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Our Goal
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A lightweight method for recovering real-world material
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State of the art
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State of the art
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State of the art

Gao et al., SIGGRAPH 2019
Deep Inverse Rendering for High-resolution SVBRDF Estimation
from an Arbitrary Number of Images
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State of the art
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State of the art

Zhou et al., SIGGRAPH 2018
Non-stationary texture synthesis by adversarial expansion
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State of the art

Zhou et al., SIGGRAPH 2018
Non-stationary texture synthesis by adversarial expansion
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State of the art

Inconsistency between SVBRDF maps @



Method overview
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Imaging setup
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Generator
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Generator

Channel 0 Channel 1 Channel 2 Channel 3

Untrained encoder
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Visualization of the first 4 layers latent vector from encoder
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Generator
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Discriminator
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Loss function
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Guessed diffuse map
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Input image

Guessed diffuse map

Computed as in [AAL16]

[AAL16] Aittala et al.
Reflectance modeling by neural texture synthesis.
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Loss function
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Loss function
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Loss function

L final = Megan(G,D) + L4(G),
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Results

Input image Render Normal Diffuse Roughness Specular
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Results

Input image Render Normal Diffuse Roughness Specular
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Results
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Results

512 x 512 Input
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Results
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Results
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Results

Captured images
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Network Analysis — loss function

EGSR 2020

Normal Diffuse Specular

Roughness

Render Novel view render

Reference

=
~J
+
<
S
~
= -» &
MSE: 0.0039 MSE: 0.0016 MSE: 0.0117 MSE: 0.0056 MSE: 0.0141 MSE: 0.01332
S ' - %s ’. o 't i ‘
= B -
:
~
+
S
S
~J
MSE: 0.0070 MSE: 0.0203 MSE: 0.1892 MSE: 0.2086 MSE: 0.0010 MSE: 0.0245
<
S
~

MSE: 0.0519

MSE: 0.0045 MSE: 0.0134 MSE: 0.0530 MSE: 0.0301 MSE: 0.0368

39



Network Analysis — generator

Reference
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Limitation

« Our method failed to synthesis textures when the input image has a global structure.

1024 x 1024 input Normal Diffuse Roughness Specular 2048 x 2048 render
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Limitation

« Our method failed to synthesis textures when the input image has a global structure.

1024 x 1024 input Normal Diffuse Roughness Specular 2048 x 2048 render

« Each input for our method requires individual training, which costs about 3 hours.
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Conclusion and Future work

Conclusion

An unsupervised GAN for joint SVBRDF recovery and synthesis without a large training dataset.

« Atwo-stream generator to enhance specular component.

* Anovel joint loss function for high-quality novel view renderings.

Future work

* Introduce existing knowledge about the material.
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Thank you for your attention

The code is available: https://github.com/mengshul1996/SVBRDF-GAN

Yezi Zhao, Beibei Wang, Yanning Xu, Zheng Zeng, Lu Wang and Nicolas Holzschuch
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