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v Contexte	:

• Partenariat	entre	le	service	de	médecine	
nucléaire	et	Siemens	Healthineers.

• Travaux	communs	entre	Pr.	Mariano-Goulart	et	
Dr.	Strauss	sur	l’utilisation	des	méthodes	de	
quantification	de	l’imprécision	pour	l’aide	au	
diagnostic	de	maladies	neurodégénératives.

v Cadre	:

• Thèse	CIFRE	sur	la	reconstruction	
tomographique	intervalliste	en	tomographie	
d’émission.	

La	thèse	CIFRE

Florentin Kucharczak
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Plan	de	la	présentation

• La	tomographie	d’émission

• Le	diagnostic	de	démences	neurodégénératives

• Aide	au	diagnostic
Limites	des	méthodes	déjà	proposées
Notre	proposition	:	la	reconstruction	intervalliste

• Résultats	préliminaires	pour	le	diagnostic	de	démences

• Conclusion

Florentin Kucharczak
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Principe	de	la	TEP

La	tomographie	d’émission

Siemens mCT20 Flow - PET CT 
Service de médecine nucléaire CHU Gui de Chauliac

Florentin Kucharczak
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v Objectif	: mesurer	quantitativement	des	processus	biologiques	
importants,	mais	altérés	dans	le	cerveau	des	patients	atteints	de	
démence,	par	exemple	le	métabolisme	du	glucose.

v Utilisation	d’un	marqueur	du	glucose,	le	FluoroDésoxyGlucose	(18F).

v Reconstruction	de	la	distribution	3D	du	radio-traceur	dans	le
cerveau	du	patient.	

Le	diagnostic	de	démences	
neurodégénératives

Florentin Kucharczak
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v Diagnostic	en	médecine	nucléaire	souvent	basé	sur	la	comparaison	de	régions	
d’intérêt	(ROIs).

Le	diagnostic	de	démences	
neurodégénératives

v On	cherche	à	répondre	à	la	question:	
« Est-ce	que	ROIs =	ROIs ? »

Florentin Kucharczak
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v Diagnostic	en	routine	clinique	:
Recherche,	dans	les	ROI,	de	différences	de	métabolisme	et	perfusion.	

v Ces	perfusions	sont	souvent	asymétriques.

Le	diagnostic	de	démences	
neurodégénératives

v Détection	d’hypo-métabolismes,	illustration
d’un	cas	typique	de	démence	temporo-frontale.
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Aide	au	diagnostic

v Limites	de	la	comparaison	directe	de	ROIs :

v Variabilité	statistique	importante v Image	post-traitées	pour	faciliter
l’évaluation visuelle	du	médecin

AVANT APRÈS

Florentin Kucharczak
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Aide	au	diagnostic

Exemple d’un cas de démence
de type Alzheimer

v Outil	proposé	par	
Siemens	Healthineers
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Aide	au	diagnostic
Problématique	de	la	variabilité	statistique

v Aucune	connaissance	de	la	loi	statistique	suivie	par	données	reconstruites.
Impossible	d’inférer	de	la	variabilité	statistique	directement.

v Principales	familles	de	méthodes	proposées	dans	la	littérature	:

• Méthodes	basées	propagation	de	variance	(Fessler 1996,	Li	2011)

• Méthodes	basées	répétition	statistique	– bootstrap (Buvat 2002,	Lartizien 2011)

v Inconvénients	:

• Pas	utilisées	en	routine	car	trop	complexes	ou	gourmandes	en	temps	de	calcul

• Aucune	méthodologie	proposée	pour	la	comparaison	de	ROIs utilisant	
l’information	de	la	variance	statistique	jusqu’à	aujourd’hui

Florentin Kucharczak
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Aide	au	diagnostic
Notre	proposition	:	la	reconstruction	intervalliste

v Cahier	des	charges	:

• Algorithme	de	reconstruction	permettant	la	quantification	de	la	variabilité	
statistique.

• Production	d’images	interprétables	par	le	médecin.

• Temps	de	reconstruction	compatible	avec	la	routine	clinique.

Approche classique : Notre proposition :

INF SUP

Florentin Kucharczak
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Aide	au	diagnostic
Notre	proposition	:	la	reconstruction	intervalliste

v Notre	algorithme:

• Quantification	de	la	variabilité	statistique	basée	sur	la	modélisation	de	
l’imprécision	du	modèle.

v L’algorithme	classiquement	utilisé:

• Algorithme	itératif	pour	lequel	on	alterne	en	
deux	espaces	:	projection	et	image.

• Choix	de	modèles	de	projection	et	
rétro-projection. Espace imageEspace projection

Projection

Rétro-projection
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Aide	au	diagnostic
Notre	proposition	:	la	reconstruction	intervalliste

v Le	passage	discret-continu:

• Physiquement	->	la	distribution	de	la	source	f(x) est	
continue	dans	le	domaine	spatial.

• En	pratique	-> utilisation	d’un	ensemble	fini	de	
fonctions	de	base	(généralement	pixels	ou	voxels en	
3D)	pour	représenter	f(x)	lors	de	la	reconstruction.

Florentin Kucharczak
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Aide	au	diagnostic
Notre	proposition	:	la	reconstruction	intervalliste

Calcul	de	chaque	projection		 ,	comme	l’ensemble	
des	projections	possibles	considérant	un	noyau	
d’interpolation	basé	4	plus	proches	voisins.

v Notre	proposition	:	projection	« garantie »	:

• Utilisation	de	la	théorie	des	probabilités	
imprécises	pour	modéliser	l’imprécision	du	
passage	discret-continu.

• Utilisation	de	l’intégrale	de	Choquet	comme	
opérateur	de	projection	non-additif.

Florentin Kucharczak
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Aide	au	diagnostic
Notre	proposition	:	la	reconstruction	intervalliste

v Adaptation	de	l’algorithme	ML-EM	en	sa	version	intervalliste	NIBEM	:

Florentin Kucharczak
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Aide	au	diagnostic
Notre	proposition	:	la	reconstruction	intervalliste

v Des	intervalles	aux	propriétés	intéressantes	:
Simulations d’acquisitions

du fantôme de Hoffman
Reconstruction pour deux niveaux de 

comptage différents (3M, 9M)

INF SUP

3M

9M

Intervalles de confiance :

Interval-based reconstruction for uncertainty quantification in PET
F. Kucharczak, K. Loquin, I. Buvat, O. Strauss and D. Mariano-Goulart 
Physics in Medicine & Biology, Volume 63, Number 3, 2018 
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Aide	au	diagnostic
Notre	proposition	:	la	reconstruction	intervalliste

v La	sélection	régularisée
1ère étape : Reconstruction intervalliste

2ème étape : Sélection régularisée (RS)

INF

SUP

RS Vérité terrain
Regularized selection: A new paradigm for inverse based regularized image reconstruction techniques.
F. Kucharczak, C. Mory, F. Comby, O. Strauss and D. Mariano-Goulart

ICIP 2017: 1637-1641 
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Aide	au	diagnostic
Notre	proposition	:	la	reconstruction	intervalliste

v La	sélection	régularisée	:	quelques	résultats

• Nouvelle méthode de régularisation 
pour les problèmes inverses.

• Algorithme fiable, modulaire, et sans 
paramètres.

• Propriétés très intéressantes en 
reconstruction tomographique.

v Bilan
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(a) Hoffman 1M counts (b) Hoffman 3M counts

(c) Jaszczak 100k counts (d) Jaszczak 1M counts

(e) Jaszczak real acquisition (f) Legend

Fig. 2: Contrast recovery curves of tumor (Hoffman phantom)
and hot spheres (Jaszczak phantoms) versus background SD
for the different regularization techniques while varying the
corresponding regularization weighting parameters.

3) Results: For each phantom and each noise level, Fig.
2 presents quantitative comparisons of the mean tumor CRC
versus the SD of background noise as a function of the
regularization weighting parameter for each tested reconstruc-
tion algorithm. The performance of RS-NIBEM regularization
techniques are appealing. Indeed, for each of the simulations
(Fig. 2a,2b,2c,2d) and real acquisitions (Fig. 2e), the CRC
at any given background SD level is higher than the one
obtained with usual regularization methods. For the HRC-
NIBEM reconstructions, which are regularization-parameter
free, the CRC is always higher than the other usual regulariza-
tion schemes for the same background SD, thus highlighting
the competitiveness of this method. The SRS-NIBEM recon-
struction is likely to be more robust than usual regularization
schemes, and the quality competitiveness of this approach in
terms of CRC is even more noticeable for low SD values,
thus highlighting that SRS-NIBEM allows us to reconstruct
regularized images with a CRC in acceptable ranges. It is also
interesting to note the CRC peak obtained for SRS-NIBEM in
Fig.2b and Fig.2e, that can be considered as the rupture point

(a) ML-EM (b) ML-EM profile

(c) HRS-NIBEM (d) HRS-NIBEM profile

(e) SRS-NIBEM (f) SRS-NIBEM profile

Fig. 3: Real Jaszczak-like reconstructions with higher CRC
for ML-EM, HRS-NIBEM and SRS-NIBEM and horizontal
profiles through the center of the biggest hot sphere. NIBEM
inferior and superior bounds are also displayed.

of the balance between the data-fitting and regularization level.
Indeed, from that point, SC allows TV regularization to get
the upper hand on the data fitting constraint.

To visually highlight the CRC comparison presented here,
in Fig. 3 we present the reconstructions of ML-EM, HRS-
NIBEM and SRS-NIBEM having the higher CRC for a real
Jaszczak-like phantom. For better CRC levels, RS-NIBEM
methods clearly achieve more interesting statistical variance
levels.

In Table I, the NMAE levels obtained for the same NMV
(set by parameter-free HRS-NIBEM) are investigated. For both
tumors, considering approximately the same variance level
(NMV), the bias properties of the parameter-free HRS-NIBEM
were better than other usual regularization methods. SRS-
NIBEM also allows reconstruction of images with interesting
bias properties. Indeed, the NMAE obtained is close to that of
HRS-NIBEM for the investigated tumor ROIs (equal NMAE
for 2:1 ratio, minimally worst for 3:1 ratio).

Considering the gray matter, for equal or better variance
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(a) MAP-EM quadratic (b) MAP-EM TV (c) Gaussian smoothing (d) ML-EM (e) HRS-NIBEM (f) SRS-NIBEM

Fig. 4: Typical reconstructions with regularization parameters chosen to obtain the same spatial variance (NMV=1.5) in the
gray matter of an Hoffman brain acquisition for 3M counts. Same colorscales were used for all figures.

(a) MAP-EM quadratic
NMAE=0.089
NMV1:1=0.350

(b) MAP-EM TV
NMAE=0.043
NMV1:1=0.164

(c) Gaussian smoothing
NMAE=0.093
NMV1:1=0.479

(d) ML-EM
NMAE=0.086
NMV1:1=0.256

(e) HRS-NIBEM
NMAE=0.053
NMV1:1=0.153

(f) SRS-NIBEM
NMAE=0.034
NMV1:1=0.121

Fig. 5: Typical reconstructions with regularization parameters chosen to obtain lower global NMAE possible for 100k Jaszczak
simulation. NMV values in the background (1:1 ratio) for the same parameters are also displayed. The same colorscales were
used for all figures.

phantom. The results are presented in Fig. 6 for Jaszczak
phantoms and in Fig. 7 for Hoffman phantoms.

3) Results: Concerning Jaszczak phantoms, the statistical
sensitivity of the reconstructed estimates to partial volume
effects using the proposed approach is appealing. Indeed,
HRS-NIBEM and SRS-NIBEM CIRs are always better than
CIRs obtained with usual methods either for mean bias or
dispersion. While the mean bias obtained with HRS-NIBEM
and SRS-NIBEM are slightly higher than those obtained with
the usual method, the difference remains in a reasonable
range. This statement is valid for both count levels. Dispersion
is always smaller for SRS-NIBEM, and comparable to that
obtained with the most efficient usual regularization scheme
in terms of CIR for HRS-NIBEM.

Experiments carried out on the more realistic Hoffman
phantom confirmed this trend. Quantitative results of statistical
sensitivity to partial volume effects for both SRS-NIBEM and
HRS-NIBEM reconstruction techniques are appealing in terms
of mean bias, with a reasonable estimate dispersion. In terms
of dispersion, they are overtaken by MAP-EM methods that
however give worse CIR mean bias.

IV. CONCLUSION

We proposed in this paper a new framework for PET recon-
struction involving CI-based constrained TV regularization.
One of the features of the proposed methodology lies in the
fact that the reconstruction scheme is a two-step process.
We propose first to focus on reconstructing a convex-set of
admissible solutions that ensure the data fidelity and then, in
a second step, to select the most appropriate image according

to a regularization criterion under the constraint established in
step one.

In this paper, the proposed methodology was put into
practice using, for the first step, a new class of algorithms
that focus on statistical noise quantization. It makes it possible
to reconstruct stable and reliable CI. For the second step, the
widely used TV regularization function was used. In particular,
we investigated the properties of RS-NIBEM algorithms in
terms of the spatial and statistical bias/variance trade-off.
We showed with simulated and real data that the parameter-
free HRC-NIBEM reconstructions have appealing properties
compared to the usual regularization schemes in terms of
the bias/variance balance. The combination between the hard
constraint and the reconstructed CI used in this framework
allows for the design of a regularization weighting parameter
free algorithm. Indeed, the CI-constraint is a guarantee that
over-smoothing will not occur. An alternative to the hard
constraint was also proposed. The proposed soft constraint
takes into account the fact that currently reconstructed CI
are not 100% CI. The SRS-NIBEM allows us to reconstruct
images with even more accurate variance levels, keeping
bias in reasonable ranges compared to usual regularization
procedures. Within this configuration, the regularization level
needs to be set by early-stopping the second step. However,
the optimization algorithm used [40] was proven to be fast and
efficient. It is thus straightforward to reconstruct and select the
reconstruction that best fits the expected level of regularization.

RS-NIBEM has a potential scope of applications in detect-
ing small lesions, which is particularly relevant for oncological
imaging in which partial volume effects appear critical. Low-
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phantom. The results are presented in Fig. 6 for Jaszczak
phantoms and in Fig. 7 for Hoffman phantoms.

3) Results: Concerning Jaszczak phantoms, the statistical
sensitivity of the reconstructed estimates to partial volume
effects using the proposed approach is appealing. Indeed,
HRS-NIBEM and SRS-NIBEM CIRs are always better than
CIRs obtained with usual methods either for mean bias or
dispersion. While the mean bias obtained with HRS-NIBEM
and SRS-NIBEM are slightly higher than those obtained with
the usual method, the difference remains in a reasonable
range. This statement is valid for both count levels. Dispersion
is always smaller for SRS-NIBEM, and comparable to that
obtained with the most efficient usual regularization scheme
in terms of CIR for HRS-NIBEM.

Experiments carried out on the more realistic Hoffman
phantom confirmed this trend. Quantitative results of statistical
sensitivity to partial volume effects for both SRS-NIBEM and
HRS-NIBEM reconstruction techniques are appealing in terms
of mean bias, with a reasonable estimate dispersion. In terms
of dispersion, they are overtaken by MAP-EM methods that
however give worse CIR mean bias.

IV. CONCLUSION

We proposed in this paper a new framework for PET recon-
struction involving CI-based constrained TV regularization.
One of the features of the proposed methodology lies in the
fact that the reconstruction scheme is a two-step process.
We propose first to focus on reconstructing a convex-set of
admissible solutions that ensure the data fidelity and then, in
a second step, to select the most appropriate image according

to a regularization criterion under the constraint established in
step one.

In this paper, the proposed methodology was put into
practice using, for the first step, a new class of algorithms
that focus on statistical noise quantization. It makes it possible
to reconstruct stable and reliable CI. For the second step, the
widely used TV regularization function was used. In particular,
we investigated the properties of RS-NIBEM algorithms in
terms of the spatial and statistical bias/variance trade-off.
We showed with simulated and real data that the parameter-
free HRC-NIBEM reconstructions have appealing properties
compared to the usual regularization schemes in terms of
the bias/variance balance. The combination between the hard
constraint and the reconstructed CI used in this framework
allows for the design of a regularization weighting parameter
free algorithm. Indeed, the CI-constraint is a guarantee that
over-smoothing will not occur. An alternative to the hard
constraint was also proposed. The proposed soft constraint
takes into account the fact that currently reconstructed CI
are not 100% CI. The SRS-NIBEM allows us to reconstruct
images with even more accurate variance levels, keeping
bias in reasonable ranges compared to usual regularization
procedures. Within this configuration, the regularization level
needs to be set by early-stopping the second step. However,
the optimization algorithm used [40] was proven to be fast and
efficient. It is thus straightforward to reconstruct and select the
reconstruction that best fits the expected level of regularization.

RS-NIBEM has a potential scope of applications in detect-
ing small lesions, which is particularly relevant for oncological
imaging in which partial volume effects appear critical. Low-

Confidence interval constraint based total variation 
regularization for PET quantization.
Submitted to IEEE Transactions in Medical Imaging
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Diagnostic	de	démences
Résultats	préliminaires

v Classifier	et	caractériser

Florentin Kucharczak
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Diagnostic	de	démences
Méthodologie	proposée

v A	:	reconstruction v B	:	recalage

Florentin Kucharczak
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Diagnostic	de	démences
Méthodologie	proposée

v C :	segmentation	et	comparaison

Florentin Kucharczak
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Diagnostic	de	démences
Résultats	(très)	préliminaires

v Constitution	d’un	base	de	patients	atteints	de	démence

• Etude	rétrospective	jusqu’à	diagnostic	final	du	neurologue	à gold	standard

FRONTAL TEMPORAL PARIETAL OCCIPITAL
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v Objectifs	futurs:

• Publier	les	travaux	sur	la	méthodologie	d’aide	au	diagnostic	de	démences

• Recalage	imprécis,	comparaison	CI	NIBEM	et	bootstrap…

• Validation	sur	d’autres	problématiques	comme	le	DaTSCAN.

• Soutenir,	un	jour?	J

Conclusion

Florentin Kucharczak
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Merci	de	votre	attention
Des	questions?

Florentin Kucharczak


