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As stated by Jin and Tan (2017), the face corresponds to a deformable object
that can vary in terms of shape and appearance. The first attempts at facial landmark
detection can be traced back to the 1990s. The active shape models (ASMs) (Cootes
et al. 1995) represent one of the seminal works on the subject. Such a generative
approach consists of a parametric model that can be fitted to a given face by optimizing
its parameters. This process of applying the model to new data is called inference.
Rapid progress has been made through the development of active appearance models
(AAMs) (Cootes et al. 2001), constrained local models (CLMs) (Cristinacce and
Cootes 2006) and other extensions (Baltrusaitis et al. 2013; Belhumeur et al. 2013;
Antonakos et al. 2015; Tzimiropoulos 2015), to the point where the problem is now
considered well addressed for constrained faces (Jin and Tan 2017). The research has
therefore shifted to unconstrained faces with multiple and complex challenges, for
example, occlusion, variations in pose, illumination and expression. Faster and more
robust discriminative methods such as cascaded shape regression (CSR) (Dollár et al.
2010) have been proposed to address these challenges. They differ from generative
approaches as they directly learn a mapping function between images and facial
shapes with better generalization ability. Due in particular to the phenomenon of data
massification and the increase in the computational capacity of machines, a subset of
these approaches, deep learning (DL), has stood out. These approaches need larger
datasets than traditional ML algorithms but do not require feature engineering. Above
all, they currently outperform all previous approaches and most research now focuses
on them.
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Consequently, two main categories of approaches can be defined, generative and
discriminative, not to mention the complementary solutions that can be applied to
most of these approaches, for example, multi-task learning, to explicitly address
some selected challenges. The proposed nomenclature is close to those proposed in
(Jin and Tan 2017; Wu and Ji 2018). Considering its wide range of applications and
the persistent difficulties encountered under uncontrolled conditions, facial landmark
localization remains a very active area of research. Recently, there has been a trend
towards video-based solutions (Shen et al. 2015). One of the main reasons to include
this additional dimension to the problem is that temporal consistency provides a useful
input to achieve robust detection under uncontrolled conditions. Different strategies
have been proposed, from the most traditional tracking strategies, such as tracking
by detection, to more complex strategies that can jointly extract features and perform
tracking. The current work is mostly tracking-oriented and focuses on global head
movements.

All these items are discussed in detail in the following sections. In section 1.1,
the groundbreaking work and advances in the two main categories of approaches are
reviewed, with an emphasis on DL approaches. This allows us to properly describe,
in section 1.1.4, the complementary solutions that can be used to handle major
challenges. In contrast to existing literature reviews (Jin and Tan 2017; Wu and Ji
2018), the different strategies proposed in the literature to extend facial landmark
localization to video are extensively discussed in section 1.2. Finally, section 1.3
concludes with a positioning of the work presented in this part of the book.

1.1. Facial landmark detection in still images

Efforts to tackle the problem of facial landmark detection have long focused on still
images, and much work has been published. In sections 1.1.1 and 1.1.2, the two main
categories of approaches, generative and discriminative, are detailed along with their
developments. Among the discriminative approaches, DL approaches have become
very popular. Therefore, the latter is given close attention in section 1.1.3. Finally,
complementary solutions to handle the difficulties encountered under uncontrolled
conditions are reviewed in section 1.1.4.

1.1.1. Generative approaches

Generative methods typically build a statistical model for both shape and
appearance. They are referred to as generative approaches since they provide a model
of the joint probability distribution of the shape and appearance. These models are
parametric and therefore have some degrees of freedom constrained during training;
so, they are expected to match only possible facial configurations. By optimizing the
model parameters, for example, by minimizing the reconstruction error for a given
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image, the best possible instance of the model for that image can be generated.
Initially, only shape variations were modeled (Cootes et al. 1995). However, on the
same line of thought, texture variations were also added to jointly apply constraints
to variations in shape and texture (Cootes et al. 2001). Facial appearance can be
represented in different ways. The entire face can be considered, which constitutes
a holistic representation. The face can also be decomposed into different parts,
for example, patches centered at each landmark, which is known as a part-based
representation. Generative approaches provide a good fitting accuracy with little
training data but are sensitive to shape initialization and do not generalize well to
new images. The optimization can be difficult under uncontrolled conditions due
to the high dimensionality of the appearance space. They tend to get trapped in
local minima as well. Note also that these methods are mainly based on principal
component analysis (PCA) (Pearson 1901) and therefore the distribution is assumed
to be Gaussian, which does not fit the true distribution.

The AAMs (Cootes et al. 2001) are probably the most representative method in
this category and the most widely studied. In the following, AAM modeling and
fitting are presented as well as some of their improvements. The modeling can be
split into three parts: a shape model, an appearance model and a motion model.
The shape model, also called point distribution model (PDM) (Cootes et al. 1995),
is common among deformable models (Cootes et al. 1995, 2001; Cristinacce and
Cootes 2006; Baltrusaitis et al. 2013; Tzimiropoulos 2015). It is built using the N
training facial shapes. These shapes are first normalized (aligned) using a GPA (Gower
1975) to remove affine transformations (i.e. rotation, scale and translation variations)
and keep only local, non-rigid shape deformation. Next, PCA is applied to obtain a
set of orthogonal bases that capture the maximal variance. Only the n eigenvectors
corresponding to the largest eigenvalues are kept as they summarize well the data.
This reduces the dimensions while ensuring that the key information is maintained.
The model can then be expressed as:

sp = s+ Usp [1.1]

where s ∈ R2L,1, Us ∈ R2L,n and p ∈ Rn are, respectively, the mean shape, the shape
eigenvectors and the vector of shape parameters. Four eigenvectors corresponding to
the similarity transforms (scaling, in-plane rotation and translation) are added to Us
(re-orthonormalization) to be able to fit the model on any image (Matthews and Baker
2004).

To build the appearance model, features from the N training images are first
extracted using the function F . Initially, holistic pixel-based representation was
used, which is sensitive to lighting and occlusions (Cootes et al. 2001). To improve
robustness, feature-based representations such as histogram of oriented gradients
(HOG) (Dalal and Triggs 2005) or scale-invariant feature transform (SIFT) (Lowe
2004) can also be used. In this way, relevant facial features are extracted, with a better
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ability to generalize to new faces. These features are then warped into the reference
shape using the motion model. PCA is finally applied onto these vectorized warped
feature-based images. The model can be expressed as:

aq = a+ Uaq [1.2]

where a ∈ RM,1, Ua ∈ RM,m and q ∈ Rm are, respectively, the mean appearance
vector, the appearance eigenvectors and the vector of appearance parameters.

The motion model refers typically to a warp functionW such as a piece-wise affine
warp or a thin-plate spline (Matthews and Baker 2004; Tzimiropoulos and Pantic
2013). Given a shape generated from parameters p, this function defines how to warp
the texture into a reference shape, for example, the mean shape s. Figure 1.1 shows an
example of AAM instantiation.

Figure 1.1. Example of AAM instantiation. The appearance computed
from the parameters q is warped into the shape computed from the
parameters p (Matthews and Baker 2004). For a color version of this

figure, see www.iste.co.uk/belmonte/face.zip

Finally, the AMMs can be fit to a previously unseen image by optimizing
the following cost function, which consists of the minimization of the appearance
reconstruction error with respect to the shape parameters:

argmin
p,q

||F (I)(W (p)) − a− Uaq||2 [1.3]
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The optimization is an iterative process by which parameters p and q are found so
that the best instance of the model is fitted to the given image. This can be solved
by two main approaches: analytically or by learning. The first one typically uses
gradient descent optimization algorithms (Matthews and Baker 2004; Gross et al.
2005; Papandreou and Maragos 2008). The standard gradient descent being inefficient
for this problem, other ways to update the parameters have been proposed. In the
project-out inverse compositional algorithm (Matthews and Baker 2004), shape and
appearance are decoupled by projecting out the appearance variations. This results
in a faster fitting as well as with convergence issues that decrease robustness. With
the simultaneous inverse compositional algorithm (Gross et al. 2005), shape and
appearance parameters are optimized simultaneously to provide a more robust fitting
but at a higher computational cost. It is, however, possible to speed it up using the
alternating inverse compositional algorithm (Papandreou and Maragos 2008), which
optimizes the shape and appearance parameters in an alternative manner instead of
simultaneously. The second optimization approach typically uses cascaded regression
to learn a mapping function between the facial appearance and the shape parameters
(Cootes et al. 2001; Saragih and Goecke 2007). The original AAMs (Cootes et al.
2001) employ linear regression. Nonlinear regression has also been proposed (Saragih
and Goecke 2007). This approach may be efficient but makes the invalid assumption
that there is a constant linear relationship between the image features and the
parameter updates (Matthews and Baker 2004). Despite various efforts in optimization
strategies, the AAMs remain difficult to optimize under uncontrolled conditions due
to the high dimensionality of the appearance space and the propensity of the optimizer
to converge to local minima.

To overcome these problems, more robust, part-based representations can be
used. In part-based generative models, the local appearance around each landmark is
extracted and combined to build a model for the whole face (Tzimiropoulos and Pantic
2014; Tzimiropoulos 2015), which reduces the size of the appearance space. Active
pictorial structures (Antonakos et al. 2015) go further by taking advantage of the tree
structure used in pictorial structures (PSs) (Felzenszwalb and Huttenlocher 2005) to
replace PCA. PSs are extended to model the appearance of the face using multiple
graph-based pairwise distributions between the facial parts and prove to be more
accurate than PCA. Note that ASMs are also considered as a part-based generative
model, with the difference that an appearance model is used for each facial part rather
than a single model for all parts. However, its evolution towards models such as CLMs
(Cristinacce and Cootes 2006; Saragih et al. 2011), considered as discriminative, will
be discussed in the next section. Although holistic and part-based models appear to
have the same representational power, part-based models are easier to optimize and
more robust to poor initializations, lighting and occlusions since local features are
usually not as sensitive as global features.



18 Face Analysis Under Uncontrolled Conditions

1.1.2. Discriminative approaches

Unlike generative approaches that rely on statistical parametric models of
appearance and shape, discriminative approaches learn a mapping from the image
to the facial shape. In this section, two categories of approaches are distinguished.
The first category refers to hybrid approaches such as CLMs (Cristinacce and Cootes
2006; Saragih et al. 2011). Such approaches are based on independent discriminative
models of appearance, one for each facial part, constrained by a statistical parametric
shape model, for example, PDM. This means that there is still an optimization
step during inference for this category. Besides, the ambiguity between the local
appearance models of different landmarks can strongly impact the performance under
uncontrolled conditions. To address these difficulties, a second category of approaches
has emerged. These approaches, the most notable of which is CSR (Dollár et al. 2010;
Xiong and De la Torre 2013), infer the whole face shape by directly learning one or
more regression functions which implicitly encode the shape constraint. It provides
more freedom than a parametric shape model would as no explicit assumption on
the distribution of the data is made. During inference, there is no optimization as
well. The facial shape is directly estimated from the image features. Because of these
distinctions, discriminative approaches are faster and more robust in comparison to
generative ones. They generalize better to new unseen images as they can benefit from
large datasets, which are omnipresent nowadays. However, it remains challenging
to directly map the appearance to the facial shape when confronted to severe
difficulties such as extreme poses or expressions. A third category could be added
for DL approaches, for example, CNNs. Most of the work today is based on DNNs,
leaving traditional methods behind1. These approaches are capable of learning highly
discriminative and task-specific features. They no longer need feature engineering.
Given the breakthrough of DL in computer vision, a separate section (section 1.1.3) is
dedicated to these approaches.

1.1.2.1. Hybrid approaches
CLMs are an extension of ASMs, with the main difference that the appearance

models are discriminative rather than generative. It is a part-based hybrid approach
composed of two elements: discriminative local detectors or regressors to represent
the appearance and a generative shape model to regularize the deformations and ensure
a valid face. In the following, the modeling, fitting and improvements related to this
approach are described. Local detectors or regressors are used to compute response
maps providing the probability that a given landmark is located at a specific position.
To build them for each landmark, a statistical model of the gray level structure along
with the Mahalanobis distance as the response was initially proposed in ASMs (Cootes
et al. 1995). However, more powerful discriminative approaches – for example, binary

1. See https://jponttuset.cat/dl-lstm-gan-evolution/ and https://medium.com/@karpathy/a-peek-
at-trends-in-machine-learning-ab8a1085a106.
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classifiers such as logistic regression (Saragih et al. 2011) or support vector machines
(SVMs) (Lucey et al. 2009) – have been used. Consider a linear SVM that determines
whether or not a given patch matches the description of the region of a landmark. From
the training data, positive and negative examples are extracted for each landmark to
train different SVMs, also called patch experts. The response can be expressed as
follows:

R = −I(c+ δc)T
V∑
v=1

αvλv(c) [1.4]

where I is the given image, c is the initial coordinates, δc is a displacement constrained
by the PDM, λv(c) is the V support vectors and αv is the support weights. The
output corresponds to the inverted classifier score, which is 1 if positive, –1 otherwise.
By fitting a logistic regression function to the output, Platt scaling (Platt 1999), an
approximate probabilistic output can be obtained. To refine the detection and maintain
a valid shape, a shape constraint is then imposed using a statistical shape model such
as PDM, already presented in section 1.1.1.

Figure 1.2. Overview of CLM fitting: ELS is generally performed to get a response
map for each landmark. To refine the detection and maintain a valid shape, a shape
constraint is then imposed using a statistical shape model (Saragih et al. 2011). For a
color version of this figure, see www.iste.co.uk/belmonte/face.zip

Hence, two steps (illustrated in Figure 1.2) can be differentiated when fitting CLM.
An exhaustive local search (ELS) (Saragih et al. 2011) is generally performed first to
get a response map for each landmark. This step is followed by a shape refinement
over these response maps to find the shape parameters that maximize the probability
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that the landmarks are accurately detected given the appearance features. The cost
function can be expressed as:

argmin
p

L∑
l=1

Rl(I(sl + Ulp)) [1.5]

where I is the given image, L is the number of landmarks, sl is the coordinate of
the l-th landmark from the mean shape, Ul is the shape eigenvectors, p is the shape
parameters, and R is the response. The Gauss–Newton algorithm, although it suffers
from local minima, is generally employed to solve this problem (Saragih et al. 2011).
Also, the true response maps are not directly used due to performance issues; they
are replaced by approximations. There are several approximation techniques, most of
them parametric, yet a non-parametric representation known as regularized landmark
mean-shift has proved to be a good balance between representational power and
computational complexity (Saragih et al. 2011). It takes the form of a Gaussian kernel
density estimate (Silverman 2018):

KDE =
∑
yi∈ψi

πyiN (xi; yi, pI) [1.6]

where yi is a candidate location among ψi locations within a given region, πyi is the
likelihood that the i-th landmark is aligned at location yi, xi is the location of the i-th
landmark generated by the shape model, p is the variance of the noise on landmark
locations and I is the identity matrix. A regression-based fitting approach can also be
used to learn mapping functions from response maps to the shape parameter updates.
It is known as the discriminative response map fitting (Asthana et al. 2013). Given
its nature and ability to benefit from large amounts of data, this approach achieves a
performance gain over RLMS fitting.

One of the limitations of part-based approaches is the ambiguity between local
detectors due to the small size and large appearance variations of the training patches.
Feature descriptors can be used to obtain a more robust appearance representation.
As an example, HOG has proved to be effective (Asthana et al. 2013). To further
reduce ambiguity, more reliable patch experts have been introduced. They are capable
of learning nonlinear and spatial relationships between pixels and responses, for
example, the minimum output sum of squared errors (Bolme et al. 2010; Martins
et al. 2014) or the local neural field (Baltrusaitis et al. 2013). A second limitation
of part-based approaches may be the ELS, which can be computationally expensive.
However, it can be avoided by computing response maps using regression voting
(Cristinacce and Cootes 2007; Cootes et al. 2012). A third limitation is related to
the use of PDM as a shape model, which has restricted degrees of freedom due
to PCA. Other shape models have been proposed, from separate statistical shape
models for each facial component to preserve local deformations (Huang et al. 2007)



Facial Landmark Detection 21

to discriminative shape models based on restricted Boltzmann machines (Wu and
Ji 2015a). The most distinctive one is the exemplar-based shape model (Belhumeur
et al. 2013; Jin and Tan 2016) which, implicitly from training data, imposes shape
constraints using a consensus of non-parametric models. It has the advantage of
being independent of the initialization. It should be noted that there are some other
variants close to the CLMs but generally considered as independent. This includes the
combination of local regressors based on boosted support vector regression with graph
models such as Markov random fields (Valstar et al. 2010; Martinez et al. 2013), or the
use of tree-structured models (Zhu and Ramanan 2012; Uřičář et al. 2012; Hsu et al.
2015). However, globally optimizing Markov random fields appears to be difficult
(Valstar et al. 2010). Tree-based models are easier to optimize thanks to dynamic
programming but struggle to perform in real time (Felzenszwalb and Huttenlocher
2005; Zhu and Ramanan 2012).

1.1.2.2. Regression-based approaches

Direct regression (DR) learns the mapping from the image appearance to the facial
shape in one iteration without any initialization nor parametric appearance or shape
models. The landmark locations are jointly estimated while the shape constraints are
implicitly encoded. The model can be expressed as follows:

M : F (I) �→ s [1.7]

where M is the model, F (I) is a function that extract appearance features from an
image I and s ∈ R2L,1 is the predicted facial shape. The regression function being
central, its choice is decisive. Regression forests (Breiman 2001) are generally used
to cast votes for the facial shape from randomly sampled local patches (Dantone
et al. 2012; Yang and Patras 2013a, 2013b). However, the random strategy to
sample patches is sensitive to occlusions (Yang and Patras 2013b). Additionally,
the information provided by local patches is not sufficient to perform global shape
estimation. More recently, holistic approaches performed DR using global facial
images. In particular, DL approaches (Sun et al. 2013) are discussed in section 1.1.3.
This mapping is more difficult to learn due to the significant variations in appearance
that can occur in the global facial image.

Since DR is challenging, CSR has been proposed to divide the regression
process into stages, as shown in Figure 1.3. It usually starts with an initial shape,
typically the mean shape of the training data. The early stages focus on large
variations, for example, yaw, roll or scaling, while the later ones focus on subtle
variations, for example, face contours and motions of the mouth, nose and eyes,
to sequentially update and refine the prediction, following a coarse-to-fine strategy.
Each stage corresponds to an independent regressor, which learns the mapping from
the shape-indexed features to the shape update. Shape-indexed features correspond to
local features extracted based on the current landmark location estimates.
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Figure 1.3. Coarse-to-fine prediction using CSR. The regression process is divided
into stages. The early stages focus on large variations, while the later ones focus on
subtle variations, to sequentially update and refine the prediction. For a color version
of this figure, see www.iste.co.uk/belmonte/face.zip

A shape increment can be expressed as follows:

δŝt = rt(φt(I, st−1)) [1.8]

where δst is the shape increment at stage t, rt is the stage regressor and φt is a function
that extracts shape-indexed features from image I using the landmark locations at
stage t − 1. The shape constraints are implicitly and adaptively encoded through the
sequential training of the stage regressors rt. During inference, the initial shape is
refined by estimating shape increments δs to reduce errors. This results in fast and
accurate predictions.

Explicit shape regression (Cao et al. 2014) represents one seminal work on CSR,
using random ferns as stage regressors and pixel intensity differences as shape-indexed
features. To train such a model, the mean shape of the training data is first calculated
and normalized, i.e. rescaled and centered at the origin. Then, each stage regressor is
trained using the ground truth transformed into the mean shape coordinates through
GPA (Gower 1975). This ensures invariance in scale. The objective is to minimize the
mean-squared error (MSE) between the target and the estimate shape increment. It can
be expressed as follows:

argmin
r

N∑
n=1

||δst,n − rt(In, st−1,n)||2 [1.9]

where r is the stage regressor, δs is the target shape increment at stage t, I is the
nth training image and s is the shape estimate from the previous stage. The initial
shape is generally perturbated multiple times, using data augmentation, to improve
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generalization. During inference, the same objective as during training is kept. The
shape estimate is gradually updated using the shape increments transformed back into
global coordinates. The complete process is a two-level boosted regression, which
consists of a cascade of random ferns, i.e. 10 stages of 500 ferns with a depth
of 5. Candidate features are proposed by generating a random set of normalized
pixel coordinates indexed relatively to the nearest landmark on the mean shape.
These shape-indexed features are extracted based on the current shape estimate at
each stage by transforming the pixel locations back into global coordinates. Local
pixel intensity differences provide discriminative features invariant to illumination. A
correlation-based feature selection strategy is then applied to retain only the most
discriminative and distinctive features using Pearson’s correlation coefficient. The
sum of the outputs of each fern constitutes the final output of the stage. With some
adjustments, this approach can achieve impressive execution speeds and handle partial
or uncertain labels during training (Kazemi and Sullivan 2014).

CSR approaches differ mainly in terms of the shape-indexed features and
regressors they use. An approach worth mentioning is the supervised descend method
(SDM) (Xiong and De la Torre 2013). Initially developed to solve general nonlinear
least-squares problems, SDM uses linear regression with SIFT features to learn
descent directions that minimize the objective. Random forests can also be used
to learn discriminative local binary features for each landmark and to learn the
mapping between the concatenated features and the facial shape (Ren et al. 2014).
Gaussian process regression trees (Lee et al. 2015) have been proposed to enhance
generalization. A Gaussian process regression tree corresponds to a kernel function
defined by a set of trees to measure the similarity between two inputs and uses
differences of Gaussians as input features.

One of the main concerns of CSR may be the initialization with the mean
shape, which is sub-optimal. Poor initialization can lead to local optima and impact
robustness, for example, for large head poses (Smith et al. 2014). DR can be used
to generate a better initial estimate (Zhang et al. 2014a). The bounding box can be
randomly shifted and rescaled to generate multiple shape hypotheses and learn to rank
or combine them to get the final result (Yan et al. 2013). The coarse-to-fine strategy
can also be employed to perform a progressive and adaptive shape searching (Zhu
et al. 2015). Another concern related to the mapping from the face bounding box
to the facial shape is the sensitivity to the face detector (Sagonas et al. 2016). A
mapping learned with bounding boxes from one detector could perform poorly if a
different detector is used during inference, due to the possible differences in box sizes
and locations. Lastly, a minor concern could be the fixed number of cascades. Good
results or locally optimal solutions can be delivered early in the process, making the
rest unnecessary. There is some work that considers confidence measure to stop the
process or for adjusting the number of cascades (Shapira et al. 2021).
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1.1.3. Deep learning approaches

Traditional ML techniques that have been used so far are not very efficient when
dealing with raw image data directly, i.e. to work directly with pixels. Facial landmark
detection is too difficult due to the variations in appearance (e.g. position, orientation,
illumination) that can occur, especially under uncontrolled conditions. To overcome
this issue, discriminative features as invariant as possible to variations are extracted
(e.g. HOG, SIFT), which require engineering skills and domain expertise. This can be
avoided by using DL approaches, which are capable of learning highly discriminative
task-specific features. This subset of ML methods is based on artificial neural networks
(ANNs). These methods, although not new (LeCun et al. 1990; Lawrence et al.
1997), have recently led to breakthroughs in many fields, including computer vision
(Krizhevsky et al. 2012). This is associated with the increase in computational power
and data availability currently required to leverage such approaches.

Figure 1.4. Structure of an artificial neuron. A weighted sum of the inputs is
performed. The result is then passed through a nonlinear activation function

The most common type of ANN is the feedforward network, in which information
is forwarded in a single direction through multiple layers of computational units,
without cycles or loops. There is a variety of architecture with a potentially high
number of layers, hence the use of the term DL. The multilayer perceptron (Rumelhart
et al. 1985) can be considered as the groundwork of DL and is often referred to
as vanilla neural networks. Nowadays, CNN is the architecture commonly used to
process images (LeCun et al. 1998). ANNs are often referred to as biologically
inspired models (Rosenblatt 1988). An artificial neuron, illustrated in Figure 1.4,
corresponds to a very simplified version of biological neuron. It can be formulated
as follows:

y = f(
I∑
i=1

Wixi + b) [1.10]

where xi is the i-th input, W are the connection weights, b is the neuron bias, and
f is called the activation function. The same applies to CNNs, which mimic the
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ventral pathway of the visual cortex by considering an image as a compositional
hierarchy using convolution and pooling layers inspired by simple cells, complex
cells and the LGN–V1–V2–V4–IT hierarchy in the brain (Hubel and Wiesel 1962;
Felleman and Van 1991). Each layer of a CNN represents the input at a specific
level of abstraction. The first layers focus on low-level features such as colors, edges
and orientation, while high-level ones (parts of objects, objects) are obtained in
the subsequent layers by composing these low-level features. Although this is an
over-simplification from the actual visual cortex, CNNs allow us to learn complex
functions, which outperform traditional ML techniques in most tasks (Alom et al.
2018). Among the popular CNN architectures are AlexNet (Krizhevsky et al. 2012),
VGG (Simonyan and Zisserman 2014), Inception (Szegedy et al. 2015) and ResNet
(He et al. 2016), which are widely used in the literature, or at least they serve as a
basis for more specific architectures. Today, much work is focused, not exclusively, on
designing architectures: deep (Simonyan and Zisserman 2014), wide (Wu et al. 2019),
new layer (Dai et al. 2017), new connection (He et al. 2016), new layer composition
(Szegedy et al. 2015), efficiency (Iandola et al. 2016), structural diversity (Zhang et al.
2017), combination with a projection model (Zhu et al. 2016), etc. Many criteria need
to be considered, including the amount, type and quality of data available for the
targeted problem.

Figure 1.5. Comparison between feedforward and recurrent neural networks. In
feedforward networks, the information flows in one direction only, from the input layer
to the output layer. In recurrent neural networks, there are cycles or loops, which make
them useful for time series/sequential tasks

Conventional feedforward networks have no persistence. To allow a reasoning
about their past decisions, they can be extended by adding a feedback loop to them
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and thus making them recurrent (see Figure 1.5 and Rumelhart et al. 1988). This
introduces a notion of sequence where information can be passed from one step to
another. A common way to represent recurrent neural networks (RNNs) is to unroll
each step, which results in multiple copies of the same network interacting with each
other. In the following, the different layers used to build a DNN architecture, how
to train and deploy such an architecture and the specificities related to the landmark
detection problem are described.

1.1.3.1. Theory

A convolutional neural network is a composition of layers, each performing a
(supposedly) differentiable function, all together resulting in an architecture that
enables the learning of a nonlinear mapping between input(s) and output(s). There
are several types of layers, the most common ones being fully connected (fc) layers,
convolution (conv) layers, activation layers and pooling (pool) layers.

As illustrated in Figure 1.6, fc layers are composed of a fixed number of neurons
that are connected to all the neurons in the adjacent layers. Each neuron output is a
weighted sum of its inputs. This leads to a high-level reasoning through the extraction
of global relationship between neurons/features.

Figure 1.6. Illustration of an fc layer. Each neuron in the fc layer
is connected to each neuron in the previous layer

Because using the fc layer for high-dimensional data is impracticable due to too
many connections, conv layer was proposed (LeCun et al. 1998). CNNs make the
explicit assumption that the inputs are images, which results in two key properties
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of the conv layer: local connections and weight sharing. A conv layer produces a
set of two-dimensional feature map. Each neuron of a feature map is connected to
a local region, its receptive field, in the previous layer through a set of parameters
called a filter or kernel (see Figure 1.7). The local group of pixels are generally
highly correlated. Since a feature should be useful to compute at different positions,
all neurons in a feature map share the same filter. This provides a feature extractor with
translation equivariance and far less parameters than with an fc layer. 2D convolution
can be expressed as:

vxyij = bij +
∑
m

Pi−1∑
p=0

Qi−1∑
q=0

wpqijmv
(x+p)(y+q)
(i−1)m [1.11]

where vxyzij is the value at position (x, y) on the j-th feature map in the i-th layer,
b is the bias, m is the index of the feature map in the previous layer, P,Q are
respectively the height and width of the kernel and w is the value of the kernel. Note
that a one-dimensional conv layer, where the filter is of the same size as the input, is
equivalent to an fc layer.

Figure 1.7. Example of a convolution operation with a 2x2 filter
and stride 1. The dot products between the filter and a local region

of the input are illustrated. For a color version of this figure, see
www.iste.co.uk/belmonte/face.zip

The activation layer is an elementwise function, which performs a nonlinear
transformation, for example, rectified linear unit (ReLu) (Nair and Hinton 2010).
Without this transformation, only linear operations are performed by the network.
By increasing its nonlinear properties, this makes the network more suitable to
solve complex problems. ReLu is one of the most commonly used activations. In
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comparison to the first used activations, for example, tanh and sigmoid, it makes the
training faster and alleviate optimization problems. It can be expressed as follows:

f(x) =

{
0 for x < 0
x for x ≥ 0

[1.12]

Finally, the pool layer corresponds to a downsampling operation, which generally
computes the maximum or average of a local region. Max pooling is depicted in
Figure 1.8. It helps further reduce the amount of parameters and computation, allowing
a better control of overfitting. It also adds invariance to translation (small shift) and
distortion (LeCun et al. 1998).

Figure 1.8. Example of a max pooling with a 2x2 filter and stride 2. The
maximum of local regions is computed, which leads to a downsampling of the
input. For a color version of this figure, see www.iste.co.uk/belmonte/face.zip

Most of these layers have hyperparameters, which are not learned but must be
defined manually. It is necessary to specify the capacity in terms of the number of
neurons for fc layers. The number, size and the displacement (stride) of filters are to
be defined for conv layers. Similarly, the size and displacement of the window are
also to be provided for pool layers. To control the size of the input and avoid losing
information at the boundaries, conv and pool layers also require a certain amount
of padding. Figure 1.9 depicts stride and padding. The conv and fc layers also have
parameters that need to be learned.

Figure 1.9. Behavior of a filter of size 3x3 with padding and stride 1.
For a color version of this figure, see www.iste.co.uk/belmonte/face.zip
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Once the architecture is defined, the training phase aims to adjust the layer
parameters to obtain the best possible predictions. An objective or loss function is
applied at the output of the network to measure the error between predictions and
ground truth. Mean-squared error (MSE) is one of the most common regression loss
functions:

MSE =
1

N

N∑
n=1

||si − si||2 [1.13]

where N is the number of training samples, si is the i-th ground truth shape and
si is the i-th predicted shape. The (mini-batch) stochastic gradient descent (SGD)
algorithm (Robbins and Monro 1951) is used to find the minimum of this function.
The error is computed and distributed backwards (backpropagation). A gradient vector
for each parameter is computed from the last layer to the first using the chain rule. It
determines the amount by which the error would increase/decrease if the parameter
was changed. The parameter is then adjusted in the direction opposite to the gradient
vector multiplied by an additional hyperparameter called the learning rate (LR). The
latter defines by how much the parameters are changed according to the error, which
helps to control the speed at which the model learns. It is called stochastic because
batches of training samples are selected randomly to compute gradient at each iteration
instead of the full training set. It helps prevent the algorithm from reaching local
minima. A parameter update can be expressed as follows:

W ←W − λ(∂MSE

∂W
) [1.14]

where W corresponds to the parameters, λ corresponds to the LR and ∂MSE
∂W

corresponds to the partial derivative of the lost function with respect to the parameters.
To avoid gradient problems when performing gradient descent optimization, the
parameters are initialized with random values in such a way that they are not too
small nor too large, for example, Glorot initialization. Going through all the training
data corresponds to an epoch; it is done multiple times. This iterative process leads to
a convergence towards a minimum generally close to the global solution. It is crucial
to carefully tune hyperparameters, some as the LR being critical to ensure a good
convergence. Variants of SGD such as Adam (Kingma and Ba 2014) can be used
to maintain an LR for each parameter and to adapt it dynamically during training.
Once training is completed and the parameters are set, the network can then return
the corresponding landmarks from an input image by passing it through the stack of
layers.

RNNs rely on an extension of backpropagation called backpropagation through
time (BPTT), which unrolls the network and propagates the error backward over the
entire input sequence. The weights are then updated with the accumulated gradients.
BPTT can be computationally expensive as the number of time steps increases. To
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avoid computational burden, truncated BPTT is generally used. The sequence is split
into smaller sequences that are treated as separate training cases. Vanilla RNNs have
fundamental optimization limitations as the gradients tend to either vanish or explode
during optimization, resulting in an unstable network unable to learn long-term
dependencies (Bengio et al. 1994). Gradient explosion can be addressed through
gradient clipping (Pascanu et al. 2013). Gradient vanishing can be solved using
long short-term memory (LSTM) (Hochreiter and Schmidhuber 1997) illustrated in
Figure 1.10. By adopting a memory cell coupled with gating functions to control the
flow of information, the network is better able to learn over long sequences. LSTM
can be expressed as:

it = sigmoid(WxiXt +WhiHt−1 +Wci ◦ Ct−1 + bi)

ft = sigmoid(WxfXt +WhfHt−1 +Wcf ◦ Ct−1 + bf)

Ct = ft ◦ Ct−1 + it ◦ tanh(WxcXt +WhcHt−1 + bc)

ot = sigmoid(WxoXt +WhoHt−1 +Wco ◦ Ct + bo)

Ht = ot ◦ tanh(Ct) [1.15]

whereXt andHt are, respectively, the input and the hidden state at time t. W denotes
the weights, b denotes the bias, and ◦ denotes the Hadamard product.Ct is the memory
cell of the LSTM, which is updated by the input gate it, the forget gate ft and the
output gate ot. Theses gates help reduce the vanishing gradient effect. Gated recurrent
unit (GRU) (Cho et al. 2014) is an increasingly popular alternative with a simplified
structure, which combines the forget and input gates into a single update gate and
merges the hidden state and memory cell.

Figure 1.10. Comparison of a vanilla RNN unit (left) and an LSTM block (right).
Compared to vanilla rnn, LSTM has a memory cell updated by different gates to control
the flow of information and reduce the vanishing gradient effect. For a color version of
this figure, see www.iste.co.uk/belmonte/face.zip
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Beyond the standard supervised learning framework, other techniques can be used.
Adversarial learning (AL) is an increasingly popular framework, which consists of
replacing or supplementing the explicit loss function with one or several DNNs. This
is often presented as a game theory scenario where several networks are used to
compete against each other. Training is modeled as a zero-sum game. The gain of
one necessarily constitutes a loss for the other. As shown in Figure 1.11, one neural
network, called the generator (G), generates new data (e.g. an heatmap), while its
opponent, the discriminator (D), tries to detect if the data is real or if it is the result of
G. The aim of G is thus to fool D. The gradients accumulated from the loss of D are
used to update G. In this way, D provides feedback to G so that it may improve. This
strategy is also known as generative adversarial networks (GANs) (Goodfellow et al.
2014). The original GAN loss function can be expressed as follows:

min
G

max
D

V (D,G) = Ex∼pdata(x)[logD(x)] + Ez∼pz(z)[log(1−D(G(z)))]

[1.16]

where D maximizes the probability where it correctly classifies reals and fakes
(logD(x)) and G minimizes the probability that D will predict that its outputs are
fake (log(1−D(G(z)))).

Figure 1.11. Overview of GANs. The generator generates new data while its opponent,
the discriminator, tries to detect if the data is real or if it is the result of the generator.
The discriminator then provides feedback to the generator so that it may improve. For
a color version of this figure, see www.iste.co.uk/belmonte/face.zip

1.1.3.2. Advances

In the recent Menpo challenge (Zafeiriou et al. 2017), which is a good indicator
of trends on facial landmark detection problem, only DL approaches have been
proposed. Currently, two strategies to design architectures for landmark detection can
be distinguished: coordinate regression and heatmap regression. They respectively
regress the coordinates directly using a fully connected layer (Sun et al. 2013) or
compute heatmaps, one for each landmark with the same size as the input, using an
FCN (Bulat and Tzimiropoulos 2017b). The coordinates of the maximum value in a
heatmap are generally considered as the coordinates of a landmark.
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One of the first DNNs designed for landmark detection is based on the CSR
approach presented in section 1.1.2 (Sun et al. 2013; Zhou et al. 2013). It consists
of multiple levels of CNN, the first level processing the whole face to capture texture
information and geometric constraints, while the subsequent levels perform a local
refinement. Figure 1.12 illustrates the CNN architecture composed of four conv and
pool layers and two fc layers allowing the DR of landmark coordinates. There is
now a trend towards fully convolutional network (FCN) architectures. It has some
advantages (Long et al. 2015), including no input size limit, better spatial information
handling and a better computational cost/representation power ratio. The HourGlass
(HG) network shown in Figure 1.13 is currently very popular and considered as the
state-of-the-art facial landmark detection method (Bulat and Tzimiropoulos 2017b).
Initially designed for human pose estimation (Newell et al. 2016), HG consists of a
symmetrical encoder–decoder with skip connections between the two to consolidate
information at different scales. It is generally stacked several times (up to 8) with
intermediate supervision to follow the CSR approach. A compromise between these
two approaches is also possible, by regressing coordinates and using landmark
heatmaps to transfer spatial information across stages (Kowalski et al. 2017) or by
using soft-argmax loss (Honari et al. 2018). HG is the most popular model, yet it
struggles to run in real time due to its high computational complexity. Neural network
compression such as weight binarization can be applied to improve speed and reduce
the size of the model, but at the expense of accuracy (Bulat and Tzimiropoulos
2017a). Student–teacher training strategy can enable knowledge distillation from a
large complex model to a lightweight one (Zhao et al. 2020). Upsampling layers can
be removed without loss of accuracy by predicting an offset along with the score on
low-resolution feature maps (Jin et al. 2021).

Figure 1.12. Early CNN architecture for facial landmark detection (Sun et al.
2013). It consists of four conv and pool layers and two fc layers to produce

landmark coordinates. For a color version of this figure, see
www.iste.co.uk/belmonte/face.zip

CSR remains popular within DL approaches and can be implemented in different
ways, either by stacking networks (Zhang et al. 2014a; He et al. 2017; Guo et al.
2018a), as seen previously, or by formulating it as a recurrent process by combining
CNNs and RNNs (Trigeorgis et al. 2016; Lai et al. 2018; Wang et al. 2018). In
the latter, each recurrent step corresponds to a shape increment; shape increments
are jointly learned relying on an explicit memory shared across steps. CSR can be
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improved by adding attention mechanisms to the network to enable it to focus on
relevant parts of the data. Such a mechanism, combined with an RNN, can identify
reliable landmarks and use them as attention centers to primarily refine landmarks
close to them (Xiao et al. 2016). It can also be incorporated into conv layers using
intermediate supervision to generate top-down attention maps (Yue et al. 2018). This
allows the network to focus on regions around the landmarks and thus capture more
discriminative and powerful features for facial landmark detection. This approach
suggests that CSR is not a necessity and that DR remains a valid solution. Deep
reinforcement learning (DRL) has also proven to be a promising alternative to CSR
through the use of a shape searching policy, which maximizes a shape evaluation
function (Liu et al. 2018b).

Figure 1.13. Hourglass network (Bulat and Tzimiropoulos 2017b). It consists of a
symmetrical encoder–decoder with skip connections between the two to consolidate
information at different scales. It is generally stacked several times to produce
heatmaps, one for each landmark, in a coarse-to-fine manner. For a color version of
this figure, see www.iste.co.uk/belmonte/face.zip

Other improvements have been proposed. Well-known work on CNN architecture
has been applied to facial landmark detection. CoordConv adds control over
translation invariance through an extra coordinate channels (Huang et al. 2020).
Anti-aliased downsampling (e.g. max-pooling, strided-convolution) includes a
low-pass filter to improve the shift invariance property of deep networks (Huang
et al. 2020). Deformable convolution allows us to have adaptive receptive fields by
integrating 2D offsets (Zhu et al. 2020). Continuous heatmap encoding–decoding
process, siamese-based training and loss based on the Jensen–Shannon divergence
(Wan et al. 2020; Bulat et al. 2021) have been proposed to remove quantization errors
and achieved subpixel accuracy. A comparative analysis of different loss function (L1,
L2) (Feng et al. 2018; Wang et al. 2019) suggests that more attention should be paid to
small- and medium-range errors and the authors proposed a new loss function called
the Wing loss to address this problem. When using soft-argmax loss, a LaplaceKL
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penalty can be added to explicitly take into account the variance of heatmaps in
addition to the mean (i.e. landmark location) to penalize low confidence (Robinson
et al. 2019). The loss function can also be used to apply more specific constraints
during training. A contextual loss has been proposed to capture the visual context of
each landmark (Zeng et al. 2018). It can be combined with a structural loss to add an
explicit geometric constraint in order to exploit the hierarchical structure of the face.
This constraint can be incorporated into the model in different ways. It can involve the
use of a second model as a discriminator to distinguish between real and fake shapes
with the aim of providing a feedback to the first model (Chen et al. 2019c). It can
also be achieved by combining the DNN with a conditional random field (Chen et al.
2019a). Other information related to landmarks such as the boundary of the face can
be integrated and used as a representation of geometric structure (Chen et al. 2019c;
Huang et al. 2020). Using the Wasserstein distance as loss can also provide additional
geometric information (Yan et al. 2021).

1.1.4. Handling challenges

Under uncontrolled conditions, the approaches presented in sections 1.1.1, 1.1.2
and 1.1.3 continue to encounter difficulties, for example, head pose, occlusions, facial
expressions, illumination. Some of the approaches are capable of implicitly dealing
with these challenges, but they remain most often ineffective when extreme cases
occur. A number of authors propose to explicitly address some selected challenges,
and the proposed solutions are generally complementary to most approach. These
include the use of 3D models or multiple specialized models (e.g. multi-view) to
treat profile faces more consistently, multi-task learning with expression recognition
as a related task to better handle facial expressions or extended dataset annotations
to explicitly detect occlusions. In this section, a focus is placed on three challenges
considered to be the most complex to address (i.e. head pose, occlusions, expressions)
and review the proposed solutions to tackle them.

1.1.4.1. Head pose

Head pose variations are one of the main sources of error. They lead to significant
changes in appearance and shape, especially when switching from frontal to profile
views, which hides an entire part of the face. The approaches presented so far
assume that the landmarks to be detected are visible. This is not true with profile
faces. Moreover, there is little training data for extreme poses due to the difficulty
of annotating it. To address these problems, apart from the few multi-tasking or
conditioning solutions, which condition the measurement of 2D coordinates on 3D
pose (Xu and Kakadiaris 2017; Kumar and Chellappa 2018), two solutions currently
stand out: multiple view-specific models and dense 3D model.

Multiple view-specific models can be used to achieve a better accuracy under
extreme poses, one for each view, for example, left profile, frontal view and right
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profile. The best model is then selected depending on the scenario. It can be done
using the head pose based on a few landmarks (Yan et al. 2003; Yu et al. 2013;
Deng et al. 2016) or the confidence score of the models (Cootes et al. 2000; Zhu
and Ramanan 2012). To reduce selection failures and improve fault tolerance, one
possibility, instead of splitting the training data by pose, is to use the whole training
data for each model and more heavily weight the training samples of the specific
pose domain, with overlap between domains (Feng et al. 2017). Anchor templates can
also be used as reference to directly split the search space. Offsets are regressed for
multiple templates, and predictions are then aggregated (Xu et al. 2021). An alternative
is to merge the results of different pose-dependent models (Dantone et al. 2012). Still,
model selection and model fusion are not trivial tasks as it requires view estimation
or the use and ranking of different models. More recently, with the introduction of
a specific landmark configuration for profile faces (Zafeiriou et al. 2017), a joint
multi-view model has been proposed to avoid using distinct models, by capitalizing
on the correspondences between views (see Figure 1.14) (Deng et al. 2019).

Figure 1.14. Joint multi-view by capitalizing on the correspondences between views.
This helps achieve better accuracy under extreme poses. Source: Deng et al. (2019),
CC BY (http://creativecommons.org/licenses/by/4.0/), used without modification. For a
color version of this figure, see www.iste.co.uk/belmonte/face.zip

Pose variations can also be handled by fitting a dense 3D model, for example, a 3D
morphable model (3DMM) (Blanz and Vetter 1999), to a 2D image. Considering the
3D structure of the face is particularly useful to reliably reason about self-occluded
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landmarks. The projection matrix and model parameters are generally estimated using
cascaded regression, and then a 3D-to-2D projection is performed to infer the 2D
landmark locations from the 3D face (Jourabloo and Liu 2017; Zhu et al. 2017).
A single model has also been proposed to improve training and inference times
(Bhagavatula et al. 2017; Jourabloo et al. 2017). The main limitation with these
methods is that the shape is restricted by their linear parametric 3D model, which may
lead to a lack of precision in detection. This can be mitigated by jointly refining the
3D face model and 2D landmark locations through a recurrent 2D–3D double learning
process to mutually reinforce each other (see Figure 1.15) (Xiao et al. 2017).

Figure 1.15. 2D–3D dual learning to mutually reinforce each task (Xiao et al. 2017).
Considering the 3D structure of the face is particularly useful to more effectively
address self-occluded landmarks. For a color version of this figure, see www.iste.co.uk/
belmonte/face.zip

1.1.4.2. Occlusions

Among other causes of error are occlusions, which lead to a loss of information
since they cover a more or less important part of the face. Occlusions that are locally
consistent, meaning that they do not hide all the landmarks, are considered. This
challenge is particularly complex to deal with due to the variety of occlusions, which
can be caused by objects with arbitrary appearances and shape, or self occlusions, for
example, due to head pose. It requires relying on non-occluded parts and, therefore,
determine which parts are hidden. Occlusions can be detected explicitly to improve
the robustness to outliers (i.e. misdetected landmarks).

A first approach is to use occlusion-dependent models. The facial image is
generally divided into several regions in which some are assumed occluded. Different
models are trained with each of these regions. The resulting predictions are merged
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according to certain criteria such as the amount of occlusion present in the regions
(Burgos-Artizzu et al. 2013; Yu et al. 2014). The main drawback of this approach is
that facial occlusions are totally arbitrary, and therefore the approach cannot cover
the variety of occlusions. Moreover, relying on a single region provides insufficient
appearance information. Another strategy for dividing and processing the facial image
is to segment the image into non-overlapping regions and predict a heatmap for each
region, which indicates how useful is the information contained in it. This heatmap is
used together with the facial image to perform landmark detection (Yang et al. 2015).

A second approach helps further alleviate the mentioned drawbacks by using a
unified framework to jointly model the appearance around each landmark, landmark
locations and visibility, and occlusion pattern (Ghiasi and Fowlkes 2014). CSR can
be used to predict landmark location and visibility with an explicit occlusion pattern
constraint and more weight assigned to visible landmarks (Wu and Ji 2015b). With
recent DL approaches such as FCN, occlusion information can be embedded into
heatmap labels (Yuen and Trivedi 2017). Broadly speaking, these approaches require
ground-truth annotations for occlusions or synthetically occluded data, which makes
the annotation of datasets more laborious. However, more recent work has shown that
the use of labels can be avoided. An attention mechanism can help filter features from
occluded regions. Then, missing features can be recovered by leveraging inter-feature
correlations of the face through low-rank learning along with geometric features (Zhu
et al. 2019). To model inter-feature correlations, a capsule network has also been
considered. The use of capsules provides a better ability to represent knowledge about
transformations of the target object but suffers from a high computational cost (Ma
et al. 2022). The uncertainty of the landmark can also be quantified with a probabilistic
heatmap regression model, which can allow occlusions to be detected (Chen et al.
2019b).

1.1.4.3. Expressions

Facial expressions also cause important changes of facial appearance and shape.
There are seven universal expressions (Ekman and Keltner 1970): happiness, sadness,
fear, disgust, anger, contempt and surprise. All over the world, they are used to convey
the same emotions. The various state transitions and intensities are source of localized
and complex motions. Beyond these universal expressions, more complex expressions
are likely to be encountered in natural environments (Russell 1980; Plutchik 2001).
Recent approaches (i.e. DL) deal reasonably well with expressions in terms of the
Euclidean distance. However, it is unclear at this time whether this is suitable to
applications since the Euclidean distance is a specific evaluation metric for landmark
detection and does not reflect some cases such as instability on videos. A few methods
have been specifically designed to be robust to expressions by using multi-state local
shape models or face shape prior models to deal with the shape variations of facial
components (Tong et al. 2007; Wu and Ji 2015a). Considering the correlation between
shape and expression, a more common solution is not to treat facial landmark detection
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as an independent problem but to jointly learn various related tasks in order to achieve
individual performance gains. Among the related task is facial action unit detection
(Li et al. 2013; Shao et al. 2018). The relationship between facial action units and
landmarks can serve as a constraint when iteratively updating landmarks during CSR
(Wu and Ji 2016). Facial expression recognition is also widely used (Wu et al. 2014;
Zhao et al. 2014; Zhang et al. 2016; Ranjan et al. 2017). An example is depicted in
Figure 1.16. While such a solution may be straightforward to implement, by adding
as many outputs as auxiliary tasks, it can make the training stage much more complex
because the optimal convergence rates may vary from one task to another (Zhang et al.
2016).

Figure 1.16. Landmark detection with auxiliary tasks based on multi-task learning
(Zhang et al. 2014). Facial landmark detection is not treated as an independent
problem but jointly learned with various related tasks in order to achieve individual
performance gains. For a color version of this figure, see www.iste.co.uk/belmonte/
face.zip

1.1.4.4. Other

Some challenges, mostly related to the quality of the image, for example,
illumination, resolution, blur, have attracted less interest, either because they are
easier to handle or because they do not have major impacts in terms of occurrence
frequency or error. Recently, work based on GANs has been carried out to detect
landmarks more accurately on low-resolution images (Bulat and Tzimiropoulos 2018).
As shown in Figure 1.17, it involves three models to improve both super-resolution
and facial landmark detection: a generator for synthesizing high-resolution images
from low-resolution ones, a first discriminator to distinguish between synthesized
and original high-resolution images, and a second discriminator for the detection of
landmarks on synthesized high-resolution images.

On the other hand, tackling very high-resolution images can also be challenging,
especially in terms of memory. To avoid working with the entire image, regions of
interest can be automatically defined via attention-driven cropping based on a global
network working on low-resolution images (Chandran et al. 2020). Another solution
is to predict 1D heatmaps instead of 2D heatmaps to represent x and y coordinates
and use an attention mechanism to implicitly capture the joint distribution (Yin et al.
2020).
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Figure 1.17. Adversarial learning involving super-resolution to improve landmark
detection on low-resolution images (Bulat and Tzimiropoulos 2018). A generator
synthesizes high-resolution images from low-resolution ones, while a first discriminator
distinguishes between synthesized and original high-resolution images, and a second
discriminator detects landmarks on synthesized high-resolution images. For a color
version of this figure, see www.iste.co.uk/belmonte/face.zip

The datasets used to solve the landmark detection problem present significant
intra/inter-dataset variations, which can lead to poor generalization. By coupling
two models, it is possible to leverage these variations (Wu and Yang 2017). The
first model takes advantage of intra-dataset variations by using an implicit feature
sharing mechanism. It takes an image and its flipped version as input. The second
model, which focuses on inter-dataset variations, decides which candidate should be
considered. Some authors have rather focused their work on simplifying the landmark
detection task by normalizing the input to a canonical pose. The most advanced
solutions employ supervised face transformations such as spatial transformer networks
to remove the translation, scale and rotation variations of the face (Fan and Zhou 2016;
Chen et al. 2017; Kowalski et al. 2017; Lv et al. 2017; Yang et al. 2017). While most
authors focus on the variance of faces, the intrinsic variance of image styles can also
be handled to improve performance using a style-aggregated network, which takes
as input two complementary images of the same face, the original style image and
an aggregated style image generated by GANs (Dong et al. 2018a). The definition of
style can be pushed further by considering various environment factors. A variational
auto-encoder can be trained to disentangle face images into a style and structure space,
and then be used to generate new synthetic data through style translation (Qian et al.
2019).

Beyond the challenges encountered in images, annotation is also considered
challenging and often proves to be imprecise, degrading the performance of current
models. To address this issue, a bivariate label distribution can be associated with each
landmark to cover the neighboring pixels (Su and Geng 2019). A latent variable that
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represents a semantically consistent ground truth can also be introduced and optimized
(Liu et al. 2019). Error-bias is found to be particularly strong in tangent direction.
More constraints can be imposed on normal direction than on tangent direction using
anisotropic direction loss and anisotropic attention module (Huang et al. 2021).

1.1.5. Summary

Generative approaches can achieve interesting performance under uncontrolled
conditions using only few data, with suitable representation and optimization strategy
(Tzimiropoulos et al. 2012; Tzimiropoulos and Pantic 2013). However, they can be
computationally intensive, and due to the difference between the model and the true
distribution of data, their ability to generalize is often restricted (Bernardo et al.
2007). Besides, a small error in the prediction of the model coefficients may lead
to a large error regarding the landmarks. This is not true discriminative approaches,
which are becoming increasingly popular. Instead of predicting the model coefficients,
landmarks are directly predicted, resulting in a better accuracy.

Part-based approaches such as CLMs, although more robust to partial occlusions
and lighting, suffer from an ambiguity problem along with performance issues due
to their local appearance representation coupled with a global shape optimization.
To overcome the limitations of these approaches, another popular approach is to
estimate the whole facial shape directly from the image features while implicitly
exploiting spatial constraints. This is less restrictive than modeling them explicitly
with a shape model. Two solutions can be found: DR and CSR, the latter being
the most commonly used and a state-of-the-art approach. By providing a mapping
from the image to the facial shape without the use of any parametric appearance or
shape model, faster and more accurate predictions can be obtained. The coarse-to-fine
strategy of CSR offers a progressive and flexible way to encode the shape constraints
while increasing robustness. The availability of large datasets further improves the
generalization capacity of discriminative approaches. However, it is still not easy
to perform this mapping in some scenarios, such as extreme expression and pose
variations. Recently, a shift from traditional approaches to DL-based approaches has
occurred. The latter can more effectively model the nonlinear relationship between
images and shapes and has already shown impressive performance.

Challenges in facial landmark detection have benefited from advances in DL. With
such approaches, the need for feature engineering is no longer necessary. The research
has shifted to architecture design where domain expertise can still be useful but not
as crucial as it used to be. Although CSR continues to predominate, DR appears
to be practicable with DNNs, as some authors have shown (Merget et al. 2018;
Miao et al. 2018). However, DNNs require a significant amount of computational
power and annotated data, which is not easily affordable. It is also worth noting that
landmark detection is a structural prediction problem that can hardly benefit from
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models pre-trained on massive amounts of data such as ImageNet (Deng et al. 2009)
for object detection and localization. On the other hand, overfitting can be an issue
when building a deep model from scratch due to the lack of data available. Despite
these challenges, DL approaches have helped take a further step towards solving the
problem of facial landmark detection, but there is still much to be done.

Complementary solutions have been developed, which can be integrated into
both the DL and the more traditional approaches. This include the use of 3D
model, multi-view-specific models, multi-task learning, GANs and explicit occlusion
modeling. They can help solve the remaining challenges and further increase
generalization. By integrating such solutions, it is possible to significantly improve
the robustness to specific challenges. However, it is often a combination of these
challenges that are encountered under uncontrolled conditions. Although these
solutions are not mutually exclusive, it may be too complex and costly to apply them
together. Another kind of solution based on temporal consistency and allowing several
challenges to be addressed at the same time is possible.

All the approaches presented so far, when applied to a video stream, are not able
to use temporal information. Yet, with the ubiquity of video sensors, the vast majority
of applications rely on videos. Moreover, there is a need for an approach that can
deal with all challenges at once. Recent work has proved that taking into account
video consistency helps to deal with the variability in facial appearance and ambient
environment encountered under uncontrolled conditions. These works are reviewed in
the following section.

1.2. Extending facial landmark detection to videos

Despite the quantity of facial landmark detection approaches proposed in
the literature and the recent major advances, the difficulties encountered under
uncontrolled conditions are still far from being solved (see section 1.1). As already
seen in section I1.3, variations in pose and expression along with occlusions are among
the most difficult challenges due to their significant influence on facial appearance.
Moreover, applications of face analysis are mainly based on image sequences. So far,
image-based methods cannot use the motion information from image sequences nor
adapt their models online to make it person-specific. In the following sections, it is
shown how temporal information can be beneficial to landmark detection, especially
under uncontrolled conditions, by addressing many of its challenges. To this end,
temporal approaches are reviewed from the most naive but popular tracking by
detection to the most recent and more complex ones based on DNNs.

1.2.1. Tracking by detection

Recently, a comparative analysis of video-based facial landmark detection
approaches showed that the most popular strategy for this problem is tracking by
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detection (Shen et al. 2015). As illustrated in Figure 1.18 tracking by detection consists
of applying face detection followed by facial landmark detection, independently on
each frame, without taking into account the coherence of adjacent frames.

Figure 1.18. Tracking by detection over a few frames. It consists of applying face
detection followed by facial landmark detection, independently on each frame,
without taking into account the coherence of adjacent frames. Detection from
previous frame is used in case of failure. Source: Chrysos et al. (2018a), CC BY
(http://creativecommons.org/licenses/by/4.0/), used without modification. For a color
version of this figure, see www.iste.co.uk/belmonte/face.zip

Face detection can possibly return false positives. To prevent these, predictions
with the highest confidence are usually retained. The detector may also fail to detect
any faces on an image, making facial landmark detection no longer possible. In this
case, the bounding boxes from the previous image can possibly be used. This is a
reasonable assumption if the frame rate is high enough to ensure that there is no
significant variation between the current and the previous images.

Although tracking by detection is naive, a recent study has demonstrated its
viability for deformable face tracking (Chrysos et al. 2018a) since current detectors
are effective enough to operate under uncontrolled conditions (Zafeiriou et al. 2015).
However, this strategy has severe limitations. It relies on two distinct static models that
are individually trained, which is time consuming. Neither of these two models are
able to integrate motion information and personalize the models online to the targeted
person. Additionally, facial landmark detection being sensitive to initialization, it is
very likely to obtain poor predictions due to bad initializations far from the ground
truth, especially during large variations, for example, pose or expression.
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1.2.2. Box, landmark and pose tracking

To avoid using face detection at each frame with the related initialization issues,
an alternative is to use a substitute for the detection in order to adapt to the temporal
domain. Three main solutions have been proposed to establish a correlation between
the previous and current frames (Yang et al. 2015b): box, landmark and pose tracking.
In each of these solutions, the aim is generally to take advantage of the previous
prediction to provide a better initialization for the current frame.

Figure 1.19. Box tracking over a few frames based on a rigid tracking algorithm
instead of a face detector in each frame. A reset mechanism is used in case of
drift. Source: Chrysos et al. (2018a), CC BY (http://creativecommons.org/licenses/
by/4.0/), used without modification. For a color version of this figure, see www.iste.
co.uk/belmonte/face.zip

Box tracking consists of using a rigid tracking algorithm instead of a face detector
in each frame (see Figure 1.19). Such algorithms are able to be robust to some
variations in the facial appearance during tracking (Yang et al. 2015b; Chrysos et al.
2018a). However, it can be as time consuming as detection, and more importantly,
it can easily drift over time, especially under uncontrolled conditions. This solution
is found to be equivalent to tracking by detection with the same drawbacks (Chrysos
et al. 2018a). The second solution, landmark tracking, involves the use of the previous
shape as an initialization for the current frame (Yang et al. 2015b). It provides the
ability to inherit information about rotation, translation and scale, and thus provide
an initialization closer to the ground truth and potentially a better convergence and
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more accurate predictions. It might, however, lead to a poor convergence due to
cumulative errors in video, when the initialization is not the same as in the training
set. A third solution is to keep only the similarity transformation parameters from
the previous prediction, i.e. pose tracking (Yang et al. 2015b; Shin and Kim 2016) as
shown in Figure 1.20. These parameters are used to adjust the mean shape, which then
serves as an initialization. By tracking the pose and not the full shape, the noise from
the previous prediction is smoothed, making the following predictions more stable
over time. It can greatly reduce the failure rate while improving overall performance
(Shen et al. 2015). In the same vein but less popular, ensemble learning algorithms
can be used to generate multiple initializations for an image, based on the shape
parameters from previous predictions (Peng et al. 2015; Li et al. 2017). This can be
summarized as applying facial landmark detection using the different initializations
and then recovering the best result. The obvious disadvantage of this approach is its
efficiency; a balance between computational efficiency and accuracy has to be found.
Beyond initialization, the shape parameters of the previous prediction can also be used
to select a pose-dependent model to obtain a better and more efficient convergence, as
explained in section 1.1.4 (Xiong and De la Torre 2015; Yang et al. 2015b).

Figure 1.20. Overview of pose tracking. The mean shape is adjusted based on
the similarity transformation parameters from the previous frame (Yang et al.

2015b). For a color version of this figure, see www.iste.co.uk/belmonte/face.zip

Regardless of the tracking strategy, it is necessary to incorporate a reinitialization
mechanism in order to avoid any drift over time. Such a mechanism is illustrated in
Figure 1.19. It is generally based on the quality of the prediction, using SVMs (Yang
et al. 2015b; Chrysos et al. 2018a) or more recently DNNs (Peng et al. 2016b) to
decide if the shape and appearance still match those of a face. The classifier is trained
with patches extracted from the ground truth for positive examples, and negative cases
are randomly sampled from the region around the ground truth. It can also be done in
a holistic way by concatenating the face image and the landmark heatmap. The score
of the classifier is then used as a fitting score to judge the quality of the predictions. If
the score is below a certain threshold, face detection is applied instead of tracking.
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Non-rigid tracking produces a more accurate fitting than tracking by detection. It
takes advantage of adjacent frames to improve initialization. Facial landmark detection
is therefore no longer dependent on the detection window, but rather takes advantage
of the previous prediction to improve initialization. These solutions remain trivial and
still do not benefit from person-specific information.

1.2.3. Adaptive approaches

In contrast to the work presented in section 1.2.2, which retains one generic
model after learning, a more advanced approach consists of integrating an online
model update, also called incremental learning, in order to make it person-specific
and thus more accurate (Asthana et al. 2014; Peng et al. 2015; Sánchez-Lozano et al.
2016; Chrysos et al. 2018b). This is close to rigid tracking algorithms but, instead of
considering the object as a single bounding box, its shape and deformations are taken
into account along with its appearance. As shown in Figure 1.21, the pre-trained model
is updated over time to learn a person-specific representation without re-training
from scratch. Incremental learning can be achieved using generative approaches as
proposed with the incremental PSs (Chrysos and Zafeiriou 2018; Chrysos et al. 2018b)
as well as apply to discriminative approaches as with incremental SDM (Asthana
et al. 2014). These approaches are generally costly. Therefore, efficient methods
based on continuous regression, as opposed to standard discrete regression, have been
proposed and are able to reach real-time performance (Sánchez-Lozano et al. 2016).
To avoid compromising the model during drifting, an update criterion similar to the
reinitialization mechanisms presented in section 1.2.2 is generally used.

Figure 1.21. CSR with on-line model update (Sánchez-Lozano et al. 2016). The
pre-trained model is updated over time to learn a person-specific representation without
re-training from scratch. For a color version of this figure, see www.iste.co.uk/belmonte/
face.zip

Adaptive approaches provide more accurate predictions but, as with generic
tracking, they are prone to drifting, while tracking by detection is drift-free but less
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accurate. It is possible to establish a synergy between both detection and tracking in
order to limit the weaknesses of these two approaches. This is known as joint detection
and tracking.

1.2.4. Joint approaches

To avoid drift issues and provide accurate predictions, both the
tracking-by-detection approach and the conventional tracking approach may be
combined to complement each other (Khan et al. 2017; Guo et al. 2018b). One
of the first solutions to be proposed relies on the use of different detection and
tracking initializations (Khan et al. 2017). Each of these initializations define different
optimization sub-problems. Independent shape updates for each sub-problem are
computed and then coupled using global variable consensus optimization (Boyd et al.
2011).

Using equation [1.3] of the generative model (section 1.1.1), global variable
consensus can be formulated as follows:

argmin
p1...pM ,q1...qM

M∑
m=1

fm(pm, qm) [1.17]

where M , f , p and q correspond respectively to the different initializations,
sub-problems, shape and appearance parameters. This strategy can be integrated
within any state-of-the-art approach. However, the synergy between both tasks is
limited due to the use of separate models, one for landmark detection and another
for tracking. The two tasks are not optimized together and are actually applied
subsequently.

DRL (Littman 2015) has been proposed to explicitly exploit the synergy between
bounding box generation and landmark detection (Guo et al. 2018b). Two agents, a
tracking agent and an alignment agent, are trained interactively (see Figure 1.22). The
aim of the tracking agent is to adjust the bounding box based on a set of actions
corresponding to displacements or changes in scale. The role of the alignment agent is
essentially to determine whether or not it is necessary to continue the search process
using continue/stop actions. Both tasks are jointly conducted through the sequence of
action defined by the two agents with an emphasis on the quality of the alignment.

Joint approaches are able to benefit from both detection and tracking while
avoiding their downsides. However, they do not take advantage of the dynamic nature
of the face. Other information, such as the trajectories of the landmarks through the
image sequence, seems relevant to consider.
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Figure 1.22. Joint detection and tracking using deep reinforcement learning (Guo
et al. 2018b). A tracking agent adjusts the bounding box based on a set of actions
corresponding to displacements or changes in scale. An alignment agent determines
whether or not it is necessary to continue the search process using continue/stop
actions. The two agents are trained interactively. For a color version of this figure, see
www.iste.co.uk/belmonte/face.zip

1.2.5. Temporal constrained approaches

Whether explicit or implicit, the shape constraints present in most facial landmark
detection methods are crucial to obtaining good performance under uncontrolled
conditions. In image sequences, an additional constraint may be applied to the
trajectories of the landmarks. One simple way to achieve this is to smooth predictions
between frames to avoid jittering and increase stability. Bayesian filters such as
Kalman filters and their extensions (e.g. particle filters) can be used for this purpose.
However, they require a complex design and tuning phase and are generally restricted
to global rigid motion tracking, i.e. tracking the detected bounding box (Prabhu et al.
2010; Uřičář and Franc 2015) and ignoring local non-rigid facial deformations. It has
also been demonstrated that these filters only provide a marginal gain for video-based
facial landmark detection (Gu et al. 2017; Chrysos et al. 2018a).

To consider the whole shape, a stabilization model based on a Gaussian mixture
has been proposed (Tai et al. 2019). The model is trained on a set of videos to learn the
statistics of different kinds of movements. A loss function with two terms to address
time delay and non-smooth issues is used to estimate its parameters. The model is
then applied after landmark detection; it takes as an input all predictions from previous
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images and produces a more accurate and stable result for the current image. A balance
has to be found between accuracy and stability.

Figure 1.23. Semi-supervised training using the coherency of optical flow as a source
of supervision (Dong et al. 2018). Lucas–Kanade tracker tracks landmarks on future
frames based on past predictions from the detector. The registration loss computes
the distance between these predictions and those from the detector. This allows us to
train a detector with unlabeled videos to provide temporally consistent predictions. For
a color version of this figure, see www.iste.co.uk/belmonte/face.zip

Another way to reduce jittering in video is to take advantage of the coherency
of optical flow by using it as a source of supervision (Dong et al. 2018). The main
advantage is that no manual labeling is required. The Lucas–Kanade tracker coupled
with a registration loss function can be used to train a detector with unlabeled videos
to provide temporally consistent predictions. The latter tracks landmarks on future
frames based on past predictions from the detector. The registration loss computes the
distance between these predictions and those from the detector. The whole training
procedure is illustrated in Figure 1.23. Besides jittering, optical flow can also be
used to improve robustness in motion-blurred videos (Sun et al. 2019). Although
optical flow registration can encourage temporal consistency to improve existing
facial landmark detectors, they still remain image-based detectors with limited motion
modeling capability.

RNNs are particularly suitable for time series analysis. They have proved to be
effective for facial landmark detection using a CNN as a backbone to jointly estimate
and track visual features over time (Peng et al. 2016a; Gu et al. 2017; Hou et al. 2018).
When training is done in conjunction with a CNN, optimal features can be extracted
and temporal dependencies at different scales can be captured. As a result, RNNs help
stabilize predictions over time and improve robustness under uncontrolled conditions
(Gu et al. 2017). It is possible to start from a pre-trained CNN and transform any
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pre-trained feed-forward layer into a recurrent layer (Yang et al. 2018). As depicted
in Figure 1.24, spatial and temporal information processing can also be decoupled in
order to explicitly exploit their complementarity (Liu et al. 2018a). The spatial stream
aims to preserve the holistic facial shape structure, while the temporal stream focuses
on temporal consistency to improve shape refinements. A weighted fusion of both
streams produces the final prediction.

Figure 1.24. Two-stream network which decomposes the video input to the spatial and
temporal streams (Liu et al. 2018a). The spatial stream aims to preserve the holistic
facial shape structure, while the temporal stream focuses on temporal consistency
to improve shape refinements. A weighted fusion of both streams produces the final
prediction. For a color version of this figure, see www.iste.co.uk/belmonte/face.zip

However, these approaches only provide late temporal connectivity on small
feature maps with a possibly high level of abstraction at the level of the recurrent
layer. This layer is then able to compute global motion features (e.g. head motion) but
may not be capable of accurately detecting local motion (e.g. eye and lip movements)
due to the fact that CNNs cannot model any motion.

1.2.6. Summary

Existing solutions for video-based facial landmark detection have been reviewed in
this section. The first observation is that even today, one of the most popular strategies
for this problem is tracking by detection. Despite being considered viable, this strategy
remains limited since it does not leverage temporal information at all.

More sophisticated solutions have been proposed. They take advantage of
conventional tracking and adaptive learning to improve accuracy. Although these
solutions are more accurate, they are likely to drift over time and thus require a reset
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mechanism. Moreover, they do not sufficiently make use of the temporal information
as they generally only use the prediction on the adjacent frames.

Since tracking is more accurate than detection but prone to drift and detection
is drift-free, they have been coupled in a joint approach. This solution allows the
advantages of both approaches to be exploited more effectively but it still makes
limited use of temporal information.

Similar to the shape constraint present in most image-based approaches, several
solutions have also been proposed to add temporal constraint in order to increase
stability over time, using either 2D models with specific training strategy or RNNs.
Due to their nature, temporal-constrained 2D models are reduced to smoothing only.
Regarding RNNs, the most recent and advanced methods suffer especially from
limited temporal connectivity since it relies on the use of a CNN as a backbone.
However, the CNN is unable to capture temporal information, which only allows
us to track high-level features (i.e. global motion). Fine motion cannot be easily
modeled while they are just as relevant for landmark detection. Most of the proposed
approaches are based on tracking or temporal smoothing. The main weakness of all
these methods is that they do not fully exploit the dynamic nature of the face. Taking
this dynamic into account appears crucial to ensure high accuracy and robustness
under uncontrolled conditions, especially when the appearance is no longer reliable.

There are many open questions. How can motion be modeled with more detail
and integrated into current approaches based on DL? How to combine local and
global motion while taking advantage of their complementarity? The same question
also arises regarding spatial and temporal information. Finally, which level of time
dependency is necessary for a problem like facial landmark detection?

1.3. Discussion

Throughout the years, research has always been focused on static images. The
approaches proposed so far can be grouped into two major categories: generative and
discriminative. The fundamental differences between these two categories of approach
include:

– model fitting based on coefficient prediction or mapping between the image and
the shape;

– explicit shape model or implicitly embedded shape constraints;

– independent landmark prediction or joint prediction;

– holistic or part-based representation;

– one-step prediction or coarse-to-fine strategy;

– the need of a shape initialization.
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Many solutions have also been developed to address specific challenges and can
be integrated into any type of approach. They are based on techniques including
3D model (Zhu et al. 2017), multi-view model(s) (Deng et al. 2019), multi-task
learning (Zhang et al. 2016), GANs (Bulat and Tzimiropoulos 2018) and explicit
occlusions modeling (Yuen and Trivedi 2017). However, these solutions can make
dataset annotation and model training much more complex.

Discriminative approaches perform landmark prediction through a mapping
between the image and the shape. This makes them faster and more accurate
than the approaches based on generative models (Kazemi and Sullivan 2014;
Ren et al. 2014). Landmarks are jointly predicted, which implicitly integrates
the shape constraints. The mapping is generally implemented using a cascade of
regressors, coarse-to-fine strategy, since direct mapping is hard to achieve. Among
the discriminative approaches, DL ones have gained increasing popularity (Bulat
and Tzimiropoulos 2017b). They allow discriminative and problem-specific feature
learning, as opposed to handcrafted features used in traditional approaches. The
latter are generic and likely to be suboptimal for facial landmark detection (LeCun
et al. 2015). With DNNs, feature extraction and regression are trained jointly. The
relationship between images and shapes is modeled more effectively. DL has notably
been successful with direct mapping, showing that DR remains a relevant solution
(Merget et al. 2018; Miao et al. 2018).

Current approaches still encounter difficulties under uncontrolled conditions
(Sagonas et al. 2016). Although most of the challenges have been addressed, this is
often achieved with solutions specific to one or a few challenges. There is a lack of
approaches that can address all the difficulties at once. With regard to the literature,
temporal approaches appear to be the most promising direction. Today, due to the
increase in video data and their potential benefits, the interest in temporal approaches
is growing (Shen et al. 2015). Currently, most landmark detection approaches are
unable to take advantage of the temporal information. They are often applied in
tracking-by-detection manner. More advanced strategies have recently been proposed
(Chrysos et al. 2018a). They mainly rely on tracking (e.g. box, landmark, pose) along
with incremental learning and for a smaller part on temporal smoothing (Dong et al.
2018; Tai et al. 2019). However, these approaches are subject to drift and so far do not
fully exploit facial dynamics. The most advanced ones based on RNNs appear to be
limited to the global movements of the head (Gu et al. 2017; Hou et al. 2018; Liu et al.
2018a). The CNNs currently used as a backbone cannot model any motion.

Moreover, given the overall progress accomplished, more attention should be paid
to evaluation protocols. There is a lack of comprehensive analysis to quantify the
performance of current approaches according to the different difficulties (Zafeiriou
et al. 2017). Regarding temporal approaches, the contribution of the temporal
information according to the difficulties, and compared to static approaches, is not
well quantified. This would help us to better identify the remaining efforts to be made
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but could also be useful for anyone who uses landmarks as a pre-processing in an
application (e.g. expression recognition).

Consequently, the issues addressed in this part of the book are related to the
evaluation protocols and temporal approaches. The first goal is to quantify the impact
of major challenges of landmark detection of the one hand and, on the other, to
quantify the contribution of temporal approaches. The recent availability of datasets
such as SNaP-2DFe (Allaert et al. 2018) presents an opportunity to address these
issues. The second goal is to better exploit the dynamic nature of the face in order
to obtain more stable predictions over time and more robustness to the full set of
variations that considerably impact facial appearance. One hypothesis is that early
temporal connectivity could help to model motion more finely as well as complement
current approaches. Among the open questions that are also of interest are how to
effectively combine facial motion information with the facial appearance. To this end,
CNNs appear to be an effective and versatile baseline tool.
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