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Abstract

Accurate localisation of faces and facial features within grey scale images is a chal-
lenging task due to the high variability, in both shape and texture, of the appearance
of the human face. This thesis investigates methods of combining shape modelling
techniques and texture based pattern recognition to reliably and accurately detect

facial features, such as the eye pupils, nostrils and mouth corners.

Individual feature detectors designed to find specific facial features, e.g. the right
mouth corner, are found to be unreliable. The lack of distinctive local image struc-
ture around many facial features results in many false matches. Local variation in
appearance due to expression, blinking or occlusion may mean the true feature is not

detected at all.

These problems are addressed in two ways. Firstly, a coarse-to-fine approach is
adopted to find the whole face and restrict the search region for individual features.
Secondly, shape information is used to select the most likely looking group of candi-
date features that form a plausible face shape. Three methods of combining shape
and feature detection are presented. All three methods are found to give superior

performance, compared to merely selecting the best match by each feature detector.

The best performing shape constrained feature detection method is compared with
the well known Active Appearance Model (AAM) approach. Shape constrained fea-
ture detection is found to outperform the basic AAM algorithm. However, a recent

variation of the AAM which is tuned to edge and corner features is found to give

18



similar results to shape constrained feature detection.

The most accurate feature detection performance is achieved using a hybrid approach.
This uses shape constrained feature detection to predict initial feature points. These
feature points are then refined using edge/corner AAM search. This method is found

to be comparable with the accuracy of human annotation.
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Chapter 1

Introduction

1.1 Facial Feature Detection

The task addressed by this thesis is that of automatically locating features on the
human face. For example given an unlabelled image as shown in Figure 1.1(a), the
computer is asked to mark the locations of seventeen features, as shown in Fig-

ure 1.1(b).

(a) Unlabelled Image (b) Manually Labelled Im-
age

Figure 1.1: Example labelled image with 17 landmark points

The image in Figure 1.1(b) was landmarked manually by a human operator. However,

24



CHAPTER 1. INTRODUCTION

manual landmarking is time consuming, tedious and error prone. The algorithms in

this thesis aim to automate this process.

1.2 Motivations

Some applications of automatic facial feature detection are as follows:-

e Animation - Computer generated facial expressions can be animated by tracking
features on the human face and then replacing the facial texture with a cartoon
like face. Therefore automatic landmarks would be useful in the computer game

and film industries.

e Expression Recognition - The location of key feature points on the face could
be used to aid the recognition of human facial expressions. e.g. The corners of

the mouth when attempting to recognise a smile.

e Face Recognition - Algorithms that identify human beings from photographs

require accurate registration to compare two given faces.

e Face Processing - Any process applied to an image containing a face requires

the accurate localisation of the face before further processing takes place.

1.3 Challenges

The challenges which make facial feature detection a difficult task are common to
many computer vision problems, especially general object recognition. Some face

specific problems are as follows:-

e Identity variation - Human faces vary greatly between individuals

25



CHAPTER 1. INTRODUCTION

e Expression variation - One human face is capable of a great deal of variety, e.g.

when blinking or opening the mouth

e Head rotation - Both in plane and out of plane rotation of the head causes

major changes in visual appearance

e Lighting variation - The lighting of a face causes non-linear effects on the value

of image pixels
e Scale variation - The face can appear at a wide range of sizes
e Occlusion - Facial hair or glasses can cause the facial features to be obscured.

e False positives - Background regions of the image may resemble human faces

and may lead to false detections

e Speed Constraints - Face detection is usually followed by further processing,

e.g. face recognition, so should ideally be an efficient real-time algorithm.

Any one of the above problems may cause a face detector or facial feature finding
algorithm to fail. In general, the difficulty of face and feature detection depends

largely on the data set used and the extent to which these variations are controlled.

In this thesis, the feature finding methods are restricted to static grey scale images.
This makes the task more difficult because skin colour information cannot be used
to aid face detection [57] and there are no motion cues as when using video input

instead of single images.

1.4 Approach

In this thesis, the most effective approach to facial feature detection is found to be a

coarse-to-fine approach. This effectively splits the problem into two stages:-
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1. Locate the face using a face detector

2. Find facial features within the region indicated by the face detector

To solve stage 1, there are many face detection methods devised by previous authors
(see review in Chapter 2). Four methods are implemented and tested in this thesis
(see Chapter 3). The region supplied by best performing face detector is then taken

as the starting point for testing algorithms in stage 2.

To solve stage 2 and find features given a face region, a simple approach is to reuse
the face detector method, but train the detector on individual features, instead of
the whole face. For example, train a detector on a small image patch surrounding

the corner of the mouth. However, this method is found to give very poor results.

To improve the performance of local feature detection several algorithms are de-
scribed which apply shape constraints to the output of individual feature detectors.
It is found that shape constraints are fundamental to any robust method of feature
point prediction. For example Figure 1.2, shows the improvement when using shape

constraints compared to unconstrained feature detection.

(a) Unconstrained Feature Detection (b) Shape Constrained Feature De-
tection

Figure 1.2: Examples of individual feature detections (white crosses)
within the region predicted by a face detector (white box). Black crosses
are manually labelled ground truth feature locations.
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Figure 1.2(a) shows that unconstrained feature detection finds the correct feature in
some cases, but fails badly in others. For example in Figure 1.2(a), the right eye region
is located accurately. However on the same face, the left eye brow detectors fail and
match to the glasses. The left mouth corner detector fails even more spectacularly,

matching to the left nostril.

If feature detections are constrained to form a plausible face shape then these false
matches can be avoided. Figure 1.2(b) shows the feature points output by a shape
constrained search algorithm described in this thesis (see Section 6.3) using the same

set of feature detectors.

Another approach, that can be used to perform local search given an approximate
face region, is the well known Active Appearance Model (AAM) search algorithm,
which was developed at Manchester University by Edwards et al. [22]. The AAM is
compared with the shape constrained feature search methods in Chapter 7 of this
thesis. Hybrid searches which use shape constrained detection to initialise the AAM
are also evaluated and found to give superior results to any other method used in

isolation.

1.5 Structure of Thesis

The structure of the thesis is as follows.

Chapter 2 : Face and Feature Detection Background Previous work on face

detection and feature localisation is discussed.

Chapter 3 : Face Detection Methods Four approximately real-time face detec-
tion methods are described, implemented by the author and tested on three separate

data sets.

Chapter 4 : Boosted Cascade Detector Experiments The Boosted Cascade
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Detector is investigated in more detail.

Chapter 5 : Shape Modelling Shape modelling techniques are discussed, as shape

is a useful constraint, when using noisy local feature detectors.

Chapter 6 : Shape Constrained Feature Detection Three types of feature

detector and three different types of shape constraint are described and tested.

Chapter 7 : Active Appearance Models The well known Active Appearance
Model (AAM) algorithm is described and combined with the shape constrained meth-
ods described in Chapter 6.

Chapter 8 : Conclusions Discussion of the research and suggestions for further

work.
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Chapter 2

Face and Facial Feature Detection

Background

This chapter reviews previous work on face and facial feature detection. Template
methods, which classify all subwindows of the image as face/non-face regions are
discussed in Section 2.2 and extensions to multi-view face detection described in
Section 2.3. Feature based approaches to face detection are considered in Section 2.4.
Feature localisation, which aims to find features given the approximate location of
the whole face, is discussed in Section 2.5. Finally iterative search algorithms are

considered in Section 2.6.

2.1 Scope of Literature Review

This review of face and feature detection methods is restricted to static grey scale
images, as these are the conditions under which our system is required to operate.
Therefore methods that require a known static background, use motion cues or colour
information are not considered. Static grey-scale methods are compared using the

following criteria:-
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1. Face detection performance (detection rate versus number of false positives)
2. Accuracy and reliability of feature localisation
3. Speed of detection

4. Ability to cope with rotated faces (in plane4out of plane)

The lack of a common test set often makes different methods difficult to compare.
Even when a common test set is used detection systems can be biased differently
between finding all true faces and avoiding false detections. Face detection meth-
ods are sometimes designed to perform slightly different tasks. e.g. Some methods
detect rotated faces, while others are restricted to upright faces. Feature localisa-
tion algorithms are even harder to compare, as researchers rarely use the same data
sets and do not always search for the same features. However, some data sets are
publicly available for example the BIOID data set*, which is used throughout this
thesis. In this review, direct comparisons are made where possible and the advan-

tages/disadvantages of different approaches are discussed.

2.2 Template Based Methods

In this approach a template model of the whole face is built and used to search the im-
age. Face detection is therefore simplified to a 2D pattern recognition problem. This
whole face approach is sometimes called “holistic” modelling, see the face detection

survey by [42].

Typically a template face model is scanned across a target image, at multiple scales
(using an image pyramid [1] ) and asked to classify each subregion as face or non-
face. Therefore face detection is reduced to a binary pattern classification problem.

It is however a highly skewed classification task, because when searching an image

*http://www.humanscan.de/support/downloads/facedb.php
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very few image subregions actually contain a human face. Several researchers have
attempted to solve this pattern recognition problem by modelling the distribution of
human faces [89][62][63] or more commonly by applying well known machine learning

techniques to discriminate between face/non-face distributions [88][74][65].

One of the earliest face modelling techniques is the “eigenfaces” method developed
by Turk and Pentland [89]. This approach models face texture by projecting pixel
values from a subwindow containing the face into a linear subspace using Principal
Components Analysis (PCA) [44]. The eigenvectors of this space (the “eigenfaces”)
represent the main modes of variation learnt from the training set. Two face images
can then be compared by projecting into the subspace and recording the “distance

in feature space”, which is a Mahalanobis type metric.

The eigenface model can also be used to discriminate between face/non-face image
regions, by projecting the region into the subspace and computing the “distance from
feature space” measure [89]. This measure computes the residual texture variation
of the subwindow, which the face model is unable to model. Therefore subwindows
which resemble the training set of face images, will be accepted and non-face like

image regions will be rejected.

The eigenface method is primarily used for face recognition rather than face detection.
Therefore the primary focus has been face recognition, for which eigenfaces have
proved successful [62][63]. In the Sept 1996 FERET face recognition competition [67]
the combined face detection/recognition system due to Moghaddam and Pentland [62]
achieved a success rate of 95% when applied to a database consisting of 7,562 images
of 3,000 people. However in these images the face detection task is reasonably easy
(i.e. controlled conditions with uniform backgrounds). There are no detection results

reported for later more challenging data sets (see Tables 2.1 and 2.2).

A template method that utilises neural networks to solve the face/non-face classi-
fication problem is due to Sung and Poggio [88]. They model the distribution of

faces using 6 prototype distributions and also the nearby non-faces using another
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6 prototype distributions. The distance of a candidate region from each of these 12
distributions is used to provide a 12 element feature vector. A neural network applied

to this feature vector classifies the region as face/non-face.

The face distributions are learnt by applying a modified k-means clustering algorithm
to a set of 1067 face patterns (19*19 pixels). Each face pattern is preprocessed by
fitting a linear function to the window to correct for lighting variation and further
normalised by histogram equalisation [85]. The non-face distributions are learnt by
applying clustering to a set of non-face images, which have been normalised using the
same preprocessing steps. An eigenspace model is built for each of the 12 clusters.
For each training example (face + non-face), a 24 (2*12) element feature vector is
computed by calculating the Mahalanobis distance and Euclidean distance from the
centre of each cluster. A Multi-Layer Perceptron (MLP) is trained to distinguish

faces and non-faces based on this 24 element vector.

A large number of face images are collected to form the faces example set (1067
images). However, the space of non-faces is much larger and impossible to represent
with a large set of random images. Therefore Sung and Poggio employ a boot-
strapping method, originally described in [87], to incrementally add false positives
from previous detectors to the non-faces data set (see Algorithm 2.1). When the
number of false matches is sufficiently low the boot-strap (Algorithm 2.1) terminates
and the final version of the detector is retained. This boot-strap method has since

been utilised by other researchers [73] [74] [80].

Algorithm 2.1 Boot-strap Training [87]

1. Start with a set of face images and a small set of non-face images.
2. Train the detector with the face images and current set of non-face images.

3. Apply the detector to a set of images not containing any faces and collect all false
matches.

4. Select a subset of the false matches and add them to the training set. Go to step 2.
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To test their face detector Sung and Poggio collected a set of images containing
human faces and background clutter, from various sources e.g. scanned photographs
from newspapers and images from the web. This test set contains 136 faces amongst
23 images and has since been used by various researchers to compare face detection
algorithms (see Table 2.1) and is known as the MIT data set!. The Sung-Poggio
detector is able to find 79.9% of the faces with 5 false positives on the MIT images,
see Table 2.1.

Number of False Detections

Method 0 3 5 8 13 20 42

Sung-Poggio [88] - - 79.9% - - - -
Rowley [74] TIs% | - T sas% | - ~ [ 903%

Viola-Jones [92] - - 77.8% - - - -

Osuna [65] - - - - - 74.2% -

Schneidermann [80] - - 79.7% - 84.6% - -

Roth [73] T ai% | - - - - -

Table 2.1: Comparison of detection rate versus number of false detec-
tions for various algorithms applied to the MIT data set (subset B of the
CMU data set).

Osuna et al. [65] use a similar scheme to that of Sung and Poggio. They subsample
19*19 pixel regions of the face, apply lighting correction and histogram normalisation.
However, Osuna et al. train a support vector machine (SVM ) to discriminate between
face /non-face regions instead of a neural network. The SVM [90] learns a decision
boundary that can be used directly to classify a 19*%19 region. Osuna et al. also use
the bootstrapping technique of (Algorithm 2.1) to create a representative non-face
training set by building the face detector multiple times and collecting false positives

from a set of images not containing faces.

The final detector is applied to the MIT data set. The SVM method produces
a detection rate of 74.2% and 20 false detections, so is comparable to the results
obtained by Sung and Poggio (see Table 2.1). The authors state that the SVM

classifier is 30 times faster than that of Sung and Poggio, due to the small number

fThe MIT test set was later combined with data from Carnegie Mellon University and now forms
subset B of the CMU data set described in Section 3.6.3 of this thesis.
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of support vectors that need to be evaluated for each image region. However, the
method is still slowed down by the requirement to perform lighting correction and

histogram normalisation to every subwindow of the image that is examined.

Rowley et al. [74] trained a neural network directly on the image pixels, to partition
the image subwindows into face/non-face regions. This method models the face as
a 20%20 pixel template. Again each extracted subwindow is pre-processed using
lighting correction and histogram equalisation. A Multi-Layer Perceptron (MLP) is
then applied to the normalised subwindow to classify the region as a face or non-face.

The system is summarised in Figure 2.1.

Input irege pymnid  Extrmcted window  Comected lighting  Histogrem equalized Receptive ficlds

{20 by 20 pizek) Hidden unitz
HIES - Azrzes
A |- A
=l g — etwork o Cutput
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- [ —'- ﬂ[j[:][j_,_ogag—:-o
‘. 20 by 0 [:] g[’:] gcg
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&
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Prprocessing MNeuml retwork

Figure 2.1: System diagram for the Rowley Detector, reproduced with
permission from [74]

Several face detectors are built by Rowley et al. using different MLP structures.
The method is then refined by combining the results of the separate face detectors.
Simple voting or AND/OR logic operators are used to improve performance. On the
MIT data set, the Rowley-Baluja-Kanade detector achieves 74.8% /0 false positives or
84.5% /8 false positives (see Table 2.1), so has similar performance to the Sung-Poggio
detector. Rowley later expanded the original MIT data set (136 faces/23 images) to
form the CMU data set (507 faces/130 images). Both the MIT data set and CMU

set have since been widely used by researchers to compare face detection algorithms.
On the CMU data set the Rowley Detector is able to detect 89.2% of the faces with 95
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false positives over the whole test set [75]. The detection rates for different numbers
of false positives