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Abstract

Training deep learning (DL) models requires large amounts of data, posing a chal-
lenge in the medical domain due to the particular sensitivity of medical data. To
mitigate this data scarcity, especially in medical imaging, data augmentation is com-
monly employed to synthetically enlarge training data. However, existing solutions
either lack specialization in the medical domain or have high computational require-
ments.

Therefore, this work proposes the Cross-Modality Data Augmentation (CMDA),
an adaptive real-time data augmentation dealing with limited medical data. By
translating images between different medical imaging modalities, it specifically ad-
dresses the cross-modality shift. To achieve this, it synthesizes new training samples
that represent the target modality’s distribution, using existing images from a given
modality.

CMDA consists of four types of augmentations, focusing on color, artifacts, spa-
tial resolution, and noise respectively. It supports the clinically relevant modalities
positron emission tomography (PET), magnetic resonance imaging (MRI), and com-
puted tomography (CT) and furthermore ensures compatibility with common data
augmentations.

Quantitative experiments evaluated CMDA’s potential in improving model robust-
ness and generalization. This was done by comparing the classification performance
of NNs trained with CMDA and other commonly-used data augmentations. Results
showed minimal improvements (<2%) across all performance metrics in some exper-
iments and a substantial (< 9%) decrease in others. Qualitative assessments indi-
cate CMDA's success in aligning augmented images with the target modality. They
compared CMDA-augmented images to images of the original and target modality
by various approaches, with two experiments showing an average alignment improve-
ment of 23.5%.

Despite remaining challenges in enhancing model generalization, CMDA demon-
strates its potential in addressing the data scarcity in medical imaging. As such, it
can be integrated into existing data augmentation pipelines and serve as a founda-
tion for further research in cross-modality translation.



Abstract

Das Training von Deep-Learning (DL) Modellen erfordert gro e Datenmengen, was
im medizinischen Bereich auf Grund der besonderen Sensibilitat medizinischer Daten
eine Herausforderung darstellt. Um dieser Datenknappheit, insbesondere in der
medizinischen Bildgebung, entgegen zu wirken, werden ublicherweise Data Augmen-
tations zur synthetischen Vergm erung der Trainingsdaten eingesetzt. Existierende
Lesungen hierfur sind jedoch entweder nicht auf den medizinischen Bereich spezial-
isiert oder erfordern viel Rechenleistung.

Deshalb wird in dieser Arbeit die Cross-Modality Data Augmentation CMDA)
vorgestellt, eine adaptive Echtzeit-Data Augmentation, die sich dem Problem be-
grenzter medizinischer Daten annimmt. Durch di€)bersetzung von Bildern zwis-
chen verschiedenen medizinischen Bildgebungsmodaliaten geht sie speziell auf den
cross-modality shift ein. Um dies zu erreichen, werden vorhandene Bilder einer bes-
timmten Modaliat verwendet um neue Trainingsbilder zu synthetisieren, die die
Verteilung der Zielmodalitat reprasentieren.

CMDA besteht aus vier kleineren Augmentierungen, die sich jeweils mit Farbe,
Bildartefakten, raumlicher Auesung und Rauschen befassen. Es unterstatzt die
klinisch relevanten Modalitaten Positronen-Emissions-Tomographie (PET), Magne-
tresonanztomographie (MRI) und Computertomographie (CT) und gewahrleistet
damnber hinaus die Kompatibilitat mit gangigen Data Augmentations.

In quantitativen Experimenten wurde das Potenzial vonCMDA zur Verbesserung
der Modellrobustheit und Generalisierung untersucht. Dazu wurde die Klassi zie-
rungsleistung von NNs, die mitCMDA trainiert wurden, mit anderen hau g ver-
wendeten Data Augmentations verglichen. Die Ergebnisse zeigten in einigen Exper-
imenten minimale Verbesserungern<(2%) bei allen leistungsmessenden Metriken, in
anderen Experimenten jedoch einen erheblichen Leistungsabfall (9%). Qualita-
tive Experimente deuten auf den Erfolg vorCMDA bei der Angleichung von aug-
mentierten Bildern an die Zielmodalit@at hin. Sie verglichenCMDA -augmentierte
Bilder mit Bildern der Original- und Zielmodalitat durch verschiedene Ansatze,
wobei zwei Experimente eine durchschnittliche Verbesserung der Angleichung von
23,5% zeigten.

Trotz der verbleibenden Herausforderungen bezdglich der Verbesserung der Modell-
generalisierung, demonstrierCMDA sein Potenzial bei der Bekampfung der Daten-
knappheit in der medizinischen Bildgebung. Als solches kann es in bestehende Data
Augmentation Pipelines integriert werden und als Grundlage far weitere Forschung
im Bereich der modalitatssabergreifenden Bildebersetzung dienen.
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1 Introduction

Due to its ability to address complex challenges through data-driven approaches,
DL has had substantial in uence across various domains (Gheisari et al., 2023). Yet
in healthcare, the full potential of DL is often limited by the scarcity of high-quality
medical data. As a subtype of machine learning (ML), DL uses multilayered neu-
ral networks (NNs) to learn how to solve a task directly from the data. Therefore,
large-scale data processing is needed, where the data can be labeled (supervised DL)
or unlabeled (unsupervised DL). Instead of training each layer sequentially one after
the other, end-to-end learning models are employed, where all parts of the network
are trained simultaneously. These models are then able to automatically extract
features from the inputs, which allows them to detect patterns in high-dimensional
data (LeCun et al., 2015). Apart from the previously mentioned applications, it en-
abled major advancements in natural language processing (NLP), computer vision,
and speech recognition (Goodfellow et al., 2016). Because NNs learn by themselves,
minimal engineering is needed from the programming side. This makes DL versatile
across many more domains.

One of these is the formerly stated medical domain, speci cally medical imaging.
There it can be utilized to detect patterns in complex image data, and consequently
to detect, classify, and segment diseases. DL is also applicable for almost all anatom-
ical areas, most prominently the brain, eye, abdomen, chest, or in digital pathology
(Litjens et al., 2017). This further supports the clinical work ow by assisting with
personalized treatment and clinical decision support systems (Shen et al., 2017).
These bene ts lead to enhanced diagnostic accuracy and the active support of med-
ical sta.

However, the aforementioned NNs need lots of data to learn enough to actually be
implemented into real clinical scenarios. Thus, the scarcity of medical imaging data
still remains a major challenge to overcome. This scarcity is due to a manifold of
reasons, most prominently because of privacy concerns as patients often don't want
their medical data to be published, even if de-identi ed (Kagadis et al., 2013; Ziller
et al., 2021, Vizitiu et al., 2019; Bansal et al., 2022). The General Data Protection
Regulation (GDPR) and other comparable con dentiality regulations also restrict
the sharing of patient data (Zhang et al., 2023). Meanwhile, legal obligations and
ethical considerations like speci cally signing an informed consent, not publishing
data due to research ethics, or only providing request-based access, further reduce
available data (Larson et al., 2020). The technical side also poses limitations due
to high costs, time, and e orts required to gather high-quality medical data, specif-
ically images. This often exceeds available resources (Hendee et al., 2010; Bansal
et al., 2022) or results in scarce and weak (imprecise) image annotations (Tajbakhsh
et al., 2020). Furthermore, accessible data is often not consistent due to a domain
and a cross-modality shift. In this case, domain shift describes data inconsistencies
owing to non-standardized equipment and imaging protocols (Smith et al., 2021).
Meanwhile, the cross-modality shift is concerned with di erences among images orig-
inating from di erent imaging techniques (modalities) (Chen et al., 2019).
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1.1 Motivation

In comparison to domain shift, the cross-modality shift between images is severe
(Chen et al., 2019). Since di erent modalities utilize di erent physics, scans of the
same patient may thus look quite dissimilar for most modalities. These wide gaps in
appearance make it particularly challenging for NNs to apply multimodal learning
(learning that combines information from di erent data sources) (Liang et al., 2024;
Gat et al., 2021; Ngiam et al., 2011). Therefore, a lot of data is needed to cross
said gaps and allow the model to better generalize across modalities (Schmidt et al.,
2018). In this context, generalizing refers to a model making accurate predictions
on unseen data. But as mentioned before, medical imaging data is scarce, often
making adequate multimodal learning impossible.

To address this problem, a commonly employed ML technique is data augmentation.
Hereby, limited training data is arti cially enlarged by synthetic sample generation.
Simple image manipulations like rotation, ipping, blurring, or color changes are
one option for this. However, these are domain-independent and thus fail to in-
corporate medical characteristics, constraining their full potential for this specic
domain (Ratner et al., 2017). Another approach are DL-based data augmentations.
They enable visually stunning image translation between modalities or generation
of completely new data. Yet, existing implementations all su er from the high com-
putational requirements that DL-based methods bring along, as this limits their
applicability for real-time augmentation (Mikolajczyk and Grochowski, 2018).

A cross-modality data augmentation that ensures real-time usability, retains medical
relevance, and generates diverse training data is thus needed to overcome existing
problems, address data scarcity, and support multimodal learning.

1.2 Contribution

Existing data augmentations lack modality-speci ¢ transformations that can be em-
ployed during runtime and help to combat the cross-modality shift. Therefore, this
work proposesCMDA as an adaptive, real-time data augmentation to address said
problems. The objective is to synthesize new training samples that better represent
the distribution of the target modality, while also helping to improve the general-
ization performance of deep learning algorithms.

To asses€MDA's potential in improving the robustness and generalization capabili-
ties of models, quantitative experiments are carried out. They compare performance
metrics of NNs trained with CMDA and other data augmentations and also partially
combine them to analyze compatibility.

Furthermore, qualitative experiments evaluate the visual image quality and charac-
teristics of augmented images. This is done by comparing CMDA-augmented images
to images of the original and target modality. To provide information on how well
CMDA works across anatomical structures, these experiments are conducted for two
di erent anatomies.
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2 Related Work

Since the advent of DL, the importance of data augmentation has risen, as its many
bene ts, such as more diverse data, improved generalization performance, and re-
duced over tting (Shorten and Khoshgoftaar, 2019), have made it more relevant
than ever. The domain of medical imaging is no exception to this, with certain
established standards and interesting approaches.

PyTorch's transforms, imgaug, and Albumentations (Buslaev et al., 2020) are among
the most popular basic data augmentation libraries used in medical imaging. They
allow users to augment their data at runtime but only with modality-unspeci ¢ aug-
mentations like ipping or rotating. In comparison, they therefore are not tailored

to medical imaging whileCMDA addresses modality unique characteristics and pre-
serves medical image integrity, all while working in runtime as well.

Another approach when working with multiple modalities is image harmonization.
In this case, it aims to standardize images to a common representation, such that
they all have similar appearances and consistent characteristics after the translation.
To do so, this technique attempts to remove domain-speci ¢ features. Ren et al.
(2021) and Liu et al. (2021) both used image harmonization to translate between
images of the same modality but di erent scanners. This works well, as the scans
are rather similar to each other and not much detail has to be removed. With
cross-modality translation, however, the harmonization has to Il too much of a
distance, as the di erences between modalities are comparably huge. Thus, a trans-
lation would lead to too much loss of information, which could become a problem for
subsequent tasks such as disease classi cation or segmentation. Nevertheless, Seoni
et al. (2024) give a good overview of why image harmonization is still especially
interesting in the case of addressing the distribution shift across medical imaging
scanners.

With rising from Schock and Baumgartner (2023) and SimplelTK from Lowekamp
et al. (2013) there also exist specialized libraries for medical image processing, with
the rst one providing highly performant image processing and augmentation tools,
while the latter simpli es the use of the Insight Segmentation and Registration
Toolkit (ITK). Both provide basic but, unlike CMDA, lack cross-modality and
modality-speci ¢ augmentations. Cardoso et al. (2022) developed the framework
MONAI which covers the full medical imaging work ow and even includes some rare
modality-speci ¢, but also no cross-modality augmentations. The Eisen framework
by Mancolo (2020) is very similar to MONAI, only that development has stopped
and it is not available anymore. Thus, both frameworks do not o er the functional-
ities that CMDA provides. If interested, Chlap et al. (2021), Hussain et al. (2017),
and Goceri (2023) provide an extensive survey of medical data augmentation using
basic geometric transformations.

In addition to classic data augmentations, advancements in deep learning have also
enabled novel approaches. In 2016, Gatys et al. (2016) introduced the idea of neural
style transfer (NST) through convolutional neural networks (CNNs), where NST
describes the process of transferring the style of an image to another image with-
out changing its content. This foundational research led to many interesting ideas,
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among others enabling a translation between modalities. But the proposed solu-
tion relied on a slow iterative optimization process and only had xed implemented
styles. Shortly after, Huang and Belongie (2017) re ned this procedure by intro-
ducing adaptive instance normalization (AdalN) to make the NST fast while giving
the user more control by being able to choose a custom style and more settings such
as style interpolation. Chandran et al. (2021) later extended AdalN by Adaptive
Convolutions (AdaConv) which allows transferring structural and statistical styles
at the same time, yielding even better results than AdalN. However, neither AdalN
nor AdaConv is speci cally tailored for medical imaging and may thus produce
inadequate samples when used for cross-modality translation. Furthermore, both
require more computational resources than basic geometric transformations and can
therefore not be applied at runtime. Jing et al. (2019) and Singh et al. (2021) both
review the current progress of NST and may be referred to for further insight.
Alternative approaches use Generative Adversarial Networks (GANS) or other deep
learning techniques to not only transfer style but also to generate entirely new con-
tent which is also of high interest in medical imaging. (Bowles et al., 2018) illustrates
this interest by proposing a GAN that creates synthetic MRI and CT patches, while
Shin et al. (2020) synthesized PET images from given MRI images by utilizing
the Bidirectional Encoder Representation from Transformers (BERT). While both
studies align with CMDA to address the challenge of modality shift, they o er a
di erent methodology that may produce unrealistic results and is not deployable
at runtime. Although more related to policy sampling than cross-modality transla-
tion, the Automated Augmentation for Domain Generalization (AADG) developed
by Lyu et al. (2022) presents an interesting domain generalization strategy as the
method is based on data manipulation, where new domains for retinal images can
be created via sampled augmentation policies. More closely related@MDA is the
MedGAN framework which is capable of PET, MRI, and CT cross-modality trans-
lation. Therefore, Armanious et al. (2020), whose overall contribution to this sector
is noteworthy, also utilize a GAN that takes an image as an input and transforms
it to the target modality. While MedGAN produces more realistic images than
CMDA does, it has the same downsides as all deep-learning approaches, mainly
not being applicable during model training. Similarly, Yang et al. (2020) present
a cross-modality generation framework that employs conditional GANs (cGANS)
to translate between di erent T1, T2 (see Section 3.1), and T2-Flair MRI modali-
ties, whereas TarGAN, a target-aware GAN introduced by Chen et al. (2021) can be
used to translate between CT and MRI images where the target area with a possible
disease is further enhanced. The latter is more concerned with target-aware aug-
mentation than with the cross-modality aspect, but both methods also implement
fewer modalities thanCMDA does. Other deep learning based data augmentation
and modality translation approaches can be found in Kebalili et al. (2023) and Kaji
and Kida (2019).

Despite the presented options providing great opportunities for medical data aug-
mentation, basic augmentations continue to be the most widely used augmentation
techniques in practice (Chlap et al., 2021). This underline€EMDA's value as it
addresses the speci ¢ problem of modality translation at runtime.
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3 Theoretical Background

3.1 Implemented Modalities

In order to be more e ective than random augmentationsCMDA takes advantage
of modality-speci c characteristics. This leads to a targeted selection of imple-
mented modalities where augmentations can be ne-tuned with precision. PET,
MRI, and CT were chosen for this study due to several relevant factors. They en-
sure broad applicability and relevance by not only being prevalent in clinical practice
but also providing consistent and comparable representations of anatomical struc-
tures across dimension and shape. Furthermore, these modalities partially overlap
in their scanned anatomical structures which only makes sense in the context of
a modality transformation. It is therefore necessary to explore the mode of oper-
ation, specic applications, and characteristics of the chosen modalities to better
understand CMDA and utilize its full potential. Therefore, the following Section
will introduce all implemented modalities.

PET Positron Emission Tomography is part of nuclear medicine where it is of-
ten conducted in combination with a CT scan for attenuation correction purposes.
The procedure starts with a tracer being injected into the patient. In this case, a
tracer refers to a radiopharmaceutical combined with a carrier, mostly sugar. The
current standard for this is [8F ]JFluorodeoxyglucose (FDG) (Bailey et al., 2005).
The goal of the injected tracer is to take part in the patient's metabolism or blood
ow so that it can be used to monitor functional processes inside the human body.
As diseases often consume abnormal (less or more) amounts of energy in order to
exist, the tracer centers (or speci cally does not appear) around the a ected body
part. This enables disease localization through certain reconstruction algorithms,
indicating what medical problem the patient has and where it is situated (Rennie,
1999).

The physical processes exploited to create the images provide more information
about the name of the modality. As radionuclides have an unstable connection,
they tend to decay (Saha, 2015). In addition to a neutrino and a newly formed
nuclide, this decay causes the emission of a positron. As the surrounding air is full
of electrons, it is inevitable that the positron immediately hits one of them, causing
an annihilation. The resulting energy is then emitted in the form of two photons
being shot in opposite directions. These are then detected by scanners and can now
be used to calculate the point of decay (Saha, 2015). This sequence of events is also
shown in Figure 1.
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Figure 1. Physical processes following the decay of a tracer. A positron is emitted
and subsequently collides with an electron, resulting in an annihilation. The photons
thereby emitted photons can be used to calculate the point of decay and thus to
localize the disease.

As randomly detected photons or a weakened signal through the interactions of the
particles with human tissue can cause attenuation (Muehllehner and Karp, 2006),

the created images have to carefully be checked for such.

PET is commonly used in oncology, cardiology, and neurology and, unlike the other
implemented modalities, gives insights into the functional processes inside the body
(Bailey et al., 2005). An entire scan typically takes 30-45 minutes. Sample PET

images can be seen in Figure 2.

brain (ADNI, 2022) bladder (Kirk et al., 2016)

Figure 2: Sample PET images of two adult patients taken in the axial plane, viewed
from the feet upwards. The left image depicts a healthy brain, while the right image
depicts an abdominal scan with bladder cancer.

MRI  Magnetic Resonance Imaging is a non-invasive imaging technique. There-
fore, it uses strong magnetic elds and radio waves to produce detailed images of
soft tissue, organs, and other internal body structures. This makes it suitable for



3 THEORETICAL BACKGROUND 7

imaging the brain, spinal cord, joints, and muscles (Hashemi et al., 2012). Mean-
while, its absence of ionizing radiation expands its application to patients who must
not be exposed to such.
On a physical level, the imaging procedure begins by exposing the patient to a strong
and static magnetic eld By. As a result, hydrogen atoms in the patient's body align
with Bo. The patient is now pulsed by radio waves, which stimulate the atoms and
make them push againsBg's in uence. This disturbs the alignment, as can be seen
in Figure 3. As soon as the pulse of radio waves stops, the atoms will realign with
Bo, thereby emitting the supplied energy as electromagnetic signals. This process
is called relaxation and is the reason for di erent types of image contrast. As the
intensity and amount of released energy di er depending on the tissue the hydrogen
atoms are located in, these signals can then be used to create images of the scanned
anatomy (Weishaupt et al., 2009). Additionally, pharmaceuticals, named contrast
agents, taken by the patient can enhance the emitted signals.

Depending on the focus, MRI scans can either be T1- or T2-weighted. T1-weighted

Hydrogen atoms inside the  Hydrogen atoms align with When stimulated by radio
patient are initially ran- the applied magnetic eld waves, the hydrogen atoms
domly aligned. Bo. push againstB's force.

Figure 3: Physical processes that take place during an MRI scan, in chronological
order from left to right. It starts with randomly aligned hydrogen atoms which are
subsequently in uenced by a magnetic eld and radio waves.

scans concentrate on signals emitted shortly after the relaxation of the tissue starts.
They highlight fat and are thus useful for accurately imaging anatomical structures
and detecting certain abnormalities. In turn, T2-weighted scans highlight uid and
can better be used to locate edema, tumors, and in ammation. In contrast to T1,
they focus on signals emitted a longer time after relaxation starts (Katti et al.,
2011).

As it can provide precise anatomical information, the diagnosis of tumors, spinal
injuries, brain disorders, and joint abnormalities are the most common use-cases.
With 30-90 minutes, an entire scan takes comparably long and can be unsettling for
some patients (Hashemi et al., 2012). Sample MRI images can be seen in Figure 4.
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brain (ADNI, 2022) bladder (Kirk et al., 2016)

Figure 4: Sample MRI images of two adult patients taken in the axial plane, viewed
from the feet upwards. The left image depicts a healthy brain, while the right image
depicts an abdominal scan with bladder cancer.

CT Computed Tomography combines X-ray images taken from di erent angles to
create cross-sectional images (slices) of the body. The scanning procedure starts with
the patient being placed on a bed. This bed will then be moved through the circular-
shaped part of the CT scanner, called gantry. The structure of the gantry can be
observed in Figure 5. It consists of an X-ray tube and corresponding X-ray detectors.
When the patient is moved further into the gantry, the tube starts rotating around
the patient, meanwhile constantly sending out X-ray beams at di erent angles. The
detectors then measure the radiation absorbed in Houns eld units (HUs). Here, each
kind of tissue traversed has di erent HU values with high values indicating high, and
low values low attenuation (Goldman, 2007; Mazonakis and Damilakis, 2016). These
measurements can then be processed by computers to generate detailed images,
hence the name. If interested, Koetzier et al. (2023) provide more information
about commonly used reconstruction techniques. Each rotation of the tube results
in one slice with 5mm - 1mm thickness (Thrower et al., 2021). The bed is then
slightly pushed forward and the procedure repeats. In the end, all slices can be
combined to create a three-dimensional representation of the scanned body parts.
Its use of ionizing radiation limits its applicability for some patients, but it produces
detailed images of bones, blood vessels, organs, and other internal structures. This
makes it excellent for detecting bone fractures, internal bleeding, infections, and
tumors (Buzug, 2011).
The scan itself only takes 5-20 minutes. Sample CT images can be seen in Figure 6.
Due to the speed of acquisition, it is often used in emergency situations where it
can be utilized to assist in surgeries or biopsies.
Depending on the intended use-case, images can be reconstructed in multiple planes
or 3D. In addition, contrast agents can be used to enhance the visibility of certain
tissues or blood vessels (Buzug, 2011). CT is most commonly used in oncology,
neurology, cardiology, and trauma care.
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Figure 5: Structure of a gantry, the circular shaped part of a CT scanner. An X-ray
tube rotates around the patient and sends out X-ray beams which are then used to
measure the experienced attenuation with the X-ray detectors.

brain (A. Stein, 2019) bladder (Kirk et al., 2016)

Figure 6: Sample CT images of two adult patients taken in the axial plane, viewed
from the feet upwards. The left image depicts a healthy brain, while the right image
depicts an abdominal scan with bladder cancer.
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3.2 Transfer Learning, Domain Adaptation, Domain Gen-
eralization

Each medical imaging modality provides di erent essential insights for the precise
diagnosis and therapy of diseases. However, it's often not feasible for a patient to
undergo scans of multiple modalities. This is due to various factors such as health
constraints, costs, and time. The thereby created cross-modality shift leads to a
data scarcity where high-quality data is often only available for a single rather than
multiple modalities. As a result, the development of robust models across di er-
ent modalities is limited. As the appearance of images changes heavily between
diagnostic procedures the following concepts are the key to overcome this challenge.
Understanding how these concepts can benet from the larger and more diverse
training data provided by the CMDA is important to create more robust and gen-
eralizable models.

Transfer Learning Weiss et al. (2016) de ne Transfer Learning (TL) as a tech-
nique that supports a model in the learning process by utilizing information learned
from another, related domain. Therefore, a model trained on one ta3k and source
domain Dg = (xiS;yiS)iNj1 is used to assist in solving a di erent taskT with a dif-
ferent target domain D = (ij(;ij))jN:Tl. This often involves the use of models
pre-trained on a large dataset.

It is commonly used when the target domain has limited labeled data as it utilizes
information from Dg. This approach helps to reduce training time and improve the
model performance on the target task.

TL can be divided into homogeneous and heterogeneous learning, where the rst
covers types withDt = Dg while the latter one includes the cases whel@r 6 Dg
(Day and Khoshgoftaar, 2017).

Commonly used techniques listed by Donges (2024) are

" Feature extraction: Use learned features frorDs as input for T+
" Domain-speci ¢ pre-training: KeepDsg similar to Dt

" Fine-tuning: Train a model onDg, then ne-tune it on Dt

The applications involve image classi cation, natural language processing, object de-
tection, or segmentation tasks (Torrey and Shavlik, 2010; Weiss et al., 2016; Csurka,
2017).

Example: Training a model on a large MRI brain dataset aBs. HereTs is a binary
classi cation problem deciding whether the image includes a tumor or not. Then
train the model further on a small CT brain datasetDt with T+ to classify di erent
types of lesions.
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Domain Adaptation The general concept of Domain Adaptation (DA) is adapt-
ing a model trained on a source domaiBs and task Ts to perform well on a di erent
target domain D1, where the data distributionsPs(X ) and Pt (X) di er. The tasks
stay the same, such thatTy = Ts. Hence, DA is a variant of TL(Farahani et al.,
2021).

DA is used for cases where no or limited labeled data is available fDr. The
technique aims to minimize the distribution shiftdistance(Ps(X); Pr (X)) between
source and target domains.

It can be categorized into three subtypes (Guan and Liu, 2022). Unsupervised DA
presents the case where no labeled data is available fr@w, while supervised DA
Is the opposite with Dt providing labeled data. If labeled and unlabeled data is
mixed in D+, it is further referred to as semi-supervised DA.

Kundu (2022) and Farahani et al. (2021) enumerate the following, frequently em-
ployed techniques

~ Domain-Invariant Feature Learning: Learn features invariant to domain changes
Feature Based Adaptation: Align feature spaces betwedds and D+

Instance Based Adaptation: Assign weights to samples frofds to match
P (X)

Reconstruction Based Adaptation: Minimizedistance(Ps(X); P+(X)) though
reconstruction of samples within a shared intermediate feature space

Adversarial Training: Use adversarial networks to minimizeistance(Ps(X ); Pt (X))

Its uses span various elds, including cross-domain image segmentation and classi -
cation, language translation, and autonomous driving (Farahani et al., 2021; Guan
and Liu, 2022; Csurka, 2017).

Example: Training a model on a large, high-quality MRI brain dataset aBs. Here,

Ts is a binary classi cation problem deciding whether the image includes a tumor or
not. Then train the model on low-quality custom MRI images with the same binary
classi cation task such that T+ = Ts.

Domain Generalization While TL and DA require data from the target domain
D+, Domain Generalization (DG) focuses on building models that generalize well to
unseen target domain®+,; D1,; ::;; D1, . However, these models are trained without
having access to data from the target domains. This typically involves training a
model on several source domair3s,;Dsg,;:::; Ds, which are similar to the target
domains. This in turn helps the model to learn domain-invariant features, ensuring
robustness and adaptability to new environments and conditions (Zhou et al., 2022).
DG uses the techniques outlined by Zhou et al. (2022)

" Data Augmentation: Generate diverse training samples to cover potential tar-
get domains (further explored in Section 3.3)
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Domain Alignment: Learn features that remain stable across di erent domains

Meta-Learning: Train model on variety of tasksTs,; Ts,; :::; Ts, to improve its
generalization ability

Ensemble Learning: Combine predictions from multiple models trained on
di erent source domains

Regularization: Prevent over tting by applying regularization

However, realizing a generalizing model is often challenging. It requires large and
diverse datasets to coveD+,; Dr,; ::;; Dt,, while having to balance domain invariant
features with task-speci c performance.

When successfully implemented, applications cover autonomous systems, natural
language processing, and general-purpose medical diagnosis models, among others
(Zhou et al., 2022; Gulrajani and Lopez-Paz, 2020; Wang et al., 2022).

Example: Training a model on MRI Og,), PET (Ds,), and ultrasound (US) (Ds,)

brain datasets. HereTs is a binary classi cation problem deciding whether the
image includes a tumor or not. Then test the model on a CT brain datasdd+,

with the same binary classi cation task such thatTy = Ts.

3.3 Data Augmentation as a Concept

Data augmentation describes a DG technique to enhance the size and diversity of the
training data. It does so by creating synthetic data samples, often being variations of
the original training samples. Applicable domains along with their most commonly
used manipulation techniques are

" Images: ipping, rotation, cropping, scaling, contrast adjustment, color space
transformation, noise injection, mixup, erasing (Shorten and Khoshgoftaar,
2019)

~ Text: back-translation, random insertion, synonym replacement, word dropout,
random swap (Bayer et al., 2022)

" Audio: pitch shifting, time stretching, noise injection, mixup (Wei et al., 2020)

Figure 7 displays some of the mentioned image manipulations in action. As can
be observed, all augmentations are domain-independent, which means that they
can be applied to every possible image, no matter the content. In contrast, cross-
modality augmentations utilize modality-speci ¢ features and are thus tailored for

the medical imaging context. They assume medical images as an input, thereby
trading domain independence for task-speci ¢ and meaningful augmentations. As
an example, take Sharpening from Figure 7. While this augmentation is equally
suited for every image, a cross-modality Sharpening augmentation could incorporate
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information about spatial resolution relations across modalities. This may result in
more realistic augmentations in that speci c context.

original Flip Rotation Sharpening Erase Color Jitter

Figure 7: Brain MRI image (ADNI, 2022) of a healthy patient is transformed by
various traditional data augmentation techniques. The caption always names the
respective technique.

Such tailored augmentations, alongside traditional techniques, contribute to more,
and more diverse training data. Additionally, they simulate real-world data vari-
ations and can thus mitigate over tting and improve robustness. This is key for
deep learning, as models have only limited real-world data at their disposal but can
hereby improve their accuracy and generalization performance (Shorten and Khosh-
goftaar, 2019).

As data is especially rare in the medical domain (see Section 1), many possible
use-cases arise. With the most obvious application being the enlargement of the
data size, it could also combat class imbalance by creating more samples of the un-
derrepresented class. Both applications lead to enhanced diagnostic tool accuracy.
More diverse data also increases the training data variability. This in turn improves
the model generalization across heterogeneous patient populations and enables the
simulation of rare diseases (Chlap et al., 2021; Hussain et al., 2017). Apart from
the technical bene ts, data augmentation also supports regulatory compliance by
altering the original data which helps protect the patients' privacy (Shorten and
Khoshgoftaar, 2019).

While more advanced data augmentations like synthetic data creation and style
transfer via GANs (see Section 2) exist, geometric and pixel-level adjustments en-
able a more e cient approach as they are faster and require less data. They also take
real data as a foundation which protects the data augmentations from hallucinating.
This, as well as the outlined advantages of Data Augmentation, provides a basis for
exploring the targeted approach of a cross-modality translation in Section 4.1.
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4 Methods

4.1 Cross-Modality Data Augmentation

The Cross-Modality Data Augmentation CMDA takes gray-scale or color images
as input and translates them from their initial to a given target modality. This
translation helps to adapt the distribution of the training data to that of the tar-
get modality by keeping the original content but changing its style. It does so by
utilizing and altering modality-speci ¢ characteristics. This is accomplished by se-
quentially applying special but resource-e cient augmentations to the input image,
executed in the speci ed order presented in this Section. Since it is not always de-
sired for each image to be augmente€GMDA also o ers users the choice of setting
a probability for the data augmentation to actually be applied to an image.

To increase randomness, and thus also the variety of the augmented data, users can
choose a range of augmentations to be applied to each image. This includes the
option to make certain augmentations more likely to be applied than others. As
each augmentation might not prove useful in each context, this is frequently use-
ful. Additionally, the intensity of each applied augmentation can again be de ned,
which further supports diversity. These adjustments provide full control and allow

to customize CMDA for each speci ¢ use-case.

Basic geometric augmentations like ipping, rotating, scaling, shearing, or such are
not implemented on purpose. Instead, the data augmentation can easily be added
to existing augmentation pipelines which is very much recommended. For the imple-
mentation, more elaborate information, permitted parameter values, examples, and
the use of custom reference images please refer to the corresponding GitHub repos-
itory. Additionally, Appendix A.1 provides randomly augmented example images
created by CMDA.

4.1.1 Color Augmentation

In comparison to the other augmentations, color is of major importance as it can
change the focus, contrast, intensity, and overall appearance of an image the most.
Taking advantage of modality-speci ¢ characteristics, certain structures can be high-
lighted or adjusted by changing their brightness and color.

Thus, each image rst undergoes the same initial modality-unspeci ¢ step which is
a basic alignment to the target modality. Therefore, a reference image (see Fig-
ure 8) has been created for every implemented modality. This was done by iterating
through a su ciently large (  200) dataset of each modality, calculating the mean
color value for each pixel, and assembling these mean pixels to a new image. This
procedure makes sure that essential features and areas of interest are correctly se-
lected. The size of the dataset is further needed to make the creation of the reference
image more robust to outliers.
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PET MRI CT

Figure 8: Reference images of the implemented modalities, created by iterating
through a respective dataset and building an "average image". They are required
for the color augmentation as they include modality-speci ¢ color information.

To now augment an image, the color histogram of that image is calculated and com-
pared to the histogram of the reference image for the target modality. Histogram
matching (scikit-image) is then used to adjust the image's color histogram to match
that of the reference image. Thereby its colors are transformed to resemble those
of the target modality. This technique aligns the cumulative distribution function

of both images' color histograms, thus ensuring similar intensity and color. At the
same time, it preserves the structural content of the input image.

CMDA also allows to create custom reference images for any desired modality, with
sample results being shown in Section 4.1.5.

Additionally, certain re nements are performed based on the target modality:

PET PET is used to highlight functional processes inside the human body (see
Section 3.1). Thus, bones are attenuated and attention is drawn to the active soft
tissue by brightening it, resulting in black and white images. Sample results can be
observed in Figure 9 and 10.

original 20% 40% 60% 80% 100%

Figure 9: A brain MRI image is transformed to target modality PET, usingCMDA's

color augmentation. The above images are augmented with di erent intensities
that are displayed in the respective caption. This illustrates how the set intensity
in uences the severity of the augmentation. Original image taken from ADNI (2022).



4 METHODS 16

original 20% 40% 60% 80% 100%

Figure 10: A brain CT image is transformed to target modality PET, usingCMDA's
color augmentation. The above images are augmented with di erent intensities
that are displayed in the respective caption. This illustrates how the set intensity
in uences the severity of the augmentation. Original image taken from A. Stein
(2019).

MRI  MRI gives a detailed view of soft tissue and its structure (see Section 3.1).

Therefore, bones are also darkened, and texture is slightly added to the soft tissue.
This leads to detailed, dark gray images. Sample results can be observed in Fig-
ure 11 and 12.

original 20% 40% 60% 80% 100%

Figure 11: A brain PET image is transformed to target modality MRI, using
CMDA's color augmentation. The above images are augmented with di erent in-
tensities that are displayed in the respective caption. This illustrates how the set
intensity in uences the severity of the augmentation. Original image taken from
ADNI (2022).

original 20% 40% 60% 80% 100%

Figure 12: A brain CT image is transformed to target modality MRI, usingCMDA's
color augmentation. The above images are augmented with di erent intensities
that are displayed in the respective caption. This illustrates how the set intensity
in uences the severity of the augmentation. Original image taken from A. Stein
(2019).

CT CT focuses on displaying the overall structure of the body with an empha-
sis on the bones (see Section 3.1). Consequently, these are illuminated while the
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soft tissue structure is slightly blurred, producing rather detailed, light gray images.
Sample results can be observed in Figure 13 and 14.

original 20% 40% 60% 80% 100%

Figure 13: A brain PET image is transformed to target modality CT, usingCMDA's

color augmentation. The above images are augmented with di erent intensities
that are displayed in the respective caption. This illustrates how the set intensity
in uences the severity of the augmentation. Original image taken from ADNI (2022).

original 20% 40% 60% 80% 100%

Figure 14: A brain MRI image is transformed to target modality CT, usingCMDA's

color augmentation. The above images are augmented with di erent intensities
that are displayed in the respective caption. This illustrates how the set intensity
in uences the severity of the augmentation. Original image taken from ADNI (2022).

4.1.2 Artifact Augmentation

Imaging artifacts are the second augmentation to be added to an image. They
describe accidental, unwanted, and in reality often non-existent anomalies in the
nal medical images (Stanford), caused by technical or environmental factors. They
therefore corrupt the actual data which is why this augmentation should be used
with care. However, since normal datasets are usually not perfect either, it still helps
to create a more accurate distribution of the target modality when used moderately.
As each modality has di erent underlying physics, artifacts are modality-speci c
which might cause them to look di erent even if having the same cause. A brief
explanation of said causes and e ects is given in the following.

PET (Abouzied et al., 2005; Sureshbabu and Mawlawi, 2005; Cook et al., 2004)

Artifact Cause E ect
metal object metal objects in patient dark areas
motion movement during scan blurring
attenuation random coincidence events| light dots
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original metal object motion attenuation

Figure 15: A brain CT image is transformed to target modality PET, usingCMDA's
artifact augmentation. The above images thus include certain target-modality-
characteristic artifacts, with their names displayed in the respective caption. Origi-
nal images taken from A. Stein (2019).

MRI  (Krupa and Bekiesnska-Figatowska, 2015; Smith, 2010)

Artifact Cause E ect

metal object metal objects in patient dark areas

motion movement during scan ghosting

gibbs inadequate sampling of fre{ oscillations near sharp edges

guencies for reconstruction
chemical shift di erent resonance frequen- double contours
cies between fat and water

original metal object motion gibbs chemical shift

Figure 16: A brain CT image is transformed to target modality MRI, usingCMDA's
artifact augmentation. The above images thus include certain target-modality-
characteristic artifacts, with their names displayed in the respective caption. Origi-
nal images taken from A. Stein (2019).

CT (Boas et al., 2012; Barrett and Keat, 2004; Cook et al., 2004)

Artifact Cause E ect
metal object metal objects in patient bright rays
motion movement during scan bright streaks

beam hardening | energy-absorbing objects | dark bands
ring miscalibrated scanner circular contour
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original metal object motion beam hardening ring

Figure 17: A brain MRI image is transformed to target modality CT, usingCMDA's
artifact augmentation. The above images thus include certain target-modality-
characteristic artifacts, with their names displayed in the respective caption. Origi-
nal images taken from ADNI (2022).

4.1.3 Spatial Resolution Augmentation

Because of the basic functionality of the scanners in use, each modality produces
images of di erent quality. The third augmentation is thus concerned with spatial
resolution. Adapting it is achieved by applying either a blur of sharpness lter, de-
pending on the initial and target modality. Hereby, blurring takes while sharpening
gives detail to the transformed image.

While this augmentation might not produce as visually noticeable results as the oth-
ers (see Figure 18), it is still the second most important to be applied as it strongly
contributes to changing the distribution of the input images. Great results can es-
pecially be achieved when paired with the color augmentation as it, depending on
the re nements performed, may have slightly added or removed detail.

PET Since modalities including radionuclides rather concentrate on functional
body processes than exact structures, their spatial resolution of 1000-3000 is
comparably poor (Kasban et al., 2015; Key and Leary, 2014; Yim et al., 2011).

MRI  The high magnetic eld strengths and advanced gradient coils, paired with
a long screening time during which the patient has to stay still, leads to a superior
image quality of 10-200n (Kasban et al., 2015; Key and Leary, 2014; Yim et al.,
2011).

CT Even with x-ray beam divergence, the high-resolution x-ray detectors and
rapid sequential imaging allow for a spatial resolution of 50-500 (Kasban et al.,
2015; Key and Leary, 2014; Yim et al., 2011).
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original PET (ADNI, 2022) PET to MRI (sharpened) PET to CT (sharpened)

original MRI (ADNI, 2022) MRI to PET (blurred) MRI to CT (blurred)

original CT (A. Stein, 2019) CT to PET (blurred) CT to MRI (sharpened)

Figure 18: Brain images transformed to the respective target modalities, using
CMDA's spatial resolution augmentation. The above images compare their orig-
inal and the spatial resolution transformed images, where blur and sharpen lters
have been applied.

4.1.4 Noise Augmentation

According to Morin and Mahesh (2018), noise refers to the graininess of an image
as it describes unintentionally added pixels all over said image. Similar to artifacts,
it usually corrupts the data by hiding or concealing potentially useful information.
However, noise augmentation can thereby support robustness as it introduces new
variations to the training data which leads to better generalization. The model thus
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learns to focus on the underlying patterns, ultimately improving its performance in
real-world applications where data may be noisy and imperfect as well.

For the implemented modalities, the noise of each follows a certain statistical dis-
tribution. In turn, these can be utilized and applied to the images in the form of
noise lters which can be seen in Figure 19.

PET The detection of coincidence events is subject to statistical uctuations that
often follow a normal distribution (Kim et al., 2013).

. 2
f(xj; )= ptsexp U5
where x is the random variable, = 0 is the mean of the distribution, is the

standard deviation and depends on the given augmentation ratio.

MRI  As MRI signals are processed as complex numbers, a real and an imaginary
noise is created. Thus, the noise level can be seen as the magnitude of their com-
bination which can best be modeled by a Rician distribution (Aja-Ferrandez and
Vegas-Sanchez-Ferrero, 2016).

fxis )= Sexp 552 10 %

where x is the random variable, and are shape parameters dependent on the
given augmentation ratio, I ¢ is the zero-order modi ed Bessel function of the rst
kind.

CT The amount of detected X-ray photons varies because of the random nature of
their radiation. This variation leads to characteristic noise which follows a Poisson
distribution (Diwakar and Kumar, 2018; FAU; Wang et al., 2008).

f(kj )= =5

wherek is the random variable, is the mean of the distribution and depends on
the given augmentation ratio.

original PET (ADNI, 2022) PET to MRI (Rician) PET to CT (Poisson)
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original MRI (ADNI, 2022) MRI to PET (Gaussian) MRI to CT (Poisson)

original CT (A. Stein, 2019) CT to PET (Gaussian) CT to MRI (Rician)

Figure 19: Brain images transformed to the respective target modalities, using
CMDA's noise augmentation. The above images compare their original and the
noise-transformed images, where noise has been added using the respective distri-
butions given in parentheses.

4.1.5 Custom Modalities

In addition to the implemented modalities, CMDA also provides the possibility to
translate images to any desired modality. This is demonstrated in Figure 20 which
shows an MRI brain scan (ADNI, 2022) being transformed to eight other modalities.
Here, CT (A. Stein, 2019) and PET (ADNI, 2022) are implemented by default while
the other six (Yang et al., 2021, 2023) are custom modalities.

This requires a dataset of su cient size ( 200), used to create an adequate reference
image. Due to the missing ne-tuning, the transformations are rather coarse, but
certain scenarios may still bene t from it.

For more elaborate information on the use of custom reference images please refer
to the corresponding GitHub repository.
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