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Abstract

In multi-robot collision avoidance navigation problems, it is common to encounter situations where robots get stuck
and cannot avoid collisions or complete navigation tasks, known as deadlock problems. There are various reasons
for the occurrence of deadlock problems, such as issues with the navigation method itself. Optimal reciprocal col-
lision avoidance (ORCA) is widely used in multi-robot navigation. However, in some scenes, such as where robots
distribute symmetrically, ORCA usually fails to plan reasonable collision avoidance velocities, resulting in the robot
getting stuck. In this paper, we aim to address the deadlock problem caused by ORCA. We first analyze and simplify
the planning process of ORCA from the principal horizon to break the deadlock situation. Then, deep reinforce-
ment learning is used to optimize the escape velocity and collision avoidance responsibility of ORCA to guarantee
collision-free navigation. We compare our method with the original ORCA and other learning-based methods. The
results show that the proposed method is beneficial in reducing the deadlock probability and the collision probability
in multi-robot navigation.

1. Introduction

Multi-robot navigation can usually be categorized as communication-based and distributed. The
communication-based method needs to consider factors such as communication bandwidth limitations
and signal instability as the number of robots varies [1]. Among the distributed multi-robot navigation
algorithms, optimal reciprocal collision avoidance (ORCA) [2] is one of the most used. The agreed-upon
reciprocal assumption allows ORCA to achieve efficient navigational behavior without global informa-
tion, based only on the information of robots within the local range and guidance from the goal. The
simplicity of the assumption and the high scalability make ORCA widely used in various scenes that
require controlling the movement of multiple robots, such as crowd simulation [3] and navigation [4].
However, in some scenes, such as homogeneous robots distributing symmetrically, ORCA easily falls
into the local optima and is trapped in a deadlock situation.

Some related methods attempt to solve this problem by exploring more reasonable avoidance respon-
sibilities for each robot. For example, VR-ORCA [4] uses a cost function based on the signed distance
from the velocity to the ORCA constraint and the unsigned distance from the velocity to the preferred
velocity and adjusts the avoidance responsibility for each robot based on the gradient descent method.
The effectiveness of this kind of method is relatively limited; it can only affect the robot’s response to
the escape velocity, but the direction of avoidance plays a crucial role in the deadlock problem.

Compared to ORCA, deep reinforcement learning (DRL) can convert rich training experiences in
training processes into capabilities of taking multiple steps ahead into account and achieving more
aggressive movement decisions [1]. DRL has already achieved some notable results, such as refs. [5-7].
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Figure 1. System architecture.

So, in this paper, we propose a method (as shown in Figure 1) that combines DRL and ORCA to address
the deadlock problem of ORCA and guarantee navigation performance in multi-robot navigation sce-
narios. Compared with the existing works, the main contributions of this paper can be summarized as
follows: (1) We simplify the planning process of ORCA to address the deadlock problem in dealing with
symmetric multi-robot distribution. (2) We optimize the collision avoidance constraint of ORCA using
DRL to enhance navigation and collision avoidance performance.

2. Related work

ORCA [2], based on the reciprocal velocity obstacle (RVO [8]), can seek joint collision avoidance veloc-
ities under the reciprocal assumption without communication when all robots in the scene follow ORCA.
ORCA has been widely used in many multi-robot fields, such as simulation [3], navigation [9], and used
to control robots to generate datasets of motion trajectories [10—12], demonstrating the effectiveness of
the algorithm. But in dense scenes or symmetrical scenes, due to the limitations of the principle, ORCA
generates symmetric collision avoidance constraints, resulting in ORCA trapping in local optima and
getting stuck.

One of the most commonly used solutions is to add noise to the motion state of robots, which can
simulate the presence of observation noise in real application scenarios and also break the symmetrical
collision avoidance constraints between robots. To some extent, it alleviates the deadlock problem of
robots, but it cannot guarantee collision avoidance between robots. A more scientific approach is to set
asymmetric collision avoidance constraints for robots, such as adjusting the collision avoidance respon-
sibilities between robots, so that they no longer take equal responsibilities for avoiding each other. For
example, linearly increasing the responsibility as the distance decreases [13]. 3D-ORCA [14] assumes
that the faster agent needs to undertake the smaller collision avoidance responsibility, and allocates
the responsibility of avoiding collisions between the two agents based on the relative proportion of
their velocity space. Similar ideas are also adopted in less-effort-ORCA [15] and FRVO [16]. Less-
effort-ORCA uses ORCA in agent simulation environments. It assumes that agents with lower velocities
should take more responsibility because they can adjust their velocities more easily to avoid others.
However, through our analysis of the deadlock problem caused by ORCA in multi-robot environments
in the following part, we find that peer collision avoidance responsibility is not the fundamental cause of
deadlocks. In addition, these methods still retain the problem of ORCA easily trapping in local optima,
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only considering the current motion state of the robot, and are unable to make forward-looking motion
planning.

Learning-based methods can effectively solve the local optimization problem and hopefully achieve
global optimization. Some works have tried to combine learning methods with the ORCA series to
enhance navigation performance. For example, DRL-VO [17] and RL-RVO [1] design reward functions
for DRL based on velocity obstacle (VO) and RVO, respectively. The work [18] adds VO-based state vec-
tors to DRL’s state representation to introduce detailed interactive information about the surroundings.
The work [9] first solves the collision avoidance problem of two robots using DRL and then ensures the
safety of collision avoidance in multiple-robot scenes based on ORCA. As suggested by the work [19],
the collision avoidance performance of ORCA is limited in dense scenes. Directly combining ORCA
with DRL may be able to achieve security assurance, but it may still not effectively solve the deadlock
problem and complete the navigation task. In this paper, we do not just combine them simply, but first
analyze the deadlock problem of ORCA in multi-robot scenes and simplify the planning process of
ORCA. Then, we use DRL to optimize the collision avoidance constraint of ORCA to achieve sufficient
collision avoidance and navigation capabilities.

3. Preliminary

In this section, we first summarize the planning process of the original ORCA algorithm and then analyze
the deadlock problem of ORCA in multi-robot navigation scenarios. Finally, we formulate the problem.

3.1. Summary of ORCA

We briefly summarized the principle of ORCA to derive our work. Please refer to ref. [2] for details of
ORCA.

Considering a scenario with two robots: R; and R,, the velocity-obstacle area VO}.\,” &, 18 defined as
the set of relative velocities where the robot R, and R, will collide in the next T seconds:

VO r, = |3t 0, t]:tv €D (p, —py, 11 + 1)} 6))

where p, is position, D(p, r) is a circle area with p as the center and radius r. D(p, ) = {q||lq — p| < r}.
If the relative velocity v, — v, of Rjand R, is within VO , : vi — v, € VO . , then the two robots

will collide in the next T seconds. To avoid collisions, the original ORCA algorithm takes the shortest

vector from the relative velocity v, — v, to the boundary of VO}, . as escape velocity, denoted as u:

u=(argminly = = v2)l) = 0 = »2) @)
veé)VO,rm Ry
Therefore, any velocity that the projection on u is in the same direction as u and the length is not shorter
than u can ensure collision avoidance. Based on the reciprocal assumption, each robot is assumed to
take half the responsibility for avoiding collision, named the ORCA constraint:

ORCA} . = {vl <v— (v1 —i—%u)) .n20} A3)

where n is the outward normal of the boundary dVOy . at point v, —v,+u [4]. And 3 is the
responsibility each robot undertakes.

Considering multiple robots, to ensure the collision avoidance of each robot, the original ORCA algo-
rithm first separately calculates the robot’s avoidance constraints for each other robot within a certain
range from the robot, and then selects the intersection of these constraints as the robot’s solution space:

ORCA;I = D(O» vmax) n mORCA;,-lRJ (4)
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(a) 7 robots in cricle scene (b) 20 robots in cricle scene (c) conventional dense scene
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Figure 2. Multi-robot trajectories based on ORCA under different settings. The red circle represents
the goal position, other colored circles represent robots, and the curve with the same color as the circle
represents the robot’s trajectory. The goal with the same subscript as the robot is the goal of that robot
(a) 7 robots in cricle scene, (b) 20 robots in cricle scene, (c) conventional dense scene.

where D(0, v,,,,) is the maximum velocity constraint of the robot, i,j=1,2,...,N,i#jN <M, M is
the total number of robots, and N represents the number of other robots within the perceived range of
robot R;.

The final velocity of the robot i is the one with the smallest angle to »”" (or the minimum distance
tov/"") in ORCAg :

new

P“{f”

Vi =arg min|ly — v;

vEORCAR,
or (®)]
V' = arg min| £ < v, v > |

veORCA}el_

where v/ is generally the unit vector pointing from the current position of the robot i to its goal.

3.2. Deadlock problem caused by ORCA in multi-robot

The concise reciprocal assumption of ORCA, which does not rely on communication, makes it robust to
changes in the number of robots. However, in some special scenes, such as those with symmetrical robot
distribution, robots are prone to getting stuck and are unable to complete navigation tasks properly. In
this section, we provide an analysis of the deadlock problem in the multi-robot system caused by ORCA.

ORCA calculates the collision avoidance constraints for avoiding other robots in the neighborhood
for each robot separately. The more robots in the neighborhood, the more collision avoidance constraints
there are. Moreover, each avoidance constraint only considers the information between a pair of robots,
resulting in independent calculations of different constraints. In dense scenes, it is straightforward for
the avoidance constraints to trap in local optima, and ORCA cannot complete the navigation task.

There are many situations where collision avoidance constraints trap in local optima. One of the most
intuitive and easy-to-understand situations is when the robots are symmetrically distributed, as shown
in Figure 2(a), and the denser situation in Figure 2(b). In the figure, the robots are evenly distributed
in a circle, and the goal of each robot is located in the opposite direction. The independent calculation
process of collision avoidance constraints makes the constraints of each robot symmetric about the x-
axis in the velocity coordinate system (we assume the x-axis is the forward-looking direction of the
robot). This symmetry causes the robots to slow down and ultimately become immobilized due to their
reduced velocities.
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(a) collision avoidance constraints of Rg in the
velocity coordinate system (b) velocity curve of Rg
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Figure 3. Attime tandt+ 1, ORCA plans collision avoidance constraints for Ry based on robots’ rela-
tive positions and relative velocities (a) collision avoidance constraints of R, in the velocity coordinate
system, (b) velocity curve of R,.

Taking the robot R, in Figure 2(a) at time step t as an example, use ORCA to plan collision avoidance
velocity for it. Based on Equation (1), the velocity-obstacle area VOy . is:

VO = W13 € (0. 7] v € D(p, — py. 2)}, i=1,2,3,4,5,6 (6)
The escape velocity for R, to escape from other robots can be obtained based on Equation (2):
Uy, = (arg min|v — (v, — v‘,.)||> —(vy—V) @)
veIVOR g,

It is worth noting that in the Cartesian coordinate system established with the forward direction of R, as
the x-axis, the surrounding robots exhibit symmetry in terms of position and velocity. Specifically, R, and
R¢ are symmetrical about the x-axis, and similarly, R, and Rs, as well as R; and R,, are also symmetrical
about the x-axis. Since ORCA only considers robots within a certain range, each robot moves based
only on its own position and the destination until other robots enter this certain range. Therefore, when
entering the range where other robots are avoiding collisions, their velocities also exhibit symmetry.
So, the escape velocities u;,; obtained solely based on relative velocities and relative positions are also
symmetrical. The collision avoidance constraints obtained based on these escape velocities are also
symmetric about the x-axis, as the simplified visualization results in Figure 3(a).

These lines represent the collision avoidance constraints of robot R, to avoid other robots, and the gray
bar accompanying the line indicates the direction of the solution for each ORCA constraint.

Before other robots enter the collision avoidance range considered by ORCA, all robots would try
to approach their respective goals as much as possible, so vj = 2"/ When other robots enter the range,
based on v/ and collision avoidance constraints symmetrical to the x-axis of robot Ry, the collision
avoidance velocity selected closest to v;¥ coincides with the x-axis, causing the robot to only slow
down and be unable to change its direction. Such as in Figure 3(a), the collision avoidance velocity
of R, at the next time step v is in the same direction as v/, but slower. Similarly, other robots will
also exhibit the same motion pattern. However, this deceleration will cause a decrease in the robot’s
position increment. Since position and velocity are key information for ORCA to calculate collision
avoidance velocities, this results in ORCA planning slower and slower velocities. Figure 3(b) records
the actual velocity of robot R, of Figure 2(a). As the avoidance process progresses, the velocity of all
robots gradually approaches 0, resulting in a state of being stuck.

The scene where all robots are distributed in a circle symmetrically, and all get stuck, may not be
frequent in reality. The most common scene is that some subgroups of robots get stuck in the setting
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with random goals and random starting positions, while other robots navigate normally. Figure 2(c)
shows an example of a dense scenario with 20 robots randomly distributed. These robots are all planning
their collision-free velocities based on ORCA. The subgroup of robots marked by a black circle exhibits
symmetrical distribution characteristics and gets stuck.

3.3. Problem formulation

Following ORCA and RL-RVO in our settings, for a group of M disc-shaped robots navigating in a shared
plane R* with a series of positions p = (p,, p,) and velocities v = (v,, v,) along x and y directions, each
robot’s state space consists of self-state and surrounding states. Each robot cannot communicate with
others but can sense the surrounding robots within a certain distance (dy). So, the number of surrounding
states of each robot is not fixed. The robot radius r, current velocity v, and current position p can be
observed by other robots. The preferred velocity v is the unit velocity for the robot moving from
the current position p to its goal p# directly and is unobservable. Whether in the training scene or in
other scenes different from the training scene, where the difference refers to the number of robots and
the distribution of their positions, all robots should reach their respective goals within a limited time
without any collisions or getting stuck. In other words, we need to solve the following problems: (1)
Simplifying the planning process of ORCA to break the situation where the robots are trapped in the
deadlock situation mentioned in Subsection 3.2. (2) Through the analysis in the following part, it can be
concluded that simplifying ORCA can effectively break deadlock states, but cannot guarantee the ability
of robots to avoid collisions and navigate. Therefore, DRL is used to optimize the simplified ORCA to
ensure collision avoidance and navigation capabilities while breaking the deadlock.

The proposed method is optimized using the proximal policy optimization (PPO) [20] algorithm with
Pytorch [21] and tested in several relatively dense scenes with various numbers of robots and initial
distributions.

4. Methodology

The system architecture of our proposed method is shown in Figure 1. To break up the deadlock problem
mentioned above, we use a simplified ORCA method to calculate the collision avoidance velocity for
each robot in the environment and use DRL to perform local optimization for the ORCA to improve the
collision avoidance and navigation performance of the ORCA in multi-robot environments.

4.1. Simplifying ORCA to break the deadlock

In the original ORCA method, robots navigate through mutually agreed-upon rules to avoid colli-
sions, and each establishes collision avoidance constraints on surrounding robots based on observations.
However, symmetrically distributed surrounding robots will generate symmetric collision avoidance
constraints, leading to deadlock problems.

Through experiments, we find an effective solution to the deadlock problem, which is to retain only
the collision avoidance constraint for the nearest neighbor robot in ORCA at each moment, without
considering the avoidance constraints for other robots. Taking the deadlock scenario shown in Figure 2(a)
as an example for analysis, select any robot to establish its collision avoidance constraint only for the
nearest neighbor robot, as shown in Figure 4(a). Because the seven robots in Figure 2(a) are symmetrical,
each robot has two nearest neighbor robots. The choice of the nearest collision avoidance constraint on
which robot depends on the data storage order in the programming, and this process can also be pre-
agreed upon. Therefore, the neighbor robot on the same side will be considered for each robot. Compared
to retaining collision avoidance constraints on all surrounding robots in Figure 3(a), which results in the
robots having to alternate forward and backward, retaining only the nearest collision avoidance constraint
can make the robot move in other directions. As shown in Figure 4(b), where the dashed arrows of the
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(a) simplified ORCA planning (b) escape from the deadlock situation
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Figure 4. An example of simplifying collision avoidance constraints to break the deadlock problem (a)
simplified ORCA planning, (b) escape from the deadlock situation.

same color as the robots represent the motion velocity obtained by this simplified ORCA, each robot can
turn to the respective same side instead of getting stuck in place, thus smoothly escaping the deadlock
situation.

This simplification can effectively solve the deadlock problem, but in the case of dense robots or
conventional situations, as shown in Figure 2(c), only considering the collision avoidance constraint on
the nearest robot cannot guarantee the robot’s avoidance of all other robots around it. So, we use DRL to
explore a local increment to optimize the reserved collision avoidance constraint, so that the robot can
simultaneously avoid all surrounding robots and navigate toward its goal. Formally, our simplification
of ORCA can be summarized as follows. Taking robot i as an example, the simplified ORCA collision
avoidance constraint for i is:

1 o
ORCA; = D(0, vuix) m {v|v — (v,- + iu,’) ;' > 0} ®)

(€))

i

o il + o] [cos(Zay) —sin(Ze) |
B Ju;] sin(Zet;) cos(Zet;) i

where v; is the current velocity, u; is the escape velocity [2] to escape from the VO area between robot i
and the nearest robot j, a; is the action explored by DRL, used to locally adjust u; so that ORCA can not
only avoid robot j but also all surrounding robots, nf' is the unit direction vector that points the solution
space’s direction of ORCA;.

4.2. Optimization of collision avoidance constraints based on DRL

Based on the above analysis and simplification, the work of this paper can be briefly summarized as:
At each time step for each robot, DRL is used to map the observation of the ego-robot and surround-
ing robots to a local increment, and ORCA plans the motion velocity at which the robot can avoid all
surrounding robots based on the increment and reserved collision avoidance constraint for the nearest
neighbor robot.

4.2.1. Action space
From Equation (8), the action space of our DRL is defined as the small increment of escape velocity in

the collision avoidance constraint for the nearest neighbor robot. The direction vector n;' of the escape
velocity is also adjusted accordingly to ensure that it is perpendicular to the new escape velocity, thus
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satisfying the principle of ORCA for the escape velocity and direction vector.
o; = e (cos(ZLer;), sin(ZLex;)) (10)

where Zea; € [— %, 7] and ;] € [0, 1].

4.2.2. State space

For each robot at each time, the state space consists of the robot’s self-state 0, and surrounding state
ofurr.

oge”:[df,P,w ngmf, ris vi9pfsmf] (11)
wherei=1,2,...,M,d{ =|p, — pf|, m¥ is the model of spatial interaction between surrounding robots

centered around the object robot i [22].

0;/" is the state information that the robot i can perceive from its surrounding robots j,j=
1,2,...,N,N<M,j#i (N is the number of robots whose distance to robot i is not greater than dy
and thus N is not fixed), such as current position and velocity:

0 — {oa.'urr 0% o™
1072 > YIi,N
i i i ( 1 2)

SUurr
0.7 =1p;;vij, dijmy ]

ijo

surr
i

where d; ;= |p,; —p:ll. di; < dy, p;; is the current position of robot j in the right-handed Cartesian
coordinates established with the robot i’s forward direction as the x-axis, v; ; is the relative velocity of
robot j centered on robot i, m; ; is the spatial interaction matrix between robot j’s surrounding robots
and robot j [22].

4.2.3. Reward function

Usually, DRL-based navigation methods use sparse rewards or dense rewards. Compared to sparse
rewards, dense rewards can provide better guidance for DRL exploration, but the design of dense rewards
is more complex and prone to local optima. Therefore, our idea in designing the reward function is to
use a dense reward function that is as simplified as possible. The goal of this manuscript is to use DRL
to solve the deadlock problem caused by ORCA. In the process of collision avoidance planning, DRL
generates a velocity increment, which is used to adjust the direction and magnitude of ORCA’s escape
velocity. DRL does not directly interact with the environment, but rather ORCA combines the actions
provided by DRL and the relative position of the robot from the current position to the goal to plan the
collision-free velocity of the robot at the next time step. So, even if DRL gives a bad action, ORCA can
still obtain a motion speed that is as close to the goal as possible within a certain range, so the positive
dense reward for approaching the goal can be omitted. However, the bad output action leads to a poor
motion process, so the punishment term for the robot moving away from the goal is designed.

R(s, )i =ri+7¢ (13)
where
1 if di' <0
ri=1001d"" —d) if &' >di (14)
0 otherwise

(15)

i

. -2 if d;“i“ <7
0 otherwise

where d™™ is the minimum distance from the robot i to other robots, r/ is the sum of the radius of the
two robots, and d¢" is the distance to its goal at time step t.
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Table I. The hyperparameters of the training process and ORCA.

Parameter Value Parameter Value Parameter Value
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Figure 5. Network structure. The number in the block represents the output dimension. The input
dimension is determined by the output dimension of the previous layer.

4.2.4. Policy network architecture

The network structure of our DRL is shown in Figure 5. We choose the paradigm of centralized training
and decentralized execution (CTDE), where all robots share policy network parameters. At each time
step, the observation state 0; = {0}, 0 0"} of each robot in the environment is obtained separately, and all
robots’ observation states are combined into a batch while entering the network to obtain the probability
distribution of actions. In our design, the dimension of the surrounding state for each robot is not fixed.
To calculate the action distribution in the batch form to reduce time consumption, we set the dimension
of each surrounding state to the maximum M — 1 dimension and fill in the 0-vectors for exceeding dy.
We mask these unnecessary 0-vectors in the network and use a self-attention mechanism to weigh the
remaining non-fixed-dimensional state vectors into fixed-length vectors.

Specifically, take robot i as an example. Supposing the length of self-state o, is L; and each
surrounding robot’s state 0;"/" is L. Then, 0;"" is a matrix and the dimension is (M — 1) X (L),
where each dimension corresponds to one robot of surrounding robots. The subtracted 1 corresponds
to robot i. N-dimensions are non-zero vectors, and the remaining M — 1 — N dimensions are 0-vectors.
Before feeding them into the neural network, we concatenate o}/ and each 0;"/" to form a matrix with
(M — 1) x (Lg + Ly,,,)- We use a self-attention module to weigh these M — 1 feature vectors into one
vector. First, a multi-layer perceptron (MLP) is used to calculate the importance weights of these M — 1
feature vectors to robot i’s collision avoidance navigation. Then, we mask the weights corresponding to
0-vectors to 0 and use a softmax function to ensure the remaining valid weights sum to 1. Then, these
importance weights are used to weight these M — 1 feature vectors. When there are no other robots
within the dy range of the robot i, N = 0. In this case, the self-attention module cannot provide effective
features. So, we additionally use an MLP to sense the self-state 0"’ of the robot i.

We utilize the actor-critic-based PPO algorithm to train and update our policy. The actor module
outputs the action distribution, and the critic module outputs the value function of the observation state.
The actor and critic modules have the same network backbone, but the weights (6 and ¢) of their back-
bones are independent. The hyperparameters used for our deployment of PPO and ORCA are aggregated
in Table I. The details of the training process are summarized in Algorithm 1. First, our method starts
with initializing the actor (mr,) and critic (V) parameters of the orthogonal distribution. To achieve

self
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Algorithm 1. Policy Training Process

1 Initialize the policy actor 7 and policy critic Vi;
2 for epoch «— 1,2,... do

3 while buffer’s length < batchsize do
4 for roboti «— 1to M do
5 ‘ 0; <« get observation state;
6 end
7 0={01,00,...,0m};
8 {ai,a@s,...,ap} < runactor mg,q with o;
9 for roboti «— 1to M do
10 v calculate velocity with a;;
1 Execute vY ;
12 Collect data {o0;, @;,7;};
13 Add data into buffer i;
14 end
15 if any collision happens then
16 ‘ Rest and rearrange all robots;
17 end
18 end
19 for buffer j «— 1to M do
20 Compute GAE: A}, Viarger» Toota(@ilo;) ;
21 Add computed data into buffer j;
22 end
23 All buffers are concatenated into one joint buffer ;
24 for k < 1to Kjer do
25 Optimize L‘g w.r.t. 6 using joint buffer;
26 Optimize Lg w.r.t. ¢ using joint buffer;
27 end
28 end

computational and execution efficiency, we calculate actions in a batch form in the neural network, while
obtaining the observation state and achieving robot-environment interactions through parallel comput-
ing. During the exploration phase, each robot has an independent replay buffer to collect data. When the
total number of replay buffers collected by all robots reaches batchsize, the exploration is terminated, and
network parameters are trained by PPO. The generalized advantage estimator (GAE) is used to estimate
the advantage function. The advantage function, value function, and other relevant data of each robot
are independently calculated. After the calculation is completed, all buffers are concatenated together in
the order of robots to form a joint replay buffer. The joint buffered data is used to construct the surrogate
objective loss L*(0) and value loss L"(¢) as shown in Equations (16) and (17). The optimizer used for
parameters update is Adam with eps = 1073, learning rate I, and I7,.

Ly = —E[H(y(-|5))] — E{min[r,(0), clip(r(0), 1 — €, 1+ €)A,} (16)

where the subscript 0 represents the weight parameters of the Actor module, r,(0) is the ratio of the

probabilities: () = % € is a hyperparameter used to limit the update magnitude of network
old 15t

parameters. H(m,(-|s;)) is the entropy of the action space, which is used in the loss function to encourage
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DRL to explore the environment. A, is the advantage function.
L(\; = E{max[llv(p(sl) - Vtargel(sl)llz’ ||CliP(V¢(Sz), V¢,,1d(st) — €, Vd)n]d(sl) + 6) - ‘/mrger(s/)nz]} (17)

where the subscript ¢ represents the weight parameters of the Critic module, V.(s)=

T
E[ Z R(st’s Olz')V’L’]-
=t

5. Experiments
5.1. Simulation setup

We use the ROS [23]-based Gazebo [24] as the simulation platform. If any collision occurs among the
robots or if the maximum time cost (350 s) is exceeded, the simulation environment will be reset [25].
Success rate, travel time, and stuck rate are employed to assess the effectiveness of our method and
baselines. Success rate is the ratio of all robots in the scene reaching corresponding goals without any
collisions. Travel time refers to the cost of time in the simulation when all robots arrive at corresponding
goals [1], stuck rate is the ratio of any robot exceeding the maximum time cost when navigating to its
goal in one run. Collision rate = 1 — success rate — stuck rate.

We consider two kinds of scenes for comprehensive testing: circle scenes and random scenes. In
circle scenes, all robots are randomly and evenly distributed on a circle with a radius of 6 m, and the
goal of each robot is set in the opposite direction of the circle. In random scenes, the starting positions of
all robots are randomly sampled from a square area with a side length of 12 m and a minimum interval
of 1.5 m, and the goals are randomly selected from the starting positions of other robots to increase
interactions between them. In all test scenes, all methods are performed for 200 episodes for stable
results with various numbers of robots (from 10 to 30). Considering the involvement of nonlearning
methods, all learning-based methods are trained only on a circle scene with 10 robots. They are then
tested in all scenes directly without any parameter tuning or extra training. The computer we use to train
and test methods is a computer with an i7-8700 CPU and a GTX1070 GPU.

To validate the navigation performance of our method, we choose ORCA, VR-ORCA, SARL [22],
and RL-RVO as baselines in both circle and random scenes. In addition, two commonly used methods
for solving ORCA deadlock problems are also considered as baselines, one is random responsibility
(named ORCA-a) and the other is considering observation noise (named ORCA-N). The planning pro-
cess of ORCA-a is the same as ORCA, except that the reciprocal assumption is not used. For any one
of the robots around the target robot, a number uniformly sampled from the interval [0, 1] is used as
the collision avoidance responsibility of the target robot for that robot. However, due to the distributed
characteristic of ORCA that does not require communication, the sum of the responsibilities of any two
robots sampled for avoiding each other may be less than 1. The planning process of ORCA-N is also the
same as ORCA, but noise is added to the position and velocity information of other robots to break the
deadlock symmetry, where the position noise is obtained from the uniform distribution [ — 0.2 m, 0.2 m]
and the velocity noise is obtained from the uniform distribution [ — 0.3 m/s, 0.3 m/s]. To test whether
our simplification of ORCA can break the deadlock situation, we also consider an experimental scheme
for an ablation study called ORCA-nearest, which only uses the simplified ORCA proposed in Subsection
4.1 without using DRL.

5.2. Quantitative evaluation

The results in random scenes are summarized in Table II, and the results in circle scenes are summarized
in Table III. Among them, \” indicates that the method cannot calculate the metric because the success
rate is 0.

Generally, as the number of robots increases, the success rate decreases, whereas the travel time
increases [1]. The experimental results summarized in two tables also confirm this point. As the number
of robots increases, the success rate of all methods decreases to varying degrees. But compared to
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Table I1. Experiment results in random scenes.

Robot number 10 15 20 25 30
Success rate ORCA 0.89 0.89 0.49 0.46 0.15
ORCA-nearest 0.96 0.97 0.68 0.58 0.17
ORCA-a 0.96 0.97 0.65 0.32 0.06
ORCA-N 1.00 1.00 0.91 0.69 0.23
VR-ORCA 0.84 1.00 0.95 0.98 0.82
SARL 0.09 0.08 0.00 0.00 0.00
RL-RVO 0.90 0.83 0.67 0.48 0.26
Ours 1.00 0.99 0.97 0.90 0.82
Stuck rate ORCA 0.11 0.12 0.51 0.54 0.85
ORCA-nearest 0.00 0.00 0.00 0.00 0.00
ORCA-a 0.04 0.03 0.35 0.68 0.94
ORCA-N 0.00 0.00 0.09 0.30 0.77
VR-ORCA 0.12 0.00 0.00 0.00 0.18
SARL 0.00 0.02 0.00 0.00 0.00
RL-RVO 0.00 0.03 0.10 0.13 0.12
Ours 0.00 0.01 0.03 0.10 0.18
Travel time ORCA 32.42 44.64 67.74 89.49 125.77
ORCA-nearest 2391 3191 36.24 45.82 49.53
ORCA-a 37.40 63.97 97.91 132.69 152.06
ORCA-N 35.47 56.32 90.50 119.75 144.58
VR-ORCA 31.07 45.96 73.69 99.17 144.47
SARL 19.95 45.14 \ \ \
RL-RVO 41.54 48.67 57.87 65.43 75.32
Ours 27.44 34.75 45.62 55.06 78.90

baselines, our method has the lowest degree of reduction. We only train all methods in a circle scene
with 10 robots, but our method still has a relatively high navigation success rate and a low stuck rate in
the densest scene with 30 robots.

In random scenes where robots are randomly distributed, there are usually only a few cases where
robots are symmetrically distributed. Therefore, compared to strictly symmetrical circle scenes, the
ORCA method can also navigate robots to their goals. However, as the number of robots increases, the
frequency of symmetry in the scene also increases, and the problem of robot deadlocks becomes more
frequent, leading to a rapid decline in ORCA’s collision avoidance ability. ORCA-a adopts a random
collision avoidance responsibility scheme for multi-robot navigation, but cannot guarantee that the sum
of responsibilities for mutual collision avoidance between any two robots is 1, thus cannot guarantee
safety constraints. The collision avoidance responsibility not only affects the avoidance ability but also
affects the navigation velocity. From the experimental results, it is found that random collision avoidance
responsibility actually reduces the movement velocity due to unreasonable responsibility, resulting in
longer travel time, and even exceeding the time limit leading to stuck. Adding noise (ORCA-N) to the
observation state is more similar to deploying ORCA in real-world environments. Robots need to esti-
mate the states of other robots around them through onboard sensors, thereby introducing observation
noise. This type of noise can effectively break the deadlock situation caused by the symmetrical distribu-
tion of robots, but the introduction of noise makes ORCA unable to establish accurate collision avoidance
constraints and effectively ensure collision avoidance. Among the three original ORCA methods (ORCA,
ORCA-a, ORCA-N), ORCA-N is the most effective in solving deadlock problems and navigating suc-
cessfully. However, when there are more than 20 robots, the frequency of collisions between robots
is also the highest. Among all non-learning-based baselines, VR-ORCA calculates collision avoidance
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Table IIl1. Experiment results in circle scenes.

Robot number 10 15 20 25 30
Success rate ORCA 0.00 0.00 0.00 0.00 0.00
ORCA-nearest 0.28 0.00 0.00 0.00 0.00
ORCA-a 0.00 0.00 0.00 0.00 0.00
ORCA-N 0.86 1.00 0.00 0.00 0.00
VR-ORCA 1.00 1.00 0.92 0.90 0.00
SARL 1.00 1.00 1.00 0.56 0.38
RL-RVO 0.98 091 0.74 0.12 0.00
Ours 1.00 1.00 1.00 1.00 0.96
Stuck rate ORCA 1.00 1.00 1.00 1.00 1.00
ORCA-nearest 0.00 0.00 0.00 0.00 0.00
ORCA-a 1.00 1.00 1.00 1.00 1.00
ORCA-N 0.14 0.00 1.00 1.00 1.00
VR-ORCA 0.00 0.00 0.08 0.10 1.00
SARL 0.00 0.00 0.00 0.00 0.00
RL-RVO 0.00 0.00 0.00 0.11 0.30
Ours 0.00 0.00 0.00 0.00 0.04
Travel time ORCA \ \ \ \ \
ORCA-nearest 46.14 \ \ \ \
ORCA-a \ \ \ \ \
ORCA-N 90.93 81.03 \ \ \
VR-ORCA 41.66 58.11 286.70 307.95 \
SARL 41.98 52.41 71.93 92.63 111.51
RL-RVO 34.97 44.90 58.71 81.53 \
Ours 37.25 45.34 77.11 101.36 166.55

responsibility through gradient descent, which is more scientifically reasonable. It achieves the best col-
lision avoidance and navigation ability in random scenes with similar travel time consumption to ORCA
and effectively breaks the deadlock situation of robots. Compared to VR-ORCA, the three learning-
based methods, including our method, only show significant advantages in travel time. The main issue
is that learning-based methods only train in a circle scene containing 10 robots, while reinforcement
learning suffers from insufficient generalization, which can affect its performance in testing scenarios
different from the training scene. But even though they are affected, our method can achieve collision
avoidance and navigation capabilities similar to VR-ORCA.

In circle scenes, the situation of robot deadlocks is denser, and circle scenes can be understood to
some extent as the extreme case of random scenes with the same number of robots. In all robot quan-
tity settings, ORCA and ORCA-a are unable to achieve collision avoidance and are completely stuck
in deadlock states. In the circle scenes we set up, the goal of each robot is located on the other side of
the circle, and all robots gradually approach the center of the circle. The density of robots in the center
of the circle is extremely high, and it is difficult to effectively escape the deadlock state by only adjust-
ing collision avoidance responsibilities. The performance of VR-ORCA is also greatly affected. Due
to computational efficiency issues, VR-ORCA times out as it cannot escape the deadlock state within
the allotted time. Compared to non-learning-based methods, learning-based methods achieve collision
avoidance and deadlock-breaking capabilities. SARL and RL-RVO can navigate in this kind of symmet-
ric environment. However, as fully end-to-end reinforcement learning-based methods, their adaptability
to environmental changes is not good enough. When the number of robots is different from the train-
ing environment, the navigation performance of SARL and RL-RVO decreases significantly in terms
of the success rate. Before the number of robots is twice that of the training environment (20), both
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can still ensure a certain navigation performance. As the number of robots increases from 20 to 30, the
navigation performance decreases rapidly, replaced by an increase in collision rate. Our method com-
bines reinforcement learning and ORCA, while exploring the value and direction of collision avoidance
responsibility simultaneously. By retaining ORCA’s non-learning-based adaptability to different scenes
and combining it with the exploratory ability of reinforcement learning, our method achieves relatively
optimal performance.

Based on the experimental results in both random and circular scenarios, all methods can demon-
strate varying degrees of collision avoidance and navigation capabilities. Among them, VR-ORCA
even achieves relatively better performance in some cases. However, the performance of VR-ORCA
is not stable enough in different experiments. VR-ORCA mainly explores how to set collision avoidance
responsibilities for each robot more reasonably, without considering changes in avoidance direction.
Therefore, in symmetrical experimental scenarios, the performance of VR-ORCA has decreased sig-
nificantly. In contrast, our method performs stably and has relatively good collision avoidance and
navigation performance in both circular and random scenes, without exhibiting particularly poor
performance.

5.3. Ablation study

We conduct ablation experiments using only the collision avoidance constraint of ORCA, focusing on
the nearest robot introduced in Subsection 4.1, without incorporating the DRL approach discussed in
Subsection 4.2. The experimental results are also summarized in Tables II and III.

The experiment results are surprising, as ORCA-nearest performs better than ORCA. But
stuck_rate = 0 in ORCA-nearest means that the situation of navigation failure has changed from stuck in
the original ORCA to collision in ORCA-nearest. This indicates that retaining only the nearest avoidance
constraint does not meet the security guarantee, but it does break the deadlock caused by the symmetry
of collision avoidance constraints. Because the stuck_rate is 0. And it has some navigation ability, but
its navigation ability is poor when robots are dense. However, in our complete solution, we use DRL
to locally adjust the nearest collision avoidance constraint, which not only reduces the occurrence of
deadlocks but also effectively ensures the ability of collision avoidance navigation.

When there are multiple robots around, ORCA will generate a collision avoidance constraint for each
neighbor robot. These constraints will ultimately generate a collision avoidance velocity space, from
which the velocity that can reach the goal the fastest is selected as the robot’s navigation velocity. When
multiple robots exhibit a nearly symmetrical distribution, they may get stuck in place, leading to dead-
locks. When only one avoidance constraint is used, the symmetrical distribution of constraints will be
greatly reduced, effectively solving the deadlock problem. As for collision avoidance navigation, it can
be guaranteed by the use of DRL. Simplifying ORCA releases security constraints that can effectively
alleviate deadlocks, but cannot guarantee collision avoidance. Therefore, introducing DRL in the sim-
plified ORCA to balance deadlock and collision avoidance issues can effectively avoid deadlocks while
ensuring collision avoidance navigation.

When only considering the nearest collision avoidance constraint to plan the velocity, the robot can
generate a motion velocity that avoids the nearest robot, but it may cause the robot to approach other
robots around it. However, for any robot, the nearest neighbor robot is not fixed. As the robot moves, the
nearest neighbor robot keeps changing. If the robot currently avoids the nearest robot, but its movement
direction may approach another robot, the robot will move away from the nearest neighbor robot and
make the approaching robot the new nearest robot. Afterwards, the robot would avoid this new nearest
robot.

Even if there are multiple robots that are closest in space and we only consider one of them, as the
robot avoids the nearest one and moves away from it, it will break the situation where multiple robots
are closest at the same time, resulting in a situation where there is only one nearest robot. So, in the
process of retaining only the nearest collision avoidance constraint navigation, the robot will constantly
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move, causing the nearest robot to constantly change, and the constraint is constantly changing. For
the original ORCA, when multiple nearest robots appear simultaneously, the symmetry of constraints
will cause the robots to get stuck, and the position and other information between robots will no longer
undergo dynamic motion, resulting in the inability to change collision avoidance constraints and leading
to deadlock. When only retaining the nearest collision avoidance constraint, ORCA will be more likely
to plan the motion speed of the robot far away from this nearest one, thereby breaking the deadlock
problem caused by being at the same distance from multiple robots at the same time.

At present, the generalization ability of DRL itself is relatively limited, but the method used in this
manuscript seems to have better generalization ability. Based on our analysis and experimental results,
we believe that the improvement in generalization ability is due to the existence of the simplified ORCA.
It can be seen that using only simplified ORCA can achieve better navigation capabilities compared to the
original ORCA. Although the simplified ORCA does not guarantee sufficient collision avoidance capa-
bilities, it still retains the planning process of ORCA, mainly transforming the deadlock phenomenon of
the original ORCA into collisions. So, even if DRL is used to ensure collision avoidance and navigation
capabilities, it still has good generalization ability to the environment.

5.4. Qualitative analysis
Relaxing the maximum time limit, we obtain the trajectories of VR-ORCA, SARL, RL-RVO, and our
method in circle scenes with different numbers of robots as shown in Figure 6.

VR-ORCA achieves asymmetric collision avoidance constraints for symmetrically distributed robots
by dynamically adjusting collision avoidance responsibilities, thereby breaking the deadlock situation
when all robots approach the center of the scene. However, only adjusting the responsibility has a limited
impact on the direction of robot navigation. As the density of robots increases, the phenomenon of
robots piling up together becomes increasingly apparent. SARL achieves the simplest and smoothest
navigation trajectory, but based on the summary results of quantitative experiments, it can be found that
SARL has limited performance in multi-robot collision avoidance navigation. SARL can effectively
prevent deadlock problems, but as an end-to-end method, it lacks security constraints similar to ORCA,
which cannot guarantee collision avoidance. RL-RVO has similar issues. Although RL-RVO introduces
security constraints similar to ORCA by designing reward functions and state spaces based on RVO,
RVO also faces deadlock problems in symmetric scenes, resulting in RL-RVO being less effective than
SARL. In random scenarios where symmetrical robots are less common, the performance of RL-RVO
outperforms SARL when using RVO. Compared to VR-ORCA, the navigation trajectory of the method
proposed in this paper is quite similar, as both are improvements made for ORCA and inherit the motion
characteristics of ORCA to varying degrees. VR-ORCA becomes more chaotic and time-consuming as
the number of robots increases. As indicated by the dashed black boxes in the figure, the aggregation of
VR-ORCA is becoming increasingly evident, increasing the pressure on robots to avoid collisions, and
some robots need to spend extra time moving to the outside of the scene to avoid collisions. A similar
situation also occurs in RL-RVO. While aggregation also occurs in our method, the aggregation area
is larger, and the density is relatively lighter, giving robots more space to move and reducing collision
avoidance pressure for the robots.

5.5. Real-world collision avoidance

We conduct a real-world demonstration using four self-built differential-driven robots, as shown in
Figure 7(a). The maximum moving speed of each robot is 0.6 m/s, with a radius of 0.3 m, and the
number is the robot’s ID for easy differentiation between different robots. In the beginning, the robots
are manually placed and distributed symmetrically as much as possible, with each robot’s goal being the
starting position of the opposing robot. The starting positions of Robot 1 and Robot 3 are each other’s
goals, while the starting positions of Robot 2 and Robot 4 are each other’s goals.
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(a) VR-ORCA

Figure 6. Navigation trajectories of VR-ORCA, SARL, RL-RVO, and ours. The red circle represents
the goal position, other colored circles represent robots, and the curve with the same color as the circle
represents the robot’s trajectory. The dashed black boxes indicate some unreasonable behaviors, such
as occupying extra space to avoid collisions or aggregating (a) VR-ORCA, (b) SARL, (c¢) RL-RVO, (d)
ours.

When the robots meet (Figure 7(b)), Robot 1 moves from the right side of its perspective. On this
path, Robot 1 may collide with Robot 4, while Robot 4 detours from the left side of Robot 1 to avoid
collision with Robot 1. Robot 3 is behind Robot 4, and when Robot 4 moves from the right side of
Robot 1, Robot 3 also gradually moves forward behind Robot 4. During this process, Robot 2 almost
stops moving to prevent collisions. The goal of Robot 4 is located at the starting position of Robot 2.
From Figure 7(a) to (d), Robot 4 moves toward the starting position of Robot 1 as a whole to avoid
collisions and moves toward its goal when it is close to the starting position of Robot 1. In Figure 7(d),
Robot 4 is no longer in front of Robot 3, and Robot 3 can move smoothly to its goal. When robots 1,
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Figure 7. A real-world test: four self-built robots swapping positions.

3, and 4 leave the middle position of the area (Figure 7(e)), Robot 2 turns to the right and then moves
toward its goal (Figure 7(f)), and finally reaches the goal.

During the entire collision avoidance navigation process, Robot 1 generally navigates from the outside
of the area formed by the four robots to the destination. Robot 4 mainly passes through the center of the
area to avoid collision with Robot 1 and then turns to the destination. Robot 3 moves behind Robot 4 and
proceeds to its destination after Robot 4 yields the way. Meanwhile, Robot 2 remains nearly stationary,
waiting for the other three robots to depart before navigating to its destination. The four robots use the
same policy to navigate but make different movements according to the different states they face, and
finally reach their respective goals without collisions and deadlock.

6. Conclusion

In this paper, we focus on the deadlock problem faced by multiple robots during collision avoidance
navigation based on ORCA. We first analyze the causes of the deadlock problem from the perspective
of ORCA’s planning principles, then discover that simplifying ORCA’s planning process can break the
deadlock situation, and analyze its mechanism of action. By simplifying the planning process, ORCA
can control the robot to continuously navigate instead of getting stuck. We then combine the exploration
and global optimization capabilities of DRL with simplified ORCA to ensure collision avoidance and
navigation performance. Finally, multiple groups of experiments are conducted in circle scenes and
random scenes with different numbers of robots. The experimental results verify the effectiveness of the
proposed method in breaking the deadlock problem of ORCA and collision avoidance navigation.

The original ORCA can avoid static obstacles by assuming full avoidance responsibility, which we
have not yet considered, nor have we considered whether deadlock problems may occur when facing
static obstacles. We are currently only considering the situation where there are only robots in the envi-
ronment. Analyzing whether ORCA has deadlock issues in static scenarios and how to solve this problem
is an interesting part to help deploy ORCA in more complex and realistic scenarios.

Supplementary material. The supplementary material for this article can be found at https://doi.org/10.1017/
S026357472610349X.
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