n CT Artifatt Correction

Marc Kachelrield

German Cancer Research Center (DKFZ)
Heidelberg, Germany
www.dkfz.de/ct

DEUTSCHES
z KREBSFORSCHUNGSZENTRUM
. IN DER HELMHOLTZ-GEMEINSCHAFT



Content

Metal artifact reduction (MAR)
Ring artifact reduction (RAR)
Detruncation

Scatter estimation

Motion compensation

Sparse view artifacts

Limited angle artifacts




Metal Stre
Deep Lea

Gjesteby, 2019

Metal artifact reduction on cervical CT
images by deep residual learning

Metal-Artifact Reduction Using Dy
d Sinogram Completion: Ini

Deep Learning based Metal Inpainting in the
Projection Domain using additional Neighboring

Giestahy 2017

Takes 32x32 ing
produces 2052
Very basic CNN

Zhang, 2018
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Claus, 2017

Trained and evaluated on simulated data with metal
circlein the center (no other positions tested)

Data are heavily simplified (random ellipses)!
Inputs are 2 81x21 sized patches from the sinogram
next to metal patch. Won't work for complex metals
Relatively small network (4 layers)

Gottschalk, 2020
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Deep Neural Network for CT Metal Artifact

Redustion i Pessepisiateboss: Euictios
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Gjesieby, 2019

Same network as in previous work
Detail image is the high-pass filtered original image
Detail image and NMAR image are both put as inputs
in 2 streams that converge later in the CNN

Network uses residual error and cost function is a
combination of MSE and perceptual loss

Zhang, 2018

Metal is placed in real CT images. Artifacts are
created by forward and back-projecting soft tissue,
bone, and metal

Network input is patch of artifactimage /and output
is the residual, i.e. R= /- GT

Loss function is MSE of the residual

Learning the residual is found to be better than
learning the artifact-free image (no images)

Gottschalk, 2020

U-Net corrects CBCT projections
Has metal mask and 10 neighbouring projections as
additional input channels

Liao, 2019

Firstreplaces metal trace in the projections (.. fixed
angle but varying § and z)
and

Then the j into
uses a second network to improve those
Both networks are GANs with a U-Net generator and
CNN discriminator

Uses a Mask Pyramid to ensure the metal mask is
seen by all stages of the U-Net

Data are regular CT scans with metal traces from
other patients imposed on them

Giestahy 2018

Giestehy 2018

R image and the

function is MSE or perceptual loss (from VGG
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A dual-stream deep convolutional network for reducing metal
streak artifacts in CT imaj

Convolutional Neural Ne!

work Based Yu, 2018

Metal Artifact Reduction in X-Ray

Cumputed Tomuq

Fast Enhanced CT

Gottschalk, 2019

+ Corrects C-Arm projection data

+ Data were obtained by placing metal on top of human
knee cadavers

* Loss function is MSE

+ Networks are based on U-Net with additional skip
connection from original image to output

§ DS hnbork can i Ve ic Inslicity Sopran: U
metal for the Mask-MAR:

+ Providing a metal mask slgnlﬂcantlylmwoves
results

+ Results are blurred slightly

Ghani, 2019

Data Domain Deep Learning

+ Metal trace is replaced via a CGAN

+ Uses transfer learning from training data to real data;
not described in depth

* Not applied to medical images

Xing, 2019

+ Perform initial LIMAR to obtain images with
interpolation artifacts

« Apply U-Net to pre-corrected images to reduce
artifacts

+ Network minimizes L2-norm loss outside of the metal
regions

Yu, 2018

+ Training data are generated from clinical data with
motal artifacts added afterwards through
rd- & back

+ Cost function is MSE

+ CNN gets patches from the artifact, BHC corrected,
and LI corrected image as Input, produces corrected
patche

+ Prior image is generated from CNN result by
segmenting water and setting it to the average value
of all water pixels and leaving bone intact

+ Metal trace in the uncorrected sinogram is replaced
with values from the prior image

+ Having different types of MAR as input improves
results

Ghani, 2019

Lin, 2019

+ Input are LI pre-corrected sinograms/images

+ Firstimproves the sinograms through a U-Net with
mask pyramid (so all parts of the U-Net see the mask)

+ Then applies FBP (Radon Inversion Layer) and uses
the result as input for a second U-Net, which
improves itin image domain

+ Unclear how/if the LI and CNN results are combined




Metal artifacts are

beam
hardening
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+ increased susceptibility to sampling artifacts and motion.



MAR Example

 Deep CNN-driven patch-based combination of the
advantages of several MAR methods trained on
simulated artifacts

Input Data Feature maps Feature maps Feature maps Feature maps Output
32@64x 64 32@64x 64 32@64x 64 32@64x 64 1@64x 64
)
UL .

Convolution Convolution Convolution Convolution .
+ RelU +RelU +RelU +RelU Convolution

» followed by segmentation into tissue classes

« followed by forward projection of the CNN prior and
replacement of metal areas of the original sinogram

« followed by reconstruction

Yanbo Zhang and Hengyong Yu. Convolutional Neural Network Based Metal Artifact Reduction in X-Ray dkfz
@

Computed Tomography. TMI 37(6):1370-1381, June 2018.
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Metal artifact reduction for practical dental computed tomography by

improving interpolation-based reconstruction with deep learning
Kaichao Liang, Li Zhang, and Hongkai Yang

Department of Engineering Physics, Tsinghua University, Beijing 100084, China
Key Laboratory of Particle & Radiation Imaging (Tsinghua University), Ministry of Education, Beijing, China

Yirong Yang
Department of Engineering Physics, Tsinghua University, Beijing 100084, China

Zhigiang Chen, and Yuxiang Xing®
Department of Engineering Physics, Tsinghua University, Beijing 100084, China
Key Laboratory of Particle & Radiation Imaging (Tsinghua University), Ministry of Education, Beijing, China
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Fig. 3. U-Net architecture.

Liang, Kaichao, et al. "Metal artifact reduction for practical dental computed tomography by improving
interpolation-based reconstruction with deep learning." Medical Physics 46.12 (2019): e823-e834. dkfz.
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MAR without Machine Learning Is a
Good Alternative:
Frequency Split Normalized MARY2

Uncorrected FSLIMAR FSNMAR
| ‘:..:v.é‘ . -
”~
:‘. - ;'. 8 il —» - "‘;-\..'- x4 - N _—
e I S SV et - . I
Patient with bilateral hip prosthesis, Somatom Definition Flash, (C=40/W=500).
Normalized MAR (NMAR) FSMAR: Scheme

N alized sinogram Interpol. & norm.

1E. Meyer, M. KachelrieB. Normalized metal artifact reduction (NMAR) in computed tomography. Med. Phys. 37(10):5482-5493, Oct. 20
2E. Meyer, M. Kachelrie3. Frequency split metal artifact reduction (FSMAR) in CT. Med. Phys. 39(4):1904-1916, April 2012. z.



Summary on Deep MAR

« Most common uses for networks:
— Improve image quality in image domain after MAR
— Use network for the sinogram inpainting
— Produce a prior image, e.g. for NMAR

 Additional observations:

— Training data are often produced by segmenting an artifact-free CT
iImage, adding metal and applying a polychromatic forward projection to
different types of tissue separately.

— As of today, it seems hard to outperform NMAR, or hard to give
convincing clinical examples.




Overview

~ Nauwync ., Ring Artifact Reduction in Sinogram Space Using Deep
Uearmings Proe. T Mostig 2020486450, 2050

+ Correction In image domain:

~ Chang st al ., A Hybrid Ring Artifact Reduction Algorithm Based on CNN in CT
ages. runy 3D 11072:1107226, 2019
~ Chao et
Fumction Araficil Neors Networke, Py, Hhoc, Biot. S4G23Y nsms 2019
~ Kormil Neural Networks for Ring Artifacts Segme
Comactions in Fregments of CT Images. 28% FRUCT conferonce 104455, 2021
~ Wang ot al., Removing Ring Artifacts in CBCT Images via Generati
with Total Variation Loss, Neural
Computing and Applications 31(9):5147-5158, 2019
- Lvetal Artifacts
Neural Network, IEEE Access 8:225504-225601, 2020

Spectral CT via Deep
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- Fang stal, Comparison of Ring Artfacts Removal by  Using Neural Network in
rent Domains, MIC,
- F.nl etal., Removing Rma Anefms for Photon-Counting Detectors Using.
Neural Networks in Different Domains, IEEE Access 8:42447-42457, 2020

Kornilov et al. (2021)

This work ackiresses comections of remaining ring artfacts after
vendor corrections (hard- and/or software-based) in micro CT. Actually
those artifacts are typically arcs, not full rings.

Their dataset consists of 8 reconstructions (6 for training, 1 for
validation and 1 for testing) of sand and sandstone samples (from a
Bruker Skyscan 1172 micro CT). They applied automated and manual
segmentations to the ring artifact areas (in total ~2000 segmented
artifacts). These artifacts are then transferred to “clean” regions in
order to generate training and validation data pairs.

A two stage correction is Implemented: first a U-Net Is used to find and
segment the artifact, and then a second CNN with some convolutional
layers Is used to perform an Inpainting. The training of each stage

performed successively. A 2D U-Net and 3D U-Net are compared.

Artifact Reduction in Sinogram Space Usi
arning

Wang et al. (2019) Results and My Conclusion
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Fang et al. (2020)

paper of the work shown on the previous sides.
mbar sxporiments are shor

measure
256 pixets with pixet size 0.5 m

As in Fang ot al. (2019) the authors compare the ring artifact correction results of a deop

ction in proje

The training, validation and test data are the same
ring artfacts on projection dat
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A hybrid ring artifact reduction
algorithm based on CNN in CT
images
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Kornilov et al. (2021)-

"Raous or T segmentazon part Pem) and il images {1ght.

* My conclusion:

Results and My Conclusion
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tabies show.

Nauwynck et al. (2020)

* Here a ring artifact correction In sinogram space is proposed.
Clean data from the Cancer Imaging Archive (45640 images) are

with ring artifacts (from Tomobank) and rai

clean data to get training pairs. The dataset was divided into training
(42240 samples), validation (1000 samples) and test set (2400 samples).
A 2D U-Net Is used with a custom loss function that consists of a L1-
loss and a Sobel-loss.

Cions!
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Comparison of Ring Artifacts Removal by Usi

Neural Network in Different Domains

+ My conclusion:
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Chang et al. (2019)

Removal of computed mmugmph\v ring artfacts via radial basis function
artificial neural network:

Nauwynck et al. (2020) - Results and My Conclusion
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. My conclusion:

domain: simulste
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training pairs (by using:
the labelled data and finssly perform the correcsion.
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their training data.

Fang et al. (2019)

This paper provides a comparison of different deep ring artifact
methods ag|

(polar) and a
model AI| use a Sshgn U-Net and th ﬂll‘ on hotll raw-data and

Chao et al. (2019)

An image-based correction is proposed which removes stripes in polar coordinates. The
point of this paper is that the network architecture s very simple.

The data constist of 160 clean
added 16, respectively 30 Gifloront simulated fing ardfacts. For tesung dota a set of 40
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Removing ring artifacts in CBCT images via generative adversarial
networks with unidirectional relative total variation loss

Fang et al. (2019) - Results and My Conclusion

Clean data is acquired from the AAPM Low Dose c'r Grand Challenge.
Ring artifacts are by nthe
The data was splitinto traii image: 600 images)

jes),
and testing datasets (526 images) and an MSE loss S tont aay

Le# Thos afert ypes of igaritms sested in this
.
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Image Denoising and Ring Artifacts Removal
for Spectral CT via Deep Neural Network

Lv et al. (2020)

This work rtifact

PCCT data in image domain via a .

They solely process messured dats. To have groundtruth data
y performa

iterative image-b:
The total number of CT images used for training, validation and
testing was 2240 in the ratio 1:1:5. An MSE-like cost function is
used.

+ The PCD they are using is not specified, experiments we:
performed with 8 energy bins with thresholis ranging from 25 keV
1090 keV.

brain images and 300 abdomen images, where the authors.

Deep Neural Networks for Ring Artifacts
egmentation and Corrections in

nents of CT
Images

FRUCT = University in

Chao et al. (2019)- Results and My Conclusion

+ My conclusion:

artfact” is really applied oréy in the artfact 50, the main prot
v esttash woula bs ot Geterminonlthe atact Beeis, i the atAnOrS GRS by
hand. the metho

Korilow etal, {2021) should be usedto segment the artfactlines/pixels.

Wang et al. (2019)

+ Herea GAN is used to remove "9 artifacts from CT volumes.
The image is firs!
am’zcts appear as lines.
. ing artifact each of the 10000
brainCT images inthe tralmng dataset. The testing dataset
20Ci

images with real ring artifacts.

Removing Ring Artefacts for Photon-Counting
Detectors Using Neural Networks in
Different Domains

WEI FANG, LIANG LI, (Senior Member, IEEE), AND ZHIQIANG CHEN

P o ab of 2

+ My conclusion:

computationally 100 €XpansIve to bo usod routinely ? No answer s given.



Ring Artifact Reduction: Literature

« Correction in sinogram/rawdata domain:
— Nauwynck et al., Ring Artifact Reduction in Sinogram Space Using Deep Learning,
Proc. CT Meeting 2020:486-489, 2020
« Correction in image domain:

— Chang et al ., A Hybrid Ring Artifact Reduction Algorithm Based on CNN in CT
Images, Fully 3D 11072:1107226, 2019

— Chao et al.,, Removal of Computed Tomography Ring Artifacts via Radial Basis
Function Artificial Neural Networks, Phys. Med. Biol. 64(23):235015, 2019

— Kornilov et al., Deep Neural Networks for Ring Artifacts Segmentation and
Corrections in Fragments of CT Images, 28" FRUCT conference:181-193, 2021

— Wang et al., Removing Ring Artifacts in CBCT via GAN with Unidirectional Relative
Total Variation Loss, Neural Computing and Applications 31(9):5147-5158, 2019

— Lv et al., Image Denoising and Ring Artifacts Removal for Spectral CT via Deep
Neural Network, IEEE Access 8:225594-225601, 2020

« Correction in both, sinogram/raw-data and image domain:

— Fang et al., Comparison of Ring Artifacts Removal by Using Neural Network in
Different Domains, MIC, 2019

— Fang et al., Removing Ring Artefacts for Photon-Counting Detectors Using Neural
Networks in Different Domains, IEEE Access 8:42447-42457, 2020



Ring Artifact Reduction: Comments

« Correction in sinogram/rawdata domain:

— Nauwynck et al. (2020) — Results are ok. The method can, however, not correct
low-frequency ring artifacts.

« Correction in image domain:

— Chang et al. (2019) — Strange mixture of CNN and classical method. New artifacts
are introduced.

— Chao et al. (2019) — It remains unclear how the artifact areas are segmented. Only
zoom-ins show some improvements.

— Kornilov et al. (2021) — Theoretically sound, however, no reasonable images are
presented.

— Wang et al. (2019) — The results of all correction methods look the same
(suboptimal gray scale windowing).

— Lv et al. (2020) — The question arises why the method to generate the ground-truth
data is not directly used for correction.

« Correction in both, sinogram/raw-data and image domain:

— Fang et al. (2019) — The results shown are interesting. However, there are no
measured data processed.

— Fang et al. (2020) — The results are good. Probably it is the best method of this
slide’s list.
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FIGURE 3. The diagram of ring artefacts removal in projection domain.
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FIGURE 4. The diagram of ring artefacts removal in polar coordinate system.
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FIGURE 5. The diagram of ring artefacts removal using a comprehensive model.

Fang, Li, and Chen. Removing Ring Artefacts for Photon-Counting Detectors Using Neural Networks dkf
in Different Domains. IEEE Access 8:42447-42457, 2020. ZC



Wavelet projection domain

Wavelet polar image domain

U-net image domain

U-net projection domain

U-net polar image domain

U-net in both domains

Fang, Li, and Chen. Removing Ring Artefacis-ron I'IIUI.UI'UUIILIIIQ UTLTLLUID UDIY INTUTadl INCLWUIT RS
in Different Domains. IEEE Access 8:42447-42457, 2020.




Summary on Deep RAR

« Similar comments as for deep MAR apply here.

« Often, the images are resampled to polar coordinates
before being manipulated by the network.

 Deep learning, as of today, provides incremental
Improvements compared to conventional RAR
methods.




Deep learning -based sinogram extension method for interior Evaluation of novel Al-based extended field-of-view CT reconstructions

computed tomography !

i THeep Detruncati

Ketala Auuso HJ, etal. ‘Deap laarning based sinegramn extension mathod forineror someured towagraphy
Medical imagisy 2671 Physies of Medhear inaging. Ved 11595, intermatienal Society for Optics and Phetsoies, 2021

Kietsla, A0uso K. o1, "Deap lederiing dased sinogran exteasion mehod for insecior somputed seography Fonseca Oabriel Parve, o sl “Evalustion of sovel Al based extesdes Sukd of view CTrecossructions.
Mrswieal maglog 2021 Physics of Medea inagiog. Ved. 11635, mtermational Society for Optics and Phetomics, 2021 s Medieal Phyaies (2021), 7

Data Extrapolation From Learned Prior Images
for Truncation Correction in
oo/ Computed Tomography

HDFov
(conventional)

Network inget bmagn jeowork Output i WOweal o Kmuit image

(direct comd

sebiraction comb )

Fomseca Gabriei Pave, e sl "Evalustion of sovel Albas CTewe X Fenseca. Gabriel Pawa, et ol "Evafiation of sovel Al-ba: ew C 2 Haang, Yisisg. wtal. “Dats Exirapolation froe Laarmed Prise irages for Truncaton Correstion bn
Medical Phiysies {2021). dical Phiysi omeuted Tomegrasty * EEE Transactions oo Medcal imagng |7021) i

Data Consistent CT Reconstruction from Results
Insufficient Data with Learned Prior Images

Yixing Huang, Alexander Prewhs, Michael Manhan, Guenter Lauritsch, Andress

Input: WCE-precorrected image
Output: corrected image

Corrected Image Is then forward-projected and the
projections are combined with the original raw data.
Finally, the combined data are reconstructed iteratively.

Huang. Yiting, wtal. "Dats Ectrapalstion frem Luam krages for Truscation Correctizn in
Computes Tomegrashy * ] 23c9073 0n Medcal dmagng (2021)

Huang, Yixing. et al “Osts cen: T reconatructon frem msuMicient dts with leames sror dkfz
2

Images.” ariiv proprint arXiv. 250510039 {2020).



Deep learning -based sinogram extension method for interior
computed tomography

Juuso H. J. Ketola*®, Helind Heino®, Mikael A. K. Juntunen®®, Miika T. Nieminen®°*,
and Satu L. Inkinen®
"Research Unit of Medical Imaging, Physics and Technology, University of Oulu, Oulu, Finland
"The South Savo Health Care Authority, Mikkeli Central Hospital, Oulu, Finland

‘Department of Diagnostic Radiology, Oulu Unmiversity Hospital, Oulu, Finland
“Medical Research Center Oulu, Oulu Umiversity Hospital and University of Oulu, Oulu, Finland
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Ketola, Juuso HJ, et al. "Deep learning-based sinogram extension method for interior computed tomography." dkf
Medical Imaging 2021: Physics of Medical Imaging. Vol. 11595. International Society for Optics and Photonics, 2021. ZQ



Figure 3. Example reconstructions. a. Original data from scanner. b. Adaptive de-truncation followed by filtered
backprojection. ¢. Total variation regularization. d. Filtered backprojection. e. FBPConvNet. f. Our Method. Reconstructions
have been masked to contain the region-of-interest.

Ketola, Juuso HJ, et al. "Deep learning-based sinogram extension method for interior computed tomography." dkf
Medical Imaging 2021: Physics of Medical Imaging. Vol. 11595. International Society for Optics and Photonics, 2021. Z.



Evaluation of novel Al-based extended field-of-view CT reconstructions

Gabriel Paiva Fonseca™*
Department of Radiation Oncology (MAASTRO), GROW School for Oncology and Developmental Biology, Maastricht University
Medical Centret, Maastricht 6229 ET, The Netherlands

Matthias Baer-Beck™ Eric Fournie and Christian Hofmann
Siemens Healthcare GmbH, Forchheim, Germany

llaria Rinaldi, Michel C Ollers, Wouter J.C. van Elmpt and Frank Verhaegen
Deparnnent of Radiation Oncology (MAASTRO), GROW Schoaol for Oncology and Developmental Biology, Maastricht University
Medical Centre+, Maastricht 6229 ET, The Netherlands

(Received 28 February 2021; revised 27 April 2021; accepted for publication 30 April 2021;
published 31 May 2021)
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Fonseca, Gabriel Paiva, et al. "Evaluation of novel Al-based extended field-of-view CT reconstructions."
Medical Physics (2021). dk Ze



Network Input Image Network Output Image HDeepFoV Result Image

Fonseca, Gabriel Paiva, et al. "Evaluation of novel Al-based extended field-of-view CT reconstructions."
Medical Physics (2021). dk z.
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K. Sourbelle, M. Kachelrie3, and W.A. Kalender, “Reconstruction from truncated projections

in CT using adaptive detruncation,” Eur Radiol 15:1008-1014, 2005.
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K. Sourbelle, M. Kachelrie3, and W.A. Kalender, “Reconstruction from truncated projections

in CT using adaptive detruncation,” Eur Radiol 15:1008-1014, 2005.



Summary on Deep Detruncation

 No need for machine learning to restore the gray
values within the FOM

* Image domain cosmetic detruncation can serve as an
Intermediate step to detruncate CT data.




Deep Scatter Estimation

277

In real time?




Monte Carlo Scatter Estimation

« Simulation of photon trajectories according to
physical interaction probabilities.

» Simulating a large numbr~- ries well

approxim=#-~- 1 hour da,‘..a se‘\'.

h\c soTiiplete scatter
rap iR




Deep Scatter Estimation

Network architecture & scatter estimation framework

Output:
Input: ] 384 x 256 x 4 scatter estimate

g

Downsamplin e‘- -\-_omograp

and applicatio. 50 Upsampling
of operator O to or_|g|nal
T(p) Size
48 x 32 x 160
24 x 16 x 320

O- 3 x 3 Convolution, RelLU

12 % 8 x 480 ®» 1x1 Convolution, ReLU
—0O 2 x 2 Max. Pooling
2 x 2 Upsampling
6 x 4 x 960 -O- Depth Concatenate

Projection data

J. Maier, M. Kachelriel3 et al. Deep scatter estimation (DSE). SPIE 2017 and Journal of Nondestructive Evaluation 37:57, July 2018. dkfz
&

J. Maier, M. KachelrieR et al. Robustness of DSE. Med. Phys. 46(1):238-249, January 2019.



Testing of the DSE Network for
Measured Data (120 kV)

DKFZ table-top CT

Measurement to be corrected

| &

X-ray source

1

N | Detector
A

* Measurement of a head
phantom at our in-house

table-top CT. CoIIimatorI (’\\

e Slit scan measurement o ——
serves as ground truth. X-ray source I L

Ground truth: slit scan

Detector

J. Maier, M. Kachelriel3 et al. Deep scatter estimation (DSE). SPIE 2017 and Journal of Nondestructive Evaluation 37:57, July 2018. dkfz
o

J. Maier, M. KachelrieR et al. Robustness of DSE. Med. Phys. 46(1):238-249, January 2019.



Reconstructions of Measured Data

Kernel-Based Hybrid Scatter Deep Scatter
Scatter Estimation Estimation Estimation

Slit Scan No Correction

CT Reconstruction

Difference to slit scan

C=0HU, W=1000HU

J. Maier, M. Kachelriel3 et al. Deep scatter estimation (DSE). SPIE 2017 and Journal of Nondestructive Evaluation 37:57, July 2018. dkfz
o

J. Maier, M. KachelrieR et al. Robustness of DSE. Med. Phys. 46(1):238-249, January 2019.



A simple detruncation was applied to the rawdata before reconstruction. Images were clipped to the FOM before display. C = -200 HU, W = 1000 HU.

Truncated DSE

40 x 40 cm?
flat detector

Ground truth Uncorrected MC-corrected DSE

40 x 40 cm?2
flat detector

To learn why MC fails at truncated data and what significant efforts are necessary to cope with that situation see [Kachelriel3 et al.
Effect of detruncation on the accuracy of MC-based scatter estimation in truncated CBCT. Med. Phys. 45(8):3574-3590, August 2018].

J. Maier, M. KachelrieB et al. Deep scatter estimation (DSE). SPIE 2017 and Journal of Nondestructive Evaluation 37:57, July 2018.

J. Maier, M. KachelrieR et al. Robustness of DSE. Med. Phys. 46(1):238-249, January 2019.



Results

Mean absolute percentage er-

Testing

Head Thorax Abdomen ror of.the.kernel—based scat-
T ter estimation (KSE), the hy-
KSE brid scatter estimation (HSE)
Head 14.5 26.8 32.5 and the deep scatter estima-
Moz % 18.5 = tion (DSE) with respect to the
Abdomen 16.8 22.1 17.8 d truth tter distrib
All data 14.9 20.5 19.3 ground truth scatier distribi-
HSE (Truncated prior, 22 cm FOM) tion (MC simulation). Train-
- 6.2 293.2 237.6 ing data were generated sim-
HSE (Truncated prior, shifted detector, 40 cm FOM) ulating head, thorax and ab-
- — 2 A3 domen data at 120 kV, 140 kV.
DSE, Mep : e #5im — Smc The training was performed
Head 3.9 17.6 23.5 for head. th d abd
Thorax 12.2 2.5 11.6 or head, thorax and abdomen
Abdomen 27.1 13.2 2.3 data separately as well as
All data, 4.7 2.5 2.4 using all data together (left
DSE, My : psim — Smc column). DSE was trained
Ltz - e il for three different mappings
Thorax 6.7 1.6 7.7 M ) — Paim g
Abdomen 15.7 12.1 1.5 (Mep = e N MC
All data 1.7 1.6 1.6 Mp : psim — Smc, Mpep : p-
DSE, Myep : Daim - € PSim — Syic e~ Psim  —  Syc). Note that
Head 1.2 21.1 32.7 there are no training data for
Thorax 8.8 Los 9l the HSE as it is optimized on
Abdomen 11.9 10.9 1.3 MC s lat; fth
ALl data L8 1A 14 a coarse simulation of the

testing data.
Values shown are the mean absolute percentage errors (MAPES) of the testing data. dkfz
®

Note that thorax and head suffer from truncation due to the small size of the 40x30 cm flat detector.



Ground truth No correction KSE HSE DSE

Head, 140 kV,
22 cm FOM

Thorax, 140 kV,
22 cm FOM

Thorax, 140 kV,
40 cm FOM
(shifted detector)

Abdomen, 140 kV,
22 cm FOM

Abdomen, 140 kV,
40 cm FOM
(shifted detector)

C=0HU
W =700 HU




Scatter in Dual Source CT (DSCT)
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C =40 HU, W = 300 HU, with 2D anti-scatter grid



Scatter in Dual Source CT (DSCT)
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C =40 HU, W = 300 HU, with 2D anti-scatter grid



MeaS urem ent_BaS ed finite size focal spot
Scatter Estimation

G eammm» pre patient collimation

scatter scatter
detector imaging detector rows detector

v 1 1l (| [ | ( | [ [ | [ | [ | . v

primary intensity profile

J. Erath, M. KachelrieR et al. Deep learning-based forward and cross-scatter correction in dual
source CT. Med. Phys. 48:4824-4842, July 2021.




Scatter in Dual Source CT: xDSE

Ground Truth Uncorrected XxDSE (2D, xSSE) Measurement-based
MAE =42.6 HU MAE =4.9 HU MAE =10.6 HU vl

xDSE (2D, xSSE) maps
primary + forward scatter + cross-scatter + cross-scatter approximation — cross-scatter

Images C = 40 HU, W = 300 HU, difference images C = 0 HU, W = 300 HU
J. Erath, M. Kachelriel3 et al. Deep learning-based forward and cross-scatter correction in dual dkf
e

source CT. Med. Phys. 48:4824-4842, July 2021.



Conclusions on DSE

« DSE needs about 3 ms per CT projection (as of 2020).
« DSE is a fast and accurate alternative to MC simulations.
 DSE outperforms other approaches.

* Facts:
— DSE can estimate scatter from a single (!) x-ray image.
— DSE can accurately estimate scatter from a primary+scatter 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.
It can be trained with any other scatter estimate, including
those based on measurements.

J. Maier, M. Kachelriel3 et al. Deep scatter estimation (DSE). SPIE 2017 and Journal of Nondestructive Evaluation 37:57, July 2018. dkfz
@

J. Maier, M. KachelrieB et al. Robustness of DSE. Med. Phys. 46(1):238-249, January 2019.
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PAMoCo

Generate 2K+1 Partial Angle Reconstructions

Initial segmented stack volume

Subdivide the projection data p’ (1, &)
into 2K + 1 overlapping sectors

¢ p'(9,6)
k=0 “
Lad
0 — 180°
2A9

Partial angle reconstructions f(7)

f-r(7)

t ~ trot /2
res ™~ (2K+1)/2

FWHM = A¢ K=12

~ 10 ms

SI E M E N J. Hahn, M. Kachelriel3 et al. Motion compensation in the region of the coronary arteries based on dkf
partial angle reconstructions from short scan CT data. Med. Phys. 44(11):5795-5813, September 2017. z.



Deep PAMoCo

Network architecture Initial volume

(with motion artifacts)

L
f

NxN 64
8 8 16 16 16 Fully

Ni2 x Ni2 connected gy /%t S_12 o
16 32 232 neurons ’

Final volume
(no motion artifacts)

N/4 x N/4
32 64 64
N/8 x N/8
64 64

-

.'_'t

64 N/16 x N/16

’ 3 x 3 x 3 Convolution, Batch norm, ReLU ' 2 x 2 x 2 Max pooling :}} Flatten "“ Dropout (25 %)

FCN-Layer output: two control points for a cubic spline:
for k ==K, and for k = +K. The third control point at k =
0is (0, 0, 0), i.e. no deformation for the central PAR.

J. Maier, S. Lebedev, J. Erath, E. Eulig, S. Sawall, E. Fournié, K. Stierstorfer, M. Lell, and M. Kachelrie3. Deep learning-based dkfz
o

coronary artery motion estimation and compensation for short-scan cardiac CT. Med. Phys. 48(7):3559-3571, July 2021.



Results

Slice 1 Slice 2 Slice 3 Slice4

No Correction

Deep PAMoCo

C =1000 HU
W = 1000 HU

J. Maier, S. Lebedev, J. Erath, E. Eulig, S. Sawall, E. Fournié, K. Stierstorfer, M. Lell, and M. Kachelrie3. Deep learning-based dkfz
o

coronary artery motion estimation and compensation for short-scan cardiac CT. Med. Phys. 48(7):3559-3571, July 2021.



Results

No Correction

Deep PAMoCo

C =1000 HU
W = 1000 HU

J. Maier, S. Lebedev, J. Erath, E. Eulig, S. Sawall, E. Fournié, K. Stierstorfer, M. Lell, and M. Kachelrie3. Deep learning-based dkfz
o

coronary artery motion estimation and compensation for short-scan cardiac CT. Med. Phys. 48(7):3559-3571, July 2021.



Results

Slice 1 Slice 2 Slice 3 Slice 4

§

No Correction

Deep PAMoCo

C =1100 HU
W = 1000 HU

J. Maier, S. Lebedev, J. Era 0
coronary artery motion et atton and compensatlon for short-scan cardiac CT. Med. Phys 48(7): 3559- 3571, July 2021




Are the Methods Reliable?

« Studies about explainability of Alin CT image formation
are more than sparse.

* My thoughts:

— Cosmetic corrections: Unclear if noise reduction, metal artifact
reduction etc. is removing/adding lesions. The whole process is a
black box.

— Physical corrections: A clear physical meaning and rawdata fidelity
appear more reliable. Examples:

» MAR or detruncation networks where the NN output is used only to
forward project and inpaint/extrapolate the rawdata

» Scatter correction that estimates a smooth physically realistic
(trained with MC) scatter signal in intensity domain

» Motion correction networks that estimate motion vectors rather
than manipulating the voxel values



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

Job opportunities through DKFZ’s international PhD or
Postdoctoral Fellowship programs (marc.kachelriess@dkfz.de).

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



