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ABSTRACT

Accurate detection of skin diseases is essential for timely intervention and treatment.
This article proposes a patch-based, interpretable deep learning framework for skin
disease detection using wearable sensors and clinical data. Specifically, a fully
convolutional residual neural network (FCRN) is employed to extract local features
from high-resolution skin images captured via wearable sensors, using a patch-level
training approach. Pre-processing techniques—including image resampling,
intensity normalization, and noise reduction—standardize the input data to ensure
consistency across sensor variations. To enhance local feature learning, the FCRN
incorporates residual modules, which mitigate gradient vanishing and improve
model performance. The framework generates disease probability maps that visualize
regions of high diagnostic risk, providing interpretable insights into skin anomalies.
In the proposed methodology, a convolutional neural network (CNN) integrates
image-derived features with clinical data such as patient demographics, symptoms,
and medical history. This CNN-based multimodal fusion approach improves the
model’s ability to capture spatial relationships and enhances classification
performance. Experimental evaluations demonstrate that the proposed framework
achieves state-of-the-art results across multiple evaluation metrics, including
accuracy, sensitivity, and specificity. The interpretable disease probability maps
highlight affected skin regions, enhancing model transparency and clinical usability.
This approach demonstrates the potential of combining wearable sensor technology
with deep learning for efficient, scalable, and explainable skin disease detection,
laying the foundation for real-time clinical applications.

Subjects Algorithms and Analysis of Algorithms, Artificial Intelligence, Data Mining and Machine
Learning, Data Science, Optimization Theory and Computation

Keywords Skin disease detection, Wearable sensors, Deep learning, Patch-based learning,
Multimodal fusion, Convolutional neural networks, Residual networks

INTRODUCTION

The skin, the human body’s largest organ, is a crucial barrier. The skin’s primary role is to
safeguard the human body against harmful external substances while preventing the loss of
essential nutrients within (Hameed et al., 2016). The skin’s structure includes the outer
layer known as the epidermis, the underlying dermis, and the deeper subcutaneous tissues.
It senses external factors and protects internal organs and tissues from detrimental
bacteria, pollutants, and sunlight. The 20 to 23 square feet of skin surface area is critical in
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thermoregulation, sensation, and overall protection (ALEnezi, 2019; Mohammed & Al-
Tuwaijari, 2021). A variety of factors, such as exposure to solar radiation, smoking habits,
alcohol consumption, physical activities, viral infections, and the surrounding work
environment, influence the health of the skin. The interplay of these factors undermines
skin function, results in negative health consequences, and, in extreme instances, poses a
risk to human life (Hameed, Shabut ¢ Hossain, 2018). Skin diseases have emerged as a
prevalent issue affecting human health, carrying considerable implications for society and
individuals. External influences, such as pollution, allergens, microorganisms, and internal
elements, like genetic disorders, hormonal imbalances, or immune system problems, can
lead to these outcomes (Yang et al., 2018).

Skin diseases are typically classified into three main types: viral, fungal, and allergic.
While fungal and allergic conditions can often be treated effectively when diagnosed early,
viral skin diseases require timely identification for proper intervention (ALEnezi, 2019).
Infectious disorders, bacterial infections, and contact dermatitis are also prevalent, altering
the skin’s colour, consistency, and integrity (Mohammed ¢ Al-Tuwaijari, 2021). Globally,
skin diseases account for approximately 1.79% of physical disabilities, affecting 30% to 70%
of individuals across different populations (Yang et al., 2018). Traditional methods for
monitoring skin health and diagnosing diseases often involve invasive techniques, such as
intravenous catheterization, large-scale ECG monitors, or plasma osmolality
measurements. These approaches can be costly, time-consuming, and inconvenient,
making them unsuitable for long-term, real-time monitoring (Alaejos et al., 2019). Medical
devices such as pacemakers and implantable sensors have been used primarily in hospital
settings for many years. However, wearable biosensors have revolutionised the healthcare
landscape, offering a more accessible, non-invasive solution for health monitoring
(Ianculescu et al., 2018; Cheng et al., 2021).

Wearable technology, first introduced in the mid-20th century, has evolved
significantly. Modern wearable devices incorporate sensor components to monitor and
record physical or biochemical parameters. These devices are versatile, integrated into
clothing, adhered to the skin, or inserted into body orifices, and they facilitate continuous,
real-time health monitoring outside clinical settings (Ianculescu et al., 2018; Cheng et al.,
2021). In skin health management, wearable sensors can track vital parameters such as
hydration levels using advanced technologies like electrodermal activity and wireless
moisture sensors. This marks a shift from conventional invasive methods to user-friendly,
real-time monitoring solutions (Chun, Kim ¢ Pang, 2019). Such advancements address the
limitations of traditional medical systems, which often face issues of limited resources and
high costs, especially in underdeveloped regions. By enabling continuous health
monitoring, wearable sensors can identify skin diseases at early stages, minimise risks, and
improve patient outcomes (Anbar, Gratt ¢ Hong, 1998). As skin diseases can be
contagious and significantly impact the quality of life, timely diagnosis and treatment are
critical to prevent further complications (ALEnezi, 2019).

This article proposes a multimodal deep learning framework for skin disease detection,
combining patch-based feature extraction from wearable sensor images with clinical data
fusion. The proposed methodology leverages a fully convolutional residual network
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(FCRN) to extract localised spatial features from skin image patches and generate disease
probability maps. These maps highlight high-risk regions, offering interpretability and
aiding in disease localization. In addition, patient-specific clinical features, such as age,
symptom duration, gender, and skin type, are fused with image-derived features using a
convolutional neural network (CNN) for final classification. The main contributions of
this study are as follows:

1. To improve detection accuracy and robustness, We propose a hybrid model integrating
wearable sensor images (optical, thermal, and multispectral) with self-reported clinical
data.

2. A FCRN is designed to extract localized features from image patches, enabling the
generation of interpretable disease probability maps highlighting high-risk regions.

3. A CNN fuses spatial features from disease probability maps with patient-specific clinical
data, improving the model’s overall performance.

The remainder of the article is organized as follows: “Related Works” presents related
works. “Methods and Materials” describes the proposed methodology, including
patch-based feature extraction, disease probability map generation, and clinical data
fusion. “Experimental Setup” reports the experimental setup, and “Result and Discussion”
includes the results and discussion, including evaluation metrics, visualisations, and
comparisons with baseline models. “Conclusion and Future Work” concludes the article
and highlights future research directions.

RELATED WORKS

The advancement of machine learning has addressed the limitations of conventional
methods for diagnosing skin diseases, leading to the establishment of image recognition
technology specifically tailored for this purpose. Identifying images through machine
learning represents a convergence of various fields, including medical imaging of skin
conditions, mathematical modelling, and computer technology. This integration utilises
feature engineering and classification algorithms to recognise and diagnose skin diseases
effectively. In 2012, Garnavi, Aldeen ¢ Bailey (2012) employed wavelet decomposition to
extract texture features, modelled and analysed lesion boundary sequences to obtain
boundary features, and utilised shape indicators to derive geometric features. In
conclusion, four distinct classifiers were employed for the classification task (Garnavi,
Aldeen ¢ Bailey, 2012). During the initial phase of diagnostic advancements, technology
evolved as individuals developed tools capable of analysing nearly any desired analyte by
collecting and transmitting samples to various laboratories. The second technological
revolution of point of care testing (POCT) has now granted patients, nurses, and other
medical professionals access to the lab. A recent technological advancement has surfaced,
enabling patients to conveniently transport their test results through smart bio-monitoring
wearable devices (Song et al., 2021). Wong, Scharcanski ¢ Fieguth (2011) introduced an
innovative iterative stochastic region-merging technique to segment skin lesion areas from
macroscopic images. This method begins with stochastic region merging at the pixel level,
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progressing to the region level until convergence is achieved (Wong, Scharcanski ¢
Fieguth, 2011).

A distinct investigation indicates that over 99% of the resistance occurs at the surface
level. Drawing from bioelectrical impedance analysis (BIA), we have collected galvanic
skin response (GSR) data and created a method for assessing hydration levels using the
GSR. GSR quantifies skin conductance, reflecting the inverse of skin resistance, and is
evaluated through electrodermal activity (EDA). EDA sensors are employed to investigate
sympathetic responses in humans. Nonetheless, it operates on the fundamental concept of
transmitting light current from the human body at the skin’s surface. Consequently, the
GSR data from the EDA sensor is utilised through machine learning techniques to identify
the hydration level. Nonetheless, the BIA presents a multifaceted approach unsuitable for
monitoring purposes and is restricted to an indirect assessment of hydration level (HL)
(Fish & Geddes, 2009). Classification involves a computational modelling endeavour in
machine learning to predict a target category for a specific input data sample. The
methodology initiates the forecast of the category labels of the given observations. Many
times, the categories are marked as targets. If you have categorical input data and you want
to forecast categorical output variables, you should try to estimate the modification matrix.
Sorting incoming data into the correct category is the primary goal of categorization
(ExpertAl 2022).

Reeder et al. (2019) emphasize that these devices can precisely measure local sweat loss
and chloride concentration during activities such as swimming and biking, showing a
strong correlation with conventional methods. In one trial, athletes wearing the devices
during intense physical activity received real-time feedback on their sweat composition
and hydration status, allowing immediate adjustments to their hydration strategies
(Flament et al., 2021). Techniques for extracting data from healthcare systems play a
crucial role in the development of automated tools for disease diagnosis, leveraging both
machine learning and deep learning algorithms. Researchers have employed various
artificial intelligence algorithms to train classifiers essential for conducting machine
diagnostics by applying machine learning and deep learning principles. The
interconnectedness of artificial intelligence, machine learning, and deep learning
represents an evolving journey. Utilizing advanced techniques to address data challenges
and generate new accounts by leveraging extensive information facilitated by intelligent
algorithms and conveyed through interconnected systems (Liao, Li ¢» Luo, 2016).

In a separate study, the authors employed five machine-learning algorithms to identify
skin diseases. Ultimately, the confusion matrix analysis revealed that the convolutional
neural network model yielded the most favourable outcome for the disease detection
process (Bhadula et al., 2019). Researchers have proposed an artificial intelligence system
founded on a neural network. This system comprises two components. Initially, the
process of image acquisition was utilized for feature extraction. The subsequent section
involved categorization, executed through the feed-forward neural network (Reddy ¢
Nagalakshmi, 2019). The research introduced a framework that uses images to diagnose
skin conditions. The research categorised four distinct skin conditions: acne, cherry
angioma, melanoma, and psoriasis, employing support vector machine (SVM), random
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forest (RF), and k-nearest neighbors (KNN) methodologies. The collection comprised 377
images, with 80% designated for training and 20% allocated for testing. The approach
involves using a medium filter for resizing images and eliminating noise. The images are
subsequently transformed into greyscale. The technique developed by Otsu effectively
differentiates among various diseases, while features are obtained through applying Gabor,
entropy, and Sobel methods. The application of the RF algorithm yields an accuracy of
84.2%. The KNN algorithm achieved an accuracy of 67.1%. Nevertheless, the SVM
classifier performs better than the others, attaining an accuracy of 90.7% (Lefévre-Utile
et al., 2021).

The field of artificial intelligence, known as machine learning, uses statistical and
mathematical techniques to give computers human-like capacities. So, ML provides
automation and improves machines’ ability to learn from what they have seen without
programming (i.e., human intervention) (Faggella, 2018). Recently, advancements in
machine learning and deep learning have shown great potential as valuable resources in
dermatology. These methods provide automated and scalable approaches for diagnosing
skin conditions, enhancing dermatologists’ skills. Deep learning models, especially CNNss,
have demonstrated remarkable potential in automatically diagnosing skin conditions.
Models utilizing machine learning, when developed with a wide range of comprehensive
datasets featuring images of skin diseases, have shown a remarkable ability to attain high
accuracy and reliability in diagnostic processes—their potential lies in tackling the
challenge of dermatologist shortages by providing accessible diagnostic tools. Nonetheless,
the effectiveness of these models relies heavily on the quality and variety of the dataset
employed for training and the clarity of the outcomes (Sreekala et al., 2022).

Hajgude et al. (2019) present a method for identifying 408 images related to eczema,
impetigo, and melanoma skin conditions, along with a category designated for other
images. The model is constructed utilizing various techniques: a median filter for noise
reduction, the Otsu method for lesion segmentation, a 2D Wavelet transform for feature
extraction such as entropy and standard deviation, and GLCM for extracting texture
features including contrast and correlation. Applying SVM and CNN classifiers for disease
classification yielded accuracy rates of 90.7% and 99.1%, respectively (Hajgude et al., 2019;
Mulge, 2024; Ahalya et al., 2024).

The area of automation in skin disease classification has received attention with the
deep learning boom (Oztel, Yolcu Oztel ¢ Sahin, 2023) and constructed a portable
diagnosis framework using CNNS for images captured from smartphones, though input
RGB parameters constrained the depth of spatial features and diagnosis interpretation to
mere 2D images. Muhaba et al. (2022) enhanced the hybrid system’s diagnostic precision
by integrating clinical data alongside image inputs, but their system underutilised local
spatial features. Sadik et al. (2023) conducted an extensive review on the performance of
different CNNs employing transfer learning, VGG16 and ResNet, integrating them with
some primary school clinical data and wearable datasets, which were still absent in the
literature. Armed with these data sets (Chen et al., 2025), spun attention mechanisms to
features on pigmented lesion classification, which was still useful but added more value for
claiming better analysis than whole-image followers. Nassar et al. (2025) shifted the
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discussion to containing the explainability of the multi-class support deep classification
framework towards sustaining healthcare, focused more on classifying diseases than
features. Likewise, Badr et al. (2024) implemented a multi-model deep learning hierarchy
for skin disease classification, but not for optimised deep edge wearable sensor-driven
deployment.

The structure of the aerogel increases the sensor’s responsiveness and compressibility to
external pressure due to its lightweight and porous nature. The ability of this material to
undergo piezoresistive changes makes it useful for measuring physiological signals such as
heartbeat, breathing, muscle activity, and body position (Zhang et al., 2024; Zhao et al.,
2025b). Treatment included topical and hydroxychloroquine, an antimalarial medication
frequently used in autoimmune dermatological conditions, and systemic corticosteroids
(Wu et al., 2024, 2025). To reduce symptoms and the disruption of cancer treatment, early
detection and prompt intervention are essential (Zhao et al., 2025a; Wang et al., 2025).

These studies (Ahmed et al., 2021) indicate significant advances in image-based
diagnostics. However, most do not incorporate clinical reasoning or real-world
implementation into their approaches. On the other hand, our proposed hybrid
framework combines patch-based feature extraction from high-resolution images captured
by wearable sensors with clinical data from the patient using multimodal fusion. This
approach integrates clinical relevance with diagnostic precision and interpretability,
addressing usability in practical settings. Although previous attempts at integrating Al in
detecting skin diseases have shown some promise, they remain fundamentally flawed in
ways that impact clinical accuracy and reliability. Most models still operate at the level of
whole-image scrutiny and do not extract features at a localized level. This makes critical
lesion-level details diffused and less meaningful, thus decreasing their interpretability. For
instance, models employing standard CNN architectures such as VGG16 or ResNet fail to
capture any delicate regional anomalies because of their global feature pooling strategies.
In addition, most frameworks assume that image data is the only relevant data, completely
ignoring the clinical context, which includes the patient’s age, gender, medical history, and
the severity of the symptoms, all of which play a pivotal role in forming a rational
diagnosis. Systems that include clinical metadata tend to merge them too late and without
sufficient meaningful feature interaction, leading to poor performance. Many models
exhibit a lack of explainability, which further restricts the adoption of such systems into
modern clinical practice since professionals need clear and logical reasons, both visually
and contextually, for decisions made by an Al Another limitation is the ability to use
real-time applications since most other methods are intensive in the resources required to
compute them, making them unsuitable for edge deployment, integration into wearables,
or sensor use. All these gaps indicate the demand for a more context-aware, lightweight,
interpretable framework.

METHODS AND MATERIALS

This section describes the strategy and resources employed to detect skin diseases. The
combined approach merges image-derived spatial features and clinical data into a
multi-modal deep learning structure. The two data types used for this study were sourced
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Figure 1 Sample images from dataset. Full-size K] DOT: 10.7717/peerj-cs.3002/fig-1

from the SCIN (Skin Condition Image Network) dataset. Advanced wearable sensors were
used as the wearable device. Resampling, normalizing, and patching images were
conducted in the preprocessing stages to ensure uniformity in the data.

Third party dataset DOI/URL

This research integrates the SCIN (Skin Condition Image Network) Open Access Dataset
(Google Research Datasets and Stanford Medicine, 2024), and data gathered using wearable
Sensors.

ULR of third-party dataset: DOI: 10.5281/zenodo.10819503.

The SCIN dataset hosted on the Google Cloud contains over 10,000 images of
demographics such as eczema, psoriasis, acne, and melanoma uploaded by Google search
users in America. Each contributor provided relevant self-reported demographic
information, including age, gender, ethnicity, symptom history, and Fitzpatrick Skin Type
(sEST) to ensure diversity and fairness. The sample images from the dataset can be seen
in Fig. 1.

Selection method
The proposed use of multimodal deep learning techniques for skin disease diagnosis
devices enables the balance of the two conflicting features of interpretability and practical
applicability. Furthermore, the diagnostic accuracy attained is outstanding. Therefore,
WEN would significantly spend resources on improving the interpretability and practical
applicability. It would be worth noting that the inclusion of clinical data was embedded
using CNN, which is how patient data was fused with image features for enhanced
accessibility to analysis. The generalised approach was utilised alongside disease-specific
analysis which aided in overcoming baseline models. Such robustness ensured accuracy
and a better AUC score, reflecting superiority over VGG16 and ResNet18. Taking this
further into consideration, veb3 technology can also aid in machine tools that have better
interpretability and clinical explanation—this would enable doctors to plan better
strategies to combat disease. Real and real-time fluid interactions empower the doctors and
give them the needed control. Future adaptation might include temporal and spatial
tracking with the help of wearable sensors. Alongside CNN, additional measures such as
fusion algorithms with real-time portable devices for improved Al explainability would
further the transition and enhance the battle against skin diseases.

SCIN was bolstered by employing wearable sensor devices that enabled capturing social
images and clinical data in great detail. The sensors used optical imaging for fine detail
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images, thermal sensors for temperature variations, and multispectral sensors for
structural and pigmentation. Additional metadata, such as demographics, symptom
duration, and environmental data, enabled collecting over 10,000 additional images. This
integrated dataset catered to high-quality skin images, clinical metadata, and real-time
sensor measurements. The intended model will attain high accuracy and practicality for
real-time skin disease detection due to this multi-modal dataset, and spatial features from
skin images and clinical insights from metadata will be learned, enhancing accuracy and
robustness.

Data preprocessing

The preprocessing pipeline for skin disease images captured using wearable sensors
ensures consistency, quality, and suitability for deep-learning models. To standardise the
input image size, all images were resampled to a consistent spatial resolution of 256 x 256
pixels. Given an input image I(x, y) with dimensions H x W, the resampled image I'(x, y)
is computed as:

x-Hy W
P =1(%t 2t ) e 0L y€ o, w) <n

where H' and W’ are the target height and width, respectively. Spatial adaptive non-local
means (SANLM) filtering was applied to preserve fine details while reducing sensor noise.
The denoised image I; at pixel p is computed as:

S Q) (i) - 1)
S g 0= p ()

where N, represents the neighborhood of the pixel p, w(p, q) is the similarity weight, I(q) is

Li(p) = (2)

the intensity at the pixel g, and & is a smoothing parameter. This technique adaptively
smooths regions while preserving edges. Non-skin areas such as clothing or backgrounds
were removed using a segmentation technique. A threshold-based mask M(x, y) was
generated:

1 I(x,y) > T(skinpixel)
0, otherwise

Mixy) = { )

where T is a threshold value determined through Otsu’s method. The final segmented
image I; was obtained by element-wise multiplication:

L(x,y) =I(x,y) - M(x,y). (4)

To ensure uniform brightness across all images, pixel intensities were normalised to a
range of [0, 1] using min-max scaling. For an input image I(x, y), the normalised image
I,(x,y) is computed as:

I(X,y) _Imin (5)

Imax - Imin

Iﬂ(xvy) =
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Figure 2 Overall structure of the proposed methodology. Full-sizc Kal DOI: 10.7717/peerj-cs.3002/fig-2

where I,,in and I,,ax represent the minimum and maximum pixel intensities, respectively,
this normalization ensures consistent contrast across varying illumination levels. Several
augmentation techniques were applied to improve model robustness and prevent
overfitting, including random rotation (0), flipping cropping, and brightness adjustments.
For rotation, an image I(x, y) was transformed using the following:

L(x',y') = I(xcosO — ysin®, xsinf + ycost) (6)

where 0 is the rotation angle, and (x',y’) are the new coordinates. Flipping was applied
horizontally and vertically, while brightness adjustments scaled pixel values linearly within
the normalised range.

Proposed methodology
The proposed model for skin disease detection first analyses the localised skin anomalies
using a fully convolutional residual network, followed by feature extraction using the
patch-based method, and afterwards applies a convolutional neural network for the
classification. This dual strategy focuses on fine-grained image feature extraction using
image patches and parallelizes the task with speed and interpretability. The tasks consist of
data cleaning, image patch extraction, generation of disease maps, and subsequent cover
classification with CNNs. The FCRN model focuses on local features of disease patches
and combines them into comprehensive maps of areas with the highest probabilities of
skin disease. The classified maps of high risk do not use “discriminative regions” but
instead use a neural network for image classification and its associated probabilities of skin
disease type.

Figure 2 depicts the blueprint of the proposed methodology for classifying skin diseases
using hybrid deep learning techniques. As shown in the framework, the first step involves
image preprocessing, which consists of resizing, scaling, and reducing noise. Disease
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probability maps endure fully convolutional residual network (FCRN) feature extraction
on patch images to produce some maps. Clinical data, such as demographics, symptoms,
and medical history, are integrated with the maps through a CNN-based multimodal
architecture, which yields precise and interpretable skin disease classification.

Patch-based feature extraction using fully convolutional residual network

A patch-based technique is expected to help capture level features in skin images more
accurately to achieve the above mentioned aims. Rather than treating skin disease images
as a single category, they are fragmented into smaller overlapping skin disease images, and
these smaller images are referred to as patches. The patches assist the network in
concentrating on local features, including lesions, pigmentation, and texture irregularities
of the skin, which assist in making an accurate diagnosis. From an input image I(x, y) of
size H x W, non-overlapping patches P of size p x p are extracted. The total number of
patches N can be calculated as:

o= - [2]

Each patch Py at location (i, ) is represented as:
Pe=I(x+iy+j)vie [0,p],j € [0,p], )

where k indexes the patches and p is the patch size. The extracted patches Py are fed into a
FCRN, designed to learn localized features and mitigate common issues like vanishing
gradients. The architecture consists of convolutional layers for feature extraction, residual
blocks to improve training depth and a final SoftMax layer for generating disease
probabilities. The FCRN processes each patch Py with the following components:

The convolutional operation is defined as:

Cin . .
Fi(x,y) = ZKI(’) * P,((’) 9)

i=1
where Klm represents the convolutional kernel at the layer [ for input channel i, C;, is the
number of input channels, * denotes convolution, and F(x, y) is the output feature map.
Residual connections are incorporated to prevent gradient vanishing and enable deep
learning of features. A residual block learns the mapping:

Hl(x) = Fl(x) + x, (10)

where Fj(x) represents the non-linear transformation through convolution, activation, and
batch normalisation. The addition of the input xxx directly to the output promotes
efficient gradient flow. Each residual block consists of Two 3D convolutional layers with
kernel size 3 x 3, Batch normalisation is for stability, and Leaky ReLU activation is for
non-linearity. The residual block output at the layer [ is given as:

Ry(x) = ReLU(BN(W, - ReLU(BN(W; - x))) + x) (11)
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Figure 3 Patch-based feature extraction using fully convolutional residual network (FCRN).
Full-size 4] DOT: 10.7717/peerj-cs.3002/fig-3

where W, and W, are the weights of the convolutional layers, and BN refers to batch
normalization. After the FCRN processes each patch, the final layer generates a disease
probability map using the SoftMax function:

Plcfx) = ) (12)
21 exp(z)

where z. is the network output for class ¢ (e.g., diseased vs. healthy), and C is the total

number of classes. The probability P(c|x) highlights the likelihood of disease presence in a

specific patch. The individual patch probabilities are aggregated to form the final disease

probability map M(x, y) for the entire image. The map is defined as:

M(xJ’) = mI?XPk(xa}’)7 (13)

where k indexes overlapping patches. High-probability regions are identified as high-risk
areas, providing interpretable visual insights into affected regions. Figure 3 shows the
patch-based feature extraction using FCRN.

The input to the network is the image patches of 32 x 32 x 3 pixels RGB channels. The
first convolutional layer consists of a 3 x 3 kernel with 64 filters and a stride of 1. This layer
keeps the spatial parameters and isolates a few low-level attributes. Non-linearity is
introduced by applying the activation function rectified linear unit (ReLU). After this,
there is a residual block with two layers of 3 x 3 a convolutional unit with 64 filters for
each, and afterwards, batch normalization is applied to both layers primarily to stabilize
the learning. There is a skip connection in the residual block, which enables the input of
the block to be added directly, in essence, to the output, assisting in overcoming the
gradient vanishing problem while learning deeper features. The next stage in the model is a
max-pooling operation with a kernel size of 2 X 2 and a stride of 2. This range of kernel

Zhao et al. (2025), Peerd Comput. Sci., DOI 10.7717/peerj-cs.3002 11/26


http://dx.doi.org/10.7717/peerj-cs.3002/fig-3
http://dx.doi.org/10.7717/peerj-cs.3002
https://peerj.com/computer-science/

PeerJ Computer Science

size and stride reduces the dimension of the model output to half of the original, allowing
the model to leverage more factor global features while also lowering the computational
cost. Once max pooling has been performed, another residual block contains two. 3 x 3
convolutional layers and a batch normalization layer between them to enhance the filtered
input. After that, the processed feature maps are passed through yet another set
convolution layers, but this time, a three-by-three kernel is used with a filter of 128 and a
stride of 1, which allows the network to learn and create a more detailed representation of
the previous set features.

Global average pooling is used on the final feature maps before generating predictions
that downscale the images to a spatial dimension of 1 x 1. While minimizing the overall
number of parameters in the model, these operations condensed all the acquired features
into a more manageable form. A 1 X 1 convolutional layer with two filters provides data
for every class (disease or healthy) in logits to replace a fully connected layer. Subsequently,
softmax was implemented on the logits so each patch could be designated a single class,
with each class probability modified to enable the alteration of the logits. The model was
optimised with the Adam algorithm at a learning rate of 0.001 through the cross-entropy
loss function. The mini patch input is broken down to the size of 32 to enhance efficiency.
To ensure reliability, five-fold cross-validation was conducted alongside the model’s
training in five different respects: accuracy, loss, and convergence speed.

The choice of FCRN for patch-based feature extraction was motivated by its
computational efficiency and ability to capture localised spatial patterns effectively. While
traditional CNNs are incredibly powerful, they often coarse-grain regional information
due to successive downsampling and pooling layers. On the other hand, FCRNS maintain
spatial accuracy throughout the network, making them ideal for skin lesion localisation,
which is highly pixel-dependent. Moreover, adding residual connections helps to some
extent the problem of vanishing gradient due to deep architecture, making training of
deeper networks more stable, which is essential when dealing with complex skin textures
and subtle anomalies needing multi-scale representation. In addition, a fully convolutional
architecture does not include fully connected layers, which enables the model to accept
inputs of arbitrary dimensions and produce probabilistic maps of the disease at
multi-resolution levels, which is useful for real-time monitoring. These features precisely
match the framework’s aims of interpretability, localisation, and ready adaptability—it
requires no retraining for integration with real-time wearables, explaining the preference
for FCRN over standard CNNS or pre-trained image classifiers.

Multimodal fusion using CNN
To enhance the accuracy and robustness of skin disease detection, the proposed
framework integrates multimodal data, including image-derived features from disease
probability maps and clinical information, using a CNN. This fusion approach effectively
combines spatial patterns extracted from skin images with patient-specific clinical features
to improve the model’s overall diagnostic performance.

The FCRN processes patches of skin images and generates disease probability maps,
M(x, y), where each location corresponds to a probability of being diseased. To focus on
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the most significant regions, the top N high-risk regions are identified. Mathematically,
this is defined as:

R(xvy) = {M(x,y)|M(x,y) > T}7 (14)

where T is a probability threshold, and R(x, y) represents the high-probability regions
extracted from the disease probability map. These regions are spatially compact and
informative, capturing the areas most likely to exhibit disease characteristics. Each disease
probability map is downsampled into a fixed-size tensor of dimensions H' x W’ x C,
where H' and W’ are the height and width of the downsampled map, and C represents the
number of channels (e.g., the number of output classes). These processed features act as
inputs to the multimodal CNN for classification.

Clinical feature integration

In addition to image features, patient-specific clinical data, such as age, gender, skin type,
medical history, and symptom severity, are incorporated into the model. Clinical variables
are preprocessed to ensure numerical stability. Continuous variables (e.g., age) are
standardized using Z-score normalization:

X —p
z =
g

(15)

where x is the variable, u is the mean, and ¢ is the standard deviation. Categorical variables
(e.g., gender) are encoded using one-hot encoding to represent them as binary vectors. The
clinical features are then concatenated into a single input vector Cy, ensuring compatibility
with the image-derived features.

Multimodal fusion network

The proposed multimodal fusion framework uses a CNN-based architecture to integrate
the spatial features from disease probability maps with clinical data. The design ensures
hierarchical feature learning while preserving spatial and contextual information. The
CNN takes two inputs:

Spatial features are derived from the disease probability map R(x, y) represented as a
tensor F of dimensions H' x W’ x C. Clinical features are normalized vectors. Cy
concatenated to the CNN output at a later stage. The spatial features F; are first passed
through two convolutional layers with kernel size 3 x 3 and filters = 64 and 128,
respectively. These layers extract local and global spatial features while maintaining the
spatial hierarchy. Each convolutional layer is followed by batch normalization to stabilize
training and ReLU activation to introduce non-linearity. The output F,, of the
convolutional layers is mathematically expressed as:

Fuony = ReLU(BN(K * F; + b)) (16)

where K is the convolution kernel, * denotes convolution, b is the bias, and BN refers to
batch normalisation. A global average pooling (GAP) layer reduces F,,, to a single feature
vector of size 1 X 1 x 128, preserving the most informative spatial features. The GAP
output Fg,, and clinical features Cy are concatenated into a single feature vector.
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Ffusion: Ffusion = [Fgap Cf ] (17)

where [-, -] denotes concatenation. The fused vector Ffo, is passed through two fully
connected (dense) layers with 128 and 64 neurons, respectively. Each dense layer applies a
Leaky ReLU activation to enhance non-linearity. The final dense layer outputs logits z for
the disease classes, where z is defined as:

z = WFpsion + bf (18)

where Wy represents the weights and by is the bias term. A SoftMax activation is applied to
the logits to produce the final class probabilities P(c|x):

Plcf) = o) (19)
2 -1 exp(z)
where z is the logit for class ¢, and C is the total number of classes.

A CNN-based structure has been implemented to create a multimodal fusion subnet
that fuses image features like disease probability maps with clinical features. This
implementation has a dual input; the first input comprises the top high-probability regions
obtained from skin images and clinical information such as the patient’s age, gender,
medical history, etc. This procedure aims to provide a seamless fusion of these two
modalities in solving the problem of skin anomaly classification. Initially, the fully
convolutional residual networks-disease probability maps are spread into a grid of 32 by
32 pixels. After the skin image has been collected, the N highest mean intensity regions of
the image are determined as sufficient to extract information features. The preceding
images get altered into a one-dimensional vector to produce a tensor of shape (N, 1, 32). N
refers to the number of patch regions extracted from each image. The CNN utilizes this
tensor as its input.

We begin with the CNN branch, which includes a 1D convolutional layer performing a
convolution over the input tensor using 16 kernels with dimensions three by three, one
stride and padding. The purpose of this kernel is to focus on the spatial features present
within the image patches. The resultant output from this layer is processed through the
Rectified Linear Unit activation function, which makes the representation more complex.
After this layer, a second layer performs the same function with 32 kernels, working on
existing spatial features. To augment the feature set for essential representation, a Global
Average Pooling is performed on the 32-kernel output to transform it into a vector,
phosphating only the most significant spatial representation.

For continual feature variables such as age and severity of the symptoms, as well as
categorical variables such as sex and medical history, which require proper treatment, we
do so by employing the Z-score normalization and one-hot encoding technique. These
clinical components are then combined to create a vector of size Cf, equal to the number of
illustrative components. All previously discussed modalities would be fused at the fully
connected layers of the model. The output vector from the GAP layer is of size 32 and is
fused with the normalized clinical feature vector C;. This fused feature vector of size (32 +
Cy) is passed through two dense layers. The first dense layer contains 128 neurons and uses
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the Leaky ReLU activation function, which retains the ability to produce non-linear
outputs while resolving the dying ReLU problem. The second dense layer comprises 64
neurons, contributing to further dimensionality reduction and priming of the features in
preparation for the last classification. In what can be referred to as the previous layer, it is
noted that a dense layer feeds the model with logits that coincide with the classes to be
predicted, such as diseased or only healthy skin. A SoftMax activation function further
transforms these logits to yield probabilities concerning the classes.

The cross-entropy loss function combined with the Adam Optimiser is employed
during the model’s training, initialised to 0.001 as the starting learning rate. The batch size
was optimised for semi-efficiency and determined to be equal to 16, and the training
period was set to span ten epochs. The multi-modal CNN can receive a patient’s deep
images, patches, and related clinical variables simultaneously, thus capturing such clinical
context in tandem with the skin images, which learn spatial contexts for each clinical data.
This architecture efficiently utilises the localized disease features in combination with the
clinical features, thereby providing a clinically relevant and reproducible model to predict
the diagnosis of skin conditions.

EXPERIMENTAL SETUP

The structure for diagnosing skin diseases was developed and tested with a proper
experimental design. The framework under consideration was trained on a system
containing an NVIDIA RTX 4080 GPU, an Intel Core i9 processor, and 64 GB of RAM.
Integration was done in a PyTorch deep learning module in Python 3.10. The dataset
comprised skin images collected using wearable sensors, and their clinical records were
also included. These were preprocessed by resampling normalization and patch extraction.

The training and evaluation model was designed meticulously to achieve robust model
performance and generalizability. The training, validation and testing datasets were
created with a 70:15:15 ratio. Stratified sampling was implemented to keep class balance for
each split and ensure uniform distribution of the diseases in every subset. To further
improve the model, we performed extensive hyperparameter optimization by
implementing a grid search strategy. The parameters tested include the learning rates of
0.01, 0.001, and 0.0005; batch sizes of 8, 16, and 32; ‘dropout’ rates of 0.1, 0.2, and 0.3;
activation functions of ReLU, Leaky ReLU, and Tanh; and patch sizes of 16 x 16, 32 x 32,
and 64 x 64. Configuration based on validation performance using accuracy and loss
curves was dominant such as: learning rate of 0.001, batch size of 16, dropout rate of 0.1,
Leaky ReLU activation with 32 x 32 patch size. Additional validation was performed using
five-fold cross-validation for further variance reduction. In training the model, overfitting
was mitigated by using early stopping with the best-performing model and checkpointing
to capture the best model. All these steps provided an accurate model and ensured
generalizability with real-world unseen data.

The data was divided into 70% for training, 15% for validation, and 15% for testing to
assess the model’s generalization ability. The training took 100 epochs, and the model was
optimised using the Adam optimiser with an initial learning rate of 0.001. The batch size
was 16, allowing enough computation for the model to converge. A grid search strategy

Zhao et al. (2025), Peerd Comput. Sci., DOI 10.7717/peerj-cs.3002 15/26


http://dx.doi.org/10.7717/peerj-cs.3002
https://peerj.com/computer-science/

PeerJ Computer Science

Table 1 Hyperparameter tuning.

Parameter Values tested Optimal value
Learning rate (1) 0.01, 0.001, 0.0005, 0.0001 0.001

Batch size 8, 16, 32 16

Activation function ReLU, Leaky ReLU, Tanh Leaky ReLU
Patch size 16 x 16,32 x 32,64 x 64 32 x 32
Dropout rate 0.1,0.2, 0.3 0.1

was employed to determine the most suitable hyperparameters; this was done by
estimating the impacts of learning rates, batch sizes, and activation functions. The
cross-entropy loss function was used, and accuracy, sensitivity, specificity, and F1-score
results were determined. The hyperparameter tuning process explored various
configurations, as summarised in Table 1.

Hyperparameter tuning outcomes reveal that the model performed well with a learning
rate of 0.001, which balances the factors of convergence ability and the speed at which the
model trains. Regarding the batch size, 16 was suitable as it did not exceed the GPU
memory limit. The Leaky ReLU yielded more significant results than the standard ReLU
and Tanh. This is significant about the device’s probability disease maps as it assisted the
model in learning from even the slightest changes. A patch size of 32 by 32 was determined
to be ideal as when the patches were reduced to 16 by 16, there was not enough context
being captured, but on the other hand, 64 by 64 patches consumed more computational
resources than necessary. Lastly, all the fully connected layers exhibited an appropriate
level of overfitting at a rate of 0.1. A multimodal skin disease detection system was
developed and tested successfully. The system remained accurate across the five folds,
ensuring no variation in the approach’s performance.

RESULT AND DISCUSSION

This section outlines the effects of patch-based FCRN and modes of CNN fusion on skin
disease detection techniques. It outlines the results based on accuracy, sensitivity, F1-score,
and specificity metrics achieved through five-fold cross-validation. It also touches on a
baseline comparison with models’ probability maps and interpretation to provide a better
understanding to the reader. The data about the model is located in Table 2. It allows the
reader to see the predictions based on the different models used when applying the image
and clinical data to the model from the five-fold cross-validation.

The FCRN + CNN fusion model achieved the best metrics consistency compared to the
other tested models, reaching a WAC of 99.5%, WAF1 of over 99.4, and a 0.995 AUC
score. It was noted that the image FCRN model with only a 92.0 accuracy was a significant
factor in the patch-level analysis. In comparison, the clinical module provided an 89.3
accuracy when used separately. This multi-modal fusion model performs the required
classification, increasing accuracy by combining models. Figure 4 depicts the accuracy and
loss curves for training and validation sets concerning skin disease detection for 100
epochs. The left subsection presents the accuracy, which displays signs of constant and

Zhao et al. (2025), Peerd Comput. Sci., DOI 10.7717/peerj-cs.3002 16/26


http://dx.doi.org/10.7717/peerj-cs.3002
https://peerj.com/computer-science/

PeerJ Computer Science

Table 2 Performance metrics for skin disease detection.

Model Accuracy (%) Sensitivity Specificity F1-score AUC
Image-only (FCRN) 92.0 90.5 93.5 91.2 0.95
Clinical-only (MLP) 89.3 88.0 90.2 88.6 0.91
Fused (Image + Clinical) 99.5 99.0 99.8 99.4 0.995

Training and Validation Accuracy
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Figure 4 Accuracy and loss of the proposed methodology in skin disease detection.
Full-size k&l DOI: 10.7717/peerj-cs.3002/fig-4

rapid improvement during the initial epochs. For training and validation accuracy, the rise
shifts from roughly 70% until 50 epochs are complete to close to 99%. The curves are, in
effect, smooth, where there is no significant divergence between training and validation,
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Figure 5 Confusion matrix on skin disease classification. Full-size k] DOT: 10.7717/peerj-cs.3002/fig-5

which reveals that the model can generalize effectively on unseen data. Eventually, the
accuracy plateaus at approximately 99.5%, reinforcing the model’s learning ability.

The proposed multimodal fusion model (FCRN + CNN) achieved a near-perfect
accuracy of 99.5%, which is substantially higher than the image-only (FCRN) and
clinical-only (MLP) models, which scored 92.0% and 89.3%, respectively. This margin is
not only statistically significant but also clinically relevant, as it implies a reduced risk of
false positives and false negatives in real-world diagnostic settings. For instance, the
sensitivity improvement from 90.5% (FCRN) to 99.0% (fusion model) indicates that the
fusion model detects almost all diseased cases, which is critical for early intervention.
Similarly, the increase in specificity from 93.5% to 99.8% reduces the chances of
misclassifying healthy individuals as diseased. The AUC improvement from 0.95 to 0.995
further confirms superior discriminative capability. These enhancements highlight the
synergistic effect of integrating spatial image features with clinical data, validating that the
fusion model is not only incrementally better but significantly more robust and reliable for
clinical application.

The loss graphs plotted on the left show that the training and validation losses began at
1.2 and dropped to near zero ~0.05 by the end of the training. The closely related two-loss
curves indicate that the model can generalize throughout the training session and is quite
robust to overfitting. Patch-based feature extraction with FCRN and CNN was used for
clinical data fusion. Such performance supports the claim that the model can comprehend
and integrate spatial characteristics in images with clinically relevant context, leading to
accurate prediction.
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In this section, Fig. 5 depicts a confusion matrix that details the proposed model’s
accuracy, precision, and overall performance in skin disease classification. It is observed
that the matrix also captures the extent to which the model differentiates between the two
classes: Healthy and diseased. The true positive rate (disease cases which are diseased) in
the model is equal to 97.68%, which shows that the model is well fitted to identify diseased
patients. The true negative rate (healthy patients that are healthy) in the model is 96.95,
meaning that the model can predict the healthy patient group. Misclassifications are
seldom, as 3.05% of the healthy patients were misclassified as diseased (false positive), and
2.32% of the diseased patients were estimated healthy (false negative). The utmost digits
along the diagonal tell the relative accuracy of the model, and the number of wrong
predictions made is also extremely low, leading to the overall concepts reaching ternary
logic performance levels. The model true positive and true negative rates yield almost the
same values, explaining that such classifiers are expected to show some balance. Such
effects follow from the features patch taken out of skin images using FCRN and then the
concatenation with demographic information, which allows us to learn context and
structure simultaneously.

Figure 6 shows the receiver operating characteristic (ROC) curve for the suggested
model in skin disease detection. The ROC curve plots the true positive rate (TPR), a
sensitivity indicator, against the false positive rate (FPR) at various thresholds. As a
reference point, the diagonally broken line displays a random classifier with an area
under the curve (AUC) of 0.5. With an AUC of 0.99, the suggested model performs at the
highest level.

The curve extends sharply to the left, demonstrating a high positive rate for true
positives and a minimal rate for false positives. Furthermore, the close to 1 AUC value
accurately indicates the model’s ability to discriminate diseases from healthy individuals in
many cases. The almost perfect nature of the ROC curve attests to the efficacy of the
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Table 3 Comparative analysis with baseline models.

Model Accuracy (%) F1-score AUC
VGG16 (Image-only) 87.5 852 0.90
ResNet18 (Image-only) 90.2 88.0 0.93
MLP (Clinical-only) 89.3 88.6 0.91
Proposed fusion (FCRN + CNN) 99.5 99.4 0.995

patch-based feature extraction with FCRN and the encoding of clinical metadata using
multimodal fusion. This guarantees that the model has dense spatial detail and enriched
clinical information required for accurate predictions. A high AUC also means the model
is reliable since it reduces the chances of false diagnoses, a significant component of clinical
practice. Overall, the ROC curve complements the method’s capability of correctly
describing and classifying the subjects into healthy and diseased based on the devised
methodology. The AUC of 0.950 was reached by the image-based model, showing the
effectiveness of patch-based feature extraction. On the other hand, the AUC of 0.910
reached by the clinical-only group indicates that clinical features are valuable, but relatively
more towards clinical performing techniques rather than image-based ones. The output
values of VGG16 and ResNet18, being 0.900 and 0.930, respectively, are also in sync with
their performance as they underperform concerning the focused approach of multimodal
fusion, in which we are interested in fine-tuned details.

Table 3, the proposed model is compared with widely used baseline models such as
VGG16, ResNet18, and clinical-only approaches.

The FCRN model stands out due to its effective architecture and skin image resolution
handling, particularly its patch-based learning approach. Unlike other CNNs that execute
global feature extraction and downsample local details, the FCRN model retains spatial
feature granularity since the spatial dimensions of input patches are preserved during the
network. Thus, the model can recognise fine dermatological details such as lesion
boundaries, pigmentation, and textural irregularities, which are vital in distinguishing
closely resembling skin conditions. The added residual blocks also help mitigate the
vanishing gradient problem, making it easier to train deeper networks, reinforcing model
feature learning. This is crucial in medical image examination, where minor differences in
a region’s texture or tone can be pivotal. Using local patches helps avoid background
clutter while concentrating on relevant regions of interest, which is better than global
image classifiers such as VGG16 and ResNet18, which risk degrading performance. The
FCRN’s spatial detail preservation, deep learning stabilisation through residual learning,
and effective localisation are the prime factors for its domination over conventional
architectures.

To further contextualise the performance of the proposed FCRN + CNN fusion model,
a comparative analysis with established benchmark models highlights its relative strengths.
While effective for generic image classification, traditional deep learning architectures such
as VGG16 and ResNet18 are limited in capturing localised dermatological features due to
their reliance on global pooling and fixed-size inputs. In our experiments, VGG16 achieved
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Figure 7 Precision and recall for different models for skin disease detection.
Full-size K&] DOT: 10.7717/peerj-cs.3002/fig-7

87.5% accuracy and ResNet18 achieved 90.2%, both substantially lower than the 99.5%
accuracy of our fusion model. This performance gap illustrates the benefit of our
patch-based strategy combined with clinical data fusion. Moreover, while clinical-only
models such as MLP reached 89.3% accuracy, their lack of spatial visual inputs restricted
their ability to detect complex skin patterns. In contrast, our proposed method effectively
bridges this gap by integrating localized spatial cues from wearable sensor images with
patient-specific metadata, resulting in a more holistic and context-aware diagnostic
decision. Notably, our model’s AUC score of 0.995 surpasses those of VGG16 (0.90),
ResNet18 (0.93), and MLP (0.91), reflecting superior discriminative capacity. These
improvements are not just incremental—they are significant in clinical terms, where high
sensitivity and specificity are crucial to minimising diagnostic errors.

The FCRN + CNN fusion model significantly outperformed standard architectures such
as VGG16 and ResNet18, which rely solely on whole-image analysis. While ResNet18
achieved an accuracy of 90.2%, it struggled to effectively capture fine-grained disease
features. The multimodal fusion approach benefits from localized spatial features and
patient-specific clinical data, achieving near-perfect performance. Figure 7 shows the
precision and recall of different models for the skin disease detection.

Table 4 shows the model’s sensitivity to key hyperparameters, evaluated, and the
optimal configuration determined through a grid search strategy.

The optimal learning rate of 0.001 ensured stable convergence, while a batch size of 16
balanced computational efficiency and model performance. A dropout rate of
0.1 minimised overfitting without affecting accuracy. Other configurations led to slight
performance drops, demonstrating the model’s robustness to hyperparameter selection.
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Table 4 Hyperparameter sensitivity analysis.

Hyperparameter Values tested Optimal value Accuracy (%)
Learning rate 0.01, 0.001, 0.0005 0.001 99.5
Batch size 8, 16, 32 16 99.5
Dropout rate 0.1, 0.2, 0.3 0.1 99.5

CONCLUSION AND FUTURE WORK

This study demonstrates a hybrid deep learning framework combining patch-based spatial
feature extraction using fully convolutional residual network with clinical data integration
through CNNss for interpreting and predicting skin diseases. The model proposed in this
article outperforms all other models and the baselines in multiple metrics, including
accuracy and robustness. After carrying out thorough experiments, it was clear that the
proposed model achieved a new record with an accuracy score of 99% and 5% and AUC
score of 0.995 and was superior to the other baseline models that included image FCRN
AUC 0.950, Clinical-MLP AUC 0.910, VGG16 AUC 0.900 and ResNet18 AUC 0.930.
Moreover, the model’s capacity to display disease probability maps improves its
interpretive character and helps pinpoint areas especially susceptible to diagnosis.
Despite the promising findings, several limitations persist. First, although diverse, the
dataset has scope for improvement, such as adding more images of skin from different
geographic populations, rare skin conditions, and diverse skin tones to augment
generalizability. Furthermore, while the model was validated with retrospective data,
true-world validation must be tested in clinical trials or point-of-care settings with
wearable sensors to ensure validated applicability. Following this, we will work on:
(1) integrating temporal datasets from wearable sensors to track disease progression;
(2) deploying for remote dermatology on edge computing for real-time model use, and
(3) adding SHapley Additive exPlanations (SHAP), gradient-weighted class activation
mapping (Grad-CAM), and other explainable artificial intelligence (XAI) modules to
enhance trust transparency. Additionally, primary attention will focus on in-depth testing
for patients with dermatologists to diagnose confidence and patient outcomes within
hospital or outpatient settings.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding

The authors received no funding for this work.

Competing Interests
The authors declare that they have no competing interests.

Author Contributions

« Xiaoling Zhao conceived and designed the experiments, performed the experiments,
analyzed the data, performed the computation work, prepared figures and/or tables,
authored or reviewed drafts of the article, and approved the final draft.

Zhao et al. (2025), Peerd Comput. Sci., DOl 10.7717/peetrj-cs.3002 22/26


http://dx.doi.org/10.7717/peerj-cs.3002
https://peerj.com/computer-science/

PeerJ Computer Science

 Huixin Zhang conceived and designed the experiments, analyzed the data, performed the
computation work, prepared figures and/or tables, authored or reviewed drafts of the
article, and approved the final draft.

e Qian Zheng conceived and designed the experiments, analyzed the data, performed the
computation work, prepared figures and/or tables, authored or reviewed drafts of the
article, and approved the final draft.

» Caihong Jing conceived and designed the experiments, performed the experiments,
performed the computation work, prepared figures and/or tables, authored or reviewed
drafts of the article, and approved the final draft.

Data Availability
The following information was supplied regarding data availability:

The dx-scin-public-data is available at Google Cloud Storage: https://console.cloud.
google.com/storage/browser/dx-scin-public-data.

The code is available in the Supplemental File and at Zenodo:

Caihong, J. (2025). A Hybrid Deep Learning Framework for Skin Disease Localization
and Classification Using Wearable Sensors. Zenodo. https://doi.org/10.5281/zenodo.
15428977.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj-cs.3002#supplemental-information.

REFERENCES

Ahalya R, Babu G, Sathish S, Shruthi K. 2024. Automated skin disease detection using deep
learning algorithms. In: 2024 10th International Conference on Communication and Signal
Processing (ICCSP). Piscataway: IEEE, 481-486.

Ahmed M, Al-Qaysi Z, Shuwandy ML, Salih MM, Ali MH. 2021. Automatic COVID-19
pneumonia diagnosis from x-ray lung image: a deep feature and machine learning solution.
Journal of Physics: Conference Series 1963:012099 DOI 10.1088/1742-6596/1963/1/012099.

Alaejos AR, Klaassen SA, Fernandez SE, Cogul BB, Elorza M, Bennasar AB, Barcel6 B. 2019.
Urine-free cortisol assessment using immunoassay and gas chromatography coupled to mass
spectrometry (GC-MS)-result review. Clinica Chimica Acta 493:5340-S341
DOI 10.1016/j.cca.2019.03.736.

ALEnezi NSA. 2019. A method of skin disease detection using image processing and machine
learning. Procedia Computer Science 163:85-92 DOI 10.1016/j.procs.2019.12.090.

Anbar M, Gratt B, Hong D. 1998. Thermology and facial telethermography. Part I: history and
technical review. Dentomaxillofacial Radiology 27(2):61-67 DOI 10.1038/sj/dmfr/4600314.

Badr M, Elkasaby A, Alrahmawy M, El-Metwally S. 2024. A multi-model deep learning
architecture for diagnosing multi-class skin diseases. Journal of Imaging Informatics in Medicine
38(3):1-20 DOI 10.1007/s10278-024-01300-w.

Bhadula S, Sharma S, Juyal P, Kulshrestha C. 2019. Machine learning algorithms based skin
disease detection. International Journal of Innovative Technology and Exploring Engineering
(IJITEE) 9(2):4044-4049 DOI 10.35940/ijitee.b7686.129219.

Zhao et al. (2025), Peerd Comput. Sci., DOI 10.7717/peerj-cs.3002 23/26


https://console.cloud.google.com/storage/browser/dx-scin-public-data
https://console.cloud.google.com/storage/browser/dx-scin-public-data
http://dx.doi.org/10.7717/peerj-cs.3002#supplemental-information
https://doi.org/10.5281/zenodo.15428977
https://doi.org/10.5281/zenodo.15428977
http://dx.doi.org/10.7717/peerj-cs.3002#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.3002#supplemental-information
http://dx.doi.org/10.1088/1742-6596/1963/1/012099
http://dx.doi.org/10.1016/j.cca.2019.03.736
http://dx.doi.org/10.1016/j.procs.2019.12.090
http://dx.doi.org/10.1038/sj/dmfr/4600314
http://dx.doi.org/10.1007/s10278-024-01300-w
http://dx.doi.org/10.35940/ijitee.b7686.129219
http://dx.doi.org/10.7717/peerj-cs.3002
https://peerj.com/computer-science/

PeerJ Computer Science

Chen J, Jiang Q, Ai Z, Wei Q, Xu S, Hao B, Lu Y, Huang X, Chen L. 2025. Pigmented skin disease
classification via deep learning with an attention mechanism. Applied Soft Computing
170:112571 DOI 10.1016/j.as0c.2024.112571.

Cheng Y, Wang K, Xu H, Li T, Jin Q, Cui D. 2021. Recent developments in sensors for wearable
device applications. Analytical and Bioanalytical Chemistry 413(24):6037-6057
DOI 10.1007/s00216-021-03602-2.

Chun S, Kim J, Pang C. 2019. A transparent, glue-free, skin-attachable graphene pressure sensor
with micropillars for skin-elasticity measurement. Nanotechnology 30(33):335501
DOI 10.1088/1361-6528/ab1d99.

ExpertAl 2022. What is machine learning? a definition. ExpertAl. Available at https://content.
expert.ai/blog/machine-learning-definition/.

Faggella D. 2018. Machine learning in finance-present and future applications, tech emergence.

Fish RM, Geddes LA. 2009. Conduction of electrical current to and through the human body: a
review. Eplasty 9:e44.

Flament F, Galliano A, Abric A, Matoschitz C-M, Bammer M, Kampus M, Kanda-Diwidi D,
Chibout S, Cassier M, Delaunay C. 2021. Skin moisture assessment using hydration sensor
patches coupled with smartphones via near field communication (NFC). A pilot study with the
first generation of patches that allow self-recordings of skin hydration. Skin Research and
Technology 27(5):959-965 DOI 10.1111/srt.13049.

Garnavi R, Aldeen M, Bailey J. 2012. Computer-aided diagnosis of melanoma using border-and
wavelet-based texture analysis. IEEE Transactions on Information Technology in Biomedicine
16(6):1239-1252 DOI 10.1109/titb.2012.2212282.

Google Research Datasets and Stanford Medicine. 2024. SCIN (Skin Condition Image Network)
Open Access Dataset (Version 1.0).

Hajgude M]J, Bhavsar A, Achara H, Khubchandani N. 2019. Skin disease detection using image
processing with data mining and deep learning. International Research Journal of Engineering
and Technology (IRJET) 6(4):4363-4366.

Hameed N, Ruskin A, Hassan KA, Hossain MA. 2016. A comprehensive survey on image-based
computer aided diagnosis systems for skin cancer. In: 2016 10th International Conference on
Software, Knowledge, Information Management ¢ Applications (SKIMA). Piscataway: IEEE,
205-214.

Hameed N, Shabut A, Hossain MA. 2018. A computer-aided diagnosis system for classifying
prominent skin lesions using machine learning. In: 2018 10th Computer Science and Electronic
Engineering (CEEC). Piscataway: IEEE, 186-191 DOI 10.1109/ceec.2018.8674183.

Ianculescu M, Alexandru A, Coardo D, Coman OA. 2018. Smart wearable medical devices-the
next step in providing affordable support for dermatology practice. Dermatovenerologie-Journal
of the Romanian Society of Dermatology 63:295-306.

Lefévre-Utile A, Braun C, Haftek M, Aubin F. 2021. Five functional aspects of the epidermal
barrier. International Journal of Molecular Sciences 22(21):11676 DOI 10.3390/ijms222111676.

Liao H, Li Y, Luo J. 2016. Skin disease classification versus skin lesion characterization: achieving
robust diagnosis using multi-label deep neural networks. In: 2016 23rd International Conference
on Pattern Recognition (ICPR). Piscataway: IEEE, 355-360.

Mohammed SS, Al-Tuwaijari JM. 2021. Skin disease classification system based on machine

learning technique: a survey. In: IOP Conference Series: Materials Science and Engineering.
Vol. 1076. Bristol, UK: IOP Publishing, 012045.

Zhao et al. (2025), Peerd Comput. Sci., DOI 10.7717/peerj-cs.3002 24/26


http://dx.doi.org/10.1016/j.asoc.2024.112571
http://dx.doi.org/10.1007/s00216-021-03602-2
http://dx.doi.org/10.1088/1361-6528/ab1d99
https://content.expert.ai/blog/machine-learning-definition/
https://content.expert.ai/blog/machine-learning-definition/
http://dx.doi.org/10.1111/srt.13049
http://dx.doi.org/10.1109/titb.2012.2212282
http://dx.doi.org/10.1109/ceec.2018.8674183
http://dx.doi.org/10.3390/ijms222111676
http://dx.doi.org/10.7717/peerj-cs.3002
https://peerj.com/computer-science/

PeerJ Computer Science

Muhaba KA, Dese K, Aga TM, Zewdu FT, Simegn GL. 2022. Automatic skin disease diagnosis
using deep learning from clinical image and patient information. Skin Health and Disease 2(1):
ski2-81 DOI 10.1002/ski2.81.

Mulge P. 2024. Skin disease detection and classification using deep learning algorithms.
Interantional Journal of Scientific Research in Engineering and Management 8:1-5.

Nassar YM, Makhlouf M, El-tohamy MH, Abdelgawad W, Darwish E, Abdalla H, Sayed GI.
2025. Deep learning-based multi-class skin disease diagnosis toward sustainable healthcare. In:
Empowering AI Applications in Smart Life and Environment. Cham: Springer, 177-194
DOI 10.1007/978-3-031-78038-7_7.

Oztel 1, Yolcu Oztel G, Sahin VH. 2023. Deep learning-based skin diseases classification using
smartphones. Advanced Intelligent Systems 5(12):2300211 DOI 10.1002/aisy.202300211.

Reddy VJ, Nagalakshmi TJ. 2019. Skin disease detection using artificial neural network. Indian
Journal of Public Health Research & Development 10(11):3829.

Reeder JT, Choi J, Xue Y, Gutruf P, Hanson J, Liu M, Ray T, Bandodkar A]J, Avila R, Xia W,
Krishnan S, Xu S, Barnes K, Pahnke M, Ghaffari R, Huang Y, Rogers JA. 2019. Waterproof,
electronics-enabled, epidermal microfluidic devices for sweat collection, biomarker analysis, and
thermography in aquatic settings. Science Advances 5(1) DOI 10.1126/sciadv.aau6356.

Sadik R, Majumder A, Biswas AA, Ahammad B, Rahman MM. 2023. An in-depth analysis of
convolutional neural network architectures with transfer learning for skin disease diagnosis.
Healthcare Analytics 3(6):100143 DOI 10.1016/j.health.2023.100143.

Song L, Zhang Z, Xun X, Xu L, Gao F, Zhao X, Kang Z, Liao Q, Zhang Y. 2021. Fully organic
self-powered electronic skin with multifunctional and highly robust sensing capability. Research

2021(21):244 DOI 10.34133/2021/9801832.
Sreekala K, Rajkumar N, Sugumar R, Sagar KD, Shobarani R, Krishnamoorthy KP, Saini A,

Palivela H, Yeshitla A. 2022. Skin diseases classification using hybrid ai based localization

approach. Computational Intelligence and Neuroscience 2022:6138490
DOI 10.1155/2022/6138490.

Wang G, Ma Q, Li Y, Mao K, Xu L, Zhao Y. 2025. A skin lesion segmentation network with edge
and body fusion. Applied Soft Computing 170(1):112683 DOI 10.1016/j.as0c.2024.112683.

Wong A, Scharcanski ], Fieguth P. 2011. Automatic skin lesion segmentation via iterative

stochastic region merging. IEEE Transactions on Information Technology in Biomedicine
15(6):929-936 DOI 10.1109/titb.2011.2157829.

Wu Z, Huang R, Sun W, He B, Wang C. 2024. Clinical characteristics, treatment and outcome of
subacute cutaneous lupus erythematosus induced by PD-1/PD-L1 inhibitors. Archives of
Dermatological Research 316(10):1-7 DOI 10.1007/s00403-024-03484-1.

Wu Z, Li X, Huang R, He B, Wang C. 2025. Clinical features, treatment, and prognosis of
pembrolizumab-induced Stevens-Johnson syndrome/toxic epidermal necrolysis. Investigational
New Drugs 51:1-7 DOI 10.1007/s10637-024-01499-z.

Yang J, Sun X, Liang J, Rosin PL. 2018. Clinical skin lesion diagnosis using representations
inspired by dermatologist criteria. In: Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Piscataway: IEEE, 1258-1266.

Zhang X, Wang S, Chen X, Cui Z, Li X, Zhou Y, Wang H, Sun R, Wang Q. 2024. Bioinspired

flexible kevlar/hydrogel composites with antipuncture and strain-sensing properties for personal

protective equipment. ACS Applied Materials & Interfaces 16(34):45473-45486
DOI 10.1021/acsami.4c08659.

Zhao et al. (2025), Peerd Comput. Sci., DOI 10.7717/peerj-cs.3002

25/26


http://dx.doi.org/10.1002/ski2.81
http://dx.doi.org/10.1007/978-3-031-78038-7_7
http://dx.doi.org/10.1002/aisy.202300211
http://dx.doi.org/10.1126/sciadv.aau6356
http://dx.doi.org/10.1016/j.health.2023.100143
http://dx.doi.org/10.34133/2021/9801832
http://dx.doi.org/10.1155/2022/6138490
http://dx.doi.org/10.1016/j.asoc.2024.112683
http://dx.doi.org/10.1109/titb.2011.2157829
http://dx.doi.org/10.1007/s00403-024-03484-1
http://dx.doi.org/10.1007/s10637-024-01499-z
http://dx.doi.org/10.1021/acsami.4c08659
http://dx.doi.org/10.7717/peerj-cs.3002
https://peerj.com/computer-science/

PeerJ Computer Science

Zhao Y, Li B, Zhong M, Fan H, Li Z, Lyu S, Xing X, Qin W. 2025b. Highly sensitive, wearable
piezoresistive methylcellulose/chitosan@MXene aerogel sensor array for real-time monitoring of
physiological signals of pilots. Science China Materials 68(2):542-551
DOI 10.1007/s40843-024-3188-4.

Zhao S, Sun W, Sun J, Peng L, Wang C. 2025a. Clinical features, treatment, and outcomes of
nivolumab induced psoriasis. Investigational New Drugs 43:42-49
DOI 10.1007/s10637-024-01494-4.

Zhao et al. (2025), Peerd Comput. Sci., DOI 10.7717/peerj-cs.3002 26/26


http://dx.doi.org/10.1007/s40843-024-3188-4
http://dx.doi.org/10.1007/s10637-024-01494-4
http://dx.doi.org/10.7717/peerj-cs.3002
https://peerj.com/computer-science/

	A hybrid deep learning framework for skin disease localization and classification using wearable sensors
	Introduction
	Related works
	Methods and materials
	Experimental setup
	Result and discussion
	Conclusion and future work
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


