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Fully Connected Neural Network

ÅEach layer fully connects to previous layer

ÅDifficult to train (many parameters in W and b)

ÅSpatial relations not necessarily preserved

Hidden Hidden Output Hidden Input 
e.g. 300×500×3 pixels
e.g.

e.g. 1 label
e.g. Prague

Output:Input:
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Convolutional Neural Network (CNN)
ÅReplace dense W in                                    by a sparse 

matrix W with sparsity being of convolutional type.

ÅCNNs consist (mainly) of convolutional layers.

ÅConvolutional layers are not fully connected.

ÅConvolutional layers are connected by small, say 
3×3, convolution kernels whose entries need to be 
found by training.

ÅCNNs preserve spatial relations to some extent.

G kernels 
3×3×F

Src
512×512×F

Dst
512×512×G

Attention: No convolution in depth direction! 

Here, a 2D example is shown. Conv layers also exist in 3D and higher dimensions.
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U-Net1

3 x 3 Convolution, ReLU

2 x 2 Max. Pooling
2 x 2 Upsampling
Depth Concatenate

1 x 1 Convolution, ReLU

Input:

Output:

384 × 256 × 4

12 × 8 × 480

24 × 16 × 320

48 × 32 × 160

96 × 64 × 80

192 × 128 × 40

6 × 4 × 960

Concatenative skip connection

1O. Ronneberger, P. Fischer, and T. Brox. U-net: Convolutional networks for 
biomedical image segmentation. Proc. MICCAI:234-241, 2015. 



5

Loss Function

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

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

ÅAn example for such a loss function is the MSE loss
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Generative Adversarial Network1 
(GAN)

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

Counterfeiter
Generator G

Treasury
Data pool

generate
fake currency

$

Police
Discriminator D

true = 1, fake = 0
sigmoid in-between

detect
fake currency

provide
true data

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



7

Content

ÅRawdata processing

ÅImage reconstruction

ÅNoise reduction

ÅContrast and dose optimization

ÅMotion management

ÅExplainability
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Rawdata Processing:
Deep Scatter Estimation (DSE)
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Deep Scatter Estimation (DSE)
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Motivation

ÅX-ray scatter is a major cause of image quality 
degradation in CT and CBCT.

ÅAppropriate scatter correction is crucial to maintain 
the diagnostic value of the CT examination.

+

CT image

scatter

Primary intensity

CT reconstruction

CT reconstruction

C = 0 HU, W = 800 HU
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ÅSimulation of photon trajectories according to 
physical interaction probabilities.

ÅSimulating a large number of photon trajectories well 
approximates the actual scatter distribution.

Monte Carlo Scatter Estimation

Scatter distribution of an 
incident needle beam

Complete scatter 
distribution
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Deep Scatter Estimation
Network architecture & scatter estimation framework

3 x 3 Convolution, ReLU

2 x 2 Max. Pooling
2 x 2 Upsampling
Depth Concatenate

1 x 1 Convolution, ReLU

Input:

Output:
scatter estimate 384 × 256 × 4

12 × 8 × 480

24 × 16 × 320

48 × 32 × 160

96 × 64 × 80

192 × 128 × 40

6 × 4 × 960Projection data

Downsampling
and application 

of operator
Upsampling
to original 

size

J. Maier, M. Kachelrieß et al. Deep scatter estimation (DSE). SPIE 2017 and Journal of Nondestructive Evaluation 37:57, July 2018.
J. Maier, M. Kachelrieß et al. Robustness of DSE. Med. Phys. 46(1):238-249, January 2019.
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PEP

A
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PEP

B
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PEP

C
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PEP

C

A

B
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PEP for CT

C

A

B

I0



23

Results on Simulated Projection Data
Scatter ground 

truth (GT)

Primary 

intensity

(Kernel ïGT) 

/ GT 

(Hybrid - GT)

/ GT

(DSE ïGT)    

/ GT

View #1

View #2

View #3

View #4

View #5

C = 0%, W = 50%C = 0%, W = 50%C = 0%, W = 50%C = 0.5, W = 1.0 C = 0.04, W = 0.04

14.1%
mean 

absolute
percentage 

error
over
all

projections

7.2%
mean 

absolute 
percentage

error
over
all

projections

1.2%
mean 

absolute
percentage 

error
over
all

projections

DSE trained to estimate scatter from primary plus scatter: High accuracy



26

Reconstructions of Simulated Data

No Correction
Kernel-Based 

Scatter Estimation
Hybrid Scatter 

Estimation
Deep Scatter 
EstimationGround Truth
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C= 0 HU, W = 1000 HU

J. Maier, M. Kachelrieß et al. Deep scatter estimation (DSE). SPIE 2017 and Journal of Nondestructive Evaluation 37:57, July 2018.
J. Maier, M. Kachelrieß et al. Robustness of DSE. Med. Phys. 46(1):238-249, January 2019.
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ÅMeasurement of a head 
phantom at our in-house 
table-top CT.

ÅSlit scan measurement 
serves as ground truth.

X-ray source

Detector

Measurement to be corrected

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

X-ray source

Detector

Ground truth: slit scan

Collimator

DKFZ table-top CT

J. Maier, M. Kachelrieß et al. Deep scatter estimation (DSE). SPIE 2017 and Journal of Nondestructive Evaluation 37:57, July 2018.
J. Maier, M. Kachelrieß et al. Robustness of DSE. Med. Phys. 46(1):238-249, January 2019.
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Reconstructions of Measured Data

No Correction
Kernel-Based 

Scatter Estimation
Hybrid Scatter 

Estimation
Deep Scatter 
EstimationSlit Scan
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C= 0 HU, W = 1000 HU
J. Maier, M. Kachelrieß et al. Deep scatter estimation (DSE). SPIE 2017 and Journal of Nondestructive Evaluation 37:57, July 2018.

J. Maier, M. Kachelrieß et al. Robustness of DSE. Med. Phys. 46(1):238-249, January 2019.
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Does DSE Generalize
to Different Anatomical Regions? 

ÅSimulation parameters:
ï7 head and 14 thorax/abdomen clinical CT data sets

ïApply affine transforms to obtain 28 volumes for each region

ïRegions: head, thorax and abdomen

ïTube voltages: 120 kV, 140 kV.

ïPrior volumes: 28 head phantoms

ïSimulate 45 projections over 360° for each volume and voltage

ïNumber of z-positions: 1 for head, 4 for thorax and abdomen

ïData augmentation for head: vertical & horizontal flipping

ïTotal number of projections: 2 × 28 × 45 × 2 × 2 = 10080

J. Maier, M. Kachelrieß et al. Deep scatter estimation (DSE). SPIE 2017 and Journal of Nondestructive Evaluation 37:57, July 2018.
J. Maier, M. Kachelrieß et al. Robustness of DSE. Med. Phys. 46(1):238-249, January 2019.
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ÅDSE:

ÅKSE (ñtrainedò using the same data):

Values shown are the mean absolute percentage errors (MAPEs) of the testing data.
Note that thorax and head suffer from truncation due to the small size of the 40×30 cm flat detector.

DSE Head Thorax Abdomen

Head 1.2 21.1 32.7

Thorax 8.8 1.5 9.1

Abdomen 11.9 10.9 1.3

All data 1.8 1.4 1.4

KSE Head Thorax Abdomen

Head 14.5 26.8 32.5

Thorax 16.2 18.5 19.4

Abdomen 16.8 22.1 17.8

All data 14.9 20.5 19.3

J. Maier, M. Kachelrieß et al. Deep scatter estimation (DSE). SPIE 2017 and Journal of Nondestructive Evaluation 37:57, July 2018.
J. Maier, M. Kachelrieß et al. Robustness of DSE. Med. Phys. 46(1):238-249, January 2019.

Does DSE Generalize
to Different Anatomical Regions? 



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 = 0 HU

W = 700 HU

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 = 0 HU

W = 700 HU

Ground truth No correction KSE HSE DSE

Head, 140 kV,

22 cm FOM
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J. Erath, T. Vöth, J. Maier, E. Fournié, M. Petersilka, K. Stierstorfer, and M. Kachelrieß. Deep learning-based 
forward and cross-scatter correction in dual source CT. Med. Phys. 48:4824ï4842, July 2021.

Siemens SOMATOM Force 
dual source cone-beam spiral CT

Scatter in Dual Source CT (DSCT)

Ground Truth Forward Scatter Cross-Scatter Forward 
+ Cross-Scatter

C = 40 HU, W = 300 HU, with 2D anti-scatter grid



34

z

primary intensity profile

imaging detector rows
scatter 
detector

row

scatter 
detector

row

finite size focal spot

pre patient collimation

Measurement-Based 
Scatter Estimation

J. Erath, T. Vöth, J. Maier, E. Fournié, M. Petersilka, K. Stierstorfer, and M. Kachelrieß. Deep learning-based 
forward and cross-scatter correction in dual source CT. Med. Phys. 48:4824ï4842, July 2021.



35

Cross-DSE

Uncorrected xDSE (2D, xSSE)

MAE = 10.6 HUMAE = 4.9 HUMAE = 42.6 HU

Images C = 40 HU, W = 300 HU, difference images C = 0 HU, W = 300 HU 

Ground Truth

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

Measurement-based

J. Erath, T. Vöth, J. Maier, E. Fournié, M. Petersilka, K. Stierstorfer, and M. Kachelrieß. Deep learning-based 
forward and cross-scatter correction in dual source CT. Med. Phys. 48:4824ï4842, July 2021.
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Conclusions on DSE
ÅDSE needs about 3 ms per CT and 10 ms per CBCT 

projection (as of 2020).

ÅDSE is a fast and accurate alternative to MC simulations.

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

ÅFacts:
ïDSE can estimate scatter from a single (!) x-ray image. 

ïDSE can accurately estimate scatter from a primary+scatter image.

ïDSE generalizes to all anatomical regions.

ïDSE works for geometries and beam qualities differing from training.

ïDSE may outperform MC even though DSE is trained with MC.

ÅDSE is not restricted to reproducing MC scatter 
estimates. 

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

J. Maier, M. Kachelrieß et al. Deep scatter estimation (DSE). SPIE 2017 and Journal of Nondestructive Evaluation 37:57, July 2018.
J. Maier, M. Kachelrieß et al. Robustness of DSE. Med. Phys. 46(1):238-249, January 2019.
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Scatter Artifacts of Coarse ASG

Coarse ASG

Reconstruction: C = 40 HU, W = 300 HU

Coarse ASG can lead to scatter-induced moiré artifacts.

Conventional ASG
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1234

Coarse ASG
Naeotom Alpha

1376 × 144 macro pixels
pixel size 0.3 × 0.352 mm at iso

Scatter of Coarse ASG

z

b

Conventional ASG
Somatom Force

920 × 96 detector pixels
pixel size 0.52 × 0.56 mm at iso

1234

1234 1234

1234 1234

EI

EI
ASG

This paper received the ñHighest Impact Paper Awardò for the highest impact score at the 7th 
International Conference on Image Formation in X-Ray Computed Tomography in June 2022

Primary 
photon

Scattered 
photons

Coarse ASGs lead to 
changing scatter 
intensity between 

neighboring pixels. 
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3

Scatter distribution averaged over all detector rows 

b
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Scatter distribution averaged over all detector rows 

3

b

right

left
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Training and Validation Data
Å Monte Carlo simulation with the geometry of the photon counting CT 

scanner NAEOTOM Alpha (Siemens Healthineers)

Å 12 patients for training and 4 for validation

Å 14 z-positions with 36 projections each simulated for each patient

Å 8064 paired scatter and primary data pairs

Å Simulation of coarse ASG with macro pixel with detector dimension of 
1376 × 144 pixels

Å 6 different macro pixels locations

Å Smooth only across same macro-pixel locations

14 z positions
z1

z14

é

70 cm

Training and validation patients with high 
variety and different clinical situations, 
important to consider scatter-to-primary ratio

Example of validation data set:

M(0,0)

M(0,1)

M(1,0)

M(1,1)

M(0,2) M(1,2)
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688×48×32

344×24×64

172×12×128

86×6×256 

43×3×512

Detector dimension 
1376×144
Input mapping

Input: 6 channels

Merging 6 different channels to 
obtain total scatter correction term

Output: 6 channelsDifferent macro pixel locations

(0,0)

(0,1) 

(1,0)

(1,1)

(0,2)

(1,2)

Each channel 
corresponds to a 
different pixel position 
between the lamallea of 
the ASG

DSE for coarse ASG

3×3 Convolution, Stride 2

3×3 Convolution, Stride 1

Unpooling + depth concat.

Skip connection

Reshape

This paper received the ñHighest Impact Paper Awardò for the highest impact score at the 7th 
International Conference on Image Formation in X-Ray Computed Tomography in June 2022



45

MAE = 8.0 HU MAE = 0.6 HU

Uncorrected DSEGround Truth

Simulated Reconstruction C = 0 HU, W = 400 HU, 
Difference to GT C = 0 HU, W = 50 HU 

Results in Reconstructed Images
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MAE = 8.0 HU MAE = 0.6 HU

Uncorrected DSEGround Truth

Simulated Reconstruction C = 0 HU, W = 400 HU, 
Difference to GT C = 0 HU, W = 50 HU 

Results in Reconstructed Images
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Conclusions

ÅCoarse anti-scatter grid can lead to moiré artifacts 
due to scattered radiation.

ÅDSE reduces the mean absolute error (MAE) from 
about 9 HU to under 1 HU.

ÅThe moir® patternós amplitude can be reduced from 
30 HU to less than 5 HU.
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Image Reconstruction: 
Spatial Resolution Improvement
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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

Resolution Improvement Example
Å2D U-net to converts 5 mm thick images into 1 mm ones.

ÅE.g. to ñreplace a scanning protocol for a 1 mm slice with 
a 5 mm protocolò.5 mm image 1 mm GTRL deconv. U-net
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W = 150 HU

Canon PIQE
ÅPrecise IQ Engine (PIQE).

ÅTrained on data from 
Canonôs Precision high 
spatial resolution CT

ÅConverts images from 
Canonôs standard spatial 
resolution scanners (e.g. 
Aquilion ONE / PRISM 
edition) to look like high 
spatial resolution images.

Image courtesy of Canon Medical Systems

AIDR 3D PIQE
6

0
0

 H
U

0.3 mm

0.5 mm
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Image Reconstruction:
Noise Reduction
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Noise Removal Example 2

Å Architecture based on state-of-the-art 
networks for image classification (ResNet).

Å 32 conv layers with skip connections

Å About 2 million tunable parameters in total

Å Input is arbitrarily-size stack of images, 
with a fixed number of adjacent slices in 
the channel/feature dimension.

Input:
low-dose

CT images

Output:
denoised 

CT images

Full-dose 
reference

MSE
loss function

ṭNoise
subtraction

Skip 
connection

Residual Block

Predicted
noise

Andrew D. Missert, Shuai Leng, Lifeng Yu, and Cynthia H. McCollough. Noise Subtraction for Low-Dose CT 
Images Using a Deep Convolutional Neural Network. Proceedings of the 5th CT-Meeting: 399-402, 2018.
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Low dose images (1/4 of full dose)

Noise Removal Example 2

Andrew D. Missert, Shuai Leng, Lifeng Yu, and Cynthia H. McCollough. Noise Subtraction for Low-Dose CT 
Images Using a Deep Convolutional Neural Network. Proceedings of the 5th CT-Meeting: 399-402, 2018.
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Denoised low dose

Noise Removal Example 2

Andrew D. Missert, Shuai Leng, Lifeng Yu, and Cynthia H. McCollough. Noise Subtraction for Low-Dose CT 
Images Using a Deep Convolutional Neural Network. Proceedings of the 5th CT-Meeting: 399-402, 2018.
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Full dose

Noise Removal Example 2

Andrew D. Missert, Shuai Leng, Lifeng Yu, and Cynthia H. McCollough. Noise Subtraction for Low-Dose CT 
Images Using a Deep Convolutional Neural Network. Proceedings of the 5th CT-Meeting: 399-402, 2018.
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Denoised full dose

Noise Removal Example 2

Andrew D. Missert, Shuai Leng, Lifeng Yu, and Cynthia H. McCollough. Noise Subtraction for Low-Dose CT 
Images Using a Deep Convolutional Neural Network. Proceedings of the 5th CT-Meeting: 399-402, 2018.
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Noise Removal Example 3
ÅTask: Reduce noise from low dose CT images.

ÅA conditional generative adversarial networks (GAN) is used

ÅGenerator G: 

ï3D CNN that operates on small cardiac CT sub volumes

ïSeven 3×3×3 convolutional layers yielding a receptive field of 15×15×15 
voxels for each destination voxel

ïDepths (features) from 32 to 128

ïBatch norm only in the hidden layers

ïSubtracting skip connection

ÅDiscriminator D:

ïSees either routine dose image or a 
generator-denoised low dose image 

ïTwo 3×3×3 layers followed by several
3×3 layers with varying strides

ïFeedback from D prevents smoothing.

ÅTraining:
ï Unenhanced (why?) patient data acquired 

with Philips Briliance iCT 256 at 120 kV.

ï 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 I. Iġgum. Generative Adversarial Networks for Noise 
Reduction in Low-Dose CT. IEEE TMI 36(12):2536-2544, Dec. 2017.
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ÅG1 and G2 include supervised learning and thus 
perform only with phantom measurements.

ÅG3 is unsupervised. 

ÅG3 is said to generate images with a more similar 
appearance to the routine-dose CT. Feedback from 
the discriminator D prevents smoothing the image.

Noise Removal Example 3

J. Wolterink, T. Leiner, M. Viergever, and I. Iġgum. Generative Adversarial Networks for Noise 
Reduction in Low-Dose CT. IEEE TMI 36(12):2536-2544, Dec. 2017.
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Low dose image (0.2 mSv)

Noise Removal Example 3

J. Wolterink, T. Leiner, M. Viergever, and I. Iġgum. Generative Adversarial Networks for Noise 
Reduction in Low-Dose CT. IEEE TMI 36(12):2536-2544, Dec. 2017.
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iDose level 3 reconstruction (0.2 mSv)

Noise Removal Example 3

J. Wolterink, T. Leiner, M. Viergever, and I. Iġgum. Generative Adversarial Networks for Noise 
Reduction in Low-Dose CT. IEEE TMI 36(12):2536-2544, Dec. 2017.
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Denoised low dose image (0.2 mSv)

Noise Removal Example 3

J. Wolterink, T. Leiner, M. Viergever, and I. Iġgum. Generative Adversarial Networks for Noise 
Reduction in Low-Dose CT. IEEE TMI 36(12):2536-2544, Dec. 2017.
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Normal dose image (0.9 mSv)

Noise Removal Example 3

J. Wolterink, T. Leiner, M. Viergever, and I. Iġgum. Generative Adversarial Networks for Noise 
Reduction in Low-Dose CT. IEEE TMI 36(12):2536-2544, Dec. 2017.
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ÅAdvanced intelligent Clear-IQ Engine (AiCE)

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

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

Noise Removal: Canonós AiCE

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


