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Abstract
It is inevitable that Connected and Autonomous Vehicles (CAVs) will be a
major focus of transportation and the automotive industry with increased use
in future traffic system analysis. Numerous studies have focused on the evaluation and potential development of CAVs technology; however, pedestrians
and bicyclists, as two essential and important modes of the road users have
seen little to no coverage. In response to the need for analyzing the impact of
CAVs on non-motorized transportation, this paper develops a new model for
the evaluation of the Level of Service (LOS) for pedestrians in a CAVs environment based on the Highway Capacity Manual (HCM). The HCM provides
a methodology to assess the level of service for pedestrians and bicyclists on
various types of intersections in urban areas. Five scenarios were created for
simulation via VISSIM (a software) that corresponds to the different proportions of the CAVs and different signal systems in a typical traffic environment. Alternatively, the Surrogate Safety Assessment Model (SSAM) was selected for analyzing the safety performance of the five scenarios. Through
computing and analyzing the results of simulation and SSAM, the latter portion of this paper focuses on the development of a new model for evaluating
pedestrian LOS in urban areas which are based upon HCM standards which
are suitable for CAVs environments. The results of this study are intended to
inform the future efforts of engineers and/or policymakers and to provide
them with a tool to conduct a comparison of capacity and LOS related to the
impact of CAVs on pedestrians during the process of a transportation system
transition to CAVs.
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1. Introduction
Given the advancement of sensor technologies, information technologies, and
vehicle control technologies; the automation of control of vehicles has attracted
much attention. The connected and autonomous technologies have become an
essential part of tackling critical traffic safety, efficiency and convenience issues.
Major car companies, internet companies, universities and research institutes
have successively launched prototype or concept models of CAVs. Governments
are also promoting autonomous technologies. The emergence of CAVs also
promoted discussion of coexistence issues with other road users: conventional
vehicles and non-motorized traffic [1] [2] [3] [4] [5]. It has been determined that
barriers exist in applying the intelligent driving technologies to the development
and implementation of CAVs, especially for mixed traffic environments where
pedestrians, bicyclists, manual driving cars are present. Although the use of
CAV has tremendous potential to improve vehicle safety, congestion, travel
costs, and freight movement; there are tradeoffs to be considered in safety cost,
liability, insurance and policy. A literature search conducted recently shows 432
United States and international articles related to autonomous vehicle issues
which identified fewer than 20 that discussed pedestrian or bicycle topics, either
briefly or in depth [2]. The impact of CAVs on non-motorized transportation,
especially for bicycles and pedestrians, is an important area of future study and
analysis. The work of this paper will focus on pedestrians. Further; as we consider the forward design and evolution of mixed traffic environments, it is essential to consider, in a seamless way, the needs of all of road users [6] [7] [8].
Current research tends to be limited to the study of the impact of CAVs on facilities and safety aspects in a very general way. Additional work is needed to
analyze these effects to better determine the influence of CAVs on pedestrians.
Further, in the life cycle of technology development there is an adaptation phase
between market entry and potential societal integration which should not be minimized. This is especially true of CAV technology development which has the
potential to completely change the way people travel. The intended contribution
of this paper is to develop a new model to evaluate the LOS related to the impact
of CAVs on pedestrians within the context of the process of adaptation.
Four distinct parts are included in this study. The first part contains a discussion of HCM which describes the LOS evaluation methods of pedestrians on
signalized intersections in urban areas. The second part investigates the five
scenarios development in VISSIM (a microscope multi-modal traffic flow simulation software) that corresponds to different ratios of CAVs in the transportation system (0%, 25%, 50%, 75%, and 100%). The third part introduces the
SSAM software and uses this software to perform safety analysis on the simulation results from VISSIM. The fourth part establishes a model to evaluate the
pedestrian LOS (PLOS), which is suitable for the road network in a CAVs environment.
DOI: 10.4236/jtts.2019.94026
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1.1. Background
Many private and not-for-profit research and development (R & D) environments have successively launched prototype or concept models of CAVs. Governments are also promoting autonomous technologies. In this section, this paper will present various factors that characterize CAV technology and allow for
comparison across a varied technological industry.
1.1.1. Current Advances Related to CAVs
The automation grades of CAVsare divided into six levels: level 0 to level5. Table 1 shows the definition of these six levels [2].
Many CAV R & D entities devote much of their energy on designing more
powerful sensors and writing more intelligent decision algorithms. At present,
semi-autonomous driving systems are installed in Daimler Mercedes-Benz
S-Class and E-Class sedans; where, Daimler Benz self-driving trucks began testing on the highway in 2015. Further, this company plans to make autopilot
trucks for the road in by 2020. The automated level of new Audi A8 is in Level 3,
which is also the highest level of automated driving that can be achieved in all
the vehicles with the potential for mass production. With this said, efforts at
Waymo, Uber, and Baidu engage in research with Level 4 autonomous driving
technology. The spatial perception strategy used by these organizations is Laser-based; where, vision, other sensors and high-precision electronic maps, with
redundant functions, integrate seamlessly into vehicle dynamic control. Laser
radar, which provides exceptionally high precision and robust sensing information, makes it possible for CAVs to handle extreme conditions. Recently, Waymo brought the self-service to the public via smartphone. This smartphone app
provides the online CAVs-hailing service in the Metro Phoenix area.
There is a difference between the way that connected and autonomous vehicles run on various classes of roads. Because of the single environment, connected and autonomous vehicles on highways typically have lower technical requirements than on urban roadways. The platoon is one of the most critical
concepts in CAVs. It can significantly expand the advantages of CAVs. Platooning
Table 1. The automated level of CAVs.
Level 0

DOI: 10.4236/jtts.2019.94026

No automation

Level 1

Automated systems can sometimes assist the human in some parts
of the driving task

Level 2

Partially automated systems can conduct some driving tasks
while human monitors and performs other driving tasks

Level 3

Conditionally automated systems can conduct some driving tasks in some
conditions, but the human driver must be ready to take back control

Level 4

Highly automated can conduct all driving tasks in some conditions
without human control

Level 5

Fully automated systems can perform all driving tasks, under all conditions
in which human could drive
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is a concept of autonomously controlling an entire fleet of vehicles; where, acceleration, braking and steering are managed while optimizing fuel efficiency and
safety. At the same time, several difficulties are in the application of CAVs on
urban roads, especially in dealing with the relationship between people and vehicles.
1.1.2. Issues Related to CAVs
In recent decades, CAVs have achieved important breakthroughs in all dimensions. In concert with these advances, new issues and problems have emerged. In
particular, the occurrence of multiple accidents involving CAVs has caused
more thoughtful and objective discussions about the impact of CAVs. This section describes the challenges and obstacles faced by CAVs from six factors:
technologies, safety issues, regulation and policy, privacy and cyber-security, and
liability.
CAVs related technologies can be divided into the following parts: sensors,
sensor fusion localization, motion planning and decision making. Sensor devices
provide a foundation for the safe operation of CAVs. Several recent accidents
that occurred in the US and China are listed in Table 2. This table only contains
accidents which caused deaths. The cause of these accidents is largely related to
the technical and design flaws.
At present, the United States, Germany, and other governments have already
admitted the legal status of CAVs and allowed CAVs test in the existed transportation system by standardizing the road test [12]. The innovation of regulation and policy has great significance on the development of CAVs. The most
significant information security risk for CAVs is the threat of hackers and
third-party control of cars. Currently, there are no laws governing CAV security
and privacy issues at the state level [13] [14]. However, from the federal level,
related laws have been proposed in July 2015 [15]. This legislation allows inter-departmental investigation of the automotive network security problem. This
is also the impetus used by the National Highway Traffic System Administration
(NHTSA) for formulating and publishing the relevant regulations.
Table 2. The list of CAVs fatalities.
Data

Country

State

Automation
Level

System
Manufacturer

Vehicle
Type

Notes

01/20/2016

China

Hebei

L2

Tesla

Model S

Driver
fatalitya

05/07/2016

USA

Florida

L3

Tesla

Model S

Driver
fatalitya

03/18/2018

USA

Arizona

L4

Uber

Refitted
Volvo

Pedestrian
fatalityb

03/23/2018

USA

California

L3

Tesla

Model X

Driver
fatalityc

[9], b[10], c[11].

a
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At this point, automatic driving technologies do not have the benefit of a legal
construct that fully articulates the responsibility for motor vehicle traffic accidents. This legal quagmire is perhaps the largest obstacle impeding the further
adoption of these technologies. It is imperative that new methods to clarify the
legal liability of automatic driving by legislation be determined as quickly as
possible to ease the adoption of these new and innovative technologies. Of note,
is a trend where, as the role of the drivers shift in the automated driving system,
the legal position for liability of traffic accidents is transferred from drivers to
manufacturers, software designers, and other actors involved in design and
production. Therefore, all countries require the automatic driving system to install a “black box” to record data, to identify the cause of the accidents and clarify the responsibilities of all parties [16].
At present, most countries stipulate a compulsory insurance system for road
tests for self-driving cars. The commercialization of CAVs must have risk-controlled
technology, which includes the participation of insurance companies. From the
perspective of risk control expertise, insurance companies are willing to underwrite and make CAVs officially commercialized. The insurance company gives
clear parameters that indicate that the risk of CAVs commercialization is under
control. As long as there is a risk of safety, it still needs to be supported by the
insurance industry.

1.2. Methods of PLOS Evaluation
Level of Service (LOS) is a quantitative assessment approach for measuring the
performance of traffic modes and facilities [17] [18] [19] [20]. For the evaluation
of PLOS, the earlier approaches depend on the LOS of vehicles [21]. The later
research paid more attention to pedestrian safety, comfort, and flexibility. Finally, the methods in Highway Capacity Manual [22] proposed a complete system
and the model is calibrated through numerous field experiments. The evaluation
models in this system are not uniform: they are divided into various types for
scenarios: segments; intersections; signalized and non-signalized intersections.

1.3. Methods of CAVs Intersection Coordination
The movement of CAVs at intersections can be described by two situations: the
presence or absence of a signal system. The signal controllers for conventional
vehicles aim to prioritize traffic movements and coordinate with neighboring
controllers to avoid conflicting flows. Signal timing of intersections can be optimized to reduce the congestion delay. However, for CAVs, there exist more opportunities to minimize control delay through communication systems. By using
advanced technologies of the Internet of Vehicles, traffic systems can avoid unnecessary vehicle stops and provide safe vehicle trajectories.
Some papers based on the dynamic adaptive control system, proposed the intelligent traffic management technology and mechanism for real-time traffic
flow [23] [24]. Zhang et al. proposed a scheduling method based on vehicle status priority in traffic scenarios without traffic controls [25]. This method can efDOI: 10.4236/jtts.2019.94026
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fectively prevent the collision of vehicles in the intersection by assigning a successive level of specific vehicles and avoiding the contradiction between the different vehicle travel trajectories. Some studies established the principle of a buffer allocation scheduling algorithm to provide a guide to vehicles to safely pass
the intersections [26]. Figure 1 shows the intersection channelization.

2. Development of VISSIM Simulation Models
Traffic simulation refers to the use of computer simulation techniques to study
traffic behavior. At this point, simulation is the best alternative since CAVs have
not been widely used in the real traffic system. This paper will investigate the
VISSIM simulation platform. VISSIM is a microscopic traffic flow simulation
system developed by PTV of Germany. The system is a discrete, random, microscopic simulation software with time in tenths of a second. The longitudinal
movement of the vehicle is based on the “Psychology-Physiology Car Model” by
Professor Wiedemann of the University of Karlsruhe, Germany. Lateral motion
(lane change) uses a rule-based algorithm. The simulation of different driver
behaviors is divided into conservative and aggressive.
Compared to other simulation software; like PARAMICS, TSIS, and HCS;
VISSIM can simulate multiple signals, which is especially suitable for the simulation of urban transportation systems. The latest version already has a complete
model for CAVs which is described in the next section. Furthermore, the LOS
evaluation models in VISSIM are based on HCM which meet the requirements
for establishing new evaluation models with CAVs. This paper established five
traffic system simulation scenarios corresponding to different proportions of
CAVs.

Figure 1. Intersection channelization.
DOI: 10.4236/jtts.2019.94026
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2.1. Scenarios Building
In the VISSIM simulation model, all the lane widths are set at 3.5 meters. For
pedestrian crosswalks, the width is 3 meters, and for walkways, the width is set
as 2 meters. Figure 2 shows the base network for all scenarios.
The vehicle traffic composition includes three types: human-driven vehicles,
CAVs and freight vehicles (HGV). In this paper, two driving behaviors were selected: Urban (motorized) and AV (autonomous vehicles)-all-knowing. The AV
all-knowing driving behavior model was developed by VISSIM and CoExist (a
European project, aims at preparing the transition phase during which automated and conventional vehicles will co-exist on city roads). For Urban (motorized) behaviors, the number of interactive objects is set as 4. The standstill distance is 0.5 meters; and the car following model type is Wiedemann 74 (a car
following model developed by Wiedemann in 1974). The basic concept of this
model is that a driver with a high-speed vehicle will decelerate when reaching
the driver self-feeling limit before reaching a low-speed vehicle. Since the driver
cannot judge the speed of the low-speed car accurately, driver’s speed will drop
slower than that low-speed car until the driver starts to accelerate slightly after
reaching another self-feeling limit. The result of this logic is an iterative process
of acceleration and deceleration. For human-driven vehicles and HGV vehicle
type, they follow the Urban (motorized) driving behavior; for CAVs, they follow
the AV-all-knowing driving behavior. The traffic volume of each direction is a
variable for developing the new models. But the split proportions are fixed.
About the pedestrian flows, same as vehicles, the volume of pedestrians in each
base are variables and the route decisions are fixed which are same size ratio.
The signal control system is a four-phase fixed system. The cycle time is 120
seconds. Every phase has 24 seconds green time, 5 seconds yellow time and 1
second all-red time. That means the inter-stage time is 5 seconds. One stage for
each approach is 4 seconds. For the right turn movement from east to north, the
green time is 52 seconds. Table 3 shows the basic setting of different scenarios.

Figure 2. The network model.
DOI: 10.4236/jtts.2019.94026
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Table 3. Basic setting for five scenarios.
Lane Crosswalk
Vehicle
width
width
volume
(meters) (meters)

Priority rules

Driving
behavior

Variables Variables

Pedestrian yield
to vehicles; right
turn has priority

AV-all-knowing
(CoExist)

Variables

Variables

3

Variables Variables

Pedestrian yield
to vehicles; right
turn has priority

AV-all-knowing
(CoExist); Urban
(motorized)

Variables

Variables

3

Variables Variables

Pedestrian yield
to vehicles; right
turn has priority

AV-all-knowing
(CoExist); Urban
(motorized)

Variables

Variables

Variables Variables

Signal system;
vehicles yield to
pedestrians; right
turn has priority

AV-all-knowing
(CoExist); Urban
(motorized)

Variables

Variables

Variables Variables

Signal system;
vehicles yield to
pedestrians; right
turn has priority

Urban
(motorized)

Variables

Variables

Variables Variables

Signal system;
vehicles yield to
pedestrians; right
turn has priority

AV-all-knowing
(CoExist); Urban
(motorized)

Variables

Variables

Scenarios

Vehicle
composition

1

100% CAVs

3.5

3

2

75% CAVs,
25% huamn-driven
cars

3.5

3-a

50% CAVs,
25% huamn-driven
cars

3.5

3-b

50% CAVs,
25% huamn-driven
cars

4

100% huamn-driven
cars

5

25% CAVs,
75% huamn-driven
cars

3.5

3.5

3.5

3

3

3

Pedestrian
volume

Speed
Speed
(human-driven) (CAVs)

2.1.1. CAVs Modeling in VISSIM
To define CAVs behavior in VISSIM, the logic is the same as normal vehicles.
There are five aspects included in driving control logic: conflict resolution,
signal control, following behavior, lane change behavior and lateral behavior
[27]. There are three predefined driving behaviors for different types of autonomous vehicles developed by CoExist project: AV Cautions, AV normal and
AV all-knowing. AV Cautions enforces absolute braking distance, AV Normal is
similar with a human driver but without the stochastic spread. The definition
about AV all-knowing, set the absolute breaking distance as the vehicles can stop
safely anytime (without a crash), even if the leading vehicle stops instantly. AV
all-knowing has the largest interaction vehicles and objects parameters. In this
paper, AV all-knowing is set as the default CAVs type.
There are two definitions to describe the character of a connected environment: number of observed vehicles or objects and the number of interaction vehicles or objects. When the number of objects is smaller than vehicles, the behavior will be standard: the following network objects are modeled as vehicles in
VISSIM. The vehicles treat these network objects as a preceding vehicle. One limitation of CAVs in VISSIM is about interaction behavior: the automated vehicles can see the signal ahead, but can only connect one or two vehicles surrounding itself since the sensors cannot see through the leading vehicles
The environment in this simulation process used the Internet of Vehicles comDOI: 10.4236/jtts.2019.94026
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munication. It reflects by the distance of headways. The standard driving acceleration behavior cannot use reliable information about the future behavior of the
leading vehicle. To allow CAVs keep a small headway even during an acceleration process, a new parameter is used. This value usually defines a percentage
that is larger than 100% of the average acceleration and using this value when
the leading vehicle is accelerating.
2.1.2. Calibration and Validation of the VISSIM Model
The VISSIM model cannot provide the realistic results until the model is calibrated and validated [28] [29] [30]. Multiple calibration parameters offered by
VISSIM can be modified. In this paper, the following calibration parameters
were selected:
 Average standstill distance;
 Additive part of desired safety distance;
 Multiple parts of desired safety distance;
 Minimum headway;
 Minimum gap time.
The number of conflicts was used to calibrate these parameters.
Finally, it was found that changing the calibration parameters did not impact
the number of conflicts. Therefore, in this case, the default value of parameters
was used. Specifically, average standstill distance was 2 meters, additive part of
desired safety distance was 3 meters, multiple parts of desired safety distance was
3 meters, the minimum headway gap was 5 meters, and the minimum gap time
was 3 seconds. The calibrated models were validated with a new set of field data,
including the pedestrian volumes, and the vehicle volumes. Finally, the animation of the VISSIM simulation models was checked for any unusual events. After
these operation, VISSIM model was calibrated and validate.

3. Surrogate Safety Assessment Model (SSAM) Analysis
SSAM software can automate conflict analysis by directly processing vehicle trajectory data from VISSIM. It can provide a summary of the total number of conflicts broken down by type of conflict. Also, SSAM could calculate some surrogate safety measures for each event. Five measures were relevant to evaluate traffic safety, which are TTC, PET, MaxS, DeltaS, DR, and MaxD. Each surrogate
safety measure is defined as follow:
 TTC (Time to collision): the time distance to a collision of two road users if
they keep their directions and velocities. The shorter the TTC, the more
dangerous the situation.
 PET (Post-encroachment time): the period from the moment when the first
road user is leaving the conflict area until the second road user reaches it.
 MaxS: the maximum speed of either vehicle throughout the conflict measured in meter per second.
 DeltaS is the difference in vehicle speeds observed during the simulation time
where the minimum TTC value for this conflict was observed measured in
DOI: 10.4236/jtts.2019.94026
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meters per second.
 DR: the initial deceleration of the second vehicle measured in meter per
square second.
 MaxD: the maximum deceleration of the second vehicle measured in meters
per square second.
SSAM was not explicitly designed for pedestrian conflict analysis, so there is
no vehicle or entity type available in the trajectory file format by which to
identify pedestrian conflicts. In other words, SSAM cannot estimate the pedestrian-to-vehicle conflicts without simulating the pedestrian as vehicles in
VISSIM. Therefore, to identify pedestrian-to-vehicle conflicts from all kinds of
conflicts, the CSV file exported by SSAM can be of help. Filter out any conflict
where MaxS is smaller than 5 mph (7.3 ft/sec), and this conflict can be related to
pedestrians (which is about the walking pace of pedestrians).
At the time this research was conducted the current version of SSAM only
permitted the vehicle to vehicle conflict, yet VISSIM allowed the vehicle to pedestrian interactions. An alternative approach to the one described above was to
use VISSIM for simulating the vehicle-pedestrian activities, store the trajectory
files, then produce a video of the simulation activities. Playing the video back
and manually observing the TTC and PET using the internal clock of the video
would produce the needed data.
Two values for surrogate measures of safety were used in SSAM to detect the
conflicts, which are maximum TTC and maximum PET. TTC is defined as the
time distance to a collision of two road users if they keep their directions and
velocities. PET is defined as the period from the moment when the first road user is leaving the conflict area until the second road user reaches it. When the
maximum value of TTC is set as 1.5, then SSAM will only generate the conflict
data that contains TTC value less than 1.5. In general, SSAM utilizes a default
maximum TTC value of 1.5 seconds and a maximum PET value of 5 seconds to
delineate the vehicle-vehicle conflicts. However, the pedestrian-vehicle conflict is
different from vehicle-vehicle conflicts. That is why the maximum TTC and PET
thresholds need to be established for pedestrian-vehicle conflicts.
Several trials were investigated to get the optimum thresholds for TTC and
PET that would define a vehicle-pedestrian conflict. Finally, it was found that
when the TTC threshold ranged from 2 to 3 and the PET ranged from 5 to 9,
SSAM provided a better estimate of the number of conflicts that matched the
field data. Table 4 shows the results of scenario 1 from SSAM software:
All these three types include vehicle to vehicle collisions and pedestrian to vehicles collisions. From the previous discussion, when MaxS was smaller than 5
mph (7.3 ft/sec), the conflicts would count as pedestrian and vehicles conflicts.

4. Regression Analysis
This paper combined the characteristics (delay time and the number of pedestrian and vehicle conflicts) obtained from VISSIM and SSAM, a new linear
DOI: 10.4236/jtts.2019.94026
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Table 4. The results of conflicts prediction and the confliction type with default value.
Summary Group

Total

All scenarios

Conflict type
Crossing

Rear end

Lane change

100

4

80

16

Scenario 1 (100% CAVs)

13

0

7

6

Scenario 2 (75% CAVs)

6

1

4

1

Scenario 3-a (50% CAVs)

13

3

8

2

Scenario 3-b (50% CAVs with the signal system)

32

0

30

2

Scenario 4 (0% CAVs with the signal system)

14

0

12

2

Scenario 5 (25% CAVs with the signal system)

22

0

19

3

regression model of PLOS evaluation was established, which contained seven
essential attributes as Equation(1).

Value ( LOS) = f (VH , S H , VCAVs , SCAVs , Tdelay , N C )

(1)

VH : the volume of human driven vehicles;
S H : the speed of human-driven vehicles;
VCAVs : the volume of the CAVs;
SCAVs : the speed of CAVs;
V p : the volume of pedestrian flow;
Tdelay : pedestrian delay time;
N C : the conflicts between pedestrians and vehicles.
For every scenario, multiple simulations were carried out with different values
of the seven parameters. The average delay time and LOS values were extracted
from VISSIM. The number of conflicts between pedestrians and vehicles were
from SSAM. Each simulation corresponds to different set of these seven parameters plus the value of LOS. Results for the simulation are shown in Table 5.
This study uses JMP software for regression analysis. And the Equation (2)
below shows the relationship between PLOS and seven parameters. Figure 3 was
extracted from JMP, which shows the figure of actual plot versus predicted plot.

Val ( LOS) =
−2.393VH − 0.011S H + 0.047Tdelay − 0.006VCAVs + 0.0207 SCAVs
 0 : −1.49 
+ 0.0019 N C + 0.045V p + 5.41 + Match ( signal ) 

 1:1.49 

(2)

The coefficient of regression (R2) is a vital statistic reflecting the goodness of
fit of the model, which is the ratio of the sum of the squares of the regression to
the sum of the total squares. R2 takes values between 0 and 1 and has no units.
The larger R2 (close to 1), the better the fitted regression equation. In this model,
the value of R2 equal to 0.994 which means a strong fit.
For the contribution of each parameters, Figure 3 shows the Effect Summary
of the new model. The Effect Summary option shows an interactive report. It
gives a plot of the LogWorth (or FDR LogWorth) values for the effects in the
model. The report also provides controls that enables one to add or remove effects
DOI: 10.4236/jtts.2019.94026
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Table 5. Simulation results.
Scenario

V-H

S-H

V-CAVs

S-CAVs

V-P

T-Delay

N-C Signal VAL (LOS)

1

0

0

2000

50

1800

30.15

19

0

4

1

0

0

800

30

1800

30.39

0

0

4

1

0

0

800

40

2200

29.34

0

0

5

1

0

0

1000

40

1200

28.69

1

0

5

1

0

0

2000

30

600

28.56

26

0

5

2

500

30

1500

50

1800

18.46

23

0

5

2

200

40

600

30

1800

17.68

1

0

5

2

200

40

600

40

2200

16.8

2

0

5

2

250

30

750

40

1200

16.37

0

0

5

2

500

50

1500

30

600

41.83

15

0

6

3-a

1000

30

1000

50

1800

72.45

18

0

7

3-a

400

40

400

30

1800

69.56

1

0

7

3-a

400

40

400

40

2200

66.95

1

0

7

3-a

500

30

500

40

1200

64.61

0

0

7

3-a

1000

50

1000

30

600

66.23

36

0

7

3-b

1000

30

1000

50

1800

149.77

14

1

13

3-b

400

40

400

30

1800

154.04

19

1

14

3-b

400

40

400

40

2200

157.29

13

1

14

3-b

500

30

500

40

1200

160.77

3

1

15

3-b

1000

50

1000

30

600

163.15

28

1

15

4

2000

30

0

0

1800

175.73

16

1

15

4

800

40

0

0

1800

178.46

14

1

15

4

800

40

0

0

2200

178.91

19

1

15

4

1000

30

0

0

1200

181.03

10

1

15

4

2000

50

0

0

600

182.07

6

1

16

5

1500

30

500

50

1800

193.03

12

1

17

5

600

40

200

30

1800

196.19

19

1

17

5

600

40

200

40

2200

196.97

9

1

17

5

750

30

250

40

1200

198.94

11

1

17

5

1500

50

500

30

600

199.67

6

1

17

from the model. From the model, the most contribution parameter is volume of
human-driven vehicles and followed by the existence of signal system, delay time
and volume of pedestrians.
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(a)

(b)

Figure 3. Predicted plots and effect summary.

5. Conclusions and Recommendations
5.1. Conclusions
This study developed a model to evaluate the impact of CAVs on pedestrians on
intersections in urban areas. This model can be used for evaluating the PLOS
and is a function of the factors related to CAVs, pedestrians, and other traffic
characteristics. This model is suitable for urban intersections that have one lane
in each direction with or without a signal system. The uniqueness of this model
is that it can analyze the impact of CAVs on pedestrians regardless of the proportion of CAVs within the transportation system.
With a lower volume of CAVs and human-driven vehicles, the performance of
PLOS without signal system would be better than with signal system. For the
potential conflicts between pedestrians and vehicles, when the speed is higher,
the number would be higher and impact the value of LOS. From the regression
analysis, the volume of human-driven vehicles has the most contribution to the
value of LOS.
The results of this study have contributed to understanding the impact of
CAVs on pedestrians during the process of the CAVs’ application development.
And this model can provide a reference to researchers and governments to consider coexistence factors related to CAVs in their future work.

5.2. Merits and Demerits
There are two significant advancements reported in this paper that are original.
First, using VISSIM and SSAM, a successful application of CAVs is demonstrated and to evaluate the impact of CAVs on pedestrians. The PLOS by comparing
different proportions of CAVs in a traffic system were estimated. This will proDOI: 10.4236/jtts.2019.94026
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vide a reference when dealing with the coexistence factors between CAVs and
pedestrians.
Since the factors that influence the PLOS are complex and include traffic characteristics, further research on signal control system and coordination methods
between CAVs and traditional vehicles need to be done. The regression model
required abundant simulation data to improve accuracy. Consequently, it is
recommended for future studies that the number of simulation runs should be
expanded. During the regression process, the factors selected were all related to
traffic characteristics and signal controls. The factors related to geometric design
are also important for PLOS. For example, the number of vehicle lanes and the
width of the walkways is a key factor. The factors related to CAVs are insufficient, especially for the impact of CAVs platoons on pedestrians. This factor will
highly increase the delay time of pedestrians. And in the real world, pedestrians
cannot perform like simulation models. People have a different definition of
what is the safety margin for crossing. It is quite possible that without signal systems, some people would not cross the roads.

5.3. Recommendations and Future Work
In future research, more parameters with the geometric design can be selected
for a more comprehensive model. And the evaluation model in this paper could
be extended to include the bicyclists. This extension of effort would allow the
impact of CAVs on bicyclists to be evaluated using the same method.
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