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Digital World

« The revolution in sensing, with the emergence of
many new sensing and imaging techniques,
offers the possibility of gaining unprecedented
access to the physical world

* In order to fully exploit these advances, it is
necessary to rethink imaging as an integrated --------4J-f--—-==-=-—-=—-}-—-—-—-—-----

. . Computational
sensing and inference model frasing

Analogue world
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In this talk we will cover two research areas where Computational Imaging can have an impact:

Technical Study of Old Masters Paintings Microscopy and Neuroscience




Imperial College ] ]
London Joint work with

Junjie Huang Carmel Howe Peter Quicke

Catherine Higgitt




Imegrial College Technical Examination of Paintings
onaon .

| NATIONAL
GALLERY

National Gallery &
@NationalGallery

Images © The National Gallery, London



Imperial College  Structure of a painting
London

|dealised painting stratigraphy

- = ]
—
-
—

T : ‘ Varnish/Glazes
... -+ 7=l Paintlayers
[ T 7 7 Sketches
Ground Layer
—— e S y

@ € — 4 Canvas




Imperial College ~ Structure of a painting
London

OM-
VIS

e
o % matu

" ra and

layers

“Underdrawin
Ground laye

Leonardo, The Virgin of the Rocks,
about 1491/2-9 and 1506-8
National Gallery (NG1093)

© The National Gallery, London
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» Macro X-ray provides volumetric data and the locations of the
pulses in the energy direction are related to the chemical
elements present in the painting.

* This potentially allows us to create maps that show the
distribution of different chemical elements
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» Macro X-ray provides volumetric data and the locations of the K series L seris A
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Portrait of Dofa Isabel de Porcel, © National Gallery, London (Francisco Goya)
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* Objective:
— To develop a fully automatic method for processing MA-XRF datacube of
the painting which is able to
» detect and locate the pulses from the MA-XRF spectra
* identify existing elements and show their distribution maps.

« Challenges:
— Pulses overlap
— Important pulses are buried in noise
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Overview of our proposed method
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The XRF spectrum can be seen as the sum of K pulses with the same pulse shape ¢(+)

plus the noise ¢,
K

:V[n] = Z ak¢[n - tk] + E[n]; § 60 - \—XRF spectrum‘

2]
k=1 Sa0+

where n = 0,1, ...,1 — 1 represents 8
c

the energy channels. g%
o 0 Prorwry sl Ty I I I

0 0.5 1 1.5 2 2.5 3 3.5
Energy (eV) x10%

We need to retrieve amplitudes a; and locations ¢, of the pulses
The pulse shape is known a-priori
The amplitude of the pulses must be positive
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« The key idea is to connect our problem to a method broadly used in
engineering and known as Prony’s method

ylnl = sim] = > bl
k=1

where bk = Clkejwotk, U = ejlltk

* Retrieving the pulse locations u; and the amplitudes a; from s[m] is a
classical problem first solved by Baron de Prony in 1795.
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+  We find coefficients c,, , such that the weighed sum of the pulses ¢(t) can
approximately reproduce complex exponentials:

Z Cm,ngo(t - Tl) ~ ejwmt
n
« Forw,, =wy+mid, m=0,1,.. M, where M is the number of exponentials we
aim to reproduce and w, is arbitrary.
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Z Cm,ngo(t - Tl) ~ ejwmt

Pulse shape Reproduction of exponentials




00/12/2021
Imperial College Computation of the coefficients ¢, ,,

London

+  We want to find coefficients c, , such that , fm(®)
Yn Cma®@(t—n) = f, (t) in the least-square sense. i

*  We need to compute the orthogonal projection of f,, (t) onto i
V= span{e(t —n)}, Subspace V E

«  This means (fi,(t) — Xn cma@(t—1n), @(t—Kk)) =0 é
(orthogonality principle) @ =t)

«  Leveraging the fact that we are considering uniform shifts of 5
¢(t) and that in our case f,,(t) = el®mt we end-up with an - e(t—-1)
exact expression': e 0.

P(0py)eOm®
C = -
m,n é;(e]wm)

where a,(e/®m ) is the z-transform of (¢(t — n), p(t))

atz = el®m,

1J. Uriglien, T. Blu, and P. Dragotti, “FRI sampling with arbitrary kernels,” IEEE Transactions on Signal Processing, vol. 61, no. 21, pp. 5310-5323, 2013.
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«  Moments s[m] are computed as follows:

(N=1 K N-1
sim] S“ Cm,nl;[n] = S“ Ak z Cmn@ltx —n]
! n=0 . k=1 n=0
K - == = = - K
~ Z akejwmtk — Z akefwotk (ej/“k)m = z bkuzn,

where bk = Clkejwotk, Ui = ejltk
« The amplitudes a, and locations ¢, can now be retrieved using Prony’s
method.
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Assume: s, = Zle byu;" and consider the polynomial:

K
P(x) = H(X —u) = XK hyx K71 hpx K72 1 b x4 b
k=1

It is easy to verify that

SntK + hispik—1+ haspik—2+ ...+ hgsn = Z bku,'(’P(uk) =0.
1<k<K

In matrix-vector form for indices n such that £ < n < ¢+ K, we get

So+K Se+K—1 Sy -1
St+K+1 So+K s So+1 hy
h
2 | =Tkeh=0
Sp4+2K—2 I I : th
| S¢42K—1  Se42K—2  S¢+K-—-1 | -

e
22
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The vector of polynomial coefficients h = [1, hy, ..., hk] " is in the null space of Tk s
Moreover, Tk ¢ has size K x (K 4+ 1) and has full row rank when the uy's are distinct.
Therefore h is unique.

Prony’s method summary:

1. Given the input s, build the Toeplitz matrix Tk , and solve for h. This can be
achieved by taking the SVD of Ty 4.

2. Find the roots of P(x) =1+ ZnK=1 hixK =K. These roots are exactly the
exponentials {ug ;.

3. Given the {ux}K_,, find the corresponding amplitudes {b;}¥_; by solving K
linear equations.

Many robust versions of Prony’s exist, e.g., Cadzow, matrix pencil etc.
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*  Prony’s method requires the number of pulses K to be known.

* In our case, K, which is related to the elements in the painting, is unknown
and need to be estimated automatically.

« The algorithm tries different possible K's and picks the one which leads to a
result which is consistent with the physics of the data (all positive pulses)
and sufficiently close to the raw data (energy of error = energy of
background signal).
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* Once the pulse locations are estimated they are assigned to the chemical elements
» Allocation and confidence depend on the amplitude of the pulse and its distance to
the closest emission line

‘ ‘ ‘ ‘ Element emission lines

Detected pulses

. Unc?%‘n\ty detey}\ed using Cramer-Rao bounding techniques
,/TK
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[7)]
Bound of one pulse @
Hp;q ..9_7
e A 8
S S k! , -
e L 80 100
S t AN pulse amplitude
L P2 W— SR
g // T\\kpq
S 2 e | L,
OO ) Tk o Tk !

Energy channels
-
26




Imperial College P .
London Element Distribution Maps

<+«—— Detected pulse
Element line
G SCOIE

« Confidence score and quantity score

° Hpq Hp,q N Hp,.q Hp,q
A q, A q)
o] NS S S |l S |l Y |
n RS 7] s |~ w 2] \
Q L7 . 2 R N kp.q P __Wkpyq s N
o / \ = / \ = / \
o . c =N i N S A
T | 2 S Tvkpq < d . © ,/‘ "‘:k,plq
Y
g // Lk \\ S g // tk“ \ S e/ 7 3" \ >
S - O "o T m 0 Tk Tk
Energy channels Energy channels Energy channels
Confidence Quantity

27



Imperial College  Extraction of Elemental Maps
London

Cu K-alpha -- quantity map
p—

Iron

' Lead

100

Our XRF

Deconvolution

60

Algorithm

40

20

Vincent van Gogh, “Sunflowers (NG3863)”, © The National Gallery, London.
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Leonardo da Vinci’'s “The Virgin of the
Rocks”

Highlighted is the region of an XRF dataset collected on the painting with an M6
Bruker JETSTREAM instrument (30 W Rh anode at 50 kV and 600 pA, 60 mm?2 Si drift
detector, and data collected with 350 um beam and pixel size and 10 ms dwell time).

Leonardo da Vinci, “The Virgin of the Rocks (NG1093),” about 1491/2-9 and 1506-8, oil on poplar, 189.5 x 120 cm, The National 29
Gallery, London.
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Copper (Cu) distribution maps
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Cu confidence map Cu quantity map
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Zinc (Zn) distribution maps

Zn quantity map
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Imperial College Sample Results | copper(cu) 901 986
London Zinc (Zn) 960

X-ray characteristic lines

~

|—XRF Spectrum |
—A Detected Pulses
Channel 901 —Reconstructed Signal

Cu confidence
map

Cu quantity
map

—XRF Spectrum
60~ —4A Detected Pulses
Channel 901 Channel 986 | —Reconstructed Signal
Cu K, Cu Kp
40 -
Channel 959
Zn K,
20—
OMv\cMA_AA N ~AN AAA.n A

; : i 800 850 900 950 1000 1050 1100
Zn confidence map Zn quantity map Pulse detection result of Pixel B on the drape

S. Yan, J. Huang, N. Daly, C. Higgitt and P. L. Dragotti, “Revealing Hidden Drawings in Leonardo’s ‘the Virgin of the Rocks’ from Macro X-Ray Fluorescence 32
Scanning Data through Element Line Localisation”, IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), May 2020.
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Machine Learning to extract painting underneath (project lead by UCL")

Lad

(@) (b) Q

Francisco de Goya, Dona Isabel de Porcel (NG1473),
before 1805. Oil on canvas. (a). RGB image. (b). X-ray image.

TW. Pu, J. Huang, B. Sober, N. Daly, C. Higgitt, P.L. Dragotti, . Daubechies and M. Rodrigues, ‘A Learning Based Approach to Separate Mixed X-
Ray Images Associated with Artwork with Concealed Designs”, EUSIPCO 2021.
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Machine Learning to extract painting underneath

Separation Results
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* Goal of Neuroscience: to study how
information is processed in the brain

* Neurons communicate through pulses called
Action Potentials (AP)

* Need to measure in-vivo the activity of large
populations of neurons at cellular level
resolution

« Two-photon microscopy combined with right
indicators is the most promising technology
to achieve that
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Fluorescent sensors within tissues

Highly localized laser excites fluorescence
from sensors

Photons emitted from tissue are collected

Focal spot sequentially scanned across
samples to form image

Two-Photon Microscopy

Point scanning (2PLSM)

Axial
Scan
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Fluorescent sensors within tissues

Highly localized laser excites fluorescence No scattr Soatter Nosesten seater
¢
from sensors B

Focal spot sequentially scanned across
samples to form image

Two-photon microscopes in raster scan
modality can go deep in the tissue but are
slow

Photons emitted from tissue are collected Y

T

Excitation
Fluorescence
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* In order to speed up acquisition one can change the illumination strategy
«  This mitigates the issue but does not fix it

Point detector Camera sensor Camera sensor

= A A

T
Pl
7 ) ‘
2oy 2y oy Y 2y
X X X
Point illumination Line illumination Plane (light-sheet)
illumination
Excitation —> Scan direction
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Native Image Plane
Uxp)

Native Object Plane Fourier Plane
U,Gp) Us(x.p)
Light-Field Microscopy (LFM) is a high- : |
speed imaging technique that uses a 0’“«“"\/
simple modification of a standard '
microscope to capture a 3D image of an
entire volume in a single camera snapshot gealpoint |

source at p
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Light-field Microscopy and EPI
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* First introduced in [LevoyH906]

« Light rays are characterized by their intersection with the camera plane and the image
plane

* 4D parameterization of the lightfield

camera plane T
object
Novel view image plane

position

\
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Pearson et al. IEEE TIP 2013
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Real LFM for a bead in different depths ranging
from 0 to 32 um

eal Lightfield Images and EPIs

Sub-aperture images along vertical and horizontal directions
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EPIs from real LFM data. i-k direction (left) and j-I direction (right)
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depth=-a8um depth=-4dum depth=-40um depth=-36um depth=-32um
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Simulated EPI dictionary. Each atom corresponds to a specific depth
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Convolutional Sparse Coding via ADMM

We develop a convolutional sparse coding algorithm to decompose the input EPI into latent factors to estimate

depth and spatial locations.

Objective inimage domain:

. M M
min  S|Y =30 dp *#zml2+ 8 e Zmlh

‘\Qﬂ

Objective in Fourier domain:

. . M A - M
min 3| =Y dm © Za 3+ 8 Xy l2m s

m ]

Objective in matrix format:
min  5||Y — DZ| + 3 ||Z]|,

e

1 Iz
£(Z,T,7) =S¥ =DZ|3 + BI Tl + v (Z=T) + J|1Z - T||3

‘\ﬁﬂ

Lagrangian

ADMM algorithm for solving CSC \

Zz () — arg mzin L(Z,T(i)s“Y(i))

=F HO D +uD) ' OTY — 5+t P}

i+ _ arg mTi-n E(Z(i+1),T,'y(i))

=85/,(Z" + 4 /1)

~0HD — are min £(Z0HD, TOTD )
Y

k — .Y(‘i) + ‘u(z(ﬂ-l) _ T(‘i-l-l)) /
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Numerical Results
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(a) Raw LFM data for a neuronal cell at different depths away from the focal plane.

(c) Foreground and Background at depth 12 ym

(b) Sub-aperture image arrays for depth 0, 12, 24 and 36 pm, respectively.
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umerical Results

13,j=9 14, j=9

g 0 0
1] 5
ul0 0
0 5 10 o0 5 10

(d) The central column of the sub-aperture image array at depth 36 um. View changes from down to up. Above: with background. Below: background is removed.
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(e) Constructed EPIs in the j — [ space. Purified EPIs in the 5 — [ space without background.
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» The convolutional sparse model leads naturally to an iterative optimization strategy (ISTA) that can
be unfolded
» Training based on synthetic data obtained using the Broxton forward model

P e e e e e T T R T e e e ]

’ ~
angular  gpy X 7 1 T . 1 H ; H ‘I value Sparse codes
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(a) Localization performance of phase-space method [6, 8]. RMSE
for X, y, z position detection is 4.05, 5.48, 3.41 pm, respectively.
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(b) Localization performance of CSC approach [9]. RMSE for x, y,
z position detection is 1.78, 2.94, 1.14 pm, respectively.
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(c) Localization performance of the proposed CISTA-net. RMSE
for X, y, z position detection is 1.60, 1.98, 0.82 pm, respectively.
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*  Why Computational Imaging?
— ltis fun &
— ltis inter-disciplinary

— ltis the right way to handle ‘big data’: joint sensing, representation,
analysis and inference
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