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Motivation
 Traditional RGB methods miss critical motion details between frames, leading
to Inaccurate segmentation in moving scenes. ED-DMD Processing
 Event cameras provide high-resolution, asynchronous data, capturing motion I T W e | Dynamic
changes missed by conventional techniques. ol R —> N Event Deco‘:"n‘l’o‘j;;mon
\Representatlonj . (DMD) )
 Our goal Is to enhance moving object segmentation by combining event RGB Framesl,  Inter-Frame e ey "
data with RGB frames using ED-DMD and MAS-Net. Evant & Event Slice S,
o
| BELY S e : Multi-scale event representation )
| » Objective:
I Capture missing dynamics between RGB frames.
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* Training Phase: Blue dashed line. Network learns motion dynamics and \_ J \ Y g J
static features from ED-Dr and RGB using DPB and SLB. b g
* Inference Phase: Green background. Uses only RGB inputs, DPB predicts : Event-driven descriptor (ED-DF) :
dynamics from learned priors, no event data required. - ~
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Experimental results

\ Comparison with SOTA methods ) SLB and DPB analysis with ED-Dr
» Dataset: DSEC-MOS with 13,314 frames in diverse driving scenarios. . . .
o | : Analyse SLB and DPB with ED-Dr to enhance segmentation by targeting
» Quantitative evaluation: different dynamics.
Approach Year Backbone Train Data | Inf. Data | MSInf. | Ruean | Fmean | REF (mean) Mask Generation
SegFormer-B2[25] | NeurIPS’21 MiT-B2 F F 0.421 0.595 0.508 ° MRGB :
SegNeXt-B[11] NeurIPS’22 | MSCAN-B F F 0.609 0.749 0.679 RGB f Mask
Isomer[27] ICCV’23 Swin-Tiny OF, F OF, F 0.559 | 0.722 0.641 rame iask.
TMO[4] WACV’23 | ResNet-101 OF, F OF, F 0.562 | 0.730 0.646
MED-VT[12] CVPR’23 Swin-B F F 0.580 | 0.810 0695 || * Egp_pr : —
EmoFormer[29] IROS’24 Swin-B E, F F 0.665 0.822 0.744 : :
MAS-Net Ours Swin-B E. F F 0.630 | 0835 | o7ss || Allmotiondynamics. Yy picorure | Label Rocan | Fonean | REF mean
HFAN[17] ECCV’22 MiT-b1,2 OF, F OF, F v 0.626 | 0.768 0.697 ||| a1 . SLB MRGE 0.633 | 0.804 0.719
MED-VT[12] CVPR’23 Swin-B F F v 0.635 | 0815 0.725 ED—Dr - . SLB+DPB | Mggg + Egpp, | 0.651 | 0.812 0.732
EmoFormer[29] IROS’24 Swin-B E, F R v 0.689 | 0.837 0.763 || Moving object dynamics.s; g4pPB | Mpgy + Mepp, | 0.680 | 0.835 0.758
MAS-Net Ours Swin-B E,F F v 0.701 | 0.842 0.772
* Qualitative evaluation: s '
Q SUEIon: i Tih et \ Backbone analysis )
Evaluate backbones for capturing spatial and dynamic features.
Backbone Param. (M) Label Riean | Fmean R&F(mean)
MSCAN-T | 4 0.571 0.717 0.644
MSCAN-S | 14 0.605 0.757 0.681
Swin-Tiny 28 0.632 0.793 0.713
MSCAN-B 28 MRGB + MED—Dr 0.643 0.786 0.715
MSCAN-L | 49 0.651 0.795 0.723
Swin-S 50 0.651 0.811 0.731
Swin-B 88 0.680 0.835 0.758
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