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Uncertainty Quantification and Active Learning
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Introduction



Real World Materials



SVBRDFs



Scalability, Speed

Cost, Quality

Material Capture
Custom Devices (Gonio Reflectometers, TAC7)Commodity Hardware



Material Capture

Smartphone Image Gao et al.
2019

Henzler et al.
2021

Shi et al.
2020



UMat

High Resolution SVBRDF (up to 1000 ppi)

GAN tailored for material digitization

Accurate, artifact -free, sharp maps

Uncertainty Quantification

Flatbed Scanners as Capture Device



Uncertainty in Single Image Material Estimation

Plausible Model EstimationsHow will this look like?
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Can we quantify the
uncertainty for a given

input material?
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Flatbed Scanners



Flatbed Scanners

Scan Albedo Scan Albedo Scan Albedo



Estimating Reflectance from Microgeometry
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SVBRDF



EstimatedInput

SVBRDF

Albedo Normals Roughness Specular



SVBRDF
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X: Albedo (Input) M (G(X)): Normals, Roughness, Specular



SVBRDF

Only Albedo +Normals +Roughness +Specular



Dataset



UMat: Dataset



UMat: Dataset
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Towards Material Digitization with a Dual-scale Optical System. 
Garces et al (TOG, Proc. SIGGRAPH 2023).



Model Design and Training
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Generator Architecture
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Losses

Pixel-wise norm for accurate maps

Pixel-wise and global adversarial 
losses for local and global quality

Style loss increases sharpness and 
perceptual quality

Frequency loss allows for better
learning high-frequency patterns



Evaluation



BRDF Evaluation Error

Average render distance betweenὓ
and estimated ὓ

We render Ὢȟ the SVBRDFsat a set of

optimized light and view positions 

We use a grayscale albedo K to isolate
the impact of the other parameters

Perceptually Motivated : Specular Peak
attenuation , Cosine Weighting



Artifact Detection

Input Image

Estimation with artifacts

Artifact -free estimation

Mutual information for automatic artifact detection



UMat: Qualitative Ablation


