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ABSTRACT

The study aims to optimize the speed of discretionary lane-changing behavior. Combining the safety,
efficiency and eco-friendly requirements, a causal inference based speed control framework is proposed.
First, variables affecting the lane change efficiency are selected and their treatment effects are obtained by
conducting causal effect analysis and causal refutation analysis. Second, the conditional average treatment
effect is estimated by taking the safety and eco-friendly requirements into consideration and applying the
double machine learning version causal forest model. Finally, two controllers are built, and grid search is
used to optimize lane change decision making. The results of a numerical experiment show that the

framework has a good performance on improving the efficiency and environmental friendliness of a lane
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change process while ensuring safety. The proposed framework provides a new approach to speed control
for discretionary lane-changing behavior. The approach can be well adapted to a vehicle-to-vehicle
communication environment and is expected to be applied to vehicle-assisted driving systems in the
future.

Keywords: Causal inference, Lane change behavior, Treatment effect, Speed control framework
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INTRODUCTION

Vehicle lane changing is the main traffic behavior that triggers traffic flow fluctuations and traffic
accidents.Researchers have carried out extensive work on vehicle lane changing behavior, including the
study of lane change behavior characteristics in terms of acceptable lane change gap, lane change duration
(M. Yang et al., 2019) and lane change probability (Ahmed et al., 2019), the study of lane change
behavior modeling based on game theory (Arbis & Dixit, 2019) and deep learning (Zhang et al., 2019),
the study of lane change behavior for safety risk assessment and lane change warning (M. Li et al., 2020),
and the study of lane change trajectory planning and lane change behavior impact. With the development
of cooperative vehicle infrastructure systems (CVI1Ss) and driverless technologies, the characteristics,
decisions and impacts of lane-changing behaviors in mixed traffic flow or driverless environments have
gradually become a hot research topic.

A connected environment provides information via vehicle-to vehicle and vehicle-to-
infrastructure communications. Yasir Ali et al. (Y. Ali et al., 2020) expressed their understanding of
discretionary lane-changing behavior in a connected environment, and found that a connected
environment has a significant impact on spacing, speed, acceleration noise, and other factors. Lane
change models can be classified into three types. The first type is dynamical models (P. Cao et al., 2017;
Linetal., 2019; Luo et al., 2016; Mai et al., 2016). The second type is game theory based lane change
models (Y. Ali et al., 2019; Talebpour et al., 2015; Yu et al., 2018). The third type is machine learning
based lane change models (Sun et al., 2021; Xie et al., 2019; Zhang et al., 2019). A connected
environment has shown promise in addressing the large-scale traffic difficulties related to safety,
efficiency, and environmental impact. However, a fully driverless environment or a high degree of CVIS
is still a long from before full-scale promotion. Prior to this, assisted driving will be the best way to take
full advantage of the traffic information provided by a connected environment. This paper will focus on
lane change decision-making for vehicle assisted-driving. The interaction between the lane-changing
vehicle and the surrounding vehicle information provides rich information on traffic and vehicle control.
In the process of a vehicle lane change, how can the influence relationship between vehicles and accurate
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surrounding vehicle information provided by a connected environment to be used? How can safety,
efficiency, and environmental impact be integrated for the scientific control of lane-changing vehicles?
These two problems are the subject of this paper.

There is cause and effect everywhere in transportation science; for example, during the lane
change process in the connected environment, the velocity, acceleration, and distance of the surrounding
vehicles all interact with each other as cause and effect. Most of the existing models based on deep
networks, game theory and accident data do not deeply investigate the intrinsic mechanism of the lane-
changing process, nor do they consider the interaction of the variables of lane-changing. Hence, we
propose that causal inference can be introduced into lane-changing decision-making.

Causal inference, which is different from correlation analysis, can be used to measure causality,
specifically using causal inference o infer whether a change in one event is the cause of a change in other
events (Neuberg, 2003). Basic causal inference consists of two steps, identification and estimation; hence,
causal inference is often used to discover and quantify the degree of influence of an event. The concept of
causal effect was originally introduced by Neyman in 1923 (Ding, 2017), and the causal inference
framework was first proposed by Paul W. Holland (Holland, 1986), which is known as the Rubin causal
model (RCM). Another popular causal model is the causal diagram model, which was proposed by Pearl
(Neuberg, 2003). A causal diagram model can be divided into three steps: causal discovery, causal effect
and refuted estimate. It can be proven that a causal diagram model is equivalent to an RCM (Hitchcock,
2001). Due to the ease of interpretation of a causal diagram model, it is more often used in other
disciplines, such as social science, computer science, and a range of data-related disciplines.

Causal inference is widely applied in transportation. For example, Li et al. (C. Li et al., 2020)
converted risk identification to a causal effect task and “present a novel two-stage risk object
identification framework based on causal inference with the proposed object-level manipulable driving
model”. You and Han (You Tackgeun and Han, 2020) use causal inference to compute causality in the
different frames of traffic accident videos. Caoet al. (D. Cao et al., 2021) proposed a causal-based
framework to determine impacted regions and quantify speed reduction. Ali et al. (Q. Ali et al., 2019) use

4
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a causal inference model to mine and analyze the causes of traffic safety accidents, including urban road
class, urban characteristics, population density and education level. Yang et al. (S. Yang et al., 2021)
identified different street impact coefficients on a road system and calculated the causal interaction effects
between different streets. Molavipour et al. (Molavipour et al., 2020) explore the interaction of traffic
flows at different nodes in a traffic network based entirely on a theoretical proof and aim to construct
cause-and-effect diagrams for traffic flow. However, existing traffic causal inference models are only
used to quantify, identify and analyze the causal effects of particular road events. Few studies apply
causal inference to the decision-making process, and there are also few studies on causal inference in lane
change scenarios. In this paper, to study and optimize the mechanism of the lane change process, causal
inference is added to the decision-making in a lane change scenario.

As an important method for discovering causality between events, a causal inference-based speed
control system framework is proposed in this paper to improve the process of discretionary lane-
changing. This framework can improve the efficiency of lane change by optimizing the velocity and
acceleration of a lane change to ensure the safety and eco-friendliness of the lane change. This framework
is expected to be applied to vehicle-assisted driving systems. This paper can provide a causal inference-
based model reference for future vehicle-to-vehicle infrastructure communication.

The rest of the article is structured as follows. The METHODS proposes a causal inference based
lane change decision framework and introduces the intrinsic mechanism. The DATA DESCRIPTION
decribes the basic information of the data, and correlation analysis is conducted. The CASE STUDY
shows the results of the causal effect analysis, conditional average treatment effect analysis and lane
change decision-making system. Finally, the CONCLUSION summarizes the conclusions and

achievements of this study and proposes directions for future research.

METHODS
A lane change decision framework that includes three sections is proposed in this paper. These
three sections are summarized as the estimation of the treatment effect, the estimation of the conditional

5
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average treatment effect and lane change decision-making. Figure 1 gives the basic framework of the
causal inference-based lane change model. The three sections are summarized below.

(1) The first section investigates the effect of variables during the lane change on the duration events of
the lane change. Candidate variables that may affect the duration of the lane change are first selected, and
the treatment effects of the candidate variables are estimated. Then by using a placebo refutation test, the
final variables are selected and their treatment effects can be obtained.

(2) In the second section, the safety variable time to collision (TTC) and the eco-friendly variable
acceleration are set as the condition variables, the velocity is set as the control variable, and the lane
change duration is set as the outcome variable. By using a double machine learning version causal forest
model, conditional average treatment effect (CATE) can be estimated.

(3) The lane change decision is made in the third section. The CATE of the condition variables that
have been estimated in the second section are used as input to build a velocity and acceleration optimizer.
The framework uses a grid search on the hyperplane formed by the CATE to obtain the optimized

suggested velocity and acceleration.
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125  Figure 1 Framework for lane change based causal inference
126
127  Estimation of treatment effects and refutation
128 According to the definition, causal inference can help discover the causality between variables,

129  and it can also enhance the interpretability of a model. The treatment effect is an important tool that can
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guantify the causal effects between variables, and it can be estimated from treatment variables and
outcome variables.

According to causal inference, if a treatment variable is a binary variable, the average treatment
effect is

E[E(Y|W,T = 1] —E[E(Y|W,T = 0)] (1)
where T is treatment variable chosen from variable set W and Y is the outcome variable. In this study, the
treatment variables are the velocity and acceleration, while the outcome variable is the lane change
duration. According to Equation (1), we can estimate E(Y|W, T) using a regression model, which can be
denoted as E(Y|W,T) = By + B:T + B, W. The average treatment effect is ;.

To test the validation of the estimator, a placebo is added to refit the outcome model. We can
calculate new effects and compare them with the estimated effects. By definition, “a placebo is any
treatment that has no active properties” (Marchant, 2016), if we replce our treatment variables with a
placebo, new treatment effects with different distributions can result. By using this property, we can
easily determine whether the original variable has a treatment effect.

We can obtain guidelines for determining whether there is a causal effect between the treatment
variable and the outcome variable. First, the estimated effect should not be zero, and the value of
estimated effect is proportional to the causal effect of the treatment variable on the outcome variable.
Second, the placebo effect should go to 0. For box plots, the average value must not be 0, and the data in
the box plot need to be significantly different from the estimated value. If the above two requirements are
met, it can be concluded that there is a causal effect between the treatment variable and the outcome
variable.

Estimation of the conditional average treatment effect
The conditional average treatment effect (CATE) is a causal tool that can be applied to detect

heterogeneity between variables. The input variables of the estimation of conditional average treatment
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effect are the treatment variable, outcome variable and condition variables, which are the velocity, lane
change duration and other variables that can affect the channel change, respectively.

We first assume that the outcome variable and treatment variables are continuous variables, and a
tree model is applied to obtain the causal effect of the treatment variables. The conditional regression
function can be denoted as p, (X) = E[Y (£)|X], where fi,(X) = pu, (X, W,) = E[Y(t)|X, W] is the
estimated outcome regression, X are the condition variables, T is the treatment variable which is chosen
from variable set W, and Y (t) is the outcome variable under treatment T = t.

To calculate the conditional average treatment effects, in this section, gradient boosting
regression is first applied to fit u(X, W) = E[Y|X, W] and f(X,W) = E[T|X, W], and local estimates
A,(X, W) and f (X, W) are obtained. Then, the causal forest proposed by Athey (Athey et al., 2019) is
fitted to solve the “local moment equation problem” [?°],

E[(Y —E[Y|X,W]—0(x)(T — E[T|X, WD)(T —E[T|X,WDIX =x] =0 (2)

In this section, we apply the double machine learning version of causal forests to estimate
conditional average treatment effects 8 (x). According to Athey et al. (Athey et al., 2019) and Keith et al.
(Keith Battocchi Eleanor Dillon, 2019), the estimation is

6(x) = argming Y K,(X) - (% = m(X, W) = 0(T: = f (X, W)’ (3)

i=1

where K, (X;) is the similarity metric. We finally obtain the treatment effect estimator by using

the double machine learning version of causal forests, which estimator can be denoted as CATE (X, Y).

Decision-making system
Efficiency, safety and eco-friendliness are the three key objectives of traffic management and
control and the objectives of system optimization in the context of a CVIS. In the decision system to be

built for the lane change scenario, the lane change duration is selected to denote the efficiency, the TTC to
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denote the safety and the acceleration to denote eco-friendliness. The shorter the lane change duration is,
the more efficient the lane change is, and the shorter the impact of the lane change on other vehicles. The
TTC needs to be controlled within a safe range during the lane change to reduce the risk of vehicle
collisions. From the aspect of energy consumption and emissions, the more stable the velocity is, the less
energy consumed and exhaust emissions produced. Therefore, the system should avoid rapid acceleration
or deceleration.

In this decision-making system, two controllers are built to determine the suggested velocity and
acceleration. According to the definition of the CATE, in this study, the CATE is applied to measure the
“elasticity” of the velocity with respect to the duration, and the TTCs are added to the framework to
constrain the velocity. Considering traffic safety, the TTCs must be within a reasonable interval B, which
means TTCs € B. The objective function of the first controller is shown in Equation (4).

min,CATE(TTC) + A,F(TTC) (4)
where A > 0, and F(TTC) = ),; TTC;. The CATE under different TTCs can be denoted as
CATE(TTC) = CATE(TTCf, TTCs, TTC,, TTC,, TTC.), Which can be estimated using the causal
forest in Equation (3). The second term in Equation (4) aims to constrain the velocity so that it does not
choose a point that has a high CATE but low velocity.

To avoid high energy consumption and high emissions. The acceleration is added into the
algorithm. The second controller aims to find an optimal acceleration. We denote the acceleration as a €
H in this section, and H is the covarites set, which is used to prepare for a more general model in the
future. From the perspective of efficiency and energy consumption, we use the objective function shown
in Equation (5) to help find the best suggested covariates set A.

min,CATE(a") + A, |a’ — a]-| (5)

The first term in Equation (5) improves the efficiency of v toward the duration under a’. The

second term aims to help the vehicle transition more smoothly. A decreasing acceleration leads to a

decrease in efficiency and an increasing acceleration leads to high energy consumption and high
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203  emissions, hence, a stable acceleration can help save energy, and it can also ensure that the lane change
204  process is more stable.

205 Finally, the complete algorithm for the lane change decision system is shown in Algorithm 1.

Algorithm 1 Lane change decision algorithm

Input: Training set D = (T4, Y1, Ty Yps Tty Yt Yrs Tt Yst)s V= (0,054, V5,04, 0,), duration; Test set
D" € Ry V' = (Vs v, vry, U7 V) € Ryy5; Control variable set H; Coefficients A
1: Compute TTC(D,V) = (TTCy,,, TTC;, TTC,,, TTC,, TTCy,);
2: Compute CATE(TTC(D, V), treatment = v, outcome = duration);
3: for D, V/ in D'V’ do
4: Generate evenly spaced samples V' and H" according to V and H;
5: Compute CATE(TTC(D’,V’ V"), treatment = v’ outcome = duration);
6: Search v] to find 9; to minimize f(v;) = CATE(TTC)+ A\ F(TTC), such that TTC(D’",V’,9;) € B;
7: for a’,a in H', H do

8: Compute CATE(a’, treatment = v’, outcome = duration);
o: Search a’ to find @ to minimize g(a’) = CATE(a’) 4+ X\y|a’ — al;
10: end for
11: end for
12: H=a
Output: V, H, CATE
206
207 In this algorithm, the function to generate an evenly spaced array is in line 4, and the even

208 interval is determined by the range of T. By learning the training set, we can obtain the CATE of the
209  velocity for the duration at a specific TTC. To find the optimal solution for the lane change state,two
210  types of optimization problems with regularization terms need to be solved. Finally, the suggested

211 velocity and covariates set can be calculated. With the help of the suggested parameters, the vehicle can
212 obtain an optimal decision to change lanes.

213

214

215 DATA DESCRIPTION

216 The data we use to conduct the case study are from previous work proposed by Dong et al. (Dong et
217  al., 2017), and we also use NGSIM (Alexiadis et al., 2004) to extract the lane change behavior.

218 In this section, we add different types of extra variables that are generated by the lane change

219  Dbehavior to the data set. The description of these variables is shown in Table 1.

220

221  TABLE 1 Variable Descriptions

11



Variables Description Variables Description
len Vehicle length f len Front vehicle’s length in current lane
\Y Vehicle velocity r_len Rear vehicle’s length in current lane
a Vehicle acceleration ft_len Front vehicle’s length in target lane
v_after  Vehicle velocity after changing lane rt_len Rear vehicle’s length in target lane
a_after  Vehicle acceleration after changing st len Overlap vehicle’s length in target
lane lane
fv Front vehicle’s velocity in current x_ft The x distance with front vehicle in
lane target lane
rv Rear vehicle’s velocity in current y_ft The y distance with front vehicle in
lane target lane
ft v Front vehicle’s velocity in target x_rt The x distance with rear vehicle in
lane target lane
rt v Rear vehicle’s velocity in target lane y rt The y distance with rear vehicle in
target lane
st v Overlap vehicle’s velocity in target x_f The x distance with front vehicle in
lane current lane
fa Front vehicle’s acceleration in y f They distance with front vehicle in
current lane current lane
ra Rear vehicle’s acceleration in X_r The x distance with rear vehicle in
current lane current lane
ft_a Front vehicle’s acceleration in target y r The y distance with rear vehicle in
lane current lane
rea Rear vehicle’s acceleration in target x_st The x distance with overlap vehicle
lane in target lane

12
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229
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231

232

233

234

235

st_a Overlap vehicle’s acceleration in y_st The y distance with overlap vehicle
target lane in target lane

duration  The duration of lane changing

There are 544 observed lane change vehicles and 31 variables for each lane change, and each
observation has a specific lane change trajectory. Table 2 shows the linear correlation of the duration
with the other variables. The largest absolute linear correlation value is -0.183 obtained between the
acceleration and duration. All variables have little linear correlation. In the real world, when a lane change
occurs, most variables must have a strong association with the duration. For example, there is definitely a
causal relationship between the velocity and duration. Therefore, in the next section, we will use causal
effects to quantify the relationship between the variables and duration.

TABLE 2 Correlation Between Each Variable and Duration

Variable Value  Variable Value @ Variable Value Variable Value

len -0.021 ft v -0.131 st a -0.088 y_ft 0.068

% -0.152 rt v -0.127 f len 0.0008 x_rt 0.015

a -0.089 st v -0.099 r_len -0.015 y rt -0.065

v_after -0.183 fa 0.014 ft_len 0.074 x_f 0.093
a_after 0.006 ra 0.028 rt_len -0.055 y f -0.100

fv -0.098 ft a 0.046 st_len -0.070 X_r 0.049

rv -0.114 ra -0.008 x_ft -0.025 yr -0.072

CASE STUDY

Causal effect analysis
A causal diagram is a visualization tool that can visualize the causal relationship among variables,

and it is a directed acyclic graph (DAG) composed of nodes and arrows. Nodes are composed of the
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treatment variable T, the outcome variable Y and other variables W. The direction of the arrow is the
direction of our hypothetical causal relationship. Figure 2 is the causal diagram that shows the causal
relationships of the variables in Table 1. Since the causal relationships between these variables are a

priori knowledge, the construction of the causal graphs is completed through manual selection.

Figure 2 Hypothetical causal relationships between variables

In this section, the average treatment effect of the potential treatment variables is calculated. The
Python package “Dowhy” (Sharma & Kiciman, 2020) is used to construct a causal diagram and calculate
the average treatment effect. According to the diagram, the outcome variable is the duration, and the

treatment variables are shown in Figure 4.
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Figure 3 Boxplot of causal effects using placebo

The back-door criterion is adopted as the identification criterion, and regression is applied to
estimate the causal effect. In the last step, a placebo treatment as a refutation method is applied to obtain a
new treatment effect. The results of the estimated treatment effects are shown in Figure 3. The red dots
are the estimated effects of different variables. The boxplots are the treatment effects that are generated
from 30 randomized placebo tests.

According to the rules of the placebo refutation test in causal inference, the causal effect between
each variable and the outcome variable can be estimated. From Figure 3, the estimated effect of “len”,
“v7, ¢t v7, st v, st a”, “y rt”, “x_st” and “y_r” have a significant difference from the effect using

placebo treatment, and the effect using placebo treatment tends to be zero. It can be concluded that these

variables have a causal effect on the outcome variable, which is the duration of the lane change process.
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Classifying the variables according to the different level reveals that “len”, “v”, “r v”, “y_rt” and
“y_r” have a higher causal effect on the outcome variable, and “st_v”, “x_st” and “st_a” have a lower
causal effect on the outcome variable.

Using the positive and negative causal effects for identification, we find that “len”, “v”, “r_v”,

9% ¢ 99 ¢

“st_v”, “st a”, “x_st” and “y_r” have a negative causal effect on the outcome variable, while “y rt” has a

positive causal effect on the outcome variable.

Conditional average treatment effect under the TTCs and acceleration
In this section, the double machine learning version of causal forests is used to estimate
conditional average treatment effects under the TTCs and acceleration. Api from “EconML” (Keith et al.,
2019) is used to calculate the CATEs. There are five parameters in this step: “TTC ft”, “TTC {7,
“TTC 1t”, “TTC r” and “TTC_st”. These five variables are condition variables X, which have been
mentioned in Equation (2). The velocity is the treatment variable while duration is the outcome variable.
The calculation of the different condition variables is divided into four parts: front vehicles, rear
vehicles, overlap vehicles in target lane and acceleration. Two 3D surface plots and two 2D plots are
constructed to show the conditional average treatment effects under different TTCs and accelerations. The

results are shown in Figure 4.
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Figure 4 Treatment effects for front, and rear vehicles, overlap vehicles and acceleration

In the lane change scenario, different TTCs or accelerations can affect the CATE differently. In
Figure 4, a positive value in the 3D and 2D plot represents the positive “elasticity” of the velocity with
respect to the duration at a specific TTC or acceleration, implying that an increase in the velocity causes
an increase in the duration, which means the velocity has a positive causal effect on the duration.
Negative values represent a negative causal effect of the velocity on the duration at a specific TTC or
acceleration.

To understand the CATE of a specific vehicle at different velocities with respect to the duration, we
add solid black lines that denote one single car under different velocities in the graphs. We take a single

vehicle as an example and use the rear and front vehicle TTCs as covariates to simulate changes in the
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CATE. The results are shown in the first two graphs of Figure 4. The solid black lines show the variation
in the vehicle velocity CATE under different TTCs.

For different cars, the paths of the TTCs in the images are different. Not all vehicles can reach the
lowest CATE in the surface plot, and the value depends on the location and velocity of the vehicle.
Considering the safe range of the TTCs and the causal effect of the velocity on the duration, a lower
CATE does not mean a better lane change decision. When the velocity is low, even if the CATE is very
low, the efficiency of the lane change can be very poor, which will cost the vehicle more fuel to reduce
the duration of the lane change. Hence, the value of the velocity needs to be taken into consideration, and
this is the purpose of the second term in Equation (4). The change in acceleration should also be taken
into consideration, because of the efficiency and energy consumption, a lower CATE also does not mean
a better lane change decision.

From the experiments, the CATE is not linearly related to the duration of lane change, and the CATE
cannot be used as the only condition to evaluate a good or bad lane change decision. The process of
finding the optimal lane change decision is to find a suitable point in a six-dimensional hyperplane. To
obtain the optimal lane change decision, we apply Algorithm 1 to the test data set and conduct further
experiments.

Lane change decision-making

According to Algorithm 1, after obtaining the TTCs and the treatment effect, the next step is to find
the velocity that minimizes Equation (4) and find the condition variables T that minimize Equation (5)
using a grid search. In this system, the suggested velocity and acceleration are calculated to balance the
safety and efficiency according to the hyperparameters. Hence, according to the TTC distribution (Murata
et al., 2016), the TTC threshold is set to be 2.5s in this paper.

To obtain the optimal lane change duration, the estimated lane change duration under different 1,
and 4, is first calculated, and the results are shown in Figure 5. A surface plot is applied to show the
different durations. It is clear that the suggested duration decreases as A, increases, and the trajectory

of A, is more complex; it reaches its minimum value at A, = 2 or 3.
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Figure 5 Estimated duration at different 4, and 4,

Several experiments were implemented to calculate the average velocity, average acceleration, CATE and
average duration before and after using the framework. The candidate values of the parameters are 1, =

0.1,0.2,0.3,0.4,0.5, and 1, = 2, 3. According to Figure 7, the lowest estimated duration can be obtained

when 4, is approximately 2 or 3. Furthermore, the specific values at different A, and A, values are

summarized in Table 3.

TABLE 3 Change in velocity, CATE and average duration before and after using the framework

Without using framework Using framework

Aq Ay v a CATE  Average

\% a CATE Average

Duration Duration

0.01 2 7.165 0.196 —2.029

72.043 7819 0.664 —5.926 82.941
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0.01 3 7.165 0.196  —2.029 72.043 7.819 0545 —5.633 89.189

0.02 2 7.165 0.196 —2.029 72.043 7.797 0.664 -5.924 79.091
0.02 3 7.165 0.196  —2.029 72.043 7.797 0545 —5.638 77.991
0.03 2 7.165 0.196 —2.029 72.043 7.791 0.664 -5.926 68.973
0.03 3 7.165 0.196 —2.029 72.043 7.791 0545 -5.633 67.792
0.04 2 7.165 0.196  —2.029 72.043 7777 0.664 5931 68.981
0.04 3 7.165 0.196 —2.029 72.043 7.777 0545 -5.631 67.809
0.05 2 7.165 0.196  —2.029 72.043 7817 0.664 —3.341 68.979
0.05 3 7.165 0.196  —2.029 72.043 7.817 0545  —3.048 67.823

326

327 The proposed framework is evaluated in three aspects under different hyperparameters A, and 4.

328  Five candidate values of A, and two candidate values of A, are considered. The lowest average duration
329  after using the framework of 67.792 is obtained when A; = 0.03 and A, = 3, and the average duration
330  decreases from 72.043 to 67.792 when using the framework. The average velocity increases from 7.165 to
331  7.791, an increase of 8.74%, and the CATE decreases from -2.029 to -5.633.

332 However, the average acceleration increases from 0.196 to 0.545. The increase is unexpected and
333  anin-depth discussion is conducted. A test data set that contains 50 vehicles is used to test the suggested
334  acceleration; A, is setto 0.03, and A, is setto 3. Figure 6 shows the optimization results of the 50

335  vehicle lane changes. The red dots are the suggested acceleration, while the blue dots are the real

336  acceleration. From Figure 6, it is clear that the real acceleration of most vehicles is consistent with the
337  suggested acceleration, and only 8% of the vehicles have a significant increase in acceleration compared

338  to the real acceleration.
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Figure 6 Change in the velocity and acceleration before and after using the framework

Overall, the decision system can optimize the lane change process by adjusting the velocity and
acceleration to achieve the optimal lane change duration, and all decisions are made under safety (TTC)
conditions. The proposed model can well balance the efficiency (duration) and environmental protection
(acceleration) during a lane change. Moreover, the decision system also has the ability to be generalized

in the future by considering more parameters.

CONCLUSIONS
This study focuses on the discretionary lane-changing process. A causal inference-based speed
control framework was proposed to improve lane change behavior from the aspects of efficiency, safety
and eco-friendliness, which are denoted by the velocity, TTC and acceleration, respectively. The
following contributions are made from this study:
(1) By estimating the treatment effect of candidate variables and performing a placebo refutation test,
the effect between variables during a lane change is quantified. Then, the final variables can be selected

and their treatment effects can be obtained.
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(2) By applying a double machine learning version of the causal forest model, the CATE is estimated.
Based on the CATE, the lane change control pronlem is transferred into an optimization problem of the
TTC safety variable, the eco-friendly acceleration variable and the control velocity variable.

(3) By applying the proposed lane change framework, the final validation results show that the
framework can improve the efficiency and environmental friendliness of lane change while ensuring
safety.

Along the stream of this study, several elements of future research can be identified. (1) To obtain
a more general and accurate framework, extra lane change parameters such as lane change angle or
interaction variables of the target vehicle with the surrounding vehicles can also be added to the
algorithm. (2) The framework proposed in this paper can be improved according to specific CVIS
scenarios, and it can be applied to the lane change system optimization module in collective intelligent
decision making and cooperative control of traffic groups to improve the performance of lane change

decision-making.
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