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Abstract

Reinforcement Learning (RL) has shown significant promise
in developing autonomous navigation algorithms for complex
environments. However, the direct application of RL policies
trained in simulation to real-world scenarios often faces chal-
lenges due to the reality gap. This paper proposes a two-stage
system incorporating a segmentation strategy and a bird’s-
eye-view (BEV) representation to mitigate the domain gap
between simulation and reality. In the first stage, the seg-
mentation transforms sensor data into a simplified and in-
terpretable representation of the surrounding area, facilitat-
ing transferability across different deployments. In the sec-
ond stage, the agent navigates through the BEV map, which
can be trained using a vectorized simulation environment—a
setup that runs multiple parallel instances of the environment
to provide a wide range of training scenarios. This vector-
ization enables rapid exposure to varied environmental con-
ditions, thereby accelerating and diversifying the training of
a deep RL agent to achieve optimal navigation behaviours
while maintaining high-speed, in-bound trajectories. The seg-
mentation is crucial because it supports generalization of the
learned policy across different robotic platforms. The contri-
bution of this paper lies in combining real-time semantic seg-
mentation with a bird’s-eye-view navigation policy, resulting
in a transferable and scalable framework for real-world de-
ployment of RL-based navigation agents. Experimental re-
sults demonstrate that agents trained with this methodology
exhibit robust navigation performance and adaptability in
both simulated and real-world environments, validating the
efficacy of combining vectorized simulation with real-world
segmentation for practical robotic navigation.

Code — https://github.com/furkanyondemm/
DomainIndependentNavigation

Introduction
The potential of autonomous navigation systems is limited
by the significant challenge of ensuring their safety, reliabil-
ity and interpretability in complex real-world environments.
When operating in close proximity to humans, it is crucial
that autonomous systems’ decision-making processes are
safe and trustworthy (Kuznietsov et al. 2024). While tradi-
tional navigation methods have been successful in structured
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settings, they often struggle with the unpredictability and dy-
namic nature of unstructured human environments, resulting
in brittle, non-generalisable solutions. Reinforcement learn-
ing (RL) presents an alternative approach, whereby agents
learn optimal behaviours through interaction with an envi-
ronment.

In the field of vision-based robotic grasping, it is well
known that there is a significant gap between simulation and
reality for reinforcement-trained agents. The costs, time and
safety risks involved with training in the real world mean
that simulation is a necessary step (Rao et al. 2020). The gap
is closing, with simulations and adaptations becoming even
more realistic during training, enabling learned agents to be
deployed directly into the real world (Zhao, Queralta, and
Westerlund 2020). This paper addresses the gap by present-
ing a feature extraction method that is domain-dependent but
provides an interpretable intermediate state. The control pol-
icy is trained using a simplified semantic representation of
the environment, creating a highly effective and easily trans-
ferable policy.

This research addresses the critical need for a scalable,
robust method of transferring information from simulation
to reality. Our proposed solution uses a real-time segmen-
tation algorithm to transform raw sensor data into a struc-
tured bird’s-eye view representation, effectively creating
a domain-independent state space. This enables an agent,
which has been trained using a deep reinforcement learn-
ing algorithm in a highly efficient vectorized environment,
to be deployed directly onto a physical robot. The resulting
system is designed to be efficient in training and transparent
in decision-making.

The remainder of this paper is structured as follows. First,
we detail the architecture of our system, explaining the vec-
torized simulation environment, the segmentation pipeline
for the mediated state representation and how we train our
control network. Next, we provide a thorough evaluation of
the performance of the learned navigation policies in a vari-
ety of simulated environments and on a 1:10 scale physical
vehicle. Finally, we discuss the implications of our findings
and outline directions for future work.

Related Work
Robots can calculate the best route through an environment
using a general forward search like the Dijkstra’s algorithm

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

40416



or A* algorithm (LaValle 2006, p. 36). During the explo-
ration of unknown environments, the simultaneous localiza-
tion and mapping (SLAM) algorithm helps us to understand
our surroundings(LaValle 2006, p. 656). Galvis et al. pro-
pose a navigation framework that segments camera input
into cost maps. These cost maps can then be used to cal-
culate the best path for a robot (Galvis et al. 2023). In 2016,
a team from NVIDIA demonstrated how a car could be con-
trolled using raw sensor input. The trained network uses a
convolutional neural network (CNN) to extract important in-
formation from cameras and fully connected layers to pro-
vide vehicle control. It can therefore provide vehicle control
from three camera feeds (Bojarski et al. 2016).

Reinforcement Learning for Autonomous
Navigation
It has been demonstrated that reinforcement learning can
be used to train an agent using sensor data as the input
and steering and throttle control as the output. For exam-
ple, Toromanoff et al. demonstrate the navigation of an ur-
ban environment with RL, achieving successful lane keeping
and vehicle avoidance (Toromanoff, Wirbel, and Moutarde
2019). End-to-end driving capabilities have also been suc-
cessfully implemented in racing on different tracks (Jaritz
et al. 2018). Recent studies have shown that control algo-
rithms trained using reinforcement learning outperform both
model predictive control and human performance (Czech-
manowski et al. 2025).

Simulations With Real-World Examples
A simulator for researching autonomous driving in urban
environments is available with CARLA (Dosovitskiy et al.
2017). Thanks to the Unreal Engine, sensor renderings, re-
alistic physics and basic non-player characters (NPCs) are
possible (Dosovitskiy et al. 2017). The Duckietown plat-
form provides a cost-sensitive alternative for transferring
researched algorithms for urban navigation, which is also
available as a simulation (Paull et al. 2017; Chevalier-
Boisvert et al. 2018).Other simulation environments allow
drivers to push the limits of driving dynamics and simulate
racing cars (Espié et al. 2005). However, in order to transfer
algorithms from simulation to reality, the simulations must
already account for real-world sensor setups, dimensions
and control behaviours which is possible with the Donkey-
Car simulation and car (Kramer et al. 2017). The F1Tenth
platform currently allows the development of algorithms for
scaled-down racing cars that use Light Detection and Rang-
ing (LiDAR) technology to detect the boundaries of the track
(O’Kelly et al. 2020).

Setup
Figure 1 depicts the developed method, consisting of two
neural networks that can be trained independently of each
other. The first neural network performs segmentation to
identify the drivable track and generate a map showing
where the robot can safely drive. This segmentation can be
converted into a bird’s-eye view, since the intrinsic parame-
ters of the front-facing camera are known. The control neural

network uses this map to calculate the best steering and gas
commands for the robot.

Feature Extraction Using Segmentation
Supervised machine learning techniques perform well when
it comes to detecting the track. In order to adapt to a new en-
vironment, a few sensor readings showing different aspects
of the road markings are required. These readings must be
annotated before they can be used to train a deep neural net-
work using a supervised learning approach. To enable infer-
ence on the edge in the future (e.g. on a Raspberry Pi with
an AI Kit/Hailo device), the YOLO segmentation algorithm
has been selected. The dataset consists of 250 images cap-
tured directly from the DonkeyCar and NeuroWheel simu-
lation environments. Due to the limited environmental com-
plexity — roads with consistent lane markings and minimal
distracting objects — only a small number of images were
required to achieve satisfactory segmentation accuracy. The
images were annotated in YOLO segmentation format using
Roboflow, producing polygon masks for drivable areas. The
dataset was split into an 80% training set and a 20% valida-
tion set. Training was performed for 30 epochs with a batch
size of eight and an effective learning rate of 0.00125, ob-
tained by linearly scaling the default rate of 0.01 according
to the batch size. This adjustment follows the widely used
linear scaling rule, which increases or decreases the learning
rate in direct proportion to the change in batch size, thereby
maintaining similar gradient update magnitudes and stable
convergence (Goyal et al. 2017). Visualising the marking of
the track as a permitted driving route and maintaining this
recognition within the navigation pipeline enables the ap-
proach to be visualised in an interpretable way.

Bird-Eye-View Transformation
In order to enable the effective transfer of reinforcement
learning (RL) policies from simulation to the real world, it is
essential to standardise the agent’s spatial perception. First-
person visual input captured from onboard cameras is often
distorted by projective effects and scene-specific features,
hindering the generalisation of trained policies. To mitigate
this issue, we use a bird’s-eye-view (BEV) transformation
to project the scene into a consistent top-down view. This
serves as an intermediate representation for policy learning.

In our setup, an RC-car is equipped with a PiCamera 3
mounted at the front as the primary vision sensor. The cam-
era captures images at a resolution of 640×480 pixels with a
horizontal field of view (FoV) of approximately 72◦. These
parameters are used to construct the camera’s intrinsic ma-
trix and estimate the focal length required for accurate BEV
projection.

The BEV representation allows the RL agent to inter-
pret the environment in a domain-invariant way, making it
less sensitive to variations in camera position, orientation
and lighting. To obtain this consistent spatial abstraction,
the BEV transformation is constructed through the follow-
ing steps (Szeliski 2011, p. 31). This process also aligns
well with vectorized simulation environments, where multi-
ple agent instances are trained in parallel under diverse con-
ditions.
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Figure 1: Overview

1) Centering the Image Coordinate System:
The original image coordinate system is shifted such that

the origin is located at the centre of the frame, simplifying
subsequent 3D transformations:

A1 =


1 0 −w

2

0 1 −h
2

0 0 0

0 0 1

 (1)

2) Rotation Matrices:
To simulate a virtual top-down view, we apply rotations

around the X, Y, and Z axes at angles α = 35◦, β = 90◦,
and γ = 90◦. These are defined as follows:

RX(α) =

1 0 0 0
0 cos(α) − sin(α) 0
0 sin(α) cos(α) 0
0 0 0 1

 (2)

RY (β) =

cos(β) 0 − sin(β) 0
0 1 0 0

sin(β) 0 cos(β) 0
0 0 0 1

 (3)

RZ(γ) =

cos(γ) − sin(γ) 0 0
sin(γ) cos(γ) 0 0

0 0 1 0
0 0 0 1

 (4)

The combined rotation matrix is computed as:

R = RX(α) ·RY (β) ·RZ(γ) (5)

3) Translation Along the Z-axis:
To simulate the physical height of the camera above the

ground plane, a translation is applied along the Z-axis using
a fixed distance of d = 115mm:

T =

1 0 0 0
0 1 0 0
0 0 1 d
0 0 0 1

 (6)

4) Camera Intrinsic and Focal Length Estimation:
The focal length f is computed from the image width w

and the horizontal field of view angle θH , assuming a pin-
hole camera model. The relationship is given by:

f =
w

2

[
tan

(
θH
2

)]−1

(7)

This value is then used to construct the intrinsic matrix:

K =

f 0 w
2 0

0 f h
2 0

0 0 1 0

 (8)

5) Final Projection Matrix:
The full perspective transformation matrix is computed

as:

P = K · T ·R ·A1 (9)

This matrix is applied to the input image using
a homographic warping operation (e.g., OpenCV’s
warpPerspective) to generate the final bird’s-eye-view
output.

Control Neural Network
The Control Neural Network is trained using the Gymna-
sium framework, leveraging the CarRacing-v3 environment
as a simulation platform (Towers et al. 2024). This environ-
ment emulates a continuous control task in which an agent
must navigate a generated track using visual input from a
top-down perspective.

To more closely approximate the perception system of
real-world autonomous vehicles, a custom wrapper has been
implemented to convert the camera observations (originally
96×96×3) into simplified bird’s-eye view segmentation. This
is achieved by applying a preprocessing pipeline that in-
cludes greyscale conversion, an intensity threshold and an
approximation of the possible field of view, in order to ex-
tract a binary mask of the drivable road area. The result is a
compact binary image that highlights the track boundaries,
providing a top-down view that is similar to the output of a
front-facing camera after semantic segmentation and bird’s-
eye view transformation.

Training the network using Gymnasium in combina-
tion with the Stable Baseline 3 environment significantly
speeds up the training process (Raffin et al. 2021). Gener-
ating 1,000,000 runs and training the control network takes
around five hours with an RTX 2080 Ti. In order to train a
stable neural network, policies from the Deep Q-Network
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Figure 2: Control Network Layout

(DQN) are used alongside a custom network. Mnih et al.
first presented this method to learn how to play Atari 2600
games and successfully applied the same network to differ-
ent games (Mnih et al. 2013).

Figure 2 illustrates the structure of the most effective con-
trol neural network..

This network is then trained end-to-end to learn control
policies (steering and acceleration) directly from the pro-
cessed input. Using this segmentation-based representation
enables the network to focus on the spatial structure of the
road, filtering out textures and colours. This improves gen-
eralisation and the potential for transferring the control al-
gorithm to other domains.

Experiments
In order to evaluate the effectiveness and generalisability
of our proposed system, we conducted experiments in three
distinct simulation environments: DonkeyCar, NeuroWheel,
and CARLA. In all settings, the system follows a con-
sistent pipeline: first, sensor data is processed through a
segmentation-based perception module to extract drivable
areas. These segmented outputs are then transformed into in-
terpretable bird’s-eye-view (BEV) masks, which serve as the
observation space for a deep reinforcement learning agent.

Figure 3 illustrates the full perception-to-control loop
used in our experiments. The modular nature of this archi-
tecture enables transferability to different simulation plat-
forms and robot configurations, as demonstrated in our de-
ployments.

Although LiDAR-centric approaches, such as those em-
ployed in the F1TENTH framework, are less susceptible
to domain discrepancies between simulation and reality,
our research focuses specifically on vision-based control.In
this context, visual domain shifts (e.g., changes in illumi-
nation or texture) present a significant challenge. This de-
sign choice enables us to study robustness under realis-
tic camera-based perception constraints. Alongside our pro-
posed segmentation-based RL pipeline, we also compare
with a classical HSV-based PD/PID lane-following base-
line. This baseline processes HSV-thresholded camera im-
ages to detect lane markings and compute steering com-
mands directly, bypassing segmentation and RL entirely.
Furthermore, we incorporate human driving performance
into the evaluation to provide a more comprehensive com-
parison, enabling the quantification of the performance gap
between automated control policies and skilled human op-

Figure 3: Modular Perception-to-Control Architecture for
Sim-to-Real Transfer

eration. This comparison sheds light on the trade-offs be-
tween learning-based policies, traditional control strategies,
and human expertise in terms of accuracy, robustness, and
latency.

Training of Control Neural Network
Our control neural network is trained using the top-down
view of the CarRacing-v3 environment provided by Gym-
nasium (Towers et al. 2024). Vectorisation enables many
epochs to be simulated and evaluated within a short period
of time. This enables a wide range of network architectures
and command structures to be tested for the robot. Figure
4 shows the progress, illustrating how the reward increases
over time and how the best model is found within the total
simulation time.

Figure 4: Training Progress of the Control Neural Network

Donkey Car
To ensure reproducibility and enable comparison with other
approaches, we integrated our system into the widely used
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Model Lap time [s]
Donkey-Car Simulator 6.7
Human Performance 12.95

Our 11.66

Table 1: Donkey Car Results

DonkeyCar simulation framework for autonomous driving
research with model vehicles. We selected the Donkey-
Waveshare-v0 map because of its structural similarity to the
indoor test track in our laboratory. The camera parameters
within the simulation were calibrated to closely match those
of our real RC car platform, enabling consistent visual per-
ception across domains.

We exported images from the simulation in order to train a
YOLO-based segmentation model that generates lane masks
from raw camera input. These masks were then converted
into top-down, bird’s-eye-view representations and used as
observations for a reinforcement learning agent that was
trained in a vectorised Gym environment. As illustrated in
Figure 5, the agent performs real-time steering actions based
on segmentation inputs, maintaining a consistent trajectory
within lane boundaries.

Figure 5: RL Agent Driving in DonkeyCar with BEV from
YOLO Segmentation

NeuroWheel
In order to test our system under conditions that more
closely mirror our physical setup, we developed a custom
Gazebo-based simulation environment called NeuroWheel.
This includes a 1:1 scale model of the RC car in our lab-
oratory, replicating its physical dimensions, camera intrin-
sic parameters and sensor setup. We also reconstructed the
geometry and layout of our real-world indoor track within
the simulation. As with the DonkeyCar setup, we captured
images from the simulation and trained a YOLO-based seg-
mentation model to identify drivable areas. These segmented
images were transformed into bird’s-eye-view masks and
used as inputs for the reinforcement learning framework.
The trained agents demonstrated reliable and efficient navi-
gation on the NeuroWheel simulation track, thus validating
the consistency of our approach across environments. Fig-
ure 6 shows the RL agent successfully navigating the Neu-

Model Lap time [s]
Lane Following with PID 22.13

Human Performance 23.16
Our 27.68

Table 2: NeuroWheel results

roWheel simulation track.

Figure 6: NeuroWheel Navigation Using YOLO Segmenta-
tion and BEV

Carla Simulator Evaluation
In addition to the DonkeyCar and NeuroWheel environ-
ments, we evaluated our approach in the CARLA simulator
on a predefined route, from point 1 to point 2, as illustrated
in Figure 7. The test scenario included a road with varying il-
lumination conditions to better reflect real-world challenges.

Figure 7: Carla Road

As shown in Table 3, variations in lighting conditions
in CARLA introduce a significant domain gap for classical
lane detection methods, which limits their ability to oper-
ate at high speeds. In contrast, DonkeyCar and NeuroWheel
simulations exhibit minimal domain gap for such methods,
as no lighting variations occur, allowing the vehicle to drive
faster. For road segmentation, unlike DonkeyCar and Neu-
roWheel, we leveraged CARLA’s built-in semantic segmen-
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Model Lap time [s]
Lane Following with PD 31.45

Human Performance 22.25
Our 24.75

Table 3: Carla Results

tation camera. The generated road mask was transformed
into a bird’s-eye view, resized, and fed into our RL agent as
input. In the intersection-driving scenario, the RL agent suc-
cessfully navigated the vehicle despite environmental varia-
tions. Our RL policy was speed-limited to 75% of the max-
imum speed (i.e., max speed = 1.0 in CARLA, but 0.75
for the RL agent), which accounts for the manual driving
being slightly faster.

Real World
The physical testing environment is designed to replicate
a simplified road system at a scale of 1:10 for safe and
controlled experimentation. The laboratory setup consists
of modular black tiles with white line markings that can
be arranged to form customisable track layouts mimicking
lanes, curves and intersections. These high-contrast mark-
ings are ideal for visual perception algorithms, especially
those used for line detection and road segmentation with
bird’s-eye view cameras.

The autonomous platform is a 1/10 scale RC car equipped
with onboard computation and sensing capabilities, shown
in Figure 8. The main onboard components include:
• Raspberry Pi 5: Serves as the primary computing unit,

responsible for data processing, control inference, and
communication.

• Raspberry Pi Camera Module v3: Mounted at the front
of the vehicle to capture high-resolution video, which is
used for real-time perception and road-following tasks.

• AI Kit: A hardware extension providing access to addi-
tional compute resources (Hailo Device) to run the seg-
mentation algorithm efficiently.

Figure 8: RC Car

To ensure flexibility and portability of the software, the
entire system is orchestrated using Docker containers, en-
abling the seamless deployment and updating of various

software components. Sensor drivers, perception modules
and control logic are implemented using ROS 2 (Robot
Operating System 2), which facilitates inter-process com-
munication and offers real-time capabilities that are well-
suited to robotics applications. Each component — camera
stream, segmentation node, control inference and actuator
commands — runs in its own container, enabling easy de-
bugging, monitoring and upgrading without affecting the en-
tire system.

This lab setup enables rapid prototyping, reproducible
experiments and integration with simulation environments
such as Gazebo, facilitating various training and deployment
strategies for autonomous driving.

Conclusion
In this work, we present a modular and transferable rein-
forcement learning framework for autonomous navigation.
This framework is built upon a two-stage architecture that
combines real-time semantic segmentation with bird’s-eye-
view abstraction. Our approach explicitly addresses the do-
main gap between simulation and reality by transforming
raw sensor input into a structured, domain-invariant repre-
sentation. This design allows an RL policy trained entirely in
a vectorised simulation environment to be deployed in sim-
ulated and physical scenarios with minimal adaptation.

One of the key contributions of this work is the devel-
opment of a pipeline for navigating different environments.
This supports adaptation to new challenges, and the inter-
mediate visualisation helps to understand how decisions are
made. DonkeyCar, Carla and F1TENTH allow different al-
gorithms to be developed quickly, but there is a particular
challenge in closing the sim-to-real gap when deploying to a
real robot. Alongside a flexible Docker-based setup for our
robot, we demonstrate effective adaptation to three different
simulations. However, deployment to our own robot failed
due to communication issues with the motors.

Experiments conducted in public and custom-built simu-
lation environments demonstrate that the trained agents ex-
hibit reliable and consistent navigation behaviour. Deploy-
ing the system in different simulations confirms its viabil-
ity for navigation and validates our objective of minimis-
ing the effort required to transfer AI-based control systems.
This is achieved by reducing the need for retraining, mak-
ing pipeline components reusable and enabling platform-
agnostic deployment.

Although our results emphasise the advantages of using
segmentation-based input and domain abstraction, we also
found that reinforcement learning agents trained in this man-
ner currently have slower response times than traditional
lane-following controllers. Future work will focus on im-
proving the inference speed and decision-making efficiency
of the RL agent, particularly under real-time constraints.

Ultimately, our work contributes to the development of
scalable, interpretable and transferable AI systems for au-
tonomous navigation, bringing us closer to deploying robust
real-world robot controllers that have been trained in fully
virtual environments.
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