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A B S T R A C T

In urban areas, drivers frequently interact with vulnerable road users. On-road studies have shown that drivers 
are more likely to have safety-relevant interactions with pedestrians when they are inattentive and when pe
destrians behave unexpectedly. Notwithstanding these behavioural effects, most microscopic traffic flow models 
do not accurately describe driver response to pedestrian crossing behaviour.

This study investigates the factors influencing driver behaviour characteristics when pedestrians cross the road 
in front of the vehicle. The data were collected in the UDRIVE naturalistic driving study in France and the UK. 
The interactions with pedestrians in daylight were identified using the MobilEye® smart camera. The minimum 
time to zebra and the maximum deceleration during each interaction were investigated in regression models.

The results showed that, controlling for the initial speed of the subject vehicle, the minimum time to zebra 
during interactions was significantly shorter when the pedestrian crossed while the driver had a green traffic 
light, the vehicle segment was medium, and other pedestrians had already crossed. Controlling for initial speed 
and acceleration, the maximum deceleration during interactions was lower when the pedestrian crossed while 
the driver had a green traffic light, no other pedestrians had already crossed, the pedestrian was not a child, 
teenager or elderly person, and the pedestrian did not glance toward the vehicle. These factors can be incor
porated into traffic simulations to describe driver responses more realistically. Further research is needed to 
understand the influence of the driver’s state because most drivers looked toward pedestrians.

1. Introduction

Driving in urban environments involves complex traffic situations, 
including interacting with vulnerable road users such as pedestrians. 
Human errors, driver inattention, and unexpected pedestrian behaviour 
contribute to safety-relevant traffic interactions. Notwithstanding these 
behavioural effects, most mathematical models used to assess traffic 
flow efficiency and safety do not sufficiently represent interactions be
tween drivers and pedestrians based on empirical findings. Few studies 
have implemented mathematical models describing driver decisions to 
yield to pedestrian crossings into traffic simulations (Chen et al., 2019; 

Lu et al., 2016) and considered a limited number of traffic and road 
geometry factors that could influence the driver behaviour character
istics (e.g., speed) when pedestrians cross (Chen et al., 2019). The driver 
behaviour characteristics when pedestrians cross could change over 
time and be influenced by the driver’s state, traffic conditions, pedes
trian behaviour, the vehicle characteristics, and environmental charac
teristics. To increase the validity and predictive ability of current 
mathematical models, findings from human factors and traffic psy
chology should be integrated (Markkula et al., 2018; Van Lint & Calvert, 
2018). By incorporating these findings, one could enhance the fore
casting accuracy of driver assistance systems and microscopic 
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simulations investigating the effect of interactions between drivers and 
pedestrians on traffic operations.

The factors influencing the behaviour of individual drivers with pe
destrians can be unravelled in on-road studies. On-road studies offer the 
opportunity to investigate all observable factors influencing driver re
sponses before and during interactions with pedestrians via cameras and 
sensors installed inside the vehicle. For example, drivers may fail to 
respond to pedestrians when engaged in non-driving tasks or distracted. 
On-road studies have shown that most drivers were inattentive or 
engaged in non-driving tasks in near crashes with pedestrians (Dingus 
et al., 2006). These studies are particularly suitable for investigating 
how participants engage in different tasks because participants do not 
receive direct instructions as in test-track and driving simulator exper
iments (Carsten et al., 2013).

Previous on-road studies have shown that driver responses to pe
destrians were influenced by driver characteristics, pedestrian behav
iour, and road characteristics. The most frequent contributing factors to 
safety-relevant interactions with pedestrians were driver inattention 
(Habibovic et al., 2013; Sheykhfard et al., 2021), visual obstruction at 
intersections (Habibovic et al., 2013), and unexpected pedestrian 
behaviour outside intersections (Habibovic et al., 2013; Sheykhfard & 
Haghighi, 2018). Potential conflicts (i.e., contact or proximity will occur 
if the vehicle or the pedestrian does not change speed or direction) 
happened significantly more often when the pedestrians were in a group 
(Tian et al., 2015), were on the road (Tian et al., 2014, 2015), were 
crossing the road or walking at high speed (Tian et al., 2015), when 
drivers were turning to the right or the left (Tian et al., 2015), in rural 
environments (Tian et al., 2015), at mid-walks crosswalks (Tian et al., 
2015), on roads without median (Tian et al., 2015) and without traffic 
control devices (Tian et al., 2014). Although these studies identified 
several contributing factors using descriptive statistics and tests, further 
investigations are needed to measure the driver behaviour characteris
tics (e.g., acceleration and distance headway) during the interaction and 
quantify the impact of these factors on the driver behaviour character
istics using statistical tests. Quantifying the impact of these factors is 
necessary for the incorporation into microscopic traffic flow simulation 
and driving assistance systems. Section 1.1 presents an overview of 
studies that analyse driver behaviour characteristics during interactions 
with pedestrians. Section 1.2 summarises the research gaps and the 
research objectives.

1.1. Background

This section discusses on-road, test-track, and driving simulator 
studies that analyse driver behaviour when pedestrians cross in front of 
drivers. This type of interaction was chosen because of the high risk of 
traffic disruptions (e.g., queue formation) and severe accidents (e.g., 
frontal collision). On-road and driving simulator studies allow one to 
observe driver behaviour with greater detail (e.g., driver behaviour 
characteristics, driver characteristics and states) and across a broader 
range of traffic situations (e.g., different situations for each driver over 
time and locations with different road characteristics) than fixed vide
ography methods. For a review of data-collection methods for investi
gating interactions between drivers and pedestrians, the reader is 
referred to Sheykhfard et al. (2021). In this section, longitudinal and 
lateral distances reported in prior studies are described with respect to 
the travel direction of the vehicle.

A test-track study and a few on-road studies have analysed the driver 
behaviour characteristics when pedestrians cross. In a test-track study, 
Lubbe and Rosén (2014) analysed the time to collision and the longi
tudinal and lateral distances between the driver and the pedestrian 
when the driver started braking. The time to collision ranged between 
2.1 and 4.3 s and was not influenced by the driver’s speed. Tian et al. 
(2019) investigated the distance and the time of collision when the 
pedestrian first appeared to the driver in an on-road study. When the 
pedestrian first appeared, the distance was most often between 10 and 

40 m, while the time to collision was between 2.5 and 5 s. Sun et al. 
(2022) analysed the time to collision when the driver started deceler
ating due to pedestrians crossing. When the driver started decelerating, 
the time to collision ranged from 1.68 to 6.28 s. Sheykhfard et al. (2023)
investigated the time to collision when either the driver or the pedes
trian executed an evasive manoeuvre (i.e., time to accident) and the 
elapsed time between the first and the second user passing through a 
point (i.e., post encroachment time). Descriptive statistics suggested that 
both indicators were higher when a zebra crossing was present. Notably, 
these studies did not analyse the driver behaviour characteristics during 
the whole interaction, which can be considered more informative of the 
driver response. Further investigations are also required to understand 
the impact of a broader range of factors influencing driver response 
using statistical methods.

Some driving simulator studies have analysed the effect of one or two 
factors on the driver behaviour characteristics at the beginning of and 
during the interaction using statistical tests. Lubbe and Davidsson 
(2015) found that the time to collision and the longitudinal distance at 
braking were shorter, and the lateral distance was larger, when the 
pedestrian's speed was higher. Bella and Silvestri (2015) showed that the 
minimum speed during the interaction was higher, and that the distance 
where the deceleration began and ended was longer with a curb 
extension. In a follow-up study, Bella and Silvestri (2021) showed that 
the time to collision at braking was shorter and the speed reduction was 
higher when the pedestrian crossed outside of a crosswalk. Portera et al. 
(2024) found that the minimum time to collision during the interaction 
and the reaction distance at braking were shorter with a conventional 
crosswalk than with an LED-based crosswalk. The speed was lower, and 
the reaction distance at braking was shorter when the complexity of the 
cognitive non-driving task was higher.

Other driving simulator studies have investigated the impact of 
various factors on the driver behaviour characteristics using regression 
models. Wu et al. (2018) found that the maximum deceleration was 
higher at night, without crosswalks, with two lanes and when pedes
trians wore dark clothing. The post-encroachment time was lower at 
night and when pedestrians wore dark clothing. The minimum time to 
collision was lower at night, without crosswalks, with one lane, and 
when pedestrians wore dark clothing. Dozza et al. (2020) showed that 
the minimum time to collision, the time to collision at gas release, and 
the time to collision at braking were shorter when the crossing side was 
near, the vehicle speed was high, and the crossing angle was 90 degrees. 
The time to arrival at gas release and braking was shorter when the 
crossing side was near. The longitudinal distance at gas release and 
braking was shorter when the crossing side was near, the vehicle speed 
was low, and the crossing angle was 90 degrees. The lateral distance at 
gas release and braking were shorter when the crossing side was near, 
the pedestrian speed was low, and the crossing angle was 45 degrees. 
Angioi and Bassani (2022) found that the minimum time to collision was 
shorter when drivers were familiar with the route, when there was no 
curb extension, when the accepted gap for the pedestrian was short, and 
when the driver was young. The post-encroachment time was shorter 
when the drivers were familiar with the route, and the gap accepted by 
the pedestrian was short. The maximum speed was higher when the 
drivers were familiar with the route, and there was no curb extension. 
The maximum deceleration was higher when there was no curb exten
sion, and the gap accepted by the pedestrian was short. Recently, Yang 
et al. (2024) showed that the mean deceleration was higher and the 
maximum deceleration occurred closer to the pedestrians at zebra 
crossings and with shorter gaps. The mean lateral deviation was larger 
outside of zebra crossings, with shorter time gaps, and with encounters 
over time. Notably, these studies analysed the impact of a limited range 
of factors on the driver behaviour characteristics in controlled 
experiments.
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1.2. Research gap and objectives

The above overview shows that previous test-track and on-road ex
periments have analysed driver behaviour characteristics at the onset of 
interactions with pedestrians crossing in front of them. Some driving 
simulator studies have examined the effects of a limited number of 
factors on driver behaviour characteristics at the beginning and during 
the interaction, using statistical tests and regression models. Further 
analysis is needed to examine the effects of a wider range of factors in 
more realistic and complex traffic situations based on data collected in 
on-road experiments. Quantifying the effects of these factors on driver 
behaviour characteristics using regression models represents the first 
step toward understanding their impact on traffic operations and 
designing automated vehicle functionalities that can improve traffic 
safety.

The research objective of this study is to analyse the main factors that 
influence the behaviour characteristics of drivers interacting with pe
destrians crossing in on-road experiments. The minimum time to zebra 
(Wu et al., 2018; Dozza et al., 2020; Angioi & Bassani, 2022; Portera 
et al., 2024) and the maximum deceleration (Angioi & Bassani, 2022; 
Wu et al., 2018) during each interaction (i.e., interaction characteristic) 
are investigated to capture adaptations in the longitudinal control task 
of drivers. This study is based on analysing and annotating the natu
ralistic driving data collected in the UDRIVE project (Van Nes et al., 
2019). The pedestrian collision warning generated by the MobilEye® 
smart camera is used to identify interactions between drivers and pe
destrians in daylight conditions. The distance measured by the Mobi
lEye® camera and driver behaviour characteristics measured by the 
CAN are utilised to calculate the interaction characteristics. The inter
action characteristics investigated in this study are often used to 
describe drivers' responses in microscopic traffic simulations and classify 
safety-relevant events. The effects of the behaviour characteristics of the 
subject vehicle at the beginning of the interaction, the state (i.e., glance 
behaviour and engagement in non-driving tasks) and characteristics of 
the driver, the behaviour and characteristics of the pedestrian, and the 
infrastructure and environment characteristics on the interaction char
acteristics are investigated using correlation analyses and regression 
models.

The remainder of the paper is organised as follows. Section 2 de
scribes the driver behaviour and video data, the annotation procedures, 
and the data analysis methods in this study. Section 3 presents the 
regression models predicting the minimum time to zebra and the 
maximum deceleration during interactions with pedestrians. Finally, 
section 4 presents the main findings on factors affecting event charac
teristics and discusses recommendations for practice and future 
research.

2. Method

2.1. UDRIVE database

The driver behaviour data were collected in the United Kingdom and 
France using private passenger vehicles within the UDRIVE project (Van 
Nes et al., 2019), which aimed to investigate driver behaviour across 
European countries. Ninety-six participants were recruited from the 
local population using social media, advertisements, and networks. The 
recruitment criteria included owning specific vehicle makes and models 
(Renault Clio and Megane), a minimum annual mileage of 10,000 km, 
and a minimum quota of 40% per gender. The vehicle models were 
chosen to represent the small-vehicle (Clio) and medium-vehicle 
(Megane) segments, which covered 49% of the passenger vehicle mar
ket share in Europe in 2011 (Bärgman et al., 2017). In total, 46 partic
ipants were males and 50 were females. Twelve participants were 18–29 
years old, twenty-seven were 30–39, twenty-three were 40–49, and 
thirty-four were 50–70. All participants signed a written informed 
consent form after being informed about the project, their rights and 

their duties.
The data acquisition system (DAS) designed in the UDRIVE project 

was installed in sixty private passenger vehicles. A single vehicle was 
shared among participants from the same household. Overall, 31 par
ticipants drove small vehicles, and 65 participants drove medium ve
hicles. The data were collected over 12 to 18 months between 2015 and 
2017. The DAS registered date and time, GPS coordinates, CAN data (e. 
g., speed and acceleration), data from MobilEye® smart camera (e.g., 
position and relative speed of road users in front), and video data from 
seven cameras recording the surrounding environment and the driver 
(Fig. 1). The data were registered at a frequency of 1 Hz (GPS coordi
nated) and 10 Hz (e.g., acceleration). In addition, the drivers' de
mographic characteristics were collected via questionnaires. The 
present study is based on data from eighty-nine participants who drove 
401,409 km in 9,164 h (Jansen et al., 2017).

2.2. Selection of interactions with pedestrians

Interactions between drivers and pedestrians were identified using 
data from a MobilEye® smart camera (Jansen et al., 2017). These smart 
cameras could automatically identify and classify surrounding road 
users using computer vision algorithms (MobilEye®). The MobilEye® 
smart camera requires sufficient lighting to detect and record in
teractions. The data included the type (vehicle, cyclist or pedestrian), 
position (lateral and longitudinal distances relative to the subject 
vehicle) and relative speed of the closest road users in front of the subject 
vehicle. In addition, the MobilEye® smart camera generated a pedes
trian collision warning when the estimated time to collision with a 
pedestrian fell below two seconds. The warning terminated when the 
estimated time to collision exceeded two seconds or when the pedestrian 
was outside the field of view. Notably, this warning was not available to 
the drivers during the experiment. All events that triggered the pedes
trian collision warning were manually inspected and annotated during 
the UDRIVE project (Jansen et al., 2017). The number and type of 
relevant vulnerable road users present at the onset of the pedestrian 
collision warning were annotated. The event was considered eligible for 
analysis in this study if, according to the original annotation, one or 
more pedestrians were within close proximity of the subject vehicle.

2.3. Video annotation

The second, fourth, and fifth authors inspected and manually coded 
the videos in November 2019 to extract additional information on the 
pedestrian, the driver, the driving context, and the road. Initially, the 
three authors coded ten events and discussed the variables annotated in 
a plenary session to achieve a mutual understanding. After this training 
session, the events were randomly assigned for annotation to one of the 
three authors. Each video was played slowly forward and backward 
multiple times by each annotator. The first author manually inspected 
the videos and reviewed the annotated variables for all events analysed 
in this study. To guarantee the reliability of the annotated variables, 
only events in which the annotators reached a joint agreement were 
included in the analysis.

The variables were annotated according to the definitions proposed 
in the UDRIVE codebook when they were available (Bärgman et al., 
2017). Some categories defined in the UDRIVE codebook were absent 
from this dataset or were combined with others when the number of 
observations was too small for separate analysis. Specific definitions 
were developed for this study when they were unavailable in the 
UDRIVE codebook. Relevant events were assumed to begin at the onset 
of the pedestrian collision warning and to terminate at the offset of the 
warning. During the 5 s before the event began, driver behaviour and the 
presence of other pedestrians were annotated as described in Table 1. 
The non-driving task category includes all non-driving tasks defined in 
the UDRIVE codebook (e.g., phone usage, eating and drinking, smok
ing). Pedestrian characteristics were annotated at the beginning of the 
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event, as shown in Table 2. When pedestrian characteristics were un
clear at the beginning of the event, they were annotated based on the 
most explicit frames during the event. Finally, the characteristics of the 
driving context and the road were annotated based on the most explicit 
frames available before and during the event, as described in Table 3. 
The adverse weather category includes all adverse weather conditions in 
the UDRIVE codebook. The residential category includes the open and 
moderate residential categories in the codebook. The other intersection 
type category includes all intersection types different from X and T in the 
codebook (e.g., Y intersection and roundabout).

2.4. Definition of longitudinal interactions with pedestrians

The variables annotated and available in the UDRIVE database were 
used to identify longitudinal interactions with pedestrians crossing 

(Fig. 2). The longitudinal and lateral distances between the subject 
vehicle and the pedestrian, relative to the coordinate system of the 
vehicle, were based on the MobilEye® data. The MobilEye® smart 
camera tracks multiple road users simultaneously and may misclassify 
them (e.g., traffic signs or light poles may be misclassified as pedes
trians). We manually checked that the MobilEye® data of the pedes
trians selected in each event matched those of interest in the videos, and 

Fig. 1. Seven camera views in the UDRIVE database during an interaction with a pedestrian: front left, front centre, front right, cockpit, face of the driver, cabin, and 
feet. To protect the privacy of the driver, the face has been obscured.

Table 1 
Driver behaviour and the presence of other pedestrians annotated before the 
event.

Variable Categories Source

Driver looked towards the 
pedestrian

No, yes Study-defined

Driver engaged in a non- 
driving task

No, yes UDRIVE 
codebook

Other pedestrians were 
present

No, crossing the road, on the 
pavement, in other locations

Study-defined

Table 2 
Pedestrian characteristics annotated at the beginning of the event.

Variable Categories Source

Pedestrian 
location

Pavement, road, median refugee Study- 
defined

Pedestrian sight 
direction

Towards vehicle, away from vehicle, into the 
crossing

Study- 
defined

Pedestrian 
intention

Cross the road, walk towards vehicle, walk 
away from vehicle, walk perpendicular to 
vehicle, wait, doubtful, enter or exit parked 
car

Study- 
defined

Pedestrian 
number

Single, group UDRIVE 
codebook

Pedestrian age 
group

Children, teenagers, adults, elderly, unclear UDRIVE 
codebook

Pedestrian 
gender

Male, female, mixed group, unclear UDRIVE 
codebook

Table 3 
Characteristics of the driving context and the road annotated before or during 
the event.

Variable Categories Source

Daylight No, yes UDRIVE 
codebook

Adverse weather 
conditions

No, yes UDRIVE 
codebook

Locality type Residential, business industrial, urban UDRIVE 
codebook

Presence and type of 
intersection

None, X intersection, T intersection, other 
intersection type, unknown

UDRIVE 
codebook

Crossing type None, zebra crossing, zebra crossing with 
median, zebra crossing with warning traffic 
lights, traffic lights for cars only, traffic 
light for cars and pedestrians

Study- 
defined

Priority rules Right of way only, traffic signs, warning 
traffic lights, traffic lights

Study- 
defined

Fig. 2. Schematic representation of longitudinal interactions based on the 
definition proposed in this study. The grey triangle indicates the field of view of 
the MobilEye® smart camera.
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that the estimated distances matched the traffic situation. Comparisons 
with other measures (e.g., vehicle speed, time needed to reach the 
crossing location, and lane width) indicated that the distances estimated 
in these traffic situations were reliable for analysis.

Only events classified as longitudinal interactions were analysed. 
Events that did not meet these criteria were excluded. Longitudinal in
teractions were identified as events in which, at the beginning, (1) the 
pedestrian was crossing the road in front of the vehicle and (2) the driver 
was moving straight ahead towards the pedestrian. Events in which, at 
the beginning, the driver was in a curve, in a roundabout, outside the 
road (e.g., parking lots), changing lanes and stopped at an intersection 
(i.e., red traffic light or stop sign) were removed from the analysis. The 
analysis was therefore restricted to the participants who had at least one 
valid longitudinal interaction.

The minimum time to zebra and the maximum deceleration were 
selected to measure adaptations in drivers' longitudinal control during 
these interactions. The time to zebra is selected as an indicator of the 
quality of the longitudinal control task. It captures the time remaining 
before the collision with the pedestrian crossing and was developed to 
measure collision risk in this specific traffic situation (Johnsson et al., 
2018; Várhelyi, 1998). A time to collision shorter than 1.5 s is commonly 
considered a safety–critical value (El-Basyouny & Sayed, 2013). The 
minimum time to zebra was calculated using the vehicle speed during 
the interaction and the longitudinal distance to the point where the 
pedestrian was crossing the road. This definition allowed for the inclu
sion of situations in which pedestrians crossed on and off zebra cross
ings. While the pedestrian movement determines the initial crossing 
position, the drivers’ longitudinal control actions actively influence the 
observed minimum time to zebra. This definition is equivalent to the 
minimum time-to-collision in this specific traffic situation (Wu et al., 
2018; Dozza et al., 2020; Angioi & Bassani, 2022; Portera et al., 2024), 
assuming that the direction of movement of the pedestrian is perpen
dicular to the direction of movement of the vehicle. The maximum 
deceleration is chosen as an indicator of driver aggressiveness while 
interacting with pedestrians. A longitudinal deceleration lower than 6.5 
– 7.5 m/s2 is commonly recommended for identifying near-crashes and 
crashes in naturalistic driving studies (Perez et al., 2017). The maximum 
deceleration was calculated based on the vehicle acceleration during the 
interaction. This measure was analysed in previous studies (Angioi & 
Bassani, 2022; Wu et al., 2018).

2.5. Statistical analysis

The relationships among the minimum time to zebra, the maximum 
deceleration, traffic conditions, infrastructure characteristics, driver 
state and characteristics, and pedestrian behaviour and characteristics 
were explored using correlation analysis. Only variables with at least 
five observations per category were analysed using statistical methods. 
Spearman rank-order correlations (rS) and Pearson product-moment 
correlations (rP) were calculated.

The main factors influencing the minimum time to zebra and the 
maximum deceleration (interaction characteristic) were investigated in 
regression models. Regression models allow capturing the unconditional 
marginal effect of several explanatory variables on road user behaviour 
characteristics, accounting for correlations between repeated observa
tions over time (Wu et al., 2018; Dozza et al., 2020; Angioi & Bassani, 
2022). Regression models are well-suited for analysing observations in 
naturalistic driving experiments, where experimenters do not control 
the effects of several factors, and finding similar traffic situations that 
can serve as a baseline remains a challenge (Carsten et al., 2013). The 
regression models predicting the interaction characteristics (IntChar) for 
driver n at time t are presented in equation (1): 

Yn(t) = μ+ λ • Xn(t)+ω • υn(t) (1) 

where μ is the constant, λ is the vector of parameters associated with the 

explanatory variables Xn(t), and ω is the parameter related to the 
observation-specific error term υn(t) ∼ N(0,1). The explanatory vari
ables can include the subject vehicle behaviour characteristics, driver 
state and characteristics, pedestrian behaviour and characteristics, and 
infrastructure and environmental characteristics. Equation (1) can also 
include a driver-specific error term and a trip-specific error term that 
capture unobserved preferences influencing all interactions by the in
dividual driver over time and within the same trip. The probability 
density function of the interaction characteristics is given in equation 
(2): 

P(IntCharn(t) ) =
1
ω ϕ

(
IntCharn(t)- μ - ​ λ • Xn(t)

ω

)

(2) 

The regression models were estimated using maximum likelihood 
methods in the R package ‘nlme’ (Pinheiro et al., 2024). This package 
was chosen because it allows explicitly defining and testing a residual 
variance–covariance structure. The package ‘ggeffects’ (Lüdecke, 2018) 
was used to calculate the estimated marginal means of the interaction 
characteristics when only one explanatory variable was varied, while all 
others were held fixed. To assess uncertainty in the estimated parame
ters, confidence intervals were calculated.

In this study, each interaction characteristic (i.e., minimum time to 
zebra and maximum deceleration) was treated as the dependent variable 
in a separate regression model. All the other variables available were 
tested as independent variables, including driver state in the five sec
onds before the event (e.g., engagement in non-driving tasks), driver and 
pedestrian behaviour characteristics at the beginning of the event (e.g., 
driver speed), and the characteristics of the road and environment (e.g., 
crossing type). Notably, the interaction characteristics were calculated 
as the minimum or maximum values observed during the interaction, 
whereas the independent variables (e.g., driver speed) were measured 
before or at the start of the event. This temporal separation reduces the 
risk of endogeneity between independent and dependent variables. The 
explanatory variables included in the final specifications of the regres
sion models were selected based on statistical significance (p-value <
0.05) and interpretability (non-redundant variables). We centred each 
continuous variable on its mean. We compared alternative model 
specifications and tested the impact of each explanatory variable sta
tistically using the likelihood ratio test. The variables with medium or 
high correlation with the interaction characteristics were included in the 
regression model first. The explanatory variables that were correlated 
with each other were tested separately in the model. In addition, we 
examined the correlation matrix and the variance inflation factors of the 
parameters estimated each time. Potential indicators of multi
collinearity considered in this study were large changes in parameter 
estimates, non-significant parameters with a significant likelihood-ratio 
test, and variance inflation factors exceeding five when a new variable 
was added to the model. We combined variables with similar meanings 
and a non-significant difference in their impact on the interaction 
characteristics. Variables that did not have a significant effect were 
excluded from the model. A binary variable indicating missing values 
was included in the model, along with the original variable, when the 
original variable was unavailable for certain observations (e.g., the 
variable was unclear based on the annotation).

3. Results

3.1. Descriptive statistics

The MobilEye® data and the video annotation identified 351 in
teractions between drivers and pedestrians (Jansen et al., 2017). Based 
on the definitions proposed in Section 2.4, 69 events were classified as 
longitudinal interactions. The longitudinal interactions happened in 68 
distinct trips by 28 drivers. The number of interactions per driver ranged 
from 1 to 11 (Mdn = 1, M = 2.46, SD = 2.46). The minimum time to 
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zebra during these interactions was between 0.32 s and 1.96 s (Mdn =
1.31, M = 1.22, SD = 0.43). Most observations (69.6%) had a minimum 
time to zebra lower than 1.5 s, a value commonly considered safe
ty–critical (El-Basyouny & Sayed, 2013). The maximum deceleration 
was between 0.20 m/s2 and 6.49 m/s2 (Mdn = 1.50, M = 1.74, SD =
1.30). Most observations showed a moderate maximum deceleration, 
and only one reached a maximum deceleration similar to the thresholds 
used to identify near-crashes (Perez et al., 2017). A one-sample Kol
mogorov-Smirnov test was executed to test whether the mean and the 
standard deviation of the minimum time to zebra and the maximum 
deceleration come from a normal distribution. The test did not indicate 
significant deviations from normality at the 5% significance level 
(minimum time to zebra: test statistic = 0.091, p-value = 0.587; 
maximum deceleration: test statistic = 0.119, p-value = 0.283).

We calculated descriptive statistics for the explanatory variables to 
understand the general interaction characteristics. The statistics for the 
driver behaviour characteristics at the beginning of the longitudinal 
interactions are presented in Table 4. All interactions occurred at low 
speeds and close distances. The median acceleration shows that most 
drivers were already decelerating at the beginning of the interaction.

The descriptive statistics of pedestrian behaviour characteristics at 
the beginning of interactions and pedestrian characteristics are pre
sented in Table 5. For each category, the mean and the standard devi
ation of the minimum time to zebra and the maximum deceleration were 
calculated. Most pedestrians were on the road, and all of them were 
crossing the road at the beginning of the event. When pedestrians were 
on the pavement at the beginning of the event, drivers decelerated more 
and had a longer minimum time to zebra. Most pedestrians were looking 
into the crossing at the beginning of the event. When the pedestrians 
were looking toward the vehicle, drivers decelerated more. Most often, 
no other pedestrians were visible before the event began. When other 
pedestrians crossed before the event began, drivers decelerated more. A 
certain number of pedestrians crossed the road when the driver had a 
green traffic light (e.g., violation of a red pedestrian traffic light or un
protected crossing at the traffic light). Drivers decelerated less and had a 
shorter minimum time to zebra when they had a green traffic light and 
pedestrians crossed. Most pedestrians were single and adults. Drivers 
decelerated more when approaching children, teenagers, and elderly 
pedestrians. More pedestrians were identified as males than females.

The descriptive statistics of road and environment characteristics are 
shown in Table 6. Most longitudinal interactions occurred in France. All 
interactions occurred in daylight, consistently with the operational 
limitations of the MobilEye® smart camera. No interactions were 
observed under low-light conditions, such as dusk or artificial lighting. 
Most interactions were in favourable weather conditions. Drivers 
decelerated less when the weather conditions were adverse. Most in
teractions happened in urban environments and at intersections. Most 
intersections were regulated by traffic signs and road markings, and the 
most common crossing type was a zebra crossing without traffic lights. 
Drivers decelerated less and had a shorter minimum time to zebra at 
intersections and crossings with traffic lights.

The descriptive statistics of driver characteristics and vehicle 

characteristics are presented in Table 7. When we compare age groups, 
we notice that drivers aged 40–49 had the highest percentage of in
teractions. Drivers aged 30–39 decelerated more and had a shorter 
minimum time to zebra. The number of interactions and the interaction 
characteristics were similar across genders. Notably, the driver was 
looking toward the pedestrian and was not engaged in non-driving tasks 
before the beginning of almost all interactions. The observation with the 
driver not looking toward the pedestrian showed the harshest maximum 
deceleration. The vehicle segment was small more often than medium. 
When the vehicle segment was medium, drivers decelerated less and had 
a shorter minimum time to zebra.

3.2. Statistical analysis

3.2.1. Minimum time to zebra
The relationships between minimum time to zebra, traffic condi

tions, infrastructure characteristics, driver state and characteristics, and 
pedestrian behaviour, state and characteristics were explored using 
correlation analysis. A short minimum time to zebra was observed when 
the speed at the beginning of the interaction was high (rP = -0.25, 
pP = 0.042; rS = -0.24, pS = 0.048), the pedestrian crossed when the 
driver had a green traffic light (rP = -0.34, pP = 0.005; rS = -0.32, 
pS = 0.007), other pedestrians had already crossed before (rP = -0.24, 
pP = 0.043; rS = -0.19; pS = 0.118), and the vehicle segment was 
medium (rP = -0.22, pP = 0.067; rS = -0.22, pS = 0.075). A long 
minimum time to zebra was observed when the intersection priority 
rules were based on traffic signs and road markings (rP = 0.22, 
pP = 0.069; rS = 0.21, pS = 0.079) and when the pedestrian crossing 

Table 4 
Descriptive statistics of driver behaviour characteristics at the beginning of 
longitudinal interactions.

Variable Description Min. Mdn M Max. SD

Speed Speed of the subject 
vehicle in km/h

9.39 20.19 23.13 42.03 8.24

Accel. Acceleration of the 
subject vehicle in m/s2

− 3.57 − 0.70 − 0.97 1.21 1.00

LongDist Longitudinal distance 
to the closest 
pedestrian in m

4.14 9.56 10.74 21.82 4.63

LatDist Lateral distance to the 
closest pedestrian in m

0.00 0.86 0.96 1.44 2.15

Table 5 
Descriptive statistics of pedestrian behaviour characteristics and pedestrian 
characteristics.

Variable Levels Observations 
(percentage 
per event)

M (SD) of 
minimum 
time to 
zebra

M (SD) of 
maximum 
deceleration

Location at 
the 
beginning 
of the event

Pavement 3 (4.3%) 1.66 (0.37) 2.85 (0.69)
Road 66 (95.7%) 1.20 (0.42) 1.69 (1.30)

Glance 
direction at 
the 
beginning 
of the event

Towards the 
subject 
vehicle

7 (10.1%) 1.24 (0.49) 2.31 (1.08)

Away from 
the subject 
vehicle

8 (11.6%) 1.10 (0.49) 1.47 (0.97)

Into the 
crossing

49 (71.0%) 1.20 (0.41) 1.63 (1.35)

Unclear 5 (7.2%) 1.59 (0.33) 2.46 (1.39)
Presence of 

other 
pedestrians 
before the 
beginning 
of the event

Pedestrians 
crossing

14 (20.3%) 1.02 (0.61) 2.33 (1.89)

Pedestrian 
not crossing

14 (20.3%) 1.23 (0.43) 1.40 (0.77)

No other 
pedestrians

41 (59.4%) 1.29 (0.34) 1.65 (1.16)

Crossing 
when the 
driver has a 
green 
traffic light

No 57 (82.6%) 1.29 (0.40) 1.85 (1.31)
Yes 12 (17.4%) 0.91 (0.42) 1.20 (1.15)

Number Single 56 (81.2%) 1.22 (0.43) 1.72 (1.35)
Group 13 (18.8%) 1.22 (0.42) 1.84 (1.13)

Age Children 1 (1.4%) 1.55 (NA) 2.00 (NA)
Teenagers 5 (7.2%) 1.52 (0.28) 2.40 (1.26)
Adults 54 (78.3%) 1.22 (0.43) 1.74 (1.34)
Elderly 1 (1.4%) 1.31 (NA) 3.25 (NA)
Unclear 8 (11.6%) 0.98 (0.46) 1.08 (0.97)

Gender Female 17 (24.6%) 1.36 (0.39) 1.75 (0.96)
Male 26 (37.7%) 1.20 (0.43) 2.03 (1.66)
Mixed group 2 (2.9%) 1.57 (0.40) 2.09 (1.55)
Unclear 24 (34.8%) 1.12 (0.44) 1.39 (1.02)
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had zebras with traffic signs or warning lights (rP = 0.26, pP = 0.030; 
rS = 0.26, pS = 0.028). The short minimum time to zebra at in
tersections with zebra crossings and traffic lights can be explained by the 
fact that all observed interactions at these crossings occurred when 
drivers had a green traffic light and pedestrians crossed. The correlations 
between the minimum time to zebra and the other explanatory variables 
available were weak (|r| < 0.20).

A regression model was developed to simultaneously capture the 

impact of multiple explanatory variables on the minimum time to zebra. 
Table 8 presents the goodness-of-fit measures, and Table 9 shows the 
estimation results. The minimum time to zebra MinTTZn(t) during the 
event at time t for driver n is presented in equation (3): 

MinTTZn(t) = μTTZ + λTTZ
Speed • Speed(t) + λTTZ

DrivGreenLight

• DrivGreenLight(t) + λTTZ
OthPedBef

• OthPedBef(t) ​ + ​ λTTZ
RenMeg • RenMegn + ωTTZ • υTTZ

n (t)
(3) 

where μTTZ is the mean value, λTTZ is a vector of parameters related to the 
explanatory variables in Table 9, and ωTTZ is the parameter associated 
with the observation-specific error term υTTZ

n (t) ∼ N(0,1). The null hy
pothesis that the mean and the standard deviation of the residuals come 
from a normal distribution could not be rejected at the 5% significance 
level (one-sample Kolmogorov-Smirnov test: test statistic = 0.068, p- 
value = 0.886).

Most parameters associated with the explanatory variables in equa
tion (3) are statistically significant at the 5% level. One parameter which 
was statistically significant at the 10% level was included due to the 
small sample size (69 events). The correlation matrix and variance 
inflation factors did not indicate multicollinearity among the variables 
in equation (3). The R2 indicates that the explanatory variables capture 
29.8% of the variability in the minimum time to zebra. Drivers had a 
shorter minimum time to zebra when the speed at the beginning of the 
interaction was high. The acceleration, the longitudinal and the lateral 
distance to the closest pedestrian did not have a significant impact and 
were therefore excluded from the model. Drivers had a shorter minimum 
time to zebra when they had a green light at the intersection and a 
pedestrian crossed (i.e., unprotected pedestrian crossing or illegal 
crossing). The number, age, gender and glance direction of the pedes
trians did not have a significant impact. Drivers had a shorter minimum 
time to zebra when other pedestrians were present before the beginning 
of the event (p-value = 0.0741). The country, weather conditions, type 
of locality, and intersection type did not influence the minimum time to 
zebra. Controlled for the other variables, priority rules with traffic signs 
and road markings and pedestrian crossings with zebras did not have a 
significant impact. The driver had a shorter minimum time to zebra 
when the vehicle segment was medium instead of small. The driver's age 
and gender did not have a significant impact. Finally, we tested a driver- 
specific error term that did not have a significant effect and was there
fore not included in the model. The regression model in equation (3) was 
also estimated separately for each country. In this dataset, situations in 
which drivers had a green light at the intersection and the pedestrians 
crossed were observed only in France. This variable was omitted from 
the specification when the model was estimated using UK data. The 
results showed that the parameters associated with the other variables 
did not differ significantly between countries.

We investigated the impact of changes in the explanatory variables 
on the minimum time to zebra by calculating the minimum time to zebra 
for observations in which only one variable was changed while keeping 

Table 6 
Descriptive statistics of environment and road characteristics.

Variable Levels Observations 
(percentage 
per event)

M (SD) of 
minimum 
time to 
zebra

M (SD) of 
maximum 
deceleration

Country France 57 (82.6%) 1.20 (0.43) 1.68 (1.28)
United 
Kingdom

12 (17.3%) 1.34 (0.42) 2.03 (1.34)

Adverse 
weather 
conditions

No 64 (92.8%) 1.22 (0.43) 1.80 (1.32)
Yes 5 (7.2%) 1.30 (0.42) 0.93 (0.62)

Locality type Residential 15 (21.7%) 1.33 (0.36) 1.91 (1.09)
Business 
industrial

5 (7.2%) 0.97 (0.46) 1.99 (1.86)

Urban 49 (71.0%) 1.21 (0.44) 1.66 (1.32)
Intersection 

type
No 
intersection

26 (37.7%) 1.22 (0.47) 1.82 (1.36)

X 
intersection

17 (24.6%) 1.16 (0.51) 1.67 (1.57)

T 
intersection

21 (30.4%) 1.29 (0.30) 1.73 (1.09)

Other 
intersection 
types

4 (5.8%) 1.19 (0.47) 1.94 (1.00)

Unclear 1 (1.4%) 0.79 (NA) 0.20 (NA)
Intersection 

priority 
rules

Law only 4 (5.8%) 1.45 (0.52) 1.57 (0.52)
Traffic signs 
and road 
markings

36 (52.2%) 1.31 (0.37) 2.01 (1.41)

Traffic lights 12 (17.4%) 0.91 (0.42) 1.20 (1.15)
Unclear 17 (24.6%) 1.20 (0.45) 1.58 (1.22)

Pedestrian 
crossing 
type

None 25 (36.2%) 1.22 (0.44) 1.46 (1.05)
Zebra 
crossing and 
traffic signs

28 (40.6%) 1.32 (0.39) 2.17 (1.51)

Zebra 
crossing and 
traffic lights

12 (17.4%) 0.91 (0.42) 1.20 (1.15)

Zebra 
crossing and 
warning 
lights

4 (5.8%) 1.46 (0.18) 2.03 (0.81)

Table 7 
Descriptive statistics of driver characteristics and vehicle characteristics.

Variable Levels Observations 
(percentage per 
event)

M (SD) of 
minimum 
time to 
zebra

M (SD) of 
maximum 
deceleration

Age 18–29 11 (15.9%) 1.33 (0.39) 1.76 (1.25)
30–39 11 (15.9%) 1.09 (0.50) 2.69 (1.26)
40–49 34 (49.3%) 1.21 (0.45) 1.62 (1.39)
50–70 13 (18.8%) 1.26 (0.35) 1.22 (0.71)

Gender Female 37 (53.6%) 1.22 (0.47) 1.75 (1.38)
Male 32 (46.4%) 1.23 (0.39) 1.72 (1.23)

Driver looked 
towards 
pedestrian

No 1 (1.4%) 1.03 (NA) 6.49 (NA)
Yes 68 (98.6%) 1.23 (0.43) 1.67 (1.17)

Engagement in 
non-driving 
tasks

No 67 (97.1%) 1.22 (0.43) 1.75 (1.32)
Yes 2 (2.9%) 1.33 (0.02) 1.38 (0.25)

Vehicle 
segment

Small 56 (81.2%) 1.27 (0.42) 1.86 (1.37)
Medium 13 (18.8%) 1.03 (0.41) 1.21 (0.84)

Table 8 
Statistics of the regression model predicting the minimum time to zebra. The log- 
likelihood measures are computed using ML estimation methods.

Statistics

Number of parameters associated with the explanatory variables 4
Number of drivers 28
Number of observations 69
Constant log likelihood − 38.86
Constant Akaike information criterion 81.72
Constant Bayesian information criterion 86.19
Final log likelihood − 26.63
Final Akaike information criterion 65.27
Final Bayesian information criterion 78.67
R2 0.298
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all the other variables fixed. In the baseline observation, the speed was 
equal to 23.13 km/h, the pedestrian did not cross while the driver had a 
green traffic light, no other pedestrians crossed before the interaction, 
and the vehicle segment was small. The characteristics were selected 
based on the mean conditions in the sample. The minimum time to zebra 
associated was equal to 1.40 s (i.e., the mean in Table 9). Fig. 3 shows 
the results for the continuous and the nominal explanatory variables. 
When we compare all the different variables, we note that pedestrians 
crossing when the driver had the green traffic light has the largest 
impact on the minimum time to zebra. Appendix A includes an out-of- 
sample validation analysis of the model presented in Table 9. In most 
validation samples, the final regression models have lower mean fore
casting errors than those that incorporate only constants. The findings 
indicate that the final model is useful for predicting the response of 
drivers who were not part of the estimation sample and who lived in a 
different country.

3.2.2. Maximum deceleration
The relationships between maximum deceleration, traffic conditions, 

infrastructure characteristics, driver state and characteristics, and 
pedestrian behaviour, state and characteristics were explored using 
correlation analysis. A high maximum deceleration was observed when 
the acceleration at the beginning of the interaction was low (rP = -0.49, 
pP = < 0.0005; rS = -0.57, pS = < 0.0005), the pedestrian glanced 
towards the vehicle (rP = 0.17, pP = 0.173; rS = 0.23, pS = 0.067), the 
pedestrian was a child, a teenager or an elderly (rP = 0.18, pP = 0.175; 
rS = 0.24, pS = 0.068), other pedestrians had already crossed before 
(rP = 0.23, pP = 0.054; rS = 0.14; pS = 0.25), the intersection priority 
rules were based on traffic signs and road markings (rP = 0.22, 
pP = 0.078; rS = 0.22, pS = 0.070), the pedestrian crossing had zebras 
with traffic signs or warning lights (rP = 0.30, pP = 0.012; rS = 0.31, 
pS = 0.009), and the driver was young (rP = -0.21, pP = 0.089; rS =

-0.25, pS = 0.040). A low maximum deceleration was observed when 

the pedestrian crossed and the driver had a green traffic light (rP =

-0.19, pP = 0.116; rS = -0.24, pS = 0.044). The correlations between 
the maximum deceleration and the other explanatory variables avail
able were weak (|r| < 0.20).

A regression model was developed to simultaneously capture the 
impact of multiple explanatory variables on the maximum deceleration. 
Table 10 presents the goodness-of-fit measures, and Table 11 shows the 
estimation results. The maximum deceleration MaxDecn(t) during the 
event at time t for driver n is presented in equation (4): 

log(MaxDecn(t) ) = μD + λD
Speed • Speed(t) + λD

Acc • Acc(t)

+ λD
DrivGreenLight • DrivGreenLight(t) + λD

OthPedBef • OthPedBef(t)

+ λD
PedChildTeenEld • PedChildTeenEld(t) + λD

MissPedAge • MissPedAge(t)

Table 9 
Estimation results of the regression model predicting the minimum time to collision. The model parameters are estimated based on REML methods using the R package 
‘nlme’, which calculates the test statistics of the fixed effects only.

Variable Description Parameters Estimate t-stat. p-value

− Mean minimum time to zebra μTTZ 1.40 23.6 <0.0005
Speed Speed of the subject vehicle in km/h at the beginning of the event λTTZ

Speed − 0.0129 − 2.33 0.0229
DrivGreenLight Binary variable equal to one when the pedestrian crossed while the driver had a green light λTTZ

DrivGreenLight − 0.399 − 3.33 0.0014
OthPedBef Binary variable equal to one when other pedestrians were present before the beginning of the event λTTZ

OthPedBef − 0.208 − 1.82 0.0741
MedSeg Binary variable equal to one when the vehicle segment was medium λTTZ

MedSeg − 0.340 − 2.94 0.0046

υTTZ
n Observation-specific error term ωTTZ 0.370 − −

Fig. 3. Impact of the (a) continuous and (b) nominal explanatory variables on the minimum time to zebra during longitudinal interactions. DrivGreenLight is a binary 
variable equal to one when the pedestrian crossed while the driver had a green light. OthPedBef is a binary variable equal to one when other pedestrians were present 
before the beginning of the event. MedSeg is a binary variable equal to one when the vehicle segment was medium. Black lines indicate the marginal means and green 
ribbons indicate the 95% confidence intervals. The axis scales were selected depending on the minimum and maximum values in the data. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 10 
Statistics of the regression model predicting the maximum deceleration. The log- 
likelihood measures are computed using ML estimation methods.

Statistics

Number of parameters associated with the explanatory variables 8
Number of drivers 28
Number of observations 69
Constant log likelihood − 87.76
Constant Akaike information criterion 179.52
Constant Bayesian information criterion 183.98
Final log likelihood − 54.08
Final Akaike information criterion 128.16
Final Bayesian information criterion 150.50
R2 0.623
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+ λD
PedGlanceVeh • PedGlanceVeh(t) + λD

MissPedGlance

• MissPedGlance(t) + ωD • υD
n (t) (4) 

where μD is the mean value, λD is a vector of parameters related to the 
explanatory variables in Table 11, and ωD is the parameter associated 
with the observation-specific error term υD

n (t) ​ ∼ ​ N(0,1). A logarith
mic transformation for the maximum deceleration was chosen because it 
more closely aligned with the empirical results and showed a significant 
improvement in goodness of fit compared to a linear specification. The 
null hypothesis that the mean and the standard deviation of the residuals 
come from a normal distribution could not be rejected at the 5% sig
nificance level (one-sample Kolmogorov-Smirnov test: test statistic =
0.077, p-value = 0.781).

All parameters associated with the explanatory variables in equation 
(4) are statistically significant at the 5% level. The correlation matrix 
and variance inflation factors did not detect multicollinearity between 
the variables in equation (4). The R2 indicates that the explanatory 
variables capture 62.3% of the variability in the logarithm of the 
maximum deceleration. Drivers decelerated more when the speed and 
the acceleration at the beginning of the event were low. The longitudinal 
and lateral distances to the closest pedestrian did not have a significant 
impact and were therefore excluded from the model. Drivers decelerated 
less when they had a green light at the intersection and the pedestrian 
crossed (i.e., unprotected pedestrian crossing or illegal crossing). Drivers 
decelerated more when other pedestrians were present before the 
beginning of the event. Drivers decelerated more when the pedestrians 
were identified as children, teenagers, or elderly and the pedestrian 
glanced towards the vehicle. Neither the number nor the gender of the 
pedestrians had a significant impact. The country, weather conditions, 
type of locality, and intersection type did not influence the maximum 
deceleration. Controlled for the other variables, priority rules with 
traffic signs and road markings and pedestrian crossings with zebras did 
not have a significant impact. The vehicle segment, the age and gender 
of the driver did not have a significant effect. Finally, we tested a driver- 
specific error term that did not have a significant effect and was there
fore not included in the model. The regression model in equation (4) was 
also estimated separately for each country. In this dataset, situations in 
which drivers had a green light at the intersection, the pedestrians were 
children, teenagers, or elderly, and the pedestrians glanced toward the 
vehicle were observed only in France. These variables were omitted 
from the specification when the model was estimated using UK data. The 
results showed that the parameters associated with the other variables 
did not differ significantly between countries.

We investigated the impact of changes in the explanatory variables 
on the maximum deceleration by calculating the maximum deceleration 
for observations in which only one variable was changed while keeping 
all the other variables fixed. In the baseline observation, the speed was 
equal to 23.13 km/h, the acceleration was equal to − 0.97 m/s2, the 
pedestrian was an adult, was looking towards the crossing and did not 

cross while the driver had a green traffic light, and no other pedestrians 
crossed before the interaction. The characteristics were selected based 
on the mean conditions in the sample. The maximum deceleration 
associated was equal to 1.08 m/s2. Fig. 4 shows the results for the 
continuous and the nominal explanatory variables. When we compare 
all the variables, we note that the acceleration at the beginning of the 
event and other pedestrians crossing before the event have the largest 
impact on the maximum deceleration. Appendix A includes an out-of- 
sample validation analysis of the model presented in Table 11. Across 
all validation samples, the final regression models exhibit lower mean 
forecasting errors than those that incorporate only constants. The find
ings indicate that the final model is useful for predicting the response of 
drivers who were not part of the estimation sample and who lived in a 
different country.

Table 11 
Estimation results of the regression model predicting the maximum deceleration. The model parameters are estimated using REML methods in the R package ‘nlme’, 
which calculates test statistics for the fixed effects only.

Variable Description Parameters Estimate t-stat. p-value

− Mean maximum deceleration μD 0.103 1.08 0.283
Speed Speed of the subject vehicle in km/h at the beginning of the event λD

Speed − 0.021 − 2.40 0.020
Acc Acceleration of the subject vehicle in m/s2 at the beginning of the event λD

Acc − 0.507 − 7.20 <0.0005
DrivGreenLight Binary variable equal to one when the pedestrian crossed while the driver had a green light λD

DrivGreenLight − 0.619 − 3.19 0.002
OthPedBef Binary variable equal to one when other pedestrians were present before the beginning of the event λD

OthPedBef 0.776 4.15 0.001
PedChildTeenEld Binary variable equal to one when the pedestrian was a child, teenager or elderly λD

PedChildTeenEld 0.517 2.11 0.039
MissPedAge Binary variable equal to one when the pedestrian age was missing λD

MissPedAge − 0.608 − 2.58 0.012
PedGlanceVeh Binary variable equal to one when the pedestrian glanced towards the vehicle λD

PedGlanceVeh 0.592 2.48 0.016
MissPedGlance Binary variable equal to one when the pedestrian glance direction was missing λD

MissPedGlance 0.577 2.02 0.047
υD

n Observation-specific error term ωD 0.568 − −

Fig. 4. Impact of the (a) continuous and (b) nominal explanatory variables on 
the maximum deceleration during longitudinal interactions. DrivGreenLight is a 
binary variable equal to one when the pedestrian crossed while the driver had a 
green light. OthPedBef is a binary variable equal to one when other pedestrians 
were present before the beginning of the event. PedChildTeenEld is a binary 
variable equal to one when the pedestrian was a child, teenager or elderly. 
PedGlanceVeh is a binary variable equal to one when the pedestrian glanced 
towards the vehicle. Black lines indicate the marginal means, and orange rib
bons indicate the 95% confidence intervals. The axis scales were selected 
depending on the minimum and maximum values in the data. (For interpre
tation of the references to colour in this figure legend, the reader is referred to 
the web version of this article.)
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4. Discussion and conclusions

Driver behaviour data from the UDRIVE study, collected in the UK 
and France as part of a European project examining driver behaviour 
across countries, were analysed using correlation and regression anal
ysis to identify the factors affecting driver behaviour characteristics 
when pedestrians cross in front of the vehicle. The results showed that 
the minimum time to zebra was shorter when the speed at the beginning 
of the interaction was high, the pedestrian crossed while the driver had a 
green traffic light, the vehicle segment was medium instead of small, and 
other pedestrians had already crossed. The maximum deceleration was 
lower when the acceleration at the beginning of the interaction was 
high, the pedestrian crossed while the driver had a green traffic light, no 
other pedestrians had already crossed, the pedestrian was not a child, 
teenager or elderly, and the pedestrian did not glance toward the 
vehicle. Model estimation for each country and cross-country validation 
indicated that the parameters of the shared variables were consistent, 
while differences mainly arose in traffic situations observed in only one 
country. Caution is needed in interpreting the results due to the small 
sample of interactions and the limitations of the data collection method. 
The main conclusion is that accounting for the factors identified in this 
study could improve the realism and prediction accuracy of driver 
support systems and microscopic traffic simulations.

4.1. Main findings

4.1.1. Minimum time to zebra
The results of the regression model indicated that the minimum time 

to zebra was significantly influenced by multiple factors, even after 
controlling for the driver behaviour characteristics at the beginning of 
the interaction. The minimum time to zebra was short when the driver's 
speed at the beginning of the interaction was high. This finding shows 
that it is harder for drivers to control the driving task and maintain a safe 
gap at high speeds. The result is consistent with previous findings in a 
driver simulator experiment (Dozza et al., 2020). The time to zebra was 
short when the pedestrian crossed while the driver had a green traffic 
light. In these situations, pedestrians might cross due to unprotected 
pedestrian crossings (i.e., pedestrians and drivers have the green light 
simultaneously) or illegally (i.e., pedestrians have the red traffic light). 
The finding may be explained by the fact that drivers with a green traffic 
light do not expect pedestrians to cross at the zebras and, therefore, are 
less likely to maintain a safe gap. Previous studies did not analyse the 
impact of pedestrian crossing while the driver had a green traffic light. 
The time to zebra was short when other pedestrians were on the road 
and had already crossed before the beginning of the event. A possible 
explanation could be that it was harder for the drivers to maintain a safe 
gap because the pedestrians crossed accepting a shorter gap than in the 
previous interaction. Previous studies did not analyse the impact of 
other pedestrians crossing before the interaction. The time to zebra was 
shorter when the vehicle segment was medium instead of small. The 
data collection systems were similar in the two vehicle segments. A 
possible interpretation could be that the two vehicle segments had 
different braking responses or, considering that the participants used 
their private vehicles, the drivers of the two vehicle segments differed in 
driving styles. Previous studies did not investigate the effect of vehicle 
segments and driving styles on driver behaviour characteristics.

4.1.2. Maximum deceleration
The results of the regression model indicated that the maximum 

deceleration was significantly influenced by multiple factors, even after 
controlling for the driver behaviour characteristics at the beginning of 
the interaction. The maximum deceleration was high when the driver's 
speed and acceleration at the beginning of the interaction were low. 
These findings show that drivers often started to decelerate before the 
beginning of the interaction defined based on the onset of the pedestrian 
collision warning. The result is consistent with previous findings on time 

to collision at braking (Dozza et al., 2020; Lubbe & Rosén, 2014; Sun 
et al., 2022). When the initial acceleration was low, the maximum 
deceleration was high, while the minimum time to zebra remained un
affected, suggesting that drivers began decelerating early to maintain a 
safe gap. When the initial speed was high, a low maximum deceleration 
and a short minimum time to zebra were observed, indicating that 
drivers were not able to respond appropriately. The maximum deceler
ation was low when the pedestrian crossed while the driver had a green 
traffic light (i.e., unprotected pedestrian crossings or illegal pedestrian 
crossing). The finding may be explained by the fact that drivers with a 
green traffic light did not expect pedestrians to cross at the zebras and, 
therefore, were less likely to decelerate. In these conditions, a low 
maximum deceleration was observed together with a short minimum 
time to zebra, indicating that drivers were unable to respond appro
priately. Previous studies did not analyse the impact of pedestrian 
crossing while the driver had a green traffic light. The maximum 
deceleration was high when other pedestrians were on the road and had 
already crossed before the beginning of the event. A possible explana
tion is that drivers decelerated more because they expected other pe
destrians to cross based on prior interactions. In these situations, a high 
maximum deceleration and a short minimum time to zebra were 
observed, suggesting that drivers responded promptly. Previous studies 
did not analyse the impact of other pedestrians crossing before the 
interaction. Drivers decelerated more when the pedestrians were iden
tified as children, teenagers, or the elderly. An explanation could be that 
drivers decelerated more because they expected slower crossing speeds 
or unpredictable behaviour from children, teenagers, and the elderly. In 
these conditions, there was no impact on the minimum time to zebra, 
suggesting that drivers responded promptly to maintain a safe gap. 
Previous studies did not analyse the effect of pedestrian age. Drivers 
decelerated more when the pedestrian glanced towards the vehicle. An 
interpretation could be that drivers recognised pedestrians’ intention to 
cross more clearly. In these situations, there was no effect on the mini
mum time to zebra, indicating that drivers responded promptly to 
maintain a safe gap. Previous studies did not analyse the impact of 
pedestrian glance direction.

4.2. Recommendations for future research

This study investigated the main factors influencing driver behaviour 
characteristics when pedestrians cross during events detected by the 
pedestrian collision warning of the MobilEye® smart camera, which was 
triggered when the time to collision dropped below two seconds under 
sufficient lighting conditions. The current findings cannot be directly 
generalised to other events. Future studies are suggested to analyse 
driver behaviour characteristics using a larger sample of observations 
and to explore different thresholds. In this study, the dependent variable 
was a single value of the interaction characteristic (e.g., minimum time 
to zebra) during a specific time interval (i.e., the interaction). In future 
studies, the time dimension could be accounted for by using an aggre
gated measure of interaction characteristics (e.g., the mean time to zebra 
during the interaction or the percentage of time when the time to zebra 
is shorter than 1.5 s).

The number of events (69) and participants (28) in the current 
analysis was relatively small because only participants who experienced 
one valid longitudinal interaction were included. Further analysis based 
on a larger number of events is needed to assess the impact of the factors 
that did not have a significant effect in the regression analysis but 
showed a correlation in the correlation analysis. The sample charac
teristics (driver age, driving experience, gender, and vehicle model) did 
not reflect the general driving population. Caution is needed when 
generalising the findings towards the general driving population. For 
example, the results showed that the medium-vehicle segment (i.e., 
Renault Megane) had a shorter minimum time to zebra than the small- 
vehicle segment (i.e., Renault Clio) in the sample. The result cannot 
be directly generalised to other vehicle segments that were not included 
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in the sample. Further investigations are required to generalise the 
findings to other models and makes belonging to the medium and the 
small-vehicle segments in the market. In this study, each participant 
drove only her/his private vehicle. Further analysis is needed to un
derstand the link between driver characteristics (e.g., personality traits 
and driving styles) and the vehicle segment owned. Further analysis is 
also needed to generalise the findings to age groups not included in the 
sample (e.g., drivers older than 75 years). The validation analysis sug
gested that, to enhance the model forecasting accuracy, future research 
should investigate in greater depth the effect of driver characteristics on 
interaction characteristics.

The data were collected in the UK and France. While the models 
estimated for each country indicated that the parameters associated 
with shared variables were generally consistent, certain traffic situations 
(e.g., pedestrians crossing when drivers had a green light) were observed 
only in France. Model accuracy was lower in the cross-country valida
tion, which may be explained by differences in road characteristics, 
traffic regulations and behavioural norms. The small number of in
teractions per country limits the generalisability of the results, and 
further analysis with a larger sample is required to identify country- 
specific effects.

Further research is also required to generalise the findings in this 
study to vehicles equipped with pedestrian collision warning systems 
and advanced driver assistance systems. In the literature, there are few 
naturalistic driving studies with adaptive cruise control and lane- 
keeping systems (Varotto et al., 2022), and the datasets are often too 
small to investigate interactions with pedestrians.

To assess the impact of driver distraction and non-driving task 
engagement on driver behaviour characteristics when pedestrians cross, 
future studies with larger samples are needed. In the current study, a 
very small percentage of drivers did not look towards the pedestrian or 
were involved in non-driving tasks in the 5 s before the interaction. 
Previous findings showing that driver inattention is a major contributing 
factor to near-crashes and safety-relevant incidents with pedestrians 
could not be confirmed (Dingus et al., 2006). The result might be 
explained by differences in selection criteria and thresholds for identi
fying interactions (e.g., short time to collision instead of large de
celerations). More detailed annotation procedures can be developed to 
capture driver inattention (e.g., glance behaviour) and situational 
awareness during the interaction. This research direction should be 
further investigated as driver assistance systems, such as adaptive cruise 
control and lane-keeping systems, can potentially increase driver inat
tention and engagement in distracting activities. Future studies could 
include questionnaires and interviews to analyse factors such as famil
iarity with the route and time pressure that can influence driver re
sponses but cannot be captured using video data.

4.3. Recommendations for practice

The data collection techniques (naturalistic driving data and manual 
annotation) and the statistical analysis methods (regression models) 
presented in this study are suitable for investigating interactions be
tween drivers and pedestrians in real traffic situations. These methods 
allow us to observe driver behaviour with greater detail and in a broader 
range of traffic situations than fixed videography methods. In addition, 
they allow us to explicitly measure the impact of multiple factors on the 
minimum time to zebra and the maximum deceleration while 
approaching pedestrians. The results are expected to have higher 
external validity than findings from test-track or driving simulator 
studies, as they reflect real-world driving behaviour. However, partici
pants are aware they are being observed in the instrumented vehicle, 
and the study design provides only limited experimental control. The 
findings are of interest to legislators, corporations, and academics 
designing intelligent transport systems and evaluating the effect of these 
systems on traffic operations.

Pedestrian collision warning and driver assistance systems may 

increase their forecasting accuracy and control performances by incor
porating the factors identified in this study. Based on the results, 
pedestrian collision warning systems and infrastructure-to-vehicle 
communication systems should be developed to track pedestrian 
movements at intersections with traffic lights and warn drivers in case of 
potential unprotected or illegal crossings. A warning could be generated 
when pedestrians have crossed in non-safety relevant situations, as other 
pedestrians might cross afterwards. An early warning could be gener
ated when the pedestrians are children, teenagers and the elderly. 
Drivers could be warned using in-vehicle messages and specific traffic 
signs on the infrastructure. From an infrastructure point of view, paying 
closer attention to pedestrian flows and waiting times in traffic light 
design could reduce the chances of illegal pedestrian crossing at in
tersections. Information campaigns could raise pedestrian awareness of 
the risks of illegal crossing at intersections and the importance of 
glancing towards the vehicle before crossing. Although further in
vestigations based on a larger sample are needed, the findings suggest 
that differences between vehicle segments, countries and individual 
drivers should be accounted for in designing systems supporting drivers. 
Systems incorporating these results should be accepted by drivers in a 
wider range of traffic conditions and have a beneficial impact on traffic 
operations.

The realism and forecasting accuracy of microscopic traffic simula
tions investigating the effect of interactions with pedestrians on traffic 
operations could be improved by including the factors identified in this 
study. The findings have shown a large variability between and within 
drivers in the responses to pedestrians that can be explained by the 
traffic conditions, the pedestrian behaviour and the vehicle character
istics. Few traffic simulations have implemented empirical findings to 
describe driver interactions with pedestrians (Chen et al., 2019; Lu et al., 
2016). Based on the current results, future research should focus on 
developing mathematical models that describe the longitudinal move
ment of drivers while approaching pedestrians as a function of the dis
tance to the pedestrians and of the instantaneous behaviour 
characteristics. This advanced mathematical model should explicitly 
capture adaptations to the characteristics and behaviour of the pedes
trian (e.g., crossing when the driver has a green traffic light). The 
advanced driver behaviour model can be implemented into a micro
scopic traffic simulation to forecast the effect of interactions with pe
destrians on traffic operations with a higher level of prediction accuracy.
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Appendix A. Validation analysis

A validation analysis was executed in which the final regression models in Table 9 and Table 11 were compared to a regression model that included 
only a constant. The objective is to assess the ability of the final regression models to forecast the behaviour of drivers not included in the estimation 
sample and of drivers in a different country. To assess the forecasting abilities of the final models, we should apply them to other empirical databases. 
We implemented two out-of-sample cross-validation approaches because, currently, we do not have access to other similar databases, and the number 
of drivers and countries available is small (Hastie et al., 2009). In the first approach, the drivers were divided into five groups randomly. We estimated 
the models using observations from four groups (80% of the drivers) and validated them using observations from the group not included in the 
estimation sample (20% of the drivers). The procedure was repeated five times (five-fold cross-validation). In the second approach, we estimated the 
models using observations from drivers in one country and validated them using observations from drivers in the other country. The procedure was 
repeated for each country (cross-validation). We have chosen the Root Mean Square Error (RMSE) as an evaluation metric to assess the model per
formance on the validation samples. This metric indicates the forecasting errors between the minimum time to zebra (maximum acceleration) 
forecasted by the model and the minimum time to zebra (maximum acceleration) observed in the data. The accuracy of the model is higher when the 
RMSE is smaller. The improvement in accuracy was calculated as the percentage improvement in the RMSE of the final model in comparison with the 
RMSE of the model with only a constant.

Table A1, and Table A2, present the RMSE of the models predicting the minimum time to zebra on the validation samples. The improvement in 
accuracy is shown in the last column of each table. The findings show that the final regression models across most validation samples have smaller 
mean forecasting errors than the models with only a constant. Comparing the different groups of drivers in Table A1, we note that the final model 
predicting the minimum time to zebra shows a similar accuracy when validated in group (2) and a reduction in accuracy when validated in group 5. 
The findings indicate that some drivers in these groups responded differently from others in maintaining a minimum time to zebra. Personality traits or 
driving styles might explain these differences between drivers, and further research is needed to explain their origin. In Table A2, the final model 
showed a smaller accuracy improvement when validated based on the data in France. The prediction error was large when the pedestrian crossed 
while the driver had a green traffic light. The number of interactions in the UK was small, and these traffic situations were not observed. This 
dissimilarity between countries might be explained by road characteristics, traffic regulations (e.g., right- or left-hand traffic), or country-specific 
behaviour. Further investigation is needed based on a larger sample.

Table A3, and Table A4, present the RMSE of the models predicting the maximum deceleration on the validation samples. The final regression 
models across all validation samples have smaller mean forecasting errors than the models with only a constant. Comparing the different groups of 
drivers in Table A3, we note that the final model predicting the maximum deceleration shows a smaller accuracy improvement when validated in 
groups 3 and 5. The result indicates that some drivers in these groups decelerated differently from others when pedestrians crossed. In Table A4, the 
final model showed a smaller accuracy improvement when validated based on the data in France. The interactions in the UK did not include traffic 
situations in which pedestrians crossed while the driver had a green traffic light, the pedestrians were children, teenagers or elderly, and the 
pedestrian glanced toward the vehicle. Further investigation is needed based on a larger sample. The main conclusion from this analysis is that, in most 
situations, the final regression models proposed are useful to forecast the responses of drivers not included in the estimation sample and of drivers in a 
different country.

Table A1 
Five-fold cross-validation of the regression model forecasting the minimum time to zebra for different driver groups. β̂ indicates the regression model, and C denotes 
the model that includes only the constant.

Validation subsample Drivers Observations RMSE (c) RMSE (β̂) RMSE(c)-RMSE(β̂)
RMSE(c)

1 5 15 0.356 0.248 0.3030
2 5 13 0.396 0.399 − 0.0090
3 6 14 0.449 0.414 0.0783
4 6 13 0.489 0.387 0.2088
5 6 14 0.442 0.477 − 0.0790
M 5.60 13.8 0.426 0.385 0.1004
SD 0.49 0.75 0.046 0.084 0.1561

Table A2 
Cross-validation of the regression model forecasting the minimum time to zebra for a different country. ̂β indicates the regression model, and C denotes the model that 
includes only the constant.

Validation subsample Drivers Observations RMSE (c) RMSE (β̂) RMSE(c)-RMSE(β̂)
RMSE(c)

France 18 57 0.451 0.427 0.0520
UK 10 12 0.425 0.409 0.0380

S.F. Varotto et al.                                                                                                                                                                                                                               Transportation Research Interdisciplinary Perspectives 37 (2026) 102013 

12 



Table A3 
Five-fold cross-validation of the regression model forecasting the maximum deceleration for different driver groups. ̂β indicates the regression model, and C denotes the 
model that includes only the constant.

Validation subsample Drivers Observations RMSE (c) RMSE (β̂) RMSE(c)-RMSE(β̂)
RMSE(c)

1 5 15 0.948 0.686 0.2763
2 5 13 0.788 0.509 0.3545
3 6 14 0.900 0.732 0.1864
4 6 13 0.876 0.383 0.5631
5 6 14 0.838 0.704 0.1599
M 5.60 13.8 0.870 0.603 0.3081
SD 0.49 0.75 0.061 0.150 0.1620

Table A4 
Cross-validation of the regression model forecasting the maximum deceleration for a different country. β̂ indicates the regression model, and C denotes the model that 
includes only the constant.

Validation subsample Drivers Observations RMSE (c) RMSE (β̂) RMSE(c)-RMSE(β̂)
RMSE(c)

France 18 57 0.888 0.756 0.1495
UK 10 12 0.877 0.638 0.2730
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