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International Licence. preceding and following car position, velocity difference, accelerations of multiple preceding
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Faculty of Transport named BL-MSIF model. Then numerical simulation is used to validate the BL-MSIF model.
and Traffic Sciences, The results indicate that the BL-MSIF model has excellent characteristics in enhancing traffic
University of Zagreb flow stability. In addition, based on numerical simulations, a comparative analysis of the
contributions of various types of information in the BL-MSIF model is conducted from
perspectives of traffic flow stability, additional energy consumption and traffic safety. It is
found that the acceleration information of preceding vehicles holds the highest importance,
while the contribution of driver memory effect information to the model is relatively low.
The results of this study serve as a crucial benchmark for the practice and theory related to
traffic flow in the V2X environment.
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car-following model; sensitivity analysis; numerical simulation; traffic safety; traffic flow
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1. INTRODUCTION

The existing transportation supply has failed to meet the rapidly growing demand for traffic, resulting in a
series of negative externalities in transportation activities, such as gridlock, collisions and environmental
degradation caused by vehicles. To address these traffic issues, intelligent transport technologies are
continually evolving and being updated. These novel technologies include vehicle-to-everything (V2X)
communication technology [1-3], autonomous driving technology [4-6], and so on. However, due to
technological maturity and the incomplete formulation of relevant laws and regulations, it is difficult for
autonomous driving to be widely deployed in the short term [7]. V2X communication technology has a greater
possibility of short-term application and operational deployment. Consequently, there is an urgent need to
study micro-traffic flow in the V2X environment.

In the V2X environment, the level of informatisation in the traffic system is notably improved, and the
driver-vehicle units’ ability to perceive information is markedly strengthened. Connections and interactive
relationships among multiple vehicles could be established. Then, extensive micro-traffic data from various
vehicles in the system will be gathered, including their operational states (position, speed, acceleration, etc.)

Promet — Traffic&Transportation. 2026;38(4):883-901. https://doi.org/10.7307/ptt.v38i4.1126



Promet — Traffic&Transportation. 2026;38(4):883-901. Intelligent Transport Systems (ITS)

[8]. This will unavoidably impact the vehicle motion, particularly in car-following behaviours. However, too
much information may result in difficulty in decision-making among drivers. Information that should be
captured is required for the investigation.

Numerous car-following models with different information based on V2X technology have been
established. Sun et al. [9] introduced an enhanced car-following model derived from the optimal velocity (OV)
model, which considered the influence of two consecutive leading vehicles. Peng et al. [10] developed an
extended car-following framework based on the full velocity difference (FVD) model, incorporating
interactions with two preceding vehicles and the adjacent following vehicle within a driver’s field of view.
Peng et al. [11] brought up a car-following model that integrated the historical evolution information integral
(HEII) effect under the V2X environment, building on the OV model. Dangi and Redhu [12] proposed an
improved car following model based on the full velocity difference model by considering the driver’s memory
and the influence of the V2X environment on the traffic flow system. Some studies [13,14] have established
improved car-following models by considering the impact of cyberattacks in the V2X environment on traffic
dynamics. Other studies [15-17] have also taken into account the influence of driver behaviours, such as driver
attention and overtaking behaviour, and established a car following model in the V2X environment. Tang et
al. [18] investigated the impact of V2X information on driver behaviour, showing that V2X technology enables
drivers to respond more proactively to traffic conditions and reduces carbon dioxide emissions in the
transportation system.

It can be seen that various information has been proposed and added to car-following models. However,
previous studies focused on the effect of one or two information. With the help of V2X technology,
considerable information from multiple vehicles can be obtained that may impact car-following behaviour.
The new issues, such as whether all of these factors come into play in car-following behaviour, which factors
are the most significant, and how to integrate these factors into car-following models, have not been addressed.
On this basis, this paper focuses on the following three questions. Question 1 involves clarifying which traffic
information, accessible to driver-vehicle units in the V2X environment, is considered valid for building car-
following models. Question 2 is concerned with integrating the identified traffic information to establish car-
following models based on the V2X environment. Then, the validation of the improved model is conducted
through numerical experimentation. Question 3 involves evaluating the contribution of each information item
in terms of traffic flow stability, safety and energy consumption. This research is dedicated to enhancing the
stability and safety of traffic flow, and also provides a certain reference basis for the formulation of vehicle
control strategies in the intelligent connected environment and the construction of simulation models in the
traffic system.

2. RELATED WORK

This section reviews the improved car-following models within the V2X environment, clarifying the
necessary valid information for establishing the models.

Lenz et al. [19] initiated the shift from bilateral to multilateral interactions in car-following models. Since
then, researchers have built on this work by expanding traditional models to account for the motion state
information of multiple preceding vehicles. Wang et al. [20] incorporated the speed differences among multiple
preceding vehicles into their research and established the multiple velocity difference (MVD) model. Peng and
Sun [21] considered multiple inputs of information from several preceding vehicles and proposed an improved
multiple car-following (MCF) model. Sun et al. [22] introduced a car-following model that incorporates
information on the positions and velocity differences of multiple preceding vehicles, named the multiple ahead
& velocity difference (MAVD) model. Informed by the preceding models, simulations demonstrate that traffic
data from multiple leading vehicles have a substantial effect on traffic flow characteristics.

Practical driving experience suggests that drivers monitor the motion states of vehicles behind them during
the car-following process. Then Sun et al. [23] incorporated backwards-looking effects and integrated
information from multiple preceding vehicles. Since then, numerous researchers have explored how the
backwards-looking effect impacts traffic flow characteristics [24-27]. Approaching the topic from different
perspectives, they have developed diverse traffic models and confirmed the crucial role of backwards-looking
effects in stabilising traffic flow.

In addition, some researchers have also examined how the optimal velocity difference between adjacent
and non-adjacent vehicles influences car-following behaviour. Peng et al. [28], by acquiring information on
non-adjacent preceding vehicles, put forward the optimal velocity difference (OVD) model. Cao et al. [29]
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expanded the OVD model by adding the optimal velocity adjustments from multiple preceding vehicles. This
enhanced model considers the optimal velocity difference between adjacent vehicles, which significantly
supports drivers in refining their car-following strategies.

Furthermore, several researchers have explored how acceleration factors influence traffic flow dynamics.
Li et al. [30] developed the optimal velocity difference and acceleration (OVDA) model, integrating the
acceleration data from the nearest preceding vehicle. Simulations revealed that this enhanced model can
significantly extend the stability range of traffic flow. Yu and Shi [31] analysed real-world data and developed
an enhanced car-following model that incorporates the acceleration of both leading vehicles. Their findings
highlight the significance of acceleration information in constructing effective car-following models.

Moreover, Herman et al. [32] discovered that drivers maintain a recollection of past driving experiences
during the driving process. Several researchers have explored how speed and headway dynamics change with
driver memory incorporated into traffic flow models. Their findings indicate that accounting for driver memory
notably improves traffic behaviour and stability [33-36]. With the V2X technology, the system can record
vehicle evolution information over time. Then it is necessary to consider driver memory effects when
establishing car-following models in the V2X environment.

In conclusion, all existing models introduce one or two information, involving motion states of multiple
preceding vehicles, backwards-looking effects, optimal velocity difference, driver memory effects and
acceleration factors. But with the development of V2X technology, more and more information will be
perceived, and it will impact car-following behaviour collectively. Therefore, the integration of multi-source
information is vital for enhancing car-following models in the V2X environment.

3.MODEL CONSTRUCTION WITH MULTI-SOURCE INFORMATION

This section presents an enhanced car-following model that incorporates multi-source information.

Generally, car following models refer to the relationship between stimulus and response. Here, the stimulus
indicates information that a driver can obtain. In the V2X environment, this information includes motion states
of multiple preceding vehicles, backwards-looking effects, optimal velocity difference, driver memory effects
and acceleration factors, and these will be perceived. The response is always represented by the acceleration
or deceleration of the following vehicle. Then the equation of car-following can be expressed as Equation I;

K K K K

dv, (t

Wl _ (Z Bty (8), ) By (6 =), 0201 (0, B3 (00, ) Mjoa(8), ) (t)) (M)
=1 =1 =1 =1

where Ax,,;(t) denotes the space headway between vehicles (n + 1) and (n + 2) at time t, Ax,_;(t)
indicates the space headway between vehicles (n — 1) and n at time t, Axpyj_1(t) and Axy ;4 (t — T) are
the spaces headway between vehicles (n +j — 1) and (n + j) attime t and (t — 7), respectively. Av,,j_1(t)
is the velocity difference between vehicles (n+j —1) and (n +j) at time t. a,,;(t) represents the
acceleration (declaration) of vehicle (n + j).

Concerning the expression of stimulus-response function f(+), there have emerged nearly hundreds of
models, such as the collision avoidance model [37], artificial neural network model [38], OV model, etc.
Among them, as an improved OV model, the FVD model stands out as one of the most frequently utilised and
well-studied models [39]. In the FVD model, it is suggested that the stimulus refers to the joint action of the
optimal velocity item and velocity difference. The equation describing motion is presented as Equation 2;

% = a[V (42, (D)) — vy ()] + Advy () o

where a is the sensitivity factor. V(4x,(t)) represents the optimal velocity function and Ax, (t) means the
space headway between vehicles n and (n + 1) at time t. v, (t) is the velocity of the n th vehicle at time ¢t.
Av, (t) is the velocity difference between the leading and following vehicles, namely, Av, (t) = v, 41 (t) —
v, (t), and A is its sensitivity coefficient.

Similar to the forward-looking effect, the information of the following vehicle is also considered [23]. Then,
the backwards-looking and velocity difference (BLVD) model [40] is proposed, as follows.
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dvgt(t) = a[(1 — p)Vr(dx, () + pVs(Axn_1(t)) — v, ()] + Adv, (2) 3)

where Vp(Ax,(t)) is the optimal velocity with forward looking effect of the n th vehicle at time t,
Vg(4x,_1(t)) is the optimal velocity with the backwards-looking effect of the (n — 1) th vehicle at time ¢,
and p represents the attention weight to the backwards-looking effect.

Based on this BLVD model, the remaining information is incorporated to construct the improved model
with V2X technology, named backwards-looking and multi-source information fusion (BL-MSIF) model.
Given the advantages of linear models, such as concise representation, strong interpretability and robust
generalisation capabilities, all the factors are integrated in the form of a linear weighted sum. Then the
improved BL-MSIF model can be expressed as follows;

dv, () &
# = a[(1 = p)Vp(Ax, (1) + pVp(dxy_1 (1)) — v (D] + AZ qj A0ny 1 (8) + BVE (Axny1 (1)) — Ve (Axn (D))
K K = )
tw Z N (6) + yz & Vi@ oy () = Ve(Bny 1t = D)]J = 1.2, K K < N

j=1 j=1

where the first item refers to the backwards-looking effect, the second item refers to the velocity difference
information of multiple preceding vehicles. The third item considers the optimal velocity difference
information of adjacent vehicles. The fourth item is the acceleration information of multiple preceding
vehicles. The fifth item indicates the driver’s memory effect on the current vehicle’s operating state. While it
has been established that incorporating memory into both velocity and headway variables enhances traffic flow
stability, drivers may also adapt their anticipation of optimal velocity based on the memory-influenced changes
in optimal velocity [35]. Then this study considers the optimal velocity that changes with memory.
The variables and symbols for the equations are described in Table 1.

Table 1 — Description of variables and symbols

Variables/Symbols Description
Vi (Ax,44(0)) The optimal velocity with forward-looking effect of the (n + 1) th vehicle at time ¢.
Ve (Axn . j_l(t)) The optimal velocity with forward-looking effect of the (n + j — 1) th vehicle at time ¢.
Vi (Axn +j-1(t— T)) The optimal velocity with forward-looking effect of the (n + j — 1) th vehicle at time t — 7.
B The sensitivity coefficient of the optimal velocity difference term.
W The sensitivity coefficient of the acceleration term.
y The sensitivity coefficient of the driver memory effect term.
T Sampling time interval.
K The number of leading vehicles perceivable in the V2X environment, K € N.
q; The weight coefficient of the velocity difference term for the 4th vehicle.
n; The weight coefficient of the acceleration term for the 4t/ vehicle.
¢; The weight coefficient of the driver memory effect term for the 4t/ vehicle.
K-1
q;,mj,&; g=n=§=4"% ']_ _K Y=l =28 =1
Ki-1’

For the improved car-following BL-MSIF model established above, the utilised optimal velocity function
is represented by Equation 5.
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Ve(4x, (1)) = a [tanh(4x,(t) — h.) + tanh( h.)] )

VB(Axn—l(t)) = _a”[tanh(Axn—l(t) - hc) + tanh( hc)]

where o', " are positive constants, /. is the safe distance.
To simplify computations, neglecting the nonlinear terms in the Taylor expansion of the variable

Ax, (t — 1), the simplified calculation for Ax, (t — ) is given by Equation 6:

dv, (1)

Ax, (t—17) = Ax, (t) — T = Ax,,(t) — Tdv,(t) (6)
Similarly, the simplified expression for V, (Ax, (¢ — 7)) is shown in Equation 7:

Vi (A, (¢ = 7)) = Ve (A, (8)) — TAv, (Vi (A% (0)) (M

Substituting Equations 6 and 7 into Equation 4 yields the simplified motion equation, as shown in Equation §8:

dv, () &
(;Lt = a[(1 = p)Vp(4x, (1) + pVp(dx,_1 (1)) — v, (D] + AZ qj A0ny -1 (8) + BVE(Axny1 (1)) — Ve (Axn (D))
K % (8)
+ yrz E Vi (Dt jor () AV j 1 (D) + wznjan+j(t),j =12, K;K <N
j=1 j=1

4. ESTIMATION OF MODEL KEY PARAMETERS

As shown in Equation 8, many parameters need to be estimated. Fortunately, some of them, such as a, 1, w,
T and y, have been discussed in previous studies [22, 23]. Then these parameters in the model are taken as a
reference to the empirical value, as shown in Table 2. The other three critical parameters, the sensitivity
coefficient of optimal velocity difference 8, the number of leading vehicles K and the weight parameter of
backwards-looking effect p, need to be estimated. To this end, the impact of these three parameters on the
stability of connected vehicle traffic flow is analysed by numerical simulations. Vehicle speed and headway
are used as performance indicators. Based on these, the optimal values of parameters f, K and p are
determined.

Table 2 — The critical parameters for model simulation

Parameter names and symbols Values
Sampling time interval T 0.2s
The sensitivity coefficient a 0.41
The sensitivity coefficient A 0.5
The sensitivity coefficient w 0.3
The sensitivity coefficient y 0.2

In the simulation experiment, a circular road is designed with a total length of L = 400 m. A hundred
vehicles are uniformly distributed with identical inter-vehicle spacing. The experimental vehicles are
numbered from 1 to 100, with the second vehicle following the first, and so on, forming a circular arrangement
where the front car of the 100th vehicle is the 1st vehicle. The initial conditions for vehicles are as follows:

x,(0) = 1m
{xn(O) =(n—-1L/N,(n=23,-,N) )
v,,(0) = (1 = p)Vp (L/N) + pVz(L/N),(n = 1,2,---,N)

A vehicle disturbance simulation experiment was conducted by introducing a disturbance variable to
observe the operating status of the entire vehicle platoon, as shown in Algorithm 1.
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Algorithm 1 — The main steps of the simulation disturbance experiment

Input: Initial states of vehicles (position x,, (0), velocities v, (0) etc.), disturbance variable AL, time step 4t = 0.2s, total number of
vehicles N = 100.

Output: State information (positions, velocities, etc. over time) of all vehicles after being affected by the disturbance.

Step 1. Introduce a disturbance variable AL
function introduce disturbance ()
x1(1) = x,(¢t) + AL // Introduce the disturbance term to vehicle 1
return x;
end
Step 2. Calculate the headway distance after introducing the disturbance
function calculate headway distance ()
fornfroml1toN —1
Axp (1) = x40 (1) — x5 (1)
end for
return Ax,
end
Step 3. Calculate the optimal velocity
function calculate optimal velocity (4x,,)
forn from 1 to N
V (4x,,) = Calculate according to the optimal velocity equation (4x,,) // Substitute Ax,, into the optimal velocity equation to
calculate
end for
return V (4x,)
end
Step 4. Calculate the acceleration (or deceleration)
function calculate acceleration V(4x,,)
forn from 1 to N
a(n)= Calculate the acceleration based on V(4x,,) // Calculate the acceleration using the optimal velocities obtained in Step
3
end for
return a(n)
end
Step 5. Update vehicle information
function update vehicle information (a(n), v(n), x(n))
for n from 1 to N
v(n) = v(n) + a(n)At
x(n) = x(n) + v(n)At + %an(t)Atz
end for
return v(n), x(n)
end
Main simulation process
x; = introduce disturbance ()
while the number of disturbed vehicles < N // Stop when all 100 vehicles are affected by the disturbance
Ax,, = calculate headway distance ()
V (4x,,) = calculate optimal velocity (4x,,)
a(n)= calculate acceleration (V (4x,,))
v(n), x(n) = update vehicle information (a(n), v(n), x(n))
end while
return final state information of all vehicles (v(n), x(n), etc.)

1) Estimation of parameter 8

Impact of the sensitivity coefficient § for optimal velocity difference between adjacent vehicles on the
velocity fluctuation characteristics of the vehicles. The number of leading vehicles K remained at its initial
empirical value of 2, and the backwards-looking effect sensitivity coefficient p remained at its initial empirical
value of 0.2, the sensitivity coefficient 8 ranges from [0,0.1,0.2,0.3] and other parameters were set according
to Table 2. The results are shown in Table 3. In the Table 3, Ry, = Ymax~Vave

(% —VUmi
and Ry, = “=—"% represents the

Vave Vave
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upward and the downward fluctuation of the velocity, respectively. R,y = Zave” Tmin i the average of upward

Vave

and downward fluctuation, which can comprehensively reflect the overall level of velocity fluctuations.

Table 3 — Velocity fluctuation characteristics under different 3 influences

Bvalue | vya/(m-s7Y)| Vape/ (M- 571 | Vpin/(m- 571 | Rup/% Rin/% Rave/%
0 0.69 0.60 0.49 14.99% 18.84% 16.92%
0.1 0.67 0.60 0.51 11.37% 14.95% 13.16%
0.2 0.67 0.60 0.53 11.29% 10.94% 11.12%
0.3 0.86 0.60 0.36 44.00% 40.60% 42.30%

From Table 3, it is evident that when S is set to 0.2, the average velocity fluctuation rate is smaller compared
to other values of 8. When f is equal to 0.2, the upward fluctuation rate R,,;, and downward fluctuation rate
R, of velocity are 11.29% and 10.94%, respectively, resulting in an average fluctuation rate R, of 11.12%.
This is lower than the scenarios when £ is set to 0, 0.1 and 0.3. Therefore, introducing the optimal velocity
difference between adjacent vehicles enhances the stability of traffic flow, and a value of § equal to 0.2
provides a better description for the model.

2) Estimation of parameter K

Impact of the multiple preceding vehicles K on the velocity fluctuation characteristics of the vehicles.
Based on the simulation results from parameter sensitivity analysis 1, where § was set to 0.2, a sampling
interval of 500 was utilised. The backwards-looking effect sensitivity coefficient p remained at its initial
empirical value of 0.2, and other parameters were set according to Table 2. The simulation considered the
acquisition of relevant driving information from 1 to 10 preceding vehicles (K=1,2,3,4,5,10) for the following
car. According to the simulation experiment logic in Algorithm 1, a disturbance was applied to Vehicle 1, and
the velocity fluctuations of Vehicles 90, 80, 70 and 60 were selected as the subjects of study. The simulation
results are presented in Figure 1.

From Figure 1, it is evident that the speed fluctuation is the largest when K = 1, with peak-to-valley
differences of 0.011, 0.005, 0.003 and 0.002 m - s~ for the four vehicles, respectively. When K = 2, the
vehicle speed fluctuation is the smallest, and the peak-valley differences of the four vehicles are 0.007, 0.003,
0.002 and 0.001 m - s~ respectively. The speed of vehicles in the networked vehicle formation fluctuates, but
the number of vehicles in front of K is not the bigger, the better. Therefore, setting K = 2 in the model
contributes to enhancing the stability of traffic flow.
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Car num.70 Car num.60
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(c) (@)
Figure 1 — Velocity distribution of vehicles for different K values: a) Velocity distribution of car 90; b) Velocity distribution of car
80; c) Velocity distribution of car 70, d) Velocity distribution of car 60

3) Estimation of parameter p

Impact of the backwards-looking effect sensitivity coefficient p on the headway fluctuation characteristics.
Based on the simulation results from parameter sensitivity analysis 1 and 2, with § = 0.2 and K = 2, and
considering parameter p according to Table 2, numerical simulations were conducted to obtain headway
distributions under different values of p, which range from [0,0.1,0.2,0.3], as illustrated in Figure 2. When p =
0, the headway density is maximised, and as p increases, the fluctuation of headway first decreases and then
intensifies. Specifically, when p = 0.2, the headway fluctuation is most stable. Within 1,000 sampling
intervals, the headway fluctuation variances for p values of 0, 0.1, 0.2 and 0.3 are 74.05, 17.26,2.71 and 11.81
m, respectively. Therefore, introducing optimal velocity information from backwards-looking can enhance the
stability of traffic flow, with further reduction in headway fluctuation when p = 0.2.

P=0 P=0.1

Headway
Headway

0
lep(s ) 1000 ©

(a) (b)
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P=0.2 P=0.3

0

0
1000

(© (@

Figure 2 — Headway distributions corresponding to different p values: a)p =0, b)p =0.1,¢)p=0.2,d)p =0.3

5. VALIDATION OF BL-MSIF MODEL

The performance of the BL-MSIF model, which integrates multi-source information, is assessed by utilising
numerical simulation.

To further validate the model for generalisability, four existing models are listed here for comparison with
the BL-MSIF model, including the FVD model, BLVD, BL-OVD and BL-OVCM. Here, the BL-OVD model
is a backwards-looking & optimal velocity difference model built upon the OVD model, and the BL-OVCM
model is proposed based on the BLVD model, incorporating both backwards-looking effect and optimal
velocity memory effects [41]. This section constructs two simulation scenarios, namely the circular road and
the straight road, to verify the BL-MSIF model. The combination of circular and straight road scenarios has
constructed a multi-dimensional verification framework from the two dimensions of closed-loop interaction
and linear following. The circular scene emphasises the cumulative effect of disturbances in a periodic
environment and is suitable for evaluating the long-term stability and collaborative control ability of the model.
The straight scenario highlights the model’s response efficiency to instantaneous sudden changes by
simplifying the road conditions. By comparing the simulation results in the two types of scenarios, the
performance of the BL-MSIF model under different traffic pressures can be comprehensively quantified,
providing theoretical support for its application.

5.1 Simulation of the circular road scenario

In the simulation of the circular roads scenario, the established circular road scenario and simulation results
from Section 4 (f =0.2,K = 2,p = 0.2) are used. Furthermore, two different experimental scenes were
designed: high-density and low-density. These scenes aim to investigate the BL-MSIF model’s performance
under varying conditions. The scene designs are outlined in Table 4.

According to Algorithm 1, a disturbance was applied to Vehicle 1, and then the operating status of the entire
vehicle platoon was observed.

The output of the simulation results for scenes 1 and 2 is shown in Figure 3. As seen in Figure 3a, in high-
density scenarios, the stability of BL-MSIF is the best. But from Figure 3b, it can be observed that all four
models are relatively stable as the simulation time increases, and further analysis requires a detailed
examination of the simulation data. Therefore, the velocity fluctuation characteristics at 500 sampling intervals
are depicted in Table 4.
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Table 4 — Design of different scenes

Scenes
Control factors
Scene 1 Scene 2
Road length/ m 400 10000
Number of vehicles/ veh 100 100
Traffic density High density Low density
Safe distance 4, 4m 30m
500th simulation moment 500th simulation moment
18.020
0.604 1 —— BLD — BLVD
BL-OVD
—— BL-OVCM
0.603 18.015 4 — BLMSIF
0.602 4 18.010 4
0.601 - 18.005
E: 0600 2 18.000
5] 15
ke £
L L
~ 0599 ] -
17.995 4
0.598 |
17.990 4
0.597 A
17.985 {
0.596 |
! | | | | ! 17.980 1 | | | | |
0 20 40 60 80 100 0 20 40 60 80 100
Car Number Car Number
(a) (b)
Figure 3 — Velocity distribution of various models in different scenes. a) Scene 1 velocity distribution; b) Scene 2 velocity
distribution

It can be observed that the BL-MSIF model exhibits a velocity fluctuation peak-to-valley difference of
0.002 m - s™1, consistently lower than the peak-to-valley values of the other three models (0.006 m - s™1,
0.004 m-s71, 0.007 m - s™1). Additionally, the average velocity fluctuation rate of the BL-MSIF model is
0.02%, also consistently lower than the rates of the other models (0.05%, 0.04%, 0.07%). Similarly, in scene
2, the velocity fluctuation characteristics at 500 sampling intervals are shown in 7able 5; the BL-MSIF model
shows the best stability.

Table 5 — Simulation results of velocity fluctuation characteristics

Scene 1 Scene 2
Models " "
vave/(m : S_l) vpt/(m 'S ) Rave/% Dv/(m : 5_1) vuve/(m ) 3_1) vpt/(m ST ) Rave/% Dv/(m ' S_1)
BLVD 0.600 0.006 0.05% 0.0002 18.00 1.78 e~ |4.93e71%| 8.04e715
BL-OVD 0.600 0.004 0.04% 0.0002 18.00 1.78 e~ |4.93e71%| 8.04e715
BL-OVCM 0.600 0.007 0.07% 0.0002 18.00 142e71 |395e¢71%| 6.12e715
BL-MSIF 0.600 0.002 0.02% 9.8¢7 18.00 1.07e"* |296e71%| 49]e715

The findings from the experiments show that the improved BL-MSIF model established in this study
demonstrates excellent performance in maintaining stable traffic flow under varying traffic densities. The data
suggest that this model offers better stability in acceleration and exerts more precise control over velocity
changes when counteracting and absorbing disturbances.

5.2 Simulation of the straight road scenario

In the straight road simulation, the starting and braking simulation processes were designed to
comprehensively verify the performance of the BL-MSIF following model.
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1) Simulation of vehicle starting

The starting process of a vehicle simulates the process in which the traffic light changes from red to green
in actual traffic conditions. The starting simulation scenario is a queue of 5 vehicles with a road length of L,
where the first vehicle is numbered 1 and the remaining 4 vehicles are arranged in sequence at a headway of
Ax = 7.4 m. At the initial moment t = 0, the velocity of all vehicles is 0 m - s~1. The lead vehicle starts at
t = 0 with an acceleration of 3 m - s™2. During the acceleration phase, the acceleration gradually decays.
When the acceleration drops to 0, the lead vehicle maintains a constant speed of 12 m - s~ 1. The first 5 vehicles
in the queue are initially at rest when ¢ = 0. When the leading vehicle starts to accelerate, the subsequent
vehicles adopt the following behaviour according to the logic of the model. The initial position, velocity and
acceleration of the vehicle during the starting process are set as follows.
%, (0) =(n—-1DAx,,n=12--5

v,(0)=0,n=125 (10)
3n=1

ORI

After the lead vehicle starts, all the vehicles follow the dynamic equation of the following model. During
the movement of the vehicles, the driving state of the entire convoy is observed and recorded. Based on the
above simulation scenario design, the BLVD model, BL-OVD model, BL-OVCM model and BL-MSIF model
were simulated in the vehicle starting simulation scenario. The vehicle velocity distribution curves of the four
models during the starting process are shown in Figure 4.

During the vehicle starting simulation process, the vehicle starting velocity of four different models and the
time required for the entire vehicle fleet to reach a stable state were statistically analysed. The starting wave
speed is calculated using ¢; = Ax,,/8t, where 8t represents the driving delay of the vehicle. The vehicle
starting velocity of the BLVD model, BL-OVD model, BL-OVCM model and BL-MSIF model are calculated
tobe5.12m-s71, 531 m-s71,599m-s™ ! and 6.52 m - s™ respectively. From this, it can be seen that the
BL-MSIF model has the largest starting velocity. As can be seen from Figure 4d, the time required for the entire
vehicle fleet in the BL-MSIF model to reach a stable state is 15.3 s. For the three models in Figures 4a-4c, the
time required for the entire vehicle fleet to reach a stable state is 24.6 s, 18.1 s and 16.5 s, respectively. This
indicates that compared with the other three models, the BL-MSIF model can improve the vehicle starting
efficiency and can efficiently transmit vehicle information, thus enhancing the response efficiency of the entire
vehicle fleet.
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Figure 4 — Velocity distribution of various models during the vehicle's starting process: a) Velocity distribution of the BLVD model;
b) Velocity distribution of the BL-OVD model; c) Velocity distribution of the BL-OVCM model; d) Velocity distribution of the BL-
MSIF model
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2) Simulation of vehicle braking

The braking process of a vehicle simulates the process in which the traffic light changes from green to red
in actual traffic conditions. The simulation scene design of the braking process is as follows. In the initial state,
five vehicles travel at a constant initial velocity of 12 m-s™1. Att = 0, the leading vehicle decelerates with
an acceleration of -3 m - s™2. When the value of the acceleration decreases to 0, the velocity of the leading
vehicle also becomes 0. When the lead vehicle slows down, the other four following vehicles in the convoy
slow down in sequence. Other relevant parameters are consistent with the simulation scene design of the
vehicle’s starting process. The vehicle velocity distribution curves of the four models during the braking

process are shown in Figure 5.
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Figure 5 — Velocity distribution of various models during the vehicle's braking process: a) Velocity distribution of the BLVD model;
b) Velocity distribution of the BL-OVD model, c) Velocity distribution of the BL-OVCM model; d) Velocity distribution of the BL-
MSIF model

Through simulation, the time it takes for the entire fleet velocity to decrease to 0 during braking for four
different models can be obtained. The time it takes for the vehicles of the four models from deceleration to
stop in Figures 5a-5d is 26.8 s ,25.2's, 23.6 s and 22.1 s, respectively. It can be seen from Figure 5d that during

the braking process, the velocity fluctuation of the vehicle in the BL-MSIF model is relatively small, and the
braking process can be achieved more smoothly.

6. ANALYSIS OF INFORMATION ITEMS OF THE MODEL

Based on the BL-MSIF model, the contributions of the information items are further analysed. To address
this issue, the evaluation indicators need to be determined. As intelligent technology advances, many studies
have focused on the stability of mixed traffic with cooperative adaptive cruise control (CACC), adaptive cruise
control (ACC) and human vehicle [42, 43]. In addition, traffic safety as well as energy consumption and
emissions are also common indicators for evaluating the impact of traffic modifications [44-47]. Then the

importance of each information item is assessed from three perspectives: traffic flow stability, additional
energy consumption and traffic safety.
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Given that the BL-MSIF model is an improvement upon the BLVD model, the contribution of the adjacent
vehicle optimal velocity difference, acceleration of multiple leading vehicles and driver memory information
was analysed. Therefore, the BL-MSIF model in Section 3 is rewritten as follows.

K
dvy,
Ud—t(t) = a[(1 - p)Vp(dx, (1)) + pVp(dxn_1(£)) — v ()] + AZ qj AV i1 () + K1 B[Vr (Axp 11 (1)) — Ve (Ax,(8))] a1)
j=1 1
K K
+ szz Njan;(€) + K3]/TZ g‘]—VF’(Axn+]-_1(t)) Ay (), =12, KK KN

j=1 j=1

here, k,(x = 1,2,3) are all binary variables ranging from 0 to 1.
Based on the above analysis and the information items, three models are designed for simulation
experiments. The design of the detailed expression of each model is shown in 7able 6 as follows.

Table 6 — The design of models for the analysis of the contribution of information items

K, values
Model
Kq Ko K3
Model A 1 1 0
Model B 1 0 1
Model C 0 1 1

6.1 Contribution to traffic flow stability

Velocity fluctuation characteristics of three models (Model A, B and C) are shown in Table 7. The peak-to-
valley velocity difference of Model A is 0.0025 m - s~1, consistently lower than the peak-to-valley values of
Model B and Model C (0.0037 m - s~%, 0.0030 m - s~1). The average velocity fluctuation rate of Model A is
0.21%, also consistently lower than the rates of Model B and Model C (0.31%, 0.25%). From this conclusion,
by comparing the average fluctuation rates of each model’s velocity individually, the contributions of the
adjacent vehicle optimal velocity difference (x, item), multiple leading vehicles acceleration (i, item), and
driver memory information (k5 item) can be obtained. Due to the smaller average velocity variation in the
model, the importance of the missing information item is lower. It can be observed that the acceleration
information of multiple leading vehicles is the most important, whereas the driver memory information item
contributes relatively less.

Table 7 — Simulation results for Models A, B and C

Models Vave/(m-s71) Vpe/(m-s71) Rave/%
Model A 0.600 0.0025 0.21%
Model B 0.600 0.0037 0.31%
Model C 0.600 0.0030 0.25%

6.2 Contribution to additional energy consumption

If a vehicle maintains a consistent speed, its kinetic energy can remain stable, resulting in minimal
additional energy consumption. Conversely, if the vehicle’s speed undergoes significant changes over time,
requiring frequent acceleration during the travel process, the additional energy consumption will sharply
increase [48]. Moreover, in real-world traffic scenarios, a substantial rise in vehicle energy consumption
typically occurs during the acceleration phase [49]. Based on this, the calculation for the additional energy
consumption per vehicle is expressed in Equation 12;

1
LE, = Y 8,2 [w2(t+ 1) - v2(D)] (12)

where &, is a variable factor, when v, (t + 1) > v,(t), 6, = 1, otherwise §, = 0.
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Hence, the total additional energy consumption for the entire transport system can be calculated as follows:

N

AE = Z AE, (13)

Based on this, the additional energy consumption for the vehicles in the three models within 3,000 simulated
time steps was calculated separately for scene 1 and scene 2. The results of the calculations are presented in
Figure 6.
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Figure 6 — Additional energy consumption for various models in different scenes: a) The additional energy consumption within 3,000
simulated seconds for scene 1; b) The additional energy consumption within 3,000 simulated seconds for scene 2

From Figure 6, it is evident that in scene 1, i.e. under high density, Model A exhibits the minimum additional
energy consumption over the 3,000 simulated moments collected, and Model B is the maximum. In scene 2,
i.e. under low density, as the simulation moments increase, the additional energy consumption of Model A
remains consistently lower than the other three models. Meanwhile, the additional energy consumption of
Model B is always higher than that of the other two models. Since higher energy consumption indeed signifies
the greater importance of the information items, the experimental findings once again demonstrate that the
multiple leading vehicles’ acceleration information item is the most important, whereas the driver memory
information item contributes relatively less.

6.3 Contribution to traffic safety

To analyse the traffic flow safety in each model, this paper selects the time index TTC (time-to-collision).
TTC measures the time before a collision might happen between a leading and a following vehicle, given that
the speed difference is kept constant. The formula for TTC for vehicle n, at time t is provided in Equation 14.

A (6) N
TTCA() = {on(®) = vmrs (@ 7 (D "V (14)

00, 1, () < vpyq(0)

A lower TTC value signifies an increased likelihood of a rear-end collision at time t. However, TTC has
limitations and time instability. Therefore, two indicators were introduced, namely time exposed to TTC below
threshold (TET) and time integrated TTC (TIT), employing the threshold TTC to differentiate between secure
and hazardous conditions [50].

TET measures the total time vehicles are in hazardous traffic, marked by TTC below the set TTC".
Essentially, it sums up the time each vehicle spends potentially colliding with the one in front when TTC is
under TTC". TET(t) can be calculated precisely using Equation 15;

N

1,  (f 0<TTC,(t) STTCY)

o . . 15

TET(t) Z On, 6n {0, (otherwise) -
n=1

where 8} is a 0-1 variable, N is the total number of vehicles.
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TIT is calculated as the accumulation of TTC values. It reflects the variation in safety levels across different
TTC instances that fall beneath the specified threshold TTC". Consistent with TET, the larger TIT represents
a higher collision risk. The value of TIT (t) is determined using Equation 16.

N
TIT(t) = Z(TTC* ~TTC,()), TTC®>TTCy(t) (16)
n=1

Simulation experiments were carried out to analyse the safety indicators of the three models respectively.
Referring to existing research, the value of TTC" ranges from 1 to 3 seconds [44, 45]. Then TTC* was set to 1
s, 2 s and 3 s, respectively, in the experiment. The results obtained are shown in Figure 7.
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As shown in Figure 7, Figures 7a-7c display the reduction ratio of TET values of the three different models
when different TTC* values were taken within 1,000 simulation seconds. Figures 7d-7f show the reduction ratio
of TIT values of the three different models with different TTC* values. The curves of different colours in the
figure represent different models. It can be seen from Figures 7a-7c that the TET reduction ratio of Model A
reaches first. Moreover, the values of the TET reduction ratio of Model A are larger than those of the other
two models before reaching 100%. It can be seen from Figures 7d-7f that TIT and TET have the same variation
patterns, indicating that Model A exhibits better safety performance compared with the other two models. The
threshold TTC* exerts minimal influence on the reduction ratio of both TET and TIT, and the variation trends
of TET and TIT remain consistent across the same models. Because better traffic safety performance makes
the missing information less significant, the conclusion from the traffic safety perspective aligns with the
findings of the previous two sections.

7. CONCLUSION

The V2X technology provides great convenience for obtaining various information that influences car-
following behaviours. Then, multi-source information fusion models are required for description. Furthermore,
too much information may increase the processing time and processing complexity. Then the impact of each
information item needs to be investigated. Based on these, the objective of this research is to develop an
integrated model framework designed to understand vehicle following behaviours within a vehicle-to-
everything (V2X) setting, and to evaluate the impact of diverse information types on the model’s performance.
This initiative is expected to offer valuable perspectives and guidance for the advancement of future intelligent
transportation systems.

Firstly, a comprehensive review of the literature is conducted to establish an integrated car-following model
framework. Subsequently, referring to existing studies, based on the BLVD model, an integrated model in the
V2X environment is established by integrating the information identified, which is named the BL-MSIF model.

Then, the performance of the BL-MSIF model is assessed by utilising numerical simulation. The simulation
experiments demonstrate that the BL-MSIF model improves traffic stability in both circular road and straight
road scenarios. The result lays a certain foundation for the construction of car-following models in the era of
connected vehicles.

Finally, based on the integrated model framework, the contributions of various information items to the
model are examined through comparative analysis from three perspectives: traffic flow stability, additional
energy consumption and traffic safety. The results indicate that the acceleration information of preceding
vehicles holds the highest importance, while the contribution of driver memory effect information to the model
is relatively low, which offers insights for information transmission in connected vehicles.

However, there are certain limitations. Firstly, due to the influence of real vehicle testing conditions, the
improved following model was not tested with real vehicles. Secondly, there has been a lack of investigation
into how the model performs under mixed traffic conditions, specifically when both connected vehicles and
those operated by humans are present. The next step is to conduct real vehicle testing to further optimise the
model and investigate its characteristics in heterogeneous traffic flow. At present, only limited information is
available, but as more data become accessible, increasingly advanced and comprehensive models will be
developed in the future.
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