AN UNSUPERVISED APPROACH TOWARDS VARYING HUMAN SKIN TONE USING
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Abstract

We propose a model to change skin tone of a person. Given any input image of
a person or a group of persons with some value indicating the desired change
of skin color towards fairness or darkness, this method can change the skin
tone of the persons in the image. An illustrative example is shown in Fig. 1.

Original image

Fig. 1: Illustrating the objective of the present work.

e This is an unsupervised method.

e Unconstrained in terms of pose, illumination, number of persons in the
1mage etc.

e The goal of this work is to reduce the time and effort which is generally
required for changing the skin tone using existing applications (e.g., Pho-
toshop) by professionals or novice.

Methodology

e We first segment the given image pixels in two classes, skin and non-skin.

This is achieved by our skin segmentation network which is a Convolutional
Neural Network (CNN).

-'T" his network consists of two sub-networks. The first halt of this network
15 dedicated to skin segmentation objective. This part of the network is
trained using the following loss function,

Lseg — Lc(ﬁjsega ajseg) + Lp(a?sega ajseg) -+ Ls(j\jsegy ajseg)a (1)

where L. (. , .) represents count loss and L, (. , .), Ls (. , .) represents
the perceptual |5 and SSIM [10] loss respectively between the ground truth
(say, Tsey) and the predicted segmentation result (say, Tse ).

-5 kin color estimation sub-network - estimates a rgb value indicating the
skin tone. We used MS-SSIM [9] loss, which is a variant of SSIM [10]. As
this method is unsupervised therefore we do not use any ground truth skin
color annotations for training this network. Instead we fill the detected skin
areas with the predicted skin color and minimize the structural dissimilarity
between the input and the manipulated image.

e The next part of this work which is the final image synthesizer employs a
Conditional Generative Adversarial Network |7] (cGAN). It takes the image
as input, along with the value of a conditional variable and synthesizes a new
image with the skin tone of the persons in the image changed in accordance
with the value of the variable.
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- W e formulate this problem as a conditional image generation problem,
where the source image, along with its skin segmentation (obtained from
the skin segmentation network discussed in the previous section) and a
control variable z is given as input to a ¢cGAN. z controls the amount of
change of skin tone. The value of z = 0 indicates no change ot skin color
while, values less than zero and above zero indicates the amount of change
towards darkness and fairness of skin respectively. Therefore z here plays
the role of a skin tone regulator.

- W e formulate the objective function in the following way;,
Leoan =D+ P4+ Xmxz+1°—¢€) + Lapy. (2)

Where considering Z.—g = fy(z,2 = 0, Zseq) and .20 = fy(x, 2 # 0, Tsey),
we define,

I' = Ly(%.—9, )

FP=L(F._ox2  xXx3i

\ p( 0 seq seg) (3)
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Here A\, m and € are parameters. L 4py denotes the adversarial loss. The
function L,(.,.) indicates VGG-perceptual loss and L;OZOT(., .) indicated a
loss similar in concept to perceptual loss but the underlying network is the
skin color estimation network

We evaluate our model based on the following datasets, Category and At-
tribute Prediction Benchmark, In Shop Cloth Retrieval dataset of DeepFash-
ion [6] and MPV [3]. The In Shop Cloth Retrieval dataset contains in total
52,712 images of multiple views of each person (front, side, back and full)
while the Category and Attribute Prediction Benchmark dataset contains
289.222 number of clothing images, where the images are mostly of mod-
els wearing the clothing. MPV dataset contains in total 35,687 images of
multiple views of each person.

Quantitative Analysis

For quantitative analysis we have reported the scores on the following metrics,
[nception Score (8] (IS) and Frechet Inception Distance [4] (FID), SSIM [10].
We report the value of Kolmogorov-Smirnov test |2] statistic which is a good-
ness of fit test. The values of SSIM are based on the results of the cGAN
generator with z = 0. The scores of IS and FID, suggests that our method
synthesizes quite good quality images which can also be verified visually from
the results presented in the qualitative analysis section.

Dataset INY) FID | SSIM7T
In Shop 3.21 £ 0.17 38.33 0.93
Category-and-Attribute 3.58 4= 0.19 36.19 0.95
MPV 3.03 £ 0.23 42.56 0.92

Tab. 1: Values of Incepion Score (IS) and Frechet Inception Distance (FID) and SSIM on results of different

data sets.
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Dataset KS statistic | P-Value?
DeepFashion (Category-and-Attribute) 0.0249 0.5545
MPV 0.0450 0.0837

Tab. 2: Values of Kolmogov-Smirnov test (KS test) statistic along with the corresponding P-values on results

of different data sets.

Qualitative Analysis

Fig. 2: Results of our method. The source person images are shown in the 1st column, the next column
shows the skin pixel segmentation results. The following columns show the results for different values of z.

Walking along the axis from negative to positive direction increases the fairness of skin.

Fig. 3: Demonstration of result on in-the-wild image (image has been taken from [1]). The values within the
brackets indicates the value of the skin color control variable z. Observe that our segmentation module is not
constrained to background clutter or presence of multiple persons in image. Also it is worth noticing that the

results of the cGAN is perceptually convincing in terms of skin tone variation.
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