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Motivation

« X-ray scatter iIs a major cause of image quality
degradation in CT and CBCT.

 Appropriate scatter correction is crucial to maintain
the diagnostic value of the CT examination.
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Scatter Correction

Scatter suppression Scatter estimation

« Anti-scatter grids  Monte Carlo simulation
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Monte Carlo Scatter Estimation

« Simulation of individual photon trajectories
according to physical interaction probabilities.
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-> Typically too slow to be applied routinely. dkuo



Faster Alternative: Kernel-Based
Scatter Estimation

Estimate needle beam scatter Estimate mean scatter

kernels as a function of the kernel that maps a function

projection data p of the projection data p to
scatter distribution

I, est(u) = /T(p)(u')G(u, u', c)du’ IS est(w) = T(p)(u) * G(u, c)
N\

-> Typically far less accurate than Monte Carlo simulations. dkfz.



Deep Scatter Estimation (DSE)

Basic Principle

 Use a deep convolutional neural network to estimate
scatter as a function of the acquired projection data.

Input: Label: Monte
Carlo Sim.
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Training / Testing of the DSE Network

CBCT Setup Prlmary intensity MC scatter simulation Poisson nojse
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 Training data: Simulated CBCT projection data (input)
and Monte Carlo scatter simulation (label).

« Simulation of different anatomical regions, tube voltages
and scan protocols.

« Optimization of the network’s trainable parameters:
{w,b} = argmin || DSE(T(p)) — Iucl|3
 Testing on independent simulations of different patients.




Reference 1

Kernel-based scatter estimation (KSE)

« Kernel-based scatter estimation?:

— Estimation of scatter by a convolution of the scatter source term 7'(p)
with a scatter propagation kernel G(u, c):

IS, est (U) — (CO p(u) : ep(u)) * (Z e “t (uélicz)z . Z eCS(uézi&L)Q)

L : AN : -
T(p)(u) G(u,c)
Open Open
parameters: ' parameters:
Co C1,C2,C3,C4

{ei} =argmin ) ) (I, est(nu, {ei}) = Li(n, w)|3,
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1B. Ohnesorge, T. Flohr, K. Klingenbeck-Regn: Efficient object scatter correction algorithm for third and fourth
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Reference 2

Hybrid scatter estimation (HSE)

* Hybrid scatter estimation?:

— Estimation of scatter by a convolution of the scatter source term 7'(p)
with a scatter propagation kernel G(u, c):

IS, est (U) — (CO p(u) : ep(u)) * (Z e “t (Uélicz)z . Z eCS(Uézi&L)Q)

L : AN : -
T(p)(u) G(u,c)
Open Open
parameters: ‘ parameters:
Co C1,C2,C3,C4

{citn = argmmz [ s, est(m, w, {¢i}) — Ls(n, )3,
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2M. Baer, M. KachelrieR: Hybrid scatter correction for CT imaging. Phys. Med. Biol. 57, 6849—6867 (2012).



Results — Scatter Estimates

Scatter

Head

Thorax

Thorax,
shifted detector

Abdomen

Abdomen,
shifted detector

C=0%, W=50%

0.2, W=0.35 C=0%, W=50%




Results — Scatter Estimates
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Results — CT Reconstructions

Ground truth  No scatter
(GT) correction KSE HSE DSE

Head

Thorax

Thorax,
shifted detector

Abdomen

Abdomen,
shifted detector

C =0 HU, W = 700 HU dkfz.



Application to Measured Data

DKFZ table-top CT

Measurement to be corrected
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* Measurement of a head
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serves as ground truth. X-ray source I L
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CT Reconstructions of Measured
Data

Kernel-Based Scatter Hybrid Scatter Deep Scatter
Estimation Estimation Estimation

Slit Scan No Correction

CT Reconstruction

Difference to slit scan

C =0 HU, W = 1000 HU dkfz.



Further DSE Applications

Single- and dual-source CT
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Conclusions

 DSE needs about 3 ms per CT and 10 ms per CBCT
projection.

e DSE Is a fast and accurate alternative to MC simulations.

 DSE outperforms kernel-based approaches in terms of
accuracy and speed.

* Facts:
— DSE can estimate scatter from a single (!) x-ray image.
— DSE generalizes to all anatomical regions.
— DSE works for geometries and beam qualities differing from training.
— DSE may outperform MC even though DSE is trained with MC.

 DSE is not restricted to reproducing MC scatter
estimates.

« DSE can rather be trained with any other scatter
estimate, including those based on measurements.



Thank You!

BEHNKEN-BERGER STIFTUNG

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 Kachelriel3 (marc.kachelriess@dkfz.de).

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



