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Abstract

Rising pedestrian fatalities and injuries underscore a critical safety concern. With Pedestrian
Automatic Emergency Braking (P-AEB) systems increasingly prevalent in vehicles, there is a
growing effort to enhance crash avoidance technologies. However, P-AEB performance varies,
particularly at nighttime, when most pedestrian fatalities occur. This study evaluates P-AEB
systems by analyzing 2,494 test cases (1,654 at night and 840 during the day). Tests involve 42
Society of Automotive Engineers Level 1 automated vehicles, manufactured between 2021 and
2024, conducted by the Insurance Institute for Highway Safety. All tests were conducted with no
driver intervention. The research has two parts: the first assesses deceleration and detection rates,
while the second focuses on crash occurrences and impact speed. Detection rates were highest
during the day (98%), lower at night with low beams (87%), and somewhat improved at night with
high beams (93%). Of detected tests, crashes occurred more often at night, 23% with low beams
compared to only 10% during daytime, and at higher speeds. Additionally, analysis revealed that
low beam halogen headlights significantly reduce detection (up to 43%) compared to daytime,
emphasizing the need to enhance P-AEB effectiveness in poor lighting conditions. Extending P-
AEB system activation times can reduce crash probabilities by up to 32%. The study also examines
how pedestrian behavior and vehicle characteristics, such as size and fuel type, correlate with P-
AEB effectiveness. These insights can enhance pedestrian safety by refining P-AEB performance
across various lighting conditions, addressing research gaps, and supporting future advancements
in vehicle safety technology.
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Executive Summary

In recent years, the troubling increase in pedestrian fatalities has highlighted the urgent need for
advanced safety technologies. P-AEB systems, crucial components of low-level AVs, play a vital
role in reducing both the severity and frequency of pedestrian crashes, thereby enhancing road
safety. These systems, representing a significant advancement in modern vehicles with Level 1
automation capabilities, are central to this analysis. Utilizing the comprehensive ITHS dataset, this
study examines the detection capabilities, deceleration processes, and resultant crash speeds of P-
AEB systems. By offering insights into the operational strengths and areas for improvement, this
analysis underscores the potential of P-AEB systems to increase pedestrian safety.

For this study, the primary dataset employed was the IIHS dataset, which provided a
comprehensive basis for analyzing the performance of P-AEB systems. The IIHS dataset includes
detailed information on vehicle tests conducted under various lighting conditions, which is crucial
for evaluating the systems' effectiveness in detecting pedestrians and mitigating or avoiding
crashes. This study examines the effectiveness of P-AEB systems across 42 vehicles tested under
both day and night conditions. A total of 2,494 tests, with 840 conducted during daylight and 1,654
at night, provide a robust framework for assessing the impact of these systems on pedestrian safety.
The method used in this analysis was the random effects-Heckman sample selection model on
panel data. The Heckman model accounts for the selection mechanism in cases where detection is
conditional for evaluating the declaration after detection. In another application, crash speed is
conditional on crash occurrence.

The study focused on two sets of analyses with distinct dependent variables. 1) In this part of the
study, the primary dependent variables were the detection success and the deceleration rate. This
analysis aimed to understand how well vehicles detected pedestrians and initiated deceleration
maneuvers during daylight compared to nighttime conditions. 2) The second analysis focused on
actual crash occurrences and the resulting crash speeds. This model examined the instances where
the P-AEB system failed to prevent a crash and analyzed the impact speed of such events. All the
tests were conducted with no driver intervention. The correlates in this model included vehicle
type, test speed, and environmental conditions. These analyses help understand how variables such
as lighting conditions, pedestrian movements, and vehicle type are associated with the
effectiveness of P-AEB systems in detecting pedestrians and mitigating crash speed impacts.
Additionally, this study highlights the critical role of visibility and identifies key areas where P-
AEB technology needs improvement to enhance pedestrian safety across different driving
conditions.

Detection is the foundational operation of P-AEB systems, where vehicles identify potential
pedestrian threats. The analysis of the detection phase is crucial. It involves variables such as the
Time-to-Crash (TTC) for Forward Crash Warning (FCW) systems, which measure the time from
detecting a pedestrian to the potential crash. This data shows that successful detection rates are
high at 98% during the day but drop to 90% at night, indicating a significant reduction in
effectiveness under reduced visibility conditions.
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Detection effectiveness is further influenced by the type of sensors used, such as radar and
cameras, which must operate optimally under various environmental conditions. The challenges
of nighttime detection, where lighting impacts sensor performance, are significant. These
conditions often require enhanced sensor sensitivity and improved algorithmic interpretation to
maintain high detection rates. Moreover, vehicle type plays a role, with larger vehicles, such as
SUVs and trucks, generally experiencing more difficulty detecting pedestrians than smaller
vehicles, like hatchbacks and sedans. This disparity suggests a need for vehicle-specific
adaptations in sensor configurations to improve detection across all vehicle types.

Once a potential crash is detected, P-AEB systems initiate a deceleration process designed to
mitigate or avoid the impact. This phase is critical as the effectiveness of the deceleration directly
influences the outcome of the encounter. After measuring the average deceleration rate given
detection for each test, it is shown that deceleration dynamics vary and are associated with factors
such as vehicle speed, fuel type, and the time elapsed between detection and response. Although
most vehicles exhibit prompt deceleration, the variability in the intensity and timing of braking
highlights the complexity of optimizing these systems for every potential scenario. Sometimes,
even with swift detection, the (slow) deceleration may not prevent a crash completely. However,
it significantly reduces the impact speed, potentially lowering injury severity.

Reducing crash speed is a fundamental goal of P-AEB systems, and it directly correlates with the
severity of pedestrian injuries and fatalities. The IIHS dataset offers extensive data on crash speeds
across numerous testing scenarios, enabling a detailed evaluation of system performance in real-
world conditions. While P-AEB systems successfully reduced crash speeds in many instances, the
extent of this reduction varies widely.

This variation stems from differences in several factors, including vehicle size, pedestrian
movement, and lighting. For instance, the data reveals that parallel pedestrian movements often
result in higher crash speeds than perpendicular movements, particularly at higher vehicle speeds.
This outcome is likely attributable to failures in detection under certain conditions, pointing to a
need for improvements in how pedestrian movement is identified and processed by the system.
Such enhancements are crucial for reducing crash severity and improving the system's overall
effectiveness.

The detailed examination of the [IHS dataset has provided critical insights into the performance of
P-AEB systems. Equipped with vehicles with Level 1 automation, these systems have shown a
substantial capacity to enhance pedestrian safety. Through rigorous analysis of detection accuracy,
deceleration processes, and crash speeds, it is evident that while P-AEB systems significantly
bolster pedestrian safety, they also exhibit considerable variability in performance under
challenging conditions. This variability underscores the need for ongoing technological
enhancements. Advancements in sensor technology, improved object recognition, and better
integration of these technologies into overall vehicle systems are paramount. Such developments
are not only crucial for enhancing pedestrian safety but are also instrumental in advancing the
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capabilities of automated driving technologies, thereby fostering the creation of safer, more
efficient, and intelligent transportation networks for the future.
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Introduction

As urban populations swell and roadways become increasingly busy, the safety of pedestrians, the
most vulnerable in the transportation ecosystem, remains a pressing concern. Despite significant
advancements in vehicular safety technologies, pedestrian fatalities continue to rise, with a
disturbingly high number occurring at night; notably, over 70% of pedestrian deaths occur at
nighttime (NHTSA, 2023). This persistent issue highlights a critical gap in our current
technological defenses, underscoring the need for effective pedestrian crash avoidance systems,
particularly in varied lighting conditions.

P-AEB systems represent a pivotal innovation in this arena, designed to mitigate the risk of crashes
by automatically detecting pedestrians and initiating braking when a crash is imminent. These
systems are increasingly standard in modern vehicles and are critical for Advanced Driver
Assistance Systems (ADAS) (Graziano, 2012). However, their reliance on sensor technologies that
interpret visual and spatial data makes their performance susceptible to variations in environmental
lighting, which can be profound as the day turns to night (Ahmed et al., 2022; Mehta et al., 2023;
Moradloo et al., 2025a; Olleja et al., 2022).

The challenge might be worsened by the inherent limitations of the sensors and algorithms that
govern these systems (Haus et al.,, 2021). During the day, good visibility provides optimal
conditions for detection sensors to perform well, accurately detecting obstacles promptly. In
contrast, nighttime conditions compromise the ability of these systems to identify and respond
effectively to pedestrians (ITHS, 2022). Reduced visibility can delay the detection of pedestrians
or, worse, lead to non-detection, increasing the risk of fatal outcomes (Cicchino, 2022; Moradloo
et al., 2025a). Furthermore, the integration of these technologies across different vehicle models
and types has been uneven, leading to a poorly understood performance disparity (Mahdinia et al.,
2022). This disparity raises important questions about the standards and regulations governing the
implementation of P-AEB systems and their efficacy in real-world conditions.

This study thoroughly investigates the operational efficacy of pedestrian crash avoidance
technologies across different lighting conditions, utilizing empirical research methodologies. It
specifically evaluates the performance of P-AEB systems, analyzing four critical aspects:
detection, deceleration, crash occurrence, and impact speed during potential crashes. This research
examines how these systems initially detect pedestrians, assesses the contributing factors to
deceleration rates upon detection, and provides an in-depth look at the performance of vehicle
braking systems. It also evaluates the severity of crashes by measuring the impact speed.

The objective is to study the functionality of P-AEB systems under both daylight and nighttime
conditions, generating insightful, data-driven recommendations that can guide policy
modifications and enhancements in vehicle design. To achieve this, the study estimates a random-
effects Heckman sample selection model to evaluate unobserved heterogeneity, alongside a
detailed descriptive statistical analysis of recent data from the Insurance Institute for Highway
Safety (ITHS). This data encompasses tests on low-level automated vehicles in a range of scenarios
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defined by the ITHS, based on pedestrian movements, as well as different test speeds, conducted
under both daytime and nighttime conditions in controlled settings with no driver intervention. 42
vehicles, commonly tested under both daytime and nighttime conditions, manufactured between
2021 and 2024, are collected for this analysis. Through this comprehensive approach, the research
aims to gain nuanced insights into the performance of P-AEB systems and their practical
implications for enhancing pedestrian safety.

The goal is to enhance the robustness of pedestrian detection systems, ensuring they provide
reliable protection for pedestrians at all times and under all conditions of visibility, thereby making
the road safer for all road users, especially vulnerable road users (VRUs). This investigation seeks
to highlight discrepancies in current technology and inform future developments in vehicle safety
systems. By understanding the variables associated with the performance of P-AEB systems,
manufacturers can innovate more effective solutions that reduce pedestrian fatalities, moving
closer to the ultimate goal of achieving zero traffic-related pedestrian deaths.
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Literature Review

Pedestrian safety remains a significant global challenge in road safety initiatives (WHO, 2023). P-
AEB systems represent a vital safeguard against pedestrian crashes, offering a beacon of hope in
reducing the incidence of these crashes, which have increased by over 50% in recent years (Haddad
et al., 2023). These systems are designed to mitigate the human errors that frequently contribute
to accidents, significantly enhancing pedestrian safety (Moradloo et al., 2025b; Shinar, 2019).
However, current system capabilities indicate a clear need for technological improvements and
updated regulations to ensure consistent performance across different environments.

The efficacy of P-AEB systems varies dramatically with environmental conditions, particularly
lighting, and numerous studies have been conducted on this topic, as summarized in Table 1
(Anctil et al., 2023; Bartholomew et al., 2024; Kidd et al., 2024; Moradloo et al., 2025a). Studies
consistently show poorer system performance during low-light conditions, such as nighttime or
adverse weather, precisely when they are most needed (Combs et al., 2019; Kidd et al., 2024;
Utriainen, 2020). While integrating multiple sensor technologies (e.g., Visible Light Cameras
(VLC), LiDAR, and radar) has been shown to substantially enhance detection capabilities, even
advanced systems struggle with consistent performance across varied lighting scenarios (Haus et
al., 2021; Liu et al., 2022). This inconsistency is critical, as most pedestrian fatalities occur at night
(Moradloo et al., 2025a).

Research indicates that combining multiple detection technologies can prevent over 90% of
pedestrian fatalities, significantly better than the 30% effectiveness observed with standalone VLC
systems (Combs et al., 2019). Recommended enhancements include improved deceleration
capabilities, wider sensor fields of view, refined lane detection, quicker response times, and
improved detection of small pedestrians, such as children (Anctil et al., 2023; Kim & Lee, 2020).

Real-world crash data from sources such as Sweden’s STRADA database reveal varied
effectiveness of P-AEB systems. These systems reduced pedestrian crash risks by 8% and bicyclist
crash risks by 21%, with notably better performance during daylight and twilight compared to
darkness, where no significant reduction was observed (Kullgren et al., 2023). Another study
suggests fully optimized P-AEB systems could reduce pedestrian crashes by up to 52% and,
combined with multiple sensor technologies, prevent over 90% of fatalities (Cicchino, 2022).
However, these studies overlook factors such as instances of drivers disabling the P-AEB systems,
reliance on rear-end crash data as control cases, and the use of speed limits rather than actual
vehicle speeds. Such limitations highlight the need for more robust data collection methods to
evaluate real-world effectiveness accurately.

Experimental and simulation-based studies have evaluated system performance under various
conditions, such as environmental factors, pedestrian movement scenarios, initial vehicle speed,
sensor types, and pedestrian demographics (Charlebois et al., 2023; Gruber et al., 2019; Haus et
al., 2021). Some studies used limited experimental methods (e.g., (Charlebois et al., 2023), with
only 13 vehicles from 2019-2021), while others relied on simulations (Gruber et al., 2019; Haus
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et al., 2021). In contrast, the current study utilizes an extensive dataset under controlled conditions
for a robust statistical analysis, providing deeper insights into actual P-AEB performance, rather
than relying solely on simulations.

The ITHS has conducted rigorous evaluations of P-AEB systems across various vehicle models
from 2018 to 2024, revealing that while daytime performance is generally satisfactory, nighttime
effectiveness remains inadequate. These studies underscore the need for ongoing improvements in
sensor technology and algorithm development to ensure that P-AEB systems operate reliably in
all conditions. Furthermore, using the IIHS data, some studies reveal how vehicle characteristics,
such as vehicle body size and sensor configurations, contribute to the performance of these
systems, suggesting avenues for potential improvements (Cicchino, 2022; Kidd et al., 2024;
Mahdinia et al., 2022; Moradloo et al., 2025a). This data also indicates that under nighttime
conditions, different types of vehicle lighting, such as LED and halogen, can significantly correlate
with the outcomes of crashes (Moradloo et al., 2025a). Although these studies offer important
insights, they did not directly compare the effectiveness of systems during daytime and nighttime,
nor did they investigate the factors associated with detection and deceleration steps in the P-AEB
system across different lighting conditions.

(Kidd et al., 2024) also utilized ITHS test data to investigate how P-AEB systems perform under
various lighting conditions—daytime and nighttime, with both low and high beams. Using linear
mixed-effects models, they examined outcomes such as Time to Collision (TTC), deceleration,
jerk, and braking intensity. Their results showed that better lighting and exceptionally high beams
help improve visibility and system performance at night. In contrast, our study takes a different
approach. First, we examine factors associated with whether the system detects a pedestrian (using
FCW TTC). Then, for cases where detection occurs, we analyze the factors associated with how
much the vehicle slows down. We use a two-stage model that accounts for both selection bias and
hidden differences between vehicles and scenarios. Notably, (Kidd et al., 2024) used separate one-
stage models on the test data. However, the method used in this study links the detection and
braking processes. We also incorporate a wider range of lighting conditions, including high and
low beams with both Light Emitting Diode (LED) and halogen headlights, along with daytime
scenarios and detailed vehicle characteristics. This comprehensive approach enables a deeper
understanding of how various lighting environments impact P-AEB system performance.

This study aims to bridge existing knowledge gaps by comprehensively analyzing the effectiveness
of P-AEB systems from the initial detection of a potential crash to the application of brakes and
the assessment of crash potential and impact speeds. Additionally, it compares the system's
performance between daytime and nighttime conditions to understand how varying light
environments affect the effectiveness of P-AEB. Utilizing the ITHS dataset, which comprises 42
low-level automated vehicles commonly tested under controlled day and night lighting settings
without driver intervention, this research provides a detailed evaluation of their performance. Such
an approach not only enhances our understanding of P-AEB systems under varied lighting but also
informs future improvements, ensuring these systems can reliably protect pedestrians in all
conditions.
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The current research underscores the need for further advancements in P-AEB technology,
particularly in enhancing the sensitivity and accuracy of sensors under low-light conditions.
Enhancing object recognition in darkness could significantly bolster pedestrian safety during
nighttime, when the risk of a crash is notably higher. Additionally, there is a critical need for
regulatory bodies to establish more stringent performance standards for P-AEB systems. These
standards should ensure that systems are thoroughly tested and certified across a broad spectrum

of environmental conditions before they are deployed.

Table 1: Summary of some studies on P-AEB systems

Study Data Gap ldentified Study
Environment
Mahdiniaet IIHS crash test Focused on daytime; no nighttime Controlled
al. (2022) data (daytime) evaluation.
Moradloo et IIHS crash test Only examines nighttime tests; does not Controlled
al. (2025) data (nighttime) provide daytime comparison.
Kidd et al. IIHS crash test Analyzed when and how P-AEB systems warn  Controlled
(2024) data (daytime & and brake, without addressing unobserved
nighttime) heterogeneity or conditional detection and

deceleration factors.
Charlebois Limited dataset Used a limited sample size (2019-2021). Controlled
etal. (2023) of 13 vehicles
Gruberetal. Simulated crash Based on simulations (rather than real-world  Simulated
(2019) scenarios or controlled test data).
Haus (2021) Pedestrian Crash Based on simulations, it assumes P-AEB Simulated

Data sensors always detect pedestrians when

they are on the road and not obstructed.
Kullgren et Police-reported Uses relatively older data (2015-2020). Real-World
al. (2023) crash records Ignores samples where drivers might disable  Data

these systems; predominantly featuring

Volvo vehicles.
Cicchino Police-reported The study does not account for system Real-World
(2022) crashes deactivation; it relies on rear-end crashes as  Data

a control and speed limits as a proxy for
actual speeds.
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Data and Methodology

Methodology

This study evaluates the performance of P-AEB systems, focusing on four key steps: detection
capabilities and braking effectiveness, crash occurrence, and crash impact speed resulting from
these systems. To ensure an accurate analysis, it is crucial to address specific data characteristics
that could bias the results. One primary consideration is sample selection bias, which occurs
because deceleration data are only available for instances where the P-AEB system has
successfully detected pedestrians. This limitation means that only a subset of all possible scenarios
is represented in the dataset, which could skew the analysis if not adequately addressed. Simpler
models, such as separate regressions, overlook the conditional link between them and may yield
biased results.

To address this, the study employs a two-step Heckman sample selection model (Briggs, 2004),
which jointly estimates both the selection and outcome equations, assuming a bivariate normal
distribution of errors. This method corrects selection bias and captures unobserved differences
across vehicles and test settings. The framework breaks the crash avoidance process into four
sequential components: (1) detection rate, referring to whether the system identifies the pedestrian
in time, measured using TTC for FCW. This metric, reported by IIHS, indicates the time remaining
when the vehicle first issues a warning and detects the pedestrian; (2) average deceleration, which
reflects how effectively the vehicle slows down after detection, measured in this study using speed-
time data from ITHS; (3) crash occurrence, which indicates whether a crash ultimately happens,
determined based on the reported impact speed, where a value of zero shows no crash; and (4)
impact speed, representing the speed at impact when avoidance fails and crash happened, also
drawn from ITHS test data.

In addition, activation time, represented by TTC for AEB—the time remaining when the system
initiates automatic braking—is a key measure of system responsiveness. TTC for FCW, previously
used to assess detection rate, also serves as an indicator of detection timing. Both metrics reflect
critical timing in the system’s response and are included in the analysis to understand better the
effectiveness of pedestrian detection and the initiation of braking. By explicitly modeling each of
these conditional stages and including effective metrics, the analysis isolates the contribution of
each step to overall system performance, offering a more comprehensive understanding of P-AEB
behavior and its limitations.

The data is structured in a panel format to effectively manage and control the correlation among
tests using the same vehicle. Vehicles are grouped into panels based on their model, year, and
specific testing scenarios. The study used 42 vehicles, including 40 unique models, and tested two
models with two cars each; for example, two Mercedes-Benz GLCs. Four panels represent each
car of a model according to the four scenarios. Therefore, across all models, we have 160 (40 x 4)
panels, each containing an average of 15.6 observations, with individual panels ranging from 12
to 27 observations. This panel structure enables controlled comparisons across similar vehicles
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and test conditions, thereby enhancing the consistency of results. Summary statistics and trends
were analyzed at the test level, treating each trial as a separate observation.

In the regression equation (Equation 1), ‘i’ denotes multiple tests per vehicle and multiple trials
per scenario, ‘t’ stands for each observation, y;; represents the deceleration rate with f and «a as
the coefficients for the regression and selection equations, respectively. The errors, €,;; at the
observation level, are assumed to be bivariate normal and independent of the random effects,
enhancing the robustness and reliability of the analysis in assessing P-AEB system performance.
are assumed to be bivariate normal and independent of the random effects, enhancing the
robustness and reliability of the analysis in assessing P-AEB system performance.

Yie = XitB + Vi + €14 1

Additionally, equation 2 represents the selection equation in the Heckman sample selection,
where s;; = 1, y;; 1s observed and not observed when s;; = 0.

Sit = 1(Zita + Vai + €2it > 0) 2

Here z;, is the selection covariate, v,;is panel-level random effect for selection and €,;,1s the
error term for observation-level selection.

vy; and v; are bivariate normal with mean 0 and variance

Z v= G%v pvo-lzvo-ZV] 3
PvO1vO2y O2v
The binary variable is illustrated in the following Equations for the selection model:
0:No
Event (Yes/No) {1: Yes 4
The log-likelihood for all panels is calculated using the following Equation:
InL = 3L, (An 3, [{TTM £((¥ie Si) | (Vai, Vai) = Lo H{ITR2 wye }] 5

Here, a; and wy are adaptive versions of abscissas and weights after an orthogonalizing
transformation, which eliminates posterior covariances between elements of the prior density of
Y;, a vector of independent standard normal random variables. These calculations happen in the
intermediate steps of getting the likelihood of panel 1, which is L;. Also, the conditional mean of
Vit 1s shown in the Equation below:

E(yit|Xi0) | (XieB) 6

The study also estimates marginal effects to interpret the coefficients derived from the probit
model more effectively. For continuous variables, marginal effects quantify how a one-unit
increase in each variable is associated with the probability of detection. For categorical variables,
these effects determine the change in the likelihood of the outcome when a variable shifts from its
baseline category (set as zero) to one, assuming all other variables remain constant.
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Additionally, lighting conditions are utilized as a treatment variable in both models, though their
role differs between them. In the first model, its contribution to the probability of detection is
assessed. In the second model, the association with crash occurrence is analyzed. This dual
application enables a comprehensive evaluation of how lighting affects both the detection
capabilities and the safety outcomes of the system. Figure 1 illustrates the study’s framework,
outlining the key components, processes, and analytical steps used throughout the research.

i Expected Results:
---------------------- " Method:

*Environmental Impact:
Evaluate how light and
weather conditions
impact P-AEB reliability.

1- Descriptive Analysis

IIHS dataset, Day and Night
tests

Vehicles:

42 Low-level automated
vehicles (2021-2024)

Total Tests:

2,494, including 840 daytim
tests and 1654 nighttime
tests

2-Random-effects
Heckman Sample
Selection Model:

Objective
Exploring the role of
P-AEB systems in
preventing crashes

with pedestrians
under different
visibility

-System Effectiveness:
Compare P-AEB

performance in detecting -
pedestrians and slowing

down during day versus

night.

Step One: Probit model to
determine whether a
collision occurred.

Step Two: Regression

model analyzing collision -Key Vehicle Features:

Identify crucial vehicle
features influencing P-
AEB performance.

speed if a collision
"""""""""""" oocurred.

Figure 1: Study Framework

Data

Data collection

This research utilizes the IIHS public datasets to evaluate the performance of P-AEB systems in
various lighting conditions (ITHS, 2023). Tests are designed to simulate real-world conditions by
considering vehicle specifications, environmental factors, and realistic pedestrian models. The
experimental setup accounts for various factors, including vehicle specifications, environmental
conditions, and dummy pedestrian characteristics. Vehicle characteristics, such as brand, size, fuel
type, brake features, and tire specs, varied across models. Some data were sourced from the ITHS
website, while others were obtained using vehicle make, model, trim, and year to extract
specifications from manufacturer websites.

Prior to each test, the vehicle undergoes a brake warm-up procedure that involves ten braking
actions from a speed of 56 km/h (34.82 mph) at deceleration rates ranging from 0.5 g (16.1 ft/s?)
to 0.6 g (19.3 ft/s?). This is followed by three stops from 72 km/h (44.74 mph) to activate the Anti-
lock Braking System (ABS). The vehicle is driven at 72 km/h (44.74 mph) for five minutes to
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ensure the brakes are adequately cooled. If the vehicle remains idle for more than 15 minutes, the
brakes are reheated with three additional stops from 72 km/h at a deceleration of 0.7 g. A
mandatory three-minute interval is observed between the warm-up phase and the commencement
of the test or between successive tests. Depending on the vehicle model, system checks and sensor
calibrations may be required, as specified by the manufacturer’s instructions. Settings for the P-
AEB and Forward Crash Warning (FCW) systems are adjusted to either their middle or slightly
higher settings when necessary.

In each trial, the test vehicle begins its approach from a distance of 150 to 200 meters (492 to 656
feet) from the target, accelerating to speeds of 20, 40, or 60 km/h (12.43, 24.85, and 37.28 mph).
The commencement of the approach phases is marked at distances of 25, 50, and 75 meters (82,
164, and 246 feet). For a test to be considered valid, the vehicle’s speed must remain within £1.0
km/h (£0.62 mph) of the target speed, its yaw rate within =1 °/s, and it must keep within 0.1 meters
(0.33 feet) of the center of the lane. Activation of the automatic emergency braking is identified
when a deceleration of 0.5 m/s? (1.64 ft/s?) is achieved. The system's effectiveness is also evaluated
through the timing of audible and visual forward crash warnings, which are recorded for analysis.

Test vehicles have mileage ranging from 200 to 5,000 miles, are equipped with new tires set to the
manufacturer's recommended pressure, and are maintained at optimal fluid levels. They also
feature sophisticated data recording equipment, including the Oxford RT-Range and Race Logic
Video VBOX Pro, to accurately measure speed, acceleration, and the timing of impacts during
tests. The test vehicle’s weight—including the driver and all equipment—should not exceed its
curb weight by more than 200 kg (441 Ibs). Details about the vehicle features relevant to the study
are provided on the ITHS website.

ITHS employs static and dynamic models that closely replicate human size and motion using
dummy pedestrians, ensuring the testing scenarios are robust and realistic. These models,
representing adults to maintain consistency, are meticulously checked for any defects that could
impact the results. Dynamic models are specifically used to simulate human movement accurately.
Throughout the testing, these dummies maintain a steady speed of 5 = 0.2 km/h (3.1 mph). During
nighttime testing, they are dressed in black to simulate the challenges of detecting pedestrians in
reduced visibility.

The test environment features a dry asphalt track with clearly marked lane lines and no surrounding
obstacles that might interfere with the measurements. Tests are conducted within a temperature
range of -6.7°C (20°F) to 37.8°C (100°F), and the layout is designed to minimize interference with
the vehicle sensors and the testing apparatus. Nighttime tests are performed under natural darkness,
with illumination levels maintained below one lux. In contrast, daytime testing benefits from ample
natural lighting that does not affect the sensors.

The scenarios shown in Figure 2 under test include perpendicular (CPNA) and parallel (CPLA)
movements, with vehicles moving at 20 km/h (12.43 mph), 40 km/h (24.85 mph), and 60 km/h
(37.28 mph). Each test is designed to simulate a specific type of potential crash with a 25% overlap
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of the vehicle's width impact. In perpendicular scenarios, the target crosses 4 meters from the
center of the lane to achieve this overlap, whereas in parallel scenarios, the target is aligned parallel
to the vehicle’s path. These controlled conditions are chosen to evaluate P-AEB systems without
driver input, which differs from typical driving situations where driver reactions may alter the
outcomes. This methodical approach ensures a precise analysis of the systems' detection and
response capabilities in various lighting conditions, providing valuable insights into their
operational effectiveness (ITHS, 2024).

Data preprocessing was conducted using both Excel and Python to prepare a dataset of 42 vehicles
tested under daytime and nighttime conditions. From the original ITHS database, 267 invalid tests
labeled 'NA' were removed, resulting in 2,494 valid tests—840 during the day and 1,654 at night,
with no missing values. Although ITHS initially conducted a nearly equal number of tests across
both lighting conditions, the final daytime test count is lower because child scenarios were
excluded, as these are not conducted at night. This exclusion created a difference in scenario
frequencies between day and night. In this study, all measurements were standardized using
kilometers per hour (km/h) for speed, meters (m) for distance, and meters per second squared
(m/s?) for deceleration rates.

a N

Perpendicular adult:
Adult walks across road
Test run 20 and 40

km/h (12, & 25mph) -
. & Bd,

Parallel Adult
Adult in right lane near
edge of road, facing

e
I NN NN . . . L]

away from traffic, - e s s s e s
Test run 40 & 60 km'h _
il o) =>-

Figure 2: IIHS scenario settings
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Data visualization

Detection of pedestrians:

The first step of the analysis is to assess the accuracy of P-AEB systems in detecting pedestrians
across different visibility conditions. In the ITHS dataset, direct records of pedestrian detection are
absent; thus, we used TTC for FCW as an indirect measure of detection effectiveness. For our
analysis, instances where TTC for FCW is zero typically indicate non-detection, often leading to
crashes. To verify these non-detections, we checked if maximum deceleration was zero
(suggesting no braking response) and if speed reduction was zero, indicating no braking
intervention before a crash. Furthermore, TTC for AEB, which should always be shorter than TTC
for FCW since it represents the time until braking is activated post-detection, confirms the non-
activation of the braking system.

In our findings, 13 tests reported a zero TTC for FCW without a crash and a high average
deceleration, which was inconsistent; these were adjusted to the median TTC for FCW of 1.59
seconds. Additionally, 58 other tests with no crash and detection signs deviating from the rest of
the data values were adjusted to this median to show successful detection. After corrections, our
analysis confirmed 179 detection failures out of 2,494 tests, highlighting critical areas for
enhancing the responsiveness and reliability of P-AEB systems to improve pedestrian safety under
varied conditions.

Deceleration rate after detection

In this study, the average deceleration rate is measured. We utilized Python scripts to analyze speed
data recorded at 0.01-second intervals across all 2,315 tests where detection was confirmed. These
scripts helped pinpoint key moments in the deceleration process, including the initiation of
braking, the stabilization of deceleration, and the vehicle’s eventual stop, as shown in Figure 3.
This study focuses on the moment the P-AEB system detects a pedestrian risk, not on vehicle speed
before braking or at impact. While ITHS provides initial and impact speeds, we analyzed speed
data between those points. We identified when the vehicle transitioned into steady deceleration by
detecting a consistent slope in the speed-time curve. In many cases, we also reviewed speed-time
plots to confirm this point. This helped us accurately estimate the average deceleration rate during
the stable braking phase.

The average deceleration over a series of discrete data points was measured using these identified
points. The calculated average deceleration rates were consistent with those reported in the
literature, confirming the accuracy of our calculation (AASHTO, 2001; Savolainen et al., 2024).
Reference studies suggest that in emergencies, deceleration can exceed 14.4 ft/s? (4.39 m/s?) when
the driver is unexpectedly alerted to an event. Despite this, the observed rates in the controlled
ITHS environment were typically lower, averaging 3.64 m/s?, without exceeding the maximum
deceleration recorded. These findings were incorporated into a Heckman regression model to
analyze the efficacy of P-AEB systems further, ensuring both the accuracy and relevance of our
results in assessing system performance. Additionally, Figure 4 illustrates the distribution of
declarations and crash rates in each range. Higher deceleration rates tend to reduce the likelihood
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of crashes, underscoring the importance of effective braking systems in preventing crashes and
informing further safety enhancements.
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Figure 3: a) Complete Velocity-time Diagram, b) Close-up of Braking & Stopping Points
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Figure 4: Deceleration Rate Distribution and Associated Crash Frequency

Table 2 represents a comprehensive description of the data under different lighting conditions.
Breaking down the data by model car year, the distribution is relatively even across 2021 to 2024,
with slight fluctuations in percentages. 2.4% of the tests are conducted by vehicles made in 2021.
Most tests conducted during the day and at night were for models from 2022 and 2023,
representing approximately 80% of the tests, indicating that newer vehicle models were
predominantly used. For models manufactured in 2024, both day and night tests account for
approximately 12% of the total.

|
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Although the ITHS tests included minivans, these vehicles were not tested in both daytime and
nighttime conditions; therefore, they are not included in this analysis. As a result, the study covers
four specific vehicle categories: hatchbacks, sedans, SUVs, and pickup trucks. Among these,
SUVs are particularly dominant, accounting for approximately 62% of all tests, underscoring their
significant presence.

Regarding the testing scenarios, the tests were equally divided into four categories: CPNA 20,
CPNA 40, CPLA 40, and CPLA 60, each representing different test speeds and pedestrian
movement patterns. Each category accounts for approximately 25% of the tests conducted in both
lighting conditions, demonstrating a balanced approach to testing across various dynamic driving
scenarios that comprehensively evaluates the P-AEB systems.

Regarding sensor setups, although the internal processing algorithms of sensors are unavailable,
these components are crucial because detection is the first step in activating the P-AEB system.
The ITHS tests confirm that the P-AEB systems were active, enabling this research to investigate
broad trends in pedestrian detection across different sensor configurations. About 14% of the
vehicles tested relied solely on camera-based systems, while the remaining vehicles combined
cameras with radar sensors. Although the study cannot directly establish causation, including
sensor type as a variable helps explore possible associations with detection effectiveness. Most
tested vehicles (around 95%) used LED headlights for both low and high beams, while only about
5% utilized halogen headlights.

Fuel-type analysis reveals that conventional vehicles were most frequently tested, accounting for
over 75% of both day and night sessions, followed by EVs and hybrid vehicles. This reflects the
current market distribution where gasoline vehicles still dominate, but with a significant
representation of EVs and hybrid vehicles to test system efficacy across different powertrains.
Additionally, the average curb weight of the vehicles tested is approximately 3,985.21 lbs., ranging
from 2,821 to 5,625 lbs. The brake disc sizes average 12.85 inches, ranging from 10.80 to 14.70
inches. Additionally, the average tire aspect ratio is 56.09%, ranging from 40% to 75%, illustrating
the diversity of vehicle specifications included in the study.
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Table 2: Low Beam (n =823 Tests), High Beam (n = 831 Tests), and Daytime (n = 840 Tests)

Variable Category Low Beam High Beam Day
Freq % Freq % Freq %

2021 20 2.43 20 2.41 20 2.38
Vehicle 2022 341 41.44 340 40.92 339 40.36
modelyear 503 371 45.08 363 4367 381 45.36

2024 99 12.03 100 12.03 100 11.91

Perpendicular, 204 24.78 212 25.51 209 24.88

20 km/h test

speed

Perpendicular, 208 25.27 208 25.03 210 25.00
Scenario 40 km/h test

speed

Parallel, 206 25.03 205 24.66 211 25.12

40 km/h test

speed

Parallel, 205 24.91 204 24.54 210 25.00

60 km/h test

speed

Hatchback 40 4.86 40 4.81 20 2.38
Vehicle Sedan 202 24.54 198 23.82 221 26.31
Size Suv 501 60.80 512  61.60 519 61.79

Pickup Truck 81 9.84 80 9.63 80 9.52

Conventional 623 75.69 631 75.93 638 75.95
FuelType EV 100 12.16 100 12.03 101 12.02

Hybrids 100 12.16 100 12.03 101 12.02
Sensor Radar & Camera 703 85.45 714 85.92 721 85.84
Type Camera 121 14.70 116 13.95 119 14.16
Headlight Halogen 41 4.98 40 4.81 - -
Type LED 782 95.02 791 95.19 - -
Variable Mean Max. Min. SD
Brake disc size (in) 12.85 14.70 10.80 0.97
Curb weight (lbs) 3985.21 5625.00 2821.00 639.15
Tire aspect ratio (%) 56.05 75 40 8.09
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Table 3 presents a detailed statistical analysis of variables, comparing nighttime low beam, high
beam, and daytime datasets containing 823, 831, and 840 tests, respectively. As shown, Driver
Alert Time (reported in IIHS data) during the day was slightly higher than at night for both low
and high beams, with the lowest average observed under low beam conditions at night, 1.30
seconds. Additionally, average deceleration rates—including 179 zero values for non-detected
tests—were slightly higher during the day than at night for both low and high beams, with less
variability. This is likely due to earlier detection and quicker braking response in daylight. When
excluding zero values and focusing only on detected tests, the average deceleration from brake
initiation to stop was, on average, 3.87 m/s? for the low beam, 3.80 m/s? for the high beam, and
4.04 m/s* during the daytime.

The average maximum deceleration values reported in the IIHS data were 8.26 m/s* for the
nighttime low beam, 9.04 m/s* for the nighttime high beam, and 9.66 m/s*> during the daytime.
When excluding tests with no detection (i.e., zero values), the averages increase slightly to
9.51 m/s* for low beam, 9.68 m/s* for high beam, and 9.80 m/s*> for daytime. According to the
American Association of State Highway and Transportation Officials (AASHTO), the 90th
percentile deceleration rate for emergency braking is 3.41 m/s? (11.2 ft/s?). This Greenbook rate is
substantially lower than the maximum deceleration rates observed in the data (AASHTO, 2001;
Fambro et al., 1997; Savolainen et al., 2024). The minimum was 0 m/s? across all conditions,
indicating no braking occurred in some tests. Notably, the maximum deceleration rates were
always greater than the average deceleration rate post-detection in all tests.

The table also reveals a pedestrian detection rate of approximately 87% at night, using low beam,
rising to approximately 98% during the day. Crashes occurred in approximately 34% of nighttime
low beam tests and approximately 21% of nighttime high beam tests, compared to approximately
11% during daytime conditions. Overall, vehicles performed better during the day, with higher
detection rates, suggesting potentially less severe outcomes for pedestrians in daytime conditions.

Crash Speed data reveals a substantial difference in impact speed during crashes. Daytime crashes
occur at significantly lower speeds (average 2.44 km/h) compared to nighttime high beam (average
5.30 km/h) and low beam (average 11.48 km/h), with much higher variability at night (SD of
18.96) than during the day (SD of 8.66). The crash speed metric includes results from all tests,
encompassing those that did not result in a crash, where the crash speed is recorded as zero. This
suggests that the effectiveness of mitigating impact speeds is diminished under night conditions.

Overall, these metrics indicate that P-AEB systems may respond more quickly during the daytime,
and the effectiveness and reliability of these responses are more consistent than at night. This
variability underscores the need for improvements in system performance under low-light
conditions to ensure better and more consistent safety outcomes.
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Table 3: Day vs. Night Vehicle Test Metrics

Variable Metrics Low Beam High Beam Day
(N =823 tests) (N =831 tests) (N =840 tests)
Mean 1.30 1.57 1.70
Driver Alert* Time
river M€ Maximum  3.43 3.53 3.55
Minimum 0.00 0.00 0.00
SD 0.65 0.66 0.56
Average Mean 3.28 3.61 3.97
decelerati
eceleration  Maximum  5.49 5.64 6.62
(m/s?)
Minimum 0.00 0.00 0.00
SD 1.67 1.05 0.84
Average Mean 3.78 3.87 4.04
deceleration f
ecelerationfrom - Maximum  5.49 5.64 6.62
brake initiation to
stop (m/s?) Minimum 0.05 0.07 0.20
SD 1.14 0.95 0.84
Maximum* Mean 8.26 9.04 9.66
deceleration (m/s?) A
Maximum 11.86 12.49 12.06
Minimum 0.00 0.00 0.00
SD 3.62 1.33 2.13
Maximum* Mean 9.51 9.68 9.87
deceleration
. Maximum 11.86 12.49 12.06
(excluding zero
value) (m/s)  Minimum 079 0.54 1.20
SD 1.85 1.351 1.72
Mean 11.48 5.30 2.44
| tS d
Mpact Speed Maximum  60.69 60.89 60.51
(km/h) (including
no crashes) Minimum 0 0 0
SD 18.96 12.83 8.67

Successful Detection

86.75% (714)

93.26% (775)

98.33% (826)

Crash Occurance

33.65% (277)

20.57% (171)

10.95% (92)

*reported in IIHS data.
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Figure 5 classifies all tests into successful or failed detections. When Driver Alert Time was zero,
the average crash speed was 42.4 km/h. Of the 179 times the system failed to detect a pedestrian,
165 occurred at night, making up 92% of all detection failure crashes, with 62% of these instances
happening under low beams. In contrast, when the system did detect the pedestrian, the average
Driver Alert Time was 1.61 seconds, ranging from 0.45 to 2.86 seconds. Still, crashes happened
in 15.6% of these cases (361 out of 2,315). Most of these crashes, 78% (283 cases), also happened
at night: 46% under low beams and 32% under high beams, showing that high beams led to better
system performance.

2,494 Tests

‘ Failure Detection I | Successful detection I

100% Crashes 15.6% Crashes ]
(179 tests) (361 tests)
Av. Impact speed = 42.4 km/h Av. Impact speed = 3.6 km/h
Av. Speed reduction = 0 km/h Av. Speed reduction = 36.1 km/h
Av. Deceleration =0 Av. Deceleration = 3.9 m/s*
56 (31%0) crashes at nighttime high beam 115 (32%b) crashes at nighttime high beam
109 (61%b0) crashes at nighttime low beam 168 (46%) crashes at nighttime low beam

Figure 5: Distribution of Detection Time Across Different Test Speeds

Figure 6 shows that out of the 2315 tests (9% success rate), they were conducted at speeds of 20,
40, and 60 km/h, with detailed insights into Detection Time, average deceleration rates, and crash
occurrences. At 20 km/h, covering 589 tests, the average Detection Time is approximately 1.27
seconds, with crashes occurring in 4.7% of cases. For the 40 km/h speed tests, which include both
perpendicular and parallel pedestrian movements, the average Detection Time extends to 1.66
seconds, with 10.6% resulting in crashes. At a speed of 60 km/h, the Detection Time further
increases to 1.85 seconds, yet 37.3% of these tests result in crashes. Overall, although a longer
Driver Alert Time indicates earlier detection, higher vehicle speeds reduce the effectiveness of
those alerts. Despite longer alert times at higher speeds, the incidence of crashes substantially
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increases, indicating a need for more effective deceleration strategies or even longer alert times to
prevent crashes at higher speeds.

p
60 km/h
| 560 tests (24.2%)

Diff.

.
40 km/h
1166 tests (50.4%) |

1.85

N Diff.

Test Speed 20km/h —1 /A ]
(Km/h) 589 tests (25.4%) J m
"""" |

Av. Detection | | _ __ | tmmmmma-d

Time (Seconds) 1.27 3.86

204 26.7%
Av. Deceleration ————
(m/SZ) 3.78 124,

E--;-g-n;--: TTC FCW = Time remaining until a
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Crash ( Freq., %) 1 7(;/ [
2 Detection Time |

/

Figure 6: Detailed Analysis of Successfully Detected Tests (N=2315)

Figure 7 presents a detailed analysis of P-AEB system performance, focusing on detection rates
and subsequent crash occurrences despite detection. It further explores the crash impact speeds
and deceleration rates to provide deeper insights into the system’s effectiveness under various
conditions. In nighttime low beam tests, dummy pedestrians were not detected in 13% of tests,
with an average impact speed of 44.6 km/h and a standard deviation of 13.7, showing high
variability in impact speeds. Of the detected cases, 23% resulted in crashes, even after detection,
with an average impact speed of 27.3 km/h, a high standard deviation of 15.6, and an average
deceleration rate of 3.2 m/s? with a standard deviation of 1.6. For the 77% of detected cases that

did not result in a crash, the average deceleration rate was 4.0 m/s? and a lower standard deviation
of 0.9.

In nighttime tests under high beams, dummy pedestrians were not detected in 7% of tests, with an
average impact speed of 39.0 km/h and a standard deviation of 14.9, indicating considerable speed
variability. Of the detected cases, 15% still resulted in crashes, with an average impact speed of
19.4 km/h, a standard deviation of 13.1, and an average deceleration rate of 3.2 m/s* (SD = 1.4).
The average deceleration rate for the 85% of detected cases that avoided crashes was 4.0 m/s?, with
a lower standard deviation of 0.8.
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However, during the daytime, dummy pedestrians were not detected in only approximately 2% of
tests, with an average impact speed of 38.6 km/h and a standard deviation of 16. Of the detected
pedestrians, crashes occurred in 10% of the cases, with an average impact speed of 20.5 km/h, a
standard deviation of 12.6, and a deceleration rate of 3.5 m/s? with a standard deviation of 1.
Notably, in 90% of the detected cases where crashes were avoided, the average deceleration rate
was 4.1 m/s? with a standard deviation of 0.8, effectively stopping the vehicles before impact.
These results, shown in the figure, underscore the critical role of effective detection and
deceleration in enhancing pedestrian safety, particularly highlighting how nighttime conditions,
especially low beam, challenge the performance of P-AEB systems more than daytime scenarios.
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Figure 7: Detection Rates and Crash Occurrence at Daytime & Nighttime
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Figure 8 illustrates the performance of P-AEB systems across various scenarios, demonstrating
variations in detection rates and impact speeds depending on test speeds and pedestrian
movements. Detection failure remains nearly constant in daytime scenarios but varies from 7.9%
to 13.4% at night, with the higher rates in scenario 4. Scenario 4 also records the highest average
impact speeds, particularly at night, underscoring better system effectiveness in well-lit conditions.
The data suggests that visibility significantly contributes to detection rates and system
performance.
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Figure 8: Performance of P-AEB Systems Across Different Scenarios and Lightings
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In addition to analyzing detection, the study conducted crash-only tests to assess the impact of
lighting and speed on crash outcomes. Figure 9 focuses on 540 crash cases, revealing that only
17% occurred during the day, while 51% happened at night under low-beam lighting conditions,
also linked to higher average crash speeds. Crash frequency and speed increased with test speed
across all lighting conditions. For example, under high beams, the average crash speed rose from
17.5 km/h at a 20 km/h test speed to 31.4 km/h at a 60 km/h test speed. The most concerning results
were under low beams at 60 km/h, with an average crash speed of 40.6 km/h, indicating poor
detection and higher impact severity. In contrast, daytime tests consistently showed lower crash
speeds, highlighting the role of visibility in reducing crash risks.

Average Speed: 23.3 km/h, Average Speed: 25.8 km/'h, Average Speed: 34.1 km'h,

~
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Figure 9: Crash Speed Metrics (4, o) For Various Lighting & Test Speeds (Crashes =540)

Figure 10 also presents the kernel density distribution of crash speeds, excluding no-crash tests,
across three lighting conditions. Daytime tests (yellow lines) exhibit a consistent pattern, with
speeds clustering around 20 km/h and an average crash speed of 23.3 km/h, indicating stable
driving behavior during daylight hours. High beam tests (blue lines) reveal slightly higher
variability and an average crash speed of 25.8 km/h. In contrast, low beam tests (brown dashed
lines) show the widest spread, with multiple peaks and an average speed of 34.1 km/h. This
suggests greater inconsistency in driver response and visibility under low-light conditions,
contributing to more severe crashes.
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Figure 10: Density Plot of Crash Speed with Mean Lines
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Results

The study's results are structured into two distinct sections. Initially, the analysis focuses on the
pre-crash phase, examining the detection capabilities and deceleration rates of the P-AEB systems.
Subsequently, the study shifts to assessing the crash itself, specifically analyzing the crash
occurrence and the speeds involved at the time of impact. This dual-phase approach allows for a
comprehensive understanding of both the effectiveness of preventive measures and the dynamics
of the crashes.

Vehicle-related factors, such as fuel type, size, sensor type, and model year, are included as fixed
effects to capture observable correlations with system performance. The random intercepts at the
panel level (vehicle model x scenario) account for unobserved heterogeneity across test conditions.
This means the model allows each vehicle-scenario group to have its baseline, helping control for
hidden differences not directly measured in the dataset. Together, the fixed and random
components provide a more accurate estimate of the parameters.

Detection & Deceleration Section

The result of the random effects Heckman sample selection model with the dependent variable of
pedestrian detection in the first step and the average deceleration rate in the second step, where the
model focuses on tests where detection occurs, is shown in Table 4 and is explained in detail as
follows:

P-AEB system performance, Dependent variable = Detected or Not Detected:

This section examines the correlates of pedestrian detection, including sensor configurations,
environmental conditions, and algorithm limitations, each of which plays a crucial role in how
automated systems identify nearby pedestrians. Lighting conditions are also strongly associated
with detection rates. Compared to daytime, detection drops by 43% under halogen low beams,
20% under LED low beams, 7% under halogen high beams, and 3% under LED high beams, after
controlling for other factors.

Detection is further correlated with vehicle speed, with lower speeds improving detection rates
relative to the 60 km/h baseline in parallel adult scenarios (as expected). Newer models (2023—
2024) showed a 12% increase in detection, and smaller vehicle types (hatchbacks and sedans) were
associated with a 7% improvement. Among these, sensor type is especially important: vehicles
equipped with both camera and radar showed an 8% higher detection rate than those using camera-
only systems, highlighting the benefit of sensor fusion in improving P-AEB performance. These
insights underscore the importance of sensor technology and system design in enhancing P-AEB
effectiveness.

Braking system performance, Dependent variable = Average deceleration rate:

This section examines key variables that correlate with the average deceleration rate as measured
in this study, and their distribution is depicted in Figure 4. The findings indicate that hybrid
vehicles tend to have lower deceleration rates than conventional vehicles, with a significant
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negative coefficient of -0.52, while EV is marginally significant. Detection Time significantly
contributes to deceleration with a coefficient of 0.45, indicating that earlier detection or prolonged
detection times in seconds could provide more time for achieving a higher deceleration rate. Larger
vehicles exhibit a reduced ability to decelerate quickly, as negative coefficients indicate challenges
with rapid braking in heavier vehicles. Improvements in braking are also linked to specific
features, such as front brake discs, which positively contribute to deceleration with a coefficient
of 0.37. Moreover, tires with lower aspect ratios are marginally associated with improved vehicle
handling and stability at high speeds, which enhances deceleration. Lastly, newer vehicle models
are shown to have more effective braking systems than older ones.

The model’s summary of statistics:

The model calculates variances for error terms in deceleration rates (0.48), panel-level deceleration
rates (0.47), and detection (3.50), showing significant correlations between these error terms (z =
-2.15, p <0.001) and among panel-level results (z = 2.32, p < 0.001). These findings underscore
the importance of considering both selection effects and unobserved heterogeneity in the analysis.
Additionally, the model demonstrates a strong fit, evidenced by an R-squared value of 0.22 and a
highly significant Wald 2 statistic of 128.01 (p <0.0001).

Table 4: Result of Detection & Deceleration Rate Model (N=2,494)

Average Deceleration Rate (m/s?)

Variable Coefficient z P>|z|
Fuel type EVs -0.34 -1.85 0.07
(Base = Conventional Hyprid Vehicles -0.52 -2.85  0.00
vehicles)

Detection Time (seconds) 0.45 9.06 0.00
Curb Weight (lbs) 3100 - 4900 0.68 2.40 0.02
(Base = 3100) >4900 1.05 2.61  0.01
Tire Aspect Ratio -0.02 -1.85 0.06
Brake Front Disc 0.37 4.84 0.00
Newer Vehicles 2023 & 2024 0.46 3.84 0.00

(Base =2021 & 2022)

Constant -0.39 -0.25 0.81

Selection Model: Detected=1, Not detected=0 dy/dx

Lighting Condition Low beam Halogen -4.87 -5.94  0.00 -0.43

(Base = Daytime) High beam Halogen -3.19 -4.25 0.00 -0.20
Low beam LED -1.86 -7.96 0.00 -0.07
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Average Deceleration Rate (m/s?)

Variable Coefficient z P>|z|
Fuel type EVs -0.34 -1.85 0.07
(Base = Conventional Hyprid Vehicles -0.52 -2.85  0.00
vehicles)
Detection Time (seconds) 0.45 9.06 0.00
Curb Weight (lbs) 3100 - 4900 0.68 2.40 0.02
(Base = 3100) >4900 1.05 2.61 0.0
Tire Aspect Ratio -0.02 -1.85 0.06
Brake Front Disc 0.37 4.84 0.00
Newer Vehicles 2023 & 2024 0.46 3.84 0.00
(Base =2021 & 2022)
Constant -0.39 -0.25 0.81

High beam LED -1.08 -4.66 0.00 -0.03
Vehicle Model Year 2023 & 2024 2.11 3.80 0.00 0.11
(Base =2021 & 2022)
Scenario CPNA_25, 40 km/h test speed -0.07 -0.10 0.92 -0.0
(Base = CPNA_25, 20 CPLA_25,40 km/htestspeed -1.64 -2.44  0.02 -0.07
km/h test speed) CPLA_25, 60 km/h test speed -1.70 -2.48 0.01  -0.08
Vehicle Size Hatchbacks & Sedans 1.64 2.46 0.01 0.07
(Base = SUVs & Pickup
Trucks)
Sensors Type Camera & Radar 1.22 2.1 0.04 0.08
(Base = Camera)
Constant 3.42 4.18 0.00
Var (Error Deceleration Rate) 0.48
Var (Deceleration Rate [Panel]) 0.47
Var (Detection [Panel]) 3.50

Summary of Statistics

Ru=0.22 Prob>x2=0.00
Number of observations= 2,494 Selected =2315
Wald x2 (8) = 128.01 Nonelected =179
Observations per group: Min. =12, Mean. =15.6, Max. =27 Number of groups =160

Corr (Error Detection, Error Deceleration Rate) =-0.27 | z=-2.15, P>|z| = 0.000

|
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Average Deceleration Rate (m/s?)

Variable Coefficient z P>|z|
Fuel type EVs -0.34 -1.85 0.07
(Base = Conventional Hyprid Vehicles -0.52 -2.85  0.00
vehicles)

Detection Time (seconds) 0.45 9.06 0.00
Curb Weight (lbs) 3100 - 4900 0.68 2.40 0.02
(Base = 3100) >4900 1.05 2.61 0.0
Tire Aspect Ratio -0.02 -1.85 0.06
Brake Front Disc 0.37 4.84 0.00
Newer Vehicles 2023 & 2024 0.46 3.84 0.00
(Base =2021 & 2022)

Constant -0.39 -0.25  0.81

Corr (Detection [Panel], Deceleration Rate [Panel]) =0.29 | z=2.32, P>|z| = 0.000

Crash Occurrence & Impact Speed Section

The result of the random effects Heckman sample selection model with the dependent variable of
crash occurrence in the first step and crash speed in the second step, where the model focuses on
tests where the crash occurs, is shown in Table 5 and is explained in detail as follows:

P-AEB system performance, Dependent variable = Crash occurrence:

The selection model for crash occurrence in the table uses a logistic regression approach to
differentiate between crash (1) and no crash (0) tests, utilizing various predictors such as vehicle
type, lighting conditions, and scenario specifics. Notably, nighttime conditions, especially with
halogen low beams, significantly increase the probability of a crash by up to 31%. Under LED low
beams, the increase is up to 10%. High beams help reduce this risk: the marginal effect drops to
6% with LED high beams and 12% with halogen high beams. The results also highlight the
protective effect of newer vehicle models (2023 and 2024), which reduces crash likelihood
compared to the baseline years of 2021 and 2022, albeit marginally significant (p = 0.06).
Moreover, different vehicle sizes exhibit varied impacts on crash probabilities, with larger
vehicles, including SUVs and pickup trucks, showing a higher likelihood of crashes compared to
smaller hatchbacks and sedans. The analysis demonstrates that higher test speeds of 40 and 60
km/h significantly increase crash occurrence, boosting the likelihood of crashes by 12% to 46%
compared to tests conducted at 20 km/h.
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P-AEB system performance, Dependent variable = Impact Speed (km/h):

The crash speed model analysis focuses on the factors contributing to the impact speed. Key
findings indicate that the combination of camera and radar performs better, especially during the
daytime, compared to camera-only systems at night. Additionally, using only a camera at night is
associated with a higher impact speed. Hybrid vehicles typically increase impact speeds by about
4.27 km/h compared to conventional vehicles, while EVs show a marginally significant positive
coefficient contributing to a decrease in crash speed. A higher deceleration rate could significantly
reduce impact speed, emphasizing its vital role in lessening the severity of crashes. Activation
time, notably, has a substantial negative correlation with impact speed, indicating that quicker
system response times are crucial for reducing the speed at impact. The analysis across different
scenarios reveals notable variations in impact speeds, particularly in tests involving parallel
pedestrian movements. Comparing parallel scenarios at a test speed of 40 km/h with the baseline
parallel scenario at 20 km/h reveals a potential increase in crash speeds, highlighting how parallel
configurations could intensify crash impacts compared to perpendicular configurations at the same
speed.

The model’s summary of statistics:

The model reveals variances for error terms associated with impact speed (35.53), panel-level
impact speed (27.19), and crash occurrence (2.01), with strong correlations demonstrated between
these error terms (z = 2.08, p < 0.001) and among panel-level results (z = 3.93, p < 0.001). These
correlations highlight the importance of considering both selection effects and unobserved
heterogeneity in statistical analysis. The model also shows the R-squared value of 0.22 and a highly
significant Wald y2 of 1174.76 (p < 0.0001).
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Table 5: Result of Crash Occurrence & Impact Speed Model (N=2,494)

Impact Speed (km/h)
Variable Coefficient z P>|z|
Fuel type EVs -4.29 -1.80 0.07
(Base = Conventional Hyhrid Vehicles 4.27 2.09 0.04
vehicles)
Deceleration rate (m/s2) -3.38 - 0.00
13.86

Scenario CPNA_25,40 km/h test speed 19.70 7.85 0.00
(Base = CPNA_25, 20 cpLA 25,40 km/h test speed  17.08 6.88  0.00
km/h test speed)

CPLA_25,60 km/h test speed 34.24 14.28 0.00
Activation Time (Seconds) -

-20.16 18.22 0.00

Sensors Type Camera & Radar-Night 2.65 3.27 0.00
(Base = Camera & CameraatDay 4.28 1.05  0.30
Radar - Night)

Camera at Night

9.03 4.28 0.00

Constant 18.59 7.57 0.00
Selection Model: Crash =1, No Crash=0 dy/dx
Lighting Condition Low beam Halogen 2.19 2.25 0.03 0.31
(Base = Daytime) High beam Halogen 1.01 2.03 004 0.10

Low beam LED 1.21 7.34 0.00 0.12

High beam LED 0.69 4.68 0.00 0.06
Vehicle Model Year 2023 & 2024 -1.03 -3.74 0.00 -0.06
(Base =2021 & 2022)
Scenario CPNA_25, 40 km/h test speed 2.09 4.78 0.00 0.15
(Base = CPNA_25, 20 cpLA_25, 40 km/h test speed  1.86 421 0.00 0.12
km/h test speed)

CPLA_25, 60 km/h test speed 4.47 9.64 0.00 0.46
Vehicle Size SUVs 0.72 2.41 0.02 0.04
(Base = Hatchbacks &  pjcyup Trucks 1.49 3.41  0.00 0.20
Sedans)
Activation Time (Seconds) -3.50 - 0.00 -0.32

13.12

|
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Constant -1.25 -2.66 0.01

Var (Error Impact Speed) 35.53

Var (Impact Speed [Panel]) 27.19

Var (Collied [Panel]) 1.72

Summary of Statistics

Ru=0.22 Prob >x2=0.00
Number of observations =2,494 Selected =540
Wald x2 (8) =1243.37 Nonelected = 1954
Observations per group: Min. =12, Mean.=15.6, Max.=27 Number of groups =160

Corr (Error Detection, Error Deceleration Rate) =0.25| z=2.08, P>|z| =0.000
Corr (Detection [Panel], Deceleration Rate [Panel]) = 0.55 | z=3.93, P>|z| = 0.000

|
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Discussion

Our research evaluates and compares the performance of P-AEB systems under varying lighting
conditions (day versus night) using the ITHS dataset. In the first stage, we examine the systems'
effectiveness in detecting pedestrians and initiating deceleration prior to a potential crash. The
second stage focuses on analyzing the occurrence of crashes and the resulting crash speeds as
outcomes following the detection of an imminent crash. All aspects of P-AEB systems are
evaluated and compared in this study, which includes 2,494 tests on 42 low-level automated
vehicles equipped with P-AEB, conducted under controlled settings by IIHS. This study aims to
provide comprehensive insights into how P-AEB systems perform under various lighting
scenarios, which is crucial for enhancing pedestrian safety in real-world driving conditions.

Firstly, the effectiveness of P-AEB systems in detecting pedestrians and preventing crashes varies
notably by lighting condition. Detection rates were highest during the day (98%), followed by
night with high beams (93%) and low beams (87%). However, detection did not always prevent
crashes. Among detected cases, the highest crash rate occurred under low-beam conditions at night
(23%), followed by high beam (15%), and daylight (10%). When considering all tests, regardless
of detection, the overall crash rates were approximately 11% during the day, increasing to 21%
and 34% at night under high and low beams, respectively. These findings highlight the system’s
reduced effectiveness in low-light conditions. The model’s results also confirm the superior
performance of P-AEB systems in daytime scenarios.

After analyzing the detection conditions, it was found that out of 540 crashes, 179 were not
detected by the P-AEB systems. The remaining 361 crashes, although successfully detected by the
P-AEB systems, emphasize the critical importance of not just detection but timely detection. These
incidents suggest that while the system was able to recognize the pedestrian, the delay in detection
may have limited the system’s ability to fully prevent the crash. This highlights a key limitation in
current P-AEB performance—detecting too late can still result in a crash, especially at high speeds
and under challenging conditions like nighttime driving; notably, among these 361 tests, 283 cases
(approximately 78%) occurred during nighttime.

More detailed research on lighting also shows that at night, systems equipped with LED headlights
outperformed those with halogen: halogen low beams were associated with up to a 43% increase
in non-detection compared to daytime, likely due to poorer illumination and narrower beam
patterns, consistent with the findings of (Moradloo et al., 2025a). Regarding impact speed, results
showed that impacts were generally lower during the day than at night, with greater variability in
daytime conditions, suggesting that daytime collisions may be less severe.

Once the FCW system completes its function, effective braking becomes critical. Observations
show that vehicle deceleration is generally stronger and more consistent during the daytime, likely
due to improved detection in better lighting conditions. The model analysis highlights the
importance of this variable, emphasizing that a reliable braking system plays a key role in
preventing crashes. The findings further demonstrate that strong and timely deceleration could
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significantly reduce crash speeds when they are unavoidable, reinforcing the need for continued
improvements in braking technologies to lessen crash severity (Coelingh et al., 2010 ).

After examining detection performance and vehicle deceleration, it is essential to turn attention to
crash speed outcomes, which provide valuable insights into vehicle behavior when crashes cannot
be avoided. The analysis of crash speeds reveals that nighttime crashes are more severe than
daytime ones. Specifically, the average crash speed at night is 34.1 km/h under low beam lighting
and 25.8 km/h under high beam lighting, compared to 23.3 km/h during the day among these 540
crashes. Additionally, crash speeds during the day are more consistent, whereas nighttime tests
show greater variation, highlighting increased uncertainties in the performance of the P-AEB
system during nighttime conditions. This could be due to the reduced effectiveness of detecting
pedestrians in darker situations, consistent with previous studies (Cicchino, 2022; Kullgren et al.,
2023).

These findings highlight the challenges that P-AEB systems face in consistently detecting
pedestrians and effectively preventing crashes in varying lighting conditions throughout the day
and night. The effectiveness of these systems varies significantly between daylight and darkness,
underscoring the need for technological improvements that enhance detection accuracy and
response efficacy under all conditions. For a deeper understanding of crash prevention and
detection, it is important to consider several key variables associated with P-AEB systems'
effectiveness.

For instance, when examining the main components of P-AEB systems, it becomes evident that
FCW and AEB systems play crucial roles. Their performance is significantly enhanced when they
operate earlier and with greater accuracy, leading to more effective outcomes. Early and precise
detection and response are crucial in reducing the likelihood and severity of crashes, underscoring
the importance of these systems in enhancing road safety (Zhao et al., 2017). To better clarify the
importance of these systems, Figure 11 compares crash and non-crash tests under various lighting
conditions, focusing on detection time, activation time, and deceleration rate. Even small
differences in these metrics significantly impact pedestrian safety. For instance, under high beams,
activation time averages 1.10 seconds in non-crash cases versus 0.62 seconds in crash cases—a
seemingly minor gap with major safety implications. The findings emphasize that timely detection,
rapid activation, and sufficient deceleration are critical in reducing crash severity and improving
pedestrian protection.
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In terms of vehicle characteristics, the study highlights significant differences in P-AEB system
performance based on vehicle size, braking systems, fuel type, sensor technologies, and model
year, as numerous studies suggest (Nogayeva et al., 2021; Rosen et al., 2011). Smaller vehicles,
such as hatchbacks and sedans, typically outperform larger ones, like SUVs and pickup trucks,
likely due to better sensor placement and design factors, including sensor height (Khattak &
Rocha, 2003). Additionally, their lower weight not only contributes to faster braking once a
potential hazard is successfully detected, thereby enhancing their overall safety performance but
also smaller vehicles, such as hatchbacks and sedans, possess less mass, which reduces their
momentum and makes it easier to slow down or stop quickly compared to larger vehicles
(Mahdinia et al., 2022; Skrucany et al., 2020).

The strategic installation and dynamic adjustment capabilities of radar sensors enhance the ability
of these vehicles to estimate positions under various traffic conditions precisely. This is especially
critical in complex driving environments where swift detection and response are necessary (Haus
et al., 2021). Additionally, integrating camera systems that provide detailed semantic views
complements radar systems, particularly under adverse weather conditions where radar has an
advantage. This combination allows for a more comprehensive environmental analysis, enabling
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the radar to quickly detect an object while the camera confirms its identity, a feat less achievable
with cameras alone (Combs et al., 2019; Jannat et al., 2020)

Regarding fuel types, although both hybrid vehicles and EVs tend to exhibit lower deceleration
performance compared to conventional vehicles (Previati et al., 2024), their crash outcomes differ.
In our analysis, hybrid vehicles were associated with significantly higher impact speeds, which
may be explained by their blended braking systems and slightly elevated center of gravity. The
brief transition between regenerative and friction braking can introduce lag in brake force delivery,
while the added mass of the battery and control hardware can compromise pitch stability during
emergency deceleration (Bayar et al., 2013; Li et al., 2024; Vodovozov et al., 2021).

EVs, on the other hand, showed marginally lower impact speeds compared to conventional
vehicles despite similar deceleration limitations. This outcome is likely due to design advantages,
including floor-mounted battery packs that lower the center of gravity and improve stability (Li et
al., 2024; Previati et al., 2024). Additionally, EVs rely on consistent, instantaneous torque delivery
and default to conventional hydraulic braking at higher speeds, which may help compensate for
the reduced effectiveness of regenerative braking (Fujimoto et al., 2012; Shenberger & Antanaitis,
2018). These distinctions collectively help explain why hybrid vehicles exhibited significantly
higher crash impact speeds, while EVs did not.

Consistent with previous studies (Mahdinia et al., 2022; Parekh et al., 2022), the results show that
P-AEB systems in vehicles manufactured in recent years exhibit enhanced performance compared
to older models, indicating a trend towards more effective vehicle technologies. These
improvements are attributed to advancements in pedestrian detection technologies, artificial
intelligence systems, sensor quality, and the integration of overall safety systems, including
superior braking systems. These developments underscore a promising trend in enhancing vehicle
safety features, particularly in protecting VRUs. Key elements like tire aspect ratios and front
brake disc sizes are vital for effective deceleration in emergencies. These components are
important in enhancing vehicle safety through improved braking performance (Sokolovskij &
Zuraulis, 2024).

This study shows that the effectiveness of pedestrian detection is closely linked to both pedestrian
movement patterns and vehicle speed. Using three standardized test speeds (20, 40, and 60 km/h)
as applied by ITHS, it was observed that detection systems perform best when pedestrians move
perpendicularly to the vehicle at lower speeds, such as 20 km/h, likely due to increased reaction
time. In contrast, detection becomes less reliable at higher speeds and during parallel pedestrian
movement, particularly when pedestrians face away from the vehicle. These dynamics are also
associated with crash outcomes—pedestrians moving parallel at 60 km/h were associated with up
to a 46% higher crash probability compared to those moving perpendicularly at 20 km/h.
Interestingly, at 40 km/h, perpendicular movement resulted in slightly higher crash frequencies
and speeds than parallel movement, possibly due to later detection or reduced system sensitivity
to sudden lateral motion. These findings highlight the critical role of pedestrian movement and
speed in both detection reliability and crash severity, aligning with prior research and emphasizing
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the need to enhance P-AEB performance across diverse real-world scenarios (Mahdinia et al.,
2022).

Improving detection is essential for addressing limitations in sensing and perception technologies,
particularly under low-light conditions where P-AEB systems still face challenges. While
performance is stronger during the day, enhancing nighttime capabilities is critical for reducing
pedestrian crash severity and improving overall safety (Boggs et al., 2020; Moradloo et al., 2024).
Advancements in safety features, especially in low-level automated vehicles, play a key role in
protecting vulnerable road users and reducing crashes. These systems, which combine automation
with active driver involvement, mark an important step toward safer, more efficient transportation,
bridging the gap between manual driving and full autonomy.

|
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Conclusions and Recommendations

Recent studies have highlighted a significant rise in pedestrian fatalities and severe injuries,
particularly under nighttime conditions, underscoring the urgency for effective safety measures
like P-AEB systems. This comprehensive analysis used data from the ITHS, involving 2,494 tests
on 42 level 1 automated vehicles from 2021 to 2024, to examine two key aspects of P-AEB
performance: pre-impact detection and deceleration, as well as crash occurrence and impact speed
capabilities. The study assessed how commercially available P-AEB systems function under
different lighting conditions, without driver intervention.

The findings reveal that detection times play a pivotal role in system performance, with quicker
detection observed during the day contributing to reduced crash speeds. This timely detection is a
key factor in improving crash outcomes by enabling the system to initiate deceleration sooner.
Despite successful detections during the day, the risk of crashes remains significantly higher at
night, underscoring the urgent need to enhance P-AEB capabilities in low-light conditions.
Furthermore, the occurrence of crashes despite a high rate of successful detections highlights the
critical impact of the timing of detection—whether early or late—on the outcomes of potential
crashes. This emphasizes optimizing detection times to improve overall system effectiveness in
preventing crashes. The study suggests that combining radar and camera performs better than using
cameras alone, which could improve detection accuracy, particularly in low-visibility conditions.
More generally, the use of additional sensors, such as Lidar, could be explored further.

The results also illustrate a distinct difference in system performance between day and night in
terms of crash outcomes, with a notable reduction in crash occurrence during the daytime (about
11%) compared to nighttime low beam (about 34%). The results also confirm the critical role of
activation time in preventing potential crashes. Longer activation times significantly increase the
likelihood of avoiding accidents, with the potential to reduce crash occurrences by up to 40%. This
underscores the importance of optimizing system responsiveness to enhance overall safety.

The analysis also underscored the importance of vehicle features and design in improving system
responses, with newer vehicles and those equipped with optimized braking systems showing better
performance. Additionally, the study identified key factors influencing P-AEB system
performance, including vehicle type. Conventional vehicles exhibited higher deceleration rates,
likely due to their lighter weight compared to EVs and hybrid vehicles, which are heavier because
of battery mass. While EVs showed marginally lower average impact speeds, hybrid vehicles
tended to have higher impact speeds than conventional vehicles. Pedestrian movement is another
environmental condition that can influence the outcomes of P-AEB systems, emphasizing the need
for these systems to detect all types of movements accurately. This highlights the importance of
enhancing the P-AEB system’s ability to recognize a wide range of pedestrian behaviors to ensure
effective operation across various scenarios.

All these findings are relevant for manufacturers and include refining sensor integration and
braking mechanisms to ensure robust pedestrian detection and protection across all lighting
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conditions. Improving these systems could increase pedestrian safety, enhance consumer trust, and
facilitate the transition to automation. It is also important to point that while the ITHS tests avoided
driver intervention, in real-life situations (especially with close calls) the driver will likely
intervene and take over vehicle control for executing evasive actions by addressing these issues,
especially considering real-world situations, future research can expand the scope of the study to
include a wider range of scenarios and situations and analyze variables correlated with pedestrian
safety, such as diverse environmental conditions, pedestrian behaviors, and vehicle types.

The practical implications of this study are significant for enhancing road safety, particularly for
VRUs. By pinpointing the variations in P-AEB system effectiveness between daytime and
nighttime, manufacturers are provided with clear directions on where improvements are needed,
especially in the combination of sensors, such as integrating radar with camera systems rather than
relying on cameras alone, for better performance in low-light conditions. Advancements in these
areas could lead to P-AEB systems that are more reliable and effective across all lighting
conditions, potentially reducing pedestrian fatalities and injuries significantly. Furthermore, this
research could influence policy by supporting the development of stricter safety standards and
regulations that mandate the inclusion of advanced detection technologies in all new vehicles.
Implementing these changes would improve pedestrian safety and help build public trust in
emerging automotive technologies, enabling broader acceptance and usage of automated vehicles.

In summary, this research underscores the necessity for advancements in automotive technologies
and the development of stringent safety standards and regulations that promote the widespread
adoption of effective pedestrian protection technologies. These improvements are essential for
enhancing pedestrian safety and advancing the goals of creating safer, more reliable transportation
systems.

CENTER FOR PEDESTRIAN AND BICYCLIST SAFETY 37
Final Report



References

AASHTO, A. (2001). Policy on geometric design of highways and streets. American Association
of State Highway and Transportation Officials, Washington, DC, 1(990), 158.

Ahmed, H. U., Huang, Y., Lu, P., & Bridgelall, R. (2022). Technology Developments and
Impacts of Connected and Autonomous Vehicles: An Overview. Smart Cities, 5(1), 382-
404. https://doi.org/10.3390/smartcities5010022

Anctil, B., Charlebois, D., Dube, S., Burns, P., Saleh, A., Pierre, G., Chirila, V., & Nahimana, F.
(2023). Automatic Emergency Braking—How Can We Set the Bar to Maximize Safety?
27th International Technical Conference on the Enhanced Safety of Vehicles (ESV)
National Highway Traffic Safety Administration.

Bartholomew, M., Helber, N., Heydinger, G., & Zagorski, S. (2024). Evaluating Vehicle

Response Through Non-Traditional Pedestrian Automatic Emergency Braking Scenarios
(0148-7191).

Bayar, K., McGee, R., Yu, H., & Crombez, D. (2013). Regenerative braking control
enhancement for the power split hybrid architecture with the utilization of hardware-in-

the-loop simulations. SAE International Journal of Alternative Powertrains, 2(1), 127-
134.

Boggs, A. M., Arvin, R., & Khattak, A. J. (2020). Exploring the who, what, when, where, and
why of automated vehicle disengagements. Accident Analysis & Prevention, 136,
105406.

Briggs, D. C. (2004). Causal inference and the Heckman model. Journal of Educational and
Behavioral Statistics, 29(4), 397-420.

Charlebois, D., Anctil, B., Dube, S., Saleh, A., Pierre, G., Chirila, V., & Nahimana, F. (2023).
The ideal vulnerable road user - a study of parameters affecting VRU detection. Traffic
Injury Prevention, 24(supl), S62-S67. https://doi.org/10.1080/15389588.2022.2159762

Cicchino, J. B. (2022). Effects of automatic emergency braking systems on pedestrian crash risk.
Accident Analysis & Prevention, 172, 106686.

Coelingh, E., Eidehall, A., & Bengtsson, M. (2010 ). Collision Warning with Full Auto Brake
and Pedestrian Detection- a practical example of Automatic Emergency Braking Annual
Conference on Intelligent Transportation Systems, Madeira Island, Portugal.

CENTER FOR PEDESTRIAN AND BICYCLIST SAFETY 38
Final Report



Combs, T. S., Sandt, L. S., Clamann, M. P., & McDonald, N. C. (2019). Automated vehicles and
pedestrian safety: exploring the promise and limits of pedestrian detection. American
Jjournal of preventive medicine, 56(1), 1-7.

Fambro, D. B., Fitzpatrick, K., & Koppa, R. J. (1997). Determination of stopping sight distances
(Vol. 400). Transportation Research Board.

Fujimoto, H., Amada, J., & Maeda, K. (2012). Review of traction and braking control for electric
vehicle. 2012 IEEE Vehicle Power and Propulsion Conference.

Graziano, S. C. a. A. D. (2012). Evaluation of the effectiveness of ADAS in reducing multi-
vehicle collisions. Int. J. Heavy Vehicle Systems, 19(2), 188-206.
https://doi.org/10.1504/IJHVS.2012.046834

Gruber, M., Kolk, H., Klug, C., Tomasch, E., Feist, F., Schneider, A., & Roth, F. (2019). The
effect of P-AEB system parameters on the effectiveness for real world pedestrian
accidents. Proceedings of the 26th ESV Conference Proceedings.

Haddad, A. J., Mondal, A., Bhat, C. R., Zhang, A., Liao, M. C., Macias, L. J., Lee, M. K., &
Watkins, S. C. (2023). Pedestrian crash frequency: Unpacking the effects of contributing
factors and racial disparities. Accident Analysis & Prevention, 182, 106954.

Haus, S. H., Sherony, R., & Gabler, H. C. (2021). Differential benefit of sensor system field-of-
view and range in pedestrian automated emergency braking systems. Traffic Injury
Prevention, 22(supl), S111-S115.

ITHS. (2022). Pedestrian crash avoidance systems cut crashes — but not in the dark. Retrieved
9/12/2024 from https://www.iihs.org/news/detail/pedestrian-crash-avoidance-systems-
cut-crashes--but-not-in-the-dark

ITHS. (2023). IIHS TechData. Retrieved 4/11/2024 from https://techdata.iihs.org/

ITHS. (2024). Pedestrian Autonomous Emergency Braking Test Protocol (Version IV). In
Insurance Institute for Highway Safety.

Jannat, M., Roldan, S. M., Balk, S. A., & Timpone, K. (2020). Assessing potential safety
benefits of advanced pedestrian technologies through a Pedestrian Technology Test Bed.
Journal of Intelligent Transportation Systems, 25(2), 139-156.

Khattak, A. J., & Rocha, M. (2003). Are SUVs “supremely unsafe vehicles?: Analysis of
rollovers and injuries with sport utility vehicles. Transportation Research Record,
1840(1), 167-1717.

CENTER FOR PEDESTRIAN AND BICYCLIST SAFETY 39
Final Report



Kidd, D. G., Riexinger, L. E., Perez-Rapela, D., & Jermakian, J. S. (2024). Pedestrian automatic
emergency braking responses to a stationary or crossing adult mannequin during the day
and night. Traffic Injury Prevention, 25(supl), S116-S125.

Kim, B.-J., & Lee, S.-B. (2020). A study on the evaluation method of autonomous emergency
vehicle braking for pedestrians test using monocular cameras. Applied Sciences, 10(13),
4683.

Kullgren, A., Amin, K., & Tingvall, C. (2023). Effects on crash risk of automatic emergency
braking systems for pedestrians and bicyclists. Traffic Injury Prevention, 24(supl), S111-
S115.

Li, W., Wang, M., Huang, C., & Li, B. (2024). A Survey of Hybrid Braking System Control
Methods. World Electric Vehicle Journal, 15(8), 372.

Liu, Z., Cai, Y., Wang, H., Chen, L., Gao, H., Jia, Y., & Li, Y. (2022). Robust Target
Recognition and Tracking of Self-Driving Cars With Radar and Camera Information
Fusion Under Severe Weather Conditions. /IEEE Transactions on Intelligent
Transportation Systems, 23(7), 6640-6653. https://doi.org/10.1109/tits.2021.3059674

Mahdinia, 1., Khattak, A. J., & Haque, A. M. (2022). How effective are pedestrian crash
prevention systems in improving pedestrian safety? Harnessing large-scale experimental
data. Accident Analysis & Prevention, 171, 106669.

Mehta, A., Padaria, A. A., Bavisi, D., Ukani, V., Thakkar, P., Geddam, R., Kotecha, K., &
Abraham, A. (2023). Securing the Future: A Comprehensive Review of Security
Challenges and Solutions in Advanced Driver Assistance Systems. /[EEE Access.

Moradloo, N., Mahdinia, I., & Khattak, A. J. (2024). Safety in higher level automated vehicles:
Investigating edge cases in crashes of vehicles equipped with automated driving systems.
Accident Analysis & Prevention, 203, 107607.

Moradloo, N., Mahdinia, I., & Khattak, A. J. (2025a). Nighttime safety of pedestrians: The role
of pedestrian automatic emergency braking systems. Accident Analysis & Prevention,
219,108110.

Moradloo, N., Mahdinia, I., & Khattak, A. J. (2025b). Who initiates the automated vehicle
disengagement—humans or automated driving systems? Journal of Intelligent
Transportation Systems, 1-18.

NHTSA. (2023). Pedestrian Safety: Prevent Pedestrian Crashes. National Highway Traffic
Safety Administration,. Retrieved February 21 from https://www.nhtsa.gov/road-
safety/pedestrian-safety

CENTER FOR PEDESTRIAN AND BICYCLIST SAFETY 40
Final Report



Nogayeva, S., Gooch, J., & Frascione, N. (2021). The forensic investigation of vehicle-
pedestrian collisions: A review. Science & Justice, 61(2), 112-118.
https://doi.org/10.1016/j.scijus.2020.10.006

Olleja, P., Biargman, J., & Lubbe, N. (2022). Can non-crash naturalistic driving data be an
alternative to crash data for use in virtual assessment of the safety performance of
automated emergency braking systems? Journal of safety research, 83, 139-151.

Parekh, D., Poddar, N., Rajpurkar, A., Chahal, M., Kumar, N., Joshi, G. P., & Cho, W. (2022). A
review on autonomous vehicles: Progress, methods and challenges. Electronics, 11(14),
2162.

Previati, G., Mastinu, G., & Gobbi, M. (2024). Mass, Centre of Gravity Location and Inertia
Tensor of Electric Vehicles: Measured Data for Accurate Accident Reconstruction.
World Electric Vehicle Journal, 15(6), 266.

Rosen, E., Stigson, H., & Sander, U. (2011). Literature review of pedestrian fatality risk as a
function of car impact speed. Accident Analysis & Prevention, 43(1), 25-33.
https://doi.org/10.1016/j.aap.2010.04.003

Savolainen, P., Gates, T., Usamah, M., Johari, M., Bamney, A., Jashami, H., Gupta, N., Abatan,
A., Donnell, E., Guler, S. L., Sengupta, A., Smaglik, E., Gooch, J., & Hallmark, S. (2024).
Acceleration, Deceleration, and Stopping Sight Distance Criteria for Geometric Design
of Highways and Streets. https://doi.org/10.17226/27490

Shenberger, M. J., & Antanaitis, D. (2018). Brake system design for dedicated BEV architectures
(0148-7191).

Shinar, D. (2019). Crash causes, countermeasures, and safety policy implications. Accident
Analysis & Prevention, 125,224-231.

Skrucany, T., Vrabel, J., & Kazimir, P. (2020). The influence of the cargo weight and its position
on the braking characteristics of light commercial vehicles. Open engineering, 10(1),
154-165.

Sokolovskij, E., & Zuraulis, V. (2024). Advances in Vehicle Dynamics and Road Safety:
Technologies, Simulations, and Applications. In (Vol. 14, pp. 3735): MDPI

Utriainen, R. (2020). The potential impacts of automated vehicles on pedestrian safety in a four-
season country. Journal of Intelligent Transportation Systems, 25(2), 188-196.

CENTER FOR PEDESTRIAN AND BICYCLIST SAFETY 41
Final Report



Vodovozov, V., Raud, Z., & Petlenkov, E. (2021). Review on braking energy management in
electric vehicles. Energies, 14(15), 4477.

WHO. (2023). New WHO manual aims to strengthen pedestrian safety. World Health
Organization. Retrieved July 5, 2025 from https://www.who.int/news/item/03-05-2023-
new-who-manual-aims-to-strengthen-pedestrian-safety

Zhao, M., Wang, H., Chen, J., Xu, X., & He, Y. (2017). Method to optimize key parameters and
effectiveness evaluation of the AEB system based on rear-end collision accidents. SAE

International Journal of Passenger Cars-Electronic and Electrical Systems, 10(2017-01-
0112), 310-317.

|
CENTER FOR PEDESTRIAN AND BICYCLIST SAFETY 42

Final Report



	Acronyms, Abbreviations, and Symbols
	Abstract
	Executive Summary
	Introduction
	Literature Review
	Data and Methodology
	Methodology
	Data
	Data collection
	Data visualization


	Results
	Detection & Deceleration Section
	Crash Occurrence & Impact Speed Section

	Discussion
	Conclusions and Recommendations
	References

