve and speeds increase.

Figure B.13: Time headway density
distribution for Outer Lane, showing
majority section (30-35 m/s, 2-lane mo-
torway, Volvo Cars sample dataset).

Figure B.14: Time headway density
distribution for Inner Lane, showing ma-
jority section (30-35 m/s, 2-lane motor-
way, Volvo Cars sample dataset).

Figures B.13 and B.14 display the majority (90%) THW sections for the outer and
inner lanes, respectively, in this speed category. Regarding the majority selection,
a similar trend to higher speed ranges is observed: the range of preferred THWs is
narrower. Specifically, the maximum THW in the majority section is smaller, while
the minimum THW remains relatively consistent, often around 0.8 seconds. This
lower bound is critical for safety considerations, as a time headway below this value
is generally considered a very close gap that significantly increases collision risk.
The reduction in the upper range of preferred time gaps at higher speeds indicates
that drivers tend to maintain more compact and consistent following distances in
faster, often less congested, traffic flows.
Figures B.15 and B.16 illustrate the majority (90%) THW sections for the outer and
inner lanes, respectively, in this highest speed category. For the majority selection,
we observe that the range is even narrower compared to the 30-35 m/s group, sig-
nifying a highly refined and consistent set of preferred time gaps by human drivers
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Figure B.15: Time headway density
distribution for Outer Lane, showing
majority section (35-40 m/s, 2-lane mo-
torway, Volvo Cars sample dataset).

Figure B.16: Time headway density
distribution for Inner Lane, showing ma-
jority section (35-40 m/s, 2-lane motor-
way, Volvo Cars sample dataset).

under these ideal conditions. The majority of THWs are concentrated within a very
compact interval, generally spanning from approximately 1.0 s to 2.7 s.
Similarly for 3 lanes analysis:
Figures B.17, B.18, and B.19 display the majority (90%) THW sections for the
outer, middle, and inner lanes, respectively.

Figure B.17: THW den-
sity for Outer Lane, major-
ity section (20-25 m/s, 3-
lane).

Figure B.18: THW den-
sity for Middle Lane, ma-
jority section (20-25 m/s,
3-lane).

Figure B.19: THW den-
sity for Inner Lane, major-
ity section (20-25 m/s, 3-
lane).

The majority THW distribution is broadly similar to what was observed in the 2-
lane group for this speed category, indicating that the number of lanes does not
significantly alter the range of preferred time gaps under these particular low-speed
conditions.

Figure B.20: THW den-
sity for Outer Lane, major-
ity section (25-30 m/s, 3-
lane).

Figure B.21: THW den-
sity for Middle Lane, ma-
jority section (25-30 m/s,
3-lane).

Figure B.22: THW den-
sity for Inner Lane, major-
ity section (25-30 m/s, 3-
lane).

While the overall distributions show clear distinctions in means, the majority THW
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ranges for each lane exhibit trends consistent with those observed in previous analy-
ses, generally showing a narrower spread for higher speeds, reflecting a more refined
preference by human drivers in less constrained environments. For instance, the in-
ner lane’s majority selection shows a concentration of data points, albeit with some
spread, indicating a set of preferred time gaps optimized for faster, less interrupted
driving.

B.3 Lighting Condition
Here’s majority selection analysis for both the dark and bright lighting condition
groups. This analysis identifies the range of THW values most frequently adopted
by human drivers within each lighting scenario. Figure B.23 illustrates the majority
section for the dark condition group.

Figure B.23: Time Headway den-
sity distribution for Nights/Dark Con-
ditions, showing majority section.

Figure B.24: Time Headway density
distribution for Days/Bright Conditions,
showing majority section.

From Figure B.24 and Figure B.23, we can clearly see a distinction in the preferred
time headway ranges. For the dark lighting condition group, the majority of time
headway are concentrated at larger time headway. for the bright lighting condition
group, the The peak of the distribution is also shifted towards smaller time headway
values compared to the dark condition. This tighter distribution reflects drivers’
increased confidence and reduced need for extended reaction times in clear, well-lit
conditions. The more compact range signifies a higher degree of consensus among
drivers regarding appropriate following distances when visibility is optimal.
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