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Abstract
Purpose  This paper reviews recent applications of Generative Adversarial Networks (GANs) in Positron Emission Tomog-
raphy (PET) imaging. Recent advances in Deep Learning (DL) and GANs catalysed the research of their applications in 
medical imaging modalities. As a result, several unique GAN topologies have emerged and been assessed in an experimental 
environment over the last two years.
Methods  The present work extensively describes GAN architectures and their applications in PET imaging. The identifica-
tion of relevant publications was performed via approved publication indexing websites and repositories. Web of Science, 
Scopus, and Google Scholar were the major sources of information.
Results  The research identified a hundred articles that address PET imaging applications such as attenuation correction, 
de-noising, scatter correction, removal of artefacts, image fusion, high-dose image estimation, super-resolution, segmenta-
tion, and cross-modality synthesis. These applications are presented and accompanied by the corresponding research works.
Conclusion  GANs are rapidly employed in PET imaging tasks. However, specific limitations must be eliminated to reach 
their full potential and gain the medical community's trust in everyday clinical practice.
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Introduction

Generative Adversarial Networks (GAN) are a dominant 
image generation strategy with countless applications. 
GANs dedicated to imaging tasks are special topologies of 
Convolutional Neural Networks (CNN), often addressed 
as Deep Learning (DL), though DL has a broader mean-
ing. CNNs are special Neural Networks (NN) that expertise 
mainly in images. The mathematical operation of convolu-
tion is the cornerstone of CNNs, which transform the input 
data to feature maps, representing the input data on a higher 
and more abstract level. Typical GANs consist of two CNNs, 

namely a generator and a discriminator. The generator CNN 
outputs a synthetic image, given a latent vector as input. 
The discriminator is responsible for distinguishing between 
authentic and synthetic images. Meanwhile, a specific loss 
function calculates the back-propagated losses to the genera-
tor. The two CNNs play a minimax game until the generator 
has learned how to deceive the discriminator and vice-versa.

Before GANs had emerged, the synthetic images were 
produced by applying geometrical, texture, histogram and 
other transformations. As a result, the synthetic images 
lacked diversity and limited their utilisation. GANs 
are employed in a broad range of domains, including 
image-to-image translation, text-to-image translation, 
face frontal-view generation, photograph editing, super-
resolution, 3D object generation, even cybersecurity [1]. 
Their applications in several sectors of human activity are 
described in full detail [2].

Medical imaging is a challenging field of application 
for GANs. Medical information is a disparate source 
of information. Although performed by algorithms and 
methods that share the same fundamental concepts as 
conventional image-processing algorithms, medical 
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image processing poses critical challenges. Medical 
images capture sensitive information, and their diagnostic 
interpretation affects clinical decisions. Hence, medical 
imaging concepts, methods, and computational models 
must be accountable. GANs have rapidly found application 
in this domain and enjoy research attention by companies, 
institutes and researchers.

Nuclear Medicine (NM) imaging differs from other 
imaging modalities due to applying radioactive tracers 
injected into the human body before image acquisition by 
specific detectors. As a result, NM imaging is a challenging 
field for Artificial Intelligence (AI) methods, specifically 
DL and GANs. Nensa et al. [3] gave a short review of 
AI applications in NM, separating the domains of interest 
into planning, scanning, reading, and reporting. They also 
reported a brief timeline of major AI developments over 
the last 80 years. A short review of AI and ML in NM is 
presented in [4, 5].

In Koshino et  al. [6], the authors reviewed several 
GAN-based topologies with medical and molecular imag-
ing applications. Modality conversion, image de-noising, 
image reconstruction, domain adaption, and super-reso-
lution were mainly described for CT and MRI imaging.

Cheng et al. [7] presented the applications of AI in 
NM. Their review was focused on scatter correction, 
image reconstruction, multiple modality image fusion, 
and internal dosimetry. Radiation exposure reduction 
and artefact correction in medical imaging using GANs 
were reviewed in [8]. Arabi et al. [9] extensively reviewed 
AI methods in PET and SPECT imaging. Although they 
examined multiple application domains, the representation 
of GANs was sparse (8 scientific papers). Manjooran et al. 
[10] presented AI methods for cross-modality synthesis 
from MRI to PET, including selected GANs. Zaharchuk 
[11] examined DL applications for hybrid PET/MR and 
PET/CT imaging, including low-count PET imaging 
and image synthesis. The same author reviewed AI 
methods for the same modalities to address challenges 
such as attenuation correction, PET reconstruction, dose 
minimisation, fast-scanning, and cross-modality synthesis 
[12]. In the review paper of [13], the authors described 
the applications of Machine Learning and DL methods 
in quantitative PET. More specifically, they focused on 
the low-count PET image reconstruction method and PET 
image attenuation correction.

Recent literature research has not systematically repre-
sented GAN's applications and challenges in PET imaging. 
In the present review article, the reader can get a coher-
ent and comprehensive insight on the GAN topologies and 
implementations that facilitate PET imaging activities. 
Research has been performed to identify and distinguish 100 
related publications. The selection criteria, the research key-
words, and methods are presented and discussed.

Materials and Methods

Literature methodology and criteria

The identification of relevant publications was performed 
via approved publication-indexing websites and reposito-
ries. Web of Science, Scopus, and Google Scholar were 
the major sources of information. Multiple keyword com-
binations were used to mine research papers and select 
the initial library, including: "Generative Adversarial Net-
works", "GAN(s)", "Deep Learning", and “Positron Emis-
sion Tomography-PET”. The survey covered publications 
from January 2015 till November of 2021. During this 
period, a total number of 1986 publications qualified to 
constitute the initial library.

The publications were scanned to detect the keywords 
of interest in their main texts and exclude irrelevant pub-
lications. Initially, 121 publications were qualified for 
review. There were 11 review papers, most of which were 
appropriately referenced in the present article. Subse-
quently, 100 publications refer to applications of GANs 
in PET imaging.

Only English-language publications or an extensive 
English abstract were considered in the particular survey. 
Unpublished preprints were included but not extensively 
discussed due to the absence of peer review when this 
survey was conducted. The complete process is provided 
in Fig. 1

Generative Adversarial Networks: a special network 
topology

GANs belong to the so-called generative modelling. Gen-
erative modelling is an unsupervised learning procedure 
in ML that reveals patterns and contextual features in 
the input data to generate new samples belonging to the 
original training dataset given their similarity. GANs are 
unique Neural Network-based topologies [14]. Typical 
GANs in image synthesis tasks are called Deep Convolu-
tional GANs (DC-GANs) and consist of two independent 
CNNs, as shown in Fig. 2. Those two CNNs are trained 
simultaneously and are responsible for different tasks. 
The first CNN is the generator responsible for synthesis-
ing new images; the second network is the discriminator, 
distinguishing between synthetic and authentic images. 
The two networks play a minimax game. The discrimi-
nator becomes better at distinguishing between fake and 
real images during the training process, and the generator 
improves by producing authentic-like images. The two net-
works communicate with each other through an objective 
function. The generator learns to update its parameters 
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during each iteration to deceive the discriminator. Ide-
ally, the optimal point would be when the discriminator 
fails to recognise the synthetic images. At that point, the 
generator is no longer becoming better. Conversely, when 
the generator fails to synthesise authentic-like images, the 
discriminator is no longer improving. Based on the robust-
ness of those two networks and the quality and quantity of 
the training data, the generated examples can plausibly be 
considered real by the human eye.

Fundamentals of GANs

The first network acts as an image generator, named Gen-
erator (G). The second network's purpose is to distinguish 
between synthetic and authentic images, referred to as Dis-
criminator (D). The generator's input is an arbitrary latent 
space, symbolised as z. The output of G is a synthetic image, 

symbolised as Xg. Apart from the synthetic (fake) image Xg, 
the discriminator's input is also an actual image, Xr. The 
output of D is an assigned probability of the image being 
fake or real [14].

The G output is an image, xg, expected to visually resem-
ble the actual sample xr selected from the real data distribu-
tion pr(x). The nonlinear mapping function learned by G 
parametrised by θg is denoted as xg = G (z; θg). The discrimi-
nator’s input is either a real or a generated image. The output 
of the D, y1, is a single value indicating the probability of 
the input being real or fake. The mapping learned by D para-
metrised by θd is denoted as y1 = D (x; θd).

A distribution pg(x) is formed by the generated 
samples. After successful training, this distribution is 
expected to approximate pr(x). Although G is trained to 
confuse D as much as possible after a specific number of 
iterations, D and G desire to become experts in their tasks. 

Fig. 1   Literature review process

Fig. 2   Example of a GAN 
topology. A 32 × 32 synthetic 
image is produced from the 
generator, which gradually 
up-samples a latent space (Z) 
connected to a dense layer 
(D) to the output image using 
256,128, and 64 convolution 
(C) filters. The discriminator 
processes either a realistic or 
a synthetic image by applying 
several convolutions to extract 
important features. Those 
features are flattened (F) before 
a densely connected network 
(D) decides if the input image is 
real or fake
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Practically, as D improves its efficiency in distinguishing 
fakes from real images, G becomes better at generating 
fake images, which are difficult to distinguish from the 
real.

The gradient information is back-propagated from D to G, 
so G adapts its parameters to produce an output image that 
D cannot detect at the next step. The training objectives of 
D and G are mathematically formulated into the following 
equations:

Mathematically, D is simply a binary classifier with a 
maximum log-likelihood objective. If the discriminator D 
is trained to optimality before the next generator G updates, 
then minimising  LGAN

G
 is proved to be equivalent to mini-

mising the Jensen–Shannon (JS) divergence between pr(x) 
and pg(x) [5]. After training, the desired outcome is that the 
samples xg, produced by G, should approximate the real data 
distribution pr(x).

LGAN
D

= max E��∼��(x) [���D(xr)] + Exg∼pg(c) [log(1 − D
(

xg
)

)]

LGAN
G

= min E��∼��(x) [���(1 − D(xg))]

The above mathematical process reveals the context of 
the minimax game, which refers to the simultaneous opti-
misation of the two CNN components. More specifically, 
“min” refers to minimising the generator’s loss and “max” 
maximising the discriminator’s loss. The discriminator max-
imises the average log probability of authentic images and 
the log of the inverse probability for synthetic images. At 
the same time, the generator attempts to minimise the log 
of the inverse probability, as predicted by the discriminator 
for the synthetic images.

Plenty of GAN topologies have been proposed. The most 
utilised are summarised in the following sub-sections. The 
reader can inspect their architecture variations in Fig. 3. 
Also, in Fig. 11, the topologies are sorted based on their 
utilisation frequency.

Conditional GAN (cGAN)

The standard baseline, occasionally called Vanilla GAN, 
is not designed to handle image synthesis following spe-
cific user-defined conditions. Conditional GANs [15] are 

Fig. 3   Main GAN topologies employed in PET imaging
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networks aiming to generate a synthetic image characterised 
by a specific set of predefined features. For example, the 
desired synthetic image may vary in terms of the area of 
interest, the modality, or class. As an example, a cGAN may 
be developed to generate benign-only pulmonary nodules, 
given a training set of both benign and malignant samples. 
cGANs achieve this because their generators can receive 
an auxiliary input label. cGANs can generally synthesise 
images and capture knowledge that discriminates the images 
according to their conditional labels.

Pix2Pix

Pix2pix [16] is an image-to-image translation GAN. 
Pix2pix learns by pairwise training sets. Such networks 
receive real image pairs and pairs of real and synthetic 
samples. Hence, they learn relationships that translate 
one image to the other. The above is particularly useful 
in  situations where medical staff are interested in a 
cross-modality examination, wherein some images 
are missing, but their translations exist. Pix2pix uses a 
different loss function than the cGAN, which ensures 
that the generated image could belong to the content of 
the target domain and could also be a translation of the 
input image. The loss that the generator tries to minimise 
is twofold in this case. The generator of Pix2pix is a 
U-Net type encoder–decoder network, which does not 
receive its input from the latent space as it happens in 
the baseline GAN. Instead, its input is an image from the 
source domain. This is why conventional CNNs could not 
serve as generators, and encoder–decoder networks are 
used instead. The input images are progressively down-
sampled and up-sampled to produce the output image 
during this process.

CycleGAN

CycleGAN [17] consists of two generators and two 
discriminators. The generators convert an image of a given 
domain into another domain, while the discriminators 
determine whether an image that belongs to a given 
domain is synthesised by images of the same domain or 
from another. Similar to Pix2pix, CycleGAN is mainly 
used for image-to-image translation and is widely accepted 
because it does not need a large amount of pair data to 
operate.

In CycleGAN, the inputs images of the first generator 
belong to the first domain, and the output images are 
expected to belong to the second domain. Conversely, 
the second generator receives images from the second 
domain and generates images that could be plausible in 
the first domain. The CycleGAN architecture includes 

cycle consistency, a novel component compared to 
conventional GANs. Cycle consistency refers to the 
approach wherein the output of the first generator is also 
used as input to the second generator, whilst the output of 
the second generator should be identical to the original 
image and vice-versa. This ensures that an image of the 
first domain can be effectively translated to an image of 
the second domain. Furthermore, the translated image 
can be translated back to the original by the second 
generator. Cycle consistency introduces an additional 
loss that measures the difference between the generated 
output of the second generator and the original image 
and the reverse.

Wasserstein GAN (WGAN)

WGAN [18] is a GAN extension that implements alterna-
tive ways of training the generator network to precisely 
approximate the distribution of the observed data. In 
WGAN, the discriminator is substituted by a critic that 
scores the realness of the synthetic image. In addition, 
this GAN utilises the Wasserstein distance as a similarity 
measure for comparisons between synthetic and authentic 
data. Subsequently, WGAN uses a different loss function, 
which derives from the Wasserstein Distance. Empirical 
implementations have shown that WGAN may be suitable 
for synthesising better-detailed images. WGAN is also 
more robust and stable GAN than the baseline models, 
as the parameter tuning and the network architecture play 
a less important role in the network’s stability and avoid 
model collapse—a very common setback of GANs.

Results

Metrics

This review identified 100 publications since 2017. There 
was an exponential growth in the total number of relevant 
publications since 2017, highlighting the growing interest 
in the applications of GANs in PET imaging.

Nine (9) domains of GAN applications in PET imaging 
were identified (Fig. 4), namely cross-modality synthesis 
(26 publications), full-count PET estimation (from low-
dose, fast scan, or sampling reduction) (22 publications), 
at tenuation cor rect ion (20 publicat ions) ,  data 
augmentation and disease classification (11 publications), 
PET quantification (6 publications), de-noising, artefact 
removal, motion and scatter correction (5 publications), 
segmentation (4 publications), image fusion (4 
publications), and super-resolution (2 publications).
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GAN applications in Positron Emission Tomography

The applications were classified in the following 9 major fields.

Data augmentation and disease classification

Generating synthetic, unseen PET images from a set of 
authentic sources is a common task for GANs. The syn-
thetic images can then be leveraged to increase the available 

training sets and improve DL models in image segmenta-
tion, object detection, and classification. Although synthetic 
images are not real-case examples and may be of inferior 
quality to the original images in terms of tissue surround-
ings, edges and radiation information, they can facilitate an 
essential diversity among a training set and benefit a learn-
ing model [19]. Key papers focusing on data augmentation 
and disease classification using GANs are summarised in 
Table 1.

Fig. 4   GAN applications in PET imaging

Table 1   Key papers focusing on data augmentation and disease classification using GANs

Refer-
ence 
Number

Purpose Amount of training data Results

[20] Alzheimer’s disease staging. GANs were used for 
data augmentation

411 PET Scans The accuracy was improved by 10%

[21] GANs were used for data augmentation 3471 slices GANs are capable of estimating amyloid-positive and 
amyloid-negative SUVR images

[22] Estimate future PET images for age-related disor-
ders

256 PET scans The estimated images showed great similarity with 
their actual counterparts

[24] To predict post-treatment PET images from pre-
treatment images

90 PET scans Peak signal-to-noise ratio and a structural similarity 
index of 18.8 and 0.56, respectively, were reported

[23] Feature extraction from Alzheimer’s disease (AD) 
and normal cognitive (NC) scans

486 PET scans Extracted features were helpful for AD and NC 
classification from various similar datasets from 
different sources

[27] GANs were used for data augmentation 1200 PET scans GANs synthesised dementia-related PET images suc-
cessfully and improved the learning capabilities of 
the classification CNN
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In the work of Islam and Zhang [20], a lightweight base-
line GAN was developed to generate synthetic PET images 
from a set of real PET scans of the Alzheimer’s disease 
domain to improve the classification accuracy among three 
predefined stages: normal controls (NC), mild cognitive 
impairment (MCI), and Alzheimer’s disease (AD). As a 
result, the accuracy was improved by 10% when using the 
generated data in the training set. This methodology pro-
vides actual and synthetic brain PET images in Fig. 5.

In another study [21], the authors utilised a CycleGAN 
topology to synthesise additional amyloid PET scans train-
ing data for dementia detection based on standardised uptake 
values (SUVR). The results demonstrated that GANs could 
estimate amyloid-positive and amyloid-negative SUVR 
images.

In [22], GANs were used as part of a DL pipeline, gen-
erating future PET images based on PET scans at a cer-
tain time-point for age-related disorders, such as dementia. 
The proposed technique achieved a root mean square error 
of 2.5% and a peak signal-to-noise ratio of 32.6 dB using 
3D-SSP images when predicting the image at 1 year from 
the baseline.

Kim et al. [23] used a boundary equilibrium GAN to 
classify Alzheimer’s disease from PET images of two 
scanners. The authors used separate datasets for train 
and test to prove the efficiency of the proposed GAN in 
PET scanner variance. The proposed model achieved 
approximately 94% classification accuracy on both datasets, 
thereby confirming the effectiveness of the GAN-extracted 
features.

In another study [24], post-treatment PET images were 
generated by pre-treatment images to evaluate the patient’s 
response to Hodgkin’s lymphoma treatment. cGAN was pro-
posed, reporting a peak signal-to-noise ratio and a structural 
similarity index of 18.8 and 0.56, respectively.

GANs have also been used to generate synthetic training 
data for Alzheimer’s disease classification in other recent 
studies [25, 26].

A study by Noella et al. [27] deployed GANs to generate 
additional training images corresponding to several types 
of dementia. They furnished a deep CNN model, which dis-
criminated among other dementia (OD), Alzheimer’s and 
Parkinson's disease (AD and PD). The authors used 1200 
PET images, achieving a classification accuracy of 97.7%.

PET image synthesis for data augmentation or disease 
classification purposes deploying GANs has also been 
reported in other relevant studies by Amyar et al. [28], Kang 
et al. [29], Bi et al. [30], and Cao et al. [31].

Attenuation Correction

PET detectors aim to detect the two emitted 511 keV pho-
tons after annihilating an emitted positron with a body elec-
tron. The tissues of the body absorb these photons as they 
travel through. Photon-tissue interaction also causes scatter. 
These lead to photon attenuation. Tissue thickness and elec-
tron density affect the degree of attenuation. This inherent 
PET phenomenon requires attenuation correction methods 
to generate the attenuation coefficient maps and create the 
AC image.

The corresponding CT images in hybrid PET/CT scan-
ners provide the attenuation coefficient maps, which serve 
as transmission information to correct PET images. How-
ever, in PET/MRI systems, the MR images cannot serve as 
attenuation coefficient maps by themselves. In such cases, 
synthetic CTs (pseudo-CTs) can be generated from the cor-
responding MR images. GAN contribute a lot to this field. 
In recent research, Non-Attenuation Corrected (NAC) 
PET images are used to directly generate the sCT images 
by training DL algorithms with pairs of NAC-PET and the 

Fig. 5   Real and synthetic brain 
PET images using the baseline 
GAN methodology. Reprint 
from [20] according to the pub-
lisher’s open access policy
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corresponding real CT images. Key papers focusing on PET 
image attenuation correction using GANs are presented in 
Table 2.

In the work of Arabi et al. [32], the authors developed an 
sCT generation algorithm based on deep learning adversarial 
semantic structure (DL-AdvSS). Two GANs were developed 
for synthesis and segmentation purposes. The segmentation 
stage separated the sCT image into four tissue classes: air 
cavities, soft tissues, bone, and background air. The MR 
image guided the framework into generating the pseudo-CT 
image, which was applied as an attenuation map to produce 
AC PET. The evaluation was based on 40-patient data under 
a twofold cross-validation process. A mean standardised 
update value (SUV) bias of less than 4% in 63 brain regions 
was observed using the real CT-based attenuation-corrected 
PET image.

Armanious et al. [33] proposed a framework to generate 
the pseudo-CT images directly from NAC PET images. The 
generator of the GAN topology consisted of four cascaded 
U-Net architectures, and the discriminator used the percep-
tual loss and the style content loss to identify the synthetic 
images. The authors used the GAN-generated pseudo-CT to 
construct the AC PET image. The GAN-generated CT and 
the corresponding AC PET were assessed qualitatively by 
visual inspection and visual analysis of colour-coded differ-
ence maps. Twenty-five whole-body PET scans were used 
for evaluation. In addition, quantitative analysis was per-
formed by comparing organ and lesion SUVs. This showed 
no major SUV deviations for most anatomic regions; how-
ever, some deviations were identified in the diaphragmatic 

lung border. An example of this study’s results is given in 
Fig. 6.

Synthetic AC PET images and the corresponding pseudo-
CT images could also be estimated directly from NAC PET 
data, as Hu [34] suggested in their work. They employed 
Wasserstein GAN to process the NAC PET data and produce 
the desired AC PET. NAC images were refined by remov-
ing noise and artefacts before network training. The authors 
reported high similarity metrics that demonstrated the effec-
tiveness of Wasserstein GANs in estimating AC PET from 
NAC PET within an acceptable error range. In another work 
[35], the authors proposed Wasserstein GAN to directly 
obtain synthetic AC PET and synthetic T1-weighted MR 
images from NAC PET images corresponding to eighty 
patient scans containing head and neck data. Their frame-
work removed artefacts and noise from the synthetic AC 
PET data to further estimate the MR counterpart. Quantita-
tive results suggested good similarity measures; however, 
vast variations in SUV uptake were observed, possibly due 
to the denormalisation process, which was mandatory to 
estimate SUV values.

In Lei et al. [36], the authors used the CycleGAN topol-
ogy to synthesise pseudo-CT (sCT) images from the NAC 
PET scans to estimate the AC PET. They evaluated their 
framework on 20 whole-body PET scans. The results 
showed less than 100HU difference between the real and 
the synthetic CT image and less than 1% mean quantification 
error between the synthetic AC PET and its true counterpart. 
In another study [37], the authors leveraged the MR images 
to construct the AC PET images using CycleGAN. Their 

Table 2   Key papers focusing on PET image attenuation correction using GANs

Refer-
ence 
Number

Purpose Amount of training data Results

[32] To synthesise the pseudo-CT image used for AC 50 MRI and PET scans A mean standardised update value (SUV) bias of less 
than 4% in 63 brain regions was observed using the 
real CT-based attenuation corrected PET image

[33] To generate the pseudo-CT images directly from 
NAC PET images

125 PET/CT scans No major SUV deviations for most anatomic regions 
were observed between the synthetic and the 
authentic images

[34] To generate the pseudo-CT images directly from 
NAC PET images

40 PET scans High similarity metrics that demonstrated the effec-
tiveness of Wasserstein GANs in estimating AC 
PET from NAC PET were reported

[35] To generate the pseudo-CT images directly from 
NAC PET images

80 PET scans Quantitative results suggested good similarity meas-
ures; however, vast variations in SUV uptake were 
observed

[36] To synthesise the pseudo-CT image used for AC 20 PET scans Less than 100HU difference between the real and the 
synthetic CT image and less than 1% mean quanti-
fication error between the synthetic AC PET and its 
true counterpart were observed

[38] To synthesise the pseudo-CT image used for AC 10 PET scans The overall average MAE of the pseudo-CT com-
pared to the real CT test images was found to be 
88.2 ± 32.7 HU
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proposal was evaluated on 18 patients’ datasets. This method 
showed a remarkable resemblance to the reference AC PET 
images, with a whole-body mean error below 0.1%.

Anaya and Levin [38] developed a successful CycleGAN 
framework to generate the pseudo-CT image from the MR 
image. The overall average MAE of the pseudo-CT com-
pared to the real CT test images was 88.2 ± 32.7 HU. Simi-
lar tasks were successfully achieved in other relevant works 
[39–51].

Notably, the utilisation of GANs may offer the choice to 
bypass the CT-PET MR-PET data registration step due to 
those networks' learning capabilities.

De‑noising, Scatter correction and artefact removal

In addition, to the scatter correction mentioned previ-
ously, PET images suffer from noise and artefacts. Metal-
lic implants, patient motion, contrast medium, and trunca-
tion typically produce image artefacts affecting the PET 
quantification procedure. In addition, clinical PET images 
often display increased noise levels compared to CT and 
MRI. Several methods have been developed to achieve 
noise reduction, scatter and motion correction, and arte-
fact removal. For example, scatter correction is tradition-
ally achieved by various methods, such as Monte Carlo 
simulation.

GANs have been recently deployed to perform image 
de-noising, motion correction and artefact removal in PET. 
To reduce noise, the generator network of the GAN topol-
ogy is typically trained to estimate an equivalent image by 
its noise image counterpart. In MRI, maintaining structural 
information is essential. Similarly, maintaining the uptake 
information in PET is crucial for a successful de-noising 
and reconstruction. Key papers focusing on PET image de-
noising, scatter, and artefact correction using GANs are 
reported in Table 3.

Geng et al. [52] used complementary learning to reduce 
CT, MR, and PET noise. They developed a content-noise 
complementary learning (CNCL) pipeline, which leveraged 

Fig. 6   Representative data set showing non-attenuation-corrected 18F 
FDG-PET (left), generated pseudo CT (middle), and acquired CT 
(right) in axial (top), sagittal (middle), and coronal (bottom) orien-
tation. CTGAN data—while capturing the coarse distribution of CT 
anatomy—showed blurring and step formation in z-direction on coro-
nal and sagittal reconstruction as well as irregular depiction of ana-
tomical details. Reprint from [32] according to the publisher’s open 
access policy

Table 3   Key papers focusing on PET image de-noising, scatter, and artefact correction using GANs

Refer-
ence 
Number

Purpose Amount of training data Results

[52] noise reduction in CT, MR, and PET 12 PET scans Comparable or even superior results than several state-of-the-art de-
noising methods were achieved

[53] motion correction in noisy PET 10 PET/MRI scans The absolute percentage difference between AUCs derived using the 
motion-corrected IDIF and the AIF was 1.2%

[56] motion correction and de-noising of 
low-dose gated PET data

28 PET/CT scans The proposed method could accurately generate motion estimation 
directly from low-dose gated PET images and produce high-quality 
motion-compensated low-noise PET reconstructions
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the GAN topology to estimate the useful content of the input 
image by predicting the noise content. The network genera-
tor predicted the useful content and the noise of the input 
image separately. The discriminator, which is based on 
PatchGAN, is responsible for distinguishing between the real 
content and the generated content of the input image. The 
authors performed visual quality and quantitative tests and 
achieved comparable or even superior results than several 
state-of-the-art de-noising methods.

cGAN was used for motion correction in noisy PET scans 
by Sundar [53]. The performance of cGAN-aided motion 
correction was assessed by comparing the image-derived 
input function (IDIF) extracted from a cGAN-aided motion-
corrected dynamic sequence with the AIF based on the areas 
under the curves (AUCs). The absolute percentage differ-
ence between AUCs derived using the motion-corrected 
IDIF and the AIF was 1.2%. The grey matter values deter-
mined using these two input functions differed by less than 
5%. Du et al. [54] and Sundar [55] also reported effective 
employment of GANs for PET image de-noising and motion 
correction tasks.

In the study of Zhou [56], a developed framework called 
MDPET contributed to motion correction and de-noising 
of low-dose gated PET data. GANs were the cornerstone 
of the proposed methodology. Their results demonstrated 
that MDPET could accurately generate motion estimation 
directly from low-dose gated PET images and produce high-
quality motion-compensated low-noise PET reconstructions 
(Fig. 7).

Low dose, Fast Scanning, sampling reduction

In PET imaging, it is desirable to reduce human body radia-
tion exposure as low as reasonably achievable. Radiation 
exposure reduction requires a low dose PET scan with low-
count PET emission data. Post-processing techniques, such 
as de-noising, are not efficient to estimate the full-count PET 
images. Firstly, the low-count PET noise is increased and is 
disparate from full-count PET noise. Secondly, the contrast-
to-noise ratio increases, and, thirdly, uptake measurements 
are more biased. Low-count PET methods are, however, 
desirable and have applications in paediatric PET and radio-
therapy response monitoring.

Pain and discomfort are typical patient issues that affect 
the produced artefacts due to motion, besides the patients' 
satisfaction. Whole-body PET scans require multiple bed 
positions to cover the entire body parts. Faster scanning is a 
conventional way to deal with this issue. However, a quick 
scan results in low-count PET data, which lack complete-
ness compared to standard PET. Estimating full-count PET 
from low count statistics is a challenging task that GANs are 
useful in. Key papers focusing on PET image reconstruction 
following low-dose, fast-scan, or sampling reduction proce-
dures using GANs are provided in Table 4.

Wang et al. [57] used 3D auto-context-based locality 
adaptive multi-modality generative adversarial networks 
model (LA-GANs) to estimate the full-dose FDG PET image 
from the low-dose counterpart and the accompanying MR. 
The results of the experiments, which were conducted on 

Fig. 7   A de-noising example of a low-dose gated PET. The aver-
aged images L and the corresponding de-noised image from differ-
ent MDPET configurations are shown in the 1st row and 2rd row. 

Motion blurred anatomic structure is recovered using MDPET (blue 
arrows). Reprint and adapted from [55] according to the publisher’s 
open access policy
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both real human and phantom brain datasets, revealed that 
the proposed method could effectively estimate full-dose 
FDG-PET images. Moreover, this method was superior to 
traditional multi-modality fusion alternates and other state-
of-the-art PET estimation approaches in qualitative and 
quantitative metrics. In a study by a similar research team 
[58], the authors proposed a 3D cGAN framework to esti-
mate full-dose FDG PET from solely the low-dose PET data 
without utilising the MR modality.

In another work [59], ultra-low-dose PET images were 
reconstructed to represent standard-dose images using 
cGAN. This methodology used 39 participants for evaluation 
and achieved better results than the current best-performing 
strategy proposed by another study [60]. Those results were 
superior by 1.87 dB in PSNR, 2.04% in SSIM, and 24.75% 
in RMSE [60].

Recent works have also studied estimating standard-dose 
PET images from low-dose or ultra-low-dose PET employ-
ing mainly CycleGAN topologies [61–72].

Sanaat et al. [73] developed a CycleGAN topology to 
estimate the standard time PET of ~ 27 min from a fast-scan 
PET of ~ 3 min. Their methodology was evaluated using 
one hundred patient cases. Two nuclear medicine physi-
cians assessed the quality of the generated images. In con-
trast, the diagnostic quality of the predicted PET images 
was evaluated using a pass/fail scheme for the lesion detect-
ability task. Quantitative analysis using established metrics 
including standardised uptake value (SUV) bias was per-
formed for the liver, left/right lung, brain, and 400 malignant 
lesions from the test and evaluation datasets. CGAN scored 
4.92 and 3.88 (out of 5) for brain and neck + trunk, respec-
tively. The average SUV bias calculated over normal tis-
sues was 3.39 ± 0.71%. The Bland–Altman analysis reported 
the lowest SUV bias (0.01%) and 95% confidence interval 
of − 0.36, + 0.47 for CGAN compared with the reference 
images for malignant lesions.

In the work of Jeong et al. [74], it was proved that fast-
scanning setbacks in the corresponding texture and image 
quality of amyloid PET images could be overcome by 
reconstruction based on GANs. The authors employed a 
DC-GAN to reconstruct 20-min standard time scanning 
PET (PET20m) from the corresponding 2-min standard 
time PET (PET2m). Although mean uptake differences 
were observed between the synthetic PET20m and the 
real PET20m images, similarity measures yielded remark-
able results and implied that future research could further 
improve the results (Fig. 8).

Similar results were also reported in three related studies 
by Sanaat et al. [75], Kim et al. [76], and Xue et al. [77].

In addition, low-count PET (either low-dose or fast scan) 
transformation was also reported in the study of Lei et al. 
[78]. The cycle GAN topology was implemented to syn-
thesise diagnostic PET images using low count data. The Ta
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average mean error and normalised mean square error in 
the whole body were − 0.14% ± 1.43% and 0.52% ± 0.19% 
with Cycle GAN model, compared to 5.59% ± 2.11% and 
3.51% ± 4.14% on the original low count PET images. Nor-
malised cross-correlation is improved from 0.970 to 0.996, 
and the peak signal-to-noise ratio is increased from 39.4 dB 
to 46.0 dB with the proposed method.

PET reconstruction from sinogram data was achieved 
by Liu et  al. [79] using the cGAN framework. They 
tested their approach against Monte Carlo simulated PET 
reconstructed data and real PET cases. The reconstruction 
results of this method were highly consistent with the 
ground truth in both terms of sharp edges and high pixel 
values of ROIs.

Super‑resolution

Super-resolution (SR) is the domain wherein a high-reso-
lution image is synthesised by a low-resolution source. The 
conventional method requires increasing the original image 
size and using interpolation and filtering methods to enhance 
it. The conventional methods may result in heavier noise. 
GANs use low-resolution images and learn to learn patterns 
that transform regions of low resolution to superior quality.

In the study of Song et al. [80], which extended former 
relevant work [81], the high-resolution anatomical MR 
image and the low-resolution functional PET image were 
combined to generate a high-resolution PET image pre-
serving both anatomical and functional characteristics. 

Fig. 8   An example of fast-scan PET image reconstruction. The input 
and output of PET images (upper row, BAPL 1; middle row, BAPL 
2; lower row, BAPL 3) are shown here. PET2m image (input image) 
is very noisy, and the image quality is poor (a, e, i). The ground 
truth with 20-min scanning (b,f,j) and synthetic PET images gener-
ated from the proposed deep learning (c,g,k) and the U-net (d,h,l) are 

shown. The synthetic PET image generated from our model is better 
in reflecting the underlying anatomical details than is the PET image 
generated from the U-Net. In the BAPL 2 case, a small positive lesion 
(red arrows, e–h) is equivocal in the PET2m image (e), but clearly 
shown in sPET20m image (g) as in PET20m image (f). Reprint from 
[72] according to the publisher’s open access policy
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Two CycleGAN-based generators were used to estimate the 
high-resolution PET and map this image back to the low-
resolution counterpart. Twelve scans were used as a valida-
tion set from a dataset of 30 scans. The evaluation metrics 
(PSNR, SSIM, CNR, and NRM-SR) confirmed the assump-
tion that GANs can be of use in super-resolution PET image 
generation.

Segmentation

Attention has to be paid to specific human body areas in 
many situations. Medical imaging provides the complete 
visualisation of larger areas. In such cases, quantification of 
the findings is impossible without delineating the objects of 
interest or the entire regions of interest. Segmentation refers 
to the delineation of such boundaries in images. Tissues, 
organs and tumours are typical segmentation targets. Manual 
segmentation is time-consuming and subjective. Usually, 
GANs are accompanied by traditional segmentation models 
in the pipeline. However, in some works, GANs are used to 
estimate the segmentation map, an auxiliary binary image 
that enables segmenting the original. GAN-based methods 
were superior to the traditional U-Net-based approaches in 
most reported studies.

White matter hyper-intensities (WMH) are traditionally 
segmented using MR modality because WMH is not visible 
on FGD-PET. In a recent study [82], the authors developed 
a cGAN to segment and estimate WMH from 18F-FDG PET 
scans. In the study, Pix2pix GAN is developed to generate 
the segmentation map used to apply the segmentation. The 
authors compared the predicted PET WMH volumes with 
the ground truth obtained by MRI to achieve the volume 
estimation. The dice similarity coefficient (DSC), recall, 
and average volume differences (AVD) were used as evalu-
ation metrics. The authors compared the performance of 
cGAN with H-Dense U-Net, which is commonly used for 
segmentation tasks. cGAN outperformed H-Dense U-Net 

for volume estimation, yielding excellent correlation coef-
ficients. Similar results were reported in the study by the 
same first author [83].

GANs have also been used for tumour segmentation in 
recent studies by Wu et al. [84] and Yousefirizi et al. [85]. In 
the study of Wu et al. [84], the authors developed an adver-
sarial encoder-generator network, which estimates the nor-
mal PET image from PET images containing lung tumours 
and nodules. The residual map, the difference between the 
real PET images and the learned normal PET images, is then 
used to segment the findings. The authors compared their 
method with the traditional U-Net CNN and other reputable 
methods, such as the variation auto encoders and reported 
better results in terms of dice coefficient (achieving 0.620), 
sensitivity (0.779), and specificity (0.999).

Yousefirizi et al. [85] proposed a GAN network to seg-
ment head and neck tumours from PET scans. The proposed 
GAN estimates the binary image that serves as a segmenta-
tion map. The authors reported better results compared to 
the conventional U-Net methodology. More specifically, the 
mean dice similarity measure is observed to be 69% (with 
U-Net achieving 62.3%), and the precision is found to be 
78% (with U-Net achieving 62.6%).

Fusion

Image fusion in PET imaging aims to combine the functional 
information provided by the PET image and the structural 
information provided by other modalities, such as CT and 
MRI, into a single image. In PET/CT image fusion, the gen-
erated study can demonstrate abnormalities that cannot be 
identified by either CT or PET images alone. A limited num-
ber of studies reported the successful application of GANs 
in medical image fusion, specifically in PET.

Ma et al. [86] achieved PET and MRI image fusion by 
proposing a novel modification of cGAN, which contained 
two discriminators aiming to distinguish between synthetic 

Fig. 9   An example of PET and MRI fusion from [85]. (a) MRI 
image; (b) PET image; (c) result using IHS-Retina method; (d) result 
using non-subsampled shearlet transform method; (e) result using 
low-rank sparse dictionaries learning method; (f) result using non-

parametric density model; (g) result using CNNs; (h) result using pro-
posed method. Reprint from [85] according to the publisher’s open 
access policy
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fused images and their authentic counterparts. Their pro-
posal was validated on the publicly available Harvard medi-
cal school website.

Kang et al. [87] proposed a cGAN-based network to com-
bine PET and MRI images and generate a fused outcome 
(Fig. 9). The proposed discriminator was designed to urge 
the generator network to synthesise fused images containing 
more structural information from the MRI images and more 
functional information from the PET images. The genera-
tor network was developed based on U-Net. They compared 
their results against conventional and CNN-based methods 
in terms of the entropy, the average gradient, the spectral dis-
crepancy, and the QAB/F measures. Their method was found 
superior to the selected techniques.

In two similar related works by Huang et al. [88] and 
Yang et al. [89], the authors reported acceptable fusion 
results implementing CycleGAN topologies.

Evaluation of quantifiable PET parameters

There are few studies evaluating the applications of GANs 
in calculating quantitative parameters of PET studies. 
These studies mainly deal with quantifying amyloid uptake 
in corresponding PET brain studies. Furthermore, there is 
a scarcity of such studies evaluating typical parameters of 
oncological PET such as tumoural Standardised Uptake Val-
ues (SUVs), Metabolic Tumour Volumes (MTV), or Total 
Lesion Glycolysis (TLG).

Non-specific uptake refers to a situation where the 
observed uptake reflects non-specific clinical importance 
and can’t be recognised and properly categorised. Liu 
et  al. [90] compared CNNs and cGAN to remove the 
undesirable non-specific (NS) uptake from the amyloid 
PET measurement, which biases the standardised uptake 
value ratio (SUVr) used to quantify amyloid-β burden from 
amyloid-PET scans. The cGAN topology was employed to 
map structural MR to NS PET images. The cGAN model 

was competent with the equivalent CNN architectures for 
this task. Key papers focusing on PET quantification using 
GANs are summarised in Table 5.

Image-to-image translation between diverse PET scanner 
technologies is useful in estimating cortical amyloid load 
and circumventing the incomplete interchangeability of 
various radiotracers, which prevents long-term clinical 
trials. Kang et al. [91] trained a CycleGAN framework 
to translate C-11 PIB and F-18 florbetapir (AV45) PET 
scans and discover a specific uptake pattern to estimate 
SUVr regardless of the scanner. The results showed that 
the specific uptake was well-recovered by the CycleGAN 
pipeline yielding minor errors in SUVr quantification. 
Finally, in work by Kang et al. [92], the authors studied 
the spatial normalisation (SN) of amyloid PET images 
for Alzheimer’s disease assessment without the need for 
co-registered MR images. They trained a GAN with MR 
images and PET images in the 3D format. They developed 
a framework that successfully estimates the spatially 
normalised 3D PET image using the transformation 
parameters obtained from MRI-based SN.

Estimation of Non-specific Uptake in Amyloid-PET 
Images based on MRI modality, which serves the purpose 
of amyloid load quantification in Alzheimer's Disease [93]. 
The proposed cGAN was trained to learn the mapping 
between the MR and non-specific PET images. The gener-
ated non-specific PET images were compared to the real 
PET scans, achieving a mean SUVr difference of 1.90% in 
the grey matter.

In a study by Ma [94], online dose verification based 
on proton-induced positron emitters was achieved using 
a DiscoGAN framework. This framework was tested on 
five reconstructed PET images based on an in-beam PET 
system and a spread-out Bragg peaks (SOBPs) dataset. 
The mean relative error of the centre lines was < 3% 
(under signal-to-noise ratio), and the range uncertainty 
was < 1 mm.

Table 5   Key papers focusing on PET quantification using GANs

Refer-
ence 
Number

Purpose Amount of training data Results

[90] To remove the undesirable non-specific (NS) uptake 
from the amyloid PET measurement

172 PET/MRI scans The cGAN model was competent with the equivalent 
CNN architectures for this task

[91] To translate C-11 PIB and F-18 florbetapir (AV45) 
PET scans and discover a specific uptake pattern 
to estimate SUVr regardless of the scanner

681 PET/MRI scans The specific uptake was well-recovered by the 
CycleGAN pipeline yielding minor errors in SUVr 
quantification

[93] To Estimate Nonspecific Uptake in Amyloid-PET 
Images based on MRI modality

40 PET scans The generated non-specific PET images were 
compared to the real PET scans, achieving a mean 
SUVr difference of 1.90% in the grey matter

[94] Online dose verification based on proton-induced 
positron emitters

900 dose vs activity pair The mean relative error of the centre lines was < 3% 
(under signal-to-noise ratio), and the range uncer-
tainty < 1 mm
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Cross Modality Synthesis

Cross modality synthesis in PET imaging refers to a set of 
methods to synthesise CT from PET, PET from CT, MRI 
from PET, and PET from MRI. This topic in the field of 
computer vision is also called image-to-image translation. 
The reader should note that the aim is to estimate the cor-
responding modality from another modality in this domain, 
without any other information.

Cross-modality synthesis is a very controversial topic 
because each imaging modality captures unique information 
that the others inherently can’t. For example, moving from 
a functional image (e.g. PET) to a structural modality (e.g. 
CT) is hypothetically easier than the vice-versa [12]. But, 
on the contrary, estimating the PET modality's functional 
information from the CT modality's structural information 
is inherently very challenging, if not impossible.

Although the PET imaging method captures functional 
information that is unique compared to other modalities, 
an experienced radiologist or nuclear medicine can often 
conceive the expected findings of the PET scan based on 
the MRI counterpart and historical clinical data. It is highly 

unlikely that a DL network would manage to achieve PET 
image synthesis from solely MRI images and clinical infor-
mation, although it is an application worth exploring.

Τhe availability of different modalities can improve medi-
cal diagnosis and treatment suggestions. In this area, the 
composition of one or the other modality can help signifi-
cantly, given that the images complement each other. The 
synthetic image is not absolved from errors and does not 
precisely reflect reality. Still, it may approach reality to an 
acceptable limit, which depends on the purpose of the study. 
Cross-modality synthesis using GANs could be beneficial 
for quantifying important features in the absence of the 
PET modality, imputing or augmenting the available data 
for lesion, bone, and tissue segmentation and fusion tasks, 
and reducing the false-positive findings for detection tasks. 
However, the importance of those applications, the preci-
sion, and the suitability of GANs in cross-modality synthesis 
is constrained by the fact that different modalities display 
findings of different nature that do not necessarily corre-
spond to or interfere with each other. Key papers focusing 
on PET cross-modality synthesis using GANs are reported 
in Table 6.

Table 6   Key papers focusing on PET cross-modality synthesis using GANs

Reference 
Number

Purpose Amount of training data Results

[95] T1-weighted MR to FDG-PET image synthesis 15 PET/MRI scans The results suggest the potential interest of 
encouraging the preservation of gradient 
energy in the brain for MR to PET translation 
GANs

[96] To generate virtual PET images from their MR 
counterparts

680 PET/MRI scans The synthetic PET images could be useful for 
image segmentation and fusion activities, 
despite their lack of functional information

[97] To predict the PET-derived myelin content map 
from the multi-modal MRI

12 PET/MRI scans The proposed method could obtain similar meas-
ures to the PET-derived ground truth at both 
global and voxel-wise levels

[98] To impute the missing MR data from incomplete 
pair MRI and PET scans

2355 PET/MRI scans HGAN could successfully synthesise reasonable 
neuroimages and achieve promising results in 
brain disease identification

[110] To estimate MR images from amyloid PET 261 PET/MRI scans The generated MR images from florbetapir PET 
showed visually similar signal patterns to the 
real MR

[111] To achieve image-to-image translation between 
PET and CT

46 PET/CT scans MedGAN produced realistic and homogeneous 
bone structures in the resultant CT images that 
closely matched the ground truth CT images 
and surpassed visually those produced by 
related studies

[114] To generate PET-like images from CT 23 PET/CT scans The synthesised PET is shown to improve an 
existing automatic lesion detection software by 
reducing the false positives by 28%

[119] To predict post-treatment PET scans from their 
corresponding SPECT and CT

19 PET/CT and SPECT scans The comparisons between the real and the 
synthetic/predicted PET/CT scans showed 
an average absorbed dose difference of 
5.42% ± 19.31% and 0.44% ± 1.64% for the 
tumour and the liver area, respectively
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PET from MRI  In the work of Hognon et al. [95], the authors 
proposed the pix2pix method with adversarial, gradient dif-
ference and pixel losses for T1-weighted MR to FDG-PET 
image synthesis. Furthermore, they used the average root 
mean squared error and structural similarity SSIM between 
the synthetic the simulated FDG images for quantitative 
assessment of their models. The results suggest the potential 
interest of encouraging the preservation of gradient energy 
in the brain for MR to PET translation GANs. An example 
of such an application is given in Fig. 10.

Hu et al. [96] proposed a bi-directional mapping GAN 
generate virtual PET images from their MR counterparts. 
They evaluated their model on 680 subjects of an Alzhei-
mer's disease dataset, which includes pairs of MR and PET 
images. In addition, the authors benchmarked several tradi-
tional GAN topologies to compare their results and proved 
that their model produced more realistic PET images. 
Although PET images are synthesised in a non-deterministic 
way, and the functional information of the actual PET scan 
cannot be determined or estimated by the MR modality, the 
synthetic PET images could be useful for image segmenta-
tion and fusion activities.

In another study [97], the authors developed a GAN-
based method to predict the PET-derived myelin content 
map from the multi-modal MRI. They aimed to measure 
the tissue myelin content used to examine multiple sclerosis 
without PET data. The authors furnished a Sketcher-Refiner 
GAN. The results showed that the proposed method could 
obtain similar measures to the PET-derived ground truth at 
global and voxel-wise levels.

Pan et al. [98] proposed to impute the missing MR data 
from incomplete pair MRI, and PET scans to construct an 
adequate dataset for brain disease diagnosis based on multi-
modal data. They proposed a hybrid GAN (HGAN) topology 

that learns to synthesise MR data by training on pairs of MR 
and PET sets. Three databases were used to evaluate this 
methodology, with the results verifying that HGAN could 
successfully synthesise reasonable neuroimages and achieve 
promising results in brain disease identification.

The applications of GANs in MR-to-PET image transla-
tion serve tasks such as image imputation (where the PET 
image is missing), PET image estimation for quantification 
purposes, and PET image synthesis for other purposes. 
Mainly brain MRI modality is thoroughly examined for MR-
to-PET translation deploying various GAN topologies, such 
as CycleGAN in several related studies [99–104]. GANs find 
application in Alzheimer’s disease detection and staging in 
other research studies [105–109].

MRI from PET  Construction of MR images from amyloid 
PET was studied in the work of Choi et al. [110]. The authors 
adopted the cGAN topology to generate the MR images. The 
quantification of the cortical amyloid load was used as a 
reference standard to inspect the effectiveness of the pro-
posed framework. PET images were spatially normalised 
to the template space using the generated MR. Then, stand-
ardised uptake value ratio (SUVR) of the target regions was 
measured by predefined regions-of-interests. Generated MR 
images from florbetapir PET showed visually similar sig-
nal patterns to the real MR. The structural similarity index 
between real and generated MR was 0.91 ± 0.04. The mean 
absolute error of SUVR of composite cortical regions esti-
mated by the generated MR-based method was 0.04 ± 0.03. 
The particular application of GANs was the only one found 
in the literature search by the end of 2021.

CT from PET  Armanious et al. [111] used a similar method-
ology described in [33] to propose a multi-purpose frame-
work that performs image-to-image translation between PET 

Fig. 10   An example of PET from MRI synthesis from [98]. Examples of actual 18F−AV1451PET and FDGPET (a, c) images and the synthesised (b, 
d) images. Reprint from [98] according to the publisher’s open access policy
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and CT, MR motion artefact correction, and PET image de-
noising. They named their framework MedGAN. MedGAN 
produced realistic and homogeneous bone structures in the 
resultant CT images that closely matched the ground truth 
CT images and surpassed visually those produced by related 
studies.

Santini et al. [112] and Sharma et al. [113] also reported 
successful CT from PET vice-versa image translation using 
GANs.

PET from CT  Although synthesising a PET image directly 
from a CT image sounds worthless of the effort, a study 
by Cohen [114] suggested that generating PET-like images 
would be helpful for a false-positive reduction in lesion 
detection, mainly when focused on malignant lesions in 
the liver. The authors employed cGAN for this task. The 
synthesised PET is shown to improve an existing automatic 
lesion detection software by reducing the false positives by 
28%. Other studies investigated the possibility of estimat-
ing the corresponding PET from its CT equivalent either 
for PET quantification (FDG uptake—metabolic activity) 
or for other diagnostic tasks (e.g. progression) in related 
studies [115–118].

Plachouris et al. [119] investigated the role of GANs in 
predicting post-treatment PET scans from their correspond-
ing SPECT and CT counterparts in patients with liver cancer 
who underwent radioembolisation with 90Y microspheres. 
They developed an innovative 3D voxel-based variation in 
the Pix2Pix model for the particular task. The compari-
sons between the real and the synthetic/predicted PET/
CT scans showed an average absorbed dose difference of 
5.42% ± 19.31% and 0.44% ± 1.64% for the tumour and the 
liver area, respectively.

Discussion

The current review evaluated the recent literature in the 
domain of PET with the deployment of GANs. As dis-
cussed above, almost every image processing operation in 
PET may be performed by GANs or by hybrid DL meth-
ods, incorporating GANs. Several GAN topologies have 
been deployed in the latest research, as the current review 
revealed (Fig. 11). 

The utilisation of GANs in PET imaging can circumvent 
crucial setbacks derived from the conventional methods. By 
applying GANs, image generation is no longer dependent on 
naïve geometrical and texture deformations, which emerge 
by tuning well-known image features. Furthermore, syn-
thetic images produced by GANs have no obvious similarity 
with the images used to train the discriminator because the 

original images are unseen to the generator. Instead, GAN 
depends on feature extraction to identify the domain space 
of the desired output data distribution and can ideally gen-
erate data points that maintain the essence of the training 
data rather than reproducing the same material with minor 
alterations. This is an important and desirable outcome. For 
example, we prefer a model to evaluate a lung nodule, how 
it is defined in space, and the unique characteristics that 
identify it as a nodule and not as another tissue. A model that 
can capture this knowledge from training data is considered 
robust, multi-functional, and reasonable.

GANs base their structure in CNNs, which are inherently 
able to ignore spatial differences among images and gener-
alise into space. This capability enables CNNs to map the 
input images to feature abstract information spaces rather 
than follow a pixel-to-pixel approach. In medical imaging, 
this advantage could be useful for bypassing the registra-
tion step when examining images of different modalities or 
volumetric data derived from 2D slices.

The most powerful characteristic of GANs is their 
inherent ability to seek and reveal a transfer function 
transforming the input data of one domain to the desired 
data of another domain and vice-versa. This is particularly 
beneficial in image-to-image translation. In medical 
imaging, multi-modality diagnosis is an everyday clinical 
routine. GANs could successfully remove noise from low-
dose images and estimate their standard-dose counterparts. 
They discover the necessary transfer function, which 
eliminates the noise while maintaining anatomical and 
functional information. The versatility and the modality-
independent applicability of GANs make them a powerful 
option for such tasks.

Fig. 11   GAN topologies found in the literature review
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Another application is that of the attenuation correc-
tion. GANs could pave the way to reconstructing AC PET 
images solely from NAC PET, even without the auxiliary 
information of an MR or a CT image. We argue that the 
estimated AC could still significantly impact diagnosis 
despite the information loss in this process. Similar to the 
latter examples, super-resolution, scatter correction, and 
even segmentation can be achieved by GANs, as already 
discussed. Before GANs, such tasks were still possible to 
perform using non-automatic methods. GANs could poten-
tially replace such methods due to their efficiency and inher-
ent ability to perform automated image processing without 
further supervision.

In the reported studies, GAN-based methods were applied 
domains where conventional CNN methods and other tech-
niques are already dominant. Nevertheless, GANs demon-
strated superior results in specific tasks (e.g. segmentation).

Limitations

GANs still face limitations and functional issues that require 
improvements. Their dependency on large-scale datasets 
poses challenges, as available imaging data are often insuf-
ficient to exploit the capabilities of high-performance com-
puting clusters that could host large-scale GAN training 
campaigns. At least, for most of the research community, 
medical imaging data are constrained to a few thousand in 
amounts. Despite the good results even with these datasets, 
they cannot ensure accountability and effectiveness of GANs 
in immediate everyday action. In addition, detailed annota-
tions and accurate labels are mandatory for GANs or similar 
DL methods to operate. This procedure is time-consuming 
and nontrivial, especially when dealing with very small tis-
sues requiring delineation. Nevertheless, the use of Cycle-
GAN can alleviate this obstacle, at least in the domain of 
image-to-image translation, because it requires fewer regis-
tered images from the two domains.

Training of GANs is a complex topic, as there is always 
the possibility of mode collapse, vanishing gradients, and 
failure to converge. The vanishing gradient issue refers to a 
state of the discriminator being too effective in distinguish-
ing between synthetic and authentic images. The generator is 
not capable of learning in depth, leading to training failure. 
The Wasserstein and the Modified minimax loss functions 
are suggested to overcome this issue; however, the problem 
has not been solved effectively. Mode collapse refers to a 
situation where the generator repeatedly outputs the same 
result, forcing the discriminator to reject the outputs. This 
can affect the discriminator’s robustness while the genera-
tor gets better and easily “deceives” the discriminator when 
the outputs are changed. This process leads the generator to 
rotate over specific outputs in an attempt to “trap” the dis-
criminator. The result is that the GAN is no longer producing 

useful diverse images. Failure to converge is a typical issue 
and describes a situation where the discriminator fails to 
find the correct pattern to distinguish between synthetic and 
authentic inputs, thereby dropping its accuracy to 50% (the 
random guess).

Another issue arises when task-specific GANs are 
designed. Usually, complex GAN topologies utilise more 
than one loss component in the loss function. For example, 
besides the adversarial loss, CycleGAN uses the cycle 
consistency loss. Some of the referenced studies utilise 
more than two loss components. This phenomenon makes 
the optimisation problem even more challenging.

Most studies commonly face the above issues in GANs for 
any task and are usually circumvented by extensive experi-
ments, sophisticated approaches and topology modifications, 
or parameter tuning. Carefully designing the architecture, 
the knowledge capacity, and the parameters of both the gen-
erator and the discriminator for a specific task may require 
days and even weeks of training. Although GANs require 
less supervision and less time to perform the desired task 
when compared to manual procedures, they require much 
attention during their development stage. Moreover, initial 
training and future re-training to remain up to date increase 
computational costs.

Employing GANs to improve the signal quality or to esti-
mate missing information (as it happens in attenuation cor-
rection, fusion, and cross-modality synthesis) might obscure 
the presence of real pathology. Furthermore, several studies 
report the phenomenon of image hallucinations [120], which 
refers to the generation of unusual and irrelevant image fea-
tures, such as false, unexplainable structures. For example, 
a minor image hallucination may be a slight imperfection 
when reconstructing tissue boundary. In contrast, an impor-
tant hallucination may refer to introducing an entirely new 
structure in the image.

Privacy and fraud issues may even arise in applications 
with GANs. Their capabilities in generating fake images 
indistinguishable from legitimate images may enable their 
use for medical fraud. GANs enable the complete synthesis 
action and placement of fake findings such as aneurysms, 
torn ligaments or tendons, and tumours in the medical 
image. In [121], the authors present such potential dan-
gers that tampering with CT scans and artificially injecting 
lung cancers on those images with DL methods managed to 
deceive the radiologists at least 70% of the time.

Another vital issue is the explainability of such networks. 
GANs are deep CNNs, which learn to map the input data 
distribution into the abstract feature space by applying sev-
eral filters and performing massive amounts of mathematical 
operations in no time. GAN's trainable parameters may vary 
from a few thousand to millions. Tracking the cognitive pro-
cess to gain insights on the decision-making of such frame-
works is a very complex and ambiguous topic that attracts 
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the interest of many research studies. DL frameworks are 
often called black-boxes due to the above fact, making medi-
cal experts reluctant to employ such systems in everyday 
activities.

Finally, assessment metrics vary between studies. Image 
quality and image similarity measures include dice simi-
larity measure, mean absolute error, peak signal-to-noise 
ratio, structural similarity, and more. The physician’s quality 
assessment is employed in many cases, but it is subjective. 
There needs to be standardisation to avoid subjective conclu-
sions and establish comparison guidelines.

Future perspectives

Apart from fundamental research on improving the core of 
GANs to surpass the inherent limitations mentioned above, 
specific attention by biomedical engineers and physicians 
should be paid to the applicability of GANs in medical 
imaging.

A severe issue is data scarcity. PET imaging modality is 
under-represented in most medical imaging record archives 
and initiatives by institutes and laboratories. Without utilis-
ing large-scale, complete, and well-structured PET imaging 
data covering a variety of diseases apart from the common 
ones, future research will be constrained.

Despite the effectiveness of general GAN topologies, 
such as CycleGAN and cGAN, more research could be 
conducted to design, develop and evaluate task-specific or 
model-specific topologies, architectures and components. 
Those models can potentially enhance the robustness 
of GANs in medical imaging and direct the research 
towards discovering methods and materials that apply to 
problem-specific GAN topologies. These models could 
also integrate clinical data and attributes to expand their 
learning efficiency and capture general knowledge about 
the discovered patterns and objects in the images. This 
aspect could also contribute to the explainability issue, 
as clinical data can be used as auxiliary information that 
could guide the model to a specific and desired path, 
thereby offering some control over the internal operations 
of such networks. In addition, clinical data, in conjunction 
with output GAN features, could be processed by more 
transparent methods, such as Random Forests and Fuzzy 
Cognitive Maps, to improve the model's explainability 
as a whole.

GANs also need to be applied to various PET scanners 
to assess their robustness to device variation. Ideally, a 
universal GAN model should be developed to handle PET 
image data regardless of the PET scanner variations for a 
specific task (e.g. artefact removal). However, recent stud-
ies suggest that DL methods are proved to be excellent in 
acquisition device variation [122, 123], and GANs could 
be no different.

Conclusions

This review analysed research studies focusing on GANs 
in PET imaging between 2015 and 2021. More than a 
hundred related researches were examined and discussed. 
GANs have enjoyed significant research attention to medi-
cal imaging related tasks during the last two years. PET 
imaging is a domain wherein extensive research has only 
begun after 2019. Nevertheless, GANs find application in 
several PET imaging processes, such as attenuation correc-
tion, standard-dose image estimation, scatter correction, 
artefact removal, noise reduction, image fusion, and cross-
modality synthesis. The reported results verify that GANs 
compete with and, sometimes, are superior to most state-
of-the-art alternative methods. The limitations of GANs 
were discussed in the present study, and future research 
suggestions have been made to contribute to the scientific 
community.
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