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The Big Goal: Patient-Specific Dosimetry

• Ideally consists of
– A segmentation of the patient‘s anatomy

– An estimation of the patient dose distribution

– A risk measure that combines

» Organ doses

» Patient habitus

» other patient parameters
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BUILDING BLOCKS
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TotalSegmentator 

• Neural network based fully 
automated segmentation 
of up to 104 anatomic 
structures in CT images

• Two models to choose 
from: 1.5 mm and 3 mm

• 1.5 mm higher resolution 
model

• 3 mm fast model with 
lower resolution

1Wasserthal, Jakob et al. (2023). “TotalSegmentator: Robust segmentation of 104 anatomic structures
in CT images”. Radiology: Artificial Intelligence 5.5, e230024.

Taken from 1
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Tzanis 2022
• Dose with Monte Carlo (Impact MC)

– Based on images (training data)

– No scan trajectory

• Uses “training array” with 9 columns and
as many rows as voxels × patients.
– Scan trajectory not contained in training data

(only pitch value)

– Spatial neighborhood of voxels is not contained in the
“training array”. This means two voxels with identical
CT value will receive identical dose prediction.

• Neural net with 3 hidden layers to provide
brain, eye, cranial bone organ doses

• Dose as a regression from only 8 features.
– CT value, scan mode, scanner model, z-pos., tube current, rotation time, collimation, pitch, dose 

mAs product ( = only 1 feature, not 2)
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Tzanis 2025

• Dose with Monte Carlo
– Based on images (training data)

– No scan trajectory

• Organ segmentation with
TotalSegmentator

• For each organ uses “training 
array with six columns“ and as 
many rows as slices.

• NN (not specified which) 
learns from the training array.

• No voxel-wise dose distribution
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Berries 2024

• Dose with Monte Carlo 
(Impact MC)
– Based on images (training data)

– No scan trajectory

• Pix2pix image-to-image 
translation cGAN
– Converts CT image into relative 

dose distribution (no absolute 
scale)

• Extra-trees regression to 
calculate missing scale
– Uses mA, table height, recon 

diameter, slice location, WED, 
patient widths
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J. Maier, L. Klein, E. Eulig, S. Sawall, and M. Kachelrieß. Real-time estimation of patient-specific dose distributions for medical CT 
using the deep dose estimation. Med. Phys. 49(4):2259-2269, April 2022. Best Paper within Machine Learning at ECR 2019!
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Deep Dose Estimation (DDE)

• Combine fast and accurate CT dose estimation using a deep 
convolutional neural network.

• Train the network to reproduce MC dose estimates given the CT 
image and a first-order dose estimate.

256 × 256 x 48 × 16

16 × 16 × 3 × 256

3 × 3 × 3 Convolution (stride = 1), ReLU 3 × 3 × 3 Convolution (stride = 2), ReLU 2 × 2 × 2 Upsampling1 × 1 × 1 Convolution (stride = 1), ReLU 

Depth concatenate

128 × 128 x 24 × 32

64 × 64 x 12 × 64

32 × 32 x 6 × 128

CT volume

MC-dose1

label

1st order dose

1M. Baer, M. Kachelrieß. 
Phys. Med. Biol. 57, 2012. 

J. Maier, L. Klein, E. Eulig, S. Sawall, and M. Kachelrieß. Real-time estimation of patient-specific dose distributions for medical CT 
using the deep dose estimation. Med. Phys. 49(4):2259-2269, April 2022. Best Paper within Machine Learning at ECR 2019!
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First-Order Dose Estimate 

• DDE needs information about the tube position, tube current, tube 
voltage, shaped filters, collimation, scan trajectory etc. 

• This information is encoded in the first-order dose estimate.

• First order dose-estimate in a voxel at position r with mass m:

• Our first order dose estimate assumes the object to be water-equivalent 
(because it turned out to work this way).

Emission characteristic of the x-
ray source (including shaped 

filters)

Interaction probability for photo 
effect (i = PE) and Compton 

scattering (i = CS)

Energy deposition by
photo effect (i = PE) and

Compton scattering (i = CS)

J. Maier, L. Klein, E. Eulig, S. Sawall, and M. Kachelrieß. Real-time estimation of patient-specific dose distributions for medical CT 
using the deep dose estimation. Med. Phys. 49(4):2259-2269, April 2022. Best Paper within Machine Learning at ECR 2019!

1st order dose
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Comments for Practical Use

• DDE needs to use the actual 
– x-ray spectrum (not available in DICOM)

– scan trajectory (not available in DICOM)

• The patient volume
– must laterally show the full patient cross-section

– should longitudinally show the scanned range plus, say, 20 cm at each end.

J. Maier, L. Klein, E. Eulig, S. Sawall, and M. Kachelrieß. Real-time estimation of patient-specific dose distributions for medical CT 
using the deep dose estimation. Med. Phys. 49(4):2259-2269, April 2022. Best Paper within Machine Learning at ECR 2019!
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Results
Thorax, tube A, 120 kV, no bowtie

CT volume First order dose

MC ground truth DDE Relative error

C =   0% 
W = 40%

MC DDE

48

slices
1 h 0.25 s

whole 

body
20 h 5 s

MC uses 16 CPU kernels
DDE uses one Nvidia Quadro P600 
GPU

DDE training took 74 h for 300 epochs, 
1440 samples, 48 slices per sample

J. Maier, L. Klein, E. Eulig, S. Sawall, and M. Kachelrieß. Real-time estimation of patient-specific dose distributions for medical CT 
using the deep dose estimation. Med. Phys. 49(4):2259-2269, April 2022. Best Paper within Machine Learning at ECR 2019!
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Results
Thorax, tube A, 120 kV, with bowtie

MC DDE

48

slices
1 h 0.25 s

whole 

body
20 h 5 s

First order dose

MC ground truth DDE Relative error

C =   0% 
W = 40%

MC uses 16 CPU kernels
DDE uses one Nvidia Quadro P600 
GPU

DDE training took 74 h for 300 epochs, 
1440 samples, 48 slices per sample

J. Maier, L. Klein, E. Eulig, S. Sawall, and M. Kachelrieß. Real-time estimation of patient-specific dose distributions for medical CT 
using the deep dose estimation. Med. Phys. 49(4):2259-2269, April 2022. Best Paper within Machine Learning at ECR 2019!

CT volume
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Results
Abdomen, tube A, 120 kV, no bowtie

MC DDE

48

slices
1 h 0.25 s

whole 

body
20 h 5 s

First order dose

MC ground truth DDE Relative error

C =   0% 
W = 40%

MC uses 16 CPU kernels
DDE uses one Nvidia Quadro P600 
GPU

DDE training took 74 h for 300 epochs, 
1440 samples, 48 slices per sample

J. Maier, L. Klein, E. Eulig, S. Sawall, and M. Kachelrieß. Real-time estimation of patient-specific dose distributions for medical CT 
using the deep dose estimation. Med. Phys. 49(4):2259-2269, April 2022. Best Paper within Machine Learning at ECR 2019!

CT volume
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Results
Abdomen, tube B, 120 kV, no bowtie

MC DDE

48

slices
1 h 0.25 s

whole 

body
20 h 5 s

First order dose

MC ground truth DDE Relative error

C =   0% 
W = 40%

MC uses 16 CPU kernels
DDE uses one Nvidia Quadro P600 
GPU

DDE training took 74 h for 300 epochs, 
1440 samples, 48 slices per sample

J. Maier, L. Klein, E. Eulig, S. Sawall, and M. Kachelrieß. Real-time estimation of patient-specific dose distributions for medical CT 
using the deep dose estimation. Med. Phys. 49(4):2259-2269, April 2022. Best Paper within Machine Learning at ECR 2019!

CT volume
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Organ and ICRP weight 80 kV 100 kV 120 kV

Bone marrow    0.12 5.2% 6.7% 7.1%

Bone surface   0.01 5.7% 7.0% 7.2%

Brain          0.01 5.1% 4.9% 5.3%

Breast 0.12 1.0% 1.4% 2.1%

Colon 0.12 0.9% 1.7% 1.9%

Esophagus 0.04 1.3% 2.4% 2.3%

Gonads 0.08 3.2% 2.7% 2.2%

Liver 0.04 2.9% 1.1% 0.8%

Lung 0.12 1.7% 3.5% 4.0%

Remainder 0.12 0.9% 1.9% 2.3%

Salivary glands 0.01 4.9% 5.1% 5.3%

Skin 0.01 2.8% 3.3% 4.2%

Stomach 0.12 2.3% 1.1% 0.8%

Thyroid gland 0.04 3.1% 3.0% 2.3%

Urinary bladder 0.04 1.7% 1.7% 1.3%

Deff 1.2% 2.5% 2.7%

Weighting factors and mean absolute percentage error of the DDE organ dose 
values with respect to the ground truth Monte Carlo organ dose values.

MAPE values for DDE‘s Organ Dose and Deff
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Monte Carlo (180 min) Deep Dose Estimation (2 s) Percentage Error

J. Maier, L. Klein, E. Eulig, S. Sawall, and M. Kachelrieß. Real-time estimation of patient-specific dose distributions for medical CT 
using the deep dose estimation. Med. Phys. 49(4):2259-2269, April 2022. Best Paper within Machine Learning at ECR 2019!

Compute times as of 2021
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Conclusions on DDE

• DDE provides accurate dose predictions 
– for circle scans

– for sequence scans

– for partial scans (less than 360°)

– for limited angle scans (less than 180°)

– for spiral scans

– for different tube voltages 

– for scans with and without bowtie filtration

– for scans with tube current modulation

– for DSCT scanners, i.e. with large (A) and small (B) detector

• In practice it may therefore be not necessary to perform separate 
training runs for these cases.

• Thus, accurate real-time patient dose estimation may become 
feasible with DDE.

J. Maier, L. Klein, E. Eulig, S. Sawall, and M. Kachelrieß. Real-time estimation of patient-specific dose distributions for medical CT 
using the deep dose estimation. Med. Phys. 49(4):2259-2269, April 2022. Best Paper within Machine Learning at ECR 2019!
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PUTTING THINGS TOGETHER
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CTDI Is Not Patient Dose

CTDIvol, DLP
Phantom-based

index

SSDE
Size-corrected

index (TG 204/220)

Organ Dose
Patient-specific
absorbed dose

Risk Measure
e.g. Deff (risk-weighted, 

uses ICRP tissue factors)

measured, standardized, traceable what matters for the individual patient

• CTDIvol and DLP describe the scanner output in a reference phantom, not the dose to a 
patient.

• Organ doses require the patient anatomy, the x-ray spectrum, bowtie, tube current 
modulation, and scan trajectory.

• Gold standard: patient-specific Monte Carlo simulation. Question of this talk: where can AI 
help, and how much physics must stay in?

McCollough et al. CT dose index and patient dose: they are not the same thing. Radiology 259(2):311-316, 2011.

Very coarse approximation

(k factor)

Calibration



51

Principles That Matter for AI-Based Dosimetry

1  Inductive bias
• Architecture encodes assumptions.

• 3D context is needed for depth and shielding.

2  Physics priors
• Put what we know into the input or the problem 

decomposition.

• The network then only learns the residual (e.g. 
scatter).

• More robust and more data-efficient.

3  Generalization
• Networks interpolate well. They do not 

extrapolate well.

• Domain shift: new scanner, x-ray spectrum, 
trajectory, children, obesity, implants, contrast.

• Errors grow silently outside the training data.

4  Uncertainty
• A dose without uncertainty is not a measurement 

result.

• Detect out-of-distribution cases.
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How Much Physics Is Inside?

None

image only;
scan parameters

not provided

Implicit

scan parameters
as scalar inputs

Explicit

physical prior as
input channel or
decomposition

Full

AI only for anatomy;
dose by Monte Carlo

Scout-Net 2023

(dose from 2 topograms)

Tzanis 2022 (head)

Berris 2024 (cGAN)

Tzanis 2025 (30 organs)

Myronakis 2023

Shao 2024 (SVR)

Scout-Dose-TCM 2025

Maier, Kachelrieß 2022 (DDE)

patient-specific prior

Salimi 2023

water-cylinder prior

Kuhlmann 2026 (PTB)

water-cylinder prior

Klein, Kachelrieß 2022 (riskTCM)

via DDE, i.e. risk-specific TCM

Peng 2020 (GPU MC)

Physics in the ground truth does not count: all approaches are trained on Monte Carlo.



56

Deep Dose Estimation DDE:
Physics In, Dose Distribution Out

Two-channel 3D U-Net

• Channel 1: CT volume (anatomy)

• Channel 2: first-order dose from 
ray tracing (Beer–Lambert, photo + 
Compton)

• Encodes spectrum, bowtie, TCM, 
trajectory, which the CT image 
cannot contain

• Network learns the higher-order 
(scatter) part

• Works on top of any existing 
method to provide dose 
distributions (typically MC code)

Training data: 45 whole-body patients × 3 voltages × circle/spiral × bowtie on/off ×
TCM on/off; test: 8 independent whole-body patients (VISCERAL).

Maier, Kachelrieß et al. Real-time estimation of patient-specific dose distributions for medical CT using the deep dose estimation. Med. Phys. 49(4):2259-2269, 2022.
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Deep Dose Estimation: Summary

≤ 6.3%
voxel-wise MAPE vs. MC

≥ 91%
gamma passing rate (4%, 4 mm)

3.1%
mean organ dose error

(max. 7.2%, bone surface)

1.5 s
whole-body CT on one GPU

(in 2021)

Maier, Kachelrieß et al. Med. Phys. 49(4):2259-2269, 2022.
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Generalization Is Bounded by the Training Data

DDE trained on → DDE tested on MAPE
Gamma 

pass

Full training data (all settings) ≤ 6.3% ≥ 91%

80 kV → 120 kV 10.3% 64%

Pelvis → thorax 12.5% 52%

Circle scan → spiral scan 15.7% 50%

TCM off → TCM on 6.7% 92%

Lesson
• Accurate inside the training 

distribution

• Degrades noticeably outside

• The model does not know that it 
is outside

• TCM transfers well: the physics 
prior carries the information

Out-of-distribution behaviour (implants, rare anatomy, children) needs to be analyzed/detected.

Maier, Kachelrieß et al. Med. Phys. 49(4):2259-2269, 2022, Tables 2 and 3.
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Other Voxel-Wise Approaches

Salimi et al. 2023

• Density + MC dose maps of 
one source position in a large 
water cylinder, rotated+scaled

• Dose per source position, 
summed with tube current

• One scanner, 120 kV (90 kV 
by fine-tuning)

Prior: explicit, patient-independent

Kuhlmann et al. 2026 (PTB)

• Electron density + air-kerma 
map of a 32 cm water 
cylinder, rotated and shifted

• Real + synthetic (XCAT) 
training data

• Uncertainty: ensembles + 
heteroscedastic loss

Prior: explicit, patient-independent

Berris et al. 2024

• 2D pix2pix cGAN, single CT 
slice as image input

• Dose scale lost by 
normalization, restored by a 
separate regression (WED, 
mA, patient width, ...)

• Dose error 8.3% (max. 19.8%)

Prior: none (scale via scalars)

For comparison, DDE prior: explicit and patient-specific (first-order dose through the patient).

Salimi et al. Eur. Radiol. 33(12):9411-9424, 2023.   Kuhlmann, Martin, and Pojtinger. arXiv:2601.09235, 2026.   Berris, Damilakis et al. EJMP 122:103381, 2024.
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How These Approaches Differ from DDE
DDE 

Maier, Kachelrieß 2022
Salimi 2023 Kuhlmann 2026 Berris 2024

Second input channel
first-order dose

through the patient

MC dose in 71.5 cm

water cylinder

air-kerma map of

32 cm water cylinder

none (image only);

scale by regression

Prior sees the patient? yes no (distance only) no –

Spatial context full 3D 3D (slab) 3D (32³ patches) 2D (single slice)

Output
dose of full scan

or of single views

dose per source

position, summed
3D dose map

2D dose slices,

rescaled per slice

Network 3D U-Net
ResNet, no pooling,

dilated kernels
3D U-Net

pix2pix cGAN +

extra-trees regression

Ground truth
in-house MC

(vs. Geant4)
MCNPX

EGSnrc, validated

CT source
ImpactMC

Protocols in training
80 to 120 kV, circle/spiral,

bowtie y/n, TCM y/n

120 kV, TCM

(90 kV fine-tuned)
one scanner

one scanner,

chest CT

Cites DDE – yes yes yes

Per-view dose is not unique to Salimi: DDE provides it too and riskTCM is built on it. The key difference is whether 
the physics prior sees the patient.

Maier, Kachelrieß et al. Med. Phys. 49(4):2259-2269, 2022.   Klein, Kachelrieß et al. Med. Phys. 49(7):4391-4403, 2022.
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When Spatial Information
Is Lost Before the Network

3D CT volume

organ shape, depth,
position, shielding

by neighbors reduce

Per slice, per organ:

• Mean and SD of CT value

• Tube current

• WED

• z-coordinate

MLP

organ dose
per slice

• The network cannot see where an organ lies in the body, how deep it is, or what shields it.

• Such a model is closer to an extended SSDE regression than to a dose transport surrogate.

• Non-physical inputs (z-coordinate, scanner model as a category) invite shortcut learning and 
prevent transfer.

Tzanis and Damilakis. A machine learning-based pipeline for multi-organ/tissue patient-specific radiation dosimetry in CT. Eur. Radiol. 35(2):919-928, 2025.
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Feature-Based Models: What They Achieve

Tzanis 2022 (head) Berris 2024 (chest) Tzanis 2025 (30 organs)

Input
per voxel:

HU + protocol

2D CT slice (normalized);

dose scale from scalars

per slice and organ:

5 scalars

Model MLP
pix2pix cGAN +

extra-trees regression
MLP per organ

Spatial context none 2D only, no z-context none (organ mask only)

Patients (train / test) 231 / 112 77 / 18 141 / 39

Scanners, kV 2 (GE, Siemens), 120 kV 1 (GE), kV not reported 1 (GE), 120 kV

Error vs. MC mean 4.5–5.7 %
mean 8.3 %

(per organ 7.2–9.3 %)
median 4.3–13.3 %

Maximum error up to 19 % up to 19.8 % (bone) up to 35 %

Strengths measured air kerma, GUI
no scan parameters

needed for the image part

open source,

TotalSegmentator

Tzanis and Damilakis. Eur. Radiol. 32(9):6418-6426, 2022.   Berris et al. Phys. Med. 122:103381, 2024.   Tzanis and Damilakis. Eur. Radiol. 35(2):919-928, 2025.
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Organ
segmentation

+

DDE (per view!) 

From Dosimetry to Optimization: riskTCM1

Topogram(s)

or

camera images

Coarse CT
volume

Minimize Deff

at constant noise
→ riskTCM curve

Do the CT scan 
using the 

riskTCM curve

1L. 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.

dose
per view
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Reported Errors Are Not Comparable

Study Ground truth Metric vs. measurement

Maier, Kachelrieß 2022 (DDE) in-house MC (vs. Geant4) mean voxel MAPE, Gamma no

Salimi 2023 MC voxel and organ RE / RAE no

Kuhlmann 2026 EGSnrc, validated source summed organ dose, U (k = 2) source only

Tzanis, Damilakis 2022 / 2025 ImpactMC + air kerma mean / median organ PD air kerma only

Berris 2024 ImpactMC mean organ error no

Scout-Dose-TCM 2025 MC mean abs. rel. organ error no

Different codes, different metrics. 

Validation against dosimeters in phantoms not necessary: Needs to be done for the labels.
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AI in the Metrological Chain

Primary
standard

Air kerma at
isocenter

Scanner model
(spectrum, 

bowtie)

Monte Carlo
code

AI surrogate
Patient

organ dose

each link adds an uncertainty component; the AI link is usually not quantified

What is needed

• Reference data sets with MC and measured 
doses

• Benchmark phantoms incl. children, 
obesity, implants

• Common metrics and uncertainty reporting

Who could provide it

• IAEA, national metrology institutes, 
EURAMET

• Building on TRS-457 and AAPM TG-268 
(RECORDS)

• Plus AI reporting checklists (CLAIM)
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Good Practice for AI Dosimetry Papers

Physics State what physics enters the model, and keep the 3D context.

Baselines Compare with with MC. If real scanners are involved: calibrate MC (e.g. to CTDI)

Errors Report maximum errors and per-organ errors, not only means.

Statistics
“Not significantly different” is not equivalence: use equivalence tests or Bland–
Altman with predefined limits.

Domain Test on other scanners, protocols, sizes; report the domain of validity.

Uncertainty Give an uncertainty per prediction and flag out-of-distribution cases.
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Conclusions on AI in CT Dosimetry

• Should provide 
– a reliable segmentation of radiation risk-relevant organs or tissues

– a fast surrogate of Monte Carlo, not a replacement of physics.

• Physics priors and 3D context make models robust; 
reducing the anatomy to a few scalars before the network 
discards information.

• Generalization and uncertainty are open issues.

• Metrology is needed: reference data, benchmarks, and 
uncertainty budgets for AI-based organ doses.

• AI can make CT dosimetry fast enough to become patient-
specific and perhaps even prospective. 

How integrate AI in dose prediction and monitoring? 

→ Learn from Ioannis Sechopoulos, today, 09:30, room M2.



Thank You!

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

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

Some slides had been drafted by Claude.
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