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The development of the vehicle-road cooperative intelligence can effectively resolve the current technical impediment and cost
quandary associated with high-level autonomous driving. Nevertheless, the intelligent infrastructure entails initial deployment
costs and ongoing energy consumption and maintenance costs, necessitating a comprehensive and quantitative analysis of the
costs of intelligent infrastructure and the corresponding changes in comprehensive costs. The cost evaluation model for the
cooperative intelligent system is designed in this paper, considering the corresponding intelligent infrastructure layout scheme for
different road types within the technical framework. The intelligent configuration and corresponding cost transfer from roadside
to vehicle side under the synergy effect is also analyzed. Using Beijing as a case study, the results indicate that the deployment of
intelligent infrastructure will effectively reduce acquisition and usage costs of high-level intelligent vehicles and achieve a greater
“reuse” effect by serving more intelligent connected vehicles (ICVs). Compared to the vehicle intelligence, collaborative in-
telligence will reduce cumulative total costs by more than ¥200 billion from 2023 to 2050, even with the inclusion of intelligent

infrastructure’s costs.

1. Introduction

Autonomous driving has become a significant factor
influencing the development of the automotive industry. On
the basis of fundamental autonomous driving capabilities,
intelligent vehicles can replace humans in driving tasks. It
not only provides passengers with a safer and more com-
fortable driving experience but also increases travel effi-
ciency [1-4], saves energy, and reduces emissions [5-7] and
traffic accident rates [8-10]. Chinese consumers have the
highest level of acceptance of self-driving technology in the
world [11]. In China, the penetration rate of L2 autonomous
passenger vehicles with combined assisted driving functions
has reached 34.5% in 2022 [12]. Intelligent vehicles represent
the leading strategic position of future automobiles in terms
of product form and key technologies. The Chinese gov-
ernment is actively promoting the development of intelligent

vehicles. The research presented in this paper is set against
this background. However, autonomous driving is still in its
early stage of development. The primary autonomous
driving is gradually maturing and becoming commercial-
ized, while intermediate and advanced autonomous driving
remains dominated by trials and regional demonstrations.
To address the technical challenges faced by intermediate
and advanced autonomous driving, as well as the cost barrier
to large-scale commercial implementation, ICVs powered by
the latest information and communication technologies
have been recognized globally as the future direction of
automotive development [13, 14]. Intelligent infrastructure
can offer more extensive sensing data for vehicles, broad-
ening the range and capability of vehicle sensors, improving
safety, and resolving technical issues encountered in vehicle
intelligence, such as sensing blind spots, beyond-the-
horizon challenges, extreme weather, and an array of
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“perceptual long-tail” problems. This can also decrease the
performance demands of vehicle-side sensing equipment. By
providing a global path planning and decision optimization
for ICVs, it can tackle challenges in mixed traffic scenarios,
such as autonomous driving games, significantly reducing
the need for vehicle-side computing power. Lowering the
costs for vehicle intellectualization will contribute in in-
creasing the adoption rate of intermediate and advanced
intelligent vehicles. Currently, a growing number of coun-
tries and companies are emphasizing the route of vehicle-
road cooperative intelligence [15]. The intelligent trans-
portation infrastructure will be pivotal for ICVs’ evolution.
To address the current industrial constraints, the schematic
design and deployment of intelligent transportation in-
frastructure should correspond with the needs of ICVs.
Simultaneously, the deployment and operation of intelligent
transportation infrastructure necessitate substantial and
ongoing expenditures. A quantitative analysis of the cost of
intelligent transportation infrastructure and the corre-
sponding changes of comprehensive costs is necessary for
national or local decisions to upgrade intelligent trans-
portation infrastructure.

Currently, most related researches are focusing on the
functions and technologies involved in intelligent trans-
portation systems at the micro level [16-19], but few scholars
have quantified and analyzed the cost of intelligent trans-
portation infrastructure and the resulting changes in the
total cost to society. Chang proposed the roadside sensing
configuration method, the vehicle fusion planning method,
and the control method from the perspective of an in-
telligent networked cloud control system and simulated and
verified using the actual vehicle platform [17]. Wan et al.
reviewed research on queue control-related communication
architectures, communication protocols, traffic models, and
control methods, with application scenarios involving traffic
flow optimization, dynamic queuing, and queue control [19].
Other scholars have explored the deployment methods
corresponding to the characteristics of intelligent roadside
devices, such as communication environments, roadside
units, and sensors [20-26]. Liu et al. analyzed the demand
for 5G base-station RSUs and outlined their technological
architecture and fundamental functions, based on the de-
velopment trend of the 5G and cellular vehicle-to-everything
(C-V2X) network [21]. Zhang investigated the optimization
problem of network layout under the vehicle-linked sensor
network architecture model and solved the optimal network
layout scheme with the lowest deployment cost [22]. Fu et al.
examined the efficient solution problem of spatial ar-
rangement of cameras for area coverage and proposed
a probability-based binary particle swarm optimization
technique to optimize both the number of sensors and the
spatial arrangement scheme [24]. Zhan et al. investigated
optimal sensor placement for multitype sensor assignment
on highways [25]. Liu et al. examined the cost of various
upgrading paths and deployment schemes for intelligent
transportation infrastructure in two scenarios: open city
road and closed highway [27]. Therefore, researches on the
cost of intelligent transportation infrastructure and the
corresponding changes of comprehensive social costs can,
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therefore, close the current research gap in industry and
academia and assist governments and policy makers in
making decisions regarding the intelligent upgrading of
transportation infrastructure. The construction of intelligent
transportation infrastructure is frequently city-based. Cities,
especially first-tier cities, have a large car population and
road usage intensity; the deployment of intelligent in-
frastructure will generate greater social benefits and am-
ortize its costs through greater “reuse” of large-scale fleets.
With 685 million motor vehicles, Beijing ranks first among
Chinese cities [28], and it is also the most congested city in
China [29]. Intelligent transformation of transportation is
required to address the city’s safety, congestion, environ-
mental, and energy problems.

To fill the current research gap, this paper evaluates the
total cost of transportation infrastructure to achieve an
intelligent upgrade. The cost of fleet intelligence and total
social cost are compared and analyzed under two scenarios:
collaborative intelligence and vehicle intelligence. First, the
architecture of the vehicle-road cooperative intelligent
system is established as the theoretical basis. Then, the cost
evaluation model for the vehicle-road cooperative intelligent
system is designed, which includes the submodels of
roadside and vehicle side. Based on the characteristics of
various road types, the corresponding scheme of intelligent
transportation infrastructure is designed. The logic and
principles of intelligent configuration and cost transfer from
the vehicle side to the roadside under the synergy effect are
qualitatively and quantitatively described, respectively.
When combined with characteristic parameters of fleet and
road in a specific city, the model can output the compre-
hensive costs of vehicle side and roadside. This study takes
Beijing as an example. These costs include the deployment
and operational costs at roadside, as well as the acquisition
and usage costs of intelligent configurations on the vehicle
side. The corresponding results can provide some cost
references and directional recommendations for city man-
agers to help them make decisions on the deployment of
intelligent infrastructure. The cost evaluation model of
vehicle-road cooperative intelligent system designed in this
study is also applicable to other cities.

2. Cost Evaluation Model for Vehicle-Road
Collaborative Intelligent System

2.1. Architecture of Vehicle-Road Collaborative Intelligent
System. With the aid of C-V2X and 5G communication
technologies, collaborative intelligence is built on vehicle
intelligence and fully utilizes the benefits of roadside per-
ception, edge computing, cloud server, and networks.
Through the cooperative efforts of vehicle-to-vehicle (V2V)
and vehicle-to-infrastructure (V2I, mainly referring to
various types of road equipment and facilities, such as
weather detectors, state monitoring equipment, traffic
guidance, and control facilities), vehicle-to-network (V2N,
mainly referring to map platforms, traffic management
platforms, travel service platforms, etc.) and vehicle-to-
pedestrian (V2P), it can realize complex environment
perception, decision optimization, and collaborative control,
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which contributes to achieving advanced autonomous
driving ultimately.

The cloud platform, roadside infrastructure, ICVs,
communication network, and resource platform are the five
core components of the collaborative intelligent system.
Figure 1 depicts the architecture of the key connecting pieces
between each component. In this study, intelligent in-
frastructure is characterized as a combination of the cloud
platform, roadside infrastructure, communication network,
and resource platform. The communication network con-
nects various nodes of the system. The wide interconnection
and high-performance transmission can be realized through
the application of uniform standardization mechanisms.
ICVs, roadside infrastructure, and digital resource platform
are connected to the cloud platform. The cloud platform
uniformly utilizes the perception results of ICVs and
roadside infrastructure as well as data from resource plat-
forms. Through real-time hierarchical perception fusion on
the cloud of each level, it provides real-time data required for
the operation of a wide range of collaborative applications.
The overall performance of vehicle movement and traffic
operation can be optimized by constructing multiobjective
and multitask planning technology for collaborative appli-
cations. It can also optimize the allocation of system
computing resources to guarantee the safety and perfor-
mance of collaborative applications serving vehicle and
traffic optimization. The ICVs can also directly connect to
the roadside infrastructure and other ICVs, which con-
tributes to sensing, planning, and decision-making at vehicle
side. The subsequent cost evaluation methodology will be
theoretically based on this system architecture.

2.1.1. Cloud Platform. Edge, regional, and central clouds
make up the cloud platform. The regional and central clouds
typically serve the city or province and mainly run quasi-
real-time collaborative applications, such as overall traffic
guidance at the regional/city level. The edge cloud typically
serves the street or district and primarily runs real-time
collaborative applications, such as rapid multiple perception
fusion.

2.1.2. Roadside Infrastructure. It consists of different kinds
of roadside sensors, mobile edge computers (MECs),
roadside units (RSUs), intelligent signal lights, and other
traffic-control systems.

2.1.3. Communication Network. A communication network
connects various nodes of traffic participants, roadside in-
frastructure, and cloud platforms by combining wired and
wireless communication technologies on the basis of
a standardized communication mechanism. In order to
realize real-time data collection and transmission as well as
instruction update and transmission (such as real-time
acquisition of HD map information to assist vehicle posi-
tioning), the reasonably deployed 5G base stations will
provide low latency and large bandwidth communication
capability. At the same time, the direct wireless

communication between OBU and RSU can function as an
efficient addition to 5G communication, resolving the issue
of a blocked or unstable 5G signal.

2.1.4. ICVs. To improve vehicle intelligence and realize
optimized driving performance, ICVs connect to cloud
platforms, roadside infrastructure, and other ICVs, share
vehicle-side data, and use the output of intelligent in-
frastructure for assisted driving or autonomous driving.

2.1.5. Resource Platform. It consists of high definition (HD)
maps, weather data, traffic management data, and other
elements.

2.2. Model Framework. In this section, the cost evaluation
model of the vehicle-road cooperative intelligent system is
built, as shown in Figure 2. The characteristic parameters of
various road types, the population, and penetration of each
type of intelligent vehicle, the cost and energy consumption
of intelligent configurations, and intensity of usage are the
inputs. With the full deployment of the intelligent in-
frastructure, the intelligent configuration will transfer from
the vehicle side to the roadside due to the synergy effect. In
the model, an optimized vehicle-road cooperative system
scheme is designed, which includes the intelligent schemes
of vehicle side and roadside. The final output is the de-
ployment and operational costs of the intelligent trans-
portation infrastructure and the acquisition and usage costs
of fleet intellectualization. The specific cost evaluation
submodels of intelligent transportation infrastructure and
fleet intellectualization are described in Sections 2.2.1 and
2.2.2, respectively.

221. The Cost Evaluation Submodel of Intelligent
Infrastructure. The cost evaluation submodel for intelligent
infrastructure has been designed, as shown in Figure 3. The
model considers urban expressways, urban main roads,
urban secondary roads, motorways, class-1 highways, class-2
highways, and class-3 highways, a total of seven different
road types. Additionally, urban large intersections, urban
small intersections, suburban large intersections, and sub-
urban small intersections were also identified. Different road
types and intersection types possess distinct characteristics
and demands for roadside intelligent configurations. For
instance, highways are closed roads with relatively simple
road scenarios, in contrast to urban main roads or secondary
roads, which are open roads that present more complex
scenarios. Corresponding roadside intelligence schemes
have been developed for each road type and intersection
type, taking into account the design service capacity of the
roads as well as the complexity of road scenarios. These
schemes encompass specific sensing, communication, and
computing schemes, as detailed in Tables 1 and 2. The
roadside intelligent configurations involved are 5G macro
stations, 5G micro stations, RSUs, vision sensors,
millimeter-wave radar, LIDAR, edge cloud servers, central
cloud servers, intelligent signal machines, timing servers,
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FIGURE 1: Architecture of vehicle-road collaborative intelligent system.
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FIGURE 2: Cost evaluation model of vehicle-road cooperative intelligent system.

and auxiliary equipment such as brackets and power dis-
tribution equipment.

(1) Data. In Table 3, we present the cost, power, and per-
formance parameters for roadside intelligent configurations.
Our group has established the cost database of these facilities
[27, 30]. Currently available or upcoming transportation
infrastructure with satisfying performance is selected. De-
tailed functional parameters and associated costs can be
sourced from manufacturers’ websites, product manuals, or
research reports.

In developing the deployment logic for intelligent de-
vices within the cost evaluation submodel of intelligent

transportation infrastructure, factors such as average traffic
flow and the complexity of road scenes were taken into
consideration. We also reviewed several related studies
[20-27] to determine the deployment density of roadside
intelligent configurations for each road type and each in-
tersection type in the city, as displayed in Tables 1 and 2,
separately. Detailed explanations of the corresponding in-
telligent infrastructure solutions can be found in the
Appendix.

(2) Communication Infrastructure. The construction level of
the current communication infrastructure varies between
urban and suburban roads. In Beijing, urban roads have
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FIGURE 3: Cost evaluation submodel of intelligent transportation infrastructure.

largely achieved 5G signal coverage. To enhance the 5G
network’s coverage and accessibility, 5G micro base stations
need to be paired in urban expressways, urban main roads,
and urban secondary roads. On the other hand, motorways
and highways, which serve as transportation arteries con-
necting the city’s core regions, are often situated in areas
with fewer economic activities and lower population den-
sities. For these roads, it is essential to deploy both 5G macro
and micro base stations to guarantee the 5G network’s
coverage and accessibility. The intersection deployment
schemes adhere to this same design rationale.

(3) Roadside Perception. The solution primarily considers the
average traffic flow and the complexity of scenes across
varjous road and intersection types. Urban main and sec-
ondary roads have complex environments due to heavy
traffic and a mix of participants, especially during peak
hours. Given the sensing range limitations of roadside
sensors, it is crucial to integrate a denser array of cameras,
millimeter-wave radars, and Lidars to minimize blind spots.
On the other hand, motorways and urban expressways are
more controlled environments with simpler scenarios and
singular traffic participants. This allows for a reduced de-
ployment density of roadside sensing devices. The percep-
tion scheme at intersections largely depends on their size,
with larger intersections equipped with more sensing
equipment to ensure complete coverage.

(4) Roadside Computing Platform. The approach for roadside
computing is chiefly influenced by the average traffic vol-
ume. Urban expressways, main roads, and motorways ex-
perience higher traffic volumes and, therefore, demand more
robust roadside computation. In these areas, the edge
computing unit is tasked with serving a larger number of

ICVs at each time step. The deployment logic for roadside
computing at different intersections adheres to this same
design rationale.

(5) The Deployment Cost of Intelligent Infrastructure. The
deployment cost of roadside intelligent solutions corre-
sponding to each road type is calculated, using the cost of
roadside intelligent configuration, as shown in the following
equation:

i=10
Cost, geploy = Z Density, ; X cost;, (1)

i=1
where Cost, gepioy is the deployment cost of intelligent in-

frastructure for per mile road type r,r = 1, 2, 3,...11 represents
road types and intersections types mentioned above, cost; is the
cost of roadside intelligent configuration i, i =1, 2, 3,...10
represents roadside intelligent configuration introduced before,
and Density, ; is the deployment density of roadside intelligent
configuration i for per mile road type r.

(6) The Operational Cost of Intelligent Infrastructure. The
operational cost of roadside intelligent scheme corre-
sponding to each road type is calculated, which consist of
energy consumption cost and maintenance cost, as shown in
the following equation:

i=10

= Z Density, ; x (ecr; x f; + maintain;),
i1

Cost

r,operating

(2)

where Cost, yperaing i the operational cost of intelligent
transportation infrastructure for one kilometer of road type
r; ecr;, 3;, and maintain, are the power, usage characteristics,
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TaBLE 2: Roadside intelligence schemes of various intersection types.

Deployment density (unit) Urban large intersection Urban small intersection Suburb large intersection Suburb small intersection

5G macro site 0
5G micro site 4
RSU 1
Camera

Millimeter-wave radar
LiDAR

Intelligent signal machine
Edge computing server

—_ =
[e) W

Lo )

0

N B N 00 0

1 1
4 1
1 1
16 8
16 8
8 4
4 4
2 1

and maintenance costs of roadside intelligent configuration
i, respectively. The usage characteristics f3; of all roadside
intelligent configurations i take the value of 1, which means
all facilities are in an open status throughout the day, to
satisty the security requirements of high-level autonomous
driving. In the future, as technology advances, the equip-
ment can adjust power in real-time based on changes in
traffic flow to minimize energy consumption. And the usage
characteristics f; can be further optimized in the follow-up
study. Considering the service life of facilities is around
10-15years [30], maintain; takes the value of 0.1 of the
deployment cost cost;.

The total cost of the roadside intelligence solution
matching the road type r consists of the deployment and the
operational cost as shown in equation (3). It serves as the
basis for the subsequent calculation of the city’s total cost to
implement the intelligent upgrades of its transportation
infrastructure.

+ Cost

(3)

where Cost, is the total cost of intelligent infrastructure for
one kilometer of road type r.

Cost, = Cost

r,deploy 7,0perating>

(7) The Acquisition and Renewal Cost of HD Map. HD maps
serve as a crucial infrastructure for deploying intelligent
vehicles, aiding in vehicle localization and path planning.
The methods for collecting HD map data fall into two
categories: professional equipment collection and crowd-
sourcing. Professional equipment collection involves using
mapping vehicles fitted with specialized tools, including
LIDAR, panoramic cameras, and high-precision inertial
navigation systems. While this method offers superior map
accuracy and reliability, it tends to be more costly and less
efficient. On the other hand, crowdsourcing leverages

Cost,,,, = Cost

Cost = UnitCost

‘map,acquisition

Cost UnitCost

‘map,renewal —

(8) The Characteristic Data of Various Roads in Beijing. The
characteristic data of various roads in Beijing is crucial for
transitioning from individual road intelligent deployment

‘map,acquisition

map,renewal

‘map,acquisition

affordable sensors in the existing intelligent vehicle fleet.
These vehicles gather a vast amount of road data during their
daily routes and incorporate it into HD maps. This method
boasts real-time data updates, a wealth of data sources, and
cost-effectiveness. However, its accuracy and reliability
might not meet the standards necessary for advanced au-
tonomous driving.

Currently, HD map construction primarily uses a blend
of professional equipment acquisition and a crowdsourcing
renewal approach. In scenarios involving vehicle in-
telligence, HD maps can only be refreshed through
“crowdsourcing collection” carried out by the intelligent
vehicle fleet.

Leveraging vehicle-road cooperative perception, the
crowdsourcing renewal process for HD maps achieves both
high accuracy and reliability. This is achieved by pairing it
with fixed-point observations made by roadside perception
equipment, allowing for updates within minutes. This ap-
proach not only shrinks the size of the required fleet but also
addresses prevalent challenges in the HD map industry, such
as maintaining map freshness and high costs. By referring to
relevant reports and literature, combined with expert in-
terviews, the integration of intelligent infrastructure will cut
the renewal costs of HD maps down to one-seventh in
vehicle intelligence scenario [31-34]. Table 4 presents the
unit costs associated with HD map and their corresponding
data sources.

The costs of HD map are calculated, which consist of
acquisition cost and renewal cost, as shown in equations
(4)-(6). The acquisition cost for an HD map is influenced by
its per-unit price and the length of roads, whether in a city or
broader country context. Additionally, the renewal cost for
an HD map is contingent upon its renewal frequency.

+ COStmap,renewal’ (4)
+ road_mileage, (5)
| * road_mileage * Renewal_Cycle. (6)

schemes to the comprehensive cost of intelligent trans-
portation infrastructure at the city level. Several factors
influence the size of the road network. Beyond city



Journal of Advanced Transportation

00002 (%) 180D s310dax yoressar 0} Jurrrdjer ‘voneurtojul onpoid oywads oN  juswdmbe wonnqisip 1omod pue juswdmbe 1orrren SOLIBI[IXNY
01 (sd01./%) 150D
sy10dax yoIeasar o) Junisjar ‘uoryewriojur pnpoid ogmads o 191u90 Sunndwod pno
<0 (SAOL/M) 1oMOd q LLIo I Jut 1/np g1 N I pPnop
0T (sdOL/%) 150D Sunndwos spispeoy
ToArds Sunndwod 28
I (SdOL/M) 1oM0d OHIN DNVIIVH I P
00007 (%) 350D T0TEDS SUISTH auryoew [eusls JudSIPRIU]
0529 (%) 180D
0¥ (M) 1M04 8CILV IVSdH qvari
70 (uny) snipex aderanon
0¥6 (%) 380D
4l (M) Tomog ZHO £/ 12-80% SYV IU2Unuon) Jepel dABM-IdJWI[[IA SIOSUIS IPISPeOy
70 (uny) snipex a8e1aa0D)
066 (%) 350D
0¢ (M) 1oM0g A T-SABLB0LPA DNVIIVH I0suos UOISTA
70 (uny) 98e1080D
0000S (%) 380D
01 (M) Tomog NSY-00ICTALA WO393L, ODNV.LVA nsAa
S0 (uny) sniper a8er1aa0D)
0000€ (%) 350D
001 (M) 1omog
001 (sdqIN) oyex uorsstwsuely, ans dwre] og [AIMVNH NS ODI OG UOTIETUNWUIO))
10 (uny) snipex aderoao)
000052 (%) 180D
00S€ (M) 19mog
001 (sdqUy)) 2181 woTSSTISURA], 006sNdd IAMVNH 9IS oldew HG
sT0 (uny) snipex 93e1oa0)
anye (31un) 3503 10 Jpow 1dNpoI Ayoe UOI1BDIJISSE
[EA oUBULIOJDg [°P Jonpolid e edyIsse[

"suoneInSyuod JUISI[IUT SPISPLOI JO §1S00 pue s1djourered sOUBWIIONS ¢ ITAV],



Journal of Advanced Transportation

TaBLE 4: The acquisition and renewal cost of HD map.

Classification

Unit cost (¥) Source

Map acquisition cost-professional equipment collection
Map acquisition cost-crowdsourcing collection

Map renewal cost-crowdsourcing collection (vehicle intelligence scenario)
Map renewal cost-crowdsourcing collection (vehicle-road cooperative scenario)

31142/km DeepMap [31]
11.61/km Mapper.ai [32]
0.077/km 1v15 [33]
0.011/km [33, 34]

management’s planning and transportation infrastructure
policies, the level of intelligence in both vehicles and trans-
portation infrastructure impacts road capacity. Consequently,
a city with higher urban travel demands might be adequately
served by a consistently sized or even smaller road network. It is
important to note that our study does not account for future
variations in the size of Beijing’s road network. The distance of
each road type is obtained from “Beijing Transport Develop-
ment Annual Report (2021),” as indicated in Table 5 [35].
Owing to the absence of specific statistical data for different
types of intersections in Beijing, we estimate the ratio of urban
large intersections, urban small intersections, suburban large
intersections, and suburban small intersections to be 10:7:14:
81. This estimation is based on the quantitative distribution of
diverse road types. By integrating the characteristic data of
Beijing’s roads, the overall costs of intelligent transportation
infrastructure can be determined using the cost-evaluation
submodel designed for intelligent transportation infrastructure.

22.2. 'The Cost Evaluation Submodel of Fleet
Intellectualization. In this section, the cost evaluation
submodel of fleet intellectualization is constructed, as shown
in Figure 4. By identifying the vehicle-side intelligent scheme
under the scenarios of vehicle intelligence and collaborative
intelligence, the corresponding acquisition cost and usage
cost are calculated. Factoring in the population and adoption
rate of each type of intelligent vehicle in Beijing, the total
cost of fleet intellectualization under these two scenarios is
derived.

(1) The Substitution of Vehicle Perception under the Synergy
Effect [36, 37]. High-dimensional perception from the
roadside can provide a more encompassing view of the road,
surpassing the perspective of individual vehicles, thus aiding
advanced autonomous driving. It can also better satisfy the
perception requirements for vehicle in terms of accuracy,
time delay, and reliability. Furthermore, such high-
dimensional perception from the roadside can take the
place of redundant vehicle perception and serve as a backup
to basic perception. Consequently, this results in a signifi-
cant reduction in both acquisition and operational costs
associated with the vehicle-side perception scheme.

(2) The Substitution of Vehicle Computing under the Synergy
Effect [38, 39]. Roadside computing devices offer easy de-
ployment and scheduling capabilities. Leveraging the
abundant computing resources available roadside allows for
effective sharing of computing power among vehicles, en-
suring equitable distribution and optimal balancing of
computational power across the system. On the other hand,

TaBLE 5: The characteristic data of various road types in Beijing.

Classification Value Source
Motorway-distance (km) 1173.3

Class-1 highway-distance (km) 1368.7

Class-2 highway-distance (km) 3995.8

Class-3 highway-distance (km) 4118.7 [35]
Urban expressway-distance (km) 390

Urban main road-distance (km) 1020

Urban secondary road-distance (km) 682

Amount of intersections (unit) 9600

in-vehicle computing devices have their limitations. They
cannot be scaled up when faced with increased computa-
tional needs and cannot be downsized or reallocated when
idle. Presently, many vehicles come pre-equipped with
a large computing platform to accommodate potential future
functionalities and software updates. This often leads to an
unnecessary wastage of resources and consequently in-
creased costs for the user.

(3) Data. Table 6 details the power and cost associated with
intelligence configurations on the vehicle side. It outlines the
primary, intermediate, and advanced intelligence schemes
under the vehicle intelligence scenario as well as the ad-
vanced intelligence scheme for the collaborative intelligence
scenario.

The current intelligence schemes of vehicles demonstrate
greater differentiation due to the varying technical routes
and capability levels of various companies. With reference to
the primary, intermediate, and advanced intelligence
scheme commonly adopted in the industry, as well as several
published works [40, 41], typical vehicle intelligence schemes
are presented, as shown in Table 6.

In the vehicle intelligence scenario, a higher level of
intelligence in AVs necessitates the inclusion of more
sensors to enhance sensing capability, additional computing
units to increase computing power, and the use of de-
pendable, low-latency actuators such as steering and brak-
ing. In the collaborative intelligence scenario, ICVs can
interact with the intelligent transportation infrastructure in
real-time via high-performance communication modules.
This interaction allows them to access more comprehensive
environmental information and reduces the demand for
extensive perception and computing configurations within
the vehicle itself. Simultaneously, roadside fusion perception
and positioning information are correlated with the dynamic
and static features of the vehicle. This correlation enables the
acquisition of real-time and high-precision location in-
formation for vehicles, reducing the need for automatic
positioning equipment on the vehicle side. On roads with
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fully deployed intelligent transportation infrastructure, ICV's
can achieve advanced autonomous driving [34, 42], as
previously described. Furthermore, due to their basic per-
ception and computing configurations, ICVs can still
achieve primary autonomous driving, even on roads without
intelligent infrastructure coverage [34].

The expansion from intelligent vehicle schemes to fleet
expenses at the city level depends on the characteristic data
of fleet in Beijing, as illustrated in Table 7. The average use
intensity of the fleet is influenced and constrained by many
factors, including road mileage, road capacity, traffic re-
striction policies, convenience of other transportation
modes, and epidemics. Changes in average utilization in-
tensity in the future are not considered in our study. The
average annual mileage and driving time are based on data in
2019 to exclude the impact of the epidemic.

(4) The Vehicle Sales and Market Penetration Data in Beijing.
The quantity of intelligent vehicles in the future are calcu-
lated using the sales forecast data in Beijing and the survival
law of vehicle, as shown in equation (7). The forecasted auto
market sales in Beijing are primarily based on predictions by
industry experts. The forecasted penetration rates of in-
telligent vehicles in Beijing are referenced from the “In-
telligent Connected Vehicle Technology Roadmap 2.0” [45].

)
VS,, = D Sales;xPR, xSR, )
j=y-1

where VS, , are the vehicle stocks of v type vehicles in the
year y; v=0, 1, 2, 3, 4 represent traditional vehicles, pri-
mary AVs, intermediate AVs, and advanced AVs and ICVs;
is the lifespan of the vehicle; Sales; are the vehicle sales of
Beijing in the year j; PR, , is the penetration rate of v type of
vehicle in the vehicle sales in the year y; and SR,_; is the

survival rate of the vehicle in the (y — j) th year (%).

In order to compare the two scenarios under the same
baseline, the forecasted penetration rates of intelligent ve-
hicles in Beijing, whether it is under the vehicle intelligence
scenario or the collaborative intelligence scenario, are based
on the “Intelligent Connected Vehicle Technology Roadmap
2.0.” It is assumed that users in both scenarios have the same
willingness to purchase intelligent vehicles and will use them
with the same intensity.

(5) The Cumulative Acquisition Cost of Fleet Intellectu-
alization in Beijing. The annual acquisition costs of fleet
intellectualization are calculated using equation (8), and
the cumulative acquisition cost in Beijing from 2023 to
2050 is determined using equation (9). These calculations
take into account the anticipated cost reductions asso-
ciated with various intelligent configurations in the
future.

5=20 J
cost, ; = Z &, XCOSty53 ¢ X H Bk | (8)
s=1 k=2023
$=2050 y=4
Costgeetacquisition = Z Z Sales; x PR, ; x cost,, , 9)
j=2023 v=1

where a, is the intelligent scheme vector of the v type vehicle,
B, i is the cost reduction ratio of intelligent configuration s in
the year k, and cost, ; is the acquisition cost of intelligent
configurations for the v type vehicle in the year j.

Intelligent configurations are at various stages of tech-
nological development and scale in different periods,
resulting in different cost reduction ratios and unit costs. The
average market price of these configurations in 2023 is used
as the benchmark. Table 8 displays the cost reduction ratios
for various intelligent configurations across different time
periods.
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TaBLE 7: The characteristic data of fleet in Beijing.

Classification Value Source

Vehicle lifespan (year) 15 [43]

Vehicle quantity (million) 6.85 [44]

Average annual distance traveled (thousand kilometer/vehicle/year) 12.168 [35]

Average annual driving time (h/vehicle/year) 488.675

TaBLE 8: The cost reduction ratio of various intelligent configurations.

- o Cost (¥) Box 2023-2030 B, 2031-2040 B.. 2041-2050
Facility Classification 2023 (%) (%) (%)
Communication module 4G-LTE 140 2 2 !

5G-V2X OBU 5250 5 3 1

2-megapixel 220 2 2 1

Camera 8-megapixel 625 2 2 1
12-megapixel 990 2 2 1

Short-focus 510 2 2 1

Millimeter-wave radar Long-focus 940 2 2 1
4D-image 2090 5 3 1

. Semisolid 6250 5 3 1
LIDAR Solid 3750 2 2 1
Submeter-class 2300 5 3 1

High-precision localization Decimeter-class 7400 5 3 1
Centimeter-class 13500 5 3 1

Low compute 2000 5 2 1

Central computing platform Middle compute 5000 5 2 1
High compute 10000 5 2 1

Steering system Electric-power-steering 1500 5 3 1
& 5y Steering-by-wire 3500 5 3 1

. Electric-power-braking 1200 5 3 1
Braking system Braking-by-wire 2500 5 3 1

(6) The Cumulative Usage Cost of Fleet Intellectualization in
Beijing. The usage cost of fleet intellectualization for the
period from 2023 to 2050 is calculated, including the
maintenance cost and energy consumption cost, as shown in
the following equation:

$=2050 y=4

Z Z VS, % (ecr, + maintain,), (10)

»=2023 v=1

COStﬂeet,usage =

where ecr, is the annual energy consumption cost of the v
type vehicle and maintain, is the annual maintenance cost of
the v type vehicle.

2.3. Scenario Design. In our study, Beijing is chosen as the
case study, and the characteristic parameters of motor ve-
hicle and various road types in Beijing are collected. Two
scenarios, vehicle intelligence and collaborative intelligence,
are selected to assess the comprehensive cost of imple-
menting advanced autonomous driving under each scenario.

3. Results and Discussions

3.1. Annual Cost under the Vehicle Intelligence Scenario
2023-2050. In the vehicle intelligence scenario, intelligent
vehicles rely solely on their own capabilities for sensing,

decision-making, and execution, without support from in-
telligent transportation infrastructure. Figure 5 illustrates
the forecasted annual incremental costs of fleet intellectu-
alization in Beijing from 2023 to 2050.

3.1.1. Acquisition Cost. As depicted in Figure 5(a), the
“climbing period” of incremental acquisition costs in fleet
intellectualization from 2025 to 2035 corresponds to the
growth of the penetration rate of intelligent vehicles in Bei-
jing. It is projected that in 2035, the annual incremental
acquisition cost of fleet intellectualization will reach ¥17.35
billion. Among these, intermediate AVs will account for
56.24% of the total acquisition cost, reaching its peak at ¥21.64
billion in 2045. The increase in the sales of intelligent vehicles
will be more than offset by the reduced costs of intelligence
due to advancements in key components and mass pro-
duction. By 2050, it is anticipated that the annual incremental
acquisition cost of fleet intellectualization will decrease to
¥20.45 billion. Advanced AVs will become the market
mainstream, constituting 93.22% of the total acquisition cost.

3.1.2. Usage Cost. As depicted in Figure 5(b), particularly
after 2025, as the population of intermediate AVs and ad-
vanced AVs increases, the inclusion of more sensing devices
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tualization. (c) Total cost-fleet intellectualization.

and additional computing power on the vehicle side will lead
to higher energy consumption and maintenance costs.
Consequently, there will be a significant increase in the
incremental usage costs of fleet intellectualization. It is
projected that, in 2035 and 2050, the annual usage cost of
fleet intellectualization will amount to ¥6.65 billion and
¥18.58 billion, respectively. Interestingly, it is worth noting
that the usage cost of fleet intellectualization in 2050 is
roughly equivalent to the acquisition cost in the same year.

Overall, the increasing trend in comprehensive costs is
evident under the vehicle intelligence scenario, as illustrated
in Figure 5(c). It is projected that the total cost of fleet
intellectualization will be ¥24.00 billion and ¥30.03 billion,
respectively, with the usage cost of fleet intellectualization
gradually representing a larger share of the total cost. Beijing
is expected to pay a cumulative cost of ¥703.00 billion from
2023 to 2050 for fleet intellectualization.

3.2. Annual Cost under the Collaborative Intelligence Scenario
2023-2050. In the collaborative intelligence scenario, it is
assumed that Beijing will complete the deployment of in-
telligent infrastructure from 2023 to 2024, thereby meeting

the technical requirements for a vehicle-road collaborative
intelligence system. The intelligent infrastructure will be put
into use from 2025 onwards. ICVs, which synergize with
intelligent transportation infrastructure, are expected to
dominate the sales of intelligent vehicles due to their su-
perior cost/performance ratio.

Under this scenario, society is responsible for covering
the energy consumption and maintenance costs of in-
telligent transportation infrastructure, in addition to the
acquisition and usage costs of fleet intellectualization. Fig-
ure 6 illustrates the annual incremental costs under the
collaborative intelligence scenario from 2023 to 2050.

3.2.1. Acquisition Cost. As shown in Figure 6(a), the
“climbing period” of incremental acquisition costs from
2023 to 2031 is also associated with the growth of the
penetration rate of intelligent vehicles in Beijing, albeit at
a much lower rate than the vehicle intelligence scenario. It is
anticipated that the annual incremental acquisition cost of
fleet intellectualization will reach its peak at ¥10.85 billion in
2032, which represents approximately 64.64% of the cost
incurred under the vehicle intelligence scenario for the same
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duration. Subsequently, the declining cost of fleet intellec-
tualization can be attributed to technological advancements
in key components and mass production. By 2050, it is
expected that the annual incremental acquisition cost of fleet
intellectualization will decrease to ¥8.55 billion, accounting
for approximately 41.79% of the cost in the vehicle in-
telligence scenario over the same period.

3.2.2. Usage Cost. Illustrated in Figure 6(b), higher in-
cremental usage costs are expected to occur from 2023 to
2045, aligning with the increasing number of ICVs. Beyond
2045, the annual usage cost of fleet intellectualization sta-
bilizes at approximately ¥7.30 billion. This represents only
about 40% of the usage cost under the vehicle intelligence
scenario during the same period.

In the collaborative intelligence scenario, the deployment
of intelligent transportation infrastructure in Beijing is
scheduled to be completed between 2023 and 2024. However,
due to the low penetration rate of ICVs in the early stages,

society will continue to bear the costs of energy consumption
and maintenance. During this period, the cost-effectiveness of
the intelligent transportation infrastructure is relatively low.
Starting in 2028, the collaborative intelligent system will have
a lower total annual cost than the vehicle intelligence scenario,
as shown in Figure 6(c). The cost-effectiveness of collaborative
intelligence will increase as the penetration of ICV's continues
to rise. A detailed comparison of the cumulative costs under
the two scenarios and the cost breakdown for intelligent
infrastructure is provided in Section 3.3.

3.3. The Comparison of Cumulative Costs in Two Scenarios
2023-2050. Based on the findings of Sections 3.1 and 3.2,
Figure 7 illustrates a comparison of the cumulative social
costs in Beijing from 2023 to 2050 under the two scenarios.

Between 2023 and 2050, the collaborative intelligence
scenario is projected to yield total savings of ¥208.34 billion
in the acquisition cost of fleet intellectualization and ¥111.16
billion in the usage cost of fleet intellectualization in Beijing
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when compared to the vehicle intelligence scenario. These
savings are primarily shouldered by users. Regarding the
cost of HD maps, the fleet scale for “crowdsourced main-
tenance” can be efficiently reduced through the vehicle-road
cooperative awareness maintenance strategy. This strategy is
expected to lower the overall renewal cost of HD maps by
approximately ¥20.08 billion. Overall, the collaborative in-
telligence scheme is anticipated to reduce the total social cost
by ¥243.18 billion from 2023 to 2050, factoring in the de-
ployment, energy consumption, and maintenance expenses
of intelligent transportation infrastructure in Beijing.

The deployment and energy consumption and mainte-
nance costs of intelligent infrastructure across various road
types in Beijing are shown in Figure 8. The total cost of
deploying intelligent transportation infrastructure in Beijing
amounts to ¥17.89 billion. Following the deployment, it
becomes essential to regularly maintain and update the
roadside sensing, communication, computing, and other
intelligent equipment to ensure their proper operation.
These operational activities also entail energy consumption
costs. It is noteworthy that the cumulative cost of energy
consumption and maintenance, which constitutes a sub-
stantial portion of the overall cost, is projected to reach
¥78.52 billion from 2025 to 2050. Figure 8 also provides
a breakdown of the components contributing to the accu-
mulated operational cost of intelligent infrastructure. The
energy consumption cost associated with communication
equipment is expected to account for approximately 68.2%
of the total roadside energy consumption cost (¥32.00 bil-
lion) between 2025 and 2050. This is primarily due to the
high energy consumption of 5G base stations deployed for
road transportation. By around 2050, the energy con-
sumption costs for roadside perception and roadside
computing will have accumulated to ¥4.63 billion and ¥5.55
billion, respectively.

Furthermore, the deployment and operation of in-
telligent transportation infrastructure will introduce more
industrial participants, benefiting a broader spectrum of
stakeholders. The 5G communication network expands the

scope of application scenarios. With the increasing pene-
tration rate of ICVs, communication carriers stand to gain
higher revenues from their users for communication ser-
vices. Building upon the foundation of vehicle-road co-
operative perception, HD map service providers can offer
more accurate and reliable updates to HD maps at a reduced
cost. Concurrently, communication carriers and HD map
service providers will actively engage in the operation of
roadside intelligent infrastructure, including 5G base sta-
tions and cloud servers. They will share the responsibilities of
maintaining and covering the energy consumption costs of
roadside equipment in use.

3.4. Sensitivity Analysis. As evident from the results
depicted in Figure 7, both the acquisition cost of fleet
intellectualization and the deployment cost of intelligent
infrastructure constitute a significant portion of the cu-
mulative cost. Consequently, we proceed to analyze the
sensitivity of costs associated with various vehicle-side and
roadside facilities.

Figure 9 illustrates the effects of +20% changes in the
costs of various facilities, compared to reference values, on
the cumulative costs in Beijing from 2023 to 2050 under the
vehicle intelligence scenario. A 20% change in the cost of
various vehicle-side facilities would result in impacts
ranging from 0.02% to 1.27% on the cumulative cost. Among
these facilities, Lidar, high-precision localization, and the
central computation platform have the most significant
impacts on the overall result. This is primarily because
advanced autonomous driving in the vehicle intelligence
scenario necessitates vehicle-side Lidar, localization, and
computation with higher performance, leading to higher
acquisition and maintenance costs.

Figure 10 illustrates the effects of + 20% changes in the
costs of various facilities, compared to reference values, on
the cumulative costs in Beijing from 2023 to 2050 under the
collaborative intelligence scenario. A 20% change in the cost
of various vehicle-side facilities would result in impacts
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ranging from 0.01% to 0.84% on the cumulative cost. No-
tably, the central computation platform and in-vehicle
communication module have the most significant impact
on the overall result. Similarly, a 20% change in the cost of

various roadside facilities would result in impacts ranging
from 0.0017% to 0.89% on the cumulative cost. Here, the 5G
macro site and RSU have the most substantial impact on the
overall result.
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4. Conclusions and Policy Suggestions

In this study, we constructed a cost evaluation model for the
vehicle-road cooperative intelligent system based on its
architecture and optimized scheme design to ensure tech-
nical feasibility. We chose Beijing as our case study to assess
the upgrade cost of intelligent transportation infrastructure
and to compare and analyze the costs of fleet intellectual-
ization and the overall cost under two scenarios: collabo-
rative intelligence and vehicle intelligence.

Our findings indicate that the deployment of intelligent
transportation infrastructure in Beijing serves multiple
purposes. It not only alleviates the current bottlenecks in the
development of advanced autonomous driving technology
but also significantly mitigates the increase in overall costs

associated with the development of advanced intelligent
vehicles. This, in turn, reduces the acquisition and usage
costs for users. Lower costs for intelligent vehicles increase
people’s willingness to invest in them. Additionally, en-
hanced intelligent functions further boost people’s purchase
willingness. Ultimately, the willingness of individuals to
acquire such vehicles determines the market penetration rate
of intelligent vehicles. Furthermore, the collaborative in-
telligence solution, by transferring the intelligent configu-
ration from the vehicle side to the roadside, achieves
a greater reuse effect, benefiting a larger number of ICVs.
This approach results in greater advantages in terms of total
social expenses. The deployment cost of intelligent trans-
portation infrastructure in Beijing, totaling ¥17.89 billion,
accounts for approximately 3.8% of the cumulative cost from
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2023 to 2050. However, it significantly reduces the com-
prehensive social cost by ¥243.18 billion, demonstrating
a high degree of cost-effectiveness. To put this in perspective,
the cost of deploying intelligent transportation in-
frastructure estimated in this study is only about 2.4% of the
total investment in transportation infrastructure projects in
Beijing for the period 2016-2020, which amounted to ap-
proximately ¥750.5 billion [46]. Furthermore, the operation
of intelligent infrastructure can be shared by communication
carriers, HD map service providers, and other industry
participants, making it a realistic possibility.

The deployment of intelligent transportation in-
frastructure can not only support autonomous driving but
also contribute to intelligent transportation, urban man-
agement, and other aspects of the development of smart
cities. Greater benefits to society will be achieved in contrast
to the vehicle intelligence scenario, in terms of traffic safety,
efficiency, energy conservation, and environmental pro-
tection. As for road safety, vehicle intelligence can prevent
60% of traffic accidents, while V2X can cut traffic accidents
by 81%, according to the U.S. Department of Trans-
portation’s review of 6 million vehicle accidents [47]. In term
of traffic efficiency, telematics technology can increase road
efficiency by 10%, lowering the costs associated with con-
gestion, including time costs, carbon emission costs, and
environmental management costs [48]. As a result, collab-
orative intelligence is a better solution from both the per-
spective of comprehensive social costs and public benefits.

The deployment of intelligent transportation in-
frastructure offers benefits that extend beyond supporting
autonomous driving. It contributes significantly to various
aspects of smart city development, including intelligent
transportation and urban management. The collaborative
intelligent system provides greater societal benefits in terms
of traffic safety, efficiency, energy conservation, and envi-
ronmental protection. In the context of road safety, vehicle
intelligence can prevent 60% of traffic accidents, while V2X
communication can reduce traffic accidents by 81%, as re-
ported by the U.S. Department of Transportation’s analysis
of 6 million vehicle accidents [47]. In terms of traffic effi-
ciency, telematics technology has the potential to increase
road efficiency by 10%, thereby reducing the costs associated
with congestion. These costs encompass various factors such
as time costs, carbon emission costs, and environmental
management costs [48]. Ultimately, collaborative in-
telligence emerges as the superior solution from both the
perspective of comprehensive social costs and the broader
public benefits it offers.

4.1. Government Initiatives. Aligning with national top-level
planning, the government should prioritize the development
of standardized systems, accelerate the deployment of
C-V2X network environments, promote demonstrations of
vehicle-road coordination applications, and prepare for the
standardization and large-scale deployment of intelligent
transportation infrastructure. Government funding for road
intelligence construction should be a shared effort with
enterprises, ultimately reducing the total cost of ownership
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for users. This support is critical for the industry to address
technical challenges and facilitate commercialization.

4.2.  Industry-Level Engagement. Industry participants
should each leverage their strengths in the field of vehicle-
road collaboration based on their core competencies. In-
ternet technology companies, with their extensive experi-
ence in large data and collaborative software algorithms for
autonomous driving, can play a vital role. Upstream in-
telligent component firms should drive product imple-
mentation through technological innovation, developing
new sensing, location, and computing devices tailored to
both vehicles and roadside infrastructure. Communication
carriers should collaborate with the government to construct
urban network environments with advanced networking
technology, expanding the application scenarios and busi-
ness models of 5G-V2X. Meanwhile, vehicle manufacturers
should actively pursue multiparty cooperation to integrate
technology, build vehicle networking systems, and offer the
market ICVs with cost-effective solutions and superior
functional performance.

In summary, it is imperative for all stakeholders to
collaborate and share resources, leveraging their existing
technical capabilities. Active participation in the construc-
tion of the industry ecosystem is essential, along with the
acceleration of a comprehensive industrial system. Through
these efforts, we can ultimately achieve advanced automa-
tion that delivers substantial social benefits while main-
taining a lower overall cost to society.

This study has several limitations. While collaborative
intelligence has emerged as the preferred option for ad-
vancing autonomous driving, it has also raised a set of
intriguing questions that warrant further investigation. In
our study, both the vehicle intelligence and collaborative
intelligence scenarios were based on the forecasted pene-
tration rates of autonomous vehicles outlined in the “In-
telligent Connected Vehicle Technology Roadmap 2.0.”
However, we did not account for the potential increase in
penetration rates under the collaborative intelligence
scenario, attributed to the enhanced value of vehicles
stemming from lower costs associated with high-level
autonomous driving functions. It is crucial to recognize
that people’s willingness to purchase intelligent vehicles is
influenced by a multitude of factors, including additional
costs, socio-economic conditions, technological maturity,
consumer perceptions of utility, and more. Ultimately, the
market penetration rate of intelligent vehicles hinges on
these considerations. Even without considering the vari-
ations in features and performance offered by intelligent
vehicles, establishing clear and articulable correlations
between the acquisition and usage costs of vehicle-side
intelligent configurations and people’s willingness to adopt
them remains challenging. In future research, we intend to
explore methods to quantify the correlation between ve-
hicle intellectualization costs and the penetration rates of
intelligent vehicles. Furthermore, this study exclusively
delved into the comprehensive costs of implementing
collaborative intelligence in Beijing to support advanced
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autonomous driving. However, as previously mentioned,
collaborative intelligent solutions have the potential to
generate substantial public benefits in areas such as safety,
traffic management, and environmental impact. Quanti-
fying these benefits will be a valuable aspect of our future
research efforts.

Appendix

Based on the scene characteristics of different road types,
considering the coverage requirements of high-level in-
telligent driving on roadside sensing, communication and
computing, combining the capabilities, and performance of
different intelligent devices, the corresponding intelligent
infrastructure solutions are determined, which are explained
in detail in this section. They are also verified through the
related literature and industrial practice.

A. The Deployment Scheme of Intelligent
Devices for Motorway

Motorway, as a typical closed road, generally consists of 6-8
lanes in both directions and the width will reach 40 meters or
more considering two emergency lanes in both directions.
The opposite lanes are often divided by a greenbelt as the
separation zone. The design service capacity of motorway is
relatively high. But the scene is relatively simple, with single
traffic participant.

It is necessary to deploy the pole frame and other
auxiliary equipment at the greenbelt, as well as the center of
the highway, carrying two sets of intelligent devices for both
directions to obtain the best observation view and the largest
effective coverage area. This scheme for motorway can re-
duce the deployment cost and solve the problem of sensing
blind areas caused by the greenbelt blockage, as shown in
Figure 11.

The scene characteristics of urban expressway are similar
to those of motorway. Combining the corresponding design
service capacity and scene complexity factors, the de-
ployment scheme and density of sensing, communication,
and computing devices on urban expressway are determined
accordingly.

B. The Deployment Scheme of Intelligent
Devices for Urban Main Road

Urban main road, as a typical open road, generally consists
of 6-10 lanes in both directions. The width will reach more
than 40 meters, considering two nonmotorized vehicle lanes
in both directions. The traffic scene is complex, including
motor vehicles, nonmotorized vehicles, pedestrians, and
other traffic participants. Meanwhile, the urban main road is
with heavy traffic flow and serious obscuration between
various traffic participants.

It is demanded to deploy intelligent devices alternately
on both sides of the road, through multiview perception to
solve blind areas problem caused by obscuration. More
intensive edge computing server will be paired to better cope
with the complex scenes of wurban main road.
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Simultaneously, more roadside units and pole frame and
other auxiliary equipment are also required in the roadside
intelligence schemes of urban main road, as shown in
Figure 12.

The scene characteristics of urban secondary road, class-
1 highway, class-2 highway, and class-3 highway, are similar
to those of urban main road. Combining the corresponding
design service capacity and scene complexity factors, the
deployment scheme and density of sensing, communication,
and computing devices on urban secondary road, class-1
highway, class-2 highway, and class-3 highway are de-
termined accordingly.

C. The Deployment Scheme of Intelligent
Devices for Various Intersection Types

The roadside intelligent equipment at urban large in-
tersections is arranged in each of the four corners and needs
to be matched with larger scale sensing, communication, and
computing equipment to achieve intersection coverage. On
the basis of ensuring regional coverage, the equipment at
urban small intersections is arranged diagonally to reduce
the cost and difficulty of deployment, which is shown in
Figure 13.
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