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Basic principles of Medical imaging

Medical imaging modalities

» Nuclear medicine (SPECT, PET)

» Radiology techniques (X-ray radiography, CT, MRI, Ultrasound)

Ankle CT Brain Ultrasound Chest MRI Elbow CT Hand X-ray
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Basic principles of Medical imaging

Spatial resolution in medical imaging

» Ultrasound imaging
» Increase the frequency - trade-off with penetration depth

» Increase the number of fires - trade-off with frame rate

1angle 5angles 20 angles 40 angles

Contrastin dB
Maximum frame rate in Hz

15000 3000 750 325
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Basic principles of Medical imaging

Spatial resolution in medical imaging

» Computed tomography

» Increase the radiation dose - trade-off with patient danger and
acquisition time

CBCT

75um
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Basic principles of Medical imaging

Summary

Spatial resolution in medical imaging

» Instrumentation definitely helps but at the cost of...

Field of view
Irradiation dose
Frame rate
Cost

» Can we (partially) compensate for the loss of spatial resolution
with post-processing methods ?

vVYyVvVey

» Image restoration seen as an inverse problem

» This also applies to biological images
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Inverse problems
Basics
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Inverse problems
Basics

Schematic view

Forward problem

Image (or other) -’C\T-x
of interest \y Measured

) data
y=T(x)
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Inverse problem
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Inverse problems
Basics

lll-posedness

y=T(x)+n

» y € CMis the observed data (image)
» x € CN is the image of interest (not observed)
» n e C"is the noise

T is the observation (forward) operator
» known : estimate x from y
» unknown : estimate x and T fromy
> Prior information on T (linear, parametric,...)

Inverse problems in computational medical imaging are usually ill-posed
» T is not invertible
» An infinity of solutions may exist

» A small perturbation on the data may cause an important variation on
the estimate (e.g. Fourier measurements)
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Inverse problems
Summary
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Inverse problems
Summary

General path

From the forward model to its inversion

» Establish the forward model T linking the unknown (image) to the data
» Balance between fidelity to physics and computational tractability

v

Define proper prior information about x and the noise
» Important impact on the solution’s pertinence

v

Formalize the inverse problem as a cost function minimization

v

Stochastic simulation or numerical optimization to find the minimizer

» Convexity of the cost function
» Form of the forward operator T
» Continuous and/or discrete variables

v

Is the solution reliable ?
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Model-based approaches
Image restoration
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Model-based approaches
Image restoration

Image restoration models

y=SHx+n

» x € RN : image to reconstruct
» y € RM : observable data
» H e RV*N : 2D convolution matrix

Deconvolution
» S :identity matrix (M = N)

Super-resolution
» S : subsampling matrix (M = d?N)

Compressed deconvolution
» S : random subsampling matrix (M << N)

Denoising
» SH =1 : identity matrix
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Model-based approaches
Image restoration

Outline of the talk

Model-based approaches
Image restoration

Image deconvolution
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Model-based approaches
Image restoration

laser
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Application Light Sheet Imaging
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Restoration of light sheet fluorescence microscopy 3D images :
» large 3D images (2Mb per “slice”, usually 300-500 slices)
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Model-based approaches
Image restoration

Application Light Sheet Imaging
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Restoration of light sheet fluorescence microscopy 3D images :
» large 3D images (2Mb per “slice”, usually 300-500 slices)
» optic defects (resolution, blur)
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Model-based approaches
Image restoration

Application Light Sheet Imaging
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Restoration of light sheet fluorescence microscopy 3D images :
» large 3D images (2Mb per “slice”, usually 300-500 slices)
» optic defects (resolution, blur)
» acquisition noise (low photon emission)
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Model-based approaches
Image restoration

Forward Model

Assuming :

m = P H X
~ O~ | ~~ =~

observed data Poisson noise \ convolution matrix unknown data

With prior :
p(x) o< [] exp(—aTV(x))

voxels

Boils down to the unconstrained problem :

arg min (1, Hx) — (m,log(Hx)) + aTV(x)

XeR"
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Model-based approaches
Image restoration

Inversion by ADMM

Let x € R, y € R™, B a matrix with / rows and n columns, C a matrix
with / row and m columns and b € R/.

ar

A(x) + f(y) (1)

g min
s.t.Bx—Cy=b,xeX,yeY

Lx,y,A\)=<1,w>—<y,log(w) > +a|z|1+

2
<>\,Bx—Cy—b>+§||Bx—Cy—b||§, (@)

> Xky1 = arg minxeRn C(X,yk, )\k),

> Y1 = argMingerm L(Xk11, Y, Ak)s

> A1 = A+ B(Bx + Cy — b),
until stopping criteria are met.
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Model-based approaches
[

Image restoration

In practice

=1
Xkp1 = F

F (HT(Wk — %) +vT (Zk . (>‘2,kv\3,k,/\4,k)))
F(HTH+VTV)

(3)

1 2
g-5 1 [(1 4m
Wik+1 = 5 T3 (5—Q> +?7 (4)
Aoy A3k A
Ze1 = softs (VXk+1 4 Qe ;“ 4*)). (5)
With g = Hxi41 + 25 and soft, (u) = 14

. X max([[ulls —,0).
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cence Microscopy Image Deblurring Using GPU Hardware, IEEE EMBC'11.

F. de Vieilleville, P. Weiss, V. Lobjois and D. Kouamé, Alternating Direction Method of Multipliers Applied to 3D Light Sheet Fluores-
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Model-based approaches
Image restoration

Drosophila

a = 0.002, 3 = 0.002, 50 iterations.
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Model-based approaches
Image restoration

Spheroids

a = 0.002, 3 = 0.002, 50 iterations.
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Model-based approaches
Image restoration

Outline of the talk

Model-based approaches
Image restoration

Image super-resolution
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Model-based approaches
Image restoration

Forward model

y=SHx +n

» y € RN*T :is the measured image, N, = m; x n
» x € RM>*1: super-resolved image to be estimated, N, = d?N,
» n c RV*T : Gaussian noise

Degradation operators

» H e RN»N - 2D circulant convolution matrix (PSF of the transducer)
> S e RY*M : subsampling operator

SH

o
m
m
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Model-based approaches
Image restoration

Proposed closed-form solution
.1
min 51y — SHx|3 + 7/|Ax — v]3

» Lemma

1
FS/SF" = ?(Jd ) - (g - 1)

where J; € R9%9 is a matrix of ones, |, and I, are identity

matrices and - is the Kronecker product.

» Proposed solution O(Nj, log Nj)
1 1

X = —F'WFr - —

X 2T ' 2T

where r = HYSHy 4 27AHv, & = F (A#A) ' FH and A € CV*M
is block diagonal

-1
FYOA" (2rdly + AWAH)  AWFr

N. Zhao, Q. Wei, A. Basarab, N. Dobigeon, D. KouamAl, J.-Y. Tourneret, Fast Single Image Super-resolution using a New Analytical
Solution for £2-€2 Problems, IEEE TIP, 2016
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Model-based approaches
Image restoration

(c) Proposed (£1)

(g) Classical (£41) (h) Classical (£5) (i) Classical (¢4 5) (j) Classical (44/3)
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Data-driven approaches / End-to-end : Deep Learning
SR for Qi i ic mi py
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Data-driven approaches / End-to-end : Deep Learning
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Data-driven approaches / End-to-end : Deep Learning
SR for Qi i ic mi py

SR for Quantitave acoustic microscopy

Basics of acoustic microscopy

» Very high frequency : 250 and 500 MHz
» Transmits short ultrasound pulses
» Receives the RF echo signals reflected from the sample

Sample

» Thin section of soft tissue (12um) affixed to a microscopy slide

NS NS

Reference
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Data-driven approaches / End-to-end : Deep Learning
SR for Qi i ic mi py

Spatial resolution in acoustic microscopy

Dependent on the central frequency

» Increasing the frequency comes with
» Increased costs associated with the transducer and then ecessary

electronics
» Experimental difficulties also arise (e.g., sensitivity to nm scale
vibrations and temperature)

Example of impedance images on a section of cancerous human lymph node

» Thin section of soft tissue (12m) affixed to a microscopy slide

250MHz 500MHz
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Data-driven approaches / End-to-end : Deep Learning

SR for Q

Py

Model-based super-resolution

USAF 1951 resolution phantom

» Super-resolution

Horizonthal profile

factord = 2

Vertical distance [um]

100 00 400 500 600
Lomsontal dtance [um]

Z [MRayl]

Z[MRay)
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Data-driven approaches / End-to-end : Deep Learning
SR for Q ic mi

Py

Model-based super-resolution

Fails on ex vivo samples

» Convolution with the PSF not sufficient to model the 250 MHz images

500 MHz Enhanced 250 MHz

17
165 —

£
16 >
156

. X 06 02 0. 0.6
X [mm] X [mm]
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Data-driven approaches / End-to-end : Deep Learning
SR for Q

Py

Data-driven super-resolution

Fully convolution neural network (U-net) trained on 250 and 500 MHz images

64 32 32
1 1
input output
250 MHz - - enhanced
patch patch
2
g g
2] o
= 2 E g
B a S =
2 64 64 12
N - e -
HE B ER E E
I}
64 128 128 256 128 128
- N
I %.; 2l lﬁ. - conv 3x3, Leaky ReLU
¥ 1 ¥ max-pool 2x2
128 256 26 } up-cony 3x3, Leaky ReLU
A

- concatenate (skip connection)

J. Mamou, T. Pellegrini, D. KouamAI, A. Basarab, A convolutional neural network for 250-MHz quantitative acoustic-microscopy reso-
lution enhancement,/EEE EMBC, 2019.
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Data-driven approaches / End-to-end : Deep Learning
SR for Quanti ic mi py

Results

250 MHz 500 MHz Enhanced 250 MHz

X [mm]

1.7
Model-based vs Data driven tes
approach
16
1.55
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Data-driven approaches / Model-based unfolding Deep Learning
Flow estimation and clutter

Outline of the talk

Data-driven approaches / Model-based unfolding Deep Learning
Flow estimation and clutter rejection
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Data-driven approaches / Model-based unfolding Deep Learning
Flow estimation and clutter rej

Introduction

Background

» The contours of the tumor is important
during surgery because it is an area from
which the tumor recurs.

» Existing techniques do not allow to
precisely visualize this area.

4

"ElastoGli" project

» To characterize in vivo the elasticity and
perfusion of the cerebral gliomas and this
peritumora| zone. Photographed by Chloe, another intern at the INSERM.
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Data-driven approaches / Model-based unfolding Deep Learning
Flow estimation and clutter rej

Data Pre-processing
Casorati matrix

S11
S21

Say

Sa1

Ss1

Se1

"\k il I | |
NX Sa1

So1

Nz*Nx

FIGURE: The construction of the Casorati matrix S from a 3D data block

data, n, Ny == SN, x Ny, Ny)
» Axis N; : the propagation direction of the ultrasound ;
» Axis Ny : the opening of the ultrasound array ;
> Axis N; : the acquisition of 2D ultrasound plans.
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Data-driven approaches / Model-based unfolding Deep Learning
Flow estimation and clutter rej

The inversion algorithm

Model Set-up
RPCA : A method to find the optimal sparse (Blood) and low rank (Tissue)
estimation from the sequences converted to Casorati matrix, by solving a
simple convex estimation problem.

S=T+B+N

» S c CN:NxM s the Casorati matrix obtained from the experimental 3D
Doppler data with depth N, probe width Ny and acquisition time N ;

> T c CNNexNe B cNeNxxNe gnd N e V=M xM: the tissue, blood and
noise respectively.

Inversion

(B, T) = argmin||S — HiB — HobmT][% + A[|Bl|; + |T]l-

I
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Data-driven approaches / Model-based unfolding Deep Learning
Flow estimation and clutter

ISTA algorithm (could also be done by ADMM)

Iterations

» two main steps

LA = sV, {(T- L%Hf’H;) L - HiHos* + HID}
sk = Ty n, {(1- £/ HY He) S* - HYHL LA + HYD}

Oren Solomon, Regev Cohen, Yi Zhang, Yi Yang, He Qiong, Jianwen Luo, Ruud J.G. van Sloun, and Yonina C. Eldar, Deep Unfolded
Robust PCA with Application to Clutter Suppression in Ultrasound, IEEE Trans. Med. Imging,2020

Denis Kouamé New advances in image processing : Some Inverse Problems in Biomedical Imaging



Data-driven approaches / Model-based unfolding Deep Learning
Flow estimation and clutter

ISTA algorithm (could also be done by ADMM)

Iterations

» two main steps

LA = sV, {(T- L%Hf’H;) L - HiHos* + HID}
sk = Ty n, {(1- £/ HY He) S* - HYHL LA + HYD}

(@) Terative algorithm for sparse and low-rank separation.

Oren Solomon, Regev Cohen, Yi Zhang, Yi Yang, He Qiong, Jianwen Luo, Ruud J.G. van Sloun, and Yonina C. Eldar, Deep Unfolded
Robust PCA with Application to Clutter Suppression in Ultrasound, IEEE Trans. Med. Imging,2020
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Data-driven approaches / Model-based unfolding Deep Learning
Flow estimation and clutter

Deep Unfolded version

Convolution come in the iterations

» Thus,

L = sVTy {PE«L* + Py «S* + P1+ D},
SEH =Ty (P« LY + P« 8" + PY« D},

Oren Solomon, Regev Cohen, Yi Zhang, Yi Yang, He Qiong, Jianwen Luo, Ruud J.G. van Sloun, and Yonina C. Eldar, Deep Unfolded
Robust PCA with Application to Clutter Suppression in Ultrasound, IEEE Trans. Med. Imging,2020
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Data-driven approaches / Model-based unfolding Deep Learning
Flow estimation and clutter

Deep Unfolded version

Convolution come in the iterations

» Thus,

L = sVTy {PE«L* + Py «S* + P1+ D},
SEH =Ty (P« LY + P« 8" + PY« D},

() Single layer from the comresponding unfolded algo-
rithm.

Oren Solomon, Regev Cohen, Yi Zhang, Yi Yang, He Qiong, Jianwen Luo, Ruud J.G. van Sloun, and Yonina C. Eldar, Deep Unfolded
Robust PCA with Application to Clutter Suppression in Ultrasound, IEEE Trans. Med. Imging,2020
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Data-driven approaches / Model-based unfolding Deep Learning
Flow estimation and clutter

Some results

Classical vs unfolded
» lllustrations,

US Data Bubbles Ground Truth . Bubbs -Comna Bubbles - DRPCA . Bubbles - DRPCANet (f)um)r
5 2 5
0 0 0
60 15
. & 20
% 100 -
12
Corona DRPCA Deconvolved Corona | Unfolded DRPCA (Ours)
PSNR (dB) 2441 2741 17.85 36.79
SSIM3 0.13 0.49 0.14 0.95

» Some more illustrations

Oren Solomon, Regev Cohen, Yi Zhang, Yi Yang, He Qiong, Jianwen Luo, Ruud J.G. van Sloun, and Yonina C. Eldar, Deep Unfolded
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Data-driven approaches / Model-based unfolding Deep Learning
Denoising

Outline of the talk

Data-driven approaches / Model-based unfolding Deep Learning

Denoising

Denis Kouamé New advances in image processing : Some Inverse Problems in Biomedical Imaging



Data-driven approaches / Model-based unfolding Deep Learning

Denoising

Denis Kouamé

Hamiltonian operator
Construct an adaptive basis using the solutions of SchrA{idinger

equation.
The Schroedinger equation :

~ 52y = —V(a)y + Ey
Can be rewritten as an eigenvalue problem :
Hoan = Ev,
where Ho 1 = —15V2 + V is the Hamiltonian operator.

Main idea : replace V(a), the potential of the system, by an
image pixels’ values.

The Hamiltonian operator associated to an image

x[i] + 422 fori=j
[]+22m .l)

_ =
Hoasli.f] = g fori=JEd,
—= fori=j+n,

0 otherwise,
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Data-driven approaches / Model-based unfolding Deep Learning

Denoising

Quantum adaptive transform

» The set of eigenvectors corresponding to the Hamiltonian operator represents the adaptive transform and is
denoted as the quantum adaptative basis (QAB).

2D images into 3D surface- il o
plots of potential . ills ) loise
Noisy potential (high pixels values) Hills,

Potential
without nolse\‘ |

ol Eneny

lleys
(owpixel values)

val
(ow pixels vales)
Associated
wave functions Localized

Lower Wave function

with energy E

Higher

\ 2D prdjection of: potentials !
! 3 : Vrequencles\l
/ 3t

frequencies .
. I Wave f\mclmnl

Wave function ,,
with energy E

i Extracted
] Contour plots of the
/ Probability amplitude of wave functions

the wave function

" Extracted
 clean patch

Clean-half of "

the image U\“ I -

Noisy-half of the =

image -

Higher
frequencies

Boat image Lower frequencies Localization of wave function
iin presence of noisy potential
in Bi dical
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Data-driven approaches / Model-based unfolding Deep Learning
Denoising

Denoising results

(c) PSNR=25.07 dB (d) PSNR=25.08 dB (e) PSNR=26.86 dB

(f) PSNR=27.43 dB (g) PSNR=28.02 dB (h) PSNR=27.37 dB (i) PSNR=28.07 dB

» (a) Clean Fruits image, (b) Image corrupted with Gaussian noise corresponding to a SNR of 15 dB.

» Denoising results obtained using : (c) wavelet hard thresholding, (d) wavelet soft thresholding, (e) total
variation regularization, (f) graph signal processing, (g) non-local means, (h) dictionary learning and (i)
proposed method.
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Data-driven approaches / Model-based unfolding Deep Learning

Denoising

TDeep unfolding

The architecture of the proposed Deep-Quantum-based image denoising

Nabla

Projection  Thresholding Inverse projection  Aggregation Restored

Noisy Extraction Interaction Construct
image [ayer layer Hamiltonian kernel layer image

[ayer [ayer [ayer
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Data-driven approaches / Model-based unfolding Deep Learning
Denoising

Some results

Classical vs unfolded
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