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Synthesis of Facial Expressions in Photographs:

Characteristics, Approaches, and Challenges

RAFAEL LUIZ TESTA, CLÉBER GIMENEZ CORRÊA, ARIANE MACHADO-LIMA, and
FÁTIMA L. S. NUNES, University of São Paulo, Brazil

The synthesis of facial expressions has applications in areas such as interactive games, biometrics systems,
and training of people with disorders, among others. Although this is an area relatively well explored in
the literature, there are no recent studies proposing to systematize an overview of research in the area. This
systematic review analyzes the approaches to the synthesis of facial expressions in photographs, as well
as important aspects of the synthesis process, such as preprocessing techniques, databases, and evaluation
metrics. Forty-eight studies from three different scientific databases were analyzed. From these studies, we
established an overview of the process, including all the stages used to synthesize expressions in facial images.
We also analyze important aspects involved in these stages such as methods and techniques of each stage,
databases, and evaluation metrics. We observed that machine learning approaches are the most widely used
to synthesize expressions. Landmark identification, deformation, mapping, fusion, and training are common
tasks considered in the approaches. We also found that few studies used metrics to evaluate the results, and
most studies used public databases. Although the studies analyzed generated consistent and realistic results
while preserving the identity of the subject, there are still research themes to be exploited.

CCS Concepts: • Computing methodologies → Image-based rendering;

Additional Key Words and Phrases: Facial expression synthesis, facial expression mapping, facial expression
cloning, expression transfer, facial expression generation

ACM Reference format:

Rafael Luiz Testa, Cléber Gimenez Corrêa, Ariane Machado-Lima, and Fátima L. S. Nunes. 2019. Synthesis of
Facial Expressions in Photographs: Characteristics, Approaches, and Challenges. ACM Comput. Surv. 51, 6,
Article 124 (January 2019), 35 pages.
https://doi.org/10.1145/3292652

1 INTRODUCTION

The recognition of facial expressions by human beings is a skill that contributes to social inter-
action (Hess 2001). However, the presence of some disorders causes individuals to present defi-
ciencies in this ability, hindering communication and other activities of the human daily routine
(Rocca et al. 2009). Examples of these disorders are autistic spectrum disorders (Harms et al. 2010),
mood disorders (Rocca et al. 2009), and schizophrenia (Taylor and MacDonald 2012). Research
studies indicate that people with some of these disorders can be trained to improve their ability to
recognize emotions (Cheng and Ling 2008; Golan and Baron-Cohen 2006; Grynszpan et al. 2008;
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Lahiri et al. 2013), and, especially, this training can be more easily performed with faces familiar
to the individual. For example, people with an autism spectrum disorder have greater difficulty in
identifying emotions in unfamiliar faces (Pierce et al. 2004).

Computational tools can be used for diagnosing and treating these disorders (Grynszpan et al.
2008; Lahiri et al. 2013). For example, synthetic images can be part of a tool for training the ability
to recognize emotions in facial expressions, as in some games (Cheng and Ling 2008). However,
the preparation of a face image with a variety of expressions that is, at the same time, familiar to
the player, is a challenging task involving several computational techniques. In general, the pixels
of the human face image must be manipulated to produce the desired expression.

In addition to the training context, the synthesis of facial expressions has applications in au-
tomation of interactive web agents for video-conferencing with low bandwidth (Li et al. 2007), in-
teractive interfaces (Mendi and Bayrak 2011), improvement of photographs (Fujishiro et al. 2009),
facial surgery planning (Keeve et al. 1998), computer animation (Noh and Neumann 2001), and
custom icons (Li et al. 2007).

Although the scope of this article is facial expression synthesis, the results may be useful for
several related areas. For instance, facial expression recognition usually involves facial landmarks
identification, features extraction, and the use of facial expression databases, topics addressed in
Sections 4.1, 6.1, and 9, respectively. Facial expression synthesis techniques can also be used in less
obvious ways, such as in training data augmentation (Mohammadian et al. 2016) and in inspiring
new features (Song et al. 2010) for facial expression recognition. It can even be part of a face
recognition system that is facial expression invariant (Amberg et al. 2008) or an age progression/
regression system that considers facial expression (Zhang et al. 2017).

The universality of facial expressions of emotions is an old discussion (Aristotle et al. 1913;
Darwin 1916). Since the discovery of six universal facial expressions of emotions (happiness, sad-
ness, anger, disgust, fear, and surprise) (Ekman et al. 1972; Izard 1971), these have been commonly
used in computational fields, such as facial expression recognition (Bettadapura 2012; Li and Deng
2018; Mehta et al. 2018) and synthesis (Abboud and Davoine 2004, 2005; Leung et al. 1996; Li et al.
2014; Tay et al. 2009; Wang and Wang 2008; Wei et al. 2016; Zhou and Lin 2005). Although these
researchers consider these emotions as universal, this is a controversial issue (Russell 1994). In
Jack et al. (2016), only a subset of the emotions (happiness, surprise, anger, and sadness) is con-
sidered universal. Another study even reports that facial displays have specific functions in social
interactions and depend upon context (Crivelli and Fridlund 2018); that is, people can express and
interpret emotions in different ways depending on context and culture.

In this article, we consider the set of six emotions because they are most frequently used in
facial expression synthesis. Each facial expression of emotion corresponds to a specific pattern of
movements of facial muscles (Ekman and Friesen 1971). The minimum movements of a muscle or
group of muscles involved in a facial expression of emotions were defined by Ekman and Friesen
(1976) as action units. It is possible to reproduce these patterns of movement and thus simulate
each facial expression by manipulating the image’s content.

The simulation of facial expressions in computerized systems has been addressed in many ways,
such as through generating caricatures (Testa et al. 2015; Yang et al. 2009), three-dimensional (3D)
reconstructions (Blanz et al. 2003; Liang et al. 2016; Shu et al. 2013), avatars (Boker et al. 2009;
Saragih et al. 2011a; Zhang et al. 2010), photographs (Li et al. 2014; Xie et al. 2015; Zhang et al.
2003, 2014), and movements of the muscles of a robotic head (Moosaei et al. 2015; Wu et al. 2009).
There is a fair number of studies in the literature, spread over several databases, which makes it
difficult to compose an overview of the area. Therefore, this study aims to compile those studies,
limiting its scope to studies whose objective is the synthesis of facial expressions in photographs.
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Ersotelos and Dong (2008) presented a literature review in which they report the construction of
realistic face images from two perspectives: 3D modeling and animation/dynamic synthesis. For
each of the two perspectives, the review categorizes the approaches according to similarities in
their methods. The objective of the review is similar to the present study. However, our Systematic
Review (SR) addresses the subject more specifically, including the methods and techniques used to
synthesize facial expressions in photographs. For these characteristics, our study aims to analyze
the approaches related to Image-Based Rendering (IRB). The IRB approach synthesizes the facial
expression from facial movements extracted from recorded videos or static images (Ersotelos and
Dong 2008). Even though it is more specific, this review also addresses the subject in greater depth
by considering the image databases of facial expressions; deformation, mapping, and machine
learning approaches; the forms of evaluation of synthesized images; and the metrics used in these
evaluations. In addition, this study has a larger scope of time, covering articles published until June
2018 and therefore including studies that were not available in Ersotelos and Dong (2008).

Thus, this SR aims to identify the methods and techniques existing in the literature to synthesize
and evaluate facial expressions in photographs. The review was based on the following research
questions:

(1) What methods and techniques are used for synthesizing facial expressions in pho-
tographs?

(2) What types of evaluation are used to check the realism of these expressions?

Section 2 of this article presents the basic concepts of SR and the elements comprising its proto-
col, Section 3 globally analyzes the articles included according to our SR protocol, and Section 4 dis-
cusses the preprocessing procedures used in the studies included. Later sections discuss the main
approaches of summaries referred to in the literature: Section 5 discusses deformation and map-
ping approaches, Section 6 examines machine learning approaches, and Section 7 presents other
approaches. Section 8 discusses the different methods and metrics used by the authors to evalu-
ate synthesized images. Section 9 presents an overview of the facial expression image databases
mentioned in the studies analyzed. Finally, Section 10 discusses the trends, challenges, and oppor-
tunities from the interpretation of studies included, and Section 11 presents the findings on the
subject.

2 RESEARCH METHOD

This SR was followed three classical stages: (i) planning and selection of studies, (ii) data extraction,
and (iii) data interpretation (Petticrew and Roberts 2008).

The researched academic databases were defined in accordance with the articles obtained from
an exploratory analysis previously conducted. The following keywords were considered: “facial
expression,” “synthesis,” and “map.” The keywords “3D” and “robotic” were used to exclude stud-
ies during the search. First, searches were carried out with strings formed by these keywords in
the data bases Science Direct1, IEEE Xplore2, and ACM Digital Library3. The search engines were
requested to search the keywords in the heading, summary, and keywords of the studies, as pre-
sented in Table 1.

Table 2 presents the inclusion (I) and exclusion (E) criteria for selection of the studies of interest.
An article was included if it had at least one of the inclusion criteria and excluded if it presented
at least one of the exclusion criteria.

1http://www.sciencedirect.com/.
2http://ieeexplore.ieee.org/.
3http://dl.acm.org/.
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Table 1. Strings of Search by Academic Database

Database String

Science Direct TITLE-ABSTR-KEY((“facial expression” AND (synthesis OR map)) AND NOT (3D OR robot))

IEEE Xplore (“Document Title”:“facial expression” OR “Abstract”:“facial expression” OR “Author
Keywords”:“facial expression”) AND (“Document Title”:synthesis OR “Abstract”:synthesis OR
“Author Keywords”:synthesis OR “Document Title”:map OR “Abstract”:map OR “Author
Keywords”:map) NOT (“Document Title”:3D OR “Abstract”:3D OR “Author Keywords”:3D OR
“Document Title”:robot OR “Abstract”:robot OR “Author Keywords”:robot)

ACM Digital
Library

(acmdlTitle:(“facial expression”) OR recordAbstract:(“facial expression”) OR
keywords.author.keyword:(“facial expression”)) AND ((acmdlTitle:(synthesis) OR
recordAbstract:(synthesis) OR keywords.author.keyword:(synthesis)) OR (acmdlTitle:(map) OR
recordAbstract:(map) OR keywords.author.keyword:(map))) AND (acmdlTitle:(-3D -robot) AND
recordAbstract:(-3D -robot) AND keywords.author.keyword:(-3D -robot))

Table 2. Inclusion and Exclusion Criteria

Criterion Description

I1 Studies that address the complete or partial synthesis of facial expressions in images will be included.
I2 Studies that describe evaluation methods regarding the synthesis of facial expressions will be included.

E1 Studies in which the synthesis occurs in images that are not two-dimensional will be disregarded.
E2 Studies in which the synthesis does not occur in photographs will be disregarded.
E3 Studies in which the synthesis occurs in videos or use videos in their methodology will be disregarded.
E4 Studies that address only speech synthesis will be disregarded.
E5 Studies that use motion sensors in the synthesis of the images will be disregarded.
E6 Duplicate studies will be disregarded.

Fig. 1. SR steps and quality criteria.

Figure 1(a) summarizes the steps executed during the SR. Only three articles were duplicates
of the 437 articles recovered. The inclusion and exclusion criteria were applied by reading the
heading, abstract, and keywords. After this step, 51 articles were selected for full reading, data
extraction, and composition of the final analysis of this SR. Additionally, we manually included
two publications, due to their importance and relevance to this SR, that had not been retrieved
during the searching phase: Choi et al. (2017), which had not been initially found because it was
not indexed by the databases used in this review, and Xie et al. (2018), which had not been retrieved
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Table 3. Quality Criteria by Factor and Percentage of Fulfillment

Factor Criterion Description Fulfillment

Source images Q1
The study specifies the image databases used or the
characteristics of the images acquired.

72% of 53

Facial landmarks Q2 The study specifies how facial landmarks were identified. 74% of 47

Q3 The study specifies which facial landmarks are used. 74% of 47

Synthesized images Q4
Images synthesized by the study present the internal region of
the mouth (teeth, lips, and tongue).

78% of 51

Q5 The images synthesized by the study present wrinkles. 57% of 53

Q6
The study shows at least one example of the synthesized
images.

96% of 53

Objective evaluation
of results

Q7
The study presents an objective evaluation of the synthesis of
facial expressions.

26% of 53

Q8
The objective evaluation of results compares the synthesized
images with reference images (ground truth or gold standard).

25% of 16

Q9
The objective evaluation of results compares the synthesized
images with images synthesized by other studies.

44% of 16

Subjective evaluation
of results

Q10
The study presents a subjective evaluation of the synthesis of
facial expressions.

19% of 53

Q11
The subjective evaluation of results presents the user’s
characteristics.

31% of 13

Q12
The subjective evaluation of results shows some consistency
mechanism.

31% of 13

because it is in an academic database (Springer Link4) that was not included in our searching pro-
tocol. All articles included cover the synthesis of complete or partial facial expressions, and their
goal is the synthesis of facial expressions or the use of the synthesis of expressions for another task.

Next, the articles included were classified according to the quality criteria presented in Table 3.
To each criterion met, the article added a point to its total score. The final classification in
accordance with the score of these criteria allows us to analyze if the included articles report
the elements analyzed in this review. The documents generated by the conduction of this SR are
available online5.

3 GLOBAL ANALYSIS OF ARTICLES INCLUDED

The quality criteria (Table 3) refer to the different aspects analyzed, such as specification of the
source images (Section 9), detailing of facial landmarks and techniques used to extract them
(Section 4.1), description of aspects related to synthesized images (Section 8.3), and detailing of
factors related to objective (Section 8.1) and subjective (Section 8.2) evaluation metrics.

Table 3 also presents the percentage of articles that fulfill each quality criterion defined. This
percentage corresponds to the number of articles that meet the criterion in relation to the total
number of studies in which the criteria are applicable. Some quality criteria are not applicable to
some articles due to their scope. For example, it is not possible to apply criterion Q4 (Table 3), which
covers the internal region of the mouth, to an article whose scope is restricted to the synthesis of
facial expressions for the region of the eyes, as in Xiong et al. (2010, 2007b).

The criteria related to the synthesized images presented a higher percentage of compliance
probably because it referred to the main scope of the study. Conversely, the evaluation criteria

4https://link.springer.com.
5Available at: http://lapis.each.usp.br/en/sr-fes/.
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Fig. 2. Image types and approaches.

presented a lower compliance rate in relation to the others, evidencing that not all the studies
present systematic evaluation of results. The groups of quality criteria defined have been used to
systematize the discussion of this article, as presented in Section 10. Figure 1(b) shows that the
quality of the studies increased in accordance with our criteria. This figure shows the average of
all criteria by year, using the same computation applied to Table 3.

Most of the studies analyzed used an image-based approach for synthesis. In this approach, the
features of the facial expression made by a person (source face) are transferred to the image of the
face whose expression will be reenacted (target face). The relevant features of a facial expression
are identified and extracted from the source face(s). After that, these features are adapted to the
target face. Finally, the extracted and adapted features are merged with the target face to synthesize
the new image. The images involved in this process are exemplified in Figure 2(a).

In general, the process of facial expression synthesis is divided into preprocessing, synthesis,
and postprocessing stages, as schematized in Figure 3. We only consider a category if there is
more than one article that uses that approach. The preprocessing is composed of one or more of
the following stages: landmark identification (Section 4.1), face alignment (Section 4.2), and source
image selection (Section 4.3).

After the preprocessing stage, the synthesis stage can be performed using different approaches
such as deformation and mapping (Section 5), machine learning (Section 6), and/or other methods
(Section 7). Hybrid approaches are also presented in Sections 5 to 7. The classification of the ap-
proaches into machine learning and deformation and mapping was inspired and adapted from Xie
et al. (2015), but we also considered the classification of approaches presented in the review Er-
sotelos and Dong (2008) for “other” approaches. Finally, we added new categories regarding hybrid
approaches.

The studies presented different techniques seeking the best result for the synthetic images. For
example, hybrid approaches construct their methods using stages from more than one approach,
as can be seen in Figures 3 and 2(b). Figure 2(b) shows that 30% (16) of the studies present hybrid
approaches. The overview of the stages used by each approach is presented in Figure 3, in which
only the approaches that had at least two articles in the category were considered. Some studies
did not have all the stages of the category, and those stages were therefore considered optional.

Some of these studies also presented a postprocessing stage to merge the synthetic expressive
facial features into the source images. The techniques used at this stage included wrinkle mapping
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Fig. 3. Stages of the synthesis of facial expressions by approach. Dashed lines indicate an optional stage.
Rectangles with dashed lines indicate optional stages, and arrows with dashed lines indicate that only one
of the paths must be followed.

(improved seamless cloning) to add wrinkles to the face (Xie et al. 2017), blend ratio to join
the synthesized expression with the original image (Lee et al. 2007, 2009), and fade-in-fade-out
blending to prevent discontinuous regions (Xiong et al. 2009). The purpose of these processes is
to improve the unification of the synthesized facial expression with the original image, aiming to
provide greater realism to the result.

All the studies discuss the images synthetically generated, which will be detailed in Section 8.3.
Some of them, however, go beyond discussion and present the metrics used in the evaluation
of results, generally related to the realism and consistency of the images produced. The metrics
include subjective evaluation by people (Section 8.2) and/or objective evaluation comparing the
synthesized image with the expected results (Section 8.1).

Another critical aspect of the area analyzed in this SR refers to facial expression image databases.
These databases generally supply images with diverse facial expressions considering different sub-
jects used as the basis for the synthesis of the desired facial expression. Some important variations
are the different intensities of the facial expression and lighting conditions, among others. The
relative completeness of these aspects renders the expressions database more attractive for syn-
thesizing new images. A more detailed assessment can be found in Section 9.

Supplementary material is also available to provide an overview of the techniques presented in
the articles in each of the stages analyzed. This material allows a complete view of each article,
specifying which approaches were used in each stage. Further details of these approaches are found
in Sections 4 to 8.
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4 PREPROCESSING

Before applying techniques to obtain the synthetic image itself, many studies perform preprocess-
ing stages that do not depend on the approach of synthetization adopted a posteriori. These stages
can be divided into extraction of face landmarks, alignment of the faces, and selection of source
images, as detailed in the sections that follow.

4.1 Facial Landmarks Identification

The first stage of preprocessing is the identification of facial landmarks. Landmarks are used to
locate and define the face and facial components. The facial landmarks were labeled manually in
38% (20) of the studies, semi-automatically in 8% (4), automatically in 17% (9), and withdrawn from
the facial expressions database in 4% (2) of the studies. Out of the remaining studies, 19% (10) did
not specify and 15% (8) did not extract landmarks.

Manual identification is done by the database compiler using the source and target facial expres-
sions. This approach is often used because of the possible inaccuracy of automatic identification
or because landmark identification is not the focus of the study. Its advantage is that it ensures
better results in identifying the points of the face and, consequently, better results in synthesis.
However, its disadvantage is that it prevents system automation.

One way to facilitate the process of facial landmark identification is the semi-automatic ap-
proach. Some points of the face are previously selected manually and used as a basis for automat-
ically identifying other points. The advantage of this approach is that it efficiently locates points
in relation to the manual approach, especially when there is a large number of source images.
Studies that adopted this approach located certain points manually and used feature templates
(Li et al. 2007) or a Multi-Level Active Appearance Model (Lee et al. 2007, 2009) to locate the re-
maining points. Another semi-automatic approach was presented in Li et al. (2014), in which the
internal points of the face were located automatically with an Active Appearance Model while the
outermost points of the face were identified manually.

Although it facilitates the identification of facial landmarks, the semi-automatic approach still
requires human interaction as part of the location process. Automatic approaches do not present
this problem, but they can cause inaccuracies in processing. The automatic approaches adopted
in the articles included Active Shape Model (ASM) (He et al. 2008; Xie et al. 2017, 2015), Active
Appearance Model (AAM) (Xie et al. 2017, 2015, 2018), Local Texture Classifiers (Jia et al. 2010),
Constrained Local Model (CLM) (Impett et al. 2014; Sabzevari et al. 2010), and Ensemble of Regres-
sion Trees (Wei et al. 2016). In (Fujishiro et al. 2009), the use of an automatic approach is mentioned
but without presenting the method employed. In Xie et al. (2017, 2015), more than one technique
is used to locate points because, according to the authors, ASM finds a greater number of points
and AAM offers greater accuracy. A more complete overview of automatic detection techniques
for facial landmarks can be found in Wang et al. (2017).

Xie et al. (2018) perform two additional tasks to improve landmarks identification: (i) obtaining
a greater number of landmarks, and (ii) increasing the accuracy of their positions. The points are
expanded through Procrustes transformations. Then the landmarks positions are finely matched
and adjusted with a local optimization performed using B-splines and edge detection.

Another way to obtain information on facial landmarks identification is to use the facial expres-
sions database. The advantage of this approach is that the labeling of landmarks is validated by
the original study of the image database. In Macedo et al. (2006), the FGNET Database with Fa-
cial Expressions and Emotions from the Technical University of Munich (Wallhoff 2006) was used,
whereas in Mohammadian et al. (2016), the database used was the Extended Cohn-Kanade Dataset
(CK+) (Lucey et al. 2010).
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Fig. 4. Percentage of landmarks in the articles included.

Finally, some studies did not use facial landmarks to synthesize the new image. These studies
directly manipulate the image without identifying points. In Kouzani (1999) and Wu et al. (2010),
the authors directly use the pixels that compose the image, and in Chao and Zhiyong (2008) and
Tay et al. (2009), facial regions that will be deformed to synthesize facial expression are presented
by the authors.

A critical issue to be noted in relation to facial landmark identification is the number of facial
landmarks detected. Figure 4(a) shows that most studies used between 60 and 80 points. However,
there was great variation in the number, with a minimum of 26 and a maximum of 150 points. This
variation occurs because the studies manipulate different parts of the face. For example, while
some studies manipulate only the eyes and mouth region (Li et al. 2007), others also consider the
regions of the eyebrows, eyes, mouth, nose, face outline, neck, hair, and ear (Li et al. 2014, 2012).

Despite the variation in the regions of landmark identification, Figure 4(b) verifies that most
studies used the regions of the eyes, eyebrows, mouth, face outline, and nose. While those regions
are used in more than 80% of the studies, the other regions of the face were considered by fewer
than 12% of studies. These sparsely used regions are more difficult to detect (wrinkles and eyelids)
or less important to the facial expression (hair, neck, and ear).

Landmark locating is not the only way to establish a correspondence between facial components
among different faces. Another automatic approach is based on dense correspondences between
two images. A dense correspondence between facial images is performed in Yu et al. (2018) through
a Convolutional Neural Network (CNN) Flow. Further details are described in Section 6.

4.2 Facial Alignment

Facial images may come in a variety of sizes. Similarly, the placement of facial components can be
in different positions in the source and in the target images. Faces should have the same dimen-
sions if the components of source faces are to better suit target faces. To that end, the neutral and
expressive source faces are aligned to the neutral target face. Another way is to align the source
and target faces to an average face.

The alignment methods found to accomplish this task were affine transformation (15%; 8), Pro-
crustes transformation (4%; 2), a combination of Procrustes analysis with affine transformation
(6%; 3), pixel-based correspondence (2%; 1), Thin Plate Spline (TPS) (2%; 1), and normalization
with Facial Animation Parameters Unit (FAPU) (2%; 1). Moreover, 21% (11) of the studies mention
performing alignment without specifying the technique. Finally, 51% (27) of the studies did not
specify if any alignment is performed.
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Alignment often requires a previous step consisting in dividing the image into smaller pieces
to allow the alignment of each facial component. In these cases, 21% (11) of the studies stated
that triangulation was performed to accomplish the task. Regarding the studies that performed
triangulation, more than half used Delaunay triangulation (Ghent and McDonald 2005; Impett
et al. 2014; Li et al. 2014; Wei et al. 2016; Zhang et al. 2014; Zhang and Wei 2012).

4.3 Source Image Selection

This stage assumes that a database is already defined with neutral and expressive images that will
be used to generate the target image. In this stage, the authors select which source images of the
database will be selected for synthesizing the desired facial expression. In 66% (35) of the cases, all
the images of the database are used to build the model. In general, the studies that adopted this
approach are those that used machine learning and blend shape in the synthesis stages. About 28%
(15) of the studies did not specify how the source images were chosen. The remaining studies (9%;
5) used similarity measures to choose images.

The approaches that use all the images available for constructing the model try to extract more
information from this dataset. However, when there are no faces similar to the target face in the
image database, the synthesized facial expression tends to be close to the average, thus losing the
identity traits of the target face (Zhang and Wei 2012).

The studies that used similarity measures chose the source images by considering the following
aspects:

Structure-based-similarity: The idea here is to find a similar source face using information
on face structure or on a facial component. This approach assumes that subjects with
similar neutral faces display similar expressive faces (Xiong et al. 2010, 2007b). In Xiong
et al. (2010, 2007b), the most similar eye can be found by using a Euclidean distance-based
structure similarity; however, this study is restricted to the synthesis of facial expression
around the eye. In Mohammadian et al. (2016), the structure of face is considered as a
whole and the similar face is found by means of the five nearest neighbors.

Expression-based-similarity: Facial expression databases are searched for a facial expression
that presents the desired emotion (e.g., happiness, sadness, etc.). Then the application
chooses the closest facial expression by means of facial feature motion difference com-
puted using optical flow (Li et al. 2012) or with Mahalanobis distance and Information-
Theoretic Metrics Learning (ITML) (Li et al. 2014). This image is used along with the
source image to synthesize facial expression, as presented in Section 7.4.

5 DEFORMATION- AND MAPPING-BASED SYNTHESIS

Deformation and mapping is the first approach to be described for face image synthesis. It is used
in 45% (24) of the articles in our survey. For the synthesis of new facial expressions, a neutral
source face image, an expressive source face image, and a neutral target face image are usually
required. In this category, there are also techniques that use only the expressive face as a source
(disregarding the need for a neutral source face). This approach can be accomplished with the
following steps:

(1) dividing the source and target faces into smaller parts;
(2) obtaining the new format for each division of the neutral target face by adding to it the

difference between expressive and neutral source faces;
(3) deforming each division of the neutral target face to the new format;
(4) mapping the lighting differences on to the deformed face.
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5.1 Deformation

In the first step of the deformation and mapping approach, deformation occurs, consisting of the
movement of the control points that indicate an emotion in the facial expression. The face can
be fully deformed (global deformation) or by regions (local deformation). None of the studies an-
alyzed used global deformation as part of their approach. Only the study by Zhang et al. (2014)
presented this type of deformation, but for demonstration purposes only. Therefore, most of the
studies performed the division into smaller parts to be deformed as a first step. There are several
techniques to perform deformation: of the studies included and that adopted the deformation and
mapping approach, 48% (11) used triangulation and warping, 26% (6) used spline warping, 4% (1)
used facial deformation tables with quadratic deformation, 4% (1) used a deformation based on
edge direction preservation, and 17% (4) did not specify the deformation approach.

The deformation techniques mentioned show common and different points between them,
namely:

Triangulation and warping: The face is divided into triangles that are fit into the new com-
puted format. Delaunay triangulation was used in 91% (10) of the cases; the remaining
studies did not specify the triangulation technique. Geometric-controlled image warping
(Song et al. 2006; Xie et al. 2015; Zhang et al. 2012, 2014), affine transformation (Impett
et al. 2014; Li et al. 2014, 2012; Wei et al. 2016; Zhang and Wei 2012), affine and smooth
(Su et al. 2011), and bilinear Coons patch image warping (Leung et al. 1996) were used for
warping.

Spline warping: This is the interpolation technique of a given surface based on spline curves.
This technique is used with two-spline mesh warping (Lee et al. 2007, 2009; Sabzevari
et al. 2010) and TPS warping (Chao and Zhiyong 2008; Jia et al. 2010; Li et al. 2007).

Facial deformation tables with quadratic deformation: In this technique, the face is divided
according to the regions of the muscles. Then, from information about muscles movement
in each region, the face is deformed by means of quadratic models (Tay et al. 2009).

Deformation based on edge direction preservation: Xie et al. (2018) deformed the triangular
mesh using a nonlinear least squares optimization that preserves facial feature geometry
details by directional vectors along multiple boundary edges. This approach concerns not
only preservation of the exterior shape (face profile), but also of interior component (facial
features) shapes.

Deformation allows changing the image based on changes of facial components formats. That
is, the format of the facial components of the target face is adjusted according to the changes
identified in the source face.

5.2 Mapping

Mapping is the second step of the deformation and mapping approach. In this step, lighting infor-
mation related to facial expression is mapped to the target face. The idea is to transfer the lighting
changes that occur between the expressive and neutral source images. To that end, 48% (11) of the
studies that adopted the deformation and mapping approach used Expression Ratio Image (ERI),
15% (3) used lighting differences, 10% (2) used blend ratio, 5% (1) used Helmholtz-Hodge Decom-
position (HHD), and 5% (1) used frequency analysis. Nineteen percent (6) did not map lighting
information.

The techniques used in this step differ depending on technique:

ERI: ERI produces an image that captures lighting changes as the ratio between the neutral face
source and the expressive face source. The main idea of ERI is to use lighting variations
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to describe facial changes (Li et al. 2014). The first authors to introduce this concept were
Liu et al. (2001). It is the most widely used technique for transferring lighting informa-
tion between facial expressions; however, it can present artifacts due misalignment in the
warping processing. This occurs because ERI is sensitive to variations in pixel intensity
(Song et al. 2006; Xie et al. 2017). A way to improve the accuracy of ERI is to increase the
correlation between the pixels of the source image and those of the target image. This
can be done by using a curves model (Xiong et al. 2010, 2007b). Another way is to high-
light the areas of lighting transfer based on information about muscle movement (Zhang
et al. 2012, 2014). Finally, the difference in angle can also be considered to improve ERI’s
accuracy (Lee et al. 2007, 2009).

Lighting differences: The lighting difference technique avoids the problem of correspondence
between the pixels that is present in the ERI technique. Lighting differences approaches
include the difference between source images (Xie et al. 2017, 2015, 2018) and the differ-
ence between mean values of the neutral target image and neutral source image (illumi-
nation bias) (Zhang and Wei 2012).

HHD: This is another option to minimize the artifacts of ERI (Song et al. 2006). HHD consists
of a lighting transfer technique using the concepts of vector field decomposition. The
transformation matrix is built from components of divergence and rotation obtained with
HHD (Song et al. 2006).

Frequency analysis: Frequency domain analysis is used to better capture information about
the facial expression. The study by Wei et al. (2016) divides the image into four frequency
bands for transferring the details of facial expressions.

The mapping of lighting information allows one to transfer the changes in lighting from the
source images to the target images. This transfer especially maps the finer details, such as wrinkles
and creases. This makes the synthesized images more consistent with actual images.

6 MACHINE LEARNING-BASED SYNTHESIS

Machine learning is the second approach presented for facial image synthesis. It is used in 66%
(35) of the articles included in our survey. In those studies, the desired facial expression is learned
based on multiple instances of that expression. New images are synthesized using a model built
from the expressive facial features patterns found in the dataset of the source images. This process
can be conducted through a supervised or unsupervised machine learning approach. Ninety-seven
percent (30) of the machine learning studies used supervised methods (Section 6.3.1), and only one
study used unsupervised learning (Section 6.3.2).

Three steps are performed: (i) feature extraction, (ii) dimensionality reduction, and (iii) synthe-
sis. For step (i), Section 6.1 describes which features are considered by these methods. For step (ii),
all the studies reduced data dimensionality using methods based on feature fusion. The third step,
synthesis, is performed by two alternative approaches: (i) The new image is reconstructed using
the features decomposition performed in the second step (Section 6.2), or (ii) a model is trained
using the fused features and is used to synthesize the new images (Sections 6.3.1 and 6.3.2).

6.1 Facial Features Extracted

In this section, we consider which features are extracted from the example images and used for
learning the expression models. The studies considered features extracted from the images based
on their shape (83%; 29), texture (86%; 30), or illumination (11%; 4).

Shape: Shape features are based on changes in facial structures. For this, 74% (26) of the studies
used the positions of facial landmarks. The others used an approach to define the face in
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small patches (He et al. 2008; Mohammed et al. 2009; Wang and Wang 2008). To discover
changes to the shapes of facial components is the first step in changing the shapes of
those components. This change can be combined with learning the texture or lighting or
with deformation approaches (Section 5.1).

Texture: Some studies consider the positions and relationships between the pixels of the image
as features to be learned. These features can be combined with changes to the shape.
There are also studies that perform postprocessing by means of mapping illumination
information (Section 5.2).

Illumination: There are many ways to consider the color and light information of an image to
build the model to be learned: ERI (Du and Lin 2003; Mima et al. 2011; Zhu et al. 2004),
illumination bias (Wei et al. 2016; Zhang and Wei 2012), and lighting differences (Xie et al.
2017) are the main ones found in the articles included in our survey. These are part of
the mapping approaches to illumination information found in Section 5.2. These features
were combined with shape and deformation approaches (Section 5.1).

Combinations: Each extracted feature can be combined with another for more information. The
combination of shape and texture was found in 60% (21) of the machine learning studies,
commonly using landmarks and the vector of pixels. On the other hand, the combina-
tion of shape and illumination was made with landmarks and ERI in 9% (3). There are
two ways to make this combination: considering each feature separately or together for
constructing the model.

Other features: Some approaches, such as deep neural networks, have an encoder that performs
facial features extraction and dimensionality reduction of the image inside the model.
These approaches are described in Section 6.2.

6.2 Dimensionality Reduction

Only feature fusion methods were used by the studies for dimensionality reduction. Fusion of
features represents a class of methods for dimensionality reduction that combines original features
in new features. These new features are usually sorted by some relevance criterion and only the
most relevant are used in the model learning. In this process, the number of new features used is
reduced in comparison to the original feature set.

The feature fusion techniques can also be used to build a model from a linear combination of
the transformed features, and, therefore, it does not perform a subsequent learning step. The main
idea is to decompose the images into two subspaces of features: a subspace of expression features
and a subspace of identity features. These subspaces are used to reconstruct the new image. This
was carried out using different techniques.

Principal Component Analysis (PCA): PCA is used to identify facial changes with greater
variability. The desired facial expression can be synthesized by the weighted projection
of the basis images (eigenfaces) (Du and Lin 2002; Kouzani 1999; Mohammadian et al.
2016), or PCA output is used in conjunction with learning algorithms. PCA was applied
to landmarks (Ghent and McDonald 2005), landmarks with pixel vectors (Agarwal et al.
2012; He et al. 2008; Li et al. 2007; Seo and Chen 2012; Wang and Ahuja 2003; Zhou and
Lin 2005), and the ERI logarithm (Du and Lin 2003).

PCA Variations: Some studies used alternative versions of PCA in their approaches. These vari-
ations were Quadtree PCA (QPCA) (Kouzani 1999), Multilinear PCA (MPCA) (Macedo
et al. 2006), PCA applied to each facial expression separately (Agarwal et al. 2012), and,
in Seo and Chen (2012), PCA applied to training images and residual error.
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Statistical Shape and Appearance Models: This technique consist of statistical models built to
represent the shape and appearance of the face in following the stages: facial landmarks
identification (Section 4.1), facial alignment (Section 4.2), and identification of the main
facial variations using PCA. The models used were ASM (Xiong et al. 2007a) and AAM
(Abboud and Davoine 2004, 2005; Abboud et al. 2004; Macedo et al. 2006; Mohammadian
et al. 2016; Tan et al. 2009; Xie et al. 2017; Xiong et al. 2009; Zhang and Wei 2012).

Singular Value Decomposition (SVD): SVD is used to decompose the face into the subspaces
“face identity” and “facial expression.” Thus, it is possible to reconstruct a certain identity
with another expression. In addition to the use of Support Vector Regression (SVR) (Lee
et al. 2007), some variations were identified, such as HOSVD (Lee and Elgammal 2006;
Macedo et al. 2006; Tan et al. 2009; Wang and Ahuja 2003; Wei et al. 2016; Zhang and Wei
2012), kernel-based bilinear factorization (Zhou and Lin 2005), and bilinear factorization
symmetric and asymmetric models (Abboud and Davoine 2004, 2005; Mohammed et al.
2009). As in PCA, some studies used decomposition as input for learning (Lee et al. 2007;
Wei et al. 2016; Zhang and Wei 2012; Zhou and Lin 2005). Other studies reconstructed the
decomposed faces. Finally, most studies applied SVD in landmarks and image vectors, but
it was also applied to image patches (Mohammed et al. 2009).

Supervised Locality Preserving Projections (SLPP): SLPP aims to preserve the characteris-
tics of the facial expressions locally by means of a linear approximation of the Laplacian
eigenmap. In Wang and Wang (2008), the face is divided into patches and their weighted
reconstruction is made to synthesize the new facial expression.

Face encoding: The main goal of the encoder in a neural network is features extraction and
dimensionality reduction. In the case of facial expression synthesis, the encoder ex-
tracts components of two subspaces: identity and facial expression. In Moghadam and
Seyyedsalehi (2018), the encoder also considers the expression intensity. Zhou and Shi
(2017) use a CNN to encode a 32 × 32 colored image of the face into a feature vector of
the latent space. Moghadam and Seyyedsalehi (2018) encode a face in the Dynamic Deep
Bottleneck Neural Networks (DDBNN) model. Yu et al. (2018) present a more general
approach to match regions between images, thus the features are the semantic corre-
spondence.

6.3 Model Building

6.3.1 Supervised Learning. The supervised methods used for model training were regression,
Support Vector Machine (SVM), neural networks, and deep neural networks, detailed below.

Regression: Some of the studies used linear regressions, multiple linear regression, polynomials,
and SVR. In the case of linear regressions, the inputs were PCA (He et al. 2008), AAM
[Abboud, Davoine, and Dang 2004], and illumination differences (Abboud et al. 2004)
(Section 5). For the multiple linear regressions (Mima et al. 2011), features resulting from
PCA were used. For the polynomial (quadratic), both the image and ERI were used (Du
and Lin 2003; Xiong et al. 2007a). Finally, SVR used the features resulting from PCA to
build the model (Zhu et al. 2004).

SVM: SVMs whose kernel functions are Gaussian RBFs (Agarwal et al. 2012; Fujishiro et al. 2009;
Wei et al. 2016; Xie et al. 2017; Zhang and Wei 2012) and inverse multiquadric RBFs (Lee
et al. 2007) were used. The input for these SVMs are features resulting from PCA (Agarwal
et al. 2012; Xie et al. 2017), SVD (Lee et al. 2007), AAM with SVD (Wei et al. 2016; Zhang
and Wei 2012), or wrinkles (Xie et al. 2017). The SVD calculates only the movement of the
facial landmarks; then, the face is deformed using deformation and mapping approaches
(Section 5.1).
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Neural Networks: Neural networks are used in two different ways. The first concerns the RBF
network (Ghent and McDonald 2005; Leung et al. 1996), and the second is discussed in
the deep neural networks description below. An RBF network is a type of neural network
that uses Gaussian functions as the activation function. The neural network’s input are
features resulting from PCA (Ghent and McDonald 2005) or the vector of facial landmarks.
In the case of facial landmarks, the patterns of movement are learned, then the target
image is deformed and the mapping of illumination information is made, as shown in
Section 5.

Deep Neural Networks: Three types of deep neural networks were found: CNN Flow, DDBNN,
and Deep Belief Network. The CNN Flow (Yu et al. 2018) hierarchically matches the re-
gions between two images in a dense correspondence. It uses a CNN feature pyramid to
establish the correspondence between the semantic features. Then it generates a coarse
target neutral image according to its correspondence to the source image. The DDBNN
(Moghadam and Seyyedsalehi 2018) synthesizes the new image from the identity mani-
fold, facial expression, and the intensity of expression (see Section 6.2). The model uses
recurrent networks to generate images with different levels of intensity. Finally, the Deep
Belief Network (Sabzevari et al. 2010) defines the target expressive landmark positions by
extracting variations in facial expressions. This network is trained using landmarks and
FACS labels. Then the face is deformed according to the learned landmarks using warping
(see Section 5.1).

6.3.2 Unsupervised Learning. Seventy-five percent (3) of the publications concerning unsuper-
vised learning use Generative Adversarial Networks (GAN). Only one study used cluster and cor-
relation to recognize the movement patterns of a specific facial expression in order to make a
corresponding deformation in the target face.

Cluster and correlation: In Jia et al. (2010), the facial landmarks are divided into face regions
according to FAPs (MPEG-4 facial animation parameters). The FAPs are then normalized
with FAPU in order to be clustered using a hierarchical clustering tree. Then a Pearson
correlation coefficient identifies the movement patterns used for deforming the target
face through a thin plate spline (see Section 5).

Generative Adversarial Networks: Zhou and Shi (2017) train a Conditional Difference Adver-
sarial Autoencoder (CDAAE) from the encoded faces (Section 6.2) to learn the difference
between the source and target images. Then the decoder synthesizes the expressive face.
Choi et al. (2017) train the model called StarGAN to learn image-to-image translation
across multiple domains. StarGAN uses a single generator to manipulate facial attributes
such as expression, age, and gender, among others.

7 SYNTHESIS WITH OTHER APPROACHES

Other approaches, found in fewer of the included studies, presented different solutions to the prob-
lem. The approaches of blend shape (Section 7.1), muscle simulation (Section 7.2), and cloud mod-
eling (Section 7.3), and others (Section 7.4) were used.

7.1 Blend Shape

This approach is divided into two steps: the division of the face into smaller parts and the blending
of the regions containing the facial expression on the source images. The division is made into
subregions defined by the study authors and considering facial components. The blend of images
is through interpolation with pixel-wise color blending and merging through weight subdivisions
map (Zhang et al. 2003, 2006).
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According to the authors, the approach can realistically synthesize the desired facial expression.
However, in studies presented by Zhang et al. (2003, 2006), some photographs of the same person to
be synthesized (target image) are used as source images. Therefore, adjustments would be required
for the operation when using source faces different from the target face.

7.2 Muscles Simulation

Some articles used information from muscle movement as a way to improve a specific aspect of
the synthesis of facial expressions. This information was used in the process of deforming the face
and in the mapping of features, both presented in Section 5. That is, the information obtained from
the model of muscles is used as a way to improve some deformation and illumination mapping
approaches.

In Tay et al. (2009), the information about the muscles is used to define the regions, direction
of deformations, and intensity of quadratic deformations. A deformation facial table defines the
regions to be deformed, as well as the direction of deformation.

Zhang et al. (2012, 2014) highlight the information about ERI illumination transfer in areas where
there are muscle movements. Thus, there is an attempt made to decrease the amount of information
not related to facial expression present in the ERI generated by source images. The information
about the muscles restricts the regions for the ERI mapping.

7.3 Cloud Model

In this approach, synthesis is based on a model of transformation of uncertainty between the quan-
titative model (based on the image) and the qualitative concept (facial expression). The quantitative
model is formed by numerical characteristics: expectation, standard variance, and hyper-entropy
(the measure of uncertainty of the standard variance) (Wang et al. 2012).

The image is synthesized by means of forward cloud generator and backward cloud generator
(Wu et al. 2010). The forward cloud generator transforms each image into its respective numerical
characteristics. Finally, the numerical characteristics of each image are transformed into a cloud
with the backward cloud generator. The reconstruction of facial expression is accomplished by the
weighted combination of these clouds (Wu et al. 2010).

7.4 Similar Facial Expression

This approach combines two images to generate the expressive target face. The first image results
from the deformation and mapping process (Section 5). The second image is the result of the search
for a person’s facial expression most similar to the expressive source face, as shown in Section 4.

Both images—found and synthesized by deformation and mapping—contain expressive faces
close to the desired facial expression. Therefore, the end result is achieved by merging these images.
This refinement of the facial expression aims at obtaining a more realistic result.

8 EVALUATION OF THE RESULTS

A crucial issue in the synthesis of images is how to check if the result (the resulting images) is ap-
propriate. The evaluation metrics found in the studies included in our survey were divided into ob-
jective and subjective approaches. Objective evaluation metrics are those that evaluate the results
quantitatively, considering only the aspects of images, mainly using computational techniques.
Subjective metrics are those in which people evaluate the performance of the system.

Objective metrics (Section 8.1) were observed in 26% (14) of the studies and subjective metrics
(Section 8.1), in 19% (10). The remaining 55% (29) of the studies only discussed the synthesized
images (Section 8.3) without presenting a subjective or objective evaluation. These aspects are
presented in Section 8.3.
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8.1 Objective Metrics

For an objective evaluation, it is necessary to analyze the objects evaluated and the techniques
used to perform the task. The analysis is carried out according to a metric that does not depend
on a person’s perception. The most widely used object for evaluation was the synthesized image
(90% of the objective metrics). Facial landmarks were the only other object evaluated.

The synthesized images were compared with other images, such as ground truth images, im-
ages synthesized by other studies, and expressive source images. The comparison with ground
truth images allows verifying if the synthesized image meets expectations. A comparison with
synthesized images made by other studies allows an analysis of differences between approaches.
Finally, the comparison with the source image allows verifying the consistency of the synthesized
images. The metrics found can be divided into two categories: those that use a reference image
and those that do not use a reference image (called no-reference). While the former evaluates the
difference between two images, the latter uses statistical aspects of how the images should look
or about the possible distortions (Wang and Bovik 2006).

We found the following metrics related to the first category:

Mean Square Error (MSE): This is the most widely used technique to compare images. In
Agarwal et al. (2012), Seo and Chen (2012), Xiong et al. (2009), and Zhou and Lin (2005),
MSE was used to compare synthesized images with the ground truth, images synthesized
by other approaches, and with source images. In addition, there were also variations of the
MSE: ratio Gradient Minimum Square Error (GMSE) and average Peak Signal to Noise Ra-
tio (PSNR). The GMSE was used to compare the synthesized image with the target neutral
image to verify its quality and identity preservation (Wang and Ahuja 2003). The PSNR
is a way to evaluate noise interference in the synthesized image (Xiong et al. 2009). The
relation of the source images to the synthesized images was evaluated using this method.
Xiong et al. (2009) also compare the approach proposed by their study with other ap-
proaches from the literature.

Correlation: Correlation measures the dependency between two images to determine their sta-
tistical relationship. Correlation coefficient (Ghent and McDonald 2005), Pearson product-
moment correlation (Du and Lin 2003), and correlation of lighting differences (Xie et al.
2017, 2015, 2018) were used. The studies correlated the synthesized images with the
ground truth, target neutral, and synthesized images with source images.

Robustness: Xie et al. (2018) measured the ability of their algorithm to withstand noise. They
calculate the minimum sum of the 1,000 largest differences between ∇source and ∇target
images, where ∇ is the difference between expressive and neutral images.

Structural similarity: The Structural SIMilarity (SSIM) index aims to evaluate the quality of an
image using structural similarity in the space domain (Wang and Bovik 2006). Moghadam
and Seyyedsalehi (2018) use the SSIM to compare the synthesized image with the target
neutral image.

Consistency of landmarks: Abboud et al. (2004) evaluate the distances of facial landmarks
through the Box-Whisker Diagrams metrics. These metrics verify whether the measures
found for the synthesized images are within an acceptable range. Verifying the distances
for the synthesis allows one to evaluate the consistency of the shape.

Facial expression recognition: Agarwal et al. (2012) and Choi et al. (2017) trained a facial ex-
pression recognition classifier to automatically evaluate whether a synthesized image
properly displays the desired facial expression. Choi et al. (2017) check the accuracy by
comparing the results with other approaches as well as with real images.
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The only metric found in the second category was Q-value. Q-value is a spatial domain method
in which the image is partitioned into blocks to evaluate the effects of blocking and blurring on a
given image (Wang and Bovik 2006). Thus, it is possible to evaluate local blockiness, such as those
caused by JPEG compression (Wang et al. 2002).

8.2 Subjective Metrics

In studies using a subjective evaluation of results, the following aspects were verified: number
of people who performed the evaluation, characteristics of the evaluators, evaluation task, and
consistency mechanism.

The number of people who evaluated refers to the number of volunteers or paid users who
conducted the evaluation tasks. This number varied from 8 to 112 people, most commonly around
30 evaluators.

The characteristics of those who evaluated results help to establish patterns according to users’
profiles. More than half of the studies that use subjective evaluations did not mention the character-
istics of the people who evaluated the synthesized images. The other studies raised characteristics
related to age group, gender, educational attainment, the existence of a visual impairment, and
knowledge about the cloning of facial expressions.

In general, in the subjective evaluation, the synthesized images are subjected to evaluation tasks
to verify the performance of the proposed approach. The tasks applied were the perception of
realism of the images generated, the identification of facial expression, and the preservation of
identity. Listed here are the tasks for each of these evaluations.

Image realism: The evaluators give a grade from 1 to 5 for each synthesized image (Li et al. 2014;
Wang and Wang 2008; Xie et al. 2017; Zhang et al. 2012, 2014) or 5 to 10 (Xie et al. 2018).
The goal is to evaluate whether there are elements that make the images different from a
real image. It is thus possible to verify the consistency of synthesized images.

Facial expression identification: This task classifies what facial expressions are shown in the
image (Choi et al. 2017; Li et al. 2007; Tay et al. 2009; Wang and Ahuja 2003; Wang and
Wang 2008). For this, the evaluator selects the facial expression that best fits into the
group of facial expressions available, which verifies if the synthesized facial expression
has the desired facial expression elements.

Pearson identity preservation: In Wang and Wang (2008), this task is carried out in two sup-
plementary ways: person verification and double-blind face recognition. In person veri-
fication, the synthesized image and ground truth are placed side by side and the person
who is evaluating checks whether the images belong to the same person. Double-blind
face recognition uses a group of synthesized images and a group of images from the target
person. The images of the first group should be related to the second group. Zhou and
Shi (2017) asked users to verify one of three images that best corresponds to the same
person’s ground truth image. The images were synthesized by three different approaches
and presented in random order. Evaluators could select one or no image. These tasks al-
low evaluators to check if a person’s specific traits have been lost during the synthesis
process.

Some studies also use mechanisms to verify the consistency of the evaluators’ responses. In
addition to the synthesized images, other images are evaluated to ensure the consistency of the
responses provided. The images included in the tests are ground truth (Wang and Wang 2008) or
synthesized by means of other approaches (Zhang et al. 2012, 2014). The first one allows checking
that the evaluator responds in a manner befitting a real image, while the second allows comparing
the results with those of other studies.
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Finally, a statistical analysis can be used to validate the results of the subjective evaluation. To
achieve this, Yu et al. (2018) applied a Wilcoxon rank sum test to compare the results of their
approach over other works. The applied test evaluates the results of the verification task on the
realism of the images.

8.3 Results Evaluation by the Authors

This section describes aspects of the synthesized images that the authors discussed in their results.
The most common aspects described by the analyzed studies are the provision of varied images
(60%; 32), comparison with images synthesized by other approaches (36%; 19), wrinkles (19%; 10),
and a comparison with ground truth images (17%; 9).

One of the aspects highlighted by the authors and analyzed in their discussions is the need to
present several aspects of variation in the faces synthesized. The studies aim to generate different
facial expressions, different faces/people, variations in the intensity of facial expressions, wrinkles,
mixed facial expressions, transitions between two facial expressions, identity preservation, and
exaggerated facial expressions. The variation of aspects present in the synthesized images allows
one to analyze the approach’s ability to synthesize images that are useful for different contexts.

Another way to show the operation of the approach is through a comparison of results. Com-
parisons were made between synthesized images and those generated by other studies or ground
truth images. This allows researchers to check if the synthesized images are as suitable as the im-
ages used as reference. This approach was discussed in Section 8.2, under subjective evaluations
with users. However, several studies just discuss this aspect without using subjective metrics.

Finally, there are conditions that influence the process of synthesis of facial expressions. There
were reported tests considering different illumination conditions, improvement in the precision
of the detection of facial landmarks, different ways to find similar images in the image database,
blurriness, invalid settings of facial expression, occlusion, people not present in the source image
database, pose variations in the target face, synthesis in non-human faces, and runtime. Showing
the behavior of the approach under these varied conditions allows researchers to verify if the
approach works even in the most adverse conditions. It can also define the conditions required to
improve a system’s functioning.

These aspects were discussed as ways in which the studies described and evaluated their results.
An adequate set of various aspects helps to check if the synthesis of the expressions occurred
consistently in each perspective observed. Thus, these characteristics can evaluate the efficiency
of the solution presented.

9 FACIAL EXPRESSION IMAGE DATABASES

The facial expressions image databases mentioned in the studies included in this SR contain the
images used as a basis for synthesizing facial expressions (source images) and serve to evaluate the
approaches proposed by the authors. In addition to the facial expression databases retrieved from
the analyzed publications, we added two popular facial expression databases: FER2015 (Goodfellow
et al. 2013) and Oulu-CASIA (Zhao et al. 2011) due their relevance to this article.

Most of the analyzed publications concerned CK (Kanade et al. 2000) (23%; 12), CK+ (Lucey et al.
2010) (19%; 10) and JAFFE (Lyons et al. 1998) (13%; 7) databases, whereas each of the remaining
ones are used by one (2%) or two (4%) studies each. The complete list of these databases is found
in Table 4. In addition to these, 13% (7) of the studies captured their own images. The remaining
26% (14) did not specify the acquisition of the images used. The sum of these percentages results in
more than 100% because there are studies that used more than one image database. Note that the
database CK+ (Lucey et al. 2010) is a continuation of CK (Kanade et al. 2000). Likewise, the CMU
MultiPIE (Gross et al. 2010) is a continuation of CMU-PIE (Sim et al. 2003).
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Table 4. Main Points of the Discussions (Section 8.3) Observed on the Facial Expressions Image Databases

Database Facial expressions

Same
neutral and
expressive

face

Diversity
in

wrinkles

Number of
different

faces
Total

images

Intensity of
facial

expressions

Different
lighting

conditions

Number
of

studies

CK (Kanade et al.
2000)

Joy, surprise,
sadness, disgust,
anger, and fear

Yes Yes 97 486
(sequences)

Yes Yes 23% (12)

CK+ (Lucey et al.
2010)

486 action units
including: joy,
surprise, sadness,
disgust, anger, and
fear

Yes Yes 123 593
(sequences)

Yes Yes 19% (10)

JAFFE (Lyons et al.
1998)

Neutral, happiness,
sadness, surprise,
anger, disgust and
fear

Yes Yes 10 213
(images)

Yes No 13% (7)

AIAR (Fu et al.
2003)

Neutral,
exaggerated and
non-primary
expressions

Yes Unspecified 10 300
(images)

Unspecified No 4% (2)

RaFD (Langner
et al. 2010)

Neutral, sadness,
contempt, surprise,
happiness, fear,
anger, and disgust

Yes Yes 67 8040
(images)

No No 4% (2)

POFA (Ekman and
Friesen 1975)

Neutral, happiness,
anger, fear, surprise,
sadness, disgust,
and contempt

Yes Yes 16 110
(images)

No No 2% (1)

XM2VTS database
(Messer et al. 1999)

Speech recordings Yes No 295 1.180
(images)

No Yes 2% (1)

IMM face database
(Nordstrøm et al.
2004)

Neutral, happy and
arbitrary expression

Yes No 40 240
(images)

No Yes 2% (1)

FG-Net Facial
Expressions and
Emotions Database
(Wallhoff 2004)

Neutral, happiness,
sadness, surprise,
anger, disgust and
fear

Yes Yes 18 399
(sequences)

Yes Unspecified 2% (1)

CMU-PIE (Sim
et al. 2003)

Neutral, smile,
blink, and talk

Yes Unspecified 68 40.000
(images)

Yes Yes 2% (1)

CMU MultiPIE
(Gross et al. 2010)

Neutral, smile,
blink, and talk

Yes Unspecified 337 750.000
(images)

Yes Yes 2% (1)

DISFA (Mavadati
et al. 2013)

FACS and pain
intensity coding

Yes Yes 27 4.845
(video

frames)

Yes No 2% (1)

FER2013
(Goodfellow et al.
2013)

neutral, happiness,
sadness, surprise,
anger, disgust and
fear

No Yes Unspecified 35.887
(images)

No No -

Oulu-CASIA
NIR-VIS (Zhao
et al. 2011)

neutral, happiness,
sadness, surprise,
anger, disgust and
fear

Yes Yes 80 2.880
(sequences)

Yes Yes -

The discussion of results (Section 8.3) analyzes which aspects are important in the facial ex-
pression databases. The aspects most widely used by the studies are reported in Table 4. These
aspects are essential to check if the approach can synthesize different facial expressions, compare
images with the ground truth (same neutral and expressive face), produce variations of expres-
sions, synthesize expressions in several faces (identity preservation), generate different intensities,
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and consider lighting conditions. In addition to the aspects shown in Table 4, other aspects were
highlighted as necessary by a smaller number of studies.

(1) Facial expressions related to more than one emotion: present in CK+ (Lucey et al. 2010),
CK (Kanade et al. 2000), and DISFA (Mavadati et al. 2013);

(2) The position of the landmarks to check the accuracy of the location of these points: present
in CK+ (Lucey et al. 2010), CK (Kanade et al. 2000), IMM face database (Nordstrøm et al.
2004), FG-Net Facial Expressions and Emotions Database (Wallhoff 2004), and CMU Mul-
tiPIE (Gross et al. 2010);

(3) Ethnic diversity to find faces similar to the target face: present in CK+ (Lucey et al. 2010),
CK (Kanade et al. 2000), CMU MultiPIE (Gross et al. 2010), DISFA (Mavadati et al. 2013),
Oulu-CASIA NIR-VIS (Zhao et al. 2011), and FER2013 (Goodfellow et al. 2013);

(4) Spontaneous facial expressions: present in DISFA (Mavadati et al. 2013) and partially cov-
ered by CK+ (Lucey et al. 2010), CK (Kanade et al. 2000), and FER2013 (Goodfellow et al.
2013);

(5) Different poses to cover expressions in wild: present in the databases CK+ (Lucey et al.
2010), CK (Kanade et al. 2000), IMM face database (Nordstrøm et al. 2004), CMU MultiPIE
(Gross et al. 2010), RaFD (Langner et al. 2010), and FER2013 (Goodfellow et al. 2013).

Finally, some aspects were not found in any of the databases. These aspects are non-human
faces, blurriness, and occlusion. Such aspects were not often used to discuss results.

The databases that contain most of these aspects contributed to obtaining more accurate syn-
thesized images and to obtaining better evaluation of results. Most aspects are covered by the
databases, but sometimes only partially. For example, JAFFE (Lyons et al. 1998) and AIAR (Fu
et al. 2003) only have ten different faces, while CMU MultiPIE (Gross et al. 2010) has 337. Most
databases offer images of six universal emotions and the neutral facial expression. Additionally,
the CK+ database (Lucey et al. 2010) offers face movements related to 486 action units defined
by the FACS, representing more than six emotions, while CMU MultiPIE (Gross et al. 2010) and
CMU-PIE (Sim et al. 2003) offer only images of smiling, blinking, and speech. Finally, the databases
AIAR (Fu et al. 2003), CMU MultiPIE (Gross et al. 2010), and CMU-PIE (Sim et al. 2003) provide
images related to speech movements. Although none of the databases has all aspects, the databases
analyzed fulfill the necessary conditions for synthesizing facial expressions.

10 DISCUSSION

The following sections present our main considerations made from the analysis of the set of articles
included in this SR. In addition to the analysis of article trends included in the SR, challenges are
discussed as well as ways to overcome them, which may indicate research opportunities.

10.1 Preprocessing Methods

The preprocessing of images allows adjusting the source images to adapt them to the target image
and/or to extract information about shape. However, some approaches do not require this step.

Table 5 shows the strengths and weaknesses of each preprocessing approach. The optimization
attempts are based on choosing the closest facial expression and the most similar facial structure.
While the first one searches an alternative target face, the second tries to obtain a more similar
facial expression through a more similar neutral face.

10.1.1 Source Image Selection. The selection of the appropriate source images can optimize
the synthesis result. However, only 9% (5) of the studies reviewed in this SR used some form of
automatic selection of those images, as seen in Table 5.
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Table 5. Strengths and Weaknesses in the Preprocessing Approaches by Stage

Stage Approach
Number

of studies Strengths Weaknesses

Source images
selection

Expression-
based-similarity

4% (2) Target image has natural
expressiveness before the
synthesis.

Requires expressive images of the
target face.

Structure-based-
similarity

6% (3) Source face tends to have a
facial expression more
similar to the target face.

Requires faces structurally similar
to the target face to guarantee the
best results.

Landmarks
identification

Manual 38% (20) Guarantees good accuracy
of points.

Difficult achievement for a large
portion of the images.

Facial expression
database

4% (2) Guarantees good accuracy
of points.

It is restricted to the images of the
databases that provide this
information.

Semi-automatic 8% (4) Identification of points with
less human intervention.

Depends on the accuracy of
human identification and
algorithm.

Automatic 17% (9) Easy location regardless of
the number of images.

Depends on the accuracy of the
detection algorithm.

Facial
alignment

Image
transformations

32% (17) Allows working directly
with the pixels.

Requires more processing.

FAPU 4% (2) Enables transformations
that are not possible for the
images.

Requires a separate approach to
transform images.

To guarantee better results, these approaches require certain conditions in the facial expressions
databases, as explained in Table 5. Images of expressive faces of the target person are often unavail-
able in the databases; therefore, the expression-based similarity approach (Section 4.3), can only
be applied to some applications. In the case of structure-based similarity (Section 4.3), an image
database with a variety of ethnicities, ages, and genders is required to produce a greater chance of
finding a really similar face.

In the studies analyzed, only two types of similarity measures for image selection were found,
both in relation to shape (landmarks) and considering the neutral face or facial expression. It can
be a good idea to use other types of similarity measures based, for example, on pixel colors and the
relationships between facial components. Another type of similarity considers each facial compo-
nent separately and uses each source image found for the synthesis of a specific facial component.
Ideally, a measure of similarity should be found that could guarantee a source face that works best
with the target face regardless of the number of examples available.

None of the studies analyzed used more than one similarity measure for image selection. There-
fore, another possibility of optimization is to combine several measures of similarity. For example,
color information about the image combined with the structure of the facial component can be
used to select the closest face. The composition of measures can guarantee a better result, espe-
cially if one of the measures is common to several images from the database. In this case, the use
of additional measures could refine the search result.

It is also possible to select images without using a similarity measure. For example, it is possible
to obtain the most expressive images set (representing an emotion with more intensity) as an
image source. Hence, the source images would always be those with greater expressiveness. The
challenge of this approach is to label the images of the database to identify them when necessary.
This labeling could be performed either manually or automated.
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10.1.2 Facial Landmark Identification. The identification of facial landmarks occurred in 87%
of the studies analyzed, indicating that this information is important for synthesizing the desired
expression. There are few alternative representations that perform the same function.

Not all studies consider that this aspect is part of the scope of the synthesis of facial expressions.
This is verified in the difference between the number of studies that use the location of landmarks
(Table 5) and the number of studies that specify the way they were acquired (Table 3). However,
it is an almost essential step considering that most of the studies analyzed use this information to
perform deformation and to learn during the steps of facial image synthesis.

Most of the studies made this identification manually, as shown in Table 5. This is a way to
ensure the accuracy of facial landmarks, eliminating the concern for implementing high-accuracy
systems for detecting these points. Albeit accurate, this approach is time-consuming and the re-
sults can be variable depending on the knowledge and the fatigue level of those who perform the
task. Therefore, there are also a large number of automated systems for this task, such as DLIB6

(Kazemi and Sullivan 2014), OpenFace7 (Baltrusaitis et al. 2013), clmtrackr8 (Saragih et al. 2011b),
and Menpo9 (Alabort-i Medina et al. 2014). The manual approach does not allow full automation
of facial expression synthesis. In some types of synthesis applications, the automatic processing of
a new image related to the neutral target face is necessary. For this type of application, automation
of this step is also required.

The more automated the identification of landmarks is, the faster a large number of faces is ob-
tained. However, this is one more step to be produced and it depends on the accuracy of detection,
as shown in Table 5. The inaccurate identification of these points can lead to inconsistencies in
synthesized images. Studies attempting to improve the accuracy of the identified landmarks (see
Section 4.1) show that the points located by automatic approaches do not always have enough
precision.

The realism of a facial expression may be related to the detailing of its facial components. The
main components of the face (eyes, mouth, eyebrows, nose, shape of the face) were used by most
studies analyzed. However, some components, such as the cheeks and wrinkles, have received
little attention, as can be seen in Figure 4(a). Therefore, most studies do not carefully address these
regions, which would be interesting for a more realistic result. Disregarding such points may be
due to the absence of their representation in classical landmarks related to the facial expression of
emotions mentioned in the literature.

Another factor that influences the detailing of synthesized facial expressions is the number of
facial landmarks. A good demarcation of the components of the face depends on that number.
Most studies use between 60 and 80 points, as shown in Figure 4(b). This quantity is good enough
for the most widely used regions (eyes, mouth, eyebrows, nose, shape of the face), but not for
others (wrinkles, eyelids, cheeks, neck, ears, and hair). A study even expands the number of points
after identification. This leads to the conclusion that a larger number of points allows a more
precise delimitation of each component, which can result in a better outcome of the synthesis. For
example, the detection of landmarks related to wrinkles allows a demarcation of regions where
they appear; thus, it is possible to avoid the transfer of aspects unrelated to the desired expression
(Xie et al. 2017, 2015). For example, the pose could vary the lighting conditions of a particular
region of the face, thus modifying the mapped regions according to the approaches presented in
Section 5.2. However, ready-made libraries may be limited in this aspect. This could lead authors to

6http://dlib.net/.
7http://www.cl.cam.ac.uk/research/rainbow/projects/openface/.
8https://github.com/auduno/clmtrackr.
9http://www.menpo.org/menpofit/.
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develop their own techniques or train existing ones with a larger number of points for identifying
additional landmarks, which may escape the scope of the studies. Therefore, the lack of libraries
able to identify such points in a more comprehensive and accurate manner and consider images
under different conditions of acquisition is still a challenge to be overcome and can provide a
unique opportunity for research.

An alternative to increasing the number of facial landmarks can be building models for facial
components. Such models can improve the accuracy of the synthesis steps as in Xiong et al. (2010,
2007b), presented in Section 5.2. These models could be applied to the face as a whole and not only
to the region of the eye.

Another alternative to landmark identification is a dense correspondence between two images,
as shown in Yu et al. (2018). The dense correspondence estimation matches every pixel of one image
with the equivalent pixel in another image, thus producing a greater amount of corresponding
points between facial components.

10.1.3 Facial Alignment. The alignment of the faces allows the normalization of source and
target images to be used as the basis for the synthesis. This normalization is important for images
to have a better correspondence between facial components, which can improve the mapping of
features from the source faces to the target face.

In most cases, alignment transformations were carried out on images (affine transformation,
Procrustes transformation, and pixel-based correspondence), as presented in Table 5. The land-
marks were used only as a basis for these transformations. However, in the case FAPU, normaliza-
tion solely occurs in relation to landmarks.

A possible approach would be combining affine transformation with thin plate spline. This com-
bination can enable more precise alignment of faces. A good alignment result is essential for using
mapping approaches, especially using ERI.

10.2 Synthesis Methods

Table 6 illustrates the strengths and weaknesses of each of the types of image synthesis approaches
analyzed. The studies were grouped according to the stages performed for the synthesis by their
approaches. These stages represent each of the possible paths for Figure 3.

The studies analyzed in this SR aim at generating photorealistic images; however, not all stud-
ies will solve all the points related to this aspect. Table 3 shows that not all studies, for example,
synthesize the inner region of the mouth and wrinkles. The synthesis on these regions eventu-
ally presents as secondary aspects in some studies, especially in earlier studies that focus on the
synthesis of other regions of the face.

Most studies require different faces for target and source images. However, some approaches,
such as blend shape (Section 7.1) and similar facial expression (Section 7.4) require images of the
target face displaying different facial expressions. Such approaches are not good for all applications
mentioned in Section 1, such as training/diagnosis of facial expressions, training data augmenta-
tion, and the like because they are more focused on other types of applications. Approaches that
require multiple images of the target face are usually done by reenacting the facial expression from
a source video, as shown in Thies et al. (2016).

Learning approaches (Section 6) have the advantage of defining those aspects that characterize
the expression of an emotion because they synthesize expressive features based on more than one
instance of the same facial expression. However, this requires a high processing load for build-
ing the model and also a large number of instances for more realistic results, especially for deep
learning approaches (Zhou and Shi 2017). This can be problematic, especially in the case of special
facial expressions in which there are few or just one example of the desired expression (Xiong
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Table 6. Strengths and Weaknesses of the Various Synthesis Approaches Grouped According
to the Stages Performed

Approach
Number

of studies Description Strengths Weaknesses

Training→
Deformation

2% (1)
The face is deformed from the
displacements of the facial
landmarks learned.

By not treating directly the
learning of pixels it decreases
noise interference.

Largely dependent on the
correctness of the location of
landmarks.

Fusion→
Training→
Deformation→
Mapping

2% (1)

The trained model is used to
deform the image according to the
moves learned. Finally, the lighting
information is mapped.

Deformation→
Fusion→
Training→
Mapping

6% (3)

The face is deformed and
decomposed. The training is
carried out on the decomposed
face. The faces generated by
deformation and the trained
models are merged. Finally, the
lighting information is mapped.

Uses both the deformation and
training results for the
synthesis.

Suffers interference from
deformation and mapping
errors.

Fusion 25% (13)

The face is decomposed into
identity and expression. An
expression is reconstructed from
the composition of the identity
with the expression.

Separation of identity and
expression for the
reconstruction.

The reconstruction suffers
interference from facial
components that do not
change, such as the hair.

Fusion→
Deformation

2% (1)

The same above mentioned
procedure (fusion) is applied, and
the reconstructed face is then
deformed to synthesize the
expression.

Fusion→ Training 26% (14)
The training considers the
separation of facial expression and
identity subspaces for synthesis.

Considers a varied number of
patterns as samples.

The facial expression can be
synthesized incorrectly,
especially when there are few
examples of the facial
expression desired.

Deformation→
Mapping

21% (11)

The face is deformed to match the
facial expression. The lighting
information is then mapped to
synthesize the facial expression.

The synthesis of the expressions
occurs equally regardless of the
number of examples of a
particular facial expression.

The motion patterns can
generate inconsistencies if the
source and destination faces
have facial components with
considerable difference.

Deformation→
Mapping→
Muscles
simulation

4% (2)

Uses the same approach to
deformation and mapping, but
muscle information is
incorporated to improve the
movement of landmarks or
illumination mapping.

The found face already has a
facial expression similar to the
one desired.

Requires several images of the
target face with different facial
expressions.

Similar facial
expression→
Deformation→
Mapping

4% (2)

Finds the target face with the
facial expression most similar to
the desired one, then performs the
same approach of deformation and
mapping.

Enhances synthesized images
without relying on more
examples.

Simulation can restrict real
movements in a wrong way.

Clustering→
Correlation→
Deformation

2% (1)
Motion patterns are learned and
correlated. This information is
used to deform the face.

The same facial expression can
have different movement
patterns. The classification and
correlation of these patterns
allow synthesizing facial
expression considering the
related movement patterns.

The synthesized facial
expression may not be desired
one, if the resulting grouping is
between two different facial
expressions.

Blend shape 4% (2)
Images of the target face are
blended by interpolation.

Synthesizes highly realistic
images.

Requires several images of the
target face.

Cloud model 2% (1)

The model can divide the facial
expression features of the face for
reconstruction with one source
image.

Synthesizes highly realistic
images.

Synthesized images may not
have the desired degree of
realism if the source face is not
similar to the target face.
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et al. 2010). The literature (Ekman and Rosenberg 1997) shows that some emotions are difficult to
reproduce spontaneously and therefore are more difficult to represent in images. Often, when they
are represented, the subject is asked to simulate the facial expression (Kanade et al. 2000), which
can generate an artificial expression and, consequently, influence the desired realism of the target
image. Furthermore, spontaneous facial expressions exhibit more subtle facial cues and are more
easily classified into more than six basic expressions (Zhou and Shi 2017). Thus, they may require
more examples for each facial expression.

On the other hand, approaches of deformation and mapping (Section 5) can reproduce any fa-
cial expression, even with just one example. However, the differences between the source and
target faces can render the transfer of expressive characteristics impractical because there is no
acceptable correspondence among the components of the two images. Consequently, the result
can be extremely superficial. Some studies join deformation, mapping, and learning techniques to
produce their approach, trying to make the best of each approach to synthesize the new image.

None of the studies discussed how the characteristics of the source images influenced the syn-
thesized images. Lower-quality source images may result in a smaller degree of realism in synthe-
sized images. Another factor that can influence the final result is the intensity of a particular facial
expression since less expressive source faces tend to produce a less expressive target image. These
problems mainly influence approaches of synthesis based on machine learning because these low-
quality image features are incorporated into the model. Deformation and mapping approaches are
less influenced because the selection of the source images is usually performed manually.

It is apparent that it is still a challenge to develop hybrid approaches that can aggregate the
strengths of the classical approaches. Approaches should be developed to allow the synthesis of
expressions through the adaptive use of source images, given the number and types of images
available for reconstructing facial expressions.

In addition to the aspects shown in Table 6, there are other problems with these approaches, and
these constitute research opportunities. An example is that fusion techniques do not consider the
spatial relations of the data. The image is transformed into a one-dimensional vector for processing.
Thus, the pixel relationships between neighbors are disregarded. Another open problem is the
synthesis of facial expressions in uncontrolled environments, for example, with different lighting
conditions and different poses. In the case of lighting, some papers try to create new models to
reduce the influence of lighting variations (Xie et al. 2017; Xiong et al. 2010; Zhang et al. 2014).
Such models are developed mainly because the mapping approach used (ERI) is sensitive to lighting
variations.

The occlusion problem is only considered by Impett et al. (2014), which discusses the influence
of artifacts on the images synthesized. Examples of common artifacts that influence the synthesis
of facial expression are glasses and beards. None of the studies analyzed deals with removing the
influence of occlusion in the final result. Occlusion removal (or reconstruction) approaches could
also be applied for synthesizing facial expressions.

The facial expressiveness of every kind of emotion is not universal. That is, different people
express the same emotion in different ways (see Section 1). Even similar neutral faces have differ-
ent facial expressions (Zhang and Wei 2012). Therefore, an open challenge is the development of
approaches capable of efficiently considering this variability.

Finally, another aspect little considered by the reviewed articles was the synthesis of facial
expressions in different poses. Only Xie et al. (2018) and Zhou and Shi (2017) show examples of
synthesized facial expressions with the source and target images in different poses. This may
be because most approaches are sensitive to variations in pose in all the stages of the process:
training, deformation, and especially in illumination mapping (ERI). Although the work of Xie
et al. (2018) and Zhou and Shi (2017) brings great advances to illumination mapping even in
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different poses, it requires the manual extraction of the regions of wrinkles. A possible alternative
would be the use of approaches to normalize poses on the faces, as shown in Cole et al. (2017).

In this review, we analyzed approaches for facial expression synthesis considering 2D techniques
for image synthesis. Some works use 3D techniques for the synthesis of facial expressions in pho-
tographs. These papers were not included because they are outside the scope of this SR. However,
they address important approaches that deserve to be cited in order to improve reflections about
challenges and opportunities in this research area. For instance, Song et al. (2007) proposes a geom-
etry encoding approach for representing the face in a 3D surface, thus enabling facial expression
synthesis in both 2D and 3D cases. Another example is Face2Face from Thies et al. (2016) that
reconstructs face identity using a model based on a multilinear PCA and then deforms the mesh
vertices by blending deformations. There are other important approaches that did not directly ad-
dress the facial expression synthesis. This is the case of Zhang et al. (2017), which proposes an age
progression/regression approach that considers different facial expressions.

10.3 Metrics for the Evaluation of the Results

The aspects examined by the authors in the synthesized images (Section 8.3) highlight important
issues for evaluating results. The use of an evaluation metric can contribute to reducing the analy-
sis bias of synthesized facial expressions. Of the studies analyzed (Table 3), only a small part used
an objective (Section 8.1) or subjective (Section 8.2) metric to evaluate the results.

Of the two types of metrics analyzed, objective assessments were the most widely used. The
objective evaluation is carried out systematically and quantitatively, applying metrics that do not
depend on the perception of a person. It is thus possible to make the results replicable and easier to
compare with other studies. Therefore, these metrics, in addition to evaluating results, can serve
as a basis for comparison between studies. However, no metrics used in objective assessment can
actually be considered a standard. Indeed, the few studies that presented objective evaluation used
different metrics. Thus, deep studies on appropriate metrics and even proposing new metrics could
be a research contribution to the area.

Subjective evaluation assesses the results by checking a user’s perception of the synthesized
images. This perception is important to ensure that the synthesized images are convincing to the
eyes of those who use them. Despite being relatively simple, this approach poses the challenge
of requiring a considerable number of users to evaluate the results in addition to the need to
build appropriate experiments without tiring the user (Wang and Bovik 2006). The systematic
description of experiment protocols was not verified in the articles analyzed. Thus, the study of
protocols for conducting experiments could contribute to improving the state of the art of this area
of research.

Creating metrics and protocols for assessing results requires standardization and the availability
of some aspects. It is necessary to define which set of evaluation metrics is important to evaluate
each aspect. There should also be a number of synthesized images available for comparative pur-
poses. As in other areas, such as Software Engineering (Andrews et al. 2005; Sjoeberg et al. 2005;
Thelin et al. 2003), the creation of repositories to provide programs and benchmarks for evaluat-
ing new methods is a challenge, but it can become an important contribution to the research of
facial images synthesis. For a more complete evaluation, objective and subjective metrics could be
used complementarily, thus creating an approach that considers both the user’s perception and
systematic quantification of the results.

The problem that objective comparative approaches do not consider the relationship between
image regions (Table 7) can be circumvented by checking other elements rather than just the
vector of pixels. For example, the consistency of the synthesized shape compared to the land-
marks of ground truth could be checked. The approach for verifying the consistency of landmarks
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Table 7. Strengths and Weaknesses in the Metrics for the Evaluation of the Results

Type of
evaluation Metric

Number of
studies Strengths Weaknesses

Objective

Comparison with the ground
truth image

9% (5) Checks if the image is closest
to the actual situation.

The pixels of the images are
compared directly. Does not
consider the relationship
between them. Can also cause
inconsistencies in the case of
noise in the compared image.

Comparison with the source
image

8% (4) Checks if the desired
expression was mimic well

Comparison with the target
neutral image

4% (2) Checks if a face identity has
not been lost.

Comparison with images
from other approaches

9% (5) Checks the improvements to
the state of the art.

Consistency of landmarks 2% (1) Checks the consistency of
the shape without using
comparative images.

The acceptable range may allow
inconsistent facial expressions.

Facial expression recognition 4% (2) Checks the facial expression
automatic and without using
comparative images.

The facial expression
recognition algorithm may have
a error itself.

No-reference 2% (2) Checks if any noises and
blocks have been introduced
without using comparative
images.

Does not consider the
specificities of the face and
facial expression.

Subjective

Images realism 11% (6) Checks the quality and
consistency of expressive
images.

Does not indicate what is wrong
with the image.

Facial expression
identification

9% (5) Checks if the synthesized
facial expression is
consistent with the proposed
expression.

A certain facial expression can
be understood differently
according to each evaluator.

Pearson identity
preservation

4% (2) Checks if a face identity has
not been lost.

The task of recognition can be
difficult to identify people of
different ethnicities.

(Section 8.1) checks whether the landmarks of synthesized images are within a reasonable range.
That is, it does not use the landmarks of ground truth for validation; the comparison with the
ground truth could better verify the consistency of the shape.

Some improvements could also be made in subjective assessment tasks. For example, to evaluate
the realism of the images (Section 8.2), the evaluator could list the inconsistencies found in syn-
thesized images. In the case of the facial expression identification task (Section 8.2), among a set of
expressive images, the one that best resembled the synthesized image could be chosen. Thus, the
problem of the synthesized images evaluator not knowing the name of a certain facial expression
could be avoided.

The automatic evaluation of face recognition is a good alternative to a subjective evaluation of
facial expression since the algorithms used have high accuracy (Zhou and Shi 2017) and can even
surpass human-level evaluation (Bartlett et al. 2014; Janssen et al. 2014). However, people more
easily recognize facial expressions tied to the context in which the emotion is inserted (Crivelli and
Fridlund 2018; Ekman and O’Sullivan 1988; Fridlund 1991), which can make the comparison unfair.
While objective assessments allow comparing metrics, the subjective ones provide the perception
of a final user regarding the emotion.

None of the subjective assessments of the facial expressions identification tasks considers the
facial expression within a context. Generally, evaluators should classify the facial expression on
one of the provided labels. An alternative is to provide a story instead of a label. Another option is
to provide real images of a person performing each expression and ask the evaluator to relate the
synthesized image with one of the emotions, which can reduce the bias associated with the label.
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10.4 Facial Expression Image Database

Source images are important for most of the approaches used for synthesizing facial expressions.
Facial expression databases contain images based on some requirements for their possible appli-
cations, including synthesis. Thus, these databases capture the facial expression images necessary
to meet a particular characteristic or to create a new expression database (e.g., for a study of new
approaches to profiles and facial expression).

One of the challenges in synthesis is generating the different types of facial expressions (emo-
tions, blinking, talking, etc.) possible for a face. This task becomes more difficult when it is nec-
essary to synthesize a different emotion from the six universal ones (Section 1). Some facial ex-
pressions only have a few examples; therefore, they are more challenging. An attempt to cover the
largest possible number of facial expressions is the CK+, which performs this task by providing
examples of various units of action of the FACS.

Facial expression databases do not generally provide information on how expressive a facial
expression of an emotion is. The availability of such information could be very useful for synthe-
sizing the same facial expression at different intensities.

Of the databases presented in the articles analyzed, the most widely used were CK/CK+ and
JAFFE. This is probably a consequence of these databases being more complete (addressing the six
universal emotions), classifying the emotions, being free of costs, and of longer standing. Between
the two, the most widely used was CK/CK+. This may be due to the breadth of different ethnicities
and both genders being available. Yet the CK/CK+ database contains two serious problems: (i) the
images are mostly gray, which can be a problem when generating a new facial expression for col-
ored images, and (ii) the resolution of the images is 640 × 490, which can lead to less photorealistic
results.

Table 4 shows that a large portion of the requirements for synthesizing facial expressions are
fulfilled. However, the factors listed in the previous paragraphs show possibilities for improving
these databases. It should be kept in mind that only the databases used by the articles included in
this review were analyzed. Other databases may be considered better for facial expression synthe-
sis purposes. For example, the images from the databases proposed in Aifanti et al. (2010), Mavadati
et al. (2013), Pantic et al. (2005), and Sneddon et al. (2012) are colored, have higher resolution, and
use facial expression labels. Thus, an in-depth study on the theme could consider a larger number
of databases and a complete analysis of the topic for facial expression synthesis.

11 CONCLUSION

We conducted a systematic literature search to analyze existing approaches to the synthesis of
facial expressions in photographs, as well as additional elements that influence the results of these
approaches: preprocessing techniques, facial expressions databases, and the different forms and
metrics for evaluating results.

The synthesis of facial expressions is a challenging topic. A precise approach should allow gen-
erating a new facial expression consistently and realistically while preserving the identity of the
face. Despite being an area relatively well explored in the literature, some challenges still remain,
such as handling occlusions, pose variations, and changes in lighting conditions and a lack of
standards and protocols for evaluating the results.

The challenges mentioned are important research themes to be exploited, which can generate
significant contributions to this area. Among these themes are the development of hybrid ap-
proaches, the creation of repositories with benchmarks, and the establishment of protocols and
standardized metrics for evaluation. The synthesis of facial expressions in photographs has sev-
eral applications. Contining research in this area can have social impact as it could have suitable

ACM Computing Surveys, Vol. 51, No. 6, Article 124. Publication date: January 2019.



124:30 R. L. Testa et al.

applications in the therapy of patients with psychiatric disorders, biometric systems that are in-
variant to facial expressions, and facial animation, among others.
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