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Abstract: The emergence of connected autonomous vehicles (CAVs) is not only improving the
efficiency of transportation, but also providing new opportunities for the sustainable development of
transportation. Taking advantage of the energy consumption of CAVs to promote the sustainable
development of transportation has attracted extensive public attention in recent years. This paper
develops a mathematical approach to investigating the problem of the optimal implementation of
dedicated CAV lanes while simultaneously considering economic and environmental sustainability.
Specifically, the problem is described as a multi-objective bi-level programming model, in which the
upper level is to minimize the system-level costs including travel time costs, CAV lane construction
cost, and emission cost, whereas the lower level characterizes the multi-class network equilibrium
with a heterogeneous traffic stream consisting of both human-driven vehicle (HVs) and CAVs.
To address the multi-objective dedicated CAV lane implement problem, we propose an integrated
solution framework that integrates a non-dominated sorting genetic algorithm II (NSGA-II) algorithm,
diagonalized algorithm, and Frank–Wolfe algorithm. The NSGA-II was adopted to solve the upper-
level model, i.e., hunting for the optimal CAV lanes implementation schemes. The diagonalized Frank–
Wolfe (DFW) algorithm is used to cope with multi-class network equilibrium. Finally, numerical
experiments were conducted to demonstrate the effectiveness of the proposed model and solution
method. The experimental results show that the total travel time cost, total emission cost, and
total energy consumption were decreased by about 12.03%, 10.42%, and 9.4%, respectively, in the
Nguyen–Dupuis network as a result of implementing the dedicated CAV lanes.

Keywords: sustainable transportation; connected autonomous vehicle lane; heterogeneous traffic
streams; multi-class network equilibrium

1. Introduction

Emissions from transportation systems are considered to be an important compo-
nent of environmental pollutants. With the expansion of transportation systems and road
facilities, emissions from road traffic have been increasing over the years, and the environ-
mental impacts of traffic emissions are receiving increasing attention from researchers [1].
The sustainable development of road transportation in terms of low emissions of carbon
dioxide (CO2) and criteria pollutants is becoming a requirement and challenge for the
transportation of planning designers. Although many measures for alleviating the impact
of traffic on the environment (e.g., the adoption of alternative energy vehicles) have been
developed, traffic planners should propose solutions with a broader perspective, such as
through road network design [2]. To this end, it is critical to quantify the impact of road
traffic on the environment when designing transportation networks, not only with the aim
of minimizing the system travel time (or associated cost), but also seeking to minimize the
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negative impacts of traffic on the environment [3,4]. Some researchers have investigated
transportation network design problems (NDPs) in the context of environmental consid-
erations, such as minimizing emission and traffic noise from different perspectives, but
to our knowledge not in a context involving a heterogeneous traffic stream consisting of
connected and autonomous vehicles (CAVs) and human-driven vehicles (HVs) [5,6].

CAVs have been undergoing rapid development [7–9]. It has been widely accepted
that CAV use will be a part of future transportation systems. On the other hand, the
transformation from HVs to CAVs will not be accomplished overnight. Instead, a gradual
development process is expected. As such, heterogeneous traffic streams consisting of
CAVs and HVs will likely persist for a long time. Compared to HVs, the use of CAVs
leads to many benefits to the transportation system, including improvements in road
capacity [10,11] and traffic operation [12,13], as well as reduced emissions [9,14] and
enhanced road safety [15,16]. In particular, compared to HVs, CAVs are estimated to
reduce emissions by 20–50%, thus offering huge potential for the promotion of sustainable
transportation [17,18]. Road traffic driving conditions affect the benefits of CAVs, because
the intelligent driving of CAVs is dependent on communications equipment and roadside
facilities. Some scholars have proposed implementing dedicated CAV lanes in existing road
networks to improve system efficiency by offering a better driving environment for CAVs,
which would also reduce system travel time [19]. However, most existing studies only focus
on the optimal travel time of the system. In other words, a multi-objective optimization
approach that takes into account both system travel time and emissions is necessary to
understand the best ways to implement CAV lanes. To the best of our knowledge, no such
research exists in the literature.

To fill this gap in the study of sustainable dedicated CAV lane design, in this paper we
consider a bi-level multi-objective mathematical programming approach that considers
objectives related to both system efficiency and sustainability. The upper level of the
proposed model seeks the optimal CAV lane implementation schemes taking into account
system travel time cost and emission cost, while also minimizing CAV lane construction
cost. The lower-level captures multi-class network equilibrium consisting of two classes of
vehicles, i.e., CAVs and HVs. To solve the bi-level multi-objective optimization model, an
integrated solution framework combining the non-dominated sorting genetic algorithm
II(NSGA-II) and diagonalized Frank–Wolfe (DFW) algorithm was developed. The NSGA-II
algorithm is used to find the optimal CAV lane implementation schemes, while the DFW
algorithm is used to solve multi-class network equilibrium at the lower-level. In this work,
the multi-class network equilibrium addresses the heterogeneous traffic stream consisting
of CAV and HV, in which we assume that there needs to be no crisis effect between CAVs
and HVs, because CAVs are regarded as HVs when driving in regular lanes. Additionally,
we assume driving behavior (machine-to-human) to be ideal, without the consideration of
driving crises. On the other hand, any potential crisis between CAVs is negligible when the
CAVs are driving in dedicated CAV lanes, because CAVs are expected to experience better
driving conditions as a result of their communication equipment and the roadside facilities
provided by the CAV lanes.

Broadly speaking, sustainable dedicated CAV lane design belongs to the class of
transportation network design problems. Such problems are inherently challenging to
solve because: (1) the equilibrium constraints make the domain of feasible solutions
nonconvex; (2) constructing the Pareto frontier for different objectives is a non-deterministic
polynomial (NP) hard problem. In addition, solving multi-class (CAVs and HVs) network
equilibrium needs dealing with the asymmetric impact on link cost between the two
vehicle classes. Researchers convert multi-class network equilibrium to mixed-integer
linear programs by non-linear complementary conditions in previous studies, which are
then solved by solvers like CPLEX Optimizer [20,21]. However, solving such mixed-
integer linear programs may still take a long time, because the equilibrium constraints
make the domain of feasible solutions nonconvex. In this paper, we instead propose a
diagonalized Frank–Wolfe algorithm, which is simple to implement and demonstrates
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good computational performance. On the other hand, we adopted the NSGA-II algorithm
to handle the multi-objective and NP hard nature of the problem, which presents a better
way to handle multiple objectives with different count units than traditional means such as
the weighting method. Another strength of NSGA-II is that it can provide a large number
of Pareto solutions, which will be desired for decision-making.

Moreover, some findings are obtained based on numerical examples. First, implement-
ing dedicated CAV lanes could reduce the total time cost, total emission cost, and total
energy consumption by about 12.03%, 10.42%, and 9.4% in the Nguyen–Dupuis network.
Second, implementing dedicated CAV lanes could further reduce the total travel cost and
emission cost with CAV market penetration evolution. Third, expanding the capacity
of dedicated CAV lanes will benefit the system’s performance. In detail, compared to
two times of capacity, the three times reduce the total travel cost and total emission cost
by 5.5% and 4.6%, respectively, when the CAV market penetration is 50%. Finally, the
relation between minimizing the total travel time cost and total emission cost is not always
consistent, which is affected by vehicle travel speeds. In a nutshell, the contribution of this
work lies in the following aspects.

(1) The proposed sustainable dedicated CAV lanes design problem is a novel research
issue since it considers economic and vehicle emissions to capture the optimal CAV lanes
implement scheme.

(2) A multi-objective bi-level programming model with multi-class network equilib-
rium constraints was developed to draw sustainable dedicated CAV lanes design problems.

(3) An integrated solution framework combining the meta-heuristic algorithm and
diagonalized Frank–Wolfe (DFW) algorithm was designed to solve the dedicated CAV
lanes design problems. Numerical experiments are finally conducted to test the proposed
solution algorithm on different sizes of networks.

The rest of this study is organized as follows. Section 2 reviews the literature on CAVs
and transportation network optimization problems. The problem formulations and the
multi-objective bi-level model are presented in Sections 3 and 4, respectively. Section 5
reports the detailed solution algorithm. Section 6 shows the numerical experiment. Finally,
Section 7 summarizes the conclusions and suggestions for future research.

2. Literature Review

The relevant literature of this work is generalized into two categories. First, some
studies on network equilibrium involving CAV are presented. Second, a group of studies
of the transportation network optimization problem is introduced, which includes the
sustainable transportation network design and dedicated CAV lanes design problem.

2.1. Previous Research on CAVs

CAV as an emerging technology is reshaping our travel mode choice and lifestyle. Numer-
ous studies are presented to investigate CAV from different perspectives. Milakis et al. [22]
drew an overall review on the potential impact of CAV technology on transportation and
society. Bagloee et al. [23] proposed a mixed traffic assignment model to investigate the
network performance, in which connected vehicles follow the system optimal principle
and non-connected vehicles obey the user equilibrium. Levin and Boyles [24] developed a
multi-class traffic assignment cell transmission model, which analyzes the road capacity
increment brings by different CAV penetration. Zhang and Nie [25] discussed the optimal-
ratio control scheme of CAVs that follows the system optimal principle under a context of
mixed traffic flow. Jiang [26] proposes a bi-level model to investigate the optimal signal
design problem. The upper-level model seeks the optimal signal timing design at the
intersection and the lower-level model solves a network equilibrium problem involving
CAVs and HVs. Chen et al. [27] built a linear program model considering the CAVs ratio to
investigate the network system optimum performance.

Recently studies have been concerned with CAV driving behavior. Considering
naturalistic driving patterns, Adornato et al. [28] analyzed the battery match and state of
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charge based on driving data of field operational tests (FOTs). Liang et al. [29] explore
the connection between driver distraction and crash risk using 24 different algorithms
based on naturalistic driving data. Rahwan et al. [30] point out that human–machine co-
behavior is a complicated process, which is difficult to solve in problems involving CAVs.
Bonnefon et al. [31] investigated the different algorithms for solving the social dilemma
of CAVs between two choices. Balsa-Barreiro et al. [32] developed a new approach to
expressing the actual accessibility within the region by distorting traditional maps.

2.2. Sustainable Transportation Network Optimization Problem

Transportation network design aims to determine the optimal road network construc-
tion and system efficiency by modifying the road network layout or improving the link
capacity. Sustainable network design is attracting extensive attention as a highly signifi-
cant research direction of network design. Xu et al. [6] made a comprehensive review of
sustainable road network design. Sharma and Mathew [33] developed a multi-objective
optimization model to optimize sustainable road network design, which considers the
speed-dependent model emission function. Wang and Szeto [4] proposed a discrete bi-level
model to solve sustainable road networks. In the bi-level model, vehicle emission and noise
are simultaneously taken as the optimization objections. Yin and Lawphongpanich [34]
incorporated the cost recovery, service level, environment, and equity into a bi-level multi-
objective model to address the road toll pricing and capacity investment problem. Szeto
and Lo [35] investigated the impact of road network design on equity over time in terms of
social, economic, and environmental dimensions.

Implementing dedicated CAV lanes as a newly emerging strategy used to handle the
heterogeneous traffic steams was firstly proposed by Chen et al. [36]. The overall problem
was formulated as a bi-level model, in which a diffusion model was introduced to predict
the CAV demand evolution with time. Chen et al. [21] build a two-stage model of the CAV
lanes implement problem. The first stage model was adopted to find the optimal CAV lanes
implement scheme. The second stage model was to solve multiclass network equilibrium
involving CAVs and HVs. Liu and Song [37] incorporated the CAV lanes and toll lanes
into a robust model to determine the optimal joint implement scheme. Chen et al. [38]
developed a new idea allowing CAVs to drive on bus rapid transit (BRT) lanes to improve
the utilization of BRT lanes, which prevented providing excessive dedicated CAV lanes.

3. Problem Formulation
3.1. Network Representation

Let G(N, A) denote a general urban transportation network, where N represents
the set of the nodes and A indicates the set of links. Define Â as the CAV link sets of the
network, and K as the sets of pairs including CAV links and HV links. For instance, Figure 1
shows a simple network to illustrate the process of CAV lanes implementation. The number
on each edge represents the link number. Figure 1a shows the network without CAV links.
After deploying CAV links, assuming that link 2 and link 3 are the candidate CAV links,
thus, the updated network is Figure 1b, where A = {1, 2, 2′, 3, 3′} and Â = {2′, 3′},
and K = {(2, 2′), (3, 3′)}. To distinguish two types of vehicles, we defined M = {1, 2} to
indicate the set of travel modes, where 1 represents the CAV mode and 2 represents the
HV mode. Moreover, let w ∈W denote the origin–destination (OD) pairs. Define qm

w as the
travel demand of OD pairs w ∈W for travel mode m. Let R represents the path set and R̂
denote the CAV path set.

Note that the CAV link includes at least one candidate CAV lane, but the link lanes will
not all be converted to CAV lanes so as to guarantee the right of way of HVs. Only CAVs are
allowed to drive on the dedicated CAV lanes, but the CAVs and HVs all have a right of way
on regular links. The paths for CAV and HV will also be different after implementing the
CAV lanes. There will lead to the different path choice for CAVs and HVs. For instance, in
Figure 1, there are two paths for HVs for OD pairs (1, 3), that is, link 2 and link 1→link 3, but
CAVs have two more path options, namely, link 2′ and link 1→link 3′.
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Benefiting from advanced vehicle automation technology, infrastructure equipment,
vehicle-to-vehicle communication, CAVs could travel with a short headway on the dedi-
cated CAV lanes, which makes CAV lanes have a higher capacity [19]. According to existing
research, the capacity of dedicated CAV lanes is 2–3 times that of regular lanes [39]. On
the other hand, we assume the regular link capacity is not improved, because CAVs are
affected by the HVs and fail to travel with a short headway.

3.2. Optimization Objectives
3.2.1. Vehicle Emission Cost

It is known that the main components in vehicle emissions are carbon monoxide
(CO), volatile organic compounds (VOC), and nitrogen oxides (NOx). In this paper, the
TRANSYT-7F average-speed emission estimation model developed by Penic and Up-
church [40], i.e., Equation (2), was selected to calculate the vehicle emission. The network
total emission cost was regarded as an evaluation indicator for the sustainable dedicated
CAV lanes design problem, as follows:

ZE = ∑a∈A ∑m∈M em
a xm.

a ∀a ∈ A, m ∈ M (1)

where xm
a is the traffic volume of link a. em

a represents the emission of vehicle type m from
link a, which can be written as

em
a = ∑

p
φpApexp(Bpva)La

C pva
ρm ∀a ∈ A, m ∈ M (2)

where La is the length of link a; ρm is the emission factor for vehicle type m. p is the index of
pollutants including CO, NOx, and VOC. Ap, Bp, and C p are the model parameters. φp is
the coefficients of pollutant p. va denotes the average travel speed on link a, which depends
on the travel time tm

a . tm
a is computed using the Bureau of Public Roads function [41],

as follows:

tm
a = t0

a

[
1 + α

(
xm

a
Λm

a

)β
]
∀a ∈ A, m ∈ M (3)

xm
a = ∑

w∈W
∑
r∈R

∑
m∈M

δr,w
a f m

r,w ∀a ∈ A, m ∈ M, r ∈ R (4)

where t0
a denotes the free-flow travel time; α, β are the parameters; f m

r,w indicates the traffic
flow of vehicle type m on path r for OD w. δr,w

a is the 0–1 link-path incidence indicator. Λm
a
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is the capacity of link a, which depends on the link type. In detail, the formulation of Λm
a

can be written as
Λ1

a = ˆC∑
i∈k

yi
k ∀a ∈ A, i ∈ k, k ∈ K (5)

Λ2
a = C

(
Yk −∑

i∈k
yi

k

)
∀a ∈ A, i ∈ k, k ∈ K (6)

yi
k = {0, 1} ∀i ∈ k, k ∈ K (7)

where Ĉ and C denote the capacity of one CAV lane and regular lane, respectively. yi
k is a

binary decision variable. If yi
k = 1, this means the CAV lane i is deployed on link pair k,

and 0 otherwise. Yk represents the total number of lanes for link pair k.

3.2.2. CAV Lanes Construction Cost

Optimizing the construction cost of deploying dedicated CAV lanes is important
because of the limited available budget. Decision-makers aim to obtain the optimal imple-
ment scheme under a limited budget. The total construction cost of implementing CAV
lanes in a network is calculated as

ZC = ∑k∈K ∑i∈k yi
kliui ∀a ∈ A, i ∈ k, k ∈ K (8)

where li is the length of the lane i; and ui is the unit cost of CAV lane construction.

3.2.3. System Travel Time Cost

The total travel time cost is the sum of all vehicle time costs on the road network,
as follows:

ZT = ∑
m∈M

∑
a∈A

tm
a xm

a γm ∀a ∈ A, m ∈ M (9)

where γm is the value of time (VOT) for the vehicle type m; xm
a denotes the equilibrium

traffic flow.

3.3. Multi-Class Network Equilibrium

In this work, we assumed that the travel choice follows Wardrop’s user equilibrium
(UE) principle [42]. The travel time on a path cm

r,w is the sum of travel time spent on all links
used by the path, as follows

cm
r,w = ∑

a∈A
δr,w

a tm
a ∀a ∈ A (10)

The multi-class network equilibrium condition can be formulated as [43]

f m
r,w
(
cm

r,w − cm
w
)
= 0 ∀m ∈ M, r ∈ R, w ∈W (11)

cm
r,w − cm

w ≥ 0 ∀m ∈ M, r ∈ R, w ∈W (12)

∑
r∈Rm

w

f m
r,w = qm

w ∀m ∈ M, r ∈ Rm
w , w ∈W (13)

f m
r,w ≥ 0 ∀m ∈ M, r ∈ R (14)

where cm
w is the minimum travel time by vehicle type m in OD pair w. Equations (11) and

(12) indicate the travel mode m will use path r only if the travel time of the path equal
to the minimum travel time of that OD pair. Constraints (13) and (14) are OD demand
conservation and non-negativity constraints.
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4. Mathematical Model

In this section, the dedicated CAV lanes optimal implementation problem was for-
mulated as a bi-level programming model. The upper-level model aims to determine the
optimal location to deploy CAV lanes. The lower-level model is expressed as the multi-class
network equilibrium problem, and is expressed by a complementarity formulation. As a
result, the multi-objective bi-level model can be formulated as follows:

min
y

 ZT(y, x(y))
ZE(y, x(y))

ZC(y)

 (15)

subject to:
∑
k∈K

∑
i∈k

yi
kliui ≤ B ∀ k ∈ K, r ∈ R, w ∈W (16)

Λ1
a = Ĉ∑

i∈k
yi

k ∀ i ∈ k, k ∈ K (17)

Λ2
a = C

(
Yk −∑i∈k yi

k

)
∀ i ∈ k, k ∈ K (18)

yi
k = {0, 1} ∀ i ∈ k, k ∈ K (19)

cm
r,w = ∑

a∈A
δr,w

a tm
a ∀ r ∈ R, m ∈ M, a ∈ A (20)

f m
r,w
(
cm

r,w − cm
w
)
= 0 ∀m ∈ M, r ∈ R, w ∈W (21)

cm
r,w − cm

w ≥ 0 ∀m ∈ M, r ∈ R, w ∈W (22)

∑
r∈Rm

w

f m
r,w = qm

w ∀m ∈ M, r ∈ Rm
w , w ∈W (23)

f m
r,w ≥ 0 ∀m ∈ M, r ∈ R (24)

where y represents the decision variable, which is the vector of the CAV lanes’ implementa-
tion. x(y) is the link equilibrium flow based on y. Constraint (16) is the budget restriction,
in which B denotes the budget of CAV lanes implement. Constraints (17)–(18) denote
that the link capacity equals the sum of the capacity of lanes. Constraint (19) is the binary
variable constraint. Constraint (20) represents the link accumulation flow. Constraints
(21)–(24) indicate the multi-class network equilibrium conditions.

5. Solution Algorithm

In this section, two algorithms are introduced to solve the dedicated CAV lanes optimal
implement problem. The upper-level model was to determine the optimal implementation
scheme by minimizing the objective value, which is difficult to handle because it belongs
to an NP (non-deterministic polynomial) hard problem. Heuristic algorithms are generally
regarded as effective methods to solve NP hard problems. Hence, in this paper, the non-
dominated sorting genetic algorithm II (NSGA-II) [44] was adopted to solve the upper-level
model, which has multiple objectives. The low-level problem is the multi-class network
equilibrium, which can be solved by the diagonalized Frank–Wolfe (DFW) algorithm [45].
Figure 2 draws the overall framework of the solution approach.

NSGA-II, introduced by Deb et al., is an effective algorithm to deal with multi-objective
optimization problems, which is capable of efficiently constructing the Pareto front by three
operators: (1) non-dominant solution sorting operator; (2) individually crowded distance
operator; and (3) elite strategy selection operator. Figure 3 shows the detailed flowchart
of NSGA-II.
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Due to the asymmetric impact on link cost between travel modes, it is difficult to
solve the heterogeneous traffic streams equilibrium problems directly. The diagonalization
algorithm as an efficient method usually is adapted to handle the heterogeneous traffic
streams equilibrium problems. The diagonalization algorithm was first proposed by
Abdulaal and LeBlanc [46] to solve the traffic assignment problem, and then Sheffi [47]
implemented it for the traffic equilibrium problem with asymmetric link interactions.

Note that the diagonalization algorithm is usually combined with a single-class traffic
assignment algorithm to solve mixed traffic assignment problems. Specifically, the Frank–
Wolfe algorithm is adopted in this work, i.e., a diagonalized Frank–Wolfe (DFW) algorithm
is used to deal with the multi-class network equilibrium problems. The detailed steps of
DFW are shown in Algorithm 1.
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Algorithm 1 Diagonalized Frank–Wolfe algorithm

Input Network G (N, A), CAV implement schemes, Algorithm parameters

Step 0
Initialization. Given the CAV implement scheme, perform an all-or-nothing
assignment for different users in the network.

Step 1
Diagonalization. Find a feasible link-flow vector Vn

m. Set n:= 0 and update the link
travel time. Divide the two types of traffic flows into sub-problems.

Step 2

Solve subproblem. Solve the equilibrium problem separately for the users. During
each user equilibrium process, first fix the links flows of HVs (or respectively CAVs)
as the background flow, and then get ready to solve the UE of only CAVs (or
respectively HVs) by traffic assignment algorithm (Frank–Wolfe). This step yields a
link-flow vector Vn+1

m .
Step 3 Convergence test. If Vn

m
∼= Vn+1

m , stop; If not n:= n + 1, go to Step 1.

The sub-problem mentioned in Algorithm 1 refers to the UE problem. In other words,
the solution of the sub-problem is equal to the solution of user equilibrium. The UE solution
can be obtained by solving following Beckmann’s transformation:

min
ω

∑
a∈A

∫ xa

0
ta(ω)dω (25)

Subject to:
xm

a = ∑
w∈W

∑
r∈R

∑
m∈M

δr,w
a f m

r,w (26)

∑
r∈Rm

w

f m
r,w = qm

w (27)

f m
r,w ≥ 0 (28)

6. Numerical Examples
6.1. Nguyen–Dupuis Network

The proposed model and algorithm are first implemented in the Nguyen–Dupuis
network (Figure 4), which consists of 13 nodes, 19 links, and four OD pairs. The total
demand for OD pairs (1, 12), (1, 13), (3, 12), and (3, 13) is 8, 8, 6, and 6 (103 vehicles),
respectively. The penetration rate of CAVs is assumed to be 50% and identical for all OD
pairs. The parameters in travel time function parameters are α = 0.15, and β = 4. The
detailed network attributes are listed in Table 1, including the length (La), free-flow travel
time (t0

a), and initial capacity (Λ0
a). Table 2 shows the detailed parameters and coefficients

of three pollutants.
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Table 1. Link attributes of modified Nguyen–Dupius network.

Link t0
a #Lanes Capacity Length Link t0

a #Lanes Capacity Length

1 9 3 3000 5.4 11 2 3 3000 3
2 7 4 4000 4.2 12 9 4 4000 5.4
3 7 3 3000 4.2 13 9 3 3000 5.4
4 14 2 2000 8.4 14 10 4 4000 6
5 9 3 3000 5.4 15 9 2 2000 5.4
6 12 3 3000 7.2 16 6 4 4000 3.6
7 3 4 4000 1.8 17 5 3 3000 3
8 9 3 3000 5.4 18 9 4 4000 5.4
9 5 3 3000 3 19 11 3 3000 6.6
10 13 3 3000 7.8

Table 2. Parameters and coefficients of three pollutants.

Parameters Pollutant

CO VOC NOx

Ap(g/ft. per veh) 3.3963 2.7843 1.5718
Bp(s/ft) 0.014561 0.015062 0.040732
C p(s/ft) 1000 10000 10000
φp($/g) 0.00051 0.00136 0.00103

6.1.1. The Base Scenario

In the base scenario, we compared the three scenarios to investigate the benefit of
implementing dedicated CAV lanes. The first scenario is the basic network without CAV
lanes implementation and CAVs. The second scenario was the network with CAVs but
without CAV lanes. The third scenario is the modified network with CAVs and CAV lanes
implementation. Table 3 and Figure 5 show detailed results for the three scenarios. Given
that there is more than one Pareto optimal solution, we take the mean of Pareto fronts as
the optimal solution to make a comparison. From Table 3, we know that implementing
CAV lanes in the road network cannot only reduce system travel time cost, but also
reduce the vehicle emission cost. More specifically, compared to scenario 1, scenario 2
could reduce the total emission costs by 9.9%, which indicates the emergence of CAV
benefits to reduce emission costs. Compared with scenarios 1 and 2, scenario 3 contributes
to reducing the total travel time cost by 12.03%. Similarly, scenario 3 reduces the total
emission cost by 19% and 10.42%, compared to scenarios 1 and 2, respectively. As a result,
implementing dedicated CAV lanes could further decrease emission costs and improve
traffic efficiency. The adoption of CAVs and implementing dedicated CAV lanes will be
conducive to sustainable transportation development while ensuring travel efficiency.

Figure 6a presents the changes of three pollutants in the three scenarios. Specifically,
compared to scenario 1 and scenario 2, CO emissions decrease by 19.5% and 10.5%, respec-
tively, in scenario 3. Similarly, NOx emissions would reduce by 17.5% and 7%; and the
VOC emissions reduce by 19.4% and 10.3%. Obviously, implementing dedicated CAV lanes
will reduce pollutant emissions, which is reasonable. An explanation is that the dedicated
CAV lanes could promote traffic efficiency by increasing link capacity. On the other hand,
advance connected autonomous driving and communication technologies of CAVs are
beneficial to further reduce energy consumption. Figure 6b shows the result of energy
consumption and CO2 emission for three scenarios. More specifically, the total energy
consumption in scenario 3 decreases by 19.5% and 9.4% compared to scenarios 1 and 2.
Similarly, total CO2 emissions could reduce by 0.4% and 9.5%. The results support that
CAVs and the deployment of CAV lanes could reduce the energy consumption and CO2
emission. In other words, the adoption of CAVs will reduce the negative effects of road
transportation on the environment.
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Table 3. Comparison results in the three scenarios in the Nguyen–Dupuis network.

Total Travel Time Cost (USD 105) Total Emission Cost (USD) Total Construction Cost (USD 106)

Scenario 1 8.53 660.72 —
Scenario 2 8.53 595.09 —
Scenario 3 7.53 535.20 1.62

Sustainability 2021, 13, x FOR PEER REVIEW 11 of 22 
 

Figure 6a presents the changes of three pollutants in the three scenarios. Specifically, 
compared to scenario 1 and scenario 2, CO emissions decrease by 19.5% and 10.5%, re-
spectively, in scenario 3. Similarly, NOx emissions would reduce by 17.5% and 7%; and 
the VOC emissions reduce by 19.4% and 10.3%. Obviously, implementing dedicated CAV 
lanes will reduce pollutant emissions, which is reasonable. An explanation is that the ded-
icated CAV lanes could promote traffic efficiency by increasing link capacity. On the other 
hand, advance connected autonomous driving and communication technologies of CAVs 
are beneficial to further reduce energy consumption. Figure 6b shows the result of energy 
consumption and CO2 emission for three scenarios. More specifically, the total energy con-
sumption in scenario 3 decreases by 19.5% and 9.4% compared to scenarios 1 and 2. Sim-
ilarly, total CO2 emissions could reduce by 0.4% and 9.5%. The results support that CAVs 
and the deployment of CAV lanes could reduce the energy consumption and CO2 emis-
sion. In other words, the adoption of CAVs will reduce the negative effects of road trans-
portation on the environment. 

  
(a) (b) 

Figure 5. Total travel cost (a) and total emission cost (b) in the Nguyen–Dupuis network. 

  
(a) (b) 

Figure 6. Emission cost (a) and total energy consumption (b) in the Nguyen–Dupuis network. 

7

7.2

7.4

7.6

7.8

8

8.2

8.4

8.6

8.8

Scenario 1 Scenario 2 Scenario 3

To
ta

l t
ra

ve
l c

os
t (

00
00

0$
)

0

100

200

300

400

500

600

700

Scenario 1 Scenario 2 Scenario 3

To
ta

l e
m

iss
io

n 
co

st 
($

)

0

100

200

300

400

500

600

CO NOx VOC

Em
iss

io
n 

Co
st

Scenario1 Scenario2 Scenario3

92

94

96

98

100

102

104

106

108

110

112

106
108
110
112
114
116
118
120
122
124
126
128

Scenario 1 Scenario 2 Scenario 3

To
ta

l C
O

2
em

iss
io

n 
(0

00
kg

)

To
ta

l E
ne

rg
y 

Co
ns

um
pt

io
n(

00
0G

J)

Energy
CO2

Figure 5. Total travel cost (a) and total emission cost (b) in the Nguyen–Dupuis network.
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Figure 6. Emission cost (a) and total energy consumption (b) in the Nguyen–Dupuis network.

Figure 7 presents the Pareto front of the dedicated CAV lanes implementation schemes
and the relationship between the two objectives in the Nguyen–Dupuis network. The result
shows that there are evident trade-offs between minimizing the emission cost and CAV
lanes construction cost, as well as the minimizations of the travel cost and construction
cost. In contrast, emission cost and construction cost show consistent trends to some extent.
Moreover, many potential benefits can be obtained from implementing dedicated CAV
lanes, which will greatly reduce the total travel time and emission before the construction
cost up to 2 × 106 $. After this value, when the construction cost varies from 2 × 106 $ to
3.5 × 106 $, the total travel time cost and emission cost are relatively stable. The benefits
from CAV lanes implementation for network performance are very weak.
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Figure 7. Pareto fronts of the Nguyen–Dupuis network (a) and the relation between the three goals
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Based on the above analysis, we concluded that performing multi-objective dedicated
CAV lanes network design is crucial. In general, enough Pareto optimal solutions are
acquired, which offers the decision-makers considerable alternative solutions. Sometimes,
decision-makers need to make choices between investment budget and transportation
environment. A detailed analysis of the relations between the three objectives can provide
useful information for environmentally sustainable transportation planning.

6.1.2. Sensitivity Analyses

To further explore the system performance under the different model parameters,
sensitivity analyses were performed in this section, in terms of CAV market penetration,
CAV lane capacity, and vehicle travel speed. It is worth noting that the sensitivity analysis
is based on the dedicated CAV implement schemes obtained from the base scenario. The
corresponding CAV implementation scheme is shown in Figure 8, one of the Pareto fronts
closest to the mean solution. In Figure 8, we know that link 4→5, link 5→6, and link 6→10
are selected to deploy dedicated CAV lanes.
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Figure 8. The specific CAV implement scheme.

(1) CAV market penetration
Figure 9 presents the effect of CAV market penetration on total travel cost and total

emission cost for two scenarios. The CAV market penetration varies from 10% to 90%.
With different CAV market penetration, implementing dedicated CAV lanes could reduce
the total travel cost and emission cost, except when CAV market penetration is 10%. An
explanation is that implementing dedicated CAV lanes on a network with a lower market
share will cause the waste of road resources, which brings adverse effects. In other words,
the number of CAV lanes should match the CAV market share to reach an equilibrium
state. This is also confirmed in the corresponding Figure 9a, where the total travel time
will decrease as the penetration rate increases before the CAV penetration rate reaches
50%. After more than 50%, the total travel time remains relatively stable (Figure 9a). This
is because the optimal dedicated CAV lanes solution is obtained from the base scenario,
in which the CAV penetration is 50%. The total travel cost remains stable after the CAV
market penetration is over 50% because the dedicated CAV lanes are fully utilized. In
addition, Figure 10 shows the change of three pollutants in the two scenarios.

(2) CAV lane capacity
Figure 11 denotes the effect of CAV lane capacity on the total travel cost and total

emission cost considering two situations, i.e., the capacity of a CAV lane is two and three
times the capacity of a regular lane. As shown in Figure 11a, a larger capacity for dedicated
CAV lanes will reduce the system’s total travel cost. This conclusion can also be confirmed
by the Pareto relationship between the total travel cost and CAV construction cost as
shown in Figure 7d. Figure 11b further affirms that greater CAV lane capacity reduces the
total emission cost. In addition, Figure 7d shows that a larger CAV market penetration
decreases the total emission cost. Specifically, compared to the two-time capacity increase,
the three-time capacity increase would reduce the total travel cost and total emission cost
by 5.5% and 4.6%, respectively, when the CAV market penetration is 50%. Intuitively,
Figure 12 reports the change of three pollutants (CO, NOx, and VOC) under the two CAV
lane capacity situations.

(3) Vehicle travel speed
The above analysis is based on the consistent relationship between minimizing the

total travel time cost and total emission cost. However, the relation between minimizing
the total travel time cost and total emission cost is not necessarily always consistent in
terms of high vehicle speed [34,48]. For example, Figure 13 shows the Pareto fronts and the
relationship considering the high vehicle speed. Base on Figure 13, we found the conflict
relation between the total travel time and total emission cost when the total travel time cost
is less than 3.45 × 105. However, the Pareto relation between the total travel time cost and
construction cost is consistent.
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Figure 9. Effect of CAV market penetration on the total travel cost (a) and total emission cost (b).
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Figure 10. Effect of CAV market penetration on three pollutants in two scenarios: NOx emission cost (a); CO emission cost
(b); and VOC emission cost (c).
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Figure 11. Effect of the capacity of the CAV lane on the total travel cost (a) and the total emission cost (b).
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Figure 12. Effect of CAV market penetration on three pollutants for two capacity scenarios: CO emission cost (a); NOx
emission cost (b); and VOC emission cost (c).
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Figure 13. Pareto fronts of the Nguyen–Dupuis network (a) and the relation between the three goals in pairs (b–d).

The uncertain relation between the total emission cost and total travel cost reveals
that improving the transportation efficiency does not necessarily lead to sustainable trans-
portation development. To achieve the multi-objective optimization of the transportation
system, we need to weigh the goals according to different traffic conditions.

6.2. Sioux Falls Network

To further test the proposed model and algorithm, we implemented the model in the
Sioux Falls network (Figure A1), consisting of 24 nodes, 76 regular links (Table A1). We
assume that the capacity of the regular lane is 2000 veh/h, and the dedicated CAV lane is
twice as much. Table A2 presents the total OD demand, in which the penetration rate of



Sustainability 2021, 13, 3454 16 of 21

CAVs is assumed to be 50%. Table 4 and Figure 14 show results in three situations in the
Sioux Falls network. More specifically, compared to scenario 1, scenario 2 could reduce
total emission costs by 10%. Compared with scenario 1 and scenario 2, scenario 3 could
reduce the total travel time costs by 8.81% and 8.81%, respectively. Similarly, the total
emission cost was reduced by 17.4% and 8.25%, respectively. Table 5 records the Pareto
front solutions. The first column shows the solution number. The second column denotes
the specific CAV lanes link location. The last three columns are the value of the objective.

Table 4. Comparison results in the two scenarios in the Sioux Falls network.

Average of Pareto Front

Total Travel Time Cost (USD 107) Total Emission Cost (USD 000) Total Construction Cost (USD 106)

Scenario 1 1.28 9.32 —
Scenario 2 1.28 8.39 —
Scenario 3 1.17 7.70 2.04
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Figure 14. Total travel cost (a) and total emission cost (b) in Sioux Fall network.

Table 5. Pareto fronts solution of the Sioux Falls network.

Solution
Number CAV Lanes Location Total Travel Cost

(USD)
Total Emission

Cost (USD)
Total Construction

Cost (USD 106)

1 6→8; 10→11; 11→10; 10→15 11,801,904 8595.04 1
2 5→4; 6→8; 8→6; 10→11; 11→10; 10→15 11,747,267 8561.43 1.7
3 5→4; 6→8; 8→6; 10→11; 11→10; 11→14; 15→10; 15→14; 9→5 11,703,946 8534.00 2.6
4 4→5; 5→4; 6→8; 8→6; 14→15 11,785,825 8583.64 1.1
5 4→5; 5→4; 6→8; 8→6; 14→15; 15→14 11,751,644 8562.29 1.4
6 4→5; 5→4; 6→8; 8→6; 14→15; 15→14; 5→9 11,736,848 8553.13 1.9
7 4→5; 5→4; 6→8; 8→6; 11→14; 14→15; 15→14 11,745,921 8560.24 1.8
8 4→5; 5→4; 6→8; 8→6; 10→11; 14→15; 15→14 11,750,838 8561.72 1.5
9 4→5; 5→4; 6→8; 8→6; 10→11; 15→10; 14→15; 15→14 11,723,662 8544.17 2.1
10 4→5; 5→4; 6→8; 8→6; 10→11; 15→10; 14→15; 15→14;5→9 11,705,760 8532.51 2.6
11 4→5; 5→4; 6→8; 8→6; 10→11; 11→14; 15→10; 15→14; 5→9 11,701,989 8530.01 2.7
12 4→5; 5→4; 6→8; 8→6; 11→10; 11→14; 15→10; 14→15; 15→14 11,709,023 8534.33 2.5
13 4→5; 5→4; 6→8; 8→6; 11→10; 11→14; 15→10; 14→15; 15→14 11,695,793 8525.90 3

Figure 15 represents the emission cost and total energy consumption in the Sioux
Fall network. Figure 15a presents the change of three pollutants for the three scenarios.
Specifically, compared to scenario 1 and scenario 2, the CO decreases by 17.5% and 8.3%
in scenario 3, respectively. Similarly, the NOx is reduced by 16.2% and 7.1%, respectively;
VOC are reduced by 17.4% and 8.3%, respectively. Figure 15b shows the result of the energy
consumption and CO2 emission for the three scenarios. In further detailed, compared to
scenario 1 and scenario 2, the total energy consumption decreased by 10.3% and 0.8% in
scenario 3, respectively. Similarly, the total CO2 emission could be reduced by 10.2% and
0.9%, respectively.
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Figure 15. Emission cost (a) and total energy consumption (b) in the Sioux Fall network.

The above analysis further demonstrates that the model and algorithm proposed in
this paper are effective and efficient.

7. Conclusions

We developed a novel dedicated CAV lanes optimal design problem with practical
significance and environmental considerations in this work. The vehicle emission as an
optimization objective was introduced. We established a multi-objective bi-level program-
ming model with multi-class network equilibrium constraints for the proposed problem.
The upper level involves implementing dedicated CAV lanes under multi-objective value,
and the lower-level determines the equilibrium flow. The equilibrium constraints are
formulated by a set of nonlinear complementarity constraints that characterize the vehicle
choice and route choice behavior. To solve the proposed dedicated CAV lane optimal design
problem, we propose an integrated solution framework that integrates the meta-heuristic
algorithm, diagonalized algorithm, and Frank–Wolfe algorithm. Finally, two numerical
experiments demonstrate the effectiveness of the proposed method. It was found that the
proposed dedicated CAV lanes implementation program contributes to reduce the network
travel time and emission.

We implemented the model and solution algorithm in two classic network cases,
which illustrates the efficiency and effectiveness. Several findings are obtained based on
numerical examples. First, implementing dedicated CAV lanes could reduce the system
total time cost, total emission cost, and total energy consumption by about 2.03%, 10.42%,
and 9.4% in the Nguyen–Dupuis network. Second, implementing the dedicated CAV lanes
could further reduce the total travel cost and emission cost with CAV market penetration
evolution. Third, as a dedicated CAV lane is expected to have greater capacity than a
regular lane, the system performance will also benefit from the overall capacity increase
by implementing dedicated CAV lanes. For example, when CAV market penetration is
50%, a three-fold capacity increase by converting a regular lane to a dedicated CAV lane
would reduce the total travel cost and total emission cost by 5.5% and 4.6%, respectively,
compared to a two-fold capacity increase. Finally, we found that minimizing the total
travel time cost and minimizing the total emission cost are not necessarily always aligned,
and can be affected by vehicle travel speeds. Overall, this research provides a modeling
and analyzing framework that can be used to inform planning and decision-making for
dedicated CAV lane implementation in future urban transportation networks. The revealed
Pareto relationship between construction cost and system performance offers insights into
the potential returns of investment under the limited budget. The emission and energy use
analysis presented in this paper further lends support to assessing the environmental and
energy impact of CAV use and improve policies related to CAV infrastructure development.
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There are some future research issues worth investigating. First, we can focus on
the CAV demand evolution study. For example, we can establish an applicable CAV
forecasting model to capture the CAV demand change. Second, it is meaningful to consider
lane capacity change with the CAV market penetration to improve model accuracy. The
relationship between the lane capacity and CAV market penetration needs more discussion.
Finally, it is useful to study another effective method to solve the model. For instance, the
decomposition algorithms and linearization-based solution approach.
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Appendix B

Table A1. Link characteristics of the Sioux Falls network.

Link Time
(min) Length

Initial
Capacity
(veh/h)

Link Time
(min) Length

Initial
Capacity
(veh/h)

1-2 6 6 10,000 13-24 4 4 6000
1-3 4 4 10,000 14-11 4 4 4000
2-1 6 6 10,000 14-15 3 3 6000
2-6 8 8 6000 14-23 4 4 4000
3-1 4 4 10,000 15-10 6 6 8000
3-4 4 4 8000 15-14 3 3 6000
3-12 4 4 10,000 15-19 3 3 8000
4-3 4 4 8000 15-22 3 3 8000
4-5 2 2 8000 16-8 5 5 6000
4-11 6 6 6000 16-10 4 4 6000
5-4 2 2 8000 16-17 2 2 6000
5-6 4 4 4000 16-18 3 3 8000
5-9 5 5 6000 17-10 8 8 4000
6-2 8 8 6000 17-16 2 2 6000
6-5 4 4 4000 17-19 2 2 4000
6-8 2 2 6000 18-7 2 2 10,000
7-8 3 3 6000 18-16 3 3 8000
7-18 2 2 10,000 18-20 14 14 10,000
8-6 2 2 6000 19-15 3 3 8000
8-7 3 3 6000 19-17 2 2 4000
8-9 3 3 4000 19-20 4 4 4000
8-16 5 5 6000 20-18 14 14 10,000
9-5 5 5 6000 20-19 4 4 4000
9-8 3 3 4000 20-21 6 6 6000
9-10 3 3 8000 20-22 5 5 6000
10-9 3 3 8000 21-20 6 6 6000

10-11 1 1 6000 21-22 2 2 6000
10-15 6 6 8000 21-24 3 3 4000
10-16 4 4 6000 22-15 3 3 8000
10-17 8 8 4000 22-20 5 5 6000
11-4 6 6 6000 22-21 2 2 6000

11-10 1 1 6000 22-23 4 4 4000
11-12 6 6 6000 23-14 4 4 4000
11-14 4 4 4000 23-22 4 4 4000
12-3 4 4 10,000 23-24 2 2 6000

12-11 6 6 6000 24-13 4 4 6000
12-13 3 3 10,000 24-21 3 3 4000
13-12 3 3 10,000 24-23 2 2 6000

Table A2. Total origin–destination (OD) demand of the Sioux Falls network (veh/h).

O-D Demand O-D Demand O-D Demand O-D Demand

1-6 20,000 6-15 12,000 11-1 20,000 21-7 4000
1-7 20,000 6-21 12,000 11-6 12,000 21-11 8000
1-11 20,000 7-1 20,000 11-7 20,000 21-15 12,000
1-15 20,000 7-6 8000 11-21 8000 15-1 20,000
1-21 20,000 7-11 20,000 11-15 12,000 15-6 12,000
6-1 20,000 7-21 16,000 21-1 8000 15-7 12,000
6-11 12,000 7-15 12,000 21-6 12,000 15-11 12,000
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