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Abstract

Background: In recent years,melanoma is rising at a faster rate compared to other can-

cers. Although it is the most serious type of skin cancer, the diagnosis at early stages

makes it curable. Dermoscopy is a reliablemedical technique used to detectmelanoma

by using a dermoscope to examine the skin. In the last few decades, digital imaging

devices have made great progress which allowed capturing and storing high-quality

images from these examinations. The stored images are now being standardized and

used for the automatic detection ofmelanoma.However,when thehair covers the skin,

this makes the task challenging. Therefore, it is important to eliminate the hair to get

accurate results.

Methods: In this paper,wepropose a simple yet efficientmethod for hair removal using

a variational autoencoder without the need for paired samples. The encoder takes as

input a dermoscopy image and builds a latent distribution that ignores hair as it is

considered noise, while the decoder reconstructs a hair-free image. Both encoder and

decoder use a decent convolutional neural networks architecture that provides high

performance. The construction of our model comprises two stages of training. In the

first stage, the model has trained on hair-occluded images to output hair-free images,

and in the second stage, it is optimized using hair-free images to preserve the image

textures. Although the variational autoencoder produces hair-free images, it does not

maintain the quality of the generated images. Thus, we explored the use of three-loss

functions including the structural similarity index (SSIM), L1-norm, and L2-norm to

improve the visual quality of the generated images.

Results: The evaluation of the hair-free reconstructed images is carried out using t-

distributed stochastic neighbor embedding (SNE) feature mapping by visualizing the

distribution of the real hair-free images and the synthesized hair-free images. The

conducted experiments on the publicly available dataset HAM10000 show that our

method is very efficient.

KEYWORDS

dermoscopy images, hair occlusion, hair removal, perceptual loss, variational autoencoders

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in any

medium, provided the original work is properly cited, the use is non-commercial and nomodifications or adaptations aremade.

© 2022 The Authors. Skin Research and Technology published by JohnWiley & Sons Ltd.

Skin Res Technol. 2022;28:445–454. wileyonlinelibrary.com/journal/srt 445

mailto:dalal.bardou@njust.edu.cn
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://wileyonlinelibrary.com/journal/srt
http://crossmark.crossref.org/dialog/?doi=10.1111%2Fsrt.13145&domain=pdf&date_stamp=2022-03-07


446 BARDOU ET AL.

1 INTRODUCTION

The skin is the largest organ of the human body.1 It has for purpose

to protect us from infections, and it also acts as a body temperature

regulator and sensation detector. Skin cancer incidence has drastically

increased in recent years, while melanoma is considered themost seri-

ous type that rises at a faster rate in the last 50 years compared to

other cancers.2–7 For example, in 2020, in the United States alone, it

was predicted that approximately 100 350 individuals would be diag-

nosedwithmelanoma compared to the year 2017where the estimated

number was about 87 110 individuals.8,9

The diagnosis of melanoma of skin at early stages makes it curable.

Thus, it is important to provide better methods for early detection.6

However, there is a problem of a dermatology workforce crisis.10

This could be considered as a threat not only to the current quality

of the provided care services but also to the future demand of these

services with the growing population.Moreover, the diagnosis is a sub-

jective task where we rely on the expertise of the practitioner.7,11,12

The advances in technology, precisely imaging techniques, over

the last decade allowed acquiring and collecting high-quality skin

cancer images.13 These images are now being standardized, which

empowered researchers to conduct studies and develop reliable

computer-aided tools to automatize the diagnosis and provide aid to

the practitioners.

Different skin lesion artifacts can be present in dermoscopy images

such as hair, which is considered the artifactwith the heaviest effect on

the quality of the diagnosis, ruler markers, air bubbles, ink markings. . .

etc.14 Thepresenceof hair in dermoscopy images leads to theocclusion

of the information of the lesion concerning its texture and boundary.15

Hence, it is important to eliminate this artifact in the preprocessing

step before carrying out lesion segmentation.15–17 The obvious solu-

tion is to exclude the images with hair from the dataset, which affects

the diversity of the data.18–19 Another solution is to use a razor to

shave the hair. But, this solution is impractical as it causes bleeding and

other problems.18–20 Besides, it is time-consuming. Thus, there is an

excessive need to come upwith new automatic methods to remove the

hair and keep the quality of the dermoscopic images unaltered.

Several digital hair removal methods were developed to deal with

the problem of hair. The first developed ones relied on image pro-

cessing, and they comprise two tasks: hair segmentation and gap

inpainting.11,15–17 These methods suffer from many limitations: (1)

They require a certain amount of expertise to choose a good method

for hair segmentation and another one for gap inpainting amongmany.

(2) They also do not allow detecting thin (false negatives), overlapping

hairs, and hairs of similar color to underlying skin.21 (3) Besides, there

is the problemof false positiveswhere objects that have hair-like struc-

tures can be detected during hair segmentation.

On the other hand, deep learning came with more developed

solutions that use an end to end learning and yield better models.

Generative models, a class of deep learning that is used to generate

realistic-looking samples showed great success inmany fields including

the problem of hair in dermoscopy images. Autoencoders (AEs) are

a family of generative models that were used by researchers for hair

removal.22 However, the proposed models require paired samples

for the training22 that consist of the hair-free image and its corre-

spondent hair-occluded image, which is difficult to acquire due to the

unavailability of such datasets.

In this paper, we propose a simple yet efficient method for hair

removal in dermoscopy images using deep learning. This is achieved

by using a variational AE that considers hair as noise when learning

the latent representation and reconstructs hair-free images using an

encoder-decoder architecture. The proposed variational AE model is

trained in an end-to-end fashion. Our contributions are summarized as

follows:

1. We design an encoder-decoder architecture based on a variational

AEmodel that learns efficiently how to eliminate hair.

2. Theproposedmethoddoesnot requirepaired samples for the train-

ing of themodel.

3. To provide a better reconstruction of the images, we combine the

basic loss with perceptual loss and other loss functions to force the

model to reconstruct accurate images.

4. We carry out two-stage training to maintain the quality of the hair-

free generated images.

2 RELATED WORK

2.1 Traditional methods for hair removal

Hair removal in dermoscopy images is an active research area where

new methods are constantly being implemented to tackle this prob-

lem. The first attempts for hair removal used image processing oper-

ations to eliminate hair (summarized in Table 1). The earliest one was

proposed by Lee et al.23 in 1997where they proposed an algorithmand

developed a software called Dullrazor. The algorithm involves the use

of the morphological closing operation to identify dark hair pixels and

after replacing themwith non-hair pixels by bilinear interpolation.24,25

This algorithm considers only thick dark hairs. Thus, an improved ver-

sion of Dullrazor named E-shaver was proposed by Kiani et al.24 where

light-color hairs are considered along with dark hairs. Fiorese et al.26

also proposed an automatic shaver named VirtualShave. Themain idea

consists of identifying hair using a top-hat filter and morphological

postprocessing and then replacing hair pixels by applying partial dif-

ferential equations (PDE)-based inpainting. Similarly, Xie et al.25 pro-

cessed hair through a morphologic closing-based top-hat operator for

image enhancement. Afterward, they used the statistic threshold for

segmentation followed by hair extraction using an elongate feature

function. To repair the occluded information, the authors applied PDE-

based image inpainting. The same authors assessed the degree of hair

occlusion in dermoscopy images in Xie et al.27 depending on the dis-

tribution of hair in the image in which they proposed a local adap-

tive hair detection method that works well for both sparse and dense

hair. Abbas et al.15 proposed an algorithm for hair segmentation and

repairing. To detect hair, the authors applied the derivative of Gaus-

sian and refined it using a morphological operation, and to repair the
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hair pixels, they applied the fastmatching inpaintingmethod. Similar to

Abbas et al.,15 Toossi et al.28 used an adaptive canny edge detector to

detect light and dark hairs and then improved it through morpholog-

ical operators. Huang et al.29 found out that Dullrazor does not work

well on images with fine hair and hair in the shade. Therefore, they

proposed a better version that uses thresholding with hysteresis to

detect hair, and region growing algorithms to recover themore compli-

cated hair intersection patterns. Bibiloni et al.30 proposed an efficient

hair removal filter that comprises an object detector based on mor-

phological curvilinear and amorphological-based inpainting algorithm,

while Koehoorn et al.16 developed a threshold-set decomposition-

basedmodel to detect and remove long and stubble hair.

2.2 Deep learning-based methods

Contrary to the aforementioned methods, Talavera-Martínez et al.22

relied on deep learning to address this problem. The authors proposed

a convolutional encoder-decoder-based architecture that consists of

12 layers, and it uses pairs of images for training. The model takes the

hair-free image and its correspondent image with simulated hair as

input. The loss function used to construct and evaluate the model is an

explicit linear loss function that combines five weighted loss terms.

3 MATERIALS AND METHODS

Our proposed hair removal method is based on variational AEs (VAEs),

which are a variant of the AEs. The variational AE is a neural network

that consists of the encoder and decoder. The encoder compresses

the input data into a lower-dimensional representation vector and

the decoder does the opposite. It takes the representation vector and

reconstructs it back to the original domain. During training, the VAE

seeks to find the weights that minimize the computed loss between

the input and output images after passing through both the encoder

and the decoder. The variational AE canbe successfully used to denoise

imagesby letting theencoder learns to ignore thenoise andbuildnoise-

free positions in the latent space.31 In this work, we assume that the

hair presented in the dermoscopy images is noise, andwe design a vari-

ational AEs architecture that learns how to eliminate hair and recon-

struct noise-free (hair-free) images. The training of our architecture

does not require paired images, which usually consist of the reference

image and its correspondent hair-free image. It only takes the image

with hair as input instead of the hair image along with its correspon-

dent hair-free image. This architecture succeeds to remove the hair

but it does not provide a good restoration of the reconstructed images.

Thus, we opt for applying a quality loss named perceptual loss to pre-

serve the quality of the reconstructed images. The full loss function

can be written as follows: Losstotal = LossVAE + LossQuality. The pro-

posed architecture is depicted in Figure 1. The detailed architecture

of the encoder along with the decoder is given in Figure 2. In Subsec-

tion 3.1, we will provide a brief introduction about the variational AE

and also the detailed architecture of the encoder and decoder, while in

Subsection 3.2, we define the loss function. In Subsection 3.3, we give

the training parameters used to train themodel.

3.1 Variational AE

A short introduction of the variational AEs is given in this subsection

along with the architecture of the encoder and the decoder we used

to build our model. Variational AE was proposed by Kingma et al.32,33

in 2013. It is an advanced variant of the conventional AE, which uses

a combination of deep neural networks and Bayesian inference.34 VAE

maps a given input as a multivariate normal distribution in the latent

space instead of a single point. The encoder is the inference model

and is defined as an approximate posterior distribution q𝜑(z|x), mod-

eled by a neural network, with variational parameters denoted 𝜑.33,35

x is the input data; z is the latent variable where z = encoder(x) ∼

q𝜑(z|x).36 The decoder decodes z back to the original input x̄ and is

also modeled by a neural network, where x̄ = decoder(x) ∼ p𝜃(x|z) and
𝜃 are the parameters of the decoder. The encoder outputs the param-

eters of the latent distribution used to sample yielding the input to the

decoder.37

The objective function of the VAE is given below, where 𝜑 and 𝜃 are

the parameters. To optimize the parameters 𝜃 and 𝜑, stochastic gradi-

ent descent is used.

L (𝜃,𝜑, x) = Eq𝜑 (z|x) [log p𝜃 (x|z)] − DKL
[
q𝜑 (z|x)p𝜃 ‖‖(z)

]

Where Eq𝜑 (z|x)[log p𝜃(x|z)]: is the reconstruction term.

DKL[q𝜑(z|x)‖p𝜃(z)] is the Kullback–Leibler divergence and is consid-

ered as a regularization term. The DKL is the difference between the

approximate posterior and the prior.38 The standard Gaussian distri-

butionN ∼ (0,1) is usually chosen as the prior.

The architecture of both the encoder and the decoder consists of

two convolutional layers. This number of layerswas chosen empirically.

The number of filters, kernel size, and activation function details are

given in Table 2. The latent dimension is set to 50.

3.2 Loss function

The loss function aims to evaluate howgood is themethodswepropose

for modeling our datasets. During the training phase, the loss function

is used to compute the error (the loss) between the ground truth and

the output of the trained model. The computed error indicates how

good/bad our model is. The basic variational AE loss function consists

of two terms as described in Section 3.1. This loss function success-

fully outputs hair-free images. But, it does not restore well the images;

therefore,we investigated theuseof L1 loss, L2 loss, andperceptual loss

togetherwith theVAE loss intending to overcome this problemby find-

ing thebestweights in theweights space that not only removehairs but

also output intact reconstructed images.

Mean square error (MSE), also known as L2, is a loss measure

that has been widely adopted to address many problems such as
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F IGURE 1 The architecture of the proposedmodel

F IGURE 2 The detailed architecture of the encoder and decoder

TABLE 2 The detailed architecture of the encoder and decoder

The encoder architecture The decoder architecture

Kernel

size Activation Stride

Nbr of

filters

Kernel

size Activation Stride

Nbr of

filters

Layer 1 3 Relu 2 64 3 Relu 2 32

Layer 2 3 Relu 2 32 3 Relu 2 64
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regression and signal and image processing.39,40 TheMSE is computed

as follows:

L2 =
n∑

i = 1

(
ytrue − ypredicted

)2
(1)

Mean average error, also known as L1, is another loss measure that

is computed as follows:

L1 =
n∑

i = 1

||ytrue − ypredicted|| (2)

Despite the known advantages of L2,40 L1 was claimed to be better

regarding the quality of images in terms of blurring.41,42 Another draw-

back of L2 is its negative effect on the visual quality as it over penalizes

the loss during the training.43

The generative model VAE uses per-pixel loss to construct the

model, but it generates blurry images that do not suit the human visual

system compared to input images.11,44 Therefore, perceptually moti-

vated methods were developed to tackle this problem by using met-

rics that optimize the reconstruction of the images. Structural simi-

larity index45,46 (SSIM) is among the proposed metrics that takes into

account the human visual system perspective. Since L1 and L2 losses

rely on the evaluation of the per-pixel loss, SSIM came to overcome

their limitations where illumination and color-related information is

evaluated, and a similarity index is computed between the input and

the output image patches. The SSIM loss function is defined as follows:

LSSIM = 1 − SSIM (x, y) (3)

where x is the input image patch, and y is the output image patch, and:

SSIM (x, y) =
2𝜇x𝜇y + C1

𝜇2x+𝜇
2
y + C1

.
2𝜎xy + C2

𝜎2x 𝜎
2
y + C2

(4)

Where µx and µy are the mean of the image x and y patches, respec-

tively. 𝜎2x and 𝜎
2
y are the variance within the patches. 𝜎xy is the covari-

ance of the local patches.C1 andC2 are two constantswith small values

used as stabilizing parameters.47

L1, L2 loss, and perceptual loss functions have already shown a

remarkable amelioration in the learning of generative adversarial neu-

ral networks.11,48–51 Thus, in this work, we investigate the use of them

making up part of the per-pixel loss function aiming into improving the

learning of the VAE.

3.3 Training parameters

Our implementation is based on variational neural networks. We did

choose the best architecture of the decoder and encoder. We tested

simple and deep architectures withmany layers, but a decent architec-

ture led to the best performances. Batch normalization was also put

to test. However, it did not have any effect on the optimization perfor-

F IGURE 3 Some samples from the HAM10000 dataset. Samples
with thin and thick hair, light and dark hair, sparse and dense hair,
short and long hair

mance. The model was trained using Adam optimizer, and the learning

rate was set to 0.0001 in the first stage of training and 0.0005 in the

second stage. The batch size is set to 16, while the number of epochs is

set to 200 in the first stage of training and 3 in the second stage. In the

second stage of training, we have chosen three epochs because, after

this number, the color intensities of images are getting affected.

4 EXPERIMENTAL EVALUATION AND ANALYSIS

In this section, we will provide the achieved results applying our pro-

posed method and also the data we used to train and validate our

model. Moreover, we make a comparison with the state-of-the-art

methods.

4.1 Data

In this work, we have used the HAM10000 (“Human Against Machine

with 10 000 training images”) dataset, which is a large collection of

multi-source dermoscopy images.52 This dataset is available on the

The International Skin Imaging Collaboration (ISIC) archive and con-

tains images of different pigmented skin lesions. It was created to over-

come the problem of a small-size dataset. The total number of sam-

ples is 10 015 images. We have manually divided the dataset into

hair-occluded images and hair-free images. The total number of hair-

occluded images is 8876, while the total number of hair-free images is

1139. All the images were resized to 256 × 256. In the training phase,

we only used 3000 hair-occluded images. For validation, we used 100

images. We also used 1000 hair-free images in the second stage of

training. We tried to vary our training data so it contains images with

thin and thick hair, light and dark hair, sparse and dense hair, and short

and long hair. Figure 3 shows some samples from our training data.
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F IGURE 4 Results of the baseline configuration. (A) Images
occludedwith real hair. (B) Correspondent hair-free images after
applying the baseline configuration

4.2 Baseline configuration

In the baseline configuration, we used the basic VAE without adding

any metrics. The trained model has been validated on100 hair-

occluded images. In the phase of training, the model was trained for

the first 200 epochs on the datasetwith hair usingAdamoptimizer. The

training is then again resumed on the dataset with hair-free images for

three other epochs using the same optimizer. The additional training

onhair-free images outputted improved texture of the images. Figure 4

shows the results after applying ourVAE-basedmethod on some image

samples. The proposed baseline configuration successfully removed

hair from all images. However, the reconstructed images are not 100%

identical to the input images, and they look blurry.

4.3 VAE with L1 and L2 losses

In this configuration, we use L1 and L2 losses separately and combined,

added to the VAE loss to maintain the quality of the hair-free gener-

ated images by the VAE. L1 and L2 losses are considered as regulariza-

tion terms. Figure 5 shows the results of L1, L2, and their combination,

respectively, added to the basic VAE on some validation images. The

application of these losses showed an improvement in the reconstruc-

tion of the VAE model compared to the baseline configuration for all

the samples except for the ones occludedwith dense hairs.

4.4 VAE with perceptual loss

In this configuration, we try on perceptual loss comprising the SSIM

loss model on the ImageNet dataset. For SSIM, we used the follow-

ing parameters: The Gaussian filter is set to 3. The filter sigma is set

to 1.5. The combination of the perceptual loss with L1 and L2 was also

examined. Figure 6 shows the results of applying SSIM with L1 and L2.

To evaluate the performance of the models quantitatively, we could

not use the hair-occluded images. Therefore, we used a hair simula-

tor developed by Attia et al.11 to superimpose hair on hair-free images

and then apply the differentmodels to remove hair (Figure 7). After, we

computed SSIM and MSE and compared them to the hair-free images.

The results given in Table 3 show that the combination of SSIMwith L2
provided the highest performance compared to the other models.

F IGURE 5 Illustration of the output of themodified variational
autoencoder (VAE) on real hair occluded images for five examples

F IGURE 6 The output of the variational autoencoder (VAE) model
after adding structural similarity index (SSIM) loss. (A) The reference
images. (B) The result after adding SSIM. (C) The result after adding
SSIMwith L1. (D) The result after adding SSIMwith L2. (E) The result
after adding SSIMwith L1 and L2

4.5 Comparison to the state of the art methods

Our proposed method showed its efficiency in removing hair as given

in the experiment section. Now, we compare it with state-of-the-art

methods. Lee et al.23 were the first ones who addressed this problem.

They developed software called DullRazor that works only on thick
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F IGURE 7 The application of variational autoencoder (VAE) loss
combinedwith structural similarity index (SSIM) and L2 for the
elimination of synthetized hair

TABLE 3 The calculation of structural similarity index (SSIM) and
mean square error (MSE) for the different models. For SSIM, the
higher the better

Loss function SSIM MSE

SSIM 0.7700 163.580

SSIM+ L1 0.7775 171.481

SSIM+ L2 0.8053 118.24

SSIM+ L1 + L2 0.7698 163.58

F IGURE 8 Comparison of our model with DullRazor23

dark hairs. Figure 8 shows the performance of the DullRazor and our

method on some sample images. DullRazor did not remove completely

the hair in all the images even for thick dark hair such as in Figures 8 (3),

while our method successfully eliminated all kinds of hair.

The method of Lee et al.23 involves using traditional techniques

comprising morphological closing for hair segmentation and bilinear

interpolation for hair repair. These techniques obviously will not work

well due to the complexity of the task. Although Dullrazor does not

remove all the dense hair (Figures 8 (5)), it provides better reconstruc-

tion compared to our method. The reason is that DullRazor replaces

hair pixels with non-hair pixels by bilinear interpolation. The authors

in references15–16,24–30 also proposed several works as an extension

of the work of Lee et al.23 Different hair segmentation and hair repair

techniques were used where each method has its drawbacks. Besides,

these studies were validated on small datasets (20, 40, 50 images. . .

etc.). Talavera-Martínez et al.22 tried out deep learning by proposing

a convolutional encoder-decoder architecture that consists of 12 lay-

ers. The training of the model was based on paired images. For each

hair-free image, a simulatedhair is superimposedusing ahair simulator.

The used loss function was composed of five weighted terms, and the

values of the weights were chosen empirically. On the other hand, our

method does not require paired images. We only need to provide the

hair-occluded images as input to the model. As the work in Talavera–

Martínez et al.22 uses simulated hair, which does not look very realistic,

it is hard to judge its efficiency.Moreover, our proposed architecture is

simpler than the one proposed by Talavera–Martínez et al.22 Ours con-

sists only of four layers. The loss function used in Talavera–Martínez

et al.22 is also complex compared to ours. There is also the problem of

weight selection as the weight of each termwas chosen empirically.

Due to the unavailability of the code for works proposed in

Talavera–Martínez et al.,22 we were not able to make a direct com-

parison with our proposed method. Therefore, we opted for using t-

distributed stochastic neighbor embedding (SNE) mapping to the dis-

tribution of the hair-free images generated using our model, hair-free

images generated using Dullrazor, and hair-free images taken from the

HAM10000 dataset. We used the pretrained model53 for melanoma

detection to extract deep features from the last fully connected layer,

which outputs a vector of size 2048*1 and then projected them.

Figure 9 shows that the sets of images belong to the same data dis-

tribution with the higher closeness between the ground truth and the

images generated by ourmethod.

5 CONCLUSION

In this paper, we have proposed a new method based on generative

models for hair removal in dermoscopic images without the need for

paired samples contrary to the previousmethod found in the literature,

which used an encoder-decoder architecture. We have used a varia-

tional AE that ignores hairs during the reconstruction phase to con-

struct hair-free images. We have also proposed an efficient encoder-

decoder architecturewith few layers that leads to better performance.

The training of themodel comprised two training stages. The first stage

of training aimed at eliminating hair, while the second stage helped to

optimize the model parameters to produce images with the same fea-

tures as the input images. Although theVAE gives the desired output, it

does not maintain the quality of the images. Therefore, we have opted
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F IGURE 9 Data visualization using t-SNE for real hair-free images, DullRazor, and for images generated using ourmethodwith structural
similarity index (SSIM) and L2 loss

for using a combined loss function by applying a variety of metrics

that allows not only having hair-free images but also provides a good

reconstruction of the images. The perceptual loss added to the basic

loss has provided an improvement into generated images by the VAE.

Our proposed method can be applied to generate hair-free images

that can be used for data augmentation to address the problem of

lesion segmentation and skin cancer image classification. To enhance

the quality of the generated images, we may try in our future work to

rely on disentangle representation to separate hair and skin without

impacting skin pixels, which showed great success in many fields

such as pose-invariant face recognition and face completion under

structured occlusions.
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