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Face sketch synthesis aims to generate a face sketch image from a corresponding photo image and has
wide applications in law enforcement and digital entertainment. Despite the remarkable achievements
that have been made in face sketch synthesis, most existing works pay main attention to the facial con-
tent transfer, at the expense of facial detail information. In this paper, we present a new generative adver-
sarial learning framework to focus on detail preservation for realistic face sketch synthesis. Specifically,
the high-resolution network is modified as generator to transform a face image from photograph to
sketch domain. Except for the common adversarial loss, we design a detail loss to force the synthesized
face sketch images have proximate details to its corresponding photo images. In addition, the style loss is
adopted to restrain the synthesized face sketch images have vivid sketch style as the hand-drawn sketch
images. Experimental results demonstrate that the proposed approach achieves superior performance,
compared to state-of-the-art approaches, both on visual perception and objective evaluation.
Specifically, this study indicated the higher FSIM values (0.7345 and 0.7080) and Scoot values (0.5317
and 0.5091) than most comparison methods on the CUFS and CUFSF datasets, respectively.
� 2021 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

In recent years, face sketch synthesis has attracted significant
attention in the computer vision and pattern recognition area,
due to its important applications in law enforcement agencies
and digital entertainment [1]. In many criminal cases, only limited
information about the suspects is available, because of the low
quality or lack of surveillance videos. In these situations, the
sketches drawn by artists according to the reminiscence of eyewit-
nesses are usually taken as the substitute for identifying the sus-
pects. For example, Fig. 1 shows real instances of forensic face
sketches released by the FBI. Once the police obtain the sketches,
they can narrow down the list of possible suspects by retrieving
the face datasets in law enforcement departments or surveillance
camera footage with the sketches [2]. Moreover, the sketch-style
face images are also applied in animation production and used as
avatars on social media[3].

For face sketch to photo recognition, due to the large modality
discrepancy between face sketches and digital photos, it is more
difficult to directly match face sketch images to photo images com-
pared with homogeneous face recognition [4,5]. Various
approaches have been put forward to solve the modality gap prob-
lem in face sketch recognition, such as modality-invariant feature
extraction [6], common subspace projection [7], and photo to
sketch synthesis [8–12]. Among them, face sketch synthesis is
the most commonly used method, which transforms the face
modality from photo to sketch by utilizing photo–sketch image
pairs as training data, thus the face modality discrepancy is
reduced. After generating face sketches from digital photos, the
face sketch recognition can be performed with conventional homo-
geneous face recognition methods.

Existing face sketch synthesis approaches can be roughly classi-
fied into two categories: traditional exemplar-based approaches,
and deep learning-based approaches. Exemplar-based approaches
search several nearest photo patches from the training photos for
each patch in the test photo. Then, the reconstruction weights
can be calculated by approximating the nearest photo patches to
the test photo patch, which are then utilized to construct the target
sketch patch [13]. The exemplar-based methods are easy to under-
stand and implement. But the searching of nearest photo patches is
time-consuming, and the synthesized sketch images suffer from
block artifacts. Recently, deep learning-based methods have
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Fig. 1. Examples of face sketch for real law enforcement application.
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become new trends in the face sketch synthesis field. These meth-
ods aim at training a deep model that is able to generate face
sketches from face photos, without further training photo–sketch
pairs during testing. The transformation process of deep
learning-based approaches is fast; however, the synthesized sketch
images usually lack facial details, and contain serious noise effects
[14].

In order to address the aforementioned challenges, we present a
face photo-to-sketch synthesis approach based on generative
adversarial learning framework. First, we modify the high-
resolution network [15], which has the ability to maintain high-
resolution representations through the whole process, to generate
realistic face sketch images. Then, a detail loss function, which is
calculated between the Laplacian of Gaussian (LoG) filter of the
input photo image and the predicted sketch image, is proposed,
to restrain the generator to produce face sketch images with more
detailed information. In addition, the pseudo sketch feature is uti-
lized to calculate style loss to make the synthesized face sketch
image having a similar style to the training sketch images. Exper-
imental results indicate that the proposed face sketch synthesis
method achieves superior performance, both on visual perceptual
and objective evaluation.
1.1. Contributions

The main contributions of our work in this paper are summa-
rized as follows:

1) We construct a new generative adversarial learning frame-
work for face sketch synthesis. Our method is capable of gener-
ating unabridged facial content and preserving face details of
the input photo image.
2) We modify the high-resolution network to merge the high-
level feature maps gradually, and utilize it as generator to syn-
thesize realistic face sketch images. The gradual merging strat-
egy has been experimentally proved can preserve more detail
information from source photos.
3) A LoG-based detail loss is designed to cope with the problem
of lack of facial details in synthesized sketches. To the best of
our knowledge, it is the first time to employ this idea to con-
straint the detail information in image transformation tasks.
4) The effectiveness of the proposed method is qualitatively and
quantitatively validated on multiple public datasets. Compared
with the state-of-the-art approaches, our results have abundant
facial details and vivid sketch style.
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The remaining parts of this paper are organized as follows: Sec-
tion 2 introduces the related works, while Section 3 introduces our
face sketch synthesis framework in detail. Section 4 describes the
experiments on multiple face sketch datasets and evaluates the
performance of the proposed face sketch synthesis approach. Sec-
tion 5 concludes the paper and recommends future works.
2. Related works

In this section, we survey the representative works related to
face sketch synthesis, and introduce the Generative Adversarial
Network (GAN) briefly.
2.1. Face sketch synthesis

Traditional exemplar-based face photo-to-sketch synthesis
approaches generate a face sketch image by linear combination
of training sketch patches. The exemplar-based methods mainly
consist of neighbor patch selection in the training photo–sketch
image pairs, and linear combinations with reconstruction weights
in two steps. In the first step, for each test photo patch, several
closest training photo patches are chosen from contiguous posi-
tions. In the second step, a weight vector is computed between
the patch of test photo and the chosen patches of training photos.
After that, the image patch of target sketch can be achieved
through weighted averaging of the corresponding training sketch
patches to the chosen training photo patches. The exemplar-
based face sketch synthesis approach was firstly put forward by
Tang et al. [16], in which all of the training photo–sketch pairs
were utilized to generate a target sketch. Liu et al. [17] suggested
to perform face photo to sketch generation on the image patch
level, where the reconstruction coefficients are computed with
locally linear embedding. Gao et al. [18] proposed a face sketch
synthesis method based on an embedded hidden Markov model.
To consider the dependency relationship between neighboring
sketches, Wang et al. [19] employed the Markov random fields
(MRF) algorithm to represent the neighbor constraints among
adjacent sketch patches. It chose only the best sketch patch from
the training data for each test photo patch. Later, Zhou et al. [20]
utilized a Markov weight fields (MWF) model to select multiple
nearest patches to generate the sketch patch. To speed up the
sketch generation process, Song et al. [21] transformed face sketch
generation task to a spatial sketch denoising (SSD) issue, and
obtained real-time performance on GPU. Peng et al. [22] presented
a face photo-sketch synthesis approach based on superpixel seg-
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mentation. Zhang et al. [23] developed a robust face sketch gener-
ation approach that can produce arbitrarily stylistic sketches with
only a single sketch example. Wang et al. [24] conducted the
neighbor sketch selection and reconstruction weight calculation
with a Bayesian framework. Wang et al. [13] also proposed a ran-
dom sampling and locality constraint (RSLCR) based synthesis
method, in which the training photo and sketch patches are ran-
domly sampled, and the locality constraint was utilized to calcu-
late the reconstruction weight coefficients. Recently, Zhang et al.
[25] designed a dual-transfer framework to preserve the identity-
specific information with inter- and intra-domain transfer pro-
cesses. While the exemplar-based methods can synthesize facial
components well, most of these face sketch synthesis methods
are usually time-consuming, and suffer from blocking effects
around image boundaries.

Deep learning-based methods aim at learning a deep network
model that has the ability to rapidly generate a face sketch image
from the face photo image in the testing phase. Zhang et al. [26]
firstly put forward a deep learning-based face sketch generation
approach with fully convolutional networks (FCN). Reference [11]
modified the convolutional neural network (CNN) with a multi-
layer perceptron convolutional layer to generate sketch images.
Sheng et al. [27] proposed another CNN-based method that utilized
the enhanced cross-layer cost aggregation and 3D PatchMatch to
extract the feature maps to generate face sketch images. Instead
of generating the sketch image directly, Jiang et al. [12] put for-
ward the learning of the residual map between the face photo
and its corresponding sketch image. For the purpose of improving
the quality of the synthesized sketches, some researches proposed
to train deep networks with the assistance of facial components
[28–30]. With the great success of GAN in image-to-image trans-
formation, the researches have explored the employment of GAN
in face sketch synthesis, and achieved impressive performance.
While the deep learning-based face sketch generation approaches
have an aptitude for identity-preserving, facial structures and
details are usually missed during the synthesis phase.

To cope with the weaknesses of the traditional exemplar- and
deep learning-based face sketch synthesis methods. The proposed
method put forward a novel face sketch synthesis framework
which takes the texture details and sketch style into consideration,
and the synthesized face sketches not only can preserve the facial
details of the input face photos, but also have vivid style as the real
face sketches in training dataset.

2.2. Generative adversarial networks

GANwas first devised by Goodfellow et al. [31] to generate real-
istic images by learning the distribution of the training images
with a game theoretic min–max optimization framework. It has
made great achievements in numerous computer vision applica-
tions, such as image super-resolution [32], image style transfer
[33], image restoration [34], and texture synthesis [35]. Two neural
networks are trained alternately in GAN: a generative model G that
generates new samples that are similar to the training data, and a
discriminative model D that distinguish samples in disguise. They
are trained by using adversarial loss, which compels the generated
images to have similar distribution to the real images in the train-
ing data. In order to add more constraints in the generation pro-
cess, various derivatives of GAN have been developed, such as
conditional GAN (CGAN) [36], and auxiliary classifier GAN
(ACGAN) [37]. They usually took extra information (e.g. labels,
attention, and attributes) as auxiliary input to serve as specific con-
ditions. Due to the great generation capability of GAN, numerous
GAN-based face sketch synthesis methods have been proposed.
Wang et al. [38] presented a back-projection procedure for the
synthesized sketches with GAN (BPGAN). Gao et al. [39] took
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advantage of face labels and compositional loss to add facial details
for sketch portrait generation. Zhang et al. [40] utilized multido-
main adversarial learning to synthesize high-quality sketch
images. In [41], Zhu et al. proposed a GAN-based deep collaborative
face photo-sketch synthesis framework with two opposite net-
works which are able to utilize the mutual interaction of two oppo-
site mappings. The previous methods require a mass of paired
photo–sketch images as training data, which are difficult to obtain.
To handle this problem, Zhu et al. [42] developed the Cycle-
consistent adversarial networks (CycleGAN) to deal with the
unpaired image-to-image translation tasks. Based on CycleGAN,
Wang et al. [43] applied the multiple adversarial networks on
the feature maps with different resolution. Chen et al. [44] pre-
sented a semi-supervised learning (SSL) framework to resolve the
limited training photo–sketch pairs for face sketch synthesis,
which obtained impressive performance in the wild. Zhu et al.
[45] employed knowledge transfer framework for training a face
photo-sketch synthesis model with a small set of photo-sketch
pairs.

It can be seen that GAN has become an important deep learning
framework for face sketch synthesis research and attracted more
and more attentions. For GAN, the design of the generator is most
critical. In this study, a modified high-resolution network is pro-
posed as the generator to produce realistic face sketch images.
3. The proposed method

This section presents a generative adversarial learning frame-
work for face photo-to-sketch synthesis. The overall architecture
of the proposed method is first introduced, and then the designed
generator and discriminator structures are described in detail.
Afterwards, the loss functions employed for training the proposed
networks are defined.

3.1. Overall architecture

This paper aims to design a framework that is able to synthesize
a realistic face sketch image with abundant facial details. Fig. 2
shows the overall architecture, which mainly consists of a GAN
deep learning framework. In this work, we firstly improve the
high-resolution network as generator G, which is fed with a face
photo as input image, and a corresponding sketch image with rich
facial details can be obtained. Then, a naive CNN is used as discrim-
inator D to distinguish the synthesized sketches and real sketches.

Assuming (x, y) represents a photo–sketch image pair sampled
from training data, ŷ=G(x) is the target face sketch image. The
objective of GAN for face sketch synthesis can be represented as:

min
G

max
D

V D;Gð Þ ¼ Ex�Px xð Þ log 1� D G xð Þð Þð Þ½ �
þ Ey�Py yð Þ logD yð Þ½ � ð1Þ

where Px(x) and Py(y) are the data probability distributions of train-
ing photo and sketch images. G(x) is the synthesized fac sketch
image by the generator G. D(G(x)) and D(y) are the outputs of the
discriminator D whose inputs are the synthesized fac sketch image
G(x) and the real fac sketch image y, respectively.

To train the proposed face sketch synthesis framework, beside
the adversarial loss, three more loss functions are employed,
including detail loss, style loss, and total variation loss. For simple
depiction, Fig. 2 only shows the detail loss and the style loss. In the
detail loss, the LoG feature maps of the input photo and synthe-
sized sketch images are extracted, and their difference is calculated
as loss value. In the style loss, the K nearest photo-sketch pairs are
first selected based on the VGG19 feature similarity of input photo
and training photos. Then, the distance between feature maps of



Fig. 2. Illustration of the proposed face sketch synthesis method.
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synthesized sketch and pseudo feature maps constructed from the
K selected neighbor sketches measures the style loss value.

3.2. Detailed generator and discriminator networks

3.2.1. Generator network
In the proposed method, the modified high-resolution network

is utilized as the basic structure of the generator. The original high-
resolution network was first proposed for human pose estimation
[46], and further applied for other computer vision tasks, e.g. face
landmark detection, semantic segmentation, object detection, and
image classification [15]. The main characteristics of the high-
resolution network are that it can maintain the high-resolution
representation throughout the whole network, and repeatedly con-
ducts multi-scale fusion across parallel convolutions from different
stages. Motivated by its remarkable success in high-resolution rep-
resentation, we employ the high-resolution network as generator
for face sketch synthesis, and modify its head structure, in order
to gradually aggregate the feature maps from low-resolution to
high-resolution.

Fig. 3 shows the basic high-resolution network, which in the
proposed approach is composed of four stages. The 1st stage is
the high-resolution convolutions. From the 2nd stage, a
multi-resolution block is composed of a multi-resolution group
convolution, and a multi-resolution convolution is placed. In
Fig. 3. The basic structure of the high-resolution network. The horizontal direction cor
represents the resolution of the feature maps.
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multi-resolution group convolution, the input channels are divided
into several subsets of channels, and the convolutions are sepa-
rately performed over each subset at different spatial resolutions.
In multi-resolution convolution, the input channels are divided
into several subsets with multiple resolutions, and the output
channels are also divided into several subsets with multiple reso-
lutions. The input and output subsets are connected in a fully con-
nected fashion, and the connections include three different types:
1) regular convolution; 2) upsampling with bilinear interpolation;
and 3) downsampling with 2-strided and 3 � 3 convolutions. The
output channel maps of each subset are a summation of the out-
puts from each subset of the input channel maps.

In the original high-resolution network, the outputs of different
resolution convolutions at the final stage are rescaled and concate-
nated at once, which leads to loss of detail information in lower
resolution feature maps. Instead, we upsample and merge them
gradually, as compared in Fig. 4(a) and (b). The gradual merging
strategy helps to preserve more facial details in synthesized sketch
image. As depicted in Algorithm 1, from the lowest resolution, we
first interpolate the feature map up a scale, and concatenate it with
the higher resolution feature map. Afterward, two convolutional
layers with kernel sizes of 1 � 1 and 3 � 3 are conducted, and
the channels of the output feature map are the same as those of
the higher feature map. At the end, the high-resolution output
can be obtained. Moreover, we replace the batch normalization
responds to the stage of the high-resolution network, while the vertical direction



Fig. 4. The fusion strategies of high-level feature maps in (a) original high-resolution network, and (b) our method. Here, � indicates the concatenation operation.
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in the original high-resolution network with the instance normal-
ization, which has been proven to achieve better performance in
image-to-image transform tasks [47].

Considering the small numbers of training photo-sketch pairs,
we narrow down the size of high-resolution network model. The
detailed instantiation of our generator network is described here.
The 1st stage is composed of three residual units, and the feature
map in each unit has the shape of 224 � 224 � 32. The size of
the feature map compresses by half, and the channels of the fea-
ture map double every resolution reduction. There are 1, 3, and 2
multi-resolution blocks in the 2nd, 3rd, and 4th stages, respec-
tively. Each branch in the multi-resolution group convolution con-
tains three residual units, while each unit contains two
convolution layers with filter size of 3 � 3 in each resolution.

Algorithm 1. Modified Feature Map Fusion Strategy.

Input: Feature maps of different resolution convolutions at
the final stage: F1; F2; . . . ; FN (N is the number of
resolutions);

for t = 1 to N �1 do
1. Interpolate the feature map up a scale:
Ft = upsample(Ft)
2. Concatenate it with the higher resolution feature map:
bF t = concatnate(Ft , Ftþ1)
3. Conduct convolutions on concatenated feature map:

Ftþ1 = convolute(bFt)
end for
Output: fused high-resolution feature map FN .
3.2.2. Discriminator network
The basic structure of the discriminator network includes five

convolutional layers with strides 2, kernel size 3, and padding 1.
The numbers of filters are 32, 32, 64, 64, and 128, respectively.
After each convolutional layer, the batch normalization and ReLU
activation are stacked. Followed the basic discriminator network,
a convolutional layer with output size of 7 � 7 � 1 and a Sigmoid
activation layer are conducted to predict probability scores
between 0 and 1, which are utilized to distinguish whether the
observed sketch image is real or fake. The detailed structure and
parameter setting of the discriminator network can be seen in
Table 1.
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3.3. Loss functions

This part introduces the loss functions employed for training
the proposed GAN model. Assume that x and y are the training
photo–sketch pair, z is the selected neighbor sketch image, and ŷ
is the synthesized sketch.

1) Adversarial loss for generator is a basic loss in GAN, which
aims at guiding the generator to produce data that look real,
and is able to deceive the discriminator. It can be represented
as:
Ladv�G ¼ Ex�Pphoto xð Þ D G xð Þð Þ � 1ð Þ2
h i

ð2Þ
where Ladv G is the adversarial loss for generator, Pphoto(x) is data
probability distributions of training photo images.

2) Detail loss is designed to measure the facial detail discrep-
ancy. Existing face sketch synthesis methods rarely pay atten-
tion to detail preservation, and thus inevitably result in blur
and artifact effect. In this work, we propose a detail loss to
increase the detailed information in resultant sketch images.
In order to avoid the influence by the deformation in hand-
drawn sketch image, we calculate the mean square error
between the LoG maps of the predicted sketch image and the
input photo image, instead of the ground-truth hand-drawn
sketch. That is although the face photo and its synthesized
sketch have diverse modality, their facial details should be sim-
ilar, as shown in Fig. 5. Therefore, the detail loss can constrain
the synthesized image has proximate detail information with
source image. Eq. (3) represents the definition of detail loss:
Ldetail x; ŷð Þ ¼ kLoG xð Þ � LoG ŷð Þk22 ð3Þ

where Ldetail represents the detail loss, LoG means the Laplacian of
Gaussian filter process.

3) Style loss is utilized to enforce the generated face sketch
images to have similar style to the real hand-drawn face sketch
images. It also helps for face sketch recognition due to the
modality-discrepancy being reduced after transforming face
photo into sketch domain. The high-level feature maps
extracted by the pre-trained VGG deep model are commonly
used to represent image style [33]. In this paper, we adopt the
pseudo-sketch feature [44] to measure the style loss. The flow-
chart of style loss is displayed in Fig. 6, and the formula of style
loss is as follow:



Table 1
Architecture of the discriminator network, where ‘conv’ means the convolution layers.

Layer Conv Conv Conv Conv Conv Conv

Kernel Size 3 � 3 3 � 3 3 � 3 3 � 3 3 � 3 3 � 3
Stride 2 2 2 2 2 1
Output size 112 � 112 � 32 56 � 56 � 32 28 � 28 � 64 14 � 14 � 64 7 � 7�128 7 � 7�1

Fig. 5. Comparison of the facial details between face photo and sketch. (a) Photo image and its facial details extracted with LoG filter; (b) sketch image and its facial details
extracted with LoG filter.

Fig. 6. Illustration of the style loss. The face feature maps are extracted with the VGG19 network. For each feature map batch of input photo, the nearest batch is selected from
feature map batches of neighbor photos at the same position. Then, the corresponding feature map batches of sketches are used to construct the pseudo sketch feature map.
The distance between the pseudo sketch feature map and the feature map of the synthesized sketch forms the style loss.
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Lstyle x; ŷð Þ ¼
X5
i¼1

XJ

j¼1

Wj Ui ŷð Þ
� �

�W0
j Ui xð Þ
� ���� ���2

2
ð4Þ
where Lstyle represents the style loss, Ui �ð Þ is the extracted feature
map at the first channel of ith group of convolution layers in the
VGG19 network, which has 5 groups of convolution layers;
112
Wj Ui ŷð Þ
� �

is a k � k patch centered at a point j of feature map

Ui ŷð Þ, J is the number of total patches; and W0
j Ui xð Þ
� �

is the feature

map patch of the neighbor sketch whose corresponding photo has
the best match feature map in this batch with input photo x.

4) Total variation loss is commonly used in deep learning-based
style transfer tasks, which is able to eliminate noise and artifact
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in the target images [48–50]. To further improve the quality of
the generated face sketch image, we conduct the total variation
loss on the output sketch of the generator:

Lt ŷð Þ ¼
X
m;n

ŷmþ1;n � ŷm;nð Þ2 þ ŷm;nþ1 � ŷm;nð Þ2
� �

ð5Þ

where ŷm;n is the pixel value at (m, n) of the synthesized face sketch
image.
The total loss function for training the generator is formed by
weighted combining of the aforesaid loss functions:
LG ¼ k1Ladv�G þ k2Lstyle þ k3Ldetail þ k4Lt ð6Þ

where the parameters of k are the weighting coefficients, which are
set as [1] to scale the loss values at the same order of magnitude.

5) Adversarial loss for discriminator is used to train the discrim-
inator network in GAN. The well-trained discriminator is able to
distinguish the true sketch image from a generated pseudo
sketch image. The loss function for the discriminator is calcu-
lated on the generated sketch G(x) and real sketch z, which
we randomly select from the neighbor sketch images:
LD ¼ 1
2
Ez�Psketch zð Þ D zð Þ � 1ð Þ2

h i
þ 1
2
Ex�Pphoto xð Þ D G xð Þð Þ2

h i
ð7Þ
where LD is the adversarial loss for discriminator, Psketch(z) is data
probability distributions of training sketch images.

4. Experimental results

4.1. Datasets and implemental details

We evaluate the proposed method on two public face sketch
datasets: CUFS [19] and CUFSF [51], which comprise 606 and
1143 photo–sketch pairs, respectively. The photo–sketch pairs in
the CUFS dataset are well-aligned; however, CUFSF is a more chal-
lenging dataset, due to the sketches having serious deformation,
and are not being well aligned with the photos. Moreover, the pho-
tos in the CUFSF dataset are captured under various light environ-
ments. Fig. 7 shows the examples of photo-sketch pairs in the CUFS
and CUFSF datasets.

The experiment setting and implementation details of the pro-
posed method are introduced here. For convenient comparison, we
Fig. 7. Examples of the CUFS dataset (first three co
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select 268 photo–sketch pairs in the CUFS dataset and 250 photo–
sketch pairs in the CUFSF dataset for training, as the commonly-
used data splitting rule in most face sketch synthesis literature
[13][38]. The remaining photo-sketch pairs are used for testing.
The photo and sketch images of CUFS and CUFSF datasets are with
size of 200 � 250, and when feeding into network for training, they
are resized to 224 � 224. The deep network models in this work
are implemented with Pytorch and trained on a Nvidia Titan X
GPU. The training epochs number is 40, and the Adam optimizer
[52] with learning rate 0.002 is employed for network training.

To evaluate the performance of different face sketch synthesis
methods, apart from the visual comparison, two image quality
evaluation indices were employed for objectively assessing the
synthesized face sketches. Feature similarity image measurement
(FSIM) [53] is a frequently used index for evaluating image quality,
which has high consistency with human visual perception and can
capture similarity between low-level features of the synthesized
image and the ground-truth image. Assume that M, N be the syn-
thesized face sketch image and its ground-truth hand-drawn
sketch image, respectively. The FSIM value of M and N can be rep-
resented as:

FSIM M;Nð Þ ¼
P

SPC � SG max PC Mð Þ; PC Nð Þð ÞP
max PC Mð Þ; PC Nð Þð Þ ð8Þ

where PC is image phase congruency, SPC and SG are defined as
follows:

SPC ¼ 2PC Mð Þ � PC Nð Þ þ T1

PC2 Mð Þ þ PC2 Nð Þ þ T1

ð9Þ

SG ¼ 2GM Mð Þ � GM Nð Þ þ T1

GM2 Mð Þ þ GM2 Nð Þ þ T1

ð10Þ

where GM means image gradient magnitude, T1 and T2 are positive
constants to increase the stabilities of SPC and SG.

In addition, Fan et al. [54] proposed a new image quality evalu-
ation index specifically for face sketch synthesis, named structure
co-occurrence texture (Scoot), which has the ability to measure
the perceptual similarity between face sketches by simultaneously
considering the co-occurrence texture statistics and block-level
spatial structure. The Scoot value ofM and N can be represented as:
lumns) and CUFSF dataset (last two columns).
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Scoot M;Nð Þ ¼ 1

1þ ~W M0� �� ~W N0� ���� ���
2

ð11Þ

where M0 and N0 are the quantized M and N, respectively. ~W �ð Þ rep-
resents the operation of calculating the average feature at different
orientation vectors.

4.2. Ablation study

The proposed face sketch synthesis method integrates the mod-
ified high-resolution network together with several elaborate loss
functions. In order to verify the effectiveness of these components,
two groups of experiments were conducted on the CUFS dataset, in
which the effectiveness of our proposed feature map fusion strat-
egy and detail loss were evaluated emphatically.

4.2.1. Effectiveness of the modified fusion strategy
The first experiment fixed all of the loss functions, and tested

the performance of the different components in the modified
high-resolution network. The images in first row of Fig. 8 illustrate
the synthesized face sketches by original fusion strategy and our
modified one, from which we can observe that less noise and finer
Fig. 8. Results of face sketch synthesis with differen
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detail information are achieved with the proposed feature map
fusion strategy. From Table 2, it can be seen that the performance
improves as more components are added in the generator network.

4.2.2. Effectiveness of the proposed detail loss
The second experiment fixed the modified high-resolution net-

work, and tested the performance of the loss functions in our
method. The images in second row of Fig. 8 depict the input photo
and the synthesized results without style loss and detail loss, with-
out detail loss, and with all aforementioned losses, respectively.
From visual comparison, the style loss polishes up sketch style in
the generated results; however, the detail loss preserves more
facial detail from source photo significantly. Table 3 indicates that
each loss function has positive effectiveness for training the pro-
posed generator network. Please note that the first adversarial loss
in Table 3 includes a simple mean squared error loss, because only
the adversarial loss cannot train the GAN model well.

4.3. Comparison with state-of-the-art face sketch synthesis methods

To demonstrate the performance of the proposed face sketch
synthesis method, six state-of-the-art approaches are compared,
t fusion strategies and different loss functions.



Table 2
The ablation study of the components in the modified high-resolution network on the CUFS dataset.

High-resolution network Modified fusion strategy Instance normalization FSIM Scoot
p

0.7273 0.5123p p
0.7316 0.5268p p p
0.7345 0.5317

Table 3
The ablation study of the loss functions on the CUFS dataset.

Adversarial loss Style loss Detail loss Total variation loss FSIM Scoot
p

0.7081 0.4750p p
0.7290 0.5236p p p
0.7313 0.5258p p p p
0.7345 0.5317
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including exemplar-based methods (MWF [20], SSD [21], and
RSLCR [13]), and deep learning-based methods (FCN [25], BPGAN
[38], and SSL [44]). Figs. 9 and 11 make visual comparisons
between these methods and the proposed method on the CUFS
and CUFSF datasets, respectively. From them we can observe that
the MWF method leads to blurring effects around the image edge
area, because of the weighted averaging of multiple neighbor
sketches. Due to the denoising process in the SSD method, the
detailed information of the sketch image weakens together with
the noise. For RSLCR method, while better results can be obtained,
the weighted averaging on randomly selected sketch patches
results in blurring as well, like the MWF method. The FCN
method is able to generate intact facial structure, but a serious
Fig. 9. Comparisons of the synthesized face sketch im
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noise problem exists in the synthesized sketch images. The
BPGAN method conducts a back-projection step on the synthe-
sized sketches by GAN model, and can generate clear and clean
face sketch images. However, the sketch images by the BPGAN
method have some deformation compared with the input photo
images, especially on the CUFSF dataset. The SSL method can
obtain excellent results, and has the closest performance to our
method, except for some fine-grained facial components, like eyes
and plications. In summary, the exemplar-based methods usually
suffer from block and blur effects, while the deep learning-based
methods show noise and deformation problems. Comparatively,
the proposed method generates the most realistic face sketch
images with abundant facial details, unabridged facial content,
ages by different methods on the CUFS dataset.



Fig. 10. Local cut-out effect on Fig. 9; same marshalling sequence as Fig. 9.
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and less noise. In order to visually compare the synthesized
sketch images by different methods more clearly, we cut the
sub-images in Fig. 9, and display them in Fig. 10,11. It can be
observed that the proposed approach can surpassingly preserve
the detailed information of the face photo images, such as hair,
eyelids, and plication.
Fig. 11. Comparisons of the synthesized face sketch im
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Table 4 shows the average FSIM and Scoot indices that we cal-
culated as objective evaluation of the CUFS and CUFSF datasets. It
indicates that our approach achieved the highest index values on
the CUFS dataset, and comparable results on the challenging CUFSF
dataset. The objective evaluation results further support the effec-
tiveness of our approach.
ages by different methods on the CUFSF dataset.



Table 4
Objective evaluation of the synthesized sketch images by different methods on the CUFS and CUFSF datasets. The best values are depicted in bold font.

Methods MWF SSD RSLCR FCN BPGAN SSL Proposed

CUFS FSIM 0.7145 0.6959 0.6966 0.6936 0.6899 0.7256 0.7345
Scoot 0.4833 0.4544 0.4499 0.4527 0.4680 0.4878 0.5317

CUFSF FSIM 0.7029 0.6824 0.6650 0.6624 0.6814 0.7159 0.7080
Scoot 0.4882 0.4687 0.4531 0.4378 0.4936 0.5038 0.5091

Fig. 12. User study results on the synthesized face sketches of Fig. 9.
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Moreover, a user study is conducted to help with the perfor-
mance measurement of the different face sketch synthesis meth-
ods. The synthesized face sketches by different methods in Fig. 9
are rearranged randomly, and the method names are hided before
showing to the participants. There are 20 subjects participated in
the user study, and all of them have prior experience on image pro-
cessing. The subjects are asked to evaluate the synthesized face
Fig. 13. Face sketch synthesis results on real-w
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sketches from various aspects, e.g. facial details, sketch style
et al., and to qualitatively mark the synthesized face sketches of
the comparison methods from 1 to 7. The statistical results of the
user study are shown in Fig. 12. From the figure, it can be seen that
the proposed method achieves the highest mean opinion score of
6.7, which indicates the superiority of the proposed method.
4.4. Face sketch synthesis on real-world photos

In previous section, the test photos for sketch synthesis exper-
iments were captured under the same controlled environment as
the training photos, such as simple background, uniform illumina-
tion, and normal expression. However, in the real-world situation,
the background, illumination, and expression may vary. To prove
the robust of our approach in the real-world case, we conducted
the face sketch synthesis experiment on photo images from the
CelebA face dataset [55]. The test photo images are aligned accord-
ing to the coordinates of the center of two eyes, and cropped with
size of 100 � 125. The lower image resolution, compared to the
training data, makes the synthesis task more challenging.

The RSLCR method [13] and the SSL method [44], as the repre-
sentative of exemplar- and deep learning-based face sketch syn-
thesis methods, respectively, are utilized to compare with our
orld photos from the CelebA face dataset.



Fig. 14. Comparison results with state-of-the-art GAN-based methods. First three rows are from CUFS dataset and the last row are from CUFSF dataset.

W. Wan, Y. Yang and Hyo Jong Lee Neurocomputing 438 (2021) 107–121
approach. Fig. 13 displays the comparison results, from which we
can see that the synthesized sketches by the RSLCR method are
blurred and smooth. The main reason is the huge differences
between the training photos and test photos make the test photo
patch hard to approximate with exemplar-based methods. In con-
trast, the deep learning-based methods like SSL and our method
are little influenced by image discrepancy between the training
photos and test photos. From the visual comparisons, our results
have better sketch style and more facial details, e.g. skin texture
and teeth area. The experiment on real-world photos indicates
the robustness and generalization of our proposed method.

4.5. Comparison with state-of-the-art GAN-based methods

To further demonstrate the superiority of the proposed face
sketch synthesis approach, more recent GAN-based methods were
compared, include CGAN [36], CycleGAN [42], and CA-GAN [39].
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The visual comparisons of synthesized sketches are shown in
Fig. 14. It is obvious that the CGAN method causes various degrees
of deformation and noise in synthesized face sketches. The results
by the CycleGAN method have serious artifacts and thus look
unnatural. The CA-GAN method can capture overall face structure
well, however, some details are lost, especially for the photos from
CUFS dataset. By contrast, our results achieve best performance in
terms of style transfer and detail preserving.

4.6. Generalizability

To indicate the generalizability of the proposed method, we
have added the experiments on non-frontal faces and images with-
out human faces, the synthesized results are shown in Fig. 15. In
this figure, the first row displays the non-frontal face images and
their corresponding sketch images, the second row displays the
images with human faces and their corresponding sketch images.



Fig. 15. Synthesized sketches on non-frontal faces and images without human faces.

Fig. 16. Face sketch recognition results by different methods on the (a) CUFS and (b) CUFSF datasets.

Table 5
Face sketch recognition accuracies (%) of VGGFace2 on the CUFS and CUFSF datasets.

Methods CUFS CUFSF

Rank-1 Rank-5 Rank-10 Rank-1 Rank-5 Rank-10

Photo 74.5 91.1 95.0 40.5 66.5 74.1
MWF 67.2 87.0 92.6 17.1 37.6 48.2
SSD 62.7 84.3 91.7 23.9 45.0 55.8
RSLCR 72.8 91.4 95.3 27.2 46.9 56.8
FCN 67.5 89.3 93.5 32.3 57.4 68.1
BPGAN 67.8 87.3 93.5 20.9 42.5 52.6
SSL 83.1 95.6 97.6 42.8 70.4 78.2
Proposed 83.4 96.2 97.9 46.5 70.6 78.4
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From Fig. 15, it can be observed that the proposed method can
achieve impressive results, even though in the challenging
scenarios.

4.7. Face sketch recognition

Face sketch recognition between synthesized face sketches and
original hand-drawn sketches is an alternative way to quantita-
tively assess the performance of the face sketch synthesis
approaches [?,13]. Higher face sketch recognition accuracy
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represents better synthesized sketch quality, and more effective
sketch generation method. To conduct the face sketch recognition
experiments, VGGFace2 [56] was adopted to extract facial features
from sketch images, and Euclidean distance was utilized to mea-
sure the feature similarity. In this work, the synthesized sketches
by different methods or the face photos were taken as probe
images to match the gallery images consisting of the correspond-
ing hand-drawn sketches. For the CUFS dataset, 338 synthesized
sketches or face photos were used as the probe set, and the corre-
sponding ground-truth sketches drawn by the artist were taken as
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the gallery set. For the CUFSF dataset, 944 synthesized sketches or
face photos were taken as the probe set, and the corresponding
hand-drawn sketch images were taken as the gallery set.

Fig. 16 shows the face sketch recognition results on the CUFS
and the CUFSF datasets. In comparison, our method obtained the
highest recognition accuracies on both datasets, of 100% and
94.17% in the CUFS and CUFS datasets at Rank-50, respectively.
Here, Rank-n represents the recognition accuracy of the top-n best
matches. Table 5 displays the exact recognition accuracies at Rank-
1, Rank-5, and Rank-10. It is evident that the proposed method
achieved best values at all the three indices. The preeminent recog-
nition results demonstrate that our synthesized face sketch images
with more facial details and better sketch style promote the face
sketch recognition performance. In addition, compared to the
direct face sketch recognition without synthesis process, transfer-
ring face images from photo domain to sketch domain by the pro-
posed method, the face sketch recognition performance is indeed
improved.
4.8. Future scopes

With the development of deep learning technology, the face
sketch synthesis has achieved excellent performance in generating
vivid face sketch images. However, there are still shortcomings
which are not addressed very well in the related research topics:
1) The existing works mainly focus on the frontal face transforma-
tion, the results on non-frontal face are still unsatisfactory. More
attentions and efforts can be paid to address this problem; 2)
The semi-supervised and unsupervised face sketch synthesis meth-
ods will become trends to handle the lack of training photo-sketch
pair data; 3) Although the performance of face sketch recognition
has been improved by transforming the face photo to sketch
domain, the recognition accuracy is not high as normal face recog-
nition. More factors, e.g. facial attributes and identity-aware, can
be considered to further boost the accuracy of face sketch
recognition.
5. Conclusions

In order to handle the loss of facial details in generated face
sketches, we proposed a detail-preserving face photo-to-sketch
synthesis approach based on GAN in this paper. Firstly, we modi-
fied the high-resolution network to gradually fuse the feature
maps from different resolutions. In addition, we designed a loss
function named detail loss to force the generated face sketch image
to preserve more detailed information from the photo image. We
utilized the style loss and total variation loss to further improve
the performance of our approach. The experimental results on
the CUFS, CUFSF, and CelebA face datasets indicate that the face
sketch images synthesized by our approach not only have better
facial detail information, but also lead to higher objective evalua-
tion indices and face recognition accuracy, compared to the exist-
ing face sketch synthesis approaches. In future, we will explore
face sketch synthesis with unpaired data, hence vast photo images
from normal face datasets can be used to train face sketch synthe-
sis networks.
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