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Introduction

= Motivation: Inferring scene information from photograph
— Scene editing in augmented reality (AR) applications
— Intrinsic Image Decomposition in image processing | scens components |

= Goals in this thesis ioe B
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— BRDF recovery |
— Photorealistic style transfer :

Geometric j'
model

— Depth recovery
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Introduction - Background

= Classical computer vision algorithms
— Known light sources
— Lambertian shading
— No shadows
— No interreflections

ECE ILLINOIS



Introduction — Recent Works

* |[mage synthesis perspective
— Rendering equatlon (Kajlya 19806)
Lo, 100,X) = L3000, X) + | 06,0600 ML, 05 ) - ms
— Monte Carlo path tracmg (Veach 1997)
= Scene parameterization
— Analytic BRDF
— Triangular mesh
— Mesh light source
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Introduction — Recent Works

= Variational inference perspective (Kingma and Welling,
2013, Balakrishnan et al., 2019)
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Methods N
argmin F(0O) = Z I, — I%)a
= Differentiable Path Tracing ° j

— Mitsuba 2 Inverse Renderer (Nimier-David, Vicini, et. al., 2019)

— Analytic BRDF: Linear interpolation of diffuse and specular
« GGX distribution for specular reflection, Lambertian for diffuse

— Lighting:
 BRDF recovery: Fixed point source or mesh light
* Photorealistic Style Transfer: Environment Map and mesh light

= Hardware
— NVIDIA RTX 2060 SUPER, 6GB GDDR
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Methods

= Variational Inference

— Objective: Find the most probable deprojected 3D volumetric data
y, given a projected 2D image x, with latent space vector z

— 3 function approximations using Convolutional Neural Net
» Posterior network ~p(z|y)~Normal(mu_psi(y), sigma_psi(y))
* Prior network p(z|x))~Normal(mu_phi(x), sigma_phi(x))
« Deprojection network y = g(x, z)
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BRDF Estimation

= Top: Initialized as diffuse surfaces
= Bottom: Target photo

= Fix lighting condition to a "pure-flash”
configuration

— Known light source and location after camera
calibration
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Conclusion

= Scene geometry recovery remains the most challenging
— Scene geometry also approximately differentiable through
sampling (Loubet et al., 2019)
= Assuming scene geometry is known, a wide range of BRDF
can be represented

— Restrictions: Multi-lobed BRDF
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