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Abstract

Federated learning (FL) enables healthcare institutions to
collaboratively train a global model without sharing patient
data. However, this approach can still introduce bias into
the learning process. In the context of skin lesion classifi-
cation, bias is a significant challenge due to the diversity
in skin tone representation. Models trained on imbalanced
datasets that underrepresent darker skin tones may exhibit
reduced accuracy and reliability for those population. In
this work, we propose Federated Color-Invariant Adversar-
ial Learning (FedCIAL), a novel approach that leverages
known color distribution shifts to generate target samples.
This allows us to train a color-invariant feature extractor
using domain adaptation techniques without requiring any
shared data. Experimental results on the Fitzpatrick17k
dataset show that FedCIAL outperforms the state-of-the-art
model FeSViBS, achieving an average accuracy of 0.7754,
compared to 0.7666 for the baseline, with a statistically sig-
nificant improvement (p = 0.044). Additionally, FedCIAL
improves model fairness, reducing the standard deviation
across clients to 0.044, compared to 0.053 for the baseline.
These findings demonstrate that FedCIAL enhances perfor-
mance and offers a promising solution for fairer federated
learning models in medical image analysis.

1. Introduction

Federated learning (FL) is a decentralized machine learning
paradigm, where multiple clients (e.g., edge devices, hospi-
tals, mobile phones) collaboratively train a shared model
without centralizing their data [15, 17, 21]. Each client
trains the local model locally on its own data and only the
model updates or gradients are communicated to a central
server that aggregates the local models to form a global
model. This framework not only preserves data privacy, but
also leverages heterogeneous distributed data sources, mak-
ing it particularly useful in scenarios where data collection

is sensitive or restricted by regulatory policies.
FL has emerged as a transformative approach in health-

care, enabling collaborative machine learning across insti-
tutions without sharing sensitive patient data [26, 27, 29].
By decentralizing the training process, FL preserves pri-
vacy while allowing models to learn from diverse datasets,
addressing critical challenges in medical AI development.
This atribute of FL also helps comply with strict regulations
like GDPR and HIPAA [22, 25].

In FL, data on each client is often non-independent
and identically distributed (non-IID). This means that each
client’s data can have different underlying distributions due
to variations in user demographics, sensor characteristics, or
environmental conditions [12, 16, 17]. A significant chal-
lenge arises from a distribution shift, where the statistical
properties of the data vary across clients. For example,
when considering bias variables such as Fitzpatrick skin
type, certain clients might predominantly have data from
specific skin tones, which can lead to models that perform
unevenly across different groups [8]. Addressing such dis-
tribution shifts is critical to ensuring fairness and robust
model performance across all client populations.

An invariant feature extractor is designed to learn repre-
sentations that are robust to variations or biases in the data
[7, 20, 23], which is introduced by non-IID distributions.
The goal is to capture features that are relevant for the main
prediction task while ignoring domain-specific characteris-
tics that could lead to bias. In the context of this work,
the feature extractor is trained to be invariant to differences
in Fitzpatrick skin type. This is achieved by incorporat-
ing a domain branch along with a gradient reversal layer
[6]. The gradient reversal layer enables adversarial training.
While the main network minimizes the loss for the primary
task, the domain branch is simultaneously trained to predict
the skin type. By reversing the gradient during backprop-
agation, the feature extractor is forced to discard skin type
specific features, resulting in representations that are more
domain-invariant and unbiased.

In producing bias-invariant representation, the Domain-



Adversarial Neural Networks (DANN) use gradient reversal
layers to achieve domain invariance [6]. However, DANN
was originally designed for centralized learning, where all
data is available on a single server, and does not inher-
ently account for the decentralized and privacy-preserving
nature of federated learning. CIRCLe [24] leverages color-
invariant representation learning to extract features from
skin lesion images that are robust against color variations,
thus reducing bias from heterogeneous imaging conditions.
However, it assumes centralized access to skin-type labels
across all training data to train the skin color transformer,
which makes it less suitable for federated settings, where
data is decentralized, heterogeneous, and subject to strict
privacy constraints.

In this study, we focus on the task of skin lesion classifi-
cation, as skin cancer is among the most prevalent forms
of cancer and requires precise early detection to signifi-
cantly enhance patient survival rates [1, 3, 9]. We leverage
the known color distribution shifts in Fitzpatrick skin types
to inform the training of a color-invariant representation,
rather than relying on a skin color transformer such as CIR-
CLe. This method directly uses explicit domain knowledge
of color variations to guide a domain-adversarial training
process, ensuring that the learned features remain invariant
to biases introduced by color differences across decentral-
ized data. By integrating this strategy within a federated
learning framework, we address both privacy concerns and
non-IID challenges inherent to decentralized environments.
The contribution lies in mitigating bias in skin lesion clas-
sification by aligning feature representations using known
color distribution shifts, thereby fostering fairer and more
robust models in real-world, heterogeneous settings.

2. Related Work

2.1. Feature Skew in Federated Learning

One significant form of non-IIDness in federated learning is
feature skew, where the distribution of input features varies
between clients. Feature skew is a case of the covariate
shift [18], which occurs when the input feature distribu-
tion changes but the conditional distribution of the output
given the features remains the same [30, 31]. This can lead
to higher generalization error, reducing the performance of
models across different environments [10].

Liu et al. [19] carried out comprehensive experiments
to develop a prostate segmentation model using heteroge-
neous MRI data collected from multiple sites. The vari-
ability in MRI acquisition protocols across these sites re-
sulted in significant inter-site discrepancies. Similarly, Li
et al. [18] trained a classification model on datasets from
four medical institutions participating in ABIDE I, where
functional brain imaging data were obtained using diverse
imaging devices and scanning protocols. Another example

in medical imaging arises in skin lesion classification task.
Xu et al. [28] conducted experiments aimed at classifying
skin lesion images sourced from clients with varying skin
types. This skew can lead to models that perform well on
locally seen data but generalize poorly to unseen global dis-
tributions [8]. This is particularly problematic because the
feature space, such as skin tone, is closely related to the tar-
get output, leading to potential bias and poor transferability
to other skin types. Addressing feature skew is crucial for
equitable and robust learning in FL for healthcare, partic-
ularly in scenarios demanding fairness and generalization
across diverse demographics.

2.2. Bias Mitigation in Machine Learning

Feature skew can lead to bias in the model. The mitigation
of bias in machine learning, particularly color bias, is crit-
ical to ensuring fair and equitable outcomes among diverse
populations. In skin lesion classification, color bias arises
when machine learning models disproportionately rely on
skin tone as a feature for prediction, leading to reduced gen-
eralization across individuals with varying skin types. This
problem is exacerbated by the underrepresentation of darker
skin tones in datasets, as highlighted in previous studies
[4, 8], which show that biased datasets can result in sig-
nificant performance disparities.

DANNs utilize gradient reversal layers to foster the
learning of domain-invariant features, effectively minimiz-
ing the discrepancy between data distributions across do-
mains [6]. By incorporating a domain classifier that pre-
dicts the domain labels from the learned features and then
reversing the gradients during backpropagation, DANN en-
courages the feature extractor to produce representations
that are agnostic to domain-specific information. This ad-
versarial training mechanism has proven highly effective in
centralized settings, where all data is available on a sin-
gle server, allowing the model to align feature distribu-
tions across varied domains. However, this original de-
sign does not naturally address the challenges of decentral-
ized, privacy-preserving environments inherent in federated
learning, where data heterogeneity and restricted data shar-
ing are primary concerns.

CIRCLe leverages color-invariant representation learn-
ing to extract features from skin lesion images that remain
robust against variations in color, thereby reducing bias
stemming from inconsistent imaging conditions [24]. This
method relies on the availability of centralized skin-type la-
bels to train a skin color transformer that normalizes the
influence of color discrepancies, which can otherwise skew
diagnostic accuracy. While this approach is effective in set-
tings where a uniform and comprehensive color distribu-
tion is accessible, its reliance on centralized label availabil-
ity makes it less adaptable to federated learning environ-
ments. In federated settings, data is inherently decentralized



and subject to strict privacy constraints, which challenges
the collection and utilization of consistent skin-type labels
across all clients, thereby limiting the direct applicability of
CIRCLe’s methodology.

FeSViBS [2] integrates Federated Learning and Split
Learning to enable collaborative learning while addressing
privacy concerns and computational constraints. A key in-
novation in FeSViBS is its block sampling module, which
optimally utilizes intermediate features extracted by a Vi-
sion Transformer (ViT) [5] at the server. Instead of rely-
ing solely on final-layer representations, FeSViBS strate-
gically samples patch tokens from an intermediate trans-
former block. These selected features are then distilled
into a pseudo class token, a compact representation that
captures essential feature information, before being sent
back to the client. By incorporating these pseudo class
tokens, FeSViBS enhances feature augmentation and im-
proves model generalizability across different client distri-
butions. This approach mitigates the loss of information
that may occur in federated settings due to data hetero-
geneity and limited client-side computations. Furthermore,
the method ensures that critical learned representations are
efficiently shared without exposing raw data, maintaining
privacy while still benefiting from global knowledge ag-
gregation. In this study, We use FeSViBS as the baseline
model and enhance it with our proposed method for feder-
ated color-invariant adversarial learning.

3. Methodology

3.1. Preliminaries

3.1.1. Federated Learning
In federated learning, there are N clients C =
{C1, C2, . . . , CN} and a central server. Each client Ck

(where k ∈ [1, N ]) trains a local model wk on its private
dataset Dk with a local objective function Lk, defined as:

Lk(w) =
1

|Dk|
∑
i∈Dk

ℓ(w;xi, yi) (1)

where ℓ(w;xi, yi) is the loss function (e.g., cross-entropy
loss) evaluated on a data sample (xi, yi).

The server aggregates the local models to form a global
model w by minimizing the weighted average of the client
losses:

min
w

L(w) =
N∑

k=1

αkLk(w) (2)

where

αk =
|Dk|∑N
j=1 |Dj |

(3)

This formulation enables collaborative training across
clients while preserving data privacy, as raw data remains
on local devices.

3.1.2. Feature Skew in Federated Learning

One significant challenge in FL is the presence of data het-
erogeneity across clients, particularly feature skew. Feature
skew occurs when the distribution of input features varies
across clients. This often occurs due to differences in data
acquisition methods, imaging devices, or population demo-
graphics.

Formally, given two clients Ci and Cj , feature skew im-
plies that their data distributions satisfy Pi(x) ̸= Pj(x),
even if Pi(y|x) ≈ Pj(y|x). This mismatch in feature dis-
tributions can degrade the performance of the aggregated
global model, as it may not generalize well across domains
with differing feature characteristics.

3.2. Federated Color-Invariant Adversarial Learn-
ing

Federated Color-Invariant Adversarial Learning (FedCIAL)
proposed in this paper is a novel method for invariant fea-
ture extraction in a federated learning environment by lever-
aging known color distribution shifts associated with Fitz-
patrick skin types. Instead of employing a skin color trans-
former as used in previous approaches such as CIRCLe
[24], our approach integrates explicit domain knowledge
of color variations directly into the training process. We
incorporate a gradient reversal layer, a core component of
DANN [6], to construct an adversarial training framework.
This layer inverts gradients from a domain classifier that at-
tempts to predict Fitzpatrick skin type, thereby encouraging
the feature extractor to learn representations that are robust
against color-induced biases. This integration not only mit-
igates bias in skin lesion classification but also aligns fea-
ture distributions across diverse data sources without requir-
ing centralized access to consistent skin type labels. The
overview of our proposed method is shown in Figure 1 and
the pseudocode for the main training loop and the color-
invariant adversarial learning procedure are presented in Al-
gorithm 1 and Algorithm 2, respectively.



Algorithm 1 Main FL Training Loop

Require: Number of clients N , communication rounds T
1: Initialize global model weights w0

2: for each round t = 1, 2, . . . , T do
3: Server selects a subset of clients St ⊆ {1, . . . , N}
4: for each client k ∈ St in parallel do
5: Client receives global model wt

6: Client performs Color-Invariant Adversarial
Learning local updates with wt

7: Send updated model wk
t+1 to the server

8: end for
9: Server aggregates models:

wt+1 =
∑
k∈St

nk∑
j∈St

nj
wk

t+1

10: end for

Algorithm 2 Color-Invariant Adversarial Learning

Require: Model weights wt, local epochs E, learning rate
η, gradient reversal coefficient λ

1: for each local epoch e = 1, . . . , E do
2: for each mini-batch {xi, yi, di} from local dataset

Dk do
3: Sample a random target domain label d′i ̸= di
4: Generate transformed input x′

i =
Transform(xi, d

′
i)

5: Extract features: fi = F (xi), f ′
i = F (x′

i)
6: Predict class: ŷi = C(fi)

7: Predict domains: d̂i = D(fi), d̂′i = D(f ′
i)

8: Compute losses:

Lcls = ℓ(ŷi, yi)

Ldom = ℓ(d̂i, di) + ℓ(d̂′i, d
′
i)

9: Compute total loss:

Ltotal = Lcls + Ldom

10: Apply standard backpropagation for Lcls from
classifier C to feature extractor F

11: Apply backpropagation for Ldom from domain
classifier D to F via gradient reversal layer (GRL),
where GRL multiplies the gradient by −λ

12: end for
13: end for

3.2.1. Color-Invariant Representation Learning
Color-invariant representation learning aims to extract fea-
tures that remain consistent regardless of variations in color
information inherent in imaging data. In the context of skin

lesion analysis, these variations often arise from differences
in imaging conditions, device characteristics, and intrinsic
properties of the skin, such as Fitzpatrick skin type.

The central idea of our approach is to leverage known
color distribution shifts, specifically those associated with
Fitzpatrick skin types, to guide the training process. Unlike
many abstract biases, color variations are measurable and
can be quantified, providing a concrete basis for correcting
bias. By explicitly incorporating these known shifts into
the training process, the model is forced to learn features
that are robust to these systematic variations. This not only
minimizes the risk of misclassification due to color differ-
ences but also aligns the feature representations across data
from different sources, enhancing the overall fairness and
accuracy of the model in heterogeneous settings.

Methods such as CIRCLe employ skin color transform-
ers to normalize color discrepancies by using centralized ac-
cess to skin-type labels for effective adjustment of the color
space [24]. While effective in centralized environments,
this approach is less suitable for federated learning where
data is decentralized and strict privacy constraints limit the
availability of uniform skin-type labels across clients. In
contrast, our methodology directly integrates the knowl-
edge of color distribution shifts into the feature extraction
process using an adversarial training framework, thereby
enabling decentralized learning of invariant features with-
out relying on centralized label aggregation. This not only
circumvents privacy issues but also ensures a more robust
adaptation to the diverse color distributions encountered in
real-world federated datasets.

The input RGB image is first converted to the Lab color
space to separate luminance and chromatic components.
The Lab color space is better suited for representing how
colors are perceived by the human eye, as it more accurately
aligns with human visual perception compared to standard
RGB models [11]. A transformation function is then ap-
plied to shift the image towards the target Fitzpatrick Lab
values. Predefined Lab color values for each Fitzpatrick
skin type is presented in Table 1. The Lab color values
assigned to each Fitzpatrick skin type are empirically de-
rived based on their expected ITA values [8], ensuring a
consistent mapping between skin pigmentation levels and
color space representation. This approach follows the es-
tablished relationship between ITA and Lab components,
where lighter skin types exhibit higher L values and darker
skin types show lower ITA with increased b values.

3.2.2. Integration of Domain-Adversarial Techniques
DANNs provide a robust framework for learning represen-
tations that are invariant to domain-specific variations, mak-
ing them especially useful in decentralized environments. A
key element in DANN is the gradient reversal layer, which
is situated between the feature extractor and the domain
classifier. During forward propagation, this layer func-
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Figure 1. Method Overview

Table 1. Predefined Lab color values for each Fitzpatrick skin type
(FST).

FST L a b
1 85 4 12
2 78 6 18
3 69 9 25
4 62 14 33
5 55 19 42
6 48 23 51

tions as an identity operation, transmitting the extracted
features without modification. However, during backprop-
agation, it multiplies the gradients coming from the do-
main classifier by a negative constant, effectively inverting
the gradient signal. This inversion changes the optimiza-
tion objective: while the domain classifier is trained to ac-
curately predict domain labels, the feature extractor is si-
multaneously driven to produce representations that obscure
domain-specific cues. The result is a model that learns ro-
bust and invariant features, a property that is crucial for en-
suring that a global model generalizes well across the het-
erogeneous and decentralized datasets, typical in federated
learning.

In addition to the adversarial adaptation achieved via
the gradient reversal layer, our approach further enhances
invariance by incorporating transformed images as target
samples during training. We leverage known color distribu-
tion shifts associated with Fitzpatrick skin types to gener-
ate transformed versions of the input images, aligning them
with a predefined target color profile. Because in the orig-
inal DANN framework shared target samples are used, we
instead utilize these transformed images as the target sam-
ples. These transformed images serve as explicit targets that

guide the feature extractor to not only become invariant to
domain-specific color variations but also to normalize rep-
resentations against a consistent color distribution.

Forward propagation follows the conventional approach,
where both the original and transformed images are passed
through a feature extractor to generate feature representa-
tions. The label classifier minimizes the label prediction
loss using features derived from the original images, treated
as source samples, while the domain classifier aims to mini-
mize the domain prediction loss based on features from both
original and transformed images. During backpropagation,
a gradient reversal layer connected to the feature extractor
multiplies the gradients from the domain classification task
by a negative constant. This encourages the feature extrac-
tor to learn domain-invariant features by effectively revers-
ing the domain-related gradient signals.

To control the strength of domain adversarial learn-
ing over the course of training, we used a sigmoid-based
scheduling strategy for the domain adaptation coefficient λ,
similar to the approach in DANN. The coefficient is updated
using the following function:

λ =
2

1 + exp
(
−10× r

epochs

) − 1

where r represents the current training round and epochs is
the total number of training rounds. This scheduling strat-
egy allows λ to start near 0, minimizing the effect of do-
main adversarial loss in the early stages of training. As
training progresses, λ gradually increases toward 1, ensur-
ing stronger domain adaptation and encouraging the feature
extractor to learn domain-invariant representations.

To create a binary domain classification similar to tradi-
tional domain adaptation, we grouped Fitzpatrick skin types
into two broad categories based on their melanin levels and



visual appearance. Specifically, Fitzpatrick skin type 1, 2,
and 3, which correspond to lighter skin tones, were mapped
to domain 0, while Fitzpatrick skin type 4, 5, and 6, repre-
senting darker skin tones, were mapped to domain 1. This
binary domain division allows the model to learn invariant
features by distinguishing between two broad groups rather
than handling each Fitzpatrick type separately. By struc-
turing the domain in this manner, we ensure that the adver-
sarial domain adaptation process can effectively reduce the
influence of skin color on feature extraction while maintain-
ing strong classification performance across different skin
tones.

4. Experiments

4.1. Experimental Setup
4.1.1. Dataset
The Fitzpatrick17k [8] dataset consists of 16,500 clinical
images annotated with six Fitzpatrick skin types, making it
a valuable resource for studying the impact of skin tone on
dermatological diagnosis. In addition to skin type annota-
tions, the dataset encompasses a wide range of lesion char-
acteristics, ensuring diversity in both skin conditions and
imaging variations. At the highest level, skin conditions in
the dataset are categorized into benign, malignant, and non-
neoplastic classes.

For this experiment, we follow Xu et al. [28] that par-
tition the dataset into six clients, where each client exclu-
sively contains images corresponding to a single Fitzpatrick
skin type. This partitioning strategy simulates the non-IID
(non-independent and identically distributed) nature of real-
world federated learning scenarios, where medical institu-
tions may serve populations with differing skin type distri-
butions.

Prior to model training, we apply several preprocessing
steps to standardize image inputs and improve model ro-
bustness. These include geometric transformations such as
rotation, flipping, and shearing to enhance data diversity,
resizing images to a consistent input resolution, and nor-
malization to standardize pixel intensity distributions across
images using ImageNet statistics [14].

4.1.2. Baseline
We utilize the Federated Split Learning of Vision Trans-
former with Block Sampling (FeSViBS) [2] as the model
architecture. FeSViBS is designed to leverage the advan-
tages of federated split learning and Vision Transformers
(ViTs) in handling large-scale, distributed image data.

We used FeSViBS as the baseline model for our exper-
iments. To evaluate the effectiveness of our approach, we
integrated FedCIAL into FeSViBS by training the feature
extractor to produce color-invariant representations using
transformed images as target samples. Additionally, we in-

Table 2. Average balance accuracy and standard deviation.

Method Bal. Acc.

Baseline 0.7666 +- 0.0054
Color-invariant rep. learning 0.7682 +- 0.0122
Adversarial learning wo. target samples 0.7686 +- 0.0056
FedCIAL 0.7754 +- 0.0098

troduced two comparative methods: (1) enhancing the base-
line by training the feature extractor with a regularization
loss applied to color-augmented samples, and (2) integrat-
ing the baseline with adversarial learning but without utiliz-
ing target samples.

4.1.3. Implementation Details
All methods are implemented using PyTorch. We employ
the cross-entropy loss function for both the lesion classifica-
tion and domain classification objectives. We set the batch
size to 32. The Adam [13] optimizer is used for optimiza-
tion, with a learning rate of 0.0001. Training is conducted
over 100 communication rounds, where each round consists
of one epoch of local training per client. To ensure valid
and robust results, we conducted each experiment using 5-
fold cross-validation, splitting the dataset into five folds for
comprehensive evaluation.

4.2. Results
We report the average performance across 5-fold cross-
validation in Table 2. Specifically, FedCIAL achieved an
average performance of 0.7754, compared to the baseline
score of 0.7666, demonstrating a clear performance gain.
To assess the statistical significance of the improvement be-
tween FedCIAL and the baseline, we conducted a paired
t-test. The Shapiro-Wilk test yielded a p-value of 0.522, in-
dicating that the data follows a normal distribution, thus val-
idating the use of a paired t-test. The resulting t-test p-value
of 0.044 confirms that our proposed method significantly
improves upon the baseline.

Another benchmark for this dataset is the work of Groh
et al. [8], which achieved an accuracy of 62.4% in a central-
ized setting using a randomly held-out test set. In contrast,
FedCIAL, designed for a federated learning environment,
surpasses this baseline while operating under decentralized
and privacy-preserving constraints, highlighting its effec-
tiveness in improving classification performance despite the
challenges of distributed data.

FedCIAL also enhances model fairness, as evidenced by
a reduction in the standard deviation across clients. The av-
erage standard deviation for FedCIAL is 0.044, compared
to 0.053 for the baseline, indicating more consistent perfor-
mance across diverse clients.

To demonstrate the effectiveness of our method, we mea-



Figure 2. Original image, transformed and anchor image

Table 3. Distance between original image, transformed and anchor
image.

Metric a b c

Baseline
Manhattan (L1) 24.7 27.7 11.8
Euclidean (L2) 1.1 1.3 0.5
Cosine Distance 0.11 0.14 0.03
FedCIAL
Manhattan (L1) 22.3 24.6 9.8
Euclidean (L2) 1.0 1.1 0.4
Cosine Distance 0.09 0.11 0.01

sure the distance between an original image, a transformed
image, and an anchor image for comparison as in 2. The
distances between these images are presented in Table 3.
The results demonstrate that FedCIAL effectively reduces
the distance between the original image and the color-
transformed image across multiple distance metrics: Man-
hattan (L1), Euclidean (L2), and Cosine distance. In each
case, the distance between the original image and the color-
transformed image (denoted as c) decreases when applying
FedCIAL, suggesting that the method successfully brings
the feature representations of the transformed images closer
to those of the original images. The reduction in c is high-
lighting FedCIAL’s ability to address color-related discrep-
ancies and improve feature alignment between the original
and transformed images. This improvement across different
distance metrics shows that FedCIAL enhances the model’s
ability to maintain consistent feature representations, which
is essential for ensuring fairness and robustness in skin le-
sion classification, especially across diverse skin types.

5. Conclusion
This paper proposes FedCIAL to address bias in skin le-
sion classification within federated learning. By leverag-
ing color-invariant representation learning based on known
color distribution shifts, FedCIAL improves both model ac-
curacy and fairness across clients. Experiments on the Fitz-
patrick17k dataset demonstrates that FedCIAL significantly
outperforms the state-of-the-art method FesViBS in terms
of improved average accuracy and reduced standard devia-
tion between clients. These results underscore the potential
of FedCIAL to reduce skin tone bias and ensure more equi-
table and robust models in federated medical imaging appli-
cations, providing a promising direction for future research
in fair AI in healthcare.

Acknowledgement
We thank the Brain-Computer Interfaces and Neural
Engineering Lab at the University of Essex for pro-
viding the GPU server and professional technical sup-
port.

References
[1] Abdulmateen Adebiyi, Nader Abdalnabi, Eduardo J Simoes,

Mirna Becevic Phd, Emily Hoffman, Smith Md, and
Praveen Rao. Transformers in skin lesion classification
and diagnosis: A systematic review. medRxiv, page
2024.09.19.24314004, 2024. 2

[2] Faris Almalik, Naif Alkhunaizi, Ibrahim Almakky, and
Karthik Nandakumar. Fesvibs: Federated split learning of
vision transformer with block sampling. Lecture Notes in
Computer Science (including subseries Lecture Notes in Ar-
tificial Intelligence and Lecture Notes in Bioinformatics),
14221 LNCS:350–360, 2023. 3, 6

[3] Muhammad Azeem, Kaveh Kiani, Taha Mansouri, and
Nathan Topping. Skinlesnet: Classification of skin lesions
and detection of melanoma cancer using a novel multi-layer
deep convolutional neural network. Cancers, 16:108, 2023.
2
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