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LSR
Latent Space Reconstruction



C = 0 HU, W = 1000 HU

K. Sourbelle, M. Kachelrieß, and W.A. Kalender. Reconstruction from truncated projections in CT using adaptive detruncation (ADT). Eur Rad 15:1008–1014, 2005.

ADT-corrected (clipped)ADT-corrected

TruncatedOriginal



ADT-corrected (clipped)ADT-corrected

TruncatedOriginal

C = 0 HU, W = 1000 HU

K. Sourbelle, M. Kachelrieß, and W.A. Kalender. Reconstruction from truncated projections in CT using adaptive detruncation (ADT). Eur Rad 15:1008–1014, 2005.
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Latent Space Reconstruction (LSR)

• Missing data yields ill-posed problems.

• CT examples for missing data
– Truncation (lateral, longitudinal, …)

– Limited angle

– Metal artifacts

– Longitudinal FOM extension

– Sparseness artifacts

– …

• Generative models have the ability to generate CT images or 
volumes from a low dimensional latent space.

• LSR: Find latent space vector z such that the decoded data (images, 
volumes, sinograms, …) match with the measured data. 

A. Kabelac, E. Eulig, J. Maier, M. Hammermann, M. Knaup and M. Kachelrieß. Latent space reconstruction 
for missing data problems in CT. Med. Phys. 52(7):e17910, July 2025.
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VAE Data and Training

• Data:
– Clinical data acquired with a Siemens Somatom Force CT 

– 85 adult patient scans

– 0.6 mm slice thickness and 0.69 to 0.98 mm axial voxel spacing

– Randomly split into training, validation and testing (70:15:15)

• Training:
– Trained for 150 epochs

– Learning rate 0.001

– Adam optimizer

– Hybrid loss function consisting of VAE loss, perceptual loss and WGAN generator loss

Coronal Sagittal

A. Kabelac, E. Eulig, J. Maier, M. Hammermann, M. Knaup and M. Kachelrieß. Latent space reconstruction 
for missing data problems in CT. Med. Phys. 52(7):e17910, July 2025.
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LSR for Detruncation

• Train a VAE on very many untruncated CT images fn

• Find latent space point z to best match the truncated projections p

• Forward project D(z) and use the resulting rawdata to extrapolate the 
measured rawdata.

• Do a final image reconstruction of the detruncated sinogram.

A. Kabelac, E. Eulig, J. Maier, M. Hammermann, M. Knaup and M. Kachelrieß. Latent space reconstruction 
for missing data problems in CT. Med. Phys. 52(7):e17910, July 2025.

85 CT volumes

Network output is not seen by the reader!
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Search in Latent Space

• Optimization of latent space 
vector in projection domain

• Video showing intermediate 
images of selected iteration 
steps. 

Target Image Target Sinogram
Masked (15 cm)
Target Sinogram

Generated 
Sinogram

Generated Image
Difference to

Target Sinogram
Masked (15 cm)

Generated Sinogram

A. Kabelac, E. Eulig, J. Maier, M. Hammermann, M. Knaup and M. Kachelrieß. Latent space reconstruction 
for missing data problems in CT. Med. Phys. 52(7):e17910, July 2025.

Network output is not seen by the reader!

https://mail.google.com/mail/u/0?ui=2&ik=4d3c6e5b03&attid=0.1&permmsgid=msg-f:1803505671021295581&th=190756da37a077dd&view=att&disp=safe
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J. HJ. Ketola, et al., Deep learning-based sinogram extension method for interior computed tomography, 
Medical Imaging: Physics of Medical Imaging. Vol. 11595. International Society for Optics and Photonics (2021)

Reference Methods
U-Net-Based Sinogram Extension
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MAEs: 127 HU, 272 HU MAEs: 31 HU, 121 HU MAEs: 10 HU, 69 HUMAEs: 0 HU, 0 HU

Results

MAEs: 24 HU, 260 HU MAEs: 60 HU, 218 HU MAEs: 6 HU, 95 HU

Ground Truth ADT (classical) U-Net (Ketola et al.) LSR (ours) 

MAEs: 0 HU, 0 HU

C = 50 HU, W = 1200 HU



31

NADD
Noise-Augmented Deep Denoising
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(NADD)

G. Kristof, E. Eulig, and M. Kachelrieß. Noise-Augmented Deep Denoising:
A Method to Boost CT Image Denoising Networks. Med. Phys. 52(10):e18121, October 2025. 
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Images and Noise Only Images

C = 0 HU, W = 600 HU C = 0 HU, W = 150 HU
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Images and Noise Only Images

C = 0 HU, W = 600 HU C = 0 HU, W = 150 HU
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Images and Noise Only Images

C = 0 HU, W = 600 HU C = 0 HU, W = 150 HU
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NADD: Background, Aim and Idea

• Background: CT noise is strongly correlated between pixels. The 
correlation depends on the patient’s attenuation properties and on 
the tube current curve that was used to generate the images.

• Aim: To find out whether noise reduction networks in CT benefit 
from seeing more than one noise realization.

• Idea: Generate, by rawdata noise injection and reconstruction, 
several noise realizations and provide them to existing denoising 
networks in addition to the noisy image.

NADD =  1  measurement 
 + 10 simulated noise realizations 
 +  a  denoising network

G. Kristof, E. Eulig, and M. Kachelrieß. Noise-Augmented Deep Denoising:
A Method to Boost CT Image Denoising Networks. Med. Phys. 52(10):e18121, October 2025. 

NADD = Noise-augmented deep denoising
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Low Dose, Std Dose
and all 10 Noise Only Realizations

Std Dose

Low Dose

CT Images: C = 0 HU, W = 600 HU. Noise only images: C = 0 HU, W = 550 HU.

Network input

+10 simulated noise realizations (simulation must be done in rawdata domain)

G. Kristof, E. Eulig, and M. Kachelrieß. Noise-Augmented Deep Denoising:
A Method to Boost CT Image Denoising Networks. Med. Phys. 52(10):e18121, October 2025. 
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Noise Reduction Networks

• We use a couple of popular noise reduction networks
– CNN101

– ResNet2

– WGAN-VGG3

• We adapt these networks to the case of 1+N input images
– 1 image to be denoised

– N noise-only images 

• We mainly consider the cases N = 0 and N = 10 in the following.

• We will denote the method and the number N of additional noise-only 
realizations as following: Method+N 

– For example, CNN10+10 will indicate the CNN10 method with 10 additional noise 
realizations as input.

1H. Chen et al. Low-dose CT denoising with convolutional neural network. International Symposium on Biomedical Imaging (ISBI 2017):143-146, 2017. 
2A. D. Missert et al. Noise subtraction for low-dose CT images using a deep convolutional neural network. Proc. of the Fifth Int. Conf. on Image Formation in X-Ray CT:399-402, 2018 
3Q. Yanget al. Low-dose CT image denoising using a generative adversarial network with Wasserstein distance and perceptual loss. IEEE TMI 37(6):1348-1357, June 2018. 

In the results slides: Low Dose = 10% or 50% of Std Dose

G. Kristof, E. Eulig, and M. Kachelrieß. Noise-Augmented Deep Denoising:
A Method to Boost CT Image Denoising Networks. Med. Phys. 52(10):e18121, October 2025. 
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Network Architectures – CNN10+N

n kernels
9×9×(1+N), 

ReLU

32 kernels
3×3×n, ReLU

1 kernel
5×5×32

Noisy Image Corrected Image

512×512×n 512×512×32 512×512×1512×512×(1+N)

[1] H. Chen et al., "Low-dose CT denoising with convolutional neural network," 2017 IEEE 14th International Symposium on Biomedical Imaging 
(ISBI 2017), 2017, pp. 143-146, doi: 10.1109/ISBI.2017.7950488.
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Network Architectures – ResNet

[2] A. D. Missert, S. Leng, L. Yu, and C. H. McCollough, “Noise subtraction for low-dose CT images using a deep convolutional neural network,” in Proceedings of the 
Fifth International Conference on Image Formation in X-Ray Computed Tomography, Salt Lake City, UT, USA, May 2018, pp. 399–402. 

Image taken from [2]

• ResNet predicts the noise of 
the image

• The final prediction (a denoised 
image) is given by subtracting 
the output from the input 
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WGAN-VGG

[3] Q. Yang, P. Yan, Y. Zhang, H. Yu, Y. Shi, X. Mou, M. K. Kalra, Y. Zhang, L. Sun, and G. Wang, “Low-dose CT image denoising using a generative adversarial network 
with wasserstein distance and perceptual loss,” IEEE Transactions on Medical Imaging, vol. 37, no. 6, pp. 1348– 1357, June 2018. 

Images taken from [3]
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Results

WGAN10% DoseStd Dose

C = 0 HU, W = 500 HU
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Results

WGAN+1010% DoseStd Dose

C = 0 HU, W = 500 HU
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ResNetCNN10

C = 0 HU, W = 600 HU

10% Dose

Std Dose WGAN+10ResNet+10CNN10+10

WGAN
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ResNetCNN10

C = 0 HU, W = 600 HU

10% Dose

Std Dose WGAN+10ResNet+10CNN10+10

WGAN
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Siemens ReconCT

• Proprietary software
– to reconstruct  scanner 

rawdata

– to inject noise into 
rawdata to simulate low 
dose scans

• Allows to generate 
the 10 additional 
noise images needed 
for NADD.
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NADD Results

High Dose 50% Dose ResNet ResNet+10

All images reconstructed with ReconCT using the B37f kernel. C = 30 HU, W = 660 HU
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NADD Results

High Dose 50% Dose ResNet ResNet+10

All images reconstructed with ReconCT using the B37f kernel. C = 30 HU, W = 660 HU
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DSE
Deep Scatter Estimation
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Monte Carlo Scatter Estimation

• Simulation of photon trajectories according to physical interaction 
probabilities.

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

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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Ref 1: Kernel-Based Scatter Estimation

• Kernel-based scatter estimation1:
– Estimation of scatter by a convolution of the scatter source term T(p) with a scatter 

propagation kernel G(u, c):

MC scatter simulationScatter estimateSamples of the 
training data set

Detector 
coordinate

1 B. Ohnesorge, T. Flohr, K. Klingenbeck-Regn: Efficient object scatter correction algorithm for third and fourth generation CT scanners. Eur. Radiol. 9, 563–569 (1999). 

Open 
parameters:

Open 
parameters:
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Ref 2: Hybrid Scatter Estimation

• Hybrid scatter estimation2 :
– Estimation of scatter by a convolution of the scatter source term T(p) with a scatter 

propagation kernel G(u, c):

Open 
parameters:

Open 
parameters:

2 M. Baer, M. Kachelrieß: Hybrid scatter correction for CT imaging. Phys. Med. Biol. 57, 6849–6867 (2012). 

Coarse MC simulationScatter estimateSamples of the test 
data set

Detector 
coordinate
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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.

Parameters of the two comparison methods trained 
in the same way as those of DSE: same data, 

same loss function, same optimization algorithm.
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Testing of the DSE Network for Measured Data 
(120 kV)

• Measurement of a head phantom at 
our in-house table-top CT.

• Slit scan measurement serves as 
ground truth.

X-ray source

Detector

Measurement to be corrected

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.

Parameters of the two comparison methods trained 
in the same way as those of DSE: same data, 

same loss function, same optimization algorithm.

DSE
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Truncated DSE

FOM

FOM

Ground  truth Uncorrected MC-corrected DSE

40 × 40 cm2 

flat detector

40 × 40 cm2 

flat detector

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

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

• DSE:

• KSE (“trained” 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.
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Measurement-Based Data Generation

• Naeotom Alpha (Siemens Healthineers AG, Forchheim, Germany)

• Several phantoms (water phantoms, multi-energy QA phantoms, 
and anthropomorphic phantoms) are used in the data set.

• Fully automated measurement script

• Patient table z-position in steps of 5 cm

• Random table height (8 cm around the isocenter)

• Two scans at each table position
– 6 × 0.4 mm =   2.4 mm

– 144 × 0.4 mm = 57.6 mm 

• Default bowtie filter

• Energy thresholds T1 = 20 keV, T2 = 65 keV

• 0.5 s circle scans with 140 kV and 100 mAs / rotation

Total training data set: 5760 projections
36 projections per z-position

160 different z-positions
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Full collimation (144 × 0.4 mm):
Primary + scatter 

Narrow collimation (6 × 0.4 mm):
Primary only 

Measurement-Based DSE (mbDSE)

• Perform two scans:

– Scan with full collimation. It contains scatter and primary intensity.

– Scan with narrow collimation (slit scan). It contains primary only, scatter is negligible.

• Scatter intensity:

– The difference between the intensities of full and narrow collimated data is used as label.

– Only the data within the primary fan of the narrow collimated scan are used.

Difference:
Scatter only 

z z z

Rectangle is 
not drawn 
to scale

Scatter only
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dppNMAR
Deep Physics Prior Normalized Metal Artifact Reduction
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Corrected image

Normalized sinogram

Uncorrected image

Normalized MAR (NMAR)

Thresholding

Normalization Denormalization

Interpolation

Input

Output

Original sinogram

Metal image Ternary image

Metal projections Sinogram of tern. im. Corrected sinogram

Interpol. & norm.

E. Meyer, R. Raupach, M. Lell, B. Schmidt, and M. Kachelrieß, “Normalized metal artifact reduction (NMAR) in CT”, 
Med. Phys. 37(10):5482-5493, 2010. 
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Additional Spatial Information
Empirical Beam Hardening Correction (EBHC)

• EBHC1 and sfEBHC2 idea: empirical beam-hardening correction 
using material-basis images and linear combination.

• Material basis images: energy-dependent functions.

• Projections:  Compute sinograms p0 and p2 from images f0, and f2 ​.

• Series expansion up to second order:

• Reconstruction:

1Y. Kyriakou, E. Meyer, D. Prell, and M. Kachelrieß, “Empirical beam hardening correction (EBHC) for CT”, Med. Phys. 37(10):5179-5187, October 2010.
2S. Schüller, S. Sawall, and M. Kachelrieß, “Segmentation-free empirical beam hardening correction for CT”, Med. Phys. 42(2):794-803, February 2015.
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Proposed Method
Deep Physics Prior Normalized Metal Artifact Reduction (dppNMAR)

Output

Input

U-Net

Original sinogram

Uncorrected Image

BH sinogram

U-Net cosmetic MAR 

i.e. Prior Image

BH map (image)

MAR sinogram

dppNMAR

Decomposition

Network output is not seen by the reader!



Siemens
Naeotom Alpha
140 kV
Qr48f 
Seff = 1.0 mm 
C = 50 HU
W = 1200 HU

Original iMAR dppNMARBH-Map
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DEEP SAMOCO = TRUE 4D
Deep Single Angle Motion Compensation
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Deep Cosmetic Motion Artifact Reduction

• Image-based correction 
= cosmetic correction
= similar to pic beauty and others

• May not be the most confident way to go

Zhang et al. Motion artifact removal in coronary CT angiography based
on generative adversarial networks. EuRad 33:43-53, 2023.

Stick to estimating 
motion vector 

fields!
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Motion Compensation (MoCo)
Let the Voxels Move!

MoCo

+ MoCo
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What is 4D?

x, y, z

t
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What is 4D?

x, y, z

t

x, y, z

t

Assumes periodic motion

Needs breathing signal

Today‘s 4D CT and 4D CBCT

 500 ms temp. res.

 10 time points

Only before treatment

Any kind of motion

No motion surrogate needed

Not available clinically

 10 ms temp. res.

> 500 time points

Also during treatment!

✘
 → this presentation

✓

 → Tracking

Cyclic 4D True 4DCyclic 4D
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Gating Fails on Irregular Breathing!

Gating = bad Gating + MoCo = still bad

+ MoCo
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Single Angle Reconstructions (SARs)

84 4D CT scans (no artifacts, high temporal resolution)

• 10 respiratory phases each (WashU/Colorado dataset)

• 1010 combinations of phase A and B possible (including A=B)

• 841010 displacement vector fields (DVFs) known

• 720 CBCT projections1 simulated for each CT scan (each phase)

• 841072010720 = 6.5 billion projection pairs with known DVF

WashU SARs

A
x
ia

l

1The actual projection numbers are between 420 and 900 and depend on the scan mode.

J. Maier, S. Sawall, M. Arheit, P. Paysan and M. Kachelrieß. Deep learning-based cone-beam CT motion compensation 
with single-view temporal resolution. Med. Phys. 52(7):e17911, July 2025. 
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Training Workflow of Deep SAMoCo

SAR
of projection j

SAR
of projection i

DVF deforming
patient from 

time i to time j

Phase A Phase B

All images shown here are volumes of size 5123.

x

y

z

Network input

Network (modified U-Net)

Training labels

Random patient, random A and B

Calculate DVF from 
phase A to phase B

(Demons, Deeds, 
VoxelMorph, …) 

Randomly select
- projection i from A
- projection j from B
and backproject.

J. Maier, S. Sawall, M. Arheit, P. Paysan and M. Kachelrieß. Deep learning-based cone-beam CT motion compensation 
with single-view temporal resolution. Med. Phys. 52(7):e17911, July 2025. 
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Inference Workflow of Deep SAMoCo

• For a new patient
– decide for the desired time point j, e.g. the one from 1 millisecond ago

– for all i  j get the DVFs pointing from i to j from the neural network

– deform SARs for all i  j into time point j

– add all the volumes

SAR
of projection j

SAR
of projection i

DVF deforming
SAR i (from 

time i) to time j

x

y

z

Network input Network outputFor the videos shown in the following, we did this for all 720 time points j

For all i  j do

Network (modified U-Net)

J. Maier, S. Sawall, M. Arheit, P. Paysan and M. Kachelrieß. Deep learning-based cone-beam CT motion compensation 
with single-view temporal resolution. Med. Phys. 52(7):e17911, July 2025. 
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VUMC_4DThorax

Red: RPM signal (external signal – not used for recon)
 Yellow: Diaphragm motion (intrinsic signal – from PAMoCo recon)

J. Maier, S. Sawall, M. Arheit, P. Paysan and M. Kachelrieß. Deep learning-based cone-beam CT motion compensation 
with single-view temporal resolution. Med. Phys. 52(7):e17911, July 2025. 

+ MoCo
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MSK 1

Red: RPM signal (external signal – not used for recon)
 Yellow: Diaphragm motion (intrinsic signal – from PAMoCo recon)

J. Maier, S. Sawall, M. Arheit, P. Paysan and M. Kachelrieß. Deep learning-based cone-beam CT motion compensation 
with single-view temporal resolution. Med. Phys. 52(7):e17911, July 2025. 

+ MoCo
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Thank You!

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

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

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