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Parallel Optimization with Hard Safety Constraints for Cooperative
Planning of Connected Autonomous Vehicles

Zhenmin Huang, Haichao Liu, Shaojie Shen, and Jun Ma

Abstract—The development of connected autonomous ve-
hicles (CAVs) facilitates the enhancement of traffic efficiency
in complicated scenarios. Difficulties remain unsolved in de-
veloping an effective and efficient coordination strategy for
CAVs. In this paper, we formulate the cooperative autonomous
driving task of CAVs as an optimal control problem with
safety conditions enforced as hard constraints, and propose
a computationally-efficient parallel optimization framework
to generate strategies for CAVs with the travel efficiency
improved and the hard safety constraints satisfied. Specif-
ically, all constraints involved are addressed appropriately
with convex approximation, such that the convexity property
of the reformulated optimization problem is exhibited. Then,
a parallel optimization algorithm is presented to solve the
reformulated optimization problem, with an embodied iterative
nearest neighbor search strategy to determine the optimal
passing sequence. It is noteworthy that the travel efficiency is
enhanced and the computation burden is considerably alleviated
with the proposed innovation development. We also examine the
proposed method in CARLA simulator and perform thorough
comparisons to demonstrate the effectiveness and efficiency of
the proposed approach.

I. INTRODUCTION

Recent developments in artificial intelligence and infor-
mation technologies prompt the emergence of connected
autonomous vehicles (CAVs), which possess the ability
to exchange information among vehicles through real-time
communication technology such as 5G network and Wi-
Fi [1]. In this sense, cooperative autonomous driving is
enabled, which points to the alleviation of traffic congestions
induced by non-cooperative driving manners, and also the
decrease of traffic accidents [2]. Although the physical
basis is well-prepared, a series of problems remain largely
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unsolved in developing a mature coordination scheme that
is suitable for cooperative autonomous driving in compli-
cated urban traffic scenarios. Rule-based, optimization-based,
and learning-based methods are intensively researched to
produce various coordination strategies for different urban
traffic scenarios, such as on-ramps merging [3], [4], [5],
[6] and intersection crossing [7], [8]. However, existing
methods either merely focus on simple scenarios or only
consider simple interactions between a limited number of
CAVs, and therefore are not readily applicable to complicated
urban traffic scenarios with dense traffic flow. Besides, a
common problem in existing methods is the low computation
efficiency. As the number of CAVs involved in the scenario
increases, the scale of the problem continues to grow, which
leads to a rapid surge in the overall computation time that
violates the real-time requirements for planning and control
of CAVs. As a result, current methods generally fail to apply
to scenarios containing a large number of CAVs.

In this paper, we focus on the development of an optimiza-
tion framework to solve the cooperative autonomous driv-
ing problem for all-directional traffic flows in urban traffic
scenarios. To provide hard safety guarantees, a linearization
method is introduced to properly handle the complicated
nonlinear collision avoidance constraints and road boundary
constraints. To improve travel efficiency, a novel coordination
strategy based on the iterative nearest neighbor search is
proposed to determine the optimal passing sequence. In
conjunction with a parallel optimization method based on
dual consensus ADMM, the computational burden is greatly
alleviated and therefore real-time performance is achieved. In
terms of experimental validation, we compare our method
with several baselines to demonstrate both the improved
travel efficiency and the superiority in computational effi-
ciency.

II. RELATED WORKS

Various methods are intensively investigated in developing
the strategy for cooperative driving in urban traffic scenar-
ios. Owing to the rapid development of data science and
artificial intelligence, learning-based methods are currently
progressing by leaps and bounds, which leverage real-world
data to boost performance. It is declared that learning-based
methods are effective to address difficult traffic scenarios [9].
In [10], a centralized coordination scheme using reinforce-
ment learning is proposed, which allows for the cooperative
crossing of CAVs at an unsignalized intersection. In [11],
multi-agent reinforcement learning is adopted to enable
sympathy between CAVs and human drivers for efficient
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highway merging. Though with great potential, learning-
based methods generally require a large amount of real-world
data and they could suffer from poor interpretability, which
hinders their wide applications in real-world scenarios.

In contrast to learning-based methods, rule-based and
optimization-based methods are more mature and are capable
of generating predictable and explainable results with limited
computational resources. Particularly, rule-based methods
mainly focus on the determination of passing orders of CAVs
using handcrafted rules and criteria, followed by a low-
level planner to generate trajectories for all CAVs. In [2], a
communication-enabled distributed mechanism is proposed
to resolve conflicts for CAVs in intersections. Each vehicle
solves a conflict graph locally to compute the desired time
slot for passing, followed by a motion planner to determine
the speed profile. In [12], a centralized convex optimal
control framework is proposed with a hierarchical coordina-
tion scheme to enable unsignalized intersection crossing for
CAVs. In [13], a method based on Monte Carlo tree search
(MCTS) and heuristic rules is proposed to find nearly global
optimal orders for CAVs to pass unsignalized intersections.
Although rule-based methods are straightforward, it is gener-
ally hard to cover various corner cases with man-made rules,
resulting in difficulties for rule-based methods to generalize
to complicated scenarios.

Meanwhile, optimization-based methods typically formu-
late the cooperative driving as a constrained optimization
problem and adopt a unified optimization framework to
plan directly for all CAVs, thus being more concise and
generalizable [14], [15]. In [16], an approach based on
mixed-integer quadratic programming (MIQP) is presented
to obtain globally optimal solutions for cooperative driving
of CAVs in general on-road scenarios. In [7], the cooperative
trajectory planning problem is formulated as a mixed integer
nonlinear program (MINLP) to determine conflict-free trajec-
tories. However, these methods are only applicable to a small
number of vehicles, as the computation time soon becomes
unaffordable when the number of vehicles becomes large.
To improve computation efficiency, distributed and parallel
optimization methods are strongly desired. The alternating
direction method of multipliers (ADMM) [17] provides a
general distributed framework to accelerate the optimization
process, which triggers its recent applications on cooperative
autonomous driving [18]. In [19], [20], ADMM is used to
split independent vehicle constraints from coupled collision-
avoidance constraints between vehicles such that they can
be dealt with separately, yielding a partially parallel opti-
mization scheme. In [21], a fully decentralized and parallel
optimization framework is proposed to solve the cooperative
trajectory planning problem for general types of robots.
However, its computational efficiency is still far from being
satisfying, as minutes are taken for solving the problem
involving only several robots. Based on dual consensus
ADMM [22], a parallel optimization framework is proposed
in [23], which enables cooperative trajectory planning of
CAVs with high computation efficiency. However, it adopts
soft penalties for collision avoidance, which results in possi-

ble collisions or over-conservative strategies if penalties are
not set appropriately. Besides, the devised approach neglects
certain pertinent constraints for driving safety such as road
boundary limitations. These problems render the generated
strategy potentially unsafe in real-world situations. Also, the
time profiles for all CAVs are preassigned non-cooperatively
and fixed, which may cause difficulties in resolving conflicts
for situations like lane merging.

III. PROBLEM STATEMENT

A. Vehicle Kinematics and Physical Constraints

For a traffic scenario involving N CAVs passing simul-
taneously, we use N' = {1,2,..,N} to denote the set
containing indices of all CAVs. We assume a complete graph
structure on the communication network, and all CAVs in-
volved possess the same kinematics, which can be expressed
as

x?rJrl = f(x%rﬂu%r)v )]

where ¢ and u’ are the state vector and the control input
vector corresponding to vehicle ¢ at timestamp 7, 7 € T =
{0,1,...,7 — 1}, and T is the length of the horizon. In
particular, we consider a state vector of four state variables
v, = (p%,,Py .+ 07,v;) and an input vector constituted

by two control inputs u’ = (6%,a’), where p, , and p! _
denote the X and Y coordinates of the midpoint of the rear
axle in the global frame, 6 denotes the heading angle, v
denotes the velocity, d° represents the steering angle, and
ai represents the acceleration. With the above notations, we

adopt the following kinematic model [24] for vehicle ¢:
pi:,r+1 = pi’,‘r + fr (U-fw &r) COS(@?F),

Pyri1 = Py, fr(v7,67) sin(07), )

0., , = 0 + arcsin (750l sin(8%)/b)

i i
Vrqp1 = VUp + TG

Note that b is the vehicle wheelbase and 7, is the time
interval. The function f,.(v,d) is defined as

fr(v,8) = b+ v cos(8) — /b2 — (ryvsin(6))2.  (3)

Meanwhile, the following constraints are imposed on the
control inputs:

Amin S (li. S Gmax, 5min S 5:— S 5max~ (4)

B. Collision Avoidance Constraints

To ensure driving safety, constraints on minimal distances
between CAVs must be imposed to avoid any possible
collision. We make the assumption that all CAVs are of the
same size, and approximate each vehicle with two identical
circles aligned in the longitudinal direction. The front circle
and the rear circle of vehicle ¢ are denoted as F'C; and
RC;, respectively. With such an approximation, a sufficient
condition for collision avoidance is that the distance between
the centers of any pair of circles on different vehicles is no
less than the diameter. We denote the center positions of
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FC; and RC; at time 7 as p; . and p;. , respectively. The
collision-free condition is thus expressed as

||plﬁ,'r - pzy;r |2 Z dsafe~ (5)
Notice that dg is the safe distance to maintain, which is set
to be equal to the common diameter of all circles.

C. Road Boundary Constraints

To ensure that all CAVs are driving within the free space,
road boundary constraints must be imposed. A sufficient
condition for the satisfaction of road boundary constraints
is that the minimal distance from the centers of circles to
the corresponding closest road boundaries should always be
no less than the radius of all circles. Equivalently, we shift
all road boundaries towards the internal of the free space by
a bias that equals the common radius of all circles. As a
result, a new set C is formed, which is a subset of the free
space. Then the following constraints are established:

Ps-€C. 6)

D. Overall Formulation

For CAVs, we set the goal as the minimization of the
deviation of actual trajectories from reference trajectories,
as well as the control inputs. Integrating all the constraints
mentioned above, we obtain the optimal control problem as
below:

N /T " ] ’ T71| |2
min L =2l + ul
{ui} 7,; <‘r=0 ref |QT TXZ:O ‘ ‘ R)
st. (1),(4),(5),(6),

VB, ve{f,r}, ,JEN, i#j, TET.

)

xime ¢ is the reference point for vehicle ¢ at timestamp 7,
which contains reference waypoint, reference heading angle,
and reference velocity. || - ||o and || - ||z denote the Lo-
norm weighted by matrices ) and R, where () is positive
semi-definite and R is positive definite.

IV. METHODOLOGY

In this section, we propose an optimization framework for
solving problem (7) to obtain the optimal cooperative driving
strategy. With a slight abuse of notations, we define the cur-
rent nominal trajectories as {2, ut}, for 7 € T and i € NV.
Our goal is to search for the optimal variations {dz%, du’} on
the nominal trajectories that minimize the objectives while
satisfying the constraints. This process needs to be iterated
until trajectories for all CAVs finally converge.

A. Linearization of Hard Safety Constraints

Safety constraints involved in urban traffic scenarios in-
clude collision avoidance constraints and road boundary
constraints. It should be noted that both are imposed on
the center positions of F'C' and RC', while the optimization
variables are bound to the rear axle centers of CAVs. This
gap needs to be bridged by the Jacobians in-between, namely

oph, = Jh 0a. (8)

Vehicle i Vehicle j

Fig. 1. Linearization of collision avoidance constraints.

The original collision avoidance constraints are obviously
non-convex and nonlinear, which could lead to difficulties in
finding a feasible solution. Similar to [18], a straightforward
method to render these constraints linear is adopted. For each
pair of circles between vehicle 7 and vehicle j, we construct
a unit vector ﬁgyﬁ pointing from the center of one circle to
the other. Then the following inequality provides a sufficient
condition for collision avoidance between the two circles:

—37, T 1 i
nﬁ'y;r (Jﬁ’,T(SIT -

JI 0al) +df —dare > 0. (9)

The principle behind this inequality is that the difference
between the projections of dpj; , and dp’ . onto 7 _ gives
the lower bound of change in current distance dg%T, as is
shown in Fig. 1. Therefore, the collision-free condition is
satisfied when the sum of this difference and the current
distance is greater than or equal to dgyfe.

To handle irregular road boundaries, we propose a lin-
earization method that can theoretically be applied to road
boundary constraints of any shape. We first extract all road
boundaries in the scenario and then perform dense sampling
on the boundaries to turn them into a point cloud, denoted as
M. Then, the nearest neighbor search is performed on M
to obtain the closest boundary point corresponding to the
vehicle location at each timestamp:

Phy.» + NearestNeighbor(M,pj ), (10)

where pfy, _ is the point closest to pj; . within M. We then
construct the unit vector pointing from p%bﬁT to pj ., denoted
as ﬁ;a.r With the same logic of (9), the linearized road
boundary constraints can be expressed as
T i , ,
27ty I 0w + 2d

- dsafe Z 0. (11)

Fig. 2 demonstrates the linearized road boundary con-
straints. To obtain the closest point efficiently, we perform
the nearest neighbor search using the k-d tree, which exhibits
O(logN) complexity for a single query to a point cloud
containing N points.

B. Implicit Passing Sequence Coordination

It is a common situation in urban traffic scenarios that
two vehicles try to merge into one lane simultaneously.
This gives rise to the critical problem of determining the
passing sequence. In this part, we propose a novel strategy
that obtains the optimal passing sequence implicitly through
iterative constructions of objective functions. We first define
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Fig. 2. Linearization of road boundary constraints.
§X = (0xb,0ud, ..., d2%) as the concatenated vector of all

variational states and inputs corresponding to vehicle <. From
(7), the objective function corresponding to vehicle ¢ is

T
COX') =Y [162L 15 + 2(ah — . 0p) T QL0
o (12)
+ > (6l | + 2ui” Roul.
7=0

Since the passing order of vehicle 7 is not determined,
the reference point xi}ref corresponding to timestamp T
is unknown. To obtain the optimal reference waypoint, we
adopt the nearest neighbor search. Suppose the reference path
generated by the navigation module for vehicle i is {p’, f3s
which is the set of all waypoints contained in the path. The

current reference waypoint for time 7 is given as

pi’ref +— NearestNeighbor({pief},pi), (13)

where p!. = (pl, ., p}, ;). Nearest neighbor search and recon-
struction of the objective functions are performed at each
iteration of optimization. As a result, the vehicle that already
takes the lead will set its own reference waypoints further
ahead, while the vehicle that falls behind does the opposite.
Together with the safety constraints, they are iteratively sep-
arated; and as a result, the passing sequence is determined.

The nearest neighbor search for the closest waypoint is
also implemented using the k-d tree for improved efficiency.
Constant reference velocity v,y is used for all vehicles at all
time stamps, and no restriction on heading angles is imposed.
Moreover, covariance matrix Qi is defined such that only
lateral deviation from the reference path is considered, while
longitudinal deviation from the reference waypoint along the
reference path is ignored.

C. Optimization Problem Reformulation

To handle the nonlinear kinematics, we perform the first-
order Taylor expansion of (1) to obtain

Szl = ALdxl + BLéul. (14)
Input constraints (15) are reformulated as

Gmin — ai— < 6(1:— < Gmax — ai—a Omin — 5-1,— < 66; < Omax — 6:—
(15)

Algorithm 1 Dual Consensus ADMM [22]
1: choose o,p >0
2: initialize for all i € N: p0 = 0 = 240 = 580 =
3: repeat: for all i € N
Broadcast 4** to all other vehicles
P p R p 3T (g — P
Si,k’—i-l — Sz,k + O.(yz,k' _ Z’L,k)
Tijk+1 . pzjii(yi,@+yj,k)+0?i,{c7p%,k+175i,k+1
p P argmin{f(2%) + n||J'2" + rt 2}
Y 2n(gf]ixi,k:+1 4 ikl
10: bk TLx Prox e (N (sVF+L 4 gybhtly)
1 Skl bkl +yi,k+1 _ 1 ikl

o No
12: until termination criterion is satisfied

® Nk

We tile up (9), (11), and (15) and rewrite them into a
compact matrix form, which yields
N
> JEXT 1> 0. (16)
i=1
We denote the indicator function over a given set S
as Zs(x). With this notation, we gather (16), objective
functions, and linearized kinematics to obtain the following
quadratic optimization problem

N N

(51} - (C'(6X") + Zxi (6X")) +ZLrn (;J §X +z> ,
A7)

where K? is the feasible set for linearized kinematics of

vehicle © and R is the nonnegative orthant with n being

the length of [.

D. Parallel Optimization

Dual consensus ADMM is adopted to perform parallel
optimization. We define the proximal operator as Prox? (x) =
argmin{ f(y) + 5/|z — y|[*}, and Algorithm 1 [22] can be

y
used to solve the following convex optimization problem:

N N
iy > i) +g (Z Jw) :
=1 i=1

Note that p, s,r,y, z are column vectors of the same size
asl,andn =1/(2(c4+2p(N—1))). We apply dual consensus
ADMM to problem (17) with the following substitution:
2t 6X7, f'(+) = C() + Ixi(+), and g(-) ¢ Zpn (- +1).
Detailed discussions specific to our problem are provided as
follows.

1) Dual Update: In the dual consensus ADMM algo-
rithm, variables {y’} and {2’} are dual variables to the
original optimization problem. The updates of {3} and {z%}
are performed by Steps 5-7 and 9-11 of Algorithm 1. In
particular, Step 10 is performed by

Zi,k-i—l,* — maX{N(S’i,k-i-l +in,k+1)7_l + 6}7

(18)

19)

which is derived from the definition of the proximal operator.
€ is a small non-negative number to push z away from the
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boundary into the feasible region so as to guarantee strict
satisfaction of constraints. max{x, y} denotes the element-
wise maximization between two vectors x and y.

2) Primal Update: The primal update is performed by
Step 8 of Algorithm 1 to search for the optimal states and
control inputs for vehicle i. We perform expansion of the
square term and obtain

SX R — arg min{CH (6 X?) 4 Tic: (6X7)
ot @0
+ (XTI TSX + 2r T X )
We perform further expansion of the third term, and the
resulting collision avoidance term is

CH6XY) _nZMTPZ Sl + 2T oat,

1Tﬂz] ﬁ»ij Jl
ﬂT By, By, 7Y BT
7,8,y

T, =>

7By

k41 =if T 74 .
TZ BY.3,7 n,Z@JW B Vi F 4B, € {f,r}.

2L
The resulting road boundary term is

T
Ci(6X") =n Z Szl Pi i + 2T} éat,

i k+1—»T
Pbl,T_ Z J Jﬂ‘r’ T: Z Tll)ﬁ’r / Jﬂ‘r

pelfr} pe{fr}
(22)
The resulting control input term is
(06X =1 Z Sulloul + QTéijlTéu (23)

7=0

In the above equations, rz];;;lj _ is the element of "1 that

locates at the same row as the collision avoidance constraint
between 3 circle of vehicle 7 and +y circle of vehicle j
at timestamp 7. 7 ’;H and r;kj ! are defined similarly
for road boundary constraints and control input constraints,
respectively. With the above terms, (20) can be rewritten as
min C*(6X") + CLSX") + CL(0X") + CL(6X7)
Xt o o (24)
s.t. ozl = Aoz, + Blou;.

Obviously, (24) is a standard LQR problem, which can be
solved by dynamic programming effectively. Note that (24)
only involves state variables and control inputs confined to
one vehicle, and therefore (24) corresponding to different
vehicles can be solved in a parallel manner.

With the above discussions, we propose Algorithm 2 for
solving problem (7). Convex reformulation of problem (7)
and loops of dual consensus ADMM are performed in an
alternating manner until the termination criterion is met. The
update of trajectory is performed following the same method
in [23]. Given the convexity of (17), ADMM is guaranteed
to converge, and thus consensus will be established after a
sufficiently large number of iterations. In practice, we let
the algorithm terminate when the trajectories are completely

Algorithm 2 Parallel Optimization Algorithm for Coopera-
tive Driving with Hard Safety Constraints

1: for i < 1 to IV in parallel:

2. initialize {x% ul}I_, {p®0 y®0 240 500} 5 p

3 repeat:
4 Send {xt}T_, to j € N — {i}
5 Compute {J} _,
6: for T < 0to T
7
8
9

Jg,‘f‘?p?,T’pZ‘,T}Z:O’ {Aiij— 2;&
for j in N — {i}:

Compute {p} ,p} .}

for 3,~v in {f,r}

10 A (0 — )/l — Pl
11: end
12: end
13: for 8 in {f,r}:
14: pﬁb ;< NearestNeighbor(M, pﬁ -)
15: My + < (D — Dhy)/ 1P+ — Plap-ll2
16: end
17: Py ey ¢ NearestNeighbor({pj..;}. p7)
18: Compute Q%
19: end
20: Compute { CT’PbT T, T80
21: pZO — O 810 —0 yzO — yprev 7,0 ¢« pprev
22: for k < 0 to kpax:
23: Steps 4-7 of Algorithm 1
24: Compute {T% ., T} . T,
25: X #k+1 « Problem (24)
2%6: yiktl o M (JiSX R )
27 z’L k+1 « skt + yz k41
fNimax{N( bhEL 4 gyt kL) ] 4 €}
28: end
29: yprev — yi,k+1 SPTeV o Zi,k-i—l
30: Update {z%,ut}T_,
31:  until termination criterion is satisfied
32: end

collision-free and the change in the overall cost between two
consecutive iterations is smaller than a given criterion (.

V. EXPERIMENTAL RESULTS

To verify the proposed method, we perform simulations on
the roundabout area in Town03, CARLA simulator [25]. Al-
together 16 CAVs are involved in this scenario. For all CAVs,
reference paths are pre-generated by the global navigation
module in CARLA. The reference paths are identical for all
methods and fixed throughout the entire planning process.
Key parameter settings are shown in Table I, where d; and
d, are the biases between the rear axle center and centers of
FC and RC. Initial velocities are 10 m/s for all CAVs.

A. Computation Efficiency

To demonstrate the improved performance in terms of
computation efficiency, we compare the computation time
of our method with the general IPOPT solver provided by
CasADi [26]. Both our method and the IPOPT solver are
implemented on a server with 2x Intel(R) Xeon(R) Gold

2242



TABLE I
PARAMETERS USED IN EXPERIMENTS

Param. Value Param. Value Param. Value
b 3.0m Vpef 10 m/s Ts 0.1s
amax  8.0m/s? o 0.2 p 0.02
Gmin -120m/s% Smax 0.62rad € 0.3
Kmax 2 Omin -0.62rad ¢ 1.0
dgate 2.62m T 75 dy 2.79 m
dy -0.05m

TABLE 11

COMPUTATION TIME PER TIME STAMP WITH DIFFERENT METHODS

Our Method IPOPT solver
Single-process ~ Multi-process ~ Two-stage  One-stage
N=8 0.00772s 0.00156 s 0.109 s 0.153s
N=12 0.0235s 0.00411s 0.235s 437s
N=16 0.0480s 0.00876 s 0.506's 7.09s

6348 CPU @ 2.60 GHz. For our method, both single-process
and multi-process implementations are provided. For the
latter one, the number of processes is set to be N.

One difficulty in solving (7) with IPOPT solver is that the
reference points need to be defined during the formulation
of the problem, which are unknown at the beginning. We
simplify (7) for the IPOPT solver by first solving it using
our method, and then formulating the problem with the
optimal reference points obtained. Meanwhile, we exam-
ine two different solving schemes. The one-stage scheme
directly optimizes (7) with full constraints, while the two-
stage scheme first optimizes (7) with collision avoidance
constraints released, and then uses the obtained results as
initialization for optimization of the whole problem.

Table II compares the computational efficiency between
all four optimization settings. We use the computation time
per timestamp as a measure. It can be seen that the multi-
process implementation of our method is the fastest of all,
which is at least two orders of magnitude faster than the
IPOPT solver. This result clearly demonstrates the superior-
ity in computational efficiency of our method for solving
cooperative trajectory planning problems. Meanwhile, the
multi-process implementation of our method is 4.9%, 5.7x%,
and 5.5x as fast as the single process implementation for
N = 8,12,and 16, respectively. These results demonstrate
the effectiveness of parallel optimization.

B. Traffic Efficiency in Roundabout Area

To demonstrate the overall passing efficiency, we compare
our method with the baseline proposed by [25], which tracks
the reference path using a low-level controller and brakes to
maintain safe distance with surrounding vehicles. Qualitative
results in Fig. 3 show the positions of vehicles and past
trajectories at selected timestamps for our method and the
baseline, respectively. Following the given reference paths,
smooth and efficient merging into the inner lane is observed
in the trajectories generated by our method, which reduces
the overall travel distances. Meanwhile, collisions between
vehicles are avoided. On the contrary, the baseline exhibits
low efficiency in passing and fails to avoid collisions.

ksl DEL ®

e ﬁ» ‘/%'bs.\ﬁ

(b) 7 = 3.0 ours (c) 7 =5.0s ours

(a) 7 =1.0s ours

B

£
5

(d) 7 = 1.0s baseline (e) 7 = 3.0s baseline

(f) 7 = 5.0s baseline

Fig. 3. Simulation results of our method and baseline at time equal to
1.0s, 3.0, and 5.0, respectively.

TABLE III
AVERAGE VELOCITY OF VEHICLES WITH DIFFERENT METHODS

Group 1 Group 2 Group 3 Group 4

N=8 Baseline 7.35m/s 7.81m/s 7.80m/s 7.65m/s
~"  Proposed 10.0m/s 9.14m/s 9.85m/s 9.33m/s
N=1p Baseline 7.49 m/s 774m/s 692m/s 7.53m/s
Proposed 10.0m/s 9.36m/s 9.27m/s 9.40m/s

N=16 Baseline 7.25m/s 551m/s 6.37m/s 7.21m/s
Proposed 9.86m/s 9.39m/s 9.14m/s 9.08m/s

Quantitatively, we compare the resulting average velocities
of vehicles by our method and the baseline. The vehicles are
naturally divided into 4 groups according to the entrances
they start from. For each group of vehicles, we compute
their average velocities over the entire horizon. The results
are shown in Table III. It is clear that for all cases, all 4
groups of vehicles run at higher average velocities with our
method than that with the baseline. The average velocities
of vehicles attained by our method are close to the reference
velocity ver = 10 m/s, while the slowdown is observed in the
baseline. These results show that our method yields higher
overall passing efficiency for this crowded roundabout area.

VI. CONCLUSIONS

In this paper, we investigate the cooperative autonomous
driving problem of CAVs in urban traffic scenarios. We
formulate the problem as an optimal control problem with
safety conditions enforced as hard constraints, together with
other constraints including vehicle dynamics and control lim-
itations. Then, a parallel optimization framework is presented
to solve the specific problem efficiently. We compare our
method with different baselines to demonstrate the effec-
tiveness in terms of average travel efficiency and to show
the superiority in computational efficiency. Possible future
works include the incorporation of a high-level decision-
making strategy into the optimization framework to further
enhance traffic efficiency. We also consider extending the
optimization method to a mixed traffic flow that contains
both CAVs and human-driving vehicles.
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