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Abstract—Vehicle platoons (\VPs) are groups of vehicles driving
together with a short inter-vehicle gap and a harmonized velocity.
For a long period, the VPs and human-driven vehicles (HDVs) will
coexist in mixed traffic flow, where the cut-in maneuver of the
HDVs towards the VPs can be frequently expected. In this paper,
to handle such cut-ins, we propose an intention prediction-based
control method for the VPs by considering the tradeoff between
the platoon integrity and traffic safety. Particularly, the proposed
method is designed to prevent as many cut-ins as possible while
taking care of the road safety. It consists of a cut-in prediction
part, including intention and trajectory prediction algorithms,
and a finite state machine (FSM)-based predictive control part,
including a high-level FSM and a low-level predictive control.
Driver-in-the-loop experiments were conducted in the VVP-based
driving scenarios to train the intention prediction algorithm and
test the proposed method. We show the results detailing the
control behavior of the proposed method in a no cut-in test, a
mandatory cut-in test, and three discretionary cut-in tests. The
results demonstrate that the proposed method can predict the
cut-in intention of human drivers in real time. Besides, according
to the prediction results, the proposed method can prevent cut-ins
for the VPs while taking care of the road safety.

Index Terms—Vehicle platoons, cut-in, intention prediction,
predictive control.

l. INTRODUCTION

EHICLE platoons (VPs) are groups of vehicles driving
together with a short inter-vehicle gap and a harmonized
velocity, which are enabled by vehicle automation, as well as

vehicle-to-vehicle or vehicle-to-infrastructure communications.

Organizing multiple vehicles into a vehicle platoon (VP) is
shown to be effective in increasing traffic throughput and
mitigating traffic jam [1], [2]. Besides, the VPs have potential
to improve the road safety and driving comfort [3], [4]. In
addition, the vehicles of a platoon can decrease exhaust
emissions and fuel consumption [5], [6]. Due to its advantages
in intelligent transportation systems, the VP has attracted
considerable attention in the academic and industry fields.

To obtain the expected benefits of the VVPs, a major challenge
is to deploy them in real traffic environment. The deployment
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of the VPs will be gradual due to the need of supporting road
infrastructures [7], user acceptance [8], and suitable regulations
and legislation frameworks [9]. It will take a long time to let
them have dedicated areas or lanes. Before that, they have to
share road with conventional human-driven vehicles (HDVS) in
mixed traffic flow for a long period [10]. In this context, the
HDVs can produce irregular driving behavior towards the VPs,
which may influence the performance of the VPs [11]. Thus, it
is necessary for the VPs to address the interactions with the
HDVs.

Cut-in maneuver of the HDVs is an inter-vehicle interaction
that can be frequently expected. In the cut-in scenarios, the
lane-changing vehicle moves into the space ahead of a nearby
following vehicle in the target lane. The following vehicle may
adjust its following gap to respond to the cut-in via emergency
acceleration or braking, which increases fuel consumption and
affects traffic efficiency [12]. Furthermore, the cut-in maneuver
is potentially dangerous and may lead to traffic collisions. In
particular, such maneuver appears to be unavoidable in mixed
traffic and is regarded as a common hazard for the VVPs [11]. It
can affect the integrity of the VPs, which makes platooning
difficult.

For single vehicles, including the autonomous vehicles (AVs)
and HDVs equipped with advanced driver assistance systems,
great efforts have been made to handle the cut-in maneuver of
the surrounding HDVs. Chen et al. [13] built a human-centered
control method based on the driver behavior prediction for the
AVs to follow the reference trajectory while cooperating with
the cut-in vehicle. In [14], a human-like car-following (CF)
model was built for the AVs by considering the cut-in behavior
of other vehicles in mixed traffic. Chen et al. [15] established
an intelligent speed control strategy and a reinforcement
learning method for the AVs to handle uncertain cut-in
scenarios. In [16], a behavior estimation method was built to
recognize and predict the cut-in intention for the CF control in
the autonomous driving. Choi et al. [17] designed a cut-in
warning system by using multiple rotational images of
surround view monitoring cameras. Lyu et al. [18] developed a
cut-in collision warning model to improve the effectiveness of
advanced driver assistance systems in cut-in scenarios.

For the VVPs, however, the methods built for single vehicles
to address the cut-ins may not be suitable, due to the difference
between the control objectives of the VPs and single vehicles.
Different from a single vehicle, the VP has the control objective
of maintaining the platoon integrity, which conflicts with the
cut-in objective of the HDVs. Recently, a few studies have been
carried out for the VPs to handle the cut-ins. Milanés et al. [19]



designed an algorithm for the VP to manage the transitions in
response to the cut-ins from other vehicles. They tested the
algorithm by using a string of four cooperative adaptive cruise
control vehicles in real traffic condition. In [20], a control
method was developed for the VVPs to decrease the effect of
vehicle cut-ins. Kazemi et al. [21] established a cooperative
adaptive cruise control system by using a learning-based
stochastic model predictive control (MPC), which can address
the cut-in maneuvers of the HDVSs. In [22], an MPC method
was built to control a dynamic VP while handling possible
cut-infout maneuvers. Yao et al. [23] developed a decentralized
lane-change-aware trajectory optimization model for trajectory
smoothing of the connected automated vehicles at a signalized
intersection. The model integrated the strategies of yielding to
mandatory lane change and restraining discretionary lane
change. Liu et al. [24] built a sensor fusion algorithm based on
the radar and vision data for the VPs to recognize the cut-in
vehicles.

When handling the cut-ins of the HDVs, the control method
for the VVPs faces a tradeoff between the platoon integrity and
road safety. On the one side, preventing the cut-ins is beneficial
to the integrity and performance of the VPs, but may result in
vehicle accident and traffic congestion. On the other side,
yielding to the cut-ins could improve driving safety and the
overall traffic flow, but may break up the VP and lower its fuel
efficiency [10]. To achieve the benefits of the VPs and take care
of the traffic safety at the same time, it is important to consider
such tradeoff in the controller design of the VVPs. However, to
the best of our knowledge, no study has designed control
scheme for the VPs to address the cut-ins by considering such
tradeoff.

Furthermore, the existing control methods built for the VPs
to address the cut-ins do not incorporate the prediction of the
driver intention. The significance of integrating such prediction
in the control method is twofold: 1) it can help the VP better
assess the potential cut-ins, and thus improve the road safety; 2)
it enables the VP to respond to the cut-ins as early as possible,
and thus to be more active when facing the cut-ins.

Thus, to address the cut-ins of the HDVs, this paper proposes
a novel method for the VPs by incorporating the prediction of
the driver intention and considering the tradeoff between the
platoon integrity and road safety. In particular, the proposed
method is developed to prevent as many cut-ins as possible
while taking care of the road safety. It consists of a cut-in
prediction part and a finite state machine (FSM)-based
predictive control part. In the cut-in prediction part, a new
support vector machine (SVM)-based algorithm is designed to
predict the cut-in intention of human drivers; a trajectory
prediction algorithm is used to predict the trajectory of the
HDV. In the FSM-based predictive control part, a novel FSM
and novel MPC algorithms are built to implement the control
objectives of the proposed method. The main contributions of
this study are as follows: 1) it addresses the cut-ins for the VP
by considering the tradeoff between the platoon integrity and
road safety; 2) it handles the cut-ins for the VVP by incorporating
the prediction of the driver intention; 3) it designs a novel
SVM-based algorithm to predict driver cut-in intention towards

a platoon; 4) it designs a novel control method based on the
FSM and MPC to prevent as many cut-ins as possible for the
platoon while taking care of the road safety; 5) it verifies the
effectiveness of the proposed scheme with driver-in-the-loop
experiments in the VVP-based driving scenarios.

The remainder of this paper is organized as follows. Section
Il presents the architecture of the proposed method. Sections 111
and 1V introduce the cut-in prediction part and the FSM-based
predictive control part, respectively. Section V describes the
driver-in-the-loop experiments for testing the proposed method,
whose results are presented in Section V1. Finally, Section VII
provides the discussion and conclusion of this paper.
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Fig. 1. Structure of the intention prediction-based control method.

1. SYSTEM ARCHITECTURE

The intention prediction-based control method is proposed
for the VPs to handle the cut-in maneuvers of the HDVs. Note
that how often a VP encounters the cut-ins should depend on
the traffic condition, e.g., traffic flow. As shown in Fig. 1, the
proposed method consists of two parts: 1) cut-in prediction,
which predicts the cut-in intention of human drivers and the
trajectory of the HDV; 2) FSM-based predictive control, which
implements the control objective of the proposed method with
three control strategies, i.e., CF, cut-in prevention, and cut-in
yielding strategies. The working procedure of the proposed
method is as follows. The cut-in prediction part first predicts
the cut-in intention of the nearby HDVs according to the states
of the HDVs and the relative states between the VP and HDVs.
Then, the prediction part predicts the trajectories of the HDVs
in a prediction horizon. Next, according to the predicted results,
the VP states, and the surroundings, the FSM-based predictive
control part employs the FSM to choose a control strategy from
the CF, cut-in prevention, and cut-in yielding strategies. Finally,
to implement the selected control strategy, the control part
conducts the longitudinal control of the VP by using an MPC
controller.

A. Cut-in Prediction

The cut-in prediction part is built for the proposed method to
better assess the potential cut-ins and respond to the cut-ins as
early as possible. This part includes two algorithms: cut-in
intention and vehicle trajectory prediction algorithms. In the
intention prediction algorithm, the cut-in intention of the



nearby HDVs is predicted by using the SVM, which is a
supervised learning method that has been widely employed to
predict driver intention [25], [26]. Particularly, the algorithm is
built to predict whether the nearby HDVs intend to perform
cut-in towards the platoon. The vehicle trajectory prediction
algorithm predicts the trajectory of the HDV in a prediction
time step. The trajectory is characterized by the lateral and
longitudinal displacements of the vehicle, which are calculated
by using a preview model and a longitudinal dynamic model,
respectively. The predicted results are used in the FSM-based
predictive control part for selecting a control strategy from the
CF, cut-in prevention, and cut-in yielding strategies.

B. FSM-Based Predictive Control

The FSM-based predictive control part is built to implement
the control objective of the proposed method, which is to
prevent as many cut-ins as possible for the VP while taking care
of the road safety. This part is divided into two levels: a
high-level FSM and a low-level predictive control. The FSM
decides the control strategy used in the low-level predictive
control. The FSM has three states, i.e., CF, cut-in prevention,
and cut-in yielding states, which correspond to the three control
strategies of the VP, respectively. The transitions between these
states are managed by using the predicted cut-in intention, the
predicted vehicle trajectory with respect to the VP, and the
surrounding information. The low-level predictive control has
three control strategies: the CF, cut-in prevention, and cut-in
yielding strategies. They are implemented via the MPC method
as it can integrate multiple objectives into an optimization
problem and adapt to the disturbances and uncertainties with a
receding horizon strategy [27], [28]. In the CF strategy, the
driving objective of the VP is to maintain a defined distance
from the preceding vehicle while ensuring the ride comfort. In
the cut-in prevention strategy, the control objective of the VP is
to shorten the platoon gap while maintaining the ride comfort
and driving safety. In the cut-in yielding strategy, the control
objective of the VP is to create a safe distance from the cut-in
vehicle while keeping the ride comfort.
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Fig. 2. Algorithm flow of the cut-in intention prediction.

1. CUT-IN PREDICTION

In Section I11-A, we present the details of using an algorithm
to predict the cut-in intention of the nearby HDV. In Section
I11-B, we describe how to apply a lateral preview model and a
longitudinal dynamic model to predict the trajectory of the
HDV.

A. Cut-in Intention Prediction

The aim of the intention prediction is to know whether the
nearby HDVs intend to conduct cut-in towards the VVP. Thus,
the intention prediction problem can be regarded as a binary
classification problem. As shown in Fig. 2, the algorithm of the
intention prediction consists of training and using procedures.
The offline training procedure is employed to calculate the
parameters and the prediction performance of the algorithm.
The online using procedure is applied to decode the streaming
driving data into the prediction result in real time. The two
procedures include four parts: data acquisition, preprocessing,
feature extraction, and classification.

1) Data Acquisition

Driver-in-the-loop experiment is conducted to collect driver
data in the mixed traffic flow, which includes the VP and HDV.
The collected driving data include the lateral, longitudinal, and
yaw data. The experimental platform is built by using a driving
simulator, simulated vehicles, and a virtual scene. In the
experiment, the drivers are asked to perform cut-in towards the
VP and lane-retention to obtain two classes of training samples.
The training driver data are recorded with labels of the cut-in
intention, whereas the streaming driver data are collected
without knowing their corresponding intentions a priori.

Remark 1: In real world, the driving data are collected with
automotive sensing, which can be divided into self-sensing,
localization, and surrounding-sensing [29]. Self-sensing uses
proprioceptive sensors, such as odometers and gyroscopes, to
measure the states of the ego car. Localization, using external
sensors such as GPS, determines the global and local position
of the ego car. Surrounding-sensing uses exteroceptive sensors,
such as sonar, radar, and cameras, to perceive road information
and the states of other vehicles. The VP can detect the states of
the HDV by using exteroceptive sensors in real world.

2) Preprocessing

In the decoding process, epochs of the driving data with
certain time window length are extracted as single units to be
translated into the prediction results. In the training procedure,
the epochs are extracted from the instant when the cut-in
intention is labelled. We try different time window lengths and
select one for use. In the using procedure, we adopt the selected
time window length and update the epochs by using the
historical driving data of the current time step.

Fig. 3. Target vehicles related to the cut-in task.



3) Feature Extraction

We extract the features of the epochs to distinguish different
classes of driving data. The selected features consist of the
features related to the states of the nearby HDV and the relative
states between the HDV and VP. Note that, in the VP, we only
focus on the target leader (TL) and target follower (TF) related
to the cut-in task. As shown in Fig. 3, the TL and TF refer to the
front and rear vehicles of the target gap, respectively. The
features related to the states of the HDV include its yaw angles,
lateral and longitudinal velocities, and lateral and longitudinal
accelerations at the initial and final instants of the epoch, along
with their increments in the selected time window length. The
features associated with the relative states between the HDV
and VP consist of the relative velocities and longitudinal
distances between the HDV and TF and the time headway and
inverse time-to-collision between the HDV and TL at the initial
and final instants of the epoch, and their increments in the
selected time window length. The time headway and inverse
time-to-collision are defined as

THw =20 &)
h
TTCi = IVDi @)

hi

where v, is the longitudinal velocity of the HDV, D, is the
relative distance between the HDV and TL, and v, is the

relative velocity between the two vehicles.
4) Classification

A binary classifier is built to handle the binary classification
problem. Particularly, we build the classifier by using the SVM
with a radial basis function as the kernel function. The classifier
is described as

y=2wexp(-g -x[)+b @3)

where M denotes the number of the support vector, w, is the
weight of the ith support vector, x is the ith support vector, x

is a vector of the extracted features, including the time headway
and inverse time-to-collision computed in (1) and (2), and b is
the bias of the classifier. In the training procedure, the LIBSVM
software library developed by Chang and Lin [30] is used to
determine the parameters of the classifier.

Remark 2: We use the SVM to develop the binary classifier
due to the following reasons. The SVM has the advantage of
producing more robust models than traditional learning
methods by minimizing the upper bound of the generalization
error [31]. Besides, the SVM can extract pattern from noisy
data without prior knowledge before training [32].

B. Vehicle Trajectory Prediction

The trajectory of the HDV is predicted so that the proposed
method can know its driving tendency and then accordingly
decide the control strategy of the VP. The prediction of the
vehicle trajectory is separated into the predictions of the lateral
and longitudinal displacements of the vehicle.

We apply the method described in [13] to predict the lateral
position of the vehicle. The lateral position is predicted based
on the driver preview behavior of previewing the future desired
path in a preview interval. The preview point of the driver
model can be calculated as

Yp = Yo tVie, (4)

where y, is the current lateral position of the vehicle, y, is the

lateral position of the vehicle at the preview point, 7 denotes
the preview time, and ¢, represents the yaw angle error, which

is computed as
€ =Wh W, 5)

where y, is the yaw angle of the vehicle and v, is the desired
yaw angle.

Based on the equation (4), the prediction model of the lateral
vehicle position can be described as
k=0,---,N, -1 (6)

(k+1)

y = yr(]k) +Tv9e®

h ™y

where Y is predicted lateral position of the vehicle at time
step k, Y7, v, and e are the measured values at the current
time step, T is the sampling time, and N, is preview horizon.

Remark 3: Note that the drivers may first prepare to cut-in
and then execute cut-in after generating the cut-in intention [33].
They desire to drive in the original and target lanes in the cut-in
preparation and execution phases, respectively. In other words,
the preview point is on the centerline of the original and target
lanes in the two phases, respectively. In the same spirit of [18],
we set the threshold value of the lane-change offset rate as 0.15
m/s to represent the beginning of the cut-in execution phase.

Assuming the HDV drives with the longitudinal acceleration
of the current time step in the prediction horizon, we formulate
the prediction model of the longitudinal vehicle position as

2
e = 500 L Ty +T7aﬁ°) L k=044N, -1 %

where s is the predicted longitudinal displacement of the
vehicle at time step k and a” is its longitudinal acceleration at

the current time step.

Remark 4: The lateral speed and longitudinal acceleration are
assumed to be constant in a prediction horizon. The assumption
(also used in [13] and [34]) is considered reasonable because
the prediction horizon is a few seconds ahead and the speed and
acceleration update at each time step, which decrease the
influence of the assumption errors.

V. FSM-BASED PREDICTIVE CONTROL

The overall objective of the FSM-based predictive control is
to prevent as many cut-ins as possible for the VP while taking
care of the road safety. In Section IV-A, we explain how to
build the high-level FSM. In Section IV-B, we describe the
algorithms of the low-level predictive control.
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Fig. 4. Architecture of the high-level FSM.

A.High-Level FSM

The high-level FSM is built to select control strategy for the
VP to handle the cut-ins. As shown in Fig. 4, the FSM consists
of three states: the CF, cut-in prevention, and cut-in yielding
states. In the CF state, the followers of the VP perform CF to
maintain a defined distance from the preceding vehicle. In the
cut-in prevention state, the VP shortens the platoon gap to
prevent the cut-ins of the HDV. In the cut-in yielding state, the
VP yields to the cut-in vehicle by creating a safe distance.

The state transitions are managed according to the predicted
cut-in intention, the surrounding information, and the predicted
trajectory of the HDV with respect to the VP. The predicted
cut-in intention indicates whether the nearby HDV intends to
conduct cut-in towards the VP. According to the surrounding
information, we classify the cut-in motivation into the
mandatory and discretionary cut-ins. The mandatory cut-ins
refer to the situation where drivers must perform cut-ins to
leave the current lane, e.g., to use an on-ramp to enter a freeway
or to avoid obstacles [35]. The discretionary cut-ins refer to the
situation where drivers conduct cut-ins to move into a target
lane with a more desirable driving condition. The predicted
vehicle trajectory is used to calculate whether the HDV is in the
defined preventable range. When the vehicle was predicted to
drive across the lane marks and have a vehicle-length lead over
the TF, it was considered in the unpreventable range. Otherwise,
it was considered in the preventable range. Note that the HDV
predicted to drive in the unpreventable range is regarded as a
cut-in vehicle.

In the CF state, the FSM can be switched to the cut-in
prevention and yielding states. If the nearby HDV is predicted
to have no cut-in intention, the FSM remains in the CF state. If
it is predicted to have the discretionary cut-in intention and the
cut-in vehicle is predicted to drive in the preventable range, the
FSM is switched to the cut-in prevention state. If the HDV
suggests the mandatory cut-in intention, the FSM is switched to
the cut-in yielding state. If it indicates the discretionary cut-in
intention and is predicted to drive in the unpreventable range,
the FSM is switched to the cut-in yielding state.

In the cut-in prevention state, the FSM can be switched to the
CF and cut-in yielding states. If the cut-in vehicle remains in
the preventable and detectable range, the FSM remains in the
cut-in prevention state. If the cut-in vehicle does not perform
cut-in and is out of the detectable range, the FSM is switched to
the CF state. If the cut-in vehicle is predicted to drive in the
unpreventable range, the FSM is switched to the cut-in yielding
state.

In the cut-in yielding state, if the cut-in vehicle reaches the
target lane, the FSM is switched to the CF state. Otherwise, the
FSM remains in the cut-in yielding state.

B. Low-Level Predictive Control

The low-level predictive control is developed to implement
the control strategy decided in the high-level FSM. Particularly,
three MPC algorithms are formulated based on the control
strategies of the CF, cut-in prevention, and cut-in yielding,
respectively. In the algorithms, the vehicle longitudinal models
are applied as the prediction models.

1) Vehicle Longitudinal Model

In the VP, the TF is controlled to address the cut-ins of the
HDVs. The controlled vehicle, i.e., the TF, is expected to
imperfectly track its desired acceleration. We describe its
dynamic model with a first-order lag as

ra+a=u 8)

where u and a represent the desired and actual longitudinal
accelerations of the controlled vehicle, respectively, and z is the
time lag [36].

Integrating forward difference approximations, the model in
(8) can be rewritten as

17T 0 0
A=l0 1 T |,B=| 0| 9)
00 1-T/r T/t

where x® =[s® v® a®7T s the state variable of the controlled

vehicle at time step k. s and v are the absolute position and
longitudinal velocity of the controlled vehicle, respectively.

The preceding vehicle of the controlled vehicle can be either
the TL or cut-in vehicle. We assume the preceding vehicle has a
constant acceleration in the prediction horizon. Its longitudinal
model can be expressed as

X = AXY, efel}

17T T2
A=l01 T (10)
00 1

where x =[s.,v.,a] and x =[s,,v,a] are the state variables of
the cut-in vehicle and TL, respectively. s, and s, are the
absolute positions; v, and v, denote the longitudinal velocities;
a. and a, represent the longitudinal accelerations.
2) Predictive Control for CF

To implement the CF strategy, the MPC algorithm is
designed to include a CF and a smooth control objective. We
add penalties on the longitudinal acceleration and its increment
in the cost function to realize the smooth control objective. The
CF objective is achieved by introducing penalties on the
deviation from a desired inter-vehicle gap and the relative
velocity between the controlled vehicle and its preceding
vehicle in the cost function. The penalties are formulated as



i = Nf(afk)(s(k’ =S89+ O (v)7) (11)
k=0

where S® and S{ are the inter-vehicle distance and desired

distance at time step k, respectively, v is the relative velocity

between the control vehicle and its preceding vehicle, ¢ and

BY are the weights penalizing the distance deviation and

relative velocity, respectively, and N, denotes the control

horizon as well as the prediction horizon of the MPC algorithm.
We compute the inter-vehicle distance, relative velocity, and
desired distance as

gk — Si(k) g (12)
v =y _y® (13)
S =yt +D,,i=corl (14)

where tq is the desired time gap and Ds represents the desired
standstill distance, which are set according to the defined
platoon gap. In (12)—(14), i equals to ¢ and | when the preceding
vehicle of the TF is the cut-in vehicle and TL, respectively.

Remark 5: There are two major spacing policies for platoons:
constant time-gap policy and constant distance policy. This
study uses constant time-gap policy because it can ensure string
stability by just using on-board information [37], [38] and it
accords with driver behaviors to some extent [39].

Based on the above descriptions, the control algorithm for
CF is formulated as

N1

min ¥ (@ (% - ${0) + A9 () +2 (W) + 6 (Au¥Y’) (150)
k=0

st X = A 4 Byl (15b)
X = A X i=corl (15¢)
AU® =y® —y*D (15d)
Uy, <u®<u_ k=0,--,N,-1 (15e)
O =y (15f)
X =x, (159)
X0 = x, (15h)

where 7 and % are the weights penalizing the longitudinal

acceleration and its increment at time step k, respectively, and
X, Xy, and X, represent the current states of the controlled

vehicle, cut-in vehicle, and TL, respectively. The equations
(15b) and (15c) are the longitudinal models of the controlled
vehicle and its preceding vehicle, respectively. The constraint
(15d) is applied to compute the increment of the longitudinal
acceleration. The constraint (15e) is the physical constraint.
The constraints (15f)—(15h) ensure the states of the vehicles are
initialized as the measured values of the current time step.
3) Predictive Control for Cut-in Prevention

To implement the cut-in prevention strategy, the control
algorithm is built to shorten the platoon gap while maintaining
the ride comfort and driving safety. We introduce penalties on

the distance and relative velocity between the TL and TF to
shorten the platoon gap. We add penalties on the longitudinal
acceleration and its increment to maintain the longitudinal ride
comfort. To keep the driving safety, we limit the distance
between the TL and TF with a minimum speed-dependent
distance strategy and a minimum time-to-collision strategy:

S >y (16)
S(Nz)
W >t 7

rl

where S, =5 -s and v, =v,—v are the distance and relative
velocity between the TL and TF, respectively, t,, and t. are

the defined minimum time headway and time-to-collision,
respectively, ds is the minimum standstill distance, and N2
denotes the prediction horizon of the control algorithm. Note
that t,,, and ds are set according to the defined safety distance.

Integrating (16) and (17), we can derive
S > max{v ™t o +d,, vt} (18)

According to the above descriptions, we can formulate the
optimization problem for cut-in prevention as

N, -1
min a, (S) + B, 04 + Y (740 () + 69 (8u))+p,e (192)
' k=0

st x* — ax® L y® (19b)
X = A x® (19c¢)
S > max{v™ )t +d, VPt 3¢ (19d)
AU = g kD (19e)
Uy U9 <, k=04N,-1 (191)
£>0 (199)
X9 =x, (19h)
X% =X, (19i)

where «, and S, are the weights penalizing the distance and
relative velocity between the TL and TF at time step N, ,
respectively, 7 and 6 are the weights penalizing the

longitudinal acceleration and its increment at time step k,
respectively, and p, is the weight penalizing the slack variable

&, which enables the constraint (19d) to be imposed as a soft
constraint. In the cost function (19a), the first two terms are
used to shorten the platoon gap; the third and fourth terms are
applied to maintain the ride comfort. The constraint (19d) is
derived by adding the slack variable into (18). The constraint
(199) limits the value range of the slack variable.
4) Predictive Control for Cut-in Yielding

To implement the cut-in yielding strategy, the MPC-based
algorithm is designed to include a yielding objective, a smooth
control objective, and a safety objective. The yielding objective
is realized by adding penalties on the deviation from a desired
inter-vehicle distance and the relative velocity between the TF
and cut-in vehicle in the cost function. The smooth control



objective is achieved by adding penalties on the longitudinal
acceleration and its increment in the cost function. To achieve
the safety objective, we limit the distance between the TF and
cut-in vehicle with the minimum speed-dependent distance
strategy and the minimum time-to-collision strategy. We
formulate the control algorithm for cut-in yielding as:
Nj-1
min (87" = 8¢)" + B (ve”) + X (157 ()" + 67 (™)) + e (202)

k=0

ot x®0 = Ax® 4 By (20b)
XD = A X (20c)
S SR S )
AU® = ® kD (20e)
u, <u¥<u, k=0 N,-1 (20f)
20 (200)
X0 = x, (20h)
X0 = x, (20i)

where S =s.—s and v =v -V are the distance and relative
velocity between the TF and cut-in vehicle, respectively, N, is
the prediction horizon, a, and f, are the weights penalizing
the distance and relative velocity at time step N,, respectively,
7% and % are the weights penalizing the longitudinal
acceleration and its increment at time step k, respectively, and
p, denotes the weight penalizing the slack variable ¢, which
enables the constraint (20d) to be imposed as a soft constraint.
In the cost function (20a), the first two terms are used to
achieve the yielding objective; the third and fourth terms are
applied to obtain the smooth control objective. The constraint
(20d) is built for the safety objective.

The optimization problems including (15), (19), and (20) can
be reformulated as the convex quadratic programming (CQP)
problem, which is expressed as

min q(z):%zT Hz+7'c (21a)

st Ez<d (21b)

where z is the optimization variable, H is a positive semidefinite
matrix, ¢ and d are real vectors, and E is a real matrix. The CQP
problem is solved at each sampling instant with the latest
measurements. Any local optimal solution of the CQP problem
is the global one [40]. We only use the first signal of the optimal
solution during the next sampling interval.

Remark 6: In the same spirit of [27] and [28], the safety
constraints are set as soft constraints to guarantee safety as
much as possible and avoid infeasibility of the optimization
problem. Originally, the safety constraints are built as hard
constraints, which could be violated because the safety cannot
be guaranteed in arbitrary situations. To avoid infeasibility of
the optimization problems, we change the hard constraints into
the soft constraints by using the slack variables. Besides, we
add penalties on the slack variables in the cost function and set

the penalty weights as large values so that the algorithms are
solved with the smallest possible slack variables for minimum
loosening the constraints. In this way, the soft constraints can
guarantee safety as much as possible.

Remark 7: The safety constraint is not included in the control
algorithm for CF, but is included in the control algorithms for
cut-in prevention and yielding. When the (potential) cut-ins are
detected, the FSM will switch from the CF state to the cut-in
prevention or yielding states. Thus, the fused algorithm can
guarantee safety as much as possible for handling the cut-ins.

V. DRIVER-IN-THE-LOOP EXPERIMENT

The driver-in-the-loop experiments were conducted under
the VP-based driving scenarios to train the intention prediction
algorithm and test the proposed method. We introduce the
experimental setup and procedure in Sections V-A and B,
respectively.

Vehicle states "
and surrounding| Virtual Scene
information

Human Driver CarSim

)

‘ 1

Driving Drivi Simulink
Simulator Tiving Simulation
~ signals
o] ‘\ MATLAB
SIMULINK
Fig. 5. Experimental platform.
TABLE |
CONTROLLER PARAMETERS
Parameter Symbol  Value Unit
Weights penalizing distance a, @ 2 -
Weights penalizing relative velocity B B B 2 -
Weights penalizing longitudinal acceleration Voo Voo Vs 1 R
Weights penalizing acceleration increment 8.6, 0, 20 -
Weights penalizing slack variable 0y Py 100 R
Prediction horizons N N, N, 8 -
Sampling time T 0.25 S
Desired time gap t, 0.6 s
Desired standstill distance D, 45 m
Maximum longitudinal acceleration U 25  ms?
Minimum longitudinal acceleration Unin 25 m/s?
Minimum time headway teo 0.3 s
Minimum standstill distance d, 2 m
Minimum time-to-collision te s

A. Experimental Setup

As shown in Fig. 5, the experimental platform consisted of a
driving simulator, simulated wvehicles, and a virtual scene,
which were connected by using Matlab/Simulink. The driving
simulator from the Logitech Company provided pedals and a
steering wheel for subjects to issue driving signals. The
simulated vehicle controlled by users was implemented via the
joint simulation of the Simulink and CarSim. The virtual scene



was written with virtual reality modeling language (VRML),
which can help create interactive 3D scenes, and displayed via
Simulink 3D Animation. In the virtual scene, we displayed the
front and rear views of the HDV, along with its speedometer for
presenting its velocity. Eight subjects (including five males and
three females) aged 27-34 years voluntarily participated in the
experiment without monetary compensation. They all had valid
driver licenses for passenger cars. Their driving experience
ranged from three to ten years with the average being 5.9 years.
Fig. 6 shows the experimental scene. The parameters of the
MPC controllers are listed in Table I.

Virtual
Scene

Simulated _ "=

Vehicle

Fig. 6. Experimental scene.

Remark 8: The penalty weights in Table | are determined
according to the priority of the penalties in the cost functions.
The larger the penalty weight, the higher the priority of the
corresponding penalty. In particular, the weights penalizing the
slack variable are set to be the largest for encouraging the
optimization problem to be solved without loosening the safety
constraints; the weights penalizing the increment of the
longitudinal acceleration are taken as the second largest to
ensure that the smooth control objective has priority over other
driving objectives.

B. Experimental Procedure

The experiment included two parts: 1) the participants were
asked to perform some driving tasks to train the intention
prediction algorithm; 2) driver-in-the-loop testing studies were
conducted to test the proposed method. We explained the
experimental purposes and procedures to the subjects before
the start of the experiment. They were given about fifteen
minutes of practice to get familiar with the driving simulator
and virtual scene.

TF TL
(D) ap)
v T T T Leading vehicle

Fig. 7. Discretionary driving scenario.

In the training phase, a discretionary driving scenario was
employed to collect driver data related to the lane-retention and
cut-in maneuvers. We asked the subjects to drive the HDV to
perform the lane-retention or cut-in maneuvers in the scenario.

As shown in Fig. 7, the scenario was designed to include four
vehicles on a two-lane (in the same direction) road. The four
vehicles were made up of an HDV, a leading vehicle, and the
TL and TF of a platoon. The leading vehicle was used to
provide a reference for the HDV to perform the lane-retention
maneuver. Its initial velocity was taken to be equal to the larger
one of the HDV and target vehicles. Its initial position was set
to be in front of the TL and HDV. The velocities of the leading
vehicle and target vehicles were set to be constant in the driving
process. We set two different initial velocities (i.e., 20 and 30
m/s) for the target vehicles. The initial velocity of the HDV was
settobe-2,-1,0, 1, and 2 m/s relative to the target vehicles. We
selected ten different initial longitudinal positions for the HDV:
one and two vehicle lengths away from, one and two vehicle
lengths ahead of, and the same as one target vehicle (i.e., the TL
or TF). We chose the time gaps of 0.8 and 0.6 s for the target
vehicles driving at 20 and 30 m/s, respectively. We obtained
100 sub-scenarios by using different combination of the
settings of the HDV and target vehicles.

Remark 9: Five times five-fold cross validation was used to
evaluate the performance of the intention prediction algorithm.
Table Il shows the prediction accuracy of the algorithm under
different time window lengths of the driving data. It refers to
the accuracy of the algorithm in predicting whether the nearby
vehicles intend to conduct cut-in towards the VP. Increasing the
time window length improves the accuracy (as shown in Table
I1) but increases the response time of the algorithm at the same
time. The time window length is chosen based on the tradeoff
between the accuracy and response time. It was taken as 2 s in
the testing phase.

TABLE Il
PREDICTION ACCURACY OF THE INTENTION PREDICTION ALGORITHM
Time window Accuracy (%)
length (s) Cut-in Lane-retention Mean
0.5 86.9 84.1 85.5
1.0 86.7 88.3 87.5
15 88.6 90.0 89.3
2.0 89.6 90.9 90.3
25 89.8 90.8 90.3
3.0 91.6 92.4 92.0
35 91.6 925 92.1
4.0 93.4 92.8 93.1
TF TL
-ap) @)

(> /
HDV

Fig. 8. Mandatory driving scenario.

In the testing phase, we employed the discretionary driving
scenario and a mandatory driving scenario to test the proposed
method. Fig. 8 presents the mandatory driving scenario. In the
experiment, the subjects were given a cut-in or a lane-retention
intention in the beginning and asked to control the HDV as they



would normally do in real-world driving environment. The TF
was controlled by the proposed method to handle the cut-ins of
the HDV. The testing results are described in Section VI.

VI. RESULTS

A.No Cut-in Test

We conducted the no cut-in test in the discretionary driving
scenario, where the initial velocities of the HDV and target
vehicles were 30 m/s and the initial longitudinal positons of the
HDV and TF were the same. In this test, the driver controlled
the HDV without the cut-in intention.

Remark 10: We show the FSM state of the proposed method
to present the driving strategy of the TF. The state value is set
equal to 2 and 3 when the TF works in the cut-in prevention and
yielding strategies, respectively; it is set equal to 1 and 4 when
the TF works in the CF strategy following the TL and cut-in
vehicle, respectively. That is, when the state value equals to 4,
the HDV has completed the cut-in towards the target vehicles.

The FSM state equals to 1 in the no cut-in test. That is, the TF
works in the CF strategy following the TL all the time, which
suggests the proposed method successfully infers the intention
of the HDV. Figs. 9 (a) and (b) show the profiles of the
longitudinal displacement and velocity of the vehicles in the no
cut-in test, respectively. We see that, despite the HDV drives
past the gap between the target vehicles, the TF drives at a
constant velocity for maintaining a constant platoon gap.
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Figs. 9. Profiles of (a) longitudinal displacement and (b) velocity of the HDV
and target vehicles in the no cut-in test.

B. Mandatory Cut-in Test

We conducted the mandatory cut-in test in the mandatory
driving scenario, where the initial longitudinal positons of the
HDV and TF were the same and the initial velocities of the
three vehicles were 30 m/s. In the test, the driver controlled the

HDV with the cut-in intention to avoid collision.

Fig. 10 presents the FSM state of the proposed method in the
mandatory cut-in test. We see that the FSM state is switched
from the CF state (following the TL) to the cut-in yielding state
at 2.4 s, when the proposed method detects the cut-in intention
of the HDV. Next, the FSM state is switched to the CF state
(following the cut-in vehicle) at 5.4 s, when the cut-in vehicle
reaches the target lane.
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Fig. 10. FSM state of the proposed method in the mandatory cut-in test.

Figs. 11 (a), (b), and (c) show the profiles of the longitudinal
displacement, lateral displacement, and longitudinal velocity of
the HDV and target vehicles in the mandatory cut-in test,
respectively. We see that the HDV speeds up to overtake the TF
and then slows down to perform the cut-in and follow the TL.
The TF keeps a constant velocity to follow the TL in the
beginning, then slows down to yield to the HDV after detecting
its cut-in intention, and finally speeds up to follow the cut-in
vehicle.
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Figs. 11. Profiles of (a) longitudinal displacement, (b) lateral displacement, and
(c) longitudinal velocity of the HDV and target vehicles in the mandatory cut-in
test.



C.Discretionary Cut-in Test

We conducted the discretionary cut-in tests under three kinds
of situations: cut-in within the preventable range, beyond the
preventable range, and from within to beyond the preventable
range. The tests were conducted in the discretionary driving
scenario, where the initial velocities of the three vehicles were
30 m/s. In the scenario related to the discretionary cut-in within
and from within to beyond the preventable range, the initial
longitudinal positons of the HDV and TF were the same; in the
scenario related to the cut-in beyond the preventable range, the
initial longitudinal positon of the HDV was two vehicle lengths
ahead of the TF.

1) Cut-in within Preventable Range

Fig. 12 presents the FSM state of the proposed method in
handling the discretionary cut-in within the preventable range.
We see the FSM state is switched from the CF state (following
the TL) to the cut-in prevention state at 2.2 s, when the
proposed method detects the cut-in intention of the HDV. The
FSM state remains in the cut-in prevention state as the HDV is
in the detectable range.
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Fig. 12. FSM state of the proposed method in the discretionary cut-in (within
the preventable range) test.
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Figs. 13. Profiles of (a) longitudinal displacement and (b) velocity of the HDV
and target vehicles in the discretionary cut-in (within the preventable range)
test.

Figs. 13 (a) and (b) illustrate the profiles of the longitudinal
displacement and velocity of the vehicles in the discretionary

10

cut-in (within the preventable range) test, respectively. We see
that the HDV speeds up to conduct the cut-in maneuver in the
beginning and then slows down to give up the cut-in. The TF
keeps a constant distance from the TL in the beginning, then
shortens the platoon gap by accelerating and decelerating, and
finally keeps the shortened gap with a constant velocity. In Fig.
13 (a), we see that there is no obvious difference between the
longitudinal displacement of the HDV and TF. The reason for
this is that the HDV drives beside the TF in the driving process.
2) Cut-in beyond Preventable Range

Fig. 14 illustrates the FSM state of the proposed method in
handling the discretionary cut-in beyond the preventable range.
We see the FSM state is switched from the CF state (following
the TL) to the cut-in yielding state at 2.2 s, when the cut-in
intention of the HDV is detected and the vehicle is beyond the
preventable range. Then, the FSM state is switched to the CF
state (following the cut-in vehicle) at 3.8 s, when the cut-in
vehicle reaches the target lane.
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Fig. 14. FSM state of the proposed method in the discretionary cut-in (beyond
the preventable range) test.
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(c) longitudinal velocity of the HDV and target vehicles in the discretionary
cut-in (beyond the preventable range) test.



Figs. 15 (a), (b), and (c) show the profiles of the longitudinal
displacement, lateral displacement, and longitudinal velocity of
the vehicles in the discretionary cut-in (beyond the preventable
range) test, respectively. We see the HDV speeds up and makes
lateral movement to perform the cut-in towards the VP in the
beginning. Then, it completes the cut-in maneuver and adjusts
its velocity to follow the TL. The TF keeps a constant distance
from the TL in the beginning, then slows down to yield to the
HDV, and finally adjusts the velocity to follow the HDV.
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Fig. 16. FSM state of the proposed method in the discretionary cut-in (from
within to beyond the preventable range) test.
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Figs. 17. Profiles of (a) longitudinal displacement, (b) lateral displacement, (c)
longitudinal velocity, and (d) longitudinal acceleration of the HDV and target
vehicles in the discretionary cut-in (from within to beyond the preventable
range) test.
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3) Cut-in from within to beyond Preventable Range

Fig. 16 shows the FSM state of the proposed method in
addressing the discretionary cut-in from within to beyond the
preventable range. We see the FSM state is switched from the
CF state (following the TL) to the cut-in prevention state at 2.4
s, when the HDV is detected to have a cut-in intention and
within the preventable range. Then, the FSM state is switched
to the cut-in yielding state at 3.9 s when the HDV is beyond the
preventable range. Finally, the FSM state is switched to the CF
state (following the cut-in vehicle) at 5.7 s, when the HDV
reaches the target lane.

Figs. 17 (a), (b), (c), and (d) show the profiles of the
longitudinal displacement, lateral displacement, longitudinal
velocity, and longitudinal acceleration of the vehicles in the
discretionary cut-in (from within to beyond the preventable
range) test, respectively. We see that the HDV speeds up to
overtake the TF in the beginning. Then, even though the TF
speeds up to shorten the platoon gap, the HDV continues to
speed up and makes lateral movement. After that, it completes
the cut-in maneuver and slows down to follow the TL. The TF
maintains a constant distance from the TL in the beginning.
Then, it accelerates to shorten the platoon gap. Next, it
decelerates to yield to the HDV. Finally, it adjusts the velocity
to follow the HDV. According to the acceleration profile, the
acceleration constraints are not violated in the whole driving
process. Note that, since simple kinematic models are used to
simulate the target vehicles in the simulation environment, the
speed of the TF can be indifferentiable at certain points,
especially at the state transition points.

VII.

To address the cut-in maneuver of the HDVs, this paper has
proposed an intention prediction-based control method for the
VPs by considering the tradeoff between the platoon integrity
and traffic safety. Particularly, the proposed method is built to
prevent as many cut-ins as possible while taking care of the
road safety. It includes a cut-in prediction part, consisting of a
cut-in intention prediction algorithm and a vehicle trajectory
prediction algorithm, and an FSM-based predictive control part,
which include a high-level FSM and a low-level predictive
control. Driver-in-the-loop experiments were conducted in the
VP-based driving scenarios to train the intention prediction
algorithm and test the proposed method. According to five
times five-fold cross validation, the algorithm achieves an
average accuracy of 93.1% as the time window length of the
driving data increases to 4 s. We show the results of a no cut-in
test, a mandatory cut-in test, and three discretionary cut-in tests.
In the results, we analyze the control process of the proposed
method according to its FSM state and the states of the HDV
and target vehicles. The results show that the proposed method
can predict the cut-in intention of human drivers in real time.
Besides, it can prevent cut-ins for the VP while taking care of
the road safety according to the results of the prediction
algorithms.

Several issues about the proposed method should be noted.
Firstly, it focuses on the decision making and vehicle control
parts of the autonomous driving process. Perception delays,

DiscussiON AND CONCLUSION



errors, and failures, which are typically handled in vehicle
perception part, are out of scope for this study. In practice, a
combination of multiple sensors, such as inertial measurement
units, odometers, and cameras, can be used to improve the
perception accuracy, reliability, and robustness [29]. In the case
of faulty perception, fault detection and isolation systems
should be first used to detect and identify perception failures
and then safety measures, such as pull over, should be
conducted to ensure the road safety [29].

Secondly, the proposed method was tested under simulation
environment, where ideal perception was assumed. However,
in real scenarios, perception delays and errors of surroundings
and vehicle states may exist, even when advanced sensing
techniques and computer vision algorithms are deployed [41].
Before applying the proposed method in real scenarios, we
should test it with a real vehicle in real environments.

Thirdly, the intention prediction algorithm may fail to predict
the intention of human drivers. The following two cases can
happen. First, an HDV without cut-in intention is detected as a
cut-in vehicle; the FSM enters the cut-in prevention or yielding
states to respond to the false alarm. This case can result in the
unnecessary response of the VP. A possible remediation of this
case is to make adaptive adjustment of the VP according to the
subsequence states of the predicted vehicle. Our future work
will focus on this direction. Second, a cut-in vehicle is detected
as an HDV without cut-in intention; the FSM remains in the CF
state until the cut-in vehicle is predicted to drive across the lane
mark. This case is potentially dangerous. We apply the vehicle
trajectory prediction algorithm to address this issue. Once the
vehicle is predicted to drive across the lane mark by the
trajectory prediction algorithm, the FSM is switched from the
CF state to the cut-in yielding state for the road safety.

Fourthly, the proposed method controls the VP based on the
prediction of the driver intention and vehicle trajectory. The
prediction can help the VPs better assess the potential cut-ins
and respond to the cut-ins as early as possible. Particularly, the
FSM-based control part switches control strategies based on the
results of the prediction algorithms. The intention prediction

algorithm performs well with the average accuracy up to 93.1%.

Since a higher prediction accuracy of the intention prediction
algorithm can enable the FSM-based control part to perform
more accurate control and work more efficiently, our future
work should further improve the prediction accuracy of the
driver intention.
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