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Virtually simulated environments are often used to test
software or train neural networks for robotics. Most robotics
simulators were created to support development, and there-
fore focus on realistic simulation of sensors and dynamics.
However, machine learning demands high simulation speed,
as training of a successful policy requires to simulate ex-
tended periods of time. We present Voxels, an open-source
robotic simulator that favours speed over physical or visual
realism, and rapid, rather than complex, generation of the
environment.

When a new method for autonomous mobile robotics is
being developed, its transition from idea to implementation
on a robotic platform is difficult to execute incrementally and
effectively. Proper training and validation require repetitive
testing, evaluation, and debugging in relevant environments
and conditions. Such testing demands extensive logistical
support, exacerbated by hardware attrition. Furthermore,
ground-truthing and benchmarking the robot’s behavior re-
quires external infrastructure. Even with all logistics support
available it is still problematic to identify the root cause of
the robot behaving in an unexpected manner.

Implementing and validating any method first in a sim-
ulation alleviates most of these problems and eliminates
hardware and logistical issues. Modern frameworks, such as
ROS(2), make the process easier by interfacing the method’s
inputs and outputs with a suitable simulator. Virtual environ-
ments can be generated to fit the needs of a test, adjusted
at will, and fetched at a moment’s notice. A simulator
offers ground truth for free, while allowing to set sensor
fidelity. This, combined with tailored environments, boosts
the development efficiency.

Contemporary simulators were designed primarily to allow
iterative manual development of robotic methods. However,
as most nowadays methods are developed through machine
learning, the number of simulation trials is much higher
than in manual development. This creates a strong demand
for simulation efficiency [1]. The demand is particularly
high in the case of reinforcement learning, where training
a robotic method can require time equivalent to weeks,
months, or even years of real time. Furthermore, machine
learning requires a high diversity of input data [2], creating a
need for easily reconfigurable or even procedurally-generated
simulation environments. These factors can be more crucial
than simulation fidelity [3].

Engines like Unity [4], Unreal [5], or OAISYS [6], and
robotic simulators such as Gazebo [7] offer high-fidelity
sensor simulation but lack the efficiency required for rapid
training of machine learning models. Simulators suited for
reinforcement learning, like AI Habitat [8], Robothor [9]

Fig. 1. Top left: View from a 3rd player view. The red cube is the simulated
robot. Bottom left: View from the simulated robot’s front-facing camera.
Top right: Input 64 x 64 pixel image, based on which the environment
was generated. Red pixels are bricks, blue are buildings, pink are trees, and
green are bushes. Bottom right: Texture atlas—source for images that are
pasted on voxels in the simulation.

Source images for textures are courtesy of: wikimedia: tree, grass (for
ground); unsplash: bricks; pngtree: bush; pinimg: building.

or iGibson [10], [11], are tailored for small-scale indoor
environments.

We built a new simulator *Voxels’, which favours speed
and variety over visual or physical realism. The simulation
world is made up of voxels, which are procedurally gen-
erated from a 2D input image by mapping pixels’ colours
and positions to types and positions of voxel clusters, see
Figure 1. As the main user input to the simulator is a
2D image describing the spatial layout of the simulated
world, the user can quickly generate a sufficiently diverse
set of environments, thereby supporting the robustness of
machine-learned methods. All voxels in one cluster have the
same dimensions and visual appearance. The texture they
are covered with is picked from a texture atlas, see Figure 1,
which can be expanded. The ground and the far background
are rendered as a large pasted texture. Movement of the robot
is planar and simulated kinematically. It is rendered as a
single red cube and is controllable entirely through ROS(2)
topics, from which it receives inputs and to which it outputs
sensor data. Additional control is possible through arrow
keys. Further keys allow teleporting the robot to a given
position and switching between 1st and 3rd person views.

As the simulator does not take into account robot dynam-
ics, and the robot body is a cube, it is not suitable for the
development of control algorithms. It is intended for testing
or training autonomous high-level navigation strategies, with
an emphasis on speed and capability to quickly generate
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Fig. 2. A diagram illustrating the architecture of Voxels simulation.
Core Voxels calculates everything regarding the simulation environment.
ROS Voxels acts as an interface between the simulation and the tested
software. Master Main acts as a bridge between Core Voxels and ROS Voxels.

scenarios and environments.

Voxels is implemented in C++ with a ROS(2) interface.
For rendering and additional features, it relies on the open-
source raylib library [12], which is implemented in C. The
architecture of our code is such that allows adding interfaces
to be used with the same underlying simulator. As seen in
Figure 2, the codebase is divided into 3 parts: Core Voxels,
ROS Voxels and Master Main.

Core Voxels handles the logic and rendering of the simu-
lation environment in its entirety. It processes an input Action
struct and returns an output Observation struct. ROS Voxels
publishes Observation data to ROS(2) topics and builds
Action from subscribed data. Master Main acts as a bridge
between Core Voxels and ROS Voxels. It launches 2 threads in
which each Core and ROS run independently of each other,
so that iterating the simulation step and ROS(2) spin do not
block each other.

Currently implemented sensors are: odometry, colour cam-
era, and lidar. Each is published on its own ROS(2) topic.
The robot in the simulation can be controlled through a
ROS(2) topic by velocity commands. Additionally, a ROS(2)
tf2 transform is available.

Input, struct Action, contains only velocity commands.
Output, struct Observation, currently contains velocity com-
mands, position and orientation, front camera image, and
lidar 2D scan.

For future work, the separation of the simulation’s code-
base allows us to create a reinforcement learning interface,
which will act in place of the ROS(2) interface, with making
minimum changes to the underlying simulation. The interface
will include synchronization of the simulation steps with
the learning steps, and the ability to run multiple simulation
instances in parallel to reduce training time.

We have built a voxel-style simulation for the development
of high-level navigation strategies. The entire testbed envi-
ronment in which the robot moves is composed of voxels
of varying visual textures. From our research into existing
simulations, we have concluded that there lacks a low-
fidelity, easy-to-use software aimed at testing navigation and
decision-making algorithms in all indoor, outdoor, structured,

and unstructured environments. Our framework is focused
on simulating environments and conditions for testing, with
favouring variety and speed over visual or physical realism.

The simulation is used for the development of a visual
teach and repeat method [13]. At AMD Ryzen 7 PRO
with 8 cores and Radeon RX Vega 7 integrated graphics
without the use of any GPU, the simulation can generate up
to a 120 camera frames per second of a simulated world
containing: a sky dome of 500 units (simulation meters)
in radius, 500 x 500 units of grass plane as the ground
and 64 x 64 units of procedurally-generated environment,
as displayed in Figure 1. Extended documentation of Voxels
is provided at our GitHub [14].
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