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Optical Flow Ego-Motion

We tackle event collapse

N various

motion estimation problems based on
Contrast Maximization (CMax).

In low-DOF ego-motion estimation [1, 2],

we propose regularizers that:

mitigating event collapse,
» analyze up to 8 DOFs,

original CMax.

 achieve state-of-the-art accuracy by

e do not sacrifice the runtime of the

-~

Summary Contrast Maximization

In optical flow estimation [3], we propose a

prlnC|pIed method that:
ranks 1st among all methods in MVSEC
Indoor scenes,

 ranks 1st among the unsupervised and
model-based methods Iin the outdoor
seqguence,

* achieves competitive results in DSEC,

 overcomes the ground truth limitations,

» transfers to the unsupervised settings.
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Optical Flow Ego-Motion
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* 1st in indoor sequences among all
« Sharper IWEs than ground truth (GT)

(A) Warping events to multiple (B) A time-aware flow (D) A multi-scale approach (C) Adding a regularizer term by measuring event collapse.
reference times mitigates event handles occlusions better, Improves optimization o — [y
i N B | Xk tr)
collapse. using PDEs. convergence. @ 9 I e o) Q__._—_—Y—V_—_—_::‘.‘_.
&
Tt f(@):lowl? f(0): high Tt v(x) tt  vx(t),t) [7] 1x1 v| 2 A dA a4
tNe tNe G — — < L
=~ 77 SR \ \, Upsample — | S~
> \ 77277 B Events N NN A\ // // // > " tref e T 00 o 1o o s 00 o5 19
N 707 7 7 Flow ‘Il \ G 77777777 Warp model Objective Function With reqularizer A regularizer based on
~ N ;-7 EEE N\ Contrast Max the warp deformation
" B A A " "\ WL 4 ] ////////// P
8 f(6): high f(8): high g ! g Yoy Y ey iy &“ |
G T 1l el . B W . ,
Collapse flow Desired flow Conventional flow Space-time flow ~ —~— -~ Warp:  ex = Xy, ti, i) = €' = (X', rer Pic)
ptimization = ‘ ,
T | . 0x
| Jacobian: = — = |det(])|dA
] ] A (Original) B (Collapse) C (Desired) ] 0x det()]
Unsupervised Learning
Original events IWE w/o regularizer Divergence map Deformation map IWE with regularizer
1.0 2.0 TRy
, | 8 D & A ‘ RN ‘«\
et - 2 e ~0.5 0.5
g . Al N L e N Original GT Ours Paredes ~1.0 0.0
Orlglnal GT Paredes Original E-RAFT Ours -
AEE| %Out| FWL? 0.5 15
AEE [px]]  %Out| Zhu et al. 2019 0.32 0.00 - DSEC 0.0 1.0
Supervised 0.66 1.00 AEE [px]| %Out] FWL? Paredes et al. 2021 092 540 - -05 0.5
Self-supervised 0.79 .60 E.RAFT 0.79 7 68 1 29 Hagenaars et al. 2021 047 025 0.94 it ol v T D] with :'0 o " 00 y 1
Unsupervised .02 4.00 Ours 347 3086 137 Ours 036 009 0.96 N itigate event collapse successfully [1, 2] without sacrificing the runtime [1] y
Ours 0.60 0.59 | | ~ |
Remarkable results when the References: [1] “A Fast Geometric Regularizer to Mitigate Event Collapse in the

Contrast Maximization Framework”, Advanced Intelligent Systems, 2023.

2] “Event Collapse in Contrast Maximization Frameworks”, Sensors, 2022.
-/ 3] “Secrets of Event-Based Optical Flow”, ECCV, 2022 (Oral).

secrets are transferred to
unsupervised learning

» Competitive results w/o using GT
» Sharp edges for dynamic objects




