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Abstract

The goal of this ”proyecto fin de carrera” was to produce a review of the face
detection and face recognition literature as comprehensive as possible. Face
detection was included as a unavoidable preprocessing step for face recogn-
tion, and as an issue by itself, because it presents its own difficulties and
challenges, sometimes quite different from face recognition. We have soon
recognized that the amount of published information is unmanageable for
a short term effort, such as required of a PFC, so in agreement with the
supervisor we have stopped at a reasonable time, having reviewed most con-
ventional face detection and face recognition approaches, leaving advanced
issues, such as video face recognition or expression invariances, for the future
work in the framework of a doctoral research. I have tried to gather much of
the mathematical foundations of the approaches reviewed aiming for a self
contained work, which is, of course, rather difficult to produce. My super-
visor encouraged me to follow formalism as close as possible, preparing this
PFC report more like an academic report than an engineering project report.
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1.4. Face detection 9

procedure has many applications like face tracking, pose estimation or com-
pression. The next step -feature extraction- involves obtaining relevant facial
features from the data. These features could be certain face regions, varia-
tions, angles or measures, which can be human relevant (e.g. eyes spacing) or
not. This phase has other applications like facial feature tracking or emotion
recognition. Finally, the system does recognize the face. In an identifica-
tion task, the system would report an identity from a database. This phase
involves a comparison method, a classification algorithm and an accuracy
measure. This phase uses methods common to many other areas which also
do some classification process -sound engineering, data mining et al.

These phases can be merged, or new ones could be added. Therefore,
we could find many different engineering approaches to a face recognition
problem. Face detection and recognition could be performed in tandem, or
proceed to an expression analysis before normalizing the face [109].

1.4 Face detection

Nowadays some applications of Face Recognition don’t require face detection.
In some cases, face images stored in the data bases are already normalized.
There is a standard image input format, so there is no need for a detection
step. An example of this could be a criminal data base. There, the law
enforcement agency stores faces of people with a criminal report. If there is
new subject and the police has his or her passport photograph, face detection
is not necessary. However, the conventional input image of computer vision
systems are not that suitable. They can contain many items or faces. In these
cases face detection is mandatory. It’s also unavoidable if we want to develop
an automated face tracking system. For example, video surveillance systems
try to include face detection, tracking and recognizing. So, it’s reasonable to
assume face detection as part of the more ample face recognition problem.

Face detection must deal with several well known challenges[117, 125].
They are usually present in images captured in uncontrolled environments,
such as surveillance video systems. These challenges can be attributed to
some factors:� Pose variation. The ideal scenario for face detection would be one in

which only frontal images were involved. But, as stated, this is very
unlikely in general uncontrolled conditions. Moreover, the performance
of face detection algorithms drops severely when there are large pose
variations. It’s a major research issue. Pose variation can happen due
to subject’s movements or camera’s angle.

IPR2023-01014 
Nielsen Company EX2034 Page 13



10 Chapter 1. The Face Recognition Problem� Feature occlusion. The presence of elements like beards, glasses or
hats introduces high variability. Faces can also be partially covered by
objects or other faces.� Facial expression. Facial features also vary greatly because of different
facial gestures.� Imaging conditions. Different cameras and ambiental conditions can
affect the quality of an image, affecting the appearance of a face.

There are some problems closely related to face detection besides feature
extraction and face classification. For instance, face location is a simplified
approach of face detection. It’s goal is to determine the location of a face in
an image where there’s only one face. We can differenciate between face de-
tection and face location, since the latter is a simplified poblem of the former.
Methods like locating head boundaries [59] were first used on this scenario
and then exported to more complicated problems. Facial feature detection
concerns detecting and locating some relelvant features, such as nose, eye-
brow, lips, ears, etc. Some feature extraction algorithms are based on facial
feature detection. There is much literature on this topic, which is discused
later. Face tracking is other problem which sometimes is a consequence of
face detection. Many system’s goal is not only to detect a face, but to be
able to locate this face in real time. Once again, video surveillance system is
a good example.

1.4.1 Face detection problem structure

Face Detection is a concept that includes many sub-problems. Some systems
detect and locate faces at the same time, others first perform a detection
routine and then, if positive, they try to locate the face. Then, some tracking
algorithms may be needed - see Figure 1.2.

Figure 1.2: Face detection processes.

Face detection algorithms ussually share common steps. Firstly, some
data dimension reduction is done, in order to achieve a admissible response
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1.4. Face detection 11

time. Some pre-processing could also be done to adapt the input image to
the algorithm prerequisites. Then, some algorithms analize the image as it is,
and some others try to extract certain relevant facial regions. The next phase
usually involves extracting facial features or measurements. These will then
be weighted, evaluated or compared to decide if there is a face and where is
it. Finally, some algorithms have a learning routine and they include new
data to their models.

Face detection is, therefore, a two class problem where we have to decide
if there is a face or not in a picture. This approach can be seen as a simplified
face recognition problem. Face recognition has to classify a given face, and
there are as many classes as candidates. Consequently, many face detection
methods are very similar to face recognition algorithms. Or put another way,
techniques used in face detection are often used in face recognition.

1.4.2 Approaches to face detection

It’s not easy to give a taxonomy of face detection methods. There isn’t a
globally accepted grouping criteria. They usually mix and overlap. In this
section, two classification criteria will be presented. One of them differenti-
ates between distinct scenarios. Depending on these scenarios different ap-
proaches may be needed. The other criteria divides the detection algorithms
into four categories.

Detection depending on the scenario.� Controlled environment. It’s the most straightforward case. Pho-
tographs are taken under controlled light, background, etc. Simple
edge detection techniques can be used to detect faces [70].� Color images. The typical skin colors can be used to find faces. They
can be weak if light conditions change. Moreover, human skin color
changes a lot, from nearly white to almost black. But, several studies
show that the major difference lies between their intensity, so chromi-
nance is a good feature [117]. It’s not easy to establish a solid human
skin color representation. However, there are attempts to build robust
face detection algorithms based on skin color [99].� Images in motion. Real time video gives the chance to use motion
detection to localize faces. Nowadays, most commercial systems must
locate faces in videos. There is a continuing challenge to achieve the
best detecting results with the best possible performance [82]. Another
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12 Chapter 1. The Face Recognition Problem

approach based on motion is eye blink detection, which has many uses
aside from face detection [30, 53].

Detection methods divided into categories

Yan, Kriegman and Ahuja presented a classifications that is well accepted
[117]. Methods are divided into four categories. These categories may over-
lap, so an algorithm could belong to two or more categories. This classifica-
tion can be made as follows:� Knowledge-based methods. Ruled-based methods that encode our knowl-

edge of human faces.� Feature-invariant methods. Algorithms that try to find invariant fea-
tures of a face despite it’s angle or position.� Template matching methods. These algorithms compare input images
with stored patterns of faces or features.� Appearance-based methods. A template matching method whose pat-
tern database is learnt from a set of training images.

Let us examine them on detail:

Knowledge-based methods.

These are rule-based methods. They try to capture our knowledge of faces,
and translate them into a set of rules. It’s easy to guess some simple rules.
For example, a face usually has two symmetric eyes, and the eye area is darker
than the cheeks. Facial features could be the distance between eyes or the
color intensity difference between the eye area and the lower zone. The big
problem with these methods is the difficulty in building an appropriate set
of rules. There could be many false positives if the rules were too general.
On the other hand, there could be many false negatives if the rules were
too detailed. A solution is to build hierarchical knowledge-based methods to
overcome these problems. However, this approach alone is very limited. It’s
unable to find many faces in a complex image.

Other researches have tried to find some invariant features for face detec-
tion. The idea is to overcome the limits of our instinctive knowledge of faces.
One early algorithm was developed by Han, Liao, Yu and Chen in 1997 [41].
The method is divided in several steps. Firstly, it tries to find eye-analogue
pixels, so it removes unwanted pixels from the image. After performing the
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1.4. Face detection 13

segmentation process, they consider each eye-analogue segment as a candi-
date of one of the eyes. Then, a set of rule is executed to determinate the
potential pair of eyes. Once the eyes are selected, the algorithms calculates
the face area as a rectangle. The four vertexes of the face are determined
by a set of functions. So, the potential faces are normalized to a fixed size
and orientation. Then, the face regions are verificated using a back propa-
gation neural network. Finally, they apply a cost function to make the final
selection. They report a success rate of 94%, even in photographs with many
faces. These methods show themselves efficient with simple inputs. But,
what happens if a man is wearing glasses?

There are other features that can deal with that problem. For example,
there are algorithms that detect face-like textures or the color of human skin.
It is very important to choose the best color model to detect faces. Some
recent researches use more than one color model. For example, RGB and
HSV are used together successfully [112]. In that paper, the authors chose
the following parameters

0.4 ≤ r ≤ 0.6, 0.22 ≤ g ≤ 0.33, r > g > (1− r)/2 (1.1)

0 ≤ H ≤ 0.2, 0.3 ≤ S ≤ 0.7, 0.22 ≤ V ≤ 0.8 (1.2)

Both conditions are used to detect skin color pixels. However, these
methods alone are usually not enough to build a good face detection algo-
rithm. Skin color can vary significantly if light conditions change. Therefore,
skin color detection is used in combination with other methods, like local
symmetry or structure and geometry.

Template matching

Template matching methods try to define a face as a function. We try to find
a standard template of all the faces. Different features can be defined inde-
pendently. For example, a face can be divided into eyes, face contour, nose
and mouth. Also a face model can be built by edges. But these methods are
limited to faces that are frontal and unoccluded. A face can also be repre-
sented as a silhouette. Other templates use the relation between face regions
in terms of brightness and darkness. These standard patterns are compared
to the input images to detect faces. This approach is simple to implement,
but it’s inadequate for face detection. It cannot achieve good results with
variations in pose, scale and shape. However, deformable templates have
been proposed to deal with these problems.

IPR2023-01014 
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14 Chapter 1. The Face Recognition Problem

Appearance-based methods

The templates in appearance-based methods are learned from the examples
in the images. In general, appearance-based methods rely on techniques from
statistical analysis and machine learning to find the relevant characteristics
of face images. Some appearance-based methods work in a probabilistic net-
work. An image or feature vector is a random variable with some probability
of belonging to a face or not. Another approach is to to define a discrim-
inant function between face and non-face classes. These methods are also
used in feature extraction for face recognition and will be discussed later.
Nevertheless, these are the most relevant methods or tools:� Eigenface-based. Sirovich and Kirby [101, 56] developed a method for

efficiently representing faces using PCA (Principal Component Analy-
sis). Their goal of this approach is to represent a face as a coordinate
system. The vectors that make up this coordinate system were referred
to as eigenpictures. Later, Turk and Pentland used this approach to
develop a eigenface-based algorithm for recognition [110].� Distribution-based. These systems where first proposed for object and
pattern detection by Sung [106]. The idea is collect a sufficiently large
number of sample views for the pattern class we wish to detect, covering
all possible sources of image variation we wish to handle. Then an
appropriate feature space is chosen. It must represent the pattern class
as a distribution of all its permissible image appearances. The system
matches the candidate picture against the distribution-based canonical
face model. Finally, there is a trained classifier which correctly identifies
instances of the target pattern class from background image patterns,
based on a set of distance measurements between the input pattern and
the distribution-based class representation in the chosen feature space.
Algorithms like PCA or Fisher’s Discriminant can be used to define the
subspace representing facial patterns.� Neural Networks. Many pattern recognition problems like object recog-
nition, character recognition, etc. have been faced successfully by neu-
ral networks. These systems can be used in face detection in different
ways. Some early researches used neural networks to learn the face
and non-face patterns [93]. They defined the detection problem as a
two-class problem. The real challenge was to represent the “images not
containing faces” class. Other approach is to use neural networks to
find a discriminant function to classify patterns using distance measures
[106]. Some approaches have tried to find an optimal boundary between
face and non-face pictures using a constrained generative model [91].
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1.4. Face detection 15� Support Vector Machines. SVMs are linear classifiers that maximize
the margin between the decision hyperplane and the examples in the
training set. So, an optimal hyperplane should minimize the classifica-
tion error of the unseen test patterns. This classifier was first applied
to face detection by Osuna et al. [87].� Sparse Network of Winnows. SNoWs were first used for detection by
Yang et al. [118]. They defined a sparse network of two linear units or
target nodes, one representing face patterns and the other for the non-
face patterns. The SNoW had a incrementally learned feature space.
New labeled cases served as positive example for one target and as a
negative example for the remaining target. The system proved to be
effective at the time, and less time consuming.� Naive Bayes Classifiers. Schneiderman and Kanade described an object
recognition algorithm that modeled and estimated a Bayesian Classi-
fier [96]. They computed the probability of a face to be present in the
picture by counting the frequency of occurrence of a series of patterns
over the training images. They emphasized on patterns like the inten-
sity around the eyes. The classifier captured the joint statistics of local
appearance and position of the face as well as the statistics of local
appearance and position in the visual world. Overall, their algorithm
showed good results on frontal face detection. Bayes Classifiers have
also been used as a complementary part of other detection algorithms.� Hidden Markov Model. This statistical model has been used for face
detection. The challenge is to build a proper HMM, so that the output
probability can be trusted. The states of the model would be the facial
features, which are often defined as strips of pixels. The probabilistic
transition between states are usually the boundaries between these pixel
strips. As in the case of Bayesians, HMMs are commonly used along
with other methods to build detection algorithms.� Information-Theoretical Approach. Markov Random Fields (MRF) can
be used to model contextual constraints of a face pattern and correlated
features. The Markov process maximizes the discrimination between
classes (an image has a face or not) using the Kullback–Leibler diver-
gence. Therefore, this method can be applied in face detection.� Inductive Learning. This approach has been used to detect faces. Al-
gorithms like Quinlan’s C4.5 or Mitchell’s FIND-S have been used for
this purpose [32, 45].
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