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Abstract: To reveal the impact mechanism of low-speed vehicles (LSVs) on expressway traffic safety,
this paper uses the polynomial fitting method to establish evolution models of traffic density and
average speed at different LSV speeds in order to explore the queuing and dissipation characteristics
of vehicles affected by LSVs and investigate the impact range of LSVs on expressways. Based on
the findings above, this paper builds a Surrogate Safety Assessment Model (SSAM)-based model to
quantify driving safety and further explore the differences in vehicle conflicts when an LSV moves in
different lanes at the same speed. The simulation experiment is conducted based on the field data
from the Inner Ring North Road located along the Nanjing Inner Ring High Speed Road. The results
show that the evolutionary features of lane traffic density and average speed under different LSV
speeds satisfy the octuple polynomial law, reflecting the spatial heterogeneity of vehicle distribution
at different LSV driving speeds. Meanwhile, LSVs with different speeds produced the most significant
negative impact on the roadway within 400 m of the expressway entrance. The lower the speed of the
LSV, the more significant the adverse effect. In addition, this paper finds that when an LSV travels in
different lanes at the same speed, the inner, middle, and outer lanes have the highest number of total
conflicts, rear-end conflicts, and lane-change conflicts, respectively. Meanwhile, vehicles in the outer
lane are the most significantly affected by LSVs, while vehicles in the middle lane are the least affected
with the highest traffic efficiency. Additionally, the Maximum Speed (MaxS) and Difference in Vehicle
Speed (DeltaS) for the middle lane are 47.9% and 60.5% higher than the outer lane, respectively.
Nevertheless, based on the Probability of Unsuccessful Evasive Actions, i.e., P(UEA), vehicles in the
middle lane have the highest probability of potential traffic conflicts. The methods used in this paper
will have positive implications for establishing autonomous vehicle risk avoidance systems which
can improve the safety levels of expressways.

Keywords: expressway; traffic simulation; low-speed vehicles; traffic safety

1. Introduction

With the improvement in urbanization level, urban residents’ travel demands continue
to expand. Currently, most cities have built expressways, which have relieved the pressure
of traffic congestion and improved the travel conditions of residents to a certain extent.
Due to the large traffic volume and the high traffic load, expressways are able to meet the
travel needs of urban residents while increasing the chance of occasional traffic events, such
as traffic accidents. Since the design speed of expressways is higher than that of general
urban roads, once a traffic accident occurs on the expressway, the degree of casualties
and property damage caused is more serious and can even lead to traffic congestion or
breakdown of the entire expressway network. At present, in the analysis of the causes of
traffic accidents on expressways, it has been gradually recognized that the presence of a
large number of “low-speed vehicles (LSVs)” mixed with moving work zones, breakdown
vehicles, and other LSVs formed along the expressways is considered to be one of the
causes of traffic accidents [1,2].
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The composition of expressway traffic is complex and diverse. Due to varying dy-
namic performance, different vehicle types seriously interfere, which limits vehicle driving
performance, leads to conflicts between vehicles, and causes traffic accidents [3-9]. Vari-
ous factors may cause traffic accidents and affect their severity, such as different vehicles,
drivers, road traffic conditions, and environmental factors. Among them, the vehicle factor
is one of the main factors affecting the occurrence and severity of traffic accidents. Due to
the speed difference between vehicles, LSVs interfere with other vehicles, preventing them
from traveling at their desired speed [10,11]. In particular, traffic disorders occur when
vehicle speed variance is too significant, causing rear-end collisions, head-on collisions, and
side scrapes more easily and increasing the likelihood of severe injuries or fatalities [12-14].
As a result, traffic safety problems caused by LSVs have become an important social issue
that has attracted significant attention from the government and the public.

To reveal the impact mechanism of LSVs on expressway traffic flow and improve
expressway safety levels, this paper uses polynomial fitting to construct spatial evolution
models of lane traffic density and average speed, based on the real world traffic environ-
ment, to study the vehicle queuing and dissipation characteristics under different LSV
driving speeds and explore the influence range of LSVs on expressways. Additionally,
this paper selects Time-to-Collision (TTC), Post-Encroachment Time (PET), Maximum De-
celeration (MaxD), Maximum Speed (MaxS), Difference in Vehicle Speeds (DeltaS), and
Probability of Unsuccessful Evasive Actions, i.e., P(UEA), as surrogate risk indicators
and constructs an SSAM-based model to quantify driving safety and further explore the
differences in vehicle conflicts when an LSV moves in different lanes at the same speed.

The remainder of this paper is organized as follows: Section 2 reviews the previous
literature; Section 3 presents the methodology and the model; Section 4 presents the
modeling results; Section 5 discusses the results; and Section 6 closes with our conclusion.

2. Literature Review
2.1. Traffic Impact of LSVs

Considering the impact on traffic flow, LSVs can be regarded as “moving bottlenecks”.
In 1992, Gazis et al. [1] first introduced the concept of moving bottlenecks and provided the
following definition: when a vehicle travels on the road at a lower speed and the traffic
volume of the upstream road is greater than a certain critical value, a queue of vehicles
will be generated behind this vehicle, causing a decrease in road capacity and level of
service, and this vehicle is called the “moving bottleneck”. Based on the level of driving
speed, Zaworski [11] defined an LSV as a vehicle with a maximum speed of 25 mph or
35 mph. Currently, a large amount of research focuses on constructing cellular automata
(CA) models and traffic wave models or uses traffic simulation to study the impact of LSVs
on traffic flow and driving behavior. The CA model can be used under the three-phase
traffic flow theory framework.

At the end of the 20th century, Kerner discovered the limitations of the traditional
fundamental diagram theory through measured highway data and proposed the three-
phase traffic flow theory. He believed that a sufficiently high ramp merging flow in real
traffic spontaneously forms a wide moving jam on the upstream ramp and that the steady-
state traffic flow tends to scatter with traffic volume in a two-dimensional plane, which
is not a one-to-one correspondence. Currently, scholars mostly use the three-phase traffic
flow theory in combination with measured data and other traffic flow models (e.g., CA
model) to study the impact of LSVs on traffic flow. Using the CA model, Jia et al. [15]
established a lane change rule and discovered that the hooting effect could effectively solve
traffic congestion formed by two LSVs in parallel in a non-uniform traffic flow. Based on
the stochastic microscopic traffic flow model in the framework of Kerner’s three-phase
traffic theory, Klenov et al. [16] proposed a simulation method to predict unexpected
bottlenecks, i.e., moving bottlenecks caused by LSVs or stationary bottlenecks caused by
stationary vehicles. Based on the well-known KKSW-CA model, Hu et al. [17] developed a
freeway model that followed the framework of three-phase traffic theory to investigate the
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positive effect of tidal lanes on relieving upstream congestion triggered by LSVs, as well
as the negative impact of LSVs on tidal lanes. Wegerle et al. [18] developed a stochastic
microscopic traffic flow model following Kerner’s three-phase traffic flow theory which
predicted possible traffic phenomena, i.e., vehicle movement states in traffic breakdowns
caused by LSVs. Based on the numerical analysis of road traffic, Kerner et al. [19] revealed
the physical principles of traffic congestion caused by LSVs on multi-lane roads using a
discrete stochastic traffic flow model in the framework of three-phase traffic theory.

In 1955, Lighthill and Whitham [20] first introduced the concept of motion waves,
which Richards later supplemented. Consequently, this continuous-wave model is known
as the Lighthill-Whitham-Richards model, or the LWR model for short. Later, in 1998,
Newell [2] improved the LWR model for vehicles queuing behind LSVs and established
a traffic wave model, or the KWT model for short. Later, scholars presented various
models to study the influence of LSVs and achieved good results. Wei et al. [21] proposed
a modeling framework using the KWT model, gap acceptance theory, and probability
theory to assess traffic delays caused by LSVs on the highway. Simoni et al. [22] simulated
different LWR models to evaluate the traffic impact posed by LSVs. Daganzo et al. [23,24]
further investigated the effects of LSVs on traffic waves using a discrete difference approach
and presented a numerical analysis method for a multi-lane LWR model using a metacell
transmission model.

In addition to traffic flow impact modeling, studies have been conducted on the
microscopic traffic impact from LSVs using traffic simulation. Fang et al. [25] analyzed
the impact range of LSVs and driving risks in the outer lane of a three-lane expressway
via VISSIM simulation. Gan et al. [26] used TTC and speed difference as collision and
lethality risk indicators to analyze the impact of LSVs on urban road network delays and
driving risks.

2.2. Study of Traffic Safety on Expressways

Traffic safety is an essential part of the roadway in sustainable development [27].
Because of the specificity of the driving environment, scholars began to study the condi-
tion of traffic safety on freeways and expressways [28-30]. Expressways are the highest
class among urban roads, usually with four or more lanes in each direction and a central
divider. Most expressways use three-dimensional cross-traffic access control, allowing
vehicles to travel at higher speeds. Researchers have conducted several theoretical and
experimental studies on expressway traffic safety based on various aspects, such as traffic
safety evaluations, crash risk analyses, and safety indicators.

Shi et al. [7] developed multiple travel time reliability indicators on the basis of an
automatic vehicle identification system to evaluate the impact of travel time reliability
on urban expressway traffic safety. Yao et al. [31] used different car-following models
to capture the characteristics of different types of vehicles and evaluated the safety of
mixed traffic flow on expressways. Based on the bottleneck theory in graphics systems,
Qu et al. [6] used blockchain machine learning to analyze traffic safety on expressways
under disaster events. Yu et al. [32] identified roadway usage patterns using Latent Class
Cluster Analysis (LCCA) and developed crash frequency analysis models to link vehicles’
roadway usage patterns with traffic safety on expressways. Using a driving simulator,
Oskarbski et al. [33] estimated the speed management impact on road traffic safety for
sections of motorways and expressways. Wang et al. [34] analyzed the relationships
between the radius of plane curves and the crash rate, determined the driving safety
affected areas, and deduced the driving risk distribution function of sharp horizontal
curves (SHCs) in the expressway. Yu et al. [35] proposed a hybrid Latent Class Analysis
(LCA) modeling approach to account for the effects of geometric characteristics on urban
expressway crash risk analysis. Wang et al. [36] added the logarithm of the expected
collision frequency to the real-time model and estimated both the collision frequency
model and the real-time model. Yang et al. [37] proposed an online dynamic crash risk
evaluation model which can dynamically account for spatial-temporal traffic variability.
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Wang et al. [38] proposed a two-stage model based on a back-propagation neural network
to predict crash risk on expressways. Wang et al. [39] proposed a real-time evaluation
method of the vehicle conflict risk of an urban expressway based on smartphone GPS data
in order to evaluate traffic safety on urban expressways in real time.

Currently, several indicators are used to measure the severity of traffic conflicts, in-
cluding risk avoidance behaviors, spatial or temporal measurements, vehicle dynamics,
and conflict energy indicators. Among them, the time measurement indicators represented
by Time to Collision (TTC) and Post Encroachment Time (PET) are the most widely used.
However, as the refinement of traffic conflict research has increased, TTC and PET have
gradually revealed their limitations. Therefore, some scholars have proposed a series
of derived indexes to study traffic conflicts in different environments. Charly et al. [40]
proposed a method to assess road safety using driving performance measurements and
geometric parameters derived from field driving data and developed a crash frequency
model using these parameters and historical expressway crash data. Rahman et al. [41]
applied the net-connected vehicle concept to a congested expressway in Florida and evalu-
ated the driving safety of different net-connected vehicle connections using speed standard
deviation, cumulative collision time (TET), integral collision time (TIT), the time exposed
rear-end crash risk index (TERCRI), and sideswipe crash risk (SSCR). To detect dangerous
driving behavior on expressways, Qi et al. [42] used a neural network model to study five
vehicle motion parameters, i.e., reaction time, acceleration, initial velocity, final velocity,
and velocity difference. Zhang et al. [43] used average speed, coefficient of variation,
equivalent minimum safe distance, and deceleration as driving risk evaluation indexes to
assess the traffic risk impact law of the right-turn sections in an expressway reconstruction
and expansion project. Using vehicle speed standard deviation, rear-end risk (RER), TET,
and TIT, Jiang et al. [44] indicated that smartphone apps provide driving risk diagnostics
and real-time warning information to help drivers to control their vehicles on fast roads
and reduce driving risks.

2.3. Summary

In summary, several studies have been conducted on the traffic impact of LSVs,
expressway traffic safety evaluations, crash risk analyses, and safety indicators, most of
which have obtained great results. However, research on the traffic impact of LSVs is
mainly based on traffic flow modeling, which is both macro and theoretical and does not
consider traffic safety risks arising from LSVs in road traffic flow. LSVs are a special class of
vehicles on the expressway and cannot be ignored. In addition, traffic flow models, such as
cellular automata, can better reflect the overall traffic flow operation of a road section, while
traffic simulation technology can more clearly show the interaction behavior of vehicles at
a position or a certain section of a road segment so as to study the traffic flow operation of
a road section from the vehicle behavior level. Therefore, based on the real-world traffic
environment, this paper uses polynomial fitting to construct spatial evolution models
of lane traffic density and average speed to study the vehicle queuing and dissipation
characteristics under different LSV driving speeds and explore the influence range of LSVs
on expressways. Additionally, this paper also selects TTC, PET, MaxD, MaxS, DeltaS, and
P(UEA) as surrogate risk indicators, constructs an SSAM-based model to quantify driving
safety, and further explores the differences in vehicle conflicts when an LSV drives in
different lanes at the same speed.

3. Materials and Methods
3.1. VISSIM Simulation Model

VISSIM is a microscopic, time-interval, and driving behavior-based simulation mod-
eling tool for urban and public transport operations [26]. VISSIM has been extensively
utilized in traffic operation and transportation management for design and evaluation of
performance before implementing the improved conditions in the realistic field condition.
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3.1.1. Parameter Calibration

Many parameters, such as the minimum headway, the minimum reaction time, maxi-
mum deceleration, aggressiveness, and minimum gap values, could affect driving behaviors
in VISSIM. Considering that vehicles in expressways have frequent lane-changing behavior,
the minimum headway, the minimum reaction time, maximum deceleration, and minimum
gap values are considered to be the four major sensitivity parameters in the simulation
model. Therefore, for simplicity, these four parameters are selected to be calibrated for
low-speed vehicles based on the observations from the Inner Ring North Road along the
Nanjing Inner Ring High Speed Road used in this study. Note that these observation data
consist of vehicle driving speed, road traffic flow, and road capacity.

The time period of interest is divided into intervals t = 1,2,3, - - -, T, x; denotes the
vector of the road traffic flows departing their respective origins during time interval ¢,
and g; is the vector of simulation model parameters that must be calibrated together with
the traffic flows. The calibration problem may then be formulated mathematically in the
following optimization framework [45]:

Minimize

T
z2(x1, X2, X1, 00,02, 1) = Y [21(Or Fr) + za(xt, Xf) + 23 (e, af )] @
t=1

Subject to the following constraints:

Ft :f(xl,x2’~.' y Xt, X1, 0%, * ..Oct)
If <xi <uf vte {1,2,---,T} (2)
If <o <uf

where

Or, Fr = observed and fitted sensor measurements for interval t;

x},af = a priori values corresponding to x; and a;, and

21,2, Z3 = goodness of fit functions.

The simulation model, with f() as a function of road traffic flows, uses the model
parameters &y, &y, - - - &; up to interval t. The terms I}, If, u}, and uj represent lower and
upper bounds on the road traffic flows and model parameters. A priori parameter values
can be used to ensure reasonable calibration estimates. These values can be based on the
modeler’s experience and judgment from past studies or can be appropriately transferred
from similar studies elsewhere.

Using the optimization framework, the optimal values of these four parameters could
be determined by minimizing the errors between the simulated traffic flow characteristics
(e.g., vehicle driving speed, road traffic flow) and field data. With the observations from
the field survey, the calibrated values for the four parameters are 0.5s,1.0s, =3 m/ s2, and
1.0 m, respectively. The F-test result shows that the simulated road traffic flow distribution
closely matches the field observations. In addition, the mean percentage error between the
simulated road capacity and the observed capacity is 0.05. This implies that the calibrated
VISSIM simulation model could replicate the real-world expressway traffic on the Nanjing
Inner Ring High Speed Road well.

3.1.2. Parameters Selection

The Nanjing Inner Ring High Speed Road is an expressway system consisting of four
expressways in the core area of the main city of Nanjing. The full ring length is 33.06 km,
of which the elevated section is 18.19 km long and the tunnel section is 14.87 km long. In
this paper, the traffic organization of the Inner Ring North Road, which is relatively simple,
is chosen as the object of study to calibrate the simulation parameters. To simplify the
model, this paper only studied traffic safety influenced by LSVs on the main line of the
Inner Ring North Road, and the impact of ramp merging vehicles was not considered. The
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Inner Ring North Road features three lanes in each direction, with a length of 1 km and lane
width of 3.5 m. The lane dividers on the road section were set as dashed lines, in which
lane-changing was allowed. Figure 1 shows the location of three lanes for a given travel
direction. Among them, the direction of vehicle travel is from left to right, and the number
“1” refers to the low-speed vehicles.

Y Traffic Flow

1km >

N

Figure 1. Lane positions of the road section. The number “1” refers to the low-speed vehicles.

As for traffic flow parameters, the designed speed of the Inner Ring North Road was
set as 80 km/h. According to the traffic composition of expressways, the relative traffic
flow of cars and trucks was set as 0.98 and 0.02, respectively. Furthermore, according to
the observation data, the road traffic flow during off-peak hours is between 4000 pcu/h
and 6000 pcu/h, while the road traffic flow during peak hours ranges from 6000 pcu/h
to 12,000 pcu/h. Therefore, based on the description of single-lane expressway capacity
in “Expressway Design Regulations (CJJ 129-2009)”, this paper set 6000 pcu/h as the total
input traffic volume for the road section and assumed that there was only one LSV driving
in the outer lane.

Based on the calibration results, the driver’s reaction time is around 600 ms and, with
the transfer delay of the vehicle braking system, the total reaction time for the driver takes
a value of 1 s in general. Based on the driving characteristics of expressway vehicles,
Wiedemann 99 was selected as the car-following model, and vehicles were allowed to
change lanes freely.

3.1.3. Model Construction

According to Ref. [27], and compared to the speed limit of the Inner Ring North Road
as referred to in Section 3.1.2, the LSV was set as traveling at 10 km/h, 15 km/h, and
20 km/h to better reflect the low speed characteristics of an LSV. Two evaluation indicators,
traffic density and average speed, were selected to analyze the queuing and dissipation
characteristics in the presence of the LSV. Additionally, to describe the maximum impact
range of LSVs on road sections, data collection points were placed at 50 m intervals in each
lane and the road was divided into 100 x 10-m-long sections, with the number “1” being
the first section closest to the roadway entrance. The schematic diagram of road section
division is shown in Figure 2.

s Traffic Flow

1 ] 1 1 ] [}
i E i i E i Inner Lane
N R T P CTT T T
i i i : i ! Middle Lane
1 [} 1 1 ] 1
A T T T T T T T -
\ 100m _| E ! : ; i iOuter Lane
1 1 1 1 1
1 2 3 4 97 98 99 1@
< 1km =

Figure 2. Road section division.
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3.2. SSAM-Based Model

The traditional traffic conflict analysis methods mainly adopt manual or video obser-
vation to collect the conflict data. Although these methods can identify traffic conflicts
through on-site or video data, the workload is large, subjective, and arbitrary. The Surrogate
Safety Assessment Model (SSAM) is a traffic conflict analysis model which analyzes the ve-
hicle trajectories generated by the microsimulation model and uses surrogate indices such
as TTC and PET to discern whether the interacting vehicles are in conflict. The working
process of the SSAM model is shown in Figure 3.

VISSIM Vehicle Trajectory Accident
Simulation Model Files SSAM Model Surrogate Indices

Figure 3. SSAM model workflow.

In order to accurately identify traffic conflict and select the most representative conflict
parameters, the process of conflict occurrence needs to be analyzed. The occurrence process
of traffic conflict is shown in Figure 4.

PET (Post-Encroachment Time)=ts-t2

icle|2

)

Vehicle 1 PET
— TIC
[
I
Conflict Points -T
1 1 L ol 1
1 o1, [
1 1 )l’ 1 ]
N :
1 /I' ' 1 ' Note
T Tt T 1
!/ 'L ] 1 to: Vehiclel and Vehicle2 begin to encounter;
. : : : : t1: Vehicle2 begins to slow;
1 1 1 1 t2: Vehiclel arrives at conflict point;
: : : : : t3: Vehicle? arrives at the conflict point before slowing down;
t t t1: Vehicle2 actually reaches the conflict point.
i — ' 1 TTC (Time-to-Collision)=ta-t2
1 [ 1 ]
1 (L 1 1
1 1 1 1 ]
1 o 1 1
t

to t1 t2

-
w

4

Figure 4. Traffic conflict trajectories of Vehicle 1 and Vehicle 2.

At moment fj, Vehicle 1 enters the conflict area, continues driving normally, and
reaches the conflict point at moment #;. At moment t;, Vehicle 2 observes that, if it
maintains its original driving speed and trajectory, it will reach the conflict point at moment
t3, and the time gap between f3 and t; is too small to ensure that Vehicle 1 will pass the
conflict point; thus, it would collide with Vehicle 1. Therefore, Vehicle 2 starts to take risk-
avoidance measures. At moment t4, Vehicle 2, which has taken risk-avoidance measures,
reaches the conflict point, and Vehicle 1 has obtained enough of a time gap (t4 — t») to pass
the conflict point; thus, no collision occurs.

As seen from Figure 3, if Vehicle 2 is traveling at its original speed, the time difference
between its arrival at the conflict point and that of Vehicle 1’s arrival will be too small to
ensure the passage of the following vehicle, thus causing Vehicle 2 to take risk-avoidance
measures. This time difference is defined as the Time-to-Collision (TTC). The time difference
between Vehicle 1 and Vehicle 2 passing the conflict point after Vehicle 2 takes the risk-
avoidance measures is defined as the Post-Encroachment Time (PET). The TTC and PET
are calculated as follows.

TIC=t3 -t 3)

PET =t, — b @)
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Suppose the coordinates of the intersection points on the trajectories of Vehicle 1 and
Vehicle 2 at moments t1, ty, t3, t4 are (x4, Y i), (Xpi, i), and the speed and acceleration of
vehicles are V4, Vp;; a4, ap;, respectively, meaning that:

DeltaS = ||Va; — V| 5)

maxD — { max(ay;),i =1,2,3--- ,when Vehicle 2 is the front vehicle ©)
max(ag;),i =1,2,3--- ,when Vehicle 1 is the front vehicle

According to Equations (3) and (4), DeltaS is the difference in vehicle speeds as
observed at TTC. More precisely, this value is mathematically defined as the magnitude of
the difference in vehicle velocities (or trajectories). Consider an example where both vehicles
are traveling at the same speed v. If they are traveling in the same direction, DeltaS = 0. If
they have a perpendicular crossing path, DeltaS = v/2v. If they are approaching each other
head on, DeltaS = 2v. As opposed to DeltaS, MaxS is the maximum speed of either vehicle
throughout the conflict (i.e., while the TTC is less than the specified threshold). MaxD is
the maximum deceleration of the front vehicle. A negative value indicates deceleration
(braking or release of the gas pedal). A positive value indicates that the vehicle did not
decelerate during the conflict.

In addition, this paper also introduced the Probability of Unsuccessful Evasive Action

for vehicles, i.e., P(UEA), which is obtained by the following two procedures:

e  From the initial positions and velocities of Vehicle 1 and Vehicle 2, 100 paths for each
vehicle are generated using combinations of acceleration and orientation that are
independently generated from two triangular distribution functions;

e  All collision points between every pair of projected paths are detected. P(UEA) is the
percentage resulting from dividing the number of collision points by the total number
of combinations of paths, that is:

C
P(UEA) = —/ei.Ven2 "
PVehl,Vghz

where Cy,j1 venn represents all collision points between each pair of predicted paths
for Vehicle 1 and Vehicle 2. Py, ven represents the total number of path combinations
between Vehicle 1 and Vehicle 2. P(UEA) can not only identify the conflicts that have
occurred, but can also show the potential conflicts between vehicles, which has positive
implications for traffic safety management and the prevention of traffic accidents.

The conflict angle division method in the SSAM classifies the conflict between vehicles
into cross conflict, lane-change conflict, and rear-end conflict. Among them, cross-conflict
refers to the type of conflict where the conflict angle of the vehicles is greater than 85°, which
generally exists in road intersections. Since the experiment’s subject is urban expressways
and no intersection exists, this paper did not consider cross conflict. Only rear-end conflict
(0°,30°) and lane-change conflict (30°, 85°) are considered. In addition, this paper selected
vehicle state indicators, such as TTC, PET, MaxS, DeltaS, and MaxD, and vehicle conflict
parameters, such as conflict angle, conflict type, and P(UEA), to study the influence of LSVs
on traffic safety characteristics at 10 km/h on expressways. According to Ref. [45], the TTC
threshold value was set as 1.5 s, the PET as 5 s, the rear-end conflict limit angle was 30°,
and the cross-conflict angle was set as 80°.

4. Results
4.1. Vehicle Queuing and Dissipation Characteristics
4.1.1. Simulation with No LSVs

To investigate the influence of LSVs on expressway traffic flow, the conditions of
expressway traffic flow were compared with and without LSVs. Based on the field data,
the traffic density and average speed of each section of the three lanes without LSVs are
shown in Figures 5-7.
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Figure 5. Traffic density and average speed of each section of the outer lane without LSVs.
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Figure 6. Traffic density and average speed of each section of the middle lane without LSVs.
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Figure 7. Traffic density and average speed of each section of the inner lane without LSVs.

As seen in Figures 5-7, the traffic density and average speed of each section do not
vary much across different lanes. Among them, traffic density is maintained in the range
of 20-30 vehicles/km, and average speed is maintained at around 80 km/h. In the actual
driving environment, the inner lane is used for vehicle overtaking, so the average speed
will be relatively high; the outer lane is generally used as an emergency lane, so the average
speed is lower. However, the traffic simulation model in this experiment has traffic input
values at the junction of peak and off-peak periods for the road section, so the vehicles are
mostly in a free-running state and lane changes are not frequent. Therefore, although there
is a difference in values for traffic density and average speed between the three lanes, the
difference is not significant. In addition, due to the traffic volume of each road section not
reaching capacity, drivers can enjoy a good driving experience, apart from accelerating and
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decelerating during short periods when entering or exiting the expressway. Currently, the
road section service level is high, and no vehicle queuing occurs.

4.1.2. Simulation with LSVs

Previous studies have shown that LSVs significantly impact the vehicles that are
following in the same lane [23]. Therefore, the following two hypotheses are proposed
when LSVs exist on expressway sections:

e  Compared to a typical driving environment, LSVs will significantly affect road traffic
flow due to speed differences with other vehicles. At this time, other vehicles will
frequently accelerate, decelerate, or change lanes, causing large fluctuations in the
road section’s average traffic density and speed;

e Due to the unique characteristics of LSVs, the vehicles behind them will generate a
backlog in a specific area on the road and form a queue, which begins to dissipate
when the LSVs gradually move off the expressway.

To verify the above hypothesis, this paper used polynomial fitting to build a spa-
tial evolution model of traffic density and average speed to study vehicle queuing and
dissipation characteristics under the influence of LSVs.

When Speed of the LSV is Set at 10 km/h

The speed of the LSV was set to 10 km/h and was moving in the outer lane. Figures 8

and 9 show the variation graphs of traffic density and average speed for each section of the
outer lane.
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Figure 8. Variation graphs of traffic density with the LSV driving at 10 km /h.
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Figure 9. Variation graphs of average speed with the LSV driving at 10 km/h.

As shown in Figures 8 and 9, when the LSV drives in the outer lane at 10 km/h, traffic
density increases from the entrance of the road section. Furthermore, in Section 4, which is
3040 m from the expressway entrance, traffic density reaches a peak of 69 vehicles/km.
The average speed of this section is 23.65 km/h, indicating that vehicles are gradually
backlogged at this time. Following that, in section 40, which is 390-400 m from the entrance
of the expressway, although traffic density decreases, the average speed of the 40th section
displays an overall downward trend, reducing to 19.60 km/h, which is 75.5%. lower than
the section speed limit value. This indicates that the number of vehicles in the queue has
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reached the maximum and that vehicles need to follow behind the LSV at a low speed
until there is a gap to change lanes. Subsequently, as the LSV moves forward, the overall
density of each section of the outer lane further decreases and the average speed increases,
indicating that the queue of vehicles is gradually dissipating.

In summary;, traffic flow is unstable due to the lane and speed adjustment required
for vehicles entering the expressway. Therefore, at the entrance of the road section, the
LSV constitutes a sizeable negative impact on other vehicles and gradually creates a queue
behind it. With the increasing traffic volume in the road section, the vehicles driving behind
the LSV continue accumulating and are forced to slow down and follow until a traversable
gap in the adjacent lane becomes available for a lane change. Since the input traffic volume
does not reach roadway design capacity, the vehicles following the LSV can find a gap to
change lanes within a certain period. Therefore, the vehicles driving behind the LSV will
choose to change lanes to overtake the LSV, and the convoy gradually dissipates.

Using polynomial fitting to model the spatial evolution characteristics of traffic den-
sity and average speed with the LSV driving at 10 km/h, it was found that the spatial
evolutionary trends of traffic density and average speed all satisfy the octet polynomial
rule. The equation describing traffic density distribution dynamics is:

Kig = —2.76x® +1.41x7 +16.37x% — 7.23x> — 31.14x* + 11.98x> + 18.28x2 — 23.28x + 39.47 8)

The equation describing average speed dynamics distribution is:
Vio = 0.63x® — 1.87x7 — 3.68x° 4 10.61x° +9.83x* — 13.38x> — 2.30x2 + 10.82x + 25.31 (9)

where Kjy and Vjj represent the traffic density and average speed under the 10 km/h LSV
speed, respectively, with x representing the road section number. Through polynomial
fitting, the R? of the fitted traffic density distribution is 0.9802 and the R? of the fitted
average vehicle speed distribution is 0.9862, indicating an excellent fitting effect.

When the Speed of the LSV is Set at 15 km/h

The speed of the LSV was set to 15 km/h. Figures 10 and 11 show the variation graphs
of traffic density and average speed for each section of the outer lane.
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Figure 10. Variation graphs of traffic density with the LSV driving at 15 km/h.

J T T T T T T T T T T 17

\ o Scatter of x vs. y 7
‘ Polynomial Fitted Line ]
“ P4

[«
o
—

~
o
i —

Average Speed (km/h)
P wn (=2}
o o o
T T
s
%\%%
| |

%0, o @ _%édad
30 S kR .
Qmeneoo@ﬂfboao&oqo O%n. .0 00505055_0
Il Il Il Il Il 1 1 1 1
0 10 20 30 40 50 60 70 80 90 100

Road Section Number

Figure 11. Variation graphs of average speed with the LSV driving at 15 km/h.



Sustainability 2022, 14, 12165

12 0of 19

As observed in Figures 10 and 11, when the LSV moves in the outer lane at 15 km/h,
the traffic density of the 17th section (160-170 m from the opening of the road section)
reaches a peak of 65 vehicles/km, and the average speed reaches a minimum of 24.31 km/h.
Subsequently, the average speed of the road section increases but the value is still low,
indicating that vehicles are still queuing and that the number of vehicles in the queue is
decreasing. Until section 41 (400—410 m from the entrance of the road section), average
speed gradually increases, and congestion steadily eases. Figures 10 and 11 also indicate
that LSVs significantly impact other vehicles at the roadway entrance. As the speed of LSVs
increases, the negative impact is even more powerful.

Using polynomial fitting to model the spatial evolution characteristics of traffic den-
sity and average speed with the LSV driving at 15 km/h, it was found that the spatial
evolutionary trends of traffic density and average speed all satisfy the octet polynomial
rule. The equation describing traffic density distribution dynamics is:

Ki5 = —0.50x% + 1.06x7 + 2.06x° — 3.44x> — 3.81x* + 3.65x> + 1.93x — 17.34x + 39.67 (10)

The equation describing average speed dynamics distribution is:

Vis = 0.90x% — 2.74x7 — 5.19x° + 13.27x° + 14.02x* — 14.21x% — 7.85x2 + 8.53x + 30.48 (11)

where Kj5 and Vis5 represent the traffic density and average speed under the 15 km/h LSV
speed, respectively, with x representing the road section number. Using polynomial fitting,
the R? of the fitted traffic density distribution is 0.9816 and the R? of the fitted average
vehicle speed distribution is 0.9851, indicating an excellent fitting effect.

When the Speed of the LSV is Set at 20 km/h

The speed of the LSV was set to 20 km/h. Figures 12 and 13 show the variation graphs
of traffic density and average speed for each section of the outer lane.
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Figure 12. Variation graphs of traffic density with the LSV driving at 20 km/h.
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Figure 13. Variation graphs of average speed with the LSV driving at 20 km/h.

As demonstrated in Figures 12 and 13, when the LSV drives in the outer lane of the
expressway at 20 km/h, the traffic density of the 17th section (160-170 m from the entrance
of the road section) reaches a peak of 56 vehicles/km, and the average speed of the section
at this time reduces to 27.49 km/h. In the 28th section (270-280 m from the entrance of
the road section), traffic density reaches another peak of 55 vehicles/km and the average
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speed reaches a minimum of 25.22 km/h, indicating that, from the entrance of the section
to 160-170 m, vehicles gradually form a queue. Subsequently, at 220-230 m, some vehicles
choose to change lanes through gaps, at which time the traffic gradually thins out before
then forming a queue again. The number of vehicles queuing reaches its maximum at
270-280 m. After that, the line slowly dissipates as the LSV moves forward.

When the LSV travels at 20 km /h, there is still a sizeable negative impact on other
vehicles at the road entrance. Moreover, as the speed of the LSV increases, the negative
effect on the vehicles behind further decreases.

Using polynomial fitting to model the spatial evolution characteristics of traffic den-
sity and average speed with the LSV driving at 20 km/h, it was found that the spatial
evolutionary trends of traffic density and average speed also satisfy the octet polynomial
rule. The equation describing traffic density distribution dynamics is:

Ky = —0.89x% — 0.22x7 + 6.06x° + 0.63x> — 14.53x* + 4.03x% + 8.38x% — 20.14x + 35.22 (12)

The equation describing average speed dynamics distribution is:

Voo = 1.20x8 + 0.24x7 — 6.71x% — 0.30x° 4 15.42x* — 1.46x° — 4.79x% 4+ 10.14x + 33.48 (13)

where Ky and V( represent the traffic density and average speed under the 20 km/h LSV
speed, respectively, with x representing the road section number. Using polynomial fitting,
the R? of the fitted traffic density distribution is 0.9683 and the R? of the fitted average
vehicle speed distribution is 0.9643, indicating an excellent fitting effect.

Focusing on the spatial evolution characteristics of traffic density and average speed
at different LSV driving speeds in each section of the outer lane, when the LSV moves
at different speeds it poses a significant negative impact on vehicles within about 400
m of the entrance section. At this point, vehicles rapidly accumulate and form queues.
Subsequently, vehicles can gradually change to adjacent lanes as traffic flow stabilizes and
congestion gradually eases. In addition, as the speed of the LSV increases, the impact
on other vehicles diminishes, which verifies the correctness of the above two hypotheses.
Through polynomial fitting, it is found that the evolutionary characteristics of traffic density
and average speed for the outer lanes satisfy the octuple polynomial rule when an LSV
travels at different speeds, reflecting the spatial heterogeneity of vehicle distribution at
different LSV driving speeds.

The evolutionary expressions for traffic density and average speed at different LSV
speeds are compiled in Tables 1 and 2, respectively.

Table 1. Comparison of traffic density expressions for different speeds of LSV.

Speed of LSV Expressions for Evolutionary Features
10 km/h Ky = —2.76x8 + 1.41x7 + 16.37x° — 7.23x% — 31.14x* 4+ 11.98x3 + 18.28x% — 23.28x + 39.47
15km/h Ki5 = —0.50x8 + 1.06x7 + 2.06x° — 3.44x5 — 3.81x* 4 3.65x3 + 1.93x% — 17.34x + 39.67
20 km/h Ko = —0.89x8 — 0.22x7 + 6.06x° + 0.63x° — 14.53x* + 4.03x3 + 8.38x2 — 20.14x + 35.22

Table 2. Comparison of average speed expressions for different speeds of LSV.

Speed of LSV Expressions for Evolutionary Features
10 km/h Vig = 0.63x8 — 1.87x7 — 3.68x° + 10.61x° 4 9.83x* — 13.38x3 — 2.30x% + 10.82x + 25.31
15 km/h Vis = 0.90x8 — 2.74x7 — 5.19x% + 13.27x% 4 14.02x* — 14.21x3 — 7.85x2 + 8.53x + 30.48
20 km/h Voo = 1.20x8 + 0.24x7 — 6.71x° — 0.30x° + 15.42x* — 1.46x3 — 4.79x% + 10.14x + 33.48

In the framework of traffic flow theory, traffic density is inversely related to average
speed. Tables 1 and 2 show that the coefficients of the evolutionary expressions of traffic
density and average speed have opposite signs at different LSV speeds. Therefore, the
above expressions are reasonable and convincing.
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Among them, the ordinary equation describing the evolutionary characteristics of the
outer lane’s traffic density at different LSV speeds is:

K= —ax8 £ byx” 2% £ dyx® £ egxt :tflx3 + glx2 +hix+1; (14)

where a1, by, c1,d1, €1, f1,81, h1 are the coefficients and i; is the constant term.
The ordinary equation describing the evolutionary characteristics of the outer lane’s
average speed at different LSV speeds is:

V = ax® F box” F 0ox® F dox® Fepx* F fox® F gox® Fhox + 1y (15)
where ay, by, 2, d2, €2, f2, §2, o are the coefficients and 7, is the constant term.

4.2. Traffic Safety Characteristics Influenced by LSV's on Expressways

Section 4.1 mainly focuses on the effect of an LSV traveling in the same lane at
different speeds on the behavior of other vehicles. In this section, the LSV’s driving speed
is controlled constantly, and the differences in operational efficiency and traffic safety
for the three lanes are analyzed through a comprehensive evaluation of the expressway
surrogate risk indicators when an LSV drives in different lanes. As seen from Table 3,
since the design speed of the inner lane is the greatest, when an LSV travels in the inner
lane, the vehicles that are following need to slow down significantly and are prone to
traffic conflicts. Therefore, the total number of conflicts in the inner lane is the largest and
decreases sequentially from the inner lane to the outer lane. Generally, drivers will pass on
the left side of the front vehicle during the lane change, but when the LSV travels on the
inner lane, drivers have to pass the LSV on the right side. At this time, some drivers will
follow the LSV instead of choosing to change lanes due to the restricted view. As a result,
the number of rear-end conflicts is three times greater than the number of lane-change
conflicts when the LSV travels in the middle lane. Due to the increased traffic flow, drivers
driving behind the LSV cannot find a suitable gap to change lanes and thus decide to
follow the LSV, increasing the probability of rear-end conflicts. In addition, When an LSV
is driving in the outer lane, most drivers will change lanes to overtake the LSV due to the
better view, so the number of lane-change conflicts in the outer lane is the highest.

Table 3. Comparison of the number of conflicts in the SSAM model for the three lanes.

Total Crossing Rear-End Lane-Change
Inner Lane 34 0 20 14
Middle Lane 28 0 23 5
Outer Lane 29 0 14 15

In summary, when the LSV travels in different lanes at the same speed, the inner,
middle, and outer lanes have the highest number of total conflicts, rear-end conflicts, and
lane-change conflicts, respectively.

As seen in Table 4, the TTC and PET of the road sections do not change significantly
when an LSV travels in different lanes, and the TTC values are within the interval [0, 1.5].
The threshold of TTC in the SSAM model is set as 1.5 s. This indicates that when the LSV is
driving in the three lanes, some vehicles are judged to be in conflict because the TTC value
is less than 1.5 s. In addition, the value of MaxD is negative for all three lanes, indicating
that vehicles in all three lanes acted to slow down when traffic conflict occurred. As can
be seen from the mean values of MaxD, the vehicles in the middle lane have the most
significant speed reduction, indicating that the middle lane has the highest efficiency and
that the vehicles are least affected by the LSV; however, the improvement is not significant.
The smallest MaxD value for the outer lane represents the minor speed reduction that
vehicles undertake when traffic conflicts occur, thus the vehicles in the outer lane are most
affected by LSVs.
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Table 4. Descriptive statistics for the SSAM model parameters of the three lanes.
Minimum Maximum Mean
Conflict Parameters Inner Middle Outer Inner Middle Outer Inner Middle Outer

TTC 0.0 0.0 0.0 15 15 15 1.1 1.1 0.8
PET 0.0 0.0 0.0 4.6 42 3.6 2.1 1.9 15
MaxS 2.9 3.7 3.1 19.1 22.7 22.1 10.2 10.8 7.3

MaxD -77 —-7.6 —-8.0 -1.3 —-1.4 -1.5 —5.03 —4.1 —54
DeltaS 0.5 0.3 0.1 154 18.1 12.6 6.5 6.9 43
P(UEA) 0.0 0.0 0.0 0.8 1.0 0.9 0.2 0.3 0.2

When the TTC is less than the threshold value, the MaxS of the middle lane is the
largest, which is 47.9% higher than that of the outer lane. This indicates that the vehicles
in the middle lane travel at the highest speed during traffic conflicts. Additionally, the
variation magnitude of DeltaS shows that the vehicles in the middle lane have the most
significant speed difference during traffic conflicts, which is 60.5% higher than that of the
outer lane. From the above finding, it is clear that vehicles in the outer lane are the most
affected by LSVs and they have the lowest traffic efficiency, while vehicles in the middle
lane are the least affected and have the highest traffic efficiency. This finding is consistent
with the variation characteristics of MaxD.

It is worth noting that the middle lane has the largest P(UEA) value among the three
lanes, indicating that vehicles in the middle lane have the highest probability of potential
traffic conflicts. P(UEA) is the ratio of the total number of conflict points to the number
of path combinations among the 100 possible routes for two vehicles. Since the middle
lane may be affected by the combined effect of vehicles in the inner and outside lanes, the
potential risk is the greatest, although the middle lane is least affected by the LSV and has
the highest throughput efficiency.

5. Discussion
5.1. Theoretical and Practical Applications

This paper investigates the mechanisms of LSVs” influence on expressway traffic
flow and traffic safety based on field data. Based on the results of the influence range of
LSVs [26], this paper focuses on vehicle group behavior to explore the maximum influence
range generated by LSVs on road sections. In addition, Ref. [46] took the speed and traffic
volume of LSVs into account when studying the queue length and delay characteristics of
vehicles under the influence of LSVs and obtained the speed-flow curves of road sections.
Based on this, this paper focuses on vehicles’ queuing and dissipation behavior as the entry
point for studying the influence mechanism of LSVs on other vehicles in the road section
and investigates the impact range of LSVs on expressways. To achieve the above objectives,
this study constructs a spatial evolution model of traffic density and average speed under
different LSV speeds with the help of microscopic traffic simulation technology. The results
show that the negative impact posed by LSVs is most significant within 400 m of the
entrance to the expressway section and that the speed of the LSV is inversely proportional
to the degree of impact. In addition, this study finds that the evolutionary characteristics of
traffic density and average speed at different LSV speeds satisfy the octuple polynomial
model, reflecting the spatial heterogeneity of vehicle distribution at different LSV driving
speeds. At the application level, the octuple polynomial model obtained in this paper can
be used to understand the distribution characteristics of vehicles in the lanes where LSVs
travel and to grasp the sections with the most severe vehicle queuing phenomenon. These
can then be used to adopt corresponding control strategies to reduce the driving risks of
traffic accidents.

Using traffic conflict techniques, this paper constructs an SSAM-based model under
the influence of LSVs and further explores the differences in vehicle conflicts in the corre-
sponding lanes when an LSV drives in different lanes at the same speed. The results show
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that when the LSV drives in different lanes separately, the inner, middle, and outer lanes
have the highest number of total conflicts, rear-end conflicts, and lane change conflicts,
respectively. In addition, according to the comprehensive analysis of surrogate conflict
indicators, vehicles in the outer lane are the most significantly affected by LSVs, while
vehicles in the middle lane are the least affected and have the highest traffic efficiency; the
MaxS and DeltaS are 47.9% and 60.5% higher than those of the outer lane, respectively.
Nevertheless, vehicles in the middle lane have the highest probability of potential traffic
conflicts. Ref. [27] explored the impact of LSVs on road traffic accident risk using actual
road network measurement data, and their results are consistent with this paper. Based
on the findings of this paper, road traffic management can propose measures to reduce
traffic conflicts and improve driving safety in relation to LSVs on expressways through lane
traveling restrictions, traffic management, and road alignment design. For example, LSVs
should be restricted from traveling in the inner lanes to avoid more traffic conflicts. Mean-
while, the speed of other vehicles should be strictly controlled when LSVs are traveling in
the middle or outer lane in order to avoid rear-end or lane-change conflicts. There are many
ways to control the speed of vehicles, such as setting up variable information boards to
control the minimum and maximum speed of LSVs. For special roads, such as urban tunnel
entrance and exit sections, variable lane displacements can be set, based on the findings of
Ref. [47], to plan the driving trajectory of LSVs so as to avoid traffic accidents.

5.2. Limitations and Future Research Directions

This paper discusses the impact of LSVs (which are common on roads and travel at
speeds of 10-20 km/h) on the operation of expressway traffic flow and traffic safety. The
conclusions obtained are applicable to traffic planning and the management of expressways.
However, it remains to be investigated whether the findings drawn in this paper on the
impact of LSVs on expressway traffic flow still apply to LSVs at higher speeds, such as
those in the speed range of 20 km/h—40 km/h. Therefore, our future aim is to improve the
scope of LSVs by further considering the performance of vehicles, driving behavior, and the
driving environment. For example, the speed of moving work zones and some breakdown
vehicles is generally 5-20 km/h, while vehicles with their speed steeply reduced due to
driver distraction and trucks may also be defined as LSVs. Among them, trucks, as large
vehicles, travel at speeds greater than 20 km/h but are still significantly different from
those of small vehicles. Therefore, whether all of the possible LSVs mentioned above have
the same influence mechanism on traffic flow and traffic safety, and whether a speed limit
range can be proposed so as to apply to all LSVs, still needs further study. In addition, this
study mainly takes a single LSV as the research object to study its impact on expressway
traffic flow and traffic safety through microscopic traffic simulation. In the actual road
traffic environment, more attention should be paid to the road traffic volume of LSVs.
Measuring the coupled driving risk caused by multiple LSVs is an unsolved problem. In
addition, although this experiment is based on a field investigation, the simulation model
may still differ from the actual traffic operation environment due to errors in data collection.
With the help of driving simulators, eye-tracking devices, and other equipment, combining
drivers’ physiological and psychological characteristics under actual road traffic conditions
with the empirical data is also the goal of our continuous studies in the future. Meanwhile,
with the emergence of autonomous vehicles (AVs), more and more studies are focusing on
the traffic flow state when AVs are mixed with human-driven vehicles. In this paper, only
the interaction behavior between human-driven vehicles is considered. In the future, it is
important to consider LSVs as AVs in order to study their impact on the traffic safety of
expressways.

6. Conclusions

In this paper, the following conclusions are drawn from the simulation and analysis of
LSVs on expressways:
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1.  The evolutionary features of lane traffic density and average speed under different
LSV speeds satisfy the octuple polynomial law, reflecting the spatial heterogeneity of
vehicle distribution at different LSV driving speeds;

2. LSVs with varying speeds have the most significant negative impact on the road
section within 400 m of the expressway entrance, and the lower the speed of the LSV,
the more substantial the impact produced;

3. When an LSV drives in different lanes separately, the inner, middle, and outer lanes
have the highest number of total conflicts, rear-end conflicts, and lane-change conflicts,
respectively. In addition, vehicles in the outer lane are the most significantly affected
by LSVs, while vehicles in the middle lane are the least affected and have the highest
traffic efficiency; MaxS and Delta$S for the middle lane are 47.9% and 60.5% higher than
those of the outer lane, respectively. Nevertheless, the middle lane has the highest
probability of potential traffic conflicts.
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