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Abstract:
Skin lesion segmentation is a critical task in dermatology,
essential for the accurate diagnosis and treatment of
various skin conditions, including skin cancer. The precise
identification of lesion boundaries in medical images sig‐
nificantly helps in early detection and effective manage‐
ment of these conditions. In this study, a U‐Net model
was employed to perform segmentation of skin lesions,
using its advanced encoder‐decoder architecture and skip
connections to capture fine details and spatial hierarchies
within the images. Themodel yielded an overall accuracy
of 95.47%, a precision of 97.21%, a recall of 84.04%,
and an F1 score of 90.15%. These results affirm the U‐
Net model’s proficiency in accurately segmenting skin
lesions. The precise boundary delineation provided by the
model can help healthcare professionals detect malig‐
nant lesions, which often exhibit irregular boundaries,
thereby improving diagnostic accuracy. The integration
of thismodel into clinical practice can enhance diagnostic
accuracy and efficiency, reduce the workload on health‐
care professionals, and improve patient outcomes. The
promising performance of the U‐Net model emphasizes
its potential to revolutionize dermatological diagnostics
and support healthcare professionals in delivering timely
and precise patient care.
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1. Introduction
Skin lesion segmentation is the creation of a

detailed map of the skin’s landscape to guide der‑
matologists in understanding and treating conditions
like melanoma and basal cell carcinoma accurately.
Just as a cartographer carefully marks boundaries
and landmarks on a map, segmentation identiϐies and
outlines lesions within skin images. This helps der‑
matologists gauge the seriousness of diseases, mon‑
itor how they change over time, and determine if
treatments are working effectively. They use a mix of
traditional methods like setting thresholds and ϐind‑
ing edges, and cutting‑edge techniques, such as deep
learning with CNNs, U‑Net, and Mask R‑CNN, which
act like advanced GPS systems for medical images.
Challenges include the diverse appearances of lesions,
noisy image data, and the need for algorithms that can
handle large amounts of data efϐiciently.

Successfully segmenting lesions not only aids in
making informed medical decisions but also drives
forward research and improves remote medical con‑
sultations by providing clear and reliable information
for analysis.

2. Related Works

The skin, our body’s largest organ, plays a vital
role as our main barrier against the outside world,
covering about 16% of our total body weight. Because
it’s constantly exposed to the environment, the skin is
susceptible to a range of issues, from common abnor‑
malities like lesions to various appendages [1,2]. Skin
cancer, including types like squamous cell carcinoma,
basal cell carcinoma, and malignant melanoma, poses
a serious global health threat. Among these,malignant
melanoma is particularly aggressive and is a leading
cause of cancer‑related deaths worldwide. In 2020
alone, estimates from the American Cancer Society
indicated around 100,350 new cases of skin cancer
and more than 6,500 deaths attributed to this dis‑
ease. These numbers underscore the urgent need for
effective prevention, early detection, and treatment
strategies to combat this signiϐicant health issue [1,3].

Skin lesion segmentation is crucial inmedical diag‑
nostics, playing a role in detecting and treating can‑
cer early. However, accurately delineating skin lesions
presents challenges due to their diverse appear‑
ances and sometimes ambiguous borders, especially
in benign or nevus lesions. This complexity makes
distinguishing them from healthy skin tissues chal‑
lenging, underscoring the necessity for advanced seg‑
mentation techniques that can precisely identify and
differentiate different types of skin lesions.

In recent years, deep learning‑based algorithms
for image segmentation have made signiϐicant
advancements over traditional methods, aiming
to enhance medical diagnostics by reducing
subjective factors and improving efϐiciency in
clinical settings [4–7]. Researchers have focused
on developing efϐicient and stable segmentation
algorithms to improve performance. These efforts are
crucial for accurately identifying and distinguishing
various medical conditions from imaging data [8–10].

The primary frameworks for medical image seg‑
mentation today include decoder‑encoder structures
like U‑Net and DeepLab, which leverage dilated con‑
volutions for handling different scales and improving
object boundary accuracy [11,12].
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U‑Net, known for its simplicity and utility, serves
as a foundation in the ϐield but has limitations
in complexity and computational demands, particu‑
larly when integrating more complex structures like
UNet++ and ResUNet++ [13–15]. Models such as
DeepLabV3 and DeepLabV3++, based on dilated con‑
volutions, aim to address larger‑scale targets but
often require substantial data and computational
resources for effective training [16, 17]. Multiscale
feature fusion is crucial for enhancing segmenta‑
tion accuracy, blending local and global informa‑
tion through structures like FPN [18], MANet [19],
LinkNet [20], and PSPNet [21], which integrate infor‑
mation across different levels to improve overall seg‑
mentation quality. Despite these advancements, chal‑
lenges remain in optimizing feature extraction algo‑
rithms, balancing shallowhigh‑resolution information
loss, and addressing bottlenecks in encoder layers
where vital contextual details are aggregated. This is
critical for advancing segmentation performance in
medical imaging.

Researchers are using traditional machine learn‑
ing techniques to improve how medical images are
segmented, focusing on making these methods more
accurate. Jaisakthi et al. [22] have developed amethod
that combinesGrab‑cut andK‑means clustering toout‑
line skin lesions like melanoma. They’ve also added
steps to enhance image quality, like smoothing out
irregularities and standardizing lighting before ana‑
lyzing the images. Meanwhile, Mohanad Aljanabi et
al. [23] have come up with a technique that uses arti‑
ϐicial bee colonies to ϐind the best way to distinguish
between healthy skin and lesions. This method uses
fewer steps and can pinpoint lesions with a lot of
precision, which makes it a powerful tool for diag‑
nosing skin conditions. Both approaches show how
researchers are ϐinding new ways to use machine
learning to help doctors get more accurate results
when they’re looking at medical images. Berseth et
al. [24] created a special type of computer program
called a U‑Net to help doctors ϐind skin problems in
pictures of skin. They used a method called ten‑fold
cross validation tomake sure their programwas accu‑
rate. Meanwhile, Mishra et al. [25] came up with a
different way to use computers to ϐind skin problems
in pictures of skin.

Properly diagnosing and screening for skin dis‑
orders relies heavily on accurately pinpointing the
affected areas. Segmentation of skin lesions is tricky
due to factors like their diverse shapes, their close‑
ness to normal skin, and the presence of hair. To
tackle these challenges effectively, we introduce a
cutting‑edge method that uses deep learning to auto‑
mate the segmentation of skin lesions. This innovative
approach aims to simplify and improve the accuracy
of diagnosing skin conditions, ensuring better care
and outcomes for patients dealing with dermatologi‑
cal issues.

Table 1. Train and Validation Data

Train Validation Total
Images 8,016 1,999 10,015
Masks 8,016 1,999 10,015
Total 16,032 3,998 20,030

3. Material and Method
3.1. Data Preparation and Augmentation

The HAM10000 dataset, consisting of 10,015 der‑
moscopic images of skin lesions along with their cor‑
responding segmentation masks, is used in this study.

This dataset includes a comprehensive collection
of critical diagnostic categories of pigmented lesions,
such as actinic keratoses and intraepithelial carci‑
noma (AKIEC), basal cell carcinoma (BCC), benign
keratosis‑like lesions (BKL), dermatoϐibroma (DF),
melanoma (MEL),melanocytic nevi (NV), and vascular
lesions (VASC).

For effective model training and validation, the
dataset is divided into two subsets: a training set and
a validation set. The training set consists of 8,016
images and their respective masks, while the valida‑
tion set comprises the remaining 1,999 images and
masks. This split ensures a robust training of the
model, giving the model the chance to see a lot of data
and evaluation of the model’s performance on unseen
data (Table 1).

The images and their corresponding masks are
loaded and preprocessed using a customdataset class,
‘SkinLesionDataset‘. This class is designed to facili‑
tate the retrieval of image‑mask pairs from speciϐied
directories. Within the class, the ‘__init__‘ method ini‑
tializes the dataset by specifying the directories for
images and masks, along with any transformations to
be applied. The ‘__len__‘ method returns the total num‑
ber of images, and the ‘__getitem__‘ method retrieves
the image and mask at the speciϐied index. The masks
are converted to binary format, where the pixel value
of 255 is replaced with 1 for compatibility with the
segmentation task.

To enhance the model, data augmentation tech‑
niques are employed on the training images. The
transformations applied to the training set include
resizing the images to 224x224, rotation with a prob‑
ability of 1.0, horizontal ϐlipping with a probability
of 0.5, vertical ϐlipping with a probability of 0.1, and
normalization with mean and standard deviation set
to [0.0, 0.0, 0.0] and [1.0, 1.0, 1.0] respectively, with
the maximum pixel value set to 255.0.

For the validation set, a simpler augmentation
pipeline is employed to maintain consistency during
model evaluation. This pipeline involves resizing the
images to the same dimensions as the training images
and normalizing the pixel values using the samemean,
standard deviation, andmaximum pixel value settings
as the training set. These preprocessing and augmen‑
tation steps are crucial for improving themodel’s gen‑
eralization capability and performance in accurately
segmenting skin lesions.
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Figure 1. U‐Net Architecture

3.2. Proposed Model

The U‑Net architecture was chosen for its well‑
established effectiveness in biomedical image seg‑
mentation. The model features a symmetric encoder‑
decoder structure that excels in precise localization
through its skip connections.

These connections enable the integration of
detailed, high‑resolution features from the encoder
with upsampled features in the decoder, which is
crucial for accurate skin lesion segmentation. While
Fully Convolutional Networks (FCNs) offer end‑to‑
end segmentation, they may lose ϐine‑grained details
because they lack skip connections. The DeepLab
models use atrous convolutions and spatial pyramid
pooling to capture multi‑scale context but are
computationally intensive and require large datasets.
SegNet is efϐicient in memory usage through its use of
max‑pooling indices, though it might compromise on
localization accuracy. Attention U‑Net, an advanced
version of U‑Net, incorporates attention mechanisms
to highlight relevant features but adds complexity.
Despite these alternatives, U‑Net remains the optimal
choice for its proven performance and suitability in
managing high‑resolution medical images, ensuring
robust and accurate segmentation crucial for early
diagnosis and treatment of skin conditions.

The proposed model for segmenting skin lesions
is the U‑Net architecture, a highly effective convo‑
lutional neural network (CNN) designed speciϐically
for biomedical image segmentation tasks. The U‑
Net architecture is characterized by its symmetric
encoder‑decoder structure, which facilitates precise
localization required for accurate segmentation. The

encoder, or contracting path, is responsible for cap‑
turing the context of the input image by progressively
downsampling it through a series of layers.

Each layer comprises two 3x3 convolutional oper‑
ations followed by batch normalization and ReLU acti‑
vations and concludes with a 2x2 max‑pooling opera‑
tion that halves the spatial dimensions while doubling
the number of feature channels. This downsampling
process allows the network to capture increasingly
abstract and high‑level features of the image.

On the other hand, the decoder, also called the
expansive path, strives to recreate the spatial infor‑
mation of the input image. This involves upsampling
layers using transposed convolutional layers, followed
by the concatenation of the features from the encoder
network using skip connections. These skip connec‑
tions are signiϐicant as they allow the model to retain
the high‑resolution information that is discarded dur‑
ing the downsampling process. After concatenation,
each upsampling step includes two 3x3 convolutional
operations with batch normalization and ReLU acti‑
vations, similar to the encoder. This process reduces
the number of feature channels while increasing the
spatial dimensions, effectively recovering the original
image size (Figure 1).

At the deepest part of the network, the bottleneck
layer processes the smallest spatial representation
with the highest number of feature channels, imple‑
mented using the same double convolution approach.
The ϐinal layer of the U‑Net architecture employs a 1x1
convolution tomap the featuremaps to a single output
channel, which is essential for binary segmentation
tasks. The output is then passed through a sigmoid

68



Journal of Automation, Mobile Robotics and Intelligent Systems VOLUME 20, N∘ 1 2026

activation function, which squashes the values to the
range [0, 1], producing a probability map that indi‑
cates the likelihood of each pixel belonging to the
lesion.

For this segmentation task, the masks are con‑
verted to a binary format where pixel values of 255
are replaced with 1, ensuring compatibility with the
binary classiϐication required by the model. The sig‑
moid activation function’s output is thresholded at
0.5 to produce a binary mask, where pixels with a
probability greater than 0.5 are classiϐied as part of
the lesion (assigned a value of 1), and those with a
probability of 0.5 or less are classiϐied as background
(assigned a value of 0).

By using the U‑Net architecture and incorporat‑
ing appropriate data augmentation techniques, the
proposed model aims to achieve high accuracy and
robustness in segmenting skin lesions. This robust
segmentation capability is crucial for facilitating early
diagnosis and treatment of various skin conditions,
ultimately contributing to improvedpatient outcomes.
3.3. Experimental Setup

The experimental setup was conducted on a high‑
performance computing environment equipped with
an Intel Core i9 processor and an NVIDIA GeForce
RTX GPU. This setup ensured the efϐicient handling
of the computational demands of deep learning tasks,
particularly the extensive matrix operations required
for training convolutional neural networks. The exper‑
iments were programmed using PyTorch, a widely
used deep learning framework known for its dynamic
computational graph and ϐlexibility, which allowed the
implementation and experimentation with the U‑Net
architecture.

Data preparation began with the HAM10000
dataset, which consists of 10,015 dermatoscopic
images of various skin lesions and their corresponding
segmentation masks. The dataset was divided into
training and validation sets, with 8,016 images allo‑
cated for training and 1,999 images for validation.

A custom dataset class, ‘SkinLesionDataset‘
retrieves the image‑mask pairs, converting the masks
to a binary format where pixel values of 255 are
replaced with 1 to ensure compatibility with the
segmentation task. The training set was augmented
using rotation, vertical and horizontal ϐlips, and
transformed similarly to the validation set, while the
validation set was only resized, converted to tensors,
and normalized. The train and validation data loaders
were created with a batch size of 32. The U‑Net
architecture was employed for the segmentation task.
During model training, the binary cross‑entropy loss
function was used to optimize the model parameters,
minimizing the difference between the predicted
probability map and the ground truth mask. The
optimization process used the Adam optimizer with a
learning rate of 0.001. The training process involved
iterating over batches of training data, where the
images and masks were loaded, augmented, and
passed through the model to generate predictions.
The predictions were thresholded at 0.5 to produce

binary masks, which were then compared with the
ground truth masks to compute evaluation metrics
(Figure 2).

Validation of the results involved carefully classi‑
fying the model’s predictions into categories such as
True Positives (TP), False Positives (FP), True Nega‑
tives (TN), and False Negatives (FN). This was done by
comparing each pixel in the predicted binary masks
with the corresponding pixel in the ground truth
masks. TP referred to pixels correctly identiϐied as
part of the lesion, FP to pixels mistakenly identiϐied
as part of the lesion, TN to correctly identiϐied back‑
ground pixels, and FN to pixels where the lesion was
missed. The initial classiϐication was handled auto‑
matically through Python scripts, which compared
every pixel’s prediction to its true label.

To ensure accuracy, this automated process was
supplemented with manual checks where experts
reviewed selected results to conϐirm the classiϐica‑
tions and ensure they genuinely reϐlected the model’s
performance. This thorough approach ensured that
metrics like accuracy and the Dice coefϐicient accu‑
rately represented the model’s segmentation abilities
and provided reliable insights into its performance.

Model performance was assessed using accuracy
and the Dice coefϐicient. Accuracy measured the pro‑
portion of correctly predicted pixels (both lesion and
background) out of the total number of pixels, provid‑
ing a basic measure of overall correctness. The Dice
coefϐicient, also known as the F1 score, was partic‑
ularly useful for evaluating segmentation tasks, as it
measured the overlap between the predicted mask
and the ground truth mask. The Dice coefϐicient was
calculated as twice the overlap between the predicted
and ground truth masks, divided by the total number
of pixels in bothmasks (Equation 1). Furthermore, the
confusion matrix was visualized as a heatmap, with
ground truth labels on the rows and predicted labels
on the columns, which highlighted where the model
succeeded, which means high TP and TN and where
it struggles, which is high FP and FN in accurately
segmenting objects. Unlike traditional classiϐication
taskswhere predictions aremade for entire instances,
segmentation involves predicting labels for each pixel.
The confusion matrix for segmentation, known as a
pixel‑wise confusion matrix, categorizes predictions
into four groups: True Positives (correctly identiϐied
object pixels), False Positives (incorrectly identiϐied
as object pixels), True Negatives (correctly identi‑
ϐied background pixels), and False Negatives (incor‑
rectly identiϐied as background pixels). In addition
to the confusion matrix, plots depicting metrics like
Dice score, training loss, accuracy, and validation loss
and accuracy are essential. Together, these visualiza‑
tions offer a comprehensive view of a segmentation
model’s progression, helping to reϐine and optimize
it for more precise and dependable segmentations in
applications.
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Figure 2. Experimental Setup

Figure 3. Training Loss, Dice Score, and Validation Metrics over 20 Epochs

4. Results and Discussion

4.1. Results

The performance of the U‑Net model for skin
lesion segmentation was evaluated over 20 epochs,
employing a comprehensive set of metrics to monitor
and analyze its effectiveness. Throughout the train‑
ing process, a consistent and substantial decrease in
training loss was observed, starting from an initial
value of 0.2788 in the ϐirst epoch and progressively
reducing to0.1232by the twentieth epoch. This steady
decline indicates the model’s increasing ability to
minimize prediction errors effectively. Concurrently,
the training Dice score exhibited continuous improve‑
ment, beginning at 0.8032 and rising to 0.9102 by
the ϐinal epoch, emphasizing the model’s increasing
performance in accurately segmenting skin lesions.
Validationmetrics demonstrated remarkable stability,
with validation accuracy remaining consistently high
and validation Dice scores showing minimal ϐluctu‑
ation throughout the training epochs. This stability

suggests that the model maintained robust general‑
ization capabilities and effectively avoided overϐitting
(Figure 3).

The confusion matrix further illustrated the
model’s performance, showing a high number of
true positives (20,781,788) and true negatives
(74,978,631), along with relatively lower counts
of false positives (595,742) and false negatives
(3,945,663). From this confusion matrix, several
key classiϐication metrics were derived: an overall
accuracy of 95.47%, a precision of 97.21%, a recall
of 84.04%, and an F1 score of 90.15%. These metrics
collectively indicate that the model achieved a high
level of accuracy, demonstrating its reliability in
correctly identifying both lesion and non‑lesion
pixels. The high precision value underscores the
model’s ability to minimize false positives, thereby
ensuring that most of the identiϐied lesions are
indeed true lesions. The recall value, reϐlecting the
model’s effectiveness in identifying true positive
cases, suggests that while some false negatives were
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Figure 4. Confusion Matrix for Skin Lesion Segmentation

present, themajority of actual lesions were accurately
detected. The F1 score, which balances precision
and recall, further conϐirms the model’s robust
performance and its proϐiciency in handling the task
of skin lesion segmentation (Figure 4).

Generally, the results afϐirm theU‑Netmodel’s high
performance in medical image segmentation, demon‑
strating both accuracy and reliability in identifying
skin lesions. The ϐindings show the model’s potential
as a valuable tool in clinical settings, where accurate
and efϐicient lesion segmentation is critical for diag‑
nosis and treatment planning.

4.2. Discussion

To judge the model’s accuracy, predictions were
compared to ground truth masks pixel by pixel, using
metrics like accuracy and the Dice coefϐicient. While
these numbers provide a clear picture of howwell the
model performs in a controlled environment, applying
them to real‑world settings requires more consider‑
ation. Real‑world effectiveness depends on how well
the model adapts to the variety and complexity of
skin conditions seen in everyday clinical practice. High
accuracy and Dice scores in testing are promising, but
it’s essential to evaluate how themodel performswith
different patient populations and clinical scenarios.

There are some limitations to the proposed
approach. The reliance on the HAM10000 dataset
means themodelmight not cover the full range of skin
conditions seen in real life, which could affect its per‑
formance with less common or atypical cases. While
the U‑Net architecture is effective for segmentation,
it might miss subtle details or struggle with extreme
variations in lesion appearance, potentially limiting its
robustness outside of the dataset used.

Integrating AI into medical practice requires care‑
ful consideration of various factors. Error tolerance is
crucial; false positives or negatives can impact patient
care, so the AI should act as a supportive tool rather
than a replacement for clinical judgment. It should

provide an additional layer of analysis, allowing doc‑
tors to make more informed decisions while main‑
taining compassionate and patient‑centered care. The
AI’s role is to support and enhance medical prac‑
tice, not to replace the human touch. Explainability
is key for both patients and medical professionals.
The U‑Net model’s structure, with its clear encoder‑
decoder framework, helps make its operations some‑
what transparent. However, making the AI’s decision‑
making process more understandable through visual
aids like heatmaps or attention maps can help bridge
the gap between complex technology and practical
use. This transparency helps build trust and ensures
that both patients and doctors can effectively use the
model.

The beneϐits of this approach are substantial. By
improving the accuracy and efϐiciency of skin lesion
segmentation, the model can support earlier diagno‑
sis and better treatment outcomes. It enables med‑
ical professionals to handle large amounts of data
more effectively, reducing the risk of diagnostic errors
and supporting consistent evaluations. The model’s
impact can be further enhanced through ongoing
improvements, real‑world testing, and collaboration
with clinicians to ensure it meets practical needs and
improves patient care.

5. Conclusion

In conclusion, the U‑Net model demonstrated
excellent performance in the task of skin lesion seg‑
mentation, as evidenced by the consistently decreas‑
ing training loss, increasing Dice scores, stable valida‑
tion metrics, and high classiϐication metrics derived
from the confusion matrix. These results support the
model’s high performance in accurately segmenting
medical images and identifying skin lesions.

Looking ahead, the potential applications of this
model in healthcare are vast and promising. The
deployment of such an advanced segmentation tool
can signiϐicantly help healthcare professionals in sev‑
eral ways. Firstly, it can enhance the accuracy and efϐi‑
ciency of diagnosing skin conditions, enabling quicker
and more precise identiϐication of lesions. This can
be particularly beneϐicial in early detection of skin
cancers, where timely diagnosis is crucial for effective
treatment and improved patient outcomes.

Additionally, the use of U‑Net in automated diag‑
nostic systems can help reduce the workload on der‑
matologists, allowing them to focus on more complex
cases and patient care. By providing reliable segmen‑
tation results, the model can serve as a valuable sec‑
ond opinion, assisting clinicians in making informed
decisions. This can be especially useful in remote or
under‑resourced areas where access to specialized
medical expertise is limited.

Furthermore, integrating the U‑Net model into
telemedicine platforms can facilitate remote consul‑
tations and continuous monitoring of patients with
chronic skin conditions. Patients can capture images
of their skin lesions using mobile devices, and the
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model can provide immediate analysis, aiding in ongo‑
ing disease management and follow‑up.

Future research and development should focus on
reϐining the model’s performance and expanding its
application to other types of medical imaging. Col‑
laborative efforts between data scientists, clinicians,
and healthcare professionals are essential to ensure
the model’s robustness, reliability, and integration
into clinical workϐlows. Ethical considerations, such
as patient privacy and data security, must also be
addressed to build trust and acceptance among users.
Overall, the implementation of advanced models like
U‑Net in clinical practice holds the potential to revolu‑
tionize dermatology and improve patient care through
enhanced diagnostic accuracy, efϐiciency, and accessi‑
bility.
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