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Figure 1: Our skin texture generation result. (a) is the low-quality face input; (b) is the high-quality generated result, (c) is the
texture details of (b) in the white dotted regions of (a); (d) is the learned texture difference of generated high-quality image (c)

with the low-quality image.

ABSTRACT

Facial skin texture synthesis is a fundamental problem in high-quality
facial image generation and enhancement. The key behind is how
to effectively synthesize plausible textured noise for the faces. With
the development of CNNs and GANs, most works cast the problem
as an image to image translation problem. However, these methods
lack an explicit mechanism to simulate the facial noise pattern, so
that the generated images are of obvious artifacts. To this end, we
propose a new facial noise generation method. Specifically, we uti-
lize the property of blue noise and Gabor filter to implicitly guide
the asymmetrical sampling for the face region as a guidance map,
where non-uniform point sampling is conducted. Thus we propose a
novel Blue-Noise Gabor Module to produce a spatial-variant noisy
image. Our proposed two-branch framework combined facial identity
enhancing with textures details generation to jointly produce a high-
quality facial image. Experimental results demonstrate the superiority
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of our method compared with the state-of-the-art, which enables the
generation of high-quality facial texture based on a 2D image only,
without the involvement of any 3D models.
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1 INTRODUCTION

Skin enhancement task aims to regenerate a high-quality face image
with rich texture details from a low-quality input face image. It is
originated from image restoration and enhancement [49] and is
still an unsolving problem. Usually, the degradation in obtaining
face images would cause a reduction in image quality and result in
low-quality images. Due to the fact that there are always multiple
high-quality images corresponding to a single low-quality image,
this task is typically ill-posed and very challenging.
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Recent years deep neural networks have achieved great improve-
ment in generating images and textures [20, 41, 51]. Most widely
studied works are focused on image restoration and enhancement,
such as image denoising [47, 49], demosaicing [15, 23] and compres-
sion artifacts reduction [12]. Generally speaking, image enhance-
ment is basically to improve the interpretability or perception of
information in images for human viewers by modifying the image
attributes, which could generate the desired result for specific tasks.
In our skin enhancement task, it is to improve the image quality
via generating more skin texture details through additional noise
module to make the face more realistic.

Procedural noise functions [24, 25] are widely investigated due
to its ability for modeling and creating procedural arbitrarily com-
plex textures, compared with the difficulties via previously manual
methods. Among which, Gabor kernels are generated from Gabor
function and have been extensively used in computer vision tasks
to extract and model image texture information [14, 26]. It is well
known for responding to the edges and textures of varying fre-
quencies and orientations, which exhibits a vision similar to human
visual perception. Besides, the procedural noise based on Gabor
kernels could generate textures with stretched and rotated patterns.
The direct control over the frequency characteristics makes it easier
for specifying the feature density and smoothness. However, man-
ually designed Gabor kernels [33, 40] exist the problems of fixed
parameters, thus it may not be appropriate for specific texture fre-
quencies, which needs to test many times. Motivated by the learning
ability of deep neural networks, we thus incorporated Gaber kernels
into the networks as a convolution layer to extract and analyze the
texture of the image, which could be learned and modified during
training. Blue noise [11, 46] is a kind of point distribution, which
properties are usually defined in the spectral domain. It contains
more high-frequencies and fewer low-frequencies. For this reason,
we choose it as the point distribution to facilitate modeling the
missing visible textural details via incoherent noise combined with
Gabor kernels. By enriching the fundamental texture of images,
the visual complexity and quality of the computer-generated image
could be significantly improved.

Inspired by the learning ability of deep generative networks [18],
in this paper, we propose a novel end-to-end trainable generative
model for skin enhancement of face images, namely SkinNet. As
shown in Figurel, our model takes a low-quality face image as input
and generates a high-quality face image. It consists of a two-branch
sub-network and a discriminator, which target to restore the face
identity content and enhance the skin texture details. In the training
phase, the blue-noise is adopted to modeling the high-frequency
noises on face skins. Convolution Gabor kernels are also used to
extract and analyze the high-frequency skin details features. By em-
bedding our Blue-Noise Gabor module into the network, our model
generates good results and shows a good representation learning
ability for textures, which could better restore the details of Low-
quality face images. After training through adversarial learning,
our discriminator can distinguish the generated face images with
ground truth high-quality face images.

To summarize, our main contributions are:

e A novel deep generative model, SkinNet is proposed to en-
hance the detailed features of facial skin, which include two-
branch, one is the identity content enhancement branch, the
other one is the texture detail generation branch.

o A Blue-Noise Gabor Module is proposed aiming at the en-
hancement and synthesis of high-frequency textures with
different magnitude and orientation, e.g. pores and tiny wrin-
kles.

o A spectral-spatial loss is proposed to enforce the similarity
of both high-frequency texture details and low-frequency
content features encoded by the perceptual network.

e We are the first to apply deep generative methods on the
synthesis of texture details on skin image, which greatly
improve the photo-realistic quality of face image.

2 RELATED WORK

Image Restoration. Image restoration is an important image process-
ing technique for recovering clean images from the corrupted ones
that have been widely explored in the past decades. Early methods
[35, 43, 45] mainly rely on hand-craft image features or priors and
may fail on the restoration of complex cases. Recently, deep learn-
ing based network architectures have shown their great success on
a variety of tasks such as image super-resolution [13, 27, 31, 44],
image deblurring [5, 29], image denoise [36] and etc. A series of net-
work architectures have been designed for extracting features from
low-quality input and recovering more high-quality details. Gener-
ative Adversarial Network (GAN) [18], as a promising technique
for data generation, has been widely studied for image restoration
tasks [27, 44]. Its merit for modeling complex real data distributions
via adversarial training plays an important role in generating fine
details. Face restoration [4, 7, 32] as a special kind of image restora-
tion, has also attracted great attention in the research community.
Compared with general image restoration, some prior information
such as facial landmark [4] and 3D face model [7] can be utilized
for generating face images. However, previous works still have
limited ability in generating high-frequency facial details. Thus in
our work, we use the Gabor module with noise to regress the de-
tails of the high-frequency noise of face images and show superior
performance in generating facial details.

Image Enhancement. Image Enhancement which aims at adjust-
ing the colors and enhancing the details of the images has been
widely explored in the research community in recent years. Tra-
ditional methods [1, 42] mainly rely on heuristic rules and apply
hand-crafted operations for processing the images. Recently, var-
ious neural network architectures have been designed for image
enhancement. [48] is the pioneering work for image adjustment.
[6, 16] propose to use neural networks for approximating image
filters and achieve considerable improvements, while those meth-
ods are limited to learning existing image filters. Like other image
generation related tasks, GAN and its variants have also been ac-
tively studied in image enhancement tasks [19] [8]. In our work, we
propose a two-branches skin enhancement network for enhancing
local texture details while also keep the facial identity content of
the input image.
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Figure 2: The framework of our two-branch skin enhancement network.

Procedural Noise Functions. Procedural noises have been widely
used as a modeling tool for texture synthesis, which has become an
essential part of computer graphics applications. Besides the first
introduced Perlin noise [37]. Many other procedural noise func-
tions have also been proposed, including the sparse convolution
noise [28], [26], Perlin noise [38], wavelet noise [9] and anisotropic
noise [17]. Among these noises, sparse convolution noise can be
constructed around specific evaluation functions. One drawback
of sparse convolution noise is the generated poor kernels violating
the ideal noise requirements. However, Gabor noise [26] solves
this problem by using a kernel that is a combination of a Gaussian
curve and a cosine curve, which is procedural, could be spectral
controlled, and support anisotropy. With the development of deep
learning techniques, various networks have been designed for im-
age and texture synthesis. Among which Gabor kernel has also
been adopted in the network applications [34], due to it is sensitive
to textures details. In this work, we proposed blue noise Gabor
module, which takes the advantage of random evenly sampling
properties of blue noise and the ability of Gabor kernel to extract
textures with different orientations and scales to generate spatially
varying textures details.

3 APPROACH

Generic single image restoration and reconstruction aims to learn
a mapping function X = f(x) to estimate a high quality image x
with a given input x. For our skin enhancement and texture gener-
ation task, let’s denote x; as the low-quality face image with noisy,
blurred, or compression artifacts, and denote xy, as its ground truth
high-quality face image. In this paper, the reconstructed skin image
X, can be obtained by training through X, = Hsinner (1), Where
HskinNer is our proposed two-branch skin enhancement network
as detailed later. The key to generating high-quality skin textural
details behind this network is a novel Blue-Noise Gabor Module
together with a loss function formulated in both spectral and spa-
tial domains, as introduced in Section 3.2 and 3.3 respectively. The
former one focuses on regressing the high-frequency noisy details,
and the latter one is designed to capture the face identity structural
information and local skin textural details.

3.1 Two-branch Skin Generation Network

Our SkinNet, Hsginner, follows a deep generative model for en-
hancing visually pleasing face images and generating skin texture
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Figure 3: The illustration of Gabor kernel (Up left) and blue
noise (Bottom left). The difference between random sam-
pling and blue noise sampling is shown in the right.

details. Its network structure is illustrated in Figure 2, which is
composed of a texture detail generation branch, an identity content
enhancement branch, and a discriminator network to jointly restore
the fine face. We target to disentangle the face image into identity
content and texture details. Specifically, the identity content en-
hancement branch focuses on shape improvement, e.g. boundary
enhancing, deblurring and denoising, while the texture detail gen-
eration branch focuses on modeling and generating the skin texture
details via Blue-noise Gabor module. The feature maps produced
by two branches are then fused together to obtain global feature
maps,

HskinNet (X1) = Fuse(widentity(xl) ® Hiexture(X1)) (1

where Hj(x;) & Hr(x)) refers to element-wise addition of the fea-
ture maps produced by the identity branch Hj(x;) and the texture
branch Hr(x;). Fuse(-) is composed of 1 X 1 and 3 X 3 convolution
layers, and is designed for fusing features from different levels. We
also incorporate a discriminator to distinguish the fake skin detail
enhanced images from the real ones, which is demonstrated useful
in generating realistic details.

3.1.1 Identity Content Enhancement Branch. We define the identity
structure as the part of the image which contains the most energy
region of the spectrum in the spectral domain. In a low-quality
image, the face shape is better preserved compared with the detailed
skin texture. Our Identity content Enhance Branch focuses on the
improvement of these structural identities.

The identity branch takes a low-quality image x; as input and
extract feature maps via a 3X3 convolution layer followed by a ReLU



layer. The feature maps then go through several sequential Dense
Residual blocks [50], which consist of dense connected layers and
local feature fusion to effectively extract abundant local features.
The connected layers of Dense Residual blocks are formed by a 3x3
convolution layer with ReLU activation. Each layer has a direct
connection to all subsequent connected layers, which details could
refer Dense Residual blocks [50]. The network is then followed by
another 3 X 3 convolution layer with a ReLU layer and added with
the input x; to reconstruct the Identity face image.

3.1.2  Texture Detail Generation Branch. The texture detail genera-
tion branch is designed for modeling the high-frequency features
on the skin surface. It takes as input a low-quality face image and
output feature maps containing enhanced high-frequency detail
information from multiple levels. Specifically, it first extracts the
feature maps with a 3 X 3 convolution layer followed by a ReLU
layer, and the feature maps are then passed through several paral-
lel Blue-noise Gabor modules with different learned Gabor kernel
size, scale magnitude, frequency, bandwidth and orientation for en-
hancing high-frequency detail information. Finally, the enhanced
feature maps with different Blue-noise Gabor modules are then
added together and fused by a 3 X 3 convolution layer with a Relu
layer to modeling the textures and generating feature maps with
high-frequency details. The Gabor modules with different param-
eters in this branch represent different high-frequency patterns,
which makes the network capable of modeling different types of
low-level skin texture details for high-quality image restoration
tasks, resulting in better performance. The details of our proposed
Blue-noise Gabor Module is introduced later in Section 3.2.

3.1.3  Global-local Residual Learning. With the usage of global and
local residual learning in spatial and spectral space, our network
could concentrate on learning the degradation components includ-
ing blurring, noisy, or compressed artifacts. Our skin enhancement
is similar to image-to-image translation tasks where the input im-
age is highly correlated with the target image. The network learns
the residuals between input and output, namely global residual
learning. The skin enhancement avoids learning a complicated
transformation from one image to another completely different
image, instead, it only requires learning a residual map to restore
the missing high-frequency skin texture details. The local residual
learning among the Blue-noise Gabor Module and dense residual
blocks are similar to the residual learning in ResNet. Since the ever-
increasing network depths will cause the degradation problem, the
local residual learning is used to alleviate this problem and reduce
training difficulty and improve the learning ability.

3.2 Blue-noise Gabor Module

Face image with low-quality usually contains more low-frequency
content, which lacks the high-frequency texture details. These tex-
tures could be regarded as a specific type of face noise distribution.
In other words, the key to reconstructing a high-quality face image
is to effectively model and generate such a distribution. To this end,
we propose a novel Blue-noise Gabor Module, which is designed
for adding frequency details to the feature maps via blue noise-
sampling convolution with learned Gabor kernels during training
to be vital for generating high quality realistic facial skin details.

3.2.1  Gabor Noise. Gabor noise [26] has a power spectrum that
could be used as a basis to approximate arbitrary power spectra of
images.

It is defined as a sum of weighted and randomly positioned Gabor
kernels G,

NK Fo.awy (X, Y) = Z WiGK, Fo.a,wo (X = Xis Y — Yi) @)
7

where w; denotes the weights, K, Fy, a, 0o and (x;,y;) denote the
magnitude, frequency, bandwidth, orientation and position of the
Gabor kernel respectively. The Gabor kernel G can be regarded
as the product of a Gaussian kernel and a 2D sinusoidal function,
which is defined as:
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7@ (XHY) oo [27Fy (x0 cos wo + yo sin wp)]

©)
where K and a represent the magnitude and the width of the Gauss-
ian, and F) is the frequency of the cosine and wq controls the orienta-
tion. Our proposed module consists of the convolution of blue-noise
with the Gabor kernel dipicted as,

QK,Fo,a,wo (x, y) =Ke

NK Fo,a,00 (6, Y) = Z Wib(xyi} ® GiKFaw | (6Y) (4
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where the Gabor kernels G; are learned during network training.
The specific point distribution é here denote blue-noise, where
(xi, y;) denote the i-th blue-noise positions.

3.2.2  Blue Noise Sampling. Blue noise as a kind of point distri-
bution contains higher amounts of high-frequencies and lower
amounts of low-frequencies. It has a more even distribution com-
pared with the random noise sampling as seen in Figure 3. For this
reason, we choose it as the point distribution to facilitate enhancing
the local high-frequency skin texture details of the face images.

Specifically, blue noise isa set X = {x; € D;i =1,2,...,N} of N
samples satisfied the constraint that Vx;,x; € X, ||x,- - Xj” > 2r,
where r is the distribution radius enforcing the minimum distance
constraint between any pair of sample points. A uniformly dis-
tributed random sample x; of X has a probability of falling inside a
space region D. This is a process that distributes uniform random
samples on a domain space based on a minimum distance criterion
between samples. Its Fourier spectrum shown in Figure 3 exhibits
the blue-noise property, which has low anisotropy and a small
amount of low-frequency energy. Thus, the blue-noise samples are
evenly located but remain at least a minimum distance r apart from
one another.

3.2.3 Module Structure. As shown in Figure 2 (bottom right), the
proposed Blue-Noise Gabor module takes the feature maps F ex-
tracted from low-quality image x; as input and produces a set of
feature maps containing enhanced high-frequency detail informa-
tion. Specifically, we randomly generate the blue noise and weight it
via a 1X 1 convolution layer. The weighted Blue-noise is then added
to the input feature maps F. The added feature maps are further fed
into a Gabor layer followed by a 3 X 3 convolution layer with ReLU
as activation for enhancing high-frequency detailed information.
The Gabor layers are trained and learned to be updated continu-
ously during training. The weights of Gabor layers are implemented
as a convolution layer initialized with Gabor kernels with different
parameters K, Fy, a, and wo. The design choice of the Blue-noise



and the Gabor layer endows the network with the capability of
capturing different visual details and encoding different frequency,
spatial localization, and orientation information into the feature
maps, which is essential to produce the high-quality skin texture
details on the face images. More importantly, the produced skin
texture details are stationary by chosen blue-noise as distribution,
which is translation-invariant and has no location bias.

3.3 Spectral-Spatial Skin Enhancement Loss

We design a customized loss to train the aforementioned network
in an adversarial manner. The loss is composed of a spectral and
a spatial loss, which enables the network to learn the statistics
of face images and to reconstruct photo-realistic face skin with
high-quality detail textures.

3.3.1 Spatial Loss for Visual Identity. The spatial loss is designed
to force the reconstructed face image to have clearer structure
compared with the low-quality input image. We define the spatial
similarity loss as the sum of pixel-wise [; loss and the feature-level
perceptual loss[20],

Lo=h Yl —xall+ g5 G) — gl )
iel JjEP
where ¢(X,) and ¢(xp) correspond to the feature maps extracted
from the reconstructed image %, and the ground truth image xj,
respectively with a pretrained VGG-16 network [39], subscripts i
is the pixel in I'; subscripts j in ¢; indicate pixel j in ¢-th layer of
the VGG feature maps, and A refers to the balancing coefficient.
Such design choice simultaneously takes pixel value, semantic
feature, and high-level structure information into consideration,
and encourages the reconstructed images to have the same statistics
with the high-quality ground truth images.

3.3.2  Spectral Loss for Frequency Details. Real-valued periodic im-
age signals can be expressed as the sum of sinusoidal oscillations of
various frequencies, magnitudes and phase shifts [2]. Fourier trans-
form, which can be used to transfer the signals into spectral domain
have been widely used in image analysis. It could solve the difficulty
to recognise noises in spatial domain by transforming it into spec-
tral domain. Our proposed spectral loss L is designed to calculate
the Fourier coefficients and enforce the similarity of reconstructed
image with ground truth in the spectral domain. The spectral loss
Ly is a weighted version of I; loss of Foriour transformed images,
defined as,

Lr= Y (F ®%)i — (F @ xp)ill2 ©)
iE]f
where xp, is the high-quality ground truth image, X, is the recon-
structed image. ¥ ® denotes the Foriour Transform. i is the pixel
from the transformed image ¢ in spectral domain. The discrete
Fourier transform ¥ ® on image 7 is defined as,
M-1N-1 ) i 0
FIp) = > > fD)e N, (uo) e I, (L) e I (7)
i=0 j=0
where f(7') denotes a M X N image in spatial domain, i=0,1,..., M—
1,j=0,1,...,N—1. T(If) denotes the Fourier transform of image
I, where Iy has the same size with 7.

The spectral loss used in our pipeline enforces the reconstructed
images to maintain a similar frequency spectrum with the ground
truth images, and lead to high-quality skin texture details.

3.3.3 Total Energy Function . Our model is trained through ad-
versarial learning. The two-branch network generates the recon-
structed face images, where the discriminator distinguishes the
reconstructed images from the ground truth. The adversarial loss
is defined as below:

Lady = minmax Ex-p,,,, [Log(D(x)) | +Ex~Pyy, [ log(1 = D(G(x))) ]

The generator G and discriminator D are trained alternately by
solving the mini-max optimization problem.

We incorporate three additional loss terms into the adversarial
training process L ;4,, i.e. the spatial identity loss (L), the spectral
frequency loss (L) and the regularized term Ly, The loss function
is defined as:

Liotal = Lado + AsLs + /1f£f + Ao Lto, ®)

where A, /1f and A, are balancing weights. The total variation
(TV) regularizer is used to encourage the spatial smoothness of the
enhanced face skin image.

4 EXPERIMENTAL RESULTS

4.1 Datasets and Implementation details

We conduct extensive experiments on two datasets: CelebA-HQ [21]
and Flickr-Faces-HQ (FFHQ) [22]. The image resolution of both
CelebA-HQ and FFHQ is 1024 X 1024. CelebA-HQ consists of 30,000
high-quality images, while FFHQ consists of 70,000. The FFHQ
dataset includes vastly more variation than CelebA-HQ in terms of
age, ethnicity. Our training and testing dataset contain high-quality
images from both CelebA-HQ and FFHQ datasets together.

The degradation process could be affected by various factors in-
cluding sensor and speckle noise, compression artifacts, anisotropic
degradations, which is unknown and makes it difficult to model
the degradation mapping. We pre-process the degradation to origi-
nal high-quality images to get low-quality images as paired data
to build our training datasets. In the training phase, we crop face
regions of the training images with size 256 X 256 without other
pre-alignment operation. Both input and output images are of size
256 x 256. For testing, we send the 1024 x 1024 image as the input.
The Gabor kernel in our proposed module is implemented as the
basic convolution filter layers. Poisson-disk sampling [3] is used
here to implement blue-noise. In the training phase, the blue-noise
is adopted to model the high-frequency noises on face skins. Con-
volution Gabor kernels are also used to extract and analyze the
high-frequency skin detail features.

4.2 Quantitative and Qualitative Comparisons

In order to evaluate the performance of our proposed network, we
compare with the state-of-the-art methods, including EDSR [31],
SRGAN [27], ESRGAN [44] and SRFBN [30] qualitatively and quan-
titatively. In the skin enhancement task, We compare our method
with other state-of-the-art methods by evaluating the performance
of all the methods quantitatively on the entire test dataset with the
settings as described before. Average PSNR, the structural similarity
(SSIM) scores, and the learned perceptual image patch similarity
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Figure 4: Quantitative comparisons on the state-of-the-art methods on skin enhancement task. (The resolution of image is

1024 X 1024, please zoom in for better visual quality.)

Figure 5: Features learned by Blue-noise Gabor Module. Left
up coner is the low-quality input face image.

(LPIPS) are used as the evaluation metrics. The comparisons be-
tween our model and other state-of-the-art methods are presented
in Figure 4 and Table 1.

Qualitative comparisons of face skin enhancement between our
method and other state-of-the-art methods are shown in Figure 4.
Obviously, EDSR fails to generate authentic facial details and the
boundary of faces is still blurry. SRGAN has got better results than
EDSR, however, it still could not generate the tiny pores or wrin-
kles. ESRGAN and SRFBN can produce better results, however, they
have ringing artifacts around facial components, including eyes,
forehead, and around the mouth, which still lacks detail high fre-
quencies features. The skin details of our results tend to be more
appealing and clearer than those from other methods especially
on the forehead, cheek, and wrinkles around the eye, our method

Table 1: Quantitative comparisons of PSNR and SSIM on the
state-of-the-art methods on skin enhancement task.

Method: SAN EDSR SRGAN  ESRGAN SRFBN Ours

PSNR 28.43 27.97 25.38 28.69 28.93 34.32
SSIM 0.765 0.737 0.612 0.803 0.780 0.878
LPIPS 0.188 0.428 0.336 0.155 0.132 0.032

generates texture details more accurately, due to it not only en-
hances the image quality through identity content branch but also
generate more skin details through our proposed new blue-noise
Gabor module in texture branch.

Table 1 provides quantitative comparisons with state-of-the-
art super-resolution techniques for skin enhancement. It indicates
that our method achieves superior performance compared to other
methods, i.e., outperforming the second best with a large margin of
5.39 dB in PSNR, 0.075 in SSIM and 0.032 in LPIPS. Besides, we have
also compared with SAN [10], which PSNR (28.43 dB) and SSIM
(0.765) are lower than ours. Since the complexity of the method
makes it unable to process large images with limited GPU memory,
we do the comparison on the cropped images with size 256 X 256.

4.3 Ablation Studies and Discussion

In this section, we conduct an ablation study on the proposed Blue-
Noise Gabor Module and spectral-spatial loss function.
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Figure 6: Skin texture generation results from our model. For each result, left image is the input low-quality image; right is
the result after skin enhance.



Table 2: Ablation study of our proposed network with differ-
ent setting. (Setting; is to study the effect of different types
of noise used in the Module; Setting; is for different losses.)

Setting without noise Random-noise Blue-noise
PSNR 29.89 30.6 34.32
SSIM 0.794 0.802 0.878
Setting; -Ladv , Ls Ladv > -Lf Ladu , Ls, Lf
PSNR 30.47 29.45 34.32
SSIM 0.810 0.792 0.878
Settings ﬂidentity Htexture Widentity > ﬂtexture
PSNR 30.23 30.01 34.32
SSIM 0.821 0.797 0.878
Blue-noise

Input Without noise Random-noise Ground Truth

Figure 7: Ablation study on noise in Blue-Noise Gabor Mod-
ule. (From left to right: Input; results without noise; random
noise; blue noise; GT. Zoom in for better view of details.)

Input Lt Zs

Lotvt Zy

Lt Zs+Z;  Ground Truth

Figure 8: Ablation study on the loss function. (From left to
right: input; results with £L,g, + Ls 5 Logo+ L3 Lago+ Ls+ Ly
GT)

4.3.1  Effectiveness of Blue-Noise Gabor Module. We conduct ab-
lation experiments about the proposed Blue-Noise Gabor Module
here. Table 2 illustrates the quantitative results of the ablation study
of different types of noise used in the Blue-noise Gabor module.
The module using Blue-noise shows superior performance com-
pared with that using Random-noise or without using noise, i.e.,
outperforming the second-best with a large margin of 3.72 dB in
PSNR and 0.076 in SSIM. Figure 7 demonstrates some qualitative
results, it shows that the network produces blurry results without
using any noises, this is because the network lacks the ability to
model the high-frequency skin texture details with the absence
of the noise. The results with random noise used still has fewer
details compared with the result using Blue-noise, due to the fact

that random noise may have clustered at some local regions, and is
less effective in modeling the texture details.

Figure 5 demonstrates some feature maps learned by our Blue-
noise Gabor Module, it shows that our Gabor layer learns the tex-
tures of the skin surface with different values denoted by different
colors, scales, and orientations. It could even extract small dotted
and thin wrinkles of the skin surface, which shows the detailed
textures with different frequency and magnitude could be learned
from our proposed blue-noise Gabor module.

4.3.2  Effectiveness of Loss Function. We also conduct ablation ex-
periments about the proposed spectral-spatial loss. Table 2 illus-
trates the influences of different losses on the performance of gener-
ating high-quality face images. It shows that only using the spectral
loss L ¢ or the spatial loss L will lead to much lower performance
on PSNR and SSIM compared with our spectral-spatial loss. Fig-
ure 8 demonstrates some qualitative results. Obviously, the results
produced by using a full set of losses looks much clearer and have
more realistic skin texture details ( e.g. pores and tiny wrinkle, with
different magnitude and orientation), compared with the results
produced by using only spectral or spatial loss which seem to be
blurry and have unrealistic artifacts.

The pixel-wise L1 loss does not take image quality into account,
which results lack high-frequency details and is perceptually unsat-
isfying with over smooth textures. Thus the feature-level perceptual
loss improves the visual quality, and the spectral loss is a target to
maintain the high-frequency textures, together with the discrim-
inate loss makes the faces sharper and more realistic. Therefore,
by both using L and L, our model creates much more realistic
textures and produces visually more satisfactory results.

4.3.3 Effectiveness of Two-branch Framework. We also conduct
ablation experiments about the proposed two-branch framework
using identity content branch and texture generation branch in
Table 2 The PSNR and SSIM of 1) identity branch only, 2) texture
generation only and 3) both branches are 30.23/0.821, 30.18/0.842,
and 34.32/0.878, respectively. This ablation study reveals our pro-
posed network including both braches achieves the best quality,
due to both removes blur and artifact and generates more details
skin textures such as wrinkles and pores at the same time, so as to
demonstrate the effectiveness of the branches we design.

5 CONCLUSION

In this paper, we propose a Facial skin enhancement method. We
design a novel deep generative model, SkinNet to enhance the detail
features of facial skin, which contains an identity content enhance-
ment branch and a texture details generation branch. A novel Blue-
Noise Gabor Module is proposed aiming at the enhancement and
synthesis of higher frequencies detail textures, e.g. pores and tiny
wrinkles, with different magnitude and orientation of Gaber ker-
nel and could be learned during training. Our spectral-spatial loss
is proposed which enforces the similarity of both high-frequency
details together with low-frequency content features encoded by
a perceptual network. Extensive experimental results have shown
that our method greatly can generate high-quality realistic skin tex-
ture details from the low-quality input face image and outperform
the state-of-the-art methods.
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