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Preface 

Artificial intelligence (AI) is concerned with the development of machines designed to perform 

tasks that previously required human intelligence. An important sub-area of AI is machine 

learning (ML), which enables machines to recognise patterns in data sets. Deep learning (DL) 

refers to machine learning based on large amounts of data. 

In medicine, more and more artificial intelligence methods are being developed in various fields 

of application and some of them are already being used. The use of AI-based methods also 

plays an important role in medical imaging.  

In addition to support in image evaluation and diagnosis, many approaches are pursued to 

perform image reconstruction of three-dimensional medical image data sets and/or image 

processing for better visualisation, e.g. by noise reduction using AI-based methods. This is also 

done for image data sets whose initial data were obtained using ionising radiation. 

Optimisation of the medical application of ionising radiation is required in terms of radiation 

protection. Therefore, AI-based approaches are used to obtain better diagnostic information 

from the images at the same patient exposure, or to reduce patient exposure while maintaining 

the same diagnostic significance of X-ray imaging or nuclear medical imaging.  

Thus, if possible in the near future, it is necessary to exploit the possibilities offered by AI-

based methods, in particular those using machine learning. On the other hand, it is important to 

assess the extent to which potential problems associated with the use of machine learning are 

relevant. This applies in particular to radiation protection aspects. For example, when using AI-

assisted methods for reconstruction or noise reduction, there is a possibility that information 

relevant to the diagnosis may be lost or distorted, or that false information may be added. This 

may not be recognised in the images to be diagnosed and, in many cases, cannot even be 

reproduced on the basis of the stored data. In this case, ionising radiation would then be applied 

to humans without fulfilling the medical justification. This must be assessed in the context of 

radiation protection law (in particular § 83 StrlSchG (StrlSchG 2017)). 

Against this background, the Federal Ministry for the Environment, Nature Conservation, 

Nuclear Safety and Consumer Protection (BMUV), in a letter dated 7 October 2020, asked the 

German Commission on Radiological Protection (SSK) to consider the use of artificial 

intelligence (AI) methods in image reconstruction in radiology and nuclear medicine, with 

regard to the ionising radiation used, from the point of view of radiation protection. 

The present advisory opinion answers the questions posed in the advisory mandate with a 

particular focus on computed tomography, imaging during interventions, positron emission 

tomography (PET), single photon emission computed tomography (SPECT), cone beam 

computed tomography and digital tomosynthesis. The automated evaluation of image data is 

not part of the consultation mandate. 
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1 Introduction 

1.1 Introduction 

Artificial intelligence (AI) is a field of computer science that deals with the development of 

machines capable of performing tasks that previously required human intelligence. An 

important sub-area of AI is machine learning (ML), which enables machines to recognise 

patterns in data sets. Deep learning (DL) refers to machine learning based on large amounts of 

data, i.e. DL is a part of machine learning, which in turn is a part of AI. This corresponds to the 

definition of the European Commission in Article 3 (1) of the EU Artificial Intelligence Act 

(EU 2024). There, an "AI system" is defined as "a machine-based system that is designed to 

operate with varying levels of autonomy and that may exhibit adaptiveness after deployment 

and that, for explicit or implicit objectives, infers, from the input it receives, how to generate 

outputs such as predictions, content, recommendations, or decisions that can influence physical 

or virtual environments". 

The basic process for creating an AI-based procedure is as follows: 

First, a problem to be solved by the AI-based procedure must be defined. A so-called model is 

developed or selected. The models are based on neural networks, i.e. they imitate a network of 

neurons at different levels that are interconnected. The chosen model describes the structure of 

data processing. Depending on their complexity, these models have a varying number of pa-

rameters, i.e. internal variables that enable the model to be adapted to the given task. These 

parameters are learned. To learn the parameters, the model is trained, e.g. by comparing a de-

sired result with an input signal or by recognising certain patterns in large amounts of data. The 

result of the training is then validated. At the end of the creation of the AI-based procedure, the 

model is tested with the parameters resulting from the training and validation. 

In medicine, more and more artificial intelligence methods are being developed in various fields 

of application and some of them are already being used. The use of AI-based procedures also 

plays an important role in medical imaging. Medical imaging methods comprise a number of 

different techniques: microscopic imaging mainly for pathological, ophthalmological or 

dermatological questions, ultrasound imaging, projection imaging using X-rays or creation of 

scintigrams with the help of a planar gamma camera, tomographic methods such as X-ray 

computed tomography (CT), single-photon emission computed tomography (SPECT) and 

positron emission tomography (PET), magnetic resonance imaging (MRI) or optical coherence 

tomography, etc. In addition to supporting image evaluation and evaluation, many approaches 

are pursued to perform image reconstruction of three-dimensional medical image data sets 

generated using ionising radiation and/or image processing for better visualisation, e.g. by 

means of noise reduction using AI-based methods.  

Optimising the medical application of ionising radiation is essential in terms of radiation 

protection. Therefore, AI-based approaches are used to obtain more recognizable diagnostic 

information from the images at the same patient exposure, or to reduce patient exposure while 

maintaining the same diagnostic significance of X-ray imaging or nuclear medical imaging. 

Thus, if possible in the near future, the use of AI-based methods, especially those using machine 

learning, should be pursued. On the other hand, it is necessary to assess the relevance of possible 

problems associated with the use of machine learning. This applies in particular in the sense of 

radiation protection. For example, when using AI-assisted methods for reconstruction or noise 

reduction, there is a possibility that information relevant to the diagnosis may be lost or 

distorted, or that false information may be added. This may not be recognised in the images to 

be diagnosed and, in many cases, cannot even be reproduced using the stored data. In this case, 



Application of artificial intelligence in image reconstruction in radiology and nuclear medicine 8 

 

ionising radiation would then be applied to humans without fulfilling the medically justifiable 

purpose. This must be assessed in the context of radiation protection law (in particular § 83 

StrlSchG (StrlSchG 2017)). 

1.2 Explanation of terms 

Based on the general definition of artificial intelligence, further terms necessary for understand-

ing the text are explained below: 

In algorithmic modelling in the context of machine learning, a basic distinction is made between 

white-box, grey-box and black-box models. The choice of method depends on the type of learn-

ing problem, i.e. the task to be solved, and the available data: 

− White-box models are not learning-based methods, as the structure of the model and the 

associated parameters are known, for example from physics. These methods are often 

used in imaging because they are transparent and make decision-making 

comprehensible. Essentially, all classical methods of tomographic image reconstruction, 

from filtered back projection to iterative reconstruction, can be classified as white-box 

models. 

− Black-box models, on the other hand, are methods in which the internal structure of the 

model and the associated parameters are not known or not sufficiently known. Here, the 

models are trained using suitable training data. These models are used in imaging, 

including in the medical field, provided that they have delivered powerful results in 

other areas such as pattern recognition or data processing and can be easily applied to 

imaging. Examples of black-box models are U-Net reconstructions and AUTOMAP 

(see section 3.1.2). 

− Grey-box models are a mixture of white-box and black-box models. In these methods, 

the structure of the model is known, but not all parameters. Grey-box models can benefit 

from prior knowledge to simplify the learning problem, improve the outcome, and 

reduce the number of parameters required. An example of a grey-box model is the so-

called Known Operator Learning, in which part of the model is already known and the 

model only needs to learn the remaining parameters. Methods such as variational 

networks, FBP-Net, or other hybrid methods (Maier et al. 2022a) thus allow classical 

theory to be combined with machine learning. 

In this recommendation, the focus of the considerations regarding AI is on black-box and grey-

box models, as these approaches have achieved remarkable results in the literature and are cur-

rently being discussed in particular. In addition to the black-box and grey-box models, white-

box models are also important AI methods. However, they should be considered separately, as 

the classical analysis and quality assurance procedures can essentially be adopted for this pur-

pose. This is not possible with black-box models, which is why they are the focus of this rec-

ommendation. Many black-box models are based on so-called convolutional neural networks 

(CNNs), which are trained using input data. These convolution-based networks involve numer-

ous non-linear filter operations that are applied to the image data or their intermediate results. 

In contrast to so-called fully connected networks, in which each voxel of an intermediate result 

is linked to each voxel of the following intermediate result, only closely neighbouring voxels 

are linked in CNNs. This means that a) the neighbourhood relationships of the image content 

are preserved and b) the number of unknowns to be determined by the training is several orders 

of magnitude smaller.  

Like a natural neural network, an artificial neural network consists of many processing layers. 

Each layer processes the data non-linearly and passes it on to the next layer. After typically a 
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few dozen to hundreds of layers, the neural network outputs the processed data, image, or image 

stack. Specifically, in image processing neural networks, a convolution1 is usually performed 

in the layers, i.e. the image is filtered with a 3×3 convolution kernel (or several) and the result 

of the convolution operation for each pixel is sent through a non-linear scalar function (e.g. by 

setting negative values to zero). Each convolution kernel has, for example, 9 unknown coeffi-

cients for two-dimensional kernels and 27 for three-dimensional kernels, per dimension of a so-

called feature. Due to the numerous convolution kernels per layer and the numerous layers, the 

number of coefficients to be determined during training typically amounts to several million to 

several billion. The coefficients are determined during training, which requires the large 

amounts of training data.  

Description/clarification of different data classes 

The basic process of developing an AI-based method requires various data sets, also known as 

data classes:  

− Training data describe the input data that are used to optimise the neural network 

parameters by means of learning.  

− Validation data describe the data used during development to assess the quality of the 

network. If the network is not yet sufficiently good, its parameters (network layout, 

number of training epochs, learning rate, etc.) are changed and retrained with the 

training data. Thus, the validation data are indirectly included in the training process, 

namely to optimise higher-level model parameters.  

− The test data are an independent data set used to test the developed AI method after 

validation. They shall be as representative as possible of the relevant population in the 

clinical application of the method and are either acquired externally or taken from the 

total data used for development. 

Once the development has been completed, the network and its parameters finalised and eval-

uated, the AI-based method should be evaluated on another (second) test data set, also known 

as the verification data set. This verification data set should be treated completely separately 

from the development and should cover the overall variability of the input data of the final 

application, i.e. multicentric (obtained from different centres) and representative. In the case of 

medical data, particular attention should be paid to influencing factors such as gender, weight, 

origin, pathology and age, provided that the manufacturer or developer of the procedure has 

access to these data. 

 

1  The convolution of two functions is a mathematical operation in which the value of the first function f is replaced 

by a function value that is obtained as the integral of the value of the first function multiplied by a shifted and 

mirrored second function g over all shifts. This means that the superposition of the functions is considered and f 

is essentially "smeared" by g. The mathematical formulation for two functions f and g is(𝑓 ∗ 𝑔)(𝑥) =

 ∫ 𝑓(𝑥′) ∙ 𝑔(𝑥 − 𝑥′)d𝑥′
+∞

−∞
 . Due to the way it works, convolution can be used very effectively to represent filter 

functions, for example. Convolution can also be performed in multiple dimensions and used as a discrete opera-

tion, as is the case with the aforementioned CNNs, for example. 
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1.3 Situation regarding the use of AI in medical imaging 

The use of electronic data processing is particularly important in all areas of medicine, which 

have always dealt with large amounts of data. This is especially true when doctors are required 

to pay particular attention and there is a risk that important findings may be overlooked. This 

therefore affects all disciplines dealing with images, be it radiological or endoscopic images or 

photographs, e.g. of the skin or microscopic tissue sections, which can easily be converted into 

digital format.  

For example, the examination of microscopic tissue sections requires a high degree of attention, 

e.g. when examining a biopsy of a lesion suspected of being a tumour, the detection of atypical 

cells in blood or lymphatic vessels is evidence of the malignancy and invasiveness of the pro-

cess. Such invasive foci can be very small, so the requirement for attention during the exami-

nation is high.  

The situation in radiology is similar. For example, the exclusion of pulmonary nodules in a 

computed tomography scan of the thorax requires high attention, as all the vessels (pulmonary 

arteries and veins) cut in the individual sectional image usually have an oval shape, and their 

elongated shape only becomes apparent when "scrolling" through the image stack. Examiners 

find the task both strenuous and tedious, so that the risk of overlooked findings should not be 

underestimated. The situation is similar in whole-body examinations when screening bones for 

circumscribed abnormalities.  

Whole-body MRI examinations are somewhat different, as they contain an almost unmanagea-

ble wealth of information and are prone to artefacts. In addition to the sheer task of coping with 

the volume of information, the examiner must also use their intellectual abilities to distinguish 

genuine findings from artefacts.  

A number of digital tools are already in use: The simplest of these merely change the image 

presentation to make the examiner's task easier. This includes, for example, the thick-slab MIP 

(MIP: maximum intensity projection) used when searching for nodules in lung CT images. In 

this process, MIPs are generated from approximately 1 cm thick stacks of thin-slice CT images 

of the lungs (with a slice thickness of 1 mm). In these MIPs, vascular sections are elongated 

while nodules still appear round – without any loss of resolution, which makes it much easier 

to find even small nodules. Other algorithms use elastic deformation to convert the representa-

tion of the ribs into a top view, in which the ribs are stretched and arranged in parallel, which 

makes it much easier and faster to find osteolytic or osteosclerotic lesions.  

More advanced image processing approaches involve automatically detecting pathological 

findings, e.g. nodules in the lungs. Some of these solutions are already integrated into the scan-

ner software, while others can be purchased as an option or as separate stand-alone software. 

Many of these solutions also include tools for segmenting the lesions found, e.g. for volume 

measurements as required to assess the therapeutic response of tumours based on specified cri-

teria such as ‘RECIST’ (Response Evaluation Criteria In Solid Tumors, (Therasse et al. 2006 

)). All of these solutions require a high level of interaction with the person carrying out the 

evaluation, who must either identify and annotate the findings themselves after the images have 

been processed accordingly, or correct or reject an annotation suggested by the software. The 

required expertise of evaluating the images is correspondingly high. Most of these approaches 

are based on algorithmic approaches without the use of deep learning; initial approaches to the 

use of deep learning-based methods are being pursued. 

Approaches are being scientifically tested with the help of artificial intelligence and so-called 

radiomics methods are used to derive correlations with the diagnosis of lesion type (e.g. benign 
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or malignant lesion) from local image properties of findings (such as signal intensity, texture 

or contour) (Lambin et al. 2012). Correlations with biological properties of findings (e.g. prob-

ability of treatment response) or general disease prognosis are also investigated. Without ex-

ception, these methods are currently undergoing scientific testing and are not available as med-

ical devices or parts thereof. The user is also free to assess, modify or reject the results of such 

processes, as the entire image information is available to them at any time. 

These approaches to supporting diagnosis and evaluating given image data for clinical or sci-

entific purposes must be distinguished from changes to the image information made by the AI 

method itself. The latter may affect whether the original information in the processed images is 

still preserved in the same way. In addition, if the original data are severely affected by noise 

or other artefacts, the person making the diagnosis has no way of verifying the accuracy of the 

images generated. Such methods are currently under development and, depending on the appli-

cation, are either closer to clinical trials or further away. More detailed descriptions can be 

found in the scientific rationale. 

The use of AI methods in the processing of data from imaging examinations – both in the image 

and raw data space – described in the last paragraph can be utilised in a variety of ways: For 

example, AI methods can aim to reduce radiation exposure without compromising image qual-

ity (prioritisation of radiation reduction) or to generate better images at a given radiation expo-

sure (prioritisation of image quality). An AI-based method, which in the case of image pro-

cessing is typically realised by a neural network, learns what to do from training data in prepa-

ration for the actual processing of data from a specific examination. In the examples mentioned, 

where more noisy images need to be converted into less noisy images, this can be done in the 

simplest case by presenting a neural network with a large number of data pairs of highly noisy 

and low-noise patient images (or image stacks). The highly noisy images or image stacks can 

be generated, for example, by adding realistic noise to the less noisy images or image stacks. 

The neural network is thus trained to denoise the more noisy images so that they become as 

similar as possible to the less noisy images.  

An AI method can only make an estimate to supplement the missing information. This infor-

mation then comes from the distribution of training data from a larger number of other exami-

nations and not from the patient being examined. This often involves paired training data (su-

pervised learning, (Mohri et al. 2012)), so that, for example, in the case of noise reduction, there 

is one CT volume with a lot of noise and one corresponding CT volume with little noise. This 

means that there is a possibility that information displayed in the image as a result of an attempt 

to improve image quality may not originate from the current measurement. Here, too, AI meth-

ods have only been able to learn the probability distribution of the training data and can there-

fore only transfer the information contained therein to the image of the actual patient.  

Probably the most visible and typical field of application of AI in imaging, which in some cases 

is already at an advanced stage of clinical testing, is the processing of images with the aim of 

reducing noise while maintaining image sharpness. This corresponds to an increase in the con-

trast or signal-to-noise ratio. Such a method can also achieve a reduction in dose if the exami-

nation protocols are adapted accordingly, e.g. by reducing the exposure time or the tube current 

on the CT. These AI noise reduction methods are not only used in computed tomography, but 

also in projection imaging, such as X-ray radiography or fluoroscopy, and in nuclear medicine 

procedures.  

Another field of application of AI methods in imaging with ionising radiation is the improve-

ment of image quality in X-ray images, including fluoroscopy and mammography. In contrast 

to tomographic images, in which the grey values displayed are also quantitatively significant 

and therefore should not be changed by the AI methods if possible, in projection images it is 
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usually only the qualitative image impression that is important. The grey value of a pixel in the 

projection image is a superimposition of the attenuation values of structures lying one behind 

the other in the beam path, and the grey value of the pixel does not allow any quantitative 

conclusions to be drawn about the conditions in the individual structures. Non-AI-based 

changes to quantitative physical information, such as non-linear contrast enhancements or con-

trast reductions, including those that depend on the image content and those that are irreversible 

and/or reduce information, have been used successfully for a long time and are a clinical stand-

ard, provided that the information relevant to the diagnosis is demonstrably preserved. Simple 

concrete examples of this, whose mode of operation is well understood and comprehensible, 

are gamma curves or bias filters. There is no obligation under radiation protection legislation 

to archive the unaltered raw data, and therefore they are not typically stored. However, the 

image data used for reporting should always be archived without any loss of quality, as recom-

mended by the SSK in 2016 (SSK 2016). With the help of AI methods, it is now possible to 

achieve significantly more sophisticated effects, such as selectively highlighting or suppressing 

bone structures in X-ray images, identifying vessels (virtual DSA) (Duan et al. 2024) or com-

pensating for patient motion in fluoroscopic images. However, the functioning of AI methods 

is not easy to comprehend, let alone understand, especially when large amounts of data are 

involved. This applies, for example, to foundation models2, which influence results based on 

large image and text databases that link patient findings with radiological images. In any case, 

care must be taken to ensure that the use of AI does not remove any relevant information from 

the X-ray images. This applies to all medical imaging methods, and, due to radiation protection 

regulations, particularly to those that use ionising radiation. 

AI methods can be applied not only to images but also to raw data in order to reduce artefacts 

or compensate for inadequacies in imaging systems (Magonov et al. 2024). These processes 

may not be visible to users and run without their knowledge.  

1.4 Advisory Mandate 

The Federal Ministry for the Environment, Nature Conservation, Nuclear Safety and Consumer 

Protection (now the Federal Ministry for the Environment, Climate Action, Nature Conserva-

tion and Nuclear Safety, BMUKN) formulated an advisory request dated 7 October 2020, ask-

ing the SSK to investigate the problems associated with the use of AI in medicine and to propose 

ways of solving them. This advisory request focuses on the following questions: 

− Which AI applications can be useful for image optimisation (e.g. scatter reduction, dose 

reduction, artifact reduction), and what are the risks of using AI in medical imaging? 

Can the limitations and potentially adverse effects of an AI method be made clear to the 

user, and can criteria be derived for assessing the suitability of the methods used? 

− What is the current framework for the use of these methods, and what conditions must 

be in place in the future to ensure that the use of ionising radiation is safe and that the 

actual diagnostic features are shown with sufficient reliability? 

When considering the relevant requirements for AI algorithms and their quality assur-

ance, the training data, the requirements for the validation and testing of the algorithms, 

and the testing of AI-supported image reconstruction methods accompanying clinical 

application should be taken into account. 

 

2 A foundation model is a large machine learning model that has been pre-trained on a broad database and, thanks 

to its versatility, serves as the basis for a variety of specific applications. 
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− What contribution can international standardisation and medical device law for imaging 

systems provide to the quality assurance of AI methods with regard to approval? 

− AI methods can also be used in situations with low noise levels or in high-contrast areas 

to achieve improvements in image quality. The methods to be used may therefore differ 

depending on the issue at hand and the imaging situation (low- and high-contrast im-

ages). Can requirements for dealing with different available AI methods take this cir-

cumstance into account, and how could this be done? 

− Can requirements be developed for the methodology of an AI algorithm in image opti-

misation with regard to the intended field of application, the usable devices and acqui-

sition parameters, the required test data sets and validation and, on the other hand, for 

the establishment of a test system with which the information-preserving application of 

procedures can be verified? If this is possible, can these requirements be used to specify 

what needs to be tested and documented, and how, in order to ensure that the framework 

conditions are complied with under all circumstances? This also includes how the test 

procedures themselves can be tested and how this can be used to ensure that the intended 

range of application of the AI procedures can actually be verified. 

− The use of AI-based image reconstruction methods also influences metrological checks, 

which are carried out, for example, as part of acceptance tests or to determine image 

quality and dose efficiency. The application of AI methods to phantoms in such tests 

could lead to distortions in the characterisation of parameters such as image quality and 

dose efficiency. The requirements for the validation and testing of the algorithms should 

also take this into account and, if necessary, propose alternative test procedures.  
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2 Recommendations and statement 

For the use of AI-based methods for image reconstruction or image processing in medical im-

aging methods based on the use of ionising radiation, the SSK recommends that 

1. in order to rule out image processing-related misdiagnoses that would call into question 

the benefit of the examination and thus the justifying indication (see section 4.1.1), when 

using AI methods for image reconstruction or further processing of patient-related 

image data, it needs to be ensured that all structures relevant for the diagnosis are 

retained with at least essentially unchanged sensitivity and specificity in terms of 

diagnostic reliability compared to non-AI-supported methods and that no artificial 

structures are generated. Similarly, when using computed tomography image data for 

treatment planning in radiotherapy, the Hounsfield units3 must not be significantly 

altered; 

2. in the case of a dose reduction in combination with the use of AI methods to generate 

the images to be evaluated, all structures relevant to the diagnosis should be identifiable 

with comparable or higher sensitivity and specificity than would be the case without 

dose reduction and AI use, in order to satisfy the justifying indication for the 

examination (see section 4.1.2); 

3. in order to demonstrate compliance with the first two recommendations, human-

observer studies should be carried out, unless scientifically validated results are already 

available which confirm the equivalent significance of other (metrological) methods. In 

the latter case, it must be ensured that the methods used are selected in such a way that 

they do not favour the AI methods being evaluated and that the absence or creation of 

subtle structures is sufficiently taken into account (see sections 4.1.2 and 4.2.5).  

A prerequisite for the quality of data processing to be trusted is the transparency of the processes 

(as described in section 7.5). Therefore, the SSK continues to recommend that 

4. the entire process of creating and using AI-based methods for image reconstruction or 

image processing should be quality assured. In particular, generative networks should 

always produce a unique output data set from an input data set that is not influenced by 

chance. 

5. a competent body should be designated to verify the performance of an algorithm for 

the specified use cases on independent, sufficiently characterised test data prior to its 

clinical use (see sections 4.2.5, 5.3, 7.2, 7.3, 7.5). This competent body may either be 

an existing body into which additional competencies are integrated, or it may be newly 

created. The points to be examined by the competent body should include the following 

aspects, in particular for the approval and assessment of AI-based reconstruction and 

post-processing algorithms in radiology and nuclear medicine: 

− Validity of the metrics and methods used by the developers to assess the 

performance of the AI algorithm for specific clinical applications. 

 

3 The Hounsfield unit describes the attenuation of X-rays (assumed to be monoenergetic) by tissue in a computer 

tomography image. The Hounsfield scale was proposed by Godfrey Hounsfield. The attenuation of X-rays by 

tissue is described by its attenuation coefficient , and the respective value is related to the attenuation coefficient 

of water. The CT value or Hounsfield unit is then calculated as follows:  

CT − Wert [𝜇Gewebe] =  
𝜇Gewebe − 𝜇Wasser

𝜇Wasser − 𝜇Luft

∗ 1000 HU 
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− Performance of the AI algorithm to be assessed for the specified application based 

on the disclosed subset of test data and metrics provided by the developers.  

− External and independent assessment of the performance of the AI algorithm 

under evaluation for the specified application based on independent representative 

test data that were not available to the developers. 

− Appropriate involvement of experienced clinical and imaging experts in the 

assessment of the performance of an AI algorithm in accordance with 

recommendations 1 and 2, if there is reason to believe that an assessment of 

performance cannot be guaranteed by mathematical and technical metrics. 

− Scope and representativeness of practically relevant input data for evaluating the 

generalisability of AI algorithms, i.e. for which applications, devices and 

examination parameters and which patient cohorts an algorithm can be used. 

− Existence and plausibility of risk assessment and hazard assessment for potential 

failure scenarios and misuse of the AI algorithm. This refers to a potentially 

possible malfunction of the AI method. 

 

Appropriate binding regulations should be put in place. 

The SSK recommends the following for the implementation:  

6. the competent body should be given access to verification data that are independent of 

the training data in order to verify the quality of the system used, similar to the phantoms 

used in conventional methods (see sections 5.3, 7.5).  

7. the independent body should receive, for the analysis it is to carry out, a sufficient 

amount of multicentre and representative data from various devices and manufacturers, 

including the necessary metadata and annotations, i.e. the markings or classifications of 

image data. The image data must be suitable for verifying the quality of the algorithms. 

The data must not be published, to ensure that the verification data are independent and 

did not influence the training of the algorithms (see sections 4.2.2 and 7.5). 

8. in order to assess the data quality with regard to the usability for the development of AI-

based methods, independent clinical experts should also be involved in the evaluation 

process (see sections 4.3, 5.1). 

9. Standards should be defined and reviewed (see sections 4.3, 5.1) to ensure the quality 

of the annotations (see Recommendation 7). 

For the development, introduction and clinical implementation of AI-based methods in accord-

ance with recommendations 1 and 2, the SSK recommends:  

10. Binding requirements should be imposed on the manufacturers and developers of an AI 

procedure as a necessary prerequisite for verifying compliance with the first two 

recommendations:  

− For development, training, validation and test data should be randomly sampled 

from a common population – if this is not the case, reasons should be given. 

Manufacturers should specify the use case (see also sections 4.2.5, 5.1, 6 and 7.5).  

− Comprehensive documentation of the training, validation and test data used with 

regard to the patient cohort, the radiopharmaceutical used, the dose or at least the 

activity applied, or the exposure to X-rays, as well as the acquisition and 

reconstruction parameters, should be provided. This should be done on condition 
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that data protection is guaranteed and provided that the manufacturer has access 

to the aforementioned examination-relevant data. If data augmentation methods 

were used, these should also be described (see sections 4.1.4, 4.2.5, 5.1, 6 and 

7.5). 

− A representative part of the training, validation and test data should be disclosed, 

at least to a competent body (see sections 4.2.5, 5.1, 6 and 7.5). 

− The criteria used to select the training, validation and test data should be 

explained, along with why this approach ensures that out-of-distribution cases will 

not occur to a relevant extent (see also sections 4.2.5, 5.1, 6 and 7.5).  

− It should be explained whether and, if so, what measures are taken by the 

manufacturer to identify out-of-distribution cases (see section 7.5). 

− Manufacturers should explain at which point in the data pre-processing, image 

reconstruction or image processing AI algorithms are used and what purpose they 

serve. A specification of the input and output data should be provided and it should 

be stated whether generative networks are used and whether pre-trained networks 

are used. If this is the case, it should also be documented and disclosed what the 

networks were pre-trained with and how this was done (e.g. supervised, semi-

supervised, unsupervised, transfer learning) (see sections 4.2.1, 4.2.5, 5.1 and 7.2). 

− Manufacturers should provide a risk assessment of what a malfunction of the AI, 

e.g. in the case of an out-of-distribution patient, could mean for the patient. It 

should be explained whether a malfunction leads to clearly visible artefacts and is 

therefore easily recognisable by users, or whether it may lead to subtle changes in 

small details that are difficult to detect and could easily be misinterpreted as a 

missing or newly developed pathology. The manufacturer should explain how it 

arrived at its assessments and thus present a risk analysis (see sections 5.2, 5.3, 

7.3, 7.4). 

− Manufacturers shall explain for each AI procedure how it modifies its input data 

(see section 4.2.1). 

11. The manufacturer shall define the field of application of the algorithm based on the 

verification data. They shall also clearly identify any limitations that could have an 

adverse effect on the patient, e.g. a significant underrepresentation of certain 

characteristics such as age groups or, where applicable, ethnic groups in the training 

data (see section 7.5). If necessary, restrictions on the areas or classes of application, 

e.g. a restriction to image data from groups of people or for certain diseases, should be 

specified.  

The SSK also recommends the following general aspects for the safe introduction and long-

term safe use of AI-based procedures in accordance with recommendations 1 and 2: 

12. Where possible, established conventional methods should continue to be provided 

alongside AI-based methods so that users can decide for themselves which method to 

use and, in case of doubt, can refer to a reference (see sections 4.3 and 5.3). 

13. Further research should be promoted and funded to develop test procedures that enable 

the characterisation and quality assurance, including the potential limitations and 

difficulties of medical image reconstruction and processing when using AI methods (see 

sections 4.2.5, 5.3 and 10). 
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14. International coordination on approval, testing and quality assurance methods for the 

use of AI methods for image reconstruction and further processing of medical image 

data should be promoted (see sections 4.2, 5.2 and 8). 

15. When acquiring data for the development of algorithms based on artificial intelligence, 

a data agreement between clinical and industrial partners should stipulate that a 

sufficiently large portion of the data be made available for independent, external 

verification (see section 4.2.2). These data could then potentially be made available to 

the competent body (see recommendation 6). 

Statement 

In the context of image reconstruction and further processing using AI methods for medical 

image data generated using ionising radiation, the SSK considers it helpful to consider the pos-

sibility of standards and its use in order to support the recommendations outlined above and 

make them easier to implement. The SSK therefore takes the following position: 

− The SSK considers standards, or at least standardisation of the requirements for training 

and validation data, to be possible and useful for quality assurance. The same applies to 

procedures for the development, testing and quality assurance of AI-based applications 

(see chapters 8 and 10). The SSK does not consider standards of AI-based methods for 

reconstruction or image processing itself to be useful, as the individual algorithms 

function differently, classical reconstruction methods have not been standardised either, 

and the SSK believes that standards of individual methods are hardly possible and does 

not promise any additional security. In addition, AI-based methods are developing so 

rapidly that the standardisation process would be too slow.   
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Scientific rationale 

3 Application of AI methods in medicine 

3.1 Imaging diagnostics in radiology and nuclear medicine as well as 
interventional imaging 

3.1.1 Noise reduction in medical imaging  

Medical diagnostics makes extensive use of image information for diagnosis. When infor-

mation is to be obtained from inside the body, imaging usually involves either ultrasound-based 

methods, magnetic resonance imaging, X-ray-based methods or nuclear medicine procedures. 

Methods that provide three-dimensional information are being used more and more frequently. 

In all of these procedures, image noise is a key factor in the image quality that can be achieved 

and the associated diagnostic quality. In the above-mentioned imaging methods, noise corre-

lates either inversely with radiation exposure (X-ray-based and nuclear medicine procedures) 

or with measurement time (nuclear medicine, ultrasound and magnetic resonance imaging). The 

vast majority of X-ray-based examinations are projection images. Radiation exposure is com-

paratively low, so manufacturers are currently less focused on promoting the use of noise-re-

ducing image processing techniques or publicising them than for tomographic methods. The 

image quality of medical tomographic imaging modalities in radiology (CT, MRI) and nuclear 

medicine (SPECT, PET) is affected by image noise to varying degrees, depending on the spe-

cific modality. In tomographic procedures based on the use of ionising radiation (CT, SPECT, 

PET), there is a direct or indirect relationship between image noise and the radiation dose as-

sociated with the examination. In CT, the latter is determined by the time integral of the tube 

current for the acquisition in question.  

In nuclear medicine procedures, on the other hand, radiation exposure depends solely on the 

radiopharmaceutical used and its activity, but not on the selected acquisition time. The activity 

to be applied also depends on the physical and technical characteristics of the imaging system. 

Image noise is determined here by the parameters of activity and acquisition time. In contrast 

to CT, noise can therefore be reduced within certain limits by longer acquisition times without 

changing the activity of the radiopharmaceutical applied. However, since there are both practi-

cal (e.g. throughput, patient compliance, patient movement) and physical (e.g. half-life of the 

nuclide used) limitations for acquisition parameters, there is in principle a causal relationship 

for nuclear medicine methods as well between a reduction in radiation exposure through a re-

duction in the injected activity and the associated undesirable increase in image noise or dete-

rioration in the signal-to-noise ratio. 

The often desired reduction in radiation exposure leads to increased image noise unless coun-

termeasures are taken. If the aim is to improve image quality while maintaining the same level 

of radiation exposure, this can often be achieved by using noise reduction techniques. 

An essential requirement for noise reduction methods is the preservation of spatial resolution 

so that the images do not become blurred. Noise reduction must therefore be carried out in a 

way that preserves edges and is thus, by definition, not translation-invariant. Classical noise 

reduction methods often consist of one or more components that detect or evaluate edges and 

components that smooth the images in such a way that the edges are not smoothed or, at least, 

are only smoothed parallel to the edge. In most cases, the methods are also non-linear: regions 

with high noise are smoothed more than areas with low noise. In many cases, noise reduction 

is performed iteratively.  
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Neural networks, some of which are already used in practice for noise reduction, have the same 

objective. However, due to the complexity of the networks, the above-mentioned separation of 

edge detection and noise reduction does not exist or cannot be recognised – at least not without 

considerable effort.  

The networks are often trained by subsequently adding noise to existing data (e.g. clinical im-

ages or volumes) using an algorithm in order to simulate lower radiation exposure. These low-

dose data (input) and the associated normal-dose data (label) then serve as a data pair for train-

ing the network. Alternatively, noise reduction networks are also trained unsupervised, i.e. with 

a data pool of low-dose data and another data pool of normal-dose data, which do not have to 

come from the same patients. It is also conceivable to use purely synthetically generated data 

for training.  

In CT, AI-based noise reduction methods have been offered by three of the four major CT 

manufacturers for some time (AiCE from Canon, TrueFidelity from GE, Precise Image from 

Philips). However, only sparse information is available about the algorithms. Ultimately, all 

three methods are probably supervised training methods. The input consists of images to which 

noise has subsequently been added and that have been reconstructed using filtered back projec-

tion (FBP). Canon and GE appear to use iteratively reconstructed images of the normal dose 

data as labels, whereas Philips uses FBP reconstructions of the normal dose data. Another thing 

these methods have in common is that they cannot be applied to images that have already been 

reconstructed but are linked to the actual FBP reconstruction so that they can be marketed as 

image reconstruction methods. The fourth manufacturer, Siemens, does not currently officially 

offer any AI-based noise reduction (or "reconstruction methods"). 

In CBCT (interventional C-arm systems, dental cone beam CT (DVT) systems, imaging CBCTs 

of radiotherapy equipment) and radiography (fluoroscopy, mammography, digital subtraction 

angiography), there are currently no known applications of AI methods for noise reduction in-

stalled in medical devices. In general, however, this is to be expected in the medium term, 

especially for dynamic imaging systems or CBCT systems. In this context, the approaches to 

noise reduction may well be similar to those used in CT, especially with regard to the related 

methods. In scientific publications, too, the majority of publications on noise reduction methods 

using AI methods relate to CT (Balogh und Janos Kis 2022, Pashazadeh und Hoeschen 2023). 

In nuclear medicine, there is also a high demand for image noise reduction, which is generally 

high compared to CT for methodological reasons. The current standard approach is to filter 

iterative maximum likelihood expectation maximisation (MLEM) image reconstructions, 

which are stopped after a few iterations, using spatially invariant low-pass filters (e.g. Gaussian 

filters) that selectively suppress high-frequency noise. However, this filtering always results in 

a noticeable loss of spatial resolution, which particularly adversely affects the detection and 

quantification of structures close to the inherent resolution limit of the tomograph. There are 

also other methods that use locally adaptive edge-preserving filtering techniques. However, 

these are not yet routinely used for various reasons (variable quality of results, excessive de-

pendence on various selectable parameters for adjusting the filter properties, etc.). Alterna-

tively, the prior knowledge that the object under investigation is homogeneous even in regions 

and therefore cannot be heavily noisy can be used directly within the iterative reconstruction 

for noise suppression. This method is referred to as maximum a posteriori reconstruction (MAP 

reconstruction) with a "smoothing prior" from "prior knowledge" (Qi 2006). In this context, the 

latter is a "penalty function" that rejects noisy reconstructions. 

Deep learning-based methods using deep neural networks, such as CNNs, now offer an alter-

native option to locally adaptive filtering of tomographic data sets, some of which are already 

available in everyday clinical practice. These methods enable a relevant improvement in noise 
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reduction with less loss of resolution than is the case with today's common white-box methods. 

In this context – as in the field of image restoration in general (in addition to noise reduction in 

the narrower sense, this includes contrast enhancement, resolution recovery, motion correction, 

etc.) – a special network architecture has proven to be particularly popular and successful: the 

so-called U-Net (which belongs to the so-called encoder-decoder networks) proposed in 2015 

(Ronneberger et al. 2015). This architecture was originally developed for segmentation tasks, 

but is now successfully used in a wide range of image restoration tasks. 

The most widely used approach for so-called network training, i.e. the optimisation process for 

determining suitable values for the usually extremely large number of free parameters of the 

network (e.g. weights of learned convolution kernels), is supervised learning. In the context of 

noise reduction, the network is trained to restore images with a significantly improved signal-

to-noise ratio from suitable training data from noisy images. As far as nuclear medical imaging 

is concerned, the training uses, where available, data sets that have been generated with the 

clinically standard activities currently in use and the longest possible acquisition times, so that 

a high-quality reference is available. These reference data sets are often referred to as ground 

truth. High-quality, low-noise images are particularly helpful for training denoising networks 

in PET. Data from "total-body PET" systems are now also available for obtaining such image 

data. These have only been on the market since 2020, are characterised by extremely high sen-

sitivity and can therefore deliver low-noise, high-quality images with shorter acquisition times 

or lower activities.  

From raw nuclear medicine data, which are usually recorded in list mode format (list of photon 

detection events), virtual raw data sets can be simulated by stochastically extracting a subset of 

data (Poisson thinning), which are comparable to images with shortened measurement times or 

reduced applied activity or a scanner with lower sensitivity (shorter axial field of view, i.e. 

extension of the tomograph in the head-to-toe direction). The reconstruction of the virtual par-

tial data and the reconstruction of the original complete raw data make it possible to generate 

pairs of images consisting of a simulated input image with increased noise level and the original 

ground truth image retrospectively (stochastically correct). These image pairs can then be used 

to optimise and validate the network parameters. 

A key requirement for training neural networks is the availability of a considerable number of 

validated input-output image pairs, which must cover the range of inter-individual variability 

in image properties that occurs in practice. In the context of nuclear medicine, these include 

different physical and biological tracer properties, non-standardised applied activities and ac-

quisition times and, as a result, different signal-to-noise ratios, (patho)physiological and ana-

tomical differences between different patients, and differences in the image quality of different 

scanners. Adequate coverage of this range is important in order to obtain networks that deliver 

valid and robust results in everyday clinical practice. Furthermore, it is essential to know the 

range of training data used in order to be able to draw conclusions about the suitability of a 

given network for a given question, such as: Can a given, trained network be used for images 

generated with a different radiotracer (or device) that could not yet be included in the training 

data? 

Since the low-noise reference images required for supervised training are not available or gen-

eratable for all fields of application, other approaches to generating reference images pursue 

complementary strategies. These include, for example, (a) the use of Monte Carlo-simulated 

data, where the noise-free reference image is known, (b) more complex reconstructions (MAP) 

or post-processing of clinical images with edge-preserving filters or structural prior knowledge. 
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In addition, there are a variety of training methods that aim to reduce the amount of training data 

required. These include transfer learning and unsupervised training methods. In transfer learning, net-

works are pre-trained on a specific data set from one domain (e.g. a large data set of frequently used 

radiotracers). Subsequently, some of the network parameters are further optimised (parameter fine-

tuning) using an additional small data set from another domain (e.g. a new radiotracer). Unsupervised 

learning methods do not even require the presence of reference images. These include the "deep im-

age priors" method and "conditional generative networks". However, the latter are more difficult to 

train than supervised or semi-supervised learning methods and are definitely inferior when good refer-

ence images are available. 

Compared to conventional methods, DL approaches are characterised by very simple imple-

mentability and high flexibility and are often superior to established conventional methods in 

visual assessment or avoid the need for frequent user intervention, thereby minimising interob-

server variability and time requirements. On the other hand, as with all CNN applications, there 

is the black-box nature of the ultimately operational algorithm, which essentially eludes math-

ematical analysis. Accordingly, in the context of noise reduction, the essential questions of ver-

ifiability and generalisability of the results achieved in training and validation cohorts to the 

patient data to be processed prospectively in clinical use must also be considered essential and 

not conclusively resolved. 

There is a risk that DL-based noise reduction methods will be used uncritically, under the mis-

perception that they allow the exposure times and injected activities in nuclear medicine exam-

inations or the radiation exposure in radiological examinations to be reduced without any loss 

of quality or information. There are only a few multicentre studies on this topic that are relevant 

to clinical questions. 

3.1.2 Image reconstruction 

In medical imaging, image reconstruction refers to the calculation of a medical image or image 

stack (volume) from the measured raw data. In general, this is a function that maps from the 

raw data domain to the image domain. The raw data domain depends on the modality. For 

example, MR imaging is measured in Fourier space, CT imaging in projection space (X-ray 

transformation), and PET imaging involves line integrals from all possible directions. Image 

reconstruction therefore mediates between two different domains and is thus a solution to an 

inverse problem. Algorithmic methods that only process an image or a stack of images and 

generate a modified image or a modified stack of images are usually referred to as image pro-

cessing or image restoration, but not image reconstruction. The processing of already recon-

structed images is also referred to as post-processing. This section deals with image reconstruc-

tion methods based on AI methods. Post-processing methods are covered in the sections on 

noise reduction and super-resolution. For marketing reasons, some CT manufacturers link (AI-

free) image reconstruction with AI-based image post-processing and then incorrectly refer to 

AI-based reconstruction. 

In addition to their use for noise reduction on already reconstructed images, ML methods can also 
be integrated directly into the tomographic image reconstruction process, which calculates 
multidimensional images from measured "raw data" (in this context, "projection data"). The aim of 
this direct integration of ML methods is to improve the resulting image quality compared to 
conventional reconstruction methods in terms of various parameters such as noise, resolution or the 
occurrence of various image artefacts.  

Various scientific comparative studies (Muckley et al. 2021, Sidky and Pan 2022) have shown that 
methods that integrate ML directly into the (iterative) reconstruction process can be superior to 
post-reconstruction ML methods. However, it should be noted that training ML reconstruction 
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methods is often very time-consuming and the implementation and application of these methods is 

more complex compared to post-reconstruction ML methods, which hinders the widespread use of 
the former. 

The approaches to integrating ML into medical image reconstruction published in recent years can 
be broadly categorised as follows: 

1. In "end-to-end learning", a network is trained to transform recorded projection data 

directly into images without using existing knowledge about the physics of data 

acquisition or the mathematics of tomographic methods. Examples of this are 

"AUTOMAP" ( Zhu et al. 2018) or "DeepPET" (Häggström et al. 2019). Compared to 

other methods, however, end-to-end learning has the disadvantage that very large 

networks and very large amounts of data are required for training. Furthermore, it has 

been shown that these approaches often suffer from falsely added image structures and 

are not superior to other less complex ML methods. 

2. In physics-driven learning, conventional image updates based on the physics and 

statistics of the data acquisition process are combined with learned regularisation steps 

in the form of trainable networks. Examples of this are the so-called "unrolled 

variational networks" (Hammernik et al. 2018, Mehranian et al. 2021), "learned primal-

dual" reconstruction ( Adler and Oktem 2018), "plug-and-play" methods (Ebner and 

Haltmeier 2024) and the learned filtered backprojection ( Würfl et al. 2016). 

3. "Conditioned generative models" aim to first train a generative model that is designed 

to learn the diversity of possible high-quality images. After network training, the 

generation process is conditioned with the measured projection data in order to obtain a 

high-quality image that is simultaneously "compatible" with the projection data (Chung 

et al. 2022, Singh et al. 2023). 

4. In "post-reconstruction learning", networks are trained to improve the quality of a 

"conventionally" reconstructed image after reconstruction. Conceptually, this method is 

similar to the noise reduction described in section 3.1.1, but also includes resolution 

enhancement and artefact reduction (Berker et al. 2018). 

5. In "learning the physics of the data acquisition process (learning of the forward 

model)", networks are trained to learn certain physical processes that are "classically" 

difficult to model in a data-driven manner. Examples of this include the modelling of 

scattered radiation in CT (Maier et al. 2018, Maier et al. 2019b) and PET reconstruction 

(Schramm et al. 2021). 

The above approaches differ in terms of the complexity of the required networks, generalisability, 

and the amount of training data required. It can be shown mathematically that methods that make 

greater use of known knowledge about the physics and statistics of the data acquisition process and 
the mathematics of tomography (e.g. with known forward operators) generalise better and require 
less training data ( Maier et al. 2019a). 

"Bayesian learning" is another promising ML reconstruction approach that aims to generate not 

only the reconstructed image but also a confidence map representing the regional uncertainty 

of the ML reconstruction model. 

As with all networks, so-called "adversarial attacks" – attacks in which input data are deliberately 
manipulated by exploiting known vulnerabilities in order to intentionally mislead AI models in an 
already trained network – are a problem. However, prior knowledge can help to secure the network 
in as many parts as possible so that it can be analysed using classical methods (Gottschling 2022, 
Huang et al. 2018). 
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ML reconstruction methods in radiology 

The idea of using prior operators can also be applied to networks inspired by classical filtered 
backprojection to better approximate limited angle geometries that typically cannot be solved by 
classical analytical inversion models. Interestingly, errors in the discretisation or initialisation of the 
filter steps are intrinsically corrected by the learning process. The method is also compatible with 
other DL approaches that are capable of learning additional data-driven regularisation but, in 
principle, perform classical iterative reconstruction. 

In the field of CBCT imaging, e.g. for interventional imaging, approaches similar to those used in 
DL-based reconstruction are generally found. Research focuses in particular on image 
reconstruction with limited projection angles, metal artefact reduction and the calculation of 
suitable trajectories. Optimal planning results in a reduced or modified number of projections for 
reconstruction, which can have a positive or negative effect on both radiation exposure and the 
impact of confounding factors. 

ML reconstruction methods in nuclear medicine 

A key requirement for nuclear medicine cross-sectional imaging is to ensure the quantitative 
accuracy of the image data, as nuclear medicine functional imaging is based in principle on the 
derivation of quantitative parameters from the tomographic image data. This means that the 
reconstruction method under consideration, including the above-mentioned scatter radiation and 
absorption corrections, must not only deliver distortion-free images with unaltered local contrast, 
but also ensure the correct global scaling of the data. With regard to the use of ML-based methods, 
this increases the need for suitable quality control instruments. Currently, most ML reconstruction 
methods in nuclear medicine focus on improving the image quality of low-count images. In 
addition, there are also ML approaches to reduce artefacts in PET images with limited angular 
geometry (Chin et al. 2022). 

3.1.3 Resolution enhancement (superresolution) 

Similar concepts to those used for noise reduction can also be used to improve the spatial reso-

lution of images. These super-resolution solutions are primarily found in the processing of pho-

tographic images or videos. However, there is one application from the manufacturer Canon in 

the field of CT imaging: Canon's PIQE (Precise IQ Engine) is a neural network that aims to 

increase the spatial resolution of CT data beyond the resolution limit of the respective CT device 

(Canon Medical Systems n.d.). The intended area of application is CT cardiac imaging. With 

the Aquilion Precision, Canon has launched a CT device that offers approximately twice the 

spatial resolution of all other conventional CT systems except for the new CT from Siemens 

with a photon-counting detector. The high-resolution patient images from the Precision now 

serve as training labels. The training input is a smoothed version of the high-resolution images. 

However, it should be noted that such methods do not actually improve the resolution of the 

imaging system, but merely make edges appear sharper. This is particularly important in CT in 

order to suppress blooming artefacts. This refers to the effect whereby calcifications in vessels 

appear larger than they actually are due to the narrow grey scale windowing typically used to 

view the vessels. This leads to radiologists tending to underestimate the lumen of the vessel at 

the site of calcification. With the help of super-resolution AI techniques, this effect would not 

occur and the lumen would be correctly assessed. 

What such methods cannot achieve is an actual increase in spatial resolution: two closely adja-

cent lesions that appear as a single lesion in the CT system (without AI) due to the limited 

resolution remain visible as a single lesion even after the application of resolution-enhancing 

AI methods. 
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3.1.4 Artifact reduction in CT and X-ray diagnostics 

3.1.4.1 Missing data 

Some CT artefacts result from missing data. For example, metal artefacts arise when certain 

object components attenuate the X-ray beam so strongly that no usable information can be 

measured in the metal shadow. The projections therefore have one or more holes, i.e. areas of 

missing data that must be closed using an inpainting procedure, for example.  

Another example is truncation artefacts. These occur when the object is larger than the CT 

detector. Truncation artefacts occur particularly in CBCT, as today's flat detectors are usually 

only about 40 cm in size, which means that the field of view diameter is approximately 20 cm 

due to the beam geometry, applying the beam set. To reduce the artefacts, the detector must be 

virtually enlarged and filled with meaningful data, i.e. data must be added around the actual 

field of view.  

There are numerous suggestions in the literature for reducing radiation exposure by taking 

fewer projections per rotation while maintaining the same dose per projection. Even though it 

would be more obvious and sensible to simply reduce the dose per projection instead of the 

number of projections, the resulting artefacts can be reduced either by an inpainting method 

that supplements the missing projections or data, or by a special reconstruction method. 

Ultimately, for the above-mentioned use cases in which data or data ranges are missing, dam-

aged or faulty and therefore unusable, neural networks can be used to fill in these data gaps. 

The solutions described in the literature either do this directly in the raw data space, i.e. in the 

projection data, or they correct the corresponding artefacts in the image space and use this cor-

rected volume for a forward projection. The data missing from the measurement data are then 

taken from the forward-projected data and copied into the gaps in the original data. This ensures 

that only the missing areas are supplemented in the original data. Correction algorithms that 

merely calculate a more visually appealing volume from the artefact-laden volume are consid-

ered unreliable, as they also alter parts of the good raw data.  

Examples of such methods are described ( Byl et al. 2021) in the field of metal artefact correc-

tion, ( Fonseca et al. 2021, Kabelac et al. 2025, Ketola et al. 2021) for the detruncation of CT 

data using neural networks, and ( Han et al. 2017, Kofler et al. 2020) and ( Ronneberger et al. 

2015) in the field of sparse-view projections. 

3.1.4.2 Erroneous data 

Another part of CT artefacts comes from erroneous data, such as incorrectly calibrated detec-

tors, detector properties that vary over time, scattered radiation or beam hardening.  

CT ring artefacts, for example, are caused by detector pixels whose response behaviour during 

measurement differs from that during calibration. This can be due to temperature fluctuations 

or the exposure history of the pixel or its neighbours. The correction can be performed tradi-

tionally or using neural networks, either in the raw data space or in the image space, or a com-

bination of both. An example of such a ring artefact correction method using neural networks 

is described in (Trapp et al. 2022). 

Scattered radiation artifacts are caused by scattered radiation that is generated in the object or 

in the pre-filters and reaches the detector from a direction that does not correspond to that of 

the primary radiation. Scattered radiation artefacts also occur when anti-scatter grids are used. 

In X-ray images, scatter artefacts lead to a loss of contrast, which, as described above, can be 

corrected by image processing measures. A physically correct correction is not necessary in this 



Application of artificial intelligence in image reconstruction in radiology and nuclear medicine 25 

 

case. In order to correct scatter radiation artefacts in CT, however, the scatter radiation compo-

nent must be estimated as accurately as possible and subtracted from the raw data. The gold 

standard for this estimation is the use of Monte Carlo scatter calculations, which, however, 

require computing times of hours or days and also require the presence of a 3D model of the 

patient, such as a CT volume. They cannot therefore be used to correct individual projection 

images (e.g. X-ray projection images or fluoroscopy images). In the field of AI, deep scatter 

estimation (DSE) is the standard method for estimating scattered radiation (Maier et al. 2018, 

Maier et al. 2019b). DSE does not require a 3D model and can therefore also be used for pro-

jection images. In addition, the runtime is very short at one to two milliseconds per projection. 

Based on the ideas of DSE, there are numerous follow-up publications in the scientific literature 

(Laurent et al. 2023, Xiang et al. 2020).  

3.1.4.3 Motion correction and compensation in X-ray diagnostics 

Patient movements during the examination lead to artefacts and loss of resolution in the recon-

structed tomographic images, the nature and extent of which vary depending on the modality. 

DL methods are typically used to determine displacement vector fields (DVFs), which describe 

time-dependent three-dimensional, arbitrary and involuntary movement and deformation (or-

gan mobility, respiratory and cardiac cycles). In principle, motion correction methods can be 

divided into two categories: those that modify the projection data fed into the image reconstruc-

tion in advance to compensate for patient motion, and those that operate on the motion-com-

promised reconstructed tomographic image data. In radiology, the term motion correction is 

reserved for post-reconstruction methods that essentially improve the visual impression of the 

image. Where possible, the projection data can be corrected during image reconstruction. This 

is often referred to as motion compensation. However, this conceptual distinction is unusual in 

the field of nuclear medicine, where both cases are referred to as motion correction. 

In CT images, patient movements can lead to motion artefacts in both projection images and 

reconstructed CT volumes. Numerous algorithmic methods for reducing or correcting such ar-

tefacts can be found in the literature. In the field of AI, these methods are often cosmetic in 

nature and thus produce a visually appealing result, the accuracy of which, however, is difficult 

to verify. Where possible, motion compensation methods should be used. In contrast to motion 

correction, these methods estimate the actual motion of a voxel and then incorporate it into the 

calculation of the compensated images, for example, by moving the respective voxel during 

image reconstruction in accordance with the patient, so that the contributions are always added 

to the correct voxel during back projection. In motion compensation, the task of the neural 

network is usually to estimate motion, i.e. to generate a motion vector or a motion vector field 

(Maier et al. 2021, Maier et al. 2025). Here, too, incorrect estimates may occur. In contrast to 

pure correction, however, plausibility checks can be performed, e.g. with regard to the speed of 

movement.  

3.1.5 Motion correction in nuclear medicine 

In nuclear medicine, too, the influence of unavoidable voluntary and involuntary patient movement 

during acquisition is a relevant aspect for the resulting image quality. This is particularly relevant for 

nuclear medicine imaging due to the much longer acquisition times compared to computed tomogra-

phy. Both cyclic and stochastic movement (restlessness) lead to a loss of resolution. The most signifi-

cant problem in practice is respiratory cycle-correlated movement during whole-body examinations of 

oncology patients, which typically has amplitudes of 2 cm. In addition to sensor-based stroboscopic 

measurement protocols ("respiratory gating"), purely data-driven approaches are becoming increas-

ingly important. In this context in particular, DL-based methods are attractive for similar reasons as in 

noise suppression and resolution recovery in image reconstruction and are in some cases very similar 
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in design, since the problem of motion correction formally requires deconvolution of the image af-

fected by motion blur. 

3.1.6 Further methods for reducing radiation exposure in diagnostics 

Methods for reducing radiation exposure in diagnostics refer to all methods that aim to reduce 

radiation exposure during diagnostic imaging procedures. In addition to the reconstruction 

methods already mentioned, which aim to reduce radiation by reducing the number of projec-

tions or the number of photons required per projection while maintaining image quality, there 

are approaches that already use AI methods during projection acquisition. These include colli-

mation optimisation and automated patient positioning. Systems based on AI methods are al-

ready available, particularly for 2D X-ray diagnostics. One example is the "YSIO X.pree" 

method used by Siemens ( Siemens Healthineers AG n.d.-a), which determines the position of 

the thorax using a 3D camera and AI methods and adjusts the collimation based on this. Omega 

Medical Imaging offers automatic calculation of the collimator setting based on target region 

determination (Omega Medical Imaging 2023). In the field of CT imaging, various manufac-

turers (Siemens FAST Integrated Workflow™ (Nikolaus 2018), Philips CT Precise Suite™ 

(Philips GmbH 2021), GE Revolution™ Maxima (GE Healthcare n.d.)) offer automatic patient 

positioning to move the target structure to the isocentre. A camera system with depth infor-

mation is used for 3D patient reconstruction, from which the target structure within the patient 

is derived for positioning. However, more detailed information on the manufacturers' AI meth-

ods cannot be found. 

3.1.7 Segmentation  

Recent developments in deep learning have brought great advantages to image segmentation, 

in which the contours of organs or anatomical structures are precisely determined. CNNs have 

dominated this field, and several approaches have been developed using CNNs. Examples in-

clude Deeporgan, brain MR segmentation with CNNs, and fully convolutional multi-energy 3D 

U-Nets. In particular, the so-called U-Net (Ronneberger et al. 2015) has established itself as the 

state of the art in this field. Investigations into a wide variety of problems have shown that the 

original version from 2015 with automatic parameter setting is generally superior for certain 

problems. This self-configuring version of U-Net is known by the name nn-U-Net (Isensee et 

al. 2021), introduced by the authors. 

Approaches to grey-box models have been around since 2004 and have experimented, for ex-

ample, with the fusion of neural networks and active contour models. However, these ap-

proaches were still component-based (i.e., the neural network was trained for only part of the 

task and the contour model was optimised separately) and did not use deep networks or end-to-

end training (i.e., for the entire task). It seems promising to rethink traditional segmentation 

approaches and merge them with deep learning based on end-to-end training. This makes it 

possible to significantly reduce the number of parameters while still obtaining stable results. 

However, the hybrid methods do not yet demonstrate the performance of black-box models. 

Overall, segmentation techniques are important because they are fundamental to the contouring 

of organs and subsequent dose estimates, as well as to radiation therapy planning. At first 

glance, there does not appear to be any relevance to radiation protection in the sense of the 

advisory request described above, but due to their importance for radiation therapy methods, a 

more detailed examination will be necessary at a later date. 
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3.1.8 Classification  

Based on segmented images or the detection of specific structures or structure clusters, classi-

fication methods are being developed for various applications in medical imaging, and corre-

sponding models are already being used in commercially available analysis products. This ap-

plies in particular to breast imaging techniques, especially projection mammography and breast 

tomosynthesis. As already mentioned, image areas or entire images are divided into classes 

based on various characteristics. These classes range from assignment to specific organs, to 

tissue at risk or suspicious tissue areas, to the definition of tumour tissue or diseased tissue as a 

whole. In mammographic imaging, particularly in screening, classification is carried out in sus-

picious areas with regard to possible tumour diseases and potentially normal tissue, but there 

are also classifications for other areas of the body where other classifications play a role, for 

example for the detection of perfusion disorders or emphysema. The methods used today are 

primarily based on the use of large data sets with known diseases and corresponding image data 

sets. CNN approaches, often U-Net-based methods or extensions, but also almost all other DL-

based approaches, are used for such classification strategies. Since these applications generally 

do not alter the image information in today's systems, but are used to indicate potentially diag-

nostically relevant information, this type of classification does not initially involve any radia-

tion protection aspects. However, work is being done on classification systems in which deci-

sions about the further course of treatment, including the use of ionising radiation, are made on 

the basis of the classification. One example is the classification of healthy tissue, tumour tissue 

and destroyed tumour tissue in minimally invasive tumour therapy (Mahmoodian et al. 2022). 

Since in this application, for example, decisions about further ablation are made using X-ray-

based imaging, aspects relevant to radiation protection could arise. However, this issue is not 

specified in the advisory request. Furthermore, since such methods are still under development, 

this aspect will not be examined further here. However, it should not be forgotten for future 

considerations. 

3.1.9 Radiomics 

The process known as "radiomics" and all similar approaches go one step further than simple 

classification. Radiomics is based on the assumption that the information obtained from three-

dimensional or four-dimensional data sets in image data is so diverse and unmanageable that 

DL methods are better able to detect subtle image information and assign diseases than a purely 

human evaluation of large amounts of data. In the development of radiomics methods, various 

parameters and characteristics of image data are therefore determined in general terms and 

tested on the basis of large case numbers to determine whether there are connections between 

such quantifiable characteristics or parameters (generally referred to as features) and certain 

diseases. The difference to the methods described previously in the area of classification is 

essentially that areas are no longer classified and assumptions are made about the cause of the 

classification, but rather that the pattern that can lead to recognition consists of a lot of infor-

mation that is not directly accessible, such as the shape of structures, neighbourhood analyses, 

structural gradients and many others (Lambin et al. 2012). The same considerations apply to 

the radiation protection-related evaluation of radiomics methods as to the classification ap-

proaches. 

3.1.10 Dose calculation 

The calculation of patient-specific dose distributions in X-ray imaging and radiotherapy is 

based on the spatial distribution µ(x, y, z) of the attenuation coefficients of the patient's tissues. 

The best method currently available for calculating dose distributions is Monte Carlo simulation 
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of all particle histories within the patient. However, such Monte Carlo calculations are compu-

tationally and therefore time-consuming, so that they often have to be replaced by approxima-

tion methods, such as kernel-based dose calculation. In connection with CT, dose distributions 

are currently calculated exclusively offline and only for scientific purposes. Widely used and 

sometimes routinely recorded dose values, such as the CTDI value, the dose length product 

(DLP), the size-specific dose estimates (SSDE) or the effective dose calculated from the DLP 

using the k-factor are not patient-specific, but refer to dose values of a phantom followed by a 

few simple conversions.  

However, in order to optimise scan protocols, it may be useful to determine the dose distribution 

in the patient in advance. For example, in CT there is what is known as tube current modulation 

(TCM). If the attenuation value distribution of the patient and thus the location of the organs 

were roughly known before the scan, and if a dose distribution could then be calculated in a 

very short time, tube current modulation could be performed with significantly reduced radia-

tion exposure and thus reduced radiation risk for patients (Baader and Kachelrieß 2025, Klein 

et al. 2022). The prerequisites for this can be achieved with the help of AI methods, e.g. by 

calculating a CT volume from the topogram (i.e. the first scan performed as a projection image 

for setting the scan area) followed by a dose calculation in real time. It is therefore foreseeable 

that AI methods will be used in the future that have a direct influence on the scan execution and 

thus on radiation exposure. 

For the dose calculation itself, AI can be used as follows (Maier et al. 2022b): Based on the 

patient's CT volume and the scan geometry, a first-order dose distribution is calculated, i.e. a 

dose distribution as it would appear without scattered radiation. This calculation corresponds 

to a back projection of the radiation intensity into the volume and can be performed in a matter 

of nanoseconds. Based on the CT volume and the first-order dose volume, a neural network 

trained with Monte Carlo calculations, for example, then calculates the dose distribution in-

cluding all higher orders.  

3.2 Radiotherapy 

The use of AI in radiotherapy, except for image reconstruction and noise reduction for diagnos-

tic applications such as radiation therapy planning and staging, is not covered by this recom-

mendation. It should be noted here that, in addition to the requirements that apply to images 

created for diagnostic purposes, it is also particularly important for image reconstruction and 

noise reduction using AI in CT imaging for radiation therapy planning that the Hounsfield units 

in the reconstructed images are not significantly altered by the AI methods. For the sake of 

completeness, however, other potentially relevant areas of application for AI in radiotherapy 

will be briefly discussed. 

3.2.1 Pseudo-CT 

In radiotherapy, the term pseudo-CT refers to the creation of an artificial CT image based on a 

real MR image. This procedure is used if no CT image is available for the patient or if CT scans 

should not be repeated too frequently for radiation protection reasons. Pseudo-CT can thus serve 

as an aid for planning or optimisation without exposing the patient to radiation. With the help 

of registered MR-CT image pairs, a neural network can be trained to generate corresponding 

Hounsfield unit maps based on the MR images. There are already a few examples in commer-

cial use: The Siemens system, Synthetic CT™ (Siemens Healthineers AG n.d.-b), combines a 

U-Net for tissue segmentation and a cGAN (conditional Generative Adversarial Network) for 

CT generation. This network consists of a generator that produces images and a competing 

discriminator that evaluates the realism of the image. Spectronic Medical AB (integrated into 
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the systems of Canon and GE Healthcare (Spectronic Medical AB n.d.)) estimates a local affine 

transfer function based on several 3D CNNs, according to the manufacturer. MRCAT™ Brain 

from Philips (Philips Austria GmbH n.d.) was developed for applications in the head and neck 

area and generates a synthetic CT image; however, the underlying method has not been dis-

closed. In addition to classical U-Net-based approaches, recent literature also increasingly fea-

tures methods based on so-called denoising diffusion models, another category of generative 

models that gradually add noise to a structured image in order to generate new data sets and 

thus learn to denoise data sets. 

3.2.2 Dose calculation  

Similar to what is described in section 3.1.10 in the case of CT, dose calculation can also be 

performed in radiotherapy (Martins et al. 2023). Based on the attenuation value distribution of 

the patient, i.e. the CT volume, an approximate, computationally efficient dose calculation 

method is first used to obtain an approximate dose distribution. A neural network then converts 

this into a realistic dose distribution. Other approaches only consider the density distribution of 

the patient (i.e. a CT image data set or a pseudo-CT image data set) and the information about 

the therapy beam, i.e. the radiation therapy plan, and a neural network calculates the dose dis-

tribution from this. An initial calculation of an approximate dose distribution is not required. 

3.2.3 Decision support systems 

As already described in sections 3.1.8 on classification and 3.1.9 on radiomics, image-based 

approaches are used in conjunction with DL methods to extract specific information from the 

image data sets that is suitable for supporting the diagnosis by providing clues. These methods 

are also used to generate suggestions for therapy optimisation. This also applies to radiotherapy 

procedures, whether minimally invasive or brachytherapy procedures, or for the (online) opti-

misation of teletherapy methods – for example, by changing radiation therapy plans or by de-

termining new radiation therapy parameters for better compliance with treatment plans. The 

systems generally suggest diagnostic options or treatment options and/or changes to the treat-

ment regimen, thereby helping the physician to make treatment decisions. In addition, radiation 

therapy plans are already being created automatically. Here, too, virtually all common DL-

based approaches are used. These approaches are playing an increasingly important role, par-

ticularly in adaptive radiotherapy, due to the growing possibilities of online imaging and the 

algorithms available. Due to the rapid development in this field, it was decided not to list the 

algorithms and products currently available on the market. The decision support systems used 

in radiotherapy applications are relevant from a radiation protection perspective, as they can 

alter radio-oncological treatment. However, the final decision rests with the specialist physi-

cian, so there is currently no clear direct aspect under radiation protection law. A reassessment 

will be necessary as soon as, on the basis of the proposed changes to treatment regimens, deci-

sions have to be made so quickly that a genuine reassessment by the physician is no longer 

possible, which is conceivable in the future in the interests of better patient management. 

4 Framework conditions 

4.1 Legal framework conditions  

When considering the use of artificial intelligence in radiation-based medicine, and in particular 

for the use of noise reduction and reconstruction techniques for X-ray imaging, four aspects are 

of particular importance from a legal perspective. Firstly, the use of radiation on humans is only 

permissible if it is associated with an expected benefit. Further details on this are discussed in 
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section 4.1.1 below on the "justifying indication". Secondly, there is a requirement to optimise 

patient exposure in the medical use of ionising radiation. The implications of this requirement 

are discussed in section 4.1.2 "Optimisation requirement". Thirdly, it must be taken into account 

that liability issues arise if an incorrect clinical decision is made on the basis of added or sup-

pressed image information. Fourthly, it is important to consider the legal implications for the 

development of models and training in the application of artificial intelligence arising from the 

data protection requirements of the GDPR (EU 2016), as patient data must be used in this con-

text. A corresponding assessment can be found in section 4.1.4. 

In addition to the legal framework, ethical aspects of the use of artificial intelligence for medical 

imaging may also play a role. This naturally concerns the use of patient data for training the 

models that will later be used for image processing and is therefore related to data protection 

requirements. In addition, questions must be considered that are related to the equal availability 

of optimised methods and thus also to the potentially reduced risk associated with the use of 

ionising radiation. AI-based methods that allow for dose reduction in imaging may not be avail-

able everywhere or for all patients because they are expensive, can only be used safely on cer-

tain devices, or because the patients belong to so-called out-of-distribution cases.  

Conversely, possible misdiagnoses and the responsibility for them are associated not only with 

legal aspects, but also with ethical ones. However, these aspects play a subordinate role in the 

consideration of issues relevant to radiation protection. This also applies to decision support 

systems, which are not the subject of this recommendation anyway and were only considered 

in section 3.2.3 for the sake of completeness. Their ethical dimension should not differ from 

previous methods as long as the final clinical decision is made by the treating physician together 

with the patient.  

4.1.1 Framework conditions based on the justifying indication 

The use of ionising radiation on humans in the context of medical imaging diagnostics is only 

permitted on the basis of a justifying indication. This is given if the potential risks of radiation 

use are outweighed by its expected benefits (Section 83(3) StrlSchG, (StrlSchG 2017)). To this 

end, the specialist physician who establishes the justifying indication must be able to assess the 

significance and possible limitations of the respective examination. This is possible in imaging 

procedures without the use of machine learning because there is sufficient relevant experience 

with them and the mathematical methods used to calculate the diagnostic images from the raw 

data are defined and known.  

If, on the other hand, the generation of images from raw data is based on machine learning 

methods and the "solution path" is neither predictable nor disclosed retrospectively, then any 

assessment of the significance and limitations is subject to uncertainty. Especially when the raw 

data are subject to a high level of noise and the images reconstructed from them using conven-

tional methods can only be interpreted with limitations, it cannot be ruled out that the images 

generated using AI methods no longer contain diagnostically important details or that they con-

tain details that do not actually exist.  

For establishing the justifying indication, this may mean that when AI methods are used for 

image reconstruction from raw data with a high level of noise, the assessment of a possible 

benefit is subject to uncertainty unless measures are taken to ensure that the image information 

has not been unintentionally distorted.  

Together with a note on the use of image data for radiation therapy planning in chapter 3.2, this 

results in recommendation 1 of the SSK in chapter 2: 
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For the use of AI-based methods for image reconstruction or image processing in medical im-

aging procedures based on the use of ionising radiation, the SSK recommends that 

− when using AI methods for image reconstruction or further processing of patient-related 

image data, care should be taken to ensure that all structures relevant to the diagnosis 

are retained with essentially unchanged sensitivity and specificity in terms of diagnostic 

reliability compared to non-AI-supported methods, and that no artificial structures are 

generated in order to rule out image processing-related misdiagnoses that would call 

into question the benefit of the examination and thus the justifying indication. When 

using computed tomography image data for radiation therapy planning in radiotherapy, 

the Hounsfield units must not be significantly altered. 

4.1.2 Framework conditions based on the optimisation requirement  

Although current radiation protection legislation does not specify any exposure limits for pa-

tients when ionising radiation is used for diagnostic or therapeutic purposes, it does stipulate an 

optimisation requirement (Section 83(5) StrlSchG, (StrlSchG 2017)). In particular, this means 

that diagnostic imaging methods must be optimised in such a way that exposure to ionising 

radiation is reduced as far as possible while maintaining diagnostic accuracy. This reduction in 

radiation exposure is limited by physical and technical constraints. However, AI-based methods, 

especially DL-based methods, could be suitable for truly exploiting these limits. In this sense, 

if this cannot be guaranteed by other methods, the use of DL-based methods may even be indi-

cated. However, it must be ensured that  

− the physical limits are not exceeded (i.e. sufficient patient- and situation-related 

information is available to be able to represent real information) and 

− no relevant information is lost during optimisation or additional information that is not 

available is added, because otherwise the diagnostic significance will not be preserved.  

This gives rise to the following two recommendations 2 and 3 from the SSK: 

− When reducing the dose in combination with the use of AI methods to generate the 

images to be evaluated, it should be possible to identify all structures relevant to the 

evaluation with comparable sensitivity and specificity as it would be the case without 

dose reduction and AI use, in order to satisfy the justifying indication for the exami-

nation. 

− Human-observer studies should be conducted to verify compliance with this recom-

mendation, unless scientifically validated results are already available that confirm the 

equivalent significance of metrological methods. Care must be taken to ensure that the 

metrological methods are selected in such a way that AI methods are not given 

preference in the evaluation and that the absence or generation of subtle structures is 

adequately taken into account in the examination (see section 4.2.5). 

4.1.3 Legal issues arising from potentially caused incorrect treatment  

In addition to the actual radiation protection issues that may arise due to incorrect additional or 

suppressed information in the context of the use of ionising radiation on humans without the 

expected benefit of a reliable diagnosis (see sections 4.1.1 and 4.1.2), other legal issues will 

certainly also be considered relevant. This applies in particular to the possibility that incorrect 

information or the incorrect presentation of information – which can be very difficult to prove 

– may result in incorrect treatment or therapy decisions. This can have far-reaching conse-

quences and, for example, lead to a tumour or other serious illness not being detected or being 
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assessed as less serious, resulting in necessary treatment not being provided. However, the op-

posite may also be the case, whereby an illness is considered more serious than it actually is 

due to the application of AI, or is only presumed to exist, resulting in unnecessary treatment. In 

both cases, the question of who is responsible for the therapy decision or treatment strategy 

becomes relevant. However, these questions are not relevant in terms of radiation protection 

law and are therefore not discussed here; it should be noted, however, that they must be taken 

into account when introducing or using the methods.  

The extent to which special medical device law aspects need to be considered in AI-based image 

reconstruction methods is currently difficult to predict. In general, a procedure that is subject to 

the Medical Devices Act should do what it is designed to do – in this case, produce images that 

accurately reflect reality. In the case of "black-box" methods, whose mode of operation cannot 

be monitored and documented, this can be called into question unless sufficient empirical, ex-

perimental or clinical application data prove that the medical device fulfils its stated purpose. 

However, the use of methods that represent a black box for the user and even for the manufac-

turer as part of image generation is a novelty. This is not yet taken into account at all by current 

medical device law.  

4.1.4 Data protection aspects  

AI models that are intended to generate diagnostically usable images from raw data with a high 

noise content must be trained with data sets from examinations of patients who have undergone 

the examinations for clinical reasons. These data are transmitted for the development of the AI 

methods, possibly with supplementary data, e.g. clinical data. The recipients are predominantly 

third parties, i.e. the manufacturers whose devices are operated in the institution and who intend 

to develop corresponding AI methods.  

Complete anonymisation of the data sets is practically impossible, as a pseudonym must be 

used to record which data sets can be assigned to the same person. Similarly, relevant clinical 

information such as the type of pathology depicted and general information such as age, gender 

and, where applicable, ethnicity must be identifiable. In principle, it is never possible to com-

pletely rule out the possibility of tracing data from imaging examinations back to the individual, 

e.g. based on facial or body contours, skeletal features or changes due to previous medical in-

terventions, even if data that enable direct identification, such as the name, have been removed. 

The storage and transfer of these data are therefore subject to the requirements of data protection 

law. The informed consent of the persons concerned must also be obtained, either directly in 

relation to the research purpose or at least in connection with the treatment and examination 

contract with the institution. 

4.2 Technical framework conditions  

This section explains the technical framework for the use of AI for image reconstruction and 

its potential impact on dose reduction. To this end, it explains the training of deep neural net-

works (DNN), the backpropagation algorithm and variants such as supervised learning and un-

supervised learning (including autoencoders). Difficulties arise in obtaining a sufficient number 

of training examples, which must be collected in compliance with data protection regulations, 

and in providing sufficient computing capacity. There is also a lack of effective and objective 

measurement methods for assessing the quality of AI reconstruction methods. 

4.2.1 Training of deep neural networks and backpropagation algorithm 

AI methods have the potential to improve image reconstruction in medical applications while 

reducing radiation exposure for patients. This technology is based on deep neural networks 
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(DNNs), which consist of many layers of artificial neurons. These networks are trained using 

algorithms such as backpropagation to recognise complex patterns in the data and make predic-

tions or reconstructions based on them. 

The backpropagation algorithm is used in artificial neural networks to adjust the weights of the 

neurons during the training process. It calculates the gradient of the network's loss function by 

repeatedly applying the chain rule to the individual layers of the network. This gradient is then 

used to optimise the weights of the network through gradient descent in order to minimise the 

loss function, i.e. the parameters of the model are adjusted iteratively until there are almost no 

changes. By adjusting the weights during the training process, the network can learn to recog-

nise patterns in the input data and make accurate predictions, and even learn complex problems 

such as image reconstruction. 

There are different training approaches for DNNs, such as supervised learning and unsupervised 

learning. In supervised learning, both input data and the correct output data (labels) are pre-

sented to the DNNs in order to adjust the network. In contrast, unsupervised learning does not 

use labels and instead attempts to model the structure or distribution of the input data directly. 

Autoencoders are an example of unsupervised learning, in which a DNN attempts to compress 

the input data efficiently and then reconstruct it. 

4.2.2 Data collection and data protection in Europe 

A key problem in the application of AI in image reconstruction is the need to collect many 

thousands of training examples in order to train the neural network effectively. In Europe, col-

lecting these data is challenging because strict data protection laws restrict the use of patient 

data. It is also important to cover a sufficient variety of pathologies, patients of different ethnic 

origins and imaging protocols across different clinical standard procedures to ensure a compre-

hensive and reliable AI solution. Large industrial providers around the world are already accu-

mulating large amounts of such data, although the quality and origin of the data cannot always 

be clarified beyond doubt. Among other things, the realisation of the European Health Data 

Space could be used to make suitable data available on a large scale. 

4.2.3 Computing capacity for training deep networks 

The hardware requirements for developing DNNs for tomographic imaging are substantial. This 

is due to the fact that the iterative optimisation process is inherently computationally intensive 

and operates on a large amount of three-dimensional training data. In terms of hardware, high-

performance graphics cards (GPUs) have become the norm for this task. Even with this dedi-

cated hardware, training the network can take several days of computing time in typical appli-

cations. Furthermore, since the design and optimisation of a new network architecture is usually 

an empirical or heuristic trial-and-error process that requires repeating the training of the net-

work after each modification and then comparing the results of different design variants, the 

availability of the most powerful hardware possible is of crucial importance for the efficient 

development of new DL approaches. 

A particular problem in the implementation of AI solutions, especially for image reconstruction 

and dose reduction, is the computing capacity required for training DNNs. Such computing 

power is often available at large companies and global players, while universities, clinics and 

public institutions may not have sufficient access to such resources. For smaller studies and 

highly specialised procedures, the standard equipment of research institutes is typically suffi-

cient. However, for processing large amounts of data, such as those required for foundation 

models, the computing equipment may be inadequate. In particular, traditional large-scale com-
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puting systems in Germany rely on classic central processing units (CPUs), while a large num-

ber of ML algorithms require general-purpose graphical processing units (GPUs), which are 

not yet sufficiently available in all German high-performance computing centres. This poses a 

significant hurdle to the reproducibility and dissemination of these methods. Furthermore, the 

leading manufacturer of GPU computing hardware (TSMC for Nvidia) is located in Taiwan, 

which could become a geopolitical risk. 

In contrast, the hardware requirements for the use of trained networks are less critical, and 

standard modern workstations are usually sufficient for imaging diagnostics. 

4.2.4 Software 

On the software side, a small number of comprehensive, freely available libraries have emerged 

over the last decade, which dominate the field to a large extent and are used as "building 

blocks". The following development platforms are particularly noteworthy here: 

− Tensorflow (Google), 

− PyTorch (Meta), 

− MONAI (Nvidia), 

which are currently used in the vast majority of applications of DL methods (including medical 

imaging). This has made it comparatively easy to apply standard techniques to specific tasks. 

At the same time, however, the degree of complexity of the calculations involved is such that 

users are rarely able to develop a deeper understanding of the behaviour of trained networks. 

This is particularly the case when predictions about network behaviour are required when ap-

plied to data that lie at the edge of or outside the manifold of the training data. 

4.2.5 Quality management and measurement methods 

Another challenge in the field of AI-supported image reconstruction and, in part, other AI-based 

image processing algorithms is quality management. Positive results are often found in the lit-

erature, while negative study results are published less frequently. There is currently no recog-

nised measurement method that can reliably measure the quality of AI reconstruction methods 

in particular. Traditional quality assurance tools such as phantoms are susceptible to manipula-

tion when included in the training data.  

In order to use AI methods safely for dose reduction and to avoid hallucinations (i.e. image 

content that does not exist in reality but is generated by the AI-based method), effective and 

objective measurement methods for assessing quality are essential. Depending on the extent of 

AI use and the number of free parameters, different approaches can be considered. It is im-

portant to develop and establish such methods in order to comply with the radiation protection 

principles of justification and optimisation and to promote confidence in the use of AI in med-

ical imaging. Ultimately, it is essential that the methods used can be shown to be equivalent to 

existing methods or procedures in terms of diagnostic reliability. For this reason, so-called hu-

man-observer studies should be regarded as a reference. These studies can be used to evaluate 

the sensitivity and specificity of a procedure for a specific diagnostic question. However, these 

studies are very costly, and their significance depends on the number and variance of the cases 

considered, the number and suitability of the persons reading the images, and the complexity 

and difficulty of the question under consideration. Sufficient statistical support must therefore 

be ensured for the intended comparisons in all cases. This must be documented. If measurement 

techniques are to be used to demonstrate the comparability of AI-based methods with standard 

methods, it must be ensured that these methods would show equivalent results to human-ob-

server studies. This must be proven in comparative studies conducted using both approaches – 
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i.e. human-observer studies and measurement studies – and showing comparable results using 

representative examples. In any case, examples with representative differences in diagnostic 

reliability in human-observer studies and those without such differences must be included. Ap-

propriate methods for AI-based applications for image reconstruction and noise reduction still 

need to be developed and evaluated.  

The SSK therefore recommends that 

corresponding research funding should be made available as a key step towards the safe appli-

cation of AI-based methods for these areas of medical imaging, especially when using ionising 

radiation. 

An essential aspect for assessing the performance of an AI method is to apply the method to 

independent, well-characterised test data that have not been used previously in the development 

and initial evaluation of the method ("unseen data"). Such a database should therefore not be 

freely accessible, but reserved for use by a competent body in order to rule out the aforemen-

tioned problem of possible manipulative "optimisation" of the method by integrating the said 

data into a re-training of the method under consideration.  

Accordingly, in recommendation 5 in chapter 2, the SSK recommends that 

− a competent body should be designated to verify the performance of the algorithm for 

the specified use cases on independent, sufficiently characterised test data. This 

competent body can either be an existing body into which additional competencies are 

integrated, or it can be newly created. 

− Appropriate legal regulations or sub-legal provisions should be put in place. 

The individual tasks of this body are set out in the explanations in the various chapters and are 

summarised in recommendation 5. The following recommendations describe the possible im-

plementations, which are also based on the various explanations in the following chapters. 

4.3 User-specific framework conditions 

Users have certain requirements for AI-based systems, which are listed below:  

Speed: The processes in radiological and nuclear medicine facilities are tightly scheduled and 

interlinked, so that significant delays in the provision of images calculated using AI methods 

are likely to be unacceptable. At the same time, it is also possible in principle to speed up 

procedures and imaging, which can certainly be an advantage in everyday clinical practice. 

An improvement in image quality should be recognisable based on visual impression alone, not 

solely on numerical parameters such as the contrast-to-noise ratio on clinical or phantom im-

ages, or a modulation transfer function. Depending on the application, an improvement in image 

quality can mean that images calculated using AI methods are of equivalent quality to those 

produced conventionally, despite significantly reduced exposure or applied activity, or that the 

images are noticeably better while maintaining the same dose. The evaluation of image quality 

should not be limited to a mere subjective impression of the image, which is undoubtedly in-

fluenced by preferences and viewing habits: image noise, sharpness or the clarity of pathologi-

cal findings and important anatomical image features are examples of possible, objectifiable 

criteria. From the perspective of radiation protection and the clinical user, diagnostic signifi-

cance is the decisive criterion.  

The anatomical correctness of the images is essential. It goes without saying that existing struc-

tures must not be suppressed and non-existent structures must not be generated, but the require-

ments go far beyond this. The sharp or blurred boundaries of organs and lesions, the smooth or 
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irregular texture of edges, such as the surface of organs, are important diagnostic features that 

must not be distorted under any circumstances. This also includes blurring due to the partial 

volume effect of interfaces that run diagonally through the slice and provide important infor-

mation about the anatomical conditions. On devices already in clinical use, for example, the 

effect has been observed that the liver surface is incorrectly reproduced in the image as having 

small bumps, which would be an indication of cirrhosis of the liver. Another observed artificial 

false finding can occur at the boundary between the liver and the filled gallbladder, which runs 

through the slice at a flat angle. Normally, the boundary would be correctly displayed as blurred 

between two different grey values due to the partial volume effect, but a transition with a dis-

crete grey value was calculated, which mimicked a thickening of the gallbladder wall, e.g. due 

to inflammation. The uncritical removal of diagnostically important artefacts or acceptance of 

side effects during image smoothing can lead to misdiagnoses.  

The availability of conventionally calculated images as a reference is indispensable, at least 

until AI-based image reconstruction has been evaluated to such an extent that anatomically 

correct representation can be trusted. Until then, the regular comparison of images reconstructed 

using AI and conventional methods should be part of the implementation process.  

For the same reason, AI-based images must be labelled accordingly in the overlays, as must 

medical findings created using these images.  

The integrity of the images, also with regard to hardware and software updates, should ensure 

that findings do not appear to have been added or disappeared, or that other image characteris-

tics have changed, solely as a result of reconstruction or image processing in general. Of course, 

images also undergo changes when switching to a new generation of devices, but these changes 

are predictable and explainable given knowledge of the physical and mathematical processes 

involved. However, when changes are made to AI-based reconstruction or image processing, 

the necessary transparency is not necessarily provided. Similarly, a minimum level of compa-

rability between images from different manufacturers must be ensured. 

It must be ensured that the physician fulfils his or her responsibility when using ionising radia-

tion and that the diagnosis can be made on the basis of the available images. This means that 

the physician must be able to be sure that the information displayed is genuine and that no 

information has been lost or added.  

In practice, however, it has been observed that the use of AI methods creates the risk of a loss 

of skills and routine among medical staff. In addition, time pressure and resource shortages in 

clinical care can mean that the results of AI methods are not actually checked in detail by med-

ical staff. Measures must therefore be taken to prevent this development. However, aspects of 

practical implementation must be considered, in particular the potential loss of skills and rou-

tine, also against the background of clinical time pressure and resource shortages. 

In particular, the data used for modelling or training DL-based methods must meet certain qual-

ity requirements. This does not mean that only ideal images with the best image quality are 

required, but rather that the conditions under which the images were taken are known and meet 

certain specifications and, in this sense, must be of high quality. This makes it possible to show 

how accurately the methods can work, what deviations and uncertainties in image reconstruc-

tion or image representation are to be expected, and how this depends on patient parameters. 

Knowledge of this accuracy and the potential deviations is just as important for the physician 

as knowledge of the procedure itself in order to be able to assess how confident he or she can 

be in their diagnosis and/or therapy decision. It must also be verifiable and traceable how this 

may change with more data sets available. Support in assessing the procedure and its effects 
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can be provided, for example, by an MPE. The MPE in radiology and nuclear medicine is re-

sponsible for the quality assurance of radiological and nuclear medicine facilities and the selec-

tion of devices and equipment, which includes AI methods. 

5 Potential problems and limitations  

5.1 Garbage in, garbage out 

In machine learning, the quality of the training data is crucial to the performance of the trained 

model. If the data are of poor quality, the models will only deliver suboptimal results. This 

problem is often referred to as "garbage in, garbage out", which means that if poor data are 

entered into a model, poor results will come out. 

Quality assurance of training data should therefore be a high priority to ensure that the data are 

error-free, consistent and representative. This includes, for example, checking for incorrect or 

incomplete data, removing outliers and balancing classes to ensure that the model is not over-

trained on one class. The number of training examples must also be appropriate in relation to 

the number of training parameters obtained from them. 

Overall, it is important to be aware that the quality of the training data directly influences the 

performance of a model. It is therefore crucial to carefully check and ensure that the data are of 

high quality in order to achieve accurate and reliable results. Using high-quality data does not 

mean that only ideal images with the best image quality must be used, but rather that the con-

ditions under which the images were taken are known and meet certain specifications as indi-

cated above. 

As described in the introduction (chapter 1.2), the data are divided into training, validation and 

test data. It is important that this is done randomly. If this were not the case, the training, vali-

dation and test data might have different statistical distributions. For example, it would be ques-

tionable to use only data from obese patients for training and validation and then only data from 

patients with a low BMI for testing. In order to assess whether the method has been trained with 

meaningful data, it is important to comprehensively document the data used. This documenta-

tion includes a description of the patient cohort, the body region examined (e.g. head, neck, 

thorax, abdomen, pelvis) and the imaging parameters. It must also be known whether data from 

test objects were included in the training exclusively or additionally. The description should 

also include the criteria used to select the data and a justification for this selection. Statistical 

parameters (minimum, median, maximum, etc.) relating to patient data such as age, height and 

weight are also helpful for assessing data quality, as is information on whether the statistical 

distribution of the data corresponds to the distribution of the population as a whole or whether 

at least all relevant groups are represented sufficiently frequently. This information can be used 

to draw conclusions about the suitability of an AI procedure for a specific patient. For example, 

if only patients weighing up to 80 kg were included in the training and the specific patient 

weighed 130 kg, the application of the AI method could potentially deliver suboptimal results. 

It is also important to know whether data augmentation methods have been used. These are 

methods that modify the initial data in order to multiply the amount of training data.  

Ideally, the data should be disclosed so that they can be assessed by an independent body. Since 

the disclosure of all training data is contrary to the commercial interests of the manufacturers, 

an alternative would be to disclose the data only to a competent testing or certification body 

(competent body), or to disclose only a small subset of the training data.  
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5.2 Recognising problems  

The fundamental problem with all ML-based interventions in the image generation process, but 

especially with DL-based interventions, is the question of whether the results generated can be 

validated in individual cases. This can be traced back to the fundamental question of the trained 

network's ability to generalise. It must be investigated whether data not used in training ("un-

seen data") can be processed correctly or whether unrecognised specific characteristics of the 

training data cause the network to incorrectly supplement them in the application to new data, 

i.e. generate artefacts in the images. Empirically, this question can best be answered by regu-

larly comparing conventionally generated images with those that have undergone DL-based 

processing. 

Significant possible artefacts are 

1. False positive lesions: Conversion of a noise artefact by the network into a lesion 

perceived as such by the reporting physician. 

2. False negative findings: Removal of low-contrast structures interpreted as noise, which 

could otherwise have been identified by the reporting physician. 

3. Signal amplification in the context of resolution recovery. This problem is not specific 

to DL approaches, but also affects them. For nuclear medicine, this is particularly 

problematic in view of the quantitative determination of tracer accumulation that is 

frequently performed here, for example to evaluate the response to therapy in tumour 

diseases. 

4. (Local) systematic bias in image intensity, which influences absolute quantification. 

Currently, all manufacturers of CT, SPECT and PET devices, as well as manufacturers special-

ising in software, are pushing products onto the market that are advertised as "AI-supported" or 

"AI-assisted". The exact tasks performed by the AI modules are not specified in detail. It is 

particularly problematic that commercial development will probably lead to a situation where 

users will not be able to deactivate the corresponding interventions in the image generation 

process and will no longer be able to easily assess the extent, quality and validity of the image 

modifications made in individual cases. In the foreseeable future, the problem of verifiability 

can therefore only be resolved by large clinical validation studies. 

5.3 Fundamental problems with the verifiability of AI methods 

The testing of DL-based methods presents a fundamental problem: the established conventional 

methods for assessing image quality and integrity in radiological and nuclear medical imaging 

are based on measurements with dedicated phantoms of simple geometry that undergo the re-

spective imaging and image processing process. Quantitative parameters for assessing image 

quality can then be derived from the resulting image data sets using suitable physical evaluation 

methods. Furthermore, such standardised measurements with invariant phantoms provide the 

basis for a valid observer-based quantitative assessment of image quality.  

A fundamental difficulty is that this approach can only be applied to the verification of AI-

based methods with major limitations and reservations, since physical phantoms are always 

outside the intended scope of application of the method, which was trained with (and for appli-

cation to) patient data. In this respect, the results obtained with the phantom would not allow 

any reliable conclusions to be drawn about the expected quality in the application case (neither 

in a positive nor in a negative sense). Suitable phantom geometries, which reproduce the ana-

tomical conditions as faithfully as possible and yet cannot be recognised 1:1 by the algorithm, 
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are conceivable, but would massively increase the effort involved in every respect. It would 

also be ideal if the test method could evaluate the actual image acquisition process as well as 

the DL-based image processing individually.  

An alternative strategy, which would first have to be implemented, is the use of complex soft-

ware phantoms that adequately represent the conditions in real patient data. In any case, how-

ever, the problem would be that the use of invariant standardised phantom geometries would in 

principle offer the developer of the AI method the opportunity to train their method specifically 

to achieve good results in corresponding phantom-based quality control measurements, which 

would of course devalue or render them worthless. Variable phantom geometries known only 

to the tester could help to mitigate this problem, but would further increase the methodological 

effort. As long as the complex phantom geometries are purely software phantoms without phys-

ical representation, testing the entire system as described above is not possible. 

One option currently available is to base the verification of AI methods on the use of real patient 

data. The obvious conceptual difficulty here is that the inherent interindividual variability of 

these data and the inability to freely select structure and contrast ratios as required for measure-

ment purposes, as is the case with phantoms, leads to new methodological problems in the 

quantitative and qualitative evaluation of the resulting images. Collections of well-characterised 

image data sets from examinations of patients that can be subjected to AI-supported processing 

and allow a well-defined comparison between expected and actual values are therefore likely 

to be significant for objective evaluation. These collections must not be known to or accessible 

by the developers of AI systems. In addition, DL-based image processing and reconstruction 

methods generally produce a very good visual impression, which does not necessarily correlate 

with diagnostic sensitivity and specificity. 

Another difficulty is that standard test methods, particularly in terms of statistical evaluations 

or the determination of deviations, can only be meaningful to a limited extent, as these methods 

often do not sufficiently evaluate deviations in subtle structures because greater weight is placed 

on deviations with higher contrasts or large areas. By definition, these can often be better rep-

resented using DL-based methods than with other conventional methods. 

In order to enable the objective evaluation of DL-based methods and to discover potential 

weaknesses in AI algorithms, it is desirable to grant independent approval authorities’ access 

to a representative portion of the verification data.  

Ideally, these data should reflect the entire range of planned clinical applications. This approach 

ensures greater transparency and credibility, as the performance of the system is independently 

tested and validated.  

It is clear that the evaluation of imaging techniques that use AI-based image processing methods 

poses major challenges and that there is therefore an increased need for research in order to 

establish the same level of quality assurance for new methods as for existing ones. 

6 Quality-assured input data 

As described in section 5.1, it is of central importance that the input data for training and eval-

uating a network are quality assured. This applies regardless of the specific issue under consid-

eration. In principle, all relevant aspects of data generation, including pre-processing, must be 

taken into account when documenting the data. The quality of the input data used for training 

and evaluating a neural network is crucial for its objective performance, whereby its correct 

assessment in turn depends on the quality of the independent test data used. As a side note, it 
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should be mentioned here that the input data must of course, also meet the same quality stand-

ards when using AI-based processing. This chapter presents the key aspects of quality assess-

ment in the context of the methods of tomographic image reconstruction, noise reduction and 

motion correction covered in this recommendation. These are: 

− How many independent data sets are used? 

A large number of separate data sets (see below) is a necessary (but not sufficient) pre-

requisite for the training data as a whole to be considered representative of the range to 

be covered later in clinical application.  

− How well is the typical interindividual (patho)physiological variability of regional 

signal distribution (global image dynamics, local contrast, texture, etc.) covered?  

This aspect plays a crucial role, as insufficient coverage means that the network is 

trained to reproduce specifics of the data used for training (which are not representative), 

which can lead to suboptimal performance or artefacts when applied to other "unex-

pected" data. For example, care must be taken to consider the extent to which aspects of 

the given prevalence should be included in the selection of data sets. 

− How well is the relevant inter-instrument variability and the variability inherent in the 

performance of an examination (different tomographs with different performance 

parameters such as intrinsic resolutions and sensitivities, different acquisition and 

reconstruction parameters or radiotracer activities, different noise levels, etc.) covered 

in the event that the methods are to be used flexibly? This means that the more system-

independent and application-independent an AI method is to be used, the more different 

data sets are required for training. 

− Is there a qualified ground truth definition by experienced reporting physicians or 

imaging experts (if supervised learning approaches are used)? 

No generally applicable specifications can be made with regard to the minimum number of 

separate training data sets required. For some of the procedures and applications, it can be as-

sumed that the threshold is more likely to be in the range of 10-100 3D image volumes than 

1,000 or more. For other methods, for example in the context of screening with low-dose CT 

and correspondingly low prevalence, a higher number of data sets is likely to be required, de-

pending on the task to be solved by the network. 

In order to ensure the use of quality-assured input data, the question or task must first be clearly 

formulated. The relevant parameters for the task must be identified and specified with regard 

to diagnostic procedures, imaging parameters and meaningful quality criteria. In the case of 

supervised learning approaches, the creation of the ground truth must be described. The indi-

vidual aspects must be clearly documented. The documentation must be carried out for all data 

used for model generation, testing and validation in such a way that the quality of the data can 

be presented completely at any time. This includes information on the status of AI-based soft-

ware, patient-related data, acquisition parameters, device parameters, proven quality assurance 

of the device, software versions, etc.  

Standard operating procedures (SOPs) can help to significantly facilitate the quality assurance 

of the input data. However, even when using SOPs, appropriate documentation must be en-

sured. 
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7 Possible test methods for quality assurance  

7.1 Variable phantoms 

As described in particular in section 5.3, one of the central problems in quality assurance for 

AI-based image processing methods is that testing, verification and quality assurance are con-

sidered very difficult, as an ML-based method may be able to recognise the test phantoms based 

on the raw or image data provided and thus display images of any desired quality. This is par-

ticularly important given that most of the test phantoms used today for quality assurance contain 

relatively simple structures and are therefore easy to recognise using only a small amount of 

data. 

One approach to testing, examining and subsequently performing quality control on AI-based 

image processing methods is therefore to create basic phantoms containing complex structures 

with changing, variable inserts, so that the phantoms to be examined differ only slightly, but in 

a measurable and relevant way, and the overall structure of the phantom is complex. It is im-

portant, of course, that the contents and arrangement of the phantoms and their components are 

either known precisely from the outset or can be recorded retrospectively by means of a high-

dose, high-resolution CT or PET measurement in order to obtain a ground truth and perform 

genuine quality assurance. 

In order to design the complex basic structure, it is advisable to examine image data sets of 

areas of interest with often critical image quality, save them as files with predefined information 

and then, for example, produce 3D prints from them. They should contain areas into which 

variable inserts can then be introduced, e.g. structures for resolution determination, contrast 

evaluation and noise measurement. The phantoms must be designed in such a way that the 

system identifies the phantom images as belonging to the overall task and neither develops 

special algorithms for processing the phantom data nor impairs the processing of patient data. 

The latter could happen if the system learns to optimally reconstruct or denoise images of the 

phantoms and this does not meet the same requirements as for patient images. This poses par-

ticular challenges for nuclear medical imaging, because typical radionuclide distributions must 

be simulated and corresponding resolution and contrast test inserts filled with radioactive ma-

terial must be able to be introduced, while still allowing for the principle of variable phantoms.  

7.2 Data specifications – data testing 

An integral part of validating trained networks is a careful analysis of the results obtained in 

independent (external) test data. Such test data help to quantify the scope in which a given 

network can deliver valid results (as well as the proportion of manifest errors). Ideally, such 

test runs should be repeated regularly with independent test cohorts and use metrics that are 

closely related to relevant clinical tasks. In this context, it also seems desirable that well-char-

acterised but otherwise inaccessible test cohorts be made available by the designated independ-

ent competent body in order to be able to objectively verify the performance of the method in 

question as claimed by the manufacturer. In this context, it may be advisable to seek the appro-

priate involvement of experienced imaging and clinical experts if an assessment of performance 

cannot be guaranteed by mathematical and technical metrics alone. Furthermore, it would be 

desirable if findings and annotations for the characterisation of the test and validation data sets 

were not only created by a single person, but rather reflected a consensus among several experts. 

It would also be desirable to have the option of deactivating the network's intervention in the 

image generation process in order to enable a "before/after" comparison on a case-by-case basis 

or as part of regular quality checks, as this would enable experienced users to assess the extent 
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of the network's influence on the resulting image data and to make experience-based decisions 

as to when results should be considered untrustworthy or invalid. However, it can be assumed 

that, to an increasing extent, the deep integration of DL-based methods into the image genera-

tion process by manufacturers will make it difficult or impossible to deactivate or bypass DL-

based processing steps. 

7.3 Statistical analyses  

Statistical analyses are essential for quality assurance in order to objectively evaluate and opti-

mise the results of AI methods and to formulate hypotheses about their usability and robustness. 

When comparing images calculated using AI methods with reference images, quantitative, im-

age-based metrics can be used, but as explained in section 5.3, these are only of limited signif-

icance. Clinical experts can assess the quality of the image impression, which is usually divided 

into scales. In addition, other relevant characteristics such as radiation exposure or execution 

time can be quantified. Generative AI methods in particular carry the potential risk of halluci-

nations that can add or remove information, as described in section 4.2. A distinction should be 

made between whether, depending on the input data, significant anatomically incorrect changes 

occur in the image in the event of an error, or whether there are anatomically correct but nev-

ertheless erroneous changes that are more difficult to identify, such as interstitial lung changes, 

which could potentially influence the diagnosis. Identification and quantification of these image 

errors by experts is useful for performing a risk analysis. 

These considerations lead to recommendation 4 of the SSK in chapter 2: 

The SSK recommends that  

− the entire process of creating and using AI-based methods for image reconstruction or 

image processing should be quality assured. In particular, generative networks should 

always produce a unique output data set from an input data set that is not influenced by 

chance. 

In the development of AI methods, the metrics described can be determined for the entire veri-

fication data and serve as a basis for statistical analyses. By calculating parameters such as 

mean errors, quantiles and standard deviations, probabilities can be calculated under which the 

AI methods deliver a desired result. In addition, significance tests such as p-tests, t-tests or 

Wilcoxon tests (Siegel 2001) or Bayesian methods can also be used to determine the superiority 

of one method over another AI or classical method. The choice of method depends on the dis-

tribution of the data. Furthermore, a multivariate analysis can provide information on whether 

the results depend on certain influencing factors or an underrepresentation of groups within the 

data. This enables a differentiated evaluation in order to identify and minimise distortions. 

In patient care, such analyses can be carried out using representative sample collections or in 

the context of clinical studies. Depending on the application, this requires that reference data 

can be acquired simultaneously with reasonable effort.  

Another key aspect of quality assurance is the performance of statistical analyses during routine 

patient care. The aim of such analyses is to continuously monitor the performance of the AI 

models used and to ensure that they deliver consistent and valid results even under real clinical 

conditions. Various metrics can be used for this purpose, such as the sensitivity, specificity, 

accuracy or F1 score of diagnoses (Lang 2023), which are calculated on the basis of validated 

test data in routine patient care. Clinical parameters such as quality of life or treatment success 

can also be taken into account. These metrics should be defined with regard to clinical applica-

tion, regularly reviewed and compared with the results achieved in the model development pro-

cess in order to identify any deviations at an early stage. 
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A central component of these analyses is the monitoring of model performance over different 

time periods. Changes in the underlying data, such as the use of new devices, modified proto-

cols or different patient groups, can influence the performance of the model (so-called "data 

drift"). This can occur, for example, due to changes in the patient population in terms of age, 

gender, weight or other factors. It is therefore essential to continuously analyse the distribution 

of the input data and the distribution of the model results.  

In addition, methods for detecting "out-of-distribution" data can be used to ensure that the 

model is not applied to data that lie outside its originally intended scope of application. Ideally, 

such cases can be detected automatically and either reported to the user or stored for further 

analysis and retraining of the model. 

In order to translate the results of statistical analyses into practice, a feedback mechanism 

should be implemented. This could enable clinical staff to report conspicuous or potentially 

erroneous results to the development teams. In addition, a central database would be helpful in 

which statistical quality parameters and annotated and validated error cases are collected for 

use in the continuous improvement of AI models. Furthermore, it would be advisable to repeat-

edly perform diagnostics using classical approaches (e.g. higher doses) in order to continuously 

collect evidence for the improved treatment based on AI algorithms.  

In summary, statistical analyses are an indispensable tool for quality assurance, as they enable 

the performance and reliability of AI-based image processing methods to be monitored in prac-

tical use, deviations to be identified at an early stage and continuous improvement to be ensured. 

7.4 Virtual phantoms and quality assurance methods 

Instead of using physical phantoms, which are costly to produce and whose variability is limited 

at least by the number of possible quality assurance measurements, it can be highly advanta-

geous to generate virtual data and have them processed by AI-based reconstruction or post-

processing methods. However, this only helps with quality assurance of the image processing 

methods, not with quality assurance of the image-generating systems or the interaction between 

the two components. Preferably, such virtual data are based on patient data, as this is the only 

way to generate samples that correspond to the actual expected statistical distribution of the 

data. It is important to have a sufficiently large amount of clinical data. In practice, the amount 

of patient data can be multiplied by means of so-called data augmentation, i.e. a modification 

of the data set. For example, an existing CT data set can be manipulated by scaling, shifting, 

deforming and changing the grey scale, and thus fed into the training as a new data set. Further 

examples of the generation of additional data sets are: 

− Existing image data can be virtually subjected to additional noise − "noise injection" – 

in order to test AI-based noise reduction methods. 

− Existing image data can be artificially blurred to test AI-based super-resolution 

algorithms. 

− Simulations of the scattered radiation component can be performed and this component 

increased in order to simulate contrast changes; if necessary, the volume of the patient 

can be virtually adjusted for this purpose. 

However, such quality assurance methods require suitable interfaces to the imaging system or 

its software, which would have to be provided by the manufacturer. Furthermore, these data 

generally do not provide any means of checking the overall system, but only the AI-based image 
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processing methods. It is also necessary that the data augmentation itself is carried out accord-

ing to quality-assured principles and that it is ensured that neither nonsensical data are generated 

nor that the data are not too similar in terms of learning. 

7.5 Disclosure of the training, validation and test data distribution 

The disclosure of essential characteristics of the training, validation and test data used is a cen-

tral component of quality assurance. Only through such disclosure is it possible for regulatory 

authorities or independent bodies to assess the suitability of the underlying data for the intended 

areas of application of the AI algorithm.  

Careful documentation of the data helps to identify possible biases in the data. It should be 

ensured that the training, validation and test data reflect the entire spectrum of clinical reality. 

In addition, the documentation of the data must be designed in such a way that data protection 

regulations are complied with. 

In order to enable a sound assessment of the data quality and its suitability for the respective 

area of application, the following aspects of the training, validation and test data used should 

be documented:  

− How many patients were used for training? 

− What was the age, gender, weight and other characteristics of the patients associated 

with the data?  

− Which acquisition and reconstruction protocol was used? Which augmentation 

techniques were used?  

− Was training also carried out on quality assurance phantoms? If so, why?  

− Does training on phantoms influence the results of clinical data and vice versa? 

− How is it ensured that the training distribution corresponds to the expected patient 

distribution?  

− How was the training conducted (supervised, unsupervised, etc.)?  

− How were the necessary data pairs generated (measurement, simulation, etc.)?  

− What measures were taken to detect and intercept out-of-distribution (OOD) cases or, if 

possible and necessary, to integrate them into the model? 

− Is there ongoing training of the model used based on new clinical image data? How are 

changes documented in this case? 

Based on this information, special real or virtual phantoms could then be generated for quality 

assurance purposes in order to apply AI methods to them and carry out quality control. Further-

more, such documentation is necessary to allow a competent body to assess the validity of the 

metrics and methods used by the developers with regard to the appropriate performance of the 

AI algorithm for specific clinical applications. 

Out-of-distribution cases (OOD cases) refer to input data that lie outside the distribution on 

which the AI algorithm was trained. These could be, for example, extremely obese patients or 

patients with rare anomalies that were underrepresented or not included at all in the training 

data. Detecting such OOD cases is important because AI models are optimised for data from 

their training distribution. For data that are not part of this distribution, unpredictable results 

cannot be ruled out, which can pose a risk in clinical practice. OOD detection (e.g. through an 
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analysis of acquisition parameters) is desirable and, for some models, even necessary in order 

to minimise unpredictable results and ensure the safety and reliability of clinical application. 

8 Inclusion in regulations 

The recommendations of the SSK on the use of AI methods for image reconstruction and pro-

cessing of medical images should be incorporated into the relevant regulations to ensure their 

strict implementation. In particular, the Medical Devices Implementation Act (MPDG 2020), 

the Medical Devices Operator Ordinance (MPBetreibV 2025) and the Radiation Protection Or-

dinance (StrlSchV 2018) and subordinate regulations should be addressed here. International 

regulations must also be observed, of course. 

The overriding priority is to ensure that  

− no information relevant to the diagnosis is lost in medical images and no image content 

that could be misinterpreted is regenerated, 

− all information necessary to ensure these requirements is available, 

− the use of AI procedures is clearly described. 

At the same time, however, no unnecessary hurdles should be created for the use of AI methods 

for optimised imaging techniques while ensuring quality and, in particular, radiation protection. 

Therefore, when implementing the recommendations in the regulations, it must be clarified: 

− How can or must the relevant aspects be incorporated into regulations? 

− In which regulations is this best and most effectively possible? 

One way to establish regulations for procedures is to standardise them. For classical image 

reconstruction methods (filtered backprojection or iterative methods) and image processing 

such as noise reduction (various filters or non-linear methods), it should be noted that these 

methods have not been and are not currently subject to standardisation.  

The SSK considers the standardisation of AI-based procedures for reconstruction or image pro-

cessing to be even more difficult, as the individual algorithms have different modes of opera-

tion, some of which are not comprehensible or mathematically describable, as was made clear 

in the previous chapters. Furthermore, the standardisation of individual procedures seems 

hardly possible. Due to the potential for incorrect application in non-evaluated areas of use, the 

SSK does not believe that standardising individual methods would offer any additional safety.  

As an alternative to standardising AI-based methods themselves, the development of suitable 

standard operating procedures (SOPs) is more relevant for the application of such methods in 

terms of patient safety and radiation protection. This facilitates the implementation of the rec-

ommendations in chapter 2 regarding the development, verification and use of AI-based pro-

cedures. However, the SSK considers the standardisation of requirements for training and val-

idation data, or procedures for the development, testing and quality assurance of methods, to 

be possible and, where appropriate, sensible.  
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9 Guidance for the development of AI-supported reconstruction 
and post-processing algorithms in radiology and nuclear 
medicine 

In order for manufacturers to develop and market AI-based methods that are consistent with the 

above recommendations, the SSK provides the following guidance on how this can be achieved: 

1. The task of the AI-based reconstruction or post-processing algorithm must be clearly 

specified 

− Positive example: "The aim of the AI reconstruction algorithm developed is:  

o to reconstruct diagnostic images from scans with a reduced radiation dose 

(e.g. 25% reduction) compared to the previous standard, which are not 

inferior to standard reconstruction in terms of diagnostic quality.  

o to remove/reduce image artefacts in an organ/specific region/entire image 

due to respiratory movement.  

o to improve the spatial resolution of the reconstructed images."  

− Negative example: "The aim of the AI reconstruction algorithm developed is:  

o to improve image quality (problem: no specification of what better image 

quality means)  

o to denoise the images (problem: no indication of radiation dose/noise levels 

in the input and reference data)." 

2. A strict separation between training, validation and test data must be maintained. The 

latter must not have any direct (optimisation of network weights) or indirect (e.g. 

optimisation of training or network hyperparameters) influence on the development of 

the AI algorithm, which is submitted to the competent body for approval.  

− Positive example: "From the available data, 80% of the data were randomly selected 

for training (optimisation of network parameters), 10% for validation (optimisation 

of network and training hyperparameters) and 10% for final testing." 

− Negative example: "From the available data, 80% of the data were randomly 

selected for training and 20% for testing." Problem: It remains unclear whether the 

test data had an influence on the choice of hyperparameters. 

3. A detailed characterisation of the training, validation and test data, as well as any data 

augmentation techniques used, must be developed. 

− Positive example: "Tabular listing of relevant demographic data (age, gender, 

height, weight, etc.), the prevalence of pathologies and examination indications, the 

prevalence of relevant artefacts, the radiotracers used and the acquisition time (if 

relevant: nuclear medicine). The following techniques were used for data 

augmentation: ..." 

4. Detailed documentation of the device and protocol parameters used to record the raw 

data must be created: 

− Positive example: "Tabular specification of scanner model, acquisition protocol, 

reconstruction parameters and algorithm." 

5. The "class" of the AI approach used must be specified. 
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− Positive example: "The network developed is an 'end-to-end' network / 'unrolled 

variational network' / 'conditioned diffusion model' / 'denoising network' that acts in 

the image space after reconstruction." 

− Negative example: "The developed network is a neural network." Problem: Such a 

statement is too unspecific. 

6. The higher-level network class used and the order of magnitude of the optimised 

network weights should be specified. 

− Positive example: "The developed network is a convolutional neural network (CNN) 

with U-Net architecture/transformer network – fully connected network/FCN with 

approx. 10², 10³, 10⁶ or 10⁹ trainable parameters." 

− Negative example: "The AI algorithm developed is a neural network." Problem: 

Here, too, the information is too vague. 

7. The cost function and optimisation algorithm used in the training process to optimise 

the network weights should be specified. 

− Positive example: "A supervised or unsupervised approach and the mean square 

error were used as the cost function for network training. The ADAM optimiser with 

an initial step size of 0.001 was selected for optimising the network parameters." 

8. The metrics and methods used to demonstrate the performance of the developed 

algorithm for specific applications based on the selected test data must be specified. 

− Positive example: "The performance of the network was evaluated based on the 

sensitivity and specificity of the detection of the following 

lesions/structures/pathologies: ..." 

− Negative example: "The network was compared with a reference method." Problem: 

It is not specified how the comparison was carried out. 

9. A small but representative portion of the test data, which enables external and 

independent verification of the performance of the AI algorithm, should be disclosed, at 

least to an approving or assessing body. 

− Reason: Transparent and comprehensible testing promotes the confidence of users 

and regulatory authorities in the safety and effectiveness of the AI algorithm. 

10 Final considerations 

AI-based methods are becoming increasingly important in many areas. Accordingly, there are 

also many approaches to developing AI-based methods for image reconstruction and noise re-

duction in medical image data (see chapter 3). In principle, such approaches may be suitable 

for better utilisation of the recorded or measured (raw) image data. If the data can be used more 

efficiently, this can enable obtaining better images in diagnostic terms at the same radiation 

exposure for the patient, or to achieve a reduction in radiation exposure for images of equal 

diagnostic suitability. Despite the wide range of approaches, products have so far only been 

used to a very limited extent in routine clinical practice.  

Due to the algorithmic processing of image data in AI-based methods, which in most cases is 

not traceable, and the original information, which often can no longer be validated, as well as 
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the potential possibility of suppression or artificial insertion of image content, diagnostic equiv-

alence to standard methods must be ensured in all cases. This is also a key requirement from 

the perspective of radiation protection legislation (see chapters 4 and 8). 

These aspects give rise to the first three basic recommendations in chapter 2. 

In order to develop methods and use them safely in clinical practice – also in terms of radiation 

protection and patient safety – various requirements must be met. In addition to documenting 

which models are used and how they are trained, it is particularly important to select data that 

are suitable for training, testing and validation purposes (see chapters 6 and 7). Standards for 

the requirements of the various data sets could possibly be defined with the help of international 

standardisation, for example. Overall, international coordination regarding the framework con-

ditions for the use of AI-based image reconstruction and noise reduction methods in medical 

images is certainly advisable (see chapter 8). 

In addition, suitable methods must be used and, in many cases, developed in the first place in 

order to evaluate AI-based methods for medical imaging and also for the entire imaging process, 

including data acquisition, and to check them for quality assurance purposes. In this area in 

particular, there is a great need for research from a radiation protection perspective (see chapters 

4, 5 and 7). 

In addition to the verification of systems, the correct application of procedures also plays a 

central role in quality assurance in terms of radiation protection. In this context, the understand-

ing of the methods by medical users and standard operating procedures are of central im-

portance (see chapters 4 and 8). However, the SSK considers the standardisation of individual 

methods as such to be less useful. 

Developments in other areas of AI-assisted image processing in medicine should be closely 

monitored in order to examine the implications for radiation protection-specific applications. 

In summary, the use of AI-based methods offers many opportunities to optimise image-guided 

patient care in terms of diagnostic reliability and reduced radiation exposure, provided that the 

recommendations and statements set out in this SSK recommendation are implemented. To 

facilitate this in practice, recommendations and guidance on the development, testing and ver-

ification of AI-based methods have been provided for developers, manufacturers and competent 

bodies (see chapters 2 and 9).   
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Definitions  

Adversarial attacks Targeted manipulations of input data that may be barely visible to hu-

mans but cause an AI model to produce extremely incorrect results. 

Annotation The manual or semi-automatic marking of image data (e.g. outline of 

a lesion, noise structures or heavily noisy images, etc.) so that it can be 

used for training AI methods. 

Artificial intelligence 

(AI)  

A field of computer science that deals with the development of ma-

chines that exhibit human-like intelligence.  

Autoencoder A neural network that converts data into a compressed representation 

and reconstructs it from there. Useful, for example, for noise reduction 

or feature extraction. 

Backpropagation algo-

rithm 

The standard method for training neural networks, in which errors be-

tween the network output and the training label are propagated back-

wards through the network to adjust the weights. 

Bayesian learning A method that explicitly takes probabilities and uncertainties into ac-

count in the model, thus also enabling statements to be made about the 

reliability of predictions. 

Black-box model A model whose internal structure and parameters are not fully known 

or comprehensible. Its mode of operation can only be deduced from 

the input-output relationships. These may be secret functions or, as in 

the case of neural networks, functions with an extremely large number 

of parameters (e.g. millions to billions of parameters) which, although 

not secret, are impossible to understand due to their sheer number. 

Convolutional neural 

network (CNN) 

A special type of neural network that uses convolution operations. Par-

ticularly suitable for image data, as neighbourhood relationships are 

preserved. 2D and 3D CNNs often play an important role in image re-

construction. 

Data augmentation Methods for artificially expanding data sets (e.g. by rotating, mirroring 

or adding noise to images) in order to increase the robustness of AI 

processes. Augmentation can increase the amount of training data 

many times over. 

Deep learning (DL) Deep learning refers to machine learning (see there) using large 

amounts of data. 

Deep scatter estima-

tion 

An AI method for extremely fast and accurate estimation of scattered 

radiation in CT and PET data, based on deep neural networks. The gold 

standard for scattered radiation calculation would be the Monte Carlo 

method or the Boltzmann transport method. However, both are very 

computationally intensive and therefore require significantly longer 

computing times. 
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End-to-end learning 

 

 

 

An approach in which a neural network converts raw data directly into 

a result (e.g. an image) without explicitly involving physical or math-

ematical models. The opposite of end-to-end learning would be a mod-

ular or component-based approach in which the entire processing pro-

cess is not mapped by a single network but is broken down into several 

successive steps that are trained or optimised individually. 

Forward projection The computational simulation of projections from an image or volume 

(image stack) based on the physical properties of the imaging tech-

nique. The forward projection of a CT volume produces a projection 

that looks like an X-ray image. 

Foundation model A foundation model is a large machine learning model that has been 

pre-trained on a broad database and, thanks to its versatility, serves as 

the basis for a variety of specific applications. 

Generative networks Neural networks that are trained to generate new data that is as similar 

as possible to the training data. In imaging, for example, they can gen-

erate realistic-looking but artificially generated images or image seg-

ments. Generative networks almost always have a stochastic compo-

nent – i.e. a random number or random vector as input. As a result, 

such generative networks with stochastic components do not always 

deliver the same deterministic result, but can generate many different, 

yet "realistic-looking" variants from the same data distribution. 

Gradient descent An optimisation method that iteratively changes parameters in the di-

rection of the steepest descent of an error function in order to minimise 

it. Backpropagation (see above) is the technique used to calculate the 

gradients. 

Grey-box model A hybrid model in which the structure is known, but not all parameters. 

Prior knowledge is used to reduce the number of parameters to be 

learned. See also black-box model. 

Ground truth Reference values or images that are assumed to be "true" and are used 

for comparison with the results of AI methods, i.e. for training. In this 

case, the ground truth serves as a label (see below) for training. 

Hyperparameters Hyperparameters refer to parameters of an AI model that are used to 

control the training algorithm. Their values must be defined before the 

model is trained. 

Inpainting method The inpainting method refers to adding destroyed, damaged or missing 

image sections or projection data to produce a revised image that is as 

free of artefacts as possible. 

https://de.wikipedia.org/wiki/Parameter_(Mathematik)
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Label The reference information associated with an input data point that 

serves as a target in supervised learning. Labels can be, for example, 

class affiliations (tumour present/absent), image markings (segmenta-

tions) or reference images (e.g. those with very little noise or few arte-

facts). They are typically created through annotation. 

Layer Processing layer in the neural network (see there) 

Machine learning 

(ML)  

Machine learning (ML) is an important subfield of AI (see there) that 

enables machines to learn from experience, recognise patterns in data 

sets and thus automate tasks that would normally require human intel-

ligence. 

Maximum a posteriori 

reconstruction (MAP) 

A reconstruction method that incorporates prior knowledge ("priors") 

into the calculation in order to achieve more robust results with noisy 

or incomplete data. 

Monte Carlo simula-

tion 

A method that uses random numbers to simulate physical processes. It 

is often used in medical physics, for example, to calculate dose or scat-

tered radiation distributions. 

Neural network Any number of interconnected neurons; in artificial neural networks, 

digital neurons whose tasks and connections are inspired by biological 

neurons. A neural network consists of many processing layers. Each 

layer processes the data non-linearly and passes it on to the next layer. 

After typically several dozen to hundreds of layers, the neural network 

outputs the processed data, the processed image or the processed image 

stack. 

Out-of-distribution Refers to data that differs significantly from the training data. Models 

often deliver uncertain or incorrect results in this case. Out-of-distri-

bution cases can be reduced, but not completely eliminated, by using 

diverse and representative training data and appropriate testing strate-

gies. There are also mechanisms for detecting and displaying such un-

certainties. 

Physics-driven learn-

ing 

A method that integrates prior physical knowledge (e.g. image for-

mation processes) into the learning process in order to increase the ro-

bustness and plausibility of the results. 

Poisson thinning A method for stochastically generating correct subsets from complete 

measurement data that correspond to a reduced count rate, for example 

in the case of shorter measurement times or lower doses. 

Population The totality of all objects or persons about which statements are to be 

made in a study. Samples for training, validation and testing should be 

taken from this at random. 

Post-reconstruction 

learning 

AI methods applied to already reconstructed images to improve their 

quality (e.g. noise reduction, artefact reduction). 
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Prior Prior knowledge or an assumption that is incorporated into a model 

before data analysis, e.g. smoothness or homogeneity of certain struc-

tures. 

Radiomics A mostly AI-based method in which local image properties of findings, 

such as signal intensity, texture or contour, are used to derive correla-

tions with the diagnosis of lesion type (e.g. benign or malignant lesion). 

Regularisation A general approach to stabilising models and avoiding overfitting. Ad-

ditional knowledge or a side condition is incorporated into the optimi-

sation, e.g. smoothness. Regularisation replaces missing information 

with prior knowledge, thereby stabilising the solution selection. 

Regularisation step A measure in training that prevents overfitting by reducing or smooth-

ing model complexity. 

Semi-supervised 

learning 

A hybrid form in which both annotated and unannotated data are used 

for training. 

Supervised learning Supervised learning is a learning method in which input data with 

known target values (labels, see there) are trained. The network learns 

to understand the assignment of input to output. 

Total-body PET A PET scanner with a large axial field of view (often 1 m to 2 m) that 

can capture a large anatomical area or even the entire body at once, 

enabling particularly high sensitivity. 

Transfer learning An approach in which a pre-trained model is adapted to a new, similar 

task in order to require less training data and computing time. 

U-Net A special architecture of CNNs that processes input data in an encoder-

decoder structure, with the encoder and decoder layers connected by 

direct connections, known as skip connections. The encoder processes 

the input data and generates a vector that contains the relevant infor-

mation in a compressed form. The decoder uses this information, can 

filter it and then generate an output from the data. Originally developed 

for segmentation, it is now also used in many image enhancement 

tasks.  

Unsupervised learning Unsupervised learning is a learning method that does not require labels 

(see there). The network independently recognises structures or pat-

terns in the data. 

White-box model A model with completely known structures and parameters, often 

physically sound and easily comprehensible. 

Wilcoxon test A non-parametric statistical test for comparing two related samples 

without assuming a normal distribution. 
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List of abbreviations 

AI Artificial intelligence 

AUTOMAP Automated transform by manifold Approximation (by Zhu et al. 2018) 

BMUKN Federal Ministry for the Environment, Climate Protection, Nature 

Conservation and Nuclear Safety, formerly BMUV: Federal Ministry 

for the Environment, Nature Conservation, Nuclear Safety and Con-

sumer Protection 

CBCT Cone beam computed tomography 

cGAN Conditional generative adversarial network 

CNN Convolutional neural network 

CPU Central processing unit 

CT Computed tomography 

CTDI Computed tomography dose index 

DL Deep learning 

DLP Dose-length product 

DNN Deep neural network 

DSA Digital subtraction angiography 

DSE Deep scatter estimation 

DVF Displacement vector fields 

DVT Digital volume tomography 

FBP Filtered back projection 

GDPR General Data Protection Regulation 

GPGPU General-purpose computation on graphics processing units 

GPU Graphics processing unit 

HU Hounsfield unit 

MAP Maximum a posteriori reconstruction 

MIP Maximum intensity projection 

ML Machine learning 

MLEM Determination of the maximum conditional probability of occurrence 

for a found result (maximum likelihood expectation maximisation) 

MRI Magnetic resonance imaging 

OOD Out-of-distribution 

PET Positron emission tomography 
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RECIST Response Evaluation Criteria In Solid Tumors 

SOP Standard operating procedure 

SPECT Single-photon emission computed tomography 

SSDE Size-specific dose estimation 

SSK German Commission on Radiological Protection 

StrlSchG Radiation Protection Act 

StrlSchV Radiation Protection Ordinance 

TCM Tube current modulation 

U-Net CNN for fast and precise image segmentation 

Voxel 3D image element (volume picture element) 
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