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Abstract. With the wide use of beauty camera, the makeup transfer for old photo has a certain application
value. In this paper, we propose a new makeup transfer model considering a specific scene that is blurry target
image. We use SRWGAN-GP to reconstruct the blurred target image to make it clear and then create face
makeup upon it with example image as makeup style. And we take the beauty in Baidu AI as the evaluation
standard of makeup. Experimental results demonstrate the effectiveness of our method, and it greatly improves
the beauty of the blurry target image. What’s more, our method has certain application value, it provides an
effective way to transfer makeup for old photo, and the result image is very clear, which is more valuable for
users than the blurred photo using original makeup transfer method.
Keywords: makeup transfer · single image super-resolution · generative adversarial network.

1 Introduction
Makeup makes all the difference when it comes to beauty, it not only making people more attractive, but also affects
judgements of competence and trustworthiness. There are two methods can provide a makeup preview effect, one
is apply makeup directly on the face, however, this method is time-consuming and the maker needs enough skill,
another way is try on makeup with the help of photo editing software, such as Adobe Photoshop, but using such
software relies heavily on the user’s expertise. In this case, it is very convenient and practical for users to translate
the makeup style from a given example image to another non-makeup image while preserving face information.
The research about makeup transfer is quite limited. The earliest work in this field was put forward by Tong et
al. [1] based on image technology, their method needs image pairs of model before and after makeup as reference,
extracts makeup style from image pairs and transfer this makeup effect to target image. However, it is difficult to
obtain the before and after makeup sample in most case. Different from the above method, Guo et al. [2] only need
an example image as reference, they decompose the target image and the example image into three layers, and
transfer the makeup information from each layer of the example image to the related layer of the target image. And
our work is based on Guo’s method. Li et al. [3] proposed to simulate makeup by controlling the inherent image layer
of photos based on the adaptability of physical reflection model. Scherbaum et al. [4] proposed a virtual makeup
recommendation system based on 3D variable face model, and this system still needs image pairs with before and
after makeup. Liu et al. [5] developed a fully automatic system for hairstyle and facial makeup recommendation
and synthesis. Ren et al. [6] proposed an adaptive makeup transfer based on the bat algorithm to solve the problem
that only a single makeup effect can be transferred. The above makeup transfer work is based on the graphic image
method. With the development of deep learning [7], some researchers implemented makeup transfer using the deep
learning method. Gatys et al. [8] introduced an artificial system based on a Deep Neural Network that creates
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artistic images of high perceptual quality. Liu et al. [9] designed an end to end Deep Localized Makeup Transfer
Network to automatically transfer the makeup style of example image to the target image. Li et al. [10] proposed
a method called BeautyGAN which is an instance-level facial makeup transfer with deep generative adversarial
network. However, existing research all focused on how to make the effect of makeup transfer more natural, without
considering a specific situation: the target image is blurred, which also affects the effect of makeup transfer.
Single image super-resolution (SISR) aims at recovering a high-resolution (HR) image from a single low-resolution
(LR) one, and it well solves the problem that the makeup transfer effect caused by blurry target image is poor.
Recently, researchers focus on deep neural network approaches to solve the SR problem. SRCNN [11] is a pioneering
approach to image super-resolution using deep learning model, and this method directly learns an end-to-end
mapping between the low/high-resolution images. Ledig et al. [12] applied GAN in SISR problem, and puts forward
a framework capable of inferring photo-realistic natural images for 4× upscaling factors. Yu et al. [13] resigned
the SRGAN based on WGAN-GP, and using VGG16 network for feature extraction. Wang et al. [14] proposed
an enhanced SRGAN to address the problem that the hallucinated details in SRGAN are often accompanied with
unpleasant artifacts, and they improved the network architecture, adversarial loss and perceptual loss for enhance
the visual quality.
Consider this scenario: as an input image in the makeup transfer method, the target image is blurred, such as
old photos. It is very practical for users if there is a new makeup transfer method which can create face makeup for
the blurry image by using example image as the makeup style.
Different from the existing makeup transfer work, we propose a new makeup transfer model considering the
target image is blurred. In our method, the blurry image is reconstructed using a single image super-resolution
method, and then create the makeup for the target image after super-resolution reconstruction. In addition, we
take the beauty in Baidu AI as the evaluation standard of makeup. Experimental results show that the beauty of
the target image was greatly improved by our method. What’s more, our method is very practical, it provides an
effective way to transfer makeup for blurry photos, and the result image is very clear, which is more valuable for
users than the blurred photo using original makeup transfer method.

2 Method

Fig. 1: The workflow of our method. W denotes warping. ∇ denotes gradient editing. + denotes weighted addition.
α denotes alpha blending.
The input of our method is two images, one is blurry target image I, a face image to be applied with makeup,
and another is example image E, an image providing makeup style. The output is result image R, which retaining
face structure of I and applying the makeup style of E.
The workflow of our method is shown in Fig. 1. There is two main steps. First, blurry target image should be
reconstructed using the SRWGAN-GP [13] method to obtain a clear target image, specifically referring to section
2.1. Because the information is transferred pixel by pixel, super-resolution of blurry target image is necessary before
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makeup transfer. Followed is makeup transfer, we transferred the makeup style of example image to clear target
image. Face alignment should be done between target image and example image. We decomposed the two images
into three layers: face structure layer, skin detail layer and color layer, and transferred the information from each
layer of the example image to the target image. The face structure layer and color layer adopted gradient editing
and alpha blending for makeup transfer, respectively. And skin detail transfer is straightforward. Finally, three
resultant layers are composed together.
The researchers of makeup transfer usually adopt qualitative analysis to evaluate the makeup effect, and it is
subjective. We introduce a quantifiable evaluation standard for makeup, namely beauty in Baidu AI. Based on
professional deep learning algorithms and massive data training, Baidu AI ranks the world’s leading in the most
authoritative public evaluation competition. It can quickly detect faces and return facial attributes, including beauty.
And the beauty can score the level of appearance, ranging from 0 to 100, with the larger the more beautiful [15].

2.1 SRWGAN-GP
We use SRWGAN-GP [13] network to solve the problem of super-resolution of target image. The architecture of the
SRWGAN-GP can be referred by Fig. 2 and Fig. 3. The low resolution image I LR as the input image, and then the
super-resolution image I SR is generated by generative model. VGG16 is used to extract features of I SR and I HR
(original high resolution image). In Generator Network, the model adopts the residual convolution neural network
to accelerate convergence speed. For each convolution neural module, two convolution layers, two dimensional
reduction layers and two activating layers are used. The Generator Network adopts periodic shuffle for sub-pixel
and generate the I SR according to the preceding feature map. In Discriminator Network, we use Leaky-ReLU as
activation function, which is defined as follows:

Fig. 2: The architecture of the SRWGAN-GP

yi =

xi
xi
ai

if xi ≥ 0
if xi < 0

ai ∈ (1, +∞)

(1)

In equation (1), xi are the input values, and yi are the output values, ai represents the fixed value in interval.
The loss function lloss is divided into generator’s loss function lG and discriminator’s loss function lD . The
functions define lG by lM SE between the I SR and I HR , as while as the lGen produced by discriminator.
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Fig. 3: The architecture of the Generator Network and Discriminator Network
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In the
to
and
 equation above, the precede item refers
 the difference of score from discriminator between ϕ I
HR
SR
ϕ I
. When minimize the lD , the DθD ϕ I
should be larger, and the ϕ (X) should be smaller. The ϕ (X)
means the feature extracted by VGG16.
2.2 Makeup Transfer
In this section, we will introduce makeup transfer from six aspects: face alignment, layer decomposition, skin detail
transfer, color transfer, highlight and shading transfer, lip transfer.
Because the information is transferred pixel by pixel, face alignment should be done. We adopt the method of
Active Shape Model (ASM) [16] to obtain facial landmarks, and there are 79 points on a face is shown in Fig.
4(b). Then we use the Thin Plate Spline (TPS) [17] to warp the example image E to target mage I, described in
Fig. 4(a). Fig. 4(c) shows the facial components defined by the facial landmarks in Fig. 4(b). Fig. 4(d) is the mask
obtained from Fig. 4(c), and the white areas are eyes, nose and mouth, which remain unchanged during the process
of makeup transfer since they contain the face characteristic information of target image.
We decompose example image E after warping and target image I into lightness layer and color layer by
converting two images to CIELAB [18] colorspace. By converting example image E after warping and target image
I into the CIELAB colorspace, two images are decomposed [19] into brightness layer and color layer, and the a∗ , b∗
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(b)
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5

(d)

Fig. 4: Face alignment. (a) Warping the example image to target image, W denotes warping (b) Facial landmarks
on target image (c) Facial components defined by facial landmarks (d) The white area is kept untouched during
makeup transfer.
channel are color layer, channel L∗ is lightness layer. We further decompose the brightness layer into face structure
layer and skin detail layer. We minimize the energy function En to get s:
2

En = |s − l| + λH(∇s, ∇l).

(7)

In formula (7), s and l stand for structure layer and lightness layer, respectively. λ is a constant value to balance
two terms. H(∇s, ∇l) as follows:
H(∇s, ∇l) =

X

2

β(p)(

p

2

|sx (p)|
|sy (p)|
+
).
α
α
|lx (p)| + ε |ly (p)| + ε

β(p) = min(1 − k(q) · e−

(q−p)2
2σ 2

q

(8)
(9)

).

min (height, width)
.
(10)
25
To prevent division by 0, we set a very small constant ε. p is the image pixel. {·}x and {·}y are {·} the partial
derivative of along the x and y coordinates, α is the coefficient. α=1.2 and λ=0.2 in this paper. q indexes the pixel
over the image. k(q) is 0.7 for eyebrows, 0 for skin area, and 1 for other facial components. We get the skin detail
layer d by following the formula:
σ2 =

d(p) = l(p) − s(p).

(11)

′

{·}s , {·}d , {·}c is {·} s the face structure layer, skin detail layer and color layer in this paper. Skin detail transfer is
straightforward, and the resultant skin detail layer Rd is given by the following formula:
Rd = δI Id + δE Ed .

(12)

where 0 ≤ δI , δE ≤ 1, δI and δE are the weight value. We set δI = 1 and δE = 0 to retain the skin detail of the
target image in our paper.
The color layer is transferred by the method of alpha-blending:

(1 − r)Ic (p) + rEc (p) otherwise
Rc (p) =
.
(13)
Ic (p)
p ∈ C1
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The resultant color layer is Rc , and r is weight value. We use r=0.8 in our experiment. C1 is the white area in Fig.
4 (d).
Highlight and shading transfer adopts the way of gradient-based editing:

∇Es (p) β(p) ∥∇Es (p)∥ > ∥∇Is (p)∥
∇Rs (p) =
.
(14)
∇Is (p)
otherwise
For lip transfer, we fill each pixel of R with pixel value from E guided by I :
M (p) = E(q̃).

(15)

q̃ = arg max {G(|q − p|)G(|E(q) − I(p)|)} .

(16)

q∈C2

where M is the lip region after makeup transfer. G(.) denotes Gaussian function, C2 is lip region.
Finally, three resultant layers are composed together.

3 Experiments and Results
In this section, we carried out two experiments. One is to select the method of super-resolution, the other is to
verify the effectiveness of our method. The detail experiments are shown in section 3.1 and 3.2, respectively.
3.1 The Comparison of Different Super-resolution Methods
In order to achieve better super-resolution effect, we used several neural networks and tested their performance.
Then we used metrics to show the performance of the neural network. Two indicators are usually adopted to evaluate
picture quality, SSIM(structural similarity index) and PSNR(Peak Signal to Noise Ratio). PSNR is usually used
to evaluate the quality between the original image and the compressed image. The score of PSNR is not exactly
the same as the visual quality of human eyes, and it is possible that the higher PSNR looks worse than the lower
PSNR. SSIM is the realization of structural similarity theory. The SSIM can better show the difference seen by the
human eye, so this metric is more suitable for evaluating the images in our makeup transfer method. The results of
the different super-resolution neural network are shown in Table 1.

(a)

(b)

Fig. 5: Face makeup. (a) A blurry target image; (b) Example image for makeup transfer.
In this experiment, we used four super-resolution methods, SRWGAN-GP, ResNetSR, Distilled ResNetSR and
ESRGAN, and tested them performance. The blurred image as an input of the super-resolution neural network,
and the super-resolution image can be got after the computation. The input images of these neural networks are the
same, shown in Fig. 5(a), and the output image are shown in the Table 1. For human visual effects, the SRWGANGP’s output image is the clearest and others are worse than it, and we can also get the same result by using the
SSIM matric.
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Table 1: The comparison of different super-resolution methods.
Method

SRWGANGP

ResNetSR

Distilled
ResNetSR

ESRGAN

0.82088

0.79403

0.79364

0.80822

SR_Image

SSIM

In our method, the clearer the input picture is, the more accurate the landmarks are, and the better the effect
will be in the process of makeup transfer. Obviously, the SRWGAN-GP is more suitable in our method. We retrained
the SRWGAN-GP network on the preprocessed Flickr-Faces-HQ Dataset, and all of the down-sampling factors were
set to 4. We use Adam optimizer for training, and the initial learning rate is 0.0001, the beta1 is 0.9, and the beta2
is 0.99. And the network structure has achieved good results in the 4-fold super-resolution task.
3.2 The Improvement of Makeup Transfer by Super-resolution Method
In this part, we use the same example image for makeup transfer, shown in Fig. 5(b). And we used five different
nomakeup blurred images as the input of our method, a, b, c, d and e in Table 2(LR_image). We used the beauty of
Baidu AI to score the images, including the non-makeup blurred image(LR_image), non-makeup super-resolution
image(SR_image), makeup blurred images(LR_image with makeup) and makeup super-resolution image(SR_image
with makeup). The experimental result is shown in Table 2.

Fig. 6: The improvement of makeup transfer by super-resolution method.
In Table 2, the beauty of SR_image are higher than the beauty of LR_image, it can be seen that the superresolution can improve the beauty of LR_image. The beauty of LR_image with makeup is also higher than the
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Table 2: The improvement of makeup transfer by super-resolution method.
a

b

44.55

38.19

44.65

LR_image
c

d

e

53.09

48.85

51.8

43.57

58.65

49.15

53.49

50.04

44.36

59.85

55.19

54.5

51.28

49.99

62.18

55.86

55.73

Method

LR_image_beauty

SR_image

SR_image_beauty

LR_image
with makeup

LR_image_beauty
with makeup

SR_image
with makeup

SR_image_beauty
with makeup
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LR_image, so the makeup transfer can improve one’s appearance level. As for the image with makeup, the beauty
of SR_image with makeup is significantly better than the LR_image with makeup. In Fig. 6, we can see it clearly
that the SR_image with makeup has the best beauty. Our method can effectively deal with the problem of makeup
transfer in the situation of blurry target image.

4 Conclusions
In this paper, we propose a new makeup transfer model that considering the target image is blurry. We first use
SRWGAN-GP to reconstruct the fuzzy target image, and then transfer the makeup style of the example image to
the target image after super-resolution. And we use beauty in Baidu AI to evaluate the appearance level before
and after the makeup transfer. This method effectively solves the problem that the target image is not clear, which
provides a new idea for the old photo to apply work of makeup transfer. The limitation of our work is that we did
not consider the optimization of the makeup transfer process. One future work is to extend this aspect.
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