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Automated Vehicles at Unsignalized
Intersections: Safety and Efficiency
Implications of Mixed Human and
Automated Traffic

Saeed Rahmani' ,» Zhenlin (Gavin) Xu' , Simeon C. Calvert',
and Bart van Arem'

Abstract

The integration of automated vehicles (AVs) into transportation systems presents an unprecedented opportunity to
enhance road safety and efficiency. However, understanding the interactions between AVs and human-driven vehicles
(HVs) at intersections remains an open research question. This study aims to bridge this gap by examining behavioral dif-
ferences and adaptations of AVs and HVs at unsignalized intersections by utilizing two large-scale AV datasets from
Waymo and Lyft. By using a systematic methodology, the research identifies and analyzes merging and crossing conflicts
by calculating key safety and efficiency metrics, including time to collision, post-encroachment time, maximum required
deceleration, time advantage, and speed and acceleration profiles. Through this approach, the study assesses the safety
and efficiency implications of these behavioral differences and adaptations for mixed-autonomy traffic. The findings reveal
a paradox: while AVs maintain larger safety margins, their conservative behavior can lead to unexpected situations for
human drivers, potentially causing unsafe conditions. From a performance point of view, human drivers tend to exhibit
more consistent behavior when interacting with AVs versus other HVs, suggesting AVs may contribute to harmonizing
traffic flow patterns. Moreover, notable differences were observed between Waymo and Lyft vehicles, which highlights
the importance of considering manufacturer-specific AV behaviors in traffic modeling and management strategies for the
safe integration of AVs. The processed dataset, as well as the developed algorithms and scripts, are openly published to
foster research on AV—HYV interactions.
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Automated vehicles (AVs) are widely recognized as a
transformative innovation in transportation, with the
potential to improve traffic safety and efficiency (/—4).
In recent years, AVs have rapidly evolved from concept
to reality, with companies such as Waymo and Motional
already operating robotaxi fleets across U.S. cities, and
Tesla and Zoox preparing to launch similar services. (3,
6). As AVs transition from prototypes to real-world
products, understanding their interactions with human
drivers and impacts on transportation systems is essential
for their safe integration, effective regulation, and build-
ing public trust in these technologies (7-9).

The growing availability of real-world AV datasets in
recent years has opened up unprecedented opportunities to

study the dynamics and interactions between automated
and human-driven vehicles (HVs). Existing research has
examined both the operational characteristics of AVs navi-
gating alongside conventional vehicles (10, 1/) and the
behavioral adaptations of human drivers when interacting
with AVs (7, 11-15). While these studies provide valuable
insights, they have mainly been limited to one-dimensional,
longitudinal interactions, also known as car-following
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scenarios. However, longitudinal interactions alone cannot
fully capture the complexity of real-world AV-HV
dynamics, such as those at unsignalized intersections. Such
scenarios involve complex multi-directional interactions
that require advanced decision-making, negotiation, and
prediction of other agents’ intentions (16, 17). As a result,
the dynamics in these settings are considerably more chal-
lenging and intricate than in car-following situations (9,
18). Moreover, existing studies typically rely on a single
AV dataset, limiting the generalizability of their findings
and overlooking differences in design philosophies, sensor
configurations, and decision-making algorithms among
manufacturers. Therefore, comparative analyses across
multiple datasets are essential to uncover how differences
in manufacturer-specific AV behaviors affect traffic flow
efficiency and safety. Such insights are necessary for devel-
oping realistic models and regulatory policies that support
the safe and efficient deployment of AVs.

In response to these gaps, the present study conducts a
comprehensive analysis of AV-HV interactions at
unsignalized intersections using two large-scale AV data-
sets. By examining both merging and crossing conflicts,
and utilizing various safety and efficiency metrics, we aim
to capture the intricate dynamics of these interactions
and shed light on the potential safety and efficiency impli-
cations of mixed human and automated traffic. The main
contributions of this study are summarized as follows.

o  Unravelling AV-HYV interactions at unsignalized
intersections: We provide a thorough examination
of the interactions between AVs and HVs at
unsignalized intersections. To our knowledge, this
is the first study focusing on behavioral differ-
ences between AVs and HVs at unsignalized
intersections.

e Utilizing multiple real-world datasets: Unlike previ-
ous studies that have primarily relied on a single
dataset, we utilize two large-scale AV datasets,
which allows us to examine the potential beha-
vioral variations between different AV platforms
and the possible adaptations of human drivers to
AVs with different appearances and driving styles.

®  Novel metrics for analyzing driving behavior: This
study introduces maximum required deceleration
(MRD) and the distribution of time advantage
(TA) as novel metrics to analyze driving styles
and aggressiveness. MRD captures peak braking
demand during conflicts, while TA assesses posi-
tional advantages and negotiation dynamics.
These metrics could offer new insights into inter-
actions at unsignalized intersections.

®  Provision of a high-quality conflict dataset for
unsignalized intersections: We provide a meticu-
lously processed dataset for unsignalized

intersections, including merging and crossing con-
flicts. By denoising raw data and identifying key
interactions, we create a valuable resource to sup-
port further research on AV-HYV interactions at
unsignalized intersections.

Through these contributions, this study provides a better
understanding of AV-HV dynamics in complex traffic
scenarios and aims to advance the growing body of
knowledge on AV-HYV interactions. The remainder of the
paper is as follows. In the next section, related studies are
reviewed. Next, the methodology is described, including
the data preprocessing, scenario selection, and metrics cal-
culations. Finally, the results are presented and discussed.

Related Works

Previous research on AV-HYV interactions generally falls
into two main categories: studies exploring the behavioral
differences between AVs and HVs, and studies investigat-
ing the behavioral adaptation of HVs when interacting
with AVs. In the context of mixed-autonomy traffic,
“behavioral adaptation” refers to the behavioral adjust-
ments made by human drivers when interacting with AVs
compared to when they are interacting with other human
drivers (19). These adaptations may include changes in
yielding behavior, gap acceptance, and acceleration or
deceleration profiles. In this section, we review these stud-
ies and highlight the gaps in the existing literature.

The initial studies utilized “field data” to research the
behavior of human drivers in mixed-autonomy traffic.
Rahmati et al. (7) conducted car-following experiments
using Texas A&M University’s automated Chevy Bolt
and observed that human drivers felt more comfortable
following the AV and kept shorter headways. Soni et al.
(19) performed a Wizard of Oz experiment in the
Netherlands focusing on car-following and overtaking
behaviors. They found that human drivers can poten-
tially exploit AVs in their interactions by making abrupt
merges in front of AVs. Zhao et al. (20) doubted these
findings and argued that drivers’ reactions to autono-
mous vehicles depend on their subjective trust in AV
technologies rather than the actual driving behavior.
They categorized humans as AV-believers and AV-skep-
tics, where only AV-believers followed AVs with lower
headways. Ma and Zhang (/2) observed a similar pattern
in the interactions between HVs and AVs, where only
aggressive and moderate drivers showed increased
aggressive behavior. In addition, aggressive drivers were
more prone to exploit AVs while driving.

With the availability of “real-world” datasets of AVs,
such as the Waymo Open Dataset (27, 22), Lyft Level 5
(23), and Argoverse (24), researchers began to characterize
the behavior AVs and HVs in mixed-autonomy traffic.
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Wen et al. (//) and Zhang et al. (/3) noted that human
drivers following AVs exhibit lower driving volatility,
shorter time headways, and higher time-to-collision (TTC)
values. This finding is confirmed by Wen et al. (/4) and Li
et al. (15), who observed that human drivers maintain
shorter spacing and time gaps when following AVs com-
pared to HVs. On the other hand, and focusing on the
behavior of AVs among HVs, Hu et al. (/0) found that
AVs demonstrate significantly larger time headways than
HVs, suggesting higher safety margins. They also noted
longer response times for AVs to various stimuli. Despite
these relatively consistent findings from real-world data-
sets, Jiao et al. (8) cast doubt on these findings and pro-
posed alternative explanations for these observed
behavioral differences. They highlight potential observa-
tion biases in AV-collected data, driver heterogeneity, and
distinct driving patterns between AVs and HVs and argue
that these behavioral insights from non-behavioral data
require further scrutiny. All in all, these studies collectively
underscore the behavior adaptation of HVs when interact-
ing with AVs, and the different behavior of AVs compared
to human drivers. However, they have mainly focused on
car-following scenarios and neglected the intricate and
multi-dimensional interactions at urban intersections.

Recently, a few studies have gone beyond analyzing
car-following scenarios. Wen et al. (//) studied the beha-
vior of AVs and HVs when approaching signalized inter-
sections. However, they only focused on longitudinal
behaviors of AVs and HVs before the intersection, such
as approaching a queue or starting a maneuver after a
traffic light turns green, and did not investigate the inter-
actions of vehicles inside the intersection. Li et al. (25)
identified crossing conflicts within the Argoverse 2 data-
set (24) to study the conflict resolution behavior of AVs
and HVs in AV-free and AV-included scenarios.
Although this study includes two-dimensional interac-
tions, it does not differentiate between unsignalized inter-
sections and other conflicts, such as vehicles exiting
parking areas or situations where one vehicle has a clear
right of way. Mixing these scenarios with unsignalized
intersections can lead to biased estimations, as they
involve different levels of complexity and decision-mak-
ing. In addition, the study is limited by its reliance on a
single dataset, which questions its generalizability and
restricts the ability to investigate behavioral differences
across AVs from different companies, and potential dif-
ferent behavioral adaptations of human drivers when
facing AVs with different driving styles. Last but not
least, the study primarily focuses on crossing maneuvers,
without comparing the outcomes of merging and cross-
ing conflicts, which limits a more comprehensive under-
standing of these different types of interactions.

This study addresses these limitations by utilizing two
real-world AV datasets from Waymo (26) and Lyft (23),
identifying unsignalized intersections with equal right of
way on all approaches, and analyzing both crossing and
merging conflicts. Through these contributions, we offer
a more robust and diverse analysis of AV-HV interac-
tions. Utilizing two different datasets allows us to explore
not only the behavioral differences between AVs and
HVs but also those between AVs from different manu-
facturers. Furthermore, the published processed dataset
in this study is the first dataset focusing on unsignalized
intersections. Through these contributions, we aim to
facilitate targeted research in this domain, such as cali-
brating microsimulation models (/6, /7) and the develop-
ment of safer, more efficient, and socially compliant
autonomous driving systems.

Methodology

To ensure a robust and reliable analysis of the interactions
between AVs and HVs, we propose a structured frame-
work that guides the entire process from dataset selection
to conflict analysis. The proposed framework, illustrated
in Figure 1, begins with defining the analysis metrics and
selecting appropriate datasets aligned with the objectives
of the study. Next, the selected datasets undergo prepara-
tion, which includes developing algorithms for identifying
unsignalized intersections from raw datasets and prepro-
cessing the data to mitigate noise and remove outliers.
Subsequently, we develop algorithms for detecting and
classifying conflicts into crossing or merging interactions,
identifying potential conflict points, and calculating
metrics that characterize the behaviors and interactions of
AVs and HVs. The framework concludes with a compre-
hensive analysis using the established metrics and statisti-
cal methods to ensure robust and reliable findings. Our
analysis encompasses both qualitative and statistical com-
parative analysis. We deliberately adopt the term “frame-
work” to highlight the importance of key steps, including
data preparation, scenario selection, and conflict identifi-
cation, which could have substantial impacts on the final
results (8). This structured approach ensures clarity and
consistency and supports the validity and reproducibility
of the results. To further promote transparency and reuse,
all scripts, algorithms, and processed datasets are made
openly available at https://github.com/SacedRahmani/
Unsignalized_AV_HV.

Definition of Metrics

Before detailing the data-driven procedures, we first
introduce the key metrics used to characterize vehicle
interactions and conflict dynamics throughout the study.


https://github.com/SaeedRahmani/Unsignalized_AV_HV
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Figure |I. The methodological framework employed in this study,
preprocessing to conflict identification and behavioral analysis.

Time to Collision. TTC measures the time remaining before
a collision would occur if both vehicles maintained their
current speed and trajectory. We use the approach pro-
posed by Albano et al. (9) for calculating two-
dimensional TTC for merging and crossing interactions.
For crossing scenarios, we calculate TTC as follows:

d
TTCopass = (1)
vr
For merging scenarios:
d
TTCmerge = A (2)
/]

where dr is the distance of the follower to the conflict
point and v, and v; are the speeds of the following and
leading vehicles, respectively. For merging scenarios, we
adopted as T7C.rq defined by European Regulation
1426/2022 (9, 27). In this definition, as the vehicles are
(almost) parallel at and after the merging point, the rela-
tive speed between the leading and following vehicles is
used. Also, minimum TTC (minTTC), an indicator of
conflict severity and risk, is calculated as the minimum
value of TTC recorded for an interaction over the dura-
tion of the interaction until the second vehicle passes the
conflict point.

Post-Encroachment Time. Post-encroachment time (PET)
measures the time difference between the moment the
first vehicle leaves the conflict point and the second vehi-
cle arrives at it:

PET =t — 1 (3)
where f is the time the following vehicle arrives at the
conflict point and # is the time the leading vehicle leaves
the conflict point.

illustrating the systematic process from data selection and

Maximum Required Deceleration to Avoid Collision. While
existing metrics such as TTC and PET capture the timing
and spatial proximity of interactions, they do not reflect
the intensity of response required from the following
vehicle to avoid a collision. This intensity is important
because it directly influences the follower’s comfort and
the perceived safety of interactions. It also reveals beha-
vioral traits of the leading vehicle, such as aggressiveness
or lack of cooperation, which traditional metrics such as
TTC and PET fail to capture. Accordingly, in this study,
we introduce a new metric called MRD. MRD quantifies
the peak deceleration that a following vehicle must apply
to avoid a potential collision, from the moment a conflict
is detected until the leading vehicle clears the conflict
point. Higher MRD values indicate increased braking
demands on the follower, potentially stemming from
aggressive or non-cooperative actions by the leading
vehicle. MRD can also serve as a safety metric by repre-
senting the criticality of the situation based on the
required deceleration needed to avoid potential colli-
sions. This dual role makes MRD a valuable addition to
existing metrics, offering insights into both conflict sever-
ity and interaction dynamics. MRD is mathematically
expressed as follows:

V2
MRD = max

(4)

where v;, is the speed of the following vehicle and d;, is
the distance to the conflict point at each time instance i.
Selecting the maximum value is preferable to aggregating
the values over time because it highlights the peak brak-
ing demand on the follower and indicates the criticality
of the situation. In contrast, an aggregated value might
smooth out critical moments, potentially underestimat-
ing the severity of the situation.
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Time Advantage. TA indicates the time differences
between the estimated arrival of the first and the second
vehicles at the intersection. TA defines which vehicle
arrives first at the conflict point, assuming that the two
vehicles maintain their current speed:

_ 44
vy \%i

TA (5)
where d represents the distance of the following vehicle
to the conflict point, d; represents the distance of the
leading vehicle to the conflict point, vy is the speed of the
following vehicle, and v; is the speed of the leading vehi-
cle. In this study, we use TA distributions to examine how
AVs and HVs negotiate positional advantages during
interactions at unsignalized intersections. Specifically,
TA distributions are used to identify patterns of asser-
tiveness or yielding behaviors. For instance, TA distribu-
tions allow us to detect cases where human drivers
exploit AVs by accelerating to gain positional advantage.
This novel application of TA enables a detailed analysis
of the driving styles and negotiation strategies employed
by AVs and human drivers, providing unique insights
into mixed-traffic dynamics.

Dataset Selection and Introduction

Our criteria for dataset selection included several key
characteristics: the availability of long trajectories to cap-
ture the behavior of AVs and HVs before and within the
intersection, the presence of AVs operating in fully
autonomous mode (and not with a human driver), and
the availability of comprehensive trajectory data for
detailed analysis. Table 1 presents a comparison of four
popular AV datasets. Among these datasets, the nuPlan
data is collected by an equipped vehicle driven by a
human driver; the length of scenarios within the
Argoverse 2 dataset is 11s. Therefore, this study utilizes
Lyft Level 5 and Waymo Open Datasets, which provide
longer scenarios, allowing us to study both the negotia-
tion phase and the interaction phase among vehicles.
Both datasets provide rich information on autonomous
vehicle operations in diverse traffic scenarios, making
them suitable for our analysis of AV-HYV interactions at
unsignalized intersections.

The Waymo Open Dataset (28) provides approxi-
mately 570h of driving data, collected across six cities,
namely San Francisco, Phoenix, Mountain View, Los
Angeles, Detroit, and Seattle. We utilize version 1.2.1 of
the motion dataset (April 2024), which includes 20-s sce-
narios and provides the labels for the AV, as well as for
other agents in each scene. This dataset employs a fleet of
Jaguar I-PACE electric SUVs, which are distinguishable
from regular vehicles because of their advanced sensor
arrays, including roof and side-mounted LiDAR units

and multiple high-definition (HD) cameras (Figure 2a).
This dataset provides high-resolution trajectory data at
10Hz, and a length of 20s for each scenario, enabling
precise analysis of vehicle interactions.

The Lyft Level 5 dataset (3/) comprises over 1000 h of
driving data collected in Palo Alto, California. It features
a fleet of 20 autonomous vehicles equipped with a sensor
suite including LiDAR, radar, and cameras. The vehicles,
Ford Fusion models retrofitted with Lyft’s autonomous
driving technology, are visually distinct from standard
HVs because of their roof and bumper-mounted sensor
arrays (Figure 2b). This dataset also provides detailed
trajectory data for both autonomous vehicles and sur-
rounding traffic, including HVs, with a temporal resolu-
tion of 10 Hz and a length of 20 s for each scenario.

Dataset Preparation

The dataset preparation is comprised of two steps: pre-
processing the data by removing outliers and reducing
noises in the datasets, and identifying relevant scenarios
where vehicles interact with each other at an unsignalized
intersection. These steps are detailed as follows.

Data Smoothing. We observed different types of noises
and outliers in the dataset. Most of the noises were
apparently caused by measurement errors, also reported
by Jiao et al. (8). However, in some cases, we observed
high jumps in the speed profiles, which seemed to be
caused by inaccurate interpolation between scenarios or
frames, which was also observed by Li et al. (15). To alle-
viate such outliers, we first filtered out the data points
that required accelerations higher than 10m/s? or decel-
erations lower than —10m/s? and replaced them with the
average observed values of the previous five and next five
frames. Next, we applied a low-pass Butterworth filter to
smooth the high-frequency fluctuations in our velocity
data. The low-pass filter is designed to allow low-
frequency components of the signal to pass through while
attenuating higher-frequency components, effectively
smoothing the data (32). This approach is particularly
useful for reducing noise and revealing the underlying
trends in our time-series data. It is characterized by its
maximally flat frequency response in the passband, which
means it does not distort the desired part of the signal.
The Butterworth filter is characterized by its transfer
function:

S S
2n
(@)

where s is the complex frequency variable, o, is the cut-
off angular frequency, and # is the filter order. To apply
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Table I. Comparison of nuPlan, Waymo, Argoverse 2, and Lyft Level 5 Datasets

Dataset Duration Trajectory data Operation mode Length of scenarios
Waymo 570h Yes (10 Hz) Autonomous 10 & 20s

Lyft Level 5 1000 h Yes (10 Hz) Autonomous 20s

nuPlan 1100 h Yes (10 Hz) Human driver 25s

Argoverse 2 763 h Yes (10 Hz) Autonomous Ils

(b)

Figure 2. Visualization of Waymo and Lyft Level 5 vehicles: (a)
Waymo vehicle—image source (29) and (b) Lyft vehicle—image
source (30).

this filter to our discrete-time velocity data, we used a
digital implementation by utilizing the SciPy library in
Python. The digital Butterworth filter was designed
using the following parameters: a cutoff frequency (w.)
of 0.5Hz, a sampling frequency (fs) of 10.0 Hz, and a
filter order (n) of 4. The cutoff angular frequency
(0.5Hz) and filter order (4) were determined through
domain knowledge, iterative tuning, and empirical test-
ing. We began by exploring a range of cutoff frequen-
cies (0.2-2 Hz) and filter orders (1-6) to balance noise
reduction and the preservation of meaningful varia-
tions in velocity profiles. After testing various combi-
nations, we selected a cutoff frequency of 0.5Hz and a
filter order of 4, as these values effectively filtered out
high-frequency noise while retaining significant speed
changes corresponding to events with a period of about
2s or longer, reflecting typical driver reaction times.
These choices align with prior studies (32, 33) and
ensured that the analysis focused on capturing critical
vehicle dynamics while maintaining data integrity.

Leader - Raw
Follower - Raw

—— Leader - Smoothed (LPF)
~——— Follower - Smoothed (LPF)

0.0 2.5 5.0 7.5 10.0 125 15.0 17.5 20.0
Time (s)

(b)

e e
o N > O

Speed (m/s)

Leader - Raw
Follower - Raw

—— Leader - Smoothed (LPF)

—— Follower - Smoothed (LPF)

25 30 35 40 45 50
Time (s)

o N » O ©

Figure 3. Applying the low-pass filter (LPF) to speed profiles
from Waymo and Lyft datasets: (a) Waymo dataset and (b) Lyft
dataset.

Figure 3 shows the results of applying the designed fil-
ter and outlier detection to both Waymo and Lyft data-
sets. As it is presented, the smoothing process has
successfully removed the outliers and noises in the
datasets, while presenting the main trends.

Scenario  Selection. Following data preparation and
smoothing, we focus on selecting scenarios that represent
unsignalized intersections with equal priority on all
approaches. This selection criterion ensures that vehicle
interactions are primarily influenced by driving behavior
and negotiation processes rather than externally imposed
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Figure 4. Different steps for the automatic identification of unsignalized intersections with equal priority on all approaches from the raw
datasets: (a) identifying stop signs, (b) identifying pairs, (c) clusters with full graph connectivity, and (d) final cluster with number of signs

= 3.

traffic priority rules. To identify these specific scenarios,
we implement a three-step approach.

Extraction of stop signs: The first step involves identi-
fying the location of stop signs across the road network.
To achieve this, we queried the HD map layer and
extracted all objects with the semantic label “stop sign”
(Figure 4a). We chose stop signs as our key indicator
because they offer a practical starting point for identify-
ing potential unsignalized intersections. With proper
curation and geometric validation, as detailed in the fol-
lowing steps, stop signs can serve as reliable indicators
for intersections with equal priority approaches, whereas
stop lines or other road markings may also appear at sig-
nalized or priority-controlled intersections.

Clustering the stop signs belonging to the same intersec-
tion: In the next step, we identify intersections by group-
ing stop signs that are close to each other and belong to
the same junction. To achieve this, we develop a cluster-
ing approach based on maximum clique detection in a
proximity graph (34, 35). The process begins by using a
two-dimensional k-d tree data structure (36, 37) to

efficiently identify all pairs of stop signs that are closer
than a specified Euclidean distance threshold (Figure 4b).
However, simple pairwise proximity does not guarantee
that the entire set forms a compact cluster associated with
a particular intersection. For example, two stop signs
from different intersections might form a pair, while they
belong to different junctions. To address this, we con-
struct an € -neighborhood graph (38) where each node
represents a stop sign, and edges connect pairs of signs
that are within the specified distance threshold. We then
apply a maximum clique finding technique based on the
Bron—Kerbosch algorithm (35) to identify the largest fully
connected subgraphs where every stop sign is directly
connected to every other sign (Figure 4¢). This approach
ensures that all stop signs grouped as part of the same
intersection are mutually proximate while preventing the
unintended merging of nearby intersections.

Geometric validation: While the previous step guaran-
tees identifying individual intersections, additional geo-
metric checks are necessary to confirm that these clusters
reflect all-way stop intersections. Two criteria are
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Figure 5. Examples of identified intersections, highlighting stop signs as indicators of unsignalized intersections with equal priority for all
approaches: (a) T-intersection, (b) asymmetric intersection, and (c) asymmetric intersection.

enforced in this validation process: (a) each cluster must
contain at least three stop signs to qualify as a valid
intersection, including three-leg (T-shaped) layouts; and
(b) each approach to the intersection must include at
least one stop sign. This second condition ensures the
exclusion of priority-controlled intersections. For each
cluster that meets these criteria, we compute the intersec-
tion center as the centroid of the stop-sign coordinates
and define the intersection radius as the maximum dis-
tance from this center to any stop sign, plus an addi-
tional buffer. This buffer ensures that the defined
intersection area sufficiently overlaps with the approach-
ing lanes, enabling accurate detection of vehicles entering
or exiting the intersection zone (Figure 4d). The key
parameters used in this procedure were determined
empirically through iterative testing to balance accurate
intersection detection with robustness against false mer-
ging. The clustering distance threshold was set to 45m,
and the intersection buffer to 4 m. By establishing these
key geographical features, we laid the groundwork for
the subsequent identification and analysis of merging
and crossing conflicts within these intersection areas.
Figure 5 shows a few examples of identified intersections,
their estimated area, and entering and exiting lanes,
together with the stop signs at the end of each approach-
ing lane. These examples demonstrate the capability of
the proposed method to correctly identify different types
of intersections, from simple intersections to more com-
plex asymmetric ones.

Conflict Identification and Classification. The next step is to
identify the merging and crossing conflicts. As a broad
definition, a conflict refers to a “situation where two or
more road users approach each other in space and time

to such an extent that there is a risk of collision if their
movements remain unchanged” (39). In this study, we
take a similar approach to that proposed by Li et al. (25)
with a slight modification. We identify any interaction
between two vehicles as a conflict if the following hold:
(1) the PET for that interaction is less than 10s (as
opposed to 5s proposed by Li et al. [25]); and (2) the
speed of at least one of the vehicles has changed by more
than 3 m/s. We extended the threshold from 5 to 10s in
this study since a significant number of merging interac-
tions, where an AV passed the conflict point after a HV,
exhibited PET values exceeding 5s because of the conser-
vative driving behavior of the AV. After filtering the
desired interactions, they are classified as merging and
crossing conflicts using the following criteria.

e Merging conflicts: When two vehicles start from
different lanes before the intersection and end up
in the same lane after the intersection area.

e (Crossing conflicts: When two vehicles start from
different lanes before the intersection and end up
in different lanes after the intersection area.

Figure 6 depicts two examples of identified merging and
crossing interactions. The color of the points on the tra-
jectory shows the time from the start of the scenario;
therefore, the start of the scenario is indicated by a black
color and the end of the scenario is identified by a light
green color. Finally, 1424 merging conflicts and 1185
crossing conflicts at unsignalized intersections were iden-
tified in the two datasets. Table 2 presents the number of
conflicts per dataset and conflict type. In this table, and
across the paper, HV-HV refers to conflicts where both
interacting vehicles are human-driven, HV-AYV refers to
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the scenarios where the second vehicle in the conflict (fol-
lower) is the autonomous vehicle, and AV-HYV refers to
the cases where the follower is a HV, but the leader is an
AV. In this study, the terms “leader” and “follower”
refer to the order of vehicles passing through the conflict
zone at unsignalized intersections. The “leader” is the
vehicle that passes first, while the “follower” is influ-
enced by the leader’s decisions and behaviors during the
interaction. This terminology is used to describe the
dynamics of multi-directional conflicts and does not
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Figure 6. Examples of identified crossing and merging conflicts:
(a) merging and (b) crossing.
Note: Color online only.

imply a car-following relationship, as vehicles approach
from different directions rather than sequentially in the
same lane.

Identifying the Conflict Point. For calculating most of the
metrics in this study, we first need to identify the poten-
tial conflict point for each interaction. For crossing sce-
narios, this process is straightforward as the conflict
point occurs where the trajectories of the two vehicles
intersect. However, for merging scenarios, the trajec-
tories of the two vehicles might not intersect because of
their lateral offset within the lane. To address this, a buf-
fer of 2m (1 m on each side) is added to each vehicle’s
trajectory, and the first point of contact between the two
buffers is identified as the conflict point. This is shown
by the red dot in Figure 7. This buffer size was selected
based on typical vehicle widths (1.8-2.5m) (40) and
urban lane widths (3.0-3.7m) (41, 42), ensuring we cap-
ture potential conflicts while accounting for lateral posi-
tioning variations of vehicles within lanes.

This structured methodological approach enables a
systematic assessment of vehicle interactions at unsigna-
lized intersections. The next section presents the results
of this analysis, highlighting key behavioral differences
and dynamics between AVs and HVs.

Results and Discussion

In this section, we present the results from our analysis of
the behavioral adaptations and differences between HVs
and AVs at unsignalized intersections. For our analysis,
we classify the interactions into three groups.

HV-HYV interactions: These are interactions where
both vehicles are human-driven. We analyze these
as the baseline to understand typical human driv-
ing behaviors at unsignalized intersections. This
comparison provides a reference point for evaluat-
ing how the introduction of AVs may alter driver
behavior and intersection dynamics.

AV-HYV interactions: In these interactions, the first
vehicle is autonomous, while the second is human-
driven. This configuration is critical for examining

Table 2. Number of Scenarios for Crossing and Merging in Waymo and Lyft Datasets

Crossing Merging
Dataset Total HV-HV HV-AV AV-HV Total HV-HV HV-AV AV-HV
Waymo 574 283 142 149 290 107 48 135
Lyft 611 456 93 62 1134 793 190 151
Total 1185 739 235 211 1424 900 238 286

Note: AV = automated vehicle; HV = human-driven vehicle.
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e
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Figure 7. lllustration of identifying the conflict point for crossing
and merging scenarios: (a) conflict point for a crossing scenario
and (b) conflict point for a merging scenario.

Note: Color online only.

how AVs may influence the behavior of human
drivers who follow them.

o HV-AV interactions: Here, the first vehicle is
human-driven, and the second is autonomous.
These interactions allow us to observe how AVs
behave when following human drivers. This setup
is especially important for understanding how
AVs handle situations where they must yield or
adjust to the uncertain behaviors of human driv-
ers, providing insights into the adaptability of AV
algorithms in mixed-autonomy traffic.

This classification allows us to systematically explore
how AVs and human drivers interact in mixed-autonomy
traffic at unsignalized intersections. By isolating these
scenarios, we can assess the impact of AVs on driving
behaviors, traffic flow, and safety.

Post-Encroachment Time and Time to Collision

PET and TTC are the two most popular safety surrogate
measures that are widely used for the safety analysis of
interactions and driving behaviors (43, 44). In this study,
we utilized both TTC and PET as complementary safety
metrics to provide a comprehensive evaluation of vehicle
interactions at unsignalized intersections. PET serves as a
retrospective measure, capturing the time gap between
two vehicles after the conflict zone is cleared, making it
particularly useful for assessing completed maneuvers.
TTC, on the other hand, is a proactive metric that evalu-
ates the estimated time remaining to a potential collision
based on current speeds and trajectories, allowing for the
dynamic assessment of conflict criticality throughout the
maneuver. Figure 8 depicts a joint distribution of PET
and minimum observed TTC in HV-HV, AV-HYV, and
HV-AYV interactions. We use joint distributions of PET
and minimum observed TTC to provide insights into the
relationship between these two safety metrics,

highlighting how they interact as pre- and post-criticality
measures in different interaction types (HV-HV, AV-
HV, and HV-AYV). Unlike marginal distributions, joint
distributions reveal trends, clusters, and correlations that
define conflict severity and distinguish crossing from
merging interactions.

The visual inspection of these plots, accompanied by
the results of statistical analysis presented in Table 3,
reveal interesting findings. In general, in scenarios where
an AV follows an HV (orange dots), higher values of
PET and minTTC are observed compared to other con-
flict types. This trend is evident in both merging and
crossing scenarios, indicating that AVs maintain larger
safety buffers and show more conservative driving beha-
viors when trailing HVs. These findings highlight the
potential of AVs to enhance safety at unsignalized inter-
sections by maintaining larger safety margins.
Nevertheless, this benefit comes with a cost of possible
lower efficiency because of larger gaps between the vehi-
cles (15). This is in line with the observations from the
Argoverse dataset proposed by Li et al. (25).

Interestingly, the differences between AV-HV and
HV-HYV interactions are less apparent, which suggests
that human drivers still show similar and relatively
aggressive driving styles when interacting with AVs.
However, we observed greater heterogeneity in HV beha-
viors when interacting with other HVs compared to their
interactions with AVs. This encourages the argument
that the presence of AVs may contribute to reducing
variability in HV behavior at intersections, potentially
standardizing traffic flow patterns. This finding aligns
with observations from car-following scenarios in the lit-
erature (//, 13). However, such a conclusion needs fur-
ther investigation into a wider range of scenarios and
datasets. All in all, the investigation of PET-minTTC
metrics indicates that HV-HV and AV-HV conflicts are
more prone to observing safety criticality, which high-
lights the importance of studying the behavior of human
drivers in mixed-autonomy traffic.

Maximum Required Deceleration

We employ MRD as another indication of scenario criti-
cality. Higher values of MRD indicate a harsher possible
reaction from the follower considering its current speed
and distance to the leader to avoid a potential collision.
Figure 9 depicts boxplots of estimated MRD values for
the followers before reaching the conflict point, and
Table 4 presents the results of statistical tests for evaluat-
ing the significance of observed differences. Interestingly,
AV-HYV interactions show higher values of MRD com-
pared to other interaction types for both merging and
crossing scenarios. This might be related to the unex-
pected behavior of AVs, which can lead to
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Figure 8. Joint distributions of post-encroachment time (PET)—-minimum time to collision (TTC) for different types of interactions
within Waymo and Lyft datasets: (a) VWaymo—crossing, (b) VWaymo—merging, (c) Lyft—crossing, and (d) Lyft—merging.

Note: AV = automated vehicle; HV = human-driven vehicle.

misunderstandings by human drivers. Specifically,
human drivers may be uncertain whether the AV is yield-
ing or proceeding, causing hesitation and delayed decel-
eration. This uncertainty can result in human drivers
delaying their deceleration, leading to higher MRD val-
ues. This observation aligns with reports on crashes
involving AVs, where the unexpected behavior of AVs

has been identified as a key factor in AV-HV collisions,
particularly in rear-end collisions in car-following scenar-
i0s (18). Our findings at unsignalized intersections sug-
gest that similar issues could arise in more complex
traffic scenarios as AVs become more prevalent.
Moreover, the high dispersion of MRD values in HV-
HV and AV-HV scenarios compared to HV-AV
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u-test
na
<0.0l
<0.01
<0.01
na
<0.01
<0.01
<0.01

Merging
t-test

na
<0.01
<0.01
<0.01

na
<0.01
<0.01
<0.01

K (o)

4.62 (2.38)
3.33 (1.89)
7.08 (1.68)
7.08 (1.68)
6.12 (1.89)
5.27 (1.66)
7.23 (1.39)
7.23 (1.39)

Lyft

u-test
na
<0.0l
<0.01
<0.01
na
<0.01
0.16
<0.01

t-test
na
<0.01
<0.01
<0.01
na
<0.01
0.54
<0.01

Crossing

K (o)
4.68 (2.18)
3.85 (1.28)
7.35 (1.30)
7.35 (1.30)
471 (1.98)
3.85 (1.24)
481 (1.01)
481 (1.01)

0.10

u-test
na
<0.01
<0.01
na
<0.01
0.26
<0.01

0.02

t-test
na
<0.01
<0.01
na
<0.01
0.28
<0.01

Merging

K (o)
3.97 (1.88)
3.43 (0.97)
4.73 (1.69)
473 (1.69)
6.30 (1.73)
5.05 (1.49)
6.88 (1.49)
6.88 (1.49)

Waymo

u-test

na

0.08
<0.01
<0.01

na
<0.01

0.05
<0.01

t-test
na
0.10
<0.01
<0.01
na
<0.01
0.23
<0.01

Crossing

K (o)

human-driven vehicle; na = not applicable.

4.08 (1.52)
3.83 (1.46)
5.33 (1.74)
5.33 (1.74)
5.08 (1.84)
4.53 (1.58)
5.37 (1.47)
5.37 (1.47)

Comeparison
benchmark
na
HV-HV
HV-HV
AV-HV
na
HV-HV
HV-HV
AV-HV

HV-HV
AV-HV
HV-AV
HV-AV
minTTC (s)
HV-HV
AV-HV
HV-AV
HV-AV

Table 3. Comparison of Post-Encroachment Time (PET) and Minimum Time to Collision (minTTC) in Crossing and Merging Scenarios for Waymo and Lyft Datasets

Note: AV = automated vehicle; HV

Test
PET (s)

scenarios emphasizes the heterogeneity of the following
behavior of HVs compared to AVs. This has been
reported in studies related to car-following scenarios as
well (12, 20).

Comparing the MRD values between the Waymo and
Lyft datasets reveals a key distinction. Lyft vehicles,
when following HVs, exhibit higher MRD values, sug-
gesting that human drivers are more likely to force Lyft
vehicles to yield, often pushing them to decelerate more
harshly. This could lead to potentially unsafe situations.
In contrast, Waymo vehicles show significantly lower
MRD values in HV-AYV interactions (their average is
close to HV-HV interactions, with fewer variations),
indicating they are less often bullied by human drivers,
likely because of their more human-compatible driving
style. This observation provides two important insights:
firstly, it highlights the variability in AVs’ behavior
across different manufacturers and its potential impact
on traffic safety and dynamics and, secondly, it under-
scores the importance of human-predictable decision-
making in AVs for their safe and effective integration
into mixed-autonomy traffic environments.

All in all, the MRD analysis, along with PET and
TTC observations, indicates that while AVs generally
behave more safely and conservatively than human driv-
ers, their decisions and actions may not fully align with
human expectations. This misalignment can cause confu-
sion for human drivers, potentially leading to unsafe
situations. Furthermore, the overly cautious behavior of
AVs can inadvertently provoke aggressive driving styles
in human drivers. These findings highlight the need for
AVs to adopt behavior that is not only safe but also pre-
dictable to human drivers to ensure smooth and safe
integration into traffic.

Time Advantage Distributions

In this study, we propose a novel approach to identify
potentially aggressive driving behavior by the “leading
vehicle” at intersections. To this end, we utilize the metric
called TA to estimate which vehicle will reach the inter-
section first at each time step from when the conflict is
detected until the first vehicle finally passes the conflict
point. Tracking the TA values as the vehicles approach
the intersection allows us to determine which vehicle
established a positional advantage during the interaction.
For instance, observing frequent negative TA values for
the leading vehicle in an interaction suggests that the lead
vehicle was initially at a disadvantage (negative TA val-
ues) but may have accelerated or acted aggressively to
gain the lead at the conflict point. Therefore, TA distri-
butions allow us to quantify aggressive maneuvers, such
as not decelerating or forcing the other vehicle to yield. It
is important to note that while HV-AV and AV-HV
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Figure 9. Comparison of maximum required deceleration values for Waymo and Lyft vehicles in merging and crossing scenarios: (a)
Waymo—crossing, (b) Waymo—merging, (c) Lyft—crossing, and (d) Lyft—merging.
Note: AV = automated vehicle; HV = human-driven vehicle.
classifications in this study refer to the “final passing” distributions between different interaction types (HV—
order of vehicles at the intersection, the TA values repre- AV versus AV-HV), we employ two-sample

sent the “estimated” passing order at each time instance
during the approaching phase. Therefore, negative TA
values for an AV-HYV interaction indicate moments when
the vehicle that ultimately passed first (AV) was tempo-
rarily projected to arrive second based on instantaneous
speeds and distances (and therefore had negative TA val-
ues for those time steps). These variations in TA values
during the approaching phase help identify how vehicles
negotiate priority and adjust their behavior before reach-
ing the conflict point.

The TA distributions for HV-AV and AV-HYV inter-
actions for both Waymo and Lyft vehicles are depicted in
Figure 10. The statistical tests for comparing these distri-
butions are provided in Table 5. To compare the TA

Kolmogorov—Smirnov (KS) and two-sample Anderson—
Darling (AD) tests. These two tests play a complemen-
tary role to each other. The KS test evaluates the maxi-
mum distance between two cumulative distribution
functions and is particularly sensitive to differences
around the median of the distributions. The two-sample
AD test, while similar in purpose, gives more weight to
observations in the tails of the distributions and generally
provides higher statistical power for detecting distribu-
tional differences (45). These tests are specifically chosen
(for example, over the chi-square test) for their ability to
compare continuous distributions without requiring data
binning, which would result in loss of information and
precision.
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Table 4. Comparison of Maximum Required Deceleration (MRD) for Waymo and Lyft Datasets in Crossing and Merging Scenarios

Lyft

Waymo

Merging

Crossing

Merging

Crossing

t-test u-test w (o) t-test u-test w (o) t-test u-test w (o) t-test u-test

Benchmark w (o)

Test

na
<0.0l

0.75
<0.01

na
<0.01

0.15
<0.01

0.59 (0.49)
0.85 (0.39)
0.54 (0.23)
0.54 (0.23)

na
<0.01
<0.01
<0.01

na
<0.01

0.38
<0.01

0.6 (0.52)
0.88 (0.56)
0.65 (0.25)
0.65 (0.25)

na
<0.01
<0.01
<0.01

na

0.07
<0.01
<0.01

0.58 (0.41)
0.89 (0.43)
0.38 (0.18)
0.38 (0.18)

na
<0.01

0.05
<0.01

na
<0.01
<0.01
<0.01

0.53 (0.47)
0.69 (0.47)
0.39 (0.28)
0.39 (0.28)

na
HV-HV
HV-HV
AV-HV

HV-HV

AV-HV
HV-AV
HV-AV

MRD ( m/s?)

human-driven vehicle; na = not applicable.

Note: AV = automated vehicle; HV

These analyses reveal interesting patterns: the distribu-
tion of TA values for Waymo vehicles when being the
final follower in an interaction closely resembles that of
human drivers in comparable situations. This suggests
that Waymo vehicles show human-comparable behaviors
during the negotiation phase when approaching the inter-
section. In contrast, the distribution of TA values for Lyft
vehicles differs significantly from that for human drivers
(Table 5). Visual inspection of the distributions suggests
that human drivers tend to take advantage of Lyft vehi-
cles more often than Waymo vehicles in both merging
and crossing conflicts (as shown by the more frequent
occurrence of negative TA values when the human driver
ultimately becomes the leader in the interaction [i.e., HV—
AYV interactions]). This could be because of Lyft’s more
conservative driving style. These observations about the
behavior of Waymo and Lyft vehicles are in line with pre-
vious observations in the Section on MRD, where Lyft
vehicles often exhibited higher MRD values, indicating a
need for harder braking to avoid collisions, likely because
of more aggressive driving from human drivers.

Speed and Acceleration Analysis

The speed of vehicles within the intersection and their
acceleration behavior are important aspects that can be
used both for studying the safety and efficiency of the
intersection and for the calibration of microscopic traffic
flow models. Our analysis of these metrics focuses on two
aspects: the follower’s speed at the conflict point, which
serves as an indicator of the aggressiveness of the follow-
ing vehicle in an interaction; and the speed and accelera-
tion profiles when the vehicle starts from a standstill,
which can influence traffic efficiency and performance.
The analysis of follower speed at the conflict point,
depicted in Figure 11 and Table 6, reveals differences not
only between AVs and HVs but also between the Waymo
and Lyft vehicles. In the Lyft dataset, we observe lower
heterogeneity in the speed values, with values similar to
or lower than human drivers in similar conditions.
Conversely, Waymo’s autonomous vehicles exhibited
speeds similar to, and even higher than, those of human
drivers, with comparable levels of heterogeneity. This
finding suggests that Lyft’s autonomous vehicles adopt a
more conservative approach when navigating unsigna-
lized intersections and entering the conflict zone, while
the Waymo vehicle shows more human-like behavior.
These findings highlight the ongoing debate in AV devel-
opment between prioritizing safety through conservative
behavior or maintaining traffic efficiency by mimicking
human driving styles. The Lyft approach may lead to
potentially increased safety but could negatively affect
traffic flow if widely adopted. On the other hand,
Waymo’s approach may facilitate smoother integration
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Figure 10. Time advantage value distributions for Waymo and Lyft datasets: (a) Waymo—crossing, (b) VWaymo—merging, (c) Lyft—

crossing, and (d) Lyft—merging.
Note: AV = automated vehicle; HV = human-driven vehicle.

Table 5. Statistical Test Results of Comparing the Time Advantage Value Distributions of Automated Vehicle (AV)-Human-Driven
Vehicle (HV) and HV—AV Interactions for Waymo and Lyft Datasets

Waymo Lyft
Crossing Merging Crossing Merging
Test Statistic p-value Statistic p-value Statistic p-value Statistic p-value
Two-sample
Kolmogorov—Smirnov 0.133 0.825 0.147 0.863 0.184 0.000 0.250 0.000
Two-sample
Anderson—Darling —0.179 0.250 —0.701 0.250 173.958 0.001 500.884 0.001

with human-driven traffic but might not fully leverage
the potential safety benefits of AVs.

In the next step, the speed and acceleration profiles of
the following vehicle when starting from a standstill are

investigated. Figure 12 presents these profiles, along with
95% confidence intervals, and Table 6 provides the sta-
tistical tests evaluating the significance of the observed
differences. The results indicate that the speed and
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Note: AV = automated vehicle; HV = human-driven vehicle.

acceleration profiles of Waymo vehicles are more closely
aligned with those of human drivers, while Lyft vehicles
exhibit visibly different patterns. In addition, the Lyft
vehicles show more uniform speed profiles with a gentler
slope compared to both human drivers and Waymo
vehicles.

Examination of the acceleration profiles yields note-
worthy insights as well. Waymo vehicles display an over-
all acceleration pattern similar to HVs, characterized by
a rapid initial increase followed by sustained low accel-
eration. In contrast, Lyft vehicles exhibit a unique accel-
eration profile. It begins with significantly lower
acceleration, experiences a slight decrease midway
through the profile, and ends with a mild increase. This
unique behavior is probably related to the cautious

behavior of Lyft vehicles to make sure the intersection is
safe to pass. In addition, the acceleration profiles of HVs
in AV-HYV interactions within the Lyft dataset indicate
greater variability and uncertainty when interacting with
Lyft vehicles. This may stem from the unfamiliar and
overly cautious behavior of Lyft AVs, which human
drivers might find harder to predict.

Overall, the speed and acceleration analysis from the
Waymo and Lyft datasets reveals both contrasting and
consistent behaviors. While AVs generally exhibit more
uniform and stable behavior, which could improve traffic
efficiency, the overly cautious driving style observed in
Lyft vehicles raises concerns about whether such conser-
vative behavior might undermine efficiency and provoke
unexpected responses from human drivers.
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Figure 12. Speed and acceleration profiles for Waymo and Lyft datasets: (a) VWWaymo—crossing, (b) VWWaymo—merging, (c) Lyft—
crossing, (d) Lyft—merging, (¢) Waymo—crossing, (f) VWWaymo—merging, (g) Lyft—crossing, and (h) Lyft—merging.

Note: AV = automated vehicle; HV = human-driven vehicle.
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confusion and potentially inappropriate responses. This
behavioral inconsistency across manufacturers suggests
that some degree of standardization in AV behavior
could be beneficial for overall traffic safety, particularly
during the transition period when both human drivers
and different types of AVs share the road. However,
determining the optimal standard behavior that balances
safety margins with human compatibility remains an
open challenge that warrants further research.

While the datasets used in this study did not include
crash data, our findings align with broader observations
from crash reports involving AVs collected by the
California Department of Transportation (46). These
reports highlight that unexpected behaviors of AVs are a
primary factor in AV-involved accidents (47), with a signif-
icant proportion occurring at or near intersections (I8, 48).
This underscores the critical importance of studying AV
and human driver interactions at intersections to improve
safety outcomes and minimize potential conflicts in mixed-
traffic environments. Moreover, although the behavior of
AVs was shown to be more harmonized and homogeneous
in different scenarios compared to HVs, Lyft vehicles
showed more consistent and harmonized behaviors com-
pared to Waymo vehicles. These findings underscore the
importance of considering manufacturer-specific AV beha-
vior in traffic modeling and management strategies, which
is often neglected when evaluating the impacts of AVs on
traffic flow efficiency and performance.

Conclusion

This study provides an in-depth examination of the inter-
actions between AVs and HVs at unsignalized intersec-
tions by utilizing real-world large-scale datasets from
Waymo and Lyft. The research underscores the intricate
dynamics present in mixed-autonomy traffic environ-
ments, highlighting the importance of understanding the
mutual influence of AVs and human drivers. By evaluat-
ing key safety metrics, such as TTC, PET, MRD, and TA,
this study sheds light on the behavioral differences and
adaptations between AVs and HVs. One of the key find-
ings of this study is that AVs tend to maintain larger safety
margins than HVs, which enhances safety but may also
reduce traffic efficiency. However, the research reveals that
human drivers exhibit more consistent behavior when
interacting with AVs, suggesting that AVs could standar-
dize traffic flow patterns at intersections. This potential
for harmonization indicates a positive influence of AVs on
overall traffic dynamics. The study further identifies signif-
icant differences between the behaviors of Waymo and
Lyft AVs. Waymo vehicles tend to mimic human driving
behaviors more closely, leading to smoother integration
with human traffic. In contrast, Lyft vehicles display more
conservative driving patterns, which may increase safety

but at the cost of potential inefficiencies in traffic flow.
These differences underscore the importance of consider-
ing manufacturer-specific differences in traffic modeling
and management strategies. The study also highlights
potential challenges in mixed-autonomy traffic. The unex-
pected behaviors of AVs can lead to misunderstandings
and increased risk for human drivers, as indicated by
higher MRD values in AV-HYV interactions. This paradox
of maintaining safety margins while potentially causing
unsafe situations because of unpredictability underscores
the need for improved AV algorithms that align more
closely with human expectations and reasoning.

While this study provides valuable insights into the
interactions between AVs and HVs at unsignalized inter-
sections, several limitations must be acknowledged. One
limitation of this study is the use of datasets collected in
different cities, which may affect the driving behaviors of
both human drivers and AVs. Although we took mea-
sures to minimize this impact by using the data in the
same country and state, doing mostly relative compari-
sons, and using rigorous statistical tests, future work
should consider the utilization of datasets collected in
similar geographical locations on availability. Moreover,
although we have implemented measures such as compre-
hensive data preprocessing, multi-metric analysis, use of
diverse datasets, consideration of behavioral context, and
rigorous statistical testing to address the potential biases
highlighted by Jiao et al. (8), some limitations may per-
sist. These include residual biases from sensor noise and
limited representation of AV behavior diversity, which
should be considered when interpreting and applying the
results of this study. Last but not least, in this study, we
focused on non-signalized intersections with equal prior-
ity at all approaches. The analysis of AV-HV interactions
at prioritized intersections is another interesting line of
research, which can be followed in future works.
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