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Methods

The robot receives 2D depth 
values, the goal vector, and 
proprioceptive input.

Motivation
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To collect
- Diagram
- Hm sim debug view might be tuff

- Real image????? How did they do that
- Depth cam sim image

- Nice depth image of obstacle-lookin 
images from realsense

-

Special thanks to Tyler Han, the Robot Learning 
Lab, and the CSE 494 staff for their mentorship 
and support!

To improve accessibility and 
deployability, switched to using 
only a low-cost** onboard 
camera. This allows for 
navigation with 
▪ fully onboard sensing
▪ unknown obstacles

Sim-to-real reinforcement learning involves overcoming the discrepancy between simulated training 
environments and real-world dynamics. Furthermore, our setup formulates and addresses key constraints of 
accessible and low-cost sim-to-real RL, including (1) limited compute,  (2) limited sensing options, and (3) 
sensor noise. Prior demonstrations of terrain navigation in the WheeledLab ecosystem neglected to fully 
address (2) and (3), while our demonstration acts under all three constraints.

Low-cost depth cameras are 
not perfect, with limited 
effective ranges, random 
holes, and noise. Prior 
demonstrations bypassed 
inaccuracies using precoded 
object dimensions and 
obstacles tracked by a motion 
capture system.

To address poor image quality 
and noise in simulation to 
better reflect real-world 
conditions, simulated depth 
camera observations were 
augmented with gaussian 
blur, random dropout, and 
gaussian noise, resulting in 
lower success in simulation 
but higher success in real 
world deployment.

To emphasize accessibility, we 
conducted training exclusively 
on consumer-grade hardware, 
limiting

▪ policy network size,
▪ observation resolution, and
▪ the number of parallel 

training environments.

Furthermore, we adopted a 
fully end-to-end RL policy 
instead of relying on online 
optimization-based methods 
such as MPC or MPPI, 
prioritizing low deployment- 
time computational 
requirements as well as 
providing a platform for further 
iteration on pure-RL navigation 
methods.

Restricting sensing to a forward-facing depth 
image introduced limited field-of-view and more 
complex observations. While prior navigation 
approaches using external height maps succeeded 
with MLPs, directly feeding depth images into an 
MLP produced unusable policies. 

Supplementing the policy network with a CNN 
improved training stability and achieved a 50% 
success rate in simulation, while adding a GRU to 
address partial observability increased success 
rates to 90%, resulting in our final model.

HARDWARE
We use the MuSHR platform, estimated 
to cost 930 USD [3]. Among other 
features, the platform incorporates a
▪ 1/10 scale rally car chassis
▪ Realsense D455 depth camera
▪ NVIDIA Jetson Nano

We conducted training on a single 
NVIDIA RTX 3090 GPU.
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We train using 
proximal policy 
optimization 
(PPO) in 
simulation using 
a lightweight 
policy network 
architecture.

The trained actor 
weights are then 
transferred 
zero-shot to 
hardware.

*approx. $48,000 USD worth of equipment when using an Optitrack motion capture system
**approx. $420 USD Intel RealSense D455 depth camera 

Robots dancing to Michael Jackson, playing 
Minecraft, or driving around the city—these 
agents are all trained using reinforcement 
learning and simulation through a method 
called sim-to-real. Yet, sim-to-real remains 
inaccessible to the broader community due to a 
dependence on expensive or proprietary 
technology. 

WheeledLab [1] has recently gained visibility [2] 
as fully open-source pipeline for sim-to-real 
reinforcement learning integrating low-cost 
wheeled robots.

To lower the barrier for reinforcement 
learning education and research, 
WheeledLab provides an open-source 
pipeline integrating low-cost wheeled 
robots with state-of-the-art simulation 
infrastructure. Despite promising 
applications, prior approaches to 
autonomous obstacle navigation on this 
platform relied on height maps derived 
from prohibitively expensive motion 
capture systems. This project 
demonstrates sim-to-real terrain-aware 
navigation on low-cost wheeled robots 
through end-to-end deep reinforcement 
learning using a single onboard depth 
sensor, eliminating the need for external 
infrastructure.

To further demonstrate applications of 
such pipelines, this project builds on 
WheeledLab to achieve a policy for 

depth-based navigation
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The Problem:

Limited Compute: Sensor Noise:Limited Sensing:

Snapshots of the depth camera view on the robot, contrast-enhanced for readability

Examples of drifting (left), elevation traversal (mid), and visual navigation (right) 
policies trained through WheeledLab

Measured Depth Image 

Simulated Depth Image
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measured depth (m)
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Heightmap 
Mlp only
Cnn only
Rnn and cnn
Rnn and cnn with domain randomization

STATE INPUTS

▪ 40 x 40 
downsampled

▪ [0, 1] normalized

▪ single channel

▪ goal vector

▪ last action

▪ linear velocity

▪ angular velocity

REWARD ▪ timeout penalty
▪ goal termination
▪ distance from goal
▪ stuck penaltysim training only

Policy Type Success Rate†

Baseline (height map) 48.5%

MLP-only 20.0%

CNN-only 54.0%

CNN + GRU 84%

CNN + GRU, with simulated visual noise 79.4%

Sim visualization of sampled terrain heights Sim visualization of sampled depths

† relative frequency of navigating to a goal zone in under 10 seconds, without getting stuck or rolling over

Real-world deployment of the final policy with snapshots of the depth camera view

Results

PPO 
UPDATE

sim training only

ACTIONS
▪ steering angle
▪ throttle
Stored and used 
as an input for 
the next state!

ACTOR & CRITIC HEADS
critic in sim training only

CNN

MLP

current perception + state

GRU
Recurrent 
memory to 
address a 
limited field 
of view

full state representation

Implementation

Future Work

◎ Goal reached — rewards and terminates 
upon reaching the goal

◎ Goal distance — linearly penalizes distance 
from the goal

◎ Stuck — penalizes and terminates upon 
being unable to move

◎ Time out — penalizes and terminates after 
10 seconds

We have demonstrated the feasibility of an 
end-to-end terrain-aware navigation policy on 
a fully low-cost pipeline. However, we highlight 
some potential improvements:
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Physics randomization
▪ Wheel friction
▪ Robot mass
▪ Start and goal locations

Final Policy

Failed trajectory

Successful trajectory

Goal region

Starting point

Ending point

CNN-Only Baseline

▪ Baseline policy failed to reach the goal

▪ CNN-only policy bumped into unseen obstacles

▪ CNN+GRU policy’s steering oscillated in response to noise

▪ Despite decreased sim performance, the final policy smoothly evaded 
obstacles in real deployment

REWARDS

▪ To avoid gradient starvation, we balanced 
vision and state latents as input to the GRU

▪ Some curriculum learning stabilized 
training but often degraded policy

▪ Recurrent policy training generally 
benefited from sparser rewards

NOTES

Simulated Deployment

Real world deployment:

▪ noise ▪ pixel dropout 

Issue Faced Potential Change

Slow training speed Asymmetric actor-critic

Inconsistent policy 
behavior in the real Alternative visual encoders

Instability with recurrent 
policies

Further iteration + other 
recurrent networks

Successful Terminations

Average Reward

Step

Step

Enabling low-cost terrain-aware sim-to-real navigation
Affordable End-to-End Terrain Navigation: A Low-Cost Ecosystem for Robotics 
Education 

Terrain aware navigation
low-cost 
sim-to-real 
End to end
I made it Cheaper
More accessible/democratizing?
For the purpose of education/research


