GAN-based generation of realistic 3D data
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Abstract

Data has become the most valuable resource in today’s world. With the massive
proliferation of data-driven algorithms, such as deep learning-based approaches, the
availability of data is of great interest. In this context, high-quality training, validation and
testing datasets are particularly needed. Volumetric data is a very important resource in
medicine, as it ranges from disease diagnoses to therapy monitoring. When the dataset is
sufficient, models can be trained to help doctors with these tasks. Unfortunately, there are
scenarios and applications where large amounts of data is unavailable. For example, in
the medical field, rare diseases and privacy issues can lead to restricted data availability.
In non-medical fields, the high cost of obtaining a sufficient amount of high-quality data
can also be a concern. A solution to these problems can be the generation of synthetic
data to perform data augmentation in combination with other more traditional methods
of data augmentation. Therefore, most of the publications on 3D Generative Adversarial
Networks (GANSs) are within the medical domain. The existence of mechanisms to generate
realistic synthetic data is a good asset to overcome this challenge, especially in healthcare,
as the data must be of good quality and close to reality, i.e. realistic, and without privacy
issues. In this review, we provide a summary of works that generate realistic 3D synthetic
data using GANs. We therefore outline GAN-based methods in these areas with common
architectures, advantages and disadvantages. We present a novel taxonomy, evaluations,
challenges and research opportunities to provide a holistic overview of the current state of
GANs in medicine and other fields.
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Introduction

In this systematic review, we survey works that gener-
ate realistic synthetic 3D data with Generative Adver-
sarial Networks (GANs) Goodfellow et al. [2014]. With
the massive increase of data-driven algorithms, such
as deep learning-based approaches, during the last
years Egger et al. [2021, 2022], data is of great interest.
In this context, high-quality training, validation and
testing datasets are required. Unfortunately, there are
scenarios and applications where large amounts of
these data are unavailable. Examples can come from
the medical domain, with rare diseases, leading to
an insufficient amount of initial training data. More-
over, additionally in the medical field, when dealing
with real patient data, privacy issues can also limit
the amount of available data. This problem does not
only affect the medical field, as the cost of obtain-
ing high-quality labeled data is very high in many
other fields, such as object recognition and the study
of porous media Mosser et al. [2017]; Muzahid et al.
[2021]. A solution to this problem can be the gen-
eration of synthetic data to perform data augmenta-
tion along with additional novel data augmentation
mechanisms Shorten and Khoshgoftaar [2019]. Real-
istic data are highly desired, since data that imitates
realityisneeded, specially in the medical field. There-
fore, we outline GAN-based methods in this area with
common architectures, pros, cons, evaluations, chal-
lenges, research opportunities for a holistic overview
of the state-of-the-art, and we also present a novel
taxonomy.

1.1 Manuscript Outline

We present a systematic review on the use of GANs
for the generation of volumetric data, which includes
general methods such as denoising, reconstruction,
segmentation, classification, and image translation,
as well as specific applications such as nuclei count-
ing. This section presents the manuscript outline, the
search strategy and the research questions. The rest
of this review is organized as follows.

Section 2provides a brief explanation of GAN archi-
tecture, main purposes, advantages, and disadvan-
tages.

Section 3 provides an overview of the works done
on generating realistic 3D data with GANs and a de-
scription of the main information and statistics re-

lated to modalities, application and metrics used. In
Section 3.1 and Section 3.2, brief explanations of the
loss functions and evaluation metrics used in the pa-
pers are given, with appropriate references if more in-
depth knowledge is needed.

Section 3.3 presents the work that was considered
relevant, although it does not generate volumetric
data. Table 1 summarises these works. The main pa-
pers will be discussed in Section 3.4. All these papers
are summarized in Tables 2, 3 and 4 with respect to
Modality, Medical, Dataset, Data type, Network, Loss
function, Evaluation Metric, and Resolution. Wher-
ever possible, these tables contain references to the
datasets used as well as references to lesser known
concepts and architectures. All acronyms and abbre-
viations, if used more than once, appear at the end of
the Section 1.1, if used only in a particular table, they
appear before that table.

In Section 3.5 we discuss the applications in the
referenced papers, divided into medical and non-
medical applications (Tables 5 and 6).

The final section, Section 4, provides a general dis-
cussion of the current state of use of GANs, the main
conclusions that emerge from the review, and re-
search opportunities that researchers could and/or
should take.

To clarity, it should be noted that this is an overview
focusing mainly on the use of GANs to generate vol-
umetric data. The reason for this choice is the will
to improve 3D data generation with GANs, an under-
developed topic with great potential but which still
needs further development.

Search Strategy: We performed a search in the IEEE
Xplore Digital Library, Scopus, PubMed, and Web
of Science with the search query ‘(("Generative Ad-
versarial Network" OR "Generative Adversarial Net-
works" OR gan OR gans) AND (generation OR gener-
ative) AND (3d OR three-dimensional OR volumetric)
AND data AND synthetic)’ to find specific papers on
the use of GANs for volumetric data generation. Since
GANs were presented in 2014 by Goodfellow et al.
[2014], all papers prior to 2014 were excluded.
During the search we found 317 non-unique
records, of which 161 were duplicated and 1 was
published before 2014 shown by PubMed in relation
to three-dimensional multicellular tumor spheroids,
leaving 155 remaining papers. Based on the titles and



abstracts, we excluded 82 records that did not men-
tion volumetric generation with GANs. We assessed
the resulting 73 different papers and excluded 1 of
them, which was a review paper on deep learning in
pore imaging and modelling.

This resulted in a total of 72 core papers about gen-
eration of volumetric data using GANs, which will be
covered in depth in our review. To the best of our
knowledge, this is the first review that provides a de-
tailed analysis of the published papers on the use of
GANSs for the generation of volumetric data. After fur-
ther reading, it turned out that 14 articles did not ac-
tually use volumetric data, but we decided to mention
them briefly in this review. The PRISMA diagram in
Figure 1 provides a summary overview of our screen-
ing.

Note that we include all published research, not
just medical applications, which is beneficial for
readers from all fields who want an overview of the
potential applications of volumetric data generation
using GANs. We distinguish between medical and
non-medical applications, which makes it easier for
the reader to focus on the desired field.

Research Questions: The overall aim of this sys-
tematic review is to analyse works published between
2014 and January 2022 on the generation of volu-
metric data with GANs. In this regard, we defined
the following main research questions for our study:
1) What are the different applications of GANs in
the generation of volumetric data? 2) What are the
methods most frequently or successfully employed
by GANs in the generation of volumetric data? 3)
What are the strengths and limitations of these meth-
ods? 4) What improvements are sought through the
use of this technology?

Acronyms and Abbreviations: The following list
shows the abbreviations that are used more than once
throughout the review. Other abbreviations are de-
fined directly before each table, when used only once.

¢ Acc — Accuracy;

e ADNI — Alzheimer’s Disease Neuroimaging Initia-
tive;

Adv — Adversarial loss;

AUC — Area Under the Curve;

CAD — Computer-Aided Design;

CBCT — Cone-Beam Computed Tomography;
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Figure 1: PRISMA diagram. *Removed using an automa-
tion tool (python script). ** Excluded because they did not
involve the generation of volumetric data.

CE — Cross-Entropy;

cGAN — conditional GAN;

CT — Computed Tomography;

DCGAN — Deep Convolutional Generative Adversar-
ial Networks;

DSC — Dice Similarity Coefficient;

ED-GAN — Encoder-Decoder GAN;

FID — Fréchet Inception Distance;

HD — Hausdorff Distance;

HU — Hounsfield Unit;

IoU — Intersection-over-Union;

KL — Kullback-Leibler;

LiDAR — Light Detection And Ranging;

LIDC — Lung Image Database Consortium;
LSGAN — Least Squares GAN;

MAE — Mean Absolute Error;

Minkowski functional — Porosity, specific surface
area, average width, Euler number, Permeability;
MRI — Magnetic Resonance Imaging;

MSE — Mean Squared Error;

NCC — Normalized Correlation Coefficient;
NMSE — Normalized Mean Squared Error;

PC — Point Cloud;

PGGAN — Progressive Growing GANSs;

Pre — Precision;



PSNR — Peak Signal-to-Noise Ratio;

PTV dose — radiotherapy Planning Target Volume;
RGB-D — Red, Green, Blue image with Depth;
SEM — Scanning Electron Microscope;

Sen — Sensitivity;

Spe — Specificity;

SSIM — Structural Similarity Index Measure;

VTT — Visual Turing Test;

¢ WGAN — Wasserstein GAN;

e WGAN-GP — Wasserstein GAN with Gradient
Penalty;

2 Generative Adversarial Networks

GANs were first introduced by Goodfellow et al.
[2014]. They proposed a new framework in which two
networks are trained to compete and overcome each
other: the generator and the discriminator. The gen-
erator is trained to learn the real data distribution,
i.e. it learns the distribution of the dataset and gen-
erates new synthetic data. The discriminator, which
can also be called the critic, is trained to discriminate
between real and synthetic data. The latter can be
trained with one of two main objectives: calculate the
probability of the data being real or fake, or calculate
the realness or falseness of the given data (Arjovsky
etal. [2017]).

Figure 2 illustrates how a vanilla GAN works. The
Generator receives a random vector (Z;) as input and
generates fake data. Then the Discriminator receives
fake and/or real data and returns a probability. This
valueis the feedback/loss thatis passed on to the gen-
erator and the discriminator itself.

Zy

Fake

Real
Genqrator ™ Data

Data

P ———

Real? —Discriminator
Fake? .

Figure 2: Illustration of the vanilla generative adversarial
network (GAN). The solid lines are the data transfer and the
dashed lines are the feedback/losses.

In the original work, random noise was used as in-
put to the generator, but it can be extended to a vari-
ety of input types by using other GAN architectures,
e.g. cGAN Mirza and Osindero [2014]. This allows the
discriminator to receive auxiliary information, e.g. la-
bels, in addition to synthetic and real data.

GAN training, also called "minmax game", aims to
satisfy the objective Function 1, where x denotes the
synthetic data, p,(z) denotes a prior input noise, G(z)
denotes the generated image, D(G(z))) denotes the
probability of the fake image to be true, and D(x) the
probability of areal image to be true. For the cGAN, or
other GAN architecture which has side information,
the objective function is very similar with the origi-
nal one, but D(x) — D(x | y), and D(G(2)) — D(G(z | y),
where y is the side information.

mingmaxpV(D,G) = Ex~p,,.x)[l0g(D(x))]

+Ez~p,(»[log(1-D(G(2)))] (1)

However, this equation has the problem of satura-
tion in minimising the loss of the generator log(1 —
D(G(z))). To solve this problem, Goodfellow et al.
[2014] propose to maximize log(D(G(z))) instead.
This technique is also known as a non-saturating
GAN. For more detail about the vanilla GAN and con-
ditional GAN (cGAN), refer to Goodfellow et al. [2014];
Mirza and Osindero [2014].

2.1 Main purposes of GANs

Goodfellow et al. [2014] used GANs to improve the re-
alism of generated images beyond what was achieved
with AutoEncoders, Variational AutoEncoders and
other generative models. In the last few years, GANs
have been further developed with works such as Kar-
ras et al. [2018, 2019], which are capable of creating
realistichuman faces. The rapid progress of GANs has
raised some concerns, such as the expansion and in-
troduction of new threats and attacks, according to
Brundage et al. [2018]. The report examines common
artificial intelligence architectures and addresses sev-
eral concerns about the security threats, for example
phishing attacks or speech synthesis, which enables
easier attacks on a larger scale.

Apart from these concerns, GANs enabled the de-
velopment of great tools such as image-to-image
translation Isola et al. [2017]; Zhu et al. [2017], text-
to-image translation Zhang et al. [2017]; Dash et al.



[2017], super resolution Ledig et al. [2017], 3D object
generation Wang et al. [2017], semantic translation to
image Wang et al. [2018], removal of noise and im-
age correction Zhang et al. [2019a]; Tran et al. [2020],
disentanglement using GANs Wu et al. [2021], among
many other applications.

GANSs have also improved algorithms in the med-
ical field, mainly through their ability to generate
synthetic images to train other deep learning algo-
rithms. Jeong et al. [2022] provides a systematic re-
view of medical image classification and regression
and demonstrates the results that can be achieved by
using these architectures. Yi et al. [2019] presents a
more comprehensive overview of GANs in medical
image analysis, highlighting the modalities and tasks.

On the other hand, our systematic review exam-
ines the use of GANs to generate volumetric data, in-
cluding medical and non-medical data but properly
separated for clarity. These papers report on the use
of GANs for denoising, nuclei counting, reconstruc-
tion, segmentation, classification, image translation
or simply general applications.

2.2 Advantages and disadvantages

The main advantages of GANs are mentioned above
in Section 2.1. They can be used to generate realistic
data which might be used for data augmentation for
other purposes, with a higher realism than other ap-
proaches. As demonstrated in Ferreira et al. [2022b],
the use of GANs for data augmentation can outper-
form the use of conventional data augmentation.

One of the main concerns with this generative tech-
nology is the ability to produce deep fakes Shen et al.
[2018]; Ponomarev [2019] and trick detection algo-
rithms or even humans, which can lead to misunder-
standings or fraud. As evidenced by Brundage et al.
[2018], this raises several cybersecurity concerns, as
images or even fake videos can be created that are
so realistic that they can fool anyone with a simple
application, e.g. Deep Fakes (accessed [06-06-2022]).
However, it can also be used to improve cybersecurity
and combat deep fakes Navidan et al. [2021]; Arora
and Shantanu [2020]. Although this technology per-
mits harmful effects, the benefits that can be derived
from it are immense.

In addition to the concerns mentioned above,
GANs also have challenges that are more technical

(Chen [2021]):

* Mode collapse: when the generator is not able to
produce a large number of outputs, but always
produces a small set of outputs or even the same
one. This can happen when the discriminator
is stuck in a local minimum and the generator
learns that it is possible to produce the same set
of outputs to fool the discriminator;

* Non-convergence: as the generator produces
more and more realistic data and the discrimi-
nator cannot follow this evolution, the discrim-
inator’s feedback gradually becomes meaning-
less. The convergence point of the network can
be characterised by the point at which the dis-
criminator is no longer able to distinguish be-
tween real and fake data and only gives random
guesses. When this point is passed, the genera-
tor is fed with poor feedback, causing the results
to deteriorate;

* Diminished gradient: On the other hand, the
feedback becomes meaningless to the generator
if the discriminator performs too well. If the gen-
erator cannot improve as fast as the discrimina-
tor, or in the case of an optimal discriminator,
this problem can occur;

e Imperception: no loss function or evaluation
metricis able to mimichuman judgement, which
makes comparison between models very chal-
lenging without human intervention. The large-
scale applications, e.g., denoising, reconstruc-
tion, synthetic data generation and segmenta-
tion, bring a lot of heterogeneity, which makes it
harder to define how we can evaluate them.

2.3 Further reading

As supplementary reading, we present the following
list of papers:

e Goodfellowetal. [2014] — Generative adversarial
nets;

e GGui et al. [2020] — A Review on Generative Ad-
versarial Networks: Algorithms, Theory, and Ap-
plications;


https://deepfakesweb.com/

e Kazeminia et al. [2020] — GANSs for medical im-
age analysis;

* Lucic et al. [2018] Are GANs Created Equal? A
Large-Scale Study.

e Zhu et al. [2017] — Unpaired Image-to-Image
Translation using Cycle-Consistent Adversarial
Networks;

These papers present how GANs work, the different
ways they can be used, and the general advantages
and disadvantages. They provide the reader with a
deeper, but also broader, understanding of GANs, al-
though reading them is not mandatory to understand
the purpose of this review.

3 Generating realistic synthetic 3D
data: a review of works

The use of GANs to generate synthetic data has in-
creased significantly in recent years. These deep
learning networks are becoming very popular, as they
can generate more realistic and sharper synthetic im-
ages than other traditional generative approaches.
GANSs are implicit models as they do not use explicit
density functions, in contrast to Variational AutoEn-
conders, which are explicit models Mohamed and
Lakshminarayanan [2016]. Several review articles
have been submitted on the use of GANs for different
purposes, ranging from more general review articles,
e.g. Algahtani et al. [2021], to more specific articles,
e.g. Apostolopoulos et al. [2022].

In this review, we have refrained from providing
redundant explanations of how GANs work and the
main issues, as these are easy to find, and also from
extending the explanations of loss functions and val-
uation metrics. Instead, we will give a brief explana-
tion of each metric and show where to find more in-
depth explanations. We will focus on the applications
they have had in recent years and possible research
opportunities.

In this section, ranging from Figures 3 to 10, statisti-
cal information is provided regarding several aspects.
In Figure 3 it can be seen that the number of papers on
volumetricimaging hasincreased in recent years, and
from 2014 to 2016 no papers were published. Note
that only Figure 3 includes all 72 papers, the non-
volumetric application papers are not included in the

remaining diagrams. Magnetic resonance imaging
(MRI) and computed tomography (CT) are the two
most popular modalities, Figure 4, with more than
half of the papers considered applied in the medical
field, Figure 5.

The modalities used in the reviewed papers are:
magnetic resonance imaging (MRI) McRobbie et al.
[2017], CTScarfe et al. [2006], positron emission
tomography (PET) Townsend [2008], radiographs
Phillips [1897], optical coherence tomography (OCT)
Bezerra et al. [2009], microscopy! Fadero et al.
[2018], computer-aided design (CAD) Shivegowda
et al. [2022], red, green, blue depth sensors (RGB-
D) Zhou et al. [2021], seismic reflection data Dumay
and Fournier [1988], focused ion beam scanning elec-
tron microscopy (FIB-SEM) Fischer et al. [2020], and
kelvin probe force microscopy (KPFM) Melitz et al.
[2011].

Reconstruction is the main application of GANs in
the non-medical context and image translation in the
medical context, as can be seen in Figure 6. It is worth
noting that most papers in the field of medicine are
related to humans, Figure 5. The most commonly
studied organ in the medical field is the brain, as
shown in Figure 7. This popularity results from the
increasing use of MRI to study the brain and the need
for pipelines to process these images and automate
processes. MRI scans of the brain are also easier to
process/analyze compared to the rest of the body be-
cause there is less movement and variation, resulting
in fewer artefacts and faster acquisitions.

In Figure 8 it is possible to find the number of pub-
lications per year in relation to the different modali-
ties. CT and MRI are present almost every year, which
corresponds to the reality of volumetric data acquisi-
tion. Especially in the medical field, MRI and CT are
widely used. In the non-medical field, CT and X-rays
are mainly used, but CAD is also intensively studied
due to development of sensors such as RGB-D Zoll-
hofer et al. [2018] and light detection and ranging (Li-
DAR) 2 Collis [1970].

Figures 9 and 10 contain the number of papers that
use a particular loss function or evaluation metric.
Most of them are easy to explain and widely known,
but some require some context to be understood, so

lWhat is Electron Microscopy? (accessed [06-06-2022])
2What is LIDAR? (accessed [06-06-2022])


https://www.umassmed.edu/cemf/whatisem/
https://oceanservice.noaa.gov/facts/lidar.html

itisnecessary to access all the references given in Sec-
tions 3.1 and 3.2 for better understanding.

Figure 9 shows that the WGAN/WGAN-GP (Wasser-
stein GAN / Wasserstein GAN with gradient penalty)
is the most commonly used loss function due to its
ability to stabilise and prevent vanishing gradient
Gulrajani et al. [2017], followed by the mean absolute
error (MAE) and cross-entropy (CE), which are com-
monly used to avoid some instability and mode col-
lapse (Thanh-Tung and Tran [2020]), mainly in the
first steps of training.

As can be seen in Figure 10, the peak signal-to-
noise ratio (PSNR) is the most common evaluation
metric as it is able to evaluate reconstructions, which
canbe considered one of the main applications of vol-
umetric GANs, although GANs are explored for nu-
merous other purposes. Structural similarity index
measure (SSIM) is the second most used metric be-
cause it can better assess the quality of the data, tak-
ing into account human perception. Usually, Fréchet
inception distance (FID) is considered the most reli-
able metric. However, it is not easy to adapt to volu-
metric data and even the existing adaptations are not
well accepted by researchers. Accuracy is not really
used to assess the quality of the images in terms of
perception, but to assess the quality of the data to per-
form data augmentation, and to assess the improve-
ments of other tasks when synthetic data are used,
e.g. segmentation and classification tasks. For that
reason, dice similarity coefficient (DSC), sensitivity
and F1-score are also commonly used.

The proposed taxonomy for medical and non-
medical GANs is shown in Figures 11 and 12. The
taxonomy has been divided into two different figures
due to its size. First, a distinction is made between
medical and non-medical applications, then by ap-
plication, architecture, and the respective papers. For
example: A user wants to perform a modality transla-
tion of volumetric brain images, following "Medical"
— "Image Translation" — "Brain" will find the archi-
tectures used and the corresponding papers; Another
user wants to reconstruct non-medical 3D volumes
from 2D images, following "Non-Medical" — "Recon-
struction (2D to 3D)" will find all available architec-
tures and papers for 2D to 3D reconstruction.

Figure 13 shows each different architecture used
in each application for medical and non-medical
purposes, showing that cGAN-based and CycleGAN-

based architectures are used for several different ap-
plications.
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Bu et al. [2021]

cGAN
Lung Han et al. [2019a] (MCGAN)
CT-SGAN Pesaranghader et al. [2021]
Cells cGAN Baniukiewicz et al. [2019]
Classification Momeni et al. [2021] (conditional
LesionGAN)
cGAN Jung et al. [2020]
Brain Zhuang and Schwing [2019] (ICW-GAN)
DCGAN Dikici et al. [2021] (cGANe)
Denoising Brain GAN (N/D) Li et al. [2020]
Lun GAN (N/D) Qin et al. [2021]
9 CGAN Wei et al. [2020]
Harms et al. [2019]*
Gu and Zheng [2021](Dual3D&PatchGAN)
CycleGAN
Zeng and Zheng [2019] (hGAN)
Pan et al. [2019] (FGAN)
Brain <GAN Yang et al. [2021b] (CAE-ACGAN)
Yan et al. [2018]
. BMGAN Hu et al. [2022]
Image Translation
RevGAN Lin et al. [2021]
Pelvis CycleGAN Harms et al. [2019]*
| Lei et al. [2020b]
Medical Whole Body CycleGAN

Schaefferkoetter et al. [2021]

Prostate CycleGAN Lei et al. [2020a]
Cai et al. [2019]*

Heart CycleGAN
Zhang et al. [2018, 2019b]
Pancreas, Breast CycleGAN Cai et al. [2019]*
Liver CycleGAN Liu et al. [2020b]
Nuclei Counting Cells (Kidney) CycleGAN Han et al. [2019b] (SpCycleGAN)
Reconstruction (2D to Biomolecule CryoGAN Gupta et al. [2021]
3D) Cells CycleGAN Yang et al. [2021a]
Rec°”s”,‘_‘”céir‘1’)” (Low to Brain CGAN Moghari et al. [2019]
Pelvis PGGAN Zhang et al. [2021]
CycleGAN Chen et al. [2021] (Kidney)
Segmentation Cells Ho et al. [2019] (Kidney)
cGAN Tang et al. [2020]
Brain da-GAN Ma et al. [2020]
Heart GAN (N/D) Yang et al. [2019]
Lung cGAN Xu et al. [2019] (MCGAN)
- Pix2Pix Rusak et al. [2020]
General Brain
VA-GAN Baumgartner et al. [2018]
Cells (Blood vessels) GAN (N/D) Danu et al. [2019]

Figure 11: Proposed taxonomy of medical volumetric GANs. *These works performed tests in more than one structure.
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Non-Medical

cGAN/PGGAN Muzahid et al. [2021]
Classification MSG-GAN Greminger [2020]
DCGAN Liu et al. [2020a]
Pix2Pix Kniaz et al. [2020] (Z-GAN)
MP-GAN Li et al. [2019]
3D-RecGAN Yang et al. [2017]
Krutko et al. [2019] (SPGAN)
Reconstruction (2D to 3D) DCGAN Sciazko et al. [2021] (GAN2Dto3D)
Kench and Cooper [2021]
(SliceGAN)
DLGAN Liu et al. [2021]
cGAN Nozawa et al. [2021]
WGAN-GP Shen et al. [2021]
cGAN Wang et al. [2017] (ED-GAN)
Reconstruction (Low to High)
DCGAN Halpert [2019]
WGAN Chen et al. [2020]
General Gayon-Lombardo et al. [2020]
DCGAN Liu et al. [2019]

Mosser et al. [2017]

Figure 12: Proposed taxonomy of non-medical volumetric GAN.
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Figure 13: Architectures used in every A) medical application B) non-medical application.
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3.1 Loss Functions

This section provides a brief explanation of each loss
function used in the reviewed papers, along with any
references needed and each paper in which each met-
ric was used. It is important to note that some loss
functions were developed for a specific problem and
only make sense in that context, or they are an adap-
tation of existing metrics, such as shape consistency
and identity. Theloss functions are mainly ordered al-
phabetically, but some of them are very similar, there-
fore they are explained together.

Accuracy: Accuracyisdefined as the number of cor-
rect predictions among all predictions. It was only
used as aloss function in Muzahid et al. [2021], where
the discriminator was trained not only to give the true
value but also to give the correct classification of the
objects.

Adversarial: From GANSs’ first paper Goodfellow
et al. [2014], the adversarial loss is given by the dis-
criminator’s correct classification of the realism of the
datareceived. If the discriminator gives a correct pre-
diction, the generator is penalised; if it gives an incor-
rect one, the discriminator itself is penalised. This is
also known as the "minmax game".

Cross Entropy (CE): CE, also referred to as recon-
struction loss, is used to measure the difference be-
tween two distributions Suh et al. [2021]; Gecer et al.
[2020]; Zhang et al. [2021]; Gayon-Lombardo et al.
[2020]; Dikici et al. [2021]; Jung et al. [2020]; Lei et al.
[2020b]; Wang et al. [2017]; Liu et al. [2020a]; Nozawa
et al. [2021]. Binary Cross Entropy (BCE), also called
sigmoid CE, is usually used to train a binary classifier
Ramos et al. [2018]; Ruby and Yendapalli [2020]; Ol-
berg et al. [2019]. In this context, BCE measures the
difference between the real and predicted distribu-
tion of the data. Higher values of BCE correspond to
higher uncertainty of the discriminator, and therefore
higher difference between distributions Olberg et al.
[2019]. The modified CE is used in Yang et al. [2017]
to strongly penalise false positives compared to false
negatives due to the properties of the data used.

Border and Volume: Implemented in Momeni et al.
[2021], border and volume losses are used to im-

prove the quality of the MRI scans generated for their
specific problem. Volume losses penalise the differ-
ences between the input volume (a numerical value)
and the volume of the cerebral microbleed generated.
Border losses force the edges of the generated scan to
be 1.

Content, Style, Laplacian, Projection, Orientation:
All of these loss functions are used in Shen et al.
[2021]. The content and the style losses were based
on Gatys et al. [2016] and are per-pixel comparisons
focused on different levels of the convolution net-
work. The Laplacian, the projection and the orien-
tation losses, are also per-pixel comparisons and are
explained with more detail in Shen et al. [2021].

Cycle consistency: Cycle consistency loss can be
defined as: if G is the generator and G! is its in-
verse transformation, x is the input image and G(x)
is the output of the generator having x as input; then
G 1(G(x)) = x. It is used mainly for the CycleGAN Zhu
etal. [2017] training, and widely used for image trans-
lation when no paired data are available. The com-
parison between the two images is made per-pixel
using MAE as in the original paper, or other metrics
such as mean squared error (MSE) or CE. It is used in
Bongini et al. [2021]; Jung et al. [2020]; Harms et al.
[2019]; Lei et al. [2020a]; Schaefferkoetter et al. [2021];
Lin et al. [2021]; Chen et al. [2021]; Han et al. [2019b];
Yang et al. [2021a].

Depth and Latent vector: The depth loss penalises
the difference between the generated 3D voxel and
the input 2.5D voxel grid. The latent vector minimises
the distance between the latent vector from the input
data and the target latent vector. Both loss functions
are explained in Liu et al. [2021].

Feature-consistent: The feature-consistent loss is
defined in Pan et al. [2019] and measures the differ-
ence between scans that share the same modality.
This loss function is very similar to the cycle consis-
tency loss.

Focal: Focal regression loss was used in Bird et al.
[2021] to improve performance in hard-to-predict
bone regions. It was introduced by Lin et al. [2017] to
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reduce the side effect of class imbalance when train-
ing dense detectors. It is based on CE, with a tuning
parameter introduced to increase the weight of high
difficulty classes and avoid overloading the loss func-
tion when class imbalance exists. Automated focal
loss was introduced by Weber et al. [2020] and pro-
poses a strategy to automate the fine-tuning of the
new hyperparameter, reducing this time-consuming
task.

Frequency domain: Frequency domain loss was
used by Ma et al. [2020] to reduce blurring. It is
very similar to MAE loss but uses the Fast Fourier
Transform to transfer the MAE comparison to the fre-
quency domain.

Gradient Magnitude Distance (GMD): The GMD
loss is used in Harms et al. [2019] and is very similar
to the Gradient Difference Loss Mathieu et al. [2016],
but adapted to volumetric data.

Gradient difference: Comparable to MAE or
MSE loss, gradient difference loss is another met-
ric for measuring the distance between two im-
ages/volumes that improves edge sharpness. A Sobel
operator Kanopoulos et al. [1988] is used to measure
the gradient difference between the generated image
and the target image in the desired orientation, i.e. x,
yor z. It was used in Liu et al. [2020b]; Ma et al. [2020]
with a better explanation in the latter.

Hinge: The hinge loss, as explained in Rosasco et al.
[2004], is aloss function widely used for classification.
In this case, it was used in Greminger [2020] to mea-
sure the distance between the output of the discrimi-
nator and the target output. In Posilovic et al. [2021] it
was used to compare between the output of the gen-
erator and the target image.

Identity: The identity loss used in Schaefferkoetter
etal. [2021], as explained in Zhu et al. [2017], uses the
MAE distance to measure the distance between the
input and the corresponding output of the generator
and works as a cycle consistency loss helper in the Cy-
cleGAN architecture to avoid unnecessary changes in
the intermediate step.

Jensen-Shannon (JS) and Kullback-Leibler diver-
gence (KL-divergence): The ]S loss is used in Pe-
saranghader et al. [2021]. It is based on the KL-
divergence to measure the distance between two
probability distributions. The KL-divergence (also
known as relative entropy) is used in Posilovic et al.
[2021]; Amirrajab et al. [2020]; Hu et al. [2022]. A more
detailed explanation can be found in the first paper
on GANs Goodfellow et al. [2014]. The KL-divergence
is also used in Hu et al. [2022] to reduce the distribu-
tion difference between the encoded vector and the
sampled latent vector, and it is denominated by KL-
divergence constraint.

Lp: The L, is used in Liu et al. [2020b]; Harms et al.
[2019] with p = 1.5 to avoid the defects introduced
by the MSE (L) and MAE (L;) losses, specifically, the
blurry images by MSE and the misclassification by
MAE.

Least Squares (LSGAN): The LSGAN loss Mao et al.
[2017] uses the least squares loss function instead of
the sigmoid cross-entropy loss function to avoid van-
ishing gradients. It is used in the Bongini et al. [2021];
Slossberg et al. [2019]; Han et al. [2019a]; Xu et al.
[2019]; Cai et al. [2019]; Hu et al. [2022]; Yang et al.
[2021a] papers.

Mean Absolute Error (MAE or L;): MAE Sammut
and Webb [2010d] is often used in regression prob-
lems to compare the distance between two im-
ages/volumes, i.e. itis the absolute average difference
between the predicted value and the expected value.
It is used in several papers to stabilise GAN training,
as is the MSE, however, using MAE can lead to more
realistic images. This may be one reason why MAE is
one of the most frequently used loss functions in the
papers of this review.

Minkowski functional: The Minkowski functional
isused in Chen et al. [2020] as a loss function to mea-
sure the distance between geometric features of the
volumes, i.e. porosity, specific surface area, average
width and Euler number. It is a precise technique
for analysing geometric structures that can also be
used for biomedical image analysis Depeursinge et al.
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[2014]. Boehm et al. [2008] presents precise defini-
tions of these measures.

Mean Squared Error (MSE or L ): MSE Sammut
and Webb [2010e], like MAE, is often used in regres-
sion problems and to compare two images/volumes.
Itis the average of the squared difference between the
prediction and the ground truth. Using this metric as
aloss function results in blurry images.

Perceptual: Perceptual loss uses a pre-trained deep
convolutional neural network to measure the percep-
tual differences between two images. In the first pub-
lication Johnson et al. [2016], a VGG-16 network was
used Simonyan and Zisserman [2014], pre-trained
on the ImageNet dataset Russakovsky et al. [2015].
However, this concept can be extended to other pre-
trained networks, such as VGG-19. This metric was
used in one of the state-of-the-art publications on
GANs Karras et al. [2019]. It was also used in Wang
etal. [2021] (VGG-19) and Hu et al. [2022] (VGG-16).

Shape consistency and spatial: Directly related to
cycle consistency loss in Zhang et al. [2019Db, 2018];
Cai et al. [2019], shape consistency loss is used to en-
sure anatomical structure invariance through the use
of segmentation networks, i.e. if a scan of a certain
modality (e.g. MRI) has a certain semantic label, the
generated scan of the other modality must have the
same semantic label. It is similar to identity loss as it
is used to regulate the intermediate step of CycleGAN
training. Spatial loss Fu et al. [2018] is also related to
cycle consistency loss in Chen et al. [2021]; Han et al.
[2019b] and serves the same purpose, but uses a bi-
nary label instead of a semantic label to segment net-
works.

Wasserstein GAN (WGAN) and WGAN with Gradi-
ent Penalty (WGAN-GP): The WGAN-GP is an im-
provement over the original WGAN Arjovsky et al.
[2017], which performs weight pruning to achieve 1-
Lipschitz functions that can bring undesirable prob-
lems such as the vanishing of the gradient and the
need for high attention to hyperparameters. Using
WGAN-GP Gulrajani et al. [2017] makes it possible to
achieve Lipschitz continuity with almost no hyperpa-
rameter tuning. The WGAN loss is used in Posilovic

et al. [2021]; Chen et al. [2020]; Li et al. [2020]; Kench
and Cooper [2021]. The WGAN-GP loss is used in Suh
et al. [2021]; Wang et al. [2021]; Gecer et al. [2020];
Slossberg et al. [2019]; Pesaranghader et al. [2021];
Han et al. [2019a]; Jung et al. [2020]; Zhuang and
Schwing [2019]; Baumgartner et al. [2018]; Yang et al.
[2017]; Gupta et al. [2021]; Shen et al. [2021].

3.2 Evaluation Metrics

This section presents a brief explanation of each eval-
uation metric used in the papers studied, along with
the required references and each paper in which the
particular metric was used. It is important to note
that some metrics are only used for specific pur-
poses and are not well-known, or are sometimes just
an adaptation of existing metrics for the problem in
question but with a different name, such as fraction of
unmachinable voxels and shape-score. The metrics
are mainly ordered alphabetically, but some of them
are very similar, therefore they are explained together.

Absolute permeability, Minkowski functional: Ab-
solute permeability is used in Krutko et al. [2019]
to assess the quality of generated porous media
volumes. It is usually used in conjunction with
Minkowski functional. This metric is calculated us-
ing a pore network model. The Minkowski functional
is already explained in the Section 3.1. It is used in
Chen et al. [2020]; Krutko et al. [2019]; Mosser et al.
[2017] for the evaluation step.

Attenuation Correction (AC): Attenuation in PET
scans is caused by photons that are lost through ab-
sorption in the body, leading to artifacts. AC can be
performed with MRI or CT scans as well as other tech-
niques Chen and An [2017]. The use of synthetic CT
scans to perform AC is performed in Schaefferkoet-
ter et al. [2021] and evaluated in comparison to MRI-
based correction.

Accuracy, Sensitivity, Specificity, Precision, Average
False Positives (AFP), Type-1/Type-II errors: The
metrics accuracy, sensitivity, specificity Baratloo et al.
[2015], precision Ting [2010b] and AFP are often used
in machine learning. To calculate these metrics, a
confusion matrix Ting [2010a] is usually created. The
metric used should be chosen carefully depending on
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the problem, as high performance in one of the met-
rics does not necessarily mean a good model. Ac-
curacy is measured in Gecer et al. [2020]; Ge et al.
[2020]; Pesaranghader et al. [2021]; Jung et al. [2020];
Zhuang and Schwing [2019]; Wei et al. [2020]; Yan
et al. [2018]; Muzahid et al. [2021]; Li et al. [2019];
Wangetal. [2017]; Chen etal. [2021]; Liu et al. [2020a].
Sensitivity, also known as recall, is measured in Ge
et al. [2020]; Bu et al. [2021]; Momeni et al. [2021];
Zhuang and Schwing [2019]; Lei et al. [2020a]; Chen
et al. [2021]; Ho et al. [2019]; Han et al. [2019Db]; Ba-
niukiewicz et al. [2019]. Specificity is measured in Ge
etal. [2020]; Lei et al. [2020a]. Precision, also known as
positive predictive valve, is measured in Zhuang and
Schwing [2019]; Chen et al. [2021]; Ho et al. [2019];
Han et al. [2019b]; Baniukiewicz et al. [2019]. The AFP
metric is used in Dikici et al. [2021]. Type-I and Type-
IT errors, also known as false positive and false neg-
ative errors, are used in Chen et al. [2021]. It can be
also be used as 1 - Speci ficityandl-Sensitivity, re-
spectively.

Area Under the Curve (AUC), Receiver Operat-
ing Characteristic curve (ROC): AUC Sammut and
Webb [2010a] is the area under the ROC curve Flach
[2010] and is intrinsically related to sensitivity and
false positive rate (1 - Specificity). The AUC is used
in Mokhayeri et al. [2020]; Baek et al. [2020]; Momeni
et al. [2021]; Pan et al. [2019]; Yan et al. [2018]. The
ROC curve is used in the aforementioned papers and
in Momeni et al. [2021]. The AUC is used in Baek et al.
[2020] to evaluate the results using the area under the
curve of the ratio of Correct Keypoint (PCK).

Average Hausdorff Distance (HD) and surface HD:
The average HD and surface HD are used in Amirrajab
et al. [2020]; Zhang et al. [2021]; Lei et al. [2020a] to
measure the distance between sets of pixels/voxels in
ground truth and prediction Kazemifar et al. [2018].
A small value of HD corresponds to a small distance
between each voxel in the prediction and a point in
the ground truth.

Volume fractions, Triple Phase Boundary/Double
Phase Boundary (TPB/DPB) densities, relative sur-
face area, relative diffusivity, surface area, Two-
Point Correlation Function (TPCF): All these met-
rics are used for microstructural characterisation.

The average volume fractions, volume fraction vari-
ations, and TPB/DPB densities are measurements
used in Sciazko et al. [2021] to evaluate the quality of
3D fuel cell electrode microstructures. Volume frac-
tion, relative surface area and relative diffusivity are
measurements used in Kench and Cooper [2021] to
evaluate the quality of various microstructures, in-
cluding a battery cathode. The phase volume frac-
tion, relative diffusivity, specific surface area, TPCF
and TPB are used in Gayon-Lombardo et al. [2020] to
measure the quality of electrode microstructures.

Correlation Coefficient (CC), Pearson CC (PCCQC),
Normalised Cross Correlation (NCC): CC, PCC,
and NCCKirch [2008] are the linear association of two
variables. They are used in Yang et al. [2021a]; Schaef-
ferkoetter etal. [2021]; Bittner et al. [2018]; Baumgart-
ner et al. [2018]; Harms et al. [2019]; Lei et al. [2020b];
Liu et al. [2020Db] to assess the quality of the volumes
generated.

Cross Entropy (CE): Already explained in Section
3.1. It was used during the assessment phase in Di-
kici et al. [2021]; Yang et al. [2017]; Wang et al. [2017];
Liuetal. [2021, 2020a].

Clustering: Clustering is used to divide a popula-
tion of data points into a certain number of groups
Sammut and Webb [2010b]. It was used in Muza-
hid et al. [2021] to check whether the class distribu-
tion of the generated samples could be easily split, i.e.
whether the generator was able to learn the different
classes.

Center of Mass Distance (CMD), Percentage Volume
Difference (PVD), Mean Surface Distance (MSD),
Residual Mean Square Distance (RMSD): CMD,
PVD, MSD and RMSD are used in Lei et al. [2020a].
The CMD and PVD are used to measure the distance
between the automatic and manual segmentation
contours’ center distance and volume differences and
the MSD and RMSD are used to measure the surface
distances of the two contours. The CMD, MSD, and
RMSD are measured in millimetres.

Compliance, Fraction of Unmachinable Voxels:
The compliance and fraction of unmachinable vox-
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els are used in Greminger [2020] to measure the dif-
ference between machinable designs generated by
GANs versus the traditional topology optimisation al-
gorithm.

Competition Performance Metric (CPM): The
CPM score used in Bu et al. [2021]; Han et al. [2019a]
is the average sensitivity at seven predefined false
positive rates: 1/8, 1/4, 1/2, 1, 2, 4 and 8 FPs / scan
according to the lung nodule analysis (LUNA16)
challenge Setio et al. [2017].

Dice Similarity Coefficient (DSC), F1-score: DSC
Taha and Hanbury [2015] and F1-score Sammut and
Webb [2010c] are two similar metrics when applied
to Boolean data, but they have different applications.
DSCis also known as the overlap index and is the most
commonly used metric for evaluating segmentation
in volumetric medical imaging. The F1-score is used
when the focus is on maximising both precision and
recall. The F1-score is used in Chen et al. [2021]; Ho
et al. [2019]; Han et al. [2019b]; Baniukiewicz et al.
[2019]; Liu et al. [2020a]. The macro F1-score (vari-
ation of Fl-score) is used in Zhuang and Schwing
[2019]. The DSC is used in Amirrajab et al. [2020];
Zhangetal. [2021]; Rusak et al. [2020]; Ma et al. [2020];
Li et al. [2020]; Lei et al. [2020a]; Zhang et al. [2019D,
2018]; Cai et al. [2019]; Chen et al. [2021]

Fréchet Inception Distance (FID), Inception Score
(IS): FID compares the distribution of generated
images with real images. Heusel et al. [2017] claims
that this metric can capture the similarity between
generated images and real images better than IS and
is consequently the most commonly used metric to
assess the quality of GANs. However, it is not widely
used for volumetric assessment. Usually the volumes
are sliced in all three axes to allow the use of the FID,
but this practice is not well accepted and therefore
not widely used. The IS Salimans et al. [2016] uses an
inception pre-trained model to classify the generated
images and is used in Pesaranghader et al. [2021]. The
FID is used in Mokhayeri et al. [2020]; Pesaranghader
et al. [2021]; Dikici et al. [2021]; Jung et al. [2020]; Hu
etal. [2022]; Liet al. [2019].

Hounsfield Unit (HU), Spatial Non-Uniformity
(SNU): HU Kamalian et al. [2016] is a relative scale
to measure the attenuation of the X-ray beam in a
given voxel. This value is particularly important in
the CT reconstruction phase. It is used in Bird et al.
[2021]; Liu et al. [2020b]. The SNU is nothing more
than the difference of HU in the same material, used
in Harms et al. [2019].

Intersection-over-Union (IoU): The IoU or Jaccard
index Taha and Hanbury [2015] is used in Kniaz et al.
[2020]; Yang et al. [2017]; Liu et al. [2021] to measure
the intersection of two distributions over the union of
the two distributions.

MAE, Relative Mean Absolute Difference (RMAD),
Normalized Median Absolute Deviation (NMAD),
Mean Absolute Percentage Error (MAPE): The
MAE is already explained in the Section 3.1. MAE is
used in Bird et al. [2021]; Lei et al. [2020b]; Bittner
et al. [2018]; Rusak et al. [2020]; Qin et al. [2021];
Harms et al. [2019]; Yang et al. [2021b]; Liu et al.
[2020b]; Zeng and Zheng [2019]; Hu et al. [2022]; Pan
etal. [2019] for the assessment step. The RMAD is the
MAE divided by the arithmetic mean used in Gorbat-
sevich et al. [2019]. The NMAD is used and explained
in Bittner et al. [2018]. The MAPE is explained in
De Myttenaere et al. [2016] and used in Han et al.
[2019b]. It is similar with the aforementioned MAE
metrics, however it can lead to different results, since
MAPE is biased by the negative errors.

MSE, Root MSE (RMSE), Normalised MSE (NMSE),
Normalised Root MSE (NRMSE): The MSE is al-
ready explained in Section 3.1. The MSE is used in
Slossberg et al. [2019]; Rusak et al. [2020]; Yang et al.
[2019]; Schaefferkoetter et al. [2021]; Shen et al. [2021]
for the assessment step. The RMSE is the root ver-
sion of the MSE used in Olberg et al. [2019]; Bittner
et al. [2018]. The NMSE is a normalised version of
the MSE with respect to the signal intensity used in
Moghari et al. [2019]; Lei et al. [2020b]. The NRMSE is
a normalised version of the RMSE used in Yang et al.
[2021a].

mean Average Precision (mAP): mAP is used in
Bongini et al. [2021]; Mokhayeri et al. [2020] to eval-
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uate object detection models. However, this metric
was only used in the non-3D works mentioned in this
review.

Noise SD: The noise SD is used in Li et al. [2020] to
measure the background noise levels to compare be-
tween methodologies of denoising.

Planning Target Volume (PTV): The PTV in radio-
therapy incorporates the gross target volume (macro-
scopic extent of the tumor)/ clinical target volume,
plus margins due to uncertainties of patient setup
and beam adjustment. Organs are risk (OAR) are the
critical structures in the vicinity of the target volume.
The use of synthetic data to calculate the OAR Grosu
et al. [2006] dose is assessed in Bird et al. [2021]; Ol-
berg et al. [2019].

Reconstruction resolution: The reconstruction
resolution is used to assess the quality of recon-
struction of single particles from noisy projections in
Gupta et al. [2021].

Shape-score: The S-score is used in Zhang et al.
[2019Db, 2018]; Cai et al. [2019] to evaluate the shape
quality of the generated scans, i.e., less geometric dis-
tortions. This measures the difference between the
input and the respective reconstruction.

Similarity, Tumor localization error: The similar-
ity and tumor localization error are used in Wei et al.
[2020] to assess the reconstruction quality.

Semantic Interpretability Score (SIS): The SIS in-
troduced by Seitzer et al. [2018] to evaluate recon-
struction performance was used in Ma et al. [2020].
It uses a pre-trained segmentation model to segment
the reconstructed images and measure the overlap
between the new segmentation and the ground truth
segmentation. Seitzer et al. [2018] claims that with
this metric it is possible to evaluate models with more
human perception than with SSIM or PSNR.

Signal-to-Noise Ratio (SNR), Peak SNR (PSNR):
SNR measures the proportion of the desired signal
relative to the background noise, expressed in deci-
bels (dB). It is used in Wang et al. [2021]. The PSNR

is usually used more to measure the quality of im-
ages/volumes, which is why it is more commonly
used in medical imaging. It is used in Olberg et al.
[2019]; Moghari et al. [2019]; Rusak et al. [2020]; Ma
et al. [2020]; Li et al. [2020]; Harms et al. [2019];
Lei et al. [2020b]; Gu and Zheng [2021]; Yang et al.
[2021Db]; Liu et al. [2020b]; Yang et al. [2019]; Zeng and
Zheng [2019]; Hu et al. [2022]; Lin et al. [2021]; Pan
etal. [2019]; Tang et al. [2020]; Yang et al. [2021a]. This
metric is often used to assess the quality of enhanced
images or reconstructions. A more detailed descrip-
tion can be found in Nadipally [2019].

Structural Similarity Index (SSIM), Multi-Scale
Structural Similarity Index Measure (MS-SSIM):
The SSIM Wang et al. [2004] extracts structural
information from images, just like human visual
perception. Itis used in Suh et al. [2021]; Olberg et al.
[2019]; Moghari et al. [2019]; Rusak et al. [2020]; Ma
etal. [2020]; Gu and Zheng [2021]; Yang et al. [2021Db];
Lin et al. [2021]; Pan et al. [2019]; Yan et al. [2018];
Tang et al. [2020]; Yang et al. [2021a]. MS-SSIM Wang
et al. [2003] is based on SSIM, where filters are used
to extend it for multi-scale measurements. It is used
in Hu et al. [2022]. These metrics are widely used in
reconstruction problems.

Sliced Wasserstein Distance (SWD): SWD Rabin
et al. [2011] is used in Slossberg et al. [2019] to mea-
sure similarities between images using an approxi-
mation of earth-movers distance.

t-Distributed Stochastic Neighbor Embedding
(t-SNE): The t-SNE explained in Van der Maaten
and Hinton [2008] is used in Han et al. [2019a] to
visualise high-dimensional data distributions. It is
a relevant technique to visualise whether the distri-
bution of the generated data follows the real data
distribution.

Visual: Visual assessment is the most commonly
used evaluation to obtain a human perception of the
images/scans produced. So far, there is no metric that
can truly replace human perception, even though
some metrics like FID or SSIM try to do so. Usually,
researchers perform a visual review when training the
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generative models. However, there are more sophis-
ticated visual assessments, such as the visual turing
test used in Suh et al. [2021]; Buetal. [2021]; Han et al.
[2019a], where experts are asked to assess the real-
ism of the generated data. For example, visualisation
of the height and strength distribution in Wang et al.
[2021] is used to evaluate the quality of the images
produced instead of using other metrics.

3.3 Non-3D data generation

Although not the main objective of this review, it is
important to note that the main state-of-the-art pa-
pers of GANs use 2D images rather than volumes,
e.g. Karras et al. [2018], Brock et al. [2019], Isola et al.
[2017], and Salimans et al. [2016]. Usually the initial
techniques used in GANs are first developed using 2D
and then adapted to volumes, e.g. using an adapta-
tion of CycleGAN Zhu et al. [2017] to perform modal-
ity translation on volumes. FID, one of the most im-
portant metrics for assessing GANs, widely accepted
and used by the community, was developed to be ap-
plied to 2D data. Some adaptations of this metric to
volumes assessment are made, but are not equally ac-
cepted by the community.

Table 1 provides a summary of the work that is con-
sidered relevant but for which no volumetric data was
generated. The list of abbreviations used in this table
is the following:

List 1: List of abbreviations of Table 1:

ACDC — Automated Cardiac Diagnosis Challenge;
AgeDB — Age DataBase;

ASPP — Atrous Spatial Pyramid Pooling;

CFP — Celebrities in Frontal Profile;

C-GAN — Controllable GAN;

CityGML — City Geography Markup Language;
CMR — Cardiac Magnetic Resonance;

DSM — Digital Surface Model;

mAP — mean Average Precision;

NMAD — Normalized Median Absolute Deviation;
Pixel/PC — Pixel from Point Cloud;

RMAD — Relative Mean Absolute Difference;
RMSE — Root Mean Square Error;

SAR — Synthetic Aperture Radar;

SCD — Sunnybrook Cardiac Data;

SNR — Signal-to-Noise Ratio;

SQ-AGGAN — SeQuential lung nodule synthesis us-
ing Attribute-Guided GAN;

SWD — Sliced Wasserstein Distance;

¢ TBGAN — Trunk-branch based GAN;

¢ TCGA — The Cancer Genome Atlas;
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Table 1: Compact overview of reviewed non-3D data studies, sorted by year of publication, indicating the modality, and the datasets used with the
respective localisation, if available. It also shows the network used, the loss functions, the evaluation metrics and the resolution of the synthetic data
generated. The abbreviations used in this table can be found in List 1 or in Section 1.1 (Acronyms and Abbreviations)

61

Study Modality Dataset Network Loss function Metrics Comments
(G/D)

Suh et al. | CT LIDC-IDRI® SQ-AGGAN | WGAN-GP, CE, | VTT, SSIM 64x64
[2021] MSE, MAE

Bongini Thermal/RGB im- | Flir* and Unity engine® LSGAN Adv, Cycle consis- | mAP 640x512
etal. [2021] ages and synthetic tency

3D models
Posilovic Ultrasonic scan 9188 images (6 steel blocks) | SPADE GAN | WGAN, MAE, KL- | Visual 256x256
etal. [2021] based® divergence, Hinge,
MSE
Bird et al. | MRI, CT 90 anorectal patients, paired | cGAN Adv, Focal’, MAE MAE, PTV dose, | N/D 2D
[2021] MRI/CT HU slices as
input)

Wang et al. | SAR tomography YunCheng airborne, | cGAN WGAN-GP, Percep- | Visual, SNR 1200x256
[2021] TerraSAR-X in Barcelona tual (VGG-198)

Mokhayeri | RGB Images and | Chokepoint?, COX-S2V!Y C-GAN Adv, MSE FID, AUC, mAP 800x600
etal. [2020] | 3D models

Baek et al. | RGBimages Dexter-object'!, Ego-Dexter | GAN (N/D) | Adv, MAE AUC 256x256
[2020] 12/ Hand Object-3D'3

3LIDC-IDRI

4FLIR

5Unity engine

6SPADE

“Focal loss

8VGG network

9Chokepoint dataset
10cox-s2v

Hpexter-object
12Ego—Dexter
13Hand Object-3D


https://pubmed.ncbi.nlm.nih.gov/21452728/
https://www.flir.de/oem/adas/adas-dataset-form/
https://unity.com/
https://nvlabs.github.io/SPADE/
https://arxiv.org/pdf/1708.02002v2.pdf
https://arxiv.org/pdf/1409.1556.pdf
http://arma.sourceforge.net/chokepoint/
https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=7302053
https://handtracker.mpi-inf.mpg.de/projects/RealtimeHO/
https://handtracker.mpi-inf.mpg.de/projects/OccludedHands/
https://arxiv.org/pdf/1907.01481.pdf

0¢

Gecer et al. | 3dMD scanner' MeIn3D™ (and their own | TBGAN (PG- | WGAN-GP, CE Visual, Acc 112x112
[2020] similar but not available), | GAN+cGAN) (3D render-
CFP!6, AgeDB Database!” ization by
Marmoset
Toolbag'®)
Amirrajab MRI 66 synthetic MRXCATY, | XCAT-GAN Ady, KL- | Visual, DSC, HD 256%256
et al. [2020] ACDC?2%, SCD?!, York Car- divergence
diac MRI?2, 156 internal
clinical CMR
Ge et al. | MRI TCGAZ MICCAI BraTS | Pairwise Adv, MAE Acc, Sen, Spe N/D
[2020] 2017%4 GAN?®
Olberg et al. | MRI, CT 500, 1000, 1500, 2000, and | N/D, 2 | Sigmoid CE, MAE RMSE, SSIM, | 512x512
[2019] 2400 paired CT/MRI Generators PSNR, PTV dose
(U-Net,
ASPP)
Gorbatsevich | Synthetic Terrain Generator<® (3 layers | cGAN  (U- | Adv, MAE RMAD 256x256
etal. [2019] 1024x1024) net/ Patch-
GAN)
Slossberg 3dMD scanner 5000 scans mapped to 2D | PGGAN Adv (WGAN-GP or | SWD, MSE 1024x1024
etal. [2019] (RGB images) LSGAN)
Bittner et al. | LiDAR, DSM CityGML data (Berlin 3D?, | ¢cGAN Adv, MAE MAE, NCC, RMSE, | 256x256,
[2018] Worldview-1, Worldview-2) NMAD Pixel/PC

143dMD scanner
15MeIn3D

16CFp

17AgeDB
18\Marmoset Toolbag
I9MRXCAT

20ACDC

21scp

22York Cardiac MRI
23TCGA

24MICCAI BraTS 2017
25pairwise GAN
26World Machine
27Berlin 3D



https://3dmd.com/
https://ieeexplore.ieee.org/document/7780967
https://ieeexplore.ieee.org/document/7477558
https://ieeexplore.ieee.org/document/8014984
https://marmoset.co/
https://jcmr-online.biomedcentral.com/articles/10.1186/s12968-014-0063-3
https://ieeexplore.ieee.org/abstract/document/8360453
https://www.midasjournal.org/browse/publication/658
https://doi.org/10.1016/j.media.2007.12.003
https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga
http://www.miccai.org/
https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=8970509
https://www.world-machine.com/
https://www.businesslocationcenter.de/downloadportal/

3.4 3D data generation

In this section is possible to find all volumetric pa-
pers in Tables 2, 3 and 4. Table 2 contain all papers
where CT or MRI scans are used, sorted by modality
and then by year. If a dataset has no link, this means
that it is not available or has not been found. The
footnotes of the studies are the links to the available
code/framework.

List 2: List of abbreviations of Table 2:

AFP — Average False Positives;

AIBL — Australian Imaging Biomarkers and Lifestyle;
C3D — Convolutional 3D;

CBF — Cerebral Blood Flows;

cGANe — constrained GAN ensembles;

CPM — Competition Performance Metric;

CTP — CT Perfusion;

CT-SGAN — CT Synthesis GAN;

da-GAN — difficulty-aware attention GAN;

IBC — Individual Brain Charting;

ICW-GAN — Improved Conditional Wasserstein
GAN;

IS — Inception Score;

JS — Jensen-Shannon loss;

Li-ion battery — Lithium-ion battery;

MCGAN — Multi-Conditional GAN;

micro-CT — micro Computed-Tomography;
LUNA — LUng Nodule Analysis;

NLST — National Lung Screening Trial;

Noise SD — background noise levels;

OCT — Optical Coherence Tomography;

ODT — Optical coherence Doppler Tomography;
ROC — Receiver Operating Characteristic curve;
SIS — Semantic Interpretability Score;

SOFC — Solid Oxide Fuel Cell;

SPGAN — Slice to Pores GAN;

SSA — Specific Surface Area;

TPCF — Two-Point Correlation Function;

t-SNE — t-distributed Stochastic Neighbor Embed-
ding;

e VA-GAN — Visual Attribution GAN;

¢ XCT — X-ray Computed Tomography;

Table 3 presents a summary of all multimodal pa-
perswhere CT, MRI, PET and/or CBCT were used. The
papers Zhang et al. [2019b, 2018]; Cai et al. [2019] are
interconnected and should therefore be read together
for better understanding.

List 3: List of abbreviations of Table 3:

e AC — Attenuation Correction;
* BMGAN — Bidirectional Mapping GAN;
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* CAE-ACGAN — Conditional Auto-Encoding, Auxil-

iary Classifier GAN;

CMD — Center of Mass Distance;

GMD — Gradient Magnitude Distance;

FGAN — Feature-consistent GAN;

hGAN — hybrid GAN (3D Generator and 2D Discrim-

inator);

MSD — Mean Surface Distance;

e MS-SSIM — Multi-Scale Structural Similarity Index
Measure;

e PCC — Pearson Correlation Coefficient;

e PVD — Percentage Volume Difference;

res-cycle GAN — residual block cycle-consistent

GAN;

RevGAN — Reversible GAN;

RMSD — Residual Mean Square Distance;

SNU — Spatial Non-Uniformity;

S-score — Shape-score;

Table 4 contains the papers on the other modalities,
such as CAD, RGB-D, FIB-SEM, microscopy, seismic
and synthetic. The papers Ho et al. [2019]; Han et al.
[2019b]; Chen et al. [2021] have some authors in com-
mon and complement each other.

List 4: List of abbreviations of Table 4:

¢ CC — Correlation Coefficient;

* cryo-EM — cryo-Electron Microscopy;

¢ diSPIM — dual inverted Selective Plane Illumination
Microscope;

DLGAN — Depth-preserving Latent GAN;

DPB — Double Phase Boundary;

FIB — Focused Ion Beam;

KPFM — Kelvin Probe Force Microscopy;

LSFM — Light Sheet fluorescence Microscopy;
MAPE — Mean Absolute Percentage Error;
MP-GAN — Multi-Projection GAN;

MSG-GAN — Multi-Scale Gradient GAN;
NRMSE — Normalized Root Mean Square Error;
PC-GAN — Progressive Conditional GAN;

PSF — Point Spread Functions;

RecGAN — Reconstruction GAN;

SpCycleGAN — Spatially Constrained CycleGAN;
TPB — Triple Phase Boundary;

Voxel/ PC — Voxelized point clouds;
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Table 2: Compact overview of reviewed studies with modalities CT and MRI, sorted by modality and then by year of publication, indicating the modal-
ity, and the datasets used with the respective localisation, if available. It also shows the network used, the loss functions, the evaluation metrics, the
resolution of the synthetic data generated, and whether or not it is a medical application. The abbreviations used in this table can be found in List 2
or in Section 1.1 (Acronyms and Abbreviations)

Study Modality | Med | Dataset Network (G/D) | Loss function Metrics Comments
Buetal. [2021] CT Yes LUNA16%8 cGAN (3D-Unet | Adv VTIT, Sen, CPM 32x32x32
/ 3D CNN)
Pesaranghader CT Yes | NLST?, LIDC CT-SGAN WGAN-GP, JS Visual, FID, IS, | > =224x224x224
etal. [2021] Acc (stacks
224x224x3)
Zhangetal. [2021] | CT Yes 120 intact prostate | PGGAN Adv, CE DSC, Average HD, | 64x128x128
cancer patients Average Surface
HD
Chen et al. [2020] CT No Berea Sandstone ct | WGAN withtwo | WGAN, Minkowski func- | 64x64x64
scan discriminators | Minkowski tional
functional
Gayon-Lombardo | CT (XCT) | No Li-ion battery cath- | DCGAN Adv, CE Phase  volume | 64x64x64
et al. [2020]3! ode32, SOFC anode?3 fraction, SSA,
TPB, TPCE Rela-
tive diffusivity
Liu et al. [2019] CT No Berea sandstone’?, | DCGAN Adv Visual 64x64x64,
Estaillades carbon- 128x128x1283
ate3®
Krutko et al. [2019] | CT No Sandstone3® SPGAN (3DDC- | Adv Minkowski func- | 64x64x64
GAN based) tional, Absolute
permeability
Moghari et al. | CT (CTP) | Yes 18 acute stroke pa- | cGAN Adv (N/D) PSNR, NMSE, | 64x64x64
[2019] tients SSIM
Han et al. [2019a] CT Yes LIDC?® MCGAN (U- | LSGAN, VTT, t-SNE, CPM | 32x32x32
NET/Pix2Pix) WGAN-GP
Xu et al. [2019] CT Yes LIDC?® MCGAN LSGAN, MAE, | Visual 64x64x64
MSE
28LUNA16
2INLST
30LIDC
31pores for thought
32 j-ion battery cathode
33SOFC anode
34Berea sandstone

35Estaillades carbonate (wrong in the paper)
36 Low-permeable sandstone sample from a hydrocarbon reservoir located in Russia rotationally scanned with an X-ray v|tome|x 1.240 GE system


https://luna16.grand-challenge.org/
https://www.cancer.gov/types/lung/research/nlst
https://pubmed.ncbi.nlm.nih.gov/21452728/
https://github.com/agayonlombardo/pores4thought
https://iopscience.iop.org/article/10.1149/2.0981813jes
https://www.osti.gov/biblio/10182383-two-point-correlation-functions-characterize-microgeometry-estimate-permeabilities-synthetic-natural-sandstones
https://pubmed.ncbi.nlm.nih.gov/19905212/
https://www.imperial.ac.uk/earth-science/research/research-groups/pore-scale-modelling/micro-ct-images-and-networks/

€¢

Mosser et al. | Micro- No Spherical Bead pack, | DCGAN Adv Minkowski func- | 64x64x64
2017137 CT Berea sandstone, tional
oolitic, Ketton lime-
stone3®
Dikici et al. [2021] MRI Yes 217 post-gadolinium | cGANe (DC- | CE AFP, FID 16x16x16
T1-weighted GAN based)
Momeni et al. | MRI Yes AIBL3Y, MICCAI Valdo | conditional Adv, Volume, | AUC, Sen, ROC 11x11x11
[2021] 202140 LesionGAN Border
(cGAN based)
Rusak et al. [2020] MRI Yes ADNIH GAN (Pix2Pix | Adv, MAE PSNR, SSIM, | 181x218x181
based) MAE, MSE, DSC
Jung et al. [2020] MRI Yes ADNTI?® CycleGAN WGAN-GE, CE, | FID, Acc 192x192x%(3,6,8)
(cGAN based) Cycle consis- stacks
tency 192x192x1
Ma et al. [2020] MRI Yes | Kulaga-Yoskovitz ** da-GAN Adv, Gradient | Visual, PSNR, | 384x512x384
Difference, SSIM, SIS, DSC (stacking 512
Frequency imgs of 384x384)
domain, MAE
Zhuang and | MRI Yes OpenfMRI*, IBC* ICW-GAN Adv, WGAN-GP | Acc, Macro F1, | 53x63x46
Schwing [2019] Pre, Sen
Baumgartner et al. | MRI Yes ADNTI? VA-GAN WGAN-GP, Visual, NCC 128x160x112
[2018]% (WGAN based | MAE
3D U-Net /
C3D)
Lietal. [2020] OCT Yes 3D ODT of mouse CBF | GAN (N/D) Ady, WGAN, | PSNR, DSC, Noise | 64x64, 64x64x64
MAE SD
37porousMediaGAN
38Micro-CT Images and Networks
39AIBL
40MICCATI Valdo 2021
41ADNI
42Kulaga-Yoskovitz
430penfMRI
4“41BC

4SVA-GAN



https://github.com/LukasMosser/PorousMediaGan
https://www.imperial.ac.uk/earth-science/research/research-groups/pore-scale-modelling/micro-ct-images-and-networks/
https://doi.org/10.25919/aegy-ny12
https://valdo.grand-challenge.org/
https://adni.loni.usc.edu/
http://www.nitrc.org/projects/mni-hisub25
https://neurovault.org/collections/1952/
https://project.inria.fr/IBC/
https://github.com/baumgach/vagan-code
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Table 3: Compact overview of reviewed studies with multimodalities CT, MRI, PET and/or CBCT, sorted by modality and then by year of publication,
indicating the modality, and the datasets used with the respective localisation, if available. It also shows the network used, the loss functions, the
evaluation metrics, the resolution of the synthetic data generated. All studies are medical applications. The abbreviations used in this table can be
found in List 3 or in Section 1.1 (Acronyms and Abbreviations)

Study Modality | Dataset Network (G/D) Loss function Metrics Comments
Qin et al. [2021] CT,CBCT | 27advancedlungcan- | GAN  (Residual- | N/D MAE N/D
cer Unet/CNN)
Wei et al. [2020] CT,CBCT | 4D-CT and raw CBCT | cGAN Adv, MAE Acc, Similarity, Tumor | 128x128x32
projections localization error
Harms et al. [2019] | CT,CBCT | 24 brain and 20 pelvic | res-cycle GAN Adv, Cycle consis- | MAE, PSNR, NCC, | 96x96x5
CT/CBCT tency, L1.5, GMD SNU (stacked to
produce 3D)
Lei et al. [2020Db] CT, PET 16 CT/PET CycleGAN Adv, MSE, CE Visual, MAE, NMSE, | 64x64x64
NCC, PSNR
Gu and Zheng | MRI,CT | BrainWeb*® Dual3D& Patch- | Adv SSIM and PSNR N/D
[2021] GAN (3DGAN)
Yang et al. [2021b] MRI, CT 9 healthy MRI¥ CAE-ACGAN Adv, MAE Visual, PSNR, SSIM, | 128x128x32
MAE
Liu et al. [2020b] MRI, CT | 21 cancer hepatocel- | dense CycleGAN Adv, L1.5, Gradient | MAE, PSNR, NCC, HU | 64x64x64
lular Difference
Lei et al. [2020a] MRI, CT 45 prostate cancer | CycleGAN Adv, Cycle consis- | DSC, Sen, Spe, HD, | 64x64x64
MRI/CT tency MSD, RMSD, CMD,
PVD
Yang et al. [2019] MRI, CT N/D N/D (3D-Unet/3D | Adv, MSE PSNR, MSE N/D
CNN)
Zeng and Zheng | MRI,CT | 50 subjects MRI/CT hGAN (CycleGAN | Adv, MAE MAE, PSNR, Visual 256x288x32,
[2019] based) 256x288x12
Zhang et al. | MRI,CT | 4496 cardiovascular | CycleGAN Adv, Cycle and | Visual, S-score, DSC 112x112x86
[2019Db] MRI/CT Shape consistency
Zhangetal. [2018] | MRI, CT 4354 contrasted car- | CycleGAN Adv, Cycle and | Visual, S-score, DSC 86x112x112
diac CT scans Shape consistency
Schaefferkoetter MRI, CT, | 60 patients CycleGAN MAE, Cycle con- | MSE, PCC, AC 96x96x96
etal. [2021] PET (Residual-Unet/ sistency, Identity,
patchGAN) MSE
Caietal. [2019] MRI, CT, | Several datasets*® CycleGAN (cGAN/ | LSGAN, Cycle and | Visual, S-score, DSC 80x128x128
X-rays PatchGAN) Shape consistency

46BrainWeb

47Data and code available upon request
48 4354/142 contrasted cardiac CT/MRI, 82/78 pancreatic abdomen CT/MRI scans, mammography X-rays (BCDR, INbreast


https://brainweb.bic.mni.mcgill.ca
https://link.springer.com/article/10.1007/s11036-020-01678-1#data-availability
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3824915/
https://wiki.cancerimagingarchive.net/display/Public/Pancreas-CT
https://studylib.net/doc/8826147/bcdr--a-breast-cancer-digital-repository
https://pubmed.ncbi.nlm.nih.gov/22078258/
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Hu et al. [2022] MRI, PET | ADNI® BMGAN (Dense- LSGAN, KL- | MAE, PSNR, MS- | 128x128x128
UNet/Patch-Level) | divergence con- | SSIM, FID
straint, MAE, Per-
ceptual (VGG-16

50)

Lin et al. [2021]°! MRI, PET | ADNI#/ RevGAN Adv, Cycle consis- | SSIM, PSNR 96x96x48
tency

Pan et al. [2019] MRI, PET | ADNI¥ FGAN Ady, Feature- | MAE, PSNR, SSIM, | N/D
Consistent AUC

Yan et al. [2018] MRI, PET | ADNI¥ cGAN Adv, MAE Visual, SSIM, Acc, | 160x160x96

AUC

Table 4: Compact overview of reviewed studies with other modalities, sorted by modality and then by year of publication, indicating the modality, and
the datasets used with the respective localisation, if available. It also shows the network used, the loss functions, the evaluation metrics, the resolution
of the synthetic data generated, and whether or not it is a medical application. The abbreviations used in this table can be found in List 4 or in Section
1.1 (Acronyms and Abbreviations)

Study Modality Med | Dataset Network (G/D) | Loss function | Metrics Comments
Muzahid CAD No ModelNet10/40°> PC-GAN (PG- | Adv, Acc Visual, Acc, Clustering | 32x32x32
etal. [2021] GAN/cGAN
based)

Greminger CAD No Synthetic data gener- | MSG-GAN Hinge Compliance, Fraction of | 32x32x32
[2020] ated by CadQuery®3 Unmachinable Voxels
Kniaz et al. | CAD No SyntheticVoxels®>, Z-GAN (pix2pix | MAE, Adv IoU 128x128x128,
[2020]54 VoxelCity>® based) Voxel/ PC
Li et al.| CAD No ShapeNet*’, Pix3D°%, | MP-GAN Adv FID, Acc 64x64x64
[2019] Stanford car®, CUB-

Birds-200-20115°

49ADNI

50Hu et al. [2022]
51Code available upon request
52ModelNet10/40
53CadQuery

547-GAN
55SyntheticVoxels
56V0xelCity
57ShapeNet

58pix3D

59stanford car
60CUB-Birds-200-2011


https://adni.loni.usc.edu/
https://www.frontiersin.org/articles/10.3389/fnins.2021.646013/full#h9
https://modelnet.cs.princeton.edu/
https://github.com/CadQuery/cadquery
https://github.com/vlkniaz/Z_GAN
http://www.zefirus.org/SyntheticVoxels
http://www.zefirus.org/Z_GAN
https://arxiv.org/pdf/1512.03012.pdf
https://openaccess.thecvf.com/content_cvpr_2018/papers/Sun_Pix3D_Dataset_and_CVPR_2018_paper.pdf
http://ai.stanford.edu/~jkrause/cars/car_dataset.html
https://authors.library.caltech.edu/27452/1/CUB_200_2011.pdf

9¢

Yang et al. | CAD No ModelNet40°° 3D-RecGAN Modified CE, | IoU, CE 64x64%64,
[2017]%! WGAN-GP Voxel/ PC
Wang et al. | CAD, RGB-D No Real-world scans®, | ED-GAN (cGAN | Adv, CE, MAE | CE, Acc 32x32x32,
(201712 ModelNet10/40% based) 128x128x128
Sciazko et al. | FIB-SEM No Ni70GDC30, GAN2Dto3D Adv Average volume frac- | 64x64x64
[2021] Ni30GDC70, tions, Volume fraction
Ni70GDC30(200MPa), variations, = TPB/DPB
Ni30GDC70(200MPa) densities
Gupta et al. | Microscopy Yes EMPIAR-10061%° CryoGAN Adv, WGAN- | Reconstruction resolu- | 180x180x180
[2021]64 (cryo-EM) EMPIAR-1002856 (cryo-EM GP tion (A)
physics simula-
tor)
Chen et al. | Microscopy Yes Human kidney SpCycleGAN Ady, Cycle | DSC, Type-1/Type-1I er- | 128x128(x128)
[2021] consistency, ror, Acc, IoU, Pre, Sen, | Pos-
Spatial F1 processing

Tang et al. | Microscopy Yes Janelia-Fly/Tokyo- cGAN MAE, Adv PSNR, SSIM 128x128x32
2020] Fly®’
Ho et al. | Microscopy Yes Rat kidney SpCycleGAN Ady, MAE, | Pre, Sen, F1 128x128x128
[2019] (Fu | (Fluorescence, MSE
etal. [2018]) two-photon)
Han et al. | Microscopy Yes Rat kidney SpCycleGAN Ady, Cycle | MAPE, F1, Sen, Pre 128x128x128,
[2019Db] (Fluorescence, consistency, 128x128x32,

two-photon) Spatial, MSE 64x64x64
Baniukiewicz | Microscopy Yes Cells (several | cGAN MAE, Adv Visual, F1, Sen, Pre 256x256%66
etal. [2019]58 | (diSPIM light sources®?) (stack  of

sheet, LSFM, 66 images

Confocal mi- 256x256)

croscope)
Liu et al. | RGB-D No ModelNet40°°, DLGAN (ED- | Adv, Latent | IoU, CE 64x64x64
[2021] KinectData”® GAN) vector, Depth
613D-RecGAN
623D Shape Completion

63Real-world scans

64CryoGAN

65EMPIAR-10061
66EMPIAR-10028

67Janelia-Fly/ Tokyo-Fly
68 pix2pix_3D_multichannel
695ources: here, here, here

70KinectData



https://github.com/Yang7879/3D-RecGAN
https://github.com/Fdevmsy/3D_shape_inpainting
https://arxiv.org/pdf/1604.03265.pdf
https://github.com/harshit-gupta-cor/CryoGAN
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Lc

Liu et al. | Seismic reflec- | No Synthetic model, F3 | semi- Adv, CE, MSE | Acc, F1 64x64x64
[2020a] tion data block seismic data”! supervised
GANs
Kench and | Synthetic, x- | No Several materials’> SliceGAN Adv, WGAN Visual, Volume fraction, | 64x64x64
Cooper ray, KPFM, Relative surface area,
[2021]72 SEM Relative diffusivity
Yang et al. | Synthetic (Data | Yes Synthetic  isotropic | CycleGAN LSGAN, Cycle | NRMSE, PSNR, SSIM, | 64x64x64
[2021a]74 simulator, quad-view embryo | based  (CNN | consistency, | CC
PSE) and C. elegans’® based/multi- MSE
scale)
Nozawa et al. | Synthetic No 3D car meshes’’, | cGAN Adv, MAE, CE | Visual 64x64xViews
[2021] Contour sketches (recon-
struction
using  sev-
eral views),
Voxel/ PC
Shen et al. | Synthetic No 653 3D Strand-level | WGAN-GP WGAN- MSE, Visual 128x128x96
[2021] models’8 GP Con-
tent, Style,
Laplacian,
Projection,
Orientation
Danu et al. | Synthetic Yes 2D/3D vessel-like | GAN (N/D) Adv Visual 128x128,
[2019] structures, 3D 64x64x64,
stenosed blood vessel 128x32x32,
segments Meshes
/Voxel
Halpert Synthetic No SEAM Phase I syn- | DCGAN Adv Visual 32x32x32
[2019] (Earth Model) thetic model”®

713 block seismic data

728liceGAN

73See their Table 2
7AMultiViewFusion

75pSE

“6Synthetic isotropic quad-view embryo and C. elegans

773D car meshes
78Strand-level models: here, and here

79SEAM Phase I synthetic model
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https://github.com/stegmaierj/MultiViewFusion
https://www.nature.com/articles/nmeth.2929
https://www.nature.com/articles/nmeth.2929
https://shapenet.org/
http://www.hao-li.com/publications/papers/siggraphAsia2018HSUVVA.pdf
http://www.kunzhou.net/2016/autohair.pdf
https://library.seg.org/doi/book/10.1190/1.9781560802945

3.5 Applications

This section summarises all works in two different ta-
bles, sorted by application. Table 5 contains all medi-
cal papers, sorted by application and organ, and Table
6 contains all non-medical papers, also sorted by ap-
plication and structure. Animal and cell studies were
considered medical applications.

In Table 5 it is possible to find the columns: Appli-
cation, Modality, Study, Network, Organ, and Notes.
As specified in the Organ column, the cells have sev-
eral sources, such as kidneys, embryos, neurons, and
blood vessels. The last column highlights the main
contribution of the paper. Image translation is the
main application of GANs in a medical context, as can
be seen in Figure 6.

Figure 7 shows the number of medical publications
sorted by the number of papers on a specific organ. It
can be seen that the most studied organ is the brain,
followed by the lungs. The study of 3D structures of
cells with GANs is also very popular. Figure 13 shows
all GAN architectures used in each application. The
cGAN architecture is the most commonly used ar-
chitecture in various applications, but it can be seen
that CycleGAN-based architectures are the preferred
choice for image translation and multimodal data.

The application "General" refers to the use of GANs
only for the generation of synthetic data without a
specific purpose, or that only proposals are presented
but not developed in the papers.

Table 6 has the columns: Application, Modality,
Study, Network, and Structure. The last column con-
tains the objects used in the study, although in some
cases different objects are used, so it is simply written
Objects or Models. The number of papers per applica-
tion is shown in Figure 6, where Reconstruction is the
main application of GANs in a non-medical context.
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Table 5: Compact overview of reviewed medical papers sorted by application, then by modality and year. The application, the studied organ and the
highlights/notes are the main purpose of this table

Rectum

Application Modality Study Network Organ Notes
Classification CT Buetal. [2021] cGAN (3D-Unet/ | Lung Boost the overall performance of the lung
3D CNN) nodule detection network by 2.53%
Classification CT Pesaranghader | CT-SGAN Lung Pretraining the nodule detection classifier on
etal. [2021] synthetic volumes and fine-tuning on the
real data
Classification CT Han et al. | MCGAN (U-NET/ | Lung Generating lung nodules using bounding
[2019a] Pix2Pix) box and adding surrounding tissues
Classification Microscopy Baniukiewicz cGAN Cells When 3D label is not available, create
etal. [2019] pseudo-3D synthetic cell data from individ-
ually generated 2D slices
Classification MRI Dikici et al. | cGANe (DCGAN | Brain Provide a novel data-sharing protocol
[2021] based)
Classification MRI Momeni et al. | conditional  Le- | Brain It can be applied on unseen dataset with dif-
[2021] sionGAN  (cGAN ferent MRI parameters and diseases
based)
Classification MRI Jung et al. | cGAN Brain The classification task improved
[2020]
Classification MRI Zhuang  and | ICW-GAN Brain It showed that not all data augmentation
Schwing [2019] methods are equally beneficial
Denoising OCT Li et al. [2020] GAN (N/D) Brain This provided more data for noise reduction
training
Image translation | CBCT to CT Qinetal. [2021] | GAN  (Residual- | Lung Investigated the dose validation accuracy
Unet/CNN)
Image translation | CBCT to CT | Harms et al. | res-cycle GAN Brain, Pelvis | CBCT allows for daily 3D imaging, for en-
(corrected [2019] hanced image-guided radiation therapy
CBCT)
Image translation | CT to CBCT Wei et al. [2020] | cGAN Lung Handle the discrepancy between the DRR
from CT and an x-ray projection
Image translation | CT and Low | Leietal.[2020b] | CycleGAN Whole Body | This technique could be a useful tool for low
count PET to dose PET imaging
full count PET
Image translation | CT to MRI Yang et al. | CAE-ACGAN Brain Multi-contrast MR synthesis
[2021Db]
Image translation | CT to MRI and | Gu and Zheng | Dual3D&Patch- Brain Creation of a model using transfer learning
vice versa [2021] GAN (3DGAN approach
based)
Image translation CT to MRI Leietal. [2020a] | CycleGAN Prostate, Facilitate routine prostate-cancer radiother-
Bladder, apy treatment planning
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Image translation | CT to MRI vice | Caietal. [2019] | CycleGAN Heart, Pan- | Cross-modality to improve segmentation of
versa (cGAN/Patch- creas, Breast | multiple data sources in an online manner
GAN)
Image translation | CT to MRI and | Zhang et al. | CycleGAN Heart Multiclass segmentation using online syn-
vice versa [2018, 2019Db] thetic data generation
Image translation | MRIto CT Schaefferkoetter | CycleGAN Whole Body | The synthetic CT data used for PET attenua-
etal. [2021] (Residual- tion correction
Unet/patchGAN)
Image translation | MRIto CT Liu et al. | denseCycleGAN Liver Use MRI-only photon or proton radiother-
[2020Db] apy treatment planning
Image translation | MRIto CT Zeng and | hGAN (CycleGAN | Brain Less data and computational resources
Zheng [2019] based) needed due to hybrid approach
Image translation MRI to PET Hu etal. [2022] BMGAN (Dense- Brain Preserves the diverse brain structure details
UNet/Patch-Level)
Image translation | MRIto PET and | Linetal. [2021] | RevGAN Brain It uses only one bidirectional generator
vice versa
Image translation | MRIto PET Panetal. [2019] | FGAN Brain Achieves the state-of-the-art performance in
AD identification and MCI conversion pre-
diction
Image translation | MRIto PET Yan et al. [2018] | cGAN Brain The MCI progression classification improved
7%
Nuclei counting Microscopy Han et al. | SpCycleGAN Cells (Kid- | The method is capable of counting nuclei in
[2019b] ney) 3D
geDCO_I:Z%I;CUOH Microscopy Gupta et al. | CryoGAN (cryo- | Biomolecule | CryoGAN currently achieves a 10.8A resolu-
[2021] EM physics simu- tion on a realistic synthetic dataset
lator)
?Zelg(ir:gtlgl)lctlon Synthetic Yang et al. | CycleGAN Cells (Em- | 3D multi-view deconvolution and fusion us-
[2021a] based (CNN | bryos) ing semi- and self-supervised networks
based/multi-
scale)
Efgg?i%‘ilgc;on CT (CTP) Moghari et al. | cGAN Brain This method could allow dose reduction in
[2019] CT Perfusion
Segmentation CT Zhang et al. | PGGAN Pelvis Semi-supervised learning for semantic seg-
[2021] mentation
Segmentation Microscopy Chen et al. | SpCycleGAN Cells (Kid- | The non-ellipsoidal nuclei approach
[2021] ney) achieves improved segmentation on vol-
umes with irregularly shaped nuclei
Segmentation Microscopy Hoetal. [2019] | SpCycleGAN Cells (Kid- | It can segment nuclei visually and numeri-
ney) cally
Segmentation Microscopy Tang et al. | cGAN Cells (Neu- | It improves the performance of neuron seg-

[2020]

ron)

mentation
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Segmentation MRI Maetal. [2020] | da-GAN Brain It can improve Hippocampal subfields seg-
mentation accuracy

Segmentation MRI and CT Yang et al. | N/D (3D-Unet/3D | Heart Helps to achieve better understanding car-
[2019] CNN) diovascular motion

General CT Xuetal. [2019] | MCGAN Lung More vigorous study is needed to verify

General MRI Rusak et al. | GAN (Pix2Pix | Brain Generate brain MRI with accurate borders
[2020] based) between tissue

General MRI Baumgartner VA-GAN (WGAN | Brain It can capture multiple regions affected by
etal. [2018] based 3D U-Net / disease

C3D)

General Synthetic Danu et al. | GAN (N/D) Cells (Blood | The synthetic blood vessels are indistin-

[2019] vessels) guishable from the real ones

Table 6: Compact overview of reviewed non-medical papers sorted by application, then by modality and year. The application and the studied structure
are the main purpose of this table

Application Modality Study Network Structure
Classification CAD Muzahid et al. [2021] PC-GAN (PG-GAN/cGAN based) | Objects®®
Classification CAD Greminger [2020] MSG-GAN Models®!
Classification Seismic reflection data Liu et al. [2020a] semi-supervised GANs Seismic facies
Reconstruction . . .

(2D ->3D) CAD Kniaz et al. [2020] Z-GAN (pix2pix based) Cars
Reconstruction . ; 78

(2D ->3D) CAD Lietal. [2019] MP-GAN Objects
Reconstruction : 78

(D ->3D) CAD Yang et al. [2017] 3D-RecGAN Objects
gelg‘f;%‘)mon CcT Krutko et al. [2019] SPGAN (3D DCGAN based) Porous Media
Reconstruction .

(2D ->3D) FIB-SEM Sciazko et al. [2021] GAN2Dto3D Electrode
Reconstruction . ; 78

D ->3D) RGB-D Liu et al. [2021] DLGAN (EDGAN) Obijects
Reconstruction .

(2D ->3D) Synthetic Nozawa et al. [2021] cGAN Cars
Reconstruction . .

(2D ->3D) Synthetic Shen et al. [2021] WGAN-GP Hair
?Zelgtfrs%tgl)lctlon Synthetic, x-ray, KPFM, SEM | Kench and Cooper [2021] | SliceGAN Electrode

80Diversified objects

81\odels to be manufactured
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Reconstruction

(Low ->High) CAD, RGB-D Wang et al. [2017] ED-GAN (cGAN based) Objects™

g?;v(\)zritlfllilgg)on Synthetic Halpert [2019] DCGAN Seismic

General CT Chen et al. [2020] WGAN with two discriminators Porous Media

General CT (XCT) Gayon-Lombardo et al. | DCGAN Electrode
[2020]

General CT Liu et al. [2019] DCGAN Porous Media

General Micro-CT Mosser et al. [2017] DCGAN Porous Media




3.6 Visual Results

As explained in Section 3.2, visual judgement is cur-
rently the most widely used evaluation tool and one of
the best for assessing the images produced by GANs.
Therefore, almost every publication presents some
real and synthetic images that allow the reader to
check the realism of the synthetic data. However, in
some cases, it is very difficult to assess this realism
because the 2D rendering processes of the paper can
change the colour, resolution, and other properties
of the images, e.g. MRI or CT scans. Some authors
make the trained generator or some synthetic data
freely available, but others do not, making it difficult
for readers to perform visual assessments.

Fortunately, it is usually possible to check the im-
provements only on the basis of the images provided,
as the authors are aware of these limitations. In this
section, we present some selected images from some
reviewed papers, as they can best reflect the realism
of the generated synthetic data. We have selected im-
agesrelated to different organs (medical domain) and
different structures (non-medical domain).

Figure 14 shows the cGANe system developed by
Dikici et al. [2021]. They offer a novel protocol for
sharing data by generating synthetic data from the
original dataset, validating it and making it available
at client sites. This inherent anonymization capacity
of GANs was already explored by Shin et al. [2018].

Modality
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Figure 14: Constrained GAN ensemble for data sharing Di-
kicietal. [2021].
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The error images are used in Figure 15 to help the

readers identify the differences between the ground
truth, a scan generated by the proposed method, and
two others generated by a 3D Fully Convolutional
Neural network and a vanilla GAN. The whiter the
error images are, the more similar the synthetic and
the original images. In image translation with paired
images, this comparison is possible because ground
truth is available. However, some authors choose not
to use these error images, as can be seen in 16 and
17. In some situations, it is not possible to create
them, e.g., when ground truth is not available Zeng
and Zheng [2019].

Proposed DCG

Figure 15: Original axial CT images and synthetic CT im-
ages generated by dense-cycle-GAN (DCG) developed by
Liu et al. [2020b], 3D Fully Convolutional Neural network
(FCN) and vanilla GAN. The second and last rows are the
difference image between original CT and the generated CT
images.
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Figure 16: On the left side three orthogonal sections through
the centre of the 3D cardiac volumes are shown. The top
right displays the pancreatic volumes of the maximum
cross-sectional area. The bottom right shows real and syn-
thetic mammographic lesion patches Cai et al. [2019].
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d
Lung CT (Real nodule w! surroundings, 64 = 64 = 64)

Lung CT (Synthetic nodule wi surroundings, 84 » 64 x 84)

Lung CT (L1 loss-added synthetie nodule w! surroundings, 64 x 64 x §4)

Figure 17: 2D axial view of: First row — Real nodules; Sec-
ond row — Lung nodules replaced by noise of dimension
32x32x32; Third row— Synthetic nodules with surrounding
tissue; Fourth row — Synthetic nodules using L; loss with
surrounding tissue Han et al. [2019a].

If the generation of synthetic data is only an inter-
mediate step, this visual analysis is not very impor-
tant if it is successful in its purpose. Han et al. [2019a]
improved the nodule detection algorithm by using
synthetic data. Figure 17 shows the results of gener-
ating synthetic nodules and inserting them into sur-
rounding tissue with and without using the L; loss. In
this case, it is possible to see the differences between
the two approaches.

Lei et al. [2020a] trained a CycleGAN-based archi-
tecture to perform image translation from CT to MRI
to achieve better soft tissue contrast. Again, the focus
of this work is not on the realism of synthetic MRIs,
but on improving segmentation when synthetic data
are available. In Figure 18 it can be seen that the
segmentation performed with synthetic data outper-
forms the other two when compared to manual seg-
mentation (a3).

The CycleGAN architecture is so versatile that it can
also be used for image translation in small structures
such as the heart, pancreas, and mammograms, as
seen in Figure 16 by Cai et al. [2019]. It can even be
used for translating whole body images, as shown in
Figure 19 developed by Lei et al. [2020b].

Still in the medical field, GANs have been used suc-
cessfully by Danu et al. [2019] to generate stenosed
segments of coronary arteries and by Gupta et al.
[2021] to generate reconstructions of the 80S Ribo-
some, as seen in Figures 20 and 21. This last work dif-

Figure 18: Comparison between original and synthetic
scans generated by the method proposed by Lei et al.
[2020a], and segmentations: (al) CT image; (a2) synthetic
MRI; (a3) manual segmentation of bladder, prostate, and
rectum. (bl) segmentation by DSUnet; (b2) segmentation by
DAUnet trained on CT data; (b3) segmentation by DAUnet
trained on synthetic MRI data.

Screenshot

Figure 19: Visual results. (al-a4) shows the sagittal views of
CT, low count PET, full count PET and synthetic full count
PET images. (b1-b4) shows the coronal views Lei et al.

[2020Db)].

fers from the others because a CryoEM physics simu-
lator was used as a generator instead of a deep learn-
ing architecture.

The use of GANs to generate 3D data is not limited
to medical imaging, as explained earlier. They can
also be used to generate synthetic porous media or 3D
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Figure 20: Stenosed segments of coronary arteries Danu
et al. [2019]: Top — training surfaces; Bottom — syntheti-
cally generated using the GAN model.

Ground Synthetic data Ground EMPIAR-10028
Truth Reconstruction Truth Reconstruction
(Filtered) (Filtered)

Figure 21: Different views of the 80S Ribosome and recon-
struction using CryoGAN Gupta et al. [2021]. First column
— 80S Ribosome from EMPIAR-10028; Second column —
CryoGAN reconstruction from synthetic data with; Third
column — 80S Ribosome filtered; Fourth column — Cryo-
GAN reconstruction filtered.

car shapes from sketches, as shown in Figures 22 and
23, or even various everyday objects Muzahid et al.
[2021]. These works demonstrate the wide versatility
of GAN architectures.

It would be beneficial to the paper if in addition
to the error images, the authors also represented the
evolution of training, as made by Liu et al. [2019] and
shown in Figure 23. It is known that the GANs train-
ing is very unstable and during training the output
may deteriorate, butif no training breakdown occurs,
such as mode collapse, the discriminator will eventu-
ally improve the output of the generator.

Figure 22: Examples of 3D car shapes generated by the sys-
tem created by Nozawa et al. [2021] with side-view sketches.
Top left white lines are input contour sketches; blue point
clouds are corresponding outputs.

Iterations

Real images Synthetic images

ﬁ
Figure 23: Real and generated images during training pro-

cess for Berea sandstone and Estaillades carbonate sample
Liuetal. [2019].

Berea
Sandstone

Estaillades
Carbonate

B k¥

4 Discussion and Conclusion

Using GANSs to generate volumetric data has become
a highly researched topic, although it was not ex-
plored much in the first two years of the existence
of GANs. This review has shown that GANs are ca-
pable of generating synthetic data that can be used
for various medical and non-medical purposes. How-
ever, the generation of volumetric data is of great im-
portance for the medical field, as volumetric medical
imaging such as CT, MRI, and PET is increasingly be-
ing used, and the need for suitable pipelines to pro-
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cess these data is growing. Problems such as classi-
fication, segmentation or even reconstruction have
already been heavily studied, both for medical and
non-medical fields.

Other papers: The authors are aware of a few rele-
vant papers that were not covered by the systematic
review search. However, they are worth mentioning
because of their novel results.

Ferreira et al. [2022a] and Ferreira et al. [2022b] de-
veloped a pipeline for generating synthetic rat brain
MRISs by relying on the alpha-GAN architecture Rosca
et al. [2017]; Kwon et al. [2019], but with two differ-
ent goals in mind. The first work addressed the need
of large datasets to train deep learning models and a
solution to this challenge, i.e. the use of GANs. They
proved that it is possible to use synthetic data gen-
erated by GANs to improve existing segmentation al-
gorithms. The second paper went even further and
proved that synthetic data can outperform the use of
conventional data augmentation and showed that in
this particular case conventional data augmentation
is actually suboptimal. As far as we know, these are
the first papers in which synthetic MRI scans of rat
brains have been generated. This workis the evidence
that GANs can also be used in preclinical studies.

Sun et al. [2020] proposes an architecture based on
GANs to solve thelimited amount of labelled datasets.
The MM-GAN can translate label maps into 3D MRI
without distorting the pathology. They proved the
extensibility of their approach by using the BraTS17
dataset and a new dataset (LIVER100).

Tendencies of 3D volume data generating with
GANs: Most of the works use existing GAN archi-
tectures that have been adapted and improved for
the problem at hand. Architectures such as Cycle-
GAN, cGAN, WGAN/WGAN-GP progressive growing
GANs (PGGAN), and DCGAN were first developed for
2D data generation and then adapted to volumetric
data. As mentioned earlier, the main state-of-the-art
GAN architectures are 2D-related. These works are so
remarkable that researchers usually decide to adapt
them for volumetric generation instead of trying to
achieve such results from scratch.

The use of CycleGAN-based architectures is a pre-
ferred choice for many applications, namely image

translation, nuclei counting, reconstruction, and seg-
mentation, as it is not limited to the use of only
one modality. Its ability to handle multimodality is
a valuable asset that has already been explored, es-
pecially for medical data. It is well known that the
use of more than one medical modality for diagno-
sis is widespread, as it offers more information. It
is highly desirable to have pipelines that are able to
mimic physicians who use more than one modality
when treating patients Heiliger et al. [2022]. As shown
in Huang et al. [2020], using multimodal data can lead
to higher accuracy and better imitate human experts.
Therefore, itis only natural that versatile mechanisms
capable of handling them are the next steps in which
the CycleGAN-based architecture can have a crucial
role.

For non-medical applications, cGAN and deep
convolutional generative adversarial networks (DC-
GAN) have been the preferred choice. From this re-
view, it can be seen that volumetric data generation
has been applied more to medical data than to non-
medical data, limiting the development of the latter.
In the majority of papers, authors preferred to keep
the use of GAN networks at a simpler level without us-
ing more complex networks. While this is not a short-
coming, it would be interesting to use more complex
networks to provide deeper conclusions.

Another approach was developed by Han et al.
[2019a], that does not generate the entire volume.
They created a pipeline to generate lung nodules in
the desired position, size and attenuation by creating
small volumes (32%) with nodules and adding them
to the surrounding tissue, creating 643 volumes. This
technique can also be extended to various other types
of lesions in other organs by converting the scans
from healthy patients to diseased ones. It can also
be applied beyond medicine, for example to create
a specific porous media between other materials or
to create synthetic fractures in materials. This allows
saving computational resources and a more stable
training due to the small output size of the generator.

It is also noted that latent space has not been ex-
plored as much as it should. As explained in Frage-
mann et al. [2022], the "black box" inherent in gen-
erative models should be eliminated by better under-
standing the models and exploring techniques such
as disentanglement. Therefore, this deep understand-
ing and exploration can also be the next approach to
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the use of GANs, rather than creating new architec-
tures.

CycleGAN-based: In works such as Zhang et al.
[2018, 2019b], this technology is used to generate MRI
scans from CT and vice versa to increase the amount
of data available for multiclass segmentation of the
heart. Generating one modality from another is also
applied to the liver, brain or even the whole body, as
can be seen in table 5, showing the versatility of these
architectures. In works such as Schaefferkoetter et al.
[2021]; Zeng and Zheng [2019]; Zhang et al. [2019D,
2018], the use of GANs have proven to be benefi-
cial for exploiting multimodal medical datasets, even
when only unpaired data exists.

Challenges: However, many challenges remain,
such as those mentioned in Section 2. Instability,
mode collapse, non-convergence and diminished
gradient are even more difficult to overcome when
dealing with volumetric data. To process this type of
data, computers with high processing and storage
capacity are required. Some works address this last
challenge and try to solve it. Nozawa et al. [2021]
used multiview depth images as an intermediate
representation and then created the volume by re-
composing multiple views. Jung et al. [2020] replaced
the 3D Generator with a 2D Generator, keeping a 3D
and a 2D Discriminator, which allowed faster training
with lower memory consumption and still good 3D
quality. Pesaranghader et al. [2021] was also able to
create volumes with dimensions larger than 2243 by
generating several slices and then assembling them
instead of processing the entire volume at once.

A consistent metric for comparing different mod-
els is also crucial. For example, if two papers use the
same data set to generate new data, it is very diffi-
cult to compare which model is better. For recon-
struction or noise reduction problems, this problem
is mitigated by having ground truth available, e.g., in
Harmsetal. [2019]; Leiet al. [2020b]; Liu et al. [2020Db];
Li et al. [2020], as the use of PSNR is widely accepted,
but for modality generation Lei et al. [2020Db], itis very
difficult to use only unpaired data, or when the goal
is to generate new scans Xu et al. [2019]. Even qual-
ity control through human judgement is a bottleneck,
as the developer may not have the required expertise
in the field at hand, e.g. medical image analysis, and

relies on expert feedback, which is difficult to obtain,
very expensive, and time-consuming.

GANSs can also be a threat, as they can be used to de-
ceive people. Recently, there have been increasing re-
ports of the use of synthetic videos and voices in video
calls 82. This technology can be harmful, but it can
also be used to combat them.

Research Questions:

1. What are the different applications of GANs in
the generation of volumetric data?

GANs are used in various fields, whereby a dis-
tinction can be made between medical and non-
medical fields, since most works are in the med-
ical field. They can be used for classification,
reconstruction, denoising, nuclei counting, seg-
mentation, image translation and general pur-
poses, as can be seen in Tables 5 and 6.

2. What are the methods most frequently or suc-
cessfully employed by GANSs in the generation of
volumetric data?

Since it is not possible to make a good com-
parison between the models, it is not easy to
assert which GANs are more successful in gen-
erating volumetric data. However, CycleGAN-
based architectures are chosen very often and
have achieved good results, followed by archi-
tectures based on cGAN, DCGAN, and WGAN /
WGAN-GB as can be seen in Figure 13 and Tables
2,3 and 4.

3. What are the strengths and limitations of these
methods?

The use of GANs has proven to be a power-
ful tool for handling multimodal data, for data
augmentation, and for anonymisation. How-
ever, there are several problems that have already
been mentioned in the Remaining problems
section. The lack of a consensus metric to com-
pare GANs, the instability of training, and hard-
ware limitation remain major challenges, espe-
cially when dealing with volumetric data.

4. What improvements are sought through the use
of this technology?

82Deepfakes new
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This technology is widely used to generate
anonymised synthetic data for data augmenta-
tion, as shown in this review, due to the inherent
anonymisation capacity of GANs and because
of its realism compared to other generative ap-
proaches. The synthetic data can be used to im-
prove other Deep Learning algorithms by solv-
ing the problem of lack of data and being a good
aid for other data augmentation techniques. In
addition, GANs can also be used for denoising,
reconstruction and modality translation prob-
lems, making these architectures a powerful tool
to have always ready when other technologies
are not satisfactory.

Conclusion: In this systematic review, we give an
overview of GAN-based approaches for the genera-
tion of realistic 3D data. In doing so, we group the
screened works by the underlying data (dimension),
which can be 2D or 3D. Then, we further group them
by the targeted modalities, like 3D models, CT, MR],
PET, or combinations of modalities. We furthermore
extracted the used datasets and if they are public ones
that are available to the research community, or if
these are so-called private or in-house repositories
that are not (yet) available to the community. Note
that even if making datasets available alongside pub-
lications is becoming more and more common these
days, there may be reasons for keeping data under
lock. Making data, especially medical data, public re-
quires much more efforts and extended or additional
ethics approvals. It can also be that the institution
that generated the data, e.g. a hospital, allows study-
ing the data but forbids its publication, or that the
disease is so rare in the institution that it does not
make sense to publish it because only a few cases are
involved. Another reason can be, that the authors
want first to exploit the data for further studies and
publications, e.g. for rare disease cases, which can
be understandable, because creating data collections
requires a certain amount of effort, especially large
ones, including further manual processing such as
creating ground truth segmentations. Getting an in-
ternal review board to share the data with internal
and external partners involved in the study also takes
time and a lot of work, with regard to preparation and
anonymisation.

In addition to the datasets and modalities, we ex-

tracted the data types, the network architectures, the
loss functions, evaluation metrics and resolutions for
every reviewed work. It was concluded that the main
modality used was CT, followed by MRI, and that
the use of multimodal data is widely used specially
in the medical context. Image translation was the
main use of GANs, followed by Reconstruction, which
explains the extensive use of CycleGAN-based and
cGAN-based architectures. It can be seen that, espe-
cially in the non-medical context, the use of synthet-
ically generated datasets to train GANs was a trend
in the last year (2021). In the medical context, the
use of multimodal data has been explored every year,
proving the importance and need for appropriate
pipelines to process this type of data.

Research Opportunities: GANs could be used to
generate synthetic head scans of faces, as defacing
head scans is not always an option, e.g., for medical
Augmented Reality Gsaxner et al. [2019] and facial im-
plants Memon et al. [2021]. In these works, it is not
possible to develop algorithms with satisfactory re-
sults once it is very difficult to obtain large datasets
with the face part, especially with the soft tissue. All
data must be accepted so that it can be published and
freely shared, but data like this are very difficult to ac-
ceptbecause they are not anonymous since they have
the face part. Therefore, generating synthetic faces
for these scans would be a good solution to this chal-
lenge.

The creation and deployment of a full data
anonymisation framework could be a good solution
to data sharing problems, as proposed by Shin et al.
[2018]. It would also be very interesting to develop
a tool that is able to automate the whole process of
training and generating synthetic data, similar to the
nnUNet Isensee et al. [2021], which is able to config-
ure itself and choose the best network architecture,
training, pre- and post-processing for each new task.

The use of multimodal data as input is a little ad-
dressed topic. An example of the benefits of using
multimodal data is Lei et al. [2020b], which generates
a full PET count from low-count PET and CT scans.
There are several works that include multimodal data
in the training dataset, but they are used to train an
image translator and do not exploit the full poten-
tial that this dataset can offer, i.e. they only use one
modality at a time. For example, the use of PET+CT
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scans to produce MRI could be relevant.

In order to improve GANs, a uniform evaluation
metric should be established to allow better compar-
ison between models from different studies. It would
also be very important to find a metric that is close
to human judgment to improve the results of GANSs,
especially when volumetric data is used. FID adapta-
tion to volumetric problems is not generally accepted
because itis computationally intensive and lacks spa-
tial context. Research in this area is more important
than the development of new GAN architectures, as
several different architectures are already available
that show great potential butlack appropriate metrics
and loss functions. The next developments of GANs
can also proceed through the exploration of latent
space and use more techniques such as disentangle-
ment. In a medical context, the best approaches will
probably be the use of multimodal data, which makes
CycleGAN-based architectures highly preferable.
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