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Abstract
The lane-change transportation research usually focuses on the efficiency and stability of the macro traffic flow while ignoring 
the driving comfort of individual vehicles. And many studies of lane-change models are often limited to the performance of 
a single vehicle, which leads to a lack of macroscopic evaluation. To solve the above limitations, an automatic lane-change 
generalized dynamic model is adopted. In this model, the lane-change behavior of an individual vehicle is considered as 
the generalized excitation and the restraining force between vehicles is described with the car-following model. Macro and 
micro evaluation indexes are also adopted to evaluate the automatic lane-change behavior in traffic flow. Furthermore, this 
paper proposes a modified intelligent driver model (IDM) to describe the state change process during lane change. The 
hyperbolic tangent transition function is used to eliminate the vehicle state mutation. The simulation results show that the 
proposed automatic lane-change generalized dynamic model can reflect the macro and micro parameters of the traffic flow. 
And compared with the traditional IDM model, the proposed HC-IDM model achieves higher comfort performance and 
lower fluctuation of traffic flow.
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Abbreviations
ALCGDM	� Automatic lane change generalized dynamic 

model
IDM	� Intelligent driver model
HC-IDM	� Hybrid operating condition IDM
MOBIL	� Minimizing overall braking induced by lane 

changes
OVM	� Optimal velocity model

1  Introduction

Scholars have actively carried out research on the lane-
change model [1, 2]. The early research on lane-change 
model mainly focused on the development of natural-driving 
lane change [3, 4], and the related research results are mainly 
concentrated in the transportation field. Now there are four 

major theories for the lane-change research, including rule-
based [5], discrete-choice-based [6], incentive-based [7, 
8], and artificial-intelligence-based [9, 10] theories. The 
advantage of the rule-based lane-change model is that new 
rules can be added according to new lane change require-
ments, but this mechanism will inevitably lead to the model 
becoming more and more bloated with the improvement of 
rules, and the causes of actual lane change requirements are 
difficult to be exhaustive. The discrete-choice-based model 
is different from other types of models. In some judgment 
processes, it will be combined with the actual statistical or 
calibrated probability distribution model, so that the model 
has better pertinence and accuracy in specific scenes. And 
it is because of this principle that the calibration workload 
of the model is large and the scope of application is limited. 
The incentive-based lane-change model can integrate dif-
ferent incentives, so as to intuitively reflect the reasons for 
vehicle lane change, maximizing their driving interests, such 
as obtaining higher driving speed and driving on the right 
lane as far as possible. The model principle based on vehi-
cle-following model is also more conducive when applied to 
the integration of traffic flow model. However, just like the 
rule-based model, the improvement and refinement of lane 
change incentives will lead to the model becoming more 
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bloated, and the workload of calibration and calibration will 
increase greatly. Most AI lane-change models need to be 
supported by a large number of natural driving statistics, and 
because the statistical data is highly targeted to the working 
conditions and road sections, the universality of the model 
is low. Besides, the model trained by the training set has no 
clear physical meaning, so it does not have the space for 
targeted calibration.

With the development of autonomous driving, vehicle 
network and intelligent transportation technology in recent 
years, automatic lane change technology has been exten-
sively researched and developed. Nilsson et al. [11] regard 
the lane-change behavior as the longitudinal planning 
problem of the vehicle. Based on the existence of the safe 
lane-change trajectory, a decision model of automatic lane-
change time and target gap is proposed. It is pointed out that 
such a model can serve lane-change modules of ADAS, such 
as providing lane-change suggestions and warnings. Lane-
change time and acceleration are determined as decision 
objects by Hoogendoorn et al. [12, 13] to establish a com-
prehensive lane-change decision model to improve safety 
and efficiency. The state prediction and iterative optimiza-
tion methods are adopted to minimize the objective function, 
which can be applied to both automated and non-cooperative 
automatic lane-change systems. But the huge computational 
complexity of this model makes the demand for comput-
ing power extremely strong in practical applications. Based 
on the intelligent driver model (IDM), Ulbrich et al. [14] 
proposed an automatic lane-change layered decision frame-
work for autonomous vehicles. The framework divides the 
lane change decision of the vehicle into four levels: lane 
change possibility assessment, lane change benefit assess-
ment, distance assessment, uncertainty calculation, and the 
rationality of the model is verified by simulation. Yu et al. 
[15] proposed a vehicle automatic lane-change model based 
on game theory. Different strategies are evaluated by inte-
grating the payment function of safety and driving space, 
and a radical coefficient (offensive) is introduced to charac-
terize different driving characteristics. Abuamer et al. [16] 
proposed an evaluation system adopting ALINEA for the 
evaluation of the automatic driving system. This system used 
average speed, traffic capacity and average fuel consump-
tion as evaluation indicators. Micro-simulation platform on 
Istanbul D-100 freeway was built to verify the evaluation 
system. Sadat et al. [17] built a similar simulation platform 
to study the effect of different compliance level (CL) on the 
variable speed limit system (VSL).

Based on the above literature analysis, research on lane-
change model is gradually permeating from the traditional 
traffic field to the field of intelligent driving and intelligent 
transportation. As the basis of vehicle lane-change behav-
ior, automatic lane-change decision initially takes the sub-
ject vehicle’s (SV) driving efficiency as the optimization 

goal. With the improvement of vehicle networking and 
vehicle communication level, it gradually changes and 
takes the comprehensive driving efficiency of multiple 
vehicles and even the whole traffic flow as the optimiza-
tion goal. Under the technical premise of automatic driv-
ing and vehicle networking, the behavior characteristics of 
human drivers are gradually weakened, and more attention 
is paid to the driving characteristics of vehicles and the 
overall efficiency optimization of macroscopic traffic flow. 
And the evaluation system for automatic lane change based 
on the above-mentioned automatic lane change model for 
a single vehicle is usually only established for the SV. 
And, the evaluation index includes the safety, micro com-
fort and macro traffic efficiency benefits of the SV in the 
lane-change process. Automatic lane-change behavior will 
affect the state of SV and adjacent vehicles, while having 
a certain impact on the overall traffic flow. However, the 
research about automatic lane change lacks the evalua-
tion of both macro traffic flow and vehicle micro comfort. 
Therefore, inspired by the idea of generalized dynamics, 
this paper establishes the generalized dynamic model of 
the automatic lane change. The lane-change behavior of 
an individual vehicle is considered as the excitation of 
the model. The effect of automatic lane change behavior 
on the overall traffic flow is studied from the perspective 
of the macro traffic stability, macro traffic efficiency and 
micro vehicle comfort, thus providing an evaluation model 
for the automatic lane-change algorithm, featured by mac-
roscopic and microscopic indicators. At the same time, 
this evaluation system can also prove the merits of the 
proposed automatic lane-change model regarding comfort, 
stability and traffic efficiency.

The remainder of this paper is organized as follows. In 
Sect. 2, the automatic lane-change generalized dynamic 
model (ALCGDM) is introduced. In Sect. 3, the excita-
tion model of ALCGDM is presented. Longitudinal con-
straints of ALCGDM are described in Sect. 4, and Gipps 
model, OVM and IDM are analyzed and compared. Lateral 
constraints of ALCGDM are described in Sect. 5, and the 
HC-IDM using hyperbolic tangent transition function is pro-
posed. In Sect. 6, the simulation results through MATLAB 
are demonstrated and discussed to validate the proposed 
ALCGDM and HC-IDM. Conclusive remarks are summa-
rized in Sect. 7.

2 � Automatic Lane‑Change Generalized 
Dynamic Model

The D' Alembert principle is one of the most important prin-
ciples in dynamics. The principle states that for any physical 
system, all inertial forces or applied external forces, after a 
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virtual displacement that meets the constraints, the sum of 
all virtual work equals zero:

in which, F represents the external active excitation to the 
physical system.FN represents the constrained force.FI rep-
resents the inertial force of the system, so that the non-New-
tonian mechanical model could be described by the static 
formula.

At present, the influence of lane-change behavior on 
surrounding vehicles and the whole vehicle group is rarely 
researched. The generalized dynamic model of automatic 
lane change based on D' Alembert's dynamics principle 
is mainly used to describe the influence of lane change 
behavior on the overall traffic flow from macroscopic and 
microscopic perspectives. The generalized active excita-
tion F̃ of the model is the lane- change vehicle excitation. 
The generalized response m̃a is the transient and steady-
state response of the overall traffic flow, including speed 
fluctuations, acceleration fluctuations, and comfort. The 
elements of the model are all vehicles in the lane-change 
model. The generalized constrained force 

∼

FN between 
each element is determined by the safety distance model 
between vehicles. There are two types of constraints: lon-
gitudinal follow-up and lateral lane change. Each element 
is based on a certain lane-change rule, based on the cur-
rent longitudinal and lateral constraints of the vehicle to 
make a lane-change decision. In the defined traffic envi-
ronment, all vehicles may apply lane-change excitation 
to the overall traffic flow according to the decision of the 
vehicle. Therefore, the input and output of the generalized 
dynamic model of the automatic lane change are dynamic 
processes. Figure 1 is an automatic lane-change scene. 
And two lanes in the same direction are set in this scene. 
Vehicle in front in the target lane (VFT), vehicle in rear 
in the target lane (VRT) and vehicle in front in the same 
lane (VFS), subject vehicle (SV) and vehicle in rear in the 
same lane (VRS) are distributed on lane 1 and lane 2. SV 
is used to illustrate the mechanism and role of the general-
ized dynamic model of automatic lane change established 
in this paper.

(1)
∑

(F + FN + FI) = 0

3 � Excitation Model of the Automatic 
Lane‑Change Generalized Dynamic Model

Based on the minimizing overall braking induced by lane 
changes (MOBIL) decision model, the vehicle accelera-
tion is used as the lane change excitation of the generalized 
dynamic model. And the overall acceleration gain excita-
tion is used as the optimization target under the longitudinal 
safety condition to describe the microscopic driving behav-
ior. At the same time, the MOBIL model introduces the 
courtesy factor P, which makes the SV's decision to change 
lane after taking the impact on surrounding vehicle VRS and 
VRT into consideration.

3.1 � Model Safety Criterion

Before assessing the benefits of the lane change decision, 
the safety distance between SV and the surrounding vehicle 
during the lane change process should be analyzed first to 
avoid the occurrence of emergency braking or even rear-end 
collision of the surrounding vehicles. As shown in Fig. 1, 
the lane-change behavior of the SV causes the car-following 
state change of the SV, VRS and VRT. The VRS’s car fol-
lowing object changed from SV to VFS, and the following 
distance increases, so there is no safety hazard. However, the 
following distances between the VRS and SV are reduced. 
Therefore, it is necessary to evaluate the safety distance dur-
ing the lane change process. The acceleration value needs to 
meet the following requirements:

Among them, v̇new and v̇(VRT)new are the acceleration of SV 
and VRT after the lane change behavior. bsafe is the maxi-
mum safe deceleration of the vehicle. For realistic longi-
tudinal models,  bsafe should be well below the maximum 
possible deceleration bmax , which is about 9 m∕s2 on dry 
road surfaces. By formulating the criterion in terms of safe 
braking decelerations of the longitudinal model, crashes due 
to lane change are automatically excluded [18].

3.2 � Model Acceleration Gain

The acceleration gain criterion is a model that analyses the 
gains of the lane-change behavior and makes decisions on 
the lane-change behavior. Different from the traditional 
lane-change decision model, where only the SV’s gain is 
considered, the MOBIL model considers the improvement 
of the driving behavior by the SV lane-change behavior. 
The acceleration gain model consists of two parts: the SV 

(2)v̇new > −bsafe

(3)v̇(VRT)new > −bsafe

Fig. 1   Automatic lane-change scene
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acceleration gain and the surrounding vehicle acceleration 
gain. When the total gain is bigger than the set threshold, the 
output decision result is the SV lane change, otherwise, the 
decision is to keep driving in the original lane. The MOBIL 
acceleration gain excitation model is as follows:

Among them, v̇ori、v̇(VRT)、v̇(VRS) are, respectively, 
SV、VRT、VRS’s original acceleration before SV’s lane 
change. v̇new、v̇(VRT)new 、 ̇v(VRS)new are the updated accel-
eration after SV’s lane change. ath is the threshold of the 
acceleration gain, P is the courtesy factor, which character-
izes the altruism degree of SV. When P equals zero, Eq. (4) 
degenerates to:

At this time, the lane change vehicle only considers its 
own gain and this model belongs to complete egoism.

4 � Longitudinal Constraints of the Automatic 
Lane‑Change Generalized Model

In the automatic lane change generalized dynamic model, 
the generalized constraint force is ubiquitous between adja-
cent vehicles. Its value is determined by the relative speed 
and relative distance. The generalized constraint force guar-
antees driving safety and determines the internal mechanism 
of the autonomous cluster. Herein, the generalized constraint 

(4)
v̇new − v̇ori + P(v̇(VRT)new − v̇(VRT) + v̇(VRS)new − v̇(VRS)) > −ath

(5)v̇new − v̇ori > −bsafe

4.1 � Gipps Model

Gipps car-following model divides the longitudinal motion 
of the vehicle into free-driving mode and car-following 
mode. The model input includes the driver's reaction time, 
the speed of car-following vehicle and the vehicle in front 
and the expected vehicle speed, and the output is the speed 
of the vehicle after the reaction time.

Free-driving mode:

Car-following mode:

Among them, v and v−1 are, respectively, the speed of 
self-vehicle and its leading vehicle, T  is the driver's reaction 
time, a represents the maximum desired acceleration, x and 
x−1 represents the longitudinal coordinates of the car-follow-
ing vehicle and the leading vehicle respectively, vd represents 
the desired speed, b is the maximum desired deceleration, b′ 
is the estimated value of the maximum expected deceleration 
of the leading vehicle, L−1 represents the length of the front 
vehicle body, Lb represents the longitudinal slack between 
the following vehicle and its leading vehicle.

Considering the above two equations, the Gipps car-fol-
lowing model can be expressed as follows:

Although many related studies show that Gipps model 
can truly reflect the law of natural driving traffic flow, and 
the parameters and variables of the model equation have 
clear physical meanings, the equation is more complex 
and there is no simple and clear physical meaning for each 
item, which makes it difficult to understand and calibrate 
the model.

4.2 � Optimal Velocity ​​Model

OVM regards the optimal vehicle speed as a univariate 
function of the following distance, and its expression is as 
follows.

(6)v(t + T) = v(t) + 2.5aT(1 −
v(t)

vd

)

√
0.025 +

v(t)

vd

(7)

v(t + T) = −bT+√
b2T2 + b

{
2[x−1(t) − L−1(t) − Lb − x(t)] − v(t)T +

v−1(t)
2

b�

}

(8)v(t + T) = min

�
v(t) + 2.5aT(1 −

v(t)

vd

)

�
0.025 +

v(t)

vd

, −bT +

�
b2T2 + b

�
2[x−1(t) − L−1(t) − Lb − x(t)] − v(t)T +

v−1(t)
2

b�

�⎫
⎪⎬⎪⎭

force is described by the car-following model. Many differ-
ent car-following models have been proposed and verified 
by actual traffic flow statistics, such as Gipps model, opti-
mal velocity ​​model (OVM), full velocity difference model 
(FVDM) and intelligent driver model (IDM). [19–22]. The 
researchers have made different improvements to the above 
model for the application in ADAS, including IDM + and 
CIDM (Cooperative IDM) [23, 24]. However, they are all 
designed for the longitudinal constraint, without consider-
ing the lateral behavior of the vehicle, which will result in 
a serious decline in the applicability of the model after the 
introduction of vehicle lane change behavior.
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Among them, v is the optimal vehicle speed, vd is 
the desired vehicle speed, dc is the safe vehicle dis-
tance, k is a sensitivity coefficient of the driver. When 
(x−1(t) − x(t) − L−1) → ∞ , the optimal vehicle speed is close 
to the desired vehicle speed vd ; (x−1(t) − x(t) − L−1) → 0 , 
the optimal speed is close to 0, which is consistent with the 
actual situation.

Like the Gipps model, each term in the equation has no 
clear and easy way to understand its actual physical mean-
ing, which is not convenient for the understanding and cali-
bration of the model. Moreover, the model is guided by the 
optimal vehicle speed and has no strict limit on the actual 
acceleration of the vehicle, resulting in unreasonable accel-
eration of the model under specific circumstances. When the 
vehicle speed approaches 0, the parking distance between 
vehicles is not considered, so it is not suitable for low-speed 
and stop conditions.

4.3 � Intelligent Driver Model

IDM calculates the expected car-following distance of the 
controlled vehicle based on the longitudinal speed of the 
controlled vehicle and its leading vehicle. Then, the expected 
acceleration of the controlled vehicle is calculated in com-
bination with the expected car-following distance and the 
expected vehicle speed. The model equation is as follows:

(9)v(▵ x) =
vd

2

{
tanh[x−1(t) − x(t) − L−1 − dc] + tanh(dc)

}

(10)v̇(t) = k[v(x−1(t) − x(t) − L−1) − v(t)]

(11)v̇ = a

[
1 −

(
v

vd

)𝛿

−

(
d∗(v,▵ v)

x−1(t) − x(t) − L−1

)2
]

� is the free acceleration index. d∗ is the desired car-fol-
lowing distance. djam is the traffic jam distance. Ts is the 
safety time headway. Related studies have shown that IDM 
has excellent "non-collision" characteristics, which can 
ensure a safe distance between vehicles. In addition, its big-
gest advantage is that the model involves fewer parameters 
and variables with clear actual physical meaning. Thus, the 
calibration and optimization of the model are simpler. The 
vehicle acceleration is adopted as the output in the IDM 
with the acceleration constraints for comfort considerations. 
Therefore, the control of the autonomous vehicle has better 
transition performance with the actuator system (accelera-
tion control can be converted into a drive force control by 
Newtonian mechanics).

4.4 � Simulation Comparison of Gipps Model, OVM 
and IDM

To reflect the characteristics and differences of the above 
car-following models more intuitively, the traffic flow in the 
same initial state is used to simulate the above three mod-
els. Taking the traffic flow of 10 vehicles as an example 
under the following conditions: (1) the static starting and (2) 
deceleration and stopping, then the simulation is conducted, 
and the characteristics of different models are compared and 
analyzed. It should be noted that the common parameter 
values of the three models are the same. Specific parameter 
values are shown in Table 1.

(12)d
∗(v,▵ v) = djam + Ts ⋅ v +

v⋅ ▵ v

2
√
ab

Table 1   Parameters of different car following models

*model 1:Gipps, model 2:OVM, model 3:IDM

Parameter Value Model

Maximum desired acceleration ( m∕s2) 0.73 1\2\3*
Maximum desired deceleration ( m∕s2)  − 1.67 1\3
Estimated value of the maximum expected 

deceleration of the leading vehicle ( m∕s2)
 − 1.67 1

Safe vehicle distance ( m) v ∗ T
s

2
Traffic jam distance ( m) 2 3
Sensitivity coefficient of driver 1 2
Length of the vehicle body ( m) 4 1\2\3
longitudinal slack ( m) 3.5 1
Driver's reaction time ( s) 0.1 1
Safety time headway ( s) 2 2\3
Free acceleration index 4 3

Fig. 2   Initial distribution of vehicles

Fig. 3   Vehicle distribution at the end of simulation
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(1)	 Static Starting Condition
	   The static starting condition can evaluate the starting 

characteristics (such as impact and starting speed) and 
stability characteristics of the model. Here, set the initial 
static 10 vehicle queue, and the initial vehicle distance 
is the jam distance (set to 2 m) [25], as shown in Fig. 2. 
After 200 s of simulation, the results are shown in Figs. 3 
and 4. From the comparison of vehicle distribution at 
the end of simulation in Fig. 3, it can be seen that the 
driving distance of vehicle queue in OVM is slightly 
longer than that in the other two, mainly because OVM 
does not strictly limit the vehicle acceleration, and in 
the initial stage, the acceleration of vehicles behind the 
queue is too high (as shown in Fig. 4b), and even reaches 
10 m∕s2 , which is inconsistent with reality. It can be seen 
from the speed curve in Fig. 4a that the queue start of 
the Gipps model is inconsistent, and the acceleration of 
vehicles behind the queue fluctuates greatly beyond 10 
m∕s2 due to the absence of strict limits. The IDM model 
takes into account the riding comfort requirements of the 
vehicle and strictly limits the acceleration range of the 
vehicle, so the acceleration in the whole process does 
not exceed 1 m∕s2 (as shown in Fig. 4c), and the price is 
that the whole queue takes a long time to reach a stable 
state. It reaches a relatively stable state only 100 s after 
the start of the simulation, while the other two reach a 
stable state within 100 s. From the above analysis of 
vehicle speed and acceleration response, it can be seen 
that Gipps model and OVM are not well applicable in 
the static starting condition of traffic flow.

(2)	 Deceleration and Stopping Condition
	   The deceleration and stopping condition is defined 

here as an accident ahead on the highway, and a warn-
ing sign is set at 150 m behind the accidentunder 
related traffic safety law [26]. The vehicle queue must 
decelerate to 0 before the accident happens to avoid 
collision. Due to the timely warning, there should be 
no emergency braking, so the vehicle still runs accord-
ing to the car-following model. Based on the steady 
state at the end of the simulation in the above part, it 
is assumed that the first vehicle in the vehicle queue 
finds a warning sign at 4500 m on highway and needs to 
stop within 150 m. The simulation results of the three 
models are shown in Figs. 5 and 6.

	   It can be seen from Fig. 5 that at the end of the simu-
lation, the vehicle queue of the three models did not 
exceed the accident point (red line), but it can be found 
from Fig. 6a that the Gipps model does not reach sta-
bility and the acceleration is still fluctuating violently. 
All vehicles of OVM and IDM have reached parking 

Fig. 4   Simulation results of different following models. (Each curve 
represents a vehicle)

▸
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status. However, it can be seen from Fig. 6b that there 
is not enough distance between vehicles in OVM model, 
resulting in the following distance reaching 0 and large 
acceleration during deceleration and stopping (exceed-
ing 5 m∕s2 ). As can be seen from Fig. 6c, the IDM 
model ensures smooth parking and maintains a safe 
distance between vehicles. At the same time, the peak 
acceleration is well controlled, and the maximum value 
does not exceed 2 m∕s2 . It can be seen that Gipps model 
and OVM are not applicable to the above deceleration 
and stopping conditions, while IDM can be applied.

	   The simulation results of Gipps model are compared 
with that of OVM and IDM under the above two work-
ing conditions: (1) static starting and (2) deceleration 
and stopping. Only IDM realizes a more reasonable 
and smooth state transition in two working conditions 
and shows good adaptability in multiple working condi-
tions, so the IDM car-following model is selected.

5 � Lateral Constraints of the Automatic 
Lane‑Change Generalized Model

Based on the above analysis, only IDM achieves a more 
reasonable and smooth state evolution. Therefore, IDM 
is selected as the research basis for the longitudinal con-
straint model. However, the lateral constraint is not con-
sidered in the IDM, which is important to the automatic 
lane change process. The vehicle lane-change process is 
the transition of two different car-following behaviors. 
The traditional IDM does not describe the longitudinal 
kinematics model of the lane change process. As shown 
in Fig. 1, when SV changes from lane 2 to lane 1, its lead 
vehicle changes from the original VFS to VFT. The dif-
ference in state between the VFS and the VFT will result 
in a sudden change in the output of the IDM equation, and 
the greater the difference, the more severe the transition. 

Similarly, the lane change behavior will cause a similar 
parameter jump to the VRS and the VRT, resulting in an 
unreasonable output and fluctuations to the model.

The same car-following model is used to describe the 
longitudinal constraint model of the vehicle before and 
after the lane change behavior with VFS and VFT as the 
following objects respectively. The SV's acceleration v̇ori 
and v̇new before and after the SV's lane change can be cal-
culated according to the IDM:

Many existing studies consider the transition process 
of Eq. (13) to (14) to be instantaneous [27], thus causing a 
jump in the model output. The magnitude of the change 
from (xVFS − xSV)  to (xVFT − xSV) and from (vVFT − vVRT) to 
(vSV − vVRT) determines the magnitude of the jump in the IDM 
output acceleration before and after the lane change. In order 
to visually reflect this jump, the lane change behavior is added 
on the basis of the simulation in Sect. 4, assuming that at 100 s, 
a vehicle changes from the original lane to the adjacent lane 
on the left. It can be seen from Fig. 7 that the lane change 
changes the acceleration and has a significant impact on the 
surrounding vehicles, which is unfavorable for the stability of 
the system and the vehicle ride comfort.

To achieve a smooth transition during the lane change pro-
cess, the transition function �(�) is introduced between the 
state v̇new and v̇ori as Eq. (15).

v̇tar is the target acceleration output of the modified IDM 
model, and τ is the time accumulation after the start of the 
most recent lane change (the lane-change start time τ = 0, and 
τ continues to accumulate after the lane change ends). Differ-
ent transition functions show varying transition characteristics. 
The following three different transition functions including 
linear function, exponential function and hyperbolic tangent 
function are compared and analyzed.

5.1 � Linear Transition Function

The simplest transition method is a linear transition, that is, the 
transition from Eq. (13) to (14) is considered to be linear, and 

(13)

v̇ori = aSV

⎡⎢⎢⎢⎣
1 −

�
vSV

vSVd

�𝛿

−

⎛⎜⎜⎜⎝

djam + Ts ⋅ vSV +
vSV⋅(vSV−vVFS)

2
√
aSVbSV

xVFS − xSV − LVFS

⎞⎟⎟⎟⎠

2⎤⎥⎥⎥⎦

(14)

v̇new = aSV

⎡⎢⎢⎢⎣
1 −

�
vSV

vSVd

�𝛿

−

⎛⎜⎜⎜⎝

djam + Ts ⋅ vSV +
vSV⋅(vSV−vVFT)

2
√
aSVbSV

xVFT − xSV − LVFT

⎞⎟⎟⎟⎠

2⎤⎥⎥⎥⎦

(15)v̇tar = 𝜓(𝜏)v̇new + (1 − 𝜓(𝜏))v̇ori

Fig. 5   Vehicle distribution at the end of simulation
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the slope is related to the transition time, and �(�) is defined 
as:

TLC is the duration of a single-lane change process. The lin-
ear transition function is positive and smaller than 1, because 
TLC and � are positive.

5.2 � Exponential Transition Function

It is considered that the lane-change trend needs to be estab-
lished quickly in the early stage of the lane change, so as to 
convey the lane change intention to the rear vehicle, and the 
lane-change behavior should be gentle in the later stage. Then, 
the exponential function of �(0) = 0 can be used as the transi-
tion function, which is defined as follows:

� is the coefficient reflecting the transition speed. In order 
to determine � , the stage of 0.01 ≤ �(�) ≤ 0.99 is defined as 
the lane-change process. The stage of 𝜓(𝜏) < 0.01 is defined 
as driving in the original lane. The state of 𝜓(𝜏) > 0.99 is 
defined as lane change completed. Because �(�) is a mono-
tonic function, getting:

5.3 � Hyperbolic Tangent Transition Function

Inspired by the activation function of the neural network, 
a variant of the hyperbolic tangent function can be used to 
obtain a smoother transition.

� and � are parameters that reflect the transition speed and 
phase, respectively.� and � can be calculated as follows, with 
the same assumptions as the exponential transition function:

The result of Eq. (21) is:

(16)�(�) = min

(
1,

1

TLC

�

)

(17)�(�) = 1 − e
−��

(18)TLC = �|�(�)=0.99 − �|�(�)=0.01 =
ln 0.01 − ln 0.99

−�

(19)� =
ln 0.99 − ln 0.01

TLC

≈
4.6

TLC

(20)�(�) =
1

2
[tanh (�� − �) + 1]

(21)

{
�(0) =

1

2
[tanh (−�) + 1] = 0.01

�(TLC) =
1

2

[
tanh

(
�TLC − �

)
+ 1

]
= 0.99

Fig. 6   Simulation results of different following models. (Each curve 
represents a vehicle)

▸
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To analyze the differences among the three transition 
models, they are simulated separately under the same work-
ing condition. SV’s desired speed is 35 m/s, while VFS is 
at a slower speed of 20 m/s, which limits the increase of 
the SV speed. And, VFT’s speed is 30 m/s. To improve the 
driving efficiency of the vehicle when the distance from the 
VFS is reduced to a certain value, the SV performs a free 
lane change from lane 2 to lane 1. This is just to analyze the 
similarities and differences of the three transition models 
without the influence of lane-change decision. It is assumed 
that during the entire process, VFS and VFT are running 
at a constant speed without changing lanes. To explain the 
role of the transition function, the concept of "belief lane" 
is introduced to indicate the weight of the lane numbers of 
the longitudinal restraint of the vehicle. That is, when the 
SV changes from lane 2 to lane 1, its longitudinal restraint 
is applied from VFS to VFT, and during the lane-change 
process, its longitudinal constraint force is considered to be 
jointly generated by VFS and VFT. For example, when SV 
is in the middle of the two lanes, 50% of the longitudinal 
constraint is applied by lane 1, while the others are applied 
by lane 2. And, the belief lane at this time is 1.5. The math-
ematical definition is as follows:

in which, i denotes the lane number, including the original 
lane and the target lane. �

i
 denotes the longitudinal con-

straint weight of the lead vehicle on i lane to the target vehi-
cle. Herein, �

i
= �(�) . Referring to the lane change time 

[20] on the common high-speed condition, TLC is determined 
as 4 s. SV changes lanes at the time of 30 s, that is, the SV 

(22)

{
� = −atanh(−0.98) ≈

4.6

TLC

� =
atanh(0.98)+�

TLC

≈ 2.3

(23)Lb ∶=
∑
i

�
i
i

runs according to the IDM model before 30 s and after 34 s. 
The simulation results are shown in Fig. 8, where (a) is the 
acceleration curve, (b) is the belief lane, and (c) is the lon-
gitudinal jerk degree.

It can be seen that the model without transition process 
will have a jump in acceleration at the time of lane change. 
It can be seen from the degree of jerk curve in Fig. 8c that 
the maximum jerk degree of the model without transition 
reaches 6m∕s3 , which is caused by the jump of the belief 
lane at the beginning of the lane change. The model with 
the transition function realizes the continuous transition 
of the acceleration before and after the lane change, which 
directly benefits from the continuous transition of the belief 
lane. To compare the differences of the three transition 
functions, further analysis is conducted. It can be seen that 
the jerk degree of the linear transition model is constant, 
with a small amplitude jump at the beginning and end of 
the lane change process. The exponential transition model 
has a significant degree of jerk jump at the beginning of 
the lane change, reaching 0.6m∕s3 , and then decreases 
smoothly. The hyperbolic tangent transition model has a 
very small transition at the initial moment. A smooth tran-
sition that converges to zero is achieved by smoothing the 
first increase. The magnitude of the jump is only less than 
1⁄2 of the linear transition model, and the peak is less than 
2⁄3 of the peak of the exponential transition model.

The acceleration and jerk degree with the hyperbolic tan-
gent transition function is close to the "perfect curve" of the 
smooth transition. Therefore, the transition function used 
herein is hyperbolic tangential transition function. Combined 
with the IDM model, the modified model can be expressed 
as Eq. (24). This model is called hybrid operating condition 
(mixing of car-following and lane-change conditions) IDM 
(HC-IDM). The model is characterized by the use of mixed 
conditions without the need for segmentation processing, 
which can achieve a smooth transition while retaining the 
advantages of the IDM model.

6 � Simulation Result and Analysis

The automatic lane change generalized dynamic model 
(ALCGDM) contains IDM and HC-IDM, two kinds of car-
following models, and MOBIL, lane-change decision model. 

(24)

⎧⎪⎪⎪⎨⎪⎪⎪⎩

v̇tar = 𝜓(𝜏)v̇new + (1 − 𝜓(𝜏))v̇ori

v̇new = a

�
1 −

�
v

vd

�𝛿

−
�

d
∗(v,▵v)

d

�2
�

d∗(v,▵ v) = djam + Ts ⋅ v +
v⋅▵v

2
√
ab

𝜓(𝜏) =
1

2

�
tanh

�
𝜆

TLC

𝜏 − 𝛾

�
+ 1

�

Fig. 7   Traditional IDM lane change model leads to acceleration salta-
tion
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The simulation environment is a two-lane highway with a 
speed limit of 120 km/h. There are 100 vehicles (95 cars 
and 5 trucks) randomly distributed in the two lanes. At the 
initial time, both the headway distribution and the speed dis-
tribution are in the Weibull distribution model. The headway 
of the intensive traffic will remain above a critical value to 
ensure safety. Generally, the safety headway in urban and 
highway working conditions is 1.5–2 s [28–30]. Consider-
ing that the headway on the highway is generally large and a 
stable following state is not reached at the beginning of the 

simulation, the initial headway is set as 2.5 s, which is larger 
than desired. And the simulation aims to verify whether the 
vehicle model can reach a stable state. The initial headway 
and vehicle speed distributions are not independent of each 
other. Herein, they are considered to be linearly related. The 
initial speed of each vehicle obeys the Weibull distribution 
near its expected speed. The values ​​of related parameters are 
shown in Tables 2 and 3 [18, 25].

Under the excitation of the MOBIL automatic lane-
change decision model, the ALCGDM can obtain the sys-
tem output response, including micro comfort index, macro 
stability index and traffic efficiency index.

(1)	 Micro Comfort Index
	   The micro comfort index is an evaluation index for 

an individual vehicle, and reflects the driver's ride 
comfort. It is usually expressed by vehicle’s accelera-
tion or jerk degree. Figure 9 shows the acceleration, 
jerk degree and belief lane curves during a typical 
lane-change process with ①IDM + MOBIL and ②HC-
IDM + MOBIL. It can be seen that when the traditional 
IDM model (in model combination ①) is used, the lane-
change process will produce more severe acceleration 
jumps, resulting in a severe longitudinal jerk level. It 
can be seen that the jerk degree is nearly 10m∕s3 , which 
will significantly affect ride comfort, especially when 
passengers are not prepared for non-starting conditions. 
The reason for this excessively severe jerk degree can 
be seen from the belief lane curve. At the time of lane 
change, the belief lane changes from 1 to 2 without 
continuous transition. By using the HC-IDM, the accel-
eration jump of the lane-change process has been weak-
ened, and the jerk degree is limited to 2m∕s3 . This is 
directly due to the smooth and continuous transition 
process of the belief lane change.

(2)	 Macro Stability Index
	   The macro stability index is an indicator of the overall 

traffic flow. It is usually expressed by fluctuations in 
the speed, acceleration, and jerk degree of the vehicle 
cluster. To evaluate the fluctuation of the traffic flow, 
the average acceleration and jerk degree of all vehicles 
are compared, and the results are shown in Figs. 10 and 
11. It can be seen from Fig. 10 that the acceleration 
fluctuation of model combination ② is slighter and the 
peak value is smaller. In addition, it can be seen from 
Fig. 10b that the acceleration of the model combination 
① has a sharp fluctuation, while the second has main-
tained a relatively flat change, which is mainly due to 
the introduction of the transition function in the HC-
IDM. To quantitatively evaluate the magnitude of the 
above acceleration fluctuations, the average longitudinal 
jerk degree of the system is compared, and the results 
are shown in Fig. 11. It can be seen that even after 200 s 

Fig. 8   Simulation results of different transition models
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of the simulation, the average peak jerk of model com-
bination ① is still close to 0.3m∕s3 (note that the abso-
lute value of the jerk degree here is smaller because all 
vehicles for the entire traffic flow are averaged), and the 
fluctuations are severe. The average peak jerk of model 
② remains at a very low level, which is less than 30% of 
the model combination ①. The fluctuation of the model 
combination ① is not conducive to the stability of the 
traffic flow. And, it is not conducive to the comfort of 
the ride from the perspective of a single vehicle (the jerk 
degree is expressed as the frustration of the vehicle).

	   The above simulation results show that the intro-
duction of HC-IDM addresses the parameter jump of 
the traditional IDM model applied in the lane-change 
condition. And, the performance is better during the 
fluctuation of traffic flow.

(3)	 Macro Traffic Efficiency Index
	   The macro traffic efficiency index is an indicator 

of the overall traffic flow. And it is usually described 
by the total driving distance of the traffic flow and the 
average velocity of the vehicle cluster. Based on the 
ALCGDM, the real-time position, displacement, veloc-
ity and other output parameters of all vehicles under 
MOBIL lane change excitation can be obtained, as 
shown in Figs.12 and 13.

	   Figure 13 shows the spatial and velocity distribu-
tion of the vehicle flow at the end of the simulation. 
Compared with the initial distribution of the vehicle 
in Fig. 12, most of the cars (dots) have completed the 
overtaking of the truck in front (diamond) and obtained 
the ideal driving speed. If the position of 2.2 × 10

4 m is 
the dividing line, the vehicle behind the dividing line 
is called the lagging vehicle (as shown in Fig. 13a and 
Table 4). It can be seen that these vehicles are mainly 
trucks and cars with a lower speed. There are 14 and 
13 deep blue vehicles in model combinations ① and 
②, respectively. Among them, the number of slow 
cars (dark blue dots) behind the truck can reflect the 
advantages and disadvantages of the lane change strat-
egy. As shown in Fig. 13b, there are 9 and 8 cars with 
low speed, respectively, in combination ① and ②. It 

Table 2   Simulation parameters

Parameter Car Truck

Length (m) 4 12
Desired speed ( km∕h) 110 80
Maximum acceleration ( m∕s2) 0.73 0.73
Maximum desired deceleration ( m∕s2) 1.67 1.67
Congested distance (m) 2 2
Desired time headway (s) 1.5 2

Table 3   MOBIL model parameters

Parameter Value

Acceleration gain threshold ( m∕s2) 0.1
Politeness threshold 0.3
Maximum safe deceleration ( m∕s2) 4

Fig. 9   Change of vehicle status during lane change

Fig. 10   Acceleration of the traffic flow
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can be seen that the HC-IDM + MOBIL model has not 
improved traffic efficiency significantly.

	   In addition, the model can generate macroscopic traf-
fic efficiency indicators, such as the total mileage of the 
traffic flow. The simulation results are shown in Fig. 14 
and Table 5.

	   Table 5 shows that the total mileage of model combi-
nations ① and ② during the 1000s simulation are 2502.8 
and 2505.2 km, respectively. And the average vehicle 
speeds are 28.72 and 28.77 m/s, respectively. The mac-
roscopic traffic efficiency of the HC-IDM + MOBIL 
model combination is slightly higher than that of the 
IDM + MOBIL model, but the correction of the car-
following model does not have much influence on the 
traffic efficiency index. And the reason for this slight 
improvement is that the same MOBIL lane-change 
decision model is used in both model combinations. 
Therefore, the average speed and total mileage are not 
improved much.

7 � Conclusion

Based on theoretical mechanics, this paper proposes an auto-
matic lane-change generalized dynamic model, promoting 
the evaluation of the automatic lane-change algorithm, fea-
tured by macroscopic and microscopic indicators.

To extend the application of the car-following model, 
IDM, from the traditional single-lane condition to the multi-
lane mixed condition, the hyperbolic tangent transition func-
tion is introduced to modify the model into HC-IDM. The 
HC-IDM realizes the integration of the car following and 
lane change and avoids the state mutation and discontinuity 
of the existing model.

The analysis shows that the HC-IDM model has signifi-
cantly improved the macro stability and micro comfort of 

the traffic flow compared with that using the traditional IDM 
model. It can be concluded that the HC-IDM can be applied 
to more traffic scenarios to improve the stability and comfort 
of traffic flow during lane change.

The current research is based on the premise of perfect 
automatic driving and environmental perception, that is, 
there are ideal assumptions. In future work, the impact of 
different environmental sensing sensors or vehicle network-
ing signal characteristics on the model will be studied.

Fig. 11   Average degree of jerk of the traffic flow

Fig. 12   Initial vehicle velocity and spatial distribution

Fig. 13   Distribution of the vehicles at the end of simulation

Table 4   Hysteresis Vehicle Status at the End of Simulation of Differ-
ent Model Combinations

Combination ① ②

Slow vehicles (dark blue) 14 13
Cars behind trucks(diamond) 9 11
Slow cars behind trucks (dark blue points) 9 8
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