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Abstract
Background Malignant melanoma (MM) is the most aggressive skin cancer, requiring early diagnosis for better outcomes.
While deep learning models have shown promise in dermatological image analysis, their performance is constrained by
limited training data. Generative Adversarial Networks (GANs) offer a solution by generating synthetic images for data
augmentation. However, assessing their clinical reliability remains difficult as automated metrics may not fully capture visual
realism or clinical usability.
The Objective This study presents a comprehensive framework for creating high-quality synthetic dermatoscopic pictures
of MM lesions, as well as a holistic validation methodology that uses quantitative metrics and qualitative dermatologist
assessment to provide a full clinical evaluation of the generated images. Three GAN architectures (DCGAN, StyleGAN2,
and StyleGAN3-t) are explored. Lesions on the face, palms, and soles are excluded due to their unique dermoscopic patterns.
Materials and Methods A dataset of 1,774 dermatoscopic body MM images was used to train the models, assessed with
Fréchet Inception Distance (FID), Kernel Inception Distance (KID), precision, and recall. Afterwards, a panel of 17 der-
matologists with different levels of expertise assessed image quality using a 7-point Likert scale, with accuracy, sensitivity,
specificity, and inter-rater agreement analysed.
Results StyleGAN2 achieved the best image fidelity (FID: 18.89, KID: 0.0025), while StyleGAN3-t demonstrated stable but
slower convergence. Both StyleGANmodels outperformedDCGAN in diversity and fidelity. The validation study showed that
StyleGAN2-generated images were often indistinguishable from real ones, reflected in low specificity and accuracy values
among evaluators.
Conclusions The study highlights the effectiveness of GANs in generating high-quality synthetic images, proposing a
validation framework that integrates expert assessments with state-of-the-art quantitative metrics. This approach advances
standardisation in GAN evaluation, ensuring synthetic images are clinically relevant for dermatological AI applications.
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1 Introduction

Malignant melanoma (MM) is the most aggressive form of
skin cancer, posing a significant burden on public health [1].
According to the International Agency for Research on Can-
cer, more than 330,000 new cases were reported worldwide
in 2022, resulting in approximately 58,000 deaths [2]. In
the United States alone, people experience an average of 1.6
skin diseases per year, highlighting the widespread nature of
these conditions [3, 4]. In particular, dermatological concerns

Extended author information available on the last page of the article

account for almost 20% of all general practitioner (GP) vis-
its, making them one of the most common reasons to seek
primary care [5].

Dermoscopy considerably improved early melanoma det-
ection; successful application, however, necessitates wide-
ranging training and is highly dependent on the user’s
expertise [6]. Histopathology remains the gold standard for
the diagnosis of skin cancer: it is based on the identifica-
tion of several specific biomarkers along with a degree of
cellular atypia. The accuracy of this method is high, but it
requires significant expertise and is very time-consuming [7].
An effective treatment for MM did not exist before 2011 [8].
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Furthermore, there is no conclusive evidence that melanoma
screening reduces morbidity or mortality [9]. Taking into
account these factors, it was anticipated that a large increase
inmelanoma-related deathswould follow the increase inMM
cases before 2011. However, mortality rates have remained
stable. This trend has persisted since the year 2011. This
suggests that a significant portion of diagnoses could be due
to overdiagnosis or misdiagnosis [10]. This generates many
diagnostic issues and increases the number of unnecessary
surgeries or incorrect treatments, with a subsequent impact
on aesthetic outcomes and healthcare costs.

Artificial Intelligence (AI) has been widely regarded as
a promising tool to address these challenges. In particular,
Deep Learning (DL) has the potential to enhance diagnostic
accuracy while reducing both misdiagnoses and overdiag-
noses [11]. Convolutional Neural Networks (CNNs), known
for their ability to process grid-like data structures, have
become the gold standard in medical image analysis [12,
13]. Dermatology, in particular, is well-suited for AI appli-
cations as it heavily relies on dermatoscopic imaging, patient
history data, and descriptive pathology reports. However,
CNNs require large volumes of training data, which presents
a major limitation in achieving reliable performance in clin-
ical practice, primarily due to the unbalanced distributions
of pathologies, the limited representativeness of rare clinical
conditions, and the insufficient variability in factors such as
ethnicity and image quality.

A promising solution to this data scarcity issue is the use
of synthetic data, which can enhance domain knowledge
through synthetic augmentation [14]. Studies have shown
that synthetic datasets can achieve even better visual per-
formance than real datasets [15]. Generative Adversarial
Networks (GANs) are particularly effective at generating
high-quality synthetic images for data augmentation [16].
GANs operate through a zero-sum game between two com-
peting neural networks, where one network’s success equates
to the other’s failure. Given a training dataset, this method
learns to produce new data with statistical properties similar
to the original set.

However, the use of synthetic data in healthcare applica-
tions also raises concerns such as the risk of data leakage,
dependency on imputation models, bias amplification, low
interpretability, and an absence of robust methods for audit-
ing data quality [17, 18]. Even if GANs are proven to reduce
re-identification risks, thus holding significant potential for
privacy-preservingdata sharing in healthcare, challenges per-
sist in preserving temporal correlations and aligning with
regulatory frameworks [19, 20].

1.1 Related works

The paper by Goodfellow et al. [16] sets a very impor-
tant milestone in the modern machine learning landscape,

opening new avenues for unsupervised learning. Deep Con-
volutional GAN (DCGAN) continued building on this idea
by applying the principles of a convolutional network to
produce 2D images successfully [21]. DCGANs integrate
the CNN architectures into GANs, making them particularly
effective for image generation tasks. In DCGANs, theGener-
ator employs transposed convolutions to generate high-level
data distributions,while theDiscriminator uses convolutional
layers to classify the data.

Cycle-Consistent Generative Adversarial Network
(CycleGAN) is a GAN framework designed to transfer fea-
tures between images [22]. CycleGAN is best suited for
unpaired image-to-image translation tasks when the input
and output images are not connected. CycleGAN is used for
a variety of image-to-image translation challenges, such as
style transfer, domain adaptation, and image enhancement.

Another GAN architecture is the StyleGAN developed by
NVIDIA [23]. StyleGAN is designed primarily tomake high-
quality, photo-realistic images. Unlike traditional GANs,
StyleGAN provided various unique ways to improve image
production and greater control over specific attributes.Unlike
conventional GAN, StyleGAN uses a progressive growing
technique that allows the generator and discriminator net-
works to grow in size and sophistication throughout training.
StyleGAN may produce images of higher quality (up to
1024x1024 pixels) because of progressive growth.

Other common GAN architectures used for image syn-
thesis are Conditional GAN (CGAN) [24], Pix2Pix [25],
Wasserstein GAN (WGAN) [26], and DiscoGAN [27].
CGANallows for control over the generated output by condi-
tioning the generation process on additional information; the
Pix2Pix model is based on a CGAN where a target image is
generated based on a given input image;WGAN introduces a
loss function based on the Wasserstein distance, which pro-
vides smoother and more meaningful gradients preventing
unstable convergence; finally, DiscoGAN generates images
of products in one domain given an image in another domain,
thus having the ability to learn cross-domain relations given
unsupervised data.

However, each GAN architecture is proven to suffer from
inadequate learning causedby twocommonaspects knownas
convergence failure (a scenario when GAN training fails to
converge without even producing any meaningful content)
and mode collapse (the generator focuses on producing a
limited set of data patterns that deceive the discriminator).
Some common solutions that can help mitigate these failures
are the Adaptive Moment Estimation (Adam) optimisation
algorithm for gradient descent [28], Spectral Normalization
as opposed to BatchNormalization as aweight regularisation
technique [29], use of learning rate schedulers [30], andLabel
Smoothing [31].

The evaluation of GANs has emerged as a hot topic
in AI, particularly in terms of generated image realism
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and quality. Several state-of-the-art quantitative metrics are
widely utilised to evaluate the quality of images produced by
GANs, such as the Inception Score (IS) [32], the Fréchet
Inception Distance (FID) [33], the Kernel Inception Dis-
tance (KID) [34], precision and recall [35]. α-precision,
β-recall and authenticity [36]. However, all existing evalua-
tion approaches face several obstacles, themost significant of
which is the lack of a common standard capable of accurately
capturing the intricacies of distinct generative models [19].
In such a scenario, the subjective nature of human judgment
can play a crucial role in image quality assessment. While
automated metrics provide useful information, human eval-
uations frequently capture aspects of realism and quality that
quantitative toolsmaymiss. Studies have shown a substantial
correlation between human qualitative assessments and tra-
ditional metrics, indicating that including human input can
significantly improve evaluation accuracy [19, 37].

A few studies have already explored the application of
GANs in dermatology. However, they generally obtained
poor results in terms of image quality and resolution. More-
over, no validation standard framework is presented as they
solely rely on quantitative metrics (e.g., FID and IS) that
present the previously highlighted limitations.

The study by Furger et al. explored the application of
GANs to three different types of images showing full hands,
skin lesions, and varying degrees of eczema, obtaining unre-
alistic and unusable results for skin lesions such asMM,with
a FID score of 599.6 for skin eczema [38].

The work by Borghesi et al. proposes the generation of
synthetic skin images of a resolution of 256x256 pixels with
a diffusion model and with a scarce training set [39].

Abbasi et al. aim to demonstrate the potential of the
pre-trained VGG-16 deep learning model [40] to accu-
rately differentiate between real andGAN-generatedmedical
images. The results show that the model achieves an accu-
racy of 99.82% in discriminating between real and synthetic
images. However, no information is given about the perfor-
mance of the proposed GAN, which prevents any assessment
of the quality of the synthetic images to be discussed [41].

1.2 The objective

This manuscript presents a complete framework for gener-
ating high-quality synthetic dermatoscopic images of MM
lesions, and a holistic validation protocol that leverages quan-
titative metrics and qualitative assessment to offer a full
clinical evaluation of the generated images. The proposed
work will help augment current datasets, offering a valid
tool to improve the performance of deep learning classifica-
tion models indirectly. Unlike recently proposed approaches
[38, 39, 41], this study exclusively focuses on MM lesions
on the body. Lesions from the face, palms, and soles are

deliberately excluded, as these areas exhibit distinct der-
moscopic patterns. The anatomical location of MM lesions
is proven to influence the dermoscopic appearance of MM
lesions significantly [42]. Therefore, training a GAN on
images from different regions may result in unrealistic and
clinically unhelpful synthetic images. A validation protocol
is also presented to provide a complete and effective clinical
evaluation and a more nuanced understanding of the quality
and diversity of the generated images. Three GAN mod-
els (a custom-developed DCGAN, a fine-tuned StyleGAN2,
and a fine-tuned StyleGAN3-t) were trained on a curated set
of body MM images sourced from multiple databases. The
proposed assessment integrates state-of-the-art quantitative
metrics with qualitative assessments performed by a panel of
dermatologists with different levels of expertise.

2 Materials andmethods

1,430 dermatoscopic images were collected from two open-
source databases: 970 from the HAM10000 (HumanAgainst
Machine) [43] and 460 from the ISIC2020ChallengeDataset
[44]. These datasets were complemented with 344 additional
dermatoscopic scans from the multicentric IdScore_Body
dataset [45]. The combination of the three databases yielded
a total of 1,774 dermatoscopic scans exclusively linked to
body MM lesions.

The first proposed GAN model is based on the DCGAN
architecture for generating 256x256 pixels synthetic images
of skin alterations. It implements the following guidelines as
introduced by Radford et al. [21]:

• Replacing any pooling layers with stride convolutions
(Discriminator) and fractional-stride convolutions (Gen-
erator).

• Using batch normalization in both the Generator and the
Discriminator.

• Removing fully connected hidden layers for deeper archi-
tectures.

• Using Rectified Linear Unit (ReLU) activation function
in the Generator for all layers except for the output, for
which Tanh is used.

• Using LeakyReLU activation function in the Discrimi-
nator for all layers, except for the output, which uses
Sigmoid.

The designed architecture of the Discriminator also
exploits spectral normalization, learning rate schedulers, and
label smoothing to enhance performance and stabilize the
training process. The last technique refers to changing the
usual value of the classification labels, typically 1 or 0, to
another value close to the original. By reducing the value of
the assigned label, the Discriminator gets “less confident”
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since the assigned probabilities at the output layer are lower
in comparison with what happens by using the original label
value. In this implementation, the real images, originally
labelled as 1, have been labelled with a value of 0.9. The
developed DCGAN model is publicly available on a GitHub
repository [46].

The second and third tested GANmodels exploitNVIDIA’s
StyleGAN2 and StyleGAN3-t (translation equivalent) archi-
tectures. In the latter, the previous generator architecture has
been modified by the authors to get greater control over the
image synthesis process by injecting noise with a constant
learning input and by adjusting the image style in each con-
volutional layer based on the latent code that enhances the
image attributes [47]. Bothmodels employ adaptive discrimi-
nator augmentation (ADA) to generate synthetic images with
a resolution of 512x512 pixels. ADA is a technique that
dynamically adjusts the augmentation applied to trainingdata
based on the model’s needs. Traditional data augmentation
(e.g., rotation, scaling, translation, colour adjustments) can
lead to undesirable artefacts and noisy results. ADAmonitors
the training process and adapts the intensity of the augmen-
tation to balance performance and prevent problems such
as mode collapse or overfitting by selectively applying aug-
mentations with a given probability. This ensures that the
generator learns to produce natural images while still ben-
efiting from the diversity introduced by augmentation [47].
The probability is regulated by the hyperparameter p, in the
range of 0 to 1. StyleGANs were fine-tuned starting from the
pre-trained stylegan2-ffhq-512x512. When the training set
is minimal (as in our situation), this fine-tuning allows for
quick and high-quality results. Finally, because the dataset is
horizontally symmetrical, data augmentation using random
x-flips was performed, doubling the number of images. The
DCGAN was trained for 500 epochs while the StyleGANs
for 15,000 training iterations, or until diverging instead of

converging to a stable equilibrium on the selected images.
The hyperparameter selection for the DCGAN has been
optimized with a trial-and-error approach, testing different
combinations and assessing thefinal performances.Hyperpa-
rameters for the StyleGAN2 and StyleGAN3-t architectures
have been set according to previous studies [23, 47].

Table 1 shows the value of the hyperparameters chosen
for training the three GAN architectures.

The performance of each model was assessed using quan-
titative state-of-the-art metrics to assess fidelity (the realism
of the synthetic data) and diversity (the coverage of the real
data distribution): FID, KID, precision, and recall.

FID measures the difference between the real and gener-
ated image distributions by comparing their feature represen-
tations extracted from the InceptionV3 deep neural network.
It assumes the features follow a multivariate Gaussian distri-
bution and it is calculated as per Eq. 1.

F I D = ‖μr − μg‖2 + Tr(�r + �g − 2
√

�r�g) (1)

• μr , �r are the mean and covariance of the real image
features,

• μg, �g are the mean and covariance of the generated
image features,

• Tr denotes the trace of a matrix.

Usually, a FID score lower than 15 denotes excellent and
high-quality images with a variation due to the dataset com-
plexity. A score greater than 100 is instead associated with
very low-quality images, possibly due to mode collapse or
artefacts [33].

KID also measures how closely the generated images
resemble real images by comparing their feature represen-
tations extracted from the InceptionV3model. It differs from
FID in how it computes this similarity. KID is based on the

Table 1 Initial hyperparameters
for the tested GAN models

Parameter DCGAN StyleGAN2 StyleGAN3-t

Output resolution (pixels) 256x256 512x512 512x512

Batch size 16 16 16

Training epochs/iterations 500 15,000 15,000

Latent vector size 128 512 512

Learning rate (Generator) 0.0002 0.0025 0.0025

Learning rate (Discriminator) 0.00005 0.0025 0.002

β1 (Adam optimizer) 0.5 0.0 0.0

β2 (Adam optimizer) 0.999 0.99 0.99

Decay epoch (LambdaLR scheduler) 100 − −
p − 0.7 0.7

Transfer learning N.A. � �

Random x-flips N.A. � �
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Maximum Mean Discrepancy (MMD), a statistical test that
measures the difference between two probability distribu-
tions using a polynomial kernel function (Eq. 2).

K I D = MMD2(Pr ,Pg) (2)

Pr and Pg represent the feature distributions of real and
generated images, respectively. Low KIDs mean the gener-
ated images are similar to real ones. A KID score less than
0.01 is associatedwith high quality,while a value greater than
0.1 highlights poor-quality generations, likely mode collapse
or artefacts [34].

The implemented precision and recall are defined in the
work by [35] and they are used to assess the fidelity and diver-
sity of the generated images, respectively. Real and generated
samples are drawn and embedded into a high-dimensional
feature space using a pre-trained d VGG-16 [40] classifier
network.Vectors of the real andgenerated images are denoted
by φr and φg , while the corresponding sets of feature vec-
tors are by �r and �g . Precision is quantified by querying
for each generated image whether the image is within the
estimated manifold of real images (Eq. 3). Symmetrically,
recall is calculated by querying for each real image whether
the image is within the estimated manifold of the generated
image (Eq. 4)

precision(�r ,�g) = 1

|�g|
∑

φg∈�g

f (φg,�r ) (3)

recall(�r ,�g) = 1

|�r |
∑

φr∈�r

f (φr ,�g) (4)

A precision score close to 1 denotes a high fidelity of the
generated images to the real ones, while a recall score close
to 1 proves a high diversity of the synthetic image sample.

2.1 Validation protocol

A user study on selected physicians was also designed to
evaluate the perceived quality and diversity of the generated
samples and ensure a strong validation of the best-performing
model, chosen according to the lowest FID score. Specif-
ically, 17 dermatologists distributed within three different
levels of expertise (five with <4 years, six with 4-8 years,
and six with >8 years) [48] were enrolled from three dif-
ferent Italian centres (the University of Siena, the University
Luigi Vanvitelli in Caserta, and the University Sapienza in
Rome). The validation dataset was made with 25 generated
synthetic images and the same number of randomly selected
real images among the training dataset. Images had the same
resolution and were shuffled and anonymised to build a ran-
domised balanced dataset of real and synthetic images with
a total of 50 images. Dermatologists were unaware of each
image’s origin to ensure unbiased assessment. A customweb
application deployed on a publicly accessible server [49] was
used to administer the questionnaires (expertise and real-
ism assessment) to the selected dermatologists and store the
answers. An initial assessment was requested from the der-
matologists to discriminate real/synthetic images.Afterward,
each imagewas also assessed on three attributes (image qual-
ity, visual and colour realism, and confidence level of the
evaluation) with a 7-point Likert scale. Descriptive statistics
were used to describe the results of the qualitative validation.

Fig. 1 Evolution of FID values of the three GAN models during training
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Table 2 Value of the employed metrics (FID, KID, Precision, and
Recall) for the three different GAN models evaluated individually at
the iteration with the lowest FID

Model FID KID Precision Recall

DCGAN 203.77 0.0660 0.7500 0.8125

StyleGAN2 18.89 0.0025 0.7408 0.2604

StyleGAN3-t 31.73 0.0220 0.6616 0.3619

The single best metrics are highlighted in bold

Specifically, accuracy, sensitivity, and specificity were evalu-
ated on thewhole assessment and stratified on the evaluators’
expertise and confidence level, image quality, and visual
and colour realism. Fleiss’ Kappa was used to measure the

concordance of the evaluation on the same image, while
Krippendorf’s Alpha was calculated to assess the inter-rater
agreement of the evaluation on the parameters scored with
the 7-point Likert scale (image quality, visual and colour
realism, and confidence level).

3 Results

3.1 Quantitative assessment

Figure 1 shows the trend of the FID during the training of the
three GAN models.

Fig. 2 Comparison between real (a) and synthetic (b) dermatoscopic images of MM body lesions. Synthetic images are generated by the snapshot
of the StyleGAN2 model trained for 4,620 iterations which scored the lowest FID of 18.89
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The DCGAN reaches the lowest FID value of 203.77 after
7,160 iterations. StyleGAN2 scores the smallest FIDof 18.89
after 4,620 iterations, while StyleGAN3-t has a minimum
FID of 31.73 after 1,740 iterations (Table 2).

The snapshot of the StyleGAN2 model, taken after 4,620
iterations, was then selected as the best-performing model.
Figure 2b shows a sample of 120 synthetic images generated
by the best-performing model compared to 120 real ones
(Fig. 2a) randomly selected from the initial set of 1,774.

3.2 Qualitative assessment

The results of the statistical analysis on the qualitative val-
idation are reported in Table 3. A true-positive response is
identified by a real image identified as real by the participants;
a false-positive whenever a synthetic image is identified as
real; a true-negativewhenever a synthetic image is labelled as
synthetic; a false-negative each time a real image is classified
as synthetic.

Results from the parameters assessed with the 7-point
Likert scale (image quality, visual and colour realism, and
confidence level) were grouped into three subsets: low (1-3),
medium (4-5), and high (6-7).

Statistical analysis reveals a consistently low level of accu-
racy across different stratifications, with a slightly higher
value (0.74; IC: 95% = 0.65-0.82) observed among those
who reported a high confidence level in their assessments.
The sensitivity for the entire assessment is 0.73; IC: 95% =
0.69-0.78, with higher values recorded for images ofmedium
tohighquality, highvisual realism, andhigh confidenceof the
evaluator. The lowest sensitivity (0.11; IC: 95% = 0.04-0.24)
is associatedwith images perceived as having lowvisual real-
ism. The specificity has a consistent trend with low values

across the various stratifications (with the lowest value of
0.18; IC: 95% = 0.09-0.30 for the evaluators that assessed
a High Visual Realism of the image), except for the partici-
pants that assessed a low visual realism of the image (0.97;
IC: 95%=0.90-0.99). Intra-rater concordancemeasuredwith
the Fleiss’ Kappa and the Krippendorf’s Alpha is generally
very low except for evaluators who expressed a high level of
confidence in their assessment (0.53).

4 Discussion

Figure 1 highlights that the DCGANmodel exhibits a signif-
icantly higher FID score and amore unstable trend compared
to the StyleGANmodels. In particular, the StyleGAN2model
shows a rapid decline in FID, followed by divergence after
approximately 6,000 iterations, whereas the StyleGAN3-t
model exhibits a more stable but slower convergence. This
difference can be attributed to both architectural variations
among the GAN models and the use of ADA and transfer-
learning in the StyleGAN models, which allows a much
faster convergence toward high-quality image generation
while preventing overfitting. Furthermore, the KID scores of
both StyleGAN3-t and StyleGAN2 are substantially lower
than that of DCGAN, reinforcing their superior diversity and
fidelity.However, precision values remain comparable across
all models, and recall is even higher for DCGAN, suggest-
ing, paradoxically, a greater diversity for this model. These
findings underscore the necessity of employingmultiple eval-
uationmetrics when assessing synthetic image quality across
different domains, as relying solely on precision and recall
could have led to misleading conclusions.

The low accuracy of the qualitative assessment indicates
an overall high quality of the generated synthetic images,

Table 3 Statistical analysis on the results of the qualitative validation assessment

Accuracy Sensitivity Specificity Fleiss’ Kappa Krippendorf’s Alpha

Whole Assessment 0.64 [0.61-0.68] 0.73 [0.69-0.78] 0.56 [0.51-0.60] 0.183 −
Low expertise [<4 years] 0.59 [0.53-0.65] 0.67 [0.59-0.74] 0.51 [0.43-0.60] 0.074 −
Medium expertise [4-8 years] 0.64 [0.59-0.70] 0.78 [0.71-0.84] 0.51 [0.42-0.59] 0.254 −
High expertise [>8 years] 0.71 [0.65-0.77] 0.76 [0.68-0.83] 0.66 [0.57-0.75] 0.225 −
Low Image Quality 0.64 [0.58-0.69] 0.48 [0.39-0.58] 0.74 [0.67-0.80] − 0.047

Medium Image Quality 0.65 [0.60-0.69] 0.82 [0.77-0.87] 0.44 [0.37-0.51] − 0.118

High Image Quality 0.64 [0.55-0.73] 0.85 [0.74-0.93] 0.35 [0.22-0.51] − −0.040

Low Visual Realism 0.67 [0.58-0.75] 0.11 [0.04-0.24] 0.97 [0.90-0.99] − −0.025

Medium Visual Realism 0.63 [0.59-0.67] 0.76 [0.70-0.81] 0.50 [0.44-0.56] − 0.121

High Visual Realism 0.68 [0.60-0.75] 0.97 [0.91-0.99] 0.18 [0.09-0.30] − 0.038

Low Confidence Level 0.60 [0.49-0.70] 0.50 [0.32-0.68] 0.66 [0.52-0.78] − 0.032

Medium Confidence Level 0.63 [0.60-0.67] 0.72 [0.67-0.77] 0.55 [0.50-0.60] − 0.155

High Confidence Level 0.74 [0.65-0.82] 0.89 [0.80-0.95] 0.43 [0.27-0.61] − 0.53

Upper and lower values of the 95% confidence interval are reported in brackets for accuracy, sensitivity, and specificity
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as they successfully “deceive” experts, leading to frequent
misclassification. The sensitivity scores suggest that evalu-
ators generally have strong expertise as they can accurately
identify real dermatoscopic images within the dataset, espe-
cially when these images exhibit high quality and realism.
However, the consistently low specificity values highlight the
challenge physicians face in distinguishing synthetic images
from real ones. Dermatologists were always able to clas-
sify synthetic images with low visual realism correctly. The
overall low concordance among evaluators (with the only
exception of evaluators expressing a high level of confidence
in their assessments) further supports the high quality of the
synthetic images.

5 Conclusions

The study evaluated the effectiveness of GANs in generating
high-quality synthetic dermatoscopic images of body MM
lesions, comparing DCGAN, StyleGAN2, and StyleGAN3-
t. The findings demonstrate that StyleGAN models, par-
ticularly StyleGAN2, outperform DCGAN in producing
realistic and diverse images. The quantitative evaluation
showed that StyleGAN2 achieved the lowest FID (18.89)
and KID (0.0025) scores, indicating superior image fidelity
and diversity, while StyleGAN3-t exhibited more stable but
slower convergence. The identified discrepancy among pre-
cision/recall and FID/KID scores of the evaluated models,
underscores the necessity of using multiple evaluation met-
rics to obtain a comprehensive assessment of synthetic image
quality. To address the limitations of relying only on auto-
mated metrics, this study introduced a human validation
protocol involving expert dermatologists. The results demon-
strated that evaluators struggled to identify synthetic images
from real ones regardless of expertise, as evidenced by low
specificity and accuracy values. The proposed qualitative
validation protocol represents a significant advancement in
the assessment of GAN-generated images. This approach
provides amore accurate and holistic evaluation of GANper-
formance by integrating expert evaluations with established
quantitative metrics. The proposed methodology enhances
the reliability of synthetic image validation and paves theway
for a standardised assessment framework forGAN-generated
medical images.
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