=) SECI-GAN: Semantic and Edge Completion
e for dynamic objects removal
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Image Inpainting for
Dynamic Object Removal

Image Inpainting aims at repairing a damaged image
predicting plausible contents for the missing parts.

Input

Damaged Image Inpainted Image

IT the pixels from semantic segmentation maps
of dynamic object are used for inpainting,
It 1S possible to remove them.

SECI-GAN EC [1] DeepFillvl [2] DeepFillv2 [3]

Previous methods struggle In this scenario,
especlally in complex scenes.
Our method attains better performance.

Contributions

A three-step pipeline: (1) performs semantic map
Inpainting, (2) Inpaints edge data, (3) Inpaints the
Image conditioning on the previous

mudll npainting

Discriminator { gl Discriminator ~ Discriminator

Real/fake Real/fake Real/fake

Conditioning on semantic maps suggests the coarse
shape and the semantic class of objects. Conditioning
on edge data suggests realistic low-level details.

Networks Architectures Detalls

Inpainting steps GANs whose generator Is made by a
convolutional encoder and decoder, and whose
discriminator 1s a SN-PatchGAN [3]

Semantic Inpainting
( 000
Gating + Simple discriminator and loss

Fast convergence (70 vs 200 SPG-Net)
Accurate on complex/large masks

Edge Inpainting

Q00O

Gating + Spectral Normalization
Semantic edge enhancement

Image Inpainting

ONON@)

Gating, conditioned on both
enhanced edge data and semantic data

Generator’s layers implement a gating mechanism [3]
to differently weight hallucinated information and the
uncorrupted part of the input.

Experimental results
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SECI-GAN EC [1] DeepFillvl [2] DeepFillv2 [3]

We evaluated our model with objective metrics on
Increasingly complex masks of arbitrary shape:

Jiu-sm all *'ll'fmf:dt' LLTFL JIHE arge
EC Ohurs DE2 DFI EC Ours DE2 DFI EC Ours DE2 DF1

PSNRT | 32.05 3220 2975 2830 | 2881 2895 2685 2558 | 2459 2462 2324 21.21

SSIMT | 9697 9709 9451 9247 | 9383 9400 8951 8663 | 8895 BEBY 8323 7880
FID., 1263 1232 1634 2445 | 2013 2014 2643 3085 | 3191 3Le6 3520  46.08

LPIPS| | 3.60 3.58 53.440) 1.0 6.85 6.68 b.24 [1.66 | 11.12 1137 1367 1687

SECI-GANvsEC e <
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We performed a user study to St Test 515
assess subjective quality of the  “seeroavort =<
inpainted images for the dynamic ~ sww 5 o
object removal task.
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