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Abstract

Mandatory lane change (MLQ) is likely to cause traffic oscillations, which have a negative impact on traffic efficiency and safety. There is a rapid
increase in research on mandatory lane change decision (MLCD) prediction, which can be categorized into physics-based models and machine-
learning models. Both types of models have their advantages and disadvantages. To obtain a more advanced MLCD prediction method, this
study proposes a hybrid architecture, which combines the Evolutionary Game Theory (EGT) based model (considering data efficient and
interpretable) and the Machine Learning (ML) based model (considering high prediction accuracy) to model the mandatory lane change decision
of multi-style drivers (i.e. EGTML framework). Therefore, EGT is utilized to introduce physical information, which can describe the progressive
cooperative interactions between drivers and predict the decision-making of multi-style drivers. The generalization of the EGTML method is
further validated using four machine learning models: ANN, RF, LightGBM, and XGBoost. The superiority of EGTML is demonstrated using real-
world data (i.e., Next Generation SIMulation, NGSIM). The results of sensitivity analysis show that the EGTML model outperforms the general ML

model, especially when the data is sparse.
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Introduction

Mandatory lane change (MLC) refers to the behavior that the
driver must change the current lane to the expected lane in
some places due to traffic regulations or his/her driving needs.
MLC usually occurs in expressway weaving areas, on and off
ramps, and the entrance to intersections. Compared with
discretionary lane changing (DLC, e.g., the lane changing
behavior taken by the drivers to improve the current driving
environment), MLC is more likely to cause traffic oscillations,
which have a negative impact on traffic efficiency and
safetyl’2. Therefore, analyzing, modeling, and predicting
mandatory lane-changing behavior is important for improving
road traffic safety and efficiency.

In the past decade, there has been a rapid increase in
research on lane change modeling, especially on mandatory
lane change decision (MLCD) prediction3-3. MLCD models can
be categorized into two types, physics-based models and
machine-learning models. Early physics-based MLCD models
started from the classic rule-based models (e.g., Gipps!®,
MITSIMU, MOBIL®!), and utility-based models®, which imitated
human drivers' activities towards lane-changing. However,
challenging function expressions and complicated parameters
make these models more difficult to calibrate and validate. The
lane-changing process involves dynamic interaction between
drivers, that is, one driver pays the cost (e.g., speed, space) and
the other driver benefits from it (e.g., acceleration, lane
change). Game theory (GT), one of the most frequent applica-
tions of simulating the process of human competitive and
cooperative behaviors, can better describe the interaction
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between drivers. Thus, there have been many MLCD models
integrated with GTU'O'], which are at the forefront of MLCD
research. Evolutionary Game Theory (EGT) presents the objec-
tive of dynamically describing the competition and coopera-
tion between human. MLCD models based on EGT can explain
the progressive cooperative interactions of drivers. The param-
eters in the physics-based models have physical meaning, so
the model is highly interpretable. However, the models only
include a subset of the significant factors of MLCD and ignore
the rest of the potential factors, so the prediction accuracy is
low. Machine learning (ML) models focus on learning lane-
changing behavior from vehicle-related data (e.g., dynamic and
trajectory data). Due to the complexity of influencing factors of
MLCD, ML models are gradually being applied to MLCD model-
ing'213], In addition, the effect of the driving style on MLCD
was also considered in the modeling processt’#. In general, the
prediction accuracy of MLCD by ML models is high, but the
models have high requirements on data quality and quantity,
and low robustness. Besides, the model lacks interpretability, in
other words, the model cannot explain how the driving behav-
ior evolves as traffic environment changes.

Recently, modeling methods that combine physics-based
models and machine learning models are gaining popularity in
balancing prediction accuracy and the interpretability in the
engineering field['>'¢l, In machine learning models' loss func-
tions, physics information is usually encoded as governing
equations, physical constraints, or regularity terms. In the field
of traffic, the application of this method is not extensive
enough, and it is currently limited to traffic state prediction and
car-following (CF) behavior modeling. Shi et al. utilize a neural
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network to encode the traffic flow model for traffic state esti-
mationl('7], They observed that the proposed Physics-informed
Deep learning (PIDL) approach has the capability of making
precise and timely TSE even with sparse input. Yuan et al. trans-
formed the physical knowledge in the traditional car-following
model into a physical regularize of multivariate Gaussian
processes to predict the drivers' car-following behaviors!'8l. The
results demonstrated that the proposed method outperforms
the previous methods in estimation precision. Mo et al.l'
designed a physics-informed deep learning car-following
model (PIDL-CF) architecture and utilized two neural network
models: ANN and LSTM to further validate the generalization of
the PIDL method. The results showed the superior perfor-
mance of physics- informed methods over those without physi-
cal information. Masmoudi et al. propose an autonomous vehi-
cle following framework that involves using leading vehicle
detecting based on You Look Once version 3 (YOLOv3) and
implementing vehicle following using reinforcement learning-
based algorithms(2l, This method, which combines physical
models with machine learning, shows considerable advan-
tages in terms of effectiveness. In all, physics-informed meth-
ods can overcome the challenges of training data-hungry
machine learning models, particularly arising from limited data
and imperfect data (e.g., missing data, outliers, noisy data).

To obtain a more predictive and explainable MLCD model
that can depict the driving behavior of the interacted drivers
with different driving styles, this study is aimed to develop an
evolutionary game theory-based machine learning model
(EGTML). The model prediction result is output by the machine
learning model which is informed by the EGT-based physics
model. The main contributions of this paper are as follows:

(1) Design an EGTML architecture to model the mandatory
lane change decision of multi-style drivers, which combines the
physics-based model (data efficient and interpretable) and the
machine learning model (high prediction accuracy).

(2) Demonstrate the generalization of EGTML methods by
using four different ML methods: ANN, RF, LightGBM, and
XGBoost. The results showed that EGTML holds the potential to
maintain high prediction accuracy and enhance the data-
efficiency of training by incorporating physical knowledge.

(3) Demonstrate the superiority of EGTML on real-world data.
The results showed that the proposed hybrid paradigm out-
performs the general machine learning model across various
training data, especially when the data is sparse.

Multi-style driver clustering

Since there are significant differences in driving behaviors of
drivers with different styles, it is necessary to accurately model
the lane-changing behaviors of drivers with different styles.
This paper established a multi-style driver clustering model
based on the Gaussian mixture model (GMM)[211,

Preliminary of GMM

Gaussian mixture model (GMM) is a linear combination of
multiple single Gaussian models. If the d-dimensional vector x
obeys the Gaussian mixture distribution, its probability density
function is defined as:

=Y @x ol M

where, «; is the mixing coefficient, f (x| u;,%;) is the probability
density function of the i-th Gaussian distribution, its equation is as
follows:
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where, y; is the d-dimensional mean vector, %; is the d x d-
dimensional covariance matrix. The main parameters of GMM are
{(aj, i, Z) |i=1,2,...,k}. The Expectation-Maximum (EM)
algorithm!?? is the common solution algorithm to obtain the
optimal parameters. The EM algorithm continuously updates the
parameters in the iterative process until the termination condition
is satisfied.

Multi-style driver clustering
During the operation of the vehicle by different styles of
drivers, the operating parameters of the vehicle are different,
which are intuitively reflected in the changes in parameters
such as speed and acceleration?3l. The vehicle operating para-
meters can be obtained from the vehicle trajectory data. To
consider the impact of the traffic operation state on drivers,
define the ratio of vehicle speed to the space average speed as
the speed ratio r to replace speed, the calculation formula is as
follows:
Vi
ri=—_
VS
n
v, = Zi=1 Vi 4)
n
where, v, is the space average speed, n is the number of vehicles,
and v; is the speed of it vehicle. Based on the speed ratio r and the
acceleration g, the driving style feature vector is constructed
{E(r),VAR(r), E(a)}. The feature vector is brought into the GMM
and the EM algorithm is used to obtain the optimal model
parameters. Then, the vehicles are divided into k-clusters,

corresponding to different driving styles.

3)

EGT-based physics model
MLCD game

Here, Evolutionary Game Theory (EGT)24 is used to analyze
the mandatory lane-changing decision game and predict the
decision-making of game players. Dynamic analysis is used to
solve the stable solution of the evolving system and predict the
decision-making of the game participants. Two significant
contents of EGT are shown as follows.

Evolutionarily Stable Strategy (ESS)

ESS is a strategy that enables the evolving system to reach a
stable state, which is equivalent to Nash equilibrium in tradi-
tional game theory. Combined with the theory of biological
evolution, ESS can be regarded as a process of survival of the
fittest. Assuming that in a certain group, if the mutation of an
individual can help the individual better adapt to the environ-
ment, the proportion of the mutation will increase, and the
group can survive better. So, the mutation is the ESS of the
group. In the MLCD game system, ESS is the decision made by
drivers in the stable state.

Replicator dynamics equation

'Replication’ refers to individuals following a better strategy,
and the replicator dynamics equation indicates the rate of
change in the proportion of individuals. The replicator dynamic

equation is the differential equation defined as follows:

dx,-

o = NiluGsi ) —u(s, )] (5)
where, s; is the i-th strategy of the individual strategy set x; is the

probability that the individual chooses the strategy s; at time t,
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u(s; x) is the expected payoff when the individual chooses the
strategy s; and u(s, x) is the average expected payoff of all strategy
sets of the individual.

As shown in Fig. 1, there are two players in the mandatory
lane-changing decision game, the lane-changing vehicle (SV)
and the vehicle behind it in the target lane (TB). According to
the driving style of SV and TB, the MLCD game can be divided
into different categories. First, SV signals the lane-changing
request to TB. Second, TB responds by accelerating to refuse to
yield or decelerating to yield. Finally, SV decides whether to
lane change or not according to the response of TB.

Payoff matrix construction

SV and TB are the participants of the system, and the strat-
egy set of SV is {Lane change, Do not lane change}, and the
strategy set of TB is {Yield, Do not yield}. According to the
different strategy combinations of SV and TB, the system will
reach different stable states.

The game process of the lane-change decision is shown in
Fig. 2. Based on efficiency (i.e., speed loss), safety, and, accessi-
bility (i.e., lane-changing demand), construct the payoff matrix
for MLCD, which is shown in Table 1. P and Q denote the
payoffs for SV and TB, respectively.

Specifically, the efficiency payoff of TB is mainly reflected in
the speed loss Av caused by deceleration and yielding, and the
payoff factor is ,. For the payoff of lane-changing demand, the
distance of SV to the end of MLC L is used to represent the
payoff of lane-changing demand, and the factor is ;. Time-To-
Collision (TTQ)2%1 is used to represent the safety payoff between
SV and TB, and the factors of SV and TB are &, and a, respec-
tively. TTC refers to the time when the front and rear vehicles
collide under the condition that the relative speed of the front
and rear vehicles remain unchanged. It can be calculated as
follows:
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1
Yi-1 (@) = yi(H) = 5 i1 +1)
vi(t) = vi_1 ()

TTC = vi(t) > vie1(1) (6)

+00 vi(t) <vis1(0)

where, y(t), v{(t) and /; represent the position, speed and length of
the rear vehicle, y; (), vi;(t), and [; represent the position, speed,
and length of the front vehicle. a;, a,, £, and j, are all in the range
of (0,1) and satisfy a; + f;=1and o, + ;= 1.

Probability evolution calculation

SV and TB cannot take the optimal decision at the beginning
of the game, so they must combine their own and each other's
decisions, and eventually make the optimal decision through a
game period and bring the system to a stable state. This opti-
mal decision combination is the Evolutionarily Stable Strategy
(ESS)241,

Suppose the probability of SV taking lane-changing behav-
ior is x;, the probability of drivers taking yielding behavior is x,.
The expected payoffs of SV and TB can be calculated.

The expected payoff of SV taking lane-changing behavior is:

Wi =AX2+C(1—)C2) (7)

The expected payoff of SV not taking lane-changing be-

havior is:

W2:Ex2+G(l—x2) (8)
The expected payoff of SV is:
Wy =Wixi+ Wa(1-xp) )

The expected payoff of TB taking yielding behavior is:
wi=Bxi+F(1-x;)

The expected payoff of TB not taking yielding behavior is:
wy=Dx1+H(1—-x)

The expected payoff of TB is:

(10)
an
(12)

During the driving process, drivers will abandon low-payoff
strategies and adopt high-payoff strategies. Therefore, x; and x,

wrp =wixa +wa (1 -x2)

Current Lane

—> Driving Direction

[ ]rcvehicte

Game Player I:I Other vehicles

Fig. 1 The schematics of lane-changing.
Participants ‘ SV ‘ ‘ B
Strategy Lane change Do not lane change Yield Do not yield
Scene Conflict Successful to LC Failed to LC Hesitate
b . 4
State TB accelerate TB slow down TB accelerate TB slow down
PR SV keep the lane SV lane change SV keep the lane SV keep the lane

Fig.2 The game process of the lane-changing decision.
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Table 1. The payoff matrix for MLCD.

SV
Game players
Lane change No lane change
TB Yield Pii:oqTTC+ Byl Py :=piL
Qi1 :0TTC = BrAv Qy1 1 —poAv
No yield Py =0y TTC Py :=pil
Qiz: oAV — g, TTC Qy: prAv

will change over time and satisfy the following equations:
Fsy (x1,x2) =dx /dt = x| [W) — Wsv] (13)
Sre(x1,x2) = dxp/dt = x3[w1 —wrp] (14)
SV and TB cannot take the optimal decision at the beginning
of the game, so they must combine their own and each other's
decisions, through a period of game, and finally make the opti-
mal decision, so that the system can reach a stable state.
Assuming that at the beginning of the game, the probability of
SV taking lane-changing behavior is x‘l), and the probability of
TB taking yielding behavior is xJ. Then, x{ changes to x;
according to Egn (13), and xg changes to x; according to Eqn
(14). After several iterations of this cycle, the system finally
reaches a stable state, at this time, (x’f,xg) is the stable point of
the system, and the strategy combination is the ESS. When the
system reaches a stable state, x; and x, satisfy the following
equation:
{ x1(1=x)D)[(A+G-C-E)x;+C-G]=0

, 0,1 15
(=) [(B+ F-D—Fyy + F—i) =0 2 €101 (09

The four definite solutions of the equation are (0,0), (0,1),

) H-F G-C
(1,0), (1,1), and another is (B+H—D—F’A+G—C—E)' Not all
of the above solutions can make the system reach a stable
state. When the system reaches a stable state, the payoff func-
tion reaches the maximum value, so the stability analysis of
solutions can be transformed into the problem of solving the
maximum value of the function. For each solution, the dynamic
equation is 0, so a solution satisfying the first derivative of the
dynamic equation is less than 0 is a stable solution of the
system. Therefore, the stable solution needs to satisfy the
following equation:
Fly(x)=(1-2x)[(A+G-C~E)x,+C~G] <0
{ Srp(x) =0 -2x)[(B+H-D~-F)x;+F-H] <0

Calculating the value of the first derivative of the dynamic
equation at each solution, the results are as shown in Table 2.

Therefore, the set of stable solutions of the system is {(0,0),
(0,1), (1,0), (1,1)}, and the corresponding set of ESS is {(Do not
lane change, Do not yield), (Do not lane change, Yield), (Lane
change, Do not yield), (Lane change, Yield)}. The stable solu-
tion of the system is determined by the payoff matrix. Finally,
EGT-based MLCD is determined by the payoff matrix and the
initial values of x; and x, according to the identified decisions.
Assuming the stable solution of the system is (1,0), then solve
the ESS of the system and calculate the values of x; and x; to
determine the lane-changing decision of SV. The evolution
path of the system is shown in Fig. 3.

In this case, SV has a greater payoff by lane-changing, but TB
tends to choose not to yield, the players compete for the road
resources and the ESS is (Lane change, No yield).

(16)
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Safety criteria

Whether SV changes the lane or not depends not only on the
probability of SV lane-changing, but also the probability of TB
yielding, but also on whether the lane-changing safety criteria
are satisfied?®l, Because TTC can reflect the relative motion
trend and collision possibility between the front and rear vehi-
cles, it is utilized to formulate the lane-changing safety criteria
and shown as follows:

TTCrr > TTCYR, TTCrp > TTCEY 17

where, TTCrp and TTCrp are between SV and TF, TB, TTCRir
and TTC;‘};“ are constraints.

Lane-changing decision prediction

Only when the probability of SV lane-changing and the prob-
ability of TB yielding are both greater than 0.5 and the lane-
changing safety criteria is satisfied, the model outputs Ygr =1,
indicating SV lane changing, otherwise, the model outputs
Yeer =0, indicating SV no lane changing. The EGT-based physics
model is as follows: _ _
I {1 p1>05, p2>05, TTCrp > TTCYR, TTCrg > TTCHY
EGT —

otherwise

(18)

Establishment of EGTML

EGTML architecture

According to the PIDL architecture proposed by Mo et al.l'?],
the EGTML model consists of two elements: a machine-learn-
ing model and an EGT-based physics model. Both models take
the feature vector X as input and the lane-changing decision Y
as output. The output of the EGTML model is the output of the
ML model, and the output of the EGT-based model is the

Table 2. Stability analysis of equilibrium solution.

(7, %)) Fly(x*) frpx) Stability
(0, 0) c-G F-H Determined by
0,1 A-E H-F  the payoff matrix
(1,0) G-C B-D
(1m E-A D-B
( H-F G-C ) 0 0 Unstable solution
B+H-D-F ' A+G-C-E

1.0 { == Probability ol lane-changing
—— Probability of yielding

0.8
Z06
B
3
=
S04

02

0.0

0 5 10 15 20 25
Time (s)

Fig.3 Schematic diagram of the evolution of the probability.
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physical knowledge of ML model, which provides constraints
for the output of the ML model. Figure 4 illustrates the struc-
ture of the EGTML model.

Feature extraction for MLCD

In previous MLCD models, the features such as speed, accel-
eration, and speed difference are generally selected. But the
traffic state information contained in these features is not
comprehensive to fully describe the complex interaction
between SV and surrounding vehicles (i.e., front vehicle on the
target lane TF, behind vehicle on the target lane TB, front vehi-
cle on the current lane CF, behind vehicle on the current lane
CB). This paper comprehensively considered the safety indica-
tors TTC, and finally determined 24 features to construct the
feature vector X as the input of the EGTML model, as shown in
Table 3.

Observation and collocation dataset

The observation dataset is a set of state-decision pairs {X, ¥},
where the observed state is the feature vector X, and the iden-
tified decision is ¥, where ¥ =1 indicates lane change and
¥ = 0 indicates no lane change. In addition to the observation
dataset, the collocation dataset needs to be defined. The collo-
cation dataset is a set of state-decision pairs {X, Yzsr}, where
the observed state is the feature vector X, and the collocation
decision Yi,, is the lane-changing decision predicted by EGT-
based physics model for the observed state. According to a
certain training-test split ratio, observation dataset is divided
into two subsets. One subset and the collocation dataset

wdipesed TN-LOA

Fig.4 Structure diagram of EGTML.

Table 3. Features of the EGTML model.

Symbol Meaning Unit
Vo Vor Vos: Ve Vg The speed of the vehicle m/s
Aovi Acr Ace Atr At The acceleration of the vehicle m/s?
AV, AVig, AV, AVig The speed difference between vehicles m/s
Gcr Geg Grr Grg The gap between vehicles m
TTCcr TTCcs TTCyr, TTCrg The TTC between vehicles s
L The distance of SV to the end of MLC m
V Space average speed m/s

Xu et al. Digital Transportation and Safety 2024, 3(3): 115—-125
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constitute the training dataset, and the other subset is used for
model testing. The process of the split dataset is shown in
Fig. 5.

Loss function
After the dataset is divided, the loss function of the model
needs to be defined. The loss function consists of two parts,
one of which is the difference between the identified decision
and the predicted decision of the machine learning model (i.e.,
the data difference), and another is the difference between the
predicted decision of EGT-based model and the machine learn-
ing model. (i.e. the physics difference). Specifically, the AUC
value is used to evaluate the difference. The loss function is
defined as follows:
Lossg=aAUC.+ (1 —a)AUC, (19)

where, o is the weight that balances the contributions made by
the data difference and physics difference.

Evaluation index

The trained EGTML can be used to predict the test dataset.
Precision (P), recall (R), and accuracy (A) are used to evaluate the
prediction performance of the EGTML model. The indexes are
defined as follows:

P=—— (20)

TP+FP
TP

P=—— @1

TP+FP
TP+T

A=;N (22)

TP+FP+TN+FN

Training process

The model training process of EGTML consists of two pro-
cesses, EGT-based model parameter calibration and machine-
learning model parameter optimization. The training process is
shown in Fig. 6. The EGT-based model parameter calibration
problem can be written as the following optimization problem:

. o1 No | i Sz
nl}nOb]:FOZizl th_\,—Yi i=1,...,Ny
st Y, = fi(Xil2), AcA (23)

where, A are the parameters of the EGT-based model, N, is the
number of observed data, YEOH is the " predicted decision by
the EGT-based model ¥; is the i identified decision A is the
feasible domain of the parameters, representing the physical
range of each parameter. The objective function obj calculates the
difference between the predicted decision of the EGT-based

model and the identified decision in MSE form. The smaller the

Train-Test split

Collocation dataset Observation dataset

—

[ Collocation decisions ] [ Identified decisions

EGT-based model

of lane [changing

[ Observed states ] [ Observed states ]

g i
1
i i
1 1
'
' i
1 1
1
' i
1 1
1
' i
1 1
1
' i
1
i :
1 i
1
N !

:
;
I
|
Identification of start time 3
Il
I
|
I
I

Fig. 5
dataset.

Relationship between observation and collocation
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;' Calibration of EGT-MLCD model

Mandatory lane change prediction

Identified Decisions

Training of
ML-MLCD model

calibrated model
parameters A

(Calibrated)

\_ EGT-MLCD model /

: . .@

' . .

' . .

' . .
o

_ y.r minimize Obj
update A

Lossy =
qAUC,. + (1 —a)AUC,

minimize Loss

Update 6

objective function, the closer the model result is to the observed
result.

After the parameter calibration of the EGT-based model,
using Egn (19) to calculate the loss between the predicted deci-
sion of the ML model and the predicted decision of the EGT-
based model, the identified decision, respectively, to obtain the
loss of EGTML. The Adam algorithm is used to minimize the loss
until the algorithm obtains the optimal parameter 6.

Simulation and discussion

Data preprocessing

The performance of the EGTML model is validated using the
real-world data, US-101 dataset in the Next Generation SIMula-
tion (NGSIM) dataset?”]. The collection section of the US-101
dataset was the southbound section of the US-101 Freeway in
Los Angeles, California, USA. The length of the road section was
640 m, including five mainline lanes, an on-ramp, an off-ramp,
and a distribution lane. The five mainline lanes from the inner
lane to the outer lane were numbered sequentially from lane 1
to lane 5, the distribution lane is lane 6, the on-ramp and off-
ramp are lane 7 and lane 8. The trajectory data in US-101 is the
original unfiltered data, and there were outliers and measure-
ment errors, which will affect the training and validation of the
model. Therefore, the moving average method is used to
smooth the position, speed, and acceleration of the vehicle to
improve the data quality and reduce error interferencel28!

The continuous data in the dataset is then binned to

Page 120 0of 125

enhance the robustness and reduce the risk of model over-
fitting. In the US-101 data collection section, there were a lot of
mandatory lane-changing behaviors in lane 5 and lane 6. Five
hundred and eighty six samples were extracted and the start
and end times of each sample were identified. When the lateral
speed was greater than 0.2 m/s, there was a tendency to move
laterally into an adjacent lane within 1 s, which was defined as
the start time. When the lateral speed was less than 0.2 m/s and
the lateral position remained stable within 1 s, this was defined
as the end timel?9, Lateral refers to the direction perpendicular
to the direction of the lane. Taking vehicle No. 20 as an exam-
ple, the identification of the start and end time of lane-chang-
ing is shown in Fig. 7. After identifying the start time and the
end time, the trajectory data of 5 s before the start time and the
entire lane-changing process is selected to simplify the dataset.

Multi-style driver clustering results

The number of cluster centers of GMM was defined as 2, and
the drivers on lane 5 and lane 6 were divided into two data
subsets, corresponding to conservative drivers, and aggressive
drivers respectively. The number of aggressive drivers was 616,
accounting for 37.84%, and the number of conservative drivers
was 1,012, accounting for 62.16%. Overall, both the average
acceleration and the variance of speed ratio of aggressive
drivers were larger than those of the conservative drivers. The
distribution of sample eigenvalues are shown in Fig. 8. It can be
seen that both the average acceleration and the variation of
speed ratio of aggressive drivers are larger than those of the
conservative drivers.

Xu et al. Digital Transportation and Safety 2024, 3(3): 115-125
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Parameter calibration

According to the driving style of SV and TB, the MLCD game
can be divided into the following four categories: Category 1 is
the aggressive SV and aggressive TB. Category 2 is the aggres-
sive SV and conservative TB. Category 3 is the conservative SV
and aggressive TB. Category 4 is the conservative SV and
conservative TB. Using observation data to calibrate the EGT-
based model parameters for four categories. For the payoff
factors, in the range of (0,1), with a step size of 0.01, all the
parameter combinations were traversed to optimize Eqn (23),
and the calibration results are shown in Table 4. The definition
of each parameter is described above. The 85t percentile
TTCrr and TTCrp were chosen as the calibrated values for
TTCTM and TTCPM to ensure the safety performance of most
vehicles.

After parameter calibration, the payoff matrix was calculated
and the evolution with time of the probability of lane-chang-
ing and yielding for each of the four MLC categories calculated
by replicator dynamic equations and was plotted in Fig. 9.

In Fig. 9a & ¢, the probability of SV lane-changing increased
over time, while the probability of TB yielding decreased at first
and then increased gradually, implying that there may be an
obvious competition between two drivers at the beginning of
the game when TB is aggressive. Compared to aggressive SV,
when SV is conservative, the intensity and duration of the

Xu et al. Digital Transportation and Safety 2024, 3(3): 115—-125

competition was comparatively lower.

In Fig. 9b & ¢, the probability of SV lane-changing increases
more rapidly, while the probability of TB yielding increases
directly. That is, conservative TB tends to yield to SV during the
game.

Prediction and evaluation of EGTML

The prediction performance on the test dataset of the EGTML
model was evaluated by precision (P), recall (R), and accuracy
(A). Widely-used ML models (i.e., ANN, RF, LightGBM, and
XGBoost) were applied to construct the EGTML model.

ANNEOL: Artificial neural network (ANN) is a computational
model that consists of several processing elements that receive
inputs and deliver outputs based on their predefined activa-
tion functions.

RFB1: Random Forest (RF) is an ensemble learning method
for classification that operates by constructing a multitude of
decision trees during the training process. The output of the RF
is the class selected by most trees.

LightGBMB2l: LightGBM is an improvement of gradient
ascending algorithm (GBDT) in efficiency and scalability, which
incorporates two innovative techniques: Gradient-based One-
Side Sampling (GOSS) and Exclusive Feature Bundling (EFB).

XGBoost33l: XGBoost is a scalable, distributed gradient-
boosted decision tree (GBDT) that provides parallel tree
boosting.
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Table 4. The calibration of parameters.

Category 1 2 3 4
o2 0.98 0.99 0.96 0.97
B 0.02 0.01 0.04 0.03
oy 0.8 0.9 0.8 0.85
By 0.2 0.1 0.2 0.15

Tchn}iFn 6.25 6.25 6.25 6.25

TTC?}BH 6.25 6.25 6.25 6.25

The evaluation of different ML models is shown in Table 5.
The ROC curves, and PR curves are shown in Fig. 10. It can be
seen that the EGTML models using different ML models all have
good prediction performances, among them, the LightGBM
performs the best.

Knowledge discovery for style-oriented MLCD
After applying the best performing ML model (i.e.,

LightGBM), the distribution of longitudinal Lane Change Deci-

sion position output from EGTML (EGT-LightGBM) and

Table 5. The evaluation of different ML models.

Index ANN RF LightGBM XGBoost
P 0.775 0.855 0.833 0.871
R 0.963 0.931 0.944 0.933
A 0.795 0.832 0.865 0.847
a0
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0.8
e
0.7
]
2
£ 06
0.5
0.4 = Probability of lane-changing
== Probability of yielding
0 1 2 3 4 5 6
Time (g)
C 0 —
0.9
0.8
=
Zo07
o
<
e |\
a. 0.6
0.5
04 — Probability of lane-changing
== Probability of yiclding
0 | 2 3 4 5 6
Time (s)
Fig. 9

Mandatory lane change prediction

LightGBM, as well as the identified decisions (i.e., ground truth),
were plotted and are shown in Fig. 11 by MLC game categories.

Category 1 (Aggressive vs Aggressive): In Fig. 113, it can be
seen that the distribution of output from EGTML is more similar
than that from the pure ML model. This result is also confirmed
by the KL divergence gained from pure ML and ground truth
(i.e., 0.271) as well as from EGTML and ground truth (i.e., 0.231).
According to Fig. 11a, the competition between two aggres-
sive drivers may increase the difficulty of MLC, which leads to
the discrete distribution of lane change positions.

Category 2 (Aggressive vs Conservative): KL divergence from
EGTML (i.e., 0.081) is lower than that from ML (i.e., 0.098). In
Fig. 11b & ¢, because conservative drivers tend to yield to
aggressive drivers during the game, more aggressive drivers
can finish their MLC earlier than that in Category 1.

Category 3 (Conservative vs Aggressive): KL divergence from
EGTML (i.e, 0.145) is lower than that from ML (i.e., 0.172).
According to the low intensity and duration of the competition
from conservative SV and aggressive TB in Fig. 9c, the difficulty
of MLC for conservative drivers is higher than that of Category 4
(i.e., the distribution of lane change positions in Category 4 is
more centralized).

Category 4 (Aggressive vs Conservative): Both the tendency
of distribution in Fig. 11d and KL divergency (i.e., 0.036 > 0.029)
demonstrate that EGTML has a better performance in the
prediction of MLCD. Because the tendency of evolution proba-
bility of SV and TB in Fig. 9d is similar to that in Fig. 9b, a

b 1.0 [
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0.8
i
£ 0.7 /
s
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Evolution diagram of probability of lane-changing and vyielding. (a) Category 1 (Aggressive SV - Aggressive TB); (b) Category 2

(Aggressive SV - Conservative TB); (c) Category 3 (Conservative SV - Aggressive TB); (d) Category 4 (Conservative SV - Conservative TB).
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comparable trend of the output distribution is also displayed
between Fig. 11d & b.

In summary, EGTML can learn the knowledge of evolutionary
game theory and capture the game interactions between
multi-style drivers in different game scenarios, which improves
the interpretability of traditional ML.

Sensitivity analysis

EGT-LightGBM was used for testing the parameter sensitivity
of EGTML.

Firstly, to show that the advantages of the EGTML model
persist across different numbers of training data, different
numbers of training data wer randomly selected and the
prediction performances evaluated on the test dataset. The
results are shown in Fig. 12a, where the x-axis is the number of

Xu et al. Digital Transportation and Safety 2024, 3(3): 115—-125

training data, and the y-axis is the prediction accuracy. As can
be seen, the overall performance of the EGTML model is better
than the traditional ML model and the EGT-based model even
with the variability of the training data. The difference with the
former shrinks and the difference with the latter increases as
the training data increases. This phenomenon is similar to the
results shown by PINN-CF[191,

Secondly, to analyze the influence of the weight a on the
EGTML model, the model is trained by the value of o from 0 to 1
with a step size of 0.1. Then, the performance of the trained
model is evaluated on the same test dataset. The results are
shown in Fig. 12b, the x-axis is the value of a, and the y-axis is
the prediction accuracy. As can be seen, when the value of a is
0.1, the performance of the EGTML model is optimal.
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Conclusions

This paper develops an evolutionary game theory-based
machine learning mandatory lane change decision model
(EGTML). The prediction result is output by the machine learn-
ing model which is informed by the EGT-based physical model.
This modeling framework holds the potential to maintain high
prediction accuracy and enhance the data efficiency of training
by incorporating physical knowledge. The generalization of the
EGTML method is further validated using four machine learn-
ing models: ANN, RF, LightGBM, and XGBoost, and the superior-
ity of EGTML is demonstrated on the NGSIM dataset. Applying
the best-performing EGT-LightGBM, and LightGBM to test the
parameter sensitivity of EGTML, the results show that the
EGTML model outperforms the general ML model, especially
when the data is sparse.

To the best of our knowledge, this paper is the first-of-its-
kind that employs a hybrid paradigm where a physics-based
model is encoded into a machine learning model for manda-
tory lane-changing decision prediction. Thus, there are still a lot
of unresolved research questions. This work will be extended in
several directions. (1) More advanced physics-based MLCD
models will be encoded into ML models, which may hold the
potential to capture more complex lane-changing behaviors.
(2) A systematic simulation procedure should be developed for
testing the proposed EGTML model and identifying the best
physics-based models by deriving some key metrics (e.g., colli-
sion rate, conflicting distribution).

Author contributions

The authors confirm contribution to the paper as follows:
conceptualization, methodology, draft manuscript preparation:
Xu S; software: Xu S, Li M; data curation: Li M; visualization,
investigation: Li M, Zhou W, Zhang J; supervision, project
administration, funding acquisition: Wang C. All authors
reviewed the results and approved the final version of the
manuscript.

Data availability

Data will be made available upon reasonable request to the
corresponding author.

Page 124 0f 125

Acknowledgments

This research was supported by the National Key R&D
Program of China (2023YFE0106800), and the Postgraduate
Research & Practice Innovation Program of Jiangsu Province
(SJCX24_0100).

Conflict of interest

The authors declare that they have no conflict of interest.
Chen Wang is the Editorial Board member of Digital Transporta-
tion and Safety who was blinded from reviewing or making
decisions on the manuscript. The article was subject to the jour-
nal's standard procedures, with peer-review handled indepen-
dently of this Editorial Board member and the research groups.

Dates

Received 21 June 2024; Revised 22 July 2024; Accepted 29
July 2024; Published online 30 September 2024

References

1. Ali Y, Zheng Z, Hague MM, Wang M. 2019. A game theory-based
approach for modelling mandatory lane-changing behaviour in a
connected environment. Transportation Research Part C: Emerging
Technologies 106:220—42

2. FuX, Liu J, Huang Z, Hainen A, Khattak AJ. 2023. LSTM-based lane
change prediction using Waymo open motion dataset: the role of
vehicle operating space. Digital Transportation and Safety
2:112-23

3. Mullakkal-Babu FA, Wang M, van Arem B, Happee R. 2020. Empir-
ics and models of fragmented lane changes. IEEE Open Journal of
Intelligent Transportation Systems 1:187-200

4. Wang Z, Guan M, Lan J, Yang B, Kaizuka T, et al. 2022. Classifica-
tion of automated lane-change styles by modeling and analyzing
truck driver behavior: a driving simulator study. /EEE Open Journal
of Intelligent Transportation Systems 3:772—-85

5. An G, Bae JH, Talebpour A. 2023. An optimized car-following
behavior in response to a lane-changing vehicle: a Bézier curve-
based approach. IEEE Open Journal of Intelligent Transportation
Systems 4:682—-89

6. Gipps PG. 1986. A model for the structure of lane-changing deci-
sions. Transportation Research Part B: Methodological 20:403—-14

Xu et al. Digital Transportation and Safety 2024, 3(3): 115-125


https://doi.org/10.1016/j.trc.2019.07.011
https://doi.org/10.1016/j.trc.2019.07.011
https://doi.org/10.48130/dts-2023-0009
https://doi.org/10.1109/ojits.2020.3029056
https://doi.org/10.1109/ojits.2020.3029056
https://doi.org/10.1109/OJITS.2022.3222442
https://doi.org/10.1109/OJITS.2022.3222442
https://doi.org/10.1109/OJITS.2023.3291177
https://doi.org/10.1109/OJITS.2023.3291177
https://doi.org/10.1016/0191-2615(86)90012-3

Mandatory lane change prediction

7.

10.

1.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Yang Q, Koutsopoulos HN. 1996. A Microscopic Traffic Simulator
for evaluation of dynamic traffic management systems. Trans-
portation Research Part C: Emerging Technologies 4:113-29

Kesting A, Treiber M, Helbing D. 2007. General lane-changing
model MOBIL for car-following models. Transportation Research
Record: Journal of the Transportation Research Board 1999:86—94
Toledo T, Koutsopoulos HN, Ben-Akiva ME. 2003. Modeling inte-
grated lane-changing behavior. Transportation Research Record:
Journal of the Transportation Research Board 1857:30—-38

Kita H. 1999. A merging-giveway interaction model of cars in a
merging section: a game theoretic analysis. Transportation
Research Part A: Policy and Practice 33:305—12

Liu HX, Xin W, Adams ZM, Ban J. 2007. A game theoretical
approach for modelling merging and yielding behavior at freeway
on-ramp sections. pp. 1-15.

Hou Y, Edara P, Sun C. 2014. Modeling mandatory lane changing
using Bayes classifier and decision trees. IEEE Transactions on Intel-
ligent Transportation Systems 15:647—55

Dou Y, Yan F, Feng D. 2016. Lane changing prediction at highway
lane drops using support vector machine and artificial neural
network classifiers. 2016 IEEE International Conference on Advanced
Intelligent Mechatronics (AIM), Banff, AB, Canada, 12—15 July 2016.
USA: IEEE. pp. 901-6. DOI: 10.1109/AIM.2016.7576883

Li X, Wang W, Roetting M. 2019. Estimating driver's lane-change
intent considering driving style and contextual traffic. IEEE Trans-
actions on Intelligent Transportation Systems 20:3258-71

Yang Y, Perdikaris P. 2019. Adversarial uncertainty quantification in
physics-informed neural networks. Journal of Computational
Physics 394:136—52

Raissi M, Wang Z, Triantafyllou MS, Karniadakis GE. 2019. Deep
learning of vortex-induced vibrations. Journal of Fluid Mechanics
861:119-37

Shi R, Mo Z, Huang K, Di X, Du Q. 2021. Physics-informed deep
learning for traffic state estimation. arXiv Preprint:2101.06580
Yuan Y, Wang Q, Yang XT. 2020. Modeling stochastic microscopic
traffic behaviors: a physics regularized Gaussian process approach.
arXiv Preprint:2007.10109

Mo Z, Shi R, Di X. 2020. A physics-informed deep learning
paradigm for car-following models. Transportation Research Part C:
Emerging Technologies 130:103240

Masmoudi M, Friji H, Ghazzai H, Massoud Y. 2021. A reinforcement
learning framework for video frame-based autonomous car-
following. IEEE Open Journal of Intelligent Transportation Systems
2:111-27

Xu et al. Digital Transportation and Safety 2024, 3(3): 115—-125

21.

22.

23.

24.
25.

26.
27.
28.
29.
30.
31.

32.

33.

Digital Transportation
and Safety

Dempster AP, Laird NM, Rubin DB. 1977. Maximum likelihood from
incomplete data via the EM algorithm. Journal of the Royal Statisti-
cal Society Series B: Statistical Methodology 39:1-22

Yang MS, Lai CY, Lin CY. 2012. A robust EM clustering algorithm for
Gaussian mixture models. Pattern Recognition 45:3950—61

Sagberg F, Selpi, Bianchi Piccinini GF, Engstrom J. 2015. A review
of research on driving styles and road safety. Human Factors
57:1248-75

Taylor PD, Jonker LB. 1978. Evolutionary stable strategies and
game dynamics. Mathematical Biosciences 40:145—56

Hayward J. 1972. Near-miss determination through use of a scale
of danger. Highway Research Record 1:1-2

Zheng Y, Han L, Yu J, Yu R. 2023. Driving risk assessment under the
connected vehicle environment: a CNN-LSTM modeling approach.
Digital Transportation and Safety 2:211-19

Alexiadis V, Colyar J, Halkias J, Hranac R, McHale G. 2004. The next
generation simulation program. ITE Journal 74:22—-26

Ossen S, Hoogendoorn SP. 2008. Validity of trajectory-based cali-
bration approach of car-following models in presence of measure-
ment errors. Transportation Research Record: Journal of the Trans-
portation Research Board 2088:117—-25

Wang Q, Li Z, Li L. 2014. Investigation of discretionary lane-change
characteristics using next-generation simulation data sets. Journal
of Intelligent Transportation Systems 18:246—53

McCulloch WS, Pitts W. 1943. A logical calculus of the ideas imma-
nent in nervous activity. The bulletin of mathematical biophysics
5:115-33

Breiman L. 2001. Random forests. Machine Learning 45:5-32

Ke G, Meng Q, Finley T, Wang T, Chen W, et al. 2017. LightGBM: A
Highly Efficient Gradient Boosting Decision Tree. 31t Conference
on Neural Information Processing Systems (NiPs 2017), Long Beach,
California, USA, 4-9 December, 2017. pp. 3149-57. DOI:
10.5555/3294996.3295074

Chen T, Guestrin C. 2016. XGBoost: A Scalable Tree Boosting
System. Proceedings of the 22" ACM SIGKDD International Con-
ference on Knowledge Discovery and Data Mining. San Francisco
California USA. USA: Association for Computing Machinery (ACM). pp.
785-94. https://doi.org/10.1145/2939672.2939785

Copyright: © 2024 by the author(s). Published by
Maximum Academic Press, Fayetteville, GA. This

article is an open access article distributed under Creative
Commons Attribution License (CC BY 4.0), visit https:/creative-
commons.org/licenses/by/4.0/.

Page 125 0f 125


https://doi.org/10.1016/s0968-090x(96)00006-x
https://doi.org/10.1016/s0968-090x(96)00006-x
https://doi.org/10.3141/1999-10
https://doi.org/10.3141/1999-10
https://doi.org/10.3141/1857-04
https://doi.org/10.3141/1857-04
https://doi.org/10.1016/s0965-8564(98)00039-1
https://doi.org/10.1016/s0965-8564(98)00039-1
https://doi.org/10.1109/TITS.2013.2285337
https://doi.org/10.1109/TITS.2013.2285337
https://doi.org/10.1109/TITS.2013.2285337
https://doi.org/10.1109/AIM.2016.7576883
https://doi.org/10.1109/TITS.2018.2873595
https://doi.org/10.1109/TITS.2018.2873595
https://doi.org/10.1109/TITS.2018.2873595
https://doi.org/10.1016/j.jcp.2019.05.027
https://doi.org/10.1016/j.jcp.2019.05.027
https://doi.org/10.1017/jfm.2018.872
https://doi.org/10.48550/arXiv.2101.06580
https://doi.org/10.48550/arXiv.2101.06580
https://doi.org/10.48550/arXiv.2007.10109
https://doi.org/10.1016/j.trc.2021.103240
https://doi.org/10.1016/j.trc.2021.103240
https://doi.org/10.1109/OJITS.2021.3083201
https://doi.org/10.1111/j.2517-6161.1977.tb01600.x
https://doi.org/10.1111/j.2517-6161.1977.tb01600.x
https://doi.org/10.1111/j.2517-6161.1977.tb01600.x
https://doi.org/10.1016/j.patcog.2012.04.031
https://doi.org/10.1177/0018720815591313
https://doi.org/10.1016/0025-5564(78)90077-9
https://doi.org/10.48130/dts-2023-0017
https://doi.org/10.3141/2088-13
https://doi.org/10.3141/2088-13
https://doi.org/10.3141/2088-13
https://doi.org/10.1080/15472450.2013.810994
https://doi.org/10.1080/15472450.2013.810994
https://doi.org/10.1016/S0092-8240(05)80006-0
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.5555/3294996.3295074
https://doi.org/https://doi.org/10.1145/2939672.2939785
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

	Introduction
	Multi-style driver clustering
	Preliminary of GMM
	Multi-style driver clustering

	EGT-based physics model
	MLCD game
	Evolutionarily Stable Strategy (ESS)
	Replicator dynamics equation

	Payoff matrix construction
	Probability evolution calculation
	Safety criteria
	Lane-changing decision prediction

	Establishment of EGTML
	EGTML architecture
	Feature extraction for MLCD
	Observation and collocation dataset
	Loss function
	Evaluation index
	Training process

	Simulation and discussion
	Data preprocessing
	Multi-style driver clustering results
	Parameter calibration
	Prediction and evaluation of EGTML
	Knowledge discovery for style-oriented MLCD
	Sensitivity analysis

	Conclusions
	Author contributions
	Data availability
	References

