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Abstract

The widespread adoption of Connected and Automated Vehicles (CAVS) is being propelled, not only in
the realm of private vehicles but also within transit systems. This development serves to enhance urban
transport activities, rendering transportation more appealing to passengers. The present study aims to
identify and examine the safety effects of testing different operational speed shuttle bus services in
various future mobility conditions. To investigate impacts of autonomous shuttle bus services and to
further examine their operational speed, the microscopic simulation method was performed. Specifically,
four sets of simulation scenarios were comprised: a baseline scenario representing the current conditions
and three operational speed scenarios (15km/h, 30km/h and 45km/h) for an autonomous shuttle service.
Each one of these sets included eleven CAV market penetration rates (MPRs) of CAVs of the general
traffic (ranging from 0% to 100% in 10% increments). By analyzing the trajectory data extracted from
microsimulation, traffic conflicts were identified and further analyzed by developing Mixed-Effects
Multinomial Logit Regression models (ME-MLMs) in order to associate conflict type taking into account
network characteristics as well as traffic conditions. Several aspects were determined as statistical
significant parameters influencing type of conflict. The analysis yielded several significant findings that
provide quantitative measurements and assessments of the effects observed, enabling a better
understanding of the safety implications associated with the widespread adoption of automated services.

Keywords: Traffic simulation, Connected and Automated Vehicles, Road safety assessment,
Automated shuttle bus services, Automated transport systems, Traffic conflicts

1. Introduction

In the coming decades, it is anticipated that Connected and Autonomous Vehicles (CAVs) will become
increasingly common on urban road networks. CAVs have the potential to bring about significant
changes in how transportation and road systems function. Specifically, CAVs are expected to enhance
road capacity, improve fuel efficiency, and reduce harmful environmental emissions, as noted in several
studies (Fagnant & Kockelman, 2015; Mersky & Samaras, 2016; Ye & Yamamoto, 2018; Elvik, 2021).

In terms of road safety, the dominance of CAVs is expected to lead to a significant reduction in crash
numbers. Since there is lack of reliable and generalized crash data, especially for high market penetration
rates (MPRs) of CAVs, the microscopic traffic simulation method is considered as a very promising
technique for studying automated mobility aspects including road safety. In particular, a microsimulation
study conducted by Elawady et al. (2022) investigated the impact of CAVs on intersection traffic safety
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under different MPRs. Similarly, several simulation studies have explored safety considerations in the
context of automated mobility (e.g., Lam, 2016; Chen et al., 2017; Scheltes & de Almeida Correia, 2017;
Talebpour et al., 2017; Shen et al., 2018; Zellner et al., 2016; Arvin et al., 2020; Guériau & Dusparic,
2020; Sinha et al., 2020).

Several studies have explored the safety implications of the advent of automation, particularly regarding
network-wide conflicts, and some have delved into the impact of increasing MPRs of CAVs in the overall
traffic composition and hence mixed traffic conditions (Arvin et al., 2020; Guériau & Dusparic, 2020;
Papadoulis et al., 2019; Sinha et al., 2020). Focusing on MPR, the steadily rising MPRs of CAVs appear
poised to reduce travel times, as presented in a study by Ziakopoulos et al. (2021). Moreover, fewer
traffic conflicts are observed for higher MPR of CAVs and mixed traffic conditions (conventional
vehicles and autonomous shuttles and passenger cars) as highlighted in a study conducted by Oikonomou
et al. (2020). Notably, Papadoulis et al. (2019) highlighted MPR impacts and specifically found that as
the MPR of CAVs rise, significant decreases in road conflicts could occur.

Focusing on public transport, automation is being expected to rapidly advance, not only in the realm of
private vehicles but also within transit systems. Automated shuttle bus services, are expected to be among
the first to line up with their large-scale business cases, aiming to enhance urban mobility and make
public transit options more attractive to commuters. Findings from a research conducted by Ziakopoulos
et al. (2021) indicate that an autonomous shuttle bus service operation has a significant effect on
cumulative travel time per segment as well as CO2 emissions per road segment. Additionally, point-to-
point shuttle services utilizing dedicated lanes experience fewer delays when compared to mixed traffic
situations, as indicated by Oikonomou et al. (2020).

It is crucial to note that, outside of simulations, fully independent CAVs have not yet been deployed for
unhindered operation in real traffic conditions, and thus, analysts must turn towards simulated
environments to conduct related research. Based on recent literature, it noticeable that traffic simulation
methodology has been widely used in transportation engineering, albeit not purely aiming to analyze
complex transportation aspects in terms of traffic, as it is already known, but in terms of road safety as
well. One of the most common way to study safety using microscopic models is to identify traffic
conflicts by using the Surrogate Safety Assessment Model (SSAM) software, a model developed by
Federal Highway Administration (Pu & Joshi, 2008). The software analyzes the vehicle trajectory data
and identifies conflicts. Specifically, a conflict is identified when the Time-To-Collision (TTC) and Post-
Encroachment Time (PET) are lower from preset thresholds, as identified in early studies exploring the
possibility of using microscopic simulation for road safety assessments (Astarita et al., 2011).

A variety of microsimulation studies identified conflicts to evaluate consequences on traffic safety of
different transportation planning (Preston and Pulugurtha, 2021), control policies (Ribeiro et al. 2019;
Kronprasert et al., 2020; Shahdah and Azam, 2021), road configurations (Giuffré et al., 2019; Ghanim et
al., 2020; Bahmankhah et al., 2022) as well as transportation innovations (Xin et al., 2019; Mourtakos et
al., 2021; Elawady et al., 2022). Another simulation study also examined different conflict types
exclusively on intersections (crossing, rear-end, and lane change) and created a probabilistic crash
propensity model, incorporating reaction time and maximum braking rate distributions (Wang &
Stamatiadis, 2013), however it was conducted significantly earlier. A recent study revealed that lane
change conflicts lead to higher crash rates compared to rear-end conflicts (Oikonomou et al., 2023).
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Consequently, this is in line with the increasing popularity of Surrogate Safety Measures, and the
increased utility they provide in proactive road safety analyses (Nikolaou et al., 2023). Consequently,
using microsimulation the road safety assessment is feasible, as several approaches used suitable
methodological frameworks and tools. In addition, it can be conclude that the most common technique
is the conflict-based approach that enables the investigation of safety without the need of field crash data.

Despite the significant progress achieved, there is still serious concern regarding road safety assessments
when applying traffic simulation, due to the absence of suitable analyses for investigating various road
safety aspects. Only a few studies have attempted to overcome this issue and therefore, further
investigation of past modelling approaches for road safety assessment is essential. Additionally, even
fewer studies investigated automated urban mobility with regards to road safety. This research gap is the
primary motivation behind the current study, with a particular focus on conflict types. The estimation of
surrogate safety measures is deemed a dependable approach to assess safety of network traffic (Wang et
al., 2021). In addition, this study was also inspired by research conducted within the EU H2020 SHOW
project, which aims at shared automation operating models development for worldwide adoption.

Therefore, the current study focuses on evaluating the factors influencing various types of traffic conflicts
for different autonomous shuttle bus services as well as MPR of CAVs of the general traffic (i.e.
regardless of shuttle service) taking into account network characteristics. To achieve this research aim, a
dense urban traffic network located in Madrid, Spain was employed. Realistic data from the network and
traffic were integrated into the Aimsun Next software; the used simulation tool. VVehicle trajectories were
extracted from the microscopic simulation, and these trajectories were subsequently analyzed using the
SSAM software. SSAM software was instrumental in identifying conflicts and categorizing them into
three different conflict types, namely crossing, rear-end, and lane change. Following the extraction of
traffic conflicts and their respective types, statistical models were developed with an aim to pinpoint the
factors that contribute to the specific conflict types within the network traffic.

This study is structured as follows; after the current introduction to the study topic and aim, the method
follows, including four main subsections. The first subsection relates to the simulation aim, preparation,
and network. The second one introduces the surrogate safety analysis used and the third one relates to
the data analyzed by this study and their descriptive statistics. The fourth one presents the theoretical
background of mixed-effects multinomial logit regression that was used for the statistical analysis.
Afterwards, results are presented by including the deployed model and main outcomes derived from the
analysis data along with a comprehensive discussion of the key outcomes. Finally, overall conclusions
are presented.

2. Methods

2.1. Microscopic Simulation

To investigate safety impacts of automated shuttle bus services that differentiate in operational speed,
the microscopic simulation method was performed. Within this context, various scenarios were tested
using the Aimsun Next mobility software simulating the Villaverde district of the city of Madrid, Spain.
The simulated network consisted of 668 road segments with a total length of 23 km and 365 nodes
reaching approximately 2km? as shown in Figure 1. The network geometry was exported from the
OpenStreetMap digital map platform. In addition, the network was calibrated according to real traffic
data. In specific, the model included traffic volume data for the morning peak hour that were collected
in 2018 from 80 detectors and were provided by the Empresa Municipal de Transportes de Madrid (EMT
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Madrid) company. The detectors recorded traffic volume in vehicles per time. Those data were used in
order the network travel demand for the morning peak hour to be simulated. The resulted from calibration
Origin-Destination (OD) matrices of passenger cars and trucks included 30x30 centroids and
corresponded to a travel demand of 5,784 and 716 trips for passenger cars and trucks, respectively. The
existing conventional public transport of the study area was also included in the simulated network and
specifically, 23 conventional bus lines along with 39 public transport stops, frequencies and waiting times
at stops were considered.

I
|

30x30 OD matrices

Villaverde district | : |
| 365 nodes :
|

| |

(Madrid, Spain) |

aimsun.next
Figure 1. The simulated network.

In the aforementioned network, an autonomous shuttle bus line was implemented as depicted in Figure
2. This line was designed to operate in parallel with the existing public transport (the 23 bus lines) and
connected the “La Nave”, a public facility that encompasses numerous activities, with the “Villaverde
Bajo Cruce” subway station. The route of this line was circular with two bus stops in total and its length
was 1.6km. The fleet composed of one electric autonomous shuttle bus: Irizar SAE J3016 (2021) level
4, which is shown in Figure 2, operating with a frequency of 15 minutes, resulting in four departures in
the simulated peak hour. The shuttle bus dimensions were 12m in length and 2.55m in width and had a
total capacity of 60 passengers and 25 passengers seating. Its maximum desired speed was 60km/h,
maximum acceleration 1.36m/s?, maximum deceleration 10m/s? and weight 15,845kg.

Within the present research, three services differentiated in operational speed (15km/h, 30km/h, and
45km/h) are investigated and hence three different sets of simulations were considered as well as one set
representing the current conditions (baseline) without the shuttle bus operation. Each set represented the
corresponding service, including eleven Market Penetration Rates (MPR) of CAVs scenarios (from 0%
to 100% with 10% increments). The CAV MPR concerned both passenger cars and trucks and replaced
the respective conventional vehicle percentages. Consequently, forty-four microscopic simulation
scenarios were formulated and for each one ten different replications with random seeds were simulated
as well. From the simulation of these scenarios, traffic data was recorded every 10 simulation minutes.
Furthermore, the vehicle trajectories were also extracted per 0.4 seconds, equal to the simulation time
step.
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Figure 2. (a) The route and (b) the autonomous shuttle bus of the implemented service.

The CAV driving profile of passenger cars was simulated based on parameters provided in a study by
Oikonomou et al. (2023). In that study, two driving profiles have been presented: 1st and 2nd generation
CAVs, characterized as cautious and aggressive(in comparison to each other). For the present study, the
second generation of CAVs is selected to model CAVs because it is expected to be more advanced and
thus more representative of future networks.

For modelling autonomous trucks and the shuttle buses of the three services, it was assumed that their
driving profile was more cautious than both CAVs and conventional human-driven vehicles due to their
reduced values on maximum acceleration and deceleration. These driving profiles were defined setting
various parameters in the Aimsun software as shown in Table 1, i.e. acceleration and deceleration,
reaction time, lane changing model parameters and overtaking behaviour.

Table 1. Microsimulation vehicle parameters.

Factors Human-driven vehicle CAV Autonomous shuttle bus
Mean 5.0 35 1.36
Max. acceleration Min 30 25 L0
St. Dev 0.2 0.1 0.1
Max 7.0 45 2.36
Mean 34 3.0 3.0
Normal deceleration Min 24 25 25
St. Dev 0.25 0.13 0.13
Max 4.4 35 3.5
Mean 5.0 9.0 10
. Min 4.0 8.5 9.5
Max. deceleration St. Dev 0.50 0.25 0.25
Max 6.0 9.5 10.5
Mean 1.0 1.0 1.0
Clearance Min 0.5 0.8 0.8
St. Dev 0.3 0.1 0.1
Max 15 1.2 1.2
Overtake speed threshold 90% 85% 85%
Look ahead Min 0.8 1.0 1.0
Lane-changing distance Max 1.20 1.25 1.25
. Min 1.0 0.75 0.75
Safety margin Max 1.0 1.0 1.0
Reaction time in car following (sec) 0.8 0.4 0.4
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2.2. Surrogate Safety Analysis

The vehicle trajectories extracted from simulation were analyzed using the Surrogate Safety Assessment
Model (SSAM) software, a model developed by Federal Highway Administration (Pu & Joshi, 2008), in
order for traffic conflicts to be identified. Within the software, a conflict is identified when the time-to-
collision (TTC) and post-encroachment time (PET) are lower from preset thresholds, with 1.5 seconds
and 5.0 seconds default values, respectively. In the present study, the TTC threshold value was different
in case of CAVs due to their smaller standstill distance and was set to 0.5 seconds instead of 1.5 seconds,
based on the framework conducted through the a recent study (Oikonomou et al., 2023).

Through the surrogate safety analysis, a dataset for each scenario set was extracted. These datasets
included information regarding all conflicts occurred during the simulation time and specifically each
row represented one conflict. Each row of the data represented one conflict by offering measures
regarding the conditions that the conflict occurred such as its type, involved vehicle IDs, road segment
ID where the conflict occurred and multiple surrogate safety measures (i.e. TTC, PET, speed, heading,
deceleration, etc.). Afterwards, the vehicle IDs were matched with the corresponding vehicle types by
using a relevant Application Programming Interface (API) in Aimsun software. More information
regarding functions related to vehicle information in Aimsun Next can be found at Aimsun Next Users
Manual (22.0.1). Similarly, the road segment IDs were matched with multiple characteristics derived
from the network through the Aimsun software.

2.3. Data and Descriptive Statistics

The conflict database (each row representing one conflict: 638,163 rows in total) was structured in
order to be analyzed and consequently investigate the relationship of traffic conflict type with regards to
CAV MPR, traffic and network characteristics as well as several safety measures. Specifically, minimum
PET observed during the conflict, CAV MPR (as a percentage, i.e., 0-100%), shuttle bus operational
speed scenario, maximum difference in vehicle speeds of the involved vehicles in the occurred conflict,
conflict angle, number of lanes, number of public transport lines, type, lane, length and width of the
leading and following-vehicles, number of lane changes, speed difference of the involved vehicles, speed
limit, conflict type (i.e., rear-end, lane change, and crossing), road type and traffic control type (i.e., give
way, stop sign, traffic light and none) were included in the final dataset.

The numerical and integer as well as factor variable descriptive statistics are presented in Table 2 and
2, respectively. In Table 2, the data source (Aimsun or SSAM software), type of measurement, a short
description as well as units, and descriptive statistics i.e. sample size (N), minimum value (min), median,
mean, maximum value (max), and standard deviation (Std.) are given.

Table 2. Descriptive statistics of numeric and integer variables.

Variable Source Type  Description Units N Min Median Mean Max Std.
The minimum post encroachment time observed
during the conflict

MPR SSAM  Numeric The total Market Penetration Rate of CAVs % 638,163  0.00 40.00 41.210 100.00 30.747
j‘he maximum dlfference in vehicle spgeds of the kmh 638163  0.00 347 4656 2530 4.061
involved vehicles in the occurred conflict
The angle of hypothetical collision between
ConflictAngle SSAM  Numeric conflicting vehicles, based on the estimated degrees 638,163
heading of the each vehicle

Speed limit of the road segment where the
conflict occurred

Number of lanes of the road segment where the
conflict occurred

PET SSAM  Numeric seconds 638,163  0.00 0.40 0.883 480 1.098

MaxDeltaV SSAM  Numeric

180.00 -0.35 -10.420 180.00 72.190

Speed.Limit Aimsun Integer km/h 638,163 10.00 50.00 47.190 50.00 7.018

Number.of.Lanes Aimsun Integer 638,163 1.00 200 2107 500 1.019




200

201
202
203

204

Number.of.Public.

Number of public transport lines operating in the

Transport.Lines Almsun  Integer road segment where the conflict occurred ) 638,163 0.00 400 5192 1900 5414

FirstHeading ~ SSAM  Numeric Zgﬁfnﬁfd'”g of the leading-vehicle during the 1 o 638163 000 197.24 184.040 359.47 100.969

FirstLane SSAM Integer 1€ number indicating in which lane the leading- _ gag963 100 100 2495 31.00 3.601
vehicle was traveling on during the conflict

FirstLength SSAM  Numeric Igﬁf:fggm of the leading-vehicle in the occurred o 635163 350 411 4780 1200 1.986

FirstWidth SSAM  Numeric Z:rffmfth of the leading-vehicle in the occurred o o 635163 160 183 1885 280 0230

SecondHeading  SSAM  Numeric Zgﬁfngi‘d'”g of the following-vehicle during the - o ¢ 638163 000 172.75 177.020 359.39 105.414
The number indicating in which lane the

SecondLane SSAM Integer following-vehicle was traveling on during the - 638,163  1.00 1.00 1475 5.00 0.745
conflict

SecondLength ~ SSAM  Numeric '€ length of the following-vehicle in the meters 638163 350 408 4893 1200 2.290
occurred conflict

Secondwidth ~ SSAM  Numeric L€ Width of the following-vehicle in the meters 638,163 160 183 1890 280 0.243

occurred conflict

Similarly, in Table 3 the data origin (Aimsun or SSAM software), variable type, a short description,
the levels of the variables and descriptive statistics i.e. sample size (N) and percentage (%) are provided.

Table 3. Descriptive statistics of factor variables.

Variable Source Type Description Levels N Percentage
Rear-end 312,368 48.9%
. . Lane change 105,571 16.5%
Conflict type SSAM  Factor Type of the recorded conflict .
Crossing 220,224 34.5%
Total 638,163 (100.0%)
Give way 73,954 12%
None 408,966 64%
ControlType Aimsun Factor \S:v?]:?eotlhtgggr?glit:teorcocﬁ;e(?mem '?'tr(;?'fic Light 1;2228 ;Zj:
N/A 35,453 6%
Total 638,163 (100.0%)
Primary 230,714 36%
Residential 172,690 27%
. Secondary 86,483 14%
Road.Type Aimsun Factor .
Tertiary 116,361 18%
Unclassified 31,915 5%
Total 638,163 (100.0%)
Baseline 159,569 25%
) ) 15km/h 148,474 23%
ScenariolrB Aimsun Factor ;’Cf:aen:?il:)ttle bus (Irizar) service speed 30km/h 165,486 26%
45km/h 164,634 26%
Total 638,163 (100.0%)
Human-driven - passenger car 324,611 51%
Human-driven - freight vehicle 39,656 6%
) o Human-driven - bus 23,367 4%
FirstVehType =~ SSAM  Factor ;Ze;gffrg dtzg[ﬁﬁg;ng'vemc'e N cav- passenger car 219,109 34%
CAV - freight vehicle 30,260 5%
AV - shuttle bus 1,160 0%
Total 638,163 (100.0%)
The type of the following-vehicle in Human-driven - passenger car 388,449 61%
SecondvenType SSAM  Factor oglé)urred conflict ’ Human-driven - freight vehicle 27,281 4%
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Human-driven - bus 38,850 6%

CAV - passenger car 156,027 24%
CAV - freight vehicle 20,408 3%
AV - shuttle bus 7,148 1%
Total 638,163 (100.0%)

2.4. Mixed-Effects Multinomial Logit Regression

The aim of the present study entails the classification of a dependent (or response) variable, i.e. conflict
types while taking into account network characteristics, which would be independent (or explanatory)
variables. However, it was necessary to account for differences in the various scenarios, such as increases
of MPR of general traffic CAVs or increases in the adopted speed profile of the automated shuttle. Thus,
a classification model was needed which would allow for flexibility and variation in its coefficients based
on groups of the explanatory variables.

Therefore, the selected models for implementation fitting the above description were the Mixed-Effects
Multinomial Logit Regression models (ME-MLMs), i.e. multinomial regression models containing
random effects in the form of random intercepts. The multinomial logit regression link is well-established
in the literature, therefore a brief outline is provided here solely based on more extensive works (Pinheiro
& Bates, 2000; Agresti, 2007). The main linear predictor function is:

logit(Pr(Y; = ¢)) = B.X; + u;Z; (Eq.1)

Where Pr(Y; = c¢) denotes the probability of Y;, the dependent variable, belonging to category c, one of
the C categories present in the sample overall. The fixed-effects part of the model is expressed by the
independent variables X;, which are regulated by the fixed-effects coefficients S., associated with each
category c¢. The random-effects part of the model is expressed by the random predictor variables Z;,
regulated by the random-effects coefficients u; which follow a normal multivariate distribution
(governed by within-group correlations).

For computational reasons during the ME-MLM fitting, the simulated data underwent z-score scaling, a
common standardization process which does not affect the obtained coefficients. Mathematically, for
every parameter x with a mean x and a standard deviation S a scaled value is obtained:

Xscalea = (x —X)/S (Eq.2)

The best-fitting model which contains the more informative variable combination and explains the
highest degree of variance per given dataset is selected as the one with the smallest residual deviance and
larger differences in deviance when comparing consecutive models, as this indicates an improvement in
model fit. This is determined by ANOVA (log-likelihood test) between the fixed effects baseline and the
various configurations of the model. Within this study, R-studio has been used (R Core Team, 2019) for
the analyses, and specifically ME-MLM models are applied using the mclogit package by EIff (2021).

3. Results

Traffic conflicts can be characterized as maneuvers, constituting parameters describing physical
movement of the vehicles. The target of the present analysis is to classify the three conflict types (rear-
end, lane change and crossing conflicts) of the present research based on an array of independent
variables. To achieve this target, as the SHOW project provided a wealth of data, a series of ME-MLMs

8
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were fitted with varying configurations. After a trial phase, it was determined that a model featuring a
series of geometrical, network and automated traffic characteristics, while including variables describing
the first and second vehicle involved in each conflict, displayed the optimal performance.

The random effects constitute additional mathematical terms in the model that serve to better adapt the
classification algorithm to the specific dataset, expressed in this case with random intercepts per specific
variables. In other words, the constant of the model is allowed to vary across groups of a designated
variable. The random part of the optimal model comprised random intercepts for each MPR level of
CAVs in the network. The comparison is shown in Table 4 below for a baseline fixed-effects model and
a competitor model that comprised random intercepts per shuttle bus speed scenario; various other
configurations were tested as well but showed poorer performance. In Table 4, the model family and
configuration, along with residual degree of freedom (df), residual deviance, degree of freedom (df) and
difference of deviance are included.

Table 4. ANOVA Log-likelihood comparison of MLM models.

Model Family Model Configuration Residual Residual df Difference of
df Deviance Deviance
MLM Fixed effects only [baseline] 1,205,348 557,824 - -
Fixed effects & 1.205.345 557.824 O 0.00
ME-MLM Random Intercepts for S '
shuttle speed scenario
ME-MLM Fixed effects & 1,205,345 557,442 3 385.81

Random Intercepts for MPR

As evident, the third variant has a lower residual deviance, and a larger difference of deviance than its
competitors, thus it is selected as the optimal model from the analysis. In this model, crossing conflicts
are used as reference category, and the results of lane change and rear-end conflicts are compared and
interpreted against this category. Model results, i.e., Coefficient, Standard Error (SE), Odds Ratio (OR),
Confidence Interval (CI) and p value (p), are shown in Table 5, for the optimal model including random
intercepts for MPR.



261 Table 5. ME-MLM results with crossing conflicts as reference category

262 (statistically significant predictors appear in bold).
ConflictType: lane change ConflictType: rear end

Predictors Coefficient SE  OR Cl p Coefficient SE OR Cl p
Intercept -6.043 0.266 0.00 0.00-0.00 <0.001 -2.169 0.299 0.11 0.06 -0.21 <0.001
PET 0.329 0.007 139 1.37-1.41 <0.001 0.656 0.007 1.93 1.90-1.95 <0.001
MPR -0.000 0.001 1.00 1.00-1.00 0.511 -0.001 0.001 1.00 1.00-1.00 0.124
MaxDeltaV -0.178 0.002 0.84 0.83-0.84 <0.001 -0.741 0.003 0.48 0.47-0.48 <0.001
ConflictAngle 0.010 0.000 1.01 1.01-101 <0.001 0.006 0.000 1.01 1.01-101 <0.001
ControlTypeNone [Give way] 1.867 0.027 6.47 6.13-6.82 <0.001 1.200 0.024 3.32 3.17-3.48 <0.001
ControlTypeStop [Give way] -1.358 0.108 0.26 0.21-0.32 <0.001 0.928 0.040 253 2.34-274 <0.001
ControlTypeTraffic Light [Give way] 2.006 0.036 7.43 6.93-7.97 <0.001 1591 0.032 491 461-522 <0.001
Road.TypeResidential [Primary] 2.617 0.049 13.69 12.44-15.06 <0.001 2.312 0.047 10.09 9.21-11.06 <0.001
Road.TypeSecondary [Primary] 2.238 0.041 9.37 8.66-10.14 <0.001 2.440 0.039 11.47 10.62-12.39 <0.001
Road.TypeTertiary [Primary] 2.258 0.046 9.56 8.73-10.47 <0.001 1.138 0.046 3.12 2.85-3.41 <0.001
Road.TypeUnclassified [Primary] 4.181 0.048 65.45 59.56 — 71.92 <0.001 2.633 0.050 13.92 12.61-15.36 <0.001
Speed.Limit -0.017 0.001 0.98 0.98-0.99 <0.001 0.028 0.001 1.03 1.03-1.03 <0.001
ScenariolrB15 [Baseline] 0.013 0.014 1.01 099-1.04 0.338 0.073 0.016 1.08 1.04-1.11 <0.001
ScenariolrB30 [Baseline] -0.009 0.013 0.99 0.96-1.02 0.483 -0.032 0.015 0.97 0.94-1.00 0.039
ScenariolrB45 [Baseline] 0.007 0.013 1.01 0.98-1.03 0.627 -0.018 0.015 0.98 0.95-1.01 0.254
Number.of.Lanes 2171 0.020 8.78 8.44-9.13 <0.001 1968 0.019 7.16 6.89-7.43 <0.001
Number.of.Public.Transport.Lines -0.089 0.004 0.92 0.91-0.92 <0.001 -0.146 0.004 0.86 0.86-0.87 <0.001
FirstHeading -0.003 0.000 1.00 1.00-1.00 <0.001 -0.002 0.000 1.00 1.00-1.00 <0.001
FirstLane 0.062 0.003 1.06 1.06-1.07 <0.001 0.075 0.003 1.08 1.07-108 <0.001
FirstLength -0.061 0.011 0.94 0.92-0.96 <0.001 -0.051 0.012 0.95 0.93-0.97 <0.001
FirstWidth -0.099 0.042 091 0.83-0.98 0.018 -0.262 0.048 0.77 0.70-0.85 <0.001
FirstVehTypeConvCars [Conv Buses] -0.125 0.100 0.88 0.73-1.07 0.213 -1.046 0.109 035 0.28-0.44 <0.001
FirstVehTypeConvTrucks [Conv Buses] -0.160 0.058 0.85 0.76-0.96  0.006 -0.967 0.060 0.38 0.34-043 <0.001
FirstVehTypeCAVs [Conv Buses] -0.042 0101 096 079-117 0678 -0.768 0.109 0.46 0.37-0.57 <0.001
FirstVehTypeAutomatedTrucks [Conv Buses] -0.219 0.059 080 0.72-0.90 <0.001 -0.884 0.061 0.41 0.37-047 <0.001
FirstVehTypeShuttle[Conv Buses] -0.310 0.130 0.73 057-0.95 0,017 -0.893 0.167 041 0.28-0.57 <0.001
SecondHeading 0.006 0.000 1.01 1.01-1.01 <0.001 0.003 0.000 1.00 1.00-1.00 <0.001
SecondLane -0.175 0.011 0.84 0.82-0.86 <0.001 0.252 0.012 129 126-132 <0.001
SecondLength -0.037 0.012 0.96 0.94-0.99 0.002 -0.058 0.014 0.94 0.92-0.97 <0.001
SecondWidth 0.013 0.043 101 093-1.10 0.760 -0.078 0.050 0.93 0.84-1.02 0.119
SecondVehTypeConvCars [Conv Buses] 0.606 0.104 1.83 1.49-225 <0.001 -0.111 0.118 0.90 0.71-1.13 0.349
SecondVehTypeConvTrucks [Conv Buses] 0.333 0.057 1.39 1.25-156 <0.001 -0.579 0.063 0.56 0.50-0.63 <0.001
SecondVehTypeCAVs [Conv Buses] 0578 0.104 178 1.45-219 <0.001 -0.607 0.118 055 043-0.69 <0.001
SecondVehTypeAutomatedTrucks [Conv Buses] 0.394 0059 148 1.32-1.66 <0.001 -0.733 0.066 0.48 0.42-0.55 <0.001
SecondVehTypeShuttle[Conv Buses] 1.236  0.043 344 3.16-3.75 <0.001 0.984 0.069 2.68 2.34-3.07 <0.001
lane change/crossing x VCov(~1,~1) 0.004 0.000 0.001 0.000

rear end/crossing x VCov(~1,~1) 0.001 0.000 0.008 0.000

Groups by MPR 11

Observations 602,710

263

264  Moreover, ORs can also be visualized by contribution in a logarithmic scale, as shown in Figure 3.
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Figure 3. Odds ratio contributions of each variable in the model (blue > 1, red < 1).

The interpretation of the results against the crossing conflict category is quite straightforward, and it is
presented in the following Discussion section. For significant variables, an OR higher than 1 denotes a
variable that contributes to each observation falling into the examined category compared to crossing
conflicts through a multiplication by a factor of e, all else remaining constant.

Furthermore, the random effects of the model were found to be statistically significant, expressed as
random intercepts, based on Table 5. In other words, each MPR value in the examined range provides a
unique constant term to the model apart from the universal constant term of the regression. The values
of these extra terms can be visualized in Figure 4. Specifically, each random intercept is shown in the
chart, colored by conflict type (lane change random effects are shown in orange, while rear-end effects
are shown in pink). In addition, the dot size represents the substrata size, i.e. the frequency of the
subsample where MPR has the corresponding percentage value, and in which the random effect is
applied.

It can be deduced that the random effects fluctuate more in lower MPR values for rear-end conflicts,
while random effects fluctuate more in higher MPR values for lane change conflicts. Thus, MPR levels
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281  are considered to meaningfully contribute towards explaining the variance of the conflict type response
282  variable. In other words, these random effects show the manner in which each MPR percentage
283  contributes towards a specific conflict type generation compared to others.

Randem Effects by MPR
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285 Figure 4. Random intercepts per MPR for each conflict type.

286

287  The distributions of the three probability density curves (one for each conflict category) are shown on
288  Figure 5. Each probability density curve represents the distribution of predicted probabilities for each
289  conflict type generated by the model. The x-axis shows the probability score of each category given the
290  model predictions, while the y-axis represents the density of those probabilities, which indicating how
291  frequently different probability values occur within the sample. The plot aims to illustrate how the
292  model's predictions are distributed across different conflict categories.
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Figure 5. Probability allocation per conflict category from the ME-MLM

4. Discussion

At this stage, the interpretation of the model results can be conducted, after examining the previous
Tables and Figures. Critical inputs are derived from the coefficients of Table 5 have been visually
represented in Figure 6 to facilitate comparative evaluation.

Type of conflict Type of conflict Type of conflict Type of conflict Type of conflict
Ref. Crossi Ref. Crossi Ref. Crossi Ref. Crossi Ref. Crossi
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Figure 6. Graphical representation of ME-MLM coefficients
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Indicatively, if PET increases by one unit while all other variables remain constant, the odds of a conflict
observation belonging to the lane change conflict increase by a factor of %329 = 1.39, while the odds
of a conflict observation belonging to the rear-end conflict increase by a factor of ¢%65¢ = 1.93. These
results are intuitive, as PET increases are more closely related to reduced lane changing margins, while
they are absolutely critical to the creation of rear-end conflicts and crashes compared to crossing
conflicts, hence the much higher OR.

In a similar manner, it can be surmised that higher MPR and higher maximum speed difference
(MaxDeltaV) between vehicles lead to reduced probabilities that a conflict will be of the lane change or
rear-end types compared to the crossing type. In other words, more CAVs in the network, or vehicles
with higher speed differences lead to more crossing conflicts. Moreover, different control types and no
control type generally increase the probability of lane change or rear-end types compared to crossing
conflicts, relatively to the ‘Give way’ control type. The only exception is the ‘Stop’ control type which
reduces lane change probability only compared to crossing conflicts, while increasing rear-ending
probability.

Compared to primary roads, circulation in any other road type leads to reduced probabilities that a
conflict will be of the lane change or rear-end types compared to crossing conflicts. Higher speed limits
lead to more rear-end conflicts, but less lane changing conflicts compared to crossing conflicts.

The shuttle bus operational speed for Irizar buses led to more rear-end conflicts compared to crossing
conflicts when it was 15 km/h and 30 km/h, which can be interpreted as a ‘moving disruption’ that
simulated vehicles encounter while moving at higher speeds and then suddenly braking behind the
automated shuttle. Increased numbers of overall lanes on the segment of circulation constitute lane
changing and rear-end conflicts more likely compared to crossing conflicts, however, increased numbers
of public transport lanes inverse these effects, making crossing conflicts more likely.

Regarding first (leading) and second (following) vehicle parameters, i.e. first heading (i.e. headway),
width, length and first vehicle type (compared to conventional buses), are mostly found to reduce lane
change or rear-end conflicts compared to crossing conflicts overall, with some non-statistical significant
effects present. On the other side, second heading increases lane change or rear-end conflict chances of
appearance compared to crossing conflicts overall.

Second (following) vehicle types other than conventional buses generate more lane change conflicts but
less rear-end conflicts compared to crossing conflicts, apart from shuttle buses which generate both more
lane change conflicts and rear-end conflicts. This appears sensible due to lack of agility characterizing
buses, and the fact that they have to comply with lower operational speeds as a results. The particular
lane of movement for first vehicles increases likelihood of lane change and rear-end conflicts compared
to crossing conflicts. For second vehicles, the likelihood of rear-end conflicts similarly decreases, while
lane change conflicts increase instead.

Lastly, in multiclass classification models, sharper curves denote more concentrated density around the
correct categories, indicating higher certainty in predictions. Based on Figure 5, the model shows a
satisfactory certainty performance judging by density sharpness.

The present research effort naturally includes some limitations. A considerable part of the limitations
pertains to the use of traffic microsimulation. In particular, there are no pedestrians integrated in the
models, and there is no illegal behavior encoded therein, in terms of adherence to speed limits for any
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vehicle or impaired driving (for the conventional vehicle drivers). On a related note, due to coding
restrictions, crash conditions are excluded from occurring in the microscopic simulation environment.
Some assumptions in the CAV profiles always exist, as it is anticipated that different manufacturers will
not use the exact same settings in their Artificial Intelligence pilots. Regarding the applied ME-MLM
model, the obtained results ought to remain valid as effects, however, more efforts would be needed for
a broader, more universal sample to achieve higher transferability of results. Random effects are typically
harder to transfer due to their mathematical nature, however, the high-level conclusion that different
traffic mixes of varying MPRs impact how conflicts are generated can be anticipated in other study areas
as well.

Notably, conflicts are not necessarily harsh events or near misses, and certainly not crashes. Therefore,
steps should be taken to even more solid safety indicators. A related future research direction would be
to examine the impact of harsh braking events on safety within automated transit systems, and the extent
to these can serve as surrogate safety measures, potentially supplying statistical inferences of simulated
crashes (Oikonomou et al., 2023), extending the existing research and offering insights into potential
mitigative measures.

5. Conclusions

The analysis yielded several significant findings that quantified safety impacts of automated services in
various levels of CAV market penetration. These findings provide quantitative measurements and
assessments of the effects observed, enabling a better understanding of the safety implications associated
with the widespread adoption of automated services. The quantification of safety impacts is considered
as highly important as it enables stakeholders to make informed decisions regarding the deployment and
operation of automated services.

Itis evident that a large array of variables influence conflict type classification. Road type, infrastructure
elements (such as total and public transport lane number), first and second vehicle characteristics and
lanes of movement all affect classification outcomes between crossing, lane change and rear-end
conflicts. More macroscopically, results indicate new and unexplored possibilities of novel types of road
safety assessments, many of which can be proactive, and as such they can be applied in uncharted study
areas before crashes occur. The combination of traffic simulation and statistical/econometric models
provides undeniably promising venues, which can be better materialized if the respective data analyses
is conducted across sites in a standardized manner, enabling better validation and forecast capabilities.

The analysis of safety impacts of automated services, such as these provided by the present study,
highlights the need for informed policymaking. Quantifying these impacts provides crucial data for
developing regulatory frameworks tailored to autonomous vehicle technologies. As per the
aforementioned, it can be deduced that varying MPRs impact how and what types of conflicts are
generated, to a degree. Therefore, policymakers and related stakeholders must be mindful during all
stages of AV integration into their transport systems, as fluctuations of safety levels may occur. These
findings also can be important in specific parts of a wider transport network, where, due to
socioeconomic, geographical, practical or other factors MPR may change drastically compared to the
average, with the different types of conflicts manifesting there.
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