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Abstract

Autonomous Vehicles (AVs) promise to transform urban mobility by
improving traffic flow and safety, but their actual impact under varied
traffic and geometric conditions remains uncertain, warranting further
study. This study evaluates the impacts of AVs on the operational and
safety performance of a signalized tight diamond interchange at
Executive Towers Business Bay, Dubai, under mixed traffic conditions.
Three AV driving logics: aggressive, normal and cautious, were gradually
introduced, replacing conventional cars while maintaining a constant mix
of 2% heavy vehicles and 1% buses. A calibrated and validated traffic
model was developed in PTV VISSIM using site-specific geometric and
operational data, with maximum queue length used as the measure of
effectiveness (MOE). Thirteen scenarios were simulated to evaluate
varying AV penetration levels. Delay outputs were extracted from VISSIM,
while vehicle trajectory files were analyzed in the Surrogate Safety
Assessment Model (SSAM) using TTC thresholds of 1.5 and 1.0 seconds.
Calibration yielded optimal values for VISSIM’s car-following parameters:
average standstill distance (1.35 m), additive part of safety (0.75 m), and
multiplicative part of safety (1.50 m). Results showed that at a demand
level exceeding 5,000 veh/hr, AV-Aggressive at 100% penetration
reduced average delay by 7.5% and total conflicts by 48.6% compared to
conventional vehicles. In contrast, AV-Cautious increased delay by 90.6%
and conflicts by 69.2%. AV-Normal caused a modest 3.5% increase in
delay but reduced conflicts by 26.7%. Overall, Scenario 13, 100% AV-
Aggressive—demonstrated the best operational and safety performance.
These results highlight the critical role of AV driving logic in shaping
interchange performance, with aggressive AV behavior at full penetration
offering the most substantial improvements in delay reduction and
conflict mitigation. This suggests that future AV integration strategies
should consider behavior modeling as a key factor in optimizing traffic
operations and safety in complex urban environments.

This is an open access article under the CC BY-NC-SA 4.0 license.
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1. Introduction

The transport sector is undergoing significant transformation driven by Industry 4.0 and the digitalization of the
entire value chain. Globally, road accidents and traffic congestion continue to pose serious challenges, with
projections indicating that these issues may worsen over time [1]. The introduction of self-driving cars presents
a promising solution, with estimates suggesting they could reduce such incidents by 80% by the year 2040 [2]. In
an ideal scenario, an Autonomous Vehicle (AV) or self-driving car, is capable of perceiving its environment and
navigating without human intervention [3]. These vehicles are typically equipped with a range of sensors,
including video cameras, radars, and GPS, which enable them to detect, interpret and respond to their
surroundings effectively.

Research has consistently shown that autonomous driving can help alleviate traffic congestion by increasing
traffic capacity, improving safety margins in car following scenarios and reducing time headways between
vehicles [4], [5]. In the United States alone, a 2018 reported approximately 6 million traffic incidents, resulting in
3.5 million fatalities and 2.5 million injuries [6]. By gradually replacing human control, AVs have the potential to
significantly reduce driver-related accidents.

AVs enhance road safety by addressing key risk factors such as driver error, driver fatigue and impairment
due to alcohol or drugs, which are among the leading causes of traffic collisions [7]. Beyond safety improvements,
AVs offer a range of additional benefits, including increased productivity, reduced pollution, improved fuel
efficiency, and lower parking costs [7]. Their ability to optimize driving patterns contributes to reduced fuel
consumption and fewer harmful emissions, helping to mitigate environmental impacts such as ozone layer
depletion and the greenhouse effect. Furthermore, AV technology demonstrates significant potential in enhancing
mobility for older people and individuals with disabilities, owing to its assistive capabilities that facilitate
independent travel and improve accessibility [8].

As AVs become increasingly integrated into urban transportation systems, it is essential to evaluate their
impact on key infrastructure components, particularly intersections. The interaction of various AV driving
behaviours within mixed traffic environment, especially at varying levels of market penetration, can significantly
influence traffic delays and safety outcomes. Research shows the importance of understanding AVs' effect on
overall road network performance, highlighting their potential to enhance traffic flow and reduce time losses.
Notably, AVs reduce vehicle spacing, maintain stable vehicle columns, and improve manoeuvring safety through
appropriate algorithms [9]. The literature further indicates that AVs’ consistent headway, speed and spacing,
along with shorter reaction times and smoother acceleration and deceleration profiles, positively affect traffic
operations [10], [11]. However, the magnitude of these benefits varies depending on geometry and prevailing
traffic conditions. For instance, one study reported a delay reduction exceeding 96% at full AVs penetration in a
hypothetical urban intersection [12], while another study observed a 12% improvement at a signalized
intersection [13].

Despite these promising outcomes, concerns remain regarding AV performance at low penetration rates and
their typically cautious driving behaviour [14], [15]. While AVs are expected to improve traffic operations and
safety, their performance under different geometric configurations and in mixed traffic conditions remains
uncertain. This gap in understanding highlights the need to examine how different AV driving behaviors influence
traffic delays and safety at complex urban intersections, particularly as market penetration increases. Dubai has
set a target to incorporate 25% autonomous transportation for all trips by 2030, aiming to reduce accidents and
losses by 12% and increase individual productivity by 13% [16]. Given these goals, Dubai’s road network provides
an ideal setting for predicting the impacts of AVs on current geometric and traffic conditions. This study aims to
evaluate the impact of varying AV penetration levels at a signalized tight diamond interchange in Dubai. The
structure of the paper is as follows: Section 2 outlines the methodological approach used to create the initial
simulation model, identify parameters for both CVs and AVs, and prepare simulation scenarios. Section 3 presents
the results derived from the simulation output generated by VISSIM and the total conflicts assessed using the
Surrogate Safety Assessment Model (SSAM). Section 4 discusses the comparison of the simulation outputs. Finally,
Section 5 presents the conclusions drawn from the study's findings.

2. Methodology

The methodology involves three phases as illustrated in Fig. 1. The first phase includes the characterization of the
study site, identification of data types, and selection of data collecting methods. In the second phase, a traffic
simulation model is developed using PTV VISSIM. This is followed by a calibration and validation process which
employs maximum queue length as the primary measure of effectiveness (MOE). The third phase applies the
calibrated and validated model to assess the impact of AV’s impacts on traffic delay across varying penetration
levels AV types. Additionally, traffic conflict analysis is conducted using trajectory data processed through
Surrogate Safety Assessment Model (SSAM). The results from VISSIM (delays analysis) and SSAM (conlict analysis)
are evaluated and discussed for different scenarios consided in the study.
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Fig. 1 Phases of methodology

2.1 Site Description

The study was conducted at the Executive Towers interchange in Business Bay Dubai, as shown in Fig. 2. The
selected site features a tight diamond interchange configuration, comprising two closely spaced at-grade
intersections. Its high traffic volumes, diverse mix of road users, complex traffic dynamics, and strategic location
within Dubai's central business district, approximately 2.4 km away from Burj Khalifa, make it an ideal setting for
evaluating the potential impacts of AVs on traffic delay and safety performance.
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Fig. 2 Location of the selected study site

The selected site is situated at the intersection of Al Khaleej Al Tejari 1st Street and Al Mustagbal Street, with
geographic coordinates of 25°11'20"N latitude and 55°15'42"E longitude. Al Mustaqbal Street features grade-
separated underpasses that facilitate uninterrupted movement for through traffic. Located in the heart of Dubai’s
Business Bay District, one of the city’s busiest urban areas, the intersection experiences substantial traffic volumes
and serves key destinations such as the Executive Towers, Bay Avenue Mall, and a variety of commercial and
residential developments. Business Bay’s high population density, combined with its concentration of luxury
residence and corporate offices, contributes to significant daily traffic congestion. These conditions make the
intersection a suitable candidate for evaluating the potential operational and safety benefits of AVs. While AVs are
anticipated to mitigate traffic challenges in such high-demand urban environments, simulation-based
investigations are essential to understand their potential impacts under existing traffic conditions.

2.2 Data Collection

To facilitate the evaluation, data was collected from the study site and subsequently input into PTV VISSIM for
model development, calibration, and validation. The collected data was classified into two distinct types:
geometric and traffic data. Geometric data included parameters such as the number of lanes, lane dimensions, and
the overall layout of the intersection. Traffic data encompassed traffic volume and turning movement proportions,
traffic composition, maximum queue length and the traffic signal timing and phasing. Traffic data was primarily
obtained through video recordings conducted at the study site.

Traffic volume data was specifically recorded during the morning peak period, over a one-hour interval from
8:30 AM to 9:30 AM on September 5, 2023. These details are presented in Table 1.

Table 1 Turning movements critical AM peak time (8:30 AM to 9:30 AM)

Road/Direction of the Type of Vehicle Vehicles Count Turning Flows (Vehicles) -
Approach U-Turn Left  Through  Right
North Bound Light Vehicles 1295 360 181 380 374
(To Executive Towers) Heavy Vehicles 39 7 7 13 12
Total 1334 veh/hr
South Bound Light Vehicles 1080 116 141 653 170
(From Executive Towers) Heavy Vehicles 26 - 4 21 1
Total 1106 veh/hr
East Bound Light Vehicles 2144 * 777 867 500
(From Dubai Metro) Heavy Vehicles 37 * 11 14 12
Total 2181 veh/hr
West Bound Light Vehicles 575 10 231 211 123
(To Dubai Metro) Heavy Vehicles 31 0 11 19 1
Total 606 veh/hr
Grand Total 5227 veh/hr

Note: *U-turn movement for East Bound movement is blocked.
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As part of the traffic survey for base model calibration, a detailed analysis of intersection signal timings and
maximum queue lengths was conducted. Fig. 3 and Table 2 depict the phasing layout and the duration of each
phase during the critical morning peak period. Table 3 shows the maximum queue lengths recorded at each
approach during the morning peak.

Fig. 3 Existing signal phasing plan

Table 2 Existing signal phasing and timings for the critical morning peak hour

Time in seconds

Phase Bound Allowed movements
Green Amber All-Red
Phase 1 North Bound 47 3 3 U-Turn, Left, Through
Phase 2 South Bound 45 3 3 U-Turn, Left, Through & Right
Phase 3 East Bound, SB-R* 47 3 5 Left, Through & Right
Phase4  West Bound 22 3 3 U-Turn, Left, Through & Right
Phase 5 East Bound, SB-R* 27 3 3 Left, Through & Right

Total Cycle Length: 220 secs

Note: *SB-R refers to the South bound’s right turning movement that is given right of way during East
bound’s green phase since U-turn movement for East bound movement is blocked. Hence, both the
movements don’t have conflict.

Table 3 Maximum observed field queue length during morning peak hour

Bound Queue Length (meters)
North Bound 185
South Bound 92
East Bound 208
West Bound 65

2.3 Base Model Development - PTV VISSIM

Several steps were undertaken to develop a realistic traffic simulation model for this study. The model was
constructed in PTV VISSIM using geometric and operational data collected from the field. Network links were
created and connected using connectors to replicate the actual road layout, with the physical characteristics of the
network reflecting the site’s geometric features. Once the geometric configuration was established, traffic data
was input for each approach, including turning proportions defined through vehicle routing. Vehicle composition
for each approach was also incorporated based on field observations. Total approach volumes were assigned to
initial links, while vehicle paths were used to distribute relative flows for each turning movement.

Subsequently, traffic control data such as signal phase timings and sequences, were defined in VISSIM based
on field measurements. Signal groups were created to manage signal operations, and signal heads were assigned
to the appropriate lanes. Data collection points and queue counters were strategically placed within the network.
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Simulations were initially run using default parameters to extract outputs related to traffic volumes and queue
lengths.

The layout of the study intersection, comprising the major road (Al Mustagbal Street) and the minor road (Al
Khaleej Al Tejari 1st Street), was modeled in VISSIM to replicate the tight diamond interchange, as illustrated in
Fig. 4(a). The coded VISSIM model of the intersection is shown in Fig. 4(b).

-

&Y £ : 9755 ) i Conventional Cars e
Autonomous Cars s

Buses and HGYs s

(@) (b)
Fig. 4 The considered study site; (a) plan layout of the site geometry; (b) simulation ran on base model in VISSIM

2.4 Model calibration & validation

The calibration procedure aimed to align the simulation model’s performance with real-world traffic conditions
by minimizing the discrepancy between the model’s and field-observed measures of effectiveness (MOEs) to
within +20%, as recommended by the Florida Department of Transportation [17]. This threshold ensures the
model's reliability in replicating actual site conditions, thereby supporting accurate operational and safety
assessments. Calibration was conducted using maximum queue length as the MOE [18], with two rounds of
sensitivity testing involving 15 scenarios. These scenarios varied three key car-following parameters (P1, P2, and
P3) across quintile ranges, as detailed in Table 4, and the resulting percentage differences were summarized in
Table 5.

To ensure the model reflects local driving behavior, site-specific geometric and traffic data from Dubai were
used in the calibration process. This step is critical, as it enables the simulation to produce realistic vehicle
interactions for operational analysis. Furthermore, the calibrated model generates vehicle trajectory data that
accurately represents local driving dynamics, which is essential for conducting meaningful safety evaluations
using the Surrogate Safety Assessment Model (SSAM). By grounding both operational and safety assessments in a
validated, context-specific model, the study ensures that its findings are both credible and applicable to real-world
conditions.

Table 4 Calibration parameters and ranges of their values

Sr.No. Selected Parameters 52{3:lt Range Tested Variable Values for Calibration (m)
1 P1 Average standstill distance 2m 1.0-3.00m 1 1.5 2 2.5 3
2 P2 Additive part of safety distance 2m 0.3-1.15m 03 05 075 1 1.15
3 P3 Multiplicative part of safety distance 3m 0.5-1.50m 05 075 1 1.25 15

Based on the parameter values listed in Table 4, Table 5 presents the cumulative percentage differences
between field observations and model outputs when each parameter is varied individually, while the other two
parameters are held at their default values.
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Table 5 Cumulative percentage difference between model and field values for various parameter values

Calibration Parameters Queue Length (m)

Range of Cumulative
Calibgation P1 P2 P2 NB SB EB WB % Difference
Parameters Field Observed 185 92 208 65

From Default Parameters 0.16 0.09 0.21 0.07 53%

1.00 * * 0.23 0.11 0.16 0.07 57%

1.50 * * 0.09 0.08 0.12 0.03 32%

1'00(_})31')00 m 2.00 * * 0.16 0.09 0.21 0.07 53%
2.50 * * 0.09 0.07 0.33 0.14 63%

3.00 * * 0.10 0.17 0.32 0.13 72%

* 0.30 * 0.15 0.06 0.22 0.09 52%

* 0.50 * 0.12 0.01 0.10 0.01 24%

0'30('P12')15 m * 0.75 * 0.13 0.01 0.17 0.02 33%
* 1.00 * 0.15 0.03 0.22 0.03 43%

* 1.15 * 0.20 0.05 0.27 0.06 58%

* * 0.50 0.14 0.02 0.13 0.03 32%

* * 0.75 0.13 0.11 0.20 0.04 48%

0'50(_;3')50 m * * 1.00 0.11 0.03 0.15 0.06 35%
* * 1.25 0.13 0.02 0.14 0.02 31%

* * 1.50 0.10 0.01 0.06 0.04 21%

Note: Bold value indicates the lowest cumulative percentage difference between model and field values and its
corresponding parameter value.

To improve the fit between simulation outputs and field data, the parameter combination yielding the lowest
cumulative percentage difference was identified, specifically, P1 = 1.50, P2 = 0.50, and P3 = 1.50, as indicated in
Table 5. These values were then refined further by subdividing them into smaller intervals for a second iteration.
The results of this refined calibration are presented in Table 6, which demonstrates that a specific combination of
the three parameters produces the minimum cumulative percentage difference. The resulting differences between
field and simulated queue lengths fall within acceptable thresholds. Therefore, the parameter set that best
matched the field data was selected as the final calibrated values.

Table 6 Cumulative percentage difference of the model for all combinations of the values of the chosen parameters

Avel‘"iage11 Apiilttlovfe Multiplicative part of safety distance (P3)
Standsti
dizltaaﬁce dfstf:ze 1.35 1.50 1.60
(P2) NBL SB_EB WB NB SB_EB _WB NB SB _EB _WB
o5o 011 006 007 005 011 006 005 005 011 007 012 0.03
29% 27% 33%
135 oo 012 008 004 002 012 008 012 005 017 006 016 0.07
26% 37% 46%
o075 010 005 005 003 009 004 003 002 012 006 010 004
23% 18% 32%
oso 013 003 007 006 011 004 018 004 014 004 007 008
29% 37% 33%
150 oo 010 009 013 010 014 004 015 002 017 008 010 0.04
42% 35% 39%
o7s 011 003 018 007 011 001 009 003 015 005 008 001
39% 24% 29%
050 009 004 017 003 019 003 011 011 010 001 012 0.3
33% 44% 26%
165 oo 011 004 013 002 010 004 004 005 009 001 009 0.02
30% 23% 21%
o7s 011 004 011 002 013 004 012 003 009 003 007 001
28% 32% 20%
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Following the initial calibration phase, the optimal car-following behavior parameters identified in Table 5
based on 15 simulation scenarios were further refined through a secondary calibration process. This involved
conducting 27 additional simulation scenarios by subdividing the selected parameter ranges. The final calibrated
parameter set was determined by identifying the combination of values for P1, P2, and P3 that yielded the lowest
cumulative percentage difference between simulated and observed field data.

As shown in Table 6 and indicated in blue font, the minimum cumulative difference of 18% was achieved
when P1, P2, and P3 were set to 1.35 m, 0.75 m, and 1.50 m, respectively. These results are summarized in Table
8. The absolute percentage error between the simulated and field cumulative maximum queue lengths was 18%,
which falls within the acceptable threshold of £20%, a benchmark commonly used for model calibration accuracy
and endorsed by agencies such as Caltrans and the Florida Department of Transportation [17]—[21].

Consequently, the model is considered successfully calibrated and suitable for evaluating design or
operational modifications. This calibration criterion, based on FDOT guidelines, stipulates that simulation outputs
for key measures of effectiveness such as travel time, delay, and queue length, should fall within +20% of the
observed field data. This threshold is widely adopted in transportation modeling practice, as it accounts for the
inherent variability in traffic conditions while recognizing the practical limitations of simulation tools. It ensures
that the model reliably represents real-world conditions, thereby supporting informed analysis and decision-
making.

2.5 Driving Behavior Parameters for AVs

This simulation study employs PTV VISSIM Version 2020, a CoEXist-recognized platform, to model autonomous
vehicle (AV) driver behavior and logic. The CoEXist project, launched in 2017 as a European initiative, aimed to
support cities in preparing for the transitional phase in which conventional vehicles (CVs) and AVs coexist on
shared roadways [22]. Funded by the European Union, CoEXist focused on characterizing AV behavior in mixed
traffic environments and facilitating the integration of AVs into urban mobility systems.

PTV VISSIM Version 11 and later releases incorporate built-in AV driving behaviors derived from the CoEXist
project, enabling simulation of various AV characteristics [23]. These behaviors are defined using modified
parameters of the Wiedemann 99 car-following model, which has been widely adopted in AV simulation studies
due to its robustness and adaptability. CoEXist identified four fundamental AV driving logics: Rail-Safe, Cautious,
Normal, and All-Knowing. In the commercial release of VISSIM, the All-Knowing logic was renamed as Aggressive.

In this study, three AV driving logics, Cautious, Normal, and Aggressive were utilized, as provided in VISSIM’s
built-in behavior profiles. Table 7 presents the driver behavior parameters associated with each AV type, while
Table 8 details the corresponding car-following parameters. These predefined logics enable realistic modeling of
AV behavior under varying traffic conditions and penetration levels.

Table 7 Types of AV driving logics established by coexist european project

AV cautious (CoEXist)

AV normal (CoEXist)

AV aggressive (CoEXist)

e The AV-cautious car follows road

traffic laws and prioritises safety.

o Therefore, the car continually
uses the maximum braking
distance, allowing it to maintain a
greater distance from
neighbouring vehicles.

e The sensor system in the car

detects and tracks nearby
vehicles, including their locations
and speeds.

Thus, the car continually uses the
braking distance, maintaining a
smaller distance from AV cautious
and a larger distance from AV
aggressive from nearby vehicles.

o The AV-Aggressive uses equipped

equipment to understand and
predict traffic conditions,
maintaining a minimal space
between it and other cars.

e Adopting aggressive autonomous

vehicle (AV) driving behaviour is
expected to lead to cooperative
driving patterns among other
cars.
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Table 8 Driving car following model assumptions of AVs in VISSIM
o . AVs Driving Logic
Parameter Description of the Parameter Unit - -
AV - Cautious AV - Normal AV - Aggressive
CCO - The desired spacing between
Standstill two vehicles is known as the m 1.5m 1.5m 1.0 m
distance standstill distance.
The safety distance, as defined by
CC1 - .
Following car following models, refers to
. the minimal distance thata sec 1.5 sec 0.9 sec 0.6 sec
distance ) . . .
(Gap Time) driver maintains while following
another vehicle.
To determine the appropriate
threshold at which a driver
CC2 - purposefully reduces the
Longitudinal distance between their vehicle m 0.0m 0.0 m 0.0 m
Oscillation and the one directly ahead, it is
necessary to establish a limit on
the distance difference.
More precisely, it denotes the
duration required for the driver
CC3 - to attain the appropriate
Perception separation distance before to
threshold commencing the deceleration sec -10.0 sec -8.0 sec -6.0 sec
for procedure. During this stage, the
following driver is able to identify the car
that is travelling at a slower
speed ahead.
CC4 - The negative speed difference
Negative refers to the difference between
speed the initial speed and the m/s -0l m/s -0l m/s -0-1m/s
difference succeeding speeds.
During succeeding steps, a
CC5 - . . o
Positive positive speed differential is
established. The positive value of m/s 0.1m/s 0.1m/s 0.1m/s
speed . . :
difference CC5 is associated with the
negative value of CC4.
CCé - —— .
Influence The speed oscillations during the
procedure are influenced by the 1/ (m*s) 0.0 0.0 0.0
speed on .
S distance.
oscillation
CC7 - By assigning a value of '0' to the
Oscillation variable, the oscillation of speed ) ) ) )
during becomes unaffected by changes m/s 0-1m/s 0-1m/s 0-1m/s
acceleration in distance.
ccs- . When a motorist is trailing
Acceleration another vehicle, they employ the
i ’ 2 2 2 2
starting smallest absolute acceleration or m/s 3.0m/s 3.5m/s 40m/s
from a deceleration value
standstill ’
CCI9 - When commencing motion from
Acceleration a state of rest, the intended m/s?2 1.2 m/s? 1.5m/s? 2.0 m/s2
at 80 mph acceleration is desired.
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2.5.1 Base Data - Functions for Acceleration and Deceleration

In VISSIM, the modeling of base data functions for AVs is defined by their discrete operational characteristics,
which allow them to maintain consistent behavior across all driving activities. This consistency enables AVs to
sustain uniform acceleration and deceleration values throughout their operation [20]. Accordingly, the present
study assumes that AVs exhibit standardized acceleration and deceleration patterns. To reflect this, the two
stochastic boundary curves typically used to represent variability in driver behavior were removed, ensuring that
all AVs maintain fixed values for desired acceleration and deceleration. This adjustment is illustrated in Fig. 5.

B Desived Accoloration b B8 Desired Acceleration X

Conventional Vehicles Autonomous Vehicles

ey
-a
- i i e,
- B ree,
' [ T

Best Fit ok Cancel Best Fit ok

Fig. 5 PTV VISSIM desired acceleration - conventional and autonomous vehicle

2.6 Simulation Scenarios and Run

The calibrated and validated traffic model was used to simulate a series of proposed scenarios. A total of 13
simulation scenarios were developed, each representing different penetration rates of AVs and conventional
vehicles (CVs). Across all scenarios, traffic volume, geometric layout, and control parameters were held constant
to ensure consistency. The only variable modified was the proportion of AVs and CVs within the vehicle mix,
allowing for an assessment of the most effective combination to address existing traffic congestion while matching
actual site conditions.

As previously noted, PTV VISSIM incorporates three AV driving logics based on the CoEXist project: AV-
Cautious, AV-Normal, and AV-Aggressive. To identify the most efficient driving logic under mixed traffic
conditions, all three AV categories were considered in the scenario development. Each scenario was defined by
both the AV category and its penetration rate.

This study evaluated five levels of AV market penetration, ranging from 0% to 100%, while maintaining a
constant total vehicle volume. Specifically, buses and heavy trucks were fixed at 1% and 2% of the total volume,
respectively, resulting in 3% of traffic being non-passenger vehicles in all scenarios. The remaining 97% of traffic
comprising passenger cars was adjusted to reflect varying AV penetration levels: 0%, 25%, 50%, 75%, and 100%
[21]. At 0% penetration, all passenger cars are CVs, whereas at 100%, all are autonomous. Table 9 summarizes
the simulation scenarios considered in this study.

Table 9 Scenarios considered in this study

Increase in AV Penetration Level / Decrease in CV Proportion
Types of AVs 0%AV/100% 25%AV/75%  50%AV/50%  75% AV /25%

CvV CvV Cv CvV 100% AV
AV-Cautious Scenario-2 Scenario-5 Scenario-8 Scenario-11
AV-Normal Scenario-1 Scenario-3 Scenario-6 Scenario-9 Scenario-12
AV- Aggressive Scenario-4 Scenario-7 Scenario-10 Scenario-13

As outlined in Table 9, a total of thirteen (13) simulation scenarios were analyzed, including the base model
(Scenario 1), which represents 0% AV penetration with 100% CVs. Four scenarios (Scenarios 2, 5, 8,and 11) were
simulated using the AV-Cautious driving logic across increasing AV penetration levels. Similarly, four scenarios
(Scenarios 3, 6, 9, and 12) were developed for the AV-Normal logic, and another four (Scenarios 4, 7, 10, and 13)
for the AV-Aggressive logic.

Penerbit
UTHM



320 Int. Journal of Integrated Engineering Vol. 17 No. 9 (2025) p. 310-325

Each scenario was executed ten times, with a simulation duration of 4,200 seconds, including a 600-second
warm-up period. The traffic volume composition remained consistent across all scenarios, reflecting the field data
presented in Table 1. This approach enabled a systematic evaluation of AV impacts under varying penetration
levels and driving behaviors.

2.7 Operational and Safety Assessment

For the operational assessment, delay outputs were obtained from various simulation scenarios involving
different proportions of autonomous vehicles (AVs) and conventional vehicles (CVs). Using the node evaluation
feature in PTV VISSIM, delay data for each scenario was extracted and summarized for analysis. For the safety
assessment, the Time-to-Collision (TTC) metric was employed to evaluate the likelihood of potential collisions.
TTC represents the time required for two vehicles to collide if they continue at their current speeds and
trajectories [7]. Numerous studies have established critical TTC thresholds to identify potential conflicts, where
actual TTC values falling below these thresholds indicate hazardous situations.

In this study, the Surrogate Safety Assessment Model (SSAM) was used to evaluate traffic conflicts in mixed
traffic environments. A TTC threshold of 1.5 seconds was applied when a CV was the trailing vehicle. Given the
more discrete behavior and faster reaction times of AVs compared to human drivers, a reduced TTC threshold of
1.0 second was used for AVs as trailing vehicles to avoid overestimating conflict frequency [24].

To complement the operational analysis, SSAM, a post-processing tool developed by the Federal Highway
Administration (FHWA) was employed to assess safety performance. SSAM analyzes vehicle trajectory data to
identify and classify potential traffic conflicts. In this study, trajectory files were generated using PTV VISSIM 2022,
which simulates detailed vehicle movements under varying traffic conditions and AV penetration levels. SSAM
processes these trajectories to detect surrogate safety indicators such as TTC, enabling the identification and
quantification of potential conflicts. These conflicts are categorized into types such as rear-end, lane-change, and
crossing conflicts, offering insights into the nature and frequency of safety-critical events.

The integration of VISSIM and SSAM provides a comprehensive framework for evaluating both operational
efficiency and safety performance, ensuring a holistic assessment of AV behavior and its impact on urban traffic
systems.

3. Results

Following the calibration process, simulation results were analyzed with a primary focus on the key performance
metric, average delay at the intersection. All previously defined AV-CV penetration scenarios were executed, and
the outcomes were visualized using clear and interpretable graphs. The simulation outputs were obtained using
the node evaluation and network performance features in PTV VISSIM.

Fig. 6 illustrates the combined impact of varying AV penetration rates on average delay for all three AV driving
logics. The results are presented in a single graph to facilitate direct comparison across AV types.
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Fig. 6 Variations in average delay based on different autonomous vehicle driving behaviour

The simulation results obtained from PTV VISSIM, as illustrated in Fig. 6, demonstrate the impact of varying
penetration rates of three autonomous vehicle (AV) driving logics on average delay. At 100% penetration of AV-
Cautious vehicles, the average delay increased significantly by 90.6%. In contrast, conventional vehicles and AV-
Normal vehicles showed similar performance at lower penetration levels, with only a modest increase of 3.5% in
average delay observed at higher penetration rates. Notably, a complete replacement of conventional vehicles
with AV-Aggressive vehicles resulted in a 7.5% reduction in average delay, indicating improved operational
efficiency.

In addition to the operational assessment, the study also evaluated safety performance under mixed traffic
conditions. Fig. 7(a), 7(b), and 7(c) present the total number of traffic conflicts identified from vehicle trajectory
data, using two different Time-to-Collision (TTC) thresholds tailored to AV driving logics. These figures provide
insight into the safety implications associated with varying AV behaviors and penetration levels.
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Fig. 7 Comparison of total conflicts between default & lowered TTC values; (a) AV cautious; (b) AV normal; and (c)
AV aggressive

The data presented in Fig. 7(a)—(c) were generated using the Surrogate Safety Assessment Model (SSAM) and
illustrate the impact of varying AV penetration rates on traffic conflicts. At a traffic demand exceeding 5,000
veh/hr, and using the default Time-to-Collision (TTC) threshold of 1.5 seconds, a consistent increase in the total
number of conflicts was observed as AV penetration rates rose across all driving logics. The only exception
occurred at a 50% penetration rate of AV-Aggressive, where a slight reduction in conflicts, approximately 2.3%
lower than the baseline (0% AV penetration) was recorded.

When the TTC threshold was reduced to 1.0 seconds for AVs as trailing vehicles, the safety performance
improved significantly. At 100% AV-Aggressive penetration, the number of conflicts dropped to 453, compared to
881 for conventional vehicles, representing a 48.6% reduction relative to the baseline scenario. In contrast, full
penetration of AV-Cautious resulted in the highest number of conflicts (1,491), exceeding those of conventional
vehicles (881), AV-Normal (646), and AV-Aggressive (453). This indicates that AV-Cautious generated 69.2%
more conflicts than conventional vehicles under the same demand conditions.

Based on the analysis of all thirteen (13) scenarios, the optimal performance was achieved in Scenario 13,
which involved 100% penetration of AV-Aggressive. This scenario resulted in a 7.5% reduction in average delay
and a 48.6% reduction in total conflicts, demonstrating superior operational and safety outcomes.

4. Discussion

The operational assessment results indicate that the AV-Aggressive driving logic can significantly enhance
intersection performance under current high-demand conditions. In contrast, when AV-Cautious vehicles reached
100% penetration, a substantial decline in performance was observed, marked by a notable increase in average
delay. This outcome is attributed to the higher CCO and CC1 values associated with cautious AVs, which result in
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greater headways and more conservative driving behavior. Their careful lane-changing maneuvers and frequent
stops to maintain safe distances tend to disrupt traffic flow, causing delays for surrounding vehicles [25].

AV-Normal vehicles demonstrated performance similar to conventional vehicles, with only a slight decline in
efficiency. This is primarily due to their slightly larger standstill distances compared to CVs. On the other hand,
AV-Aggressive vehicles, characterized by shorter CCO and CC1 values, facilitated smoother traffic flow and
increased road capacity [7], thereby improving overall operational performance.

From a safety perspective, AV-Aggressive also proved to be the safest under high-demand conditions. This
was particularly evident when the TTC threshold was reduced from 1.5 seconds to 1.0 second, which significantly
lowered the number of detected conflicts. The aggressive driving logic allows AVs to maintain shorter gaps and
react more quickly, reducing the likelihood of collisions. While AV-Normal vehicles contributed to safety by
maintaining greater longitudinal spacing, AV-Cautious vehicles, despite similar spacing, exhibited overly
conservative behavior and abrupt braking, leading to frequent stops and increased rear-end collision risks.

In addition to operational and safety evaluations, the study emphasizes the importance of exploring signal
optimization strategies. Previous research has highlighted the effectiveness of both vehicle-based and movement-
based approaches in mitigating delays and improving traffic efficiency, particularly under high-demand
conditions [26]. These strategies, often supported by advanced technologies, enable dynamic signal timing
adjustments based on real-time traffic data, thereby enhancing intersection throughput [27].

Contrary to common assumptions, movement-based strategies rooted in traditional signal timing logic remain
highly effective and irreplaceable in high-demand scenarios [26]. Their advantages are largely attributed to
reduced cycle lengths achievable with AVs. As supported by Lu, et al. [28], vehicle-based strategies tend to mimic
signal-like behavior by grouping vehicles from different movements to enter intersections in coordinated turns.
Moreover, advancements in adaptive signal control systems have demonstrated substantial improvements in
signal phasing and coordination, contributing to better traffic flow and safety outcomes [29].

Overall, the findings of this study confirm that AVs, particularly those with aggressive driving behavior, offer
a promising solution for enhancing traffic efficiency and safety. Their flexible and responsive nature enables them
to reduce congestion, shorten queues, and minimize the risk of collisions.

5. Conclusions

This study aimed to forecast the potential impacts of AVs on the operational and safety performance of a signalized
urban intersection located at Executive Towers in Business Bay, Dubai, under mixed traffic conditions. The diverse
static and dynamic parameters of different vehicle types, along with their respective driving behaviors, can
significantly influence AV performance and lead to outcomes that differ from those observed in homogeneous
traffic environments. To evaluate these effects, AVs were modeled using three distinct driving logics: Cautious,
Normal, and Aggressive.

In the simulation setup, conventional passenger cars were progressively replaced with AVs, while maintaining
a constant proportion of heavy vehicles (2%) and buses (1%). AVs were introduced at incremental penetration
levels of 25%, 50%, 75%, and 100%. Multiple scenarios were developed for each AV type and executed in PTV
VISSIM to assess operational performance. For safety evaluation, vehicle trajectory files generated in VISSIM were
analyzed using the Surrogate Safety Assessment Model (SSAM), applying two Time-to-Collision (TTC) thresholds:
the default 1.5 seconds and a reduced 1.0 second, as supported by prior research.

The results revealed that increasing the penetration of AV-Aggressive vehicles led to significant
improvements in intersection efficiency, as measured by average delay. In contrast, higher proportions of AV-
Cautious and AV-Normal vehicles resulted in reduced performance. Specifically, AV-Cautious at 100% penetration
caused a 90.6% increase in delay, while AV-Normal showed a modest 3.5% decline. AV-Aggressive achieved the
best operational outcome, reducing delay by 7.5%. From a safety perspective, AV-Aggressive also demonstrated
superior performance, reducing total conflicts by 48.6% compared to conventional vehicles.

This study provides valuable insights into how varying proportions of AV driving logics affect traffic
performance in mixed environments. However, several limitations should be acknowledged for future research.
The AV behaviors used in this study are based on the CoEXist project, which offers a standardized framework for
simulating AVs in microscopic traffic models. While CoEXist provides a practical and widely accepted approach,
future studies may benefit from incorporating more adaptive and context-sensitive driving logics that reflect
ongoing advancements in AV technology and decision-making capabilities.

Moreover, the scope of this study was limited to passenger car-based AVs. As AV technologies evolve, it will
be important to include other vehicle types, such as autonomous buses and trucks, to gain a more comprehensive
understanding of AV impacts across different transportation modes. Additionally, SSAM relies on predefined
thresholds for surrogate safety measures like TTC, which may not fully capture the complexity of real-world driver
behavior or AV decision-making. SSAM also does not account for environmental factors, human reactions, or
vehicle dynamics beyond trajectory overlaps. Future safety assessment tools should aim to incorporate more
advanced behavioral and contextual data to enhance the accuracy of conflict analysis.
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