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Besoins en Imagerie medicale:

Tomographie spectrale a rayons X (4D CT)
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Snapshot of standard tomography (CT
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Why Deep Learning in CT Reconstruction ?

FBP TV FBPConvNet
Ground truth SNR 24.06 SNR 29.64 SNR 35.38

Fig. 5. Reconstructed images of biomedical dataset from 143 views using FBP, TV regularized convex optimization [14], and the FBPConvNet.

[Jin et al., June 2017]
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Why Deep Learning in CT Reconstruction ?

Reference SAFIRE (Siemens) Variational Network

[Hammernik et al., Nov 2017]
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Physics of spectral tomography

In the polychromatic real life, for a pixel p:
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Expectation and benefits

Standard CT:
Low contrast
No identification

Spectral CT:
- Identification of components of interest
- Quantification

Yttrium Todine Silver Water
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How to get spectral data ?
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spectrum (voltage)

Energy thresholds

Need several measurements that are discriminant
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PIXSCAN-FLI
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canceropdle
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PIXSCAN-FLI

Source block

W anode (150 kVp)
Wheel filters
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PIXSCAN-FLI

Source block

W anode (150 kVp)
Wheel filters

\4 Animal block

Vertical rotation axis
Acquisition mode: shoot and step or continuous rotation
Gas anesthesia: isoflurane
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PIXSCAN-FLI
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Source block

W anode (150 kVp)
Wheel filters

\4 Animal block

Vertical rotation axis
Acquisition mode: shoot and step or continuous rotation
Gas anesthesia: isoflurane

Detector block

Two cameras
Resolution of 85 um/voxel
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How to deal with spectral data ?

Input Data: 4D, at least 8 Gb

Output Data: 4D, at least 8 Gb

M measurements

Reconstruct and
separate
simultaneously
(one-step approach)

Typical sizes: 1103 x 1103 x 1103 x5

Gold standard:
Iterative algorithms

Emerging methods:
Use of Deep NNs

K components
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Separate and reconstruct simultaneously
The curse of dimensionality
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Scheme of an iterative algorithm

A

A = arg mfiln G(A)+ R(A)

How to accelerate the convergence rate ? metric strategy (Newton-like)

Forward step: T2 = gt — vi M _1VG( )

Backward step: ' = PTOXM?;,R(xiHﬂ)

with prox,, p(x) = arg min |z — z||nm? + R(z)

arg mzin Hz—z2,M(z —2x)) + R(2)
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Outlook of results
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THINK challenges:

How to fasten data processing with (Deep) Neural Networks ?

Can be data processing incorporated in electronics ?
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