K1'in der didGnostischen

CT-Bildgebung

Marc Kachelriel3
German Cancer Research Center (DKFZ)
Heidelberg, Germany
www.dkfz.de/ct

DEUTSCHES
z KREBSFORSCHUNGSZENTRUM
. IN DER HELMHOLTZ-GEMEINSCHAFT



Fully Connected Neural Network

A Each layer fully connects to previous layer
A Difficult to train (many parameters in W and b)
A Spatial relations not necessarily preserved
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y(x) = f(W-z+b) with f(x) = (f(z1), f(x2),...) point-wise scalar, e.g. f(z) = V0 = ReLU



Convolutional Neural Network (CNN)

A Replace dense Win y(x) = f(W -« + b) by a sparse
matrix W with sparsity being of convolutional type.

A CNNs consist (mainly) of convolutional layers.
A Convolutional layers are not fully connected.

A Convolutional layers are connected by small, say
3x3, convolution kernels whose entries need to be
found by training.

A CNNs preserve spatial relations to some extent.
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Attention: No convolution in depth direction!

Here, a 2D example is shown. Conv layers also exist in 3D and higher dimensions.



U-Netl

Output:

|nput: 384 x 256 x 4
‘ Concatenative skip connection

192 x 128 x 40

O
96 x 64 x 80
O
48 x 32 x 160
O
24 x 16 x 320

12 x 8 x 480 O » 3 x 3Convolution ReLU
1 x 1Convolution ReLU

O 2 X 2 Max. Pooling

2 x 2Upsampling
6x4x960 |"O- DepthConcatenate

10. Ronneberger, P. Fischer, and T. Brox. U-net: Convolutional networks for dkfz
®

biomedical image segmentation. Proc. MICCAI:234-241, 2015.



Generative Adversarial Network?
(GAN)

A Useful, if no direct ground truth (GT) is available, the
training data are unpaired, unsupervised learning

- generate % detect

Counterfeiter fake currency fake currency Police
Generator G Discriminator D

true =1, fake=0
sigmoid in-between

provide
true data

Treasury
Data pool

1]. Goodfellow et al. Generative Adversarial Nets, arXiv 2014




Generative Adversarial Network
(GAN)

A Typical loss function and minimax game:

m(%n max L(D,G):=E,;In (1 — D(G(ﬂf))) + E, In D(y)

A Conditional GAN!

I Conditional GANs sample the generator input x not from a uniform
distribution but from a conditional distribution, e.g. noisy CT images.

I Need some measure to ensure similarity to input distribution (e.g.
pixelwise loss added to the minimax loss function)

A CyCIe GAN? D, D,
I Two GANs (X- YandY- X) 1 l

I Demand cyclic consistency, i.e. Gy
X = Gy(Gy(x)) and y = Gy(Gx(x)) x |7/ 1| v

GX

llsola et al. 2017 dkf
2Zhu et al., 2017 z.




Resolution Improvement Example

A 2D U-net to converts 5 mm thick images into 1 mm ones.

AE.g. to fAreplace a scanning
a 5 mm p 1 Amim image ~ IRLAeconv. U-net
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Junyoung Park, Donghwi Hwang, Kyeong Yun Kim, Seung Kwan Kang, Yu Kyeong Kim and Jae Sung Lee. Computed dkfz
®

tomography super-resolution using deep convolutional neural network. Phys. Med. Biol. 63: 145011, 2018



AIDR 3D

Canon PIQE
A Precise 1Q Engine (PIQE). .

A Trained on data from |
Canonodos Preci s
spatial resolution CT

A Converts images from |
Canonos standa J
resolution scanners (e.g. |
Aquilion ONE / PRISM
edition) to look like high
spatial resolution images.
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Image courtesy of Canon Medical Systems



Sparse View Restoration Example

(a) Depth-wise receptive field Ground truth 2 Total variation Proposed

(a) 48 view

=) Max pooling ™ Avg unpooling Conv Receptive field
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X : Input Y : Label X - ¥ : Composite

(c) 96 view

= 2x2 Max pooling 2x2 Avg unpooling 1x1 Con 3x3 Conv, bnorm, RelU

Figure 1. The proposed deep residual learning architecture for sparse view CT reco

Yo Seob Han, Jaejun Yoo and Jong Chul Ye. Deep Residual Learning for Compressed Sensing CT
Reconstruction via Persistent Homology Analysis. ArXiv 2016.




(b) 64 view (a) 48 view

(c) 96 view

Proposed




Noise Reduction




Noise Removal Example 2

Input:
low-dose
Input (NxNxZ) CT Imag es
~ Conv2D 128, (9x9)
-
Batch Normalization ) B iy
ReLU Activation ‘ Residual Block
Group Conv2D Residual Block|
8x16, (3x3)
Residual Block| .
Batch Normalization ggll’]pn eCt' on
ReLU Activation Residual Block|
Residual Block _
[Batch Normalization / esf — PredICted
RelLU Activation ’_/ / ReSldual B'OCk n O I S e
| 7 Residual Block
PH— :
r Residual Block|
Vafee
Dutayt Cit1) subtraction ‘
A Architecture based on state-of-the-art
networks for image classification (ResNet). o VISE
. . . utput: )
A 32conv Iaygrs with skip connect|0n§ denoiged loss function
A About 2 million tunable parameters in total CT images 3
A Input is arbitrarily-size stack of images, Full-dose
with a fixed number of adjacent slices in reference

the channel/feature dimension.

Andrew D. Missert, Shuai Leng, Lifeng Yu, and Cynthia H. McCollough. Noise Subtraction for Low-Dose CT dkfz
@

Images Using a Deep Convolutional Neural Network. Proceedings of the 5th CT-Meeting: 399-402, 2018.



Noise Removal Example 2

Low dose images (1/4 of full dose)

Andrew D. Missert, Shuai Leng, Lifeng Yu, and Cynthia H. McCollough. Noise Subtraction for Low-Dose CT dkfz
o

Images Using a Deep Convolutional Neural Network. Proceedings of the 5th CT-Meeting: 399-402, 2018.



Noise Removal Example 2

Denoised low dose

Andrew D. Missert, Shuai Leng, Lifeng Yu, and Cynthia H. McCollough. Noise Subtraction for Low-Dose CT dkfz
o

Images Using a Deep Convolutional Neural Network. Proceedings of the 5th CT-Meeting: 399-402, 2018.



Noise Removal Example 2

Full dose

Andrew D. Missert, Shuai Leng, Lifeng Yu, and Cynthia H. McCollough. Noise Subtraction for Low-Dose CT dkfz
o

Images Using a Deep Convolutional Neural Network. Proceedings of the 5th CT-Meeting: 399-402, 2018.



Noise Removal Example 2

Denoised full dose

Andrew D. Missert, Shuai Leng, Lifeng Yu, and Cynthia H. McCollough. Noise Subtraction for Low-Dose CT dkfz
o

Images Using a Deep Convolutional Neural Network. Proceedings of the 5th CT-Meeting: 399-402, 2018.



Noise Removal Example 3

A Task: Reduce noise from low dose CT images.
A A conditional generative adversarial networks (GAN) is used

A Generator G:

i 3D CNN that operates on small cardiac CT sub volumes

I Seven 3x3x3 convolutional layers yielding a receptive field of 15x15%15
voxels for each destination voxel

I Depths (features) from 32 to 128 _ - Generator CYR G
I Batch norm only in the hidden layers [ :
I Subtracting skip connection Dencised
A Discriminator D: o Gt
I Sees either routine dose image or a
generator-denoised low dose image Oro
I Two 3x3x3 layers followed by several Qetio)

3x3 layers with varying strides
I Feedback from D prevents smoothing.
A Training:

I Unenhanced (why?) patient data acquired
with Philips Briliance iCT 256 at 120 kV.

I Two scans (why?) per patient, one with 0.2 mSv and one with 0.9 mSv effective dose.

J. Wolterink, T. Leiner, M. Viergever, and | . | ggum. G i €
Reduction in Low-Dose CT. IEEE TMI 36(12):2536-2544, Dec. 2017. akfi.

ODenoised CT G(l,p)

O Routine-dose CT /zp




Noise Removal Example 3

A G, and G, include supervised learning and thus
perform only with phantom measurements.

A G, is unsupervised.

A G, is said to generate images with a more similar
appearance to the routine-dose CT. Feedback from
the discriminator D prevents smoothing the image.

Generator G, Generator G, Generator G;

IG(ILo)-rol 13

J. Wolterink, T. Leiner, M. Viergever, and | . |l ggum. G | V€
Reduction in Low-Dose CT. IEEE TMI 36(12):2536-2544, Dec. 2017. akfi'



Noise Removal Example 3

Low dose image (0.2 mSv)
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Noise Removal Example 3
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iDose level 3 reconstruction (0.2 mSv)

Wol terink, T. Leiner M.

Vi ergever, and | .
Reduction in Low-Dose CT. IEEE TMI 36(12):2536-2544, Dec. 2017.
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Noise Removal Example 3
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Denoised low dose image (0.2 mSv)

Wol terink, T. Leiner, M. Vi ergever, and | . | ggum. G | V€
Reduction in Low-Dose CT. IEEE TMI 36(12):2536-2544, Dec. 2017. akf ®



Noise Removal Example 3

Vg

N
LN

Normal dose image (0.9 mSv)

J. Wolterink, T. Leiner, M. Viergever, and | . |l ggum. G | V€
Reduction in Low-Dose CT. IEEE TMI 36(12):2536-2544, Dec. 2017. akfi.



Noise Removal Example 4

Low-dose Image
(Input)

Denoised Image
(Output)

—>[ ConvNet, }9

ConvNet Process

Step1 ¢ :Step 2

3 High Frequency
Wavelet b.ased J—’ Residual Image
¥ i
processing (L)

| Low Frequency |
Residual Image

(T1r%)

= Residual Image
RLNet =] '

_+_

High-Freduency Details of Residual
IMage Estimation

Residual Image Estimation
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Residud)image , High Frequebcy Residual Image|

Wavelet A 4 4 Wavelet
Transform : Transform
L )

Conv+RelLU
Conv+BN+RelLU
Conv+BN+RelLU

Y. Wang et al. Iterative quality enhancement via residual-artifact learning networks for low-dose CT.
Phys. Med. Biol. 63:215004, 2018. dk‘fz.



IRLNet(10 mAs, A-Net)

-Net)

T

IRLNet(10 mAs

FBP(10 mAs)

FBP(200 mAs)




Nol se -Removal: Ca'

A Advanced intelligent Clear-1Q Engine (AiCE)

A Trained to restore low-dose CT data to match the
properties of FIRST, the model-based IR of Canon.

A FIRST is applied to high-dose CT images to obtain a
high fidelity training target

Training AiCE — Deep Learning

Anatomical
mmmmm

nnnnnnn

nnnnnn

model

Data Acquisition AiCE Image

= &
K. Boedeker. AiCE Deep Learning Reconstruction: Bringing the Power of Ultra High Resolution CT dkf
to Routine Imaging. Whitepaper, Canon, 2019. z.




U =100 kV

CTDI = 0.6 mGy
DLP = 24.7 mGy®m
Deg = 0.35 mSv

“—{ Courtesy of
— . Radboud ,
FIRST Lung (full'iterative) AICE Lung (deep Tearning thei,etﬁ(‘;”;;”dcs



FBP FIRST AIDR 3D AICE AIDR 3D

Series Unacceptable or Suboptimal | Acceptable | Unacceptable or Suboptimal | Acceptable

LD FBP

LD AIDR 3D
LD FIRST
LD DLR
SDAIDR3D

Low Dose CT Standard Dose CT
2 mGy CTDI (top) 19 mGy CTDI (top)
3 mGy CTDI (bottom) 18 mGy CTDI (bottom)

Singh et al., Image Quality and Lesion Detection on Deep Learning Reconstruction and Iterative

Reconstruction of Submillisievert Chest and Abodminal CT. AJR 214:566-573, March 2020



Nol se Reductil on:

A Based on a deep CNN

A Trained to restore low-dose CT data to match the
properties of high quality FBP datasets.

A Said to preserve noise texture and NPS

The 20 cm water phantom (GE Healthcare, WI, US) was scanned on Normalized NPS Curves

Revolution CT with two CTDIvol levels: 49mGy and 15.1mGy, and 2.5 mm

thick images were reconstructed using FBP, ASiR-V 100% and DLIR-H

(Fig. 11a). ASIR-V 100% and DLIR-H were selected for the highest potential

visible change in image texture relative to the FBP reference at higher DLIR-H, 4.9 mGy
dose, for a challenging setup to compare the impact of the iterative ASIiR-V 100%, 4.9 mGy
reconstruction and deep-learning technologies on image appearance. The - \ FBP 15.1 mGy
normalized NPS curves (Fig. 11b) showthat images of low-dose DLIR have T ’
the same NPS characteristics as the images of high-dose FBP, whereas
iterative reconstruction produces results that are clearly different.

nNPS (mm?2)

FBP, 15.1 mGy ASIR-V 100%, 4.9 mGy DLIR-H, 4.9 mGy

Spatial Frequency {lp/cm)

GE



Courtesy of GE Healthcare



ASiR-V 100%
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Solomon et al. Noise and spatial resolution properties of a commercially available deep dkf
learning-based CT reconstruction algorithm. Med. Phys. 47(9):3961-3971, Sept. 2020 ZO




Nol s e

Re moval :

A Noise-injected data serve as low dose examples
while their original reconstructions are the labels. A
CNN learns how to denoise the low dose images.

Routine-dose
target image

Routine-dose
scan data

FBP
reconqtructlon

Low-dose ,
stimulation

technigue
Low-dose

scan data

Pre-processing

Taken from https://www.philips.com/c-dam/b2bhc/master/resource-catalog/landing/precise-suite/incisive_precise_image.pdf

o Acquires data from routine-dose clinical scans.

Generates low-dose scan data from the
routine-dose data by a sophisticated low-dose
simulation technique that accurately models both
photon and electronic noise in low-dose scans.

Reconstructs routine-dose scan data with
a traditional FBP technique.

Trains the CNN to reproduce the image
appearance of the routine-dose FBP images
with low-dose scan data.

dkfz.



iDose? 1.4 mSv Precise Image 0.7 mSv iDose* 5.1 mSv

iDose* 1.5 mSv Precise Image 0.75 mSv iDose? 5.4 mSv Precise Image 2.6 mSv

Taken from https://www.philips.com/c-dam/b2bhc/master/resource-catalog/landing/precise-suite/incisive_precise_image.pdf



Beregi et al., 2022

Hirai et al., 2022a
Hirai et al., 2022b
Jin et al., 2022

Loffroy et al., 2022
Sun et al., 2022
Yoshioka et al., 2022
Awai et al., 2021
Dillman et al., 2021
Loffroy et al., 2021
Kalra et al., 2020
Willemink et al., 2023

Strigari et al., 2023

Deng et al., 2022

Lee et al., 2021

low-dose abdomen
phantom

low-dose multiphase
hepatic

low-dose pediatric 80 kV

low-dose interstitial lung
disease

low-dose head & neck

ultra-low-dose urolithiasis

low-dose contrast
abdomen

low-dose abdominal UHR
pediatric detectability
cardiac CTA stroke
low-dose lesion detection
principles & prospects

image quality phantom

ultra-low-dose pulmonary
nodules phantom

pediatric chest &
abdomen

79%

52%

54%

62%

43%

75%

40%

30%

52%

40%

83%

71%

96%

72%

63%

objective
objective, subjective
objective, subjective
objective, subjective
objective, subjective
objective, subjective
objective, subjective
objective, subjective
objective, subjective
objective, subjective

subjective

mixed
objective

objective, subjective

objective, subjective

AIiCE
AiCE
AIiCE
AIiCE
AIiCE
AiCE
AIiCE
AiCE
AIiCE
AICE
AIiCE
meta
Precise Image

TrueFidelity

TrueFidelity



True and Fake DECT

Existing true DECT approaches (for more than one decade):

Existing fake DECT approaches (as of May 2022):

[1] J. Ma, Y. Liao, Y. Wang, S. Li, J. He, D. Zeng, Z. Bian, Pdeudo dual energy CT imaging using deep learning-based
framework: basic material estimationii SPIE Medical Imaging 2018.

[2] W. Zhao, T. Lv, P. Gao, L. Shen, X. Dai, K. Cheng,M.Jia, Y. Chen, L. Xing, AA de egnergye at
CT imaging using a single-energy CT datao Fully3D 2019.

[ 3] D. Lee, H. Ki m, B. Choi , H. J. Kim, fADevel op me n-énergyfchestxd
ray images with single x-ray exposureo, PMB 64 (11), 2019.

[4] L. Yao, S. Li, D. Li, M. Zhu, Q. Gao, S. Zhang, Z. Bian, J . Huang, D. Zeng, J. Ma, fnlLeve
direct energy-resolving CT imaging via existing energy-integrating CT imageso SPIE Medical Imaging 2020.

[5] D. P. Clark, F. R. Schwartz, D. Marin, J. C. Ramirez-Giraldo, C. T.Badea, @i Deep | e a spectralg@xtrapolstofor
dual-source, dual-energy x-r ay CTo, M @): 41B0n4163, 2020.

[6] C€C. K. Liwu, C. C. Liwu, C. dbrarvcual-energ\HCT frm sinigle-anergy, CT tsbw de=p a t
learningd, Jour nallmayging 32(@)dgL49t 181, 2021.

[7]T.Lyu, W. Zhao, Y. Zhu, Z. Wu, Y. Zhang, Y. &heegyCTimbagingfuomm, S.

single-energyCTdat a with material decomposition c¢onvolApnalysi®70:4il10, 2021u r
[8] F. R. Schwartz, D. P. Clark, Y. Ding, J. C. Ramirez-Giraldo, C. T.Badea, D. Mar i n, AEval uat ideeg- r
learning based extension of dual-energy FoV in dual-source CT A retrospective pilot studyo

Radiology 139:109734, 2021.

[9] VY. Li, X. Tie, K. Li, J. W. Garrett, G.-H. Ch e n ,-EniCbren@apmining the spectral fingerprints in single-kV CT
acquisitions using energy integration detectorsd0 SPIE Medical Imaging 2022.

J. Maier, J. Erath, S. Sawall, E. Fournié, K. Stierstorfer, and M. KachelrieB. Raw data consisten deep learning- dkfz
&

based field of view extension for dual-source dual-energy CT. Med. Phys. 50:in press, 2023.



Pseudo Dual-Energy vs. True Dual-Energy

Training: Testing:

Prediction Difference to GT

70 kV
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C=0HU, W=1000 HU C =0HU, W =300 HU

Prediction Difference to GT

Neural
Network

True Dual-Energy

C =0HU, W = 1000 HU C =0HU, W =300 HU

S. Sawall, E. Fournié, K. Stierstorfer, and M. Kachelrie3. Raw data consisten deep learning-

vaseu eld of view extension for dual-source dual-energy CT. Med. Phys. 50:in press, 2023.



Pseudo Dual-Energy vs. True Dual-Energy

Training: Testing:

Prediction Difference to GT
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S. Sawall, E. Fournié, K. Stierstorfer, and M. KachelrieR. Raw data consisten deep learning- dkfz
o

vaseu eld of view extension for dual-source dual-energy CT. Med. Phys. 50:in press, 2023.



Algorithm for Partial DECT

—1 ( Xsfi—Ds,150
Xs (szs_ll

' erties of
ring the phy5|ca| prop

“{It?: Tol:\tie?\t at more than on‘e energy
cannot be avoided!

f: ¥

_/
L = ||w - (f; — UNet(us, i, XT1) — for)|?

J. Maier, J. Erath, S. Sawall, E. Fournié, K. Stierstorfer, and M. Kachelrie3. Raw data consisten deep learning- dkfz
o

based field of view extension for dual-source dual-energy CT. Med. Phys. 50:in press, 2023.



