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ABSTRACT : This study presents a novel method
for hair artifact segmentation and removal in
dermoscopic images using a combination of
traditional image processing and U-Net deep
learning architecture. The approach first uses
techniques like thresholding, edge detection, and
morphological operations to locate hair regions. A
U-Net model is then trained to classify these
regions as hair or non-hair. After identifying the

INTORDUCTION: Dermoscopy imaging has
revolutionized the field of dermatology by
providing detailed visualizations of skin lesions
and aiding in the diagnosis and monitoring of
various skin conditions. However, the presence of
hair artifacts in dermoscopic images often poses a
significant challenge, as it can obscure important
features and interfere with accurate analysis and
diagnosis. Therefore, effective segmentation and
removal of hair artifacts are essential preprocessing
steps to enhance the quality of dermoscopic images
and improve the reliability of diagnostic
assessments. We address the issue of hair artifact
interference in dermoscopic images by proposing a
novel approach that leverages machine learning
techniques, particularly the U-Net architecture.
Our method combines traditional image processing

hair, inpainting algorithms remove it while
preserving skin texture. The method is evaluated
on a diverse dataset and compared with existing
techniques, showing high accuracy in hair removal
and skin feature preservation. This technique
enhances the quality of dermoscopic images,
aiding more accurate skin condition diagnosis in
dermatology

algorithms with deep learning to accurately
identify and eliminate hair artifacts from
dermoscopic images. The motivation behind this
project stems from the need to develop automated
and efficient solutions for hair segmentation and
removal, aiming to streamline the dermatological
diagnosis process and improve the accuracy of skin
condition assessments. By effectively removing
hair artifacts, we aim to enhance the clarity and
interpretability of dermoscopic images, enabling
dermatologists to make more informed decisions
during diagnosis and treatment planning. The
importance of this endeavor lies in its potential to
enhance the quality and interpretability of
dermoscopic  images, thereby empowering
dermatologists with clearer and more informative
visualizations for diagnosis and treatment
planning. By automating the segmentation and
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removal of hair artifacts, our approach aims to
streamline the image preprocessing pipeline,
reducing the burden on clinicians and improving
diagnostic accuracy. The diagram illustrates a
comprehensive pipeline for hair segmentation and
removal in dermoscopic images, utilizing both U-
Net and GAN (Generative Adversarial Network)
architectures. The process begins with an input
dermoscopic image that contains hair artifacts,
which can obscure important features of the skin
lesion. First, the image is passed through the U-Net
architecture, which performs hair segmentation. U-
Net identifies and isolates the hair pixels from the
rest of the image, resulting in a segmented image
where the hair artifacts are clearly marked. After
the segmentation, the hair pixels are removed,
leaving gaps in the image where the hair used to be
Next, these gaps are filled using GAN-based
inpainting, which reconstructs the missing parts of
the image with realistic skin textures
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Il. RELATED WORK

Title: Hair segmentation and removal in
dermoscopic images using a deep learning
approach

Authors: Pedro M. Vazquez, Antonio M.
Sénchez, Francisco J. Sanchez, and José M.
Alvarez

Publication Year: 2020

In recent years, dermoscopic imaging has become
an indispensable tool in dermatology for the non-
invasive diagnosis of various skin conditions, most
notably melanoma, basal cell carcinoma, and other
skin cancers. These high-magnification images
provide dermatologists with a detailed view of the
skin’s surface, allowing for the identification of
key features such as blood vessels, lesions, and
skin textures, which are crucial for accurate

diagnosis. However, dermoscopic images are often
hindered by various artifacts, and one of the most
challenging artifacts is hair. Hair can obstruct key
features of the skin, such as lesions or subtle
textural patterns, making it difficult to interpret
critical diagnostic information. In many cases, the
hair overlaps with the skin features being analyzed,
obscuring areas that need to be carefully examined.
As a result, the removal of hair artifacts is an
essential preprocessing step in dermoscopic image
analysis, ensuring that the images are clear and that
the diagnostic process can proceed with greater
accuracy.

In their paper "Hair segmentation and removal in
dermoscopic images using a deep learning
approach,” Pedro M. Vazquez, Antonio M.
Sanchez, Francisco J. Sanchez, and José M.
Alvarez (2020) present a novel approach that
utilizes deep learning to solve this issue by
accurately segmenting and removing hair artifacts
in dermoscopic images, thus improving the quality
of these images for subsequent analysis. The
problem of hair in dermoscopic images has
traditionally been addressed through basic image
processing techniques, such as thresholding, edge
detection, and morphological operations. While
these methods are simple and computationally
efficient, they often struggle to handle the
complexities inherent in dermoscopic images, such
as thin, overlapping hair or hair that intersects with
skin features. Furthermore, these methods
generally fail to preserve the fine details of the
skin’s texture, which is essential for accurate
diagnosis. Given these limitations, more advanced
techniques have been developed to improve hair
segmentation and removal. In this context, deep
learning, and particularly Convolutional Neural
Networks (CNNs), have emerged as powerful tools
for image analysis tasks, including segmentation.

Deep learning models, like CNNs, are capable of
learning complex patterns from large datasets,
making them ideal for tasks that require precise
segmentation of intricate structures like hair and
skin lesions. The authors of this paper propose a
two-stage method that combines deep learning for
hair ~segmentation with traditional image
processing techniques like inpainting to remove the
hair while maintaining the underlying skin texture.
The first stage of their proposed approach focuses
on accurately segmenting the hair regions from the
skin in dermoscopic images. The authors chose to
use a Convolutional Neural Network (CNN) for
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this task due to its well-established success in
various image segmentation problems. CNNs are
able to learn hierarchical features from raw image
data by applying multiple layers of convolutional
filters, which makes them particularly effective at
detecting complex patterns, such as the fine details
of hair in dermoscopic images. To train their CNN
model, the authors used a large dataset of
dermoscopic images with pixel-level annotations,
where each pixel is labeled as either hair or non-
hair. By learning from this annotated data, the
CNN is able to identify and segment hair regions
even in difficult cases, where the hair overlaps with
other important skin features like lesions or
vessels. The CNN’s ability to learn these complex
features from the data allows it to segment hair
much more accurately than traditional image
processing methods, which typically rely on simple
thresholding or edge detection.

The authors highlight that their deep learning-
based approach significantly improves both
precision and recall in the hair segmentation
process, overcoming the limitations of
conventional methods. Once the hair regions have
been segmented, the next step is to remove the hair
while preserving the underlying skin texture. Hair
removal in dermoscopic images is a delicate
process, as it requires not only the removal of the
hair itself but also the restoration of the skin’s
natural features. Any distortion or loss of detail in
the skin after hair removal could lead to inaccurate
diagnoses, especially in the detection of skin
conditions such as melanoma, where subtle
changes in skin texture are important indicators of
malignancy.

To address this issue, the authors use an inpainting
algorithm. Inpainting is a technique that fills in
missing or occluded areas of an image by utilizing
information from the surrounding pixels. In the
context of hair removal, the inpainting algorithm
fills in the regions where the hair has been removed
by using the surrounding skin texture, ensuring a
seamless transition between the hair removal area
and the rest of the skin. The key challenge here is
to ensure that the inpainted areas match the natural
texture and features of the surrounding skin, such
as color, structure, and patterns, to avoid
introducing any artifacts or unnatural transitions.
The authors carefully select an inpainting
technique that meets these requirements, ensuring
that the final image remains faithful to the original
skin texture while removing the hair artifacts. The

combined process of hair segmentation using
CNNs and hair removal through inpainting results
in highquality dermoscopic images that are more
suitable for diagnostic purposes.

To evaluate the performance of their method, the
authors use a range of quantitative metrics
commonly employed in image segmentation tasks,
such as precision, recall, and the F1-score.
Precision measures the proportion of correctly
detected hair regions among all detected hair
regions, while recall measures the proportion of
correctly detected hair regions among all actual
hair regions in the ground truth. The F1-score
combines both precision and recall into a single
measure, providing a balanced view of the
method's overall performance. The authors report
that their CNN-based hair segmentation method
achieves significantly better results than traditional
image processing techniques, demonstrating
higher precision and recall and ensuring that hair
regions are accurately identified.

1. EXISTING SYSTEM

The analysis of dermoscopic images plays a crucial
role in diagnosing skin conditions, particularly in
detecting skin cancer such as melanoma. One of the
significant challenges in processing these images is
the presence of hair artifacts, which often obstruct
the clear view of the skin, particularly lesions or
other important diagnostic features. As a result,
removing these artifacts is essential to ensure that
the features of the skin are preserved for accurate
analysis. Over the years, several methods have
been developed for the segmentation and removal
of hair artifacts in dermoscopic images. These
existing systems largely rely on traditional image
processing techniques, machine learning, and deep
learning approaches, each with its strengths and
limitations. 1. Traditional Image Processing
Techniques Before the advent of deep learning,
many hair segmentation and removal techniques
were based on traditional image processing
methods. These methods typically involve simple
operations such as thresholding, edge detection,
and morphological operations. ¢ Thresholding:
One of the most basic methods of image
segmentation, thresholding, involves setting a
pixel intensity threshold to separate regions of
interest from the background. In dermoscopic
images, this technique could be used to detect hair
regions based on their contrast with the
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surrounding skin. However, hair regions often have
varying intensity and texture, which can make it
difficult to establish a consistent threshold. As a

Edge Detection: Techniques like the Canny edge
detection algorithm are often used to identify the
boundaries of hair regions. This method detects
edges by looking for areas of rapid intensity change
in an image. While it is effective in identifying
prominent features, it can struggle when dealing
with thin, fine hair or when the hair overlaps with
the skin. Additionally, edge detection methods are
prone to noise, especially in dermoscopic images
where there may be intricate patterns and textures.

Morphological Operations: These operations, such
as dilation and erosion, are applied to refine the
boundaries of segmented regions. They can help in
removing small artifacts or filling gaps in
segmented regions. For example, in the context of
hair removal, morphological operations could
potentially help refine the detection of hair, but
they are typically limited to simple, well-defined
artifacts. The presence of complex or overlapping
hair regions makes these operations less reliable.
While these traditional methods can work in some
cases, they have significant limitations in handling
complex images and achieving accurate hair
removal. They also tend to fail when dealing with
fine or thin hairs, which are commonly found in
dermoscopic images. Furthermore, these methods
do not preserve the fine texture of the skin well,
which can affect the quality of the final image and
the accuracy of subsequent analysis.

IV. DRAWBACKS

While the existing systems for hair segmentation
and removal in dermoscopic images have made
significant progress, they still suffer from several
limitations that can impact their performance,
reliability, and usability. The challenges associated
with current systems stem from both traditional
image processing methods and machine learning-
based approaches, including deep learning
techniques. Below are some of the main drawbacks
of these systems:

Limitations of Traditional Image Processing
Techniques  Traditional image  processing
techniques such as thresholding, edge detection,
and morphological operations have been widely
used for hair segmentation and removal in
dermoscopic images. However, these methods

result, this method struggles with complex
scenarios where hair overlaps with skin structures
like lesions or blood vessels.

come with several inherent drawbacks:
Sensitivity to Image Quality and Variations:
Traditional image processing techniques rely on
predefined rules and thresholds to detect features
like hair. These methods tend to be highly sensitive
to the quality and resolution of the images.
Variations in lighting, image noise, and even the
quality of the dermoscopic equipment can greatly
impact the effectiveness of these algorithms. As a
result, hair segmentation and removal can be
inaccurate, especially in cases where the hair is
fine, translucent, or overlaps with skin structures.

Inability to Handle Complex Hair Structures:
Many dermoscopic images feature hair that is thin,
sparse, or overlapped with other skin features such
as lesions or vessels. Thresholding and edge
detection techniques struggle to handle these more
complex and subtle hair structures, often failing to
accurately distinguish between hair and skin
features. For instance, thin hair that shares a similar
color or texture with the skin can easily be
misclassified as part of the skin, leading to
incomplete segmentation and poor removal results

Lack of Robustness Across Datasets: Traditional
methods do not generalize well across a variety of
dermoscopic images. Hair appearance varies
significantly depending on skin type, lighting
conditions, camera resolution, and other factors.
Thresholding, for example, is likely to perform
well on images with clear contrasts between hair
and skin, but it will fail on images where the
contrast is minimal or the hair is difficult to
distinguish. This lack of robustness makes
traditional techniques impractical for real-world
use, where dermoscopic images can vary greatly.

Inability to Preserve Skin Texture: When
traditional image processing techniques are used
for hair removal, the results often lack the ability to
preserve the fine texture of the skin. This issue is
particularly problematic for medical applications
where preserving the fine details of the skin is
essential for accurate diagnosis. After removing
the hair, the texture of the underlying skin may be
distorted or missing, which can make it difficult to
accurately analyze features like lesions, blood
vessels, and pigmentation changes that are crucial
for detecting skin conditions such as melanoma.
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Drawbacks of  Machine  Learning-Based
Approaches While machine learning techniques,
such as Support Vector Machines (SVMs),
Random Forests, and KNearest Neighbors (KNN),
have shown improvements over traditional
methods, they still present several limitations when
applied to hair segmentation and removal in
dermoscopic images:

Dependence on Feature Engineering: Machine
learning approaches often rely heavily on feature
engineering, which requires expert knowledge to
extract relevant features from the images. For
example, in Random Forests or SVMs, researchers
must manually select features such as texture,
color, and edge information. This process can be
time-consuming, labor-intensive, and prone to
errors. Furthermore, the handcrafted features may
not be sufficient to capture all the complex patterns
and textures in dermoscopic images, leading to
suboptimal performance.

Limited Generalization Ability: Machine learning
models like SVMs and Random Forests may fail to
generalize well across different datasets, especially
when the data exhibits significant variations in
terms of hair types, skin types, lighting conditions,
and imaging devices. These models are typically
trained on a specific set of images, and when
applied to new or unseen data, they may perform
poorly. This is particularly problematic when
dealing with dermoscopic images from diverse
sources or patient populations, as the model’s
performance may degrade significantly.

V. PROPOSED SOLUTION

The proposed solution aims to improve the
accuracy and efficiency of hair segmentation and
removal in dermoscopic images using a hybrid
approach that combines deep learning (U-Net) with
traditional image processing and inpainting
techniques. Below is a concise breakdown of the
solution:

1.Preprocessing:
Contrast Enhancement: Adjusts the image

contrast to distinguish hair more clearly from the
skin.

« Noise Reduction: Filters out noise (such as
Gaussian or salt-and-pepper noise) using
algorithms like Gaussian blur or median filters.

« Edge Detection: Helps identify boundaries (e.qg.,
hair) using edge detection algorithms, improving
segmentation accuracy

2.Hair Segmentation Using U-Net Architecture

U-Net, a deep learning architecture, is employed
for accurate segmentation:

« Encoder-Decoder Structure: Extracts hierarchical
features and refines segmentation by combining
high-level context with fine-grained details.

« Skip Connections: Preserves spatial information
crucial for segmenting complex structures like hair
and skin.

* Training: The model is trained on large annotated
datasets, utilizing data augmentation to improve
generalization.

Companson of Hair Removal Methods in Dermoscopic Images
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3. Hair Removal and Skin Inpainting
After hair segmentation, the hair regions are
removed and replaced with natural-looking skin
texture:
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* Inpainting Algorithm: Uses surrounding skin
texture to seamlessly replace hair areas. Patch-
based or exemplar-based inpainting methods are
used to restore skin features.

« Context-Aware Inpainting: Ensures the skin
around hair regions is filled with accurate texture,
preserving natural skin appearance and preventing
artifacts.

« Edge Refinement: Refines the edges of the
inpainted region to ensure smooth transitions and
consistency with the surrounding skin.

4, Post-Processing and Evaluation

The final image undergoes refinement and
evaluation:

« Skin Texture Restoration: Fine-tuning is applied
to ensure the inpainted areas match the surrounding
skin texture.

« Quality Assessment: Quantitative metrics like
SSIM and PSNR, and qualitative evaluations by
dermatologists, are used to assess the success of
hair removal and skin preservation.

«Comparison with  Existing Methods: The
proposed solution is compared with existing
techniques, measuring accuracy, precision, recall,
and F1 score.

Dermoscopic Images
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VI.MODULE DESCRIPTION

Image Preprocessing Module
0 Objective: Enhance dermoscopic image quality.
o Functions:

» Contrast enhancement to highlight hair.

 Noise reduction (Gaussian blur, median filter).
'Edge  detection  (optional)  for  refining
segmentation.

o0 Output: Cleaned and enhanced image.

Hair Segmentation Using U-Net Module
0 Objective: Segment hair regions using U-Net
deep learning architecture.
o Functions:
» Encoder-decoder structure for feature extraction.
» Skip connections to preserve fine details.
» Training on annotated dataset to detect hair.
o Output: Binary mask for hair regions.

3. Hair Removal and Skin Inpainting Module

0 Objective: Remove hair and replace with realistic
skin texture.

o Functions:

» Inpainting algorithm (patch/exemplar-based).
Context-aware inpainting for skin feature
preservation.

» Edge refinement for smooth transitions.

o Output: Hair-free image with restored skin
texture.

4. Post-Processing and Evaluation Module

0 Objective: Final adjustments and quality
evaluation.

o0 Functions:

= Skin texture restoration and fine-tuning.

= Quality metrics (SSIM, PSNR, F1 score).

= Comparison with existing methods.

0 Output: Evaluated image with performance
metrics.

5. Advantages and Results Module

0 Objective: Showcase the benefits and
performance.

o Functions:

= Accurate segmentation and seamless hair
removal.

Adaptability to different skin/hair types.

= Efficient processing for real-time use.

0 Output: Summary of results and system
advantages.

VII RESULTS

The results of this project illustrate the significant
improvements achieved in hair segmentation and
removal in dermoscopic images through a hybrid
approach combining deep learning (U-Net) for hair

JETIR2503476 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | eb57


http://www.jetir.org/

© 2025 JETIR March 2025, Volume 12, Issue 3

www.jetir.org (ISSN-2349-5162)

segmentation and advanced inpainting techniques
for hair removal. The U-Net model demonstrated
high precision, recall, and F1 scores, ensuring that
hair regions were accurately detected even in
challenging dermoscopic images with varying skin
textures, lighting conditions, and overlapping
features like moles or lesions. The segmentation
masks produced by the model were precise,
distinguishing hair from skin with minimal errors.
Following segmentation, the inpainting algorithm
effectively removed the detected hair, seamlessly
filling in the hair regions with natural-looking skin
texture. This process preserved the overall skin
structure and important features such as lesions and

blood vessels, which are critical for accurate
dermatological analysis. Quantitative evaluations using
metrics such as the Structural Similarity Index (SSIM) and
Peak Signal-toNoise Ratio (PSNR) showed that the system
maintained a high degree of similarity to the original image,
with minimal distortion after hair removal and inpainting.

The SSIM scores confirmed that the skin texture
was well-preserved, and the PSNR results
indicated that the quality of the image remained
intact, even after processing. When compared to
traditional hair removal methods, such as
thresholding and morphological operations, the
proposed system consistently outperformed these
techniques in terms of segmentation accuracy and
the preservation of skin features. Existing methods
often left behind visible artifacts or disrupted the
skin's natural texture, whereas the proposed
method ensured seamless and natural-looking
results.

VIII CONCLUSION AND FUTURE WORK

In conclusion, the proposed hair segmentation and
removal system utilizing the U-Net architecture
presents a promising approach to enhancing the
quality of dermoscopic images for dermatological
analysis and diagnosis. Through rigorous
implementation, testing, and comparison with
existing systems, several key findings emerge:

1.Improved Accuracy: The proposed system
demonstrates  superior  accuracy in  hair
segmentation and removal compared to existing
methods. By leveraging advanced deep learning
techniques and  sophisticated inpainting
algorithms, it achieves precise delineation and
seamless removal of hair artifacts, resulting in
clearer and more visually appealing dermoscopic
images.

2.Enhanced Efficiency: The system offers
enhanced computational efficiency, allowing for
faster processing of dermoscopic images without
compromising on accuracy. Its streamlined
workflow and optimized algorithms contribute to
reduced processing times, enabling clinicians to
analyze images more efficiently and expedite
diagnostic procedures.

3.User-Friendly Interface: With a user-friendly
interface designed for ease of use and intuitive
operation, the system enhances user experience
and satisfaction. Clinicians can effortlessly upload
images, initiate segmentation, and removal
processes, and visualize results in real-time,
empowering them to make informed decisions and
accurate diagnoses
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