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ABSTRACT Autonomous vehicles will be widely operated on roadways in the near future. Prior to the broad
adoption of autonomous vehicles (AVs), conventional human-driven vehicles would coexist with their AVs
counterparts on the same roads, resulting in traffic scenarios that had never been observed before. One such
scenario involves the merging of AVs onto a main road. This study assesses the effects of incorporating AVs
into a transportation system at different levels of AV penetration. This research analyzes AVs’ influence by
examining performance metrics such as travel time, delay, number of stops, and stop delay. The results
demonstrate that introducing AVs at penetration rates of 10%, 25%, and 50% leads to an average total
network delay increase of 4%, 7%, and 18%, respectively. A variety of parameters influence AV performance.
To improve AV performance and, consequently, performance metrics, it is critical to identify and effectively
control the influential parameters that have a significant impact on AV performance. Consequently, in this
paper, we employ the quasi-optimized trajectory elementary effect sensitivity analysis approach, to identify
the parameters whose variations are anticipated to significantly impact the performance metrics. The research
findings reveal that the time gap, standstill distance, acceleration from a standstill, and the following distance
oscillation are all influential parameters affecting the performance metrics of the network, the merging road,
and the main road at various levels of AV penetration rate.

INDEX TERMS Autonomous vehicle, influential control input parameter, mixed traffic environment.

I. INTRODUCTION
The introduction of autonomous vehicles (AVs) represents
a watershed moment in transportation technology, with the
potential to transform our modes of commuting, travel, and
goods transportation. AVs, powered by cutting-edge artifi-
cial intelligence, control mechanisms, and advanced sensor
systems, and able to navigate and operate without human
intervention, have triggered a seismic shift in the automotive
sector [1]. Researchers, decision-makers, and the public at
large have expressed a strong interest in self-driving vehicles,
acknowledging their potential to enhance road safety, alleviate
traffic congestion, and broaden accessibility. Nonetheless, the
way to universal adoption is fraught with technical challenges,
ethical quandaries, and regulatory complexities.

AV applications are diverse and expanding beyond the
traditional transportation system (e.g., personal vehicles or
taxis), with the potential to revolutionize a variety of indus-
tries [2], [3]. For instance, ride-sharing platforms such as
Uber and Lyft have been actively experimenting with AVs
in order to reduce operational costs and improve passenger
accessibility [4]. Aside from personal transportation, AVs are
making significant inroads into logistics and delivery services.
Corporations such as Amazon and UPS are actively investigat-
ing the use of self-driving drones and delivery vans to improve
the efficiency of their operations [5]. This not only boosts
productivity but also has a positive impact on the environment
by optimizing delivery routes. Moreover, the utilization of
autonomous shuttles, modular vehicles, and buses, which also
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include first- and last-mile solutions, is being employed in the
realm of public transportation [6], [7]. Furthermore, AVs are
being applied to enhance healthcare transportation, serving
purposes such as operating ambulances and facilitating the
delivery of prescription medications [8]. As technology ma-
tures and regulations catch up, we can expect even more
innovative applications in the future.

AVs have the potential to significantly enhance trans-
portation safety, efficiency, and accessibility. However, they
face several hurdles and limitations that must be overcome
for their widespread adoption. For example, AVs rely on
complex sensor systems, machine learning algorithms, and
artificial intelligence for navigation, which makes them vul-
nerable to technical malfunctions. Some other challenges are
described below. Cybersecurity risks: AVs are exposed to
cyberattacks that can jeopardize their functionality, safety,
and even privacy. Public acceptance: It remains a challeng-
ing task to persuade the general public that AVs are safe
and dependable. Cost and infrastructure: The implementation
of autonomous technology can be expensive, limiting access
for certain groups. Moreover, infrastructure elements such as
road markings and traffic signals need upgrades to accommo-
date AVs. In addition, there will be challenges with vehicle
communication, coordination, and behavior prediction during
the transition period, where autonomous and human-driven
vehicles coexist on the roads. This stage necessitates special
oversight, planning, and management. Therefore, it is critical
to investigate the various aspects of this transformative tech-
nology, addressing both its promise as well as the challenges
and questions it raises for the successful integration of AVs
into the transportation ecosystem.

In accordance with research findings, AVs have the poten-
tial to alleviate traffic congestion through decreasing travel
times, increasing traffic capacity, and improving safety pre-
cautions. Even with the appeal of AVs, there are several issues
to consider when autonomous and human-operated vehicles
(conventional vehicles, CnVs) share the same road. There
will be a dynamic mix of autonomous and conventional ve-
hicles on the road during the transitional phase preceding
the widespread adoption of fully automated vehicles. Human
drivers will continue to interact with other conventional vehi-
cles as usual, but they will also need to adapt to the presence of
vehicles without human operators. Furthermore, it is critical
to investigate the impact of AVs coexisting with CnVs on the
overall traffic performance.

Several research studies have delved into the traffic dynam-
ics when AVs and CnVs coexist. For instance, Aleksandra
et al. [9] analyzed roundabout safety levels using a VISSIM
microsimulation, considering scenarios where AVs were inte-
grated with CnVs. Their findings indicate that the introduction
of AVs leads to a rise in the number of potential traffic
conflicts. They investigated three types of such conflicts: ac-
cidents arising from lane change conflicts, angle accidents
caused by crossing conflicts, and rear-end accidents resulting
from rear-end conflicts. Their findings revealed that increasing
the percentage of AVs increases the number of roundabout

accidents. In addition, they stated that while most rear-end
collisions are minor, they should not be overlooked when
roundabout design changes occur as a result of the introduc-
tion of AVs.

Henrietta et al. [10] emphasized the potential risks and
uncertainties associated with AVs operating within the frame-
work of existing conventional traffic infrastructure. They
specifically mentioned incompatibilities between current in-
frastructure and systems such as the speed assist system,
which relies on speed limit sign recognition, as well as
adaptive cruise control (ACC) and lane assist features. They
also stated that an overemphasis on compliance with highly
automated vehicles could be dangerous, especially if the in-
frastructure is not adequately adapted to accommodate them.
AVs do not need to be built around existing infrastructure.
Nonetheless, significant infrastructure changes are required,
which may include the installation of new signs, alternative
types of lanes, or even a total rebuild [11].

In a study conducted by Ramin et al. [12], they exam-
ined the anticipated effects of different levels of AVs on the
safety performance of an intersection. In the first scenario,
they looked at the interaction between human-driven vehicles
and level 3 AVs. Their findings showed that as the presence
of human-driven vehicles decreased, the average number of
accidents at the intersection also decreased. In the second
scenario, the study focused on the interaction between human-
driven vehicles and level 5 AVs. The results indicated that
when the penetration of level 5 AVs exceeded 40%, the av-
erage number of accidents decreased.

An examination of AV-involved accidents in California re-
vealed that AVs were most often struck by CnVs because
human drivers did not anticipate the AVs’ behavior [12]. The
process of humans adapting and learning to interact with AVs
has the potential to improve intersection safety outcomes by
reducing conflicts and erratic driving. Nonetheless, there is a
risk that drivers will exploit AV limitations and become more
aggressive in their interactions, potentially undermining the
safety benefits.

Erfan et al. investigated the impact of AVs on driver be-
havior and traffic performance [13]. Their findings showed
that CnVs drivers traveling in close proximity to a platoon
of AVs with a short time headway (THW) tended to reduce
their own THW and spend more time operating under a crit-
ical THW. Furthermore, driving an AV was found to reduce
driver situational awareness and may contribute to increased
driver fatigue, particularly in light traffic situations. They
also proposed that the benefits of AVs on highways become
more apparent during congested periods, such as morning
or evening rush hours. They emphasized the importance of
additional research into mixed-traffic scenarios involving both
AVs and CnVS.

Merging onto major roads from on-ramps presents a range
of potential conflicts for both automated and conventional
vehicles [14]. Some of these conflicts may require immediate
intervention from the driver, which can present challenges
for AVs when operating in mixed-traffic environments. In
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such scenarios, it’s crucial to prevent AVs from encountering
these conflict situations and to consider these scenarios in the
controllers that are being developed to improve traffic perfor-
mance. However, there is currently limited knowledge about
how AVs might react in these specific situations. When AVs
merge onto a main road or change lanes, they typically require
a sufficient gap in the target lane. AVs equipped with lane
change assistance systems may need a relatively large open
space before initiating lane changes. While this is feasible and
safe in smooth traffic conditions on roads without merging
sections, it could pose challenges in congested traffic or with
on-ramp roads. In such cases, the AV may either be unable to
perform the desired maneuver or require human intervention
to execute it manually [15].

The impact of differences in on-ramp merging behavior
between human-driven and autonomous vehicles on traffic
flow remains uncertain. Although there has been extensive
research on various aspects of AVs [16], [17], [18], [19], [20],
[21], to the best of our knowledge, there is currently a lack of
sufficient research in this specific area. Consequently, the first
objective of this research is to investigate disparities in traf-
fic performance metrics when human-driven and autonomous
vehicles merge onto major roads. This evaluation using a
microscopic traffic simulation environment will consider per-
formance measures such as travel time, delays, number of
stops, and stop delays at varying levels of autonomous vehicle
penetration rate. The simulations encompass two scenarios:
the first scenario involves only human-driven vehicles on the
network, including main and on-ramp roads. In the second
scenario, AVs are introduced on both the on-ramp road and
the main road, allowing an assessment of how traffic flow
is affected when autonomous vehicles are integrated into the
real-world transportation environment.

The performance of AVs within the simulation is impacted
by a range of parameters that mimic real-world scenarios
in a traffic environment, encompassing both the parameters
of the car-following and the lane change models. Thus, it
is crucial to identify the key parameters that have a signifi-
cant influence on AV performance. As far as our knowledge
extends, there has been no prior research that has delved
into pinpointing the most influential parameter for AVs, to
leverage this information for enhancing performance. This
constitutes the second objective of our research. Sensitivity
analysis (SA) can serve as a potent tool to accomplish this
objective. SA refers to the investigation of how variations and
uncertainties in the output of a model, whether numerical or
otherwise, can be attributed to various sources of uncertainty
in the model’s inputs [22]. These analyses offer valuable in-
sights into the connection between model inputs and outputs,
highlighting the most influential parameters, i.e., parameters
whose fluctuations are anticipated to exert substantial influ-
ences on the model’s output. Nonetheless, it’s important to
note that several quantitative SA techniques may encounter
challenges when applied to computationally intensive mod-
els such as traffic microsimulations [23]. In this paper, we
employed the quasi-optimized trajectory elementary effects

(QOTEE) approach as an effective and qualitative SA ap-
proach. The QOTEE approach performs exceptionally well at
identifying the most influential parameters in complex models
in a computationally efficient manner by computing and com-
paring sensitivity indices [24]. A detailed explanation of the
QOTEE approach can be found in Section II. To the best of
our knowledge, this research is the first attempt to identify the
influential control parameters for AVs operating in a mixed-
traffic environment, utilizing the microscopic traffic simulator
VISSIM.

This paper aims to assess the impact of incorporating AVs
on a network that includes an on-ramp road. Additionally,
it introduces a practical and efficient approach designed to
meet the computational complexities associated with intri-
cate, microscopic traffic models. To summarize, the paper
provides a twofold contribution: firstly, it assesses the impact
of introducing AVs into the traffic system under different
levels of AV penetration, focusing particularly on scenarios
where AVs merge onto a major road. This assessment is
based on various performance metrics such as travel time,
delay, number of stops, and stop delay. Secondly, it employs a
quasi-optimized trajectory elementary effects approach for the
SA of AVs, involving twenty-one input parameters and gen-
erating four output measures, to identify the most influential
control parameters from the input parameters associated with
car following and lane change models. The output measures
encompass travel time, delay, number of stops, and stop delay.
The analysis is conducted at the network level, as well as for
the merge road and the main road separately.

This paper is organized as follows: Section II describes the
approach employed to determine the influential AV control
parameters. The parameters of the car-following model used
in the study are described in Section III. Section IV outlines
the simulation setup, including testbed details, performance
metrics, and the QOTEE input parameters. Section V presents
the results of performance metrics as well as the identified
influential parameters. Section VI summarises the study.

II. QOTEE APPROACH
This section introduces the quasi-optimized trajectory ele-
mentary effect (QOTEE) approach as an efficient qualitative
sensitivity analysis approach based on the elementary effects
(EE) method. This approach employs sensitivity indices to
identify the most influential parameters in computationally
expensive and/or complex models. The information disclosed
by sensitivity analysis is heavily dependent on the number of
simulated sample points and their location, also referred to
as trajectories. Using a small number of properly distributed
sample points, this section describes an effective method for
identifying the most important parameters in a model with
many parameters.

The EE method is an effective method for identifying the
most important parameters among all those that can be embed-
ded in a complex model [23]. Consider a model with a single
output y and input X with k independent input parameters
discretized into a specified number of levels (p) in the input
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space ϕ, i.e., X = [x1, x2, .., xk]. The EE value (ee) of the ith
input is defined for a given value of X by changing only the ith
input parameter by � as shown in (1), where, � = p/2(p − 1),
and the relocated input point remains in ϕ.

eei = y(x1, x2, .., xi + �, .., xk ) − y(x1, x2, .., xi, .., xk )

�
(1)

To assess the model’s sensitivity, the ee must be calculated us-
ing random samples for the ith value m times across the entire
input space for the k inputs [23]. Each ee associated with the
ith input is calculated using two points with relative distance �

in xi and zero in the other coordinates. The sensitivity indices,
which are the mean (μi), standard deviation (σi), and absolute
mean (μ∗

i ) of the m ( j = 1, 2, .., m) random samples ees of
the ith input parameter (i = 1, 2, .., k), can be calculated as
follows:

μi = 1

m

m∑
j=1

ee j
i (2)

σi =
√

1

m − 1

∑m

j=1

(
ee j

i − μi

)2
(3)

μ∗
i = 1

m

m∑
j=1

|ee j
i | (4)

The influence of an input parameter on the output is deter-
mined by the mean (2). The standard deviation (3) quantifies
the cumulative impact of the input parameter, whether it is
nonlinear or interacts with other parameters. A high standard
deviation indicates significant variation among the elementary
effects, and this variation is highly influenced by the specific
sample point at which the computation occurs, implying that
the values assigned to the other parameters play a crucial
role. When dealing with a model that exhibits nonmonotonic
behavior or includes interaction effects, certain effects could
cancel each other out during computation, resulting in a lower
mean value for an influence parameter. As a result, it is more
practical to use the absolute mean (4) as a more appropriate
measure [25].

The values of μ and σ should be evaluated simultaneously
since a parameter with elementary effects of opposing signs
may have a low μ but a significant σ . Representing this
graphically in the μ-σ plane enables a more precise inter-
pretation of results, as it considers both sensitivity measures
simultaneously, moreover, μ∗ is an informative and concise
measure [23], [26].

To identify the most influential parameters, all three statis-
tics, μ, σ , and μ∗, should be computed. The comparison
between μ and μ∗, for instance, reveals how the parameter
influences the output. When both μ and μ∗ have high values,
this implies that the parameter not only has a significant influ-
ence on the output but also has a consistent influence in the
same direction. If μ is low while μ∗ is high, this indicates
that the parameter in question has effects with varying signs,
depending on the values of the other parameters. If μ∗ is low,
this indicates that the parameter is not influential. If both μ∗

FIGURE 1. Morris trajectory for two input parameters.

and σ are high, this indicates an influential parameter with
non-linear effects and/or significant interactions with other
parameters. If μ∗ is high and σ is low, this indicates an
influential parameter with linear effects and no significant
interactions with other parameters.

Two sample points are required for each ee. Thus, to com-
pute the sensitivity indices using m ees the simplest approach
would require 2 m sample points for each input, for a total
of 2mk model evaluations, where k represents the number of
input parameters. In other words, the computational cost for
the SA of such a model is 2mk. For instance, if m = 500 and
k = 21, 21000 model runs are required.

A more effective design approach that generates m trajecto-
ries, each of which consists of (k + 1) points in the input space
was proposed by Morris [26]. This design generates m distinct
ees for each input parameter, for a total of m(k + 1) model
runs. For instance, if m = 500 and k = 21, 11000 model runs
are required.

The trajectories are generated in the following manner: To
begin, select a random vector Xi (1 × k) in ϕ. Xi is not in-
cluded in the trajectory, but it serves as the basis for generating
all of the trajectory points (Xall , (k + 1 × k) matrix). These
points are derived from Xi by changing one or more of its k
components by a value �. The idea is that two consecutive
points exhibit a difference of � in only one component as
shown in Fig. 1.

For a k-parameters model, a trajectory with k + 1 points
can provide k ees, one for each parameter. Thus, m ees can be
calculated by randomly sampling m trajectories, but only with
m(k + 1) model runs. Equation (5) shows how to construct
such trajectories with the required properties, where each row
in Xall represents a point on the trajectory in the input space.

Xall = (J̄Xi + (�/2)[(2B − J)D + J])P (5)

where J̄ is a (k + 1) × 1 vector of 1’s, B is a (k + 1) × k
strictly lower triangle matrix of 1’s, J is a (k + 1) × k matrix
of 1’s. D is a diagonal matrix with k dimensions in which
each element has an equal probability of being either +1 or
-1. D specifies whether the parameters’ values will increase or
decrease along the trajectory. Meanwhile, P denotes a k × k
random matrix with only one element in each row set to 1 and
all other elements set to 0. P specifies the order in which the
parameters are changed. Xall provides one ee for each input
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parameter; the process can be repeated m times to generate m
ees for each input parameter.

The aforementioned Morris trajectories are generated at
random, therefore, there is a possibility that two or more of
them will intersect within a specific region of the input space.
Using overlapping trajectories for data sampling may result in
an inaccurate and inefficient representation of the input space
with a surplus of unnecessary model runs. An improvement to
the sampling approach that enables more efficient exploration
of the input space was proposed by Campolongo et al. [27].
Their goal was to identify an optimized trajectories (OT) sub-
set with n trajectories with the broadest spread in the input
space from a set of m trajectories to reduce the number of
model executions. The term “spread” refers to the Euclidean
distance between two distinct trajectories, as per (6).

duv =
{∑k

i=0
∑k

j=0

√∑k
z=1[X(i)

z (u) − X( j)
z (v)]2 u �= v

0 otherwise
(6)

where duv is the distance between two trajectories, u and
v. k is the number of input parameters, and X(i)

z (u) repre-
sents the z coordinate of the point i on the u trajectory. The
best n trajectories from m are selected by maximizing the
distance duv .

After considering each possible combination of n trajec-
tories from a set of m, the total distances between any two
trajectories within each combination are computed with (7).
The combination exhibiting the highest dn value is subse-
quently selected. This sampling approach enhances the input
space exploration, leading to a reduction in the number of
model runs to n(k + 1). For instance, if m = 500, n = 50 and
k = 21, 1100 model runs are required.

dn =
√

0.5
(∑n

u=1

∑n

v=1
d2

uv

)
(7)

The total number of possible combinations to find the op-
timized subset of n trajectories in a set of m trajectories is
calculated as m!/[n! ∗ (m − n)!]. This may preclude the use
of OT sampling for complex models. For instance, if m = 500
and n = 50 the total number of possible combinations are
2.31 × 1069. Although running the model is computationally
feasible, checking all possible combinations to find the OT
is not. An improvement to the OT sampling approach was
addressed in [24]. In order to overcome such a limitation, they
introduced a quasi-optimized trajectories-based elementary
effect approach.

In this approach, a stepwise process is used instead of
directly selecting n optimized trajectories from the initial set
(Sm) of m Morris trajectories (Tj, j = 1, 2, .., m). First, the
distance matrix between trajectories is computed using (6),
as shown in (8). The total distance between trajectories in Sm

is presented in (9).

dsm =

⎡
⎢⎢⎢⎣

0 dT1,T2 . . . dT1,Tm

dT2,T1 0 . . . dT2,Tm

: : . . . :

dTm,T1 dTm,T2 . . . 0

⎤
⎥⎥⎥⎦ (8)

dsm =
√

0.5
(∑m

i=1

∑m

j=1
d2

Ti,Tj

)
(9)

To begin, the set Sm−1 of m − 1 trajectories with the greatest
total distance within Sm is selected. Sm−1(l ) includes all Sm

trajectories except trajectory l , i.e., Sm−1(1) = {T2, T3, .., Tm},
Sm−1(2) = {T1, T3, .., Tm}, and so on. The overall distance of
the m − 1 trajectories in the set Sm−1(l ) is calculated as shown
in (10).

dsm−1(l ) =
√

d2
sm

−
∑m

i=1
d2

Ti,Tl
(10)

Then, the set (Sm−2) of m − 2 trajectories with the greatest
dispersion is chosen in the second step based on Sm−1. This
process is repeated until only n trajectories remain in the set,
giving rise to the quasi-optimized trajectories. The number of
trajectories in the optimal set is reduced by one at each step.
While the trajectories from the QOTEE and OT approaches
may not be identical, validation experiments in [24], [25], [28]
show their significant similarity and the QOTEE’s ability to
improve input space coverage over the regular Morris trajec-
tories. To obtain the final optimal set, this approach considers
(m − n + 1) ∗ (m + n)/2 combinations. For instance, if m =
500 and n = 50 the total number of possible combinations is
18875 rather than 2.31 × 1069 for the OT approach.

III. CAR FOLLOWING MODEL
This section presents an overview of the Wiedemann-99 (W-
99) car-following model. The W-99 model, a psychophysical
model, employs thresholds or action points at which the
drivers’ behavior changes [29], [30]. The stimulus that causes
the following vehicle to react, according to Wiedemann, is
based on the relative speed of the leading and following ve-
hicles. There are four distinct driving regimes proposed, each
with a distinct perception threshold.
� Free flow regime: the subject vehicle is not impacted by

a leader; the driver attempts to maintain a desired speed
while employing a speed-dependent maximum accelera-
tion to achieve that speed.

� Closing regime: the driver observes a slower vehicle
ahead and gradually decreases his/her speed until it
aligns with the speed of the leading vehicle. This action
effectively reduces the relative speed to zero while main-
taining the desired gap. Subsequently, the driver transits
into the following regime.

� Following regime: the follower driver naturally follows
the leading vehicle, aiming to sustain an optimal gap and
achieve a relative speed of zero through relatively gentle
accelerations or decelerations.
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TABLE 1 W-99 Model Parameters

FIGURE 2. Driving regimes.

� Emergency braking regime: when the gap between the
vehicles tumbles below a critical limit, the driver of the
trailing vehicle responds by applying the vehicle’s max-
imum braking power to avoid a collision.

The parameters of the W-99 car-following model denoted
as CC0 − CC9 in Table 1, play a crucial role in determin-
ing six distinct perceptual thresholds or boundaries of these
regimes. Specifically, the first seven parameters (CC0 − CC6)
are employed in the computation of the thresholds for car-
following, whereas the remaining parameters have various
other functions [31], [32].

The thresholds for classifying the regimes are defined be-
low, also, shown in Fig. 2, whereas (11)–(16) outline the
relationships between W-99 parameters and the corresponding
thresholds.
� AX [m]: desired gap between two standing vehicles.
� ABX [m]: desired minimum safe following gap.

� SDX [m]: maximum following gap in the following
regime.

� SDV [m/s]: points at long distances at which a driver re-
alizes that he is approaching a slower preceding vehicle.

� CLDV [m/s]: acronym for closing delta velocity at short
distances, which occurs when drivers perceive their
speeds to be greater than the speed of the preceding
vehicle, taking into account additional deceleration by
applying the brakes over short decreasing distances.

� OPDV [m/s]: short-distance points at which drivers real-
ize they are traveling at a slower speed than the vehicle
ahead of them and thus begin to accelerate.

AX = CC0 (11)

ABX = AX + CC1.vs (12)

vs =
{

v f �v < 0

vp + �v.rand[−0.5, 0.5] otherwise

SDX = ABX + CC2 (13)

SDV = − CC4 − �x − SDX

CC3
(14)

CLDV =
{

−CC4 + CC6 × (�x − Lp)2 vp > 0

0 otherwise
(15)

OPDV =
{

−CC5 − CC6 × (�x − Lp)2 v f > CC5

−CC6 × (�x − Lp)2 otherwise
(16)

where vp is the speed of the preceding vehicle, v f is the speed
of the following vehicle, and �v is the relative speed between
the follower and the preceding vehicle. When the following
vehicle is slower than the preceding vehicle, vs equals v f .
Otherwise, vs is equal to vp plus a random error, calculated by
multiplying �v by a random value within the range of −0.5
to 0.5. vs is used to determine the safe distance maintained by
the following driver to ensure safety while in motion. �x is
the relative spacing between the follower and the preceding
vehicle, and Lp is the length of the preceding vehicle [32].

IV. EXPERIMENTAL SETUP
This section describes the testbed (section IV-A) and the per-
formance metrics (section IV-B) that were used to evaluate the
system’s performance, as well as the input parameters for the
proposed QOTEE approach (section IV-C).

A. TESTBED
The simulation utilized a 1000-meter stretch of road with two
straight lanes and a 420-meter-long on-ramp that imitates a
real-world road segment, as shown in Fig. 3. The road had no
vehicles at the beginning of the simulation, and the simulation
lasted one hour. Additional time was allocated for network
clearance, as well as a five-minute warm-up period. The sim-
ulation operated with a time step of 0.1 seconds.
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FIGURE 3. Network, VISSIM software.

There are two types of vehicles: autonomous vehicles (AVs)
and conventional vehicles (CnVs). In PTV VISSIM, AVs and
CnVs are simulated using the same behavioral models such
as, Wiedemann’s 99 car following model [33] and Sparmann’s
lane changing model [34]. These models govern vehicle accel-
eration, deceleration, following, and lane changing to simulate
realistic traffic scenarios. By adjusting parameters for each
vehicle type (AV or CnV) within the simulation [35], [36],
PTV VISSIM differentiates their behavior without using sep-
arate equations, ensuring realistic and efficient simulations.
PTV VISSIM, developed by the PTV Group, is a sophisti-
cated microscopic traffic simulation software that is widely
used to analyze and replicate traffic dynamics in a variety of
environments, including urban roads, highways, intersections,
and public transit networks. Its capabilities enable researchers
to meticulously model vehicles, pedestrians, and other rel-
evant traffic components while observing their interactions
in a simulated environment. This tool enables researchers to
evaluate the effectiveness of transport systems and investigate
various traffic management strategies [35]. AVs use advanced
technologies to operate and maneuver without human inter-
vention. These technologies typically include a diverse set
of sensors such as radar, lidar, cameras, and ultrasonic sen-
sors, as well as sophisticated control systems and algorithms
for perception, decision-making, and management. AVs have
the potential to transform transport by enhancing safety, ef-
ficiency, and accessibility. They interact with each other and
infrastructure components, enabling synchronized movement
and optimized traffic flow [36]. CnVs on the other hand, are
human-driven vehicles without autonomous features. These
vehicles are entirely dependent on human drivers for oper-
ation, navigation, and decision-making while on the road.
Unlike AVs, CnVs lack sophisticated sensing, computing, and
control systems. The main road demand was set at 1000 ve-
hicles per hour per lane, and the on-ramp demand was set
at 300 vehicles per hour per lane at a speed of 50 kilome-
ters per hour. These demands depict traffic conditions that
are relatively uncongested and are suitable for assessing the
performance of AVs. This is because AVs might not encounter
challenges in low-traffic situations, and there would be no
discernible distinction in performance between AVs and CnVs
under high-congestion circumstances. The percentage of AVs
on the main and on-ramp roads varies between 10% and 50%.
For comparison, we consider a base case scenario in which
the simulation runs with only CnVS in the scene.

B. PERFORMANCE METRICS
The simulations encompassed two scenarios: in the first, or
“base” scenario, only CnVs with human drivers were used on
both the main and on-ramp roads. The second scenario, known
as the “mixed” scenario, involved the introduction of AVs at
various penetration rates onto the on-ramp and main roads
in order to investigate the AVs’ performance when merging
onto the main road as well as their impact on the measures of
effectiveness (MOE).

Multiple performance metrics were calculated, namely, av-
erage travel time (ATT), average total delay (ATD), average
number of stops (ANS), and average stop delay (ASD). The
percentage change in each measure of effectiveness (MOEPC,
%) was computed to illustrate the disparities in performance
metrics between the two scenarios. Equation (17) is used to
represent the MOEPC. The MOEs are defined further below.
� ATT: average travel time to traverse a road or network,

expressed in seconds.
� ATD: average travel delay, calculated in seconds by sub-

tracting the theoretical travel time from the actual travel
time. The theoretical travel time is calculated in the ab-
sence of other vehicles or reasons to stop.

� ANS: average number of stops, determined by dividing
the overall number of stops by the overall number of
simulated vehicles.

� ASD: average stopped duration for all simulated vehicles
in seconds.

MOEPC = MOE(mixed) − MOE(base)

MOE(base)
× 100 (17)

C. QOTEE INPUT PARAMETERS
This section presents the application of the proposed QO-
TEE approach with the case study on the network shown in
Section IV-A. VISSIM encompasses a wide range of input
parameters that can change depending on the software ver-
sion, installed modules, and user preferences. For example,
version 5.40 has approximately 192 parameters [24]. VIS-
SIM parameters encompass various aspects, including road
infrastructure, which is critical in modeling both physical and
stationary network elements such as links, connectors, detec-
tors, parking lots, and signposts. Once the physical layout
of the modeling system has been determined, specifying the
vehicle characteristics that use the infrastructure becomes crit-
ical. This includes describing parameters like traffic volume,
vehicle types, and route choices. Furthermore, it is critical to
define traffic control methods for managing conflicting and
prioritized movements, which can be accomplished through
un-signalized or signalized traffic signal control.

To identify the most influential parameters that affect AVs’
performance, a preliminary, extensive literature review was
conducted to generate a possible list of critical parameters, re-
ducing the number of parameters to be evaluated with the SA.
Since our research focuses on AV behavior and the parameters
that influence it, a vehicle’s behavior in VISSIM is determined
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TABLE 2 QOTEE Input Parameters

by its type and the driving behavior parameter set assigned
to the link that the vehicle is currently on. The vehicle type
determines the vehicle’s mechanical characteristics, which in-
clude width, length, maximum acceleration and deceleration,
and is also associated with the drivers’ desired acceleration
and deceleration. The driving behavior parameter set includes
numerous parameters that govern various types of behavior
such as car following, lane change, lateral behavior, and signal
control behavior. Among these driving behavior parameters,
we believe that the performance of AVs within the on-ramp
merging application is mostly impacted by parameters associ-
ated with the car-following and lane change models.

Table 2 displays the 21 parameters that were chosen as the
candidate influential parameters, comprising ten parameters
for the W-99 car following model (CFM) and eleven for the
lane change model (LCM). These specific parameters were
utilized as input parameters for the QOTEE approach. The
CFM parameters, denoted as x1-x10 in Table 2, are explained
in Section III, whereas the LCM parameters, denoted as x11-
x21 in Table 2, are explained below. Table 2 displays the
default values for the AVs parameters following the PTV VIS-
SIM [35] and the parameter bounds used within the approach.

The maximum deceleration parameters (x11 and x14) refer
to the highest possible rate of slowing down when transi-
tioning between lanes, taking into account the prescribed

routes for overtaking with the lane-changing vehicle and the
behavior of the vehicle behind, in the destination lane. The
deceleration change parameters (x12 and x15) linearly re-
duce the maximum deceleration to the accepted deceleration
with increasing distance from the emergency stop distance.
The accepted deceleration parameters (x13 and x16) are the
minimum deceleration for the lane changing and the trailing
vehicles during a lane change, respectively. The minimum
clearance (x17) refers to the smallest gap required between
two vehicles for a lane change to take place. When making a
lane change in regular traffic conditions, it might be necessary
to have a larger minimum distance between vehicles to adhere
to speed-dependent safety guidelines. In the process of chang-
ing lanes, VISSIM calculates the reduced safety distance by
multiplying the initial safety distance by a factor known as
the safety distance reduction factor (x18). The cooperative
braking’s maximum deceleration (x19) determines how much
the trailing vehicle collaboratively applies its brakes to fa-
cilitate a potentially leading vehicle’s lane change into its
lane. The emergency stop distance (x20) is applied to simulate
how vehicles adhering to their designated route or those with
dynamically assigned paths follow the lane change protocol.
When these vehicles are unable to reach their intended lanes
before reaching a connector at the emergency stop position,
they will stop and remain stationary until a suitably sizable
gap becomes available. The lane change distance (x21) indi-
cates a point before a connector where vehicles on routes or
paths leading through this connector engage in lane changes
and strive to choose a lane that permits them to access the
connector without changing lanes.

During the simulations, four different model outputs from
the main road, the on-ramp road, and the entire network were
collected and utilized for the sensitivity analysis. Specifically,
travel time, delay, number of stops, and stop delay. These
outputs represent the average results obtained by running the
model with different random seeds. In the context of the QO-
TEE approach, 50 trajectories (n = 50) were selected from a
pool of 500 Morris trajectories (m = 500). As described in
Section II, a total of 1100 model runs were necessary, each
employing a distinct set of 21 input parameters. As previously
stated, we calculated the average output for each of these 1100
runs across five random seeds, resulting in a total of 5500 runs
for each set of simulations.

V. SIMULATION RESULTS
This section investigates the performance of AVs during
the merging process onto the main road and examines how
this performance impacts effectiveness measures at various
AV penetration rates (AVPR), Section V-A. Additionally, it
reveals the most influential parameters impacting AVs’ per-
formance in Section V-B.

A. PERFORMANCE MEASURES
Tables 3 to 5 display the MOEPC for the entire network, the
on-ramp road, and the main road, respectively across a range
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TABLE 3 MOEPC (%) network results

TABLE 4 MOEPC (%) on-ramp road results

TABLE 5 MOEPC (%) main road results

of performance metrics. These were obtained employing ten
various random seeds and varying AV penetration rates.

These findings reveal that introducing AVs into the net-
work leads to a deterioration in the performance measures
for the merging road, the main road, and the entire network
when compared to the baseline scenario featuring solely con-
ventional human-driven vehicles. Furthermore, increasing the
AVPR has the effect of increasing (worsening) the average
travel time, the average delay, the average number of stops,
and the average stop delay when compared to the base sce-
nario. This may stem from the autonomous vehicle’s cautious
maneuvers designed to prevent accidents and ensure safety.
Although the MOEPC values for ANS and ASD in Table 5
are approaching or suppressing 100 percent, it’s worth noting
that their MOE values are almost zero. Consequently, these
MOEPCs can be considered unchanged for the main road,
with the merging road being the cause of network MOEPCs.
Consequently, it is crucial to develop an improved control
strategy for the AVs to facilitate smooth merging without
compromising network performance. To achieve this, an SA
is performed to identify the most influential parameter that,
when controlled, can improve performance metrics.

B. INFLUENTIAL PARAMETERS
In this section, we unveil the parameters that exert the most
significant influence on travel time, delay, number of stops,
and stop delay at various penetration rates, specifically at

FIGURE 4. QOTEE average travel time results at 50% AVPR.

50%, 25%, and 10%. In accordance with the QOTEE ap-
proach, the 21 input parameters were assigned values that fell
within the specified ranges, as detailed in Table 2. We con-
ducted simulations for the 50 optimized trajectories, achieving
broader coverage of the sampling input space. Then, the av-
erage output results of five different random seeds and the
sensitivity indices (i.e., μ, σ , and μ∗) were computed to iden-
tify the influential parameters.

Figs. 4–7 illustrate the outcomes of the sensitivity indices
(SI) at a 50% AV penetration rate (AVPR) for the four perfor-
mance measures concerning the entire network, the merging
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FIGURE 5. QOTEE average total delay results at 50% AVPR.

road, and the main road. When analyzing sensitivity indices
results, it is critical to focus on relative differences rather
than numerical values. To the best of our knowledge, there is
no quantitative method for interpreting the results other than
qualitatively comparing the SI of various parameters.

According to the results shown in Figs. 4–7, it is clear that
the time gap parameter (x2) has the most influence, as evi-
denced by the highest values for μ∗ for the four performance
measures across the entire network, as well as the merge
and the main roads. Additionally, x2 exhibits the highest σ

value in all cases, except for the average number of stops on
the merge road, where it has the second-highest value. This
suggests that variations in x2 can lead to significant nonlin-
ear effects and/or interactions with the other parameters. To

FIGURE 6. QOTEE average number of stops results at 50% AVPR.

evaluate the sensitivity of all the other parameters, we plotted
in the (μ-σ ) plot a wedge defined by two lines correspond-
ing to μ=±2 times the standard error of the mean, where
the standard error of the mean is calculated as the standard
deviation (σ ) divided by the square root of the sample size
(n = 50) [37]. Any parameter outside the wedge is expected
to influence the model output. Consequently, parameters x1
and x3 can also be considered influential parameters, although
their variations have a smaller impact on the model output and
are less correlated with other parameters (lower σ ) compared
to parameter x2. Moreover, the parameter x9 has a low μ but
a high μ∗ and σ . This implies that this parameter has both
positive and negative effects. As a result, it is reasonable to
consider x9 as an influential parameter too. In light of these
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FIGURE 7. QOTEE average stop delay results at 50% AVPR.

results, the parameters x2, x1, x3, and x9 can be regarded as
influential, with x2 standing out as the most influential among
them.

Furthermore, this study investigated the significant parame-
ters influencing performance metrics at 25% and 10% AVPR.
Figs. 8 and 9 show the sensitivity indices for the average
travel time and average delay of the entire network. These
findings show that the time gap parameter, denoted as x2, has
the highest μ, μ∗ and σ values, implying that it is the most
influential parameter.

The findings reveal that the distance between stationary ve-
hicles and the acceleration from a complete stop are influential
parameters. Furthermore, they reveal that the following gap
between moving vehicles is also influential, represented by
the time gap and the following distance oscillation, with the
time gap being the most influential parameter.

FIGURE 8. QOTEE network results at 25% AVPR.

FIGURE 9. QOTEE network results at 10% AVPR.
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In this study, we evaluated the proposed approach on a road
segment, representative of sections between traffic signals or
short arterial or highway segments. To maximize the available
space for data collection and analysis, we opted not to include
a lead-in area, mirroring the absence of such areas in many
real-world scenarios. Despite implementing a warmup period,
this approach may not adequately stabilize vehicle behavior
post-warmup, especially in terms of lane distribution and
platoon formation. Therefore, future studies should consider
incorporating a lead-in area when applicable and conducting
tests on a broader network to boost the generalizability of the
findings presented here.

The interaction between human-driven and autonomous
vehicles influences the traffic environment. Therefore, to
improve AV performance and, consequently, performance
metrics, it is critical to identify the influential parameters that
have a significant impact on AV performance. Subsequently,
it is essential to develop a control strategy to regulate these
parameters to dynamic environmental changes, along with
a cooperative algorithm for human-driven vehicles [19], all
geared towards improving network performance.

VI. CONCLUSION
The widespread deployment of autonomous vehicles (AVs) on
public roads is expected shortly. However, before AVs achieve
widespread adoption, traditional human-driven vehicles will
coexist with them, ushering in entirely new traffic scenarios.
One notable scenario is the merging of AVs onto major roads.
In this paper, we modeled and evaluated the impact of intro-
ducing AVs at various penetration rates on the performance
of a network featuring an on-ramp. This evaluation included a
comparison of several performance metrics, i.e., total delay,
travel time, stop delay, and number of stops, to a baseline
scenario with only conventional vehicles present. The results
indicated that introducing AVs at penetration rates of 10%,
25%, and 50% led to an average total network delay increase
of 4%, 7%, and 18%, respectively. Furthermore, it was ob-
served that at penetration rates of 10%, 25%, and 50%, there
was an average total on-ramp delay increase of 5.5%, 6.4%,
and 24%, respectively. It was also found that at penetration
rates of 10%, 25%, and 50%, there was an average stop net-
work delay increase of 8%, 9.2%, and 37%, respectively. In
summary, raising the AV penetration rate had a detrimental
effect on all performance metrics for the network, the main
road, and the merge road. This could be attributed to AVs’
cautious operations to ensure safety.

The performance of AVs is influenced by a variety of
parameters, including those in the car-following and lane-
change models. As a result, it is critical to identify and
regulate the influential parameters that impact AV perfor-
mance, thereby enhancing performance metrics. Hence, we
employed the quasi-optimized trajectory elementary effects
approach, which efficiently identifies the most influential in-
put parameters within complex microscopic traffic models
through the computation and comparison of sensitivity in-
dices. The results reveal that the time gap, standstill distance,

acceleration from a standstill, and following distance oscil-
lation are all influential parameters. Among these, the time
gap, associated with the car-following model, stands out as the
most influential input parameter impacting the performance
metrics of the network, merge road, and main road under
various levels of AV penetration rates.

This research offers valuable insights into the impact of in-
troducing AVs into the traffic environment on traffic mobility.
It also highlights the influential control parameters impacting
AV performance, aiming to enhance their performance. In
light of the findings gained from this research, future research
will be dedicated to developing a control strategy for regulat-
ing the influential parameters to enhance the performance of
AVs and, consequently, the overall network performance.
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