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Abstract: There have been enormous efforts to implement automated vehicle-based mobility (AVM)
by considering smart infrastructure such as cooperative intelligent transportation system. However,
there is lack of consideration on economical approach for an optimal deployment strategy of the AVM
service and smart infrastructure. Furthermore, the influence of travel demand in service area has been
ignored. We develop a new framework for maximizing the profit of connected and automated vehicle-
based mobility (CAV-M) service using cost modeling and metaheuristic optimization algorithm. The
proposed framework extracts an optimal sub-network, which is selected by a set of optimal links in
the service area, and identifies an optimal construction strategy for the smart infrastructure depending
on given operational design domain and travel demand. Based on service network analyses with
varying demand patterns and volumes, we observe that the optimal sub-network varies with the
combination of trip demand patterns and volumes. It is also found that the benefit of deploying
the smart infrastructure is obtainable only when there are sufficient travel demands. Furthermore,
the optimal sub-network is always superior to raw network in terms of economical profit, which
suggests the proposed framework has great potential to prioritize road links in the target area for the
CAV-M service.

Keywords: automated vehicle; mobility service; cooperative intelligent transportation systems; travel
demand; operational design domain

1. Introduction

Automated driving technologies are growing, and it is expected that the influence of
autonomous vehicles on traffic networks will continue to increase [1]. Recent advances
in autonomous vehicle (AV) technology have attracted considerable attention from both
public and private sectors [2]. For obvious reasons, AVs equipped with features, such as
automated braking, forward collision warning, and blind spot monitoring, are preferred by
most drivers. Besides, AV testing on roadways has been legalized lately in multiple states
in the United States. Automated driving is expected to ease traffic-related problems, viz.,
traffic congestion and accidents [3,4].

However, there are differing views on whether introduction of automated driving
would have a positive effect on traffic networks or not [3,5,6]. One optimistic opinion is
that automated driving could reduce crashes enormously because 90% of accidents are
caused by driver errors [7,8]. Some studies indicate that automated driving could help
smoothen traffic flow because it reduces stop-and-go driving, resulting in a reduction in
fuel consumption and air pollution [9–14]. More recently, the impact of various factors that
affect mixed traffic flow has been actively studied. One of the major factors considered in
the literature is the market penetration of AVs, and some studies have pointed out that a
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lower mix-ratio of AVs would have a negative effect on the traffic flow, whereas a higher
mix-ratio may help improve the traffic flow [15,16]. Factors such as operating dedicated
lanes for AVs, the mix-ratio of cooperative AVs, and the level of cautious driving have
also been addressed in previous studies [3,17,18]. From the aforementioned literature it is
quite obvious that the effect of automated driving varies depending on a combination of
these factors.

Just as the impact of automated driving on traffic networks has been revealed from
various perspectives, simultaneous studies on the commercialization and adoption of
automated mobility services have also been conducted by the automotive industry ma-
jors [19]. Especially, companies such as Waymo, Tesla, Apple, Hyundai, and Milo have
set up shops to test their vehicles and conducted pilot studies in various cities, such as
Silicon Valley, Phoenix, and Arlington. Particularly, Waymo has released whitepapers
on the safety methodology for development, testing, deployment, and operations of its
autonomous driving technology [20–22]. Through numerous pilot studies, these companies
are exploring ways of operating AVs in such a way that it does not initiate conflicts, avoid
collisions as far as possible, and mitigate consequences. Nevertheless, one of the biggest
challenges for automated driving is arguing that their safety cases are complete [23].

The first step towards a state of informed safety is establishing the capability of an
automated driving system (ADS) by defining its operational design domain (ODD) based
on safety performance data [21]. The ODD describes the specific conditions under which
the ADS is intended to function and refers to the “operating conditions under which a
given ADS or feature thereof is specifically designed to function, including, but not limited
to, environmental, geographical, time-of-day restrictions, and/or the requisite presence or
absence of certain traffic or roadway characteristics” [24]. The ADS is designed to operate
based on the operating conditions described in the ODD [25,26]. It is possible to limit the
scope of the safety case as well as verification by using the ODD of automated driving to
limit the validity of autonomous driving [23].

The problem arises because traditional ODD concepts are combined with mobility
service operations, and the areas to which AV-based mobility (AVM) services can be applied
based on the restricted ODD are limited: these areas can include the area in which a mobility
service is provided which is selected based on customer demand. Moreover, in this case,
the appropriate routes for mobility services can also be limited. This inconsistency can be a
major barrier for autonomous mobility services because the ODD is restricted to automation
levels 1 to 4, as prescribed in the SAE Levels of Driving Automation [24]. It is time for
traditional safety-oriented ODD to enter a new phase of expansion for the profitability of
mobility services.

To expand the serviceable area of mobility service with automated vehicle restricted by
predefined ODD, several studies have focused on securing the driving safety of autonomous
vehicles aided by smart infrastructure such as cooperative intelligent transport systems
(C-ITS) [27–30]. Several safety-related systems, such as vehicle monitoring systems, road-
side alert systems, and collision warning systems, which are still under various stages of
development as representative applications of C-ITS have been proposed to accomplish
this. The vehicle monitoring system gathers the driving states of vehicles with the collective
perception information provided by the C-ITS. The information gathered in the vehicle
monitoring system can be used to predict vehicle trajectories as well as evaluate the
level of risk from surrounding vehicles [31]. Both road-side alert systems and collision
warning systems improve road safety by providing early warning to drivers and help
them avoid potential dangers. Connected vehicles equipped with on-board units receive
warning signals from roadside units through V2X communication. By enabling the driver
to proactively prepare for potentially dangerous situations, C-ITS can prevent accidents as
well as mitigate the severity of accidents when they occur [32]. Hence, C-ITS applications
related to automated driving that can help expand the service area of automated vehicles
have been developed with the goal of improving safety performance. However, from the
perspective of providing autonomous driving-based mobility services, there is a general
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dearth of studies that answer lingering questions such as—what is the best place to install
smart infrastructure?; what kind of smart infrastructure is preferable?; and how effective
can they be?

Many previous studies have been conducted on provision of safe and efficient mobility
services with automated vehicles. However, these studies on automated vehicles and
smart infrastructure such as C-ITS have mainly focused on improving the performance
of individual technologies and have failed to take travel demand for mobility services
into consideration along with the ODD of automated vehicles and smart infrastructure,
even though it is highly related to the service revenue and business model. To improve
the safety and profitability of AVM services, it is necessary to understand the influence of
factors such as travel demand, ODD of automated vehicles, and smart infrastructure and
their combined influence on service revenue. First, the problem of compensating for the
mismatch between the restricted ODD and AVM passenger demand needs to be solved by
selecting optimal links for service with automated vehicles by considering both ODD and
travel demand. Second, the problem related to the limited-service area caused by restricted
ODD can be solved by adopting smart infrastructure (e.g., C-ITS) that can improve the
safety performance of automated vehicles.

The main objective of this research is to develop a new framework for maximizing the
profit of connected and automated vehicle-based mobility (CAV-M) service. The proposed
framework selects the optimal links from the road network for the CAV-M service to
maximize the profit, where the service area is limited by the ODD. To solve this problem,
a new methodology to evaluate the profit of each road link and sub-network is proposed
based on graph theory. Additionally, this study proposes an integrated methodology to
extract an optimal sub-network for CAV-M services and to establish a contraction strategy
for smart infrastructure by using a meta-heuristic algorithm. The remainder of this paper
is organized as follows. Section 2 presents the framework of this study and explains the
detailed methodology for each analysis. Section 3 deals with the comparison analysis of
the raw network and optimal sub-network varying demand pattern and demand amount.
Section 4 summarizes the results and suggests directions for future research.

2. Methodology

This research proposes sub-network extraction method, which identifies an optimal
sub-network with a set of road links in a target area of CAV-M service. The set of road
links are determined by link performance evaluation method and optimization with a
meta-heuristic algorithm. The following subsections describe the details of the proposed
methods. More detailed explanations on network and scenario for case study are also
provided as well.

2.1. Sub-Network Extraction Method
2.1.1. Link Performance Evaluation Method

This study considers an operational strategy for CAV-M service using a sub-network
extraction method. The sub-network extraction method aims to prioritize the introduction
of the CAV-M service in a given road network based on profitability assessment. A previous
study proposed the strategic optimization of shared autonomous vehicle operations and
infrastructure design [33]. Similarly, following the approach of measuring infrastructure
cost in the aforementioned reference, the proposed method evaluates the profitability of
imposing the CAV-M service with respect to each link involved in the road network. The
profitability of introducing the CAV-M service can be measured using (1).

CPro f it = CService
Revenue + CService

Cost + CIn f rastructure
Bene f it + CIn f rastructure

Cost (1)

where Cpro f it refers to the total profit for imposing the CAV-M service in units of dollars;
CService

Revenue and CService
Cost represent the revenue and cost for providing the CAV-M service,

respectively, in units of dollars; CIn f rastructure
Bene f it and CIn f rastructure

Cost indicate the benefit and cost



Sustainability 2022, 14, 3688 4 of 28

for installing or/and remodeling, respectively, the existing infrastructure in units of dollars.
For instance, to uprate the CAV-M service considering the given ODD of the connected and
automated driving, it may either require the installation cost for the smart infrastructure
such as C-ITS or the remodeling cost for the current geometric design, such as curvature
and grade. With the changes in the existing infrastructure, the CAV-M service can produce
some benefits in terms of efficiency and safety.

The first term in Cpro f it is formulated as follows.

CService
Revenue =

n

∑
i=1

(
CService

Pro f it Margin, st·d
i·Si

st

di
st

·di, Length E f f ect
st

)
(2)

where n refers to the number of links in the road network of deploying the CAV-M service,
CService

Pro f it Margin, st indicates the profit margin per trip considering length of trip, di represents

the length of link i, Si
st denotes the number of trips from node s to node t via link i, di

st
describes the trip length of utilizing the shortest path from node s to node t via link i, and
di, Length E f f ect

st is the ratio between the trip length using the shortest path from node s to
node t when including and excluding link i, as shown in (3).

di, Length E f f ect
st =

di
st

dExcluding
st

(3)

where dExcluding
st represents the trip length when utilizing the shortest path from node s to

node t. For instance, CService
Revenue tends to decrease as dExcluding

st increases when the link i is
involved in the set of link sequences for the shortest path.

The second term in Cpro f it is expressed by (4).

CService
Cost = −

n

∑
i=1

(
COperation Level

Cost

(
xi

operation

)
· di + CSa f ety Level

Cost

(
xi, Pro

Sa f ety, xi, Sev
Sa f ety

)
· di·Si

st

)
(4)

where the first and second terms represent the operation and safety costs, respectively, for
the CAV-M service; COperation Level

Cost is a piecewise cost function of xi
operation to represent the

cost per kilometer for applying the CAV-M service from an operational perspective, as
shown in (5); xi

operation indicates link i’s operational level ranging from 1 to 5 (1: immediately
available, 2: map construction, 3: C-ITS such as V2X signal provision, 4: Map construction
and C-ITS, 5: Unable to drive); CSa f ety Level

Cost is a function of xi, Pro
Sa f ety and xi, Sev

Sa f ety to describe the
cost per kilometer for each trip to be implemented with the CAV-M service from a safety
perspective, as shown in (6); xi, Pro

Sa f ety and xi, Sev
Sa f ety represent link i’s safety parameters related

to collision or/and accident probability and severity, respectively.

COperation Level
Cost

(
xi

operation

)
=



1, 000, 000 ($/km), xi
operation = 5

100, 000 ($/km), xi
operation = 4

80, 000 ($/km), xi
operation = 3

20, 000 ($/km), xi
operation = 2

1000 ($/km), xi
operation = 1

(5)

CSa f ety Level
Cost

(
xi, Pro

Sa f ety, xi, Sev
Sa f ety

)
= PCollision

Sa f ety

(
xi, Pro

Sa f ety

)
· CSeverity

Sa f ety

(
xi, Sev

Sa f ety

)
(6)

where PCollision
Sa f ety

(
xi, Pro

Sa f ety

)
describes the probability of collision or/and accident in link i

considering the geometry and existence of a crosswalk, as shown in (7), and function
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CSeverity
Sa f ety

(
xi, Sev

Sa f ety

)
represents the severity of a collision or/and accident in link i where

collision or/and accident occurs, as shown in (8).

PCollision
Sa f ety

(
xi, Pro

Sa f ety

)
=



0.1
(

1
km·trip

)
, xi, Pro

Sa f ety = 5

0.01
(

1
km·trip

)
, xi, Pro

Sa f ety = 4

0.001
(

1
km·trip

)
, xi, Pro

Sa f ety = 3

0.0001
(

1
km·trip

)
, xi, Pro

Sa f ety = 2

0.00001
(

1
km·trip

)
, xi, Pro

Sa f ety = 1

(7)

CSeverity
Sa f ety

(
xi, Sev

Sa f ety

)
=



100, 000 ($), xi, Sev
Sa f ety = 5

50, 000 ($), xi, Sev
Sa f ety = 4

10, 000 ($), xi, Sev
Sa f ety = 3

5000 ($), xi, Sev
Sa f ety = 2

1000 ($), xi, Sev
Sa f ety = 1

(8)

The third term in (1) is formulated as follows:

CIn f rastructure
Bene f it =

n

∑
i=1

CIn f rastructure
Gain

(
ai, Level

In f rastructure, xi
operation, xi, Pro

Sa f ety, xi, Sev
Sa f ety, di, Si

st

)
, (9)

where CIn f rastructrue
Gain is a function of ai, Level

In f rastructure, xi
operation, xi, Pro

Sa f ety, xi, Sev
Sa f ety, di, and Si

st to
describe the gain by newly constructing the smart infrastructure and/or remodeling the
geometric road design and ai,Level

In f rastructure represents the actions related to road environment
(0: do nothing, 1: constructing the C-ITS infrastructure, 2: remodeling the geometric design
of the road, 3: option 1 + option 2). The function CIn f rastructrue

Gain can be expressed as follows:

CIn f rastructure
Gain

(
ai, Level

In f rastructure, xi
operation, xi, Pro

Sa f ety, xi, Sev
Sa f ety, di, Si

st

)
= GOperation

Gain

(
ai, Level

In f rastructure

)
· COperation Level

Cost

(
xi

operation

)
· di + GSa f ety

Gain

(
ai, Level

In f rastructure

)
·

CSa f ety Level
Cost

(
xi, Pro

Sa f ety, xi, Sev
Sa f ety

)
· di · Si

st,

(10)

where the first and second terms represent the operation gain and safety gain, respectively,
for the changes in infrastructure, GOperation

Gain is a piecewise function of ai,Level
In f rastructure to repre-

sent the ratio of benefit to construction cost from an operational perspective, as shown in
(11), and GSa f ety

Gain is a piecewise function of ai,Level
In f rastructure to describe the ratio of benefit to

construction cost from a safety perspective, as shown in (12).

GOperation
Gain

(
aLevel

In f rastructure

)
=


0.5, ai,Level

In f rastructure = 3

0.4, ai,Level
In f rastructure = 2

0.3, ai,Level
In f rastructure = 1

0, ai,Level
In f rastructure = 0

(11)

GSa f ety
Gain

(
aLevel

In f rastructure

)
=


0.9, ai,Level

In f rastructure = 3

0.7, ai,Level
In f rastructure = 2

0.5, ai,Level
In f rastructure = 1

0, ai,Level
In f rastructure = 0

(12)
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The last term in (1) is formulated as (13):

CIn f rastructure
Cost = −

n

∑
i=1

(
CInstallation

Cost

(
ai, Level

In f rastructure

)
− CCurrent

Cost

(
ai, Level

In f rastructure

))
(13)

where CInstallation
Cost refers to a function of ai,Level

In f rastructure that represents the installation cost for
new construction of the smart infrastructure and/or the remodeling cost for the current
geometric design of the road, and CCurrent

Cost denotes a function of ai,Level
In f rastructure to describe

the estimated cost for the existing infrastructure, as shown in (14).

CInstallation
Cost

(
ai, Level

In f rastructure

)
=CCurrent

Cost

(
ai, Level

In f rastructure

)
=


1, 000, 000 ($), ai,Level

In f rastructure = 3

100, 000 ($), ai,Level
In f rastructure = 2

5000 ($), ai,Level
In f rastructure = 1

0 ($), ai,Level
In f rastructure = 0

(14)

Note that CCurrent
Cost

(
ai, Level

In f rastructure

)
is the lower bound of CInstallation

Cost

(
ai, Level

In f rastructure

)
.

Thus, CInstallation
Cost is always less than or equal to zero.

The proposed method allows the service provider to assess the profitability of impos-
ing the CAV-M service with respect to each link in the road network. Therefore, we can
find the optimal set of network links to be serviced and the optimal set of network links to
construct the smart infrastructure by solving the optimization problem to maximize the
total profit for imposing the CAV-M Cprofit.

2.1.2. Optimization with Genetic Algorithm

The model presented in this study is a bi-level optimization model. The upper-level
problem aims to find the optimal service network for CAV-based services and the lower-
level problem aims to find the optimal construction strategy for smart infrastructure.
To find the optimal solution for the bi-level optimization model, the problem is cast in
the form of a genetic algorithm (GA). The GA was introduced and investigated by [34],
which is a representative metaheuristic inspired by the theory of evolution that belongs
to evolutionary algorithms. Because GA has diversification strategies while maintaining
most of the good-quality solutions, it can be adapted to various problems with high
complexity and has been proven to generate high-quality solutions to bi-level and multi-
objective optimization problems [35–38]. In the proposed study, the GA is used to find the
optimal operation and construction strategy which is an NP-hard problem with multiple
decision variables.

A brief description of the implementation of the GA in the proposed model is provided
in Figure 1. In the upper-level problem, the GA aims to maximize the sum of the revenue
and cost for providing the CAV-M service, i.e., CService

Revenue and CService
Cost , with respect to a

particular choice of network links to be serviced. The objective variable is a set of network
links and all links in the given service network can be included in the optimal set only
once. Subsequent to solving the upper-level problem, the optimal set of links becomes the
search scope for the solution of the lower-level problem. The lower-level problem finds a
set of optimal links to construct a smart infrastructure among the optimal set of network
links obtained from the upper-level problem. The GA aims to maximize the total profit by
imposing the CAV-M Cpro f it with respect to a particular choice of action for each link.



Sustainability 2022, 14, 3688 7 of 28

Figure 1. Optimization framework to find optimal operation and construction strategy.

2.2. Network and Scenario

The proposed operational strategy for the CAV-M service is demonstrated by applying
it to a benchmark transportation network case in Sioux Falls, USA, that has been extensively
used as a case study in previous studies as well [39–41]. The detailed information on the
Sioux Falls network used in this study is described in Appendix A.

To provide an understanding of how the proposed operation and construction strate-
gies for CAV-M work for various trip-demand scenarios, the optimal set of network links
for CAV-M service and network links to construct smart infrastructure are evaluated consid-
ering six trip demand scenarios, as summarized in Table 1. The six trip-demand scenarios
can be grouped under two scenarios. The first scenario group evaluates the influence of the
movement patterns of the trip demand: Scenarios 1, 2, and 3 are included in the first group.
The second scenario group evaluates the influence of the volume of the trip demand, where
the demand is homogeneously distributed to all origin-destination pairs in the network:
Scenarios 4, 5, and 6 are included in the second group.

To evaluate the influence of the movement patterns of trip demand, the optimal set of
network links to be serviced by the CAV-M and the optimal set of network links that are
optimized under Scenarios 1, 2, and 3 are determined first, and then the optimal solutions
are compared. As shown in Table 1, the three demand scenarios have different movement
patterns while the total number of trips is maintained, as in the original Sioux Falls network
(22,857 passengers). Scenario 1 has been created identical to the high demand scenario
cited by [39] and consists of movement between external nodes, where the external nodes
represent those located at the outermost part of the network. Scenario 2 has been generated
as a reverse pattern of Scenario 1 that is composed of the movement from external nodes to
internal nodes, where internal nodes represent all except the external nodes. The destination
node of each origin-destination pair has been selected randomly among the internal nodes.
Scenario 3 is composed of movements between external nodes and from external nodes to
internal nodes: the volume of movement of each origin-destination pair has been set to be
similar, i.e., between 750 and 1200. Besides, the total volume of movement from each origin
node is maintained to be the same as in Scenario 1 and Scenario 2.

The second scenario group evaluated the influence of the volume of the trip demand on
the operation and construction strategies. The optimal set of links for mobility service and
infrastructure construction is found under three levels of demand: high, medium, and low.
Scenarios 4, 5, and 6 correspond to high-, medium-, and low-level scenarios, respectively.
These three scenarios were evenly distributed over all 552 combination pairs of nodes.
The number of trips per pair is 40, 20, and 19 under Scenario 4, 5, and 6, respectively:
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consequently, the total number of movements in Scenarios 4, 5, and 6 are 22,080; 11,040;
and 5520, respectively.

Table 1. Demand scenarios.

Origin Destination Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6

S1 S7 2040 1020

Evenly Distributed
(40 for 552 OD pairs)

Evenly Distributed
(20 for each OD)

Evenly Distributed
(10 for each OD)

S1 S10 2040 1020
S1 S14 1650 825
S1 S15 2400 1200
S1 S18 1650 825
S1 S20 2400 1200
S2 S6 1500 750
S2 S14 1500 750
S2 S15 1800 900
S2 S18 1800 900
S2 S20 1875 937
S2 S23 1875 938
S3 S6 2250 1125
S3 S7 1800 900
S3 S15 2250 1125
S3 S19 1800 900
S3 S20 1542 771
S3 S22 1542 771
S13 S5 2400 1200
S13 S6 2400 1200
S13 S7 1500 750
S13 S8 1500 750
S13 S10 2100 1050
S13 S18 2100 1050

Sum 22,857 22,857 22,857 22,080 11,040 5520

3. Results

This study analyzes the effect of imposing the proposed method on the service area with
different demand patterns and sizes. Furthermore, we consider both cases with and without
construction of smart infrastructure. The details are provided in the following subsections.

3.1. Service Network Analysis Varying Demand Patterns
3.1.1. Optimal Sub-Network without Construction of Smart Infrastructure

Figure 2 shows the result of deriving the optimal subnetwork in Scenarios 1, 2, and
3 when the demand pattern is changed, and the different optimal subnetworks that are
derived depending on the demand pattern can be observed.

Figure 2. Optimal sub-networks for CAV-M service with varying demand patterns: (a) Scenario 1,
(b) Scenario 2, and (c) Scenario 3.
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Figure 2a shows the result of Scenario 1, where the traffic demand moves from the S1,
S2, S3, and S13 nodes located in the outer part of the network to S6, S7, S18, and S20 nodes,
which are also located in the outer part of the network. In Scenario 1, where the origin
and destination of the traffic demand are located in the outer part, the sub-network for
mobility service was derived around the links located in the outer part. Specifically, the use
of links for movement is minimized by moving around the outer part rather than using the
inner links in the raw network. Figure 2b shows the result of Scenario 2, where the traffic
demand moves from the S1, S2, S3, and S13 nodes in the outer part of the network to the S5,
S8, S10, S14, S15, S19, S22, and S23 nodes in the inner part of the network. Unlike Scenario
1, in Scenario 2 both the origin and destination of the demand are located in the inner and
outer parts, and hence the inner links are actively used in the CAV-based mobility service.
Scenario 2 uses both the outer and inner links of the raw network to move the demand in
the outer part to the inner part in a cost-effective manner. As shown in Figure 2c, because
Scenario 3 is a mix of the demand patterns of Scenarios 1 and 2, an optimal sub-network
that combines the optimal sub-networks of Scenarios 1 and 2 has been derived. It can also
be observed that a few links that are not used in the optimal sub-networks of Scenarios
1 and 2 are used in the optimal sub-network of Scenario 3. This is because, as different
demand patterns are combined, the optimal result is derived for the system if a bypass is
selected. Furthermore, to support demand patterns that vary, the number of links used to
provide the CAV-M service gradually increased from 13 in Scenario 1, to 16 in Scenario 2,
and 24 in Scenario 3.

Figure 3 depicts the demand-weighted betweenness for each demand scenario when
the CAV-M service is provided based on the optimal sub-network derived in Figure 2.
Betweenness refers to edge betweenness centrality, which is defined as the number of
shortest paths that pass through an edge in a graph or network [42]. It is a representative
index that indicates the importance of a link which is the number of times that a link is used
when the given origin-destination is moved through the shortest path. A link with a high
betweenness score indicates that the removal of the link may affect the communication
between many pairs of nodes through the shortest paths between them. Betweenness is an
index that indicates the relative importance of each link from the network perspective and
is used in various research fields, including transportation [43–45]. However, conventional
betweenness is limited in that it does not reflect the real magnitude of traffic demand. For
example, Scenario 1 in Table 1 has 12 origin-destination pairs and the maximum value
of betweenness in this case is 12. More specifically, the traffic demand of S2 (origin)—S6
(destination) with 1500 people moving is treated with the same criticality as the traffic
demand of S1 (origin)—S20 (destination) with 2400 people moving. Therefore, a value
reflecting the magnitude of a demand is required to consider all the relevant aspects of
service provision and profitability. This study analyzes the changes in important links in a
network by calculating the demand-weighted betweenness which reflects the magnitude
of the demand.

Figure 3 demonstrates that the relative importance of links changes within the optimal
sub-network according to the demand pattern. For instance, in Scenario 1 (Figure 3a)
16,000–19,000 people travel through the links S13|S24, S24|S21, and S21|S20 in the bottom
outer part of the network, whereas in Scenario 2 (Figure 3b) more than 19,000 people travel
through the links S2|S6, S6|S5, S5|S9, and S9|S8 in the upper right part of the network.
On the other hand, in Scenario 3 where the demand patterns of Scenarios 1 and 2 are mixed,
as shown in Figure 3c, the links S13|S24, S24|S21, and S21|S20 located in the bottom outer
part of the network play an important role. Moreover, unlike Scenarios 1 and 2, the links
S20|S19 and S19|S15 are used to support the movement of demand towards the inner
part of the network. This is considered to be the second-best plan for provision of CAV-M
service using links with a high difficulty in applying autonomous driving (e.g., S8|S16).
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The change in the relative importance of the network links in correspondence with
change in the demand pattern can be seen in Figure 3d–f. In Scenario 1, trips are generated
using the links in the outer part of the network and the maximum value of the demand-
weighted betweenness score for each link is low at 18,000, whereas the concentration in a
specific link is higher in Scenario 2 than that in Scenario 1. Consequently, links that must
be treated as important, from the service perspective, are clearly distinguished. Although
Scenario 3 has a tendency for the demand to be concentrated in a few links, in comparison
to Scenarios 1 and 2, it can be observed that the demand is quite evenly distributed.

Figure 4 shows the results of a few major indices for Scenarios 1, 2, and 3 in the optimal
sub-network without considering smart infrastructure, which include (a) service revenue,
(b) increasing ratio of shortest path length, (c) operation and safety cost, and (d) profit. As
shown in Figure 4a, Scenarios 1, 2, and 3 have the same CAV-M service demands, and
because all the demands have been accommodated, the three scenarios show identical
service revenue based on Equation (2).
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Figure 4. (a) service revenue, (b) increasing ratio of shortest path length, (c) operation and safety cost,
and (d) profit in optimal sub-network without consideration of construction of smart infrastructure.

Furthermore, Figure 4b shows the differences in the increasing ratio of shortest path
length, which represents the ratio of the origin-destination (OD) shortest path length in
the optimal sub-network and the OD shortest path length in the raw network, among
the scenarios. It can be seen that the increasing ratio of the shortest path length is the
lowest in Scenario 1 and highest in Scenario 3. In Scenario 2, the increasing ratio of the
shortest path length increased by approximately 10% in comparison to Scenario 1, whereas
in Scenario 3 the increasing ratio of the shortest path length increased by approximately
29% in comparison to Scenario 1. Specifically, Scenario 1 has the lowest number of bypasses
to meet the CAV-M service demand while Scenario 3 has relatively numerous bypasses, and
this can be intuitively interpreted in correspondence with the results shown in Figure 3a–c.
In contrast, Scenario 3 has a higher number of links used in the network to accommodate
the increasing number of OD pairs in comparison to Scenario 1. Consequently, it was set to
bypass a large number of trips; hence, it can be seen that the increasing ratio of the shortest
path length is clearly different.

Figure 4c shows the result of the operation and safety cost calculated using Equation (4).
While there is no significant difference in the operation cost between Scenarios 1 and 2,
Scenario 3 requires a higher operation cost for the CAV-M service, whereas Scenario 2
requires a higher safety cost than Scenarios 1 and 3. This is interpreted as the result of
providing the CAV-M service through a relatively high-risk path in terms of safety. In
contrast, it seems beneficial for Scenario 3, in terms of profitability, to provide CAV-M
service by guiding it to a safer route, despite the wide spatial distribution of links used on
the network due to the increase of OD pairs.

Lastly, Figure 4d establishes that Scenario 1 has the highest profit followed by Scenar-
ios 2 and 3. A comparison of Scenarios 1 and 2 confirms that the resulting profit varies in
correspondence with the difference in safety costs. Scenarios 2 and 3 show similar profits
because the difference between the operation and safety costs gets compensated suggesting
that a higher profit is possible only if the difficulty of applying autonomous driving on the
link to which the service is applied is considered together with the number of links used in
the network for provision of CAV-M service.

Figure 5 shows the result of comparison between the raw network and optimal sub-
network profit when the smart infrastructure is not considered. Figure 5a shows the
differences in the service revenue, operation, and safety costs between the raw network and
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the optimal sub-network for each scenario. As shown in the results, there is no significant
difference in the service revenue because every scenario has the same CAV-M service
demand and the service demand is fully accommodated, but there is a significant difference
in the operation and safety costs. Particularly, the outstanding effect of the optimal sub-
network for all demand patterns of every scenario can be seen with regard to the safety cost.
This suggests that when introducing the CAV-M service while taking into consideration the
difficulty of applying autonomous driving, there is a road section that should be provided
first because considerable economic benefits can be achieved there.

Figure 5. Comparison analysis of raw network, and optimal sub-network without consideration of
construction of smart infrastructure. (a) comparison of service revenue, operation cost and safety
cost between raw network and optimal network; (b) comparison of profit between raw network and
optimal network.

Figure 5b shows the result of comparing profit between the raw network and optimal
sub-network without considering smart infrastructure. It can be seen that the raw network
shows a huge expenditure of approximately $10M, whereas the optimal sub-network
achieves a profit of approximately $3.8M. The operation of the CAV-M service in the
raw network appears to act favorably for demand patterns corresponding to the order of
Scenarios 2, 3, and 1, whereas in the optimal sub-network the advantage in service revenue
could be high in the order of Scenarios 1, 2, and 3. With respect to the expected effect
of introducing the CAV-M service through the application of the optimal sub-network
methodology, the highest utility value appeared in Scenario 1, followed by Scenarios 3 and
2. Therefore, it is expected that various ripple effects would be obtained depending on the
spatial demand patterns even though the traffic demand is the same.

3.1.2. Optimal Sub-Network with Construction of Smart Infrastructure

Table 2 shows the construction strategy for the smart infrastructure of the optimal
sub-network for Scenarios 1, 2, and 3 derived based on GA optimization introduced in
Section 2. For example, in the case of the S1|S2 link of Scenario 1, the smart infrastructure
optimization in terms of profitability in consideration of the traffic demand, road length,
and difficulty in applying autonomous driving in a raw network is the construction of the
C-ITS infrastructure. Similarly, in the case of the S17|S19 link in Scenario 2, the strategy
to change the road geometry is expected to bring about more advantages in terms of
profitability. By applying the same method, a step-by-step construction strategy for smart
infrastructure is established in specific links for each scenario.
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Table 2. Construction strategy of smart infrastructure in Scenarios 1, 2 and 3.

From Node To Node
Plan

Scenario 1 Scenario 2 Scenario 3

S1 S2 1: constructing the
C-ITS infrastructure

1: constructing the
C-ITS infrastructure

1: constructing the
C-ITS infrastructure

S2 S1 1: constructing the
C-ITS infrastructure - 1: constructing the

C-ITS infrastructure

S8 S16 - 1: constructing the
C-ITS infrastructure -

S17 S19 - 2: remodeling the
geometric road design -

S24 S21 1: constructing the
C-ITS infrastructure - 1: constructing the

C-ITS infrastructure

Figure 6 shows the calculation results of some indices based on the smart infrastruc-
ture construction plan for each link in the optimal sub-network presented, including (a)
operation gain, (b) safety gain, (c) infrastructure cost, and (d) profit.

Figure 6. (a) operation gain, (b) safety gain, (c) infrastructure cost, and (d) total profit for optimal
sub-network when constructing smart infrastructure in Scenarios 1, 2, and 3.

Figure 6a shows that there are the same operation gain in Scenarios 1 and 3 and the
highest operation gain in Scenario 2. Similarly, as depicted in Figure 6b, a higher safety
gain in Scenario 2 than in other scenarios can be expected which can be attributed to the
difference in the construction strategy of the smart infrastructure. Unlike Scenarios 1 and
3, Scenario 2 could provide high operation and safety gains by establishing a strategy to
upgrade the smart infrastructure, which adopted a specific link as a strategy to change the
geometric structure corresponding to level 2. On the other hand, as shown in Figure 6c,
Scenario 2 required a higher facility construction cost than the other two scenarios. The
overall effect of introducing smart infrastructure is represented in Figure 6d. A higher
service profitability could be achieved than in the case where smart infrastructure was not
considered for the service demand pattern in every scenario. A greater improvement in
profitability could be expected than in other scenarios, particularly in Scenario 2, when the
CAV-M service was provided by introducing smart infrastructure.
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To analyze the expected effects of introducing smart infrastructure in more detail,
the results in Figure 7, which shows the result of the profit comparison between the raw
network and the optimal sub-network when smart infrastructure is considered, were
derived. The expected effect of introducing smart infrastructure using the difference in
profit between the raw network and the optimal sub-network showed the highest utility
value in Scenario 3, followed by Scenarios 2 and 1. This is somewhat different from
the result of comparing profit for the CAV-M service when smart infrastructure was not
considered in Figure 5. Thus, when establishing an operation plan for CAV-M service, it is
necessary to introduce the CAV-M service first in scenarios where higher profitability can
be achieved, considering the service demand pattern and the given autonomous driving
operation conditions, rather than blindly upgrading the road network to mitigate the
difficulty in applying autonomous driving.

Figure 7. Comparison of profit between raw network and optimal sub-network when constructing
smart infrastructure in Scenarios 1, 2, and 3.

Figure 8 shows the profitability distribution of the CAV-M service link-wise for the raw
network and the optimal sub-network in each scenario. In Figure 8a, the majority of the
links in the raw network generate insignificant but positive profits for the CAV-M service.
In contrast, certain links though few generate huge expenditures that cause a significant
decrease in profitability, which is the service target, leading to a devaluation of the entire
network. This trend can also be seen in Scenarios 2 and 3, as shown in Figure 8b,c.

Figure 8d shows that not only the links which showed huge expenditures in the
raw network generated profit, but most of the links on the service network could also
generate revenue. Although some links generate expenditures, their influence appear to
be insignificant, and a similar trend could be observed in the other two scenarios as well.
As shown in Figure 8e, all links in the optimal sub-network in Scenario 2 made a profit
and Scenario 3 can also create profits through the CAV-M service from all links, with the
exception of three links.
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To examine the effects of the proposed methodology in more detail, the spatial distri-
bution of each link according to the profitability of the CAV-M service is shown in Figure 9.
For example, Figure 9a shows the spatial distribution of the link for the profit of the CAV-M
service in the raw network for Scenario 1 where the CAV-M service is operated for 21 links
in total. This service network is composed of six links that generate a service expenditure,
eleven links that produce a service profit of ($)100–200,000, three links that produce a
service profit of ($)200,000–400,000, and one link that produces a service profit of over
($)800,000. When it is applied to the optimal sub-network derived based on the same
demand pattern of the CAV-M service, a total of 14 links are used, as shown in Figure 9d.
This includes two links that generate a service expenditure, six links that produce a service
profit of ($)100–200,000, two links that produce a service profit of ($)200,000–400,000, one
link that produces a service profit of ($)400,000–600,000, two links that produce a service
profit of ($)600,000–800,000, and one link that produces a service profit of over ($)800,000.
The proposed methodology greatly contributes to the improvement of service profitability
by concentrating utilization on the optimized path while intensively utilizing distributed
links used to provide the CAV-M service, thus increasing the utility value in terms of the
smart infrastructure facility and construction cost. This pattern can also be observed in
Scenarios 2 and 3, as shown in Figure 9b,c,e,f.
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Figure 9. Spatial distribution of link profit for raw network and optimal sub-network in Scenarios 1,
2, and 3. (a) profit for each link of raw network in Scenario 1; (b) profit for each link of raw network
in Scenario 2; (c) profit for each link of raw network in Scenario 3; (d) profit for each link of optimal
sub-network in Scenario 1; (e) profit for each link of optimal sub-network in Scenario 2; (f) profit for
each link of optimal sub-network in Scenario 3.

It is noteworthy that the link producing a high profit is changed by the traffic demand
pattern. In the case of Figure 9d for Scenario 1, the links S24|S21, S1|S3, and S2|S6 generate
high profits. In the case of Figure 9e for Scenario 2, a large profit can be expected from
the link S6|S5, and in the case of Figure 9f for Scenario 3, a large profit can be expected
from the S1|S3 and S24|S21 links. Thus, the proposed methodology can be used to select a
road section that can guarantee the profitability of the CAV-M service by considering the
characteristics of the traffic demand pattern in a specific region.

3.2. Service Network Analysis Varying Demand Size

In Section 3.1, we analyzed the CAV-M service network according to the change in
demand pattern for the same size of traffic demand. In this section, we analyze the CAV-M
service network according to the changing service demand size.

3.2.1. Optimal Sub-Network without Construction of Smart Infrastructure

Figure 10 shows the result of deriving the optimal sub-network in each scenario
according to changing demand size when the CAV-M service is operated based on the
current operation conditions without considering smart infrastructure.

Figure 10a shows the optimal sub-network in a situation where there is a large traffic
demand in the network compared to the other two scenarios. In Scenario 4, the CAV-
M service is provided using links corresponding to 35 among 76 links in total, whereas
Scenario 5 with half the traffic demand of Scenario 4 provides the CAV-M service using
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32 links as shown in Figure 10b. However, in Scenario 6 when the traffic demand decreased
by 75% compared to Scenario 4, the utilization of links to support the CAV-M service
decreased significantly by 31% compared to Scenario 4, as shown in Figure 10c.

Figure 10. Optimal links for CAV-based mobility service in (a) Scenario 4, (b) Scenario 5, and
(c) Scenario 6.

Figure 11 shows the demand-weighted betweenness during the provision of the CAV-
M service in each scenario based on the optimal sub-network derived in Figure 10. In
Figure 11a,d for Scenario 4, it can be seen through the demand-weighted betweenness
score that many mobility services are supported using the links at the top (S1|S2), leftmost
links (S3|S1, S12|S3 and S13|S12), and bottom links (S23|S13, S21|S24 and S20|S21) in
the outer part of the network. Moreover, it can be observed that the links S2|S6, S6|S5,
S5|S9, S9|S8, S8|S16, S16|S17, S17|S19, and S19|S20 located in paths traversing through
the network are intensively used. It can be also seen that the links S2|S6 and S19|S20 are
actively used because they are easy to apply to automated driving owing to the relatively
low operation and safety level of the links S2|S6 and S19|S20 compared to other links that
connect the outer and inner parts of the network (e.g., links S3|S4, S4|S3, S12|S1, S1|S12,
S8|S7, S7|S8, S24|S23, S22|S21 and S22|S20). Furthermore, it can be observed that the
service for internal traffic demand is supported using the links S19|S15 and S15|S19 with
a relatively low demand weighted betweenness score.

For Scenario 5, as shown in Figure 11b,e, the overall usage frequency of the CAV-M
service decreased with traffic demand. Thus, it can be observed that the demand-weighted
betweenness scores of certain links that have been intensively used for movement support
decreased. Moreover, in the case of Scenario 6 with a traffic demand equal to 25% that
of Scenario 4, the demand-weighted betweenness score for all service links decreased by
10–4000, as shown in Figure 11c,f. Simultaneously, links that are used intensively to support
the CAV-M service can be distinguished despite the sharp drop in traffic demand. Hence,
the links to which the CAV-M service should be applied by prioritizing selection are clearly
distinguishable.

Figure 12 shows the calculation results of the major indices for Scenarios 4, 5, and
6 that includes (a) service revenue, (b) serving ratio and increasing ratio of shortest path
length, (c) operation and safety cost, and (d) profit in the optimal sub-network without
considering the smart infrastructure. Figure 12a shows that the service revenue decreased in
correspondence with the traffic demand in Scenarios 4, 5, and 6 thus implying that a change
in the demand size has a significant impact on the service revenue. Further, Figure 12b
shows the difference between the serving ratio and the increasing ratio of the shortest
path length in each scenario. The serving ratio indicates the extent to which the demand
is accommodated in the optimal sub-network for each scenario in Table 1. For example,
a serving ratio of 1 implies that the demand is fully accommodated, whereas 0.5 implies
that only 50% of the total demand is accommodated. From the results it is evident that the
serving ratio of Scenarios 4 and 5 is nearly 1 while that of Scenario 6 is approximately 88%
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lower than that of the other two scenarios. Owing to the relatively high traffic demands in
the case of Scenario 4 and 5, economical operation seems possible by concentrating CAV-M
services with specific optimal links in the optimal sub-network owing to the similarity of
the OD pairs. However, in the case of Scenario 6, it seems difficult to provide economic
mobility services with the optimal sub-network only because the traffic demand is evenly
distributed over the entire road network and the volume of the traffic demand is low.
Consequently, Scenarios 4 and 5 show a high increasing ratio of shortest path length with
increasing bypasses to support a wide range of mobility services using many optimal
links. Moreover, the difference in the increasing ratio of the shortest path length is not
distinctive because the OD pairs are similar between the two scenarios. In contrast, Scenario
6 does not provide CAV-M services for a large part of the traffic demand; therefore, it has a
low frequency of providing mobility services using a bypass and shows a relatively low
increasing ratio of the shortest path length. The comparison between different scenarios in
Figure 12d demonstrates that Scenario 4 has the highest profit followed by Scenarios 5 and
6: this can be attributed to the large difference in service revenue in correspondence with
the volume of the traffic demand which has a direct bearing on the profit.
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Figure 12. (a) service revenue, (b) increasing ratio of shortest path length, (c) operation and safety
cost, and (d) total Profit in optimal sub-network without consideration of construction of smart
infrastructure.

Figure 13 presents the results of comparing the raw network and the optimal sub-
network for Scenarios 4, 5, and 6 without considering smart infrastructure. Figure 13a
shows the differences in the service revenue and operation and safety cost between the
raw network and the optimal sub-network for each scenario. Evidently, there is minor
difference in the service revenue of every scenario owing to the influence of the serving
ratio, introduced in Figure 12b, and the largest difference occurs in Scenario 6 which has
the lowest serving ratio. Moreover, a higher difference in the operation and safety costs
can be observed than in the service revenue. Particularly, because a higher difference in
the safety cost is evident for all scenarios regardless of the change in the amount of traffic
demand, a positive effect on the safety of the CAV-M service can be expected throughout
the optimal sub-network.

Figure 13. Comparison analysis of raw network, and optimal sub-network without consideration of
construction of smart infrastructure. (a) comparision of service revenue, operation cost and safety
cost between raw network and optimal network; (b) comparision of profit between raw network and
optimal network.
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As shown in Figure 13b, there is a clear difference in the profit of the CAV-M in
correspondence with the volume of traffic demand. One can easily observe that the CAV-M
service provided for the optimal sub-network is found to achieve profitability in every
scenario regardless of the size of traffic demand. Particularly when the volume of traffic
demand is high, the difference in profit between the raw network and the optimal sub-
network is large. Furthermore, it is evident that the importance of sub-network selection
for service provision has increased with the demand for autonomous cooperative driving
mobility in line with this trend.

3.2.2. Optimal Sub-Network with Construction of Smart Infrastructure

Table 3 shows the construction strategy of smart infrastructure for the optimal sub-
network in Scenarios 4, 5, and 6 derived through the GA-based optimization described in
Section 2.

Table 3. Construction strategy of smart infrastructure in Scenarios 4, 5 and 6.

From Node To Node
Plan

Scenario 1 Scenario 2 Scenario 3

S1 S2 1: constructing the
C-ITS infrastructure

1: constructing the
C-ITS infrastructure -

S17 S19 1: constructing the
C-ITS infrastructure

2: remodeling the
geometric road design -

S19 S20 1: constructing the
C-ITS infrastructure

1: constructing the
C-ITS infrastructure -

As shown in Table 3, step-by-step construction strategies for smart infrastructure are
established for specific links in each scenario. Particularly for Scenario 6, it is expected
that not investing in the construction of smart infrastructure will bring benefits in terms
of profitability for links that have a low demand for the CAV-M service because they are
distributed sporadically in the optimal sub-network.

Figure 14 shows the calculation results of the major indices derived according to the
smart infrastructure construction plan for each link in the optimal sub-network, which
includes (a) operation gain, (b) safety gain, (c) infrastructure cost, and (d) profit.

Figure 14a shows that an operation gain could be attained in Scenarios 4 and 5 owing
to relatively high demand, whereas operation gain could not be attained in Scenario 6
because of a low demand resulting from non-installation of any smart infrastructure facility.

As shown in Figure 14b, it can be seen that akin to the result for operation gain no
safety gain is generated in Scenario 6, whereas a significant difference between Scenarios
4 and 5 can be observed, unlike the operation gain. Consequently, a high safety gain can
be expected from the installation of smart infrastructure in Scenario 4 with a relatively
large traffic demand and a high degree of concentration for specific links. Considering that
the cost for constructing a smart infrastructure facility in Scenarios 4 and 5 is the same, as
indicated in Figure 14c, it can be said that Scenario 4 has a better probability for a greater
return on the investment.

As depicted in Figure 14d, the highest profit can be expected in Scenario 4, followed
by Scenarios 5 and 6: a trend similar to the result shown in Figure 12d described above. The
two scenarios, excluding Scenario 6, could achieve a slightly higher profit than the case of
not considering smart infrastructure, thus implying that constructing smart infrastructure
facilities in the right place according to service demand could effectively increase the
profitability of the CAV-M service.
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The detailed results of the expected effects of introducing smart infrastructure are
shown in Figure 15.

Figure 15. Comparison analysis of raw network and optimal sub-network when constructing smart
infrastructure in Scenarios 4, 5, and 6.

As shown in Figure 15, the profit difference between the optimal sub-network and raw
network in correspondence with decreasing demand is different under conditions when
the smart infrastructure is installed and when it is not installed. A profit of ($)84,210 in the
optimal sub-network and an expenditure of ($)23,260,827 in the raw network in Scenario 6
could be observed. It is worth noting that no change in profit could be evidenced because
the smart infrastructure was not installed. Despite the positive effect of smart infrastructure,
it is difficult to expect profit creation through the CAV-M service in the raw network, and it
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was found that the process of deriving the optimal sub-network was required when the
traffic demand was large and the installation of smart infrastructure was also considered.

Figure 16 shows the distribution of profits of the CAV-M service by link for the raw
network and the optimal sub-network in Scenarios 4, 5, and 6. In Figure 16a, which shows
the profit distribution of the raw network corresponding to Scenario 4, some links exhibit a
meagre positive profit from the CAV-M service. However, most links show expenditures
below ($)0.5M while a few links generate huge expenditures indicating a decrease in the
utility of the CAV-M service for the entire network. This trend is also observed in Scenarios
5 and 6, as shown in Figure 8b,c. Figure 16d shows that all links, with the exception of
one, generated a profit. Besides, some links that generated large expenditures in the raw
network generated profits: a similar trend can also be observed in the other two scenarios.
As shown in Figure 16e, all except four links in the optimal sub-network switched to make
a profit in Scenario 5. Likewise, all links except one showed a profit from the CAV-M
service in Scenario 6, as shown in Figure 16f. These results provide sufficient evidence
for the superiority of the proposed method on the CAV-M service introduction strategy
while considering changes in the volume of traffic demand, automated driving operation
conditions, and road driving environment.
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Figure 16. Distribution of link profit for CAV-M service in raw network and optimal sub-network for
Scenarios 4, 5, and 6. (a) distribution of link profit for raw network in Scenario 4; (b) distribution of
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(d) distribution of link profit for optimal sub-network in Scenario 4; (e) distribution of link profit
for optimal sub-network in Scenario 5; (f) distribution of link profit for optimal sub-network in
Scenario 6.

To analyze the proposed method in detail, the spatial distribution of each link accord-
ing to the profitability of the CAV-M service is shown in Figure 17. It can be observed
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from the spatial distribution for each link of the CAV-M service profit in the raw network,
shown in Figure 17a, that the CAV-M service is provided using 70 links in total. This
service network is composed of 32 links that generate service expenditure, 38 links that
produce a service profit of ($)100–200,000. When the traffic demand volume is equal and
is applied to the optimal sub-network in charge of the CAV-M service, a total of 35 links
are used, as shown in Figure 17d. This network includes one link that generates a service
expenditure, 29 links that produce a service profit of ($)100–200,000, four links that pro-
duce a service profit of ($)200,000–400,000, and one link that produces a service profit of
($)600,000–800,000.
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Figure 17. Spatial distribution of link profit for raw network and optimal sub-network in Scenarios 4,
5, and 6. (a) profit for each link of raw network in Scenario 4; (b) profit for each link of raw network
in Scenario 5; (c) profit for each link of raw network in Scenario 6; (d) profit for each link of optimal
sub-network in Scenario 4; (e) profit for each link of optimal sub-network in Scenario 5; (f) profit for
each link of optimal sub-network in Scenario 6.

It is noteworthy that the existence or absence of links producing a high profit is
determined by the volume of the traffic demand. In Figure 17d for Scenario 4, the links
S19|S20 and S6|S5 produced a relatively high profit, whereas in Figure 17e for Scenario 5,
the link S6|S5 produced a relatively low profit. Furthermore, in Figure 17f for Scenario 6,
there is no link that produces a high profit. Thus, it is likely that a major CAV-M service
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link that is selected when the traffic demand is high may not be a link that guarantees
profitability when the traffic demand is low.

4. Conclusions

This study aimed to develop an optimization method for the introduction and opera-
tion of CAV-M services in an automated driving environment. Hence, this study proposed
an optimal sub-network extraction method that can maximize the service operation profit
at the road network level. The proposed method extracts a sub-network that can maximize
the service operation profit by performing GA optimization based on cost modeling in con-
sideration of the traffic demand by road section, difficulty in applying automated driving,
and smart infrastructure operation level for the target area of CAV-M.

This study analyzed the effectiveness of the proposed method according to various
demand changes based on the Sioux Falls network, which is widely used in the transporta-
tion field. To analyze the characteristics of the optimal sub-network of the service area
derived through the proposed method, the importance of each road section was assessed
using the demand-weighted betweenness derived from graph theory. It was observed
that the relative importance of road sections changed within the optimal sub-network
according to changes in traffic demand and the amount of demand in the service area. This
allowed identification of the links that should be considered first when introducing the
CAV-M service.

This research examined changes in revenue by item according to changing demand in
the raw network and the optimal sub-network of the service area. We observed that there
were road sections that need to be serviced first in order to achieve a greater economic effect
and that the CAV-M service should be applied taking the difficulty in applying automated
driving into consideration. Furthermore, even though operating the CAV-M service in
the raw network generated a huge expenditure, it was found that profitability can be
achieved for every demand pattern when the CAV-M service is operated using the optimal
sub-network derived by the proposed method. It is evidence to prove the excellence of the
proposed method.

The change in the profit of the CAV-M service was analyzed through step-by-step
construction strategies of smart infrastructure installed to mitigate the difficulty in applying
automated driving. We found that the expected effect of introducing smart infrastructure
using the difference in profit between the raw network and the optimal sub-network
was somewhat different from the result of comparing the CAV-M service profits when
smart infrastructure was not considered. This is because the positive influence of smart
infrastructure is more profound in the raw network than in the optimal sub-network.
Nevertheless, it is difficult to achieve profits through CAV-M services in the raw network.
In conclusion, providing the CAV-M service using the optimal sub-network can be a better
choice in terms of profitability when the installation of smart infrastructure is considered
together in a situation with a large traffic demand.

This study analyzed the profitability of CAV-M services from the perspective of road
operation, considering changes in traffic demand and driving limitations of automated
driving vehicles. However, several issues still need to be further considered in future
study. Sensitivity analyses with respect to hyperparameter values related to the unit costs
of the proposed model should be conducted in near future since the specified values of the
parameter involved in the unit costs have significant impact on extracting the optimal sub-
network for the CAV-M service. In this study, the optimal sub-network was derived through
optimization based on GA. There are still additional research tasks to be performed to
conduct sensitivity analysis of the proposed model with respect to the parameters involved
in the population, crossover, mutation and elitism of the GA. Moreover, additional analysis
on the effectiveness of the optimal sub-network by applying other optimization methods
based on metaheuristics such as particle swarm optimization or ant colony optimization
is also considered in future study. Furthermore, it is necessary to examine changes in
service revenue when different methods of providing a path that affects the CAV-M serving
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ratio are used. In addition, it would be necessary to develop a road classification system
that reflects the driving limitations of automated driving vehicles based on the analysis
of real-road automated driving conditions in future research. Based on this research, the
ripple effects of more detailed CAV-M services could be investigated by adjusting the
profit model based on the safety and difficulty of automated driving according to the road
environment type. Furthermore, a study on the method of constructing further improved
mobility systems and mobility services in consideration of a public transportation strategy
linked to the CAV-M service will be necessary. Research work for efficient utilization of
road networks through research on the method of connecting with future mobility services,
such as shared mobility, will also be needed.
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Appendix A

The Sioux Falls network and link characteristics such as capacity, length, and speed
limits have been generated by referring to [39]. The Sioux Falls network consists of 24 nodes
and 76 directed links, as shown in Figure A1: Table A1 summarizes the link characteristics
of the network. Each link has five attributes: from-node, to-node, length of links, operation
and safety level, and infrastructure level. The from-node, to-node, and length of links
are used as given in the datasets. The link length is used to calculate the path lengths
and to find the shortest path. The attributes of operation and safety level are generated
randomly among 1–5 levels. The operation and safety levels are used to calculate CService

Cost as

COperation Level
Cost , PCollision

Sa f ety , and CSeverity
Sa f ety . In real-world applications, this attribute needs to be

evaluated based on the conditions of road environments. The attribute of the infrastructure
level is given as 0 because it is assumed that there is no smart infrastructure in the network.
The value of the infrastructure level of each link is determined after solving the optimization
problem stated above.

Table A1. Link properties for network analysis from CAV perspective.

From Node To Node Length Operation and
Safety Level

Infrastructure
Level (before) From Node To Node Length Operation and

Safety Level
Infrastructure
Level (before)

S1 S2 0.4 3 0 S13 S24 0.9 1 0
S1 S3 0.3 1 0 S14 S11 0.3 1 0
S2 S1 1 2 0 S14 S15 0.5 2 0
S2 S6 0.2 1 0 S14 S23 2.9 1 0
S3 S1 3.2 1 0 S15 S10 0.6 4 0
S3 S4 0.2 3 0 S15 S14 0.5 2 0
S3 S12 0.1 2 0 S15 S19 1.2 1 0
S4 S3 0.4 4 0 S15 S22 1.3 1 0
S4 S5 0.4 4 0 S16 S8 1.2 2 0
S4 S11 0.2 1 0 S16 S10 1.6 2 0
S5 S4 1.7 3 0 S16 S17 0.2 1 0
S5 S6 1.7 1 0 S16 S18 0.6 5 0
S5 S9 3.2 2 0 S17 S10 0.6 3 0
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Table A1. Cont.

From Node To Node Length Operation and
Safety Level

Infrastructure
Level (before) From Node To Node Length Operation and

Safety Level
Infrastructure
Level (before)

S6 S2 1.7 1 0 S17 S16 0.2 1 0
S6 S5 0.3 1 0 S17 S19 1.5 2 0
S6 S8 0.9 2 0 S18 S7 2.9 3 0
S7 S8 0.5 4 0 S18 S16 0.6 5 0
S7 S18 0.2 2 0 S18 S20 0.3 2 0
S8 S6 1.7 3 0 S19 S15 1 1 0
S8 S7 3.2 3 0 S19 S17 0.7 3 0
S8 S9 0.3 2 0 S19 S20 0.9 2 0
S8 S16 1.1 2 0 S20 S18 0.5 2 0
S9 S5 0.3 2 0 S20 S19 2.9 2 0
S9 S8 0.2 2 0 S20 S21 0.9 2 0
S9 S10 0.5 5 0 S20 S22 1.6 3 0
S10 S9 0.5 5 0 S21 S20 0.3 2 0
S10 S11 0.2 3 0 S21 S22 0.5 3 0
S10 S15 3.2 3 0 S21 S24 1.6 2 0
S10 S16 1.3 2 0 S22 S15 0.4 1 0
S10 S17 0.5 2 0 S22 S20 0.7 4 0
S11 S4 0.2 1 0 S22 S21 0.5 4 0
S11 S10 0.6 4 0 S22 S23 0.3 1 0
S11 S12 0.6 5 0 S23 S14 0.7 1 0
S11 S14 0.3 1 0 S23 S22 0.3 1 0
S12 S3 1.1 2 0 S23 S24 1.2 3 0
S12 S11 0.6 5 0 S24 S13 0.3 1 0
S12 S13 0.3 1 0 S24 S21 0.4 2 0
S13 S12 1.9 1 0 S24 S23 0.4 4 0

Figure A1. Simplified Sioux Falls network.
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