EV-LayerSegNet: i IXHAFHIPL E W i sl o3

Youssef Farah'!
Muhammad Ahmed Humais®

Federico Paredes-Vallés?
Hussain Sajwani'
' Advanced Research and Innovation Center, Khalifa University

Guido C.H.E. De Croon?
Yahya Zweiri'
2MAVLab, TU Delft

! { youssef.farah, 100061899, hussain.sajwani, yahya.zweiri } @ku.ac.ae
2fedeparedesv@gmail.com, 2G.C.H.E.deCroon@tudelft.nl

Mask Background

Input Events

Optic Flow Background

Mask Foreground

Combined Optic Flow

Image of Warped Events

Optic Flow Foreground

Figure 1. Our method takes as input an event volume that results in a blurry scene. It then attempts to generate two
different masks to differentiate the background from the foreground. Next, it estimates the affine optical flow for both
models, and combines the flow together using the masks. Finally, it warps the events according to the combined flow. A

successful motion deblur leads to accurate segmentation.
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Sequence name EMSMC EMSGC Ours EMSMC EMSGC Ours
Drone above playground 0.20 0.05 0.71 0.00 0.00 0.87
Plane over city 0.06 0.03 0.67 0.00 0.00 0.77
Bird above playground 0.26 0.00 0.48 0.00 0.00 0.71
Second drone above playground 0.36 0.02 0.52 0.00 0.00 0.78
Bird in front of building 0.20 0.41 0.10 0.00 0.21 0.00
Helicopter over city 0.07 0.00 0.55 0.00 0.00 0.83
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Helicopter over city 0.45 0.55 0.61 0.83
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Mean IoU Mean Detection Rate

Sequence name v=10 Ours =10 Ours
Drone above playground 0.06 0.71 0.00 0.87
Plane over city 0.03 0.67 0.00 0.77
Bird above playground 0.07 0.48 0.00 0.71
Second drone above playground 0.02 0.52 0.00 0.78
Helicopter over city 0.21 0.55 0.00 0.83
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