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Action
Initial 
Policy

Obs 
+Reward

Policy Network
CNN + PPO

Reward Engine
Track + Dist + Goal

Observation Pipeline
Filter - Pos - Vel 

Orchestrator 

Central Controller

Overhead Camera
180 fps - Aruco 

Agent  Node
Esp32 - TX - RC Car

Track
Configurable Layout

Per-Agent Reset  

Real World

System Overview

Motivation

Background
Wayve trains autonomous driving agents in simulation to 
develop their core capabilities. Achieving reliable sim-to-real 
transfer is essential to safely scale these models and reduce 
reliance on extensive real-world driving.

Problem
However, full-scale real-world testing remains costly, time 
consuming, and heavily constrained by safety regulations. 
This creates a need for an efÏcient, miniature testing 
platform to validate these simulation-trained policies.

We built an end-to-end, 
miniature testing platform 
using RC cars and an overhead 
vision system to seamlessly 
validate policies trained in 
Simulation.

Our Solution



Digital Twin
Ackerman Car  

Domain 
Randomization 

SB3 PPO Trainer

Simulation

Isaac Lab 

Miti Isbasescu
Where is the car? Label the different elements of the track.



Hardware Platform

Central 
ESP Unit

Aruco + Battery Upgrade

Central Computer 
With GPU

118 fps 
camera

Acquire 
Camera Frame

Simulation

Training in 
simulation to 

build basic skills

Training in reality to learn real physics and 
adapt to real world

Time

Deduce State 
Representation

Run Model 
Inference to 

Compute Agents 
Actions

Isolated Transmitter 
Circuits for Controlling 

Cars

DAC

DAC

DAC

Real Training World with 
cars, obstacles, camera, 

etc.

1:64 RC Car with 
Ackermann Steering

Transmitter for Car 3

Transmitter for Car 2

Transmitter for Car 1

● Isaac Lab as simulation 
framework for RL training

● Training in many parallel 
environments at once thanks 
to GPU utilization

● Collecting many training 
experiences in a short time 
due to high parallelization

● Picture alongside showing the 
training of line follower agents 
on multiple tracks at once!

Why training 
in simulation 
is useful?



Training Tasks
Line Following: Make the car follow line

Isaac Lab 
Overhead 

Camera and 
sensors

Post 
Processing

𝒱

Object Avoidance: Line follow but be aware of obstacles

Car Resetter: Given a goal position, move the car to the goal and stay at the goal

Observation: 48 by 48 px 
black and white image of 
track at the location of 
the car + robot velocity

Minimizing 
Distance to the 

Line
Driving Faster

Rewards: Get more 
rewards by Staying Alive

Avoiding jitter 
when Steering

Terminate the episode if can 
no longer see the track

Reset the car at a 
fixed position for a 
new episode

Isaac Lab 
Overhead 

Camera and 
sensors

Post 
Processing

𝒱
Observation: in 
addition to the 
line, an additional 
binary image of 
the obstacle

Rewards: Get 
more rewards by

Adhering to all of Line 
Following Rewards

Avoiding Collision 
with Obstacle

Isaac Lab 
sensors

Rewards: Get 
more rewards by

Minimizing 
Distance to the 

Goal

Reaching the 
goal as fast as 

possible

Aligning car 
heading with 

the goal

Terminate if the car reaches 
the goal and stops at it OR if 
the car does not reach the goal 
within the time limit.

Reset the car randomly 
somewhere in the world for 
a new episode

Vector to 
Goal

Vector to 
Boundaries

Heading 
Error

Car’s 
Speed

Observation: 
for car 
resetter as 
single vector 

Computer Vision
Overhead 
Camera

Fiducials

Environment 
Lock

Overhead camera 
view of the track 
with two cars 
present. Cars are 
detected using 
Aruco tags and their 
heading and 
position is 
calculated. Hence, 
track image, 
obstacle image and 
cars’ velocity are 
computed as 
observation space.

Track Channel Obstacle Channel

C
ar

 1
C

ar
 2



1 x 48 x 48
1152 
units

128 units

128 
dim-feature 

vector

2 units

32 units

RELU 
Activation

32 
dim-feature 

vector

Conv 1
16 x 24 x 24

Conv 2
32 x 12 x 12

Conv 3
32 x 6 x 6

Flattened

Convolutional Neural Network

160 
dim-feature 

vector

160 
dim-feature 

vector

160 units 128 units 128 units

Model Architecture

Binary overhead 
image of track at 

car’s location

Car’s velocity 
vector

Combined vector 
from velocity 

vector and binary 
image

Two linear layers with RELU 
activation functions

64 units 64 units

64 units 64 units

Steering cmd

Throttle cmd

Estimated 
reward

Actor Network

Value Network (Critic)

Critic giving feedback to 
the actor

Real-World Training

Deploy

RestartFail

Agent Action

Pretrained Model

SB3 PPO
Policy training 

Policy Real Rollout

Reset Agent
Auto recovery 

Camera Frame
30 ms per frame

Observation
Filtr - Pos - Vel

Inference
Policy -> Action

ESP32 Cmd
PWM -> Car

PPO 
Policy update

Reward 
Track - Pos - Vel

Reset Agent
Automatically returned to 

the track

Fail

Real rollouts fed into PPO
Policy is now trained on exclusively Real 

World Data 

Real World 
Simulation

Central Controller

Proximal 
Policy 

Optimization
(PPO)


