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The Big Goal: Patient-Specific Dosimetry

 ldeally 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

CTDI phantom Small patient Medium patient Large patient

h 4
Same CTDI, but different dose distribution
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Abstract

Purpose

To present a deep learning segmentation model that can automatically and robustly segment all major
anatomical structures in body CT images.

Materials and Methods

In this retrospective study, 1204 CT examinations (from the years 2012, 2016, and 2020) were used to
segment 104 anatomical structures (27 organs, 59 bones, 10 muscles, 8 vessels) relevant for use cases
such as organ volumetry, disease characterization, and surgical or radiotherapy planning. The CT images
were randomly sampled from routine clinical studies and thus represent a real-world dataset (different
ages, pathologies. scanners, body parts, sequences, and sites). The authors trammed an nnU-Net
segmentation algorithm on this dataset and calculated Dice similarity coefficients (Dice) to evaluate the
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TotalSegmentator
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Abstract

Objectives To propose a machine leaming-based methodology for the creation of radiation dose maps and the prediction of

patient-specific org ssue doses associated with head CT nati

Methods CT data were collected retrospectively for 343 patients who underwent standard head CT examinations. Patient-

specific Monte Carlo (MC) simulations were performed to determine the radiation dose distribution to patients’ organs/tissues.

The collected CT images and the MC—produced dose maps were processed and used for the training of the deep neural network

(DNN) model. For the traming and validation pro , data from 231 and 112 head CT examinations, respectively, were used.

Furthermore, a software tool was developed to produce dose maps from head CT images using the trained DNN model and to

automatically calculate the dose to the brain and cranial bones.

Results The mean (range) percentage diftferences between the doses predicted from the DNN model and those provided by MC

simulations for the brain, eye lenses, and cranial bones were 4.5% (0—17.7%), 5.7% (0.2-19.0%), and 5.2% (0.1-18.9%

respectively. The graphical user interface of the software offers a user-friendly way for radiation dose/risk assessment. The

implementation of the DNN allowed for a 97% reduction in the computational time needed for the dose estimations.

Conclusions A novel methodology that allows users to develop a DNN model for patient-specific CT dose prediction was

developed and implemented. The approach demonstrated herein allows accurate and fast radiation dose estimation for the brain,

eye lenses, and cranial bones of patients who undergo head CT examinations and can be used in everyday clinical practice.

Key Points

* The methodology presented herein allows fast and accurate radiation dose estimation for the brain, eve lenses, and cranial
bones of patients who undergo head CT examinations and can be implemented in ¢ y clinical practice.

* The scripts developed in the current study will allow users to train models for the acquisition protocols of their CT scanners,
generate dose maps, estimate the doses to the brain and cranial bones, and estimate the lifetime attributable risk of radiation-
induced brain cancer.
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* Dose with Monte Carlo (Impact MC) o
— Based on images (training data)
— No scan trajectory

* Uses “training array” with 9 columns and
as many rows as voxels x 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.

~ Neu ral net With 3 hidden Iaye rs to prOVide Fig.2 The DICOM metadata of each examination a]ong;;';th t;);.datz.:.t.inm't.h'epr’o’c’esse.c;‘CTir;I.z;ges and dose maps were used for the creation of the

brain, eye, cranial bone organ doses N |

 Dose as a regression from only 8 features.

— CT value, scan mode, scanner model, z-pos., tube current, rotation time, collimation, pitch, dose
1\ J

Y
mAs product ( = only 1 feature, not 2)
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A machine learning-based pipeline for
multi-organ/tissue patient-specific
radiation dosimetry in CT

Fleftherios Tzanis' and John Damilakis'™

Abstract

Objectives To develop a machine learning-based pipeline for multi-organ/tissue personalized radiation dosimetry
in CT.

Materials and methods For the study, 95 chest CT scans and 85 abdominal CT scans were caollected retrospectively.
For each CT scan, a personalized Monte Carlo (MC) simulation was carried out. The produced 3D dose distributions
and the respective CT examinations were utilized for the development of organ/tissue-specific dose prediction deep
neural netwarks (DNNs). A pipeline that integrates a robust open-source organ segmentation tool with the dose
prediction DNNs was developed for the automatic estimation of radiation doses for 30 organs/tissues including sub-
volumes of the heart and lungs. The accuracy and time efficiency of the presented methodology was assessed.
Statistical analysis (t-tests) was conducted to determine if the differences between the ground truth organ/tissue
radiation dose estimates and the respective dose predictions were significant.

Results The lowest median percentage differences between MC-derived organ/tissue doses and DNN dose
predictions were observed for the lung vessels (4.3%), small bowel (4.7%), pulmonary artery (4.7%), and colon (5.2%),
while the highest differences were observed for the right lung's upper lobe (13.3%), spleen (13.1%), pancreas (12.1%),
and stomach (11.6%). Statistical analysis showed that the differences were not significant (p-value > 0.18). Furthermore,
the mean inference time, regarding the validation cohort, of the developed methodology was 770+ 11.0s.
Conclusion The proposed workflow enables fast and accurate organ/tissue radiation dose estimations. The

developed algorithms and dose prediction DNNs are publicly available (https//github.com/eltzanis/multi-structure-CT-
dosimetry).
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 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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ARTICLE INFO

ABSTRACT

Keywords:

Conditional generative adversarial networks
(eGANs)

CT

Al

Synthetic image generation

Individualized medical dosimetry

Purpose: To propose a novel deep-learning based dosimetry method that allows quick and accurate estimation of
organ doses for individual patients, using only their computed tomography (CT) images as input.

Methods: Despite recent advances in medical dosimetry, personalized CT dosimetry remains a labour-intensive
process. Current state-of-the-art methods utilize time-consuming Monte Carlo (MC) based simulations for indi-
vidual organ dose estimation in CT. The proposed method uses conditional generative adversarial networks
(cGANSs) to substitute MC simulations with fast dose image generation, based on image-to-image translation. The
pix2pix architecture in conjunction with a regression model was utilized for the generation of the synthetic dose
images. The lungs, heart, breast, bone and skin were manually segmented to estimate and compare organ doses
calculated using both the original and synthetic dose images, respectively.

Results: The average organ dose estimation error for the proposed method was 8.3% and did not exceed 20% for
any of the organs considered. The performance of the method in the clinical environment was also assessed.
Using segmentation tools developed in-house, an automatic organ dose calculation pipeline was set up. Calcu-
lation of organ doses for heart and lung for each CT slice took about 2 s.

Conclusions: This work shows that deep learning-enabled personalized CT dosimetry is feasible in real-time, using
only patient CT images as input.

dkfz.
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° Dose Wlth Monte Carlo . Patient b: ground truth . Patient b: synthetic

(Impact MC) -
— Based on images (training data) e
— No scan trajectory 300
* Pix2pix image-to-image 400
translation cGAN 500
0 200 400 0 200 400

— Converts CT image into relative _ _ ,
Patient c: ground truth Patient c: synthetic

dose distribution (no absolute 0 0

Scale) 100 100

- Extra-trees regression to 200 200
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Abstract

Purpose: With the rising number of computed tomography (CT) examina-
tions and the trend toward personalized medicine, patient-specific dose esti-
mates are becoming more and more important in CT imaging. However, current
approaches are often too slow or too inaccurate to be applied routinely. There-
fore, we propose the so-called deep dose estimation (DDE) to provide highly
accurate patient dose distributions in real time

Methods: To combine accuracy and computational performance, the DDE algo-
rithm uses a deep convolutional neural network to predict patient dose distribu-
tions. To do so, a U-net like architecture is trained to reproduce Monte Carlo
simulations from a two-channel input consisting of a CT reconstruction and a

J. Maier, L. Klein, E. Eulig, S. Sawall, and M. KachelrieB. 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 aiven the CT
image and a first-order dose estimate.
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J. Maier, L. Klein, E. Eulig, S. Sawall, and M. KachelrieB. 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!



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:

1 [ d?°N _

1st order dose

i : re was n i N—
. tribution as if the nergy-
. Dose distrlbu Tl on o the photon ROy
. gmpdes all (1) information abou
° nco - — EinwpE=F
Poi.cs(r, E,a) = pcs(r, E) - e Jo #07E)dr’ Fint.cs = ;%(E)AECS(G)CJQ

« Our first order dose estimate assumes the object to be water-equivalent

(because it turned out to work this way).
J. Maier, L. Klein, E. Eulig, S. Sawall, and M. KachelrieB. Real-time estimation of patient-specific dose distributions for medical CT dk‘fZ
o

using the deep dose estimation. Med. Phys. 49(4):2259-2269, April 2022. Best Paper within Machine Learning at ECR 2019/



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. KachelrieB. Real-time estimation of patient-specific dose distributions for medical CT dkfz
o

using the deep dose estimation. Med. Phys. 49(4):2259-2269, April 2022. Best Paper within Machine Learning at ECR 2019/



Results

Thorax, tube A, 120 kV, no bowtie
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using the deep dose estimation. Med. Phys. 49(4):2259-2269, April 2022. Best Paper within Machine Learning at ECR 2019!



Results

Thorax, tube A, 120 kV, with bowtie
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Results

Abdomen, tube A, 120 kV, no bowtie

CT volume First order dose
- MC DDE
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J. Maier, L. Klein, E. Eulig, S. Sawall, and M. KachelrieB. 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!



Results

Abdomen, tube B, 120 kV, no bowtie
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- MC DDE
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J. Maier, L. Klein, E. Eulig, S. Sawall, and M. KachelrieB. 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!



MAPE values for DDE‘s Organ Dose and D

Organ and ICRP weight 80 kV 100 kV 120 kV

Bone marrow

Bone surface
Brain

Breast
Colon
Esophagus
Gonads
Liver

Lung

Remainder

Salivary glands
Skin

Stomach

Thyroid gland
Urinary bladder

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




Monte Carlo (180 min)  compuelimesasor202t - Deep Dose Estimation (2 s) Percentage Error

FIGURE 5 Sagittal and coronal view of the dose distribution of a 100 kV whole-body spiral computed tomography (CT) scan including a
bowtie filter and an angular tube current modulation. Here, the two left columns show the ground truth, the middle columns show the deep dose
estimation (DDE) prediction and the two right columns the corresponding percentage error. Note that dose to air is neglected for computational

reasons, and therefore, displayed as zero

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




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. KachelrieB. 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!



PUTTING THINGS TOGETHER



CTDI Is Not Patient Dose

Very coarse approximation
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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 Al
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.



Principles That Matter for Al-Based Dosimetry

1 Inductive bias 2 Physics priors
* Architecture encodes assumptions.  Put what we know into the input or the problem
- 3D context is needed for depth and shielding. decomposition.
« The network then only learns the residual (e.g.
scatter).

« More robust and more data-efficient.

3 Generalization 4 Uncertainty

* Networks interpolate well. They do not A dose without uncertainty is not a measurement
extrapolate well. result.

 Domain shift: new scanner, x-ray spectrum, * Detect out-of-distribution cases.

trajectory, children, obesity, implants, contrast.
* Errors grow silently outside the training data.



How Much Physics Is Inside?

image only; scan parameters physical prior as Al only for anatomy;
scan parameters as scalar inputs input channel or dose by Monte Carlo
not provided decomposition
Scout-Net 2023 Tzanis 2022 (head) Maier, KachelrieR 2022 (DDE) Peng 2020 (GPU MC)
(dose from 2 topograms) Berris 2024 (cGAN) patient-specific prior
Tzanis 2025 (30 organs) Salimi 2023
Myronakis 2023 water-cylinder prior
Shao 2024 (SVR) Kuhimann 2026 (PTB)
Scout-Dose-TCM 2025 water-cylinder prior

Klein, KachelrieR 2022 (riskTCM)
via DDE, i.e. risk-specific TCM

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



Deep Dose Estimation DDE:
Physics In, Dose Distribution Out

T 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,
Number of features of the convolutional layer: trajeCtory, WhiCh the CT image
16 32 64 128 256 128 64 can not contain

|:> 3 x 3 x 3 Convolution (stride = 1), ReLU |:> 3 x 3 x 3 Max pooling . 2 x 2 x 2 Transposed convolution (stride=2) O Depth concatenate ° Network |ea|"nS the h ig hel"-o I"der
(scatter) part

* Works on top of any existing

Training data: 45 whole-body patients x 3 voltages x circle/spiral x bowtie on/off x m_eth_od t_o provid_e dose
TCM on/off; test: 8 independent whole-body patients (VISCERAL). distributions (typically MC code)

. 1 x 1 x 1 Convolution (stride = 1), ReLU

Maier, Kachelriel3 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.



Deep Dose Estimation: Summary

CT Reconstruction First-order Dose Monte Carlo Deep Dose Estimation Percentage Error

<6.3%

voxel-wise MAPE vs. MC

100 kV, Circle Scan,
No Bowtie, No TCM

2 91%

gamma passing rate (4%, 4 mm)

=
@]
=4
[*]
=z
[
B
2
[=}
fan]

3.1%

mean organ dose error
(max. 7.2%, bone surface)

1.5s

; , : whole-body CT on one GPU
p/ - . ‘ (in 2021)
-500 HU 0 mGy

Maier, Kachelriel3 et al. Med. Phys. 49(4):2259-2269, 2022.
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100 kV, Circle Scan,




Generalization Is Bounded by the Training Data

DDE trained on — DDE tested on MAPE G:?sr:a Lesson
* Accurate inside the training
Full training data (all settings) <6.3% 291% distribution
 Degrades noticeably outside
80 kV — 120 kV 10.3% 64%  The model does not know that it
is outside
Pelvis —s thorax 12.5% 529/ - TCM transfers well: the physics
prior carries the information
Circle scan — spiral scan 15.7% 50%
TCM off - TCM on 6.7% 92%

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

Maier, Kachelrie® et al. Med. Phys. 49(4):2259-2269, 2022, Tables 2 and 3.



Other Voxel-Wise Approaches

Salimi et al. 2023 Kuhlmann et al. 2026 (PTB) Berris et al. 2024
* Density + MC dose maps of » Electron density + air-kerma » 2D pix2pix cGAN, single CT
one source position in a large map of a 32 cm water slice as image input
water cylinder, rotated+scaled cylinder, rotated and shifted . Dose scale lost by
 Dose per source position, * Real + synthetic (XCAT) normalization, restored by a
summed with tube current training data separate regression (WED,
- One scanner, 120 kV (90 kV « Uncertainty: ensembles + mA, patient width, ...)
by fine-tuning) heteroscedastic loss  Dose error 8.3% (max. 19.8%)
Prior: explicit, Prior: explicit,

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.



How These Approaches Differ from DDE

Second input channel

Prior sees the patient?

Spatial context

Output
Network
Ground truth

Protocols in training

Cites DDE

DDE
Maier, Kachelrie 2022

first-order dose
through the patient

yes

full 3D

dose of full scan
or of single views

3D U-Net

in-house MC
(vs. Geant4)

80 to 120 kV, circle/spiral,
bowtie y/n, TCM y/n

Salimi 2023

MC dose in 71.5 cm
water cylinder

no (distance only)

3D (slab)

dose per source
position, summed

ResNet, no pooling,
dilated kernels

MCNPX

120 kV, TCM
(90 KV fine-tuned)

yes

Kuhlmann 2026

air-kerma map of
32 cm water cylinder

no

3D (322 patches)

3D dose map

3D U-Net

EGSnrc, validated
CT source

one scanner

yes

Berris 2024

none (image only);
scale by regression

2D (single slice)

2D dose slices,
rescaled per slice

pix2pix cGAN +
extra-trees regression

ImpactMC

one scanner,
chest CT

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, Kachelriel3 et al. Med. Phys. 49(4):2259-2269, 2022. Klein, KachelrieR et al. Med. Phys. 49(7):4391-4403, 2022.



When Spatial Information
Is Lost Before the Network

4 I 4 ) 4 N\
Per slice, per organ:
3D CT volume - Mean and SD of CT value MLP
organ shape, depth, ‘ - Tube current »
position, shielding . WED orge"’:.“sfi'g:e
by neighbors reduce . z-coordinate P
\_ J \_ _J \_ J

« 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.



Feature-Based Models: What They Achieve

Input

Model

Spatial context
Patients (train / test)
Scanners, kV

Error vs. MC
Maximum error

Strengths

Tzanis 2022 (head) Berris 2024 (chest) Tzanis 2025 (30 organs)
per voxel: 2D CT slice (normalized); per slice and organ:
HU + protocol dose scale from scalars 5 scalars

pix2pix cGAN +

MLP , MLP per organ
extra-trees regression
none 2D only, no z-context none (organ mask only)
231/ 112 77118 141/ 39

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

mean 8.3 %

i _ 0
(per organ 7.2-9.3 %) median 4.3-13.3 %

mean 4.5-5.7 %

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

no scan parameters
needed for the image part

open source,

measured air kerma, GUI 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.



dose
per view

e —

From Dosimetry to Optimization: riskTCM’

Organ
or » I » o » at constant noise using the
camera images DDE (per View!) - riskTCM curve riskTCM curve
o~ @) riskTCM . Ka)

Re 0.12

BS 0.01

Br 0.01

|

Go 0.08
Th 0.04
Bl 0.04

31 HU"104% mAs,.109% D,

Deg = [dal(a)Deg(a)

dkfz.

1L. Klein, C. Liu, J. Steidel, L. Enzmann, M. Knaup, S. Sawall, A. Maier, M. Lell, J. Maier, and M. KachelrieB. 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.



Reported Errors Are Not Comparable

Study Ground truth Metric vs. measurement
Maier, KachelrieR 2022 (DDE) in-house MC (vs. Geant4) mean voxel MAPE, Gamma no

Salimi 2023 \Y[@; 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.



Al in the Metrological Chain

. . Scanner model .
P Air k t Monte Carl Patient
st:rrlr(‘:laa% » :;ogg:taera » (sgg\(;tt';l;;n, » or(l:(e)dear ° » Al surrogate » org:nledr:)se
each link adds an uncertainty component; the Al link is usually not quantified
What is needed Who could provide it
 Reference data sets with MC and measured  |AEA, national metrology institutes,
doses EURAMET
« Benchmark phantoms incl. children, * Building on TRS-457 and AAPM TG-268
obesity, implants (RECORDS)
« Common metrics and uncertainty reporting * Plus Al reporting checklists (CLAIM)



Good Practice for Al 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)

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

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

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

Uncertainty Give an uncertainty per prediction and flag out-of-distribution cases.




Conclusions on Al in CT Dosimetry

* Should provide
— areliable 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 Al-based organ doses. o

» Al can make CT dosimetry fast enough to become patient- %
specific and perhaps even prospective.

How integrate Al in dose prediction and monitoring?

— Learn from loannis Sechopoulos, today, 09:30, room M2.

M



Thank You!

The 10™ International Conference on
mage Formation in X-Ray Computed Tomography.

" © Tourismus Oberstdorf= .
Eren Karaman 7

S i AN "'C——_—

o "COhférancé Chalr ’
Marc KachelrieB,.Germah Cancer Research Centery(DKFZ), Heidelberg, Germany

This presentation will soon be available at www.dkfz.de/ct.
Parts of the reconstruction software were provided by RayConStruct® GmbH, Niirnberg, Germany.
Some slides had been drafted by Claude.
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