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1 | INTRODUCTION

Keemin Sohn'?

Abstract

Routing an emergency response vehicle (ERV) is essential to sustain the soci-
ety and save people in high risk. ERV must have top priority on highways to pass
through without interference with other non-ERVs. Congested road traffic condi-
tions, however, might not allow for such a priority. When non-ERVs fully occupy
alllanes in a road segment, in principle, an ERV cannot pass through the segment
until the congestion releases. On the other hand, the situation is often observed
in the field that non-ERVs sidestep to make way for an ERV, and the ERV strad-
dles lanes and runs along a lane delineation line. The present study devised an
optimization model to allow such a situation. Whereas most ERV routing prob-
lems have been formulated for uncongested traffic conditions, the present study
presents a robust formulation that can work for both congested and uncongested
traffic conditions. The connected and autonomous vehicle (CAV) environment
is prerequisite for the present modeling framework. The proposed optimization
model is robust to derive an optimal trajectory for ERV in road segments of
diverse traffic and geometric conditions.

vehicle-to-everything (V2X) technologies are inevitable for
the traffic signal preemption for ERVs.

Ensuring the optimal passage of emergency response vehi-
cle (ERV) is crucial to saving lives at risk and sustaining a
safe society. Prioritizing the ERV movement can be bro-
ken down into two categories. First, the preemption of
traffic signal for ERV at an intersection is relatively easier
than optimizing an ERV’s route through a road segment.
The signal grants the right of way to an approaching ERV,
allowing it to pass through the intersection without stop-
ping. Many researchers have studied signal preemption for
ERVs (Nellore & Hancke, 2016; Cao et al., 2022) and evi-
denced considerable enhancement of ERV passage (Wang
et al., 2013; Li et al., 2018). Vehicle-to-vehicle (V2V) and

Second, the facilitation of ERV movement in a road
stretch has been also dealt with under the assumption
that vehicles are fully connected and controlled. Various
approaches to optimizing ERV movement in road seg-
ments can be found in academia, ranging from trajectory-
based models (Sarkar et al., 2022; Hannoun et al., 2019) to
station-level routing strategies (Saha & Hajibabai, 2018). It
is observed that drivers yield to ERVs on the road, but such
voluntary cooperation is not enough to secure the safe pas-
sage of ERV. Researchers have attempted to optimize the
trajectory of ERV, thereby non-ERVs sidestep to make way
for the safe passage of the ERV. However, it is not the case
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FIGURE 1
traffic conditions.

Non-ERVs making way for ERVs in congested

in a severely congested traffic condition where non-ERVs
occupy all lanes laterally in a road stretch. The present
study proposes a methodology to find a solution for such
a situation.

It is frequently observed that an ERV runs straddling
lanes, while non-ERVs sidestep laterally on a voluntary
basis, as shown in Figure 1. The present study concen-
trates on this situation where traffic jams hinder an ERV’s
passage along a normal lane. To the best of our knowl-
edge, optimizing an ERV’s trajectory allowing for the lane
straddling has not yet been found in literature. For this
consideration non-ERVS’ maneuvers are assumed to be
fully controllable in a centralized manner under the con-
nected and autonomous vehicle (CAV) environment. The
present study sets up a novel formulation to optimize both
an ERV’s trajectory and non-ERVs’ yielding behavior on
a congested road segment, allowing vehicles to position
themselves along shoulders or lane delineation lines.

The proposed problem belongs to the category of inte-
ger linear programming (ILP). The initial stage, where
the location and speed of vehicles are given, should be
input for the problem. The proposed ILP is set up for the
treatment of a single ERV entering a road segment and
then extended to consider multiple ERVs at the same time.
Based on an initial stage, maximizing an ERV’s cumulative
speed along its trajectory determines the optimal trajec-
tory of ERV and final yielding locations of non-ERVs at the
final stage. It should be noted that the present study in this
set-up does not provide a time-varying solution, thereby
regarding the problem as a static optimization problem.
More concretely, on the entry of an ERV, to make way for
the ERV, each non-ERV must stop in an optimal yield-
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ing position within its possible stopping distance without
infringing positioning constraints.

Transitioning from the initial to final stages does not
occur instantaneously in field applications. Since road seg-
ments are consecutively linked, deriving a solution for the
next segment and transitioning non-ERVs according to the
solution can be done while an ERV is passing the previous
road segment. This preemptive implementation makes the
static method to act as a dynamic application.

Such a static problem was first proposed by Hannoun
et al. (2019), and the present study extends their model to
cover the lane straddling for congested traffic conditions.
The proposed optimization model is applicable to both
congested and uncongested traffic conditions. Figure 2
illustrates three examples of the initial and final stages in
order of congestion level. The final stage in the bottom
shows that an ERV runs between lanes to overcome vehi-
cle blocking. For this case, other previous models that only
allow driving along normal lanes cannot lead to a feasible
solution at this congested level.

The proposed ILP is tested against diverse cases alter-
ing road geometric and traffic conditions. The experiments
show that the proposed model can derive the optimal
routing of ERV in severely congested situations, which
have never been provided so far in academia. In addition,
through sensitivity analysis, the present study provides
guidance on how to apply the proposed model to vari-
ous conditions. The sensitivity analysis with respect to
parameters of the model is also conducted. Several param-
eters turn out to have a great influence on the property of
solutions, which will be helpful for further researchers.

This paper is organized as follows. The next section
introduces related works and describes some previous
studies while focusing on the context and history of ERV
routing studies. The third section presents a modeling
framework that encompasses the formulation. How to
synthesize a testbed and set up scenarios is explained in
the fourth section. The fifth section presents the results
from applying the proposed model into diverse scenar-
ios established in the previous section. The results from
the sensitivity analysis are also discussed in this section.
The last section draws conclusions and discusses further
extensions.

2 | RELATED WORK

2.1 | Outline of previous studies

As technologies in the intelligent transport system (ITS)
advance, various innovative ideas have emerged such as
incidence detection and work zone traffic management
(Adeli & Karim, 2005; Hooshdar & Adeli, 2004; Jang &
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(a) Initial stages

FIGURE 2

Adeli, 2004a; Karim & Adeli, 2003; Samant & Adeli, 2001;
and Jang & Adeli, 2004b). In this context, the challenge of
ensuring the rapid and reliable movement of ERVs through
urban road networks has also been widely studied in ITS
domains. In general, existing studies for ERV prioritiza-
tion can be classified into three main directions—signal-
level control at intersections to prioritize ERV movement,
segment-level routing and coordination to optimize travel
paths between intersections, and integrated strategies that
combine signal control and routing within a unified frame-
work. This section reviews representative work in each
category and highlights the specific gap the present study
aims to bridge.

On the other hand, three representative methodologies
have been adopted to deal with ERV prioritization. The
static optimization, to which the present study belongs,
derives an ERV’s optimal trajectory and non-ERVs’ opti-
mal yielding positions based on integer programming.
Dynamic programming is to derive the optimal path of
an ERV assuming that an environment model is known.
The model in an environment means vehicle moving
mechanisms and interactions. Under this assumption, the
optimal path can be recursively found according to traffic
conditions. Reinforcement learning can also be interpreted
as dynamic programming, but a big difference is that the
model is unknown. Thus model-free reinforcement learn-
ing finds an optimal policy by sampling or simulation on a
trial-and-error basis.

Figure 3 outlines previous study streams and method-
ologies for ERV prioritization. For summary, their list is in
Table A.1 in the Appendix according to the topic, method,
and contribution criteria.

2.2 | Traffic signal preemption

Signal-level control represents one of the earliest and
most extensively studied approaches for prioritizing ERVs.

(b) Final stages

Non-ERV’s making way for the temporary passage of ERV.

These methods reduce the ERV delay by adjusting sig-
nal phases upon detection of approaching ERVs. Early
studies addressed communication delays in V2X-based
systems; for instance, Li et al. (2018) proposed a compensa-
tion distance strategy to mitigate network-induced latency,
improving the accuracy of preemption (Li et al., 2018).

Subsequent research shifted toward quantifying travel
time benefits. Wang et al. (2013) categorized preemption
strategies—path, intersection, and segment preemption—
and developed models that better reflect their operational
differences. More recent approaches incorporate real-time
traffic data, enabling dynamic signal adjustments based on
real-time traffic states such as queue length and discharge
rates.

In areas without V2X infrastructure, vision-based alter-
natives have been explored. Nellore & Hancke (2016) uti-
lized visual sensors and wireless nodes to detect ERVs and
adjust traffic signals, accordingly, extending the applica-
bility to less-connected environments. Additionally, rein-
forcement learning (RL) has emerged as a promising tool.
Cao et al. (2022) applied a deep Q-network to learn adap-
tive signal policies for approaching ERVs, demonstrating
scalability and reduced need for manual tuning.

Despite these advancements, most systems remain
intersection-focused and fail to account for the cumulative
impact of preemption along entire routes, limiting their
effectiveness in complex urban road networks.

2.3 | ERVrouting in road segment

While intersection-level preemption is important, ERVs
often traverse multiple intersections and road segments
during response operations. Accordingly, research
has increasingly focused on segment-level routing to
improve overall response time and route feasibility
under real-world conditions. Traditional methods employ
shortest-path algorithms such as Dijkstra, A*, or heuristic
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FIGURE 3 Breakdowns of previous studies regarding ERV prioritization.

approaches to identify time-efficient routes, as shown by
Sarkar et al. (2022). However, such static routing proves
inadequate in dynamically varying traffic conditions in a
road segment.

To address this challenge, diverse advanced strategies
have been proposed. Zeng et al. (2021) developed a lane
pre-clearing scheme to coordinate non-ERVs yielding in
advance, while Liu et al. (2024) introduced a bi-level
trajectory optimization framework that accounts for fine-
grained vehicle scheduling. Liu et al. (2022) proposed an
IoV-based cooperative control model, facilitating platoon-
based yielding behavior through V2V communication.

A particularly influential contribution comes from Han-
noun et al. (2019), who developed an ILP model to optimize
ERV routing in fully connected vehicle environments.
This model laid the groundwork for spatial reallocation
strategies and has become a foundational reference in the
field.

Building on this, their subsequent work (Hannoun et al.,
2020) expanded the ILP framework from isolated segments
to a broader network of intersections, addressing meso-
and microscopic levels of traffic control. This extension
highlighted the model’s scalability and its applicability to
more complex urban road networks.

To address the limitations of full connectivity assump-
tions, Hannoun et al. (2021) introduced a sequential opti-
mization framework tailored to partially connected vehicle
systems. By incorporating real-time updates and dynamic
adjustments, this approach enhanced adaptability in more
realistic, mixed-traffic scenarios.

Complementing these technical advancements, Han-
noun & Menéndez (2022) explored an architectural solu-
tion by proposing modular vehicle configurations for
emergency medical services. Their design emphasized
flexibility and rapid deployment, offering a practical path-
way to improve operational efficiency across diverse urban
contexts.

These works collectively underscore the evolution of
ERV routing research—from static and structured models
toward more adaptive, communication-aware, and system-
integrated approaches—while highlighting the ongoing
importance of robust optimization under varying levels of
connectivity.

2.4 | Integration of signal control and
routing

Recognizing the limitations of isolated signal control
and segment-level routing, several studies have explored
integrated approaches that jointly manage traffic signal
operations and ERV routing under dynamic conditions.

Elalouf (2012) proposed an optimization model that
accounts for uncertainty in urban traffic, enabling more
effective ERV routing by considering real-time delays
and stochastic travel times. This approach moves beyond
static routing by adapting paths in response to evolving
congestion conditions.

Building on this, Mu et al. (2018) introduced a route-
based signal preemption framework that proactively
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adjusts traffic signals along an ERV’s expected path. By
integrating route information into signal control logic,
their method reduces intersection delays and improves
coordination across links.

Jung et al. (2021), on the other hand, proposed a
reinforcement learning-based system that dynamically
prioritizes ERV movement through real-time signal adjust-
ments. Leveraging V2X communication and simulation-
trained policies, their approach adapts signal phases to
spontaneous disruptions in traffic.

Additionally, focusing on evacuation rather than ERV
dispatch, Liu et al. (2024) presented a bi-level optimiza-
tion to determine optimal departure times and routes at the
upper level, while refining traffic signal operations at the
lower level. This integrated framework combines macro-
and micro-scopic representations to improve overall evac-
uation performance, significantly reducing total clearance
time and individual travel delays.

Despite these advancements, many integrated systems
still rely on simplified assumptions about driver behav-
ior and structured traffic movement. Informal yielding
practices—such as lane straddling, shoulder driving or
temporary lane changes—are rarely incorporated into
these models, which limits their practical effectiveness in
highly congested or unpredictable urban environments.

3 | MODELING FRAMEWORK

Despite various efforts to improve the ERV mobility—
such as intersection preemption, routing optimization, and
coordinated control—most existing models assume that
all vehicles strictly adhere to their designated lanes. This
assumption originates from under-saturated traffic condi-
tions and underlies a wide range of approaches, including
MILP-based optimization (Firooze et al., 2018; Kaufman
et al., 1998), dynamic control systems (Polimeni & Vitetta,
2011; Katsuma & Yoshida, 2018), advanced dynamic con-
trol systems (Alruwaili et al., 2025; Duan et al., 2022), and
learning-based methods (Alzubaidi et al., 2023; Su et al.,
2023; Ding et al., 2024).

In reality, however, drivers often exhibit more active
yielding behaviors—such as moving onto shoulders or
straddling lanes—to make way for ERVs. While these
actions are voluntary, they play a crucial role in enabling
ERV passage even under jammed traffic conditions.
Although Hannoun et al. (2019, 2020 and 2021), proposed
a rigorous ILP model that offers a strong foundation for
structured ERV trajectory optimization, their formulation
assumes so strict discipline that such flexible yielding
behaviors are not allowed. To bridge this gap, the present
study extends the ILP so that lane straddling can be
allowed for ERV routing to better reflect how drivers
respond to ERV in the real world.

@ KIM and SOHN

More concretely, the present study is different from
Hannoun et al. (2019, 2020 and 2021) in the follow-
ing three aspects. First, vehicle positions are treated in
a totally different manner to allow vehicle straddling
and shoulder utilization. That is, conditions for resid-
ing vehicles in informal positions are more restrictive
than that for normal lanes. Second, the constraints of
the Hannoun model are simplified to make it easier
to understand. Last, the objective function is diversi-
fied in the present study to accommodate the loss of
non-ERVs, which brings out the most crucial differ-
ence.

3.1 | Layout of initial and final stages

The proposed model, based on a static ILP, requires the
initial state of all vehicles as input and presents their
final locations and an ERV’s optimal route as output. The
conceptual representation of a road segment and vehi-
cle layout is shown in Figure 4. To allow lane straddling,
cells cover space both within and between lanes. The pro-
posed framework formalizes vehicle reallocation using a
discretized, cell-based representation of a road segment.
Each cell accommodates one vehicle and has distinct lon-
gitudinal and lateral coordinates. Based on the cells, a
road segment is discretized to capture road geometry and
vehicle occupations.

At the initial stage, existing non-ERVs in the road seg-
ment are captured just before an ERV enters the scene. In
this snapshot, each non-ERV occupies a specific (x, y) cell,
where x denotes the vehicle’s position along the longitu-
dinal direction and y corresponds to its lateral placement.
The speed of each non-ERV at the initial stage should also
be given to determine the range of its final position to yield
to ERV.

The lateral axis (y-axis) spans from y = 0 to y = Yyax,
where the boundaries are the shoulder and center line.
Odd numbers are assigned to normal lanes, while even
numbers are assigned to shoulder, center line, and lane
delineation lines. This numbering scheme allows the
model to consider active yielding behaviors such as lane
straddling or shoulder running—commonly observed in
the real-world.

Non-ERVs at the initial stage are sequentially numbered
according to the convention of Hannoun et al. (2019),
first along the longitudinal direction and then laterally.
The final number, thus, indicates the total number of
non-ERVs, reflecting the level of congestion. All vehicles
are assumed to be homogeneous in size and mechan-
ical performance, and then this assumption is relaxed
to allow two different types of non-ERVs such as cars
and heavy vehicles. Heavy vehicles include buses and
trucks.
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(a) Initial stage

(b) Final stage

FIGURE 4 Layouts of initial and final states of non-ERVs. Each cell in road segment stands for an available space that can accommodate

a vehicle at a time. Each cell is 3.5 m long. This cell length approximates the average vehicle length with clearance. Cells in normal lane are
shaded in light cyan, and those for straddling between normal lanes are shaded in grey. Cells on road shoulder and center line are also marked
in grey with white longitudinal lines, and for convenience, both are regarded as identical. Operationally, cells occupied by non-ERVs are

highlighted in light yellow, and an ERV’s route is painted in red.

To restrict non-ERVS’ final positions, the minimum stop-
ping distance (MSD) is adopted, based on which the range
of each vehicle’s final position is constrained. The MSD
for each vehicle is computed by its initial speed. Based on
the MSD, the minimum final position of each non-ERV is
computed as follows:

’ .0 '
X;=x;+ MSD;
where:
- x? is the initial longitudinal position of vehicle j,
expressed as a cell count from the entry of the segment
- MSD; is the minimum stopping distance of vehicle j

measured as cell count
- x}. is the longest boundary of final position of vehicle j.

The longest boundary of each non-ERV’s stopping posi-
tion is then used to define its feasible stopping range that
spans from x;. to x;. + ¢, wherein c; is a buffer that is ran-
domly varies up to two or four cells. The range of stopping
position should be predefined and fed into formulation as
parameters. The impact of varying the range on deriving

solutions is examined later in Section 5.4.2.

3.2 | Decision variables and parameters
The baseline model is first set such that a single type
of non-ERVs yield to a single ERV. This baseline model
is extended to accommodate multiple types of non-ERVs
with multiple ERVs.

3.2.1 | Decision variables

Binary decision variables for indicating the presence of an
ERV and non-ERVs at the final stage are represented by w

and v, respectively. Both sets of decision variables indicate
the optimal ERV path and the final position of non-ERVs
after yielding.

The speed variables (s,, s<™!, and s$"V2) emerging in
the objective function are related with the binary decision
variables via constraints. The speed variables are con-
fined to positive integers to reduce the formulation into
an ILP. It should be noted that the speed variables do not
equal physical speeds but reflect the surrogate index for
ERV speed to facilitate formulation (Hannoun et al., 2019).
Each of three surrogate variables represents the primary
speed affecting only by lane change, the first auxiliary
speed reduced only by side friction, and the second aux-
iliary speed reduced only by straddling, respectively. The
baseline is the primary speed, and the remaining two aux-
iliary speeds are reduced from this baseline speed, for
the purpose of separating the impact of side friction and
straddling.

The remaining variables (z, z~, z*, and a) are binary
or ternary and mobilized to linearize non-linear con-
straints. Table 1 lists the variable types and descriptions.

envl

3.2.2 | Parameters

Table 2 lists parameter notations and descriptions. Special
care should be taken to define the initial location of non-
ERVs. (x?, y;.)) denotes coordinates of the jth non-ERV at
the initial stage. The longitudinal coordinate increases in
the direction of vehicle progression, and the lateral coor-
dinate increases from the rightmost shoulder to the center
line.

The utility and effect of each parameter will be described
while formulating the problem in what follows. The solu-
tion varies considerably according to how parameters are
set up. The sensitivity analysis will be conducted later in
Section 5.4 to investigate the impact of varying parameters
on solution properties.
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TABLE 1 Description of decision variables.

Decision variable Type Description

w,, €1{0,1} Binary 1ifa cell (x,y)isincluded in ERV
path, and 0 otherwise.
Uyy.j €10,1} Binary 1ifa cell (x,y) is occupied by the

Jjth non-ERYV, and 0 otherwise.
s, € integer Integer Primary ERV speed ata
longitudinal position x

s$V1 € integer

Integer Auxiliary ERV speed at position
x affected solely by the side
friction of adjacent non-ERVs

s$V2 € integer

Integer Auxiliary ERV speed at position
x related only to running in
informal positions rather than a

normal lane

€ integer Integer Auxiliary integer variable to
linearize the objective function
term representing the loss of

non-ERVs

Auxiliary binary variables to
linearize the constraint for
lane-change to left without
interference

xyj

zy, €{0,1} Binary

z5, €{0,1} Binary  Auxiliary binary variables to

linearize the constraint for
lane-change to right without
interference

ayt €{0,1,2} Ternary Auxiliary ternary variables to

indicate the side friction due to
non-ERVs for speed adjustment.

3.3 | Objective function

The present study sets up two different objective func-
tions according to whether to consider the disutility of
non-ERVs. Equation (1) denotes the first objective function
(Obj. A) that considers only an ERV’s utility, representing
the weighted sum of three different ERV speeds along its
path.

Max Obj. A

= Z Sy + Z ap s + Z a2 (1)
X X X

Max Obj. B = Z Sy + Z sl 4 Z o, sV

—222“3 vy =) @)

The first term reflects the sum of an ERV’s primary
speeds along its longitudinal path which is affected solely
by lane changes, the second term is the auxiliary ERV
speed to consider the impact of the side friction due to adja-
cent non-ERVs, and the last term is included to dwindle
an ERV’s speed when it runs straddling between normal

@ KIM and SOHN

Description of parameters.

TABLE 2

Parameter Type Description

a, Real Weight in objective function for
the auxiliary ERV speed affected
by the side friction of adjacent

non-ERVs

a, Real Weight in objective function for
the auxiliary ERV speed related
only to running along a
delineation line rather than a

lane

as Real Weight of objective term that
accounts for changes in lateral

position of non-ERVs

g Real The buffer of stopping distance of
the jth non-ERV

Position of the jth non-ERV at
the initial stage

)Y Integer
MSD Real Minimum stopping distance of
vehicle j measured as cell count

Smin» Stree Real Minimum and free-flow speeds

of ERV

4 Real Speed reduction factor for

lane-change of ERV
Temporary speed reduction
factor for lane-change of ERV

B Real

B, Real Temporary speed reduction

factor for the side friction of an
adjacent non-ERV

M Real Sufficiently large value for

linearization

Y Integer Number of lateral positions

(lanes, lane delineation lines, and

shoulders)
Integer Number of non-ERVs

L Integer Road segment length measured

in cells

lanes. The reason for this separation lies in the advantage
that real-world driving behavior is modeled more accu-
rately, preventing overly aggressive slowdowns of the ERV
speed due to side friction or lane straddling.

Matching the surrogate speed variables with physical
ERV speed is possible in principle by removing the separa-
tion and computing a single surrogate speed. However, in
practice, it is hard to obtain data to fit the surrogate speed
into physical speed. Nonetheless, the rationale for adopt-
ing the surrogate variables in the objective function lies in
the fact that the physical speed is enhanced as the surrogate
speed increases.

Maximizing the first objective function pursues the
advantage of an ERV, which might lead to drastic changes
in non-ERVS’ positions. To overcome this, the second
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objective function (Obj. B) accommodates the loss of non-
ERVs. More concretely, non-ERVS’ positional change in the
lateral direction is minimized simultaneously while maxi-
mizing the ERV speeds. Equation (2) denotes the extended
objective function, and the fourth term in the objective
function denotes the negative loss of non-ERVs which will
be maximized together with the three ERV speeds.

max st+2<x1-S§HV1+2052-S§“V2—2053-dj
X X X j

(3)
Ty = (y - yj-’) Uy VY, 4
Fayj > — (y — yf) Vyy VXY, (5)
where, d; = Z Z Ty, (6)

x y

The absolute value in the additional term makes the
second objective function nonlinear. This function is
linearized and transformed into Equation (3) with con-
straints of Inequalities (4) and (5). New auxiliary integer
variables (r , ;) are added for the linearization. All lin-
earization schemes used in the present formulation are
clearly introduced in Table A.2 in the Appendix with orig-
inal non-linear formulas. The formulation demonstrates
the balance between maximizing the ERV utility and
minimizing the loss of non-ERVs.

3.4 | Constraints

3.41 | Vehicle positioning constraints

Inequalities (7) denote the constraint that only one vehicle
can exist per cell. Equation (8) forces that non-ERVs must
stop within a feasible stopping range that is predefined
based on their initial speeds.

Wyy + Z Uyy,j S1Vx,y @)
J
’
xj+cj
D D vy =1V (8)
X=X;. y

Inequality (9) ensures that non-ERVs maintain the ini-
tial positional order without passing. That is, if non-ERV A
was initially downstream of non-ERV B, non-ERV A must
not end up upstream of non-ERV B. Inequality (10) ensures
that non-ERVs avoid weaving conflicts. Two non-ERVs
cannot switch their lateral positions in between initial and
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final stages. These two constraints use the big-M method
to linearize the original conditional restrictions.

vj' > j,
Z Z Ux/’y’j/ <M (1 - Z Ux’y’j> xO < xo (9)
J J

x'<x y y
vj' > j,
2 Uy jp SM(1=0y)) <y (10)
y'<y J J'

Inequalities (11) and (12) guarantee that no two non-
ERVs can be laterally adjacent in the same longitudinal
position. That is, when a non-ERV occupies a lane, another
non-ERV cannot straddle the lane, and vice versa.

D vgypit Dveyory ST V(L)Y #Ej QD)
J J

Z Ux,y,j + Z Ux,y+1,j <1
J J

V(x,»),Vj"#j (12

3.4.2 | Vehicle motion constraints

Equation (13) denotes the constraint to ensure an ERV’s
continuous forward movement, and inequality (14)
ensures that non-ERVs cannot laterally occupy, at the
same time, cells more than the number of normal lanes.

Dwey=1 Vx (13)
y

D vy (Y =1)/2 Vx (14)
y

J

Inequalities (15) and (16) are lane-change constraints for
ERV to guarantee the following conditions. An ERV can
move to an adjacent normal lane, if it previously straddled
between normal lanes (= odd-numbered position), and it
can either straddle an adjacent lane or move to an adjacent
normal lane, if it was previously in a normal lane (= even-
numbered position). These constraints also hold when an
ERV runs along the road edges such as shoulder or cen-
ter line by ensuring w, , is set at 0 for all y’s beyond both
lateral boundaries.

wx+1,y < wx,y—l + wx,y + wx,y+1 Vy € odd (15)

+wx,y_1 + wx’y

Vx, (6)

Vy € even

wx+l,y < wx,y—z

+wx,y+1 + wx,y+2

Inequalities (17) and (18) ensure that non-ERVs cannot
be laterally adjacent to an ERV in the proposed lane-
numbering convention. These constraints are necessary
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because normal lanes are even-numbered, and shoulder,
center line, and straddling positions are odd-numbered. In
other words, this numbering scheme allows the present
formulation to treat normal lanes and informal positions
in an incorporated manner.

Z Ux,y—l,j S M (1

J

vy SM(1-w,,) Vxy @s)
J

- wx,y) Vx,y 17)

For an ERV to change a lane without interference with
non-ERVs, the following conditions should be met. If an
ERV switches to the right lane or straddling position, the
next cell in the progressing direction of the ERV should be
vacated, and vice versa to the left. For these constraints,
a new variable taking the product of two binary variables
(w and v) is required, which then converts the problem
nonlinear. Two auxiliary binary variables (z; s Zxy) are
mobilized to linearize these conditional constraints with
the product variable. Inequalities (19)-(22) linearized con-
straints for the ERV movement to the right. Inequalities
(23)—(26) correspond to the same restrictions for an ERV’s
move to the left.

z+y <wyy X,y (19)

Ziy S Wyiry-1 VX, ¥ (20)

Zyy, 2 Wy 4+ Wiy yq —1 VX, Y (1)

2 ey SM(1-z3,) Vxy (22)
j

Ziy S Wyy VX, Y (23)

Zyy S Wyl y+1 VX, Y (24)

Zyy Z Wxy + Wyi1pe1 —1 VX, Y (25)

vaﬂy] M (1-2zy,) Vx,y (26)

3.43 | Speed constraints

Inequalities (27) and (28) deal with the ERV speed adjust-
ment due to side friction from adjacent non-ERVs. An
auxiliary ternary variable (aem’l) is adopted to reflect
that non-ERVs adjacent laterally from an ERV’s position
impedes the ERV’s progression. For the proposed layout,
1-cell separation in lateral axis between vehicles is not

@ KIM and SOHN

allowed for safety. 2-cell separation thus indicates that
vehicles are laterally adjacent. Inequality (28) reflects that
the auxiliary speed stays equivalent to the ERV speed plus 1
when there is no adjacent non-ERV, decreases by §; when
only one vehicle resides adjacently, or decreases by 25;
when there are two non-ERVs on both sides. This inequal-
ity is, however, nonlinear because of the product of two
variables. Mobilizing another auxiliary ternary variable
is necessary for linearization. For brevity, the linearized
formulas are listed in Table A.2 in the Appendix.

envl 2 Wy,y—2 + Wy y+2 vx, y (27)
sVl <5 +1- B 2 Z astyt vy, VX (28)

Inequality (29) denotes the constraint to adjust the sec-
ond auxiliary speed of ERV, so that it decreases by f8,
when it straddles normal lanes or resides in shoulders
(= even-numbered positions).

SV 1By ) wyy VX (29)

yeeven

The primary ERV speed is penalized by the lane chang-
ing maneuver. Inequality (30) considers that an ERV’s
primary speed should decrease by y every time it con-
ducts a lane change. The lane change encompasses both
movements from lane to lane and from lane to adjacent
informal position. The auxiliary variables (z} ), and z
are necessary to express the lane-changing constraint.

xy)

S SSe+1—y Z (z;,y + z;y) Vx (30)
Y

Final constraints (31)-(33) restrict the range of speed
variables.

Smin < Sx < Sfree Vx (31)
Smin < 5™V < sV vx (32)
Smin < 8§77 < SV Vx (33)

3.5 | Model extensions

The baseline formulation above is established assuming a
single type of non-ERVs with a single ERV. The assump-
tion is relaxed in this section by adjusting corresponding
variables and constraints that include them.
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Description

KIM and SOHN

TABLE 3 Additional variables and parameters for extension of non-ERV types.
Variable Type
Ry yk Decision variable/binary

hev

r Auxiliary variable/integer

x,y,k

iy Auxiliary variable/integer
occ?f; Definitional variable/binary
occhead Definitional variable/binary
occg?y" Definitional variable/binary
X, xpead Definitional variable/integer
XJ?"“ Definitional variable/integer
x,y] Parameter/integer
xl}(‘(’, y,i‘o Parameter/integer
K Parameter/integer
abev Parameter/real
B Parameter/real
Bu Parameter/real
Ak Set
Bk Set

3.5.1 | Different types of non-ERVs

Two different types of non-ERVs are considered in the
formulation. Non-ERVs are divided into cars and heavy
vehicles such as buses and trucks. For the extension, new
decision variables and parameters are added as shown in
Table 3.

Only changed parts form the baseline formulation are
described in this section. The second objective function
(Obj. B) should have an additional term to indicate the
lateral displacement of heavy vehicles as a loss. The objec-
tive function for two types of non-ERVs is expressed as
Equation (34).

max 2 Sy + 2 o sV 4 Z o, sSV2—
X X X
hev jh
D azd;— ) abevdhe (34)
7 X

A new decision variable (h, ;) is necessary to denote
the position of heavy vehicles, whereas the existing posi-
tion variable is confined only to cars. A heavy vehicle is
assumed to occupy two cells in a row. h, ,; is defined as
the tail position of a heavy vehicle. For the facilitation of

1if a cell (x, y) is occupied by the kth heavy vehicle’s tail, and 0
otherwise.

Auxiliary integer variable to linearize the objective function term
representing the loss of heavy vehicles

Auxiliary integer variable to linearize the objective function term
representing the loss of cars

lifacell (x, y) is occupied by a heavy vehicle’s tail, and 0 otherwise.

1if a cell (x, y) is occupied by a heavy vehicle’s head, and 0
otherwise.

1if a cell (x, ) is occupied by a heavy vehicle, and 0 otherwise.
Longitudinal position of the kth heavy vehicle

Longitudinal position of the jth car

position of the jth car at the initial stage

position of the kth heavy vehicle at the initial stage

Number of heavy vehicles

Weight of objective term that accounts for changes in lateral
position of heavy vehicles

Temporary speed reduction factor for the side friction of an
adjacent car

Temporary speed reduction factor for the side friction of an
adjacent heavy vehicle

Set of cars that reside ahead of the kth heavy vehicle at the initial
stage

Set of cars that reside behind the kth heavy vehicle at the initial
stage

extended formulation, three definitional variables need to
be set up. occﬁf,;}, occﬁ?yad, and occﬁ?;’ denotes the existence
of tail, head, and either, respectively. Equations (35)-(37)

correspond to each of the definitional variables.

oot = ey Veclonl =Yy G
k

oCCg,e;ld = Z hy1yg Vxefl, .., L}, Vy (36)
k

occly) = occ? + occhd Vi, Vy (37)

The existing constraint (7) changes to Equation (38) to
secure that a cell accommodates only one vehicle.

Z Ugy,j t occg’e}}’ +w,, <1Vx,Vy (38)
J

The existing constraints (11) and (12) change to inequal-
ities (39)-(42) to purge adjacent positions in the lateral
direction of heavy vehicles.

hev _ tail
z Uxy-1,j +0CC, 5 4 < M (1 occx’y,k> (39)
J
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h tail
2 Upry-1j +0cei) <M (1 —occl?)) (40)
J
h tail
Z Uy i1, + occxe"+1 <M (1—occy) (41)

J

h il
ZJ Ux+17y+1’j + Occxivl,y-f-l S M (1 - OCCSCa’ly) (42)

Vxe{0,.,X —1},Vy

Inequalities (43) and (44) are the updated versions of
existing constraints (17) and (18), when heavy vehicles
are included, to vacant positions adjacent in the lateral
direction of ERV trajectory.

ocely ) S M (1-wey) Vxel0,, X =1V ()

occ he;;/+1 SM(1-wyy) Vxe{0,..X —11LVy  (44)

Because cars and heavy vehicles are independently
numbered at the initial stage, additional constraints are
necessary to hamper passing between non-ERVs. Over-
taking between heavy vehicles is prevented based on a
constraint denoted by Inequality (45).

Z);/_:lo Z hx’,y,k’ <M(1- E hx,y,k
y y

Vk <k, Vx €{l,.,L -1}

(45)

To restrict the passing between cars, three definitional
variables are necessary, which indicate the longitudinal
position of cars and heavy vehicles. Equations (46)-(48)
denote the definitional variables, respectively. Inequalities
(49) and (50) restrict the range of the definitional variables
for heavy vehicles.

xtail = Z x (Z hx,y,k> vk (46)
X Yy

xped = x4 1 vk (47)

X6 = > x (Z ux,y,j) vj (48)
X y

0<xMl<L-1 (49)
1<xped <L (50)

Two sets for cars should be identified before formulating
constraints to limit overtaking between a car and a heavy
vehicle.

Ay = {ieN : |y;?—y,i‘° <

By = {ieN : |y?—y£° <

@ KIM and SOHN

Using the two sets, constraints to prohibit passing
between cars and heavy vehicles are established as shown
in Inequalities (53) and (54).

xpead < XS Yk, VjeAy (53)
X< X Vk, VjeBy (54)

Among existing constraints (19)-(26) for an ERV to
change a lane without interference with non-ERVs, only
Inequalities (22) and (26) need to be changed to Inequali-
ties (55) and (56), respectively, to consider heavy vehicles.

z U1y, + occl);i"ly <M(1-zf,) Vx,Vy  (55)
J

Z Vg1, +OCChS <M (1-25,) Vx,¥y  (56)
j

The existing constraint (28) changes to Equation (57), so
that the ERV speed reduction due to side frictions can be
differentiated between cars and heavy vehicles. Inequality
(57) denotes the speed reduction constraint separated by
vehicle type.

SVl <5 +1

(57)
—Bu Z (axy OCCheV) B Z (ax,y Zj Ux,y,j)

Last, additional constraints are necessary to include the
loss of heavy vehicles in the objective function. The same
linearization scheme is adopted as when adopting a uni-
fied vehicle type. Constraints (58)—(60) are added to do
so.

e > (y - yk ) heyr Vxef0,.,L—1},y,k  (58)

x,y,k =
yh
xe;k = (y yk ) hx,y,k (59)
Vxe{0,.,L—1},y,k
dhev > Z 2 e Vk (60)

3.5.2 | Simultaneous accommodation
multiple ERVs

Multiple ERVs move together or may be encountered at the
same time on a road segment. Considering such a case,
the baseline formulation is extended to simultaneously
accommodate multiple ERVs. Compared to the exten-
sion of non-ERV types, accommodating multiple ERVs is
much simpler because only one dimension of ERV deci-
sion variable needs to be added. This section introduces
what should be changed or added for the treatment based
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1if a cell (x, y) is occupied by the mth ERV, and 0 otherwise.

Auxiliary binary variables to linearize the constraint for the mth ERV’s
lane-change to right without interference

Auxiliary binary variables to linearize the constraint for the mth ERV’s
lane-change to left without interference

Auxiliary ternary variables to linearize the constraint for the speed
adjustment of the mth ERV based on surroundings

Speed of the mth ERV at a longitudinal position x

Auxiliary speed of the mth ERV at position x affected solely by the side
friction of adjacent non-ERVs

Auxiliary speed of the mth ERV at position x related only to running along
a delineation line rather than a lane

Number of ERVs

KIM and SOHN
TABLE 4 Additional variables and parameters for extension of ERVs.
Variable Type Description
Wy ym Decision variable/binary
Sz Auxiliary variable/binary
Z5ym Auxiliary variable/binary
as’y, Auxiliary variable/ternary
Sem Decision variable/integer
semt Decision variable/integer
e Decision variable/integer
M Parameter/integer

on the baseline model. Table 4 lists additional variables
and parameters necessary for the extension. Equation (61)
denotes the changed objective function that includes the
speed of multiple ERVs.

max Z Z Sem + 01 Z Z s+
m X m X
%) 2 Z S’ — A3 2 d; (61)
m X j

A new constraint is necessary to ban overtaking between
ERVs, whereas remaining constraints could be changed by
adding an additional dimension, considering the changes
in existing conditions that should be met. Inequality (62)
denotes the additional constraint. This extension assumes
that each ERV has its own trajectory that is not shared with
other ERVs. This is a handicap that will be overcome with
a dynamic programming.

Y
Z Wyyo <M (1=wyyq) Vx,Vy (62)
Y=y

Equations (63)-(77) denote changed constraints by
adding one dimension to variables, each of which is
updated version of its corresponding constraint in the
baseline model.

Wyttym S Wyy—om T Wry—1m T Wxym + Wy ypi1m + Wyyrom (63)

wx+1,y,m < wx,y—l,m + wx,y,m + wx,y+1,m (64)
D vy SM (1= wyym) (65)

J
Z Ux,y+1,j <M (1 - wx,y,m) (66)

J

Z3ym < Wyym (67)
+
Zx,y,m < wx+1,y—1,m (68)
Z;—,y,m > wx,y,m + wx+1,y—1,m -1 (69)
+
Z U1y, SM (1= Zx,y,m) (70)
J
Z;,y,m < wx,y,m (71)
Z;,y,m < wx+1,y+1,m (72)
Z;,y,m = wx,y,m + wx+1,y+1,m -1 (73)
Z U1y SM(1- Z;,y,m) (74)
J
1
a)ecr,l;/,m 2 wx,y—z,m + wx,y+2,m (75)
2
S?cr,ln\; < Sx,m + 1- 62 : Z Wy,y,m (76)
y€E€even
Sx+1,m < Sx,m +1- Y- Z (Z;,y,m + Z;c_,y,m)
y (77)

Vm, Vx € {0,...,X — 1}

4 | EXPERIMENTAL SET-UPS

The testbed is discretized into cells, where each cell repre-
sents 3.5 m in the longitudinal (x) direction. The lateral (y)
dimension is also discretized, and the maximum y coordi-
nate (Y) is defined as the number of all available lanes and
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TABLE 5 Parameters of baseline scenario.

Baseline scenario

Parameters
o A as B B> /4
1 1 1 1 5 0.05

informal positions. In this representation, odd-numbered
positions (y =1, 3, 5,...) correspond to actual driving lanes,
while even-numbered positions (y = 0, 2, 4,...) represent
the informal positions such as shoulder, center line, and
lane delineation lines.

All experiments are conducted over a fixed longitudinal
range (x = 0~25) with a single ERV. The initial speed val-
ues are set to s, = 10, sS“Vl =1, sgnvz = 1in all subsequent
experiments.

4.1 | Baseline scenario definition

Table 5 presents the baseline settings used in this study.
The testbed is a 25-cell long 3-lane road segment. 30 non-
ERVs are randomly assigned to 20 X 5 front grids at the
initial stage. The road length is extended to 25-cell long
at the final stage, which is to accommodate the final posi-
tion of non-ERVs after yielding to an ERV. The rightmost
non-ERV should be positioned within this length, and the
ERV speed accumulated along this length is regarded as an
objective function value for evaluating diverse operational
conditions.

External parameters «;, a,, and az appear in the objec-
tive function. For the baseline scenario, a; and «, are
equally set to 1 to ensure balanced contributions from each
speed term. In contrast, az differently weighs the disu-
tility of non-ERVs. 8, 3, and y are internal parameters
embedded in the model constraints.

Judging whether traffic is congested depends on the
failure of the existing algorithm. The existing algorithm
assigns vehicles to empty positions only along normal
lanes. If the initial stage has vehicles more than the capac-
ity of this normal assignment, the existing algorithm fails
in finding available space at the final stage. The threshold is
33 in vehicle counts, at which the existing algorithm starts
to fail. Considering this threshold, 30 non-ERVs are deter-
mined as baseline traffic. More congested conditions are
tested later in the sensitivity analysis up to 50 non-ERVs.

Preliminary tests with y = 1 revealed that the lane-
change exerted a strong influence on the ERV’s speed,
possibly resulting in the minimum ERV speed. y was
then adjusted to 0.05 by sensitivity analysis, where the
maximized objective function is the smallest (see Sec-

@ KIM and SOHN

Traffic Physical environment

condition

Number of Number Length of Length of
non-ERVs of lanes initial stage final stage

30 3 20 25

tion 5.4.1). A larger penalty parameter 3, (= 5) was selected
to discourage excessive straddling between lanes.

Centered on the baseline setting, the following sub-
sections introduce diverse scenarios to demonstrate the
performance of the proposed optimization model. The
analysis results from the baseline and other scenarios are
discussed in chapter 5.

4.2 | Impact of different objective
functions

Obj. A and Obj. B are discriminated by whether to consider
the disutility of non-ERVs. Obj. A ensures more flexible
maneuver for non-ERVs when they make way for an ERV,
facilitating moves in a lateral direction. In contrast, Obj.
B restricts non-ERVs’ lane-changing behavior for yielding,
thereby enhancing the model’s capability to mimic actual
traffic dynamics.

The impact of these two objective functions is compared
by examining the deterioration in ERV speed when consid-
ering non-ERVS’ disutility. Specifically for the comparison,
the ERV speed—measured by Y s, + s5™" + 55" with-
out weights—was evaluated for both objective functions.
It should be noted that even for Obj. B the result is eval-
uated by this measure excluding the non-ERVSs’ disutility
term.

Comparing both different objective functions also con-
siders varying conditions: the number of vehicles and the
number of lanes. This comparison allows us to assess how
incorporating realistic behavior of non-ERVs affects the
performance of ERV.

4.3 | Various layouts of road segment

The number oflanes is altered from three to five to examine
how the road width influences an ERV’s trajectory choice
and particularly whether to straddle between lanes. For
each case, the final stage shows how an ERV behaves as
spatial flexibility varies, when all other being equal.

The proposed model derives the optimal trajectory of
an ERV including the entry and exit positions of the road
segment of concern. For real-time applications, the entry
position of a road segment should match the exit position
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Impact of varying environment on the ERV speed

of the upstream road segment. Fixing an ERV’s entry posi-
tion needs to be tested. Even for the same road geometry
and the same initial conditions for non-ERVs, an ERV’s
different entry points lead to different objective function
values.

4.4 | Impact of varying traffic conditions
The spatial distribution of non-ERVs at the initial stage
influences an ERV’s optimal route and speed. Based
on the baseline setting, different traffic conditions are
tested. As the initial spatial distribution of non-ERVs
differs, an ERV’s optimal speed and trajectory vary
even for the same number of non-ERVs. To cover
severely congested conditions, up to 40 non-ERVs are
tested.

This analysis highlights the influence of localized con-
gestion on ERV routing. According to where non-ERVs
are clustered in a road segment, the ERV routing may
vary. Consequently, the insight gained from this experi-
ment assists to better guide the ERV routing in real-world
road networks.

4.5 | Sensitivity analysis by parameters

Sensitivity analysis is necessary to examine how parame-
ters influence an ERV’s optimal trajectory and non-ERVs’
final yielding positions. As mentioned earlier, parameters

59 WILEY %%

are categorized into two types: internal parameters (3;, 35,
), and external parameters (¢, a5, ¢t3). Each parameter
varies separately, and its impact on an ERV’s routing and
non-ERV’s positions can be examined.

Aside from model parameters, the impact of varying
MSD on solutions is also examined because the proposed
ILP model accepts MSD as input. To determine the range
of non-ERVS’ final positions, a random buffer is added to
MSD. Altering both MSD and buffer, how solutions change
is investigated.

All experiments are performed under the baseline
setting, with only parameters of concern altered. The
result from this analysis is expected to provide an
insight into how the proposed model adapts into dif-
ferent road and traffic scenarios through parameter
tuning.

4.6 | Extensions to accommodate
multiple non-ERV types with multiple
ERVs

The impact of extensions is first examined by altering the
proportion of heavy vehicles. Three different proportions
(10%, 20%, and 30%) of heavy vehicles are tested consid-
ering the real mix of heavy vehicles in the field. The new
parameter (5;;) that indicates the side friction of heavy
vehicles is chosen larger than the existing one (3;) of
cars.

Second, the impact of multiple ERVs on solutions is
tested when two different ERVs simultaneously appear in
a road segment, assuming that an ERV’s trajectory is not
overlapped with the other ERV’s trajectory. Last, the case
where two ERVS’ trajectories are optimized when 10% of
non-ERVs are heavy vehicles.

5 | SIMULATION EXPERIMENTS

5.1 | Results from different objective
functions

To evaluate the influence of including the disutility of
non-ERVs, both objective functions are tested by vary-
ing the number of non-ERVs and the number of lanes,
respectively.

511 | Both objectives with varying numbers
of vehicles

The number of non-ERVs is set to 5, 10, 30, and 40,
with all other road conditions being equal to the base-
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FIGURE 7 ERV speed by changing initial entry lanes in a
5-lane road.

line setting. As mentioned earlier, 40 non-ERVs exceeds
the threshold at which the existing algorithm starts to
fail. This setting is to investigate the impact of conges-
tion levels on the ERV routing with different objectives.
The performance measure is the ratio of ERV speed under
Obj. B with respect to that under Obj. A. A larger ratio
implies that the ERV speed would be less affected by
considering the disutility of non-ERVs. Figure 5a shows
that as the congestion level increases, the ERV speed
ratio decreases from 99.8% to 41.2%. Nonetheless, the
experiment reveals that the speed reduction is negligi-
ble before the number of non-ERVs exceeds 30. That is,
despite including the damage reduction of non-ERVs in the
objective function, an ERV can maintain a higher speed
unless the traffic is severely congested. It turns out that
the proposed model can thus provide a threshold of traf-
fic condition that is not affected by including non-ERVSs’
disutility.
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FIGURE 9 Objective function values of ERV under different
traffic density distributions.

512 |
of lanes

Both objectives with varying numbers

Figure 5b shows the impact of both objective functions by
altering the number of lanes from three to five, with the
number of non-ERVs fixed at 30. The ERV speed under
Obj. B was 89.5% of that under Obj. A for the 3-lane config-
uration and 94.4% for the 5-lane scenario. The difference
in speed ratios is not that large, so it turns out that even
a 3-lane road can take care of non-ERVs within a toler-
ant reduction (—10.5%) in ERV speed. Once the number
of lanes exceeded 3, there is negligible difference between
the ERV speed from both objective functions. In conclu-
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sion, if a highway has sufficient capacity with multiple
lanes, considering the disadvantage of non-ERVs in the
objective function does not significantly reduce the ERV
speed.

5.2 | Various layouts of road segment

521 | ERV routing under different lane
configuration

The present study investigates the optimal trajectory of an
ERV for different numbers of lanes. This analysis focuses
on how the road width affects an ERV’s straddling between
normal lanes.

As shown in Figure 6, scenario A represents a near-
congested traffic condition of 30 non-ERVs on a 3-lane
road segment, where the limited road width restricts an
ERV’s smooth passage. Under this setting, an ERV mainly
utilizes road shoulder to compose its optimal path and
straddles between lanes just for lane change. This result
demonstrates that the proposed model can secure an ERV
passage under restricted road width. Compared to the 3-
lane scenario, scenarios B and C with four and five lanes,
respectively, demonstrates more flexibility in lateral move-
ment. ERV trajectories are more likely to follow normal
lanes, and lane changes are performed more smoothly. In
contrast to the 3-lane scenario, the optimal path does not
include informal positions. This confirms that the model’s
validity to show rational behaviors of ERV according to
road traffic conditions.

522 |
position

Impact of an ERV’s initial entry

The impact of an ERV’s entry position on its optimal speed
is examined, being other conditions equal to the baseline
setting. Depending on entry lane, an ERV may face dif-
ferent levels of interference with non-ERVs, even under
the same traffic volume. Experiments are conducted for
a 5-lane road segment, and the results from five different
entry positions are examined. For each case, the proposed
model derives an ERV’s optimal trajectory and speed with
the ERV entry position fixed.

As shown in Figure 7, an ERV achieves different objec-
tive function values for varying entry positions. This result
suggests that the proposed model works well with an addi-
tional constraint that fixes the entry position of an ERV.
Thus, the recursive implementation of the proposed model
makes it possible to match the entry position with the exit
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position of the previous upstream road segment when road
segments are connected in a row.

5.3 | Impact of spatial distribution of
non-ERVs

The influence of spatial distribution of non-ERVs at the ini-
tial stage is examined on ERV routing. Five scenarios (A
to E), each with the same number of non-ERVs but differ-
ent distributions of vehicle positions, are tested. The test
results are shown in Figure 8.

Each of the five scenarios represents a distinct spatial
distribution of non-ERVs along the road segment. In sce-
nario A, vehicles are evenly dispersed along the segment.
Scenario B features non-ERVs near the road entry, while
scenario C places non-ERVs only in the middle of road.
In scenario D, a vehicle cluster resides near the road exit.
Finally, Scenario E shows a bimodal distribution, with
vehicles clustered at both ends of the road, leaving the
central region vacated.

Figure 8 presents the optimal ERV trajectory for five
scenarios, and Figure 9 compares the average objective
function value over 10 model implementations for each
scenario. The standard deviation is indicated in paren-
thesis. The ERV speed is used interchangeably with the
objective function value in what follows. Scenario A,
wherein traffic is most evenly distributed, achieves the best
ERV speed. Scenarios B, C, and D, wherein vehicle pla-
toons cluster, results in relatively lower ERV speeds. The
location of vehicle platoons significantly affects the ERV
speed.

The closer to the road entry a vehicle platoon is, the
more exacerbated the ERV progression is. The ERV speed
in scenario E, wherein two vehicle clusters reside, is
higher than those for three other scenarios of a sin-
gle vehicle cluster but is smaller than that of scenario
A with evenly distributed non-ERVs. In summary, as
non-ERVs get more evenly dispersed along the road seg-
ment at the initial stage, the ERV speed turns out to be
higher.

Another important finding is that across all five scenar-
ios an ERV’s dependence on road shoulder is larger than
that on straddling between lanes, which implies that lane
straddling is adequate only for temporary lane changing.
This is because lane straddling over a longer distance is
constrained in the formulation. However, if lane straddling
is not allowed, a feasible ERV trajectory cannot be derived.
The main advantage of the proposed model is that it allows
an ERV to pass through road sections that are partially
blocked by traffic.
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Effects of Varying Internal Parameter Values on ERYV speed
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FIGURE 10 Impactofinternal parameters on objective function value.
5.4 | Sensitivity analysis of parameters How external parameters o, a,, and a; influence the
ERV speed is also investigated. All other conditions align
5.4.1 | Sensitivity analysis of internal and with the baseline setting for this sensitivity analysis.

external parameters

Figure 10 provides insights into how internal parameters
affect the ERV routing under various traffic distributions.
All other conditions align with the baseline setting for this
analysis. The ERV speed in graphs denotes the objective
function value, averaged over results from ten different
random vehicle position patterns at the initial stage. The
standard deviation is in the parenthesis for reference.

B penalizes the side friction from adjacent non-ERVs.
When f; is set to a moderate level (= 3), the ERV speed
(= the objective function value) is maximized. As S,
increases over 3, the ERV speed dwindles and stabilized.
B, penalizes the ERV speed for the use of informal posi-
tions. The ERV speed decreases as 3, increases from 1 to 7,
and beyond 7, the speed stabilizes.

The parameter y penalizes an ERV’s lane changes. The
lowest ERV speed is found when y is 0.05, and this value is
chosen as the baseline. Other values for y less than 1 are at
a similar level. When increasing y to larger values than 1,
there is a marginal decrease in ERV speed.

Parameters (5, 5,, y) for the speed reduction could be
calibrated using data. How an ERV slows down when
they change lanes can be measured in the field. The
speed reduction due to side friction and straddling is also
observable. If observing data is possible, parameters can
be estimated with a simple linear regression model. When
estimating parameters, speed scaling is required, rather
than using physical speeds directly.

Because external parameters changes the objective func-
tion value, the impact of altering each external parameter
is measured by the speed sum (¥, s, + 5™ + s§™?) with-
out weighting, which is called the ERV speed in Figure 11.
a; and a, has an increasing effect on the ERV speed. When
s™1 is heavily weighted with higher «;, the model tends
to reduce the side friction and increase the ERV speed.

Increasing «, that weighs s"V2 also leads to a higher
ERV speed. When straddling is more penalized with a
higher «,, an ERV tends to stay in a normal lane, which
implies the advantage of running on normal lanes. As the
speed reduction due to straddling lessens, the ERV speed
tends to increase.

In contrast to a; and a5 that penalize the ERV move-
ment, ay penalizes the lateral movements of non-ERVs.
As o3 increases, the ERV speed declines. This drop indi-
cates that respecting non-ERVSs’ utilities leads to an ERV’s
slower progression. If a; exceeds a threshold (= 8), the ERV
speed drops below zero which is unrealistic, and the speed
is excluded in the table.

Notably, Figure 12 shows that when «; is large (= 7), the
ERV path becomes more winding, making it difficult to get
better emergency operations. For the larger az, ERV tends
to follow a route that depends more on straddling or lane
changing. This implies that as non-ERVs more stick to their
initial lateral positions, it becomes harder to for an ERV to
find a straight trajectory.

Overall, maximizing the ERV speed requires three con-
ditions: minimizing side friction with surrounding vehi-
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ERV trajectory comparison under different a;

cles, promoting uninterrupted movement along normal
lanes, and ensuring sufficient lateral space for non-ERVs.
Moreover, the ERV management strategies must prioritize
the usage of normal lanes, while allowing lane straddling
only to pass through local traffic concentration.

5.4.2 Sensitivity analysis for MSD

The impact of varying MSDs on the difference in vehi-
cle position between initial and final stages is investi-
gated. Altering MSDs reflects various applications of initial
speeds, deceleration rates, vehicle types, and partial road
conditions. More concretely, the impact of varying ranges
of stopping positions is examined. The final position of
each non-ERV must be within a random buffer after its
MSD. Figure 13 shows that the final yielding position tends
to be farther from the initial position as the sum of MSD
and buffer gets larger.

* 03>8 : ERV speed drops below 0

Impact of external parameters on objective function value.

Initial state

(a) small buffer
(1 to 2 cells)

(3 cells) (b) large buffer
(3 to 4 cells)

(c) small buffer | &

Long (1 to 2 cells)

MSD
(6 cells) (d) large buffer
(3 to 4 cells)

FIGURE 13 The impact of varying MSDs and buffers.

5.5 | Testresults from extended models

551 | Accommodating heavy vehicles

Figure 14 shows the initial and final stages of non-ERVs
when a single ERV is interfered with two different non-
ERV types. The results show that an ERV’s trajectory gets
straighter as the proportion of heavy vehicles increases.
The ERV speed, however, deteriorates as the proportion
increases. This is because the large proportion of heavy
vehicles increases side friction. This is due to the larger
length of heavy vehicles limiting their movement for
yielding.
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FIGURE 14 The impact of heavy vehicles on the ERV
trajectory according to different mix rates.
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FIGURE 15 The impact of two ERVs appearing
simultaneously.
5.5.2 | Accommodating multiple ERVs at the

same time

Figure 15 shows the impact of two ERVs on solutions when
they simultaneously appear in a road segment. According
to cases 1 and 2 in the figure, two ERV tend to be adja-
cent to each other along the longitudinal trajectory as the
number of non-ERVs increases. The proposed model thus
shows that treating two ERVs together is more efficient for
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FIGURE 16 Computation times to solve the proposed ILP by

varying non-ERV volumes.

congested conditions. When heavy vehicles are included
(= case 3), there is no drastic change from case 2 without
heavy vehicles, keeping two ERVs moving in parallel.

5.6 | Computation time to
implementation
5.6.1 | Computation time

Figure 16 shows computing times according to varying
numbers of non-ERVs. Computation time increases expo-
nentially with the number of non-ERVs. While the model
run completes in a second when 10 non-ERVs are involved,
it requires over 18,000 s for a severely congested traffic
condition with 50 vehicles. This trend poses a scalability
issue; however, such a complication is not confined only to
the present study but remains unresolved for every large-
scale ILP that depends on a partial enumeration algorithm
such as branch-and-cut or branch-and-price. An online
application of the proposed model thus would require
considerable computing resources, as the number of non-
ERVs increases. All tests in the present study are executed
using the CPLEX solver on a computing platform equipped
with a 3.7-1.4 GHz CPU and 256 GB of RAM.

Two practical measures are taken in this study to
resolve the long computing time issue. First, we focus
on the technical scheme to reduce the computing time.
The computing time presented in Figure 16 is based on
a personal computer. The computation is moved into a
server with multiple CPUs. Unfortunately, CPLEX doesn’t
support GPU-based computing. Second, a meta-heuristic
algorithm is devised to deal with large-scale problems.
In Section 5.7 a genetic algorithm (GA) is devised to
solve the proposed problem. As a result, adopting GA and
multi-thread computing turns out to reduce computing
times for deriving solutions. The test results are shown in
Section 5.7.5.
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FIGURE 17

Non-ERVs’ transition to their yielding positions.

5.6.2 | Implementation

In real-time applications, the model solving for the next
road segment is done while ERVs are passing through the
previous road segment. Moving non-ERVs to optimal yield-
ing positions in the next road segment is also done during
this period after deriving a solution. The computing time
should be sufficiently short to secure the transition of non-
ERVs. GA computing time is sufficient to fulfill these two
tasks (see Section 5.7.5).

Since moving non-ERVs to their yielding positions takes
time, such a preemptive implementation of the proposed
model is inevitable. Figure 17 shows an example of mov-
ing non-ERVs without conflicts. Owing to constraints
(Inequalities 9 and 10) to avert overtaking between non-
ERVs, every solution ensures non-ERVs’ fast movement.

5.7 | Design and application of genetic
algorithm

To address the high computational cost observed when
solving the exact ILP formulation, a heuristic framework
based on GA is developed. The GA aims to efficiently
approximate the optimal routing and coordination of an
ERV and non-ERVs under the same spatial and operational
constraints described in Section 3.

5.71 | Chromosome representation

Each individual (chromosome) encodes the lateral trajec-

tory of an ERV along the longitudinal axis x =0, ..., L.
The gene sequence C = [y, );,..,Yr] specifies the

ERV’s lateral position at each longitudinal position,

restricted by the continuity constraint |y, — y,_1]| < 2.
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A small auxiliary vector R encodes local displacement
rules for non-ERVs, which guide their repositioning during
evaluation.

5.7.2 | Decoding and evaluation

Given a chromosome (C, R), the final configuration of non-
ERVs is generated using a greedy placement with repair
procedure:

- For each non-ERV j, a feasible stopping range

[x;.“in, x}nax] is computed based on the MSD rule.

- Vehicles are sequentially assigned to admissible (x,y)
cells following their initial order, applying the rule R to
prioritize available shoulder or lane positions.

- If a constraint violation occurs (e.g. overlap, adjacent
occupancy, order inversion), a repair step relocates the
vehicle longitudinally (x + 1, x + 2) within its feasible

range.

This decoding process enforces all operational con-
straints such as continuity, single occupancy, order preser-
vation, minimum distance, and lateral safety without solv-
ing an optimization sub-problem, thereby ensuring linear
computational complexity in the number of vehicles.

5.7.3 | Fitness function

The fitness function denoted as Equation (78) approx-
imates the original objective function by balancing an
ERV’s moving efficiency and non-ERVS’ inconvenience:

L
F=)[sy —710x # yx-1) — BiCx — B2Ex]

x=1

—az ) Iy =y =MV (78)
]

where C, and E, denote side friction and shoul-
der/straddle penalties, respectively, and V is the total
number of violated constraints.

This formulation maintains interpretability with the
coefficients «;, 5;, ¥ defined in Section 3.

5.7.4 | Genetic operations

The present GA employs a population of 100 individuals
with tournament selection, two-point or block crossover,
and mutation through random lateral shifts or smoothing
operations. Elitism preserves the top k (= 3) individuals
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40 8.7 1,0115 | 491 0.94 2.69 4.00 576 590 97.6 58.3 60
50 9.3 18,446 | 564 0.97 2.75 4.27 304 335 90.7 583 60

*(C) : GA success rate of deriving the exact solution out of feasible solutions

** (D) : GA rate of deriving a feasible solution

FIGURE 18

per generation. A local 1-opt search is periodically applied
to elite chromosomes to fine-tune lateral positions and
shorten straddle segments.

5.7.5 | Experimental results from GA

GA converges within 100th generations and achieves fea-
sible near-optimal solutions with two to three orders of
magnitude shorter computation time compared to the
exact solver (CPLEX) for more than 20 non-ERVs. The pop-
ulation size is set to 100, and the mutation rate is set to 3%
in the experiment.

Performance metrics such as average ERV speed, num-
ber of lane changes, total non-ERV displacement, and
computation time were evaluated under the same test
settings as Section 4.

The results demonstrate that the GA can preserve the
essential behavioral patterns of the optimal solution while
substantially improving computational efficiency, making
it suitable for real-time or large-scale emergency routing
applications. It should be, however, noted that GA does
not guarantee the exact solution every time implemented.
Even it might fail in finding a feasible solution.

Figure 18 shows the comparison of computing times of

Computing time comparison across different solution algorithms.

three different schemes. Computing times presented are
the average of 20 experiments, each of which has a dif-
ferent spatial distribution of non-ERVs at the initial stage.
The multi-thread computing in server reduces the com-
puting time, but the computing time is still inadequate
for real-time applications. GA achieves practical comput-
ing times at the expense of losing optimality or feasibility.
The percentage of obtaining a feasible solution decreases
as the number of non-ERVs, and the success rate of deriv-
ing the exact solution also decreases with the number of
non-ERVs. The objective function value averaged over fea-
sible solutions, however, is very close to that of the exact
solution obtained by CPLEX.

A more promising result is that the computing time of
GA is consistent across increasing numbers of non-ERVs.
This advantage makes it possible to adapt the proposed
model to real-time applications.

6 | CONCLUSION

This study proposed an ILP-based modeling framework for
determining optimal trajectories for an ERV in congested
traffic conditions. The model allows an ERV to run along
shoulders and lane boundaries—to generate an optimal
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path. By assigning final positions to non-ERVs, the model
ensures optimal yielding behaviors.

Experimental results confirmed that the proposed
method can identify a viable ERV trajectory even under
severely congested conditions. A sensitivity analysis shows
that model parameters significantly affect ERV speed and
path generation.

Unlike previous models that assume strict lane disci-
pline and is applicable only to uncongested traffic con-
ditions, the proposed model uniquely captures informal
yielding behaviors—such as lane straddling and shoulder
utilization—that frequently occur in real-world emer-
gency scenarios. This advantage allows for realistic and
robust ERV routing even when road sections are partially
blocked by vehicles, setting a new direction for emergency
management strategies in CAV environments.

The present model is set up under the strong assumption
of a perfect CAV environment. Unfortunately, accommo-
dating uncertainties due to partial observability, commu-
nication latency, and delay in response are not considered.
Future work will extend this framework to relax the CAV
environment assumption for field test. In addition, the pro-
posed model will be extended to cover multi-segment links
and intersections, incorporate time-varying elements, and
explore more rigorous solution algorithms to resolve the
scalability problem and to make possible the real-time
applicability.
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TABLE A1 (Continued)
Topic Reference
Segment routing  Kaufman et al. (1998)
& Hooshdar & Adeli (2004)
spatial Jiang & Adeli (2004)
reallocation (lane )
changing, Jiang & Adeli (2004,

ODOT)

dynamic routing)

Integrated signal

+ routing

Polimeni & Vitetta (2011)
Katsuma & Yoshida (2018)
Firooze et al. (2018)
Hajibabai & Saha (2018)
Hannoun et al. (2019)
Hannoun et al. (2020)
Hannoun et al. (2021)
Zeng et al. (2021)

Sarkar et al. (2022)

Liu et al. (2022)

Duan et al. (2022)

Hannoun & Menéndez
(2022)

Alzubaidi et al. (2023)
Ding et al. (2024)

Liu et al. (2024)

Adeli & Karim (2005)
Elalouf (2012)

Mu et al. (2018)
Su et al. (2023)

Liu et al. (2024,
evacuation)

Alruwaili et al. (2025)

Method
MILP
NN

DSS

DSS

Dijkstra
VANET

MILP

MINLP

ILP

ILP
Sequential ILP
Rule-based
Heuristic
V2V/IoV
Metaheuristic

Design/ops

Deep RL
Two-stage RL
Bi-level

Monograph

Robust/stochastic

optimization

Integrated control

MARL

Bi-level integration

DL (LSTM+ResNet)
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Contribution

Time-dependent routing via time-expanded networks
NN-based VMS for work-zones; lane guidance. (work zones)
IntelliZone DSS: capacity/queue estimates

IntelliZone DSS for work-zone operations

Modified Dijkstra for evacuation time-varying links
Route reconstruction via vehicular ad-hoc networks
Location-relocation with vehicle unavailability
Joint siting of patrol stations and patrol routes

Fully connected ILP for ERV pathing in a segment
Extends segment ILP to network with intersections
Partially connected traffic via rolling optimization
Coordinated lane pre-clearing (advance yielding)
Survey of static shortest-path/heuristics

IoV/V2V platoon-based yielding control

Joint ERV-evacuation trajectory planning (Salp swarm)

Modular EMS vehicle architecture for flexible deployment

RL for faster ERV lane changes

V2X-assisted mobility-aware lane change

Trajectory optimization with microscopic scheduling
Wavelets + soft computing in ITS (survey).

Routing under uncertainty (stochastic delays)

Route-aware preemption along ERV path
Joint priority of route & signals with RL

Upper-level departures/routes + lower-level signals

Spatio-temporal traffic forecasting to aid routing & signals
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TABLE A2 Original constraints before linearization.

Description

The loss of non-ERVs in the
objective function

Non-ERVs maintain the initial
positional order without passing

Non-ERVs cannot be laterally
adjacent to an ERV in the
proposed lane-numbering
convention

If an ERV switches to the right
lane or straddling position, the
next cell in the progressing
direction of the ERV should be
vacated, and vice versa to the left.

The ERV speed adjustment due to
side friction from adjacent
non-ERVs

Original nonlinear constraints
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Linearized constraints
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