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MCCA: A Decentralized Method for Collision and
Deadlock Avoidance With Nonholonomic Robots

Ruochen Zheng and Siyu Li

Abstract—Navigation in dense and narrow environments with
multiple robots is a standing challenge since deadlock is prone
to occur. In this letter we present masked cooperative collision
avoidance (MCCA), a fully decentralized method to avoid both
collision and deadlock effectively. The concept of masked velocity
is introduced, which is an implicit state of each robot and acts
as an intention of avoiding deadlock. Robots are prioritized by
a decentralized mechanism and masked velocities of robots with
different priorities propagate among robots, promoting fluent and
efficient deadlock avoiding behaviors in a local and collective man-
ner. The solving process is reduced to a quadratic programming
problem. Nonholonomic constraints are taken into account. We
conduct extensive experiments in both simulation and real-world
application, and the results verify the effectiveness of our method.

Index Terms—Collision avoidance, multi-robot systems,
nonholonomic motion planning.

I. INTRODUCTION

MULTI-ROBOT systems have garnered significant suc-
cess in industrial applications such as smart warehousing

and automated transportation. As a key element, multi-agent
navigation algorithms enable robots to navigate to their targets
without colliding with obstacles or other robots. Enhancing the
overall navigational performance of robots remains a challeng-
ing task, especially in dense environments where deadlock is
prone to occur.

Among various multi-agent navigation algorithms, optimal
reciprocal collision avoidance (ORCA) [1] is a popular and
well-established method. By extending the ideas of reciprocal
velocity obstacles (RVO) [2], it introduces half-plane constraints
induced by all neighbors to form a convex polygon, inside which
a velocity nearest to the preferred velocity is chosen by an
efficient linear program. Each robot computes its new velocity
independently based on observed positions and velocities of
other robots, which is decentralized and therefore scalable to
a large number of robots.
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Fig. 1. Real-World Experiments.1 Two groups of robots exchange position
via a one-lane passage. The robots on one side are able to give way to robots
from the other side, thus avoiding deadlock.

However, ORCA assumes that each robot is equal and shares
an equivalent responsibility of collision avoidance, which pro-
motes deadlock in dense environments. Deadlock represents an
equilibrium of system dynamics that causes the robots to stall
before reaching their goals. In this case, a control favoring the
goal will violate safety, hence the only feasible strategy is to
remain static [3].

To improve the navigation performance, some previous
ORCA variants, such as [4] and [5], use ORCA to avoid collision
and leverage a grid-based multi-agent path planing (MAPF)
framework to coordinate robots when deadlock is detected.
However, the MAPF approach is centralized and suffers from
heavy computational cost. Another ORCA variant [6] allows
robots to take different responsibilities of collision avoidance, as
long as they sum up to one. However, this approach is ineffective
for deadlock avoidance in dense environments.

To address the deadlock issue while still maintaining decen-
tralization, we propose a masked cooperative collision avoidance
(MCCA) method. It adopts the ideas of collision avoidance from
ORCA and is extended to explicitly handle deadlock situations.
An illustration of four robots exchanging position via a one-lane
passage is shown in Fig 1. The concept of masked velocity is
introduced, which is an implicit state of each individual robot. It
represents an intention to either reach the goal regardless of other
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robots or make way for others based on its priority determined by
a decentralized approach. The problem is reduced to a quadratic
program (QP), where the intention is seamlessly integrated into
the velocity planning of each individual robot.

The main contributions of this letter are as follows:
� The concept of masked velocity is introduced, which is an

implicit state of each robot and helps promote coordina-
tion among robots to mitigate deadlock. A special MCCA
half-plane is designed to constrain the solution of masked
velocity and the new velocity.

� A decentralized approach to determine the priority for each
robot is presented. It allows each robot to independently
decide its priority based on conflict of masked velocity
with its neighbors, and a consistent strategy is enforced to
prevent undesirable frequent switches of priorities.

� A new QP formulation is presented, where the objective
terms, related to approaching the goal, avoiding colli-
sion and mitigating deadlock, can be prioritized, allowing
robots to avoid deadlock before reaching their goals on
condition that safety is maintained. It can also incorpo-
rate nonholonomic constraints such that the control inputs
can be directly solved. Collision-freeness of the solving
paradigm is guaranteed.

The rest of this letter is organized as follows. In Section II
a brief summary of related works is provided. In Section III,
the methodology of our approach is presented. An example of
differential-drive robots is provided in Section IV. We report
simulation and real-world experimental results in Section V and
then conclude in VI.

II. RELATED WORK

In this section, we briefly summarize the related works of
multi-agent navigation algorithms.

The multi-agent navigation algorithms can be categorized into
centralized methods and decentralized methods. The centralized
methods, such as [7], [8], [9], utilize a central controller for the
monitoring and control of all the agents in the system. Some
of them, such as [10], couples the path planning with the task
assignment to yield a more efficient solution. These centralized
approaches assume that all robots’ navigation decisions are
made jointly and can generally guarantee a safe, optimal and
complete solution for navigation. Deadlock can be resolved at a
global level. However, they become computationally prohibitive
as the number of robots increases and thus inapplicable for
deployment in physical systems. Besides, such methods mostly
require that the planned paths are along the grids, which makes
the motion behaviors overly conservative.

On the contrary, decentralized methods have drawn significant
attention recently due to their scalability, where each agent
makes the decision independently by taking into account the
information of others from sensors and communications. There
have been extensive studies, using techniques such as potential
fields [11], graph-based searches [12], [13], velocity obstacles
(VO) [14], control barrier functions [15] and reinforcement
learning [16]. Among them, VO is a popular framework and most
related to our approach. It defines regions in the velocity space

where collisions are avoided given the robot velocities and posi-
tions. Reciprocal collision avoidance (RVO) is introduced in [2]
to let each pair of robots share the responsibility for collision
avoidance to eliminate oscillations. The ORCA algorithm [1]
introduces a pair of half-plane constraints in the velocity space
for each pair of nearby agents. It transforms the problem into
a linear programming problem that can be solved efficiently
and provides a safety guarantee under certain mild assumptions.
Some ORCA variants, such as [17] and [18], incorporate dy-
namics of nonholonomic robots to produce smooth trajectories
for different kinematic models.

However, these decentralized methods lack effective coordi-
nation among robots to avoid deadlock in dense environments.
The VR-ORCA algorithm [6] extends the ORCA framework
to allow each pair of robots to take different responsibilities of
collision avoidance. It can improve the performance in open
spaces, but in dense situations the new velocity can still be zero
and robots remain stalled. The V-RVO algorithm [19] utilizes a
position exchange strategy across two robots’ common voronoi
edge when deadlock is identified, which is only suitable for open
spaces. The approach in [15] enforces a constant perturbation
to encourage a clockwise motion for all robots. However, in
dense environments admissible perturbation may not exist and
deadlock may persist. The methods in [4], [5] use ORCA for
collision avoidance and leverage centralized MAPF algorithms
to resolve deadlock when detected. Again, they still suffer
from heavy computational cost. [13] presents a decentralized
MAPF algorithm on search graphs which provides optimality
guarantees, but is not suitable for narrow passages.

III. APPROACH

In this section we present our novel MCCA method. Masked
velocity, an implicit state of each individual robot, is introduced
to represent an intention to avoid deadlock. A special MCCA
half-plane is designed to constrain the solution of the masked
velocity and real velocity. Each robot determines its priority
by a decentralized approach. Robots with lower priority will
try to make way for robots with higher priority based on their
masked velocities. The solution is computed by a new QP
formulation, where half-planes and nonholonomic constraints
can be incorporated.

A. Head and Normal Robots

Assume the set of all robotsR can be divided into two groups,
R denotes the set of head robots and R the set of normal robots.
Normal robots are assumed to yield and make way for head
robots. In dense environments, such as a one-lane passage, if two
robots encounter with opposite moving directions, none of them
can successfully reach the goal unless one of them compromises
and diverts from its own path. Therefore, it is necessary that one
of them is granted higher precedence for passage.

B. Masked Velocity and MCCA Half-Plane

We define masked velocity as an implicit state of each robot.
For normal robots it serves as an intention to yield and make
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Fig. 2. Demonstration of MVO and MCCA half-plane.

way for head robots and other normal robots. While for head
robots, it is an intention to reach their goals regardless of all
other robots. Let vm

A denote the masked velocity of a head robot
A ∈ R, and v

m
B the masked velocity of a normal robot B ∈

R. Masked velocities of all robots, both head and normal, are
initially set to zero.
vm
A is estimated as the velocity closest to its preferred velocity

respecting only ORCA half-planes of obstacles:

vm
A = argmin

vm∈ORCAτ
A|O

∥∥∥vm − vpref
A

∥∥∥ , (1)

where ORCAτ
A|O =

⋂
o∈O

ORCAτ
A|o, o and O represent an ob-

stacle and the set of all neighboring obstacles, respectively.
We now define MCCA half-plane, which is specially designed

for normal robots. It is generated based on the masked velocity
obstacle (MVO) constructed by the current normal robot B’s
velocityvB and another robotC’s masked velocityvm

C , as shown
in Fig. 2. MVOτ

B|C , is constructed with (vm
C ,vB). um is the

vector from vB − vm
C to the closest point on the boundary of

MVOτ
B|C , and nm is the outward normal of this boundary at

point (vB − vm
C) + um. The MCCA half-plane is formulated as

follows:

MCCAτ
B|C = {vm|(vm − (vB + um)) · nm ≥ 0} , C ∈ R.

(2)
The masked velocity of a normal robot B is estimated as the

velocity closest to its preferred velocity respecting both ORCA
half-planes of obstacles and MCCA half-planes induced by other
robots:

v
m
B = argmin

vm∈MCCAτ
B

∥∥∥vm − vpref
B

∥∥∥ , (3)

where MCCAτ
B = ORCAτ

B|O ∩ ⋂
X∈R

MCCAτ
B|X .

MCCA half-plane is used to reduce the level of conflict against
C’s masked velocity. It can be described that C’s masked veloc-
ity is propagated to the current robotB.C can either be a head or
normal robot. IfC is normal, even ifB has no conflict of masked
velocity with any head robot, its newly solved masked velocity

1[Online]. Available: https://www.youtube.com/watch?v=_DcZ9MHws7A

Fig. 3. Propagation of masked velocity in a deadlock situation.

Algorithm 1: Robot Priority Determination for Ai.

v
m
B will still avoid conflict withC, and other neighboring normal

robots’ masked velocities will also be effected by v
m
B . It can be

viewed that an intention to make way for certain head robots
is propagated along normal robots. We will later show that the
solution of control inputs is influenced by the MCCA half-plane
so that the intention is indeed carried out.

An example of the propagation of masked velocity is shown
in Fig. 3. A is a head robot. The masked velocity of A has
propagated toB, andC is being propagated at this time instance.
When D is propagated in the near future, MCCAτ

C|D will
move rightward, which will further enlarge the masked velocity
of C. In such process, the deadlock avoiding intention keeps
propagating from a head robot to normal robots from the near
to the distant.
MCCAτ

B|C is built with B adapting um alone, as um is not
divided by 2 like the ORCA half-plane, suggesting that B takes
full responsibility of avoiding the masked velocity of C. It is
obvious if C is a head robot since a head robot does not have to
consider avoiding other masked velocities. And if C is a normal
robot, the masked velocity of C is losslessly propagated to B,
which ensures that the propagation of masked velocity along
normal robots will not shrink at a rate below 1 and diminish too
soon.
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C. Robot Priority Determination

We adopt a fully decentralized approach for each robot to
determine its priority. Since a head robot’s masked velocity is not
effected by other robots, the conflict of masked velocity between
two head robots cannot be resolved and may result in deadlock,
therefore it should be resolved by priority determination in the
first place. Algorithm 1 presents the algorithm.SAi

is the number
of time steps where Ai is of higher priority by far, which is an
accumulative value to indicate the importance of Ai. η s a preset
integer as the initial tabu steps for a newly determined normal
robot. TAi

denotes the current tabu steps of Ai, which will be
subtracted by one at each following time step. The robot’s chance
to raise priority is postponed until TAi

is reduced to zero. Both
TAi

and SAi
are reset to zero once the robot reaches its goal.

The introduction of the two indicators helps prevent frequent
switches between high and normal priority and maintain the
consistency of deadlock resolution.

Should a normal robot Ai ∈ R become a head robot, its
masked velocity solved as a head robot, denoted by vm

Ai
, should

not be in conflict with other head robots. A MVO cone of infinite
time windowMVO∞

Ai|Aj
is used to detect the conflict of masked

velocity with any Aj ∈ R. Further, if vm
Ai

is in MVO∞
Ai|Aj

,

which means a conflict exists, if the projection of vm
Ai

onto vm
Aj

is in the same direction with vm
Aj

, or vm
Ai

· vm
Aj

≥ 0 equivalently,
deadlock is unlikely because the robot behind can follow the one
in front, thus both can remain head robots while also capable
of advancing towards their goals. On condition that vm

Ai
is in

MVO∞
Ai|Aj

and vm
Ai

· vm
Aj

< 0, Ai is set as a head robot only
when SAi

> SAj
, which means Ai is of higher priority for more

steps than Aj by far and is more qualified to be a head robot.

D. Quadratic Programming Formulation

Next, we present a new solving paradigm formulated as a
quadratic programming problem. Compared to the linear pro-
gramming in ORCA, we would like a formulation to have the
following features: (1) The distance between the new velocity
and the preferred velocity can be explicitly minimized. (2) If a so-
lution strictly respecting all half-plane constraints does not exist,
the violation can be minimized. (3) Constraints can be weighted
differently. (4) Control inputs and kinematic constraints can be
incorporated directly.

A corresponding formulation is as follows:

min α1

∥∥v − vpref
∥∥2
2
+ α2

∑
i∈O

δ2i + α3

∑
j∈R

δ2j + α4

∑
k∈M

δ2k

(4a)

s.t. det (Bζ) ≤ δζ , ζ ∈ O ∪R ∪M, δζ ≥ 0 (4a)

q̇ = S(q) · r (4b)

The first objective term is the square of the distance between
the new velocity and the preferred velocity. Each of the rest is
a sum of squares of an auxiliary variable δζ that represents the
degree of violation of the corresponding half-plane constraint by
the new velocity. For example, δζ , ζ ∈ O represents the violation

Fig. 4. Visualization of a half-plane and its permitted velocities.

against an ORCA half-plane induced by an obstacle. Objective
terms are prioritized by preset weights α1 to α4. Constraint (4a)
expresses the violation mathematically. As shown in Fig. 4,
a half-plane is defined by its position (pζx, p

ζ
y) and direction

(dζx, d
ζ
y). The new velocity (vx, vy) lies within the half-plane iff

the determinant of Bζ =

[
vx − pζ

x dζ
x

vy − pζ
y dζ

y

]
is non-positive. ORCA

half-plane constraints induced by obstacles O and other robots
R, along with MCCA half-planes M, are all considered. The
violation against them is punished in the objective with different
weights. Note that M is empty for a head robot. Constraint
(4b) incorporates nonholonomic constraints, which describes the
relationship between the velocity and the control inputs. Con-
sider a robot with motion states in the generalized coordinates
q = [q1, . . . , qn]

T . q̇ = [q̇1, . . . , q̇n]
T is the velocity vector. r =

[r1, . . . , rm]T represents the m independent control motors
and S(q) = [s1(q), . . . , sm(q)] comprises m reachable motion
vectors. The linear form is suitable for most wheeled robots
such as differential-drive, tricycle, Ackermann-drive robots, and
a robot with a trailer [20]. The proposed formulation is a convex
QP problem that can be efficiently solved by a QP solver.

Masked velocities of both head and normal robots are solved
by a holonomic version of (4), where only the half-planes in
their definitions (1) and (3) are considered and constraint (4b) is
omitted. Masked velocity is not actual and does not need to be
constrained by kinematics. In this situation, the solved masked
velocity is usually larger, which strengthens the intention to
avoid deadlock.

For each robot, it is required that α2, α3 � α4 � α1 so that
the most prioritized target is to remain clear of obstacles and
other robots, then it is necessary to avoid the masked velocities
of other robots to carry out the intention to avoid deadlock, and
finally it could catch up with its preferred velocity. We provide a
proof which showsα1 toα4 can be properly set so that collision-
freeness is guaranteed if the bounding circle radius of each robot
increases only marginally.

Theorem 1: If there exists a velocity satisfying all ORCA
half-planes, then the new velocity solved in (4) is collision-
free if the bounding circle radius R is increased by at least

2τvmax
√

2α1+α4n
min(α2,α3)

, where τ is the time horizon, vmax is the

maximum linear velocity and n is the number of other robots.
Proof: Given that there exists a velocity satisfying all

ORCA half-planes, a solution to (4), x′ = (v′x, v
′
y, δ

′
i1
, · · · ,

δ′io , δ
′
io+1

, · · · , δ′io+n
, δ′k1

, · · · , δ′kn
) exists, where i1, · · · ,

io+n ∈ O ∪R, k1, · · · , kn ∈ M, such that δ′i1 , · · · , δ′io+n
= 0.

Let f(x) denote the objective function in (4) and x∗ =
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(v∗x, v
∗
y, δ

∗
i1
, · · · , δ∗io , δ∗io+1

, · · · , δ∗io+n
, δ∗k1

, · · · , δ∗kn
) denote

an optimal solution. f(x∗) ≤ f(x′) ⇒ α1(v
∗
x − vpref

x )2 + α1

(v∗y − vpref
y )2 + α2

∑
i∈O(δ

∗
i )

2 + α3

∑
j∈R(δ

∗
j)

2 + α4

∑
k∈M

(δ∗k)
2 ≤ α1(v

′
x − vpref

x )2 + α1(v
′
y − vpref

y )2 + α2

∑
i∈O(δ

′
i)

2 +
α3

∑
j∈R(δ

′
j)

2 + α4

∑
k∈M(δ′k)

2. δ′i1 , · · · , δ′io+n
= 0 ⇒∑

i∈O∪R(δ
′
i)

2 = 0. Then we havemin(α2, α3)
∑

i∈O∪R(δ
∗
i )

2 ≤
α1((v

′
x − vpref

x )2 − (v∗x − vpref
x )2 + (v′y − vpref

y )2 − (v∗y −
vpref
y )2) + α4

∑
k∈M((δ′k)

2 − (δ∗k)
2). Further, |vx| ≤ vmax ⇒

|v′x − vpref
x |, |v∗x − vpref

x | ≤ 2vmax ⇒ (v′x − vpref
x )2 − (v∗x −

vpref
x )2 ≤ 4(vmax)2. The same applies to vy. The half-plane

constraints are effective iff det(B) > 0 and can be reduced
to equality in this situation, therefore δk = det(B) when
δk > 0. The distance between a velocity and a half-plane
violated can be derived as dζy(vx − px)− dζx(vy − py), which
is the value of det(B) and equals δk as mentioned above.
From the definition the distance is less than the norm of the
relative velocity, therefore δk ≤ 2vmax and (δ′k)

2 − (δ∗k)
2 ≤

4(vmax)2. Then min(α2, α3)
∑

i∈O∪R(δ
∗
i )

2 ≤ 8α1(v
max)2 +

4α4n(v
max)2. (δ∗i )

2 ≥ 0⇒min(α2, α3)(δ
∗
i )

2 ≤ 8α1(v
max)2 +

4α4n(v
max)2, i ∈ O ∪R ⇒δ∗i ≤ 2vmax

√
2α1+α4n
min(α2,α3)

, i ∈
O ∪R. Hence the violation of any of the ORCA half-planes is

bounded by a distance d = 2vmax
√

2α1+α4n
min(α2,α3)

. The boundary

of the VO constructed with the enlarged radius should also keep
a distance d from the boundary of the VO constructed with the
real radius, such that collision is avoided. To achieve this, in
terms of collision avoidance against another robot, the radius
of both the discs centered at (pB − pA) and (pB − pA)/τ
should increase at least d

2 , thus R should increase at least τd
2 .

For an obstacle, the increase should be at least τd. We can

conclude that if R is 2τvmax
√

2α1+α4n
min(α2,α3)

larger than the real

radius of each robot, then all ORCA half-planes are satisfied
and collision-freeness is guaranteed.

E. Masked Cooperative Collision Avoidance

The complete MCCA method is described in Algorithm 2.
Note that for each robot, among the states of other robots,
positions and velocities can either be observed or shared through
communication, while masked velocities and priorities can only
be obtained through the latter. Its own priority, masked velocity
and control inputs are solved at each time step. A visualization
of the progression of the states is shown in Fig. 5.

F. Communication

Unlike ORCA, which only requires the observable positions
and velocities of neighboring robots, our method requires their
current masked velocities and priorities in addition. These are
implicit states that should be shared through communication.
Given the very limited data to be transmitted, our method enjoys
a low communication overhead. The information can either
be gathered and broadcast through a centralized node or be
exchanged through inter-agent communications in a decentral-
ized manner, where each robot gathers information from robots

Fig. 5. (a) A upgrades to head, B and C downgrade to normal by Algorithm 1.
(b) B starts to avoid A’s masked velocity, and its solved masked velocity changes
direction accordingly. C starts to avoid B’s masked velocity, such that both B
and C make way for A. (c) B and C upgrade to head by Algorithm 1. (d) A
downgrades to normal when reaching its goal. (e) B and C pass through the
passage. (f) B and C downgrade to normal when reaching their goals.

Fig. 6. For differential-drive robots, the left and right wheel velocities are con-
trolled with separate motors. r is the wheel radius. L is the distance between the
wheel centers. The velocity of the wheel axis center ca is always perpendicular
to the robot axis thus not fully controllable. The effective center ce converts
the bounding circle into a disc of radius R+D and its velocity v = (vx, vy).
Instantaneous Center of Rotation (ICR) is used to compute the angular velocity
ω [20]. The robot orientation is in the direction of ce − ca.

Algorithm 2: MCCA.
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TABLE I
VARIABLES AND PARAMETERS

within its communication range and sends to its neighboring
robots. Both approaches guarantee real-time communication.

IV. AN EXAMPLE OF DIFFERENTIAL-DRIVE ROBOTS

We present a detailed implementation for differential-drive
robots. Fig. 6 shows the kinematic model. The wheel axis
center is not fully controllable and we adopt the effective center
approach in [21]. It is only necessary to ensureD > 0 for the sole
purpose of kinematic adaptation, therefore we assume D/R ≈
0.1 or less, which is much smaller than the recommended value
D = R.

Table I summarizes the variables and parameters of kine-
matic adaptation. v = (vx, vy) is the effective velocity of
the effective center, which is at a distance of D > 0 from
the wheel axis center. vl and vr are the control inputs. It
follows that vx =

(
cos θ
2 + D sin θ

L

)
vl +

(
cos θ
2 − D sin θ

L

)
vr and

vy =
(
sin θ
2 − D cos θ

L

)
vl +

(
sin θ
2 + D cos θ

L

)
vr. Both the wheels

should not exceed the maximum speed, therefore |vl|, |vr| ≤
vmax. amaxΔt is the largest possible change of wheel speed be-
tween two consecutive time steps, hence |vl − vc

l |, |vr − vc
r| ≤

amaxΔt. The above are linear constraints of (4b) that should be
incorporated in the QP formulation.

V. EXPERIMENTATION AND APPLICATION

In this section, both simulation and real-world application re-
sults are presented. Compared with the state-of-the-art, the pro-
posed method performs significantly better in difficult scenarios
where deadlock is prone to occur. We recommend watching our
video for a more detailed view of the results.

A. Implementation Details

Both simulation and real-world application are based on a
commercially available SLAM-based mobile robot MegBot-
S800.2 All robots are differential-drive with 950 mm × 725 mm
× 285 mm in three dimensions. Each robot is equipped with
two powered wheels of radius r = 0.1 m and two passive caster
wheels to balance the robot. Each wheel is powered by a ser-
vomotor, which given the control inputs will power the wheel
with up to the maximum linear acceleration. In the simulation
the maximum linear velocity is 2 m/s and the maximum linear
acceleration is 2 m/s2. The distance between ca and ce is

D = 0.015 m. The bounding circle radius R is 0.485 m. The
effective radius is R+D = 0.5 m, which is only 3 percent
larger than R. The time step is Δt = 0.25 s. The time horizon τ
is 12 s. The weight parameters in (4) are α1 = 10−2, α2 = 104,
α3 = 104, α4 = 1. The initial value of tabu steps η is 30.

For both simulation and real-world application, we apply
a simple method to set vpref of a robot to point to the goal
from its current location with magnitude no more than vmax.
For the purpose of this simulation, sensing and localization
are not implemented, and for each robot accurate positions,
velocities, masked velocities, priorities of all robots and obsta-
cle line segments can be acquired. At each time step, based
on above information each robot computes the control inputs
using MCCA in a decentralized manner and applies them to
the actuators. Webots [22], a mobile robot simulation software,
is used for our simulation. PROX-QP [23] is used to solve the
proposed QP problem.

B. Simulation Design and Results

Simulation involves various configurations of narrow pas-
sages and dense obstacles, which are frequently encountered,
hard to solve when numerous robots participate and considered
as the main bottleneck of deadlock-free navigation in real-world
environments. We conduct intensive testing on such cases to
showcase the benefit of our approach over state-of-the-art. Be-
sides, we also conduct experiments in open spaces, where no
obstacle is involved.

We note that centralized methods will not be competitive
against our method nor other decentralized methods like ORCA-
based methods in real-world applications, as they are not able to
handle more than a few robots. Besides, such methods usually
require discretization of time and space, which is considered to
lack adaptability, difficult to implement and overly conservative
in motion behaviors. As for ORCA-based methods considering
nonholonomic robots, they mainly differ in approaches of incor-
porating kinematics of nonholonomic motion models, and gen-
erally share the same mechanism in regard to resolving deadlock
in dense situations. Hence in this section we mainly compare our
method with ORCA-DD [17], which applies ORCA formulation
to differential-drive robots.

Six different scenarios are designed to compare the perfor-
mance of MCCA and ORCA-DD. For each scenario and each
group of N (ranging from 2 to 50) robots, we run 10 instances
varying in the origin and goal positions and the following four
metrics are computed and depicted in Fig. 7:
� Robot success rate: The percentage of robots out of all the

robots in 10 instances that are successful. A robot fails if
it remains extremely low speed ( 0.001m/s) for 5 minutes
before reaching its goal or fails to reach its goal in 10
minutes.

� Instance success rate: The percentage of instances where
all robots are successful.

� Average travel distance per robot in all successful in-
stances.

2[Online]. Available: https://en-robotics.megvii.com/AMR-AGV.html
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Fig. 7. Summary of simulation results.

� Average travel time per robot in all successful instances.
For the four scenarios featuring difficult obstacle config-

urations, the results clearly favor MCCA with no deadlock
observed, which remains successful for all instances, while
ORCA-DD deteriorates and fails quickly as the number of robots
increases.

For the open space scenarios, all instances are successfully
solved by both evaluated methods. In such cases, ORCA-based
methods have proven to show significantly better performance
conventionally, and the results indicate that our method per-
forms competitively with ORCA-DD in terms of average travel
distance and time.

We also compare the computational cost between the two
methods. Similar to ORCA-DD, our method requires that each
robot utilizes its onboard computer to run an instance of MCCA
to obtain control inputs. For both approaches, the computational
time is highly dependent on the maximum number of considered
robots N , which is determined by the number of all robots
and the observation or communication range. The maximum

TABLE II
MAXIMUM RESPONSE TIME OF 10 RUNS IN 6 SCENARIOS

response time of each individual robot of 10 runs in each
scenario is illustrated in Table II. Although MCCA has a higher
computational cost than ORCA-DD, it can still provide real-time
responses.

C. Real-World Experiments

We proceed to verify the performance of MCCA with typical
narrow scenarios that are frequently encountered in real-world
industrial applications such as smart warehousing and in-plant
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Fig. 8. Configuration for real-world application.

logistics. The configuration is shown in Fig. 8. A broadcast
service is set up on a laptop. For each robot, it sends its cur-
rent states(including the position, velocity, masked velocity and
priority) to the service at each time step. The service broadcasts
the received newest states of all robots to each individual robot
at a constant interval of 0.1 s. At each time step, each robot
solves the control inputs using MCCA and applies them to
its actuators. Duct Tapes are used to create various obstacle
configurations in a rectangular area of 120m2. Obstacles are
stored in a pre-build map and real-time localization is obtained
by on-board perception module. All parameter settings are the
same with our simulation, except the bounding circle radius is
moderately increased to 0.6m due to error in localization.

The performance is in consistent with the simulation, which
proves the effectiveness of our method in real-world envi-
ronments. Deadlock is avoided entirely through local velocity
planning, therefore in a complete task scenario by applying a
simple global planner to guide a feasible path only considering
obstacles, each robot can accomplish its moving task when
deadlock with other robots is avoided automatically and no extra
global coordination is needed.

VI. CONCLUSION AND FUTURE WORK

In this letter, a new MCCA method is presented. Masked
velocity, MCCA half-planes and robot priority determination
are introduced to encourage a fully decentralized mechanism
for deadlock avoidance, accompanied by an easy-to-solve multi-
objective QP formulation. Collision-freeness of the solving
paradigm is guaranteed. We demonstrate that our method can
efficiently and reliably avoid deadlock and enhance overall
performance in dense environments where numerous robots
participate. One of our next steps is to apply MCCA method to
mobile robots with different kinematics, which can be achieved
by applying corresponding kinematic constraints in the QP
formulation. Another direction is to compensate for uncertain-
ties, which we believe can be realized by adding customized
constraints in the QP formulation.
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