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@ Introduction

Traditional Cameras

« Operate at a fixed frame rate

 Render the entire frame at each time step
« Are susceptible to motion blur

Event Cameras (Dynamic Vision Sensors)

 Record changes in brightness (events)
asynchronously

« Have high dynamic range & temporal
resolution

Event camera demonstration [1].

* Perform well in low-light conditions
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@ Problem Definition

How can we exploit the temporal resolution and dynamic range of event-cameras for
robot control?

o+

Isaac Sim obstacle avoidance environment (left), MuSHR Nano Robot [2] (top-right), Prophesee event camera [3] (bottom-right)
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@ Outline

« Control Approach
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@ Event-Based Control Approaches
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Chosen Control Approach

Event Aggregation
Multi-Temporal Scale TTC || w=mp ROBOISg?QJEOLLER
Event Representation (~S0- z)

\Raw Event Stream [2]/

Y

EV-TTC [4] TTC-BASED CONTROLLER
* 141 Hz on Jetson Orin NX
* Trained on Limited +
Dataset
* Synthetic Data Generation B
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@ Event Camera Simulation

MITLL.SYNTHETIC.EVENTS Pre-Render Notify

« GPU-Accelerated Event Generation Physics Step Notify Physics Step Notify Post-Render Notify

(~5x Faster than CPU, 15 [ms])
App Update :
° Synthetlc Data ertlng (HDF5) Physics Step - Callbacks Physics Step - Callbacks -Callbacks Rendering -Callbacks Sleep
: Sensors oM Sensors om0l 0G Update |
« Events to ROS2 “evt3” Encoding LI o 0083 pyiop

« GUI Displaying Real-Time Events

0
&@— Real Time

Isaac Sim computation timing depiction [5]

Event camera simulation visualized through RQt GUI
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@ Event Camera Simulation Cont.
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Isaac Sim
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photc;receptor differencing comparators

Event camera circuit diagram.
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@ TTC-Based Motion Primitive Control

Generate K Primitives for...
Current State: x
Yielding: y, € I

N

- Evaluate Primitives using...
Cost Function: J(y)

/

Find Best Primitive: y,,

Apply Control Action: u,,
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@ Primitive Generation

The primitives are generated using...
« Steering Angle Set: A
« Constant Velocity Model: ¢ =0

5 A Prlmltlves Vi for T =0.25 [s]
: < 20— T 1
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Bicycle model used for primitives [6] 1 0 —1
y [m]
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@ TTC-Based Motion Primitive Control

Generate K Primitives for...
Current State: x
Yielding: y, € I

N

- Evaluate Primitives using...
Cost Function: J(y)

/

Find Best Primitive: y,,

Apply Control Action: u,,
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@ Cost Evaluation

; : ; Obstacle Density and Primitive Cost vs. TTC Image Index
Inverting and smoothing the vertical mean
of the TTC image: 0.95 - — ]
Smoothed q
1 i =@ Cost J(v)
g = GaussianSmooth — 0 =~0 0.20
TTC ]
N . iij 0.15 ="
We can evaluate each primitive with the =
following cost equation: E
E@ 0.10 r
E
final
Jelw) = aly™| + B a "
\.r. 1€14 .
Deviation N —
from Straight Obstacle
Field SO0T
0

TTC Image Index [px]
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@ TTC-Based Motion Primitive Control

Generate K Primitives for...
Current State: x
Yielding: y, € I

N
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[E]

Primitive Selection

=6, to

Looping through the set of primitives, I, we can find y, ,, and apply associated v,,, = 5,,

the low-level controller.

Example TTC image from simulation

Cost J(v) [1]
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EV-TTC in Simulation

Raw Event Stream | mmp TZE;?;;LEXﬁnt II

EV-TTC running on CPU from simulation data
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E2VID in Simulation

Raw Event Stream

- Event

Aggregation

- -

e

MONO

E2VID running on GPU from simulation data
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Results (Bright)

MOTION
PRIMITIVE ROBOT
CONTROL

Primitive controller running on ground truth TTC
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Results (Low-Light)

MOTION
PRIMITIVE ROBOT
CONTROL

Primitive controller running on ground truth TTC
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e Future Work
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|@| Future Work
Short-Term:
1. Re-train EV-TTC with M3ED + Synthetic Data
2. Open-Source Isaac Sim Extension
3. Add Noise Modeling to Improve Sim2Real Transfer
Long-Term:
1. Integrate System Components on Hardware
2. Fast Model of Car & Drone
3. Isaac Lab Event-Based RL
4. Expand Controller to Drone Navigation (TTC Convolution)
Application:

1. Dense, High-Speed Forest Navigation for Searching

Event Camer
GAR 07/28/25
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@ Initial Event-Based Control Approach

A

Event mmp| Event Based RGB mp| Traditional CV | ROBOT
Aggregatio Neural Net MON CNN CONTROL
T L o)
\\Raw Event Stream [2]/
Why not use the open-source options for both NNs?
Event-Based NN - e2vid Traditional CV CNN — DepthAnythingV2

Events - MONO - MONO — Depth
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[E]

EV-TTC Summary

EV-TTC: Event-Based Time to
Collision Under Low Light
Conditions [3]

« Multi-Temporal Scale
Aggregation Module

 Regression NN
* Real-Time Freq: 141 Hz

Limitation:

 Trained on a limited dataset

Event-Stream

Multi-Temporal Scale
Event Representation

Time to Collision
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@ Event-Based Control Approaches (In-Depth)
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