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Abstract
To  alleviate  the  conflicts  resulting  from  lane-changing  in  human-machine  co-driving,  this  study  investigates  four  game  scenarios:  human-driven  lane-

changing  vehicles  (HLVs)  and  human-driven  target  vehicles  (HTVs),  HLVs  and  Autonomous  target  vehicles  (ATVs),  autonomous  lane-changing  vehicles

(ALVs)  and  HTVs,  and  ALVs  and  ATVs.  An  evolutionary  game  model  is  formulated  by  integrating  safety,  efficiency,  comfort,  fatigue,  and  energy-saving

utilities. The strategy selection process of decision-makers is simulated by replicator dynamics equations. Based on the Friedman method, the stability of

equilibrium points in different situations is analyzed, and the sensitivity of evolutionary results to utility parameters is clarified. Results show that the strategy

profile  of  (lane-changing,  not-giving-way)  that  causes  conflicts  only  exists  temporarily  under  certain  conditions  and will  not  become a  long-term stable

point. The game characteristics under different scenarios are obviously different; that is, the game evolutionary paths for autonomous vehicles are the most

stable,  while  the adjustment of  game strategies  for  human-driven vehicles  is  more frequent.  Additionally,  energy-saving promotes the formation of  the

strategy profile of  (lane-changing,  giving-way),  while fatigue limits  the frequent lane-changing of  human-driven vehicles.  The evolutionary game model

proposed can provide theoretical support for improving the performance of the human-machine co-driving system.
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 Introduction
In  recent  years,  the  National  Development  and  Reform  Commis-

sion,  the  Cyberspace  Administration  of  China  (CAC),  and  11  other
departments  have  issued The  Strategy  for Innovative  Development
of  Intelligent  Vehicles[1],  and  the  General  Office  of  the  Ministry  of
Transport  has  issued The  Guidelines  on  Transport  Safety  Services  of
Autonomous  Vehicles (Trial  Implementation)[2].  This  clearly  indicates
that autonomous driving, driven by artificial intelligence, is a global
innovation  hotspot  and  an  aim  for  future  development.  With  the
development  of  science  and  technology,  the  development  and
popularization of autonomous vehicles is expected to reduce traffic
accidents[3],  to  improve  traffic  efficiency[4,5],  and  to  reduce  traffic
emissions[6,7].  Artificial  intelligence  has  opened  new  possibilities
for optimizing traffic operations[8].  Autonomous driving is classified
into  six  levels  based  on  the  degree  of  automation:  L0  (no  driving
automation),  L1  (driver  assistance),  L2  (partial  driving  automation),
L3  (conditional  driving  automation),  L4  (high  driving  automation),
and  L5  (full  driving  automation)[9].  At  present,  autonomous  driving
technology  has  developed  to  L4,  while  L2  and  L3  have  become
mature.  However,  due to immature technology and imperfect  laws
and regulations, there must be human-driven vehicles and different
grades of autonomous vehicles in road traffic systems during a long
period before fully autonomous driving is realized.

Driving decision is the key to ensuring that autonomous vehicles
can  accurately  and  smoothly  complete  various  driving  tasks[10],
and  a  very  important  decision  of  a  vehicle  is  a  lane-changing
decision.  Most  of  the  existing  studies  on  vehicle  lane-changing
decision-making focus on theoretical and practical discussions such

as logical rules, machine learning, and game theory. Lane-changing
models  based  on  logical  rules  make  decisions  according  to  lane-
changing  intentions  and  conditions.  These  models  have  a  simple
structure  and  clear  logic.  The  earliest  rule-based  lane-changing
model was put forward by Gipps[11].  Later,  some scholars improved
safety  constraints[12] and  lane-changing  benefits[13],  but  such
models  fail  to  reflect  the interaction between vehicles  during lane-
changing, and their decision-making accuracy relies on rule settings,
which  lack  sufficient  flexibility  and  struggle  to  adapt  to  complex
traffic environments[14].

Many  scholars  have  begun  using  machine  learning  to  train
models  on  large-scale  datasets,  optimizing  lane-changing  models
for  vehicles  to  adapt  to  more  complex  traffic  environments  and
enhance  the  accuracy  of  both  decision-making  and  recognition[15].
Mahajan  et  al.[16] built  an  end-to-end  machine  learning  model,
which  effectively  captures  the  motivation  of  lane-changing  for
vehicles.  On this  basis,  some scholars  have proposed the MSIF-DRL
strategy  based  on  deep  reinforcement  learning  and  multi-source
information  fusion[17,18],  as  well  as  a  reward  function  model  for
neural  network  training[19],  thereby  improving  the  efficiency  and
environmental  adaptability  of  vehicle  lane-changing  decision-
making.  However,  such  models  rely  on  large  amounts  of  high-
quality  training  data,  which  makes  the  modeling  process  compli-
cated,  parameters  calibration  difficult,  and  generalization  to
unknown scenarios limited[20−23].

As  an  effective  modeling  tool,  game  theory  can  simulate  and
analyze the interactive behaviors and decision-making processes bet-
ween human-machine co-driving vehicles[24].  In  recent  years,  many
scholars  have  thoroughly  explored  lane-changing  decision-making
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based  on  game  theory.  In  the  existing  studies,  the  classical  game
theory  constructs  an  interactive  decision-making  framework
between  vehicles  through  the  collision  time,  acceleration  utility,
conflict risk, and other factors, and realizes the optimization of lane-
changing strategy[25−27].  It  also introduces several methods, such as
a  quantum  reaction  equilibrium  framework  and  receding  horizon
control[28],  which  provide  new  perspectives  on  the  application  of
game  theory  in  autonomous  driving.  However,  these  studies
assume that any driver is  completely rational,  which is  inconsistent
with the reality that any driver has limited rationality, and the deci-
sion  is  easily  affected  by  fatigue,  or  other  factors  in  a  real  driving
environment.  To  overcome  such  problems  in  the  classical  game
theory, some researchers put forward the lane-changing decision of
autonomous  vehicles  based  on  the  evolutionary  game[29,30].  In  the
aspect of the consideration of drivers' utilities, most studies consider
three  utilities,  i.e.,  safety,  efficiency,  and  comfort[31,32],  which  more
exactly describe the decision metrics.

Nevertheless,  there  are  still  some  problems  with  the  existing
research.  First,  an  adaptive  framework  is  not  designed  for  the
human-machine  co-driving  scenarios,  which  cannot  consider  the
heterogeneous  decision-making  needs  of  human-driven  vehicles
and  autonomous  vehicles.  Second,  although  the  existing  research
has made progress in the consideration of drivers' utilities, it ignores
the  key  factors  that  affect  the  rationality  of  decision-making[33−35],
which  leads  to  the  incomplete  design  of  utility  functions,  and  the
deviation  between  theoretical  and  real  decision-making  results.
To solve such problems, the utilities and utility functions of human-
driven  vehicles  and  autonomous  vehicles  are  described,  and  the
heterogeneous decision-making and dynamic interaction behaviors
of  these  two  types  of  vehicles  are  further  accurately  expressed.  At
the  same  time,  the  evolutionary  game  model  of  lane-changing  of
human-driven or autonomous vehicles is formulated by integrating
the safety, efficiency, comfort, fatigue, and energy-saving utilities, so
that autonomous vehicles can adjust their lane changing strategies
in  real-time  according  to  the  surrounding  environments.  Thus,
the  performance  of  the  human-machine  co-driving  system  can  be
enhanced.

 Evolutionary game models
Based on evolutionary game theory,  this paper aims at formulat-

ing  an  evolutionary  game  model  to  support  the  lane-changing
decision-making  of  autonomous  vehicles.  The  lane-changing
decision-making  process  is  shown  in Fig.  1.  Firstly,  lane-changing
vehicles  (LVs)  acquire  the  information  of  vehicles  involved  in  the
target  lane  and  identify  the  game  counterparts  to  form  games.
Then,  LVs  calculate  the  utilities  of  all  the  corresponding  strategies.
Next,  LVs  obtain  the  Nash  equilibrium  of  the  mixed-strategy  game
via the game analysis. Finally, LVs make decisions based on the Nash
equilibrium.

 Game scenarios
On  one-way  two-lane  roads,  if  the  utilities  of  vehicles  on  the

current lane are lower than those on the target lane, the vehicles will
conduct  lane-changing  decision  analyses  based  on  the  running
states  of  themselves  and  their  surrounding  vehicles  to  decide
whether  to  change  lanes  to  the  target  lane.  At  this  time,  the  vehi-
cles  on  the  current  lane  are  LVs,  and  the  vehicles  behind  them  on
the target lane (TL) are target vehicles (TVs).

If  the  behavioral  decisions  of  LVs  and  TVs  can  be  accurately
predicted, the game between LVs and TVs will not exist. As shown in

Fig. 2a, if LVs have started to change lanes and occupied the target
lane,  TVs  can  only  give  way  while  LVs  continue  to  complete  lane-
changing, and there is no game between them. As shown in Fig. 2b,
if  TVs  are  far  from  LVs,  TVs  have  not  yet  entered  the  conflict  zone,
LVs  perform  lane-changing  operations,  and  TVs  run  normally  with-
out stopping or slowing down. At this time, the game between LVs
and  TVs  does  not  also  exist.  Beyond  these  two  situations,  a  game
occurs between LVs and TVs.

Since human-driven vehicles and autonomous vehicles will coex-
ist in the road traffic system during a long period, this study focuses
on four lane-changing scenarios involving different combinations of
human-driven  vehicles  and  autonomous  vehicles  to  align  closely
with real traffic operations during the transition period from human-
driven to  fully  autonomous driving.  Considering that  both  LVs  and
TVs  can  be  either  autonomous  vehicles  or  human-driven  vehicles,
the  game  scenarios  for  vehicle  lane-changing  are  divided  into
Scenario 1, Scenario 2, Scenario 3, and Scenario 4. As shown in Fig. 3,
these are the four scenarios as follows:

Scenario 1: Game between human-driven lane-changing vehicles
(HLVs) and human-driven target vehicles (HTVs).

Scenario 2: Game between HLVs and autonomous target vehicles
(ATVs).

Scenario  3:  Game  between  autonomous  lane-changing  vehicles
(ALVs) and HTVs.

Scenario 4: Game between ALVs and ATVs.
The four  scenarios  are  mainly  used to  explain  the  lane-changing

behaviors  on  urban  expressways.  However,  they  can  be  used  for
urban streets,  highways or freeways directly or indirectly.  The basic
assumption of this study is that there is no interference from traffic
lights, pedestrians, or non-motor vehicles—the focus is on the game
between motor vehicles.

 Game elements
 Decision-makers

Decision-makers  are  LVs  and  TVs,  which  are  either  autonomous
vehicles  or  human-driven  vehicles,  that  is,  decision-makers N ∈
(HLVs, HTVs, ALVs, ATVs). Moreover, it is assumed that autonomous
vehicles have full decision-making authority.

 Strategy sets and strategy profiles of decision-makers

j ∈

The  strategy  set  of  LVs  is  {Li|i =  1,2}  =  {lane-changing,  not-lane-
changing},  the  strategy  set  of  TVs  is  {Tj|j =  1,2}  =  {giving-way,  not-
giving-way}, and the strategy profiles of LVs and TVs are {(Li, Tj)|i, 
{1,2}}.

 Utility functions of decision-makers
The  utilities  of  LVs  and  TVs  mainly  consider  safety  utilities,  effi-

ciency  utilities,  and  comfort  utilities.  However,  human-driven  vehi-
cles are prone to driver fatigue, while autonomous vehicles feature
energy conservation and emission reduction. Therefore, in the lane-
changing game process, the fatigue effect of human-driven vehicles
and  the  energy-saving  effect  of  autonomous  vehicles  are  consid-
ered. In order to ensure traffic safety, the ratio of distance to relative
speed of a vehicle is  used to represent the safety utility S,  the time
required for vehicle speed to recover to the expected speed is used
to  represent  the  efficiency  utility  E,  the  change  of  acceleration  is
used to represent the comfort utility C, the change rate of accelera-
tion is used to represent the fatigue utility F, and the specific power
of  a  vehicle  is  used  to  represent  the  energy-saving  utility  ES[36,37].
Thus, the utility set is denoted by G ∈ (S, E, C, F, ES).

Modelling of lane-changing behaviors
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UN,S
i j

UN,E
i j UN,C

i j

UN,ES
i j UN,F

i j

The  utilities  of  a  vehicle  include  the  safety  utility ,  the effi-

ciency  utility ,  the  comfort  utility ,  the  energy-saving util-

ity , and the fatigue utility . These utilities are given by:

UN,S
i j =



0, N ∈ (HLVs, ALVs)∧ (i, j) = (1,1)
0, N ∈ (HTVs, ATVs)∧ (i, j) = (2,2)

(−1)i d
|vL(t)− vT(t)| , N ∈ (HLVs,ALVs)∧ (i, j) , (1,1)

(−1) j+1 d
|vL(t)− vT(t)| , N ∈ (HTVs,ATVs)∧ (i, j) , (2,2)

(1)

UN,E
i j =

(−1)i+1 (2− j)TN(t), N ∈ (HLVs,ALVs)
(−1) j (i−1)TN(t), N ∈ (HTVs,ATVs)

(2)

UN,C
i j =

(−1)i+1 (2− j) AN(t), N ∈ (HLVs,ALVs)
(−1) j (i−1) AN(t), N ∈ (HTVs,ATVs)

(3)

UN,F
i j =


0, N ∈ (ALVs,ATVs)

−|AN(t+n f )−AN(t)|
n f

, N ∈ (HLVs,HTVs)
(4)

 

Fig. 1  Flowchart of lane changing decision-making.
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UN,ES
i j =


0, N ∈ (HLVs,HTVs)
(2− j) PN

b (t), N = ALVs
(i−1) PN

b (t), N = ATVs
(5)

∧ ∨

PN
b (t)

where,  and  are  logical  operators  Conjunction  and  Disjunction,
respectively; d is  the distance between LVs and TVs; vL(t)  and vT(t)  are
respectively  the  speed  of  LVs  and  TVs  at  time t; TN(t)  and AN(t)  are
respectively  the  time  required  for  vehicle  speed  to  recover  to  the
desired  speed  and  the  acceleration  at  time t;  is  the  specific
power of a vehicle at time t; AH(t + nf) is the acceleration of a vehicle at
time t+nf; f is the duration of each frame.

UN,G
i j,AN

Because  the  dimensions  of  the  safety  utility,  efficiency  utility,
comfort utility,  fatigue utility,  and energy-saving utility are all  diffe-
rent  and  cannot  be  added  directly,  the  utilities  are  standardized

from minimum to maximum, and the standardized utility  is as
follows:

UN,G
i j,AN =



1
K

K∑
k=1

UN,G
i j,k −min

{
UN,G

i j,k

}
max

{
UN,G

i j,k

}
−min

{
UN,G

i j,k

} , UN,G
i j,k ≥ 0

1
K

K∑
k=1

UN,G
i j,k −max

{
UN,G

i j,k

}
max

{
UN,G

i j,k

}
−min

{
UN,G

i j,k

} , UN,G
i j,k < 0

(6)

UN,G
i j,kwhere,  is the k-th G-derived utility value when the strategy profile

of decision-makers N is {i, j}; k = {1, 2, 3, ···, K}; K is the sample size of the

utility  values  obtained  from  decision-makers;  max  and  min  are
maximization and minimization, respectively.

The function of the total utility of a vehicle is as follows:
UN

i j = UN,S
i j,AN+UN,E

i j,AN+UN,C
i j,AN+UN,F

i j,AN+UN,ES
i j,AN (7)

ULVs
i j UTVs

i j

ULVs
i j

UHLVs
i j UALVs

i j UTVs
i j

UHTVs
i j

UATVs
i j

 and  are  the  total  utility  of  LVs  and  the  total  utility  of

TVs  respectively.  can  be  divided  into  the  total  utility  of  HLVs

( )  and  the  total  utility  of  ALVs  ( ),  and  can  be

divided into the total  utility  of  HTVs ( )  and the total  utility  of

ATVs  ( ).  Based  on  the  above  analysis, Table  1 presents  the
utility matrix of the decision-makers.

 Replicator dynamics equations
Let  the  proportions  of  LVs  choosing  the  lane-changing  strategy

and the not-lane-changing strategy be p and 1 − p, respectively; and
the  proportions  of  TVs  choosing  the  giving-way  strategy  and  the
not-giving-way strategy be q and 1 − q, respectively.

 Replicator dynamics equation of LVs
The  expected  utilities  of  the  lane-changing  and  not-lane-chang-

ing strategies for LVs respectively are as follows.
ELVs

1 = qULVs
11 + (1−q)ULVs

12 (8)

ELVs
2 = qULVs

21 + (1−q)ULVs
22 (9)

The  average  expected  utility  of  LVs  (ELVs)  choosing  the  lane-
changing and not-lane-changing strategies is shown in Eq. (10), and
the  replicator  dynamics  equation  of  LVs  (FLVs(p,q))  is  obtained  as
shown in Eq. (11).

ELVs =pELVs
1 +qELVs

2 =
(
ULVs

11 −ULVs
12 −ULVs

21 +ULVs
22

)
pq+(

ULVs
12 −ULVs

22

)
p+

(
ULVs

21 −ULVs
22

)
q+ULVs

22 (10)

FLVs(p,q) =
∂p
∂t
= p (1− p)

[(
ULVs

11 −ULVs
12 −ULVs

21 +ULVs
22

)
q+ULVs

12 −ULVs
22

]
(11)

where, FLVs(p,q) stands for FHLVs(p,q) or FALVs(p,q).
Similarly,  the  replicator  dynamics  equation  of  TVs  (FTVs(p,q))  can

be obtained as shown in Eq. (12).

FTVs(p,q) =
∂q
∂t
= q (1−q)

[(
UTVs

11 −UTVs
21 −UTVs

12 +UTVs
22

)
p+UTVs

21 −UTVs
22

]
(12)

∆ULVs
i i ∈

∆ULVs
1 = ULVs

11 −
ULVs

21 ∆ULVs
2 = ULVs

12 −ULVs
22 ∆UTVs

j j ∈

∆UTVs
1 = UTVs

11 −UTVs
12 ∆UTVs

2 = UTVs
21 −UTVs

22

Let ,  {1,2}  be  the  utility  difference  between  LVs  choos-
ing  the  lane-changing  and  not-lane-changing  strategies  when  TVs
choose the giving-way or not-giving-way strategies, 

, .  Let ,  {1,2}  be  the  utility  diffe-
rence  between  TVs  choosing  the  giving-way  and  not-giving-way
strategies  when  LVs  choose  the  lane-changing  or  not-lane-chang-
ing  strategies, , .  Then
Eqs (11) and (12) are simplified as Eqs (13) and (14) respectively.

FLVs(p,q) = p (1− p)
[(
∆ULVs

1 −∆ULVs
2

)
q+∆ULVs

2

]
(13)

FTVs(p,q) = q (1−q)
[(
∆UTVs

1 −∆UTVs
2

)
p+∆UTVs

2

]
(14)

where, FLVs(p,q) stands for FHLVs(p,q) or FALVs(p,q).

 

a b

Fig. 2  No-game scenarios between LVs and TVs.

 

a b

c d

Fig. 3  Game scenarios between LVs and TVs.

 

Table 1.  Utility matrix of LVs and TVs.

LVs
TVs

Giving-way Not-giving-way

Lane-changing (ULVs
11 ,U

TVs
11 ) (ULVs

12 ,U
TVs
12 )

Not-lane-changing (ULVs
21 ,U

TVs
21 ) (ULVs

22 ,U
TVs
22 )
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 Evolutionary stable strategies

 Equilibrium points
By  solving  the  differential  Eq.  (15)  about p and q,  composed  of

Eqs (13)  and (14),  five equilibrium points of  the game between LVs
and TVs can be obtained:

(
∆UTVs

2

∆UTVs
2 −∆UTVs

1

,
∆ULVs

2

∆ULVs
2 −∆ULVs

1

)

(0,0)  (not-lane-changing,  not-giving-way)  is  a  steady  state  where
the benefit of lane-changing is lower than its risk cost, with the core
purpose of avoiding ineffective lane-changing. (1,1) (lane-changing,
giving-way) represents the optimal cooperative steady state for vehi-
cles;  by  balancing  multi-dimensional  utilities,  it  can  be  translated
into improved traffic flow efficiency. (0,1) (not-lane-changing, giving-
way)  is  a  transitional  equilibrium,  reflecting  that  a  decision-maker
who choose giving-way fails to enable effective lane-changing. (1,0)
(lane-changing,  not-giving-way)  is  a  conflict-oriented  temporary
equilibrium  that  only  exists  momently  under  specific  initial  condi-
tions. Such a point confirms the unstable nature of conflict strategies
and underscores the rigid demand of the safety utility in transporta-
tion systems. The mixed-strategy equilibrium (x, y) is a probabilistic
steady  state  in  uncertain  environments,  where  x  and  y  correspond
to the probabilities of LVs choosing to change lanes and TVs choos-

ing to give way. Where (x,y) = .

∂p/∂t = 0
∂q/∂t = 0

, p, q ∈ [0,1] (15)

Furthermore,  the Jacobian matrix J of  the dynamic game system
is Eq. (16).

J =


∂FLVs(p,q)
∂p

∂FLVs(p,q)
∂q

∂FTVs(p,q)
∂p

∂FTVs(p,q)
∂q


=

(
(1−2p)

[(
∆ULVs

1 −∆ULVs
2

)
q+∆ULVs

2

]
p (1− p)

(
∆ULVs

1 −∆ULVs
2

)
q (1−q)

(
∆UTVs

1 −∆UTVs
2

)
(1−2q)

[(
∆UTVs

1 −∆UTVs
2

)
p+∆UTVs

2

])
(16)

 Stability of equilibrium points

∆ULVs
1 ∆ULVs

2 ∆UTVs
1

Whether  an  equilibrium  point  is  stable,  saddle,  center,  or  unsta-
ble  depends  on  the  determinant  and  trace  of  the  Jacobian  matrix.
According to the Friedman method for  determining the type of  an
equilibrium  point,  when  the  determinant  of  the  Jacobian  matrix  is
greater than 0, and the trace is less than 0, the equilibrium point is a
stable point, and the strategy chosen by each decision-maker at this
time  is  an  evolutionary  stable  strategy.  From  the  above  analyses,
it  can  be  seen  that  the  signs  of  the  determinant  and  trace  of  the
Jacobian matrix  depend on the  signs  of , ,  and

 

Table 2.  Stability analyses of equilibrium points of evolutionary game.

Equilibrium points

Situation 1 Situation 2 Situation 3 Situation 4

∆ULVs
1 ∆ULVs

2>0, <0 ∆ULVs
1 ∆ULVs

2>0, <0 ∆ULVs
1 ∆ULVs

2<0, <0 ∆ULVs
1 ∆ULVs

2<0, <0

∆UTVs
1 ∆UTVs

2>0, >0 ∆UTVs
1 ∆UTVs

2>0, <0 ∆UTVs
1 ∆UTVs

2>0, >0 ∆UTVs
1 ∆UTVs

2>0, <0

(0,0) Saddle point Stable point Saddle point Stable point
(0,1) Saddle point Instability point Stable point Saddle point
(1,0) Instability point Instability point Instability point Instability point
(1,1) Stable point Stable point Saddle point Saddle point
(x,y) — Central point — —

Equilibrium points

Situation 5 Situation 6 Situation 7 Situation 8

∆ULVs
1 ∆ULVs

2>0, <0 ∆ULVs
1 ∆ULVs

2>0, <0 ∆ULVs
1 ∆ULVs

2<0, <0 ∆ULVs
1 ∆ULVs

2<0, <0

∆UTVs
1 ∆UTVs

2<0, >0 ∆UTVs
1 ∆UTVs

2<0, <0 ∆UTVs
1 ∆UTVs

2<0, >0 ∆UTVs
1 ∆UTVs

2<0, <0

(0,0) Saddle point Stable point Saddle point Stable point
(0,1) Saddle point Instability point Stable point Saddle point
(1,0) Saddle point Saddle point Saddle point Saddle point
(1,1) Saddle point Saddle point Instability point Instability point
(x,y) Saddle point — — —

Equilibrium points

Situation 9 Situation 10 Situation 11 Situation 12

∆ULVs
1 ∆ULVs

2>0, >0 ∆ULVs
1 ∆ULVs

2>0, >0 ∆ULVs
1 ∆ULVs

2<0, >0 ∆ULVs
1 ∆ULVs

2<0, >0

∆UTVs
1 ∆UTVs

2>0, >0 ∆UTVs
1 ∆UTVs

2>0, <0 ∆UTVs
1 ∆UTVs

2>0, >0 ∆UTVs
1 ∆UTVs

2>0, <0

(0,0) Instability point Saddle point Instability point Saddle point
(0,1) Saddle point Instability point Stable point Saddle point
(1,0) Saddle point Saddle point Saddle point Saddle point
(1,1) Stable point Stable point Saddle point Saddle point
(x,y) — — — Saddle point

Equilibrium points

Situation 13 Situation 14 Situation 15 Situation 16

∆ULVs
1 ∆ULVs

2>0, >0 ∆ULVs
1 ∆ULVs

2>0, >0 ∆ULVs
1 ∆ULVs

2<0, >0 ∆ULVs
1 ∆ULVs

2<0, >0

∆UTVs
1 ∆UTVs

2<0, >0 ∆UTVs
1 ∆UTVs

2<0, <0 ∆UTVs
1 ∆UTVs

2<0, >0 ∆UTVs
1 ∆UTVs

2<0, <0

(0,0) Instability point Saddle point Instability point Saddle point
(0,1) Saddle point Instability point Stable point Saddle point
(1,0) Stable point Stable point Stable point Stable point
(1,1) Saddle point Saddle point Instability point Instability point
(x,y) — — Central point —
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∆UTVs
2 . Table 2 lists the types of the equilibrium points correspond-

ing  to  16  situations,  and  the  combination  of  evolutionary  stable
strategies can be subdivided into six types, namely {(0,0), (0,1), (1,0),
(1,1), (0,0) and (1,1), (0,1) and (1,0)}.

LVs  make behavioral  decisions  according to  the strategies  corre-
sponding  to  the  evolutionary  game  results.  Firstly,  each  decision-
maker identifies the evolutionary stable strategy. Then, the decision-
maker  judges  whether  the  currently  selected  strategy  is  an  evolu-
tionary  stable  strategy  based  on  the  current  running  state:  if  the
strategy  is  stable,  the  decision-maker  maintains  the  currently
selected  strategy;  otherwise,  the  decision-maker  selects  the  evolu-
tionary  stable  strategy.  If  there  are  multiple  evolutionary  stable
strategies,  the  decision-maker  chooses  the  evolutionary  stable
strategy with the highest total utility.

 Model verification

 Data collection
A  DJI  Mavic  2  Zoom  Unmanned  Aerial  Vehicle  is  selected  to

photograph  traffic  flow  in  the  urban  expressway  merging  area  to
record  the  entry  and  exit,  the  vehicle  trajectories,  and  road  traffic
environment information. The mainline of the urban expressway is a
two-way  six-lane  road;  the  vehicles  on  the  current  lane  (ramp)  are
LVs, and the rightmost lane of the mainline is the target lane. Lane-
changing of LVs needs to be completed in this case. The tracker soft-
ware is used to extract the data from the videos to obtain the speed,
acceleration,  and  position  coordinates  of  each  vehicle,  and  store
them in the form of a database.

 Data processing
To  conduct  an  analysis  of  the  characteristics  of  lane-changing

vehicles  and  target  vehicles  during  lane-changing,  it  is  first  neces-
sary  to  screen  out  vehicle  pairs  with  an  interactive  relationship.
Subsequently,  the movement trajectories  of  the target  vehicles  are

extracted when each lane-changing vehicle is in the process of lane-
changing. The screening process mainly relies on 2 core rules, which
are based on vehicle types and interactions, and the lane-changing
samples that meet these rules will be identified as having exhibited
interactive behaviors.

 Screening based on vehicle types
The  vehicle  types  collected  in  the  dataset  are  categorized  into

cars,  medium-sized  vehicles,  and  buses.  The  impacts  of  the  same
lane-changing maneuvers  vary  significantly  across  different  vehicle
types.  To ensure the consistency and comparability of  the research
results, this study restricts the analysis scope to cars, which account
for a relatively high proportion of the data. Only the lane-changing
behaviors  of  cars  are  investigated,  and during data  screening,  only
the relevant data involving cars as interacting vehicles are retained.

 Screening based on vehicle interactions
This  study examines the game between LVs and TVs.  In  addition

to the data from vehicles performing lane-changing, it is also neces-
sary  to  screen  the  trajectory  data  of  TVs  that  interact  with  LVs  in
accordance with specific criteria.

When  LVs  do  not  occupy  the  target  lane,  and  TVs  reach  the
conflict  zone,  a  game  occurs  between  LVs  and  TVs.  The  specific
judgment rules are as below.

yLVs < yc (17)

d < 3vT(t) (18)
where, yLVs is  the  longitudinal  coordinate  of  LVs;  and yc is  the
longitudinal coordinate of the center line of the target lane.

In summary, a total of 500 sets of trajectory data for vehicle lane-
changing  were  obtained.  The  utilities  of  LVs  and  TVs  according
to Eqs (1)−(7) were calculated with the obtained data and statistical
results of different types of utilities, as shown in Fig. 4. In the figure,
(L1,T1) means (lane-changing, giving-way), (L1,T2) means (lane-chang-
ing, not-giving-way),  (L2,T1)  means (not-lane-changing, giving-way),
and (L2,T2) means (not-lane-changing, not-giving-way).
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Fig. 4  Standardized safety, efficiency, comfort, fatigue, and energy-saving utilities.
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The  utility  matrix  obtained  from  decision-makers  is  then  calcu-
lated through various standardized utilities. Finally, it is shown there
are five equilibrium points in the game between LVs and TVs in each
scenario.  The  four  equilibrium  points  (0,0),  (0,1),  (1,0)  and  (1,1)  are
the  same  for  the  four  scenarios,  while  the  remaining  one  equili-
brium point  is  (0.8694,0.5854),  (0.7163,0.5854),  (0.8694,0.8788),  and
(0.7163,0.8788)  respectively.  According  to  the  stability  analysis  of
the  equilibrium  points,  such  a  situatiion  conforms  to  Situation  2  in
Table 2. Thus, the stability point of the evolutionary game system is
(0,0) or (1,1).

 Results

∆ULVs
1 ∆ULVs

2 ∆UTVs
1 ∆UTVs

2

LVs make decisions according to the strategies corresponding to
the  evolutionary  game  results.  The  running  states  of  the  screened
vehicles conforms to  > 0,  < 0,  > 0, and  <
0.  If  the  evolutionary  game  system  is  at  an  equilibrium  point  (0,0)
or  (1,1),  that  is,  when  LVs  choose  the  not-lane-changing  strategy,
and  TVs  choose  the  not-giving-way  strategy,  or  when  LVs  choose
the lane-changing strategy and TVs choose the giving-way strategy,
the total utilities of these two sets of strategy profiles are compared.
It  is  found  that  the  total  utility  of  the  strategy  profile  where  LVs
choose not-lane-changing and TVs choose not-giving-way is greater
than  that  of  the  strategy  profile  where  LVs  choose  lane-changing
and  TVs  choose  giving-way.  On  the  contrary,  LVs  and  TVs  will
respectively  adjust  their  currently  selected  strategies  to  not-lane-
changing  and  not-giving-way.  The  evolutionary  game  system
guides decision-makers to gradually evolve their selected strategies
to satisfy the strategy profile where LVs choose the not-lane-chang-
ing strategy, and TVs choose the not-giving-way strategy.

Figure  5 shows  the  evolutionary  paths  of  vehicle  lane-changing
corresponding to Scenarios 1,  2,  3 and 4.  In Fig.  5,  the evolutionary
paths  obviously  show  different  characteristics.  When p and q are
small,  the evolutionary  game system is  in  an unstable  state,  with p
and q changing significantly.  LVs and TVs are constantly trying and
adjusting  their  strategies.  In  the  evolutionary  process,  the  propor-
tion  of  the  lane-changing  strategy  or  that  of  the  giving-way  stra-
tegy  will  gradually  decrease,  and  the  evolutionary  results  slowly
converge  to  the  strategy  profile  (not-lane-changing,  not-giving-
way).  When p and q are large,  the proportion of  the lane-changing
strategy  or  that  of  the  giving-way  strategy  will  gradually  increase,
and the evolutionary results quickly converge to the strategy profile
(lane-changing, giving-way).

There  are  significant  differences  in  game  characteristics  among
different scenarios. In Scenario 1, both decision-makers are human-
driven  vehicles.  Due  to  drivers'  uncertainty  and  flexibility,  drivers
frequently  adjust  their  strategies  so  that  more  evolutionary  paths
emerge.  In  contrast,  in  Scenario  4,  both  decision-makers  are  auto-
nomous vehicles that operate strictly in accordance with the prede-
termined  rules.  Consequently,  their  behavioral  patterns  are  highly
fixed  and  predictable,  featuring  a  stable  interaction  process,  which
suppresses  to  frequently  adjust  their  strategies.  Also,  the  evolutio-
nary game results under Scenarios 2 and 3 are between that under
Scenario  1  and  that  under  Scenario  4,  since  involving  both  drivers
and autonomous vehicles.

These differences in game performance stem from the fundamen-
tal disparities of different decision-makers and strategy profiles. The
subjectivity  of  human  driving  is  the  key  factor  causing  strategic
fluctuations.  Drivers'  judgments  rely  on  variable  factors  such  as
their  experiences and psychological  states,  so that their  perception
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Fig. 5  Evolutionary paths of lane-changing vehicles. (a) HLVs-HTVs game. (b) HLVs-ATVs game. (c) ALVs-HTVs game. (d) ALVs-ATVs game.
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of  road  conditions  and  the  other  party's  intentions  is  easily  inter-
fered,  which  in  turn  leads  to  frequently  change  their  strategies.  In
contrast,  the  consistency  of  autonomous  driving  directly  enhances
the stability of autonomous vehicles via fixed decision-making logic.
Such a  logic  can transmit  decision intentions  and state  parameters
in real time and without bias. The interaction between autonomous
vehicles is accurate and complete.

 Sensitivity analysis
When  the  initial  proportions  make  the  game  decision-makers

prone to conflict, the evolutionary strategies will be more conducive
to  ensuring  driving  safety.  In  the  following  analysis, p and q are
taken  as  different  initial  values,  and  the  evolutionary  paths  of  the
four  scenarios  with  time are  obtained,  as  shown in Fig.  6.  In Fig.  6,
the proportion of the lane-changing strategy and that of the giving-
way  strategy  tend  to  be  stable  with  time  under  different  scenarios
and  initial  values.  The  combination  of  high p and  low q or  that  of
low p and high q accelerates the evolutionary convergence because
of  the strong conflict  resulted from the initial  strategies.  For  exam-
ple,  in  HLVs-HTVs  game,  the  curves  with p =  0.8  and q =  0.2
approach  the  steady  state  (0,0)  earlier  than  those  with p =  0.6  and
q =  0.4.  This  is  because  the  conflict  in  the  game  resulted  from  the
initial strategies is large. As a result, the strategy adjustment is more
urgent so that the time to achieve stability is shortened. When p and
q approach the middle values, the convergence will be delayed, the
strategy  adjustment  will  be  smoother,  and  the  evolutionary  game
system will take longer time to reach stability.

The  evolution  of  the  game  system  under  the  four  scenarios  is
different.  In  HLVs-HTVs  game,  the  curves  of  different  combinations
of p and q are  obviously  dispersive,  and  the  proportions  of  lane-
changing and giving-way fluctuate significantly. In HLVs-ATVs game,
the  evolution  converges  more  slowly,  the  curve  trendency  of  lane-
changing  is  more  obviously  different  from  that  of  giving-way.  In
ALVs-HTVs game, the evolution converges more quickly, the curves
of  lane-changing  and  giving-way  are  all  smoother.  In  ALVs-ATVs
game, the curves of different combinations of p and q are obviously
centralized,  and the curves of lane-changing are smoother.  Overall,
the  evolutionary  stability  of  ALVs-ATVs  game  is  stronger,  and  the
curve  trendency of  lane-changing is  more  obviously  similar  to  that
of giving-way.

∆ULVs
i Sensitivity of 

∆ULVs
i

∆ULVs
1 ∆ULVs

2 ∆ULVs
1

∆ULVs
1

When  being  0-1,  we  obtained  the  diagrams  of  evolutio-
nary  convergence  of  the  proportions  of  the  strategies  under  diffe-
rent  and  values,  as  shown  in Fig.  7.  Different 
values  affect  the  proportion  of  the  lane-changing  strategy  and  its
evolutionary  speed.  With  the  increase  of ,  the  speed  of  con-
vergence to  the  lane-changing and giving-way strategies  becomes
faster,  while  the  speed  of  convergence  to  the  not-lane-changing
and not-giving-way strategies becomes slower, and the stable point
changes  from  (not-lane-changing,  not-giving-way)  to  (lane-chang-
ing, giving-way).

∆ULVs
1

∆ULVs
1

As  shown  in Fig.  7,  under  different  game  scenarios,  has
different  effects  on  the  proportions  of  the  strategies.  In  HLVs-HTVs
game, when  is low (0–0.4), the proportion of (lane-changing,
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Fig. 6  Evolutionary paths of decision-makers with different p and q. (a) HLVs-HTVs game. (b) HLVs-ATVs game. (c) ALVs-HTVs game. (d) ALVs-ATVs game.
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1
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1

∆ULVs
1
∆ULVs

1

∆ULVs
1

∆ULVs
1

giving-way)  is  low  in  the  early  stage  (t <  20  s),  and  when  is
high,  the  proportion of  (lane-changing,  giving-way)  rises  rapidly  to
nearly 1 after 20 s, which shows that  under this scenario has
significant impacts on the proportions of all the strategy profiles and
the  evolutionary  game  system  quickly  reaches  a  stable  state  after
exceeding  the  threshold.  In  HLVs-ATVs  game,  the  proportion  of
(lane-changing, giving-way) converges gently. When  is small
(0–0.5),  the  proportion  of  (lane-changing,  giving-way)  rises  slowly
and  then  quickly  with  time.  When  is  larger  than  0.5,  the
speeds of which ATVs adjust their strategies are slow. The evolutio-
nary trend of ALVs-HTVs game is similar to that of HLVs-HTVs game,
whereas  the  thresholds  of  the  strategies  reaching  stability  are
slightly  higher.  In  ALVs-HTVs  game,  when  is  low,  (not-lane-
changing,  not-giving-way)  lasts  longer;  when  is  high,  the
speed of which the strategy profile of ALVs and HTVs reaches (lane-
changing,  giving-way)  is  slower.  In  ALVs-ATVs  game,  the  evolutio-
nary convergence is the slowest, and  needs to be close to 0.6
in  order  to  promote  the  proportion  of  (lane-changing,  giving-way)
to  increase,  which  shows  that  under  this  scenario  has  less
impacts  on  the  proportions  of  all  the  strategy  profiles  so  that  the
stability is relatively strong and the evolutionary convergence is the
gentlest.

∆ULVs
2

∆ULVs
2

∆ULVs
2

∆ULVs
2

Similarly,  has  different  effects  on  the  proportions  of  the
strategies.  In  HLVs-HTVs  game,  the  more  is  close  to  0,  the
greater  the  proportion  of  (lane-changing,  giving-way)  is.  When

 =  1  and t <  20  s,  the  lane-changing  strategy  chosen  by  LVs
will quickly switch to the not-lane-changing strategy; when  >
0.6 and t > 40 s,  the proportion of  LVs choosing the lane-changing
strategy  remains  relatively  high.  This  indicates  that  the  smaller

∆ULVs
2 ∆ULVs

2

∆ULVs
2

∆ULVs
2

∆ULVs
2

 is,  the  more  inhibits  the  selection of  the  lane-chang-
ing strategy.  Compared with HLVs-HTVs game, the inhibitory effect
of  on  the  (lane-changing,  giving-way)  strategy  profile  in
HLVs-ATVs or  ALVs-HTVs game is  weakened because of  the partici-
pation  of  autonomous  vehicles.  In  ALVs-ATVs  game,  (not-lane-
changing,  not-giving-way)  slowly  changes  to  (lane-changing,
giving-way)  when  >  0.4  and  after t =  50  s.  Because  of  the
synergy of  decision-making modes of  autonomous vehicles, 
has  little  influence  on  the  strategy  profiles,  which  reflects  that  the
stability of the game between ALVs and ATVs is strong.
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When  being  0-1,  we  obtained  the  diagrams  of  evolutio-
nary  convergence  of  the  proportions  of  the  strategies  under  diffe-
rent  and  values,  as  shown  in Fig.  8.  In Fig.  8,  the
bigger  is,  the  more  it  can  promote  the  increase  of  the
proportion  of  the  (lane-changing,  giving-way) strategy  profile.  In
HLVs-HTVs game, because the decision of human driving is flexible
and easily influenced, the proportion of (lane-changing, giving-way)
is triggered quickly, and the threshold is low. When  > 0.4 and
t > 20 s,  the proportion of (lane-changing,  giving-way) rises rapidly
to  1.  In  HLVs-ATVs  game and ALVs-HTVs  game,  due to  the balance
between  the  flexibility  of  human  driving  and  the  conservatism  of
autonomous vehicles, the threshold to reach convergence is higher,
and the convergence speed is slower. For example, HLVs-ATVs game
needs to be  > 0.5 and t > 30 s to reach a high proportion of
(lane-changing,  giving-way).  In  ALVs-ATVs  game,  the  proportion  of
(lane-changing,  giving-way)  is  slow  to  respond  to  the  change  of

 and  has  a  high  threshold.  When  =  0.6  and t >  40  s,
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∆ULVs
iFig. 7  Evolutionary convergence of the proportion of the strategy under different . (a) HLVs-HTVs game. (b) HLVs-ATVs game. (c) ALVs-HTVs game.

(d) ALVs-ATVs game.
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∆UTVs
1  can  promote  the  proportion  of  (lane-changing,  giving-way)

to rise. This is because the decision-making of autonomous vehicles
has strong coordination.
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The smaller  is, the more  suppresses the proportion
of  (lane-changing,  giving-way)  to  increase,  and  the  suppression
effects  are  different  under  different  scenarios.  In  HLVs-HTVs  game,
because  human  driving  is  easily  disturbed,  directly  and
sharply  inhibits  the  proportion  of  (lane-changing,  giving-way)  to
rise.  When  approaches −1  and t <  20  s,  the  proportion  of
(lane-changing,  giving-way)  decreases  rapidly;  when  > −0.6
and t >  40  s,  the  proportion  of  (lane-changing,  giving-way)  main-
tains a high level.  In HLVs-ATVs game and ALVs-HTVs game, 
promotes the proportion of (lane-changing, giving-way) to rise due
to  autonomous  driving.  For  example,  in  HLVs-ATVs  game,  when

 = −1 and t < 40 s,  the proportion of  (lane-changing,  giving-
way)  decreases  significantly;  when  is  large and t <  30  s,  the
proportion  of  (lane-changing,  giving-way)  still  remains  relatively
high. This is because autonomous driving makes up for the fluctua-
tion  of  human  driving.  In  ALVs-ATVs  game,  has  the  least
influence  on  the  proportion  of  (lane-changing,  giving-way).  When

 = −1 and t < 50 s,  the proportion of  (lane-changing,  giving-
way) decreases significantly;  when  is  relatively large and t >
40 s,  the proportion of (lane-changing, giving-way) still  maintains a
high  level,  which  indicates  that  it  is  difficult  to  reduce  the  propor-
tion of (lane-changing, giving-way) rapidly.
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To sum up,  when involving human driving,  the strategic  propor-
tions  are  sensitive  to , , ,  and ,  and  the
convergence  speed  is  fast,  which  reflects  that  human  driving  deci-
sion-making relies  on 'real-time feedback'  with flexible  adjustment,
but  is  easily  affected  by  environmental  factors.  In  contrast,  when
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2

involving  autonomous  driving,  the  strategic  proportions  are  not
sensitive  to ,  and ,  and  a  stronger
stimulus  is  needed  to  trigger  convergence,  reflecting  that  the
decision-making adjustment of autonomous driving is conservative.

 Conclusions
This  study  focuses  on  the  decision-making  problem  of  lane-

changing  vehicles  in  the  environment  of  human-machine  co-driv-
ing.  An  evolutionary  game  model  with  multiple  utilities  was
constructed  to  analyze  the  evolutionary  mechanism  of  a  dynamic
game system, and the following conclusions are drawn:

(1) Based on the stability analysis of equilibrium points, there are a
total  of  six  stable  strategy  profiles  in  the  dynamic  game  system,
including  (not-lane-changing,  not-giving-way),  (not-lane-changing,
giving-way),  (lane-changing,  not-giving-way),  (lane-changing,
giving-way),  (not-lane-changing,  not-giving-way)  and  (lane-chang-
ing,  giving-way),  (not-lane-changing,  giving-way)  and  (lane-chang-
ing,  not-giving-way).  Among  them,  the  (lane-changing,  not-giving-
way)  strategy  profile,  which  may  pose  a  collision  risk,  only  exists
briefly  under  specific  conditions  and  will  not  become  a  long-term
stable  point.  In  practical  decision-making,  vehicles  tend to  prefer  a
strategy that balances safety and efficiency.

(2)  The  evolutionary  characteristics  of  different  game  scenarios
are  significantly  different.  Because of  the flexibility  and uncertainty
of  drivers'  decision-making,  the  strategies  in  HLVs-HTVs  game  are
frequently  adjusted,  and  the  evolutionary  paths  are  diverse.  The
evolutionary path in ALVs-ATVs game is  the most stable and is  less
affected by the initial strategies because of the fixed and predictable
behaviors of autonomous vehicles. The characteristics in HLVs-ATVs

 

a b

c d

∆UTVs
jFig. 8  Evolutionary convergence of the proportion of the strategy under different . (a) HLVs-HTVs game. (b) HLVs-ATVs game. (c) ALVs-HTVs game.

(d) ALVs-ATVs game.
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and ALVs-HTVs games falls  between those in HLVs-HTVs and ALVs-
ATVs games.

(3)  Sensitivity  analyses  show  that  a  strong  conflict  resulted  from
initial  strategies  (e.g.,  high  lane-changing  proportion,  low  giving-
way proportion)  accelerates  evolutionary  convergence.  Among the
utility  parameters,  the  adjustment  to  the  safety  utility  and  that  to
the  efficiency  utility  have  significant  impacts  on  the  direction  of
strategy  evolution.  The  energy-saving  utility  can  promote  the  for-
mation of the (lane-changing, giving-way) strategy profile, while the
fatigue  utility  inhibits  the  frequent  lane-changing  behaviors  of
human-driven vehicles.

(4) By recalibrating the parameters related to the selected utilities,
the formulated model in this study can be applied to freeways, high-
ways  and  urban  streets.  The  evolutionary  stable  stategies  derived
from  the  formulated  model  in  this  study  can  provide  decision-
making support for autonomous vehicles.

(5) In the future, the formulated model will  be improved so as to
describe the principles of multi-vehicle interaction and enhance the
adaptability of the formulated model to complicated and real traffic
environments.
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