Full text available at: http://dx.doi.org/10.1561/2000000101

Biomedical Image
Reconstruction: From the
Foundations to Deep Neural
Networks



Full text available at: http://dx.doi.org/10.1561/2000000101

Other titles in Foundations and Trends® in Signal Processing

A Brief Introduction to Machine Learning for Engineers
Osvaldo Simeone

ISBN: 978-1-68083-472-7

A Survey on the Low-Dimensional-Model-based Electromagnetic
Imaging

Lianlin Li, Martin Hurtado, Feng Xu, Bing Chen Zhang, Tian Jin,
Tie Jun Xui, Marija Nikolic Stevanovic and Arye Nehorai

ISBN: 978-1-68083-462-8

Synchronization and Localization in Wireless Networks
Bernhard Etzlinger and Henk Wymeersch
ISBN: 978-1-68083-434-5



Full text available at: http://dx.doi.org/10.1561/2000000101

Biomedical Image Reconstruction:
From the Foundations to Deep
Neural Networks

Michael T. McCann

Ecole polytechnique fédérale de Lausanne
michael.mccann@epfl.ch

Michael Unser

Ecole polytechnique fédérale de Lausanne
michael.unser@epfl.ch

now

the essence of knowledge

Boston — Delft



Full text available at: http://dx.doi.org/10.1561/2000000101

Foundations and Trends® in Signal Processing

Published, sold and distributed by:
now Publishers Inc.

PO Box 1024

Hanover, MA 02339

United States

Tel. +1-781-985-4510
www.nowpublishers.com
sales@nowpublishers.com

Outside North America:
now Publishers Inc.

PO Box 179

2600 AD Delft

The Netherlands

Tel. +31-6-51115274

The preferred citation for this publication is

M. T. McCann and M. Unser. Biomedical Image Reconstruction: From the Foun-
dations to Deep Neural Networks. Foundations and Trends® in Signal Processing,
vol. 13, no. 3, pp. 283-359, 2019.

ISBN: 978-1-68083-651-6
© 2019 M. T. McCann and M. Unser

All rights reserved. No part of this publication may be reproduced, stored in a retrieval system,
or transmitted in any form or by any means, mechanical, photocopying, recording or otherwise,
without prior written permission of the publishers.

Photocopying. In the USA: This journal is registered at the Copyright Clearance Center, Inc., 222
Rosewood Drive, Danvers, MA 01923. Authorization to photocopy items for internal or personal
use, or the internal or personal use of specific clients, is granted by now Publishers Inc for users
registered with the Copyright Clearance Center (CCC). The ‘services’ for users can be found on
the internet at: www.copyright.com

For those organizations that have been granted a photocopy license, a separate system of payment
has been arranged. Authorization does not extend to other kinds of copying, such as that for
general distribution, for advertising or promotional purposes, for creating new collective works,
or for resale. In the rest of the world: Permission to photocopy must be obtained from the
copyright owner. Please apply to now Publishers Inc., PO Box 1024, Hanover, MA 02339, USA;
Tel. +1 781 871 0245; www.nowpublishers.com; sales@nowpublishers.com

now Publishers Inc. has an exclusive license to publish this material worldwide. Permission
to use this content must be obtained from the copyright license holder. Please apply to now
Publishers, PO Box 179, 2600 AD Delft, The Netherlands, www.nowpublishers.com; e-mail:
sales@nowpublishers.com



Full text available at: http://dx.doi.org/10.1561/2000000101

Foundations and Trends® in Signal Processing
Volume 13, Issue 3, 2019

Editor-in-Chief

Yonina Eldar
Weizmann Institute
Israel

Editors

Pao-Chi Chang
National Central
University

Pamela Cosman
University of California,
San Diego

Michelle Effros
California Institute of
Technology

Yariv Ephraim

George Mason University

Alfonso Farina
Selex ES

Sadaoki Furui

Tokyo Institute of
Technology

Georgios Giannakis
University of Minnesota
Vivek Goyal

Boston University
Sinan Gunturk
Courant Institute
Christine Guillemot
INRIA

Robert W. Heath, Jr.

The University of Texas at
Austin

Editorial Board

Sheila Hemami
Northeastern University

Lina Karam
Arizona State University

Nick Kingsbury
University of Cambridge
Alex Kot

Nanyang Technical
University

Jelena Kovacevic
New York University

Geert Leus
TU Delft

Jia Li
Pennsylvania State

University

Henrique Malvar
Microsoft Research

B.S. Manjunath
University of California,
Santa Barbara

Urbashi Mitra

University of Southern
California

Bjorn Ottersten
KTH Stockholm

Vincent Poor
Princeton University

Anna Scaglione
University of California,
Davis

Mihaela van der Shaar
University of California,
Los Angeles

Nicholas D. Sidiropoulos
Technical University of
Crete

Michael Unser
EPFL

P.P. Vaidyanathan
California Institute of
Technology

Ami Wiesel
The Hebrew University of
Jerusalem

Min Wu
University of Maryland

Josiane Zerubia
INRIA



Full text available at: http://dx.doi.org/10.1561/2000000101

Editorial Scope

Topics

Foundations and Trends® in Signal Processing publishes survey and tutorial
articles in the following topics:

Adaptive signal processing
Audio signal processing

Biological and biomedical signal
processing

Complexity in signal processing
Digital signal processing

Distributed and network signal
processing

Image and video processing
Linear and nonlinear filtering

Multidimensional signal
processing

Multimodal signal processing
Multirate signal processing
Multiresolution signal processing
Nonlinear signal processing

Randomized algorithms in signal
processing

Sensor and multiple source signal
processing, source separation
Signal decompositions, subband
and transform methods, sparse
representations

Signal processing for
communications

Signal processing for security and
forensic analysis, biometric signal
processing

Signal quantization, sampling,
analog-to-digital conversion,
coding and compression

Signal reconstruction,
digital-to-analog conversion,
enhancement, decoding and
inverse problems

Speech/audio/image/video
compression

Speech and spoken language
processing

Statistical/machine learning

Statistical signal processing
— Classification and detection

— Estimation and regression

— Tree-structured methods

Information for Librarians

Foundations and Trends® in Signal Processing, 2019, Volume 13, 4
issues. ISSN paper version 1932-8346. ISSN online version 1932-8354.
Also available as a combined paper and online subscription.



Full text available at: http://dx.doi.org/10.1561/2000000101

Contents

List of Abbreviations
1 Introduction

2 Forward Models
2.1 VectorSpaces . . . . . . . ... ...
2.2 Linear Operators . . . . . . . . .. ... ... ...
2.3 Building Blocks . . . . . ... ..o
2.4 Discretization . . . .. ... Lo
25 Summary . ...

3 Classical Image Reconstruction
3.1 Direct Inversion . . . . . .. ... ...
3.2 Variational Methods . . . . . . .. ... ... ... ...
3.3 Tikhonov regularization . . . . . . .. ... ... L.
3.4 Bayesian Formulation . . . .. .. ..o
3.5 lterative Reconstruction . . . . . . ... ... ... ...
3.6 Summary . ...

4 Sparsity-Based Image Reconstruction
4.1 Sparsity and Compressive Sensing . . . . . . .. ... ...
4.2 Representer Theorems for /5 and /1 Problems . . . . . ..

© 0o ~N

10
17
20

22
22
23
27
31
33
35



Full text available at: http://dx.doi.org/10.1561/2000000101

4.3 Bayesian View . . . . .. ..o
4.4 Algorithms . . . . . . .. o
45 Summary . . ..

5 The Learning (R)Evolution
5.1 Learning the Forward Model . . . . . . . .. ... ... ..
5.2 Learning the Regularization Term . . . . . . . .. ... ..
5.3 Going Outside the Variational Framework . . . . . . . ..
54 Other Designs . . . . . . . . . . ... ...
5.5 Where to Get the Training Data . . . . . ... ... ...
5.6 Summary . . . ...

6 Conclusion
6.1 Comparisons . . . . . . . ..
6.2 Future Directions . . . . . . . .. .. ... ... ...

Acknowledgements

References

47
48
49
52
56
o7
58

59
59
62

63

64



Full text available at: http://dx.doi.org/10.1561/2000000101

Biomedical Image Reconstruction:
From the Foundations to Deep

Neural Networks
M. T. McCann! and M. Unser?

! Biomedical Imaging Group and the Center for Biomedical Imaging,
Signal Processing Core, EPFL, 1015 Lausanne, Switzerland
2 Biomedical Imaging Group, EPFL, 1015 Lausanne, Switzerland

ABSTRACT

This tutorial covers biomedical image reconstruction, from
the foundational concepts of system modeling and direct
reconstruction to modern sparsity and learning-based ap-
proaches.

Imaging is a critical tool in biological research and medicine,
and most imaging systems necessarily use an image recon-
struction algorithm to create an image; the design of these
algorithms has been a topic of research since at least the
1960’s. In the last few years, machine learning-based ap-
proaches have shown impressive performance on image re-
construction problems, triggering a wave of enthusiasm and
creativity around the paradigm of learning. Our goal is to
unify this body of research, identifying common principles
and reusable building blocks across decades and among
diverse imaging modalities.

We first describe system modeling, emphasizing how a few
building blocks can be used to describe a broad range of
imaging modalities. We then discuss reconstruction algo-
rithms, grouping them into three broad generations. The

M. T. McCann and M. Unser (2019), “Biomedical Image Reconstruction: From
the Foundations to Deep Neural Networks”, Foundations and Trends® in Signal
Processing: Vol. 13, No. 3, pp 283-359. DOI: 10.1561/2000000101.
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first are the classical direct methods, including Tikhonov reg-
ularization; the second are the variational methods based on
sparsity and the theory of compressive sensing; and the third
are the learning-based (also called data-driven) methods,
especially those using deep convolutional neural networks.
There are strong links between these generations: classical
(first-generation) methods appear as modules inside the lat-
ter two, and the former two are used to inspire new designs
for learning-based (third-generation) methods. As a result,
a solid understanding of all three generations is necessary
for the design of state-of-the-art algorithms.
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ADMM alternating direction method of multipliers
CCD charge-coupled device

CG conjugate gradient

CNN convolutional neural network

CT computed tomography

DCT discrete cosine transform

ET electron tomography

FBP filtered back projection

FFT fast Fourier transform

GPU graphics processing unit

i.i.d. independent and identically distributed
ISTA iterative shrinkage and thresholding
MAP maximum a posteriori

MMSE minimum mean square error
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PET positron emission tomography
PSF point spread function

RKHS reproducing kernel Hilbert space
SGD stochastic gradient descent

SIM structured-illumination microscopy
SNR signal-to-noise ratio

SPECT single-photon emission computed tomography
SSIM structural similarity index

TCIA The Cancer Imaging Archive
TV total variation
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cessing Institute
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