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LDCT Benchmark

ÅAlgorithms used for our benchmark:
ïCNN-10 (2017)

ïRED-CNN (2017)

ïResNet (2018)

ïWGAN-VGG (2017)

ïQAE (2019)

ïDU-GAN (2021)

ïTransCT (2021)

ïBilateral (2022)

ÅAll tested methods 
ïdo the same hyperparameter optimization

ïuse the same train/validation set

ïwere evaluated on the same test set
github.com /eeulig /ldct -benchmark

E. Eulig, B. Ommer, and M. Kachelrieß. Benchmarking deep learning -based low -dose CT 
image denoising algorithms. Med. Phys. 51(12):8776 -8788, December 2024. 

Standard CNNs trained with 
pixelwise losses

CNNs trained with adversarial 
losses

Specialized architectures trained 
with pixelwise losses
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Slice where the average 
SSIM across all head 
slices and methods is 

highest .

Slice where the average 
SSIM across all head 
slices and methods is 

lowest .

E. Eulig, B. Ommer, and M. Kachelrieß. Benchmarking deep learning -based low -dose CT 
image denoising algorithms. Med. Phys. 51(12):8776 -8788, December 2024. 
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E. Eulig, B. Ommer, and M. Kachelrieß. Benchmarking deep learning -based low -dose CT 
image denoising algorithms. Med. Phys. 51(12):8776 -8788, December 2024. 
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PSNR units are decibel (dB)

Green numbers indicate that a method is significantly better than the previously published best method. 
Orange numbers indicate that it is significantly worse.

E. Eulig, B. Ommer, and M. Kachelrieß. Benchmarking deep learning -based low -dose CT 
image denoising algorithms. Med. Phys. 51(12):8776 -8788, December 2024. 

Quantitative Results

If you are interested to benchmark your noise reduction algorithm: 
https://github.com/eeulig/ldct -benchmark
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(NADD)

G. Kristof, E. Eulig, and M. Kachelrieß. Noise -Augmented Deep Denoising:
A Method to Boost CT Image Denoising Networks. Submitted to Med. Phys., 2025
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Low Dose and Noise Only Images

C = 0 HU, W = 600 HU C = 0 HU, W = 150 HU

G. Kristof, E. Eulig, and M. Kachelrieß. Noise -Augmented Deep Denoising:
A Method to Boost CT Image Denoising Networks. Submitted to Med. Phys., 2025
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Low Dose and Noise Only Images

C = 0 HU, W = 600 HU C = 0 HU, W = 150 HU

G. Kristof, E. Eulig, and M. Kachelrieß. Noise -Augmented Deep Denoising:
A Method to Boost CT Image Denoising Networks. Submitted to Med. Phys., 2025
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Low Dose and Noise Only Images

C = 0 HU, W = 600 HU C = 0 HU, W = 150 HU

G. Kristof, E. Eulig, and M. Kachelrieß. Noise -Augmented Deep Denoising:
A Method to Boost CT Image Denoising Networks. Submitted to Med. Phys., 2025
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NADD: Background, Aim and Idea

ÅBackground: CT noise is strongly correlated between pixels. The 
correlation depends on the patientôs attenuation properties and on 
the tube current curve that was used to generate the images.

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

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

G. Kristof, E. Eulig, and M. Kachelrieß. Noise -Augmented Deep Denoising:
A Method to Boost CT Image Denoising Networks. Submitted to Med. Phys., 2025

NADD = 1 measurement + 10 simulated noise realizations
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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.

G. Kristof, E. Eulig, and M. Kachelrieß. Noise -Augmented Deep Denoising:
A Method to Boost CT Image Denoising Networks. Submitted to Med. Phys., 2025

Network input

+10 simulated noise realizations (simulation must be done in rawdata domain)
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Results
WGANLow DoseStd Dose

C = 0 HU, W = 500 HU
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Results
WGAN+10Low DoseStd Dose

C = 0 HU, W = 500 HU
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ResNetCNN10

C = 0 HU, W = 500 HU

Low Dose

Std Dose WGAN+10ResNet +10CNN10+10

WGAN
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ResNetCNN10

C = 0 HU, W = 500 HU

Low Dose

Std Dose WGAN+10ResNet +10CNN10+10

WGAN
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ResNetCNN10

C = 40 HU, W = 400 HU

Low Dose

Std Dose WGAN+10ResNet +10CNN10+10

WGAN
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ResNetCNN10

C = 40 HU, W = 400 HU

Low Dose

Std Dose WGAN+10ResNet +10CNN10+10

WGAN
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ResNetCNN10

C = 0 HU, W = 600 HU

Low Dose

Std Dose WGAN+10ResNet +10CNN10+10

WGAN
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ResNetCNN10

C = 0 HU, W = 600 HU

Low Dose

Std Dose WGAN+10ResNet +10CNN10+10

WGAN
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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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Yet Unsolved Problems

Gating and gating -based motion compensation (MoCo)

Årequire gating signal,

Åassume periodic motion,

Åhave low temporal resolution,

Åfail on irregular breathing:

Gating = bad Gating + MoCo = still badPatient with irregular breathing pattern:
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Single Angle Reconstructions (SARs)

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

Å10 respiratory phases each (WashU/Colorado dataset)

Å10Ö10 combinations of phase A and B possible (including A=B)

Å84Ö10Ö10 displacement vector fields (DVFs) known

Å720 CBCT projections 1 simulated for each CT scan (each phase)

Å84Ö10Ö720Ö10Ö720 projection pairs with known DVF

WashU SARs Modified 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, é) 

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. 

For training we used 4D CT data from 84 patients, 10 phases each.
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Training Workflow of Deep SAMoCo

Modified SAR
of projection j

Modified SAR
of projection i

DVF deforming
patient from 

time i to time j

Phase A Phase B

x

y

z

Network input Training labels

Random patient, random A and B

Calculate DVF from 
phase A to phase B

(Demons, Deeds, 
VoxelMorph, é) 

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

Network (modified U -Net)

All images shown here are volumes of size 5123.

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

ÅFor a new patient
ïdecide for the desired time point j, e.g. the one from 1 millisecond ago

ïfor all i  ̧j get the DVFs pointing from i to j from the neural network

ïdeform SARs for all i  ̧j into time point j

ïadd 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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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 ï not used for recon)
 Yellow: Diaphragm motion (intrinsic signal ï 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. 
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MSK 7

Red: RPM signal (external signal ï not used for recon)
 Yellow: Diaphragm motion (intrinsic signal ï 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. 
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MSK 1

Red: RPM signal (external signal ï not used for recon)
 Yellow: Diaphragm motion (intrinsic signal ï 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. 
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L. Klein, C. Liu, J. Steidel, L. Enzmann, M. Knaup, S. Sawall, A. Maier, M. Lell, J. Maier, and M. Kachelrieß. Patient -specific radiation risk -based tube current modulation for 
diagnostic CT. Med. Phys. 49(7):4391 -4403, July 2022. This paper received the Sylvia&Moses Greenfield Award for the best scientific paper on imaging in Medical Physics in 2022.
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1. Coarse reconstruction from two scout views
ï E.g. X. Ying, et al. X2CT-GAN: Reconstructing CT from biplanar x-rays with generative 

adversarial networks.
CVPR 2019.

2. Segmentation of radiation -sensitive organs
ï E.g. S. Chen, M. Kachelrieß et al., Automatic multiȤorgan segmentation in dualȤenergy CT 

(DECT) with dedicated 3D fully convolutional DECT networks. Med. Phys. 2019.

3. Calculation of the effective dose per view using the deep dose 
estimation (DDE)
ï J. Maier, E. Eulig, S. Dorn, S. Sawall and M. Kachelrieß. Real-time patient-specific CT dose 

estimation using a deep convolutional neural network. IEEE Medical Imaging Conference 
Record, M-03-178: 3 pages, Nov. 2018.

4. Determination of the tube current modulation curve that 
minimizes the radiation risk
ï L. Klein, C. Liu, J. Steidel, L. Enzmann, M. Knaup, S. Sawall, A. Maier, M. Lell, J. Maier, and 

M. Kachelrieß. Patient-specific radiation risk-based tube current modulation for diagnostic CT. 
Med. Phys. 49(7):4391-4403, July 2022.

View angle

Patient Risk -Minimizing Tube Current Modulation
(riskTCM)

L. Klein, C. Liu, J. Steidel, L. Enzmann, M. Knaup, S. Sawall, A. Maier, M. Lell, J. Maier, and M. Kachelrieß. Patient -specific radiation risk -based tube current modulation for 
diagnostic CT. Med. Phys. 49(7):4391 -4403, July 2022. This paper received the Sylvia&Moses Greenfield Award for the best scientific paper on imaging in Medical Physics in 2022.

Deff(a)
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21 HU, 133% mAs, 152% Deff

21 HU, 105% mAs, 95% Deff

21 HU, 100% mAs, 100% Deff

C = 25 HU, W = 400 

Re 0.12
BS 0.01
Br 0.01
Br 0.12
Co 0.12
RB 0.12
SG 0.01
Es 0.04
Li 0.04

Lu 0.12
Sk 0.01
St 0.12

Go 0.08
Th 0.04
Bl 0.04

no TCM mAsTCMI(Ŭ) I(Ŭ)

riskTCM I(Ŭ) Deff(Ŭ)

L. Klein, C. Liu, J. Steidel, L. Enzmann, M. Knaup, S. Sawall, A. Maier, M. Lell, J. Maier, and M. Kachelrieß. Patient -specific radiation risk -based tube current modulation for 
diagnostic CT. Med. Phys. 49(7):4391 -4403, July 2022. This paper received the Sylvia&Moses Greenfield Award for the best scientific paper on imaging in Medical Physics in 2022.

C = 25 HU, W = 400 HU
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no TCM mAsTCM

riskTCM

31 HU, 104% mAs, 109% Deff

31 HU, 102% mAs, 63% Deff

31 HU, 100% mAs, 100% Deff

I(Ŭ) I(Ŭ)

I(Ŭ) Deff(Ŭ)Re 0.12
BS 0.01
Br 0.01
Br 0.12
Co 0.12
RB 0.12
SG 0.01
Es 0.04
Li 0.04

Lu 0.12
Sk 0.01
St 0.12

Go 0.08
Th 0.04
Bl 0.04

C = 25 HU, W = 400 HU

L. Klein, C. Liu, J. Steidel, L. Enzmann, M. Knaup, S. Sawall, A. Maier, M. Lell, J. Maier, and M. Kachelrieß. Patient -specific radiation risk -based tube current modulation for 
diagnostic CT. Med. Phys. 49(7):4391 -4403, July 2022. This paper received the Sylvia&Moses Greenfield Award for the best scientific paper on imaging in Medical Physics in 2022.
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L. Klein, C. Liu, J. Steidel, L. Enzmann, M. Knaup, S. Sawall, A. Maier, M. Lell, J. Maier, and M. Kachelrieß. Patient -specific radiation risk -based tube current modulation for 
diagnostic CT. Med. Phys. 49(7):4391 -4403, July 2022. This paper received the Sylvia&Moses Greenfield Award for the best scientific paper on imaging in Medical Physics in 2022.

Conclusions on riskTCM

ÅRisk -specific TCM minimizes the patient risk.

ÅWith Deff as a risk model riskTCM can reduce risk by up to 30%, 
compared with the gold standard mAsTCM.

ÅOther risk models, in particular age -, weight - and sex -specific 
models, can be used with riskTCM as well.

ÅNote:
ï mAsTCM = good for the x -ray tube

ï riskTCM = good for the patient

ïdetector flux equalizing TCM = good for the detector
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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.

e.g. for metal inpainting, detruncation , limited angle extrapolation, ...


