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 I

Abstract 

 

Automatic face recognition has been an active research field during the last few 

decades. Existing face recognition systems have demonstrated acceptable recognition 

performance under controlled conditions. However, practical and robust face 

recognition which is tolerant to various interferential variations remains a difficult and 

unsolved problem in the research community. 

In the first part of this thesis, we propose to use the concept of sparse point 

representation to address four important challenges in face recognition: wider-range 

tolerance to pose variation, face misalignment, facial landmark localisation and head 

pose estimation. The sparse point representation can be classified into two different 

categories. In the first category, equal numbers of feature points are predefined on 

different individuals. Each feature point refers to a specific physical location on a face 

while all the feature points have explicit correspondence across different individuals. 

In the second category, a set of feature points are detected at different locations with 

discriminative information content on a face image. Both the number and the 

positions of the feature points are varied from person to person such that diverse facial 

characteristics of different individuals can be represented. Based on the first category 

of sparse point representation, we propose a new Constrained Profile Model (CPM) to 

form an efficient facial landmark localisation framework. We also propose a novel 

Elastic Energy Model (EEM) to automatically conduct head pose estimation. Based 



 II 

on the second category of sparse point representation, we propose a new Textural 

Hausdorff Distance (THD), which has demonstrated a considerably wider range of 

tolerance against both in-depth head rotation and face misalignment. 

In the second part of this thesis, we focus on recently proposed micropattern 

based approaches which have proven to outperform classical face recognition 

methods and provided a new way of investigation into face analysis. We first apply a 

new Multidirectional Binary Pattern (MBP) representation upon sparse points to 

establish point correspondences for face recognition. We further propose an enhanced 

Sobel-LBP operator for face representation, which has demonstrated better 

performance than the original Local Binary Pattern (LBP). We finally present a novel 

high-order Local Derivative Pattern (LDP) for face recognition, which can capture 

more detailed and discriminative information than the first-order local pattern used in 

LBP. It should be noted that the concept of LDP for face recognition was pioneered 

by Dr. Baochang Zhang, but we have significantly extended and elaborated this 

concept. We have extended the concept of LDP from its original usage on Gabor 

phase features only to much more generalised definition on gray-level images. We 

have rewritten and enlarged the original draft of his manuscript. Some of the 

experiments were also implemented and reported by us. 

In the third part of this thesis, we pay attention to the representation of 

"Average Face", which was newly published on Science and claimed to be capable of 

dramatically improving performance of face recognition systems. To reveal its 

working mechanism, we conduct a comparative study to observe its effectiveness on 

holistic and local face recognition approaches. Our experimental results reveal that the 

process of face averaging does not necessarily improve all the face recognition 

systems. Its usefulness is dependent on the specific methods employed in practice. 
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Chapter 1      

Introduction 

During the past three decades, extensive research has been conducted on 

automatically recognising the identity of individuals from their facial images. In spite 

of the existence of alternative technologies such as fingerprint and iris recognition, 

human face remains one of the most popular cues for identity recognition in 

biometrics. Face recognition possesses the non-intrusive nature and are often effective 

without the participant's cooperation or knowledge. It makes a good compromise 

between performance reliability and social acceptance and well balances security and 

privacy. Other biometric methods do not possess these advantages. For instance, 

fingerprint recognition methods require the subjects to cooperate in making explicit 

physical contact with the sensor surface [113]. Similarly, iris recognition methods 

require the subjects to cooperate in placing their eyes carefully relative to the camera 

[3]. Nowadays, automatic face recognition has become one of the most active 

research topics in computer vision and pattern recognition, and received much 

attention from both scientific and engineering communities. 

The immediate motivation for this growing interest stems from various 

commercial applications relating to security and surveillance, such as bankcard 

identification, access control, airport monitoring and law enforcement. The 
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availability of public large-scale datasets of face images (e.g. [1, 10, 117, 125, 143, 

148, 173]) and evaluation protocols (e.g. [10, 16, 54, 125, 143, 146]) for assessing the 

performance of different techniques further advances the development of face 

recognition algorithms. Possibly, understanding of our human selves also forms a 

motivating factor of face recognition [119]. In fact, researchers have investigated 

various issues related to face recognition by humans and machines. Many studies in 

psychophysics and neuroscience have direct relevance to engineers working on 

designing algorithms or systems for face recognition [212]. 

1.1    Context and Motivation 

The purpose of face recognition is to visually identify or verify one or more persons 

from input still or video images. This task is performed by matching the input images 

(also known as the probe) against the model images (also known as the gallery), 

which are the faces of known people in a database. A typical face recognition system 

contains four major steps: 1) face detection, in which the presence of one or more 

faces in an input image is detected and the rough positions of these faces are located; 

2) face localisation, in which the accurate positions and sizes of faces are decided; 3) 

feature extraction, in which discriminative features are extracted from each face 

region to represent identity information. A prior face normalisation procedure may be 

involved in this step; and 4) feature classification, in which discriminative features 

are fed into the classification algorithm for identification or verification (see Figure 

1-1). After more than 30 years of research, the state-of-the-art face recognition 

techniques have demonstrated a certain level of maturity on large databases in well-

controlled environments [101, 120, 122, 123, 124, 145, 146, 212]. Nevertheless, face 
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recognition in uncontrolled conditions is still challenging and far from adequate to 

deal with most general purpose tasks [101, 144, 145, 147, 212]. A wide range of 

variations are inevitable when face images are acquired in an uncontrolled and 

uncooperative scenario. These variations, such as pose variation, illumination 

variation and facial expression variation, can cause serious performance degradation, 

and thus form important challenges to be solved in the research community (Figure 

1-1). 

Although a fully automatic face recognition system has to perform all above 

four steps and counteract all interferential issues, it is appropriate to deal with each 

step and each issue separately [212]. As all techniques have both advantages and 

disadvantages, isolating the face recognition task into individual steps and individual 

issues makes it convenient to evaluate the performance of each component technique, 

and in turn advances the state of the art of face recognition as a whole. Moreover, 

component techniques used for individual steps are critical in many other different 

applications. For example, as a prerequisite step of feature extraction, face localisation 

is also required for head pose estimation, face tracking, etc. Based on this observation, 

extensive research efforts have been made to attack prominent challenges of facial 

expressions (e.g. [31, 36, 37, 94, 110, 115, 116, 162, 182, 203]), illumination changes 

(e.g. [6, 12, 19, 32, 33, 59, 68, 77, 84, 95, 96, 99, 109, 131, 135, 156, 165, 169, 170, 

192, 198, 200, 208]) and pose variations (e.g. [9, 17, 18, 23, 27, 40, 46, 47, 59, 60, 64, 

69, 70, 80, 89, 90, 114, 121, 142, 151, 157, 185, 188, 189, 196, 211]). In this thesis, 

we highlight and examine other four important challenges which received 

comparatively less attention in face recognition community: wider-range tolerance to 

pose variation, face misalignment, facial landmark localisation and head pose 

estimation. 
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Figure 1-1    Important challenges of a face recognition system. 

 

1.1.1    Wider-Range Tolerance to Pose Variation 

Pose variation has been identified as one of the prominent challenges in face 

recognition [212]. The classical way of tackling this problem is by constructing multi-

view representations. It is capable of covering large pose variations, but requires 

multiple sample images per person at different viewing angles. These images can be 

real views [18], or virtual views synthesised by incorporating prior knowledge from 
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example faces [17] or more complicated 3D face models [23]. However, there is 

another way of addressing this problem through increasing the pose tolerance range of 

face classifiers. Existing pose-tolerant face recognition systems (e.g. [46, 89]) perform 

well only within a narrow range of rotation angles (generally ±15°). Once the rotation 

angle becomes large, the system performance deteriorates abruptly. In fact, the 

importance of increasing pose tolerance ability of face classifiers has been 

underestimated. It not only makes a single-view face recogniser more reliable, but 

also can reduce the numbers of viewing angles in a multi-view face recogniser. Fewer 

numbers of viewing angles mean less laborious effort for collecting, storing and 

processing sample images. This can be illustrated in Figure 1-2 where two classifiers 

(Classifiers A and B) with different pose tolerance abilities are employed to cover the 

same range of pose variation (Poses 1 to 6). The performance of Classifier A using six 

viewing angles would be similar to that of Classifier B using only two viewing angles. 

However, assuming Classifiers A and B have same computational complexities, the 

storage space of using Classifier B is only one third of that of using Classifier A, 

while the execution speed of using Classifier B is three times as fast as that of using 

Classifier A. The advantages of using Classifier B over Classifier A are clearly 

resulted from the wider-range tolerance of Classifier B against pose variation. 
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Figure 1-2    Classifiers with different tolerance to pose variation. 

 

1.1.2    Face Misalignment 

Misalignment is an inevitable problem in face recognition. Although people have 

been developing automatic localisation systems, aligning faces with accuracy, 

consistency and robustness is still an open question. The performance of face 

recognition approaches is severely affected by the face alignment accuracy. For 

example, the rank-one recognition rate of Fisherface method dropped by 10% with 

only 1-pixel misalignment, and dropped by 50% with 2-pixel misalignment [164]. In 

spite of its importance, the misalignment problem receives less attention in the 

research community. When designing face recognition algorithms, researchers tend to 

pursue higher recognition rates using finely aligned faces, regardless of the tolerance 

ability against misalignment. One of the sporadic exceptions is Martínez's work [115], 

in which a probabilistic approach was employed to compensate for the localisation 
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errors. However, the performance of his approach is affected by the lighting changes 

[139]. Ahonen et al. [8] compared the recognition rates of Local Binary Pattern (LBP) 

method and Principal Component Analysis (PCA) method [183, 184] with the effect 

of misalignment. While LBP significantly outperformed PCA for various localisation 

errors, both LBP and PCA degraded steeply as the misalignment increased. Other 

researchers reported investigations of tackling the misalignment problem through 

intentionally perturbing the eye locations of the gallery images [164] or the probe 

images [128], which augment the number of the "virtual" images and considerably 

increase the computational efforts and the storage space. 

1.1.3    Facial Landmark Localisation 

Different from face detection where the presence of one or more faces is decided and 

only rough estimation of face position is marked (e.g., by a bounding box), facial 

landmark localisation makes an assumption that a face is present and operates in the 

face region to conduct a precise localisation of facial feature points (or landmarks). In 

face recognition literature, facial landmark localisation has received significantly less 

attention than face detection. Facial landmark localisation is generally used as an 

important step in several applications such as head pose estimation, face animation, 

and face tracking. It is a challenging problem because faces are non-rigid and have a 

high degree of variability in size, shape, colour, and texture. The accuracy of facial 

landmark localisation heavily influences identification and verification rates as 

demonstrated in [120, 124, 164]. Representative facial landmark localisation methods 

include Active Shape Model (ASM) [39, 91] and Elastic Bunch Graph Matching 

(EBGM) [89, 196]. 
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The ASM method is based on statistical models and employs an analysis 

through synthesis framework to localise facial landmarks. The advantage of ASM is 

that it allows for considerable variability but still specific to the class of objects or 

structure they intend to represent. In ASM, the derivative profile, or local texture 

along the normal of the shape boundary, is exploited to model the local feature of 

each landmark, and used to search each landmark position. Then the global shape 

models are applied to adjust the local search result based on the statistical shape 

model. Due to its ambiguous local-texture searching strategy, ASM performs most 

successfully only when the object or structure class is fairly consistent in shape and 

intensity appearance. 

The EBGM algorithm, on the other hand, is a graph matching approach. In 

EBGM, face geometry is represented by an object-adapted topology graph, where 

each node refers to a predefined landmark. Local features are modelled by a set of 

Gabor coefficients and labelled on each node. Through iterative distortions of the 

graph, EBGM can tolerate a certain degree of pose and expression variations. 

However, its time-consuming wavelet convolution and landmark searching on the 

whole face image prevents its use in many real-time applications. 

1.1.4    Head Pose Estimation 

Head pose variation still remains a major problem in automatic face recognition. It 

has been observed that face recognition systems are very sensitive to even slight head 

rotations [212]. This gives rise to the requirement for a robust and automatic system to 

obtain accurate head poses. Head pose estimation is also an important step in 

automatic face reconstruction techniques especially when the input face image 

involves significant head rotations. The pose estimation is generally a difficult 
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problem due to changes in illumination. Differences in individual identity, facial 

expression and occlusion further contribute to this complexity. All these factors 

increase the significance for developing a system that can perform head pose 

estimation to a good degree of approximation, in a manner that is automatic, robust, 

and independent of identity. An extensive review of existing methods for head pose 

estimation has been presented in Section 2.2 of Chapter 2. 

1.2    Research Areas 

The main objective of this thesis is to address the following research challenges in 2D 

face recognition: 

1) To propose a face recognition approach that has a wider-range 

tolerance to pose variation while maintaining a satisfactory 

recognition performance; 

2) To propose a face recognition approach that has a wider-range 

tolerance to face misalignment while maintaining a satisfactory 

recognition performance; 

3) To propose an approach that can perform automatic and efficient 

facial landmark localisation; and 

4) To propose an approach that can perform robust and automated head 

pose estimation. 

In the first part of this thesis, we propose to use the concept of sparse point 

representation to address the aforementioned challenges in face recognition. In the 

second and third parts of this thesis, we focus on two recently proposed micropattern 
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representation and average face representation, respectively. An extensive and 

systematic investigation and analysis on these representations has been conducted. 

1.2.1    Sparse Point Representation 

The concept of sparse point has been studied in the literature (e.g. [39, 57, 196]). Its 

general idea is to first locate sparse facial feature points, and then classify the faces by 

comparing and combining the corresponding statistics from the sparse positions. The 

sparse point representation has the advantages of illumination and expression 

invariance, which can be achieved by extracting illumination and expression 

insensitive features from sparse points, such as micropattern features and Gabor 

features. Most existing sparse point representations only employ equal numbers of 

predefined feature points on a face image. Each feature point refers to a specific 

physical location on a face while all the feature points have explicit correspondence 

across different individuals. However, there is another type of sparse point 

representation, i.e., varied numbers of feature points at various locations. This type of 

sparse points can be detected at positions with discriminative information content on a 

face image. In addition to the advantages from the first type, the second type of sparse 

point representation also contains diverse facial characteristics of different individuals, 

because discriminative features can be represented at identity-oriented positions. The 

discriminative features can be prominent irregularities in facial skin (such as moles). 

This is different from conventional face representations, which either disregard these 

valuable individual distinctions or treat them as noise. 

We have demonstrated in the first part of this thesis that on the one hand, 

equal numbers of sparse point representation can be used to address the facial 

landmark localisation and head pose estimation problems within our proposed 
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frameworks; on the other hand, varied numbers of sparse point representation without 

explicit point pairings can be used to address the wider-range tolerance to pose 

variation and face misalignment problems. 

1.2.2    Micropattern Representation 

In the second part of this thesis, our focus is moved from the sparse point 

representation to the micropattern representation. Different from the sparse point 

representation in which features are extracted only from the neighbourhood of sparse 

point locations, the micropattern representation accumulates statistical information 

from each pixel at the micro level. The representative micropattern representation 

method is the Local Binary Pattern (LBP) [8, 137], which was original derived from 

texture analysis community and later applied to face recognition. The LBP method 

has proven to outperform classical face recognition methods and provided a new way 

of investigation into face analysis. LBP encodes the micro-level features of edges, 

spots and other gradient information in an image. We have demonstrated in this part 

of the thesis, from a couple of different perspectives, how to extract more detailed and 

more discriminative micro-level information from face images for recognition. 

1.2.3    Average Face Representation 

In the third part of this thesis, we focus on a recently proposed concept, "Average 

Face" representation [74, 75], which is claimed to be capable of counteracting pose, 

illumination, expression and ageing variation simultaneously. The representation can 

even increase the recognition accuracy of a face recognition system from 54% to 

100% on an internet-based dataset. To reveal its working mechanism, we have 
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conducted a comparative study to observe its effectiveness on holistic and local face 

recognition approaches with pose variations. Some analysis and investigation on this 

representation has also been presented in this part of the thesis. 

1.3    Summary of Contributions 

In summary, this thesis made the following principal contributions: 

1) Constrained Profile Model (CPM). The CPM method is an automatic 

and efficient Gabor feature constrained algorithm which can be used 

for facial landmark localisation as well as face recognition. 

Experiments on the CAS-PEAL-R1 and FERET databases 

demonstrated that the facial landmark localisation performance of 

CPM is much better than that of Active Shape Model (ASM). The face 

recognition performance of CPM is comparable to that of the standard 

Elastic Bunch Graph Matching (EBGM) algorithm, while CPM's 

computation time per cycle of iteration is 90.9% less than that of 

EBGM. 

2) Elastic Energy Model (EEM). The EEM method, whose name is 

motivated from the theory of elastic spring in Hooke's Law, is a fully 

automatic algorithm for head pose estimation in 2D image context. It is 

based on accumulating a set of facial landmarks' energy contributions 

and is thus more reliable than the feature based pose estimation 

methods. 

3) Textural Hausdorff Distance (THD). The THD measurement, for the 

first time, specifically addresses two important but less concerned 
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issues in 2D face recognition: wider-range tolerance to pose variation 

and face misalignment. On the FERET database, it achieved a 

recognition rate of 86% with rotation angles of ±25°. On the AR 

database, it obtained 75% recognition accuracy with large scope of 

misalignment ( 10σ = ). To the best of our knowledge, these 

recognition accuracies are the best reported experimental results in 2D 

face recognition. 

4) Multidirectional Binary Pattern (MBP). The MBP method is a new 

micropattern representation to reflect binary patterns spanning multiple 

directions. In stead of histogramming all the pixels of an image, MBPs 

are extracted from sparse points to reduce the storage demand. A 

specially designed MBP measurement is proposed to evaluate binary 

patterns and establish point correspondence for face recognition. 

5) Sobel-LBP. The Sobel-LBP operator is an enhanced micropattern 

representation. Comparative experiments between LBP and Sobel-LBP 

on both gray-level images and Gabor real and imaginary features 

demonstrated that Sobel-LBP can extract more discriminative 

information from images. 

6) Local Derivative Pattern (LDP). The LDP descriptor is a local 

pattern presented in a general form which captures detailed relationship 

among local direction variances. Compared with LBP, LDP can extract 

high-order local derivative variations. Our experiments demonstrated 

that LDPs contain more detailed and discriminative information than 

the first-order local patterns used in LBP. 
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7) Evaluation of Average Face. A comparative investigation on the 

working mechanism of the "Average Face" is conducted. Experimental 

results show that the average face does not necessarily improve the 

performance of all face recognition approaches. Instead, its usefulness 

is dependent on the specific face recognition algorithms employed in 

practice. 

1.4    Thesis Organisation 

The remaining part of this thesis is organised as follows. In Chapter 2, representative 

face recognition approaches, head pose estimation approaches, face databases and 

evaluation approaches are reviewed as the research background of this study. 

The main body of this thesis is divided into three parts. The first part (Chapters 

3, 4 and 5) focuses on the sparse point representation. Derived from the representation, 

we propose several novel frameworks to cope with different challenges in face 

recognition. In Chapter 3, the Constrained Profile Model (CPM) method is proposed 

to address the automatic facial landmark localisation and efficient face recognition 

problems. In Chapter 4, the Elastic Energy Model (EEM) algorithm is proposed to 

deal with the robust and automated head pose estimation problem. In Chapter 5, the 

Textural Hausdorff Distance (THD) measurement is proposed to solve the wider-

range tolerance to pose variation and face misalignment problems. 

The second part (Chapters 6, 7 and 8) makes a deep analysis and investigation 

into the micropattern representation for face recognition. In Chapter 6, the 

Multidirectional Binary Pattern (MBP) method is proposed to apply enhanced 

micropattern features to sparse points. In Chapter 7, the Sobel-LBP method is 
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proposed to improve the performance of the micropattern based approaches. In 

Chapter 8, the high-order Local Derivative Pattern (LDP) is proposed to extract more 

detailed and discriminative features from face images for recognition. 

The third part (Chapter 9) pays attention to a recently proposed concept of 

"Average Face". A comparative evaluation of the average face on holistic and local 

face recognition approaches with pose variations is conducted to reveal the working 

mechanism of face averaging. 

Finally, Chapter 10 concludes the thesis with some discussions. 
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Chapter 2      

Literature Review 

Over the past 30 years, a large amount of research work has been proposed on various 

aspects of face recognition in the community. Many review papers have been 

presented to give a thorough survey of face recognition techniques at different times 

[5, 24, 28, 41, 83, 141, 158, 179, 212]. The earlier studies were mainly focusing on 

face recognition under controlled conditions. More recent studies on face recognition 

have focused on how to make face recognition systems fully automatic and more 

reliable in practical scenarios. In the first section of this chapter, we review some 

representative approaches to provide an overview of the most fundamental face 

recognition algorithms. As we have previously reviewed face recognition methods 

aiming to address the challenges of wider-range tolerance to pose variation, face 

misalignment and facial landmark localisation in Section 1.1 of Chapter 1, we give a 

critical survey of representative head pose estimation methods in the second section of 

this chapter. In the third section of this chapter, we present a brief introduction to 

some publicly available face databases used in this thesis. At the end of this chapter, 

we summarise our literature review with some discussions. 
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2.1    Survey of Representative Face Recognition 

Approaches 

Traditionally, existing face recognition techniques could be classified into holistic 

approaches, which regard the whole face region as a global entity, and local 

approaches, which extract and use local features' spatial relationship or statistical 

information for classification. However, this categorisation is very rough and a large 

portion of face recognition approaches could be classified into either of these two 

categories. For example, Eigenface [82, 183, 184]  is generally considered as a 

representative holistic face recognition method, but it can also be used locally (e.g. 

[61, 142]). Admittedly, it is very difficult to make a clear and universal categorisation 

of face recognition approaches due to the usage of a mixture of techniques in many 

systems. In this section, we classify representative face recognition techniques into the 

following categories: Eigenface related approaches, neural network approaches, 

geometrical feature based approaches, Gabor feature based approaches, and 

micropattern based approaches. Approaches that use mixed techniques from the above 

list are included in the category of hybrid approaches. 

2.1.1    Eigenface Related Approaches 

The Eigenface method [82, 183, 184] has been thoroughly investigated and widely 

considered as the baseline approach in face recognition. Kirby and Sirovich [82] first 

employed Principal Component Analysis (PCA) to efficiently represent face images. 

They argued that any face image could be approximately represented by a small set of 

weights and eigenpictures. Turk and Pentland [183, 184] defined the term "Eigenface" 
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for face detection and recognition. In Eigenface, each image is projected onto the 

eigenpictures by inner product operation and represented as a vector of weights. Face 

recognition can be performed via locating the image in the gallery whose weights are 

the closest to the weights of the probe image. Eigenface is simple, efficient and robust 

to noise, and thus is a practical method. However, it needs a high degree of alignment 

between the probe and gallery images. It is also sensitive to changes in pose, scale and 

lighting condition. When the probe faces are not of the same pose as the gallery faces, 

pose estimation and recovery are required. 

Pentland et al. [142] later extended the Eigenface method to eigenfeatures 

corresponding to face components, such as eyes, nose and mouth. They employed a 

modular eigenspace composed of the above eigenfeatures. This extension is less 

sensitive to appearance changes than the standard Eigenface method. 

In [129, 130], the simple Euclidean distance used in the Eigenface method was 

replaced by a probabilistic measure of similarity. The proposed similarity measure is 

based on a standard Bayesian analysis of image differences of intra-personal 

variations from the appearance of the same individual and extra-personal variations 

from the appearance of difference individuals. The high-dimensional probability 

density functions for each class are obtained from the training data. Performance 

improvement of this probabilistic matching over the standard Eigenface method was 

reported. 

Different from Eigenface which yields projection directions that maximise the 

total scatter across images of all faces, the Fisherface method [13, 14, 112, 118, 176] 

provides discrimination among the classes via Linear Discriminant Analysis (LDA). 

The purpose of LDA is to find a basis of vectors providing the best discrimination 

among the classes, i.e., maximising the between-class differences and minimising the 
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within-class differences. LDA is often considered to outperform PCA. However, the 

LDA method achieves better classification performances only when a wide training 

set is available [118], which will further bring forward the small sample size problem. 

The Independent Component Analysis (ICA) method [11, 49, 106] can be 

considered as a generalisation of the PCA method. PCA exploits the covariance 

matrix to extract low dimensional representation and uses only the first and second 

order statistics. ICA identifies the independent source components from their linear 

mixtures and accounts for higher-order statistics. Therefore, ICA provides a more 

powerful data representation than PCA and is a more discriminative classification tool 

for face recognition. 

2.1.2    Neural Network Approaches 

Different from the linear Eigenface method, the neural networks are nonlinear 

solutions largely used in many other pattern recognition problems, and readapted to 

deal with the face recognition task. The basic idea of neural networks is to consider a 

net with a neuron for each pixel in the image. The advantage of the neural classifiers 

over linear classifiers is that the former can reduce misclassifications among the 

neighbourhood classes. Lawrence et al. [92] proposed a hybrid neural network 

combing local image sampling, a Self-Organising Map (SOM) neural network, and a 

convolutional neural network. The SOM provides a quantisation of the image samples 

into a topological space in which inputs that are nearby in the original space are also 

nearby in the output space. Therefore, dimension reduction and invariance to minor 

changes in the image sample can be obtained. On the other hand, the convolutional 

network extracts larger features in a hierarchical set of layers and provides partial 

invariance to translation, rotation and scaling. 
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Generally, the way in constructing a neural network is heavily dependent on 

the intended application, and different contexts result in very different networks. Lin 

et al. [103] proposed a probabilistic decision-based neural network, which inherited 

the modular structure from the decision-based neural network [87]. It was applied to 

three different applications: face detector, eye localiser and face recogniser. These 

networks are flexible because of their hierarchical structure with nonlinear basis 

functions and a competitive credit assignment scheme. 

Er et al. [52] presented a Radial Basis Function (RBF) neural classifier, in 

which the most discriminative features were extracted by PCA and employed as the 

input of the RBF neural network. The RBF has a compact topology and efficient 

learning speed. The authors also addressed the problem of small training sets of high-

dimension. 

Neural network approaches have inherent limitations in that they encounter 

difficulties when the number of classes increases. Furthermore, they are not suitable 

for face recognition tasks with a single training sample per person, because multiple 

model images per person are required to train the neural network system to optimal 

parameter settings. 

2.1.3    Geometrical Feature Based Approaches 

Face recognition is possible even at a very coarse resolution as low as 8 × 6 pixels 

when the single facial features are hardly revealed in detail [178]. This implies that 

the overall geometrical configuration of the facial features is sufficient for recognition. 

The geometrical feature based approaches locate salient facial features such as eyes, 

eyebrows, nose and mouth from the face image using geometrical or statistical 

techniques. After that, feature vectors are created based on spatial relationship 



Chapter 2. Literature Review 

 22 

between the facial features. The spatial relationship could be in the form of distances 

between two or more feature points, areas of certain regions, or the values of the 

angles between three or more feature points. Based on this observation, Brunelli and 

Poggio [25] extracted 35 geometrical features automatically from the face image, such 

as nose width, mouth position and chin shape. Face recognition was then conducted 

with a Bayes classifier. A recognition rate of 90% was reported on a face database of 

47 people. 

Different from most geometrical feature based approaches where feature 

points are isolated and an extra mechanism is required to describe the neighbouring 

relationship, Gao and Qi [57] proposed a new geometrical feature descriptor, called 

Directional Corner Point (DCP), to directly integrate neighbouring relationship into 

the feature point representation. Specifically, a DCP is defined as a feature point 

accompanied with two parameters which represent additional structural information 

about the connectivity to the point's neighbours. The DCP representation is 

economical for storage and robust to illumination changes, which have been 

demonstrated in the experiments. 

Edge information is a useful geometrical feature for object recognition in that 

it is insensitive to illumination changes to some extent. Although the edge map has 

been widely used in various pattern recognition tasks, it receives less attention in face 

recognition area. Takács [177] first employed edge maps to measure the similarity of 

face images. His study indicated that the process of face recognition might start at a 

much earlier stage and edge images of faces could achieve similar accuracy as gray-

level images. This theory was further proved by the research work of Gao and Leung 

[55], in which a Line Edge Map (LEM) was proposed for face representation. The 

LEM method extracts lines from a face edge map as features and uses Line segment 
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Hausdorff Distance (LHD), a shape metric between two face LEMs, for measurement. 

The experimental results demonstrated that the LEM method is significantly better 

than the Eigenface method for identifying faces under varying lighting conditions. 

The LEM method is also less sensitive to pose variation than the Eigenface method 

but more sensitive to large facial expression changes. 

2.1.4    Gabor Feature Based Approaches 

One of the most popular classes of techniques used for face recognition is based on 

Gabor features. Similar to the receptive fields of simple cells in the primary visual 

cortex [42], Gabor wavelets provide the optimised resolution in both spatial and 

frequency domains, and offer desirable localisability and orientation selectivity [43, 

53, 81, 89, 97]. Gabor feature based approaches can achieve significant improvement 

over those using raw pixels, demonstrating the discrimination ability of Gabor 

features [167]. 

Gabor wavelets are biologically motivated convolution kernels in the shape of 

plane waves restricted by a Gaussian envelope function. A family of 2D Gabor kernel 

functions used for feature extraction can be expressed as 
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The index 8j μ ν= +  covers a discrete set of five different frequencies 0, , 4ν =  

and eight orientations 0, ,7μ = . The width of the Gaussian is controlled by the 



Chapter 2. Literature Review 

 24 

parameter 2σ π=  [196]. The shape of real and imaginary parts of one member of the 

2D Gabor kernel family is shown in Figure 2-1. The visualised real parts, imaginary 

parts, magnitudes and phases of the 40 Gabor kernel functions are illustrated in Figure 

2-2. 

 

 

Figure 2-1    The shape of a 2D Gabor wavelet. (a) Real part. (b) 

Imaginary part. 

 

   

(a)      (b) 
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Figure 2-2    Visualisation of 40 Gabor kernel functions. (a) Real parts. (b) 

Imaginary parts. (c) Magnitudes. (d) Phases. 

(c) 

(d) 
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Gabor wavelets can be used either holistically or analytically. The holistic 

Gabor features ( )jG z  of a gray-level image ( )I z  are defined as its convolution with 

40 Gabor kernels: 

( ) ( ) ( )j jG I ψ= ∗z z z .    (2.3) 

An example of Gabor real part, imaginary part, magnitude and phase features is 

illustrated in Figure 2-3. The analytic use of Gabor features often involves the concept 

of Gabor jet [89, 196]. A jet J is defined as the set { }jJ  of 40 convolution coefficients 

for kernels of different frequencies and orientations extracted from one image pixel 

( , )x y=z  in a given image ( )I z : 

( ) ( ) ( ) 2
j jJ I dψ′ ′ ′= −∫z z z z z .   (2.4) 

The set of jets referring to one feature point over a small number of model faces is 

called a bunch. 
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Figure 2-3    Visualisation of Gabor features extracted from an example 

image. (a) The input image; (b) Real part features. (c) Imaginary part 

features. (d) Magnitude features. (e) Phase features. 

(d) 

(e) 
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Holistic Gabor feature based approaches employ the whole image after Gabor 

transformation for feature representation. Liu and Wechsler [107] presented an 

Enhanced Fisher linear discriminant Model (EFM) to the Gabor feature vector for 

face recognition, and the so-called Gabor-Fisher Classifier (GFC) outperformed both 

PCA and LDA. Since the 40 Gabor filtered images are concatenated together to form 

a feature vector, the dimension is huge. This work is later extended to use 

Independent Component Analysis (ICA) [108] and Kernel Principal Component 

Analysis (KPCA) [104] to reduce the dimension of the extracted Gabor feature vector 

and enhance the discriminative power at the same time. Once the dimension of an 

extracted feature vector has been reduced and discrimination ability enhanced by a 

certain subspace analysis, nearest neighbour classifier and Euclidean distance measure 

could be applied for classification. 

Analytic Gabor feature based approaches originated with Dynamic Link 

Architecture (DLA) [89], which was later extended to Elastic Bunch Graph Matching 

(EBGM) [196]. The EBGM algorithm showed good identification accuracy in the 

FERET evaluation test [146], demonstrating the successful application of Gabor 

wavelets for face representation [167]. In EBGM, face geometry is represented by an 

object-adapted (elastic) topology graph, where each node refers to a predefined 

fiducial point (or landmark). Local features are modelled by a set of Gabor 

coefficients (known as a jet) and labelled on each node. The comparison of different 

individuals is conducted through a graph matching strategy. As matching with each 

model graph is inefficient for large galleries, Wiskott et al. [196] developed a stack-

like structure, called Face Bunch Graph (FBG), to avoid such a process. A bunch is a 

set of jets taken from the same node over a small number of model graphs. To build 

the representing graph for a test face image, a model graph is first placed at an initial 
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location and then is iteratively matched using Gabor jets to optimise its similarity with 

FBG, instead of with all the model graphs in the gallery. This matching process 

consists of two consecutive stages: 1) rigid matching: a model graph is scaled and 

shifted inside the test image while keeping its grid rigid, which aims to account for 

global transformations; 2) deformable matching: local distortions due to rotations in 

depth or expression variations are encoded by deforming individual nodes and 

evaluated by a graph similarity function within a topological constraint. To ensure 

accurate landmark localisation, the time-consuming Gabor convolution is conducted 

on all the nodes and iteratively repeated in both stages. Although attractive 

identification accuracy was reported, the expensive computational cost prevents the 

use of EBGM in many applications. 

Many efforts have been made to improve the accuracy and robustness of 

EBGM. Würtz [197] presented a system in which several practical procedures were 

integrated to increase the robustness of elastic graph matching against translations, 

deformations and changes in background. Tefas et al. [180] employed Support Vector 

Machine (SVM) to derive optimal coefficients that weigh the local similarity values at 

the nodes of an elastic graph according to their discriminatory power. Zafeiriou et al. 

[204] applied discriminant analysis techniques at multiple phases of elastic graph 

matching for face verification. Shin et al. [171] extended elastic graph matching to a 

generalised EGM (G-EGM) to obtain enhanced performance on globally misaligned 

faces. Although attractive identification accuracies were reported, the expensive 

computational cost makes EBGM not suitable to many real-time applications. 

However, the efficiency issue of EBGM received less attention in the research 

community. Considering that most computationally expensive work of EBGM comes 

from Gabor convolution, Jiao et al. [78] utilised E-M algorithm to model the Gabor 
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feature distribution for landmark localisation. The method achieved a performance 

better than Active Shape Model (ASM) [39], but inferior to EBGM. Choi et al. [35] 

presented a simplified version of Gabor wavelets (SGWs) and an efficient (but non-

EBGM) algorithm for face recognition. Since the SGW was generated through 

quantising its corresponding Gabor wavelet, there was a trade-off between 

computation time and approximation accuracy. 

It should be noted that applications of Gabor wavelets are not limited to face 

recognition. Gabor features have been widely used in many other pattern recognition 

tasks such as texture segmentation [73, 195], handwritten numeral recognition [65], 

palmprint identification [85, 206] and fingerprint recognition [93, 202]. 

2.1.5    Micropattern Based Approaches 

Recently, micropattern based approaches have proven to be quite successful for face 

recognition, providing a new way of investigation into face analysis. The most 

representative method is the Local Binary Pattern (LBP) [7, 8]. As a non-parametric 

local descriptor, LBP was originally designed for texture description [136, 137, 138, 

150], but later extended to face recognition and outperformed classical methods such 

as PCA, Bayesian and EBGM methods [8]. Two most important properties of the LBP 

operator in real-world applications are its computational efficiency and robustness 

against monotonic gray-level changes. The former property makes it possible to 

analyse images in challenging real-time settings. LBP has also been applied to facial 

expression analysis [210] and background modelling [66]. 

The basic principle of LBP is that a face can be seen as a composition of 

micropatterns generated by the concatenation of the circular binary gradients. The 

statistical distribution (histogram) of these illumination invariant micropatterns is used 
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as a discriminative feature for identification. The LBP operator is, by design, suitable 

for modelling repetitive texture patches, and is sensitive to random and quantisation 

noise in uniform image areas. Due to the fact that a holistic LBP histogramming 

retains only the frequencies of micropatterns and discards all information about their 

spatial layout, Ahonen et al. [8] employed a spatially enhanced histogram for face 

recognition, which is extracted from evenly divided subregions of a face, followed by 

a histogram concatenation. This arbitrary spatial partition is not in accordance with 

local facial morphology, and thus inevitably leads to loss of discriminative power. 

2.1.6    Hybrid Approaches 

Numerous face recognition algorithms of this category have been proposed in the 

literature. These approaches, making use of multiple techniques from different 

categories, are the most successful and practical methods up to now. 

Lanitis et al. [91] proposed a combined flexible model, i.e., flexible shape 

model and flexible appearance model, for automatic face recognition. The combined 

flexible model uses both shape and gray-level information to identify a face. The 

flexible shape model is a statistical model of face shapes, and trained on example face 

images using PCA. The flexible appearance model is a statistical model of shape-free 

gray-level appearance, and also constructed using PCA. Finally, the combined model 

iteratively deforms to fit to an input face image, and both types of information are 

employed for face identification. An identification rate of 92% was obtained on 10 

training images and 13 testing images. 

Motivated by the psychological finding that both global and local features are 

crucial for human face representation and recognition, Su et al. [175] combined both 

global and local discriminative features for computerised face recognition. The global 
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features are represented by Fourier transformation of the whole face image, while the 

local features are represented by Gabor wavelet transformation of partitioned image 

patches. A hierarchical ensemble of multiple classifiers is established by applying 

LDA on both global and local features. A verification rate of 86% was reported on the 

Face Recognition Grand Challenge (FRGC) database [143]. 

Chien and Liao [34] presented a hybrid framework of feature extraction and 

Maximum Confidence Hidden Markov Model (MC-HMM) for face recognition. In 

this framework, a transformation matrix is merged to extract discriminative facial 

features, and a closed-form solution to continuous-density HMM parameters is 

formulated. Using the expectation-maximisation algorithm, the hybrid MC-HMM 

parameters are estimated to ensure the convergence. The experimental results on the 

FERET database [146, 148] demonstrated that the hybrid framework obtains robust 

segmentation in the presence of facial expressions and orientations, and higher 

recognition performance compared with the maximum likelihood and minimum 

classification error HMMs. 

In [111], a hybrid Colour and Frequency Features (CFF) method for face 

recognition was proposed. The CFF method extracts the complementary frequency 

features in a hybrid colour space for improving face recognition performance. The 

complementary features are extracted from the real part, the imaginary part, and the 

magnitude of the component images in the frequency domain. The complementary 

features are then fused through concatenation at the feature level to derive similarity 

scores for classification. The complementary feature extraction and feature level 

fusion procedure applies to the component images as well. Experiments on the FRGC 

database show that the hybrid method significantly improves face recognition 

performance. 
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The LBP operator has been applied to both Gabor magnitude features [209] 

and Gabor phase features [205] and obtained better performance than the separate use 

of either LBP method or Gabor feature based methods. A more detailed survey of 

hybrid face recognition approaches can be referred to [212]. 

2.2    Survey of Head Pose Estimation Methods 

As discussed in the introduction, extensive research has been proposed in the 

literature to deal with the problems of facial expressions, illumination and pose 

variations. In this section, we review and critique representative head pose estimation 

approaches in the literature. Conventionally, these approaches can be broadly 

classified into feature based and appearance based methods. 

2.2.1    Feature Based Methods 

The feature based methods try to locate salient facial features such as the eyes, the 

nose and the mouth in the face image. The head pose is estimated based on the spatial 

arrangement of these features. 

Gee and Cipolla [58] selected a few relatively stable feature points, or anchor 

points, to estimate the gaze direction under weak perspective, with an assumption that 

the ratios of these points did not change significantly for different facial expressions. 

However, their anchor points were manually labelled. 

Krüger et al. [86] used the method of elastic bunch graphs to locate faces in 

images and determine head poses. They represented the face as a connected graph 

whose nodes consisted of Gabor jets. Different graph models were required for facial 
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images in different poses. The main drawback of this method is that it is 

computationally expensive. 

Gao et al. [56] presented an efficient pose recovery approach using locations 

of the two eyes and the symmetric axis of the face. However, their vital feature 

detectors are inherently sensitive to noise in data or minor aberrations. Furthermore, 

the apparent shape of the individual facial features undergoes changes across the view 

sphere. 

Chen et al. [29] proposed a colour-based pose estimation method, whose 

novelty is that the feature localisation is not needed. Instead, the colour of the skin and 

hair region was considered to do the segmentation. Subsequently the geometric 

properties of these areas were deployed to estimate the pose. This approach is robust 

but not quite accurate, and it is also sensitive to individual hair style, which usually 

varies in normal life. The authors later developed this approach into a combined 

algorithm with both colour and feature information [30]. 

Ji [76] employed an ellipse to approximate the shape of a face. The author first 

conducted an ellipse detection to locate the face region in an image, and then 

estimated the 3D head position and orientation using the face region. To facilitate this 

estimation, a near-infrared illuminator was used to detect the pupils. This method is 

more robust because ellipse can be more reliably and robustly detected in an image 

than facial feature points. 

In summary, the feature based pose estimation methods possess the advantages 

of simple implementation and high efficiency and accuracy if facial features can be 

detected accurately. However, fully automatic feature detection with accuracy and 

robustness is still an open question under arbitrary conditions. Besides, the shape and 
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feature positions may change under different facial expressions as human face is not 

completely rigid. 

2.2.2    Appearance Based Methods 

The appearance based methods consider the facial image as a global entity and make 

use of certain learning algorithms to develop a relationship between faces and poses. 

The basic assumption underlying these methods is that faces of different individuals 

in similar poses show a marked similarity, i.e., images of different individuals in 

similar poses are in closer resemblance with each other as compared to those of the 

same individual in different poses [168]. This assumption holds true generally only 

for significant changes in pose. 

Pentland et al. [142] introduced the earliest work on 2D head pose estimation, 

which was based on PCA. They defined this concept as view-based eigenspaces. They 

took a set of face images in different poses and constructed a view-based eigenspace 

for images in each pose. The pose of a probe was estimated by calculating its distance 

to each view-based eigenspace, and selecting the pose class with the least distance. 

Moghaddam and Pentland [130] later improved the performance of this view-based 

face detector by using calculating the likelihood value that a probe belonged to a 

certain pose class. And then the pose class with the maximum likelihood value would 

be selected. 

Murase and Nayar [133] performed object pose estimation and recognition 

simultaneously by creating a universal eigenspace, which was created from a set of 

images of various objects in different poses. This method was trivially extensible to 

human face poses. 
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Ben-Arie and Nandy [15] created a 3D Volumetric Frequency-domain 

Representation (VFR) of an object. The VFR of an object represented both its spatial 

structure and the continuum of the 2D Discrete Fourier Transform (DFT) of its views. 

Pose estimation was carried out by using a VFR model constructed from a person's 

3D scan. Gray-level images of the probe were enrolled into this VFR model by 

employing the Fourier Slice Theorem. 

Motwani and Ji [132] added a computation of a three-level discrete wavelet 

transform into the PCA step to determine face pose. The Eigenspaces were then 

computed to make the algorithm more robust to noise and illumination. 

Li et al. [100] proposed a kernel-based machine learning approach called 

Kernel Principal Component Analysis (KPCA) to obtain a non-linear mapping 

between faces and poses. The main disadvantage of this method is the computation of 

a pair-wise kernel distance matrix, whose size increases quadratically with the number 

of training images per view. Also, it requires the training images to be present in 

memory at the time of actual pose estimation. 

Srinivasan and Boyer [174] replaced the distance from feature space metric 

used in [142] by an energy function, which was basically equal to the norm of the 

vector of eigencoefficients of a probe projected onto a particular view-based 

eigenspace. This energy function was directly proportional to the similarity between 

the probe and the models of that pose class and could be used for the purpose of pose 

estimation. 

Wei et al. [194] also proposed a pose estimation method based on PCA. They 

first used orientation-specific Gabor filters to normalise the facial images for changes 

in illumination and then created view-based eigenspaces out of these filtered images. 

Both the distance from feature space and the distance in feature space were used as a 
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combined metric to determine pose. Their paper claimed a superior performance to 

ordinary view-based eigenspaces owing to the preprocessing step in which they 

achieved illumination invariance. 

Recently, the 3D Morphable Model (3DMM) [20, 21, 22, 23, 153, 154, 155] 

received great popularity. It makes use of a statistical 3D model to perform 

recognition from 2D images. A morphable face model is constructed by transforming 

the shape and texture of a set of 3D face models into a vector space representation. 

This transformation to an orthogonal coordinate system formed by eigenvectors is 

performed using PCA. The novel shape and texture of any face can then be expressed 

as a linear combination of the shape and texture eigenvectors. The shape and texture 

coefficients of the morphable model constitute a pose, scale and illumination-invariant 

low dimensional encoding of the identity of a face. This is because the shape and 

texture eigenvectors are derived from characteristics pertaining only to identity. Pose 

estimation can be performed using these coefficients. Although noticeable 

performance was obtained on the CMU Pose, Illumination, and Expression (PIE) 

database [172, 173], this method is time-consuming and also needs 3D head scans to 

set up the shape and texture model. 

In View-based Active Appearance Models [40], the relationship between the 

pose angle and the shape parameters of three distinct models was assumed to 

determine the pose. This assumption, however, is not quite convincing, for the shape 

parameters in this method are representations with both interface and intraface shape 

variations (see Figure 4-2). The interface variation refers to the between-class face 

shape variation due to change in person identify, while the intraface variation refers to 

the within-class face shape variation of a same person under various conditions (such 

as 3D orientation and small facial expression). 
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To separate these two different variations, Dias and Buxton [48] proposed an 

integrated model by combining Cootes et al.'s Active Shape Models [39] with Ullman 

and Basri's Linear Combination of Views (LCV) [185]. This method can represent the 

interface and intraface shape variations independently, but the LCV technique 

requires accurately locating at least three corresponding feature points in each of the 

2D images of different views. 

In summary, the appearance based pose estimation methods are theoretically 

simple but practically less accurate, since most of them require a large number of 

training face images of different individuals under different orientations, illuminations 

and scales. Moreover, the underlying assumption that a unique causal-effect 

relationship between certain properties of face image and the 3D face pose has not 

been validated. 

2.3    Representative Face Databases 

In order to compare the performance of various face recognition algorithms proposed 

in the literature, comprehensive, systematically annotated and publicly available face 

databases are required. A good database should be populated with face images 

captured under prominent variations, such as pose variation, illumination variation 

and expression variation. In this section, we give a brief survey of representative 2D 

face databases which have been employed to evaluate the proposed approaches in this 

thesis. The details of these face databases are listed in Table 2-1. 
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Table 2-1    Representative face databases 

 

 

The AR face database [117] contains over 4000 colour face images from 126 

subjects (70 men and 56 women). It covers frontal view faces under controlled 

condition, different facial expressions, different illumination conditions, and different 

occlusion conditions (sun glasses and scarf). There are 26 different images per subject, 

Database 
Number of 

persons 

Number of 

images 

Included 

variations 
Website 

AR 

126 

(70 male,  

56 female) 

> 4,000 

illumination, 

expression, 

ageing, 

occlusion 

http://rvl1.ecn.purdue.edu/ 

~aleix/aleix_face_DB.html

FERET 1,199 14,126 

pose, 

illumination, 

expression, 

ageing 

http://www.itl.nist.gov/ 

iad/humanid/feret/ 

CMU-PIE 68 41,368 

pose, 

illumination, 

expression 

http://www.ri.cmu.edu/ 

projects/project_418.html 

CAS-PEAL 

1,040 

(595 male, 

445 female) 

99,594 

pose, 

illumination, 

expression, 

accessory 

http://www.jdl.ac.cn/ 

peal/index.html 

FRGC 

(excluding 

3D scans) 

222 

(training) 

466 

(validation) 

12,776 

(training) 

32,056 

(validation)

illumination, 

expression, 

outdoor 

http://www.frvt.org/FRGC/
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recorded in two different sessions with a two-week time interval, and each session 

consists of 13 images. 

The FERET face database [146, 148] consists of a total of 14,126 gray-level 

face images representing 1,199 subjects. The frontal images of the database 

(sometimes called the standard FERET dataset) are divided into five subsets (FA, FB, 

FC, Dup I and Dup II), containing variations in facial expression, illumination, and 

ageing. The pose set of the database (sometimes called the FERET-200 dataset or 

FERET B-set) includes 1,800 face images of 200 subjects (each person has 9 images). 

The images were categorised and named with two-character strings as "ba", "bb", "bc", 

"bd", "be", "bf", "bg", "bh" and "bi". These strings indicate different pose angles of 

in-depth head rotation in the horizontal direction (ranging from +60° to -60°). The 

FERET database provides locations of two eyes of all the face images, which can be 

used for the initialisation of an algorithm to be tested. 

The Carnegie Mellon University (CMU) Pose, Illumination, and Expression 

(PIE) database [172, 173] was created between October and December 2000. It 

contains 41,368 colour face images of 68 subjects. Each subject was imaged across 13 

different poses, under 43 different illumination conditions, and with 4 different 

expressions. All the face images have the same size of 640 × 486 pixels, saved in 

colour "raw PPM" format. 

The CAS-PEAL face database [1, 54] was constructed by the Chinese 

Academy of Sciences (CAS) to provide large-scale face images with different 

variations from Pose, Expression, Accessories, and Lighting (PEAL). Currently, the 

CAS-PEAL face database has 99,594 images of 1,040 subjects (595 male and 445 

female). For each subject, nine cameras equally spaced on a horizontal semicircular 

shelf are utilised to simultaneously capture 9 face images across different pose angles 
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in one shot. Besides, each subject is asked to look up and down to capture 18 face 

images in another two shots. Five different expressions, six different accessories (3 

glasses and 3 caps), and 15 lighting directions are also considered in the database. A 

subset CAS-PEAL-R1, containing 30,900 images of 1040 subjects, has been made 

available to the public research communities. 

The Face Recognition Grand Challenge (FRGC) [143] database consists of 

50,000 recordings divided into training and validation partitions. The data corpus 

contains high resolution still images taken under controlled lighting conditions and 

with unstructured illumination, 3D scans, and contemporaneously collected still 

images. The database provides six experimental protocols with the training set. It 

enables researchers to work on sufficiently large problems and experimental results to 

be comparable between different approaches. The data for the FRGC experiments was 

divided into training and validation partitions. The data in the training partition was 

collected between 2002 and 2003. The training partition contains 12,776 still images 

from 222 subjects, with 6,388 controlled images and 6,388 uncontrolled images. 

Images in the validation partition were collected between 2003 and 2004. The 

validation partition contains images from 466 subjects. 

Apart from the aforementioned face databases, there are many other face 

databases such as the BANCA database [10], the XM2VTS database [125], etc. 

However, these databases are not used in this thesis, and therefore not included in 

Table 2-1. A more detailed and thorough review of existing face databases can be 

referred to [5]. In [163], a comparative evaluation of face databases as tools for 

assessing the performance of face recognition approaches was reported. 



Chapter 2. Literature Review 

 44 

2.4    Evaluation of Face Recognition 

Approaches 

As a large number of face recognition approaches have been proposed in the literature, 

systematic evaluations of these approaches become important. The emergence of 

publicly available large-scale face databases, as we have demonstrated in the previous 

section, further boosts the development of face recognition evaluations. Some of the 

face databases also come with corresponding evaluation protocols. Among them, the 

FERET evaluation protocol [146, 148] is one of the most important methodologies in 

North America, while the XM2VTS evaluation protocol [124, 125] is more attractive 

in Europe. Both attracted many academic and engineering organisations to participate, 

and revealed several major challenges for future research, such as recognising people 

under pose variation, illumination variation, and aging variation. 

In the FERET evaluation protocol, face recognition performance is measured 

using two basic characterisations: face identification measurement and face 

verification measurement. Identification and verification of a person's identity are two 

different tasks for face recognition systems. In the identification scenario, a system 

searches the gallery that contains identities of registered persons and identifies an 

unknown face in a probe image. In the verification scenario, a system confirms or 

rejects the claimed identity of an input face. 

The evaluation protocol consists of two procedures: 1) the execution procedure, 

in which an algorithm is executed on two test sets of images to produce primitive 

results of similarity scores; and 2) the scoring procedure, in which performance 

statistics are calculated from the primitive results. In the first execution procedure, an 

algorithm is given two sets of images: the target set and the query set. The target set 
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contains known facial images, and the query set contains unknown facial images to be 

identified. For each input image from the query set, the algorithm reports the 

similarity between the input image and each image in the target set. Therefore, for any 

two images from the target and query sets respectively, the similarity score will be 

calculated. This is the most important attribute of the evaluation protocol in that it 

allows for greater flexibility in scoring. It should be noted that the target and query 

sets are termed to distinguish the gallery and probe sets. The terms gallery and probe 

sets are used in the second scoring procedure to compute performance statistics for 

both identification and verification scenarios. From the primitive results of similarity 

scores, algorithm performance is computed for virtual galleries and probe sets. A 

virtual gallery can be a properly selected subset of the target set. Similarly, a virtual 

probe set can be a properly selected subset of the query set. For given gallery and 

probe sets, the performance statistics are computed by examination of the similarity 

scores of their element images. For a given probe image, the gallery images are sorted 

by the similarity scores. 

The face identification measurement is characterised by two performance 

statistics. One is the percentage of probes that are correctly identified by the algorithm, 

also known as the top-one identification rate. A more complete method of reporting 

identification performance is the Cumulative Match Score (CMS), the performance 

curve of face identification rate versus rank. 

The first face verification measurement is the probability of accepting a 

correct identity, usually called the verification rate. Alternatively, the verification rate 

can be replaced by the probability of incorrectly rejecting a correct identify, called 

False Rejection Rate (FRR). The second measurement is the probability of incorrectly 

verifying a claim, called the False Alarm Rate or False Acceptance Rate (FAR). 
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Practical systems generally can not minimise the FRR and the FAR simultaneously. 

The value where the FRR equals the FAR is called the Equal Error Rate (EER), which 

is a commonly used indicator to assess the overall discriminative power of a system. 

A more general method of reporting verification performance is the Receiver 

Operating Characteristic (ROC) curve, which plots the FRR versus the FAR. 

In summary, the existing evaluation protocols of face recognition approaches 

are generally operated statistically with measurable distributions of success and 

failure in experiments. The distributions depend significantly on specific systems, and 

can only be obtained from experiments. There is no methodology which can predict 

reasonably the distribution of another system based on the distribution of one system. 

2.5    Summary 

The performance of the state of the art in face recognition technology has been 

assessed by the FERET evaluation test [146, 148], the Face Recognition Vendor Test 

(FRVT) 2002 [145], the Face Recognition Grand Challenge (FRGC) [143, 144], and 

the FRVT 2006 [147]. Despite the plethora of face recognition techniques in the 

literature, face recognition remains a difficult unsolved problem in general. Even 

though each of the above approaches works well for one specific variation being 

studied, its performance degrades rapidly when other variations are also present. From 

the above survey of existing approaches aiming to address different challenges, we 

can conjecture that there might not exist any single technique which can 

simultaneously address all the challenges in real-world face recognition applications. 

Instead, cooperation or integration of multiple techniques would be a more reasonable 

direction towards that goal. 
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Chapter 3      

Constrained Profile Model for Efficient 

Landmark Localisation and Face 

Recognition 

In this chapter, we present a new Constrained Profile Model (CPM) to reduce the 

computation time of face landmark localisation and recognition. The landmarks are 

separated into several groups according to the distribution of salient facial features. 

Two control points are selected from each group to constrain other non-control points 

in the same group, preventing them from sticking into local minima during 

optimisation. In CPM, each control point is modelled by a Gabor bunch, while all the 

non-control points are modelled by Normalised Derivative Profile (NDP) [38]. 

Employing both CPM and Flexible Shape Model (FSM) [91], we form an efficient 

localisation framework (see Figure 3-1), in which landmarks can be localised 

iteratively via two major steps, searching and adjusting. Based on a rough face 

detection result, the mean shape model of FSM is placed in a test image as the initial 

state. In the first searching step, a new suggested movement for each landmark is 

computed. Gabor jets are utilised to find the movements of control points, while the 
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movements of non-control points are calculated by an efficient searching method 

based on NDP along the normal of the shape boundary [38]. Because NDP is a 

unidirectional texture model and has less accurate localisation characteristics than 

Gabor jets, an extra procedure, called Gabor feature constrained local alignment, is 

conducted to refine the positions of non-control points in each group. In the second 

adjusting step, the pose parameters (i.e., scaling, rotation and translation) and shape 

parameters of FSM are adjusted in order to move each landmark as close as possible 

to the new suggested position. With the new parameters this process is repeated until 

the shape difference from two consecutive cycles of iteration is less than a predefined 

threshold. Different from EBGM, Gabor convolution in the proposed method applies 

only to a few control points, not to non-control points. Therefore the computational 

cost is significantly reduced. 

Finally, face recognition is conducted using Gabor jets of control points as 

these jets have been calculated previously in the localisation process. Gabor features 

from other landmarks, such as non-control points and interpolated locations, may be 

introduced into recognition to yield a higher recognition rate with extra computation. 

However, our experiments revealed that without further using more landmarks, the 

proposed method is capable of obtaining comparable recognition accuracy to the 

standard EBGM algorithm with considerably less computation time. 
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Figure 3-1    Framework of the proposed landmark localisation method. 

 

The rest of this chapter is organised as follows. Section 3.1 presents a detailed 

description of the process of landmark localisation covering Flexible Shape Model, 

Constrained Profile Model, CPM searching and FSM adjusting. Section 3.2 describes 

the face representation and recognition. Section 3.3 reports our comparative 

experimental results on landmark localisation and face recognition. The last section 

concludes this chapter. 

3.1    Landmark Localisation 

The proposed framework incorporates both Flexible Shape Model (FSM) and 

Constrained Profile Model (CPM) for landmark localisation. In this section, we first 

give a brief introduction of FSM, and then present the algorithm of building CPM. 

The two major steps in landmark localisation, CPM searching and FSM adjusting, are 

described at last. 

Initialisation Searching Adjusting 
Converging?

Yes Recognition 

No 

CPM FSM 

Landmark Localisation 
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3.1.1    Flexible Shape Model 

Flexible Shape Model (FSM) [91] is generated by a statistical analysis of the positions 

of the feature points from the training set to represent face shape variation due to 

differences between individuals as well as changes from environmental conditions. It 

ensures that the instances of the shape model can only deform in ways found in a 

training set. 

Mathematically, given a set of training images, the labelled N landmarks in 

each face image can be represented as a vector 

[ ]1 1 2 2, , , , , , T
N Nx y x y x y=x .    (3.1) 

These shape vectors are first aligned using an iterative modified Procrustes algorithm 

[63]. Principal Component Analysis (PCA) [79] is then applied to get a set of 

orthogonal bases P to capture the statistics of the aligned landmarks. Each aligned 

shape can be approximated as 

≈ +x x Pb ,     (3.2) 

where b is the vector of eigenvalues, representing the shape parameters of each object. 

By modifying the values in b, new instances of the shape model can be manipulated. 

When the elements of b are kept within certain limits (typically three times of the 

standard deviation), the new shape instance remains similar to those of the training set 

[39]. The shape parameters b can be retrieved from a given aligned shape x via 

( )T≈ −b P x x .    (3.3) 

3.1.2    Constrained Profile Model 
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As we employ an iterative process to obtain the optimised landmark locations, a 

suggested movement for each landmark has to be calculated based on the current 

shape estimate in each cycle of iteration. To find a suggested movement for each 

landmark, a proper local appearance modelling is required. Cootes et al. [38] 

proposed a Normalised Derivative Profile (NDP) to model local gray-level 

information around each landmark in the training set of images, and suggested 

movements could be made along the normal of the shape boundary. NDP modelling is 

considerably fast. However, subsequent research [193] demonstrated that when the 

object class is inconsistent in shape and intensity appearance, this modelling method 

does not perform well due to its ambiguous local-texture model and unidirectional 

searching strategy. Based on the observation that Gabor features are robust against 

illumination change, distortion and scaling [81], Wiskott et al. [196] proposed a stack-

like Face Bunch Graph (FBG) to perform the coarse-to-fine Elastic Bunch Graph 

Matching (EBGM) and obtained noticeable localisation accuracy. Each node of FBG 

is attached with a Gabor bunch to cover the local appearance variations. The 

representing graph is iteratively extracted from a test face image until a maximum 

similarity with FBG is reached. Although EBGM exhibits robustness against 

expression, illumination and pose variations, it involves considerable computational 

cost, as the optimised image graph is obtained through iteratively computing Gabor 

jets of all the nodes and distorting FBG in various sizes and positions over the entire 

image area. 

3.1.2.1    Face Landmark Grouping 

The proposed CPM is also a local appearance model obtained from the 

neighbourhood of each landmark. It is represented by Gabor bunches on the control 
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points and statistical descriptions of NDP on the non-control points. Specifically, the 

landmarks are classified into several groups based on the distribution of salient 

features in a face area. Two control points are selected from each group for Gabor 

feature extraction. Because Gabor features are robust against local distortions, control 

points are able to constrain other non-control points in the same group, preventing 

them from sticking into local minima during optimisation. Figure 3-2 illustrates 

examples of face landmark grouping on two faces. Each face has seven groups of 

landmarks corresponding to two eyebrow regions, two eye regions, one nose region, 

one mouth region and one contour region. Landmarks in different groups are marked 

with different colours, while control points in all groups are identified by red colour.* 

Note that only one control point in the nose region is selected (Figure 3-2) as the mid 

point of the two inner eye corners (the 45th  and 49th  control points in Figure 3-5(a)) 

is calculated and used as the other control point. 

 

 

Figure 3-2    Face landmark grouping. 

 

                                                 
* For interpretation of colour in Figure 3-2, the reader is referred to Fig. 2 of the web version of the 
article: Zhao et al., "Gabor feature constrained statistical model for efficient landmark localization and 
face recognition," Pattern Recognition Letters, 2009. http://dx.doi.org/10.1016/j.patrec.2009.03.007 
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3.1.2.2    Gabor Feature Extraction 

Gabor wavelets are biologically motivated convolution kernels in the shape of plane 

waves restricted by a Gaussian envelope function. The 2D Gabor kernel functions 

used for feature extraction have been previously described in Subsection 2.1.4 of 

Chapter 2. 

3.1.2.3    Building CPM 

Different from EBGM where all the landmarks are modelled by Gabor features, the 

proposed CPM extracts Gabor features from control points only. Because the number 

of the control points is very small (13 in our experiments), the overall computational 

effort is significantly reduced. For the non-control points, the efficient NDP modelling 

is utilised. Eventually, each control point is modelled by a Gabor bunch to represent a 

range of possible variations in the local appearance of facial features; and each non-

control point is modelled by a mean and a covariance matrix of NDP over all the 

training images. Table 3-1 demonstrates the detailed process of building CPM. Note 

that when extracting a Gabor bunch from each control point, we only store the Gabor 

jet that has large difference from the current bunch, i.e. its magnitude similarity with 

all the existing jets in the current bunch is less than a predefined threshold 

( ( , ) max{ ( , )}ik jk bk
mag k mag Jb

S J G S J J T= < ). This ensures that the extracted bunch 

includes jets from various conditions and hence covers different local distortions. The 

magnitude similarity function magS  for measuring two jets will be introduced in the 

next subsection. 
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Table 3-1    Building Constrained Profile Model 

 

Notations: 
iI  — the thi  image, 1, ,i M=  

ikz  — the thk  landmark in the thi  image, 1, ,k N=  
ikJ  — jet extracted from the thk  landmark in the thi  image 
kG  — Gabor bunch of the thk  landmark composed of a set of jets 

{ },  1, ,bkJ b B=  

JT  — magnitude similarity threshold of two jets 

ikp  — NDP of the thk  landmark in the thi  image 

Input: M training images and each labelled with N predefined landmarks. 
Output: CPM (Gabor bunches from control points; means and covariance matrices 

of NDP from non-control points). 
Procedures: 

0b =  
for  1: control pointk N=  

kG =∅  

end for 
for 1:i M=  

for 1:k N=  
if ikz  is control point 

if b B<  
2( ) ( ) ( )j ik j ikJ I dψ′ ′ ′= −∫z z z z z ; 

{ ( )},   0, ,39ik
j ikJ J j= =z  

if 0b ==  || max{ ( , )}jk bk
mag Jb

S J J T<  

{ }ik
kG J+ = ; b + +  

end if 
end if 

else 
Calculate ikp  

end if 
end for 

end for 
for 1:k N=  

if ikz  is non-control point 

1
1 M

k ikiM =
= ∑p p ; 

1
1 ( )( )M T

k ik ikiM =
= − −∑C p p p p  

end if 
end for 
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3.1.3    CPM Searching 

After having obtained CPM and FSM from the training set of images, landmark 

localisation is implemented in an iterative two-step framework: CPM searching and 

FSM adjusting. The efficiency of CPM searching is realised through modelling Gabor 

bunches from a small number of control points. The accuracy of CPM searching is 

enhanced through conducting an extra procedure called Gabor feature constrained 

local alignment, which utilises Gabor feature's accurate localisation characteristics to 

refine the positions of non-control points. By increasing the number of control points, 

the localisation accuracy can be improved with a cost of more time. To suit different 

circumstances in practice, one can adjust the number of control points to balance the 

computational efficiency and localisation accuracy. 

3.1.3.1    Individual Landmark Searching 

Given initial positions of face landmarks, two different algorithms are employed to 

compute the suggested movements. The movement of non-control point is calculated 

by an efficient searching method based on NDP along the normal of the shape 

boundary; while the movement of control point is calculated by a Gabor jet 

localisation algorithm. The jet localisation algorithm performs displacement 

estimation based on jet phase information. For a test face image, a test jet is first 

extracted at the position of control point, and then compared one by one with all the 

model jets contained in the control point's Gabor bunch from CPM. The most similar 

model jet is selected using jet magnitude similarity for measurement: 

( )
2 2

,
j j

j
mag

j j
j j

a a
S J J

a a

′
′ =

′

∑

∑ ∑
,    (3.4) 
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where two jets J  and J ′  are represented in the polar form exp( )j j jJ a iφ= . The 

magnitude similarity function is used here because jet magnitudes ( )ja z  vary slowly 

with spatial position, which provides robustness to small position variation. 

With the selected model jet and the test jet, the Gabor jet localisation 

algorithm is conducted to find the suggested movement of the current control point. 

Since jet phases ( )jφ z  vary quickly with location and rotate with a rate set by the 

spatial frequency jk  of the kernels, they provide a way of accurate displacement 

estimation [196]. The jet displacement estimation is based on a displacement-

compensated phase similarity function 

( )
( )

2 2

cos ( , )
,

j j j j j
j

pha

j j
j j

a a J J
S J J

a a

φ φ′ ′ ′− − ⋅
′ =

′

∑

∑ ∑

d k
,   (3.5) 

where ( , ) x

y

d
J J

d
⎛ ⎞

′ = ⎜ ⎟
⎝ ⎠

d  is the relative displacement between two locations that jets J  

and J ′  refer to. The term ( , ) jJ J ′ ⋅d k  is used to compensate for the phase shifts. The 

cosine terms ( )cos ( , )j j jJ Jφ φ′ ′− − ⋅d k  in Equation (3.5) can be approximated by a 

two-term Taylor expansion: 

( )
( )2

2 2

1 0.5( ( , ) )
,

j j j j j
j

pha

j j
j j

a a J J
S J J

a a

φ φ′ ′ ′− − − ⋅
′ ≈

′

∑

∑ ∑

d k
.  (3.6) 

By maximising Equation (3.6) via setting 0pha pha

x y

S S
d d

∂ ∂
= =

∂ ∂
, we obtain the following 

equation for ( , )J J ′d : 

1( , ) x yy yx x

y xy xx yxx yy xy yx

d
J J

d
Γ −Γ Φ⎛ ⎞ ⎛ ⎞⎛ ⎞

′ = =⎜ ⎟ ⎜ ⎟⎜ ⎟−Γ Γ ΦΓ Γ −Γ Γ⎝ ⎠ ⎝ ⎠⎝ ⎠
d ,  if 0xx yy xy yxΓ Γ −Γ Γ ≠   (3.7) 
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where ( )x j j jx j jj
a a k φ φ′ ′Φ = −∑ , ( )y j j jy j jj

a a k φ φ′ ′Φ = −∑ , xx j j jx jxj
a a k k′Γ =∑ , 

xy j j jx jyj
a a k k′Γ =∑ , yx j j jy jxj

a a k k′Γ =∑  and yy j j jy jyj
a a k k′Γ =∑ . This yields a 

straightforward calculation for estimating the suggested movements of all the control 

points using the selected model jet and the test jet. 

3.1.3.2    Gabor Feature Constrained Local Alignment 

When the new suggested positions of two control points in each group are identified, 

an affine transformation is conducted to constrain non-control points in the same 

group. This process is considered as a local alignment between two sets of positions 

(one set before and one set after the local alignment), and is defined as a scaling (s), a 

rotation (θ) and a translation ( ( , ))x yt t=xt  which minimise the sum of squared 

distances between pairs of positions. Such a coordinate transformation ( , , )[ ]A s θ ⋅xt  

can be represented as 

( )[ ] cos sin
, ,

sin cos
1

x x

y y

x
t a b tx s s x

A s y
t b a ty s s y

θ θ
θ

θ θ

⎛ ⎞
−′ − ⎛ ⎞ ⎛ ⎞⎛ ⎞ ⎛ ⎞⎛ ⎞ ⎜ ⎟= = + =⎜ ⎟ ⎜ ⎟⎜ ⎟ ⎜ ⎟⎜ ⎟ ⎜ ⎟′⎝ ⎠ ⎝ ⎠⎝ ⎠ ⎝ ⎠ ⎝ ⎠⎜ ⎟

⎝ ⎠
xt x . (3.8) 

Since we have obtained two pairs of coordinates from control points (before and after 

the jet displacement estimation respectively), the parameters of the affine 

transformation in Equation (3.8) can be calculated through 

1 1 1

1 1 1

2 2 2

2 2 2

1 0
0 1
1 0
0 1

x

y

ax y x
by x y
tx y x
ty y y

′− ⎛ ⎞⎛ ⎞ ⎛ ⎞
⎜ ⎟⎜ ⎟ ⎜ ⎟′⎜ ⎟⎜ ⎟ ⎜ ⎟=⎜ ⎟⎜ ⎟ ⎜ ⎟′−
⎜ ⎟⎜ ⎟ ⎜ ⎟⎜ ⎟ ′⎝ ⎠ ⎝ ⎠⎝ ⎠

.    (3.9) 

Using the affine parameters from control points in each group, non-control points in 

the same group are locally aligned through Equation (3.8). Figure 3-3 illustrates the 
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effectiveness of Gabor feature constrained local alignment on landmarks in different 

regions. 

 

 

Figure 3-3    Gabor feature constrained local alignment. (a) Before 

alignment. (b) After alignment. 

 

3.1.4    FSM Adjusting 

When a test face image is presented to the proposed algorithm with a rough face 

detection result, the mean shape model x  of FSM is placed in the image as the initial 

state. Starting from the mean shape model ( )i =x x , all the landmarks are first moved 

to a better location ( )i id+x x  individually from their current locations ( )ix  through 

CPM searching. Using a least-squared approximation method [39], these shape 

deformations are then transformed into adjustments to the pose parameters ( (1 )i is ds+ , 

i idθ θ+ , i id+x xt t ) and the shape parameters ( )i id+b b  of FSM such that the new 

estimated shape ˆ ( (1 ), , )[ ( )]i i i i i i i i iA s ds d d dθ θ= + + + + +x xx t t x P b b  moves the 

landmarks as close as possible to the previous local deformations, i.e. ˆ i i id≈ +x x x , 

   

(a)    (b) 
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while still satisfying the shape constraints of FSM ( 3 3 )
k k

i i
k kdσ σ− ≤ + ≤b bb b . With 

the estimated shape ˆ ix , the above process is repeated 1 ˆ( )i i+ =x x  until the shape 

difference from two consecutive cycles of iteration is less than a threshold 

1ˆ ˆ(|| || )i i T−− < xx x . This dynamic shape-fitting process is summarised in Table 3-2. 
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Table 3-2    Landmark localisation 

 

Notations: 
x  — mean face shape vector in FSM 
P  — principal components matrix in FSM 

ix  — initial face shape for the thi  iteration 
idx  — suggested movement for ix  

ib  — initial weighting vector for ix  
idb  — additional weighting change for ib  

k
σb  — standard deviation of kb  in FSM,  1, , principal componentk N=  
ˆ ix  — estimated face shape from the thi  iteration 
Tx  — shape difference threshold for two adjacent iterations 

Input: One test face image with rough detection result. 
Output: N landmark locations of the test image. 
Procedures: 

0 =b 0  
0ˆ =x x  

0i =  
do 

i + +  
1ˆi i−=x x  

Individual landmark searching from ix  
Search each control point using Gabor jet localisation algorithm 
Search each non-control point using NDP method 

Gabor feature constrained local alignment for each group and get idx  
FSM adjusting such that 

( (1 ), , )[ ( )]i i i i i i i i i iA s ds d d d dθ θ+ + + + + ≈ +x xt t x P b b x x  
1i is ds∗ = + ; i idθ θ+ = ; i id+ =x xt t  

for  1: principal componentk N=  

if 3
k

i i
k kd σ+ > bb b  

3
k

i
k σ= bb  

else if 3
k

i i
k kd σ+ < − bb b  

3
k

i
k σ= − bb  

else 
i i
k kd+ =b b  

end if 
end for 
ˆ ( , , )[ ]i i i i iA s θ= +xx t x Pb  

while 1ˆ ˆ|| ||i i T−− ≥ xx x  
return ˆ ix  
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3.2    Face Representation and Recognition 

For the simplicity of labelling images in the training process, most landmark are 

placed on the borders of facial features, such as eye corners, mouth corners and face 

contour. These features have clear and exact meaning and refer to the same positions 

across different faces. Besides, with homogeneous background the face contour is 

easier to be localised. The selection of control points is based on two basic principles. 

First, one control point should stay apart from the other in each group to avoid Gabor 

feature overlapping; and second, the neighbourhood of two control points should 

contain rich feature information for better representation. In the research work of 

Davies et al. [45], an automatic method for building statistical shape models was 

proposed, which can be used for automatic landmark selection. 

In this study, a face image is represented by Gabor features of control points. 

This is mainly due to the fact that 1) most control points are located in the interior of a 

face where the most stable and informative features reside; 2) Gabor features of 

control points have been computed previously in the landmark localisation process; 

and 3) selecting a small number of control points for representation reduces storage 

space and increases executive speed of the algorithm. Exceptionally, the centres of 

two eyes are also added into the representation landmark set, considering their 

importance for face recognition. For a test face image TI  with N ′  Gabor jets T
kJ , 

1, ,k N ′= , a classification function between the test image TI  and a model image 

MI  is defined as the average over the magnitude similarity measures between pairs of 

corresponding jets: 

( ) ( )
1

1, ,
N

T M T M
mag k k

k
S I I S J J

N

′

=

=
′∑    (3.10) 
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Face recognition is performed through calculating the classification function between 

the test face and each model face in the database. The model with maximum average 

similarity is considered as the correct match. Figure 3-4 illustrates all the landmarks 

for face representation and recognition in our experiments. 

 

 

Figure 3-4    Landmarks used for face representation and recognition. 

 

Introducing Gabor features from more landmarks, such as some non-control 

points or interpolated locations, into recognition may yield a better performance with 

extra computational cost. However, our experiments in Section 3.3 demonstrate that, 

without further employing more landmarks, the proposed algorithm is able to obtain 

equivalent recognition accuracy to the standard EBGM method with significantly less 

computation time. 

3.3    Experimental Results 

In order to validate the proposed algorithm, we separated our experiments into two 

parts: localisation and recognition. Landmark localisation is a critical step in a feature 

based face recognition approach and is also important to achieve successful results in 
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other applications such as expression analysis and face animation. Two publicly 

available face databases, the CAS-PEAL-R1 database [1, 54] and the FERET database 

[146, 148], were used to evaluate localisation and recognition performance 

respectively. 

3.3.1    Landmark Localisation Performance 

The CAS-PEAL-R1 face database [1, 54] contains 9,060 frontal images of 1,040 

subjects, with different expressions, accessories, illuminations, etc. The first 500 

frontal faces under neutral expression and controlled lighting condition (indices from 

000001 to 000500) were used in this experiment to evaluate the landmark localisation 

performance. Each image was manually labelled with 96 landmark points (see Figure 

3-5). Among these images, the first 300 images were used for training FSM and CPM, 

and the rest 200 images were used for localisation testing. The manually labelled 

landmarks served as ground truth to assess the accuracy of the automatically located 

positions. As shown in Figure 3-5, only 13 control points were selected for Gabor 

feature extraction. For each control point, the Gabor bunch size was 70. The length of 

NDP was 10 pixels, which is slightly longer than that (8 pixels) in [38] for a wider-

range image search. The number of principal components in FSM was 45, which 

represents 95% of the variation in the training set, the same percentage as used in [91]. 

The jet magnitude similarity threshold for selecting models jets in each Gabor bunch 

was 0.95. The average shape difference threshold for two adjacent iterations was 1 

pixel. 
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Figure 3-5    Manually labelled landmarks on a face image from the CAS-

PEAL-R1 database. Control points are marked with red colour. (a) 96 

indexed landmarks. (b) A face shape defined by connecting landmarks. 

 

Similar to [78, 91, 193], the mean of point-to-point Euclidean distances 

between automatically located positions and the ground truth landmarks was 

calculated to evaluate the accuracy of a localisation algorithm on each test image. 

This mean distance provides a quantitative description of the localisation error of the 

algorithm. The average localisation error on all the test images is represented as 

2 2

1 1

1 1 ( ) ( )
P N

ij ij ij ij
i j

E x x y y
P N= =

⎛ ⎞
′ ′= − + −⎜ ⎟

⎝ ⎠
∑ ∑ ,   (3.11) 

where P is the number of the test images, N is the number of the landmarks in each 

image, ( , )ij ijx y  and ( , )ij ijx y′ ′  are the thj  ground truth landmark and the thj  

 

(a)      (b) 
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automatically located position in the thi  test image, respectively. Based on Equation 

(3.11), the average localisation error of the proposed CPM algorithm was compared 

with that of the ASM method. A factor 

100%ASM CPM

ASM

E Em
E
−

= ×     (3.12) 

was calculated to measure the improvement percentage of the proposed algorithm 

over ASM. When m is positive, the proposed algorithm outperforms ASM. 

To evaluate the system localisation performance under good and rough 

initialisation conditions, we conducted the comparative experiments twice, with 

initialisation using manually labelled two eye positions and Viola-Jones face detector 

[190] respectively. We used the Viola-Jones face detector in OpenCV library [4]. 

When a face was detected, a bounding box containing the approximate location and 

size of the face was used for the initialisation of our system. Table 3-3 shows the 

comparative localisation performances on 200 test images. When manually labelled 

eye locations are used for initialisation, the average localisation error of ASM is 3.72 

pixels, while CPM localisation error is only 1.95 pixels. The 47.6% improvement of 

the proposed method indicates that CPM modelling and searching have the capability 

of obtaining much more accurate landmark localisation than ASM. When rough 

automatic face detection results are used for initialisation, the localisation 

performance of ASM becomes noticeably worse with an average error of 11.63 pixels. 

Nevertheless, the performance improvement of CPM over ASM increases from 47.6% 

to 54.5%, indicating the proposed method has better landmark localisation ability than 

ASM under rough initialisation condition. 
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Table 3-3    Landmark localisation performance 

 

 

3.3.2    Recognition Performance 

The experiment of face recognition was performed on the FERET face database [146, 

148], which consists of a total of 14,126 gray-level face images representing 1,199 

individuals. The images contain variations in lighting, facial expressions, pose angle, 

etc. Only frontal faces were considered in this experiment. These frontal images are 

divided into five sets, with details listed in Table 3-4. The FERET database provides 

locations of two eyes of all the images, which were used for the algorithm 

initialisation. The CPM and FSM obtained from the CAS-PEAL-R1 database were 

employed in this experiment. A training process conducted on another database can 

provide objective evaluation of the algorithm performance on the FERET database. 

Face recognition was performed using Gabor features of 15 landmarks (13 control 

points plus 2 eye centres). 

 

 

 

 

Method ASM Proposed CPM Improvement 

Average localisation error using 

manually labelled two eyes (pixels)
3.72 1.95 47.6% 

Average localisation error using 

Viola-Jones face detector (pixels) 
11.63 5.29 54.5% 
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Table 3-4    The FERET datasets 

 

 

To conduct an objective comparison, the performances of the proposed 

algorithm were compared with the published results of the Colorado State University 

(CSU) Face Identification Evaluation System [2, 16], which is obtained on the 

FERET database as well. The CSU results provide identification accuracies of four 

face recognition algorithms, i.e., EBGM, Principal Component Analysis (PCA), 

Linear Discriminant Analysis (LDA) and Bayesian intrapersonal/extrapersonal image 

difference classifier. 

The cumulative match scores of these methods are plotted in Figure 3-6, and 

the top-one recognition rates are listed in Table 3-5. Compared with the standard 

EBGM algorithm, the proposed method yields slightly inferior top-one recognition 

accuracy on FERET FB and Dup I probe sets, each dropped by 3% and 5% 

respectively. This is not unexpected because our method makes use of Gabor features 

from only 15 landmarks, while the CSU implementation involves a total of 80 

landmarks for identification [2, 16]. On the other hand, our results on FC and Dup II 

sets are noticeably higher than EBGM, increased by 29% and 7% respectively. This is 

an interesting result especially in the sense of a small number of landmarks used for 

Dataset Image Number Description 

FA 1,196 Regular facial expression, used as a gallery set. 

FB 1,195 Alternative facial expression to FA. 

FC 194 Different lighting conditions. 

Dup I 722 Ageing of subjects, i.e. images taken later in time. 

Dup II 234 Difficult subset of Dup I. Taken at least one year later. 
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face recognition. This may be because when the test images are of significant 

detrimental quality (FC and Dup II are taken from different illumination and after a 

considerable time respectively), Gabor feature based recognition performed on more 

landmarks could be worse than that from fewer reliable landmarks. The average 

recognition results revealed that the proposed method not only is capable of obtaining 

comparable recognition accuracy to the standard EBGM algorithm, but also 

outperforms the other three algorithms contained in CSU system, i.e. PCA, LDA and 

Bayesian algorithms. Through training of CPM and FSM on the FERET gallery set 

FA, the performance of the proposed method could be further improved. 
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Figure 3-6    The cumulative match scores of the proposed CPM method 

and CSU implementations of four algorithms performed on the (a) FB, 

(b) FC, (c) Dup I, and (d) Dup II probe sets. 
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Table 3-5    The top-one face recognition rates on the FERET database 

 

 

3.3.3    Computational Efficiency 

Table 3-6 lists the average computation time consumed in one cycle of iteration in our 

experiments. These results were obtained on a Windows-platform PC with 2.8GHz 

CPU and 1GB RAM. Operating on 96 landmarks, the NDP searching method spends 

less than 1ms to finish a cycle, while the EBGM method needs more than 1 second. 

With the computation time of 131ms, the proposed CPM method dramatically reduces 

the time of EBGM by 90.9%. This result indicated that with equivalent recognition 

performance, the proposed method can be around 10 times faster than EBGM. The 

implementation of our method converged within less than 6 cycles. The total 

computation time for one match is less than 1 second in average. 

 

 

 

 

Method FB FC Dup I Dup II Average 

CPM Method 0.84 0.68 0.38 0.29 0.55 

EBGM Standard 0.87 0.39 0.43 0.22 0.48 

Bayesian MAP 0.82 0.37 0.52 0.32 0.51 

LDA Euclidean 0.61 0.19 0.38 0.14 0.33 

PCA Euclidean 0.74 0.05 0.34 0.14 0.32 
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Table 3-6    Average computation time in one cycle of iteration 

 

 

3.4    Summary 

Gabor wavelets have demonstrated outstanding localisability, orientation selectivity 

and spatial frequency characteristics in image processing and pattern recognition. 

Gabor feature based EBGM algorithm is one of the most successful approaches for 

face recognition due to its robustness against local distortions caused by variance of 

expression, illumination and pose. However, its considerable complication and 

computation prevents it from extensive applications in practice. We have presented an 

efficient Gabor feature constrained algorithm which can be used for locating facial 

features as well as identifying the individual in an image. Experimental results for 

both landmark localisation and face recognition are promising. The recognition 

performance of the proposed method is comparable to the standard EBGM algorithm, 

and its computation time per cycle of iteration is 90.9% less than EBGM. This method 

could be easily extended to non-rigid object recognition and applied to other HCI-

related applications in the future. 

 

Method EBGM Standard CPM Method Time Saved  

Average Time (ms) 1440 131 90.9% 
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Chapter 4      

Elastic Energy Models for Robust and 

Automated Head Pose Estimation 

In this chapter, we propose a novel Elastic Energy Model (EEM) to represent the 

pose-induced intraface shape variations in 2D image context. We argue that the pose 

angle could be estimated straightforwardly from the information of 2D shape 

variations through building at least two EEMs. In stead of over-trusting some selected 

anchor points, our models rely on statistical energy contributions of a group of 

"elastic" landmarks to handle the problem of feature localisation error, which is 

inevitable in practical applications with cluttered backgrounds. The effectiveness of 

our method is demonstrated by its full automation and robustness. 

The remaining part of this chapter is organised as follows. Section 4.1 

introduces the motivation and definition of EEMs. Section 4.2 presents a multi-EEM 

based method to estimate the rotation angle of human face. Section 4.3 describes the 

implementation procedures and reports our experimental results, followed by a brief 

summary in the last section. 
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4.1    Motivation 

Generally, the pose of a face shape can be described by three rotation angles: roll, yaw 

and pitch. Roll rotation is the image-in-plane angle from face rotation along the 

optical axis. It can be estimated straightforwardly from locations of at least two 

feature points (e.g. two pupils) in an image. If the positions of left and right pupils in 

an image are ( , )
l l lp p px y=x  and ( , )

r r rp p px y=x  respectively, then the estimated roll 

rotation angle can be calculated by 

arctan r l

r l

p p

p p

y y
x x

α
−

=
−

.     (4.1) 

The remaining poses to be estimated are the yaw and pitch angles, which are two 

similar image-in-depth rotations. The following description will only deal with the 

yaw rotation. 

According to Hooke's Law, the restoring force of a spring is proportional to 

the negative displacement from the equilibrium position of the spring: 

k= −F x ,     (4.2) 

where F is the force that tends to restore a spring to its equilibrium position, x is the 

displacement of the spring from its equilibrium position, and k is the spring constant. 

In physics, this law describes the elastic property of a spring. Also, the corresponding 

potential energy can be stated as 

21 || ||
2

E k= x .     (4.3) 

If we consider each feature point constituting one face shape as a special "elastic" 

landmark, then other shapes of different poses could be decomposed as a group of 

elastic landmarks' displacements from equilibrium positions (see Figure 4-1). This 

motivates us to develop an energy associated elastic shape model in 2D image context, 
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namely Elastic Energy Model, to describe the pose variations. Although physics-

based models have been employed to analyse facial images in the early work (e.g. 

[181]), they were mainly developed to model 3D human facial tissues. 

 

 

Figure 4-1    Two examples of elastic landmarks' displacements (shape 

in blue colour) from equilibrium position (shape in red colour).† 

 

Mathematically, let ( , )i i ix yθ θ=x  denote the 2D position of the thi  landmark 

corresponding to a yaw angle θ (only yaw rotation is considered here for simplicity). 

When this landmark "moves" from equilibrium position 
0 0

( , )i i ix yθ θ=x  to a different 

position 
1 1

( , )i i ix yθ θ=x  due to the yaw rotation from angle θ0 to θ1, this movement is 

similar to a spring stretch/compression (corresponding to left/right rotation) exerted 

by an external force 

0 1 1 0( ) ( )i i i ikθ θ θ θ→ = − −F x x ,    (4.4) 

                                                 
† For interpretation of colour in Figures 4-1, 4-2 and 4-3, the reader is referred to the web version of the 
article: Zhao and Gao, "Automated face pose estimation using elastic energy models," Proceedings of 
the International Conference on Pattern Recognition, 2006. http://dx.doi.org/10.1109/ICPR.2006.291 
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where ik  is the "spring constant" of the thi  landmark, and we name it as elastic 

constant. Similarly, the potential energy associated to this external force is 

0 1 1 0 1 0

2 2
( )

1 1|| || ( )
2 2i i i i i i iE k k x xθ θ θ θ θ θ→ = − = −x x .  (4.5) 

Considering the entire face shape, all landmarks' potential energies are added 

together to represent a global deformation of the model caused by the intraface 

variation. However, the simple summation is appropriate only when both two face 

shapes of angle θ0 and θ1 refer to the same person. Otherwise, the calculated 

summation will include confounded energies from both interface and intraface shape 

deformations (see Figure 4-2). 

 

 

Figure 4-2    Interface and intraface shape variations. Red arrows denote 

intraface shape deformation. 
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Based on the symmetric property of the human face [152], all the landmarks 

constituting one face shape are first divided into two symmetric groups (Figure 

4-3(a)). The potential energy caused by the interface shape deformation could then be 

eliminated through considering only every pair-wise energy disparity (Figure 4-3(b)). 

With the yaw rotation only, the global potential energy resulted from intraface shape 

deformation IE  is the summation of all pair-wise energy disparities of a set of 

landmarks' horizontal displacements: 

( )0 1 0 1 1 0 1 0

2 22 2
( ) ( )1 1

1 ( ) ( )
2

N NI I
i i i i j j ji i

E E k x x k x xθ θ θ θ θ θ θ θ→ →= =
= = − − −∑ ∑ , (4.6) 

where N is the total number of landmarks constituting the face shape, and the thi  

landmark symmetrically corresponds to the thj  landmark. Since the elastic constant 

ik  is a constant, the potential energy is therefore a quadratic function of 2D shape 

displacements. 
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Figure 4-3    Energy separation between two types of variations. (a) 

Landmark grouping (the blue line divides landmarks into two symmetric 

groups). (b) Pair-wise energy disparity (displacements of red arrows 

symmetrically correspond to those of blue arrows). 

 

4.2    Multi-EEM Based Pose Estimation 

We develop a multi-EEM based method to estimate the yaw rotation of a human face. 

The reason of using multiple models is two folded. First, the unknown elastic 

constants cause that IE  could not be directly calculated using only one EEM. Second, 

it is difficult to give IE  an explicit function of the pose angle θ. Ideally we may 

interpolate this function using two or more EEMs. In this section, we deal exclusively 

  

(a)    (b) 
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with two models of yaw pose 1 0θ =  (frontal view) and *
2θ θ=  (left/right yaw angle 

*θ ), though it is easy to extend to more views if necessary. Specifically, the 

equilibrium positions of these two models correspond to the frontal status and 

left/right yaw angle *θ  respectively. We assume that the energy functions associated 

with these two model views can be described as quadratic functions of yaw angle: 

*

2
(0 ) 1

* 2
2( )

( )

( ) ( )

I

I

E

E
θ

θ θ

θ ωθ

θ ω θ θ
→

→

⎧ =⎪
⎨

= −⎪⎩
.    (4.7) 

Let e1 and e2 denote the two potential energies spent on deforming the two EEMs to 

the target shape, and Equation (4.7) can be further described as 

2
1 1

* 2
2 2 ( )

e

e

ωθ

ω θ θ

⎧ =⎪
⎨

= −⎪⎩
.     (4.8) 

Note that the two models come from the same person, i.e. ω1 = ω2, the yaw pose can 

then be calculated directly (suppose e1, e2 > 0): 

*
*

2 1

*
*

2 1

,
1

,
1

e e

e e

θ θ θ

θ
θ θ θ

⎧
≤⎪ +⎪= ⎨

⎪ ≥⎪ −⎩

.    (4.9) 

Although the direct calculation of any of above potential energy is not available, we 

can find ways to estimate their ratios, e.g., it makes sense to assume that each elastic 

landmark contributes evenly to the overall energy. 

4.3    Implementation and Experiments 

In this section, we apply the proposed Constrained Profile Model (CPM) to the 

implementation of the Multi-EEM based pose estimation. The CPM method has been 
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proposed and employed in Chapter 3 for the task of facial landmark localisation and 

demonstrated good performance and remarkable efficiency. In that task, however, 

only the final localisation results of CPM were explored. In fact, each iterative 

matching step of CPM contains useful information and should not be trivially ignored. 

In this implementation, the searching and adjusting procedures of CPM are signified 

as a deformation process of an EEM. During the matching process, the potential 

energy corresponding to the EEM is accumulated at the end of each cycle of searching 

iteration. 

Our experiment was conducted on the FERET database [146], from which we 

selected three subsets ("ba", "bc" and "bd") that contain three poses (0°, +40° and 

+25°) per individual, with a total of 200 people and 600 images. Three example 

images of the same individual from these subsets are shown in Figure 4-4. For each of 

the "ba" and "bc" subsets, we manually labelled 200 images as the training data to 

build two EEMs, which were then employed to perform the shape matching and 

accumulate the potential energy on the subset "bd". We used a total of 96 facial 

landmarks in one face shape, which included 11 control points. For each control point, 

the Gabor bunch size was 70, through randomly selecting 35 Gabor jets from each 

training subset. 

 



Chapter 4. Elastic Energy Models 

 81

 

Figure 4-4    Sample images from ba, bd and bc subsets of the FERET 

database. 

 

Considering that two irises could be located automatically and quickly in most 

existing face detection systems (e.g. [127]), we manually provided their positions in 

our experiment. The entire pose estimation algorithm is described as follows: 

1) Based on a face detection result, initialise two starting shapes by the 

two model shapes. 

2) Use the CPM searching method to find the required movements for all 

the facial landmarks. The details of the CPM searching method have 

been described in Subsection 3.1.3. 

3) Use the FSM adjusting method to calculate additional pose and shape 

parameter changes required to move the model shapes as close as 

possible to the two new shapes respectively. The details of the FSM 

adjusting method have been described in Subsection 3.1.4. 

        

ba (+0°)   bd (+25°)   bc (+40°) 
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4) Update the shape and pose parameters by the above changes, and act 

upon the model shapes. The potential energy corresponding to this 

cycle of iteration is calculated and accumulated to the overall potential 

energy. 

5) Go to Step 2) for another cycle of iteration, until no considerable 

change is observed. When the iteration stops, two overall potential 

energies (e1 and e2) are finalised to estimate the pose. 

Figure 4-5 gives an example illustrating the entire estimation process. Tested on 200 

images in the subset "bd", our system achieved an average estimated pose of 24.53°, 

within an error of 0.47° from the real angle (see Table 4-1). The performance of the 

proposed method is comparable to the pose estimation results of the 3D Morphable 

Model (3DMM) method [23] that was conducted on the CMU Pose, Illumination, and 

Expression (PIE) database [173]. However, our experiments were performed with a 

larger number of subjects (300 vs. 68). Different from the 3DMM method which 

requires complicated 3D face scans to build the morphable model, the proposed 

method is a pure 2D method and thus is more computationally efficient. Moreover, 

the proposed EEM method is fully automated and better than the 3DMM method 

which needs manually labelling several feature points on the input image for a good 

initialisation of the model [23]. 
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Figure 4-5    Multi-EEM based pose estimation. (a) An input image 

(smoothed before matching) and two model shapes. (b) Initialisation. (c) 

CPM searching. (d) FSM adjusting. (e) Pose estimation. 
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Table 4-1    Performance of the proposed multi-EEM based pose 

estimation method 

 

 

4.4    Summary 

From the perspective of 2D image context, we proposed a novel Elastic Energy Model 

(EEM) method to address the issue of robustly and automatically estimating the 

human head poses. The proposed method has the following advantages. Firstly, the 

EEM method is computationally efficient as it is a pure 2D method. Secondly, the 

EEM method is much more reliable than the feature based pose estimation methods 

because it is based on accumulating multiple landmarks' energy contributions. Thirdly, 

the EEM method is fully automatic without human intervention. The effectiveness of 

the EEM method was demonstrated in our experiment. Although we used manually 

provided iris positions in our experiment, automatic iris detection algorithms could be 

easily found in the literature. 

 

Pose Estimates 
Proposed EEM method 

(200 in FERET) 

3DMM method 

(68 in CMU-PIE) 

Average Estimate 24.53° 18.1° 45.2° 

Standard Deviation 4.09° 2.4° 4.5° 

True Angle 25° 16.5° 45.6° 
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Chapter 5      

Textural Hausdorff Distance for Wider-

Range Tolerance to Pose Variation and 

Misalignment 

The significance of two important issues, wider-range tolerance to pose variation and 

face misalignment in 2D face recognition, has been previously highlighted and 

discussed in Subsections 1.1.1 and 1.1.2 of Chapter 1. In this chapter, we propose to 

employ the Hausdorff distance concept to address these issues. 

The Hausdorff distance was originally defined as a dissimilarity measure on 

two point sets, and was later employed as a shape comparison metric on binary 

images [71]. Unlike most shape comparison methods that build a point-to-point 

correspondence between a model and a test image, the Hausdorff distance can be 

calculated without explicit pairing of points in their respective data sets. Considering 

that the original Hausdorff distance is very sensitive to outlier points, Dubuisson and 

Jain [50] presented a modified Hausdorff distance (MHD) to alleviate the sensitivity 

problem and obtained more desirable performance. Takács [177] employed a 

"doubly" modified Hausdorff distance (M2HD) to compare frontal face images. The 
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M2HD method uses a penalty function to give preference to points located within a 

predefined neighbourhood. Gao and Qi [57] integrated the structural information into 

the Hausdorff distance for face retrieval. The structural information is represented by 

direction angles extracted from neighbouring points. The method is robust to 

illumination variations but sensitive to facial expression changes. Xie and Lam [199] 

employed an elastic shape-texture matching method for face recognition, in which a 

variant of Hausdorff distance is devised on edge maps. In stead of using edge maps, 

Vivek and Sudha [191] proposed a robust Hausdorff distance measure, which was 

applied on micropatterns extracted from each pixel of an image. Because the distance 

measure is based on the whole images, the computational work is intensive. The 

approach is also sensitive to large range of pose variations. 

In this study, we propose a new Textural Hausdorff Distance (THD) to deal 

with the two aforementioned issues. The THD employs both spatial and textural 

information and is a compound measurement. It inherits the advantages of Hausdorff 

distance and can be calculated without explicit correspondence between respective 

data sets. We apply the THD measurement to a new Significant Jet Point (SJP) 

representation of face images. A SJP is defined as a significant point attached with its 

Gabor coefficients (jet). Each face is represented by a set of SJPs to describe both 

spatial and textural information. To better represent diverse facial characteristics of 

different individuals, the significant points are detected from low-level edge map with 

rich information content on the face image. Both the number and the locations of 

significant points are varied from person to person. This is different from existing 

Gabor feature based methods (e.g. [51, 102, 196]), in which face recognition was 

performed through comparing Gabor features of equal numbers of predefined fiducial 

points across different individuals. The fiducial points were located either through 
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elastic graph matching [51, 196] or through third-party localisation algorithms [102] 

to establish explicit point pairings. Whichever way, the localisation accuracy is a 

major issue that affects the recognition performance. By using the THD measurement, 

we can circumvent the process of conducting exhaustive search to find 

correspondence between significant points. The effectiveness of the proposed 

approach was investigated and evaluated on two publicly available FERET [146] and 

AR [117] face databases. The experimental results demonstrated that the proposed 

approach has a considerably wider range of tolerance against both in-depth head 

rotation and misalignment in 2D face recognition. 

The organisation of this chapter is as follows. Section 5.1 describes the 

proposed SJP representation for face images. Section 5.2 introduces the original 

Hausdorff distance and defines the THD measurement. In Section 5.3, comparative 

experiments on FERET and AR databases are reported to evaluate the performance of 

the proposed approach. The last section summarises this chapter with some 

discussions. 

5.1    Representation 

As the proposed Textural Hausdorff Distance measurement is applied to the 

Significant Jet Point (SJP) representation of face images, we give a detailed 

description of the SJP representation in this section. 

5.1.1    Significant Point Detection 
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The edges in an image reflect large local intensity changes that are caused by the 

geometric structure of the object, the characteristics of the surface reflectance of the 

object and the viewing direction. Containing spatial information, significant points are 

detected at positions which have rich edge information in a face image. In contrast to 

traditional methods where feature points are often predefined as the locations of eyes, 

nose, mouth, etc., we do not fix either the number or the locations of significant points. 

The number of significant points and their locations can vary in order to better 

represent diverse facial characteristics of different persons, such as dimples, moles 

(see the left hand image in Figure 5-1), etc. These diverse features are also important 

cues that humans might use for recognising faces. 

 

 

Figure 5-1    Significant points. 

 

In order to ensure less demand on storage space and less sensitivity to 

illumination changes, the significant points should be placed on the significant edge 

curves with high curvatures. While any general edge detection method can be used to 

detect the significant points, we use an edge detector from [134], followed by the 
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Dynamic Two-Strip algorithm (Dyn2S) [98] to obtain these points. After the edge 

map of a face image is detected, a strip is fitted to the left and right of each point on 

an edge curve, and the points inside each strip are approximated as a straight line. The 

orientation and width of the strip are adjusted automatically. Longer and narrower 

strips are favoured. In addition, the curvature and a measure of merit of each point can 

be calculated. Significant points are selected in a three-step procedure: 

1) Points with a small merit compared to their neighbours are eliminated. 

2) A number of points, chosen from any points that are not covered by 

one of the strips selected in the first step, are reinstated to avoid over-

elimination. 

3) Points that align approximately on a straight line are deleted except for 

the two endpoints on the curve. 

The remaining points after these steps are the detected significant points. A 

comparative evaluation of interest point detectors was reported in [160]. Figure 5-1 

illustrates two examples of significant points superimposed on the original face image 

from the AR database. 

5.1.2    Significant Jet Point 

The local intensity distribution around each significant point is important for face 

recognition. To extract the textural information, Gabor features are employed in this 

study. Gabor wavelets offer desirable characteristics of capturing salient visual 

properties such as spatial localisation and orientation selectivity, and provide the 

optimised resolution in both spatial and frequency domains. The 2D Gabor kernel 

functions used for feature extraction have been described in Subsection 2.1.4 of 

Chapter 2. 



Chapter 5. Textural Hausdorff Distance 

 90 

After significant points are detected, Gabor jet is extracted from each point. A 

SJP is defined as the Cartesian coordinate ( , )x y=x  of a significant point attached 

with a jet extracted from this point: 

( ; )SJP J= x .     (5.1) 

Based on the SJP description, a face is represented by a set of SJPs integrating both 

spatial and textural cues. The SJP representation, using sparse shape-driven points, 

not only reduces the storage demand of an image, but also is less sensitive to 

illumination changes due to the fact that it is derived from low-level illumination-

insensitive edge maps. Moreover, Gabor features attached on the points significantly 

enhance the discriminative power of the representation to improve the recognition 

accuracy. 

5.2    Measurement 

In this section, we first briefly introduce the original Hausdorff distance and its 

modified version, and then present the proposed Textural Hausdorff Distance (THD) 

measurement for the SJP representation of face images. 

5.2.1    Hausdorff Distance 

The original Hausdorff distance is defined as 

( )( , ) max _ ( , ), _ ( , )HD A B d HD A B d HD B A= ,  (5.2) 

where 1 2{ , , , }mA = a a a  and 1 2{ , , , }nB = b b b  are two point sets. The directed 

Hausdorff distance _ ( , )d HD ⋅ ⋅  is given by 
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_ ( , ) max min ( , ) max min || ||
B BA A

d HD A B d
∈ ∈∈ ∈

= = −
b ba a

a b a b ,  (5.3) 

where || ||⋅  is the norm of a vector. The directed Hausdorff distance _ ( , )d HD A B  

identifies the point A∈a  whose distance from its nearest point in B is maximum 

among all points in A, and measures the distance from a to its nearest point in B. In 

other words, it finds the distance between the most mismatching point in A and its 

nearest point in B. Usually _ ( , )d HD A B  and _ ( , )d HD B A  are different. The 

Hausdorff distance is the maximum of _ ( , )d HD A B  and _ ( , )d HD B A . Therefore, it 

measures the degree of mismatch between two point sets by comparing the distance of 

the point in A that has the largest distance from any point in B, and vice versa. 

The original Hausdorff distance is very sensitive to outlier points. A few 

outlier points, even only a single one, can perturb the distance greatly, though the two 

point sets might be very similar. Dubuisson and Jain [50] employed a modified 

Hausdorff distance (MHD): 

( )( , ) max _ ( , ), _ ( , )MHD A B d MHD A B d MHD B A= ,  (5.4) 

in which the directed MHD is defined as 

1_ ( , ) min || ||
BAA

d MHD A B
N ∈

∈

= −∑ ba

a b ,   (5.5) 

where AN m=  is the number of points in set A. This modified distance calculates the 

average distance from each point A∈a  to its nearest point in B. It can alleviate the 

sensitivity to outlier points and has more desirable performance. 

5.2.2    Textural Hausdorff Distance 

The THD includes both spatial measurement and textural measurement. In a SJP, 

spatial information is represented by the coordinate of the significant point. For two 
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SJPs ( ; )SJP J= x  and ( ; )SJP J′ ′ ′= x , the spatial distance is measured by 

( , ) || ||d ′ ′= −x x x x . The textural information of a SJP is represented by the Gabor jet 

extracted from the significant point. As a set of complex numbers, a jet can be written 

as the polar form exp( )j j jJ a iφ= , where jet magnitudes ( )ja x  vary slowly with 

spatial position and jet phases ( )jφ x  rotate with a rate set by the spatial frequency or 

wave vector jk  of the kernels [196]. We use a magnitude similarity function to 

measure two jets J and J ′  as 

2 2
( , ) j jj

j jj j

a a
S J J

a a

′
′ =

′

∑
∑ ∑

,    (5.6) 

because it provides certain robustness to position variation. This similarity function 

computes a similarity between 0 and 1. 

Given two finite SJP sets 1 2{ , , , }M M M
PM SJP SJP SJP=  representing a model 

face in the database and 1 2{ , , , }T T T
QT SJP SJP SJP=  representing a test face from 

input, where P and Q are the numbers of SJPs in M and T respectively. The THD is 

defined as 

( )( , ) max _ ( , ), _ ( , )THD M T d THD M T d THD T M= ,   (5.7) 

where the directed THD function _ ( , )d THD M T  is defined as 

( )( )
11

1_ ( , ) min ( , ) 1 ( , )M T M T
p q p qq Qp P

d THD M T d S J J
P

λ
≤ ≤

≤ ≤

= + −∑ x x .  (5.8) 

This directed THD function calculates the average distance from each 

 (1 )M
pSJP p P≤ ≤  to its nearest neighbour in T. The distance between two SJPs is 

measured through integrating spatial distance of significant points and magnitude 

similarity of Gabor jets. The THD is a compound measurement composed of both 

spatial and textural information. The weight λ is used to balance the contributions of 
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spatial distance and jet dissimilarity. For a test image, the face recogniser calculates 

the THD between the test face and each model face in the database. The model with 

minimum distance is considered as the correct match. 

5.3    Experimental Results 

To validate the proposed THD approach, we conducted comparative experiments on 

two publicly available FERET [146] and AR [117] face databases. The two databases 

were employed to evaluate the tolerance ability of the proposed approach against pose 

variation and misalignment respectively. In all the experiments, the proposed 

approach was compared with four benchmark methods: 1) Principal Component 

Analysis (PCA) method [183], which is a widely used baseline algorithm in 

appearance based face recognition; 2) Modified Hausdorff distance (MHD) method 

[50], which could be considered as a baseline algorithm in Hausdorff-based face 

recognition; 3) Structural Hausdorff distance method [57]; and 4) Local Binary 

Pattern (LBP) method, which is one of the state-of-the-art algorithms and has proved 

to outperform PCA, Bayesian and EBGM methods [8]. 

5.3.1    Database 

The FERET database is one of the standard databases to evaluate face recognition 

algorithms. The pose subset of the database was used in our experiments. This subset 

includes 1400 images of 200 persons (each person has 7 images). The images were 

categorised and named with two-character strings as "ba", "bc", "bd", "be", "bf", "bg" 

and "bh". These strings indicate different angles of in-depth head rotation in the 
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horizontal direction (ranging from +40° to -40°). Each image was normalised (in scale 

and in-plane rotation) and cropped to 120 × 160 pixels based on the locations of two 

eyes. Some samples of the cropped faces are illustrated in Figure 5-2. 

 

 

Figure 5-2    Samples of the cropped images from the FERET database. 

 

 

ba (+0°) 

     

bc (+40°)   bd (+25°)   be (+15°) 

     

bf (-15°)   bg (-25°)   bh (-40°) 
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The AR database contains 120 complete sets of images from 120 persons (65 

men and 55 women). Each person has 26 images, recorded in two different sessions 

with a two-week time interval. These images cover frontal view faces under 

controlled condition, different facial expressions and different illumination conditions. 

All the images were normalised and cropped to 160 × 160 pixels. Two samples of the 

cropped faces are displayed in Figure 5-1. 

5.3.2    Parameter Tuning 

In Equation (5.8), the weight λ balances the contributions of spatial and textural 

measurements. When 0λ = , the THD reduces to a pure point Hausdorff distance. To 

determine λ, a set of preliminary experiments with different values of λ was conducted 

on the AR database. The neutral expression faces in the first session were used to 

construct the gallery set, and the neutral faces in the second session were selected as 

the probe set. The rank-one recognition rate against the weight λ is plotted in Figure 

5-3. From the figure, it is found that the recognition rate reached and remained 

maximum when λ ranged from 100 to 1000. The weight 160λ =  was selected and 

used in the rest of the experiments. This parameter determination method can be 

employed to achieve optimal settings in other applications with different face database. 
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Figure 5-3    Rank-one recognition rate against the weight λ on the AR 

database. 

 

5.3.3    Tolerance Analysis on Pose Variation 

The FERET database was used to evaluate the effect of pose variation to the 

performance of the proposed THD approach. The "ba" category (frontal faces) was 

used as the gallery set, and the remaining categories were used as the probe sets 

respectively. The comparative rank-one recognition rates as a function of rotation 

angles are plotted in Figure 5-4. It was observed that THD and LBP performed 

consistently better than structural Hausdorff distance, PCA and MHD methods for all 

the poses. With small rotation angles (±15°), the average recognition rate of THD was 

4.8% higher than that of LBP, but over 25.8% higher than those of the other three 

methods. As the rotation angle increased, the recognition accuracy of THD dropped 

much slower than that of all benchmark methods. The average performance drop of 
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THD from ±15° to ±25° was only 7.8%, whereas the drops of LBP, structural 

Hausdorff distance, PCA and MHD were 31.4%, 44.1%, 41.3% and 54%, respectively. 

At the rotation angles of ±25°, THD accomplished an average recognition rate of 86%, 

while the average rates of benchmark methods were all below 61%. Overall, THD 

maintained a flat recognition performance within a wider range of rotation angles at 

least up to ±25°. When the rotation angle reached to ±40°, the average recognition 

rate of THD became unsatisfactory, although higher than those of benchmark methods. 

These experimental results demonstrated wider-range tolerance of the proposed 

approach against in-depth head rotation. 

 

 

Figure 5-4    Comparative rank-one recognition rates against pose 

variation on the FERET database. 
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5.3.4    Tolerance Analysis on Misalignment 

The AR database was used to evaluate the effect of misalignment to the recognition 

rate of the proposed approach. All the neutral faces in the first session were used as 

the gallery images. The neutral faces in the second session were used as the probe 

images. Before the probe images were normalised, two random vectors (ΔX1, ΔY1) 

and (ΔX2, ΔY2) were added to the coordinates of the left and right eyes, respectively. 

These "misaligned" coordinates, instead of accurate eye locations, were used to 

normalise the probe images. ΔX1, ΔY1, ΔX2 and ΔY2 were uncorrelated and normally 

distributed with zero mean and a standard deviation of σ. The σ varied from 0 to 20 

with an interval of 2.5. Figure 5-5 lists some examples of the cropped probe images 

with different σ. Note these misaligned probe faces reflect combined interferences 

from translation, scaling and in-plane rotation. The comparative rank-one recognition 

rates as a function of σ are illustrated in Figure 5-6, showing that THD and LBP 

maintained higher recognition accuracy over other three methods (structural 

Hausdorff distance, MHD and PCA). With a small range of misalignment ( 2.5σ ≤ ), 

THD obtained almost same performance as LBP, demonstrating that both THD and 

LBP have good discriminative ability for near-frontal images. When σ increased 

further to 10, the recognition rate of THD decreased from 97.5% to 75%. The 

performance of LBP, however, dropped significantly from 98.3% to 30.8%. The 

performance deterioration of THD was only one third of that of LBP. The 

performance of structural Hausdorff distance, MHD and PCA even reduced down to 

27.5%, 20.8% and 16.7% respectively. These experimental results demonstrated 

wider-range tolerance of THD over the benchmark methods in terms of face 

misalignment. The wider-range tolerance of the proposed method relaxes the strict 
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demand for accurate face localisation, which is not always available in practice, but 

often required in most existing 2D face recognition systems. 

 

 

Figure 5-5    Samples of the cropped probe images from the AR database 

with different simulated misalignments. 

 

       

(a) σ=5 

       

(b) σ=10 

       

(c) σ=20 
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Figure 5-6    Comparative rank-one recognition rates against 

misalignments on the AR database. 
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points. The recognition rate of THD under the screaming expression was the lowest, 

because screaming causes the most considerable distortion of significant points. 

 

 

Figure 5-7    Comparative rank-one recognition rates under different 

expressions. 
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three lighting conditions, however, THD maintained much better performance than 

structural Hausdorff distance, PCA and MHD. 

 

 

Figure 5-8    Comparative rank-one recognition rates under different 

illuminations. 

 

In all above experiments, we implemented an LBP system in which 8 points in 

3 × 3 neighbourhood are sampled; each image is partitioned into 10 × 10 sized 

windows; and 32 histogram bins are accumulated in each window. As for the PCA 

system, the first 40 principal components were employed in our experiments. 

0

20

40

60

80

100

Left light Right light Both lights

R
ec

og
ni

tio
n 

ra
te

 (%
)

Proposed THD

LBP

Structural HD

Baseline PCA

Baseline MHD



Chapter 5. Textural Hausdorff Distance 

 103

5.4    Summary 

Wider-range tolerance to pose variation and misalignment are two important but less 

concerned issues in 2D face recognition. They cause abrupt performance degradation 

in many automatic systems. Both pose variation and misalignment break down the 

pixel-level correspondence between face images, which is an underlying assumption 

in many appearance based face recognition approaches. This study, for the first time, 

aims specifically at these two issues and proposes a new textural Hausdorff distance 

for face recognition. The proposed measurement integrates both spatial and textural 

information to distinguish faces. It circumvents traditional local searching strategy 

and is more reliable. Comparative experiments demonstrated that the proposed 

approach had a considerably wider range of tolerance against both head in-depth 

rotation and face misalignment. On the FERET database, it achieved an average 

recognition rate of 86% with rotation angles of ±25°; and on the AR database, it 

obtained 75% recognition accuracy with large scope of misalignment ( 10σ = ). These 

experimental results are much better than those of the benchmark methods and also, to 

our knowledge, are the best reported results in 2D face recognition. 

The noticeable performance of the proposed approach comes from several 

aspects. First of all, the identity-oriented significant points contain discriminative 

features such as prominent irregularities in facial skin. This is different from 

conventional recognition algorithms, where holistic methods (e.g. Eigenface) treat 

local variations as noise, and analytic methods (e.g. EBGM) fail to explicitly represent 

these valuable individual distinctions. Another aspect is the cooperation of Gabor 

features and Hausdorff distance matching strategy. Gabor jets have proved to have 

certain robustness against small-range pose variation when explicit jet 
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correspondences could be established. However, we demonstrated that Gabor jets 

could also be used through SJP representation and Hausdorff matching concept to 

achieve a wider range of tolerance against pose variation and misalignment. By using 

the Hausdorff matching strategy we could avoid jet based localisation which is 

computationally intensive and difficult to be optimised. 

Though we have demonstrated that the proposed approach has wider-range 

tolerance against pose variation and misalignment, we also point out, as the 

experiments in Subsection 5.3.5 indicate, that it is sensitive to expression variations, 

because physical facial deformation produced by expressions distorts the locations of 

significant points. Our approach is also sensitive to extreme lighting conditions, in 

which specular reflection considerably affects significant point detection. Therefore, it 

is future efforts to study better expression-invariant feature extractions and more 

robust significant point detection methods. 
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Chapter 6      

Multidirectional Binary Pattern for 

Establishing Point Correspondence 

In this chapter, we propose to extract micropatterns from the neighbourhoods of a 

sparse set of shape-driven points which are detected from edge map with rich 

information content on a face image. Both the number and the locations of the points 

vary with different individuals such that diverse facial characteristics of these 

individuals can be represented. To enhance the discriminative power of micropatterns, 

we also propose a Multidirectional Binary Pattern (MBP) to reflect binary patterns 

spanning multiple directions. The new representation is capable of describing both 

global structure and local texture, and also significantly reduces the high 

dimensionality of LBP histogram description. It inherits most of the other advantages 

of LBP such as computational efficiency and exemption from training. Besides, the 

proposed method can effectively alleviate the problem of sensitivity to random noise 

in uniform image areas, because MBP features are only extracted from the 

neighbourhoods of the sparse points, which are generally non-uniform areas. Using a 

new MBP measurement, we performed an investigation and evaluation of the 

proposed method for establishing point correspondence on the publicly available AR 
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face database [117]. A higher recognition accuracy than that of the Directional Corner 

Point (DCP) method [57] was obtained in our experiments, demonstrating the validity 

of this method on face recognition. 

The remainder of this chapter is organised as follows. Section 6.1 presents the 

details of the proposed MBP representation, which is derived from a detection 

algorithm of sparse points and an illumination-insensitive pattern descriptor attached 

on each point. Section 6.2 describes using the specially designed MBP measurement 

to establish the correspondence among sparse points. In Section 6.3, the proposed 

method is experimentally evaluated through comparative experiments on the AR 

database. The last section summarises this chapter. 

6.1    Multidirectional Binary Pattern 

In this section, we first present a brief introduction of Local Binary Pattern (LBP), and 

then propose a new Multidirectional Binary Pattern (MBP). MBP is extracted from a 

sparse set of shape-driven points. This is different from most LBP approaches that 

cluster LBP occurrences from local image patches and thus can better represent both 

global structure and local texture for coding a face. 

6.1.1    Local Binary Pattern 

Initially derived from texture analysis community, the LBP operator was created as a 

gray-level invariant texture measure to model texture images [136, 137, 138]. Later, it 

demonstrated excellent performance in many other research fields in terms of both 

speed and discrimination capability [8, 66, 210]. 
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Specifically, the LBP operator marks each pixel cI  of an image as a decimal 

number , ( )P R cLBP I , which is formed by thresholding the P equally spaced neighbour 

pixels ,  ( 0, , 1)p RI p P= −  on a circle of radius R with the centre pixel cI  and 

concatenating the results binomially with factor 2 p : 

( )
1

, ,
0

2
P

p
P R p R c

p

LBP T I I
−

=

= −∑ ,    (6.1) 

where the thresholding function ( )T x  is defined as 

( )
1,   0
0,   0

x
T x

x
≥⎧

= ⎨ <⎩
.     (6.2) 

If the coordinate of cI  is (0,  0) , the coordinates of ,p RI  are given by 

( sin(2 / ),  cos(2 / ))R p P R p Pπ π− . The gray-level values of neighbours ,p RI  not 

falling exactly in the centre of pixels are estimated by interpolation [137]. Figure 6-1 

illustrates an example of obtaining a LBP micropattern 8,1LBP  with the parameters 

8P =  and 1R = . 

 

 

Figure 6-1    The LBP operator. 

 

6.1.2    Sparse Points Detection 
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A sparse set of points representing the geometric structure are detected at positions 

which have rich edge information in a face image. These shape-driven points are 

different from those in most feature based methods where feature points are 

predefined in advance. Instead, the number of the sparse points and their locations can 

vary in order to better represent diverse facial characteristics of different individuals. 

Although any general edge detection algorithm can be utilised to detect the sparse 

points, in this study, we choose the same method as used for significant point 

detection in Subsection 5.1.1 of Chapter 5. 

6.1.3    Multidirectional Binary Pattern 

After the sparse points are detected, MBPs are extracted from these point positions. A 

MBP is defined as a pattern set which consists of four bunches of directional binary 

patterns: Horizontal Binary Patterns (HBPs), Vertical Binary Patterns (VBPs), 

Ascending Binary Patterns (ABPs) and Descending Binary Patterns (DBPs). In other 

words, MBP is composed of binary pattern bunches collected from four different 

directions. Figure 6-2 visually illustrates the positions covered by these four pattern 

bunches. Similar to LBP, the pixels in the neighbourhoods are thresholded with the 

value of the centre pixel, and then linearly concatenated into four directional binary 

patterns as a local descriptor. One difference between MBP and LBP is that MBP is 

kept as original binary patterns, without being transformed into decimal figures for 

histogramming as in LBP. It should be noted that although the four bunches of 

directional binary patterns may be derived from the same pixels, the pattern-level 

features they represent are different. This is demonstrated from the example in Figure 

6-3. Mathematically, a MBP set takes the form 
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, , , ,{ , , , }L N L N L N L NMBP HBP VBP ABP DBP= ,   (6.3) 

where HBP, VBP, ABP, and DBP refer to the four bunches of directional binary 

patterns respectively, with each bunch containing N binary patterns of the length L. 

For instance, the bunch of HBPs can be represented as 

, ,1 ,2 ,{ , , , }L N L L L NHBP HBP HBP HBP= ,   (6.4) 

where each HBP is composed of concatenated L binary values: 

, (1, ) (2, ) ( , )[ ( ), ( ), , ( )].    1L n H n c H n c H L n cHBP T I I T I I T I I n N= − − − ≤ ≤  (6.5) 

Here ( , )  (1 ,  1 )H l nI l L n N≤ ≤ ≤ ≤  represent the horizontally spaced pixels located at 

L N×  positions in the neighbourhood of the centre pixel cI  (see Figure 6-2(a)). 

Similar representations are applied to the remaining three bunches of directional 

binary patterns. Figure 6-3 provides an example of obtaining two bunches of 

directional binary patterns 3,3HBP  and 3,3VBP  with the parameters 3L =  and 3N = . 

 

 

Figure 6-2    Multidirectional Binary Pattern (MBP). (a) Horizontal Binary 

Patterns (HBPs). (b) Vertical Binary Patterns (VBPs). (c) Ascending 

Binary Patterns (ABPs). (d) Descending Binary Patterns (DBPs). The 

black dot stands for the centre pixel. 

 

 

(a)  (b)  (c)  (d) 
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Figure 6-3    An illustration of obtaining 3,3HBP  and 3,3VBP . 

 

Based on this description, a face is represented by a sparse set of shape-driven 

points with MBP attached on each point as local texture. The MBP representation is 

extracted from sparse points rather than from histogramming all the pixels, and thus 

reduces the storage demand of an image. It also inherits LBP's advantage of 

insensitivity to illumination changes. Because the sparse points are derived from low-

level edge map with rich feature information, they circumvent uniform areas where 

LBP suffers from random and quantisation noise. Meanwhile, the four-bunch MBP 

provides enhanced discriminative power for representation in order to improve the 

recognition accuracy. 

6.2    Establishing Point Correspondence Using 

Multidirectional Binary Pattern 

In practical applications, face images of a same individual generally suffer from intra-

class variations such as illumination, expression and ageing. Finding correspondence 

of MBP pairs between two images is therefore very important to reveal the substantial 

similarity/difference of two faces. In this section, we first propose a new Binary 
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Pattern Distance (BPD) to measure binary patterns, and then integrate it into a 

compound cost function to establish MBP correspondence for face recognition. The 

cost function is motivated by the Hausdorff distance concept. Hausdorff distance has 

been widely utilised as shape comparison metrics on binary images. 

6.2.1    Binary Pattern Distance 

As a preliminary step, two distances are proposed to take measurement of two binary 

patterns (a model binary pattern MBP  and a test binary pattern TBP ): pattern 

distance and shifting distance. Representing the pattern-level disparity between two 

binary patterns, the pattern distance pd  is measured by examining the Hamming 

distances (the accumulated sum of the disagreeing bits in between) of the model 

pattern and the test pattern with several bit-wise shifts. The minimal value of these 

distances is selected as pd . The shifting distance sd  is defined as the number of 

shifting bits at which the pattern distance reaches the minimum. Figure 6-4 provides 

examples of the proposed two distances. It is possible to assume that the pattern-level 

disparity originates from inter-class variation and the bit-wise shifting comes from 

intra-class variation. Therefore, pd  and sd  have the ability to reveal the local feature's 

inter-class and intra-class variations respectively. 
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Figure 6-4    The pattern distance ( pd ) and the shifting distance ( sd ). 

 

Following the definitions of pd  and sd , the BPD of binary patterns MBP  and 

TBP  is represented as: 

2 2( , )M T
p sBPD BP BP d dρ= + ,    (6.6) 

where 

min { ( , ( , ))}

| arg min{ ( , ( , ))} |

M T
p K k K

M T
s

K k K

d HD BP SH BP k

d HD BP SH BP k
− ≤ ≤

− ≤ ≤

⎧ =
⎪
⎨ =⎪⎩

.   (6.7) 

Here ρ is used to balance the contributions of pd  and sd . HD stands for the Hamming 

distance. The operation ( , )TSH BP k  performs a bit-wise directional shifting on TBP  

for  ( , ,0, , )k k K K= −  times. A positive k stands for a forward-shifting; a 

negative k stands for a backward-shifting; and when k equals 0, no shifting operation 

is performed.  ( 0)K K ≥  is the bit-wise shifting limit. 
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6.2.2    MBP Distance 

For two MBPs ( MMBP  and TMBP ) composed of four bunches of binary patterns 

respectively, the average BPD in each directional bunch is calculated, and then the 

minimal mean of four bunches is selected and defined as the MBP distance: 

{ , ,1

, ,1

, ,1

1( , ) = min  ( , ),

1                                           ( , ),

1                                           ( , ),

           

NM T M T
L n L nn

N M T
L n L nn

N M T
L n L nn

d MBP MBP BPD HBP HBPN

BPD VBP VBPN
BPD ABP ABPN

=

=

=

∑
∑
∑

}, ,1
1                                ( , ) .N M T

L n L nn
BPD DBP DBPN =∑

  (6.8) 

This measurement involves bit-wise shifting of local patterns in four different 

directions (see Figure 6-5). By using a small balancing factor ρ, it can provide 

robustness to small local feature distortion caused by intra-class variation. 

 

 

Figure 6-5    The bit-wise directional shifting of MBP. 

 

6.2.3    Establishing Point Correspondence 

A cost function is defined to find correspondence of MBP pairs between two face 

images. Given two finite MBP sets 1 2{ , , , }M M M
PM MBP MBP MBP=  representing a 
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model face in the database and 1 2{ , , , }T T T
QT MBP MBP MBP=  representing a test face 

from input, where P and Q are the numbers of MBPs in M and T respectively. The 

cost function takes the form: 

( , ) max{ ( , ), ( , )}D M T dirD M T dirD T M= ,   (6.9) 

where the function ( , )dirD M T  is the directed cost function from set M to T. Since 

the point position ( , )x y  where each MBP is extracted has been recorded, the directed 

MBP cost function can be defined as 

2 2 2

11

1( , ) min ( ) ( ) ( , )
P

M T M T M T
p q p q p qq Qp

dirD M T x x y y d MBP MBP
P

λ
≤ ≤

=

= − + − +∑ . (6.10) 

This is a compound measurement composed of both spatial information and MBP 

features. The weight λ is used to balance the contributions of Euclidean distance and 

MBP distance. The cost function ( , )D M T  evaluates the degree of mismatch between 

two MBP sets by measuring the distance of the MBP of M that has the largest distance 

from any MBP of T, and vice versa. 

6.3    Experimental Results 

The proposed method was assessed on the public available AR face database [117], 

which contains over 4000 colour images from 126 people (70 men and 56 women). 

The database covers frontal view faces under controlled condition, different facial 

expressions and different illumination conditions. There are 26 different images per 

person, recorded in two different sessions with a two-week time interval, and each 

session consists of 13 images. Because images in some sessions were missing, we 

eventually obtained 120 complete set of images (65 men and 55 women). All the 

images were normalised (in scale and rotation) and cropped to 160 × 160 pixels based 
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on the manually labelled positions of two eyes. We fixed the MBP size as 

8,  8L N= = , the bit-wise shifting limit as 4K =  and the balancing factor as 0.1ρ =  

in our experiments. 

6.3.1    Determination of λ 

The weight λ In Equation (6.10) balances the contributions of spatial and MBP 

measurements. In this subsection, a set of experiments was performed to determine λ 

using all the neutral expression faces in the AR database. The model set is the neutral 

faces in the first session, and the test set is those in the second session. The top-one 

recognition accuracy against the weight λ is displayed in Figure 6-6. The recognition 

accuracy reached and remained maximum when λ ranged from 120 to 300. The 

weight 160λ =  was selected and used in the rest of the experiments. 

 

 

Figure 6-6    Recognition accuracy against the weight. 
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In the following, the MBP method was compared with the Directional Corner 

Point (DCP) method [57] under various situations, using the neutral faces in normal 

condition taken in the first session as the model set. 

6.3.2    Face Recognition Results 

The face images under controlled condition in the second session were first used to 

evaluate the proposed method. The comparative recognition accuracy is illustrated in 

Figure 6-7. Although the number of subjects used in this study (120) was more than 

that in DCP (112), the proposed MBP method still outperformed the DCP method. 

 

 

Figure 6-7    Comparative recognition accuracy under controlled 

condition. 

 

To compare the recognition accuracy with expression variations, the 
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can be seen from the figure that the performance of the proposed method is much 

better than the DCP method under all three expression variations, especially under the 

screaming condition, where the improvement is over 20%. This can be explained by 

the robustness of MBP against local feature distortion. It indicates that the locations of 

feature points might be subject to significant change from screaming, but the pattern-

level disparity of their neighbourhoods is comparably stable. 

 

 

Figure 6-8    Comparative recognition accuracy under different 

expressions. 

 

We finally performed the experiment under the condition of illumination 

changes. The AR database contains three different lighting conditions: left light, right 

light and both lights on. Figure 6-9 displays these experimental results. The 

recognition accuracy of the proposed method is noticeably above 90% when either 

left or right light on. This demonstrates that MBP is very tolerant to lighting changes. 
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However, it is still sensitive to extreme lighting, which causes strong specular 

reflectance on the face skin and thus could erase some sparse points. 

 

 

Figure 6-9    Comparative recognition accuracy under different 

illuminations. 

 

6.4    Summary 

Local Binary Pattern (LBP) has proved to be a powerful descriptor for both texture 

and facial images, demonstrating excellent performance in computer vision 

community. This chapter proposed a more discriminative Multidirectional Binary 

Pattern (MBP) for face representation. Faces are modelled as a sparse set of shape-

driven points with MBP attached on each point. The main contributions of the 

proposed method are: 1) Binary pattern bunches from multiple directions are collected 

to enhance the discriminative power of local features. 2) In stead of histogramming all 
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the pixels of an image, local features are extracted from sparse points to reduce the 

storage demand. 3) A specially designed MBP measurement is proposed to evaluate 

binary patterns and establish point correspondence. The experiments on face 

recognition demonstrated the effectiveness of the proposed method against different 

environmental variations. This study reveals that the proposed MBP method provides 

a new solution towards robust face recognition. 
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Chapter 7      

Sobel-LBP for Face Representation and 

Recognition 

One of the key issues for a well-designed face recognition system is to find a good 

object representation [28, 212]. A good representation should be of high ability to 

discriminate between classes, has low intra-class variance, and can be easily 

computed. Many holistic approaches such as Principal Component Analysis (PCA) 

[126, 183, 184], Linear Discriminant Analysis (LDA) [14, 118], Kernel Principal 

Component Analysis (KPCA) [161] and Kernel Linear Discriminant Analysis (KLDA) 

[201] have been widely investigated due to their efficiency to capture variance in the 

training database. KPCA and KLDA can be considered as the well-known nonlinear 

extensions to PCA and LDA. The PCA techniques focus on the low-dimensional 

representation of the objects, while LDA-based algorithms deal directly with the 

discrimination between classes. Two well-known face recognition methods, Eigenface 

[183]  and Fisherface [14] built on the above two techniques respectively, have been 

proved successful. 

Meanwhile, local methods have also gained much attention in the face 

recognition community due to their robustness to illumination and pose variations. In 
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Local Feature Analysis (LFA) [140], a dense set of local-topological fields were 

developed to extract local features. Gabor wavelet is a sinusoidal plane wave with 

particular frequency and orientation, modulated by a Gaussian envelope [53]. It can 

characterise the spatial structure of an input object, and thus is suitable for extracting 

local features. Elastic Bunch Graph Matching (EBGM) [196] represented a face by a 

topological graph where each node contains a group of Gabor coefficients, known as a 

jet. It achieved the best performance in the FERET test [146]. The stochastic 

modelling based on Hidden Markov Models (HMM) has been successfully applied to 

human face recognition. In [159], faces were intuitively divided into local regions 

such as eyes, nose, mouth, etc., which were associated with the states of a hidden 

Markov model. The feasibility of the component or patch based face recognition was 

also investigated in [27, 67], in which the component-based face recognition 

approaches clearly outperform global approaches. A skin detail analysis method [149] 

was proposed to localise photograph prominent irregularities in facial skin, in 

particular nevi (moles, birthmarks). Their characteristic configuration over a face was 

used to encode the person's identity independent of pose and illumination. 

The recently proposed Local Binary Pattern (LBP) approach [137] has evolved 

to represent a significant breakthrough in face representation, outperforming earlier 

methods such as PCA, Bayesian and EBGM methods [8]. The idea behind using the 

LBP features is that a face can be seen as a composition of micropatterns generated by 

the concatenation of the circular binary gradients. The LBP operator has been 

successfully applied to texture analysis [137], facial expression analysis [210] and 

background modelling [66]. 

In this chapter, we propose a new Sobel-LBP, which is an extension of the 

LBP operator. We argue that the performance of LBP can be greatly improved 
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through Sobel operator prior to feature extraction. As LBP extracts the circular binary 

gradients at a micro-level, Sobel operator provides the function of enhancing this 

gradient information accordingly. Compared with LBP, Sobel-LBP achieves superior 

performance in our comparative experiments. Besides, we extend Sobel-LBP to 

Gabor features. It is demonstrated that Sobel-LBP outperforms LBP on both Gabor 

real and imaginary features, which can effectively enhance the recognition 

performance of the proposed Sobel-LBP method. Different from the learning-based 

methods, Sobel-LBP is directly extracted from images or Gabor features without any 

training procedure, and thus is applicable to the systems where only one sample image 

per person is available. Similar to but better than LBP, Sobel-LBP is a micropattern 

presented in a general form which can capture more gradient information from local 

variances. Due to its micropattern representation, Sobel-LBP is also modelled by 

histogram to preserve the information about its distribution. 

The rest of this chapter is organised as follows. Section 7.1 presents the 

proposed Sobel-LBP in detail. Section 7.2 applies Sobel-LBP to Gabor real and 

imaginary features. In Section 7.3, comparative experiments on the FERET database 

[146] are conducted to evaluate the performance of Sobel-LBP on face recognition. 

The last section summarises this chapter. 

7.1    Definition of Sobel-LBP 

In this section, we first provide a brief introduction of Local Binary Pattern (LBP), 

and then describe Sobel-LBP in detail. The procedure of constructing the spatial 

histogram is followed to model the distribution of Sobel-LBP for face representation. 
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7.1.1    Local Binary Pattern 

The LBP operator was originally designed as a gray-level invariant texture measure to 

model texture images and later extended to many other research fields due to its 

excellent performance in terms of both speed and discrimination capability. The LBP 

operator marks each pixel cI  of an image as a decimal number , ( )P R cLBP I , which is 

formed by thresholding the P equally spaced neighbour pixels ,  ( 0, , 1)p RI p P= −  

on a circle of radius R with the centre pixel cI  and concatenating the results 

binomially with factor 2 p : 

( )
1

, ,
0

2
P

p
P R p R c

p
LBP s I I

−

=

= −∑ ,    (7.1) 

where the thresholding function ( )s x  is defined as 

( )
1,   0
0,   0

x
s x

x
≥⎧

= ⎨ <⎩
.     (7.2) 

An example of obtaining a LBP micropattern 8,1LBP  with the parameters 8P =  and 

1R =  has been illustrated previously in Figure 6-1 of Chapter 6. 

7.1.2    Sobel-LBP 

LBP actually encodes the micro-level information of edges, spots and other local 

features in an image. Based on this observation, we argue that combining Sobel 

operator with LBP can enhance the local features, and thus more detailed information 

can be extracted from LBP operation. This new operator is named as Sobel-LBP. 

Because Sobel operator is very easy and efficient to implement, it only slightly 

increases the computational work of LBP feature extraction process. 
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The Sobel operator contains two 3 × 3 kernels (horizontal kernel xS  and 

vertical kernel yS ) which are convolved with the original image I to calculate 

gradient approximations: 

1 0 1
2 0 2
1 0 1

x
xI S I I

−⎡ ⎤
⎢ ⎥= ∗ = − ∗⎢ ⎥

−⎢ ⎥⎣ ⎦

,    (7.3) 

1 2 1
0 0 0
1 2 1

y
yI S I I

⎡ ⎤
⎢ ⎥= ∗ = ∗⎢ ⎥
− − −⎢ ⎥⎣ ⎦

,   (7.4) 

where xI  and yI  represent the horizontally and vertically filtered results, respectively. 

Normally  xI  and yI  are combined to give the gradient magnitude 2 2( ) ( )x yI I+ . In 

this study, the Sobel-LBP operator is defined as the concatenation of LBP operations 

on xI  and yI : 

{ }, , ,- - ,  -x y
P R P R P RSobel LBP Sobel LBP Sobel LBP= ,  (7.5) 

where 

( )
1

, ,
0

- 2
P

x x x p
P R p R c

p

Sobel LBP s I I
−

=

= −∑ ,   (7.6) 

( )
1

, ,
0

- 2
P

y y y p
P R p R c

p

Sobel LBP s I I
−

=

= −∑ .   (7.7) 

7.1.3    Histogram of Sobel-LBP 

The histograms of the Sobel-LBP micropatterns contain the distribution information 

of the local features in an image. In order to preserve spatial information, a face image 

is divided into several non-overlapping rectangular subregions. Figure 7-1 illustrates 

an example of face image divided into 3 × 3 subregions. A spatial histogram, which 



Chapter 7. Sobel-LBP 

 126 

concatenates the histograms of all the subregions, is employed to represent the face. 

The spatial histogram encodes both the appearance and the spatial relations of facial 

regions. Let - ( )Sobel LBP iH R  denote the histogram of the Sobel-LBP patterns extracted 

from the subregion  ( 1, , )iR i N= . The spatial histogram of the face image is 

represented as 

( ) ( ){ }- | 1, ,Sobel LBP iSH I H R i N= = .  (7.8) 

Note the subregions can be of different shapes other than rectangles, of different sizes, 

or partially overlapping. 

 

 

Figure 7-1    A face image divided into 3 × 3 subregions. 

 

There are many similarity measures for histogram matching. In this study, 

histogram intersection is utilised to compare two spatial histograms 1SH  and 2SH : 

( ) ( )1 2 1 2
, ,

,

min ,HI i j i j
i j

S SH ,SH SH SH= ∑ ,   (7.9) 
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where indices i and j refer to thj  bin in histogram corresponding to the thi  subregion. 

This measure has an intuitive motivation in that it calculates the common parts of two 

histograms. Because it requires only simple operations, its computational complexity 

is very low. 

7.2    Sobel-LBP on Gabor Features 

In image processing and object recognition, one of the widely used image feature 

descriptors is Gabor features. Extracted by a set of Gabor wavelets, Gabor features are 

motivated by their successful modelling the receptive field profiles of cortical simple 

cells [42]. They can capture the salient visual properties in an image, such as spatial 

characteristics, because the kernels can selectively enhance features in certain scales 

and orientations. The LBP operator has been successfully applied on both Gabor 

magnitudes [209] and Gabor phases [205]. In this section, we also extend Sobel-LBP 

operator from spatial domain to Gabor feature domain. Different from [209] and [205], 

we apply Sobel-LBP to Gabor real features and imaginary features. It is demonstrated 

that both Gabor real and imaginary features are able to enhance the object 

representation capability. Still, Sobel-LBP outperforms LBP on both feature domains. 

The 2D Gabor kernel functions used for feature extraction have been 

previously described in Subsection 2.1.4 of Chapter 2. Mathematically, let Re
jG  and 

Im
jG  denote the Gabor real and imaginary features of an image, respectively, where 

0, ,39j = . The Gabor real and imaginary Sobel-LBPs can be defined as 

( ) ( )
1 1

Re Re Re Re Re
, , , , , , , ,

0 0

_ - 2 ,  2
P P

p p
j P R x j p R x j c y j p R y j c

p p

G Sobel LBP s S G S G s S G S G
− −

= =

⎧ ⎫
= ∗ − ∗ ∗ − ∗⎨ ⎬
⎩ ⎭
∑ ∑ , 

(7.10) 
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( ) ( )
1 1

Im Im Im Im Im
, , , , , , , ,

0 0

_ - 2 ,  2
P P

p p
j P R x j p R x j c y j p R y j c

p p

G Sobel LBP s S G S G s S G S G
− −

= =

⎧ ⎫
= ∗ − ∗ ∗ − ∗⎨ ⎬
⎩ ⎭
∑ ∑ . 

(7.11) 

Similar to modelling the image Sobel-LBP, the spatial histograms of Gabor real and 

imaginary Sobel-LBPs are represented as 

( ) ( ){ }Re
Re

_ -
| 1, , ; 0, ,39

j
iG Sobel LBP

SHG I H R i N j= = = ,  (7.12) 

( ) ( ){ }Im
Im

_ -
| 1, , ; 0, ,39

j
iG Sobel LBP

SHG I H R i N j= = = .  (7.13) 

It should be noted that Sobel-LBP extracted from Gabor features induces a high 

dimensionality of the histogram vector (40 times longer than that of image Sobel-

LBP). To alleviate this problem, the uniform quantisation method is utilised to 

partition the subregion histogram with equal intervals. If the number of the histogram 

bins in each subregion is defined as B, then these B bins with equal size 256
B

 can be 

represented as 2560, , 1
B

⎡ ⎤−⎢ ⎥⎣ ⎦
, 256 256, ,2 1

B B
⎡ ⎤× −⎢ ⎥⎣ ⎦

, , 256[( 1) , ,255]B
B

− × . 

The selection of an optimal number of histogram bins is a compromise between 

recognition performance and speed. 

7.3    Experimental Results 

The proposed Sobel-LBP method was assessed on the publicly available FERET 

database [146], which consists of a total of 14,126 gray-level face images representing 

1,199 individuals. We only considered frontal faces in our experiment. These frontal 

images contain variations in facial expressions, lighting and ageing. The details of the 

five sets of frontal images have been previously described in Table 3-4 of Chapter 3. 
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All the images were normalised and cropped to 88 × 88 pixels based on the positions 

of two eyes provided within the FERET database. 

The experiments were divided into two parts. Experiment A reported the 

results of Sobel-LBP on gray-level images (image Sobel-LBP), and Experiment B 

presented the results of Sobel-LBP on Gabor features (Gabor Sobel-LBP). In both 

experiments, we compared the Sobel-LBP operator and the LBP operator using the 

same radius and sampling points ( 8,  1P R= = ), with varying subregion divisions and 

different subregion histogram bins. 

Experiment A: Sobel-LBP on Gray-Level Images 

To observe the performance of Sobel-LBP under different conditions, the experiments 

were first conducted on the gray-level images from individual probe sets against the 

gallery set FA. Figure 7-2 illustrates the recognition accuracy of both Sobel-LBP and 

LBP on four probe sets with the same subregion size of 4 × 4 pixels. Three different 

numbers of histogram bins (8, 16 and 32) in each subregion were tested. It can be seen 

from the chart that an increasing number of histogram bins improves the recognition 

rates of both Sobel-LBP and LBP. But Sobel-LBP outperforms LBP on all three 

numbers of histogram bins with only one exception of FB probe set, where Sobel-

LBP performs slightly inferior to LBP. This could be caused by the fact that Sobel-

LBP is sensitive to expression variations to a certain extent. It is interesting to note 

that when the test images are of significant detrimental quality (FC and Dup II), 

Sobel-LBP demonstrates a significantly better performance than LBP. 

We also used the same number (32) of histogram bins, and examined the 

influence of different subregion sizes on the recognition rates. Figure 7-3 
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demonstrates that when the subregion size increases, the overall system performance 

degrades accordingly due to the loss of spatial information. This indicates a trade-off 

between the system performance and the feature size. In Figure 7-3(a), Sobel-LBP 

noticeably improves the average recognition rate of LBP by 35.2%. 
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Figure 7-2    Comparative recognition rates on gray-level images with 4 × 

4 sized subregions. 
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(a) 8 histogram bins 
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(b) 16 histogram bins 
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(c) 32 histogram bins 
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Figure 7-3    Comparative recognition rates on gray-level images with 32 

histogram bins. 
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(a) 11 × 11 sized subregions 
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(b) 8 × 8 sized subregions 
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(c) 4 × 4 sized subregions 
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Experiment B: Sobel-LBP on Gabor Features 

The experiments were also designed on Gabor features. Figure 7-4 displays the 

effectiveness of Gabor Sobel-LBP (G_Sobel-LBP) on face recognition. For a fair 

comparison, LBP was also extracted from Gabor real and imaginary features, named 

Gabor LBP (G_LBP). In this experiment, we fixed the parameters to 11 × 11 sized 

subregions and 32 histogram bins. It can be induced from Figure 7-4 that Gabor 

Sobel-LBP and Gabor LBP have achieved better performances than image Sobel-LBP 

and image LBP respectively, which confirms that Sobel-LBP and LBP are both 

effective on Gabor real and imaginary features. The performance of Gabor real 

features is comparable to that of Gabor imaginary features. It should be noted that 

Gabor Sobel-LBP performs consistently better than Gabor LBP over all the probe sets. 
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Figure 7-4    Recognition rates on Gabor features with 11 × 11 sized 

subregions and 32 histogram bins. 
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(a) Gabor real features 
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(b) Gabor imaginary features 
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7.4    Summary 

This chapter extended existing Local Binary Pattern (LBP) and presented a new 

operator, called Sobel-LBP, for face representation and recognition. The feasibility 

and effectiveness of using this operator was investigated. To model the distribution of 

Sobel-LBP micropatterns, an ensemble of spatial histograms was extracted as the 

representation of an input face image. Face recognition based on Sobel-LBP could be 

performed through using histogram intersection as the similarity measurement. We 

used the FERET database to conduct comparative experiments between LBP and 

Sobel-LBP on both gray-level images and Gabor real and imaginary features. The 

results demonstrate that Sobel-LBP significantly outperforms LBP with various 

parameters including different subregion divisions and different subregion histogram 

bins, under various conditions including different illuminations and different time. 
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Chapter 8      

High-Order Micropattern Descriptor 

The recently proposed Local Binary Pattern (LBP) features are originally designed for 

the texture description [136, 137, 150]. The operator has been successfully applied to 

facial expression analysis [210], background modelling [66] and face recognition [8]. 

In face recognition, it achieves a much better performance than PCA, Bayesian and 

EBGM methods, providing a new way of investigating into the face representation. 

The idea behind using the LBP features is that a face can be seen as a composition of 

micropatterns [8]. LBP in nature represents the first-order derivative pattern of images, 

a micropattern generated by the concatenation of the binary gradient directions. 

However, the first-order pattern fails to extract more detailed information contained in 

the input object. To the best of our knowledge, no high-order local pattern operator 

encoding derivative variations has been investigated for face representation. In fact, 

the high-order operator can capture more detailed discriminative information. Some 

high-order non-local pattern methods have been successfully used to solve the face 

recognition problem. For example, the PCA technique can hardly capture some 

variations in the training dataset, such as pose in face recognition. Independent 

Component Analysis (ICA) takes higher-order statistics into account, and is suitable 

for learning complex structure in the dataset [11, 88]. In [62], twenty-five local 
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autocorrelation coefficients were exploited to calculate the high-order primitive 

features, which were further combined with linear discriminant analysis and appeared 

robust against changes in facial expression. We can also find other high-order 

techniques used in face recognition such as the mutual information for feature 

selection [166], in which high-order statistic method was used to select more 

discriminative features. In Tensorface [187], the algebra of higher-order tensors 

offered a potent mathematical framework for analysing ensembles of faces resulting 

from the interaction of any number of underlying factors. The feasibility of a high-

order neural network was also investigated in [186]. 

In this chapter, we propose a novel object descriptor, the high-order Local 

Derivative Pattern (LDP), for robust face recognition. In our framework, LBP can be 

conceptually considered as non-directional first-order LDP, which is the binary result 

of the first-order derivative in images. The second-order LDP can capture the change 

of derivative directions among local neighbours, and encode the turning point in a 

given direction. The thn -order LDP is a local pattern presented in a general form 

which captures detailed relationship in a local neighbourhood. Compared to LBP, the 

high-order LDP achieved superior performance in our comparative experiments. 

Moreover, we propose to extend LDP to feature images, Gabor real and imaginary 

features, for face recognition, which can effectively enhance the performance of the 

proposed LDP method, and LBP as well. Different from the learning-based 

approaches, LDP features are directly extracted from gray-level images or feature 

images without any training procedure. Like LBP, LDP is a micropattern 

representation which can also be modelled by histogram to preserve the information 

about the distribution of the LDP micropatterns. 
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The remaining part of this chapter is organised as follows. Section 8.1 

introduces and discusses the high-order LDP in detail. Section 8.2 extends LDP to the 

feature domain. In Section 8.3, experiments on CAS-PEAL [54], FERET [146] and 

FRGC [143] databases are conducted to evaluate the performance of the proposed 

method on face recognition. The last section briefly summarises this chapter with 

some discussions. 

8.1    High-Order Micropatterns 

In this section, we provide a brief review of Local Binary Pattern (LBP), and then 

introduce the second-order Local Derivative Pattern (LDP) to calculate the first-order 

derivative direction variation. After that, the definition and feasibility of the general 

thn -order LDP are presented and discussed. Finally, we describe the spatial histogram 

to model the distribution of LDP for a face descriptor. 

8.1.1    Local Binary Pattern 

Derived from a general definition of texture in a local neighbourhood, LBP is defined 

as a gray-scale invariant texture measure and is a useful tool to model texture images. 

LBP later has shown excellent performance in many comparative studies, in terms of 

both speed and discrimination performance [8, 66, 137, 210]. The original LBP 

operator labels the pixels of an image by thresholding the 3 × 3 neighbourhood of 

each pixel with the value of the central pixel and concatenating the results to form a 

number. The thresholding function ( , )F ⋅ ⋅  for the basic LBP can be formally 

represented as 
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0
0

0

0,      ( ) ( )
( ( ), ( )) ,   1, 2, ,8

1,      ( ) ( )
i

i
i

if I Z I Z threshold
F I Z I Z i

if I Z I Z threshold
− ≤⎧

= =⎨ − >⎩
,  (8.1) 

where ,  1, ,8iZ i =  is an 8-neighbourhood point around 0Z  as shown in Figure 8-1. 

An LBP can also be considered as the concatenation of the binary gradient directions, 

and is called a micropattern. Figure 8-2 shows an example of obtaining an LBP 

micropattern when the threshold is set to zero. The histograms of these micropatterns 

contain information of the distribution of the edges, spots, and other local features in 

an image. LBP has been successfully used for face recognition in [8], which provides 

a different way to face representation. Different from traditional statistic learning 

methods tuning a large number of parameters, the LBP method is very efficient due to 

its easy-to-compute feature extraction operation and simple matching strategy. 

 

 

Figure 8-1    An example of 8-neighbourhood around 0Z . 

 

 

Figure 8-2    An example of obtaining the LBP micropattern for the 

region in the black square. 

 

1Z 2Z 3Z

8Z 0Z 4Z

7Z 6Z 5Z
 



Chapter 8. High-Order Micropattern Descriptor 

 141

8.1.2    Local Derivative Pattern 

LBP actually encodes the binary result of first-order derivative among local 

neighbours by using a simple threshold function as shown in Equation (8.1), which is 

incapable of describing more detailed information. In this study, we investigate the 

feasibility and effectiveness of using high-order local patterns for face representation. 

A Local Derivative Pattern (LDP) operator is proposed, in which the thn -order LDP is 

defined to encode the ( 1)thn − -order derivative direction variances based on a binary 

coding function. In this scheme, LBP is conceptually regarded as the non-directional 

first-order LDP, because LBP encodes 8-direction first-order derivative binary result. 

Given an image ( )I Z , the first-order derivatives along 0°, 45°, 90° and 135° 

directions are denoted as ( )I Zα′  where 0 ,  45 ,  90α = ° ° °  and 135°. Let 0Z  be a point 

in ( )I Z , and ,  1, ,8iZ i =  be the neighbouring point around 0Z  (see Figure 8-1).  

The four first-order derivatives at 0Z Z=  can be written as 

0 0 0 4( ) ( ) ( )I Z I Z I Z°′ = − ,    (8.2) 

45 0 0 3( ) ( ) ( )I Z I Z I Z°′ = − ,    (8.3) 

90 0 0 2( ) ( ) ( )I Z I Z I Z°′ = − ,    (8.4) 

135 0 0 1( ) ( ) ( )I Z I Z I Z°′ = − .    (8.5) 

The second-order directional Local Derivative Pattern, 2
0( )LDP Zα , in α  

direction at 0Z Z=  is defined as 

2
0 0 1 0 2 0 8( ) { ( ( ), ( )), ( ( ), ( )), , ( ( ), ( ))}LDP Z f I Z I Z f I Z I Z f I Z I Zα α α α α α α′ ′ ′ ′ ′ ′= , (8.6) 

where ( , )f ⋅ ⋅  is a binary coding function determining the types of local pattern 

transitions. It encodes the co-occurrence of two derivative directions in different 

regions as 



Chapter 8. High-Order Micropattern Descriptor 

 142 

0
0

0

0,      ( ) ( ) 0
( ( ), ( )) ,   1,2, ,8

1,      ( ) ( ) 0
i

i
i

if I Z I Z
f I Z I Z i

if I Z I Z
α α

α α
α α

′ ′⋅ >⎧
′ ′ = =⎨ ′ ′⋅ ≤⎩

. (8.7) 

Finally, the second-order Local Derivative Pattern, 2 ( )LDP Z , is defined as the 

concatenation of the four 8-bit directional Local Derivative Patterns: 

2 2( ) { ( ) | 0 ,  45 ,  90 ,  135 }LDP Z LDP Zα α= = ° ° ° ° .  (8.8) 

The proposed LDP operator labels the pixels of an image by comparing two derivative 

directions in two local regions and concatenating the results as a 32-bit binary 

sequence. The derivative direction comparisons are performed on 16 templates 

(Figure 8-3) reflecting various distinctive spatial relationships in a local region. 

Different from LBP encoding the binary derivative gradient directions, the second-

order LDP encodes the change of the neighbourhood derivative directions, which 

represents the second-order pattern information in the local region. Figure 8-4 

illustrates the types of local pattern transitions in a LDP template that are encoded into 

"1" and "0" respectively. The LDP templates can be classified as 3-point and 4-point 

templates. For a 3-point template, Equation (8.7) assigns a "0" to a monotonically 

increasing or decreasing pattern (see Figure 8-4(a-2)), while a "turning point" pattern 

is labelled as a "1" (see Figure 8-4(a-1)). Similarly, for a 4-point template, a "gradient 

turning" pattern (see Figure 8-4(b-1)) is labelled as a "1" and monotonically 

increasing or decreasing pattern is labelled as a "0" (see Figure 8-4(b-2)). This 

operator extracts higher-order local pattern information, that is, the changes of first-

order derivative direction information, into a binary string. An example of the second-

order LDP computation is illustrated in Figure 8-5. 
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Figure 8-3    An illustration of LDP templates. (a-1) The template for 

calculating 1 1
0 1( ( ), ( ))n nf I Z I Zα α

− −  and 1 1
0 5( ( ), ( ))n nf I Z I Zα α

− − . (a-2) The template 

for calculating 1 1
0 2( ( ), ( ))n nf I Z I Zα α

− −  and 1 1
0 6( ( ), ( ))n nf I Z I Zα α

− − . (a-3) The 

template for calculating 1 1
0 3( ( ), ( ))n nf I Z I Zα α

− −  and 1 1
0 7( ( ), ( ))n nf I Z I Zα α

− − . (a-4) 

The template for calculating 1 1
0 4( ( ), ( ))n nf I Z I Zα α

− −  and 1 1
0 8( ( ), ( ))n nf I Z I Zα α

− − . 

 1ref  and  2ref  are the reference points to be aligned to the point of 0Z . 

Similar explanations are applied to (b), (c) and (d). 

Δ

*

Δ

* *

Δ
Δ*

 
(a) 0 ,  1 ,   2ref refα = ° = ∗ = Δ  

*

Δ

*

Δ

*

Δ
* Δ

 
(b) 45 ,  1 ,   2ref refα = ° = ∗ = Δ  

*

Δ

*

Δ
* Δ

*

Δ

 
(c) 90 ,  1 ,   2ref refα = ° = ∗ = Δ  

*

Δ

*

Δ

*

Δ
* Δ

 
(d) 135 ,  1 ,   2ref refα = ° = ∗ = Δ  
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Figure 8-4    Meanings of "0" and "1" for the second-order LDP. (a) The 

three points LDP template: both cases in (a-1) result in a "1"; both cases 

in (a-2) result in a "0". (b) The four points LDP template: both cases in 

(b-1) result in a "1"; both cases in (b-2) result in a "0". 

 
(a) 

 
(b) 
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Figure 8-5    An example to obtain the second-order LDP micropatterns. 
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8.1.3    Nth-order Local Derivative Pattern 

To calculate the third-order Local Derivative Pattern, we first compute the second-

order derivatives along 0°, 45°, 90° and 135° directions, denoted as ( )I Zα′′  where 

0 ,  45 ,  90 ,  135α = ° ° ° ° . The third-order Local Derivative Pattern, 3
0( )LDP Zα , in α  

direction at 0Z Z=  is defined as 

3
0 0 1 0 2 0 8( ) { ( ( ), ( )), ( ( ), ( )), , ( ( ), ( ))}LDP Z f I Z I Z f I Z I Z f I Z I Zα α α α α α α′′ ′′ ′′ ′′ ′′ ′′= . (8.9) 

In a general formulation, the thn -order LDP is a binary string describing 

gradient trend changes in a local region of directional ( 1)thn − -order derivative images 

1( )nI Zα
−  as 

1 1 1 1 1 1
0 0 1 0 2 0 8( ) { ( ( ), ( )), ( ( ), ( )), , ( ( ), ( ))}n n n n n n nLDP Z f I Z I Z f I Z I Z f I Z I Zα α α α α α α

− − − − − −= ,

 (8.10) 

where 1
0( )nI Zα

−  is the ( 1)thn − -order derivative in α  direction at 0Z Z= . 

1 1
0( ( ), ( ))n n

if I Z I Zα α
− −  is defined in Equation (8.11), which encodes the ( 1)thn − -order 

gradient transitions into binary patterns, providing an extra order pattern information 

on the local region. 

1 1
01 1

0 1 1
0

0,      ( ) ( ) 0
( ( ), ( )) ,   1,2, 8

1,      ( ) ( ) 0

n n
in n

i n n
i

if I Z I Z
f I Z I Z i

if I Z I Z
α α

α α
α α

− −
− −

− −

⎧ ⋅ >⎪= =⎨
⋅ ≤⎪⎩

.  (8.11) 

The high-order local patterns provide a stronger discriminative capability in 

describing detailed texture information than the first-order local pattern as used in 

LBP. However, they tend to be sensitive to noise when the order n becomes high. In 

the design of the proposed approach, the last-order operation (Equation (8.11)) only 

preserves the coarse gradient direction transition information instead of conventional 

difference information. This can alleviate the noise sensitivity problem in the high-
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order LDP representation, making it more robust and stable in binary encoding 

identity patterns in human faces. In representing and recognising many objects, such 

as human faces, the relative orientation information of each local region with respect 

to the object as a whole is part of the object identity patterns. This is particularly 

important in designing a highly discriminative object descriptor for distinguishing 

similar objects. In face recognition, for example, it has been demonstrated in [55] that 

edge orientations provide strong identity descriptive capability for classification. Even 

the average orientation value of a face Line Edge Map (LEM) [55] contains identity 

information, which can be used for face pre-filtering. Therefore the proposed LDP 

builds upon directional derivatives, without losing generality of the method, in four 

directions with a 45° representation resolution. Other numbers of directions can also 

be used. The thn -order LDP is a local pattern string defined as 

( ) { ( ) | 0 ,  45 ,  90 ,  135 }n nLDP Z LDP Zα α= = ° ° ° ° .  (8.12) 

It labels each pixel of the image with a 32-bit binary string encoding local texture 

pattern around the pixel in 16 measuring templates as illustrated in Figure 8-3. 

In calculating the ( )nLDP Z  of a given image ( )I Z , the above binary pattern 

encoding process can be illustrated using the LDP template in Figure 8-3, and the 

binary coding depicted in Figure 8-4. Applying the template in Figure 8-3(a-1) on 

2 ( )nI Zα
−  by aligning the reference point 1ref   to the point ( 0Z Z= ) to be computed, 

the first encoded bit of 0( )nLDP Z  is assigned "0" if the changes of 2
0 ( )nI Z−
°  enclosed 

in the template of Figure 8-3(a-1) along the two arrows are as Figure 8-4(b-2), and "1" 

otherwise. Similarly, the second, third and fourth bits of 0( )nLDP Z  are labelled using 

the LDP templates (a-2) to (a-4) in Figure 8-3 respectively by aligning the reference 

point 1ref   to 0Z  in 2
0 ( )nI Z−
° . The bits 5 to 8 of 0( )nLDP Z  are determined using the 



Chapter 8. High-Order Micropattern Descriptor 

 148 

LDP templates (a-1) to (a-4) in Figure 8-3 respectively one more time by aligning the 

reference point to 2ref   to 0Z . This first 8 bits of 0( )nLDP Z  is from the thn -order 

LDP in 0° direction, 0 0( )nLDP Z° . The rest of the 3 × 8 bits of 0( )nLDP Z  can be 

determined in the same way by applying the LDP templates (b-1)-(b-4), (c-1)-(c-4), 

and (d-1)-(d-4) to 2
45 0( )nI Z−
° , 2

90 0( )nI Z−
°  and 2

135 0( )nI Z−
°  respectively. Figure 8-6 provides 

visualised examples of LBP and LDP representations for a face image, showing that 

the high-order LDP can capture more detailed information. 

 

 

Figure 8-6    Visualisation of LBP and LDP (in 0° direction) 

representations. (a) Original face image. (b) LBP. (c) Second-order LDP. 

(d) Third-order LDP. (e) Fourth-order LDP. 

 

The advantages of the high-order LDP over LBP can be briefly summarised in 

the following aspects: 

1) LBP cannot provide a detailed description for faces by encoding the 

binary gradient directions. However, the thn -order LDP can provide 

more detailed description by coding the ( 1)thn − -order derivative 

direction variations. 

2) LBP encodes the relationship between the central point and its 

neighbours, but LDP encodes the various distinctive spatial 

     

(a)  (b)  (c)  (d)  (e) 
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relationships in a local region, and therefore contains more spatial 

information. 

8.1.4    Histogram of Local Derivative Pattern 

In this work, the LDP method presented in the above subsection is used for face 

representation. The procedure applies a high-order local feature operator on each pixel 

to extract discriminative features from its neighbourhood. We model the distribution 

of high-order local derivative pattern by spatial histogram [8, 207], because it is more 

robust against variations in pose or illumination than holistic methods. Given a 

direction α , LDPα  are spatially divided into rectangular regions (see Figure 8-7) 

represented by 1, , LR R , from which spatial histograms ( , )HLDP i α  are extracted as 

( , ) { ( ) | 1, , ;  0 ,  45 ,  90 ,  135 }LDP iHLDP i H R i L
α

α α= = = ° ° ° ° , (8.13) 

where ( )LDP iH R
α

 is the LDP histogram feature extracted from the local region iR . 

Note that the regions do not have to be rectangular or of the same size. For example, 

spatial histograms can be extracted from circular regions with different radii. 

 

 

Figure 8-7    Examples of a face divided into different subregions. 
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Many similarity measures for histogram matching have been proposed. In this 

study, histogram intersection is used to measure the similarity between two 

histograms: 

1
( ) min ( )

B

HI i i
i

S , H ,S
=

=∑H S ,    (8.14) 

where ( )HIS ,H S  is the histogram intersection statistic with 1 2( , , , )T
BH H H=H  and 

1 2( , , , )T
BS S S=S . Equation (8.14) is used to calculate the similarity for the nearest 

neighbour classifier.  This measure has an intuitive motivation in that it calculates the 

common parts of two histograms. Its computational complexity is very low as it 

requires only simple operations. It should be noted that it is also possible to use other 

measures such as the chi-square distance [137]. 

8.2    Extending High-Order Micropatterns to 

Feature Images 

Similar to LBP, the LDP presented in the previous section encodes spatially varying 

patterns in local regions of an image. Conceptually, it is anticipated that extending the 

proposed high-order local pattern description to feature images containing wider 

range of appropriate discriminative features could achieve a higher level of system 

performance. In this section, we investigate the feasibility and effectiveness of 

extending LDP beyond spatial domain to feature domain. In image processing and 

object recognition, Gabor features are widely used image feature descriptors extracted 

by a set of Gabor wavelets (kernels) which model the receptive field profiles of 

cortical simple cells [44, 53, 107, 205, 206]. They can capture the salient visual 
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properties in an image, such as spatial characteristics, because the kernels can 

selectively enhance features in certain scales and orientations. Here, we extend LDP 

to Gabor feature images to enhance the object representation capability. The 2D 

Gabor kernel functions used for feature extraction have been previously defined in 

Subsection 2.1.4 of Chapter 2. 

Let , ( )u vG Z  denote the Gabor features of an image, where u and v are the 

orientation and scale of the kernel, respectively. Its thn -order derivatives along 0°, 45°, 

90° and 135° directions at 0Z Z=  can be written as 

1 1
, ,0 0 , ,0 0 , ,0 4( ) ( ) ( )n n n

u v u v u vG Z G Z G Z− −
° ° °= − ,    (8.15) 

1 1
, ,45 0 , ,45 0 , ,45 3( ) ( ) ( )n n n

u v u v u vG Z G Z G Z− −
° ° °= − ,   (8.16) 

1 1
, ,90 0 , ,90 0 , ,90 2( ) ( ) ( )n n n

u v u v u vG Z G Z G Z− −
° ° °= − ,   (8.17) 

1 1
, ,135 0 , ,135 0 , ,135 1( ) ( ) ( )n n n

u v u v u vG Z G Z G Z− −
° ° °= − .   (8.18) 

When 0n = , 0
, , 0( ),  0 ,  45 ,  90 ,  135u vG Zα α = ° ° ° °  is the same as the original Gabor 

complex feature , ( )u vG Z . The imaginary and real parts of the thn -order derivatives 

, , 0( )n
u vG Zα  are denoted as 

, , 0( )
Im n

u vG Zα
 and 

, , 0( )
Re n

u vG Zα
 respectively. The thn -order Gabor 

Local Derivative Pattern, , , 0( )n
u vG LDP Zα− , in α  directions at 0Z Z=  is defined as 

1 1 1 1
, , 0 , , 1 , , 0 , , 2

1 1 1 1
, , 0 , , 3 , , 0 , , 4

1 1
, , 0 , , 5

, , 0 ( ) ( ) ( ) ( )

( ) ( ) ( ) ( )

( ) ( )

( ) { (Re ,Re ), (Im , Im ),

    (Re ,Re ), (Im , Im ),

    (Re ,Re ),

n n n n
u v u v u v u v

n n n n
u v u v u v u v

n n
u v u v

n
u v G Z G Z G Z G Z

G Z G Z G Z G Z

G Z G Z

G LDP Z f f

f f

f

α α α α

α α α α

α α

α − − − −

− − − −

− −

− =

1 1
, , 0 , , 6

1 1 1 1
, , 0 , , 7 , , 0 , , 8

( ) ( )

( ) ( ) ( ) ( )

(Im , Im ),

    (Re ,Re ), (Im , Im )},

n n
u v u v

n n n n
u v u v u v u v

G Z G Z

G Z G Z G Z G Z

f

f f
α α

α α α α

− −

− − − −

 (8.19) 

where ( , )f ⋅ ⋅  is the same binary coding function as defined in the previous section. It 

should be noted that the alternating use of real and imaginary parts from each of the 
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four derivative directions in G LDP−  defined in the above equation is for reducing the 

size of the pattern. 

Similar to modelling the gray-level image based LDP, the Histogram of Gabor 

Local Derivative Pattern (HGLDP) represented by 
iRHGLDP , at a local region iR , is 

defined as 

, ,
              { ( ) | 0, ,7;  0, ,4;  1, , ;  0 ,  45 ,  90 ,  135 },

i

u v

R

G LDP i

HGLDP

H R u v i L
α

α
−

=

= = = = ° ° ° °

 (8.20) 

where 
, ,

( )
u vG LDP iH R

α−
 is the histogram of LDP extracted from iR . 

8.3    Experimental Results 

A thorough system performance investigation, which covers various conditions of 

face recognition including lighting, accessory, pose, expression and ageing variations, 

has been conducted. In this study, four sets of publicly available face databases, CAS-

PEAL-R1 [54], FERET-200, standard FERET [146] and FRGC [143] databases, were 

tested. In the experiments, the facial portion of each original image was normalised 

and cropped based on the locations of the two eyes. 

In the following, Subsection 8.3.1 reports the experimental results on a subset 

(the first 300 people) of CAS-PEAL-R1 database with varying accessory, expression, 

and lighting conditions. Subsection 8.3.2 presents the experimental results on FERET-

200 (all 200 people) involving pose, lighting and expression changes. Subsection 

8.3.3 focuses on comparative performances on all the four subsets of the standard 

FERET database (all 1,196 people) with expression, lighting, and ageing variations. 

Subsection 8.3.4 describes comparative performances on the FRGC database. 
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8.3.1    Experimental Comparisons on the CAS-PEAL-R1 

Database 

The CAS-PEAL-R1 [54] face database has been publicly released for the purpose of 

research, which contains 9,060 images of 1,040 persons. We used the first 300 

persons (indices from 000001 to 000300) in CAS-PEAL-R1 as the test database. Our 

gallery set contained 300 faces of the first 300 people (one image per person) from the 

gallery set of CAS-PEAL-R1. The probe set contained 3,109 images of the same 300 

people from accessory (1,064 pictures), lighting (1,167 pictures), expression (878 

pictures) of CAS-PEAL-R1. All the images were normalised and cropped to 88 × 88 

pixels. 

The issue to be investigated in this section is whether the high-order local 

derivative patterns provide useful identity information and how well it performs for 

face recognition compared to the widely used first-order local pattern (LBP). To 

answer this question, an experimental study was first performed to evaluate the 

feasibility and effectiveness of LDP on the gray-level images. The experiments were 

designed using faces including different lighting conditions, expressions, and 

accessories. Experimental results (Figure 8-8) demonstrate that the recognition 

accuracy is significantly improved when the order of local pattern is increased from 

the first-order local pattern (LBP) to the second-order and the third-order LDPs. Then 

the performance drops back to the level of LBP when it reaches to the fourth-order 

LDP. These results reveal that the high-order local patterns can extract more detailed 

information than LBP. The coding function in LDP can alleviate the noise sensitivity 

problem in the high-order derivative images, making LDP more robust and stable in 

binary encoding identity patterns in human faces. However, it is incapable of dealing 
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with further detailed information contained in the higher-order LDP such as the 

fourth-order LDP (see Figure 8-8). It should be noted that all the experimental results 

were obtained with the same parameters of 4 × 4 sized subregions and 8 histogram 

bins for both LDP and LBP. 

 

 

Figure 8-8    Comparative rank-one identification rates of LDP and LBP 

on gray-level images using the CAS-PEAL-R1 database. 

 

Figure 8-9 shows the effectiveness of G_LDP on face recognition. For a fair 

comparison, LBP is also combined with Gabor real and imaginary parts, named 

G_LBP. Experimental results show that the proposed third-order G_LDP achieves a 

much better performance than G_LBP. Different from the results on the gray-level 

images, the performance of the fourth-order G_LDP degrades gracefully, probably 

because Gabor features contain high-order discriminative information and less 

sensitive to noise due to kernel convolving operation [53, 107]. Compared to the 
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results in Figure 8-8, the experiment results illustrate that applying local pattern 

descriptors (LBP and LDP) on Gabor features consistently achieves better 

performance than directly applying them on the gray-level images, demonstrating that 

Gabor real and imaginary parts can provide more discriminative information than 

images. For G_LDP and G_LBP in this experiment, 11 × 11 sized subregions with 64 

histogram bins were used. 

 

 

Figure 8-9    Comparative rank-one identification rates of LDP and LBP 

on Gabor features using the CAS-PEAL-R1 database. 

 

We also evaluated the effects of two parameters, subregion size and number of 

histogram bins, on the recognition performance. After LDP descriptors were extracted 

from the input face image, we used the spatial subregion based histograms (spatial 

histogram) to model faces. The advantage of the spatial histogram over a holistic 

histogram lies in its preservation of the spatial structure information. We used the 

same histogram bins as in the above experiments for those in gray-level images and 
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Gabor features respectively, and did the following experiments to examine the 

influence of the subregion size on the recognition rate. Four different subregion sizes, 

4 × 4, 8 × 8, 11 × 8 and 11 × 11 were tested on the gray-level images (see Figure 

8-10(a)), and 22 × 22, 22 × 11, 22 × 8 and 11 × 11 were tested on Gabor features (see 

Figure 8-10(b)). The recognition rates are summarised in Figure 8-10, showing that an 

increasing subregion size degrades the system performance due to the loss of spatial 

information. There is a trade-off between the system performance and the feature size. 

For example, changing from the 11 × 11 sized subregions to the 22 × 22 sized 

subregions, the histogram features are greatly reduced by 75%, while the recognition 

rate decreases by 10.1% and 11.2% for LDP and LBP, respectively. Note that LDP 

performs much better than LBP for all the tested subregion sizes. 

In this research, the uniform quantisation method was used to partition the 

subregion histogram with equal intervals. From the results of LDP and LBP on gray-

level images (see Figure 8-11(a)), it is observed that the increase of the histogram bins 

initially improves the recognition rates of LBP and LDP, then their performances drop 

when the number of histogram bins exceeds 32. However, larger number of histogram 

bins is beneficial to Gabor features due to its robustness against noise than images. It 

can be seen that the length of the histogram feature greatly reduced 8 and 4 times 

when the number of the histogram bins is reduced from 64 to 8 (see Figure 8-11(a)) 

and from 128 to 32 (see Figure 8-11(b)), while the recognition performance curves 

remain flat. It is interesting to note that LDP performs much better than LBP for all 

the tested numbers of histogram bins. 
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Figure 8-10    Comparative rank-one identification rates of the third-order 

LDP and LBP with different sizes of subregions using the CAS-PEAL-R1 

database. 
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(b) Comparative results on Gabor features 
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Figure 8-11    Comparative rank-one identification rates of the third-order 

LDP and LBP with different numbers of histogram bins using the CAS-

PEAL-R1 database. 
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(b) Comparative results on Gabor features 
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It should be noted that the long feature length is a drawback of LDP compared 

to LBP, but the recognition curves in Figure 8-11 show that the LDP even with a 

small number of histogram bins (e.g. 16) achieves a better performance than LBP. 

8.3.2    Experimental Comparisons on the FERET-200 

Database 

A good face recognition system is expected to tolerate pose, expression and 

illumination variations. The proposed algorithm was tested on the FERET-200 

database, which includes 1400 images of 200 individuals (each individual has 7 

images) with moderate pose, expression, and illumination variations [146]. The 

images are named by two-character strings as "ba", "bd", "be", "bf", "bg", "bj" and 

"bk". In this experiment, the "ba" set was used as the gallery images, and other images 

were used as the probe images. All the images were normalised and cropped to 88 × 

88 pixels. Samples of a same individual are shown in Figure 8-12. Same as in the 

previous experiments, 4 × 4 sized subregions and 8 histogram bins were used for 

gray-level images, and 11 × 11 sized subregions and 64 histogram bins were used for 

Gabor features to reduce the feature lengths. 
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Figure 8-12    Samples of the cropped images from the FERET-200 

database. 

 

Similar experiments were conducted to evaluate the performance of LDP on 

variations including moderate rotations in pose that the CAS-PEAL-R1 database does 

not contain. Experiment results in Figure 8-13 and Figure 8-14 illustrate that the third-

order LDP performs best on images, and the third-order G_LDP achieves the best 

performance on Gabor features. These results are consistent with those in the previous 

experiments, showing that the proposed method is robust against different external 

conditions when applied on different datasets. As more variations are contained in the 

FERET-200 database, the comparative experiments further confirm that high-order 

local patterns can provide more robust representation for the face images than the 

first-order LBP. 
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Figure 8-13    Comparative rank-one identification rates of LDP and LBP 

on gray-level images using the FERET-200 database. 

 

 

Figure 8-14    Comparative rank-one identification rates of LDP and LBP 

on Gabor features using the FERET-200 database. 
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8.3.3    Experimental Comparisons on the Standard FERET 

Database 

The comparative experiments between LBP and LDP were also conducted on the 

standard FERET face database, which is widely used to evaluate face recognition 

algorithms [146]. We used the same gallery and probe sets as specified in the standard 

FERET evaluation protocol. FA containing 1,196 frontal images of 1,196 subjects 

was used as the gallery set, while FB (1,195 images with expression variations), FC 

(194 images taken under different illumination conditions), Dup I (722 images taken 

later in time between one minute to 1,031 days) and Dup II (234 images, a subset of 

Dup I taken at least after 18 months) were used as the probe sets. All the images were 

normalised and cropped to 88 × 88 pixels. To balance the identification accuracy and 

feature length, we selected the parameters of 4 × 4 sized subregions with 8 histogram 

bins for gray-level images and 11 × 11 sized subregions with 64 histogram bins for 

Gabor features. 

To observe how well LDP performs under different conditions, the 

experiments were conducted on individual probe sets. Experimental results in Figure 

8-15(a) demonstrate that the recognition accuracy in average is significantly improved 

when the order of local pattern is increased from the first-order local pattern (LBP) to 

the second-order and the third-order LDPs. Then the performance drops when it 

reaches to the fourth-order LDP. These results again reveal that the high-order local 

patterns can extract more detailed information than the first-order local pattern. The 

results on the large-scale database also show that the detailed information contained in 

the high-order local patterns can significantly improve the performance of local 

pattern representation in face recognition. 
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The experiments were also designed to evaluate the effectiveness of high-

order LDP on Gabor feature images. Experimental results in Figure 8-15(b) illustrate 

that the third-order G_LDP performs much better than Gabor Local Binary Pattern 

(G_LBP). Especially on the Dup subsets, when gallery and probe images are taken at 

different time with large time intervals of more than one year. It is worth mentioning 

that the third-order G_LDP method achieves 10.8% and 21.6% performance 

improvements over G_LBP on Dup I and II databases, respectively, showing that the 

high-order LDP significantly improves the performance of the face recognition 

system. Figure 8-15 reveals that Gabor feature based LDP and LBP have achieved 

much better performances than the image based LDP and LBP respectively, which 

confirms that LDP and LBP are both effective on Gabor features. Compared to the 

method of Gabor-Fisher Classifier (GFC) [107] that directly uses Gabor features, 

G_LBP and G_LDP significantly improve the recognition accuracy. 
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Figure 8-15    Comparative rank-one identification rates of LDP and LBP 

using the standard FERET database. 
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(b) Comparative results on Gabor features 
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the number of histogram bins and performed the experiments on gray-level images 

again. Four different subregion sizes, 4 × 4, 4 × 8, 8 × 8 and 11 × 11 were tested with 

the same 8 histogram bins. The recognition rates are summarised in Figure 8-16(a), 

showing that an increasing subregion size degrades the system performance due to the 

loss of spatial information. Still, LDP performs much better than LBP for all these 

subregion sizes. Then we fixed the subregion size to 4 × 4 pixels, and changed the 

number of histogram bins in each subregion from 128 to 8 using the uniform 

quantisation method that partitions the histogram with equal interval. This reduces the 

length of the feature vector by 16 times. However, the recognition accuracy curves 

remain relatively flat for both LBP and LDP in Figure 8-16(b), and LDP performs 

consistently better than LBP for all the testing parameters. 

We also evaluated the effect of face misalignment on different subregion sizes 

of LBP and LDP, respectively. In this experiment, the two eye locations of FERET 

probe images were shifted by four independent random values, i.e., displacements of 

left and right eyes in x and y directions, which were generated using random Gaussian 

distribution with σ  ranging from 1 to 3 by rounding them off to the nearest integers. 

The eye locations of the face in the FERET gallery set remained unchanged. Figure 

8-16(a) displays the rank-one identification rates of LBP and LDP with 4 × 4, 4 × 8, 8 

× 8, 11 × 11 sized subregions and 8 histogram bins. The results demonstrate that the 

performances of LDP and LBP remain stable to small misalignments ( 1σ = ) both for 

small and large-sized subregions. When σ  increases further, the identification 

accuracy curves of both LBP and LDP become flatter, showing that the large 

subregions are more robust to large misalignments than smaller ones. Note that LDP 

consistently performs better than LBP in this experiment. 
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Figure 8-16    Comparative rank-one identification rates of the third-order 

LDP and LBP on gray-level images with different sizes of subregions (a) 

and different numbers of histogram bins (b) using the standard FERET 

database. 
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To investigate the sensitivity of LBP and LDP to noise, an experiment was 

conducted on the same FERET datasets. All the images in the probe sets were added 

with different levels of Gaussian white noise ( 0,  1, ,5μ σ= = ); while the images in 

the gallery set remained unchanged. The average recognition rates on the four probe 

sets against different σ  of Gaussian noise are illustrated in Figure 8-17, showing that 

LDP maintains a 13.7% to 15.0% higher accuracy over LBP when σ  increases up to 

3, and then its accuracy drops greater than that of LBP with larger amount of noise. 

This is believed due to the coding function in LDP that can alleviate, to certain extent, 

the noise sensitivity problem in the high-order derivative images. 

 

 

Figure 8-17    Comparative rank-one identification rates of the third-order 

LDP and LBP on gray-level images with Gaussian noise of different σ 

added to the probe images of the standard FERET database. 
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0.180s respectively. All experiments were conducted on a PC with 3GHz CPU and 

2GB RAM. 

8.3.4    Experimental Comparisons on the FRGC Database 

In order to further evaluate the proposed approach, we also performed experiments on 

the FRGC version 2.0 database [143]. The FRGC database provides six experimental 

protocols with the training set. The training set contains 12,776 images of 222 

individuals. As one of the most challenging protocols, FRGC Experiment 4 involves 

images with more complex variations such as serious illumination changes, blurring 

and some occlusions. We selected this protocol in our experiments. The protocol is 

designed to measure verification performance for 8,014 uncontrolled frontal still 

images versus 16,028 controlled images. Considering that images in FRGC are of 

higher resolution, we cropped them to 128 × 168 pixels to evaluate the performances 

in a higher resolution than in previous experiments.  To reduce the feature length, we 

used 8 × 8 sized subregions with 8 histogram bins for both LDP and LBP. 

Experimental results in Figure 8-18 demonstrate that the verification accuracy is 

improved when the order of local pattern is increased from the first-order local pattern 

(LBP) to the third-order LDP on both gray-level images and Gabor features. These 

results further indicate that the high-order local pattern can extract more 

discriminative information than the first-order local pattern. 
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Figure 8-18    Comparative verification rates of LDP and LBP using the 

FRGC Experiment 4 database. 

 

The above experimental results were obtained without using the prior 
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length, we only used 0° and 90° directions for G_LDP. Eventually we had 56 LDA 

sub-classifiers, each designated 120 float-point features. In this way, the feature 

lengths of both G_LDP and G_LBP were reduced from the original 215,040 bytes of 

histogram features to 26,880 bytes of LDA features. 

 

 

Figure 8-19    Subblock partition for LDA training. The face image is 

divided into 16×24 sized subblocks. Each subblock is divided into six 

8×8 sized subregions to extract a sub-spatial-histogram. 

 

In the training stage, we built one LDA model ( 1,2, , )iW i L=  for each 

subblock: 

1 2[ , , , ]LW W W W= .    (8.21) 

In the classification stage, we first calculated the low dimensional features of each test 

image: 

_( ) ( ),  1,2, ,T
i i G LDP iF W H R i L= = .   (8.22) 

Then, all the similarity scores between the low dimensional features of corresponding 

subblocks were added to get the similarity between two images: 
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1

( , ) ( , )
L

i i
i

S I I sim F F
=

′ ′= ∑ ,   (8.23) 

where the similarity function ( , )sim ⋅ ⋅  is defined by the cosine angle distance, and the 

simple sum rule is used to fuse the similarity scores. Other fusion rules might be used 

to achieve better results. Finally, the nearest-neighbour rule was adopted for the 

classification. From Table 8-1, we can see that our approach has achieved a much 

higher verification rate than the baseline approach. Compared with the other state-of-

the-art approaches tested on this large scale database, our results are 6%, 7% and 4% 

higher than the results in [72, 105] and G_LBP respectively, which further validate the 

effectiveness of our approach. 

 

Table 8-1    Verification rates of G_LDP and G_LBP (with LDA) compared 

with the reported results of the state-of-the-art approaches on FRGC 

Experiment 4 

 

 

Method Verification rate at FAR = 0.1% 

Baseline [143] 0.12 

Result in Reference [105] 0.76 

Result in Reference [72] 0.75 

G_LBP 0.78 

Third-Order G_LDP 0.82 
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8.4    Summary 

In this chapter, the feasibility and effectiveness of using high-order local pattern for 

face recognition has been investigated. A Local Derivative Pattern (LDP) was 

proposed to capture the high-order local derivative variations. To model the 

distribution of LDP micropatterns, an ensemble of spatial histograms was extracted as 

the representation of the input face image. Face recognition based on LDP can be 

performed by using histogram intersection as the similarity measurement. 

Experimental results on four sets of face databases, CAS-PEAL, FERET-200, 

standard FERET and FRGC version 2.0 databases, demonstrate that the proposed 

methods outperform LBP-based face recognition methods in both identification and 

verification. 

The main contributions of this chapter include: 1) A novel local descriptor, 

high-order Local Derivative Pattern, is proposed as an object descriptor. Experiments 

conducted on various face conditions, such as different lightings, expressions, ageings, 

accessories and poses, show that high-order local patterns (LDPs) achieve better 

performances than the first-order local pattern (LBP). 2) Gabor real and imaginary 

parts are successfully combined with LDP and LBP. Experimental results show that 

both LDP and LBP on Gabor features achieve much better performance than LDP and 

LBP on images. 3) Extensive experiments conducted on various face databases show 

that the third-order LDPs achieve the best performance on both gray-level images and 

Gabor features. 

It should be noticed that the high dimensionality of G_LDP is mainly due to 

the dimensionality of Gabor features not LDP itself. Except the LDA method used in 

our experiments, there are other solutions for dimension reduction. Investigation and 
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comparison on multi-scale versions of LDP and LBP are our future work to fine tune 

the proposed approach. Due to its excellent performance, we expect that the proposed 

high-order local pattern descriptor is applicable to other object recognition tasks as 

well. 
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Chapter 9      

Evaluation of Average Face on Holistic 

and Local Face Recognition Approaches 

Although there are a large number of automatic face recognition systems available, 

none of them can cope with image variability encountered in the real world. Recent 

academic surveys of face recognition techniques [179, 212] and commercial vendor 

tests [145, 147] have revealed that face recognition at the current stage is not 

sufficient for practical use. The major challenge lies in the difficulties for face 

recognition techniques to tolerate image variations from pose, illumination, 

expression and ageing while maintaining desirable ability to distinguish different 

identities through face images. Various algorithms have been proposed to tolerate or 

compensate the above variations in the research community. These algorithms are 

effective to improve the performance of face recognition in the presence of image 

variations to a certain extent. However, they usually involve very complicated 

processing and can hardly achieve satisfactory accuracy for practical use. 

Recently, psychological researchers from University of Glasgow proposed an 

"Average Face" [74] to improve face recognition approaches. Based on psychological 

findings [26], they claim that the simple process of averaging face images can 



Chapter 9. Evaluation of Average Face 

 176 

dramatically increase the capability of automatic face recognition. The average face is 

constructed from real-world images collected from diverse sources, covering a natural 

range of variations in pose, expression, age and hairstyles. Although the conditions of 

these images vary, pose variation is confined within approximately ±30° to make all 

feature points visible in the image [75]. The researchers experimented with a gallery 

set comprising an average of 9 different photos for each of 3,628 individuals, and a 

probe set composed of 20 photos for each of 25 persons. They reported that averaging 

the 20 images of each person can increase the recognition accuracy from 54% to 

100% [74]. However, the authors did not provide the details of the algorithm 

employed in the experiment. The theory behind the face averaging process is also 

unclear. 

As an attempt to reveal the working mechanism of the average face, this 

chapter is to find out what types of face recognition approaches are benefited most 

from face averaging. We only consider the process of averaging face images with 

different poses because pose variation is one of the most prominent issues in face 

recognition [212]. Other variations such as illumination and expression changes can 

be tested separately. Synthetic images generated from the USF Human ID 3D 

database [22] are utilised to conduct the averaging process. Two representative face 

recognition methods, Eigenface [183] from holistic approaches and Local Binary 

Pattern (LBP) [8] from local approaches, are selected in our experiments to evaluate 

the effectiveness of averaging face images with pose variations. Interestingly, 

experimental results demonstrate that face averaging increases the recognition 

accuracy of the Eigenface method, but decreases that of the LBP method. It is 

possible that the process of face averaging may not necessarily improve all the face 
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recognition systems, but is to a certain extent dependent on the face recognition 

approaches being employed in practice. 

The remaining part of this chapter is organised as follows. Section 9.1 briefly 

introduces the process of constructing an average face. Section 9.2 presents the 

experimental settings to reveal the effectiveness of face averaging. Section 9.3 

describes our comparative experiments using Eigenface and LBP methods. The last 

section summarises this chapter. 

9.1    Averaging Face 

This section provides a brief description of constructing an average face from multiple 

different face images of a same person. The details of the image averaging procedure 

were reported in [75]. 

9.1.1    Morphing Individual Images 

All the face images from the same person are first labelled with 34 feature points (xy-

coordinates) for shape capturing. These feature points have exact physical meanings 

on a face image (see Figure 9-1(a)). Some feature points are located at corners of the 

eyes, tip of the nose, corners of the mouth, etc. A fixed 34-point template, illustrated 

in Figure 9-1(b), is predefined for individual image morphing. The bi-cubic 

interpolation is used to morph all the face images to the template, with the aid of 

labelled feature points. Figure 9-1 displays this morphing process. 
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Figure 9-1    Face image morphing. (a) Original face images labelled with 

34 feature points. (b) Fixed 34-point template. (c) Face images after 

morphing. 

 

9.1.2    Averaging Textures and Shapes 

After all the face images are registered through morphing themselves to the template, 

we get a group of morphed textures and their specific shapes. All the face textures and 

face shapes are then averaged into a mean texture and a mean shape respectively. The 

average texture is obtained by calculating the mean gray-level value at each pixel, and 

the average shape is obtained by calculating the mean xy-coordinates of each feature 

point. Figure 9-2 illustrates this averaging process. 

 

(a)    (b)    (c) 
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Figure 9-2    Face texture and shape averaging. (a) Texture averaging. (b) 

Shape averaging. 

 

9.1.3    Constructing Average Face 

Finally, the average face of a person is produced through morphing the person's 

average texture to his/her average shape. Image adjustment methods can be employed 

to enhance the final photograph. This procedure is demonstrated in Figure 9-3. 

 

 

 

 

(a) 

 

(b) 
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Figure 9-3    Average face morphing. (a) Average texture. (b) Average 

shape. (c) Average face from morphing. 

 

9.2    Experimental Settings 

To reveal the working mechanism of the average face against pose variations, a 3D 

face database is selected and the face recognition experiments are tested on synthetic 

images generated from the 3D face models. This section describes the 3D face 

database and evaluation protocol we used in our experiments. 

9.2.1    Face Database 

The USF Human ID 3D database [22] is used in our experiments. This database 

contains 136 different 3D colour head scans. Each scan includes the 3D coordinates of 

a human's head, as well as the associated texture map of the head. These 3D face 

models are cropped to exclude hair and shoulders.  The reason of using a 3D database 

is two folded. Firstly, by performing a one-off labelling of 3D face scans with 34 

feature points directly (see the middle image in Figure 9-4), we can get both accurate 

 

(a)   (b)     (c) 
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2D feature points and pose-varied 2D images through 3D-to-2D projection. This not 

only avoids the efforts of labelling lots of 2D images, but also minimises the labelling 

errors that could be involved during labelling 2D images otherwise. Secondly, the 

selection of a 3D database can also exclude possible illumination, expression and 

ageing variations, and thus ensure our experiments exclusively dealing with pose 

variations only. 

Synthetic 2D images of randomly selected 50 people in the database with pose 

variations but subject to the same uniform illumination are generated using OpenGL 

rendering. Figure 9-4 presents three samples of individuals from the database. For 

each person, the facial pose is varied by incrementing the yaw angle (left-right) within 

±30° range in steps of 1°. This yields a total of 61 × 50 = 3,050 images from 50 

individuals. All the images are normalised (in scale and rotation) and cropped to 100 

× 100 pixels based on the positions of two eyes. Figure 9-5 provides examples of 

normalised images. 

 

 

Figure 9-4    Three sample individuals from the USF Human ID 3D 

database [22]. The individual in the middle is marked with 34 feature 

points. 
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Figure 9-5    Examples of normalised face images. 

 

9.2.2    Evaluation Protocol 

In our experiments, the face images of frontal view (i.e. yaw angle is 0°) are used as 

the gallery set. For the probe set, we randomly select 20 angles that are evenly 

distributed within the pose range [-30°, +30°]. The face images of the selected angles 

are collected to form a probe set. This random selection is repeated for ten times. 

Eventually we get ten groups of probe sets of face images. In each group, two 

recognition rates are recorded. The first recognition rate allR  is obtained from 

matching all the probe images in the group against the gallery set. The second 

recognition rate avgR  is obtained using each person's average face as the probe image, 

which is synthesised via the method in Section 9.1 using 20 images of that person. 

The comparison of allR  and avgR  can reflect the effectiveness of the average face for 

face recognition. 
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9.3    Experimental Results 

To evaluate the effectiveness of averaging face images with pose variations, two 

representative face recognition methods, Eigenface from holistic approaches and LBP 

from local approaches, are selected as the testing algorithms in our experiments. 

9.3.1    Eigenface Results 

As a representative holistic approach, the Eigenface method [183] is commonly 

considered as the baseline algorithm for face recognition. The comparative 

recognition rates of the Eigenface method are listed in Table 9-1. The number of 

eigenvectors in this experiment is 40. It can be clearly observed from the table that the 

average faces obtain a consistently higher recognition rate than using all the faces 

with pose variations. The average improvement of close to 10% recognition accuracy 

is in compliance with the results from [74]. 
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Table 9-1    Recognition rates of Eigenface 

 

 

9.3.2    LBP Results 

The LBP operator [8] thresholds the pixels of a local neighbourhood around each 

position with the value of the centre pixel, and binomially encodes the results as a 

local image descriptor. In order to preserve spatial information, a face image is 

divided into several non-overlapping rectangular subregions. A spatial histogram, 

which concatenates the histograms of all the subregions, is employed to represent the 

face. In this experiment, we use the radius ( 1R = ) and the sampling points ( 8P = ), 

with 10 × 10 sized subregions and 32 histogram bins. The comparative recognition 

rates of the LBP method are listed in Table 9-2. It is interesting to find from the table 

Probe sets Rall (%) Ravg (%) 

Group 1 69.22 78.00 

Group 2 75.53 78.00 

Group 3 64.78 80.00 

Group 4 68.78 72.00 

Group 5 79.79 80.00 

Group 6 65.33 86.00 

Group 7 75.58 78.00 

Group 8 70.11 82.00 

Group 9 71.44 80.00 

Group 10 65.88 80.00 

Average 70.64 79.40 



Chapter 9. Evaluation of Average Face 

 185

that the performance of average faces is much worse than that of original faces. The 

reduction of recognition rates in some probe sets are even over 30% (see Groups 1, 2, 

4, 5 and 7). 

 

Table 9-2    Recognition rates of LBP 

 

 

It is possible that the parameters of LBP are not finely tuned in favour of 

average faces. To rule out this possibility, we vary the size of partitioned subregions 

and the number of histogram bins and perform the experiments again on the probe set 

of Group 1. Figure 9-6 and Figure 9-7 illustrate the recognition rates of LBP with 

different sizes of subregions and different numbers of histogram bins respectively. In 

all these settings, the results of average faces are still inferior to those of original faces. 

Probe sets Rall (%) Ravg (%) 

Group 1 86.67 56.00 

Group 2 87.41 56.00 

Group 3 80.89 58.00 

Group 4 83.89 48.00 

Group 5 90.00 56.00 

Group 6 83.22 72.00 

Group 7 88.84 52.00 

Group 8 82.33 64.00 

Group 9 88.89 62.00 

Group 10 85.18 62.00 

Average 85.73 58.60 
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Figure 9-6    Comparative LBP results with 32 histogram bins on the set 

of Group 1. 

 

 

Figure 9-7    Comparative LBP results with 10×10 sized subregions on 

the set of Group 1. 
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Our experiments demonstrate that the performance of the average face is 

dependent on the face recognition approaches being applied. The low recognition 

accuracy of LBP on average faces may stem from the face averaging process, in 

which salient local features (such as eyes, nose and mouth) are distorted from their 

original appearances (as this is a pure 2D averaging). Especially, some subtle features 

(e.g., moles) are either diluted or vanished because of averaging (see Figure 9-8). 

These local features are more important in local face recognition approaches than in 

holistic approaches. Any modifications on local features will significantly affect the 

performance of local approaches. 

 

 

Figure 9-8    Averaging makes subtle features diluted or vanished. The 

two moles marked by the white boxes are indiscernible in the average 

face (far right). 

 

9.4    Summary 

This chapter conducted a preliminary investigation on the working mechanism of the 

"Average Face" recently published on Science. Experimental results show that 

averaging face images with pose variations does not necessarily improve the 
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performance of all face recognition approaches. Its usefulness is dependent on the 

specific face recognition algorithms being employed in practice. At this stage, the 

pose variation in our experiments is only confined in yaw rotations. The performance 

of the average face with other in-depth rotations and different illuminations will be 

our investigations in the future. 
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Chapter 10      

Conclusions 

This chapter concludes the research work detailed in the previous chapters. We begin 

with the description of our research goals, and then outline our research methodology. 

Finally the implications of the current research work are discussed with a perspective 

on the future directions. 

10.1    Research Goals 

Over the past three decades, the desirability of developing automatic face recognition 

systems which can effectively distinguish different identities and also can be tolerant 

of interferential variations has been widely recognised. The existing face recognition 

systems have achieved good performance under controlled circumstances such as 

frontal views, neutral expressions and fixed lighting conditions. But with the existence 

of wide-range head rotation, changing illumination, facial expressions, etc., practical 

and robust face recognition still remains a difficult and unsolved problem in the next 

few years. In this thesis, we first aimed to set up a concept of sparse point 

representation which can cope with four important challenges in face recognition: 1) 

wider-range tolerance to pose variation; 2) face misalignment; 3) facial landmark 
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localisation; and 4) head pose estimation. Derived from the concept, a couple of 

specific frameworks have been proposed to successfully address the above challenges 

with satisfactory experimental results. We also focused on two recently proposed face 

descriptors, i.e., micropattern representation and average face representation. We have 

made a systematic analysis and investigation on these representations. Overall, when 

designing a face recognition system, the following features have been observed: 

1) Applicability. The system should have acceptable recognition 

accuracy against interferential variations. 

2) Automation. The system should be fully automatic and free of human 

intervention. 

3) Compatibility. The system should be able to work in general face 

recognition contexts and the system performance does not fluctuate. 

4) Efficiency. The system should be efficient enough and easy to be 

operated in real-world applications. 

5) Extendibility. Part or all of the theories applied in the system should 

be able to be extended to general object recognition tasks. 

10.2    Research Methodology 

Designing a single face recognition algorithm that is invariant to all interferential 

variations is a difficult and perhaps impossible task. Contemporary researches 

attempted to deal with each variation separately. This thesis proposed to use the 

concept of sparse point representation to address the aforementioned important 

challenges in face recognition. The sparse point representation can be classified into 

two different categories. In the first category, equal numbers of feature points are 
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predefined on different individuals. Each feature point refers to a specific physical 

location on a face while all the feature points have explicit correspondence across 

different individuals. In the second category, a set of feature points are detected at 

different locations with discriminative information content on a face image. Both the 

number and the positions of the feature points are varied from person to person such 

that diverse facial characteristics of different individuals can be represented. 

To form an efficient facial localisation framework, we presented a Gabor 

feature Constrained Profile Model (CPM) method. The CPM is in cooperation with 

Flexible Shape Model (FSM) in the proposed framework. The reason of using Gabor 

feature is that Gabor wavelets are robust against expression, illumination and pose 

variations. Feature extraction and classification using Gabor wavelets have proven to 

be successful in computer vision and pattern recognition. Gabor feature based Elastic 

Bunch Graph Matching (EBGM), which demonstrated excellent performance in 

FERET evaluation, has been considered as one of the best algorithms for face 

recognition However, EBGM involves considerable computational complexity in its 

rigid and deformable matching process, preventing its use in many real-time 

applications. Through Gabor feature constrained local alignment, the proposed 

method not only avoids local minima in facial landmark localisation, but also 

circumvents the exhaustive global optimisation. 

To automatically conduct head pose estimation, we proposed a novel Elastic 

Energy Model (EEM) method. From the perspective of 2D image context, the 

proposed method employs statistical energy contributions of a set of sparse points, 

which can avoid over-trusting selected few anchor points. It provides a robust solution 

to the feature localisation inaccuracy problem, which is inevitable in practical 
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applications with cluttered backgrounds. As a general configuration, the proposed 

model can be easily implemented and extended to other non-rigid objects. 

To address wider-range tolerance to pose variation and face misalignment, we 

presented a new Textural Hausdorff Distance (THD), which is a compound 

measurement integrating both spatial and textural features. The THD is applied to the 

proposed Significant Jet Point (SJP) representation of face images, where varied 

numbers of shape-driven SJPs are detected automatically from low-level edge map 

with rich information content. The comparative experiments conducted on the 

publicly available FERET and AR face databases demonstrated that the proposed 

approach has a considerably wider range of tolerance against both in-depth head 

rotation and face misalignment. 

To apply the micropattern representation upon sparse points, we presented a 

new Multidirectional Binary Pattern (MBP) for face recognition. The MBP method is 

different from the Local Binary Pattern (LBP) method in that the latter clusters LBP 

occurrences from whole image or partitioned subimage patches and uses single or 

concatenated histogram measurement for recognition. The MBP representation is 

designed for describing both global structure and local texture, which significantly 

reduces the high dimensionality of LBP histogram description. Composed of binary 

patterns from multiple directions, MBP is capable of extracting more discriminative 

features than LBP. 

To improve the discriminative ability of LBP, an enhanced Sobel-LBP 

operator was proposed for face representation and recognition. Because LBP encodes 

the micro-level features of edges, spots and other gradient information in an image, 

combining Sobel operator with LBP could enhance the discrimination ability of the 

micropatterns. The proposed method is compared with LBP on both gray-level images 
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and Gabor real and imaginary features for face recognition. Experimental results 

proved that Sobel-LBP provides better performance than LBP under various 

conditions. 

As LBP encodes the first-order relationship between the central point and its 

neighbours, the high-order local derivative variations could contain more detailed and 

discriminative information. Based on this observation, a novel Local Derivative 

Pattern (LDP) was proposed for face recognition. LDP is a general framework to 

encode directional pattern features based on local variations. The LDP templates 

extract high-order local information by encoding various distinctive spatial 

relationships contained in a given local region. Comparative experimental results on 

various databases verified that the high-order LDP indeed performs much better than 

LBP for both face identification and face verification. 

We finally focused on a recent paper "100% Accuracy in Automatic Face 

Recognition" published on Science, in which an "Average Face" is proposed and 

claimed to be capable of dramatically improving performance of face recognition 

systems. To reveal its working mechanism, we performed the averaging process using 

pose-varied synthetic images generated from 3D face database and conducted a 

comparative study to observe its effectiveness on holistic and local face recognition 

approaches. Two representative methods, the Eigenface method and the LBP method 

were employed to perform the experiments. It is interesting to find from our 

experiments that the performance of the average face is not independent of the face 

recognition approaches. Although face averaging increases the recognition accuracy 

of the Eigenface method, it impairs the performance of the LBP method. 
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10.3    Future Directions 

What has been implemented in this thesis is a couple of frameworks derived from the 

concept of the sparse point representation. Although these frameworks have been 

proposed to address four importance challenges in face recognition, there are several 

directions which deserve further investigation in the future. 

The first direction is the investigation of a more robust and efficient sparse 

point detection algorithms. The current study detected the sparse points by using an 

edge detection method from Nevatia and Babu, followed by the Dyn2S algorithm. 

However, when extreme lighting exists in the face image, some sparse points will not 

be corrected located in the face region where specular reflectance occurs, e.g. the 

cheek areas. 

The current sparse point representation is sensitive to a large degree of facial 

expression variations (e.g. screaming), which has been revealed in our experiments. 

The investigation into this issue forms the second direction to be studied in the future. 

There are two possible ways to deal with this problem. One is to improve the sparse 

point detection algorithm so that only points that remain stable against different facial 

expressions are detected. The other is to extract expression-invariant features from 

sparse point positions. 

Clearly, finding a discriminative and efficient descriptor for face images is a 

critical issue in face recognition. Micropattern based face recognition approaches are 

promising in terms of performance and efficiency. We have demonstrated the high-

order micropatterns contain more detailed and discriminative information for face 

recognition. However, we still believe there is further discriminative information that 

could be extracted from the micro-level details. The investigation into this issue could 
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be the third direction in the research field. For example, micropattern features 

extracted from both multiple directions and multiple scales could further improve the 

discrimination ability. 

Finally, although the recently proposed concept of "Average Face" seems 

attractive from the perspective of its claimed 100% accuracy, it is more likely to be a 

good psychological approximation of human's face perception rather than a significant 

breakthrough in the engineering community. Face averaging might be able to improve 

certain types of face recognition systems, but it is unlikely that absolute 100% 

accuracy could be achieved from fully automatic face recognition systems in real-

world settings. However, investigation into the effect of face averaging on other in-

depth head rotations, expressions and illuminations might still be helpful to 

understand more deeply the process of human face recognition, and in turn provide 

some insights into the future directions for face recognition researchers. 
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