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Abstract— Multi-robot navigation and dynamic obstacle
avoidance are challenging problems in robot learning. Recent
advancements in Deep Reinforcement Learning (DRL) have
demonstrated great potential in this area. Nonetheless, they
often face challenges related to low sample efficiency. To
overcome this challenge, some research proposes simulators that
incorporate hardware acceleration. Although these simulators
improve efficiency, they often lack the flexibility to generate
diverse learning scenarios as often needed in multi-robot sce-
narios, where the different environments have varying numbers
of agents.

In this paper, we introduce MuRoSim, a multi-robot simula-
tion for lidar-based navigation specifically designed for DRL
applications. Due to its high level of abstraction, complete
implementation in C++, and rigorous thread pool utilization,
MuRoSim achieves high computational performance. We apply
MuRoSim for training navigation policies for omnidirectional
mobile robots equipped with lidar sensors using DRL. Finally,
we conduct extensive Sim-to-Real experiments to confirm the
realism of the simulator, by deploying the learned policy for
dynamic navigation with up to six robots in numerous of real-
world experiments.

I. INTRODUCTION

In a warehouse filled with dynamic obstacles, it becomes
crucial for a robot to possess the ability to navigate freely.
The question arises: how can a robot achieve such au-
tonomous navigation? With the ever-changing environment
and numerous obstacles, the robot must possess advanced
perception capabilities and intelligent decision-making. By
constantly sensing its surroundings and analyzing the dy-
namic obstacles, the robot should adapt its navigation strate-
gies in time, ensuring efficient and collision-free movement
throughout the warehouse.

Recently, Deep Reinforcement Learning (DRL) has shown
significant promise in the field of navigation [10], [19].
However, it is important to note that DRL can be sample-
inefficient, requiring large amounts of data for training.
To address these challenges, several simulators have been
developed, some utilizing acceleration hardware to improve
efficiency [7], [17], though, simulating a high number of
parallel environments including perception-based sensors is
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Fig. 1: Visualization of the 2D simulation MuRoSim.

still computationally expensive and currently available sim-
ulators have limitations in effectively representing multi-
robot scenarios with varying numbers of actors in each
environment.

An alternative approach to using these simulators involves
abstracting the problem to an 2D space and instead of using
complex physics engines, only representing the problem by
its kinematic properties. In order to further leverage the 2D
space, this approach can also be applied to the collision
model. Calculating collisions with abstract shapes, such
as lines and circles, rather than using an occupancy map,
significantly reduces the computational complexity. It also
allows high collision model parallelization. In summary, this
simplifies the learning problem and allows for accelerated
convergence during the training process.

This paper introduces a 2D simulator, Multi-Robot Sim-
ulation (MuRoSim) depicted in Fig. 1, that embodies all
the previously mentioned principles. Our work involves
designing an efficient simulation by simplifying the com-
plexity in 2D space and employing a thread pool for the
concurrent processing of multiple environments with varying
numbers of mobile robots. Additionally, we implement a
fast collision detection model by utilizing Single-Instruction-
Multiple-Data (SIMD) intrinsics for optimization. We have

Syst t the Fraunhof Institute i Material ~ Fl d . .
Li;esrt?css a(IML;c ]ga;lr?m(;s; néérumzny. o Corrisi)r(;?lding Owautﬁgr: also demonstrated the feasibility of our simulator, MuRoSim,
christian. jestel@iml.fraunhofer.de by training a lidar-based navigation policy for an omnidirec-
979-8-3503-8457-4/24/$31.00 ©2024 IEEE 16881



tional robot. This policy has been successfully applied in
real-world scenarios, allowing the robot to navigate through
challenging environments. These achievements underscore
the effectiveness and practicality of our approach. In sum-
mary, the contributions of this paper are:

1) MuRoSim, a fast and efficient 2D simulation for lidar-
based navigation, specifically designed for multi-robot
DRL. MuRoSim will be released as open-source under
https://github.com/iml1130/MuRoSim.

2) An application of MuRoSim for training navigation
policies for an omnidirectional mobile robot equipped
with lidar sensors based on DRL methods.

3) Extensive Sim-to-Real experiments with up to six robots
to evaluate the effectiveness of navigation policies
trained in MuRoSim for various driving scenarios.

The paper is structured as follows: Section II provides
an overview of related work and Section III introduces
MuRoSim. Following up, Section IV outlines the process
of training the DRL policy, while Section V discusses
the extensive Sim-to-Real experiments. Lastly, Section VI
concludes with an outlook on future research aspects.

II. RELATED WORK

In this section, we provide an overview of different simu-
lators used in the context of DRL as well as perception-based
and multi-robot navigation. A survey on DRL for navigation
of various mobile robot platforms is provided by [25].

A. Simulators for DRL

Simulation-based training is an important part of DRL as
it allows for accelerated training and enables agents to learn
complex tasks through trial and error without causing dam-
age to a real system during training [5]. Gazebo [13] is a very
popular 3D simulator that is frequently used in conjunction
with ROS [16]. Zamora et al. [24] have developed a gym-
like environment for Gazebo ROS, specifically designed for
navigation tasks using a turtlebot. It is worth mentioning
MuJoCo [23], which is commonly used for manipulation
and locomotion tasks. For urban driving and navigation,
the 3D simulator CARLA [3] is highly popular. Another
approach is to leverage GPU for highly parallel simulations,
as demonstrated by ISAAC Gym [17] and Brax [7], which
enables GPU-to-GPU DRL training. In addition to the 3D
simulators mentioned earlier, it is worth noting that Stage [2]
is a 2D simulator specifically designed for mobile robot
navigation. In comparison, our approach directly targets
lidar-based navigation for DRL and eliminates the need for
a complex physics engine. We optimize the computationally
intensive collision calculations and provide an easy-to-use
integration with deep learning frameworks.

B. Obstacle Avoidance with DRL

Vision-based obstacle avoidance using DRL has made sig-
nificant advancements. Quadruped robots have demonstrated
the ability to navigate various terrains successfully [10],
[11], [19]. In the drone domain, fast and agile maneuvers
are crucial for safe navigation as collisions can be fatal.

Recent studies [15], [18] have shown that their approaches
are effective in densely occupied obstacle scenarios, such
as flying through forests. Other works, such as [8], [9],
[22] deploys vision-based obstacle avoidance and navigation
algorithms for wheeled robots. In contrast to these lines
of work, our DRL experiments illustrate the capability of
MuRoSim and specifically targets lidar-based obstacle avoid-
ance for omnidirectional robots. These robots offer greater
flexibility in movement, which also increases the potential
for collisions. Therefore, we aim to deploy effective robot
modeling and DRL techniques, allowing these robots to
move flexibly without increasing the risk of collisions.

C. Multi-Robot Navigation with DRL

In the multi-robot navigation setting, coordination among
multiple robots is necessary to resolve conflicts in narrow
areas and intersections. This coordination can be achieved
either through a central system [20] or through decentralized
methods where the robots organize themselves. In some
cases, a central motion capture system can be used for fast
pose estimation when employing decentralized navigation
systems [1]. Other approaches rely on communication be-
tween robots. In the approach of [14] robots can operate
in groups as long as they maintain their communication
radius [14]. The work closest to ours is presented by [6].
Their approach involves combining classic control methods
with DRL techniques in a hybrid control system for collision
avoidance. In comparison, we are using a pure end-to-
end DRL approach on an omnidirectional-driving mobile
robotic platform and train the policy on a diverse set of
environments.

III. MUROSIM

In this section, we introduce the multi-robot simula-
tion MuRoSim and provide an overview of its underlying
software architecture, adopted optimization techniques, and
differences to other simulators.

A. Motivation

The development of MuRoSim is motivated by the need
of a fast, efficient, and easy-to-use simulation for navigation
via DRL. Robotic simulations like Gazebo [13] use client-
server architecture for interaction, which makes accessibility
and synchronization more challenging. ISAAC Gym [17] is
designed for highly parallel DRL for robotics by utilizing
the GPU. However, while ISAAC Gym requires a powerful
GPU, MuRoSim can also be used on resource-constrained
embedded systems like an NVIDIA Jetson Board, allowing
the GPU memory to be fully utilized for training.

B. Software Architecture

Building upon previous work [12], MuRoSim is a 2D
simulation that uses shapes such as lines and circles for the
structure of the world and the robots. The core of MuRoSim
is implemented in C++, and the accessibility to the deep
learning frameworks is achieved through Python bindings.

One MuRoSim simulation instance consists of a world that
defines the static structure of the environment (see Fig. 2).
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Fig. 2: Visualization of the MuRoSim software architecture: On the left side is the structure of a MuRoSim simulation
instance, which includes the world with two different robots. On the right side is the thread pool that distributes the
MuRoSim instances across the threads by retrieving them from a queue.

Each world contains a set of predefined nodes represented
as circles, which serve as potential starting points and goals
for the robots. The nodes are also used to generate a grid
map of the world that describes the free space, using a flood-
fill algorithm that originates from the nodes’ locations. The
free space is utilized to generate random nodes during the
training phase to enhance generalization. Thus, the grid map
is not employed for collision detection purposes.

Furthermore, a MuRoSim simulation instance can include
multiple types of robots. The actuator class determines
the movement of each robot and encapsulates the physical
properties of the actual robot, such as differential or omni-
directional drive. Additionally, each robot is designed with
a two-layered shape: the overall robot shape as the collision
body, and the lidar shape for lidar collision detection. This
design choice was made because lidar sensors often fail to
detect the entire shape of the robot owing to their placement.
Finally, a robot can be outfitted with various lidars, each with
different properties.

C. MuRoSim’s Performance

One of the computationally intensive tasks in simulations
is collision detection between objects, such as the laser
rays of the lidar and other entities. The collision detection
is a brute-force method that can be efficiently parallelized
by using SIMD instructions and adopting the Structure of
Arrays (SoA) memory layout, eliminating the need for data
shuffling. For the x86 architecture, the Streaming SIMD
Extensions (SSE) and Advanced Vector Extensions (AVX)
instruction sets are implemented, while the NEON instruc-
tion set is implemented for the ARM architecture. This
makes the use of MuRoSim particularly interesting for DRL
on embedded systems such as the NVIDIA Jetson series. We
also provide a thread pool that takes a batch of MuRoSim
simulation instances and distributes them via a queue to
multiple threads to execute the step and reset function of the
environments simultaneously (see Fig. 2). The thread pool
is implemented in C++ and, being accessible via Python
bindings, is therefore independent of the Python Global
Interpreter Lock (GIL). We evaluated the optimization on an
Intel Core i9-12900H and an NVIDIA Jetson Xavier NX with
a set of three different world sizes, each multiplied by 500
(see Table I). Overall, we found that utilizing these SIMD
instructions, in comparison to the scalar method, leads to a

TABLE I: Simulation steps per second for a set of three
different world sizes with SIMD optimization and thread
pool utilization for two different hardware platforms.

Intel Core i9-12900H || NVIDIA Jetson Xavier NX
Threads | Scalar | SSE | AVX || Threads | Scalar | NEON

1 207.2 | 707.2 | 1023.4 1 45.0 217.2
2 384.1 | 1334.8 | 1887.8 2 90.2 437.5
4 711.7 | 2453.3 | 3502.2 4 183.6 861.2
8 1109.9 | 3935.8 | 5416.5 5 216.8 | 1039.6
16 1351.0 | 5176.0 | 7029.4 6 2509 | 11549

speedup factor of up to 5x in the overall simulation steps per
second, depending on the CPU architecture.

IV. DEEP REINFORCEMENT LEARNING

In this section, we present an application of MuRoSim
for learning-based multi-robot navigation and provide details
about the learning environment, the neural network architec-
ture, and the overall training setup.

A. Learning Environment

The multi-robot navigation problem involves navigating
omnidirectionally driven robots in a planar environment
towards a goal position. This problem can be formulated as a
partially observable Markov decision process (POMDP). In
this context, each environment consists of N robots, where
each robot is treated as an independent decision-making
agent with no knowledge of the states of other robots.

The environment is modeled as a world in MuRoSim,
where the DJI RoboMaster’s collision shape is a rectangle.
For the lidar collision, the lidar itself is modeled as a circle,
and the computing unit housing is represented by a smaller
rectangle. An episode starts with a random starting pose for
the agent and a random goal. It ends immediately for an agent
if a collision occurs or if the goal is reached. Additionally,
an episode ends for all agents if the maximum number of
steps per episode is reached.

An agent is considered to have reached the goal when it
is within the goal’s radius and remains there for a specified
time period. This requirement is intended to encourage the
agent to decelerate upon approaching the goal, preventing
the potential for wheel slippage that could cause a physical
robot to overshoot the goal after Sim-to-Real transfer.
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TABLE II: Hyperparameters for the reward scaling, the learning algorithm, and MuRoSim’s learning environment.

MuRoSim I Reward || Proximal Policy Optimization (PPO)
Steps per episode 256 Oelta_pos 0.05 Olaser_neg -0.003 Horizon 256
Frequency 10Hz @felta_neg -0.001 (Maser_threshold 0.5 Mini-batch size 4096
Goal radius 0.25m Waction_rate -0.005 @reached_goal 3.0 Clip range 0.2
Time on goal 1.0s @on_goal 0.2 Wcollision_world -1.5 Discount factor y 0.99
World bias scale [1.0,1.5] Oforward_driving 0.02 Ocollision_robot -2.0 GAE discount factor A 0.95

Learning rate o 0.0003

B. Observation Space

The observations of the agent are split into perceptual and
positional observations. A perceptual observation, denoted as
Oper, 18 obtained from a single laser scan of the lidar sensor.
Each laser scan includes 1200 distance measurements with a
270-degree field of view. Furthermore, the information about
the target goal is relevant for navigation, which is defined
as positional observation op0s and consists of the following
components:

o orientation to the goal (0g): It is described as a unit
vector pointing to the goal expressed in the robot’s
coordinate system.

e distance to the goal (04): This represents the Euclidean
distance between the robot’s pose and the goal’s pose.

e velocities (0,): These include the robot’s linear x veloc-
ity, linear y velocity, and angular velocity.

To enable the agent to perceive its own motion as well
as the motion of other agents, we utilize frame stacking by
considering the three most recent observations. Furthermore
the distance-based observations (o4, 0per) are normalized by
the maximum range of the lidar sensor, which is limited to
30 m.

C. Action Space

The agent’s action space is continuous and consists of
linear x, linear y, and angular command velocities. Despite
the lidar sensor’s perceptual blind spot, we have restricted
the robot’s ability to drive backward by setting the range
for the linear x command velocity to [-0.5, 2.5]m/s. The
small restriction for negative linear x velocity is intentional
to allow the robot to maneuver linearly while rotating. The
linear y command velocity range is set to [-1.0, 1.0] m/s, and
the angular command velocity range is set to [-2.0, 2.0] rad/s.
The agent’s actions are sampled from a Gaussian distribution
with a variable standard deviation, using the mean as the
sampled value.

D. Reward Formulation

The reward function is applied to each robot independently
at every time step. Each term is scaled linearly depending on
the severity of the action, e.g. the faster the agent approaches
the goal, the more reward it gets. The final reward is a
weighted sum of the following components (see Table II for
scaling details):

e delta distance to goal: The agent receives a positive
reward rgelta_pos When the delta of the Euclidean distance

between the robot pose and the goal pose gets smaller;
otherwise, the reward is negative reita neg-

e action rate: This limits the agent from making large
changes in actions. The agent receives a penalty
Faction_rate When the selected action significantly differs
from the subsequent possible velocities.

e on goal: The agent receives a positive reward when the
agent is within the goal’s radius ron_goal-

e forward driving: The agent is rewarded with
Tforward_driving When it maintains a high linear x
velocity and a low linear y velocity, discouraging
diagonal driving for increased speed.

o minimum laser distance: The agent receives a penalty
Taser.neg> When the shortest measured laser distance is
under a given threshold riser_threshold-

e episode ending: Upon successfully staying within the
goal radius until the time expires, the agent is awarded
a positive sparse reward Freached_goal- Additionally, the
agent incurs a penalty for collisions with the environ-
ment Feollision_world OT With another robot reonision_robot-

E. Neural Network Architecture

As shown in Fig. 3, the neural network uses two inputs,
one is the perceptual observation ope; and the other is
the positional observation opes. The perceptual observation
is passed through a 1D Min Pooling layer with a kernel
size of 5, two IMPALA Blocks, and one MLP layer with
256 units. On the other hand, the positional observation is
connected to one MLP layer with 96 units. One IMPALA
block consists of one convolutional layer followed by a 1D
Max Pooling layer and two residual blocks. It has a similar
structure to the one shown in [4]. The convolution layer in
the IMPALA block has the following configuration (from the
first to the second layer): filters [24,16], kernel size [7,5],
stride [4,3], and padding [0,0]. After that, both observation
outputs are concatenated and passed to the last MLP layer
with 256 neurons. The rectified linear unit is used as the

Opos
—

0
per 3 IMPALA IMPALA
’{MIDPOOlIdH Block Block

Action
—

Res Res
Jd Convld HMaxPoolldH Blockld H Blockld H’

Fig. 3: Neural network architecture with the perceptual (0per)
and positional (opos) observation as input and the action as
output. Each each color represents a different layer type.
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activation function for all layers. For our approach we
decided to use the gradient policy actor-critic algorithm,
Proximal Policy Optimization (PPO) [21]. Furthermore, we
use separated networks for the actor and the critic. The
actor’s action output is the three command speeds with the
tanh as the activation function, and the critic has a single
value output with no activation function.

F. Policy Training

For the training, we choose a set of 37 different worlds, a
small selection is shown in Fig. 4. Each world is duplicated
five times with an additional bias scale as domain random-
ization. Overall 185 worlds with 790 robots are used for
the training. During the training, the data of the agents are
collected into a buffer until the episode of an agent ends or
the horizon is reached. The training data is then shuffled into
mini-batches and the policy is updated via PPO. As there are
multiple agents in a single environment, the batch varies per
PPO cycle. During the optimization process, the generated
training data by each agent is used to train a single policy that
is distributed to all agents. For every millionth update, the
policy is evaluated in the training world set without Gaussian
distribution of the action. After 220 million update steps, the
policy reached a success rate of over 99%, where the success
rate defines that the agent reached the goal in one episode.
The hyperparameters for the training are listed in Table II.

V. REAL-WORLD EXPERIMENTS

In this section, we present the Sim-to-Real transfer of
the trained navigation policy from MuRoSim. We begin
by introducing the experimental setup, followed by various
multi-robot and special case experiments.

A. Experimental Setup

Our target platform is an omnidirectional-driving robot
with high accelerations, and thus we chose the DJI RoboMas-
ter EP (see Fig. 5). It is equipped with Mecanum wheels and
can achieve a linear velocity of over 5 m/s when driving for-
ward. To deploy our algorithms on the system, we connected
an Nvidia Jetson NX Xavier directly to the motor controller
using the CAN-Bus protocol. For perception, we used an
RPLIDAR S2 with a 270-degree field of view, operating
at 10Hz and with a maximum range of 30 m. Additionally,
the DJI RoboMaster is equipped with an Intel RealSense
D455, although it was not utilized in the experiments.

For the real-world experiments, the velocity information is
obtained from the robot’s odometry, while a Vicon motion-
capturing system is utilized to estimate the robot’s pose.

0o :;;P:.
H ¢ ;OO s

Fig. 4: Examples of various worlds present in MuRoSim as
part of the training set for learning multi-robot navigation.

s

-

- Intel Real
oo Sense
wen m ‘ C
AY : e
h R R

Fig. 5: The extended DJI RoboMaster experimental platform.

TABLE III: Multi-robot performance in terms of success rate
and number of collisions with static and dynamic obstacles.

S . Number of | Number of S Rat
“enarto Robots Collision uccess Rate
Swap 4 2 90 %
Intersection 4 1 95 %

Random 6 0 100 %

This motion-capturing system eliminates the localization
problem and is beneficial in multi-robot scenarios. We ac-
cess all hardware components using the Robot Operating
System 2 (ROS2) framework [16]. The navigation policy’s
inference model is executed with TensorRT and is triggered
after the completion of each laser scan. However, despite
using the Vicon system for the experiments, the trained
navigation policy is capable of guiding the robot to a relative
goal using only odometry.

In previous experiments, navigation policies were success-
fully trained using MuRoSim for various robot platforms,
including the industrial mobile robot ShuttleMove from
Fraunhofer IML, the RB-1 BASE from Robotnik, and a
swarm of TurtleBot 2s. In the present work, the focus is
specifically on robots with omnidirectional drive systems,
in contrast to the differentially driven platforms mentioned
above.

B. Multi-Robot Experiments

We evaluate the trained navigation policy in three real-
world multi-robot scenarios: position swap, narrow inter-
sections, and randomly distributed obstacles (see Fig. 6).
In the position swap scenario, two robots navigate through
a narrow corridor to exchange positions. In the narrow
intersection scenario, each robot is assigned a goal on the
opposite side of the crossing. Finally, in the scenario with
randomly distributed obstacles, various objects are placed in
the environment, with the robots’ goals consistently located
near the periphery.

Each scenario was evaluated a total of five times, and
the results are presented in Table III. Unlike in MuRoSim,
where an episode terminates immediately after a collision
occurs, in these real-world experiments, the robots are able
to continue navigating. In all three scenarios, the policy
successfully guided the robots to their goals; however, some
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Fig. 7: Special case experiments (from left to right): bottleneck transition, dynamic obstacle avoidance, human interaction,

and dead-end recovery.

collisions were recorded. Collisions are not counted as suc-
cessful episodes. Specifically, in the position swap scenario,
two robots collided with the walls while trying to avoid
an oncoming robot. In the intersection scenario, one robot
displaced the other, resulting in a collision at the border.
In the randomly distributed obstacles scenario, no collisions
were reported due to the ample space available.

C. Special Case Experiments

We also evaluate the behavior of the navigation policy
across four unique scenarios: bottleneck transition, dynamic
obstacle avoidance, human interaction, and dead-end recov-
ery (see Fig. 7).

In the bottleneck scenario, the behavior of two robots
needing to swap positions through a narrow bottleneck is an-
alyzed. Observations indicate that one robot proceeds directly
through the bottleneck, while the other temporarily yields
and gets displaced. Subsequently, sufficient space becomes
available for both robots to pass each other and proceed
through the bottleneck.

Next, the evasion capabilities of the navigation policy are
tested in a corridor scenario where the robot must dodge
rolling balls as it passes through. In one trial, the robot
successfully avoids all rolling balls provided they are not
moving too quickly. The policy employs a combination of
linear y velocity and angular velocity for lateral evasion.
However, due to the forward driving reward function, the
use of linear y velocity is minimized.

In analyzing the policy’s interaction with humans in a
corridor, we observed that when humans briefly attempt
to block the robot’s path, the policy adapts by altering its
course to navigate around the person. However, it was found
that there exists a threshold gap width below which the
policy struggles to proceed, even when sufficient space is

ostensibly available. This phenomenon can be explained by
the penalization associated with the minimum lidar distance
reward.

Lastly, the navigation policy’s ability to recover in dead-
end situations is evaluated. In this scenario, a robot begins
at a fork, tasked with reaching a goal located on the right
side, which is a dead end. The robot initially chooses
to drive towards the dead end but is able to correct its
course. Concurrently, another robot coming from the left
side forces the first robot further into the dead end. Despite
this, the first robot successfully recovers and navigates to
the left, ultimately reaching its goal. The navigation policy
demonstrates the ability to recover from smaller dead ends
within the limited 0.3 s observation period.

VI. CONCLUSIONS AND FUTURE WORK

In this paper, we present MuRoSim, a fast and efficient
2D simulation designed for lidar-based multi-robot naviga-
tion. The simulation in combination with off-the-shelf DRL
methods is applicable to a variety of robotic systems. To
show its effectiveness, we have implemented a DRL pipeline
and integrated it with MuRoSim for the omnidirectional-
driven DJI Robomaster EP. Through various real-world ex-
periments, we have demonstrated the zero-shot Sim-to-Real
transfer of the trained navigation policy, proving the realism
of the MuRoSim simulator for DRL applications.

As part of future work, we are planning to further im-
prove the performance and realism of the simulator, e.g., by
incorporating more realistic lidar models that also respect
the corresponding motions of the robots. Moreover, we
are planning to apply MuRoSim to even more complex
robotic tasks. For instance, by also incorporating inter-robot
communication in the training task, the robots could share
for instance intentional movements for learning cooperative
behaviors.
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