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Most of the current exemplar-based face sketch synthesis approaches directly synthesize face sketches
from face photos. However, due to the great difference between face photos and sketches, as well as
the cluttered backgrounds in photo images, there tends to be some noise, deformation and missing parts
on the synthesized face sketches by most of the exemplar-based methods. Besides, most exemplar-based
methods exist a common problem: they only produce satisfactory results when training and test sam-
ples originate from the same dataset. To address these issues, in this paper we propose a simple but
effective method which consists of two stages: the preprocessing stage and the sketch synthesis stage.
In the preprocessing stage, we first design a fully convolutional neural network for preprocessing (pFCN).
To fit the preprocessing task, the pFCN is trained by an L1 based total loss function, which is simple yet
could enhance the facial features. Then the full-size photo is fed to the well-trained pFCN to generate the
feature map, which we call a semi-sketch since it bridges the discrepancy between photo and sketch. At
the sketch synthesis stage, the semi-sketches and an existing exemplar-based method are employed to
synthesize the final sketches. Extensive experiments on public face sketch datasets verify that the pro-
posed two-stage method improves the sketch synthesis quality of the state-of-the-art exemplar-based
methods in terms of both recognition accuracy and perceptual quality. In addition, the experiments on
cross-dataset indicate that the proposed method provides a new means for strengthening the generaliza-

tion ability of the exemplar-based method.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

A sketch is a quick, rough drawing that shows the main features
of an object or scene. Synthesizing face sketches from photos, an
important branch of heterogeneous image transformation (HIT),
has been widely used in both law enforcement and digital en-
tertainment [4-6]. Surveillance cameras have been widely used
in law enforcement, as an important tool for maintaining public
order. However, in many criminal cases, surveillance cameras only
provide limited information about suspects, which is not enough
for normal face recognition methods. Under these circumstances,
a sketch drawn by the artist based on the recollection of an eye-
witness and the clues from video surveillance is often considered
the best substitute for suspect identification [7,8]. Synthesizing
face sketches from the photo database, and then taking the sketch
drawn by the artist as the probe to retrieve from the synthesized
sketches can help the police quickly identify the suspect. In digital
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entertainment, people like to display their photos in an artistic
style, and automatic sketch portrait generation could help them,
being faster and more convenient. Therefore, the synthesized
sketches need to meet two requirements: (1) easy to identify; (2)
vivid and delicate in visual perception.

Significant progress has been made in face sketch synthesis,
over the past decade. Thanks to the rapid development of machine
learning and deep learning, the face sketch synthesis methods have
become more diverse, and the quality of the synthesized sketch
has also significantly improved. Exemplar-based methods play an
important role among the various face sketch synthesis methods.
This is due to their success in detecting and exploiting patch cor-
respondences within a training database or calculating optimized
dictionaries allowing for highly sparse data representation [9].

Given a photo patch, exemplar-based methods will first search
neighbor patches in the training photo set, and then their corre-
sponding sketch patches are linearly combined to synthesize the
target sketch. In most of the exemplar-based methods, the combi-
nation weights are computed based on the assumption that if two
photo patches are similar, then their corresponding sketch patches
are also similar [3]. However, this assumption is not always true;
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Fig. 1. Face sketches synthesized by three existing exemplar-based methods and
the proposed two-stage methods. (b) LLE [1], (c) MRF [2], (d) RSLCR [3]; (f)-(h) are
from our proposed two-stage method.

(b) pFCN (Semi-sketch)

(a) Photo

(c) Artist (Ground Truth)

Fig. 2. Even if the two photo patches are very similar, their corresponding sketch
patches might be very different; however, introduction of the semi-sketch alleviates
this contradiction.

sometimes even when the photo patches are very similar, their
corresponding sketch patches may be different [2], as shown in
Fig. 2. In addition, the results of the exemplar-based methods are
greatly influenced by the distribution of training samples, since
they are reconstructed from the training samples. Therefore, if the
distribution of the test sample is different from the training sam-
ples, it is hard for these methods to synthesize satisfactory re-
sults. As shown in Fig. 1, the photo (see Fig. 1(a)) is a little darker
than the training samples, and there are some unsatisfactory parts
of the synthesized results, such as the noise in the background
and skin area, the deformation of the nose and mouth, and obvi-
ous gridding problems (see Fig. 1(b)-(d)). These problems will be
more serious when the test samples and training samples are not
from the same dataset. Thus, using an appropriate preprocessing
method to reduce the distribution difference between test samples
and training samples and make the above-mentioned assumption
stronger is an effective way to improve the synthesis quality of the
exemplar-based methods.

Recently, several works [10,11] have successfully exploited con-
volutional neural network (CNN) to synthesize face sketches from
photos. Although some of them do not perform better than some
exemplar-based methods in terms of recognition accuracy, they are
able to retain the structure and content of the photos well, since
they can generate sketches directly and globally rather than us-
ing training sketch patches to synthesize sketches. Inspired by this,
rather than the commonly used exemplar-based strategy where
sketches are directly synthesized from photos, this paper proposes
a two-stage method, consisting of a preprocessing stage and a
sketch synthesis stage. In the preprocessing stage, we take train-
ing photos as inputs and their corresponding sketches as labels
to train a fully convolutional neural network. Since this fully con-
volutional neural network is used for preprocessing, we denote
it as pFCN. Then the training photos and test photos are fed

£ D >
(b) shading sketch (c) profile sketch

(a) photo

Fig. 3. Comparison between shading sketch and profile sketch. Image (c) is from
[17].

to the well-trained pFCN to get training semi-sketches and test
semi-sketches. Semi-sketches not only retain the structure and
content information of the photos but also have some charac-
teristics of the sketches, such as the white background. At this
stage, both training photos and test photos are transformed into
semi-sketches and their distribution differences are greatly dimin-
ished. In the sketch synthesis stage, we directly employ an exist-
ing exemplar-based method to synthesize the final sketches, but
for the inputs we replace the training photos and test photos
with training semi-sketches and test semi-sketches. Specifically, we
design a simpler fully convolutional neural network (pFCN) than
[10,11], because the texture learning is not crucial in the prepro-
cessing stage. To learn more details about the key facial features,
a total loss function which includes a global loss function and two
local loss functions are used to train the pFCN.

The contributions of this work are mainly three-fold.

First, we propose a two-stage (a preprocessing stage and a
sketch synthesis stage) method for face sketch synthesis. Specif-
ically, the proposed two-stage method takes a fully convolu-
tional neural network as the preprocessing of the exemplar-based
method.

Second, we design a simpler neural network architecture in-
spired by Zhang et al. [11], termed pFCN. Then a simple yet ef-
fective loss function is designed to focus training on learning more
structural and content information.

Third, detailed experiments are conducted on the CUFS
database [2] to demonstrate the improvement in the synthesis
quality. Besides, the experimental results on cross-dataset show
that the proposed preprocessing can improve the generalization
ability of the existing exemplar-based method.

2. Related work

In this section, previous works on exemplar-based face sketch
synthesis and dense predictions via CNNs are reviewed.

2.1. Exemplar-based face sketch synthesis methods

In recent decades, researchers have made great efforts in the
field of sketch face synthesis and achieved remarkable results.
Based on the previous studies [10,12,13], exemplar-based sketch
face synthesis can be roughly divided into two categories: profile
sketch synthesis [14-16] and shading sketch synthesis [3,12,13]. As
we can see from Fig. 3, profile sketches are more like line draw-
ings. Compared with profile sketches, the shading sketches can
not only use lines to reflect the overall profiles but also capture
the textural parts via shading [10]. Therefore, shading sketches
are more expressive than profile sketches. This paper focuses on
shading sketch synthesis.

Tang and Wang [18] used a separate eigen-transformation
algorithm (ET) to synthesize a face sketch from a photo. This
algorithm assumed that the photo has a linear correspondence
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with its corresponding sketch if their shape and texture were
treated independently. However, this assumption may be too
strong for all face photos and sketches, especially when consider-
ing the hair area. Inspired by the manifold learning method called
locally linear embedding (LLE) [19,20], Liu et al. [1] proposed a
face sketch synthesis method that works on image patch level.
Different from the global linear assumption in [1,18] was based
on the idea of locally linear approximating global nonlinear. This
method first divided the photo and sketch into overlapping image
patches in the same way. Then for a test photo patch, K nearest
neighbors were selected from training photo patches. Then the K
sketch patches which corresponded to the K nearest photo patches
were used to reconstruct the target sketch in the weighted linear
combination way. The reconstruction weights were calculated in
the spirit of locally linear embedding. However, due to the target
sketch patches are synthesized independently at a fixed scale, the
face shape cannot be well learned. Wang and Tang [2] proposed a
method that synthesizes target sketch patches at different scales
by using a multiscale Markov random fields (MRF) model, which
had a profound impact on subsequent research. This method only
finds one most appropriate photo patch from the training set
and uses its corresponding sketch patch to estimate the target
sketch patch. Therefore, it is difficult to deal with new patches
that have never appeared in the training set. In addition, the
MRF's optimization is NP-hard. To address these problems, Zhou
et al. [12] proposed a method named Markov weight field (MWF),
which introduced the linear combination into MRF and considered
the dependency constraint between adjacent synthesized sketch
patches. They formulated their model into a convex quadratic pro-
gramming (QP) problem and proposed a cascade decomposition
method (CDM) to solve this QP problem. Zhang et al. [21] also
proposed a method based on MRF, which focuses on improving
the robustness to lighting and pose variations. Similarly, [22] also
made a significant contribution to coping with the problem of
lighting variation in face sketch synthesis by using a preprocessing
method named bidirectional luminance remapping (BLR). Unlike
MRF and MWEF, which use a single representation to measure the
similarity between two image patches, Peng et al. [23] used a
combination of multiple representations and obtained impressive
results. To reduce the time consumption while ensuring the quality
of the synthesis, Wang et al. [3] presented a face sketch synthesis
framework based on random sampling and locality constraint.

2.2. Dense predictions via CNNs

Convolutional neural networks (CNNs) are a kind of neural
network model, whose architectures usually have three types of
layers: convolutional layer, pooling layer, and fully-connected layer.
Nowadays, CNNs have produced impressive results in many tradi-
tional computer vision tasks, such as object detection, localization,
semantic segmentation, classification and recognition [24-28].
Specifically, dense prediction, one of the traditional areas, has
also achieved rapid development due to the introduction of CNNs.
Dense prediction refers to per-pixel prediction from one or more
input images. Long et al. [29] transformed the fully-connected
layers in a classification net into convolution layers to build a fully
convolutional network. Their work demonstrated that fully convo-
lutional network is a desirable choice for solving dense prediction
problems in per-pixel tasks like semantic segmentation, due to its
ability to take arbitrarily sized inputs and return spatial outputs.
Sermanet et al. [25] proposed an integrated framework based on
CNN, which is used for classification, localization and detection.
Liu et al. [30] designed a deep convolutional neural field model
to solve the problem of depth estimation from a single image and
achieved a state-of-the-art result without using geometric priors.
The highlight of [30] is that they incorporated the optimization

problem in a continuous conditional random field (CRF) into a
deep CNN framework. Dong [31] developed a three-layer convolu-
tional neural network to learn an end-to-end mapping between the
low-resolution image and its corresponding high-resolution image.

Inspired by Dong et al. [31], Zhang et al. [11]| designed a six-
layer fully convolutional neural network (FCN), which takes photo
image (RGB channels and two channels of the corresponding coor-
dinate (i, j)) as input and outputs target sketch image. The sketches
synthesized by FCN greatly reduce the discrepancy between pho-
tos and sketches, but they have blurry contours due to the mean
square error metric (MSE) in the training loss. Zhang et al. [10] also
proposed a CNN-based method and trained end-to-end. To enhance
the texture of the hair area, they designed a two-branch fully
convolutional neural network (BFCN), which generates structural
and textural representations. Although the synthesized sketches
achieve impressive results in sketch-based face recognition, the
texture of these sketches does not look natural.

3. Photo-sketch synthesis

Most of the exemplar-based methods assume that similar photo
images have similar sketch images [10]. However, due to the tex-
ture and shape discrepancy between photos and sketches, some-
times even though two photo patches are very similar, their cor-
responding sketch patches might be very different, as shown in
Fig. 2. Besides, the cluttered background may cause some noise in
the synthesized sketches. Moreover, the requirement of distribu-
tion similarity between training samples and test samples leads to
the exemplar-based method cannot synthesize satisfactory results
on cross-database [10]. Therefore, using preprocessing to reduce
the gap between photos and sketches, simplify the background
and reduce the distribution differences between training samples
and test samples can improve the synthetic quality of the existing
exemplar-based methods.

In this paper, we propose a method consisting of two stages:
the preprocessing stage and the synthesis stage. In the prepro-
cessing stage, a fully convolutional neural network (pFCN) is used
to generate the semi-sketch, which is the transition state of the
photo and sketch. In the synthesis stage, the semi-sketches are
used in the existing exemplar-based methods to synthesize the tar-
get sketch. A graphical pipeline of the proposed two-stage method
is shown in Fig. 4.

In the following sections, we introduce the preprocessing stage
and the synthesis stage, respectively. For the preprocessing stage,
we describe the details of the proposed pFCN framework. For the
synthesis stage, the random sampling with locality constraint for
face sketch synthesis method (RSLCR) [3] is used as an example
of the exemplar-based method to introduce how to use the semi-
sketches to synthesize the target sketch.

3.1. Semi-sketch generation via pFCN

The main task in the preprocessing stage is as follows. Given a
face photo image P, we would like to generate a face semi-sketch
image X, which has details of the facial features (like eyes, nose
and mouth), the main structure of the face (such as the distance
between the eyes) and simplified background. For each face photo
image P, the generated face semi-sketch image needs to have a
similar distribution. In this paper, we design a fully convolutional
neural network to accomplish this task. The final task is synthesiz-
ing a target sketch which is as close as possible to the hand-drawn
sketch, and the hand-drawn sketch (ground truth) also meets the
requirements of the semi-sketches as to content, structure and dis-
tribution. Considering these, we take the face photo image as the
input and its corresponding hand-drawn sketch as the label to
train the fully convolutional neural network.
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Fig. 5. The architecture of the proposed pFCN. This model takes a photo image as input and outputs a semi-sketch of the same size.

In particular, the previous work in [11] has successfully applied
a six-layer fully convolutional neural network (FCN) to synthesize
sketches. And these synthesized sketches present the main content
of the photos and some texture of the sketches. Inspired by FCN
[11], we design an eight-layer fully convolutional neural network
for preprocessing (namely pFCN).

3.1.1. Network architecture

The architecture of pFCN is shown in Fig. 5. Unlike the FCN
which uses the position prior and photo image as the input, pFCN
directly takes the photo image as the input. Moreover, pFCN has
8 convolutional layers, since we decomposed the latter of the two
5 x5 (3 x3) convolution layers to 5x1 and 1 x5 (3 x1 and 1 x 3).
This operation can reduce the number of parameters, which is
good for reducing overfitting in the training process when the scale
of the training set is small. Our network adapts rectified linear unit
(ReLU) as activation function. Besides, we add batch normalization
before each ReLU except the last layer.

3.1.2. Loss function

Since the texture can be added in the synthesis stage, the pro-
cess of generating the semi-sketch needs to pay more attention to
learning the content of face photo rather than the texture of the
face sketch. To fit our task, this paper applies L1-norm between
the generated semi-sketch X and hand-drawn sketch S as the loss
function. L1-norm will preserve more details than L2-norm [32],
and these details play an important role in the following sketch
synthesis stage. The global loss function can be formulated as:

.1 N
ﬁglobm:NZHXi—SiH] (1)
izt

where N is the number of training samples.

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
\

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
/

Fig. 6. Illustration of the calculation area of the local loss functions.

When drawing a face sketch image, the facial features (eye-
brows, eyes, nose and mouth) will take up most of the time, al-
though the area they occupy in the overall image is small. To ob-
tain a high-quality result, some methods imitated the hand-drawn
process to strengthen the supervision of the facial features, such as
CA-GAN [33]. CA-GAN employed the face parsing method proposed
by Liu et al. [34] to decompose the facial features and strengthen
supervision over them. In addition to the above-mentioned facial
features, we found that the smile folds and under-eye bags have
also been stressed in the hand-drawn sketch (ground truth), which
may provide useful help for identification. However, it is hard to
find a face parsing method to decompose these two components.

This paper adopted a simple but effective method to strengthen
the supervision of these facial features. As shown in Fig. 6, there
are two gray rectangles in every face image. The edge of one rect-
angle is a green dashed line, and the edge of the other is the red
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Fig. 7. Illustration of the synthesis process using the RSLCR method [3] and preprocessed data.

dashed line. We use Rectg(green) and Rect (red) to denote these
two rectangles. As we can see in the Fig. 6, Rect; and Rect; have
covered almost all facial features required to strengthen the super-
vision, including the smile folds and under-eye bags. The images in
the photo-sketch dataset are geometrically aligned relying on two
eye centers. In addition, all images in the dataset are of the size
250 x 200. Therefore, if Rectg and Rect; are set to the suitable size,
even if the position of these two rectangles is fixed they can cover
almost all facial features in any image that is in the dataset. For
the datasets we use in this paper, the position and size of Rectg
and Rect, are set as follows:

Rect; = image (30, 90, 140, 80) (2)

Rect, = image(70, 90, 60, 160) (3)

where image(x, y, w, h) represents a rectangle area in image, this
rectangle’s top left corner coordinates are (x, y), the width of this
rectangle is w and the height of this rectangle is h.

To preserve more details and generate a delicate semi-sketch,
this paper adds two local loss functions: Lgec, and Lgec,-

N

1
Lrect, = 77 _ Il i (Recty) — Si(Recty) | (4)
i=1
1 N
LRect, = N Z || ; (Rect;) — S;(Rect;) || (5)

i=1
Thus, the total loss function of our preprocessing method can
be formulated as:

Etatal = cglobal + £Rectg + ERect, (6)

For the dataset which the image is not aligned and the image
size is not 250 x 200, we need to translate, rotate, and scale to
align all photos and sketches by the centers of the two eyes. Then
we need to average of all the aligned photos in the training set to
get an average photo. The approximate position of the rectangular

area is selected on the average photo based on the position of the
eyes. As mentioned above, the key of rectangular area selection is
to cover important facial features. The size of the rectangular area
is important for the supervision of facial features. The effect of the
size of the rectangular area on the generation of semi-sketches will
be detailed in Section 4.3.

3.2. Sketch synthesis via exemplar-based method

After the preprocessing stage, we obtain the training semi-
sketches and test semi-sketches with similar distributions. But
these semi-sketches still have some noise and lack texture details.
The main task at the sketch synthesis stage is to erase the noise
and add more texture details. At this stage, we directly employ
the existing exemplar-based methods to synthesize target sketches
from semi-sketches, since these methods have achieved impressive
performance in synthesizing target sketches from photos. Neigh-
bor selection and reconstruction weight computation are the two
main parts in the exemplar-based method. Fig. 7 shows the pro-
cess of synthesizing a sketch using the RSLCR method [3] and
the preprocessed data. The RSLCR method is an exemplar-based
method which aims to speed up the synthesis while maintaining
the high quality of the synthesized results. As shown in Fig. 7, the
RSLCR method applies an offline random sample strategy instead
of the online searching for neighbors in the training phase, which
greatly improves the synthesis speed. In the test phase, the locality
constraint is imposed on the reconstruction weight representation,
which improves the synthesis quality.

In the following, we take the RSLCR method as an example of
the exemplar-based method in the sketch synthesis stage to de-
scribe our method. In the preprocessing stage, the training photos
and the test photos are converted to the training semi-sketches
and test semi-sketches by the pFCN. In the synthesis stage, the
RSLCR method is used to synthesis sketches. In the training phase,
the semi-sketch-sketch pairs in training dataset are divided into
N =40 x 31 patches with even size. At each patch position (i, j),
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nrs = 800 pairs of training semi-sketch patches and training sketch
patches are randomly sampled, i€ {1,2,..., 40},je{1,2,..., 31}.
Then N PCA projection matrices E(i, j) are computed to reduce the
dimension of the training semi-sketch patches. The dimension re-
duced training semi-sketch patches at the patch position (i, j) are
denoted as X(i). Their corresponding training sketch patches are
denoted as Y(#). In the test phase, the test semi-sketch is divided
into N patches according to the same way as the training semi-
sketch-sketch pairs have been divided. The N PCA projection matri-
ces E(i, j) computed in the training phase are used to reduce the
dimension of the testing semi-sketch patches. The dimension re-
duced test semi-sketch patch at the patch position (i, j) is denoted
as x{), Its corresponding target sketch patch is denoted as y(i4). At
each patch position (i, j), X() and x(i) are fed to the locality con-
straint (LCR) based reconstruction weight representation model to
get the weight representation W(), Then the target sketch patch
at position (i, j) can be synthesized: y(@)) = Y@Dw @), The whole
target sketch can obtain by arranging all target patches. The above
parameters are all from [3].

4. Experiment and analysis

In this section, we first introduce the datasets and the evalu-
ation criteria in Section 4.1. In Section 4.2, we describe the nec-
essary implementation details. Section 4.3 discusses the setting of
loss function for pFCN. Afterwards, we employ the well-trained
pFCN in the preprocessing stage and adopt four state-of-the-art
exemplar-based methods in the synthesis stage to synthesize the
target sketches. Section 4.4 provides a qualitative comparison with
the state-of-the-art methods. Objective image quality assessment
and sketch-based face recognition experiments are carried out as
detailed in Sections 4.5 and 4.6 to demonstrate the effectiveness
of the proposed two-stage method. Subsequently, the experiments
on cross-dataset are conducted to demonstrate the effectiveness of
the proposed pFCN preprocessing in enhancing the generalization
ability of the exemplar-based method (see Section 4.7).

4.1. Dataset and evaluation criteria

4.1.1. Dataset

To demonstrate the effectiveness of our proposed method, we
carried out the experiments on the CUHK Face Sketch dataset
(CUFS) [2], which is widely used in face sketch synthesis and
recognition [9,35]. This dataset consists of three sub-databases
(CUHK student dataset, AR dataset, and XM2VTS dataset) with a
total of 606 samples. For each sample, there is a sketch drawn by
an artist based on a photo taken in a frontal pose, under normal
lighting conditions. Of the 606 samples, 188 are from the Chinese
University of Hong Kong (CUHK) student dataset, 123 samples are
from the AR dataset [36] and 295 samples are from the XM2VTS
dataset [37]. Samples in the XM2VTS dataset are different in age,
skin and hairstyles. Some of the photo-sketch pairs from the three
sub-databases are shown in Fig. 8.

The settings for the training set and test set are the same as in
[3]. Of the 188 samples in the CUHK student dataset, 88 are se-
lected for training, and the remaining 100 samples are taken as
the test set. For AR dataset, we take 80 samples as training sam-
ples and the remaining 43 samples are used as the test set. From
the XM2VTS dataset, 100 samples are chosen for training and the
remaining 195 for testing.

4.1.2. Evaluation criteria

The structure similarity index metric (SSIM) [38] is adopted as
evaluation criteria in this paper to objectively evaluate the percep-
tual quality of the synthesized sketches. In recent years, SSIM has
become the prevalent metric in sketch face synthesis. The quality

(a) Photo

(b) Artist (Ground Truth)

Fig. 8. Example face photo-sketch pairs in the CUFS dataset. The first and second
columns are from CUHK student dataset, the third column is from AR dataset, and
the fourth and fifth columns are from the XM2VTS dataset.

of a synthesized sketch can be assessed by computing the SSIM
index between itself S and its corresponding hand-drawn sketch
(ground truth) S. The SSIM index between two images can be com-
puted as follows:

SSIM(S, S) = [1(8, 8)]"[c(&, ) [s(3, 9] (7)

where o >0, 8 >0, and y > 0 are used to adjust the relative impor-
tance of the three components. In this paper, « = 8 = y = 1. The
three components are computed as follows:

2pgis +G

18,8) = === —_ 8
€9 = s (8)
R 20:
C(S,S):ZGSL;CZ 9)
U§+05+C2
A s +C
s, S _ OsstC3 (10)
U§US+C3

where [(8,S) is the luminance comparison function, c(8, S) is the
contrast comparison function, and s(3, S) is the structure compar-
ison function. C;, C; and C3 are three constants to avoid instabil-
ity when the denominator is very close to zero. C; = (I(iL)z, Ki«1,
i=1,2,3, L denotes the dynamic range of the pixel values (255
for 8-bit grayscale images). We set C3 = % K; =0.01, K, =0.03.
/ represents the mean of the image and o represents the variance
of the image or covariance of two different images.

4.2. Implementation details

We employ PyTorch, a popular deep learning platform, for
implementation. Photos in the training set are used directly as
inputs and their ground truth as labels to train the proposed
PFCN. Note that the two eye centers of all input and label images
should be in the same positions, and all input and label images are
cropped to the size of 250 x 200. To ensure the output semi-sketch
and the input photo have the same size, we apply padding before
the convolutional operation, except when the kernel size is 1 x 1.
For the initialization of our network, the filter weights are filled
with values w~N(0, 0.01), and the biases are filled with zero.
We set the learning rate to 0.001, and use Adam optimization
algorithm [39] to optimize our model (the weight decay is set to
0.0002). The model is trained on an NVIDIA Titan Xp GPU with
12G memory in 120 epochs.

We feed all the photos in the dataset (both training photos and
test photos) to the well-trained pFCN to obtain the training semi-
sketches and test semi-sketches.
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(a) FCN

(d) L1-pFCN

Fig. 9. Comparison of different loss function strategies. (a) are the synthesized
sketches of the FCN method [11], it uses an MSE based loss function to train its
model; (b) are from the MSE based total loss function trained pFCN; (c) are from
the global loss function trained pFCN; (d) are from the L1 based total loss function
trained pFCN.

4.3. Discussion on loss function for pFCN

In this subsection, we discuss the setting of loss function for
PFCN on the CUHK student dataset. To verify the effectiveness of
the loss function described in Section 3.1.2, we carry out experi-
ments on three aspects.

First, to demonstrate that the L1 loss is more appropriate than
MSE loss for this preprocessing task, we use L1 based total loss
function (described in Section 3.1.2 formulation (6)) and MSE based
total loss function to train pFCN. Replacing the computation of L1-
norm in Section 3.1.2 with L2-norm can help to obtain the formu-
lation of MSE based total loss function. The same optimizer and
learning rate are used to iterate 120 epochs. The two trained pFCN
models are represented as L1-pFCN and MSE-pFCN. Fig. 9(b) re-
veals that the synthesized results from MSE-pFCN are darker and
have more noise in the face area. However, Fig. 9(d) shows that
the synthesized results from L1-pFCN highlight the important fa-
cial features while weakening the noise. FCN model [11] is trained
by MSE based loss function and obtains impressive results; how-
ever, it takes several hours to train. The L1-pFCN can synthesize a
clearer and more delicate sketch than FCN in several minutes, as
shown in Fig. 9(a) and (d), and the synthesized sketches of FCN
method [11] are from the results released by Wang et al. [3].

Second, to prove that the use of local loss functions (Lge, and
Lgect,) can improve the quality of the synthesized semi-sketch, we
only use the L1 based global loss function L, to train pFCN. The
trained pFCN is denoted as global-pFCN. The synthesized results
from global-pFCN can be seen in Fig. 9(c). Comparing Fig. 9(c) with

Table 1

Average SSIM values (%) on CUHK student dataset.
Method FCN MSE-pFCN global-pFCN L1-pFCN
SSIM(%) 60.94 53.58 56.47 61.78

(a) Rectl (b) Rect2 (c) Rect (d) Rect:

Fig. 10. [llustration of the position and size of the different rectangular areas in the
local loss function.

Table 2

Position and size of different rectangular areas.
Rect X y w h
Rect1g 50 100 100 35
Rect1, 80 100 40 95
Rect2g 40 90 120 50
Rect2, 70 90 60 105
Rect3g 30 90 140 80
Rect3, 70 90 60 160
Rect4g 0 90 200 80
Rect4, 70 0 60 250

Table 3

Average SSIM values (%) under different rectangular areas on CUHK student dataset.
Method Rect1 Rect2 Rect3 Rect4
SSIM(%) 58.99 61.08 61.78 60.70

Fig. 9(d) reveals that the addition of two local loss functions can
make the image cleaner and refine the facial features, especially
for the eyes area.

In addition, the average SSIM values in Table 1 show the supe-
riority of L1-pFCN in an objective way.

Therefore, the L1 based total loss function is more effective for
training pFCN than MSE based total loss function and L1 based
global loss function, and the proposed architecture and loss func-
tion in Section 3.1 are more appropriate than FCN [11] for the pre-
processing task.

Third, we discuss the effect of the size of the rectangular area
on the generation of semi-sketches. Four groups of rectangular area
are used in the loss function respectively. Details on the rectan-
gular area settings are shown in Fig. 10 and Table 2. The denota-
tions in Table 2 and Fig. 10 are consistent with the Section 3.1.2.
Table 3 presents the SSIM score corresponding to different rectan-
gular areas. It can be seen from Table 3 that Rect3 achieves the
best performance in the four sets of rectangular areas. As we can
see from Fig. 10, Rect1 only covers the important facial features in
the average photo. However, the photos in the dataset are roughly
aligned. So the Rect1 is too small to obtain a good result. With
the expansion of the rectangle, the SSIM score is increasing. How-
ever, when the rectangle expands to the edge of the image (see
Fig. 10(d) Rect4), the supervision of the facial features is weakened
and the SSIM score is reduced because the rectangle is too large.
In order to make the selected rectangle cover the facial features
as many photos as possible, the rectangle selected on the average
photo face should be properly enlarged. But the oversized rectan-
gle has an adverse effect on the semi-sketch. Therefore, if the pFCN
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Fig. 11. Comparison of sketches synthesized by different methods. (a): Input Photos; (b): the proposed pFCN; (c): MRF [2]; (d): pFCN+MREF (the proposed two-stage method
which uses the MRF method in the sketch synthesis stage); (e): LLE [1]; (f): pFCN+LLE (the proposed two-stage method which uses the LLE method in the sketch synthesis
stage); (g): SSD [13]; (h): pFCN+SSD (the proposed two-stage method which uses the SSD method in the sketch synthesis stage); (i): RSLCR [3]; (j): pFCN+RSLCR (the

proposed two-stage method which uses the RSLCR method in the sketch synthesis stage); (k)

needs to be trained in a new dataset, the suitable rectangle can be
found by fine-tuning based on the above rules.

In the following experiments, the pFCN is trained by the loss
function described in Section 3.1.2. To make the expression more
concise, we use pFCN to denote L1-pFCN in the following.

4.4. Photo-to-sketch generation

In this subsection, we evaluate the proposed two-stage ap-
proach on the CUFS database. To prove that the two-stage method
is more effective than directly using the exemplar-based method
or using the pFCN alone, the LLE method [1], MRF method [2],
SSD method [13] and RSLCR method [3] as the examples of the
exemplar-based methods are applied in the synthesis stage. In
addition, we also compare the proposed method with two neu-
ral network-based methods: the FCN method [11] and the GAN
method [40]. The sketches synthesized using the SSD method and
RSLCR method are generated from the source codes provided by
the authors. For the MRF method, the synthesized sketches are
generated from the codes that are implemented by the author of
SSD, while for the LLE method the synthesized sketches are gen-
erated from the codes implemented by the author of RSLCR. The

: FCN [11]; (m): GAN [40].

sketches generated by the FCN method and GAN method are from
the release results by the RSLCR author.

We first use the training photo-sketch pairs to train the pFCN.
Then the training photos and test photos are fed to the well-
trained pFCN to obtain the training semi-sketches and test semi-
sketches (see Fig. 11(b)). In the synthesis stage, we use the semi-
sketch-sketch pairs and exemplar-based method (LLE, MRF, SSD or
RSLCR) to produce the target sketches. The synthesized results of
the exemplar-based methods (LLE, MRF, SSD and RSLCR) and the
proposed two-stage methods are shown in Fig. 11. As we can see
in the results from exemplar-based methods (see Fig. 11(c), (e),
(g), (i), some noise exists in the background and facial skin, some
distortions and missing parts in several facial components and
some missing parts in the hair area, whereas their corresponding
two-stage methods achieve better performance on these aspects
(see Fig. 11(d), (f), (h), (j)). The reason behind these improvements
can be explained as follows. Most of the exemplar-based methods
assume that if two photo patches are similar their correspond-
ing sketch patches also are similar. However, this assumption is
stronger for semi-sketch-sketch pairs than photo-sketch pairs (see
Fig. 2). Therefore, after the preprocessing, exemplar-based methods
can select more suitable candidates and calculate more appropriate
reconstruction weights to synthesize the test patch. In addition,



D. Lu, Z. Chen and Q.M.J. Wu et al./ Neurocomputing 365 (2019) 113-124 121

Table 4
Average SSIM values (%) on the CUFS database.

Method pFCN LLE LLE® MRF MRF? SSD

SSD? RSLCR RSLCR? FCN GAN stack-CA-GAN

SSIM(%) 53.85 52.58 53.26 51.32 51.99 54.20

55.15 55.72 56.10 52.14 49.39 52.66

2 Denotes the proposed two-stage method.

for the non-facial components (like the glasses and collar), the
two-stage method also performs better than the exemplar-based
method because the contours and structure of these components
are emphasized in the preprocessing stage (e.g., collar in the first
row of Fig. 11 and glasses in the fourth row of Fig. 11).

Some results of neural network-based methods (the proposed
pFCN method, FCN method, and GAN method) are shown in
Fig. 11(b), (k), (m). Compared to the exemplar-based approaches,
the neural network-based methods can generate structurally
complete sketches (no missing part). As we can see, the semi-
sketch generated by the proposed pFCN method is cleaner than
the sketch generated by the FCN method. The GAN method can
produce more stylistic results but it also introduces many artifacts.
Although the semi-sketch already has some characters of the
sketch image, there are still have some shortcoming. In the second
row of Fig. 11, some of the acne scars in the photo are retained in
the semi-sketch. However, these acne marks are usually ignored by
the artist (see Fig. 1(e)). In the last row of Fig. 11, the semi-sketch
is more like a photo rather than a sketch. These problems are
alleviated after the synthesis stage (see Fig. 11(d), (f), (h), (j)). This
proves that the exemplar-based methods in the synthesis stage
can convert semi-sketches into the target sketches which have a
more similar style with the hand-drawn sketches.

4.5. Objective image quality assessment

The ability to achieve high visual quality results is an important
criterion for evaluating a sketch face synthesis method. In this sub-
section, we utilize the SSIM to evaluate the perceptual quality of
synthesized sketches by different methods on the CUFS database.
Table 4 shows the average SSIM scores on test dataset in the CUFS
database. As we can see, the semi-sketch generated by the pro-
posed pFCN method obtains higher SSIM value than the results of
the other three neural network-based methods (the FCN method,
the GAN method, and the stack-CA-GAN method [33]). This proves
that the architecture and loss function of the proposed pFCN is ef-
fective.

Table 4 also shows that the proposed two-stage method
achieves higher quality results than its corresponding exemplar-
based method. When we use the LLE method and the MRF method
in the synthesis stage, the SSIM values of the final results are lower
than the semi-sketches generated by the pFCN method. However,
this does not mean that the synthesis stage in the two-stage
method does not work. Because the two-stage method obtains a
better performance on face recognition than using the exemplar-
based method or the pFCN method alone, which indicates that the
two-stage method can better preserve the identification informa-
tion (see more details in Section 4.6).

4.6. Sketch-based face recognition

Due to its significant applications in assisting law enforcement,
the performance on sketch-based face recognition is also widely
used to evaluate the quality of a synthesized sketch. In the sketch-
based face recognition task, the hand-drawn sketch is taken as
the probe to search the most similar synthesized sketch in the
gallery. In this subsection, we apply the null-space linear discrim-
inant analysis (NLDA) [41] to conduct the face recognition experi-
ments. Following the settings in [3], from the 388 samples in the

CUFS database, we randomly select 150 synthesized sketches and
their ground-truth sketches (hand-drawn by artists) as a training
set to train the classifier. The remaining 238 sketches are used as
a test set for recognition accuracy statistics. We repeat the face
recognition experiment 20 times by randomly splitting the data.

In this subsection, eight state-of-the-art methods are compared.
The synthesized sketches of MWF method [12] are from the release
results by the RSLCR [3] author. Since the model of the stack-CA-
GAN is not available, we only compared the result published in
the paper. Table 5 represents the face recognition rates with dif-
ferent reduced dimensions by NLDA. As we can see in Table 5,
although the pFCN method achieves higher recognition rate than
some of the exemplar-based methods, the two-stage method al-
ways achieves higher results than both pFCN and its correspond-
ing exemplar-based method. Therefore, the combination of pFCN
and exemplar-based method can facilitate and improve the results
from each. Moreover, MWF method introduces the linear combi-
nation into the MRF model, which greatly improves the quality
of the synthesized results. However, with the help of pFCN, MRF
method can perform better than MWF. In addition, the sketches
synthesized by the LLE method and the SSD method have lower
recognition accuracy than the sketches generated by four neural
network-based methods (pFCN, FCN, GAN, and stack-CA-GAN). But
their corresponding two-stage methods have better performance
on face recognition than these neural network-based methods.

Fig. 12 gives detailed variations of the recognition rate against
variations of the reduced number of dimensions by NLDA. It also
objectively demonstrates the superiority of the proposed two-stage
method compared to the corresponding exemplar-based method or
the pFCN method.

4.7. Experiments on the cross-dataset

To verify that the proposed two-stage method has stronger gen-
eralization ability than its corresponding exemplar-based method,
we take the RSLCR method as the example of the exemplar-based
method to conduct the experiment on cross-dataset. The reason for
using the RSLCR method here is that its performance is the best
among the above-mentioned exemplar-based methods and sketch
synthesis is fast.

In this subsection, we take 88 samples from the CUHK stu-
dent dataset as the training set and 195 samples from the XM2VTS
dataset as the test set. Some of the synthesized results are shown
in Fig. 13. As we can see from Fig. 13(b), the RSCLR method still
performs well in the facial area, especially for the eyes, nose and
mouth. However, for the non-facial area (e.g., hair and glasses),
the synthesized results by the RSLCR method are unsatisfactory.
Fig. 13(c) shows that the two-stage method achieves a cleaner
structure and handles the non-facial area better. This is because
the pFCN preprocessing converts the different distributions of
training samples and test samples into similar distributions, which
mitigates the impact of the cross-dataset on the exemplar-based
method.

To assess the quality of the synthesized results objectively, the
SSIM scores of the synthesized sketches are computed. Table 6
shows the average SSIM scores of the two methods on cross-
dataset. Fig. 14 gives the statistics of SSIM scores on cross-dataset.
The horizontal axis indicates the SSIM score from O to 1. The verti-
cal axis shows the percentage of synthesized sketches whose SSIM
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Table 5
The face recognition accuracy (%) of the compared methods with different reduced dimensions by NLDA.
Dim pFCN LLE LLE® MRF MWF MRF? SSD SSD? RSLCR RSLCR? FCN GAN stack-CA-GAN
5 57.10 48.09 71.89 4471 50.08 67.42 46.94 72.50 70.11 72.63 66.33 63.30 -
10 81.54 70.48 88.27 66.81 73.22 85.61 70.32 88.91 87.58 89.49 86.41 82.10 -
20 90.85 80.96 93.75 76.86 82.87 91.33 79.81 94.49 93.35 94.92 92.42 88.96 -
50 94.55 88.16 96.62 84.39 89.87 95.05 87.93 97.31 96.97 97.66 95.85 92.26 -
100 95.48 90.45 97.37 86.86 92.50 95.90 90.11 97.90 97.71 98.30 96.78 93.06 -
149 95.80 91.20 97.39 87.55 93.01 96.25 90.56 98.01 98.14 98.38 97.10 93.30 95.64

2 Denotes the proposed two-stage method.
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Fig. 12. Variations of the recognition rate against variations of the reduced number of dimensions by NLDA on the CUFS dataset. (a) the comparison of the MRF method
[2] and its corresponding two-stage method; (b) the comparison of the LLE method [1] and its corresponding two-stage method; (c) the comparison of the SSD method
[13] and its corresponding two-stage method; (d) the comparison of the RSLCR method [3] and its corresponding two-stage method.
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Fig. 14. Statistics of SSIM values (%) on the cross-dataset.

scores are not smaller than the score marked on the horizontal
axis. Both Table 6 and Fig. 14 show that the proposed two-stage
method produces higher quality results on cross-dataset than the
RSLCR method.

In addition, we conduct a sketch-based face recognition exper-
iment to further demonstrate the superiority in the generalization
ability of the two-stage method. As in Section 4.6, NLDA is applied
to carry out the face recognition experiment. We randomly split
the 195 synthesized sketches into a training set (90 synthesized
sketches and their ground-truth) and a test set (105 synthesized
Fig. 13. Synthesized sketches on the cross-dataset by RSLCR [3] and the proposed sketches). We repeat each face recognition experiment 20 times
two-stage method. by randomly splitting the data. Fig. 15 presents the variations of
the recognition rate against variations of the reduced number of
dimensions. The face recognition accuracy also indicates that the
proposed two-stage method is superior to the RSLCR method on
Method RSLCR PFCN-+RSLCR the cross-dataset.

SSIM(%) 38.11 48.04 Therefore, pFCN preprocessing can improve the generalization
ability of the exemplar-based method.

(a) Photo (b)) RSLCR  (c) pFCN+RSLCR

Table 6
Average SSIM values (%) on the cross-dataset.




D. Lu, Z. Chen and Q.M. Wu et al./ Neurocomputing 365 (2019) 113-124 123

NLDA on Cross-dataset
100 T T T

Recognition rate (%)

—RSLCR

—pFCN+RSLCR

) . .
20 40 60 80

The reduced number of dimensions

Fig. 15. Variations of the recognition rate against variations of the reduced number
of dimensions by NLDA on the cross-dataset.

5. Conclusion

In this paper, we proposed a simple but effective method for
sketch face synthesis, which aims to improve the quality of synthe-
sized sketches and enhance the generalization ability of exemplar-
based methods. The proposed approach is composed of two stages
(preprocessing stage and synthesis stage). In the preprocessing
stage, an eight-layer fully convolutional neural network (pFCN)
converts the photos to the semi-sketches. In the synthesis stage, an
exemplar-based method is employed to convert the semi-sketches
to target sketches. Specifically, we design a simple loss function
to train the pFCN and generate impressive semi-sketches. Multiple
experiments based on four state-of-the-art exemplar-based meth-
ods (MRF, LLE, SSD and RSLCR) demonstrate the effectiveness of
the proposed two-stage method. In addition, from the experiments
on cross-dataset, we find that using the proposed pFCN as pre-
processing can improve the generalization ability of the exemplar-
based method.
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