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Motivation

e Scatter is a major cause of No scatter correction MC scatter correction
Image quality degradation in
PET leading to:

— Loss of contrast
— Quantification bias
— Image artifacts

« Scatter fraction in PET is often
in the range of 30 - 40 %234
for energies > ~420 keV.

 Precise scatter correction is
crucial to maintain the
diagnostic quality of the PET
scan.
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Scatter Estimation / Correction: Prior Work

Gold standard: Monte Carlo Simulation?

Numerical solution of the
Boltzmann transport equation

using physics-based random
sampling.
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Single Scatter Simulation?

Analytic solution of the
Boltzmann transport

equation using single scatter
approximation.

Energy-based Scatter Estimation?
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Make use of the difference
between the energy
spectra of the unscattered
and scattered photons.
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Train neural networks to correct for scatter /
predict PET scatter distributions.

. M. Popescu et al. “PET energy-based scatter estimation and |mage reconstruction with energy-dependent corrections”, Phys. Med. Biol. 51(11), 2919-2937, 2006.

p Scatter Estimation in PET: Fast Scatter Correction Using a Convolutional Neural Network” NSSIMIC 2018.



Deep Learning-based Scatter
Estimation / Correction

Uncorrected Reconstruction = Scatter-corrected reconstruction

Uncorrected Reconstruction = Scatter-corrected reconstruction

ensians:

Uncorrected Reconstruction = Scatter-corrected reconstruction b Q ﬁr
¥y
]

Monte Carlo correction based on DL Reconstruction

Single scatter > MC, emission/attenuation data > MC

Sinogram Emission/attenuation data - Single scatter

Emission/attenuation data - MC scatter
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Sinogram Domain Scatter Estimation
What’s New in this Work?

* Deep scatter estimation (DSE) for TOF PET scans:
— Can DSE be generalized to different TOF bins?
— Is there an advantage of processing all TOF bins simultaneously?

« Application to long axial FOV PET scanner:
— Can DSE be generalized to highly oblique planes?

Whole-body TOF PET
system.



Data Generation: Monte Carlo Simulation

Siemens Biograph Initial PET CT MC Scatter
Visi d reconstruction + attenuation distribution
Ision Quadra 5SS e
@ DKFZ _
List
MC mode Rebinning .
data
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Whole-body TOF
scans with two bed
positions



Data Generation: Monte Carlo Simulation

i i Initial PET CT MC Scatter
Sls/r-n-ens Blogdraph reconstruction + attenuation distribution
ISIC@:)DHD%IJ:% e SSS map
List
MC mode Rebinning .
data
s
Whole-body TOF _ _
scans with two bed L Aim: Replace this step by a neural network. ——
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Data Representation

Emission data

» All experiments shown in the following use 2D sub-
sinograms in ¢-z-plane, i.e. for each plane we have:

50 angles, 0°-180°, Aa = 3.6° (not all angles shown)
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Data Representation

Scatter distributions

» All experiments shown in the following use 2D sub-
sinograms in ¢-z-plane, i.e. for each plane we have:

50 angles, 0°-180°, Aa = 3.6° (not all angles shown)

:

33 TOF bins, ATOF = 143 ps (not all TOF bins shown)
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35 segments, Max. ring diff. = 322, axial compr. = 19 (not all shown)
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PET Deep Scatter Estimation

Realization #1: Each TOF bin as separate input

« Use measured activity (trues + scatter + randoms), pep-image, and attenuation
Image as 3-channel input to a U-net.

« Minimize MSE between prediction and the MC to optimize the network’s weights
« Training on 50 patients / Testing on 6 patients.

Emission data
(Trues + Scatter MC
QE + Randoms)
B , [ Scatter
Pep- : (
Image 7/ NN ’
4 @@= &
] Feature dimensions:
~ 512x640 256x320 128x160 64x80 32x40 16x20 16x20 32x40 64x80 128x160 256x320 512x640 ‘
B ' ) Number of features of the convolutional layer:
8 16 32 64 128 256 512 256 128 64 32 16 8/1
' 3 x 3 Convolution, RelLU ’ 2 x 2 Max. pooling 1 x 1 Convolution, ReLU 2 x 2 Upsampling O Depth concatenate

Attenuation




Pep-Image

Pep = Approximation of single-
scattering in forward direction.

Pep =
Activity A(r') at »’

X / Probability of A being scattered

x Probability scattered A reaching D,
x Probability of B reaching Dy dr

— (fr,) . p . 6_p
Pep- .
Image ! with
Dg
p= [ ulrr
D4

[1] B. Ohnesorge et al., “Efficient correction for CT image artifacts caused by objects extending outside the scan field of view”, Med. Phys. 27(1), 39-46, 2000 dkuQ




PET Deep Scatter Estimation
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PET Deep Scatter Estimation

Realization #2: All TOF bins as multi-channel input

 Use measured activity (trues + scatter + randoms), pep-image, and attenuation of
all TOF bins as multi-channel input.

« Minimize MSE between prediction and the MC to optimize the network’s weights
« Training on 50 patients / Testing on 6 patients.
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DSE Testing (6 Patients)

Measurement
rues + scatter + randoms
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Results: TOEF-bin 0, Segment 0, Angles 0-49 &

Monte Carlo Simulation DSE #1 (single inputs) DSE #2 (all TOF)




Results: TOF-bin 0, Segment 0, Angles 0- 49 # -

Monte Carlo Simulation Relative error DSE #1
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C=0%, W=60% dikfz.
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Results: TOF-bin 0, Segments 0 - 34, Angle O
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Monte Carlo Simulation DSE #1 (single inputs) DSE #2 (all TOF)
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Results: TOF-bin 0, Segments 0 - 34, Angle 0
L

Monte Carlo Simulation Relative error DSE #1 Relative error DSE #2

C=0%,W=60% dkfz.



Results: TOF-bins 0 - 32, Segment 0, Angle 0

Monte Carlo Simulation DSE #1 (single inputs) DSE #2 (all TOF)




Results: TOF-bins 0 - 32, Segment 0, Angle O

Monte Carlo Simulation Relative error DSE #1
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C=0%, W =60 % dikfz.
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Evaluation for All Test Patients — Mean
Absolute Percentage Error of Scatter Estimates
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PET Reconstructions + Scatter Correction

Female patient, BMI =43

No Correction Monte Carlo (MC) Siemens SSS DSE #1 DSE #2

C = 2000, W = 4000 dkfz.



PET Reconstructions + Scatter Correction

Female patient, BMI =43

(No Correction —= MC)/MC  Monte Carlo (MC) (Siemens SSS - MC)/MC  (DSE #1 — MC)/MC (DSE #2 — MC)/MC

:*, v

.

Avg: 140.7 % Avg: 27.8 % Avg: 7.1 %

C=0% W =100 % dkfz.



Conclusions

« DSE can reproduce Monte Carlo Scatter estimates with a mean
absolute percentage error (MAPE) of about 6 % (SSS error: 23 %).

 Similar trends are observed for scatter-corrected reconstructions
with a MAPE of 7 % for DSE and a MAPE of 28 % for SSS.

A single DSE network can be trained to account for different TOF
bins and different segments, however, with a slightly reduced
accuracy for higher TOF values and highly oblique planes.

 No advantage of processing all TOF bins at once as different input
channels to the network.

 Runtime: 5 ms per sample (520 x 645), 5 min per data set
(~ runtime of SSS).



Thank You!

This presentation will soon be available at www.dkfz.de/ct

Job opportunities through DKFZ’s international PhD or Postdoctoral
Fellowship programs (www.dkfz.de), or directly through Prof. Dr. Marc
Kachelrield (marc.kachelriess@dkfz.de).

Parts of the reconstruction software were provided by RayConStruct®
GmbH, Nurnberg, Germany.



