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ABSTRACT: Removing hair from dermoscopic images is a key pre-processing step,
because it directly affects the accuracy of later image analysis and diagnosis. This study
implements, optimises, and evaluates three deep learning models for automated
dermoscopic hair removal: a Multilayer Perceptron (MLP), a U-Net, and an Enhanced
Attention Generative Adversarial Network (EA-GAN). Each model was tuned
independently to its own best configuration, trained on a common dataset, and compared
using six complementary image-quality metrics: Mean Squared Error (MSE), Root Mean
Squared Error (RMSE), Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index
(SSIM), Multiscale SSIM (MS-SSIM), and Visual Information Fidelity (VIF). U-Net
performed best overall, with the highest PSNR, SSIM, MS-SSIM and VIF, which indicates
supetior structural preservation and perceptual fidelity. EA-GAN gave the lowest pixel-
level reconstruction error but a comparatively low VIF, suggesting some loss of perceptual
detail despite accurate pixel-level reconstruction. The fully connected MLLP consistently
trailed both encoder—decoder models, confirming its limited capacity to capture the
complex spatial structure of hair artefacts. These findings indicate that convolutional
encoder—decoder architectures with skip connections are best suited to dermoscopic hair
removal and can meaningfully improve the reliability of fully automated skin-lesion

analysis pipelines

1. INTRODUCTION

Skin cancer ranks among the most common and dangerous cancers worldwide, and melanoma is its deadliest form
(Akilandasowmya et al., 2024) , accounting for a disproportionate share of skin-cancer deaths, which makes early detection
central to patient survival. Outcomes are good when the disease is caught early: the five-year survival rate for melanoma
approaches 95%, which shows how much accurate and timely diagnosis matters. Standard diagnostic routes such as visual
inspection and biopsy (Mahmoud & Soliman, 2024), rely heavily on the clinician’s experience and are etror-prone, especially
for lesions that look very much like benign growths. Dermoscopy offers a non-invasive alternative that exposes structural
features of skin lesions invisible to the naked eye, and so improves diagnostic accuracy (Kang et al., 2018). Dermoscopic images,
however, are often degraded by body hair. Thin, overlapping, or skin-coloured hairs hide lesion borders and texture, and this
interference is carried into automated pipelines, lowering the accuracy of later segmentation and classification (Li et al., 2021),
(Lama et al., 2022). The large variation in hair density, colour, and distribution makes it harder still to design one removal

technique that generalises well.

Digital hair removal (DHR) has therefore become an essential pre-processing step for dependable dermoscopic image analysis.
The first approaches relied on thresholding, morphological operations, and edge detection. They are cheap to compute, but
they often leave hair behind or delete clinically relevant lesion detail along with it, which distorts the image and loses information
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(Nancy et al., 2023). Convolutional Neural Networks (CNNs), in contrast, can learn discriminative hair features directly from
data, which makes deep-learning-based segmentation and inpainting a credible replacement for rule-based DHR.

Classical methods that do not learn from data remain bound to hand-crafted rules and fixed parameters. In practice they either
over-remove, erasing fine lesion detail together with the hair, or under-remove, leaving residual hair artefacts that corrupt later
analysis (Bardou et al., 2026; Kim & Hong, 2021; Shahzaib et al., 2025). Either failure model passes error on to the downstream
diagnostic stages.

To make automated skin-cancer detection pipelines more reliable, this study systematically compares three deep learning
approaches to dermoscopic hair removal: an MLP, a U-Net, and an EA-GAN. Each model is optimised independently to its
own best configuration and evaluated on the same dataset with a consistent set of quantitative metrics that together capture
reconstruction error, structural similarity, and perceptual quality. The comparison then identifies the most effective architecture
for the task, with the aim of guiding the design of future automated hair-removal pipelines for dermoscopic image analysis.

The key contributions of this study are as follows:

* A like-for-like comparison of three architecturally different deep learning models (fully connected, convolutional encoder—
decoder, and adversarial) for dermoscopic hair removal on one shared dataset, which fills the gap in earlier comparisons
identified in the literature (Section 2.4).

* A depth-optimisation procedure specific to each architecture (Sections 3-5), so that the final comparison reflects what each

model can achieve at its best.

* A six-metric evaluation protocol (Section 2.2) covering pixel-level error, structural similarity, and perceptual fidelity, which
gives a fuller picture of hair-removal quality than the error-only or similarity-only evaluations used in earlier work.

2. RELATED WORK
2.1 Traditional (Non-Learning) Approaches

DullRazor (Lee et al., 1997) was the first DHR method to be widely adopted. It detected dark, coarse hairs with generalised
morphological closing and filled them by bilinear interpolation; this set the template for later DHR pipelines, although it failed
on thin or light-coloutred hair and was validated on just five images. Later studies refined detection through other colour spaces
and filters, for example CIE L*u*v morphological closing with median-filter inpainting (Schmid-Saugeon et al., 2003), a Radon-
transform-based orientation detector called E-Shaver (Kiani & Sharafat, 2011), top-hat segmentation with PDE-based
inpainting in VirtualShave (Fiorese et al., 2011), matched-filter and coherence-transport approaches (Abbas et al., 2011; Zhou
et al.,, 2008), adaptive Canny edge detection (Toossi et al., 2013a), multiscale filtering with hysteresis thresholding (Huang et al.,
2013), threshold-set decomposition combined with fast-marching inpainting (Koehoorn et al., 2015), unsupervised repair based
on PDEs (Xie et al., 2009), and soft-colour morphological operators (Bibiloni et al., 2016). Taken together, these methods
gradually became better at finding thinner and lighter hair and adopted more texture-aware inpainting. Even so, all of them
were sensitive to manual parameter tuning, were validated on small datasets (2—460 images), and did not generalise well across

the wide variability of dermoscopic hair. Table 1 traces how these techniques evolved from 1997 to 2023.

Table 1. Evolution of digital hair removal (DHR) techniques in detmoscopy, 1997-2023.

Ref. Year | Hair Segmentation Inpainting Method Test Key Limitation

Images
(Lee et al., | 1997 Generalised morphological | Bilinear interpolation 5 Fails on thin/light hair;
1997) closing validated on 5 images only
(Schmid- | 2003 | Morphological closing (CIE | Median filtering 200 Median filter blurs lesion
Saugeon L*u*v space) texture; still  threshold-
et al., based
2003)
(Zhou et | 2008 | Steger line detection + curve | Exemplar-based 460 Many difficult-to-tune
al., 2008) fitting inpainting parameters; high

computational cost
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(Xie et al., | 2009 Morphological ~ top-hat  + | PDE-based inpainting 40 Hard thresholding fails on

2009) thresholding varying-colour hair

(Kiani & | 2011 | Prewitt edge detector + Radon | Colour averaging 5 Very small validation set;

Sharafat, transform visible repair traces

2011)

(Fiorese et | 2011 | Top-hat operator PDE-based inpainting | 20 PDE convergence not

al., 2011) guaranteed; limited to dark
hair

(Abbas et | 2011 | Derivative-of-Gaussian Coherence transport 100 Requires extensive per-

al., 2011) matched filter image parameter tuning

(Toossi et | 2013 | Adaptive Canny edge detector | Coherence transport 50 Prone to over-

al., 2013b) segmentation of  high-
contrast edges

(Huang et | 2013 | Multiscale matched filters + | Median filtering 20 High false-positive rate

al., 2013) hysteresis threshold (Jaccard 31.64)

(Koehoorn | 2015 | Multiscale skeleton + | Fast marching >300 Fast marching causes

et al., morphological operators blurring on thick hair

2015)

(Bibiloni 2017 | Soft-colour top-hat | Soft colour morphology | 2 Only 2 test images; no

et al., morphology inpainting quality metrics

2016)

(Attia et | 2019 | Hybrid CNN + RNN Not proposed >300 Weakly labelled data; no

al., 2019) ground-truth hair masks

(Li et al.,, | 2021 | U-Net segmentation GAN-based (SN- | 206 Small training set (80

2021) PatchGAN) images); domain gap from
face pretraining

(Lama et | 2022 | U-Net variant (ChimeraNet) Not evaluated 25 Very small test set; no

al., 2022) inpainting component

(El-Shafai | 2023 | Black top-hat + CNN | N/A 206 No novel

et al., classification segmentation/inpainting

2023) method proposed

2.2 CNN-Based Approaches

Attia (Attia et al., 2019) was the first to use a hybrid CNN—RNN architecture for hair segmentation; however, the work relied
on weakly labelled data with no ground-truth hair masks and offered no inpainting component. Li et al. (Li et al., 2021) paired
a U-Net segmentation network with GAN-based inpainting trained on a newly built Digital Hair Dataset and clearly
outperformed DullRazor (Jaccard 95.42 vs. 61.88). Its limits were a training set of only 80 images and an inpainting network
pre-trained on celebrity faces, which introduces a domain gap. Lama et al. (Lama et al., 2022) proposed ChimeraNet, a U-Net
variant trained with a combined loss function that sharpened the detection of fine hair boundaries, although it was evaluated

on only 25 images and had no inpainting stage.
2.3 GAN-Based Approaches

Kim and Hong (Kim & Hong, 2021) trained a GAN inpainting network together with a U-Net segmentation network on a
curated ground-truth dataset; removal quality improved, but scalability suffered because manual curation limits dataset size. El-
Shafai et al. (El-Shafai et al., 2023) showed that black top-hat segmentation followed by CNN classification, used as a pre-
processing step, raised downstream diagnostic accuracy on the ISIC 2018 dataset. This gives direct clinical support for DHR,
although the study did not propose a new removal algorithm.
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2.4 Research Gaps

Even after more than twenty years of research, no dermoscopic hair-removal method performs reliably across all hair types.
Classical techniques have trouble with fine or light hair, over-segmentation artefacts, and texture blurring, and they are validated
on very small datasets. Learning-based methods do better, but each has its own weakness: weakly labelled training data (Attia
et al., 2019), a domain gap caused by unrelated pre-training data (Li et al., 2021), very small validation sets (Lama et al., 2022),
and, for GAN-based methods, too little supervision from binary hair labels. Most importantly, no earlier study has compared
several DHR architectures on an identical dataset with a consistent set of quantitative metrics, so it is hard to conclude reliably
which architectural family suits the task best.

To address this gap, this study implements and compares three representative architectures (MLP, U-Net, and EA-GAN). They
were chosen because together they cover the main architectural families in the DHR literature (pixel-wise classification,
encoder—decoder segmentation, and adversarial image-to-image translation), and each has performed well in related image-
restoration tasks (El-Shafai et al., 2023; Jutte et al., 2024; Lama et al., 2022; Li et al., 2021). All three models are trained and
evaluated on the same dermoscopy dataset with an identical set of quantitative criteria, so dataset variability cannot act as a
confounding factor. Architectural depth governs the trade-off between representational capacity and generalisation, so each
model was first tuned over a range of depths to find its own optimal configuration before the final comparison. The MLP was
tested at 3, 5, 8, and 12 layers; for U-Net, three variants differing in depth, normalisation, and up-sampling strategy were
compared; and for EA-GAN, generator depth and attention configuration were tuned to balance reconstruction quality against
computational cost. This depth search means each architecture is compared at its best-performing configuration and not under
an artificially uniform constraint.

2. MATERIALS AND METHODS
2.1 Dataset

The experiments used the DERMAHAIR dataset, a public benchmark for automatic hair removal in dermoscopic images,
available on Kaggle [43]. It is derived from HAM100, a large collection of dermoscopic images of common pigmented skin
lesions. Artificial hair patterns from the Digital Hair Dataset [44] were superimposed on hair-free images using binary masks
(white pixels for hair, black for background). The masks were normalized and merged with the images, and pixel values were
then adjusted in post-processing. This produced matched paits of a hair-occluded image and its hair-free ground truth.

The dataset contains 707 hair-occluded and 707 hair-free images (1,414 in total), with 101 pairs for each of seven lesion
categories: basal cell carcinoma, dermatofibroma, melanocytic nevus, vascular lesions, benign keratosis, melanoma and actinic
keratosis. The images are stored in two directories, Data_Skin_with_Hair and Data_Skin_withont_Hair, each with one subfolder
per category. The dataset comprised images with both low- and high-density hair. The hairs superimposed on the skin images
exhibited varying orientations and angles, as illustrated in Fig. 1. In addition, the dataset contained lesions with varying sizes,
shapes, colors, and visual characteristics, representing differences in lesion magnitude and appearance across the images
Representative samples are shown in Figure 1.

i
.

Figure 1. Representative samples from the dermoscopic dataset: (a) with hair, ‘Data_Skin_with_Hair’; (b) hair-free,
‘Data_Skin_without_Hair’.

(b)
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2.2 Performance Evaluation Metrics

Performance was measured with six complementary metrics that cover pixel-level error, structural similarity, and perceptual
quality: MSE(Zhou Wang & Bovik, 2009), RMSE (Barnston, 1992), PSNR(Almohammad & Ghinea, 2010), SSIM (Zhou Wang
et al., 2004), MS-SSIM (Wang et al., 2003), and VIF(Han et al., 2013), as defined in Equations (1)—(6).

MSE = G) IEM (9 - w)? @

RMSE = J [(3) =71 (51 = 9007 @

PSNR =10 log,o (MAX? | MSE) 3)
SSIM(xp) =[xty + C1)QRoxy + €1/ [ + 1y* + C)(0x* + 0% + ()] Q)
MS-SSIM(x) = (1/L) Zizy™ SSIM;(x, y) )
VIF=1/(1 — R? (6)

Here, §i and yi denote the predicted and reference pixel values, respectively, and n is the number of observations. MSE and
RMSE quantify the average pixel-wise reconstruction error, and RMSE is expressed in the same units as the original pixel
intensities. PSNR (Eq. 3) puts this error on a logarithmic decibel scale relative to MAX, the maximum possible pixel value (255
for 8-bit images); a higher PSNR means better reconstruction. SSIM (Eq. 4) compares local luminance (means px, py), contrast
(variances ox?, oy?), and structure (covariance oxy) between the reconstructed and reference images, with C1 and C2 as
stabilising constants, and MS-SSIM (Eq. 5) averages SSIM over L spatial scales to capture both coarse and fine structural
agreement. VIF (Eq. 6) estimates the share of reference-image information preserved in the reconstruction, where Ri? is the
coefficient of determination for image component i; a higher VIF means greater perceptual fidelity. For every metric except
MSE and RMSE, higher values indicate better performance.

The three models (MLP, U-Net, and EA-GAN) were each designed, optimised, and evaluated separately for hair removal on
this dataset. Their architectures, training protocols, and loss functions are described in Sections 3-5, and the comparison of

their performance is given in Section 6.
3. MLP-BASED HAIR DETECTION AND REMOVAL

A Multilayer Perceptron (MLP) is a fully connected feed-forward neural network. Here, MLLP-based hair removal runs in five
consecutive stages, shown in Figure 2: (1) image acquisition and pre-processing, (2) multichannel feature extraction, (3) building
a class-balanced training set, (4) pixel-wise MLP classification, and (5) reconstruction by inpainting.

STEP 1: STEP 2: GT HAIR MASK GENERATION via DIFFERENCE METHOD
IMAGE ACQUISITION &
PREPROCESSING
Absolute Cnm 5 mpme Morphological Generated Ground
— Intensity Thresholding Filtering Truth (Gl'l
Difference (a= | 5, per pmh {Connected components: ‘Hair M
<6 pixels discarded)
|
“With-Hair” Imag
s STEP 3: INFERENCE & DETECTION PIPELINE STEP d: HAIR REMOVAL |
B3 OpaC'Y) Feature Extraction Pixel-wise Classificaion (ML) Haic Prediction & EVALUATION

Evaluation

1. Grayseale Intensity (baseline)
is: Hildn  Hilden Hidien
P ok I Laperl  Laper2 cee Laprk
) i OO

Threshold ‘Siatiag
(Hair-Removed)

g RMSE
ﬁ PSNR
g ) (s )
2| 3. Diffrenceof Guusians SSM
Fl DGl eks) || o & W9 - (9 3 :
S e e, [ws-ssm |
Wi i Eusnﬁ:;;rk LU, Batct h Normalizston, l - :
H = 3 | ¥ 5 =g
Dm’;n(umlm(:awu st | | wr |
e, /8 Ciralarty 2 | —
BGR, OpenCV) "
i " _'D_' Preditd iy L Owpr
ol gl ‘Hair Mask Dermoscapy-style"

DoG: Difference of Gaussian; Hessian: Second-order derivative features; o: Scale (standard deviation); IoU: Intersection over Union.
Tmmng Protocol (Balanced Set of 179,806 samples): 50 epochs, Batch size 40, Val Acc: 97.47%, Val Loss: 0.0755, Loss: Binary Cross-| Enlropy

Flgure 2. Hair-removal pipeline using the MLP classifier and Telea inpainting.
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3.1 Image Acquisition and Pre-processing

Image pairs from the DERMAHAIR dataset were resized to 256%256 pixels and converted to BGR format with OpenCV. The
data were divided into 80% training, 10% validation, and 10% test sets, a ratio commonly used for small biomedical image

datasets.
3.2 Ground-Truth Hair-Mask Generation

Ground-truth hair masks were produced automatically (Eq. 7). The absolute intensity difference between each with-hair and
without-hair pair was computed, smoothed with a Gaussian filter (c = 1.5), and thresholded using Otsu’s method; connected
components smaller than 6 pixels were discarded as noise. Because of this automated procedure, no manual mask annotation
was needed.

Mhair = T(Go = 1.5 (| Iwith — Iwithout|)) € {0,1}H x W @)
3.3 Multichannel Feature Extraction

Every pixel was represented by a 10-dimensional feature vector that mixes intensity, edge, and structural information (Table 2).
The features are grayscale intensity, Gaussian-blurred intensity, a difference-of-Gaussians edge response, Hessian eigenvalues
at two scales (which capture tubular, hair-like structures), an eigenvalue-ratio circularity measure, gradient magnitude, and the
Laplacian (Kusnik & Smolka, 2022; Pauwelyn et al., 2025). Using appearance and geometric cues at several scales helps the
classifier separate thin, curvilinear hairs from the surrounding skin texture.

Table 2. Handcrafted multi-channel features used for pixel-level hair detection.

Ch. | Feature Formulation Purpose

1 Original intensity f , = I_gray Baseline intensity

2 Gaussian blur fa=1%Glo=1) Noise reduction

3 Difference of Gaussians fa=1%xGlc=1) — I*G(c=2) Edge enhancement

4-5 | Hessian eigenvalues (6=1) | A;,A, of H(o = 1) Tubular structure detection
6-7 | Hessian eigenvalues (6=2) | 14,4, of H(o = 2) Multi-scale vesselness

8 Circularity measure fe = 1 — (JA1] — 122])/(JA1] + |A2] + &) | Shape characterisation

9 Gradient magnitude fo = V] [(81/0x)* + (81/0y)?] Edge strength

10 | Laplacian f10 = V2 Curvature information

3.4 Dataset Construction and Class Balancing

The resulting pixel-level dataset is given in Eq. 8; each sample couples a 10-dimensional feature vector with a binary label (1 =
hair, 0 = non-hair).

D = {(Xi,yi) |xi € Rlo,yi € {0,1}} (8)

Hair pixels make up only a small minority of a dermoscopic image, so an adaptive sampling strategy kept every hair pixel and
randomly sub-sampled the non-hair pixels according to N(non-hait) = min( |Hair| X 5 + 500, |Non — Hair| ). This
stopped the majority class from dominating training and gave a final training set of 179,806 samples, split equally between the
two classes (89,903 each).

3.5 Architecture Design

Network depth was varied over 3, 5, 8, and 12 layers under identical training conditions. The three- and five-layer networks
under-fit and could not learn discriminative pixel-level features, while the 12-layer network overfit because the dataset is small.
The eight-layer configuration struck the best balance between capacity and generalisation and was adopted as the final
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architecture (Table 3). The hidden-layer width shrinks gradually from 64 to 8 neurons (64 — 48 — 32 — 24 — 18 — 14 —
10 — 8). Each layer uses RelLU activation, Batch Normalisation, Dropout (0.3 for the first two layers, 0.2 for the middle layers,
0.1 for the last two), and L2 regularisation (A = 0.001) (Sayin et al., 2025; Yahia et al., 2025). A sigmoid output layer gives the
pixel-wise probability of hair. The final model has 7,583 trainable parameters (Table 3) and is trained with binary cross-entropy

loss (Eq. 9).
L =—(/N)Zis" [yilog(§) + (1 —y) log(1 =91 ] )
3.6 Training Protocol

The balanced set of 179,806 samples was divided 80/20 into training and validation subsets, and the model was trained for 50
epochs with a batch size of 40. Validation accuracy was already 96.25% after the first epoch and rose steadily to 97.47%
(validation loss 0.0755) by epoch 50. Over the same period, training and validation loss dropped from 0.8139 to 0.0808. An
exponential learning-rate schedule halved the learning rate from 0.001 to 0.0005 in the later epochs (from epoch 46 onward),
which contributed to the last small accuracy gains (Figure 3).

Loss Curve Accuracy Curve
0.7 1 .
— ftrain_loss 0.975 e — —
val_loss - i
0.6 0.950
0.925 4
0.5
0.900 -
[y
w 0.44 ©
@ = 0.875
L:| 3
Ed
0.3 0.850 1
0.825
0.2
NN 0.800 -
e —— train_acc
0.14 M‘-‘—-—h_ b
""" S 0.775 val_acc
0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch

Figure 3. Training and validation loss and accuracy curves of the MLLP model over 50 epochs.
3.7 Hair Removal via Inpainting

The detected hair regions were removed with Telea exemplar-based inpainting (radius = 3), which rebuilds occluded pixels as
a weighted combination of nearby texture and structure (Eq. 10).

Iclean(p) = [2q € Be(p) w(p,q)(lorig(q) + VI(q)-(p —q)) 1/ 2Zq € Be(p) w(p,q) (10)

where w(p,q) is a weighting function based on distance and directional coherence; the algorithm propagates texture and structure
from the surrounding area within an inpainting radius of 3 pixels.

Table 3. MLP architecture used for pixel-level hair detection.

Layer Neurons | Activation | Regularisation Trainable Params
Input 10 — — —

Hidden1 | 64 ReLLU BN + Dropout(0.3) + L2 | 832

Hidden 2 | 48 ReLLU BN + Dropout(0.3) + L2 | 3,216

Hidden 3 | 32 ReLU BN + Dropout(0.2) + L2 | 1,632

Hidden 4 | 24 ReLLU BN + Dropout(0.2) + L2 | 840

Hidden 5 | 18 ReLLU BN + Dropout(0.2) + L2 | 486
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Hidden 6 | 14 ReLU BN + Dropout(0.2) + L2 | 294
Hidden 7 | 10 ReLU BN + Dropout(0.1) + L2 | 170
Hidden 8 | 8 ReLU BN + Dropout(0.1) + L2 | 104
Output 1 Sigmoid — 9
Total 7,583

BN = Batch Normalisation; 1.2 regularisation coefficient A = 0.001 applied to all Dense layers. Non-trainable Batch Normalisation parameters

are excluded from the trainable count.
4. U-NET-BASED HAIR SEGMENTATION AND REMOVAL

U-Net was first proposed for biomedical image segmentation. It is a symmetric encoder—decoder CNN in which skip
connections concatenate encoder feature maps directly with the matching decoder stages, retaining fine spatial detail that
downsampling would otherwise discard. This makes it well suited to segmenting thin, elongated structures such as dermoscopic
hair. The U-Net pipeline has three stages: (1) pre-processing and automatic ground-truth mask generation, (2) training with a
combined BCE-Dice loss, and (3) Telea-based inpainting of the segmented hair regions.

4.1 Data Preparation and Ground-Truth Generation

As in the MLP pipeline, ground-truth hair masks came from the absolute grayscale difference between paired images, which
was smoothed with a 3X3 Gaussian kernel and thresholded with Otsu’s method; connected components under 6 pixels were
removed (Ashour et al., 2022). Images were converted from BGR to RGB, resized to 256X256 with area interpolation, and
normalised to [0, 1]; masks were resized with nearest-neighbour interpolation so that they stay binary (Guo et al., 2025). The
training data were augmented by random horizontal and vertical flips (p = 0.5, applied identically to an image and its mask),
whereas the validation set was not augmented. The data were split 80/10/10 (training/validation/test) with a fixed random
seed (42).

U-Net Architecture for Pixel-wise Hair Segmentation and Removal Output
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Decoder-4 | ConvTranspose — Concat — Conv2Dx2 — BNx2|  2x2, 3x3 32 256256332 RelU Skip commaction from Encoder- | = ~ EarlyStopping (paticnce=8,
Output Com2D (1x1) 1x1 1 256%256% 1 Sigmoid | Binary hair mask (A=05) | restore best weights) |
Total Parameters: 31.04 M 5

Figure 4. U-Net architecture used for pixel-wise hair segmentation and removal.
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4.2 Architecture

The network accepts a 256X256x3 RGB input and returns a single-channel binary segmentation mask. Its basic building block
is a double-convolution unit made of two 3X3 convolutions with He-normal initialisation, Batch Normalisation, and Rel.U
activation (Zollanvari, 2023). Across four encoder stages the filter count doubles while the spatial resolution is halved, and a
512-filter bottleneck at 16X16 resolution follows. The decoder mirrors the encoder with transposed convolutions and receives
skip connections from each matching encoder stage (Gowda et al., 2024). Depth was tuned at approximately 54, 67, and 85
layers. The 54-layer network performed worse in hair removal and lesion retention, and the 85-layer network was unstable and
gave lower image quality without any gain in accuracy. The 67-layer configuration (Table 4; 31.04M parameters) performed best
and became the final architecture.

A last 1X1 convolution with sigmoid activation gives a pixel-wise hair-probability map (Eq. 11), which is thresholded at 0.5 to
obtain the binary mask.

M(x,y) = a(WT -f(x,y) +b), d(z) =1/(1 + e—2) (11

A combined Binary Cross-Entropy and Dice loss (BCE-Dice) was used for training to deal with the strong class imbalance
between hair and skin pixels. Dice loss maximises the spatial overlap between predicted and ground-truth masks, and BCE
penalises the misclassification of individual pixels (Hosen & Zhang, 2025)

4.3 Training Protocol

The model was trained with the Adam optimiser (learning rate 1xX107*, batch size 8, at most 50 epochs) together with three
callbacks: ModelCheckpoint (best validation loss), ReduceLROnPlateau (halving the learning rate after 30 stagnant epochs, with
a floor of 1x107%), and EarlyStopping (patience of 8 epochs, restoring the best weights). Training and validation loss fell sharply
from 0.27/0.13 at epoch 1 to a stable value of approximately 0.03 by epoch 20, while accuracy rose from 0.90 to approximately
0.99 over the same span. Convergence was therefore faster than for the MLLP, which needed all 50 epochs to reach 0.97 (Figure-
5). The training and validation curves stayed in close agreement throughout, which confirms stable convergence without

overfitting.
U-Net Loss Curves U-Net Accuracy Curves
T itos || assn i vatacewmey
f g 0,990
& 0.989
Figure 5. Training and validation loss and accuracy curves of the U-Net model over 50 epochs.
Table 4. U-Net architecture specifications (final 67-layer configuration).
Block Layers (in order) Kernel Filters | Output Size | Remarks
Input — — 3 256X256%3 RGB dermoscopic image
Encoder-1 | Conv2DXx2 — BN X2 — MaxPool 3X3,2X2 | 32 128x128%32 | Downsampling
Encoder-2 | Conv2DX2 — BN X2 — MaxPool 3X3,2X2 | 64 64X64X64 Downsampling
Encoder-3 | Conv2DXx2 — BN X2 — MaxPool 3%x3,2%x2 | 128 32X%32%128 | Downsampling
Encoder-4 | Conv2DXx2 — BN X2 — MaxPool 3%3,2%X2 | 256 16x16%x256 | Downsampling
Bottleneck | Conv2DX2 — BNX2 3x3 512 16X16%512 Feature compression
Decoder-1 | ConvT — Concat — Conv2DX2 — BNX2 | 2X2,3X3 | 256 32X%32%256 | Skip from Encoder-4
Decoder-2 | ConvT — Concat — Conv2DX2 — BNX2 | 2X2,3X3 | 128 64x64x128 | Skip from Encoder-3
Decoder-3 | ConvT — Concat — Conv2DX2 — BNX2 | 2X2,3X3 | 64 128%128%64 | Skip from Encoder-2
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Decoder-4 | ConvT — Concat — Conv2DX2 — BNX2 | 2X2,3X3 | 32 256X%256x32 | Skip from Encoder-1
Output Conv2D (Sigmoid) 1x1 1 256%256X%1 | Binary hair mask
Total 31.04 M parameters

4.4 Hair Removal via Inpainting

At inference time, the predicted probability map is resized back to the original resolution and thresholded at 0.5. The binary
mask obtained is dilated with a 3X3 elliptical kernel to cover edge artefacts, and the hair regions are then removed by Telea
inpainting with radius = 3 (Gertsvolf et al., 2024).

5. EA-GAN-BASED HAIR REMOVAL

The Enhanced Attention Generative Adversarial Network (EA-GAN) restores hair-free dermoscopic images with an
adversarial generator—discriminator pair. The generator learns to synthesise realistic hair-free images from hair-occluded input,
and the discriminator learns to tell generated images from real hair-free ones. The pipeline has four stages: (1) data pre-
processing, (2) design of the Attention U-Net generator and the PatchGAN discriminator, (3) adversarial training with a
combined adversarial and L1 reconstruction loss, and (4) performance evaluation.

The first baseline used a deeper U-Net generator with eight encoder—decoder stages and was trained with adversarial, L1, and
edge-consistency losses. It removed hair artefacts but left blurred regions, retained lesion detail pootly, and was computationally
expensive. Adding attention gates to the skip connections and cutting the generator to four encoder—decoder stages preserved
features and lesion structure better. Since the attention mechanism already enforced structural fidelity, the edge-consistency
loss became unnecessary. Making the network deeper or more complex gave marginal or even negative returns, which is
consistent with overfitting, so the four-stage, attention-gated configuration was adopted as the final architecture. It balances
reconstruction quality, training efficiency, and computational cost.
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Figure 6. Architecture of the EA-GAN framework for dermoscopic hair removal, comprising an Attention U-Net generator
and a PatchGAN discriminator.
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5.1 Dataset Preparation

Hair and hair-free images were matched into pairs, resized to 128%128 pixels, and normalised to [—1, 1] by min—max scaling.
The data were split 80:20 into training and validation subsets and fed through a TensorFlow tf.data pipeline with shuffling,
batching, and prefetching.

5.2 Network Architecture

Attention U-Net generator The generator follows a U-Net design with attention gates placed on the skip connections. Its
four encoder stages (filter sizes 64, 128, 256, 512) each downsample with a 4X4 strided convolution and RelLU activation, and
the bottleneck holds high-level semantic information about skin texture, lesion borders, and hair structure. The decoder restores
spatial resolution with transposed convolutions. Instead of concatenating raw encoder features, an attention gate first computes
coefficients that emphasise lesion-relevant structure and suppress background and hair, and only then are the features merged
with the decoder path. A final 1X1 convolution with Tanh activation outputs a 128X128%3 reconstructed hair-free image,
where the three channels are the RGB colour components of the dermoscopic image.

Attention gate Encoder features x and decoder gating features g are each projected into a lower-dimensional space by a 1X1
convolution, added together, and passed through ReLLU. Another 1X1 convolution followed by a sigmoid yields an attention
coefficient map, which is multiplied element-wise with the encoder features before they reach the decoder. In this way

redundant information is suppressed and diagnostically relevant lesion structure is emphasised during reconstruction.

PatchGAN discriminator The discriminator takes the hair-occluded input, channel-concatenated with either the real or the
generated hair-free image, and passes it through four convolutional stages (64, 128, 256, 512 filters; 4X4 kernels). Every stage
after the first is followed by Batch Normalisation and LeakyReLU (x = 0.2). PatchGAN does not output a single real/fake
score for the whole image; it returns a grid of patch-level real/fake probabilities, which pushes the generator to reproduce
realistic local textutre and structure that matter for dermoscopic detail (Table 5).

Table 5. Architectural configuration of the Attention-Based EA-GAN.

Component Architecture Key Parameters Output Shape

Generator Encoder: 4X [Conv 4X4, stride 2, ReLU]; | Filters 64—512; attention | 128X128%3
(Attention U-Net) Decoder: 4% [ConvT 4X4, stride 2, ReLU, | gates; final activation Tanh
attention skip|

Disctiminator C64-C128-C256-C512 Kernel 4x4; stride 2/1; | Patch
(PatchGAN) LeakyRelLU o = 0.2 probability map

5.3 Loss Functions

The generator loss is the sum of an adversarial term and an L1 reconstruction term. The adversarial loss (Eq. 12) uses binary
cross-entropy to push the generator towards images that the discriminator classifies as real; here G(x) is the generated hair-free
image.

Ladv = BCE(D(x,G(x)),1) (12

The L1 loss (Eq. 13) is the mean absolute difference between the generated image and the ground-truth hair-free image. It helps
preserve the overall lesion structure and avoids unnecessary changes to healthy skin.

LL1 = ||y = G() ||1 (13)

In the total generator loss (Eq. 14), the L1 term is weighted 100 times relative to the adversarial term, which favours accurate
reconstruction while still keeping the output visually realistic.

LG = Ladv + 100 - LL1 (14)
The discriminator loss (Eq. 15) averages the binary cross-entropy over real pairs (label 1) and generated pairs (label 0), so the

discriminator learns features that separate authentic hair-free images from synthesised ones.
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LD = % [BCE(D(x,y),1) + BCE(D(x,G(x)),0)] 15)
5.4 Training Procedure

The generator and discriminator were trained in alternation for 15 epochs with the Adam optimiser (31 = 0.5, learning rate
0.0002). In each iteration the generator produced a synthetic hair-free image from the hair-occluded input. The discriminator
was evaluated on real and generated pairs to obtain the adversarial loss, which was combined with the L1 loss to update the
generator, while the discriminator itself was updated with its binary cross-entropy classification loss. Checkpoints were saved
periodically to follow intermediate performance (Figure 7).

EA-GAN Training Losses

—— Discriminator loss
—— Generator loss

|
|

0 2 4 6 8 10 12 14
Epoch

Figure 7. Generator and discriminator loss curves of the EA-GAN model during training.
6. RESULTS AND DISCUSSION
6.1 Qualitative Comparison

The three models were compared visually on randomly chosen test images that vary in hair density, lesion shape, and hair
colour, with all outputs resized to a common resolution and set against the ground-truth hair-free images (Figure 8). The MLP
was inconsistent and often left residual hair in dense or curved-hair regions. EA-GAN produced realistic, well-reconstructed
images but sometimes introduced smoothing artefacts in complex regions. U-Net did best overall: it removed hair effectively
while keeping lesion morphology, texture, and boundary detail, and its outputs closely matched the ground truth apart from a
little residual hair in a few difficult cases.

Hair Removal Model

son - Random Samples

Figure 8. Qualitative comparison of hair-removal outputs from MLP, U-Net, and EA-GAN on a randomised sample of
dermoscopic images.

1632
Natural Resources for Human Health (NRFHH)

https://nrfhh.com



Inatural resources for human health

Natural Resources for
Human Health @

elSSN: 2583-1194

6.2 Quantitative Evaluation

Table 6 gives the average performance over all test images, with each metric computed per image and then averaged across the
test set. An T means higher values are better and a | means lower values are better.

Table 6. Average quantitative performance of the hair-removal models.

Model MSE | | RMSE | | PSNR 1 | SSIM 1 | MS-SSIM 1 | VIF {

MLP 61.36 7.83 33.31 0.836 0.934 1.012
U-Net 47.56 6.90 34.20 0.892 0.954 1.024
EA-GAN | 42.66 | 6.53 33.77 0.888 0.945 0.587

The MLP was worst on every metric, which reflects its limited ability to model the complex spatial structure of hair artefacts.
EA-GAN reached the lowest MSE (42.66) and RMSE (6.53), meaning the most accurate pixel-level reconstruction, but its low
VIF (0.587) points to weaker preservation of perceptual detail. U-Net obtained the highest PSNR (34.20 dB), SSIM (0.892),
MS-SSIM (0.954), and VIF (1.024), showing the best overall structural preservation and perceptual fidelity. Overall, U-Net gives
the most balanced performance for dermoscopic hair removal among the three architectures tested.

6.3 Visualisation of Metric Comparisons

Figure 9 (bar chart) and Figure 10 (heatmap) compare all six metrics across the three models and confirm the pattern described
in Section 7.2. U-Net leads on four of the six metrics (PSNR, SSIM, MS-SSIM, VIF), EA-GAN leads on the two pixel-error
metrics (MSE, RMSE), and the MLP is last on all six.

Model Performance Comparison
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61.360 8 7.830 35 33.770 5515 34.200 Best
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Figure 9. Bar-chart compatison of MLP, U-Net, and EA-GAN across MSE, RMSE, PSNR, SSIM, MS-SSIM, and VIF.
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Model Performance Heatmap
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Figure 10. Heatmap visualisation of the quantitative performance of the MLP, U-Net, and EA-GAN hair-removal models

across all six metrics.
6.4 Discussion

The MLP, U-Net, and EA-GAN stand for three different architectural families: a fully connected network, a convolutional
encoder—decoder, and an adversarial image-to-image framework. For a fair comparison, each was optimised to its own best
configuration and not forced into a shared depth or parameter budget. The MLP performed best with eight hidden layers;
beyond that its performance levelled off or dropped because of overfitting. U-Net gained from a deeper 67-layer configuration,
which supports richer hierarchical feature extraction, and EA-GAN was trained at the depth and attention configuration that
gave the most stable adversarial convergence. These results suggest that the encoder—decoder inductive bias, meaning spatial
downsampling combined with skip-connection recovery of fine detail, is much better suited to hair removal than a purely pixel-
wise, fully connected classifier. They also suggest that adversarial training can reach very low pixel-level error, but at some cost
in perceptual fidelity compared with a direct segmentation-and-inpainting approach based on an encoder—decoder.

Table 7 brings together the architectural and practical trade-offs of the three models to help choose among them in future
deployments.

Table 7. Qualitative comparison of the three hair-removal architectures evaluated.

Criterion MLP U-Net EA-GAN

Architectural Fully connected (pixel-wise) | Convolutional encoder— | Adversarial (generator—

family decoder discriminator)

Best configuration | 8 hidden layers 67 layers 4 encoder—decoder  stages +

attention gates

Trainable 7,583 31.04 M 13.82 M

parameters

Training length 50 epochs 50 epochs 15 epochs

Strongest metric — PSNR, SSIM, MS-SSIM, VIF | MSE, RMSE

Key strength Simple, lightweight, fast | Best structural & perceptual | Lowest pixel-level error; realistic
inference fidelity textures

Natural Resources for Human Health (NRFHH)

https://nrfhh.com

1634



Natural Resources for
Human Health

elSSN: 2583-1194

6.5 Limitations

All models were evaluated on one dataset DERMAHAIR) in which hair patterns were superimposed synthetically; performance
on natural, unconstrained clinical hair occlusion and on other dermoscopy datasets was not examined. No statistical significance
testing (for example paired t-tests or Wilcoxon signed-rank tests on per-image metric distributions) was carried out, so the
reported differences are averages and not confidence-bounded comparisons. Downstream clinical impact, such as changes in

lesion segmentation or classification accuracy after hair removal, was not measured directly and is left for future work.
7. CONCLUSION AND FUTURE SCOPE

In this study, three deep learning approaches (MLP, U-Net, and EA-GAN) were implemented and compared for hair removal
in dermoscopic images, and each was optimised to its own best configuration so that the evaluation would be fair. All three
reduced hair artefacts, but their performance profiles differed cleatly. U-Net gave the best overall balance of structural and
perceptual quality (PSNR 34.20 dB, SSIM 0.892, MS-SSIM 0.954, VIF 1.024). EA-GAN reached the lowest pixel-level
reconstruction error (MSE 42.66, RMSE 6.53) but had weaker perceptual fidelity (VIF 0.587). The fully connected MLP was
consistently behind both encoder—decoder-based approaches, reflecting its limited capacity to capture the complex spatial
structure of hair artefacts. These findings suggest that convolutional encoder—decoder architectures are the best choice for
dermoscopic hair removal and can make fully automated skin-lesion analysis pipelines more reliable. The primary clinical benefit
of hair removal from the lesion surface in dermoscopic images is to facilitate clearer lesion visualization, which may support

more accurate lesion identification and improve the quality of the predicted lesion image.

Future work could look at hybrid architectures that pair U-Net’s structural preservation with adversatial reconstruction, add
attention mechanisms to localise hair better, and use perceptual or edge-aware loss functions. Training on larger and more
varied datasets and building more computationally efficient models would further help bring these methods into real clinical

workflows.
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