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The HORUS project

Contex't . . Objectives
Observation of microscopic unlabeled samples To obtain a precise 3D map of optical indices.
(HIV) in Tomographic Diffractive Microscopy.
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Example on an Jerusalem artichoke pollen

Scheme and image of the microscope. (Courtesy of IRIMAS)

Laurence’s contribution :
Unsupervised regularized inverse approach.

L. Denneulin, F. Momey, D. Brault, M. Debailleul, A. M. Taddese, N. Verrier, & O. Haeberlé (2022). GSURE criterion for unsupervised regularized reconstruction
in tomographic diffractive microscopy. JOSA A, 39(2), A52-A61.
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Inverse approach principle

> Noisy data:
dg = dz + 11[

where 71, is a noise vector (photon, read out, ...)

‘? UTtoriA %
d;=d; = uj(n) = n=u,"'(d})

Direct or iterative inversion

Problematics :

> True uj; unknown = image formation model uy(n)
(Beam Propagation Method (BPM) [1], first Born/Rytov Approximation [2], ...)

» Formation model are not invertible.

= Inversion of up(n) alone can propagate noise and artifacts.

This motivates the use of regularizations
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Reconstruction with a regularized inverse approach

> Reconstruction by estimation of the index difference n between the object and the medium:

ne argmin{i%||dg—Ug(n)'|;+ fo(n) }
£=1 —

neC

Regularization(s)
Data fidelity

where C is a sign or value separable constraint and f, is composed of one or several regularization of
hyperparameters p. Here:

o Edge preserving smoothing [3]+ ¢;: o Total Variation [TV: 4]:
N N N
o) = A5 ((JIDgnlP + 2 = )+ A5 gl fom) = AT Dyl
k=1 k=1 k=1 l
with p = (AEP, , A61), with p = (ATY)
= Resolution with VMLM-B [6]. = Resolution with Primal-Dual Condat-Vu (7, 8].
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Reconstruction with a regularized inverse approach

> Recof Example with TV

where . n of
hype ol
o Edge Under-regularized ¢ — TV — » Over-regularized
N N N
_ EP 2 2 _ l
fym) =2 ;(\/nmnn + 2= p)+ A ;unknel fom =A™ Y Dyl
= = k=1

with p = (AFP, 1, A01).

with p = (A™)
= Resolution with VMLM-B [6].

= Resolution with Primal-Dual Condat-Vu [7, 8].

L. Denneulin , F. Momey, D. Brault, M. Debailleul, A. M. Taddese, N. Verrier, O. Haeberlé ~ Unsupervised Inverse approach for the 3D reconstruction in Tomographic Diffractive Microscopy 3/15



The GSURE criterion
The choice of p is critical to achieve a “good" reconstruction. Let n, be the reconstruction obtained for a
fixed p.

Quality criterions

prediction Mean Square Error (pMSE):
estimation Mean Square Error (eMSE):

L
1
* =~ 12 * 2
eMSE(#,) = E[[In" -7, 12| pMSE(i,) = ;IE[;nde — u @A)l
/!\'n* and d, are unknown in practice /!\

E[GSURE(#,)]
Generalized Stein Unbiased Risk Estimator [GSURE: 10, 11, 12] _ pMSE(,)
- P

L
1 2 aué(ﬁp)
GSURE(A,) - ;[ﬁﬂdg - ug(ﬁp)”C 2t 5, )-M|
GSURE is an estimate of the pMSE and d; is known V¢ € {1,..., L}.

Idea: find p for which the reconstruction 'ﬁp is minimizing GSURE(ﬁp) with a Powell method [9].
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Algorithmic scheme

GSURE minimization

Output
Input Compute GSURE Best
and new hyperparameters h "
Data A yperparameters
Perturbed data |
Initialization

Reconstructions
with current
hyperparameter

Best
reconstruction
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Validation on beads simulations (with the Mie scattering model)

(a) A = 5um

case A (Xbead9 Ybead> zbead) lPL L M N
(a) 5pum | (—2.3467um, —2.3467um, Op) | 45° | 4 | 64x64 64 X 64 X 64
(b) 10pm | (—2.3467pum, —2.3467um, Op) | 45° | 4 | 128x 128 | 128 x 128 x 128
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Validation on beads simulations (with the Mie scattering model)

Edge Preserving Smoothing + £;

Edge Preserving Smoothing + /;
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Validation on beads simulations (with the Mie scattering model)

Ground truth Edge-preserving smoothing + 11 Total Variation Gt EP+I1 ™v
:
\ T
" |
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(b) 10 um
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Validation on beads simulations (with the Mie scattering model) : influence of the image

formation model
» [Denneulin et al., GRETSI 2022] We studied the influence of a wrong estimation of o ...

=10

RSB

N

N
100H[~ -eMSE BPM eMSE Rytov |~

—- pMSE BPM —- pMSE Rytov -
—GSURE BPM — GSURE Rytov

» Depending on the SNR, the GSURE and pSME criterions does not seem to be influenced by the image

formation model but departs from the eMSE measure.
9/15
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GSURE computation issues

> Let’s get back to the GSURE formula :

au«?(’\p))

GSURE(T,) - Z[ e[ -2

» The computation of the « trace term » is performed this way :

Jue(Aip) | {(df —dy, up@p) — ue(iy))
tr( od, )= €2 '

where dg is a perturbed dataset with an i.i.d Gaussian noise N (0, ¢) and ¢ is chosen as 0.10.

» The computation of GSURE requires 2 reconstructions from dy and d?, i.e. 2 reconstructions per iteration
of the unsupervised process.
> An estimation of the data noise standard deviation ¢ is required.
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GSURE computation issues : influence of o

> [Denneulin et al., GRETSI 2022] We compared the use of Rytov and BPM models on GSURE
reconstructions for 5um bead case (a) ...

8

= |

<\ sous-estimation de o = sous-régularisation

0.01T
o=l

: ! [==BPMvraioc = 0.1 ==Rytov vrai o =0.1 <
off E = BPM faux o=1 == Rytov faux o=1 4
===BPM faux ¢=0.01 ===Rytov faux ¢=0.01
~~ sur-estimation de o = sur-régularisation
i T
S -= i

Valeurs de GSURE (en log10), RSB = 25

-— .
T e e e el e e e e e e e

107 10° 10’

» The estimation of o is critical.
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Results on an artichoke pollen

GP (L=600) GP (L=20) TV (L=20)
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Results on an artichoke pollen

Rytov (L=600) GP (L=600) GP (L=20) EP+(; (L=20) TV (L=20)

0.00 0.008 0.016 0.024 0.032 0.040 0.048 0.056 0.064 0.072 0.08
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Conclusion

> We proposed an unsupervised regularized inverse approach using GSURE.
» GSURE accurately estimates the pMSE in case of complex TDM data.
> Moreover, it allows a satisfying reconstruction of the object without the knowledge of the ground truth.

» GSURE is a promising tool to develop unsupervised reconstructions method but require an accurate
model of the data formation model. However it is quite time consuming.

However ...

» Time consuming = 2 reconstructions per iteration of the unsupervised GSURE minimization
process.

» Hardly dependent on the knowledge of the noise on the data = requires a pre-estimation of o.
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Perspectives

> Find a way to avoid the « 2 reconstructions » step for GSURE minimization, or study « smarter »
reconstruction strategies to limit the computation time.

» Apply GSURE on an end-to-end method using data without pre-processing = could help to get a better
(more predictable ?) estimate of the noise.
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