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Conventional Fluorescence Microscopy Limitations

» Lateral resolution is limited by light diffraction phenomena

+

mtm

NARRN AR N R
Not resolved  Just resolved Resolved

> Smallest resolvable distance (Rayleigh Criterion): d = 01'\?114* (~ 200nm)

A: emission wavelength, N A: Numerical Aperture.

Diffraction limit
(around 200nm)

10pum 1um 100nm 10nm
nucleus Proteins
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cell

°
Corona virus molecules
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Fluctuation-based Super-Resolution Methods

We want:

» Use of standard equipment / conventional fluorophores

» Harmless excitation levels / no sample fixation

» Improved temporal resolution

Excited
state.
Photon \

Ground
state

Fluorophore states
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Fluctuation-based Super-Resolution Methods

We want:
» Use of standard equipment / conventional fluorophores
» Harmless excitation levels / no sample fixation

» Improved temporal resolution

Ground
state

Fluorophore states Temporal profile of a pixel
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Fluctuation-based Super-Resolution Methods

BEE  som(

J Super resolution Optical Fluctuation Imaging
SRRF ( ) JJ
Super-Resolution Radial Fluctuations ——

SPARCOM ( )
SPARsity based super-resolution COrrelation Microscopy

LSPARCOM ( )
Learned SPARCOM

COLORME ( )
COvariance-based £y super-Resolution Microscopy with intensity Estimation
P Exploits sparsity in the covariance domain uppor
profts sparsity N =
P> Estimates real intensity values Y

» Does not have artifacts

v Intensity
> Extends to 3D (3D MA-TIRF COLORME) : d/~Bsely
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Simulated Data
GT image COLORME-CELO COLORME-/;




Real TIRF Data

COLORME-CELO COLORME-/,

SPARCOM LSPARCOM
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Mathematical Modeling
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Mathematical Modeling
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Reformulate the model in the Covariance Domain:

Ry = YR, ¥" + Ry

-
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Mathematical Modeling
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Xt c RLXL
Yt c RNXN

q=4
L=¢gN

) +N:+B
1q

Y= My(HXe) + Ne + B 2 v = Oxe +ne+b, Vi=1,...,T

Reformulate the model in the Covariance Domain:

Ry = YR, ¥" + Ry
> Ry is diagonal: ry = diag(Rx) € RI;Q
> R, = sl if ng ~ NV(0,s1y2)
> Q={i:(rx) #0} = {i:x; #0}

Ry ~

-
T Z e =N - »7T

r2 r2
SN X N=
e rY
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Mathematical Modeling

Xt c RLXL

Yt c RNXN

:<.

> +N:+B
lg

Y= My(H(X¢) + Ne + B U o0 — x4 ne +b, Ve=1,...,T

Reformulate the model in the Covariance Domain:

vec(-

Ry = UR¥T + R “lr) = (0 W)rct sl |

» Ry is diagonal: ry = diag(Rx) € Rf
> R, = sl if ng ~ NV(0,s1y2) c RNZxNZ

7 = RY
> O ={i:(rx); #0} = {i:x; #0}

Ry ~

.
T Z e =0 - »T

q=4

L=¢gN
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COLORME (CO

Support
Estimation

Intensity
Estimation

%) R M E

Find the pixels in the fine grid that contain at
least one fluorescent molecule.
(Covariance Domain)

Compute intensity values for the pre-estimated
support.
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COLORME

Support
Estimation ‘

arg min %Hry — (T O ¥)rx — sLy||3 + R(rx; \)
TxE]RiQ, sER

Intensity
Estimation

. 1,
argmin =[5 — Wox — b3+ al|Vax|? + 8| Vb2

Q 2
xeR!?!, berY
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COLORME, Support Estimation: "Hand-crafted Regularizers"

L2 2
> CELO': R(rxid) = 3 A= 13 (e - ¥23) L

i=1 (XA
> {1-norm: R(rx;A) = A||rx]|1
> TV: R(rx; A) = M| Vrx|l2,1
y + GT CELO result? /1 result TV result

A

L Continuous Exact Lo (CELO) penalty ( )
2An algorithmic restarting approach has been considered to improve the support
reconstruction quality
12 /23
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COLORME, Support Estimation

argmin F(rx,s) + AR(rx)

ryx>0,s>0

where F(rx, s) = 1|lry — (¥ © ¥)ry — sI,||3

Algorithm COLORME, Support Estimation

Require: ry, € RM 50 e RY A >0
repeat
sh Tl — L T(ry — (¥ O W), ")
2"t = F — TV F (xR, sF
r = PFOXTMQ(-)(Z}CH)

until convergence

return = {i: (rx); #0}, s

Definition of proximal operator: prox,r.)(z) := arg min{% Ix — 2|2 + YR(x)}.
x€RL?
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PnP - COLORME, Support Estimation

argmin F(rx,s) + AR(rx)

ryx>0,s>0

where F(rx, s) = 3|ry — (¥ © ¥)ry — sI,||3

Algorithm PnP - COLORME, Support Estimation

Require: r, € RM‘l, ry’ € RL2,)(0 >0
repeat
s = LI (ry — (¥ 0 ¥)r")
zFtt =k — TV}'(rxk, sk“)
rx" = pro oE ) = D, (z"h)
until convergence

return Q= {i: (rx); #0}, s

Plug-and-Play (PnP) methods (
Replace, within a proximal algorithm, the operator pI‘OXT)\R( ) with a more
general image denoiser.
14 /23



Choice of the denoiser

Use a gradient step denoiser of the form?:

D,(z) =z — VR,(z),

where R, : RL2 — R is a scalar function defined by:

Ro(2) = lla— No (@),

with N, : RL2 — RL2 being a neural network.

3( ) ;
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Choice of the denoiser

Use a gradient step denoiser of the form?:
D,(z) =z — VR, (z), (1)
where R, : ]RL2 — R is a scalar function defined by:
Ro(a) = 312~ No(a)], 2)
with N, : RL2 — RL2 being a neural network.

Convergence Guarantees
In ( ), they prove that D,(z) = prox,_(z),

¢o € RY* 5 R and derive convergence guarantees of the resulting PGD
scheme.
In each iteration:

Golrt, s4) = Flrdt, o)+ Ra(a) = Sl1a* — r)3

3( ) ; )
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Introducing a scaling parameter

Introduce denoiser scaling parameter® 1 > 0:

Dyo(2) i= D (42), (3)

4( )
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Introducing a scaling parameter

Introduce denoiser scaling parameter® 1 > 0:

Dyo(2) i= Do (p2), (3)

The denoiser step will now be:

n = D (),

4( )
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Introducing a scaling parameter

Introduce denoiser scaling parameter® 1 > 0:

DmaazziDawa, 3)

The denoiser step will now be:

r = D (),

In each iteration:

1 1
Guuo (r", %) = F(r", %) + ERo(uzk) — llz" =

4( )
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Training the denoiser

Reminder:
r" T = Do (r® — TVF(ri, s¥11)) J

The denoiser takes as an input the sample auto-covariance
matrix of a fluctuating temporal sequence of images.

18 /23



Training the denoiser

> Dataset: Create different spatial patterns — Generate fluctuating
sequences — Compute the temporal variance

S Ao 3 S

Add Gaussian noise 7 ~ N (02,021 ,2), with o ~ U(0, 50/255).
(500 pairs of clean-noise auto-covariance images and 100 for validation)

Shttps://github.com/samuro95/Prox-PnP
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Training the denoiser

> Dataset: Create different spatial patterns — Generate fluctuating
sequences — Compute the temporal variance

S Ao 3 S

Add Gaussian noise 7 ~ N (02,021 ,2), with o ~ U(0, 50/255).
(500 pairs of clean-noise auto-covariance images and 100 for validation)

> Training: We follow the procedure suggested in ( ) and
use the code available online®.

Shttps://github.com/samuro95/Prox-PnP
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Preliminary Results on Simulated Data*

diag(Ry) O ={i:(tx)i #0}

g;z,,rr

1200 00175

rHH = 2

00150
00125
00100
600 00075
00050

00025

* Only for deblurring (¢ =1 and L = N) and using a diagonal temporal
covariance matrix Ry .
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Sensitivity to denoising and scaling parameters

pn=0.4 n=0.7
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Results on Experimental HD SMLM Data

» High-density Single Molecule Localization
Microscopy acquisitions

» Real dataset created for the 2013 SMLM
challenge

» The dataset contains T' = 500 images, the
FWHM of the PSF is 351.8 nm.
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Results on Experimental HD SMLM Data

» High-density Single Molecule Localization
Microscopy acquisitions

» Real dataset created for the 2013 SMLM
challenge

» The dataset contains T' = 500 images, the
FWHM of the PSF is 351.8 nm.

S
i

Y

i

(r=0.9) (p=1.1)
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Results on Ostreopsis confocal Data

» Real biological sample of the
unicellular alga Ostreopsis

» The dataset contains
T = 500 images, the FWHM
of the PSF is 229 nm.
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Results on Ostreopsis confocal Data

» Real biological sample of the
unicellular alga Ostreopsis

» The dataset contains
T = 500 images, the FWHM
of the PSF is 229 nm.
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Conclusion and Future Work

Conclusion:

» A learned from the data proximal operator of a non-convex
regularization function (or a Denoiser) can capture better the geometry
of specific structures (e.g., filaments)

Future Work:

» Test the approach including also a down-sampling operator
(Super-Resolution)

» Take into account the complete covariance matrix Ry of our
diffraction-limited images.
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Thank you :)

e-mail: vasiliki.stergiopoulou@inria.fr

Do you have any questions?
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Preliminary results for PnP-COLORME (Super-Resolution)

O ={i:(Px)i # 0} Q= {i: (rx); #0}"

* For this reconstruction, only the temporal auto-covariances were used.
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Model reformulation in the Covariance Domain

yve =¥xe, VEt=1,...,T
X1

Y1 A4 u

&

LI
. . -0
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Model reformulation in the Covariance Domain

Y1

&

—_—

X1

Yt = ‘IIX'H

Yiy2

Vi=1,...

xT
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Model reformulation in the Covariance Domain

yve =¥xe, VEt=1,...,T
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Model reformulation in the Covariance Domain

ye=W¥xy, Vt=1,...,7 = Ry, ="YR,¥"
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Model reformulation in the Covariance Domain
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Model reformulation in the Covariance Domain

ye =¥xi+n,+b, Vi=1,...,T = Ry =YR,¥" +R,

X1
o
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COLORME (CO Lo R M

Support
Estimation ‘ » Covariance Domain:

’yt:‘I’Xt+nt+b ‘
N ¢

Ry = YR, " + R |

2 2
Ryz—l € RV*xN

To1 (yt -yt —-NT

ITMH

ryx = diag(Rx) € R Ry = sI,s € Ry
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COLORME (CO lo R M E )

Support
Estimation ‘ » Covariance Domain:

’yt:‘I’Xt+nt+b ‘
N ¢

Ry = YR, " + R |

T 2 2
Rsz%Z(yt—y)(yt—y) € RN"XN
t=1
ryx = diag(Rx) € R Ry = sI,s € Ry
vec() |

’ry:(\I'(D\Il)rx+sIV‘
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COLORME (CO

Support
Estimation

%) R M E

» Covariance Domain:

’yt:‘I’Xt+nt+b ‘
!
Ry = YR, " + R |

2 2
Ryz—l € RV*xN

T (Yt -yt —NT

ITMH

ryx = diag(Rx) € R Ry = sI,s € Ry
vec() |

’ry:(\I'(D\If)rx+sIV‘

v' Exploit the independent statistical behaviour
of the fluorescent emitters

v' Shrink the PSF

x We cannot compute real intensity values
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COLORME (CO lo R M E )

Support
Estimation ‘ » Covariance Domain:

'. ry = (¥ O ¥)ry + sk,
» Sparsity on rx
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COLORME (CO Lo R M

Support

Estimation ‘ » Covariance Domain:

'. ry = (¥ O ¥)ry + sk,
» Sparsity on rx

» Output: Q= {i: (rx

)i # 0} = {iixi #0},s
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COLORME (CO

Support
Estimation

Intensity
Estimation

%) R M E

Covariance Domain:
ry = (¥ O ¥)ry + sk,
Sparsity on rx

Output: Q = {i:(rx); #0} ={i:x; #0},s

Image Domain:

=W¥x¢+ns+b
Smoothing of signal intensities on the estimated
support 2 and smooth background

T
Output: x = % > x¢,b
i=1
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COLORME: Hyper-parameter Tuning

Support
Estimation ‘

1
arg min §Hry — (¥ © )rk — sLy |5 + R(rx; )
ry€RE?, seRy

Intensity
Estimation
1

arg min
& 2

122 N2
x€RL, bery

|¥ — Tax — b3 + 4[| Vax|3 + 5]|Vb]3
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COLORME: Hyper-parameter Tuning

1
arg min §||ry — (¥ O O)ryx — sIy||Z 4+ R(rx; \)
re€RE?, seRy
> A A =7\maz, ¥ € (071)
Amaz: a reference value, defined as the smallest regularization
parameter for which the identically zero solution is found.
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COLORME: Hyper-parameter Tuning

1
arg min §||ry — (¥ O O)ryx — sIy||3 4+ R(rx; \)
rxeRiz, sER

> A A= 'YAmaz; v E (O, 1)
Amaz: a reference value, defined as the smallest regularization
parameter for which the identically zero solution is found.

To avoid the dotted reconstruction (For CELO penalty) :
> We restart the algorithm repeatedly with a new initialisation each time,
that depends but is different to the previous reconstruction.

» The final support image is the superposition of the multiple
reconstructions.

: Solution of Run 1
+: Initialization of Run 2
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COLORME: Hyper-parameter Tuning

1
arg min §||ry — (¥ O O)rx — sIy||3 4+ R(rx; \)

2
l'xERi , sERL

> A A= 'YAmaz, v E (071)
Amaz: a reference value, defined as the smallest regularization
parameter for which the identically zero solution is found.

To avoid the dotted reconstruction (For CELO penalty) :
> We restart the algorithm repeatedly with a new initialisation each time,
that depends but is different to the previous reconstruction.

» The final support image is the superposition of the multiple
reconstructions.

: Solution of Run 1
+: Initialization of Run 2 o w0 w2
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COLORME: Hyper-parameter Tuning

. 1,
arg min 5\\3’—‘I’nx—b||§+ﬂl|VnXH§+ﬂ||Vb||§

12| N2
XG]RJr s bG]RJr

» 1: We can use the discrepancy principle, a well-known a-posteriori
parameter-choice strategy to efficiently estimate the hyper-parameter.
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COLORME: Hyper-parameter Tuning

. 1 _
argmin 5\\y—‘1'nx—b||§+u||VQXHS+ﬂ||Vb||§
x€R} ,beRf

» 1: We can use the discrepancy principle, a well-known a-posteriori
parameter-choice strategy to efficiently estimate the hyper-parameter.

Discrepancy principle strategy®
The regularization parameter p will be chosen such that:
Iy — ®ax, — b3 = vpplnl3 (4)

El

vpp & 1 is a 'safety factor’, ||n||2 = N2?7 s: the estimated noise variance.

We can define the function f(p): R — R as:

1, V2
$) = 515 = Tax,, — bl — 22 fef ®)

and we want p* : f(p*) = 0.
We can find iteratively p* using the Newton’s method:

_ fun)
f'(pn)

(6)

Hn41 = HUn

V.

SPer Christian Hansen,Discrete Inverse Problems: Insight and Algorithms, Society
for Industrial and Applied Mathematics, USA, 2010
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COLORME: Hyper-parameter Tuning

. 1 _
argmin §Hy—‘1'nx—b||§+MIIVQXH§+/3IIV'JII§
x€R} ,beRf

» [3: Does not require fine tuning
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COLORME: Intensity and Background estimation

Support
Estimation ‘

1
argmin = =|lry — (¥ © ®)ry — s, ||3 + R(rsx; A)
ry€RE?, seRy 2

Intensity
Estimation
1

arg min
& 2

122 N2
xer!’l, berY

I¥ = @ax — b3+ ul| Vax|l3 + 5] V|3
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COLORME: Intensity and Background estimation

> Retrieves real image intensity information
(the only super-resolution method exploiting temporal fluctuations)

— use the intensity information for 3D reconstruction in e.g.,
MA-TIRF (Multi-Angle Total Internal Reflection Fluorescence)
microscopy acquisitions.
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COLORME: Intensity and Background estimation

» Retrieves real image intensity information
(the only super-resolution method exploiting temporal fluctuations)
— use the intensity information for 3D reconstruction in e.g.,
MA-TIRF (Multi-Angle Total Internal Reflection Fluorescence)

microscopy acquisitions.

» Correct artifacts:
y + GT CELO result ¢1 result TV result

R ]
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COLORME: Intensity and Background estimation

» Results obtained using 500 frames:
GT CELO result /1 result

» Evaluation using the PSNR (Peak Signal-to-Noise Ratio) metric

PSNR

100 200 30 400 500 600 700
T (stack size)
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Simulated data

Diffraction limited frames
Low Background & SNR = 15.5dB

Size of the image: 40 x 40
Pixel size: 0.1 pum
Video rate: 100 fps

Acquisition time: 5 s

Spatial pattern: Microtubules dataset from the SMLM challenge 2016 ©
Temporal profiles: SOFI simulation tool (Girsault et al.. 2016)

Shttp://bigwww.epfl.ch/smlm/datasets/index.html
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Simulated data

Diffraction limited frames SOFI-tool approximation:

Low Background & SNR = 15.5dB

0 50 100 150 200
frame

Temporal profile of a single
molecule from SOFI-tool

Size of the image: 40 x 40
Pixel size: 0.1 pum
Video rate: 100 fps

Acquisition time: 5 s Real Temporal profile of a pixel.

o

Spatial pattern: Microtubules dataset from the SMLM challenge 2016 ©
Temporal profiles: SOFI simulation tool (Girsault et al.. 2016)
Shttp://bigwww.epfl.ch /smlm/datasets/index.html
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