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Abstract

Turning behaviour is one of the most challenging driving manoeuvres that take place at
intersections. Autonomous vehicles (AVs) are often overly conservative in these scenarios
as they compromised to others’ behaviour to realize behavioural consistency. This paper
proposes an intended cooperative motion planning (ICMP) that can actively predict the
intentions of interacting participants. This helps achieve socially compliant cooperation
and enables each vehicle to converge upon a set of consistent behaviours. The ICMP
framework divides the integrated driving process into two related modules: prediction and
planning. These modules are integrated using the mechanism of intended cooperation,
which first introduces the criteria for a cooperative response and then maps them in the
motion planning space. The prediction module applies a Gaussian mixture model to learn
human drivers’ behaviour to determine conflict points, which helps to narrow down the
solution spaces. In the planning module, paths are represented by quartic Bézier curves
and speed is modelled as a polynomial function. Optimizations can then be used that max-
imize the efficiency and smoothness for path planning, and comfort and efficiency for
speed planning. The test results show that ICMP-based AVs had consistent interactions
with other vehicles. Moreover, when compared with a potential field-based method, the
ICMP-based method had better performance in terms of safety, comfort and efficiency,
especially when interacting with multiple oncoming vehicles.

The key issue of these multi-interaction systems is realizing
behavioural consistency under uncertainties. In the past few

INTERSECTIONS account for 40% of driving accidents and
represent a critical issue in the urban transportation system [1].
The main concern is when the autonomous vehicles (AV) make
unprotected left turns at intersections they have to interact with
multiple oncoming manually driving vehicles (MVs), as Figure 1
shows the typical scenario. Previous studies have demonstrated
the complexity of driving in these situations, with some char-
acteristics such as limited priority [2] and variation in trajecto-
ries [3]. In these multi-interaction environments, even the self-
driving cars of Waymo, which are some of the most advanced in
the field of AV, become excessively conservative in unprotected
turning situations [4, 5]. These ovetly conservative behaviours
are not only underproductive in terms of AVs’ efficiency, but
may also annoy other drivers and lead to road rages, deadlock
and traffic accidents [0].

decades, some approaches have claimed that the future traffic
environments are predictable [7-9]. Thus, AVs can predict the
future intentions or movements of participants and plan in a
way that is consistent with others. However, multiple factors can
simultaneously influence future states, and these factors cannot
be comprehensively extracted and represented. As such, devi-
ations in prediction are inevitable and uncertainties still exist.
Other approaches have tried to model the interaction process
based on theoretical methods like game theory [10], the Markov
decision process (MDP) [11] and its extensions [12]. The major
challenge these approaches face is the curse of dimensional-
ity. Since traffic environments are unstructured, the number of
objects is changeable and their movement parameters (such as
position and speed) are continuous. Discretization of the space
of observation and action states is difficult because the number
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FIGURE 1
the turning vehicle and the oncoming vehicle are interrelated

A typical unprotected turn scenario where the behaviours of

of interacting agents is not fixed and high-dimensional spaces
exponentially increase the computational cost. Since uncertain-
ties in prediction or modelling have not been tackled propetly in
previous studies, AVs have to compromise to their interacting
participant for safety which may lead to some overly conserva-
tively behaviours.

In this paper, we tried to reduce the uncertainty involved in
intention prediction by creating planning that considers other
vehicles’ reaction. This allows us to lead each participant to
converge with consistent behaviour. This idea was inspired
by the process of behavioural convergence, where interacting
participants could gradually adjust their motion and observe
the othet’s reactions until their behaviours converge to the
same result. Using this process, some empirical criteria can be
extracted. By instilling these criteria in motion planning, this
paper proposed intended cooperative motion planning (ICMP).
The ICMP enables AVs to consider the oncoming vehicle’s
reactions and therefore to realize the behavioural consistency.
When the oncoming vehicle does not want to yield, the AV
would obey its higher priority and yield. When the oncoming
vehicle is willing to share its right-of-way, the AV would try to
preempt.

However, several challenges are inevitable while implement-
ing ICMP. First, the motion planning of turning vehicle is
influenced by dynamic factors like the vehicle’s state, and the
states and the intentions of the oncoming vehicles. As shown
in Figure 1, determining the crossing gap (namely determining
the interacting vehicle) is challenging because the AV L have
to create plans after a comprehensive analysis of all factors like
the states and the intentions of all oncoming vehicles A; A,
Aj. Furthermore, the behaviours of participants are interdepen-
dent. When L tends to move along trajectory 2 (L to “L”), A,
may preempt and move to A,’. However, if L. would like to pre-
empt and move to L’, L. must have confidence that A, would

yield to L and move to A, rather than insisting on preemptive
decision and moving to A,’ causing a sever conflict. The turning
vehicle’s planning has to consider its influence on other partic-
ipants in case arising adverse effects on the interacting partici-
pants like deviating from the behavioural consistency. In addi-
tion, the interrelated plan and prediction make it hard to do a
cooperative decision. For example, when L. moves along tra-
jectory 2 (L to L”) after predicting A, would preempt (A, to
Ay’), Ay, may misunderstand the intention of L and moves to L,
which leads to temporary deadlock. How to enable AV to under-
stand MVs behaviour and behave understandably to other M Vs,
namely achieve socially compliant driving [13], is of great chal-
lenge. Last, but not the least, as the planning has an effect on
the decision, simultaneous decision-making and planning may
rely on iterative convergence, which can significantly increase
computational costs.

To tackle these challenges, the complex motion planning pro-
cess was decomposed into prediction and planning modules.
The main contributions of this work are summarized as fol-
lows:

1. We designed a prediction-planning integrated framework
that enables AVs to actively considers others’ intentions
to achieve overall consistency. The framework consists
of intention recognition, conflict points prediction, and
optimization-based path and speed planning;

2. We analyzed the mechanism of intended cooperation. Cri-
teria for cooperative responses were proposed. By mapping
the criteria to the turning vehicle’s motion planning space,
a cooperative motion planning space was extracted, which
ensures that the motion planning solution in the extracted
space leads to the cooperative response of interacting par-
ticipants. This helps search a socially compliant cooperative
motion plan.

3. We developed a Gaussian mixture model to learn human
drivers’ preference to determining conflict points, which
helped narrow down the feasible region of motion planning
and contribute to the diversity of the AVs’ trajectories.

The rest of this paper is organized as follows. Section 2
presents a literature review of the existing motion planning stud-
ies. Section 3 introduces the ICMP in detail. A case study is con-
ducted in Section 4 and the simulation results are analyzed in
Section 5. Finally, Section 6 presents a conclusion and a direc-
tion for future studies.

2 | LITERATURE REVIEW

Motion planning at intersections involves multiple associated
problems like prediction, decision making and trajectory plan-
ning that have been widely studied. Depending on how the
interactions are modelled, three types of planning methods can
be implemented: trajectory prediction-based, intention-aware
planning and joint planning of multiple participants.

The trajectory prediction-based approaches assume that the
future states of participants are determined and predictable.
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They directly predict trajectories of other participants while
ignoring their intentions and treat the prediction result as con-
straints for the AVs’ planning. Some methods assume some
kinematic parameters are constant and use kinematic theory
to predict the trajectories of other participants [14, 15]. How-
ever, some studies have shown that motion is usually uncer-
tain because of measurement error and stochastic behaviour.
Researchers have applied Gaussian regression and Kalman Fil-
ters to reduce the uncertainties. Deep learning approaches are
also regarded as helpful in behaviour modelling and prediction
[16] in non-linear systems. However, it remains to be seen if
neural networks developed in one situation can be applicable to
other situations [17].

Instead of simply predicting trajectories, the intention-aware
approaches pay more attention to higher-level concepts like
intention recognition and decision-making. They distinguish
different driving intentions and then create plans that consider
different characteristics in vatious situations. The mainstream
approaches include rule-based, game theory and probability-
based approaches.

Rule-based approaches try to simulate the motion of par-
ticipants with explicit functions or classifiers, such as the logit
model [18] or decision-tree model. However, rigid rules cannot
ensure the robustness of motion planning in different contexts.
To tackle this problem, some studies have proposed hierarchical
frameworks that integrate multiple tasks and behaviour patterns
for different situations [19-21]. Finite state machines (FSM)
have also been used, as they integrate many rules for driving
in different contexts. The efficiency of FSMs has been proven
in the DARPA Grand Challenge [22, 23]. However, this method
still lacks the ability to generalize to unknown situations and deal
with uncertainties.

Game theory has been used for decision-making to account
for the interactions between vehicles. For example, a non-
cooperative Nash game was used to estimate a counter-
part’s intention in response to the subject vehicle’s intention
[24]. Besides, a Stackberg Game was formulated to achieve
more realistic decision-making of human behaviour and there-
fore incorporate the undetlying decision-making mechanism
of human drivers into AVs’ motion planning [25]. How-
ever, the game assumed that each participant perfectly knew
the intention space and payoff function of other partici-
pants, which may lead to aggressive and potentially dan-
gerous behaviour owing to overconfidence in the behaviour
model.

The probability-based approaches treat the multi-interaction
issue as a process of probability-based state transition, where
intentions may be visible or hidden. The reliability of a cer-
tain situation in the future was evaluated based on a hidden
Markov model (HMM) or Bayesian inference [9]. For example,
a framework based on a hybrid-state system was developed to
model driver behaviour near intersections, where HMMs were
then trained to estimate driver behaviour from filtered continu-
ous observations [20]. The method was tested and showed bet-
ter performance than a K-Nearest Neighbor (KNN) approach.
However, the interactions between vehicles were neglected,
which means that some interrelated intentions like crossing,

yielding, lane changing and car following were ignored. In [27],
a transfer deep reinforcement learning (RL) framework was
constructed, where the decision-making policy learned from
one driving task at an intersection was transferred in another
driving mission. However, the studied scenario was simple
where few participants were involved. Also, the data for train-
ing and evaluation were both from simulations. In [28], a long
short-term memory (LSTM)-based network was employed to
encode vehicle historical motion features, the graph attention
network (GAT) and a synthesized network were integrated
to model vehicle—vehicle interaction and vehicle—-motorcycle
interaction.

While trajectory-based and intention-awate approaches focus
on the behaviour of individuals, joint planning methods high-
light the inner-relations among participants. The most typ-
ical methods are MDP and its extensions like the partially
observed MDP (POMDP). For example, in [29], a critical turn-
ing point-based hierarchical planning approach was proposed
that included a high-level candidate path generator and a low-
level POMDP-based planner. POMDP was also applied to real-
ize motion planning with interactions and uncertain intention
predictions in [30]. In [31], the critical turning points wete
first to generate turning path while the POMDP served as
a speed profile solver. The limitations of POMDPs remain
in terms of poor computational efficiency and their general-
ity for arbitrary traffic conditions. In [32, 33], the state tran-
sitions of interacting agents were modelled by a hierarchical
dynamic Bayesian network (DBN), while the decisions of all
participants were made by continuous POMDPs. However, this
approach did not account for the complexity caused by mixed
flow intersections, and few interacting agents existed at these
intersections.

In summary, the existing studies have the following limi-
tations. First of all, they typically examine traffic conditions
where the number of interacting participants is fixed, which
may not be applicable to multiple interaction scenarios. Since
a participant’s actions ate interdependent of all others’ actions,
multiple interactions would exponentially increase uncertainty
and result in the freezing robot problem [34]. Furthermore,
although intention-aware and joint planning approaches can try
to realize overall behavioural consistency at the intention level,
most of them just follow others’ intentions, which may lead
to overly conservative behaviours. How to enable AV to seek
cooperation and behave understandably to other MVs, namely
achieve cooperation [13], is to be settled. To the best of the
authors’ knowledge, no existing processes can handle the com-
plexity of multiple interactions at interactions on a reasonable
scale, let alone realizing socially compliant cooperation in these
scenarios.

3 | METHODOLOGY
3.1 | Problem statement

An illustration of interactive motion planning is shown in
Figure 2. The majority of human drivers do not always act
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Set A(I+11): Consistent
with the behavior of the
interacting participants

Set B(II+11I): Conducting
competitive intentions
considering its influence on
the interacting participants

Interactive
motion planning

Compromise to the
current intentions of the
interacting participants

The interacting
participants accept the
competitive intention

Asymptotically
converge to behavioral
consistence

FIGURE 2 Different categories while conducting interactive motion
planning

consistently, especially when encountering improper behaviour.
Strictly following others’ intentions may result in conservative
behaviour (in Area I). On the other hand, some subject vehicles
may have competitive intentions that influence other interacting
participants. An interacting participant may accept the compet-
itive intention on a reasonable scale (in Area III) and cooperate
with the subject vehicle by slowing down. Through coopera-
tion, the interacting participants may adopt a response such that
their behaviours can converge. This is represented by the arrow
pointing from Area III to Area II. Hence, learning and perform-
ing motion planning is a basic way to actively communicate with
other traffic participants.

An AV’s motion planning /4 involves influential factors like
the vehicle’s own state ;. and the state and intention of intet-
acting participants Sy and M) . This relationship is represented
by the motion planning function fyp in Equation (1). Further-
more, the intentions of the interacting participant are adap-
tive: the interacting participants can adjust their own intentions
according to the AV’ planning A and its state Sy to realize
behavioural consistency. Some rules and representative factors,
like the cooperative acceleration . (please see Section 3.3 for
more details), can be deduced to determine the intentions under
the influence of the AV, as represented by Equation (2).

B, = A Ly Sar My) )

My = f (B, SA) = A (a) @)

Therefore, AVs can actively make plans that consider the
response of the interacting participant to realize the cooper-
ation. This paper proposes ICMP methods that can generate
necessary cooperative responses from the interacting partici-
pant. We first developed the criteria for recognizing a coopet-
ative response by determining the movements that would cause
an interacting participant to behave in a certain way. Then, we
mapped the rules to the motion planning space to consider the
potential responses of the interacting participants. Thus, a larger
solution space became available, where interacting participants’
potential reactions were considered, as shown in Figure 3. This
way helps produce cooperative planning solutions while search-
ing in the extended space.

This paper focused on the decision and planning layers of
AVs and the perception is not our focal point. We assume all
vehicles’ states (i.e. position, speed, heading, acceleration) are
perfectly known.

3.2 | Framework

Multiple prediction-planning frameworks are usually sequen-
tially based [35-37]. In these frameworks, AVs first predict
the intentions or trajectories of interacting agents, then make
a motion planning based on the prediction results. However,
sequential schemes ignore the fact that other vehicles” motion
may be influenced by the AVs’ motion. A proper prediction-
planning scheme should include a closed-loop mechanism
where AV can influence the prediction and the prediction pro-
vides feedback for motion planning [38]. This paper proposes
a prediction-planning integrated framework that enables AVs
to actively predict the response of interacting participants. The
integrated prediction-planning task was decomposed into two
highly related modules: prediction and planning, as presented in
Figure 4.

The two modules were integrated using the mechanism of
intended cooperation. First of all, the criteria for recognizing
cooperative response were established. Furthermore, by map-
ping the criteria to the motion planning space, a cooperative
motion planning space was extracted. The cooperative motion
planning space can guarantee that each motion plan in the space
would elicit a cooperative response from the interacting partic-
ipant. The ICMP claims were developed to illustrate the map-
ping. Please see Section 3.3 for additional details.

In the prediction module, AVs first predict the potential con-
flict points. Conflict points are not only a critical input for detet-
mining a cooperative response, but also an important factor for
narrowing down the search space for motion planning. After
determining the conflict points, some path and speed planning
can be conducted in the planning module. Given the planning
result, the AV can determine if the interacting participant would
yield for overall consistency based on the ICMP claims.

In the planning module, we first determine the region of the
cooperation indicator (within the cooperation time range 7}, )
to represent the cooperative motion planning space. Then, we
implement some methods to petform path and speed planning
in the cooperative motion planning space. In the case of the
path planning, an optimized Bezier curve was developed. For
speed planning, a quartic polynomial speed function was used
and optimized for safety and comfort. Please see Section 3.5 for
more details.

After generating trajectories given the conflict points, trajec-
tory drivability and collision-avoidance checkers are set to select
feasible and collision-free trajectories. The minimum-cost tra-
jectory within them is the planned trajectory. If there is no
such a trajectory that satisfies the constraint, the planned path is
deemed irrational. Turning is deemed a high-risk behaviour and
the AV adjusts its decision to decelerate instead of insisting on
crossing instantly.
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FIGURE 4 A prediction-planning integrated framework for intended
cooperative motion planning

3.3 | Mechanism of intended cooperation
3.3.1 | Criteria for a cooperative response

To realize the ICMP, AVs first have to understand how
their interacting participants would react to the AVs’ motion.
Although multiple methods such as HMMs [39], regression [26]
and finite-state machines [40] have been applied for intention
recognition, few of them have considered the influence of the
AVs’ motion. This paper utilizes the index, cooperative acceler-

FIGURE 5 Related parameters while determining the cooperative
acceleration

ation, for intention recognition that involves both the state of
the interacting participant and the AV.

The cooperative acceleration a, is defined as the maximum
acceleration of the cooperating vehicle A, that allows it to avoid
a collision with the left-turning vehicle L, as shown in Figure 5.
It can reflect the loss of comfort that the turning behaviour may
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bring to the interacting road users. In addition, the variable in
kinematics reflects the critical acceleration of A, that can guar-
antee A, and L arrive at the conflict point at the same time. The
cooperative acceleration 4, can be determined by the following
equation:

_ 2(d — v 1)

— ©
1

ac

where 7 is the left-turning vehicle’s arrival time at the con-
flict point, 4 is the distance between the interacting vehicle
and the conflict point, and # is the speed of the interacting
vehicle.

The cooperative acceleration is related to both the state of the
cooperating vehicle (i.e. position and speed) and the AVs’ plan-
ning (i.e. arrival time at the conflict point). This parameter is an
anticipated measurement that indicates the loss of the comfort
of A,. From a qualitatively perspective, when the cooperative
acceleration is large, A, has to accelerate sharply if vehicle A,
wants to arrives the conflict point slightly after vehicle L. To
avoid this unnecessary comfort loss and to ensure safety, vehicle
A, tends to yield to vehicle L. On the contrary, when the coop-
erative acceleration is small, A, has to decelerate significantly if
vehicle A, wants to pass the conflict slight before vehicle L. To
avoid this sharp deceleration, vehicle A, was likely to preempt.
From a quantitative perspective, according to the decision tree
constructed in [19], we have recognized there was a threshold
of cooperative acceleration H that can be used for recognizing
the intention of the interacting vehicle. Empirical evidences on
the assumption and calibration of this threshold are presented
in Section 4.2.

3.3.2 | ICMP claims

Based on the cooperative acceleration-based criteria for inten-
tion recognition, AVs are capable of recognizing how the
interacting agents would make decisions and can react to
their motion. However, AVs have to move in a way that
ensures the AVs’ intentions remain consistent with that of
the interacting vehicle. The AVs should turn when the inter-
acting agents are willing to yield, and the AVs should yield
when the interacting agents want to continue on their path.
Two claims were proposed to realize this by mapping the
cooperative acceleration-based criteria to the time range of
motion planning. The proof of two claims is introduced in the
Appendix.

Claim 1. 1f there exists a feasible motion plan for the AV that
can ensure that it would arrive at the conflict point within the
cooperation time range 7, , the cooperating agent is willing to
yield to the AV, and the AV can preempt.

Claim 2. 1f there exists no feasible motion plan to make sure
that the AV arrives at the conflict point within the cooperation

time range 7 , the cooperating agent would preempt and the
AV should yield to the cooperating agent.

The cooperating time range 7} in the claims refers to the time
the cooperating vehicle takes to arrive at the conflict point given
the acceleration value threshold H. 7 can be found using the
following equation:

1 2
T+ SH T = d @)
xp, i H > 0
0
7;3: x2,1f—g<H<O )
M EH <
! 2d

The solutions of Equation (4) include three conditions, which

are shown in Equation (5). When /7 < _5 , there are no real
solutions to the equation. This condition means that the speed
of the interacting vehicle would decelerate to zero before it
arrives at the conflict point. In this case, 7, can be regarded

2
as a large number A When H > —;’—{/ , there are two real

solutions to the equation: x; and x, . We assume xj is the

smaller one and x; is the larger one. When —% <H <0, we
know that x; >0 and x, > 0 . This condition represents the
cooperating vehicle decelerates but its speed would not drop
to zero when it arrives at the conflict point. 7} is equal to the
smaller value x; . When H > 0, we see x; <0 and xp, > 0 .
This condition means that the cooperating vehicle would accel-
erate towards the conflict point. 7; is equal to the positive
value x; .

The two claims reflect the intentions of the cooperating
agents and how they are influenced by the states of them-
selves and AVs’ planning simultaneously. On the other hand,
the two claims indicate that if an AV would preempt the con-
flict point, the AV must make a feasible plan that falls within
the cooperation time range such that the interacting partici-
pant would cooperate with it. The claims enable AVs to make
motion plans and recognize the interacting agent’s intentions
without iterative feedback for intention recognition and motion
planning.

3.4 | Prediction module

The prediction module predicts the manoeuvre of the interact-
ing vehicle given the time to the conflict point Z. based on the
proposed interaction mechanism. The planning module then
searches a feasible value that considers the vehicle A, is will-
ing to yield. To determine the time to the conflict point, we
first determine the position of the conflict point. However, the
position of the conflict point varies greatly because the conflict
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FIGURE 7  Path planning before (yellow lines) and after passing the
conflict point based on Bézier curves

points adapt to deal with different interactions. AVs have to con-
sider a variety of conflict point distributions.

One method that can be used to predict conflict points is
sampling all possible points in the conflict area. This approach
usually leads to large computational costs. To solve this, previ-
ous studies have proposed a concept of learning human-driving
behaviour for AV planning [32, 41]. Using this, we propose a
method that learns human preferences for determining conflict
points. The human preferences were modelled using probabil-
ity distribution functions drawn from the empirical MVs driving
data. AVs can sample conflict points according to the PDF, as
shown in Figure 6.

A Gaussian mixture model (GMM) was then used to model
these human preferences for conflict points. GMMs are a prob-
abilistic model used to represent normally distributed subpop-
ulations within an overall population. They have been widely
used in clustering, state prediction [42], and so on. GMMs

do not require knowing which subpopulation a data point
belongs to, allowing the model to learn the subpopulations
automatically.

First, two types of behaviours for oncoming vehicles were
classified. The first type considered the behaviour of the leading
vehicle of the vehicle sequence. Since the leading vehicle is only
influenced by the left-turning vehicle, the input vector for the
GMM only involves terms for the leading and the left-turning
vehicles. The second type considers the behaviour of the fol-
lowing vehicles. The following vehicle interacts with both the
left-turning and the proceeding vehicles. Therefore, the input
vector includes terms for themselves, the left-turning and the
proceeding vehicles.

As such, we constructed two types of GMMs to model
the different behaviours. For the leading vehicle, we defined
the five-dimensional input vector as 7 = [, b, Ax, Ay, 2]’
, where # is the speed of the AV, /4 is the heading of the
AV, Axj, Ay are latitude and longitude positional differences
between the AV and the interacting agent, and #; is the speed
of the interacting agent. For the following vehicles, we defined
their input vector as I = [u, hy, Ax, Ay, v, d, v, where d;
is the distance between the following vehicle and its proceed-
ing vehicle, and #f is the speed of the proceeding vehicle. The
parameters are showed in Figure 6.

The output vector O = [d] , where 7, is the speed of the AV,
by is the heading of the AV, Ax, Ay ate positional differences
between the AV and the interacting agent, and » is the speed
of the interacting agent. We generated states G = [/, O] that
describe the relation between a given situation / and the output
O . We assumed that the distribution of G could be approxi-
mated with a finite Gaussian mixture distribution:

G~ D wN (g Zp) ©)

k=1

where w, is the weight, u, € R” is the mean, and Z, € R” is
the covariance matrix of the £th Gaussian distribution. # is the
total number of Gaussian models in the mixture.

Then we trained the Gaussian mixture distribution using
empirical data. Based on the trained Gaussian mixture distri-
bution, we were able to predict the distribution of the output
vector O given certain values of elements in the input vector
1. The output vector O follows a new Gaussian mixture distri-
bution. The following equations help extract the new Gaussian
mixture distribution of output vector O.

First, we sorted the dimensions of the mean vectors and
covariance matrices according to whether they were part of the
input patameters or the output parameters

e = (1 be] @
Ek,z Zk,i,o

Iy = ®)
Z/é,o,l' Z/é,o
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where 7 denotes the index of the input-dimensions and o denotes
the index of the output-dimensions. The covariance matrix of
the conditional output is calculated by

Do) = g — Zk,a,izz’}zk,i,o ©)
The output mean of each component can be computed by
Hieali) = Mo + ZeniZrs (1= Be) (10)
The influence of each component is computed by

o UIN %) .
kli — 7
Y IV (e 3y)

Finally, the conflict points can be sampled for the Gaussian mix-
ture distribution of the output vector.

3.5 | Planning module

3.5.1 | Path planning

The path planner tried to generate a feasible path given the ini-
tial states of the AV and the conflict point. Bézier curves were
applied here to generate the local paths, which can easily guar-
antee smoothness and continuity. Since the computational cost
increased with the degree of the Bézier curve, a lower degree
was preferable. A quartic Bézier curve was sufficient for satis-
fying the requirements of curvature boundaries and continuity
[43]. Figure 7 shows the planned Curve / before the AV arrives
at the conflict point. ) represents the position of the AV, and 2.
is the conflict point. £ , 7 , P, are control points of the quartic
Bézier curve. D is the destination where the AV leaves the inter-
section. The direction from B) to F; is consistent with the AV’s
heading, 7 , F. and D are collinear.

The parametric equation is

4
B@=)Yctra-0"" (12)
£=0

Since the position of the AV ( R ), the AV’s heading and
the position of the conflict point were available, the position
of control points were crucial for generating the curve. The
positions of control points were determined by optimizing the
curve.

(P, P, P) = arg min /B' +B" + B"ds

PP, Ps
/
1 (13)
=arg min /B' @©+B"®)+B" (1)dr

PP P
0

The objective function of the optimization involved terms of
the first, second, and third-order derivatives of the curve para-
metric equation, which aimed to minimize the speed, accelera-
tion, and jerk for higher efficiency and better smoothness.

After the AV crosses the conflict point, the AV can adjust its
speed and heading to ensute that its heading is consistent with
the road heading when it leaves the intersection as shown in
Figure 7.

3.52 | Speed planning

Speed planner tried to plan how the AV moves along the
planned path. Since calculating integration and derivative func-
tion of polynomials is easy so the function of position, speed,
and acceleration can be conveniently transferred. A polynomial
function s(#) was developed to model AV’s position, where ¢
is time, and s is the distance to the origin along the path. As
pointed out in [44], the optimal control trajectory can theoreti-
cally optimize the speed change (minimize the time integral of
the squared jetk) by ensuring that the sixth derivative of the
positional function is equal to 0.

dls

Therefore, we denoted the position function s(#) as a quintic
polynomial

() = ay + at + at® + ast® + agt* + ast® (15)

The coefficients ¢;(; = 1,2, ...,5) were determined by the fol-
lowing optimization:

7,

e

min [ = alV} /y"' O dr |+ 1 —a) W5 (1) (16.2)

S.t.
s(0)=0 (16.b)
$0) = ny (16.9)
s (0) = a9 (16.d)
s(L) =1, (16.¢)
tnin £ 8" (1) < vy # € 10, 7] (16.f)
tin S 8" (1) < s # €0, 1] (16.g)

Jerkmin < (1) < JerRmaxs t € [0, 7] (16.h)

< T,

—_ €

<7 (16.)
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where 7 is the time the AV spends driving along the planned
path. W] (-) and W, (+) are min—max normalization functions. &
is a weight to adjust the bias of the optimization, where this
paper used a balanced weight, namely & = 0.5. 2, , a4 are
the speed and acceleration of the AV at the planning moment
%y . Ly is the length of the planned path. 7, and 7y, are
the upper and lower bounds of the AV’s speed. a,,;, and 4,
are the upper and lower bounds of accelerations. jerk;, and
Jerfaax are the upper and lower bounds of jerks. The object
of optimization considered both efficiency and comfort. Equa-
tions (16.b)—(16.¢) tepresent some given state information at the
start or end points. Equations (16.f)—(16.h) try to constrain the
value of speed, acceleration, and jerk. Equation (16.i) applies the
claims that time range of motion planning should be less than 7,
to preempt the conflict point. 7 is the expected arrival time to
the conflict point of the oncoming vehicle before the crossing
gap. This constraint is removed after the AV passes the conflict
point.

3.5.3 | Trajectory dynamics-awareness and
collision avoidance constraints

After the path and speed planning, the kinematic trajectory
should be converted into the dynamics-awate trajectory to bet-
ter control the vehicle. The quintic polynomial-based speed pro-
file can be transferred to dynamic control parameters as pointed
out in [43]. A tracking error serving as a re-planning indicator
was also proposed in [43] which indicated regenerating a plan-
ning if the tracking error was larger than a threshold. In this
papet, however, we real time update the planning so the tracking
error is not necessary. Instead, drivability checks [44] are inte-
grated into the speed planning process

min/ (5 (), 8 ;8 (), #)) 17)

where S(2,) is the planned state at #, and 5 (,; S(1;), #) is vehicle’s
state at %, given the kinematic model initial state 5(#) and the
input vector # . / denotes the position and otientation error
between two states. If the errors for all adjacent states in the
planned trajectory are smaller than a recommended threshold,
the trajectory can pass the drivability checker. Otherwise, the
trajectory is infeasible.

Due to some MVs maynot move as the AV excepts, the col-
lision avoidance constraints were proposed for security. For AV,
attention should be placed on moments of insecurity, which
are crucial for evaluating safety performance. The collision-
avoidance constraint is presented:

TICh > 1T iy, VR E K (18)

Equation (18) means for each planned trajectory 7, , we can
calculate the TTC value at each time interval £ , namely (
TTCiO ), within the time range K . All these TTCs should be
larger than a minimal TTC threshold TTC,;, in case high-risk
conflicts.

Observated trajectories:
left-turning vehicles
—— motorized vehicles
——— non-motorized vehicles
pedestrians

Xianxia Road _

North Y(m) 2
‘ Jianhe
South Road

FIGURE 8 The observed trajectories at the Jianhe-Xianxia intersection

The real-time feedback was set from the trajectory drivabil-
ity and collision-avoidance checker to AV’s decision. If there was
no such a trajectory that can pass the drivability checker and sat-
isfy the constraint, the planned path was deemed irrational. The
AV would select the next oncoming vehicle as its cooperating
object and repeat the forehead steps again. If all these oncoming
vehicles were not willing to yield to the AV, turning was deemed
a high-risk behaviour. The AV would adjust its decision to decel-
erate and wait another gap to cross instead of insisting on cross-
ing instantly.

4 | CASE STUDY

4.1 | Study site and data collection

Since the proposed model was designed to handle the com-
plexity of turning AV motion planning, a mixed-flow intersec-
tion with frequent vehicular interaction is suitable. Left-turn
behaviour is more difficult to simulate than right turn. There-
fore, left-turning vehicles at the Jianhe-Xianxia intersection in
Shanghai were studied, which is a typical two-phase intersection.

The empirical trajectory data of left-turn vehicles were
extracted from a video recorded with high accuracy video-
processing software. The video recorded traffic operations dur-
ing rush hours from 4:00 PM to 5:40 PM. The observed trajec-
tories are shown in Figure 8. Among the 210 left-turn trajec-
tories, 141 left-turn vehicles interacted with motorized oncom-
ing vehicles while other left-turn vehicles merely interacted with
non-motorized vehicles. The trajectories of these 141 left-turn
vehicles were studied.

4.2 | Parameter calibration

The criteria for cooperative response were calibrated accord-
ing to empirical data. In a previous work [19], we calibrated a
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FIGURE 9 Cooperative acceleration of the opposite-going vehicles in each

decision tree for the turning criteria, which can also be used
to model the intention of the interacting vehicle: preempting
or yielding. The decision tree in [19] involved two terms: the
cooperative acceleration and the delay if yielding. Based on the
decision tree, the cooperative acceleration threshold / was val-
ued as —0.15 m/s?, and the delay threshold was valued as 3.39 s.
When the cooperative acceleration was greater than —0.15 m /s>
, the interacting vehicle would yield, and the left turning vehicle
would preempt. When the collaboration acceleration was less
than —0.15m/s? , the delay caused by yielding will be consid-
ered. If the delay was greater than 3.39 s, the interactive vehicle
would preempt because of the loss of too much time, and the
left turning vehicle would yield. If the yield delay was less than
3.39 s, the interactive vehicle would choose to yield and the turn-
ing vehicle would go first.

Although the criteria can accurately simulate the limited pri-
ority phenomenon, in the field of AV, we tend to assume
that AVs will obey the traffic rules more than human beings
in the same situation to ensure safety. Therefore, this paper
assumed that when the collaborative acceleration was less
than —0.15m/s? , the left-turning AV would adopt the yield
intention without considering the delay. However, a problem
occurred that if the delay was more than 3.39 s, both the left-
turning AV and the interacting vehicle would yield to each other.
Although a stalemate may appear, it avoids the dangerous con-
dition where both sides think they can preempt. In addition, for
the two vehicles’ different behaviour of yielding, this stalemate
will be broken as the vehicles move on.

Figure 9 shows the cooperative accelerations of the oncom-
ing vehicles in each scenario. The oncoming vehicles were

—— preempting vehicles
—— yielding vehicles

cooperative acceleration(m/s?)
o
!

—4 4

T-12 T-8 T4 T
time(s)

FIGURE 10
they arrive at the conflict point. 7'is the time that the preempting vehicle

Cooperative accelerations of each yielding vehicle before

arrives at the conflict point

divided into two classes: The opposing vehicles whose coopet-
ative accelerations were larger than /7 and were willing to yield
and those whose cooperative acceleration was less than /7 and
tended to preempt. This revealed that the cooperative acceler-
ation could indicate the oncoming vehicles intention. Coopet-
ative accelerations of yielding vehicles tended to be larger than
the threshold 77, while cooperative accelerations of not-yielding
vehicles were less than the threshold /7.

Furthermore, Figure 10 shows the cooperative accelerations
of each yielding vehicle before their arrival at the conflict point.
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By comparing their cooperative accelerations with the threshold
H, we found that oncoming vehicles’ intentions were continu-
ous before arriving to the conflict point. Therefore, threshold
H with a value of —0.15m/s? was reasonable.

5 | TEST RESULTS AND ANALYSIS

To evaluate the effectiveness of the proposed algorithm, a sim-
ulation platform was developed. The study site was built in
the simulation based on the empirical Xianxia-Jianhe intersec-
tion. The initial states of left-turning and oncoming vehicles
are same to the empirical trajectory data. However, their sub-
sequent behaviours are controlled by different models. The left-
turning vehicles are controlled by the ICMP method, while the
behaviours of oncoming vehicles are simulated by intelligent
driver model (IDM) [45].

First, the accuracy of intention prediction was studied as it
directly indicates if the ICMP result received the cooperative
responses from the interacting participants.

Furthermore, two types of motion planning methods:
intended cooperation motion planning (ICMP) and a potential
field (PF)-based approach proposed in [46] were installed in the
AVs and their behaviours were compared for the same scenar-
ios. The PF-based approach was recently published and focused
on the same multi-interaction issues in unprotected turning sce-
natios. The PF-based planning performs well from the aspects
of intention recognition and trajectory planning, More import-
tantly, it is unfair for these methods to directly apply them in
different study sites and different scenarios. The potential field
method was proposed for the same study site with same col-
lected data which would not cause problems of fairness. We
reckon it is a more equitable way to compare these two works.
The varied behaviours of AVs facing high-density traffic flow
were presented.

Finally, a statistical comparison was conducted in terms of
post-encroachment time (PET), travel time, and the jerk of AVs.
PET can reflect the safety performance when interacting with
other vehicles. Compared with the other widely used safety indi-
cator TTC, PET reflects the observed severity of conflict, while
TTCis an anticipated risk measurement indicating the time leav-
ing for drivers to avoid collision. Travel time can reflect the
efficiency in mobility. Compared with other efficiency indica-
tors like delay and waiting time, travel time can also indicate the
mobility at the intersection and does not require the intersec-
tion being crowded. Jerk is a fundamental index that indicates
the comfort, which is more informative to present the distribu-
tion of vehicle’s acceleration change and the frequency of sharp
acceleration

5.1 | Performance of the intended
cooperation

Table 1 shows the confusion matrix of the prediction to the
reaction of the interacting participant to evaluate the perfor-
mance of intended cooperation.

ZHOU ET AL.
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FIGURE 11 Initial positions of participants and trajectories of
left-turning AVs based on two methods (Note: Vehicles 419-421 are far away
from the intersection at the initial time so they are not presented in the figure)

The accuracy and recall are calculated. The high accuracy and
recall showed that the success rate of intended cooperation was
high. Besides, when the two vehicles conflicted with each other,
the riskiest situation was when the left-turning vehicle expected
the interacting vehicle to yield, but actually the interactive vehi-
cle wanted to preempt. In this case, the intentions of the two
vehicles were inconsistent, which would cause severe conflicts.
Although the high recall rate indicates that these fierce conflicts
were occasional, the potential dangers still existed. However,
real-time rolling prediction and collision avoidance can effec-
tively avoid these risks.

5.2 | A typical case: crossing high-density
traffic flow

The purpose of conducting this case study was to test the abil-
ity to cooperate with interacting agents. The high-density traf-
fic flow indicated that gaps between vehicles were small and
that the AV needs to seek a potential cooperating participant
to cross through. Figure 11 shows the initial states of the partic-
ipants and trajectories of left-turning AVs based on two meth-
ods, when they suffered the same traffic situation.

As shown in Figure 12, three critical moments # , % , and
t; were found. From 0 to # , the speed of the interacting par-

TABLE 1 Confusion matrix of intention prediction

Actual

The reaction of the interacting agent Preempting Yielding

Predicted Preempting 76 1
Yielding 3 55
P
A ) = ———— = 97.04%
nrag) = s %
Recall = —2FN__ — 96.20%
TP IN+FP+EN
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FIGURE 12  The critical parameters that change for the interacting
participants in the ICMP-based case. (Note: #is the time when the AV
successfully made the cooperative acceleration. 4is the time when the
cooperative acceleration of the cooperating vehicle (Veh. 419) reaches the
threshold. 7is the time when the turning AV crossed the conflict point). (a)
The cooperative acceleration of the interacting participants in the ICMP-based
case. (b) The speed of the interacting participants in the ICMP-based case

ticipants (Veh. 416—421) converged to the desired speed of the
IDM, while their cooperative accelerations were approximately
equal to the threshold. At # , the AV successfully found a coop-
erative plan, determined the cooperating agent (Veh. 419), and
started to implement its planning, From # to 7 , although the
speed of Veh. 419 was constant, its cooperative acceleration first
came down and then rose up because the ICMP-based AV was
adjusting its speed to influence it. The cooperative acceleration
of Veh. 419 reached the threshold at #, , and kept rising, which
meant that Veh. 419 was more likely to yield. Then as the AV
moved, from # to 7 Veh. 419 kept slowing down. At 7 the AV
crossed the conflict point so Veh. 419 started to accelerate until
it could also leave the intersection.

While the ICMP-based AV crossed sequential vehicles
through the gap between Veh. 418 and Veh. 419, the PF-
based AV yielded to all the oncoming vehicles in the same
scenarios. The gap between Veh. 418 and Veh. 419 was not
large enough for the PF-based AV to cross. However, the
ICMP-based AV made a plan considering the reaction of Veh.
419 to the planning, Since Veh. 419 would yield and decelerate,
the gap would become large enough to cross. Therefore, when
compared with the PF-based AV, the ICMP-based AV consid-

videos of these two cases were uploaded on this website (Link:
https://pan.baidu.com/s/12z6MH_SVYBpm9gYr8IV7L_w,
Extraction Code: s6ua).

5.3 | Statistical analysis in safety, efficiency,
and comfort

To statistically compare the performances of the ICMP-based
AVs and PF-based AVs, we reconstructed the traffic scenarios
in simulation according to the empirical data. Two AVs with dif-
ferent motion planning methods were tested in these scenarios.
Then, we collected the trajectories of the participants and con-
ducted some statistical analyses in terms of safety, efficiency,
and comfort. Three indexes post-encroachment time (PET),
travel time, and jerk were determined to reflect the AVs’ perfor-
mances of safety, efficiency, and comfort, respectively. Besides,
to explore AVs’ performance when suffering different oncom-
ing traffic demands, we divided the left-turning scenarios into
three groups according to the traffic demand (low oncoming
flow rate: 0—800 veh/h, medium oncoming flow rate: 801—
1200 veh/h, high oncoming flow rate: larger than 1200 veh/h).
The statistical parameters of the indices, means, standard devia-
tions (SDs), and p-value are presented in Table 2.

5.3.1 | Post-encroachment time (PET)

Post-encroachment time (PET) has been used in many previ-
ous studies and has been proven suitable for representing the
severity of conflict during crossing events [20]. According to a
previous study [47], the threshold PET was defined as 8 s, which
represents the minimal conflict severity. A PET larger than the
threshold PET means that a conflict is too small and can be
ignored.

The results of statistical parameters showed that the PETSs
of ICMP-based AVs were significantly larger than those of PF-
based AVs with a 95% confidence level when suffering low and
medium oncoming flow. The average PETs of the two AVs also
reflected this tendency. However, when suffering high oncom-
ing flow, the PETs of ICMP-based AVs had no significant dif-
ference. The reason is that the high oncoming flow made the
gaps among the vehicles small so that both AVs had to become
more cautious.

As shown in Figure 13, when comparing the PETs of the two
AVs scenario by scenatrio, ICMP-based AVs had better safety
performance in 80% of the scenarios no matter which level
of oncoming traffic demand they suffered. In addition, ICMP-
based AVs created less severe conflicts (PET<1 s) in low and
medium oncoming flow rates. The reason was that ICMP-based
AVs could precisely predict the intentions of the interacting pat-
ticipants and were able to plan accordingly. As such, the severe
conflicts which occurred when both interactive parties wanted
to preempt were avoided. In addition, the precise prediction
was also able to benefit collision avoidance. When interacting
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TABLE 2 Statistical parameters of PET statistical parameters of performance indexes
PET (s) Travel time (s) Jerk (m/s%)
Oncoming flow
rate AV type Mean SD P-val . Mean SD P-val . Mean SD P-val .
Low 1ICMP 3.86 1.03 0.04 7.49 4.26 0.35 0.03 0.75 0.00
PF 2.75 1.38 9.42 5.31 -0.07 0.68
Med. ICMP 4.56 1.49 0.01 10.57 5.84 0.01 0.64 0.01
PF 3.37 1.79 11.15 7.75 0.73 0.06 0.68
High ICMP 4.06 1.07 0.26 713 5.24 0.38 0.05 0.78 0.00
PF 3.42 1.74 9.13 7.24 0.06 0.68
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FIGURE 13 PETs of two kinds of AVs with different oncoming flow rates. (a) Low oncoming flow rate; (b) medium oncoming flow rate; (c) high oncoming
flow rate

with high-flow-rate oncoming vehicles, there was less room for
ICMP-based AVs to achieve cooperation and both two AVs had
to be cautious. Although ICMP-based AVs were significantly
safer than PF-based AVs, both AVs performed well in terms
of safety.

5.3.2 | Travel time

The distributions of the travel times of the ICMP-based AVs
and the PF-based AVs are shown in Figure 14. Although the
results of the rank-sum test show that there was no significant
difference with each oncoming traffic demand level, the aver-
age travel time of the ICMP-based AVs was less than the PF-
based AVs. The maximum travel time of CMP-based AVs was
also less than PF-based AVs. In most cases, significant differ-
ences did not exist. However, in some scenatios, PF-based AVs
had to yield to all conflicting agents which led to large travel
time (larger than 25 s). However, ICMP-based AVs were able
to select a gap to cross through, which decreased the travel
time. We can claim that ICMP-based AVs were overly efficient.
Besides, this figure also indicates that medium-flow-rate oncom-
ing vehicles can provide more cooperative responses. Low-flow-
rate oncoming traffic means the difference of whether coopera-
tion or not is not such large and high-flow-rate may provide less
opportunities for cooperation.

AV type
25 | Ml ICMP-based
= PF-based $
20 A ‘ 'y
] ¢
£
2 151
>
°
10 A
5 <
low medium high
flow rate
FIGURE 14  Travel time of two kinds of AVs with different oncoming
flow rates
533 | Jerk

Jerk was used to reflect the comfort performance. To analyze
the comfort of AVs, the jerks of AVs were collected. As is
shown in Figure 15, for both the ICMP-based and PF-based
AVs, a large portion of the absolute values of the jerk were less
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than 1m/s’ , which meant that each type of vehicle performed
well. The proposed ICMP method set a minimum-jerk based
term in the object function for better driving smoothness,
while the PF-based method set some constraints on accel-
eration. This is why the jetks of two AVs are insignificant.
However, ICMP-based AVs had fewer instance of extreme
jerk values. The reason was that the object function of speed
planning aimed to minimize the sum of the jerk squared. There-
fore, ICMP-based AVs tried to avoid sharp acceleration or
deceleration.

5.4 | Computation time

The computational time (with Intel(R) Core(TM) i5-10210U
CPU at 1.60 GHz 2.11 GHz) is shown in Figure 16. When
interacting with multiple oncoming vehicles, the turn AV had
to assume one vehicle as the cooperating object one by one and
tried the ICMP to solve a planning until finding a solution. It

means the computation time may be at most 7 times more than
one motion planning, where 7 is the number of the oncoming
vehicles. This issue may be relieved by more code optimization
or distributed computing. However, we can just treat the lead-
ing five oncoming vehicles as the cooperating candidates so that
the method can meet real-time computing requirement at 10-Hz
update rate.

6 | CONCLUSION

Realizing the behavioural consistency is an essential but chal-
lenging issue for motion planning in multi-interaction environ-
ments. This paper proposed an ICMP framework that actively
seeks the chance of cooperating with interacting participants.
The main conclusions are summarized as follows:

1. Inspired by the process of behaviours asymptotically con-
verging to consistency, the ICMP framework realized
intended cooperation with interacting participants by pre-
dicting the response of the interacting participants to the
AV’s planning. By analyzing the interaction mechanism and
instilling it in AV’s planning, the ICMP achieved socially
compliant driving which made it easier to arise coopera-
tive response of the interacting participants. The coopera-
tive acceleration-based criteria were learned from empirical
analysis, and clearly indicated the response of the interact-
ing participants to the turning vehicle’s motion. By searching
in the cooperative motion planning space derived from the
criteria, feasible ICMP solutions were available. The ICMP
reproduced the process of behaviours converging to consis-
tency. The ICMP does not rely on a fixed intersection and
so can be applicable in other intersections. Besides, it may
be extended to other cooperation-involved scenarios like on-
ramp merging bottlenecks.

2. A Gaussian mixture model was developed to learn the
human drivers’ preference for determining conflict points.
First, since the prediction and the planning are interrelated,
AVs would be trapped in the causal dilemma about which
term should be handled first. The conflict points are the
knots that link the response prediction and the path planning
together, so rapidly determining conflict points can avoid
this causal dilemma. In addition, it helped narrow down the
solution spaces of planning by extracting conflict points with
higher human drivers’ preference.

3. Compared with PF-based AVs, ICMP-based AVs were sig-
nificantly safer when suffering low and medium oncoming
flow rate participants. In addition, ICMP-based AVs yielded
less large travel-time trajectories because ICMP-based AVs
were more active and had more motion planning space to
improve their efficiency. Finally, ICMP-based AVs had better
comfort performance as they performed less sharp braking
or acceleration.

In the future, the cooperative interaction mechanism can
be extended to other types of participants like non-motorized
vehicles and pedestrians. However, since the intention of
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non-motorized vehicles and pedestrians is more flexible and
changeable, a single index like cooperative acceleration may not
be sufficient to represent their intentions. More representative
indices can be extracted based on more data sources. Further-
more, as the dimension of intention representation increases,
mapping on the motion planning space may become non-linear
or implicit. Machine learning methods can be applied to solve
the problem. All these directions can be considered in further
research.
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APPENDIX
The Proof of Two Claims
We first prove Claim 1.
Since feasible solutions to the AV’ motion planning exist
among the cooperating time range 7 , then

I < (A1)

<3

where 7] is the time to the conflict point for the left-turning AV.
According to the definition of the cooperative acceleration,
there is
L=% (A2)
So
I, <1 (A.3)
where 7; is the time to the conflict point for the cooperating

participant.
According to Equations (1) and (2), we know

1
n (= T) + 3 (Hz;,z —ac7;2> =0
| (A.4)
n (T = 1) +3 (HTPZ —acT2> =0
Since 7; < 7;, , then
HT}? <aT? (A.5)
Then we can get
TZ
H < a— <a, (A.6)
T
P

According to the criteria for cooperative response, the coopera-
tive acceleration being large than /7 indicates that the interacting
agent is willing to yield to the AV.

The proof of Claim 2 can be acquired by replacing ‘ <’ and
¢ <’ with >’ and >’ in the proof of Claim 1 so it is omitted
here.
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