X Peonn EventShiftFlow

Englneerlng Towards Hardware-Efficient FPGA-based Flow Estimation
GRASP LABORATORY

General Robotics, Automation, Sensing & Perception Lab

RA

IEEE INTERNATIONAL CONFERENCE

Arianna Alonso Bizzi - Fernando Cladera - C. J. Taylor ON ROBOTICS AND AUTOMATION

University of Pennsylvania, Philadelphia, PA - alari@seas.upenn.edu

Key Takeaway

EventShiftFlow recovers useful flow direction and magnitude using no dividers, no
DSP blocks, and no floating-point arithmetic, using under 2 kB of on-chip storage.
This represents orders of magnitude lower resource usage than EDFLOW (855 kB,
669 DSPs), enabling real-time flow estimation on the smallest neuromorphic robotic
platforms.

Events Predictions

True motion

Motivation

Event cameras detect per-pixel brightness changes
asynchronously with microsecond temporal
resolution, high dynamic range, and low power
consumption. This makes them attractive for low-
latency motion estimation on size-, weight-, and
power-constrained (SWaP) platforms such as micro
aerial vehicles.

Existing methods
Plane fitting, contrast maximization, and deep learning require floating-point arithmetic,
iterative optimization, or large memory buffers...

...Infeasible on small chips or FPGAs!

Research question

How can we estimate motion using the smallest compute footprint possible,
suitable for SWaP-constrained uses?

Algorithm: Bitvector-based motion estimation
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Events - fixed-duration time bins - 1-bit occupancy grid (thresholded event counts/pixel/axis) -
velocity hypotheses scored by counting coincidences along diagonal traces through a shift-register grid -
pure integer arithmetic. Uses only shift registers, counters, and comparators.

Artix-7 FPGA Prototype
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Event threshold 8
Sensitivity to event density

Results report directional accuracy on the Mueggler et al. Rotating Shapes Dataset, where p
is occupancy density and n is the number of detections. Best performance at occupancy
density p € [10%, 40%]. Adaptive At via density feedback eliminates manual tuning.

Performance depends on occupancy density within
each time bin. Requires adaptive time-binning.
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Polarity-aware scoring

Exploit sign consistency of moving edges to improve
discrimination at no additional memory cost.

Project:

alonsobizzi.github.io/eventshiftflow-site Py




