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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(21), f(22),...) point-wise scalar, e.g. f(z) = V0 = ReLU



Convolutional Neural Network (CNN)

A Replace dense W in y(x) = f(W -x + 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.

Src Dst
512x512xF 512x512xG

m 6,J,9 ZS,Jf*K,gf—ZSz a,j— beabf

a,b, f

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 1 Convolution 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.



Activation Functions
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Loss Function

A The neural network parameters (weights and biases)
w are chosen by minimizing a loss function (cost

function) N

w = arg min Z L(x,,y,,w)

n=1

with X, being the training data input, y(x,,, w) being
the network output, and y, being the so-called labels,
l.e. the training target, and N being the number of
training samples.

A An example for such aloss function is the MSE loss

L(wnaynaw) — (y(wnaw) B yn))2



Gradient Descent

A Walk along the direction of the negative gradient
A Steepest descent
A Learning rate A

,wnew _ ,wold o anw L(CBn, yn’,w)

A Easy to understand, but not optimal
A Methods in use

I Batch gradient descent

I Sochastic gradient descent
I Mini-batch gradient descent
I Conjugate gradient descent
I Quasi Newton methods

I Momentum methods

i é



What Is an Autoencoder?

A In and output domain are the same, here x.

A Bottleneck z enforces the encoder and decoder to do a
good job.

= D(E(z))

A Examples:
I Principal component analysis (linear autoencoder), lossless
I PCA with dimensionality reduction (nonlinear due to clipping), lossy
I Image compression and decoding, e.g. jpeg, lossy

A Latent space typically not interpretable.




What Is a Variational Autoencoder?

A Make latent space regular.

A Allow to sample in latent space from a given
distribution, here: normal distribution.

(uvo-) Z N(M,O')
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A The VAE is a generative model.

A It allows to generate new data by sampling new values
from the normal distribution.




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 GANL!

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 |71 v

GX

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




Fitting
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Fitting

underfit reasonable overfit




Learning Curve

Training Set Validation Set Test Set
loss loss loss
> > >
epochs epochs epochs
Stop here!

A Training and validation set are part of the training
A Do not use test set for training

A Early stopping (at minimum validation loss)

A Training : Validation : Test © 70:20: 10




Part 1;

Making up Data




Limited Angle Example

FBP (150°) CNN

Image Prediction for Limited-Angle Tomography via Deep Learning with Convolutional Neural Network. dkf
i g, Liang Li, Kai Qiao, Linyuan Wang, Bin Yan, Lei Li, Guoen Hu. arXiv 2016. z.



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

NS | BT | a

-
B7NS | | BN

2~
SN0 | @9 | GFES

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

Projection Information
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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




MAR Example

A 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

A followed by segmentation into tissue classes

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

A 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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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. KachelrieR. 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

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

A Additional observations:

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

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




Resolution Improvement Example

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

AEg.tofir epl gaarening protocol for a1 mm slice with
ab5mm pro t O RL deconv. U-net 1mm GT

AT
)
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High resolution
High noise
Ground truth slice
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High resolution
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Junyoung Park, Donghwi Hwang, Kyeong Yun Kim, Seung Kwan Kang, Yu Kyeong Kim and Jae Sung Lee. Computed
tomography super-resolution using deep convolutional neural network. Phys. Med. Biol. 63: 145011, 2018



Canonos Pl QE

A PIQE (precise 1Q engine) is trained to convert low
resolution images into high resolution images

ATraining data are taken from
has small detector pixels (0.25 mm at iso).

A Claims:

i Improved
visualization of
plagque

I Reduction in
blooming
artifacts

AIDR3D PIQE

Image taken from at.medical.canon



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

2
K
>
3
(o]
)

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
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Sparse CT Recon with
s Dota Consistency
el | 0\ 1S (DCLS)

1x1-Convolution - Skip-Connections/Concatenation

U-NeRERIVARARCL )

A. Kofler, M. Haltmeier, C. Kolbitsch, M. Kachelriel3, and M. Dewey. A U-Nets Cascade for Sparse dkfz
View Computed Tomography, MICCAI 2018 o



Part 2:

Noise Reduction




Noise Removal Example 2

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 Ostio

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 mSyv effective dose.

J. Wolterink, T. Leiner, M. Viergever,and .| ggum. Generative Adversari al Net w r
Reduction in Low-Dose CT. IEEE TMI 36(12):2536-2544, Dec. 2017. a f ®

ODenoised CT G(l,p)

O Routine-dose CT /zp




Noise Removal Example 2

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 .| ggum. Generative Adversari al Net w r
Reduction in Low-Dose CT. IEEE TMI 36(12):2536-2544, Dec. 2017. a f ®



Noise Removal Example 2
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J. Wolterink, T. Leiner, M. Viergever,and I.1 § g u m.




Noise Removal Example 2

iDose level 3 reconstruction (0.2 mSv)

J. Wolterink, T. Leiner, M. Viergever,and .| ggum. Generative Adversari al Net w r
Reduction in Low-Dose CT. IEEE TMI 36(12):2536-2544, Dec. 2017. a f ®



Noise Removal Example 2

Denoised low dose image (0.2 mSv)

J. Wolterink, T. Leiner, M. Viergever,and .| ggum. Generative Adversari al Net w r
Reduction in Low-Dose CT. IEEE TMI 36(12):2536-2544, Dec. 2017. a ®



Noise Removal Example 2

Vg

Normal dose image (0.9 mSv)

J. Wolterink, T. Leiner, M. Viergever,and .| ggum. Generative Adversari al Net w r
Reduction in Low-Dose CT. IEEE TMI 36(12):2536-2544, Dec. 2017. a ®



Noise Removal Example 3

Input:
low-dose
Input (NxNxZ) CT Imag es
~ Conv2D 128, (9x9)
>
Batch Normalization ) RSl oy
ReLU Activation ‘ Residual Block
Group Conv2D Residual Block|
8x16, (3x3)
- Residual Block| S k I
Batch Normalization CO npn eCt I O n
ReLU Activation| Residual Block
Residual BlocK _
[Batch Normalization / esf — PredICted
RelLU Activation ’_/ / ReSldual B'OCk n 0 I S e
| 7 Residual Block
i -
Residual Block
Vaflee
Dutayt Cit1) subtraction ‘
A Architecture based on state-of-the-art
networks for image classification (ResNet). . VISE
. . . utput: :
n ion c loss function
A 32conv Iaygrs with skip connectio s iy uncti N
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 3

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 3

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 3

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

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

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.



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 the?\,etﬂ:”;rr?dcs



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



FBP ASIR V 50% True Fidelity

Courtesy of GE Healthcare



