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Challenge of Image Reconstruction
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Bayesian Inference
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Overview

Image Reconstruction Algorithm

Likelihood Prior
“Data Term” “Previous Expectations Term”



’ Likelihood Term: Forward Modeling
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' Van Cittert-Zernike Theorem
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2D Fourier Transform of Continuous Image
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Discrete Space Fourier Transform : Direct Fourier Transform
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Image Representation: Rectangle Pulse



Image Representation: Triangle Pulse

Equivalent to Linear Interpolation
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' Approximate Van Cittert-Zernike Theorem: 1D
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' Approximate Van Cittert-Zernike Theorem: 2D

Scalar
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Same Calculation as Before!

Works for Any Pulse With a Closed-Form Fourier Transform



Overview

Image Reconstruction Algorithm

Likelihood Prior
“Data Term” “Previous Expectations Term”

Some images adapted from slides by Daniel Zoran



Natural Image Prior

Given an NxN matrix X return P(X) - “Probability that X is a natural image”

An unlikely image A more likely image A likely image



Natural Patch Prior




Natural Patches




Modeling the Patches
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Samples from Natural Patch Model
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Celestial Images




Samples from Celestial Patch Model
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Black Hole Images

Images courtesy of Avery Brodrick




Samples from Black Hole Patch Model
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Optimization

Expected Log Likelihood - EPLL

“Half-Quadratic Splitting”



Results — Synthetic Data
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Results — Real Data
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VLBI Dataset Website

VLBI Reconstruction Dataset

A Dataset Designed to Train and Test Very Long Baseline Interferometry Image Reconstruction Algorithms

Welcome to the VLBI Reconstruction Dataset!

The goal of this website is to provide a testbed for developing new VLBI reconstruction algorithms. By supplying a large set of easy to understand

training and testing data, we hope to make the problem more accessible to those less familiar with the VLBI field. Specifically, this website contains a:

« Large set of synthetic training data for many different VLBI arrays and targets

« Set of real data measurements provided in the same standard format

« Standardized data set for testing VLBI Image Reconstruction Algorithms

« Online quantitative evaluation of algorithm performance on simulated testing data

« Qualitative comparison of algorithm performance on the reconstruction of real data

« Online form to easily simulate realistic data using your own image and telescope parameters

vibiimaging.csail.mit.edu
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Approximate Continuous Image: 1D
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' Approximate Van Cittert-Zernike Theorem: 1D
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Probability of each
measurement given image
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’ Atmospheric Noise and Closure Phase
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Overview

Image Reconstruction Algorithm

Likelihood Prior
“Data Term” “Previous Expectations Term”

Image Representation Training a Patch Prior

Bispectrum Energy Reconstructing with a Patch Prior
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Image Reconstruction Algorithm

Likelihood Prior
“Data Term” “Previous Expectations Term”

Image Representation Training a Patch Prior

Bispectrum Energy Reconstructing with a Patch Prior



Simple Example

Training Image



Simple Example
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A Simple Prior Learned from Training Data



Simple Example

Noisy image we wish to restore using our patch prior



Unlikely
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’ Simple Example

1
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Overlapping Patches - Patch Averaging



Simple Example

Ve want every patch in the output to be



Expected Patch Log Likelihood - EPLL
We propose the EPLL cost function:

EPLL is NOT P(x)

|l AvrAlnaA asl 'I'l‘\ nm-l-nl»\f\e nAat Tnma~aael Iﬂe AnnAeArJ

fp(X‘Y) — ||AX Y|2 Zz log p(Pix)




Optimization

We use “half-quadratic splitting”
Introduce a set of auxiliary variables Z

Solve the following optimization problem:

cp.p(x, Zly) = 5||Ax — y|* +



