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Abstract Dynamic speed guidance for vehicles in on-
ramp merging zones is instrumental in alleviating traffic
congestion on urban expressways. To enhance compliance
with recommended speeds, the development of a dynamic
speed-guidance mechanism that accounts for heterogeneity
in human driving styles is pivotal. Utilizing intelligent
connected technologies that provide real-time vehicular
data in these merging locales, this study proposes such a
guidance system. Initially, we integrate a multi-agent
consensus algorithm into a multi-vehicle framework oper-
ating on both the mainline and the ramp, thereby facilitating
harmonized speed and spacing strategies. Subsequently,
we conduct an analysis of the behavioral traits inherent to
drivers of varied styles to refine speed planning in a more
efficient and reliable manner. Lastly, we investigate a
closed-loop feedback approach for speed guidance that
incorporates the driver’s execution rate, thereby enabling
dynamic recalibration of advised speeds and ensuring fluid
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vehicular integration into the mainline. Empirical results
substantiate that a dynamic speed guidance system incor-
porating driving styles offers effective support for human
drivers in seamless mainline merging.
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1 Introduction

Currently, the automotive industry is witnessing a
pronounced shift towards electrification and enhanced
intelligence. Electrification is a potent means of curtailing
carbon emissions and safeguarding the environment
(Kennedy and Philbin, 2019). The emergence of
Connected and Autonomous Vehicle (CAV) technologies
has been pivotal for reducing and preventing vehicular
collisions, bolstering traffic safety, and optimizing trans-
portation efficiency (Gao et al., 2023). Nevertheless, the
attainment of these objectives remains a formidable chal-
lenge, primarily because of the continued presence of
Human-driven Vehicles (HVs) on roadways. The coexis-
tence of HVs introduces complexity, particularly
concerning the intricate tasks of speed regulation and safe
merging with other vehicles. Merging entails a multi-
faceted endeavor that requires interactions with multiple
vehicles to establish a secure and suitable gap. In the
current landscape, the advancement towards smart cities
mandates the establishment of an autonomous and inter-
connected infrastructure (Chen, 2019), offering an
avenue to address longstanding urban traffic challenges.
A pragmatic and effective approach involves implementing
a central controller within this connected and autonomous
framework. This central controller can harness vehicle
state data to steer vehicle speeds and facilitate secure
merging.

Urban expressways host numerous ramp intersections.
The disparity in speeds between vehicles traversing the
main thoroughfare and those entering the ramp renders
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these intersections high-risk zones for potential accidents.
Conventionally, vehicles on an on-ramp exhibit slower
speeds than their counterparts on the mainline. To ensure
secure and stable merging, the optimization and adjustment
of these vehicle speeds have emerged as paramount
considerations.

In scenarios where both HVs and CAVs coexist, the
merging of vehicles is necessary owing to the influence
of human factors. Decisions regarding risk in this collab-
orative human—machine setting are inherently intricate.
One possible approach is to provide some guidance on
the speed of HVs. Existing research on vehicle-merging
strategies has predominantly focused on cooperative
control and decision-making among multiple vehicles,
with relatively limited attention paid to human factors.
This study addresses the merging strategy by integrating
human factors into vehicle merging approaches in situa-
tions that include both HVs and CAVs on the road. The
cooperative strategy proposed in this study accommodates
variances in driving styles among drivers, thereby realizing
distinct speed guidance strategies.

2 Literature review

2.1 Existing efforts

Numerous algorithms rooted in heuristics and optimization
principles have emerged to address the intricate challenges
associated with merging on highway ramps (Rios-Torres
and Malikopoulos, 2017). The heuristic approach
employs virtual platooning to align ramp vehicles with
the mainline. By accounting for the longitudinal distance
between each vehicle and the merging point, longitudinal
vehicle control can be implemented effectively (Uno
et al., 1999). However, given the independent movement
of each vehicle, enhancing overall traffic efficiency on
the road poses a formidable challenge.

Building on Uno et al. (1999)’s groundwork, other
methodologies have evolved, culminating in the develop-
ment of a real-time ramp intersection vehicle merging
control algorithm (Lu et al., 2004). This innovative
approach leverages a local control station to offer traffic
recommendations to vehicles at ramp entrances. Informa-
tion is seamlessly disseminated to individual vehicles via
vehicle-to-infrastructure (V2I) communication, and a
fuzzy controller is deployed to fine-tune vehicle speeds.
This strategy significantly augments traffic efficiency at
ramp intersections (Milanés et al., 2011).

A noteworthy contribution in this domain involves the
introduction of a method for multivehicle coordinated
ramp merging. This method empowers roadside units to
ascertain the optimal timing for ramp vehicle merging,
while proactively creating gaps to accommodate these
vehicles (Marinescu et al., 2012). Rios-Torres and
Malikopoulos (2017) summarized relevant studies on

vehicle merging on highway on-ramps.

While controllers grounded in Reinforcement Learning
(RL) have encountered challenges in meeting safety
requirements, a promising avenue is the utilization of RL
to make vehicle merging decisions, coupled with the
adoption of Model Predictive Control for vehicle control
(Kimura et al., 2022). This approach harmoniously inte-
grates decision-making and control processes.

In a departure from conventional cooperative algo-
rithms, a noncooperative framework premised on
dynamic games acknowledges the competitive dynamics
between mainline vehicles and ramp vehicles (Ladino
and Wang, 2020). This novel approach offers new
insights into merging landscapes.

V21 communication plays a pivotal role in merging
CAVs on ramps by transmitting vehicle information to
the central controller. This controller effectively groups
vehicles and determines the optimal merging sequence by
applying the shortest path planning algorithm. Such an
approach holds the promise of reducing fuel consumption
during vehicle merging and enhancing overall traffic effi-
ciency (Shi et al., 2021).

Numerous approaches have been proposed for single-
vehicle speed guidance systems, including methods such
as the augmented Hamiltonian and Sequential Quadratic
Programming approach (Chen et al., 2022), and the
fusion of the green wave concept with the speed guidance
model (HomChaudhuri et al., 2017; Xu et al., 2020).
Moreover, studies have explored the integration of car-
following models (Liang et al., 2018), delineation of state
constraints, and derivation of real-time speed distribution
maps with energy consumption as the optimization objec-
tive (Han et al., 2018). These endeavors share the
common goal of curbing energy consumption, averting
collisions, and optimizing both position and speed without
extending the travel time.

Furthermore, a pioneering intersection vehicle motion
model has emerged, affording drivers the capacity to
select the most favorable driving path and speed (Zhao
et al., 2020). However, it is imperative to note that these
studies are centered on the speed guidance of individual
vehicles. To address the specific context of speed guidance
in the merging area of ramps, a coordinated control
approach for multiple vehicles is imperative.

Numerous multivehicle speed guidance methodologies
have emerged to enhance traffic performance. One
approach entails the application of a mixed-integer linear
programming (MILP) model to categorize vehicles into
groups and orchestrate their traversal of intersections at
predetermined speeds (Wu et al., 2015; Yu et al., 2018).
Another method centers on the development of a variable-
speed limit controller capable of collaborating with a
ramp metering controller to significantly enhance traffic
efficiency (Zhang and loannou, 2017). Furthermore, an
adaptive control strategy has been introduced, where
continuous control variables undergo adjustment based
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on inputs, such as traffic speed and density, steered by a
Deep RL algorithm (Cheng et al., 2022). This study
unequivocally underscores the efficacy of guiding or
constraining vehicle speeds to augment traffic efficiency
within merging zones.

Moreover, a co-ecological driving model rooted in
platooning principles has shown that the amalgamation
of autonomous and conventional vehicles can effectively
reduce fuel consumption (Zhao et al., 2018). To realize
fuel reduction objectives, the incorporation of traffic
state information is of paramount significance. Previous
research seamlessly integrated traffic state prediction,
ecological driving speed control, and powertrain manage-
ment to craft an ecological driving system that exhibits
resilience across diverse traffic scenarios (Huang et al.,
2018). These studies underscored the pivotal role of inte-
grating traffic state information and adhering to ecological
driving principles in the pursuit of fuel efficiency and
overall system optimization.

In addition, Ci et al. (2019) delved into the integration
of V21 communication into the speed guidance system
at signalized intersections. Furthermore, multiple speed
guidance models have been devised, each tailored to
specific optimization objectives and variables, as demon-
strated in the research by Han et al. (2018) and Fang et al.
(2020). It is noteworthy that this study places a significant
emphasis on accommodating individual driving styles
within the model.

Currently, two primary paradigms dominate multi-
vehicle cooperative control: One involves optimizing
the speed distribution of all vehicles while treating
vehicle—vehicle interaction as a constraint, and the other
focuses on optimizing the speed profiles of lead and
following vehicles through vehicle platooning techniques.
However, these methods present notable complexities
and time-consuming aspects for practical engineering
applications. To address these challenges, a simplified
approach based on an intelligent driver model has been
proposed (Xin et al., 2018). Previous studies formulated
optimization models for determining the optimal vehicle
acceleration and deceleration based on fuel consumption
comparisons (Chen et al., 2015). Additionally, a Model
Predictive Control framework was instituted to execute
longitudinal control while considering the uncertainties
associated with autonomous driving (Zhao and Zhang,
2021). Nonetheless, it is imperative to acknowledge that,
while enhancing speed control efficiency, these methods
may overlook crucial factors linked to driving styles,
which can exert a substantial influence on drivers’ confi-
dence levels.

2.2 Research gap
The aforementioned speed guidance and multivehicle

cooperative control techniques prove beneficial in
enhancing road traffic efficiency. However, it is worth

noting that these approaches often overlook the crucial
influence of human factors. Some of these methods find
application solely in environments dominated by CAVs,
rendering them less effective when HVs coexist with
CAVs, particularly on ramps where both types of vehicles
converge. To address this challenge, certain studies have
ventured into the realm of merging CAVs and HVs in
ramp areas.

One approach involves categorizing vehicle-merging
scenarios into distinct categories, including scenarios
involving only CAVs or a mix of CAVs and HVs. Subse-
quently, merging strategies are tailored accordingly
(Karimi et al., 2020). Another method leverages Neural
Networks to formulate a predictive model for the merging
intentions of drivers. By collecting data through roadside
units, including HVs’ speeds in the ramp area, and
employing Neural Network models, these studies predict
the likelihood of HVs merging and facilitate a seamless
convergence of CAVs and HVs at the merging juncture
(Kherroubi et al., 2022). However, it is noteworthy that
these studies have not considered the diverse driving
styles exhibited by HVs.

Numerous investigations have focused on driving
styles using both subjective and objective measurements.
These studies have led to the integration of driving char-
acteristics into driving-assistance systems. For instance,
Miyajima et al. (2007) harnessed naturalistic driving data
to formulate a relative speed and distance model, shedding
light on the car-following behavior. Several models have
factored in elements such as safety distance, obstacle
positioning, and turning intentions to establish an intricate
relationship between vehicle motion and driving styles
(Gipps, 1986; Moridpour et al., 2012). Additionally, prior
research has scrutinized drivers’ response characteristics
and vehicle dynamics during collision conflicts using
Monte Carlo simulations (Kim and Jeong, 2014). The
attributes of bounded rationality inherent in drivers have
been analyzed for their implications on speed guidance
(Tang et al., 2017). Furthermore, a study introduced a
cooperative platoon control method within a traffic
scenario characterized by the coexistence of CAVs and
HVs (Gong and Du, 2018). However, it is worth noting
that limited research has explored the influence of driving
style characteristics on drivers’ compliance with speed
guidance.

An effective speed guidance strategy should also priori-
tize passenger comfort. Excessive acceleration and decel-
eration can significantly affect passenger comfort levels.
By incorporating the minimization of acceleration, jerk,
and jerk derivatives into the calculation of the optimal
merging trajectory, abrupt changes in the vehicle speed
during the merging process can be mitigated to enhance
driving comfort (Ntousakis et al., 2016). This study,
notably, considers factors in various driving styles, as
reflected in the maximum acceleration constraints,
thereby enhancing the adaptability of the speed guidance
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method. Consequently, passenger comfort improves,
leading to an elevated level of comfort that can foster
greater driver compliance.

2.3 Research purpose

In this study, we present a dynamic speed guidance
approach tailored for merging vehicles on urban express-
ways, considering various driving styles. First, we
employ a multi-agent consensus algorithm to orchestrate
a harmonized speed and distance profile for vehicles on
both the mainline and on-ramp, thereby ensuring a cohesive
merging process. Second, we examine driving behavior
characteristics, discerning distinctions among drivers
with diverse styles, and leveraging this insight to optimize
pre-planned speeds. Finally, we explore a closed-loop
feedback speed guidance method that allows for real-
time adjustments of the guided speeds according to the
driver’s specific style. This comprehensive approach facil-
itates seamless merging of vehicles within the merging
area, fostering uninterrupted traffic flow and optimizing
the confluence process efficiently.

3 Framework of the speed guidance
system at the on-ramp merging areas

3.1 Speed guidance scenario at the on-ramp merging areas

On-ramp merging areas frequently act as bottlenecks for

urban road traffic. The implementation of appropriate
speed-guidance measures has the potential to alleviate
traffic congestion and enhance the overall efficiency of
road traffic. This ensures that drivers can afford ample
space and response time to adjust their speeds adeptly.
Vehicle-to-everything (V2X) technology assumes a
pivotal role in this context by facilitating vehicle commu-
nication, which in turn enables speed guidance through
the reception of information from roadside equipment
and vehicle communication devices. This technological
underpinning significantly augments the efficacy of
speed control and contributes to the amelioration of traffic
flow within the on-ramp merging areas.

This section describes the development of a speed
guidance methodology meticulously tailored for the on-
ramp merging area, as illustrated in Fig. 1. The primary
objective of this method is to provide drivers with the
recommended merging speeds as they transition to the
mainline. It should be noted that the method in this paper
is based on the following assumptions:

(1) This study excluded considerations related to pedes-
trians and non-motor vehicles.

(2) It focuses on a merging area characterized by a
single lane.

(3) Vehicles engage in longitudinal merging without
lateral movements.

Based on these assumptions, the speed guidance
method for vehicles within on-ramp merging areas,
cognizant of consensus dynamics and driving styles,
unfolds across three primary stages:
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Fig. 1 Framework of the speed guidance system.
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(1) In the initial stage, V2X technology is used to enable
vehicles in the merging zone to receive state information
from the leading vehicle and the preceding vehicle.

(2) In the second stage, a central controller computes
the optimal guidance speed by judiciously assimilating
the merging state information and integrating vehicle-
related data pertinent to consensus dynamics and driving
styles.

(3) Finally, the third stage orchestrates the dynamic
adjustment of vehicle speeds in response to real-time
fluctuations in the merging environment.

3.2 Development of a traffic prediction model

In accordance with the prevailing traffic conditions
within the merging area, including factors such as vehicle
volume, speed, merging time (f.., or ?,), and precise
positions of vehicles, on-ramp vehicles can systematically
compute their respective distances from the merging
point (d,,) using their positional information. This calcu-
lation depends on the estimation of the time required to
reach the merging point (#.,:) under the assumption that
the vehicle maintains its present speed (v,).

dint

Vo

freach = (M

At a given time f,,, if the number of vehicles on the
mainline remains consistently low and stable, these vehi-
cles have the capacity to maintain a constant speed.
Conversely, when the number of vehicles on the mainline
fluctuates and increases significantly, an evaluation of the
current traffic state within the merging area is necessary.
When the traffic flow on the mainline is heavy, it is
necessary to assess whether it is possible to pass through
the merging area by slowing down the ramp vehicles
without stopping and waiting. Conversely, when the traffic
volume is relatively low, on-ramp vehicles must assess
whether they can accelerate sufficiently to traverse the
merging point within the designated merging time ¢,
utilizing their maximum acceleration a,,,, and road maxi-
mum speed limit vy,. The travel distance of a vehicle
within a given time can be computed using Eq. (2), and
on-ramp vehicles can determine the feasibility of acceler-
ating through the merging point without halting based on
the conditions outlined in Eq. (3). If Eq. (3) holds true,
on-ramp vehicles can execute acceleration through the
merging point without stopping; otherwise, they must
determine whether they can navigate the merging point
by decelerating. ¢, represents the time window for ramp
vehicles to pass, during which the mainline vehicles have
not yet reached the merging point and ramp vehicles can
accelerate through. 7, represents the waiting time, during
which the mainline vehicles are passing through the
merging point and ramp vehicles need to consider slowing
down to reach the merging area to avoid stopping and
waiting. vy, and v represent the maximum and minimum

speed limits on the ramp, respectively.

1 Viim — W
2 lim 0
Votg + Eamaxtg =z tg
amax
d= V2= Viim — V Viim — V) @
i lim — Vo lim — Vo
_lim 70 Vi (tg _ Viim ) im <1,
zamax amax amax
d > dim- (3)

Subsequently, the on-ramp vehicle proceeds to evaluate
whether it has the capability to decelerate and navigate
through the merging point without the necessity of
coming to a complete stop. To facilitate this determina-
tion, the distance covered by the vehicle during the
remaining time #, of the second merging opportunity is
computed using Eq. (4). This computation incorporates
the maximum reduction acceleration a,,;,, while ensuring
that the resultant minimum speed does not fall below the
prescribed road speed limit v . In the event that Eq. (5)
is fulfilled, signifying that the conditions outlined therein
are satisfied, the on-ramp vehicle can effectively traverse
the merging point without the need to halt its progression.
However, if the calculated distance d does not satisfy
Eq. (5), the vehicle can only stop at the merging point
and wait to merge.

1 Vi =V
’ 1 0
Vol, + =Qint 2 —_2r
g 2 g a.. g
min
d = 5 ) , H (4)
Vim— Vo |, (t' ~ Viim — VO) Vim ~ Vo _ p
lim| “g 8
2amin min Amin
d < d. 6]

3.3 Optimization of guidance acceleration and deceleration

In pursuit of the twin objectives of fostering seamless
traffic flow and enhancing fuel efficiency in the context
of on-ramp merging, this study introduced a trigonometric
function optimization approach for acceleration and
deceleration. This method is adept at generating smooth
speed profiles characterized by continuous acceleration,
as shown in Eq. (6). This feature is enabled by utilizing
the traffic prediction model established in the preceding
section, which empowers on-ramp vehicles to execute
seamless deceleration or acceleration maneuvers as they
traverse the merging point.

v, — v, 08 () 0<t<
2w
w T T b T T
Vopt(t): va—vd;COSq)(z‘—Z—kz) %<t< %-}-Z,
w T T
Vatva s %+%<t<tf
(6)
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where v, is the average target speed of the vehicle, and ¢,
is the total time:

t, if acceleration

Iy = , o (7
t if deceleration

By leveraging the foundation provided by the traffic
prediction model detailed earlier, on-ramp vehicles can
execute smooth transitions through the merging point by
either accelerating or decelerating. To facilitate this quest
for smooth and efficient speed guidance, we employed a
trigonometric function optimization method, drawing
inspiration from the work of Barth et al. (2011). As
depicted in Eq. (6), this method yields speed profiles
characterized by a seamless and continuous acceleration
trajectory during the speed optimization process.

To reduce fuel consumption, the vehicle does not need
to stop through the merging point during the merging
process, and v, is given by Eq. (8):

g if acceleration
4

t
d . (8
™ if deceleration

fe

v, represents the difference between the average target
vehicle speed and current vehicle speed v,, as shown in

Eq. (9):
Vi = V= V. ©))

Two parameters in Eq. (6), i.e., ® and ¢, determine the
shape of the vehicle speed-guide profile. According to the
research of Barth et al. (2011), the larger the w is, the less
energy consumption of the speed guidance curve will be,
as shown below.

w = max{w}.

(10)

For driver comfort, the maximum rate of acceleration
and acceleration change should not be too large, and the
following conditions should be satisfied (Barth et al.,
2011), where |J| is the smoothness coefficient, represent-
ing the constraint relationship among v,, w, and ¢.

|G| < 2.5 m/s?, (11)
|J] = |vs9| < 10. (12)
The target vehicle speed v should meet the distance
constraint:
dy = j/vdt. (13)
0

Combine all equations above to obtain the constraint
Eq. (14):

diy = fﬁ (v, —vycos(wt))dt
0
fragn w s T
+I Ve—Vg—cosplt—— +—||dt
s 0] 20 2¢

o o\[d, = b
Votvi— || ——-—-=—
TN v 20 29

1= vawpl < 10

. (14)

|| < 2.5

¢ = max {p}

4 The speed optimization method

4.1 Consensus

Vehicles within the merging area can be viewed as a
modification of the conventional vehicle platoon, which
typically consists of two or more vehicles traveling in a
single lane at a predetermined distance and speed. In
contrast to the conventional platoon, the merging area
platoon encompasses vehicles originating from both the
main lane and on-ramp. This platoon configuration can
be conceptualized as a dynamic network system, wherein
the platoon vehicles assume the role of nodes, whereas
the exchange of information among them constitutes the
edges. This interaction gives rise to a graph-based topology
that facilitates seamless communication among vehicles
within the platoon. A platoon communication topology
with N vehicles can be modeled as a directed graph
Gy=(Vy, Ey, Ay), which includes a set of nodes
Vv={1, .., N}, a set of edges EyCVyxVy, and a
weighted adjacency matrix Ay = [ay;] . x-

Within the merging area, a platoon comprising N vehicles
is established, and its composition is determined based on
the relative spacing between the vehicles. By utilizing
vehicle-mounted inertial navigation and GPS systems,
each vehicle within the platoon acquires precise data
pertaining to its absolute position, speed, and coordinated
universal time. As exemplified in Fig. 2, within the peer-
to-leader-follower communication topology, a vehicle has
the capacity to receive comprehensive motion state infor-
mation from both the lead vehicle and the preceding vehi-
cles. This dataset includes critical parameters such as the
absolute position, speed, and acceleration.

The vehicle platoon system can be regarded as a
dynamic network, wherein the platoon vehicles serve as
dynamic network nodes and the links facilitating infor-
mation exchange between vehicles represent the edges
within this dynamic network. The node dynamics model,
in this context, adopts a third-order linear model to char-
acterize the longitudinal dynamics of the vehicle. This
model can be expressed succinctly as follows:
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Fig. 2 Predecessor-leader following.
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where x; (1), v;(¢), and a;(¢) represent the position, speed,
and acceleration of vehicles at time ¢, respectively.
i=0, 1, ... represents the number of each vehicle in the
platoon, where i = 0 represents the leader vehicle. u; (¢) is
the control input of vehicles at time ¢, and 7, is the time
constant of the transmission system.

Within the cooperative merging guidance system
designed for vehicle platoons, the leader vehicle assumes
the pivotal role of being the foremost vehicle in traversing
the merging point, adhering to the optimal traffic order
meticulously determined by the system. Typically, the
leader vehicle operates at the desired speed. However,
when the initial speed of the leader vehicle deviates from
the desired speed, a virtual leader vehicle can be intro-
duced. The virtual leader vehicle mirrors the desired
speed while starting from the same initial position as the
actual leader vehicle.

1~

u(t) = Z Z

=]

where a; denotes the adjacency matrix element. The adja-
cency matrix signifies the connections between a vehicle
and the rest of the vehicles in the platoon. k; and b;
denote the adjustment parameter, r; represents the
distance between vehicles i and j, d; = }}7, @, denotes the
vehicle degree, and 7;(¢) and 7, (¢) represent the commu-
nication delays of vehicle j and the leader vehicle sending
information to vehicle i. Because platoon vehicles are
typically near each other, the communication delay can
be assumed to be bounded, that is, 0 < 7(¢) < Tpux-

To verify the effectiveness of the consensus algorithm
in this section, the following simulation experiments
were conducted. Within the merging area, the composition
comprises two vehicles on the on-ramp and seven on the
mainline, constituting nine vehicles in close proximity.
By employing the multi-agent consensus algorithm, these
vehicles effectively achieved a unanimous consensus
pertaining to their position, speed, and acceleration
dynamics throughout the merging procedure. This collab-
orative effort guaranteed the maintenance of a secure and
appropriate merging distance for all vehicles involved.
The results of the consensus algorithm are illustrated in

a;i(kyj(x;(t = 7;;(1) = x:(8) + vo(t = Too (D)) T() — 1) + by (v (t = 7;5(1)) — vi(D)) + a(t — (1)),

To ensure the seamless and secure merging of vehicles
within the platoon, it is imperative to uphold a consensus
among its members. This consensus, or unanimity, within
the platoon entails the following key considerations.

lim|[v; (1) = v, ()] = 0
{’“ (16)

lim|lx, (1) = xo (Ol = 7}y

where r;, represents the distance between the vehicle i
and the leader vehicle, which is a constant value.

To attain the overarching consensus objective within
the vehicle platoon, individual vehicles are capable of
receiving essential state information (position, speed, and
acceleration) and timestamp ¢ from their fellow platoon
members. By integrating the advanced distributed
consensus protocol proposed in this study, the control
input for platoon vehicles can be effectively computed,
thus aligning with the collective objective of the vehicle
platoon.

The consensus control protocol governing the behavior
of vehicles within the queue is outlined as follows:

(17)

[
Figs. 3-5.
4.2  Driving styles

Numerous factors, including age, sex, personality traits,
and driving experience, contribute to the development of
personalized driving characteristics exhibited by individual
drivers. Consequently, accurately predicting the intentions
of HVs using a standardized merging motion model
presents considerable challenges. It becomes evident that
defining real-time driving expectations and requirements
necessitates the consideration of these personalized driving
behavior characteristics. Furthermore, ensuring the estab-
lishment of a safe merging gap is a formidable task with-
out considering personalized interaction dynamics with
surrounding vehicles, which has profound implications
for driving safety.

The maximum acceleration constraint prescribed by the
vehicle speed guidance model was based on the average
acceptance levels exhibited by human drivers. However,
it is crucial to recognize that different drivers possess
unique driving traits. When the speed guidance curve
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Fig. 5 The acceleration of the 9 vehicles at merging area.

surpasses a driver’s acceptance threshold, it introduces
discomfort and the potential for loss of effectiveness.
Additionally, the distance constraint inherent in the vehicle
speed guidance model results in a speed guide curve that
assumes precise adherence by the vehicle, which may not
align with the preferences of drivers who exhibit strong
driving skills and prefer rapid merging. In cases where
the control center guides autonomous driving, the
vehicle’s behavior is fixed to follow the speed guide

curve irrespective of the driver’s individual preferences.

A driver’s distinctive driving style exerts a discernible
influence on vehicle speed guidance, manifesting as vari-
ability in driver classifications (ranging from aggressive
to moderate or conservative) and the stability of their
driving behavior. To enhance the adaptability of the vehicle
speed guidance system, this study introduced differential
constraints for maximum longitudinal acceleration based
on distinct driving styles. However, given that the
constraint range varies among drivers with varying driv-
ing styles, this study employed a stochastic constraint
programming method.

First, the driver’s acceleration data were segmented
into three distinct categories using the fuzzy clustering
method, each corresponding to a distinct driving style.
Building on statistical samples, the probability distribution
governing the maximum longitudinal acceleration was
predicted using point-estimation methods. Assuming that
the longitudinal maximum acceleration follows a normal
distribution, the distribution characteristics are encapsu-
lated by Eq. (18):

A (M) ~ N (W, 02), m=1,2,3, (18)

where the values of different parameters m indicate dif-
ferent driving styles: m = 1 indicates a conservative style,
m = 2 indicates a moderate style, and m = 3 indicates an
aggressive style.

The longitudinal maximum acceleration is taken as an
example to analyze the probabilistic model modeling
process for a conservative driver.

The point estimation method uses sample statistics to
estimate the overall parameters. Point estimation aims to
estimate the unknown parameter 6 based on sample
X =Xy, X,, ..., X,). In general, 6 is a specific eigenvalue
of the population, such as mathematical expectation,
variance, and correlation coefficient. The commonly
employed point estimation methods include maximum
likelihood estimation, moment estimation, and least
squares. This section exclusively employs the moment
estimation method.

Mi = E(xi) =u;(6y, 0,, ..., 0.), (19)

The moment g, of order i of the sample takes the origin
moment A; of order i as the estimation value.

i=1,2, ..,k

~ 1~ .
/,li:Ai:—ZXf’ l=1,2,....

n j-

(20)

Solution:

0.=0,X,, Xp, .., X)), i=1,2, .., 1)

where the estimation value 6, is 6.

Based on the above assumptions, the sample population
X, with the maximum longitudinal acceleration follows a
normal distribution, as obtained according to the theory
above:
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Solved by the above system of equations, wu,, the
moment estimation of o3, is shown in Eq. (23), where
s is sample standard deviation.

1 n J—
la = _ZXCi = Xc
nyi-1

(23)

. 1 m — n
0-%: _Z(X([_Xc)zz g
nyi-1

N

5 The closed-loop feedback vehicle speed
guidance method

The speed guidance model operates under the assumption
that drivers can faithfully adhere to the provided speed
profiles. Nonetheless, discrepancies invariably exist
between the actual driving speeds and the recommended
speeds during real-world driving, subsequently affecting
fuel efficiency. It is impractical to retrain all the drivers
to conform to the suggested speed profiles. Therefore, the
sole viable approach involves adapting the speed profiles
to align them with the actual speeds exhibited by human
drivers. This adaptation process was encapsulated within
the closed-loop feedback vehicle speed guidance system,
as shown in Fig. 6.

In this system, the real-time actual driving speed v, of
the vehicle is continuously fed back to the speed opti-
mization model as an input parameter. Consequently, the
speed optimization model undergoes dynamic adjustments
to fine-tune the optimal target speed v,, in a responsive
manner, ensuring alignment with actual driving condi-
tions.

5.1 Vehicle speed guidance method based on closed-loop
feedback
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acceleration of the vehicle is not provided as feedback
and the acceleration of the speed guidance model remains
static, it is necessary to incorporate this acceleration
component into the model to ensure its dynamic adjust-
ment. According to Eq. (6), the average target speed v,
has a fixed value. The real vehicle speed v, is dynamically
updated with the feedback value, and the difference
between the target vehicle speed and real vehicle speed,
v4, also changes accordingly. Therefore, v, can be repre-
sented as a function of the acceleration, speed, and time,
as shown in Eq. (24), where v is the vehicle speed at the
current moment, and the speed optimization profile of
Eq. (6) was adjusted to Eq. (25), where q, is the acceleration
value of the vehicle at the current moment.

b
V, — Vo — ot O<t<2—
10)
va () = c ox @
V,—Vo—a — <t =
"0 2w Vq
T
vo,—(W,—vy—apt)cos(wt) 0<t<—
2w
( " )wcos t n +7I
Vo—|Ve—vo—ag=— | — -t —
¢ 2 o v 20  2¢
vopt(t)z T < T (L
— <I<—+—
20 20 2¢
AL U S I
Vot |Ve—vo—ap— | — — 4+ —
2 1) 2w 2go\ !
(25)

The constraint conditions are included to get the
following Eq. (26):

iy = j v, dt— f (v —vo—apt)cos (wt)dt
0 0
(55 (v ) Zeosof- 2+
- Va—Vo—ay— | —cosp|t— — +—
£ 20 o v 20 2¢

N +( n)w dy = b
votlve—vo—ap— |— || ————-=—
‘ R P o)\ve 20 20p

] = [vawpl <10

int

In Eq. (6), the initial acceleration of the speed optimization |Gmax] < 2.5
model was set to 0. However, during the feedback o = max{p}
process, the real vehicle experiences nonzero acceleration, 26)
leading to sudden changes in acceleration. Given that the
'Sp'eed' Driver Vehicle Vaet
optimization ;
— operation response

Fig. 6 The closed-loop feedback vehicle speed guidance system.



Haoran LI et al. A dynamic speed guidance method at on-ramp merging areas of urban expressway considering driving styles 101

5.2 Update steps optimization

The efficacy of the closed-loop feedback vehicle speed
guidance method was influenced by the reaction time of
the driver. If the simulation step length in the speed-guide
profile is excessively short, the driver may not be able to
make real-time adjustments. Conversely, if the simulation
step is excessively long, the vehicle may struggle to accu-
rately track the speed profiles.

To circumvent the issue of high update frequency and
ensure that each update provides sufficient time for
adjustments, the update step time was established at half
of the merging process time. This strategy diminishes the
update step length, mitigating the problem of excessively
frequent updates. Nevertheless, as the merging process
time gradually decreases, the update step time can
become exceptionally small. Given that the average
driver’s reaction time to the guidance speed is approxi-
mately 1 s, excessively rapid updates become impractical
for human drivers. Consequently, the minimum update
step was fixed at 2 s in this study. The guidance speed
remained unaltered when the merging process time was
less than 2 s. In scenarios where the merging process time
is extended to 8 s, the update interval for the speed guid-
ance profile becomes 4 s. The closed-loop feedback vehicle
speed guidance method meticulously tracks the speed
profiles optimized through a trigonometric function, as
previously described.

5.3 Construction of a vehicle speed guidance model based
on a chance constrained model

The preceding discussion elucidates the distribution of
the maximum longitudinal acceleration for each driver
type. By leveraging the statistical model, it becomes
feasible to articulate the acceleration distribution corre-
sponding to each driving style, subsequently integrating
the distinctive maximum longitudinal acceleration
attributes of diverse driving styles into the speed guidance
system using a stochastic programming model.

Given the importance of the vehicle speed guidance
model in formulating velocity decisions prior to the
occurrence of random events, this study opts for the
chance-constrained programming model for vehicle
speed planning. The chance-constrained programming
model belongs to the realm of stochastic parameter-
programming techniques. Within this framework, the
stochastic programming model contains uncertain
elements within both the objective and constraint func-
tions, which are delineated through a probability function.
This methodology permits decision making to exhibit a
degree of flexibility under constraints, ensuring that the
probability of constraint satisfaction surpasses or equals
a predefined confidence level a. The formulation is
expressed as follows:

max f subject to
PlfX. &)> f} =8 ’
Plg;(X,©)<0,j=1,2, .., p}>a

@7

where f is the objective function and P{-} represents the
probability of event {-}. @ and B are the confidence
levels of the constraints and the objective functions,
respectively. € is a random vector representing uncertainty
and X is a constraint condition representing certainty.
g,(X, &) signifies a stochastic constraint function that is
applicable to a random vector.

In the speed-guidance model, the acceleration
constraint is formulated as a stochastic programming
problem. Finally, the constraints of the vehicle speed
guidance model considering the randomness of the driver-
driving characteristics are as follows:

dy = [ 7 (= va(cos(@n)dt
0

brRsn w T T
+j (v,,—vd(t)—cosgo(t——+—))dt
z 0] w

20

S o\(d, = T
Vet v, (1) — -
! o)\v. 20 29

7] = [vawpl <10

P{amax < amax} = l-a

¢ = max{p}
(28)

In contrast with the foundational speed guidance model,
the core objective function remains unaltered in this
context. However, notable enhancements were incor-
porated into the constraint conditions, rendering them
uncertainty constraints grounded in chance constraints.
Through an analysis of the maximum longitudinal accel-
eration and probability distributions characterizing
drivers with distinct driving styles, the speed guidance
model is poised to offer varying maximum guidance
accelerations attuned to the individual driving styles
under consideration.

Suppose that the random constraint function satisfies
the following formula:

8 (amaxa V) = Omax — Elmax’ (29)

then the constraint of maximum longitudinal acceleration
can be transformed into:

P{g(amx, 7)) <0} 2 1-0, (30)

where y represents the randomness of the maximum
longitudinal acceleration a,,,, and &, represents the
average of the sample.

Drawing upon the principles of confidence intervals
within the framework of the Gaussian probability



102 Front. Eng. Manag. 2024, 11(1): 92-106

distribution, it is possible to establish a confidence interval
for the acceleration probability distribution associated
with diverse driving styles. Subsequently, this probabilistic
constraint can be translated into an inequality constraint,
facilitating its incorporation into the speed guidance
model.

6 Simulation experiment

6.1 Naturalistic driving experiment

Using a naturalistic driving experimental vehicle, a
cohort of 50 participants was enlisted to engage in natu-
ralistic driving experiments conducted on an expressway.

The experimental vehicle was equipped to capture real-
time data, including the vehicle’s velocity, acceleration,
and other pertinent status information. In addition, it can
be used to monitor the driving behavior of the operator.
The sensor suite employed in the experimental vehicle
comprised the following components: RT3000 navigation
equipment, camera, Mobileye system, steering wheel
sensor, CAN information acquisition system, and two
industrial personal computers designated for processing
data acquired by the sensor equipment.

This study classified driver styles into three distinct
categories: Aggressive, moderate, and conservative.
Employing the methodology outlined in Section 4.2, an
analysis of the experimental sample data culminates in
the determination of the maximum acceleration for each
of the three driving styles, and characterizes the distribu-
tion attributes of maximum deceleration. Specifically, it
encompasses moment estimation techniques to ascertain
the mean and variance of these characteristics. The mean
and variance estimations of the maximum longitudinal
acceleration for conservative drivers are i =2.321, 7 =
0.03261; for moderate drivers, g =2.597, 62 =0.07412;
and for aggressive drivers, = 2.971, 67 = 0.09799.

6.2 Simulation results

Proportional-integral-derivative (PID) control is a
widely adopted control technique for various industrial
applications. Systems such as Adaptive Cruise Control
and standard Cruise Control utilize a PID algorithm to
regulate speed tracking. Furthermore, the three control
parameters inherent to the PID controller represent the
driver’s response to speed errors. Adjusting these PID
control parameters enables the reflection of different
driving behaviors.

The resulting simulation results pertain to the closed-
loop feedback guidance model. To underscore the efficacy
of the method introduced in this study, the simulation
includes vehicle speed guidance based on trigonometric
functions for comparative purposes. Figures 7—10 present

the simulation outcomes pertaining to the vehicle speed
tracking and driving distance. It is important to note that
drivers may encounter difficulties in precisely tracking
the guidance model speed at high frequencies, and the
closed-loop feedback guidance model employs a variable
step size. Figures 11-14 illustrate the performance
distinctions of the closed-loop feedback guidance model
under both fixed and variable step sizes. As previously
mentioned, this study utilized PID control in the feedback
control system. Adjusting the proportional coefficient K,
of PID can produce different control results. Figures 15—
17 depict the velocity error of the closed-loop feedback
guidance model under different K,. Finally, Figs. 18-20
show the results of speed guidance accounting for different
driving styles.

Case 1

Initially, feedback updates for speed and acceleration
were implemented to enhance the driver adaptability and
traffic efficiency. Subsequently, to mitigate the challenge
of drivers being unable to track speed updates in a timely
manner owing to excessively frequent updates, which
could lead to increased fuel consumption from frequent
operations, the simulation step size is designated as a
variable step size. These two facets serve as the basis for
comparison with the vehicle speed guidance model
predicted on trigonometric functions, thereby validating
its effectiveness, as shown in Figs. 9 and 10.

As depicted in Fig. 10, the closed-loop feedback speed
updating algorithm demonstrated the capability to cover a
distance exceeding 100 m in 7 s, enabling it to pass
through the merging area within this timeframe.
Conversely, the trigonometric function speed guidance
algorithm falls short of traveling the same distance within
7 s, potentially necessitating a wait for the next opportunity
to merge. This observation underscores that the closed-
loop feedback-updated speed guidance can reach the
merging point ahead of the trigonometric model. In
essence, this implies that the closed-loop feedback-
updated speed guidance has the potential to enhance traffic
efficiency when compared to the trigonometric model.

Case 2

The closed-loop feedback speed guidance system was
assessed with fixed step sizes of 2, 3, and 4 s, as indicated
in Fig. 14. This analysis was conducted in comparison
with the variable step size closed-loop feedback speed
guidance system introduced in this study.

In contrast to the trigonometric speed guidance model,
the variable step size closed-loop feedback system intro-
duced in this study enhances the adaptability of the
system and guarantees uninterrupted passage of vehicles
through the merging area within a specified timeframe.
As the remaining merging time diminishes continuously,
the adaptability superiority of the system becomes more
pronounced, mitigating the issue of the dilemma zone to
a certain extent, thereby enhancing road traffic safety.



Haoran LI et al. A dynamic speed guidance method at on-ramp merging areas of urban expressway considering driving styles 103

20 — -
- = = - QGuiding velocity
Real velocity

18}

£

>

R3)

2

o

>

0 2 4 6 8 10
Time/s

Fig. 7 Speed tracking of the model based on trigonometric
function.

20 T T j J

18 +
216}
E
=
S
S 14t
]
>

12 +

, - — — — Guiding velocity
Real velocity
10 - 1 L
0 2 4 6 8 10
Time/s

Fig. 8 Variable step size closed-loop feedback speed tracking.

Case 3

To further analyze the drivers’ adaptability, various
values of K, were selected (5, 10, and 20), representing
different drivers. The variable step size closed-loop feed-
back vehicle speed guidance system proposed in this
paper was compared to the speeds generated by the
trigonometric function vehicle speed guidance model.
The results are shown in Figs. 15-17.

Figures 15-17 illustrate the absolute differences
between the expected and tracking speeds. The solid line
represents the tracking difference of the closed-loop feed-
back speed guidance algorithm, whereas the dashed line
represents the tracking difference of the speed guidance
model based on trigonometric functions. It is evident
from Figs. 15-17 that the vehicle tracking difference is
generally small when using closed-loop feedback speed
guidance. The speed tracking error of the closed-loop
feedback model gradually decreased, whereas the speed
difference amplitude of the trigonometric model
increased. Therefore, the variable step size closed-loop
feedback speed guidance system exhibits greater
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Fig. 9 Driving distance of vehicle tracking under two speed
guidances.
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Fig. 10 Local magnification of driving distance.

adaptability than the trigonometric function speed guid-
ance model. Additionally, as observed in Figs. 1517, as
the value of K, increases, the speed difference decreases,
indicating that different drivers possess varying speed-
tracking abilities. Consequently, there is a need to
enhance the adaptability of the speed guidance system to
drivers by improving the trigonometric function speed
guidance model.

Case 4

The speed guidance approach proposed in this paper,
which incorporates driving style, primarily addresses two
key aspects. First, it models the maximum longitudinal
acceleration stochastically to capture variations between
drivers with different driving styles. Second, it replaces
the distance constraint with the maximum longitudinal
driving speed to cater to the diverse requirements of
different drivers. The following results show the perfor-
mance of the closed-loop feedback speed guidance model
that integrates driving style compared to a closed-loop
feedback speed guidance model that does not consider
driving style.
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As shown in Fig. 18, the integration of driving style
into speed guidance yields maximum accelerations
tailored to various driving styles. Specifically, the
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Fig. 14 Driving distance of vehicle tracking under fixed step
size and variable step size.

aggressive guidance acceleration was the highest, the
conservative guidance acceleration was lower than the
closed-loop feedback type, and the moderate guidance
acceleration fell between the aggressive and conservative
types, slightly surpassing the speed guidance model with-
out considering the driving style. In comparison to closed-
loop feedback speed guidance that does not account for
driving styles, speed guidance systems that consider
differences in driving styles can offer customized speed
guidance for individual drivers.

7 Conclusions

This study introduces a dynamic speed guidance method
tailored for merging areas on urban expressways. Initially,
a multi-agent consensus algorithm was incorporated into
the multi-vehicle system, including both the mainline and
the on-ramp. This algorithm facilitates the planning of a
consistent speed and distance for vehicles, ensuring a
harmonized merging process. Furthermore, this study
delves into the analysis of driving behavior characteristics
exhibited by drivers with distinct styles, leading to more
efficient and reliable planned speeds. Additionally, a
closed-loop feedback speed guidance method was
explored, accounting for the driver’s execution rate and
enabling dynamic updates of the guided speed. This
approach ensures seamless merging of vehicles in merging
areas.

Simulation experiments are conducted to validate the
adaptability and effectiveness of the proposed method.
The results indicate that the enhanced vehicle speed guid-
ance model can significantly improve traffic efficiency,
particularly when addressing the dilemma zone in merging
areas. Simultaneously, it enhances overall traffic safety,
adaptability, and passenger comfort.
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