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Abstract 

Automatically recognizing human faces has attracted a lot of attention in the 

academic, commercial, and industrial communities during the last few decades 

due to its law intrusiveness and less cooperativeness. Face recognition technology 

has a variety of potential applications in information security, law enforcement, 

surveillance, smart cards, and access control. Despite significant advances in face 

recognition technology, it has yet to be put to wide use in industrial or commercial 

communities, mainly because of high error rates in real scenarios. Existing face 

recognition systems have achieved promising recognition accuracy under 

controlled condition. However, these systems are highly sensitive to 

environmental factors due to changing appearance of human face, such as 

variations in expression, illumination, pose, partial occlusion, and time gap 

between training and testing data capture. A practical face recognition system 

should be more robust against these varying conditions. Especially in some 

applications such as access control to sensitive areas, monitoring border crossing, 

and identifying criminals or terrorists, the system should be capable of identifying 

individuals who use disguise accessories to hide one’s identity to remain elusive 

from low enforcement. Furthermore, many reported face recognition techniques 

rely heavily on the size and representative of training set, and most of them will 

suffer serious performance drop or even fail to work if only one training sample 

per person is available to the system. Hence, face recognition from one sample per 

person is an important but challenging problem both in theory and for real-world 
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applications. Fewer samples per person mean less laborious effort for collecting 

them, lower costs for storing and processing them. 

In this study, we propose a novel Stringface representation and matching 

concept for face recognition with one sample per person. The Stringface is a high 

level image representation derived from the intermediated level line edge map 

(LEM). The basic primitive of Stringface is the line segment, which is less 

sensitive to illumination changes. Furthermore, the Stringface can be constructed 

using only one single face image without training state involved. The matching of 

two faces is done by matching two Stringfaces through a proposed string-to-string 

matching scheme, which is able to effectively find the  discriminative local parts 

(substrings) for recognition without making any assumption on the distributions of 

the deformed facial regions (for example, we don’t need to know where the face 

images are occluded before recognition). This substring matching ability is used 

to address the occlusion problem. This study is believed to be the first piece of 

work on frontal face analysis using a high-level syntactic matching method. A 

feasibility investigation and evaluation for face recognition based solely on 

Stringface is conducted which covers almost all conditions of human face 

recognition, i.e., face recognition under controlled/ideal condition, varying 

lighting condition, varying facial expression, and partial occlusions. The system 

performances are compared with several benchmark methods. It is a very 

encouraging finding that the proposed face recognition technique can address the 

partial occlusion problem and is less sensitive to lighting changes. Furthermore, 
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the performance of face sketch recognition using the proposed approach is 

investigated. In recent years, face sketch recognition has attracted much attention 

in research community. However, almost all published methods are based on 

photo-sketch synthesis. Their methods need to convert sketch (or photo) to photo 

(or sketch) before recognition. In this study, the photo and sketch images can be 

easily represented by two Stringfaces. The matching between the photo and the 

sketch is done by matching these two Stringfaces through the proposed string-to-

string matching scheme. It has potential ability to recognize sketch drawing from 

photo database directly using only a single sample each subject and without 

training stage involved. Very encouraging experimental results demonstrate, for 

the first time, the feasibility and effectiveness of a high-level syntactic method for 

face recognition, showing a new strategy for face representation and recognition. 
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Chapter 1 

Introduction 

 

 

Face recognition has become the most attractive area of research in computer 

vision and one of the most successful applications of image analysis and 

understanding, especially during the past three decades. Compared with other 

biometrics technologies such as fingerprint and eye pattern 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, which makes a good 

compromise between performance reliability and social acceptance, well balances 

security and privacy. Most biometrics methods do not possess these advantages. 

For example, eye pattern recognition methods require the subjects to cooperate in 

placing their eyes carefully relative to the camera [1]. Similarly, fingerprint 

recognition methods require the subjects cooperate to make explicit physical 

contact with the sensor surface [2].  

The application of face recognition technology can be classified into two 

main groups, law enforcement and commercial. Face recognition technology is 

primarily used in law enforcement applications, such as mug shots (static 

matching) and video surveillance (real time matching). The commercial 
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applications range from static matching of photographs on passports, ATM cards, 

driver’s licenses and photo ID to real time matching with still images or video 

image sequences of access control.  

 

 

1.1 Motivation 

 

Most of the current face recognition studies have been focused on using the 

texture of faces, which implicitly preserve all the detailed textures that are useful 

for distinguishing faces. However, edge curves of faces are useful representation 

features that are insensitive to illumination changes to a certain extent and require 

less storage space [3]. In addition, edge curves-based methods have been proven 

to be an effective method dealing with the one sample problem [4]. Psychological 

studies [5, 6] indicated that human recognizes line drawings as quickly and almost 

as accurately as gray level pictures. These results implicate that edge curves of 

faces are useful for face recognition and can achieve similar accuracy as gray 

level face images.  

To the best of our knowledge, there are only a few researches on face 

recognition using edge curves of faces. The earliest studies of face recognition [7, 

8] used feature points, which are extracted from edge curves of faces. Each point 

only contains spatial information (its location). In general, distance measures are 

used to recognize faces. However, these methods only use spatial information of 
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an image, lacking in local structure representation such as orientation information. 

Some improved methods [3, 9, 10] were proposed using points and lines with 

structural information. But these methods are based on the local structural 

information and the interrelationships between these primitives are not considered. 

The most related work is done by Gao et al. [11] based on line segments using 

string matching. Compared with the previous methods, their approach provided 

strong discriminative power. Nevertheless, their method cannot tackle the problem 

of partial matching on partially occluded faces. In addition, their algorithm is 

based only on the outline curve of a profile. Other distinctive features, such as the 

eyes, eyebrows, mouth and ear have not been used. When the number of 

individuals in the database becomes large, the outline curves alone cannot provide 

sufficient characteristic information to distinguish all the profiles. 

This work intends to propose a new face recognition approach using syntactic 

method based on edge curves of faces, which can be applied on both frontal and 

profile faces.  

 

 

1.2 Objectives 

 

Based on the above discussion, the primary objective of this study is on the 

exploitation of edge curves-based face recognition using syntactic method. The 
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success of this project will be the first comprehensive attempt for frontal face 

recognition using syntactic method.  

The second objective aims to study and compare different pattern recognition 

(low, intermediate and high level) methodologies that make use of information 

from the spatial domain to structural and syntactic representations as follows: 

1) The pixel wise distance measure (e.g. Hausdorff distance or Modified 

Hausdorff distance) using spatial information of a face edge map (low 

level representation approach). 

2) A distance measure using both spatial and local structural information of a 

face, such as Line Edge map (LEM) and Directional Corner Points (DCPs) 

(intermediate level representation approach). 

3) A novel string representation (Stringface) and attributed string matching 

(AStrM) method using structural and syntactic representation of faces 

(high level representation approach). 

Finally, a thorough investigation, which covers all aspects of human face 

recognition, should be conducted on the major concept (face recognition using 

Stringface). The investigation covers facial profile recognition with and without 

hairs/glasses interferences, frontal face recognition under (a) partially occluded 

condition, (b) controlled/idea condition, (d) varying lighting condition, and (e) 

varying facial expression, and face sketch recognition. 
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1.3 Contributions 

 

The major contributions to the concept and implementation of the proposed 

Stringface approach, with reference to human face recognition, are as follows: 

1) Proposed and verified a novel string representation and matching 

concept, which aims to address the limitation of current string matching 

approach to the level of complicated object matching, which is a nearly 

unexplored area in the research community. 

2) Presented a complete novel Stringface representation theory, which can 

represent all kinds of faces (frontal face, face profile and silhouetted face 

profile). 

3) The basic primitive of Stringface is line segment, which is less sensitive 

to lighting changes.  

4) A novel Attributed String Matching (AStrM) method is designed and 

implemented for human frontal and profile face matching. It is believed 

to be the first attempt on human frontal face recognition using high level 

syntactic representation and matching method. 

5) The proposed Stringface approach is able to effectively find the most 

discriminative local parts (substrings) for recognition without making 

any assumption on the distributions of the deformed facial regions. This 

substring matching ability can address the partial occlusion problem. 
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6) The proposed Stringface approach has potential ability to match a sketch 

image of an individual to his photograph directly. 

 

1.4 Organization of thesis 

 

This thesis describes the theory and implement of face recognition using 

Stringface. The remaining part of this thesis is organized as follows. In Chapter 2, 

the most successful approaches to frontal face recognition are discussed which 

were classified into three groups: Geometric construction-based approach, 

Appearance-based approach and Primitive-based approach. Profile face 

recognition techniques and string matching methods are also discussed and 

compared in this chapter. Chapter 3 describes the concepts of face recognition 

using Stringface. A new face representation, Stringface, is proposed. Stringface is 

constructed to integrate the relational organization of intermediate-level features 

(line segments) into a high-level global structure (string). A novel attributed string 

matching concept is proposed. The advantages of the proposed Stringface 

approach are discussed. The system is extensively examined on frontal and profile 

face recognitions with normal condition, followed by a performance comparison 

with several state-of-the-art methods. Chapter 4 presents the studies on 

recognizing face profile in the presence of hairs/glasses interferences and frontal 

face recognition under partial occlusions. The system performances under varying 

lighting conditions and facial expressions are evaluated and compared to existing 
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face recognition techniques in Chapter 5. Chapter 6 presents an investigation of 

the performance of face sketch recognition using the proposed Stringface 

approach. Chapter 7 describes vein recognition using the proposed Stringface 

approach. Finally, this thesis concludes in Chapter 8 with a discussion on future 

research directions. 
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Chapter 2 

Background 

 

In this Chapter, the main techniques that have been implemented to automatically 

recognize human frontal and profile faces are reviewed in Section 2.1 and Section 

2.2, respectively. We give a critical survey of string matching methods in the third 

section of this chapter. Section 2.4 summarizes our literature review with some 

discussions. 

 

2.1 Frontal Face Recognition 

 

Face recognition is one of the most successful applications of image analysis and 

understanding. 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 through survey of face recognition 

techniques at different times [4, 12-14]. The design of a face recognition system 

essentially involves the following three aspects: 1) data acquisition and 

preprocessing, 2) data representation, and 3) decision making. According to the 
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face representation and decision making strategy, face recognition methods can be 

roughly classified into three categories: 1) Geometric construction-based 

approach, 2) Appearance-based approach, and 3) Primitive-based approach. These 

models are not necessarily independent and sometimes the same face recognition 

method exists with different interpretations [14]. 

 

2.1.1 Geometric construction-based approaches 

 

Geometrical construction-based approaches are based on the computation of a set 

of geometrical features from the picture of a face. It can be used to recognize a 

face when the details of the individual features (such as eyes, nose and mouth) are 

no longer resolved at coarse resolution, implying that the overall geometrical 

configuration of the face features is sufficient for discrimination. The overall 

configuration can be described by a vector representing the size and position of 

the main facial features, such as the shape of face outline, eyes, eyebrows, nose 

and mouth. The set of features should satisfy the following requisites [15]: 

 Estimation must be as easy as possible; 

 Dependency on light conditions must be as small as possible; 

 Dependency on face expression must be as small as possible; 

 Information contents must be as high as possible. 
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Figure 2.1 Geometrical features (black) used in [16]. 

 

One of the first works on automated face recognition using geometrical 

features was done by Kanade [17] in 1973. A set of 16 features was computed 

using a robust feature detector. Their system achieved a peak performance of 75% 

recognition rate on a database of 20 people using two images per person, one as 

the model and the other as the test image. Goldstein [18] and Kaya [15] showed 

that a human face identification program provided with face features extracted 

manually could perform recognition with apparently satisfactory performance. In 
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[16], Bruneli and Poggio automatically extracted a set of geometrical features 

from the face image, such as mouth position, shin shape, nose width and nose 

length (see Figure 2.1). There were 35 features extracted to form a 35-dimensional 

vector. A Bayes classifier was used to perform the recognition and a recognition 

rate of 90% on a database of 47 people was reported. In [19], a mixture-distance 

technique was introduced, which achieved a 95% recognition rate on a query 

database of 685 individuals. Each face was represented by 30 manually extracted 

distances (see Figure 2.2). 

 

 

Figure 2.2 Manually identified facial features used in [19]. 
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Manjunath et al. [20] used Gabor wavelet decomposition to detect feature 

points for each face image, which requires less storage space for database. For 

each face image, 35-45 feature points were generated. The information presented 

in a topological graphic representation of feature points was used for matching. 

The recognition rate of the best matching was 86%, and the correct person’s face 

was in the top three candidate matches in 94% of the cases.  

Geometrical construction-based approaches based on precisely measured 

distances between features may be the most useful for finding possible matches in 

a large database such as mugshot album. However, the recognition rate will be 

highly dependent on the precision of the pose estimation and feature detection. 

Existing automated face feature location algorithms do not provide a high degree 

of accuracy and require considerable computational demands. 

 

2.1.2 Appearance-based approaches 

 

Currently, a plethora of appearance-based face recognition algorithms have 

dominated the literature. Appearance-based methods identify a face using the 

pixel intensity in a face image. Existing appearance-based 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. 
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2.1.2.1 Global appearance-based methods 

 

The global appearance-based methods identify a face using the pixel intensity 

value of the whole face image as features. Hence, facial feature is now implicitly 

defined by the sample face image. It is not necessary to create representations of 

models for faces. When using global appearance-based methods, a 2D face image 

of size n m´  pixels is viewed as a vector in a n m× - dimension space. However, 

the high dimensional space is too large to allow robust and fast face recognition. 

Some dimensionality reduction techniques are introduced to resolve this problem. 

There are two most popular techniques for dimensionality reduction and feature 

extraction: Principal Components Analysis (PCA) and Linear Discriminant 

Analysis (LDA) [21]. Two state-of-the-art face recognition methods, Eigenfaces 

[22, 23] and Fisherfaces [24-27], built on these two techniques, respectively, have 

been proven to be very successful. 

Principal component analysis (PCA) is a classical feature extraction and 

representation technique widely used in the areas of computer vision and object 

recognition [28]. Sirovich et al. [29] and Kirby et al. [30] used principal 

component analysis to efficiently represent pictures of faces. They argued that 

every face can be approximately represented by a vector of weights for each face 

and an eigenpicture (also known as eigenfaces). The weights describing each face 

are obtained by projecting the face image onto each eigenpicture. Eigenface 

method [22, 23, 30] is one of the most thoroughly investigated approaches and 

widely considered as the baseline approach in face recognition. This technique 
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was first employed for face recognition by Turk and Pentland [22, 23]. The 

similarity of a model image and a test image was determined by two sets of 

weights. The weights are obtained by projecting the image into the eigenface 

components by a simple inner product operation. When a new test image to be 

identified is given, it is also represented by its vector of weights. The 

identification is done by locating the image in the database whose weights are the 

closest, in Euclidean distance for example, to the weights of the test image.  

Let the training set of face images be 1 2, ,..., ,MG G G  eigenvectors 

(eigenface) ,ku  eigenvalues kl  and the covariance matrix COV are defined as: 
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where i iF = G - Y
 
and Y  is the average face of the training set.  

A test face image, ,G  is projected into the “face space” ((2.4)) and generates 

weights from each eigenface. Thus the test face image is represented by the 

weight vector '1 2[ , ,..., ],T

M
w w wW =  , where,  'M  is number of significant 

eigenvectors , which can be used by a standard classification algorithm. 

 ( )T

k kuw = G- Y  (2.4) 
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Figure 2.3 Variations of face images from one individual: three 

head sizes, three lighting conditions, and three head orientations 

[23]. 

 

Turk and Pentland reported 96%, 85% and 64% correct classifications 

averaged over lighting variation, orientation variation and size variation, 

respectively. Their database contained 2500 images of 16 individuals. Example 

images are illustrated in Figure 2.3. Eigenface is simple, efficient and robust to 

noise, 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, 
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lighting condition, and partial occlusion. An preprocessing procedure, such as 

illumination normalization [30], is usually required for eigenface approach. In 

[31], a new method was proposed to compute the covariance matrix using three 

images each taken in different lighting conditions to account for arbitrary 

illumination effects, if the object is Lambertian.  

Another popular technique based on global appearance is Linear Discriminant 

Analysis (LDA). LDA [32, 33] tries to find the subspace that best discriminate 

among face classes rather than those that best describe the data (PCA). Belhumeur 

et al. [24] presented a projection method, which is based on Fisher’s Linear 

Discriminant and produces separated classes in low-dimensional subspaces. This 

subspace is found by maximizing the between-class scatter matrix bS  while 

minimizing the within-class scatter matrix .wS  One way to do this is to maximize 

the ratio, which is defined as  

 arg max ,
T

b

T

w

W S W
W

W S W
=  (2.5) 

where 
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where j

ix  is the thi  sample of class ,j  
jm  is the mean of class ,j  c  is the 

number of classes, 
jN  is number of the samples in class ,j  and m represents the 

mean of all classes. W  can therefore be constructed by the eigenvectors of 1 .w bS S-  

The performance of their method was tested on the Harvard and Yale Face 

databases and compared with the Eigenface technique [23]. Their experimental 

results showed that their proposed “Fisherface” method had error rates that are 

lower than those of the Eigenface technique, even under severe variation in 

lighting and facial expressions. 

Due to the difficulties of samples collection or the small storage requirement, 

there might be only single sample image per person stored in database. This “one 

sample per person problem” [4] is one of the major challenging problem faced by 

the current face recognition methods. The performance of most of the 

conventional methods such as eigenface [23] and fisherface [24] is affected by 

“one sample per person problem” heavily. It will suffer serious performance drop 

or even fail to work [4]. To address one sample per person problem, Wu and Zhou 

[34] proposed a method named 
2(PC) A  to enrich the information of face space. In 

their method, the horizontal projection ( ( )HI x ) and vertical projection ( ( )VI x ) of 

the image are generated from a single face image ( ( , ),I x y  with m n´  

dimensions) are defined as 

 
1

( ) ( , )
n

y
HI x I x y

=
= å  (2.8) 

 
1

( ) ( , )
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x
VI y I x y

=
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These two projections reflect the distribution of the salient facial features that are 

useful for face recognition (Figure 2.4 (a)). Then, a new image (Figure 2.4 (b)) is 

synthesized by these two projections, defined as 

 
( ) ( )

( , )p

VI x HI y
M x y

J
=  (2.10) 

where J  is the average intensity of the image. A first-ordered projection-

combined face image (Figure 2.4 (c)) is obtained based on projection information 

and the original face image. After that, face is recognized based on the traditional 

eigenface technique. They reported this method achieves 3%-5% higher accuracy 

than the standard eigenface technique based on a subset of FERET database [35] 

with one training image for each person. Chen et al. [36] presented a method 

named 
2E(PC) A  (Enhanced 

2(PC) A ), which is extended from 
2(PC) A  method. 

In their method, n -order projection-combined images are generated. Figure 2.4 

(d) shows a second-ordered projected image. It is reported that the enhance 

versions of 
2(PC) A  is more effective and more efficient than its counterpart. 
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Figure 2.4 Sample images in [34]. (a) original image and its 

horizontal and vertical profiles; (b) 1
st
-order projection map; (c) 

1
st
-order projection-combined image; (d) 2

nd
-order combined 

image [4]. 

 

In summary, the global appearance-based approach appears to be a fast, 

simple, and practical method. However, it does not provide invariance over 

changes in scale, head orientation and lighting condition generally. It may be 

limited because it requires a high degree of alignment between the test and 

training face image to achieve an optimal performance. These limitations can be 

addressed by using extensive preprocessing to normalize images. 

 

2.1.2.2 Local appearance based methods 
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Compared with global appearance-based methods, local appearance-based 

methods may be more suitable for handling the one sample problem due to the 

following observations: Firstly, in local methods, the original face is represented 

by a set of low dimensional local feature vectors, rather than one single full high 

dimensional vector, thus the “curse of dimensionality” can be alleviated from the 

beginning. Secondly, local methods provide additional flexibility to recognize a 

face based on its parts, thus the common and class-specific features can be easily 

identified [37]. Thirdly, different facial features can increase the diversity [38] of 

the classifiers, which is helpful for face identification. In local appearance-based 

methods, the face image is partitioned into sub-regions or templates, based on 

which local features are directly extracted. The overall framework of local 

appearance-based methods is shown in Figure 2.5, which generally contains four 

steps: local region partition, feature extraction, feature selection and classification.  

 

 

Figure 2.5 Overall framework of local appearance-based 

methods 
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At first, the shape and the size of local regions should be defined. The 

simplest and most widely-used region shape is the rectangular window [39-42] 

(see Figure 2.6 (a)). The windows can be either overlapped with each other [39, 

41, 42] or not [39, 40]. Some other typical shapes can also be used, such as strip 

shape (Figure 2.6 (b)) [43] and ellipse shape (Figure 2.6 (c)) [44]. Once the shape 

and the size of local regions are defined, features in these regions have to be 

extract. There are two commonly used features: gray-value features [39, 40, 44] 

and a variety of derived features, such as Gabor wavelet [20, 45], Harr wavelet 

[41], fractal features, and so on. In general, gray-value feature is the simplest 

feature without loss of texture information, while the variety of derived features 

(e.g., Gabor features) are more robust against illumination change and pose 

variation. Some dimensionality reduction techniques are introduced for 

effectiveness and efficiency considerations. PCA [23] and LDA [24] are two 

commonly used feature selection method. In addition, some local statistics such as 

the degree of texture variation [46] are also used for feature selection. Finally, 

each component classifier is applied on one local feature, and then, the final 

decision is made by majority voting or linearly weighted summing. 
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Figure 2.6 General local shapes used by the local appearance-

based methods. (a) rectangular shape; (b) strip shape; (c) ellipse 

shape [4]. 

 

The earliest work on face recognition based on local appearance is called 

component-template based methods. In these methods, some features templates 

are extracted from face images firstly. Then the similarity between face images is 

determined by these features templates. In [16], a set of 4 features templates, i.e. 

the eyes , nose, mouth and the whole face were automatically selected, for all of 

the available faces (see Figure 2.7). Brunelli and Poggio compared the 

performance of their template matching and geometrical matching algorithms 

using the same database of faces, which contained 188 images of 47 individuals. 
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The performance of component-template matching (100% recognition rate) was 

better than geometrical matching (90% recognition rate). The component-template 

matching method was also simpler than geometrical matching. However, the 

drawback of component-template matching is its computational complexity. 

 

 

Figure 2.7 The different regions used in the template matching in 

[16]. 

 

Pentland et al. [47] extended their work [23] on eigenface to eigenfeatures. 

Each eigenfeature is generated from face components, such as the eyes, nose or 
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mouth. They used a modular eigenspace, which is composed of eigenfeatures (i.e. 

eigeneyes, eigennose and eigenmouth). A 95% recognition rate was reported 

using the FERET database [35] of 7,562 images of approximately 3000 

individuals. Martinez [44] presented a local probabilistic approach to recognize 

partially occluded and expression variant face. In his method, each face is divided 

into six local areas and six face subspaces are composed of all the local areas at 

the same position of each face. Then these face subspaces are transformed into 

eigenspaces. A probabilistic approach was used to measure the similarity of these 

eigenspaces. A set of 2600 images were used to evaluate the performance of the 

local probabilistic approach. It showed that the local probabilistic approach does 

not reduce accuracy even when 1/6 of the face is occluded. 

Lawrence et al. [39] proposed a neural network method, which combined 

local image sampling, a Self-Organizing map (SOM) neural work, and a 

convolution neural network. The SOM is a type of artificial neural network that 

provides a quantization of the image samples into a topological space. The 

topological preservation makes SOM useful for visualizing low-dimensional 

views of high-dimensional data [48]. The robustness of recognition system is 

improved using a five-layered convolution neural network. 96.2% recognition rate 

was achieved using the ORL database of 400 images of 40 individuals. 

Rather than treating face image as a static topology graph with local features 

as notes (Neural network), the Hidden Markov Model is used to recognize human 

faces. A hidden Markov model (HMM) is a statistical model in which the system 



Background 

 

 26 

being modeled is assumed to be a Markov process with unknown parameters, and 

the challenge is to determine the hidden parameters from the observable 

parameters [49]. Samaria et al. [50] applied this method using the one 

dimensional continuous HMM to human face recognition. In their method, a face 

is divided into five overlapped regions such as the forehead, eyes, nose, mouth, 

and chin. Then the states of hidden Markov model correspond to these facial 

features. Five states are used to represent to a face pattern and each state is 

modeled by a multivariate Gaussian distribution, and the probabilistic transitions 

between states can be learned from the boundaries between regions. After the 

HMM trained, a face can be recognized by calculating the output probability of its 

observation sequence. In [51], a 95% recognition rate was reported in their 

preliminary experiments.  

Recently, micropattern-based approaches have been proven to be quite 

successful for face recognition [42, 52]. The most representative method is the 

Local Binary Pattern (LBP) [42], which was originally designed for texture 

description [53]. LBP in nature represents the first-order circular derivative 

pattern of images, a micropattern generated by the concatenation of the binary 

gradient directions. The statistical distribution (histogram) of these illumination 

invariant micropatterns is used as a discriminative feature for identification. 

Ahonen et al. [42] described a local-appearance based method, with a single, 

spatially enhanced feature histogram for global information representation. In 

their method, a facial image is divided into several small regions and a local 

descriptor of each region is represented using the Local Binary Pattern (LBP). 
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Then the global description of the face is composed of these local descriptors. The 

recognition is performed using a nearest neighbor classifier in the computed 

feature space with Chi square as a dissimilarity measure. They reported a 93% 

recognition rate using fb set on FERET face database [35]. However, the first-

order pattern fails to extract more detailed information constrained in the input 

object. Recently, Zhang et al. [52] presented a high-order local pattern descriptor, 

Local Derivative Pattern (LDP). LDP can capture more detailed information than 

the first-order local pattern (LBP). Different from LBP encoding the relationship 

between the central points and its neighbors, the LDP templates extract high-order 

local information by encoding various distinctive spatial relationships contained 

in a given local regions. 

 

2.1.3 Primitive-based approaches 

 

Compared with the most of appearance-based approach, the primitive-based 

approach is less sensitive to illumination changes and demands less storage 

requirement [3]. In addition, primitive-based methods have been proven to be an 

effective method dealing with the one sample problem [4]. Hence, the primitive-

based approach still plays an important role in face recognition analysis 

community. In primitive-based face recognition approaches, primitives such as 

points, lines, and curves are first extracted from a face (e.g. face edge map) and 
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then their attributes (locations, direction, length etc.) are fed into a classifier. 

According to the type of primitives, this approach can be classified into three 

groups: low level primitive-based approaches, intermediate level primitive-based 

approaches and high level primitive-based approaches: 

 Low level primitive-based approaches: A face is represented by a descriptor 

of individual point representation.  

 Intermediate level primitive-based approaches: A face is viewed as being 

composed of a group of low level primitives with additional structural 

attributes such as directions and lengths. The intermediate level primitive is 

also called the structural primitive.  

 High level primitive-based approaches: The high level primitive is 

represented in terms of the interrelationships between structural primitives. In 

a high level primitive-based approach, a formal analogy is drawn between the 

structure of primitives and the syntax of a language. The high level primitives 

are viewed as sentences belonging to a language, structural primitives are 

viewed as the alphabet of the language, and the sentences are generated 

according to a grammar. Hence, this approach is also called the syntactic 

approach. 

 

2.1.3.1 Low level primitive-based approaches 
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In low level primitive-based approaches, a face is represented by a descriptor of 

individual points (see Figure 2.8) and faces are recognized using locations of these 

low level primitives. A face image G  can be represented as a finite point set 

{ }1 2, ,...,p p p p

kt t tG =  where the superscript p  stands for point. Hence, matching is 

used to determine the similarity between two point sets. Previous works [54-58] 

on point sets based recognition has mostly been concerned with correspondence-

based matching, which build a one-to-one correspondence between a model and 

test point sets.  

 

 

Figure 2.8 An illustration of low level primitives. 
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Many low level primitive-based face recognition approaches focus on profile 

face recognition. Kaufman et al. [59] proposed a face profile recognition method 

using feature points to represent the contour shape of a profile. A feature vector 

was built based on the extracted feature points. The best performance of the 

algorithm reached 90%. Harmon et al. [60] used nine fiducial points, i.e. the 

forehead, bridge, nose tip, nose bottom, upper lip, mouse, lower lip, chin and 

throat to generate 11 dimensional feature vector. In their continuous study [61], 

the feature vector was generated from 17 fiducial points. After normalizing face 

profiles, the Euclidean distance of the feature vectors was used to measure the 

similarity of face profiles and a 96% recognition rate was reported. Wu et al. [62] 

presented a face profile recognition method based on 24 features generated from 6 

fiducial points. The performance of their approach was tested by a database of 18 

oriental faces. Out of the 18 test images, 17 were reported correctly recognized. 

Unlike these correspondence-based methods, Hausdorff Distance (HD) can be 

calculated without explicit point correspondence [63]. The Hausdorff distance is a 

shape comparison metric based on binary images. It measures the distances 

between two sets of points. 

Given two finite point sets { }1 2, ,...,p p p p

kM m m m=  and { }1 2, ,...,p p p p

nT t t t=  

representing a model and a test image, respectively, the Hausdorff distance is 

defined as 

 ( , ) max( ( , ), ( , )),p p p p p pH M T h M T h T M=  (2.11) 
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where 

 ( , ) max min ,
p pp p
ji

p p p p

i j
t Tm M

h M T m t
ÎÎ

= -  (2.12) 

and 
p p

i jm t-  is some underlying norm on the points of pM  and pT  (e.g. 

Euclidean norm). The function ( , )p ph M T  is named the directed Hausdoff 

distance from pM  to .pT  

Hausdorff distance for binary image matching is more tolerant to 

perturbations in the locations of points than binary correlation techniques since it 

measures proximity rather than exact superposition [64]. The HD measure is 

advantageous over other shape similarity measures [65] due to its: 

 Tolerance to local, non-rigid distortions and noise 

 Exception to establish point-to-point correspondence. 

 Efficient computation. 

However, the Hausdorff Distance is very sensitive to outlier points. A few 

outlier points, even only a single one, can perturb the distance greatly, even 

though the two objects might be very similar. Different Hausdorff distance 

measures were investigated and it indicated that the Modified Hausdorff Distance 

(MHD) measure has the best performance [66]. The Modified Hausdorff distance 

is defined as 

 ( , ) max( ( , ), ( , )),p p p p p pH M T h M T h T M=  (2.13) 

where 
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where p  is the number of points in .pM  

Compared with the Hausdorff distance, the MHD is robust to outlier points 

that might result from segmentation error. Takács [67] presented a face 

recognition technique using the Modified Hausdorff distance and a 90% 

recognition rated was reported. He also argued that the process of face recognition 

may start at a much earlier stage and edge images can be used for fast screening of 

faces without the involvement of high-level cognitive function.  

Nevertheless, the MHD uses spatial information of an image but lacks in local 

structure representation such as orientation information. Another concern is about 

the broken lines caused by illumination variation and segmentation error. They 

can increase the MHD measure and cause mismatches. 

 

2.1.3.2 Intermediate level primitive-based approaches 

 

The primary weakness of low level primitive-based approaches is that its 

primitives are represented using spatial information of a face, but lacks in local 

structural representation such as the direction information [10]. For example, in 

Figure 2.9 lines 1 and 2 are parallel while lines 3 and 4 are perpendicular. 

Unfortunately, similarities between lines 1 and 2 could be the same as those 

between lines 3 and 4 using the MHD. But lines in Figure 2.9 (a) are judged to be 
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more similar than those in Figure 2.9 (b) by human observers. Based on the 

conventional HD measures, line 5 matches to the upper part of line 7 and line 6 to 

the lower part of line 7. But, line 7 should be considered as one entity which 

matches to either line 5 or line 6. These types of mismatches are crucial problems 

in face recognition, because difference is minor between faces. 

 

 

Figure 2.9 Example of matching problems using conventional 

HD [10]. 

 

In order to deal with these problems, primitives with additional structural 

information are introduced, which are also called structural primitives. The two 

successful methods using structural primitives on face recognition are: Directional 

Corner Points (DCPs) [9] and Line Edge Map (LEM) [3].  

In [9], a face is described using a set of geometrical feature descriptors, 

named Directional Corner Points (DCPs). DCPs are feature points with three 
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attributes, which integrate spatial features with additional structural information 

about the connectivity to their neighbours. A DCP 1 2( , , , )P x y d d is represented by 

its three attributes: location coordinates ( , )x y  and two directional angles 1d  and 

2d  (Figure 2.10). 1d  
is used to model its local spatial relationship to its anterior 

neighbouring corner point. Similarly, 2d  points to its posterior neighbouring 

corner point. The angle ranges from 0°
 to 360°

. If a DCP is a start point or an end 

point of a curve, a null is assigned to 1d  or 2d . An example of face DCPs is shown 

in Figure 2.11. The DCP descriptor is economical for storage because it uses 

sparse points only. Furthermore, the structural attributes of DCPs enhance the 

discriminative power of the descriptor. 

 

 

Figure 2.10 An illustration of DCPs [9]. 
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Figure 2.11 An illustration of face DCPs. The green points with 

one or two “horns” are DCPs superimposed on face image [9]. 

 

Given two finite DCP sets 
1 2( , ,..., )pQ A A A  and 

1 2( , ,..., )pM B B B  representing 

a query face and a model in the face database respectively, p and q are the 

numbers of DCPs in Q  and .M  Let 
1 2( , , , )A A A A

iA x y d d  and 1 2( , , , )B B B B

jB x y d d  be 
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two DCPs in set Q  and set M  respectively. The dissimilarity between the whole 

set Q  and set M  is defined as  

 [ ]( , ) max ( ), ( ) ,D Q M C Q M C M Q= Þ Þ  (2.15) 

where ( )C Q MÞ  is the cost for warping the whole set Q  to set M , which is 

defined as 

 
1
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j
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i j
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A Q

C Q M C A B
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Î

Þ = ®å  (2.16) 

where 
i jA B®  is denoted a warping from iA  to 

jB . ( )i jC A B®  is the cost 

function for warping iA  to 
jB , which  is defined as 

2 2 2

1 1 2 2 1 2 2 1( ) ( ) ( ) {min[ ( , ), ( , ), ( , ), ( , )]},
A B A B A B A B A B A B

i jC A B x x y y f d d d d d d d d® = - + - + D D D D

 (2.17) 

where a quadratic function
2( ) .f x x W= W is the weight to be determined 

experimentally and  
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For a given query face, dissimilarity is calculated between the query face and 

each model in database. The minimum dissimilarity is considered as the correct 

return. A 94.64% of recognition rate was reported using AR database [68]. 
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        Figure 2.12 An illustration of a face LEM [3]. 

 

Another well known intermediate level primitives-base approach is based on 

Line Edge Map (LEM) using Line segment Hausdorff Distance (LHD) [3, 10]. 

Gao et al. [3] proposed a Line Edge Map (LEM) (see Figure 2.12), which 

extracted lines from a face edge map. In LEM, each line contains three attributes: 

the midpoint location, angle and length of the line. Then, a Line Segment 

Hausdorff Distance (LHD) [10] measure is used to match LEMs of faces. LHD 
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has better distinctive power because it uses these additional structural attributes of 

lines. 

Given two finite line segment sets { }1 2, ,...,l l l l

pM m m m=  and 

{ }1 2, ,...,l l l l

qT t t t=  (representing a model and a test image respectively), LHD is 

built on the vector ( , )l l

i jd m t
uv

 
that represents the distance between two line 

segments l

im  and 
l

jt . The vector is defined as 
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where ( , )l l

i jd m tq , ( , )l l

i jd m t , ( , )l l

i jd m t^  are the angle distance, parallel distance 

and perpendicular distance, respectively, which are defined as  

 
1 2

( , ) ( ( , ))

( , ) min( , )
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l l l l

i j i j

l l

i j

l l
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( , )l l

i jm tq  computed the smallest angle between lines l

im  and .l

jt  
2( )f x x W=  is a 

non-linear penalty function to map the angle to a scalar, where W  is the weight to 

be determined by a training process. ( , )l l

i jd m t  and ( , )l l

i jd m t^  are calculated after 

two lines are rotated to be parallel. Firstly, the shorter line ( l

im  or 
l

jt ) with its 

midpoint as rotation centre is used to rotate to desirable orientation (see ). 

( , )l l

i jd m t  is then defined as the minimum displacement ( ,1 2min( )l l ) between 
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the left or right end points of two lines and ( , )l l

i jd m t^  is simply the vertical 

distance ( l^ ) between the two lines. If one line is within the range of the other, 

( , )l l

i jd m t  is set to zero. The distance between lines l

im  and 
l

jt  is defined as 

 
2 2 2( , ) ( ( , )) ( ( , )) ( ( , )) .l l l l l l l l

i j i j i j i jd m t d m t d m t d m tq ^= + +  (2.21) 

 

 

Figure 2.13 Line displacement measures after rotation. 

 

A Line Segment Hausdorff Distance is defined as  

 ( , ) max( ( , ), ( , )),l l l l l lH M T h M T h T M=  (2.22) 

where 

 
1

( , ) min ( , )l
l li

l l jl
ii

l l
i

l l l l

i jm t T
m Mm

m M

h M T l d m t
l Î

Î

Î

= ×å
å

 (2.23) 
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and  l
im

l  is the length of line segment .l

im   

In [3], 100% and 96.4% of recognition rates were reported based on Bern 

database [69] and AR database [68], respectively. Intermediate level primitive-

based approach has better distinctive power than low level primitives based 

method because it can make use of the additional structural attributes of primitives 

such as orientation and length. However, this approach is based on the local 

structural information and the interrelationships between these primitives are not 

considered. 

 

2.1.3.3 High level primitive-based approaches 

 

In high level primitive-based approaches, the primitive is represented in terms of 

the interrelationships between these intermediated level primitives. And a formal 

analogy is drawn between the structure of primitives and the syntax of a language. 

The high level primitives are viewed as sentences belonging to a language, 

structural primitives are viewed as the alphabet of the language, and the sentences 

are generated according to a grammar. Hence, this approach is also called the 

Syntactic approach.  

To the best of our knowledge, there have been limited studies on face 

recognition using syntactic approach. Gao et al. [11] proposed a syntactic 

technique using attributed string to recognize a chain of profile line segments. In 

their method, a human face profile is represented by a string (also known as the 
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high level primitive), which is composed of line segments (intermediate level 

primitives), where each line segment contains three attributes: the length, 

orientation and midpoint location of line. An example is illustrated in Figure 2.14. 

The string representation of face profile ABS  is defined as: 

 1 28AB iS L L L= L L  (2.24) 

where, iL  is the line segment with three attributes (the midpoint location, angle 

and length of the line), 1, ,28.i = ¼ Then the similarity between two face profiles 

is calculated using string matching [70-72]. There were 98%-100% recognition 

rate reported based on a face database of 30 persons with two profile images per 

person from the university of Bern [69]. 

 

Figure 2.14 An example of a string representation for face profile 
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2.2 Face Profile Recognition 

 

Human face recognition has practical importance in many applications, such as 

access control and security monitoring. Most automatic face recognition 

approaches are based on frontal image. Facial profiles, on the other hand, provide 

complementary information of the face that is not present in frontal faces. Fusion 

of frontal and profile views can lead the overall personal identification technique 

more foolproof and efficient. Furthermore, in many scenarios, a frontal facial 

image is not available (e.g., the situation of a driver entering a gated area, see 

Figure 2.15). Face profile recognition can be roughly classified into two 

categories: the fiducial mark-based approaches [60-62, 73-75] and the profile 

outline-based methods [11, 76-79]. 

 

 

Figure 2.15 The situation of a driver entering a gate area (only a 

facial profile is available). 
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2.2.1 Fiducial mark-based approaches 

 

Fiducial mark-based methods rely on the correct detection of fiducial points. 

Figure 2.16 shows a facial profile along with the eleven fiducial points that are 

considered most significant, and their names. The work of Sir Francis Galton in 

1910 [80] is among the earliest documented analytical research into facial profile 

analysis. In [80], five fiducial points: nasion, pronasale, subnasale, stomion, and 

chin (see Figure 2.16 and Figure 2.17) were manually extracted.  

Harmon and Hunt [60] used manually entered profile traces from profile 

photos of 256 males. Then nine fiducial points, i.e. the forehead, bridge, nose tip, 

nose bottom, upper lip, mouth, lower lip, chin and throat were automatically 

extracted to generate 11 dimensional feature vector, including protrusion of nose, 

area on the right of base line, base angle of profile triangle, wiggle distances and 

angles between fiducials. In their continuous study [73], a new population of 124 

subjects for the profile database was used and the 11 features were reduced to 10. 

After normalizing face profile, the Euclidean distance of feature vectors was used 

to measure the similarity of face profile and reported recognition accuracy ranging 

from 86% to 99.7% depending on the parameters used for the matching algorithm. 

In their later work, Harmon et al. [61] increased the number of fiducial points 

from nine to eleven (see Figure 2.17). A 17-dimensional feature vector was 

derived from above fiducial points. Euclidean distance measure was also used to 
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identify profiles and achieved a 96% recognition accuracy for a population of 112 

subjects. 

 

 

Figure 2.16 An example of facial profile with the eleven fiducial 

points which are most used in fiducial mark-based facial profile 

analysis. The fiducials are numbered from top to bottom: (1) 

forehead; (2) glabella; (3) nasion; (4) pronasale; (5) subnasale; (6) 

top lip; (7) stomion; (8) bottom lip; (9) supramenton; (10) chin; 

and (11) throat 
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Wu and Huang [62] presented a face profile recognition method based on 24 

features generated from 6 fiducial points (see Figure 2.17). Compared with the 

work of Harmon et al., in [62] the outline curve were automatically obtained 

instead of by an artist’s drawing in [60, 61, 73] and Cubic B-splines were used to 

extract some turning points (interesting points) on the outline curve. The 

performance of their approach was tested by a database of 18 oriental faces. Out 

of the 18 test image, 17 were reported correctly recognized. 

Yu et al.[75] proposed a rule-based fiducial point extraction technique and a 

method for facial profile recognition. Nine fiducial points were used by Yu et al, 

namely the pronasale, chin, foreheaer, subnasale, stomion, supramention, upper 

lip, lower lip and nasion (see Figure 2.16 and Figure 2.17). The recognition 

accuracy achieved over 99% on a database containing 5 profiles for each of 33 

people. The authors extended their work in [74] by modifying their earlier 

technique to extract facial profile from the full contour of the person’s head using 

string matching. They also reduced the number of fiducial points from nine to four 

(see Figure 2.17). A pre-selection method also presented in [74] to exclude a large 

part of the model database form the actual matching. 
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Figure 2.17 The facial profile fiducial points that have been 

previously used by researcher. 

 

2.2.2 Profile outline-based approaches 

 

Automatic detection of fiducial marks is not always reliable, particularly when 

detecting features such as concave nose, flat chin, etc. Hence, profile outline-

based methods have achieved much attention over past few years.  

Aibara et al. [79] used P-Fourier descriptor developed by Uesaka for human 

facial profile recognition. The P-Fourier descriptor is invariant to parallel 

translation and scale and is useful for human face profile recognition in the low-
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frequency range. The profile images were normalized by smoothing, edge 

detection, binarization, thinning and outline extraction to obtain profile outline 

curves which consist of 55 pixels upward from the nose tip and 90 pixels 

downward from the nose tip. A 93.1% recognition rate was reported for 130 

subjects by using the characteristic vector composed of 31 Fourier coefficients in 

the low frequency range. 

Bhanu and Zhou [78] proposed a method of recognizing human face profile 

using Dynamic Time Warping (DTW). The pronasale and the nasion points were 

extracted based on the curvature value of each point on profile. These two points 

were used to crop the face part and discard the non-face parts. The similarity score 

between the probe and each profile in the gallery are computed by DTW based on 

curvature. They reported a 90% recognition rate on a two side-view face database. 

The authors extended their work in [76] by constructing a high-resolution side 

face image from a series of aligned low-resolution side images to recognize face 

profile in video.  

Pan et al. [77] proposed an experimental comparison for facial profile 

recognition problem. Different profile alignment methods, such as tangent-based 

normalization, 2D iterative closest point alignment (2D ICP) and simulated 

annealing (SA) alignment, were compared. In addition to the side-view face image 

databases, the profiles generated form 3D face database were also used to evaluate 

different methods. After alignment, the profile curve was represented as a 

histogram metric such as 
2c distance and PDF NL  norms were employed to 
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measure profiles. This approach is heavily dependent on empirically chose 

threshold to filter profile outlines.  

Gao and Leung [11] proposed a high level primitive-based approach for face 

profile recognition. The face profile is represented by a string which consists of a 

series of line segments (primitives). Each line segment is represented by its 

attributes such as the length, orientation, and midpoint. Then a merged dominant 

attributed string matching approach was proposed to compute the profile 

similarity, which is more appropriate and robust than point matching methods. 

This approach achieved the highest recognition rate (98.33%-100%) on two side-

view face database. 

 

2.3 String matching 

 

String matching is a syntactic and structural method for similarity measurement 

between strings or vectors, which has been widely used for researches in 

molecular biology [81], speech recognition [82], and file comparison [83]. Strings 

can be classified into two categories: symbolic strings and attributed strings. The 

symbolic string matching is widely used for shape recognition [84-86]. In these 

methods, shapes are described by string representation (see Figure 2.18) and 

primitives are described by symbols (see Figure 2.19). In Figure 2.18, the string 

representations for these three shapes are S1 aabbccdd,= S2 aaabcccd,=  and 

S3 abbcdd.=  
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Figure 2.18 Symbolic string representation for three shapes 

 

 

Figure 2.19 Primitives and corresponding symbols used in Figure 

2.18. 

The goal of string matching algorithms is to find a sequence of elementary 

edit operations which transform one sting into another at a minimal cost. The 
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elementary operations for symbolic string matching are deletion, insertion, and 

substitution. 

1) Substitution (or Change): to replace a symbol (e.g. a  in 1S ) with 

the other (e.g. b  in 2S ), denoted as a b®  

2) Insert: to insert a symbol (e.g. a  in 1S ) into a string (e.g. 2S ), 

denoted as al ® , where l  is a symbol used to denote nothing (called 

a null symbol). 

3) Delete: to delete a symbol (e.g. a  in 1S ) into a string (e.g. 2S ), 

denoted as a l® . 

Let C  be a cost function which defines a cost ( )C a b®  for each edit 

operation .a b®  Hence, the cost of a sequence of edit operations 

1 2, , , mE E E E= ¼  is defined as: 

 
1

( ) ( )
m

i

i

C E C E
=

= å  (2.25) 

The matching between two strings (e.g. 1S  and 2S ) is to calculate the edit 

distance ( 1, 2)d S S  from 1S  to 2S  which is the minimum of the costs of all the 

edit sequences taking 1S  to 2S . 

From Figure 2.19, we can see that the primitives used in symbolic string 

matching are pre-defined symbols. However, symbols are discrete in nature while 

most problems of pattern recognition deal with attributes that are basically  
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continuous in nature. It was found inadequate to use symbols as primitives for 

complex pattern recognition [87]. Hence, the attributed string matching [11, 87, 

88] are proposed. In attributed string matching, an object is represented by a string 

which is composed of attributed primitives (see Figure 2.20). For example, in 

Figure 2.20, the string representation of the shape 1S  is 1 1 1 1

1 2 3 41 S S S SS p p p p= , where 

1S

jp  is the jth  primitives with attributes (e.g. the length, orientation and location). 

Compared with the symbolic string, the attributed string is object-oriented, which 

is suitable for complex pattern recognition. In addition, a new edit operation, 

merge, is introduced in attributed string matching, which can address the noise 

and distortion issues (shapes 4S , 5S and 6S  in Figure 2.20). The merge 

operation is used to combine and match any number of consecutive primitives in 

one string with those in the other. An example of merge operation is illustrated in 

Figure 2.21, where three primitives 1P , 2P  and 3P  are combined into a new 

primitive P . 
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Figure 2.20 Attributed string representation for shapes 

 

 

 

Figure 2.21 An example of the merge operation 
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However, the conventional attributed string matching methods [11, 87, 88] 

have two major drawbacks. Firstly, their methods are based on Needleman-

Wunsch algorithm [89], which performs a global alignment on two sequences. 

Their algorithm fails to work when an object has large local shape deformations or 

occlusions (e.g. Shapes 2S  and 3S  in Figure 2.22). In addition, the conventional 

attributed string matching methods need to search the start points (the first 

primitives). 

 

 

Figure 2.22 An example of partial shapes. 

 

Global method works well when the sequences are globally similar and there 

is no large occlusion. However, when unexpectedly long matching segments have 

been located between two sequences, the global alignment fails to work because 
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every part of the sequences is taken into consideration. Smith and Waterman 

proposed a local alignment algorithm (SW algorithm) for identification of 

common molecular subsequence [90]. Given two molecular sequence 

1 2 nA a a a= ¼  and 1 2 mB b b b= ¼ .  ( , )i js a b  is a similarity between two elements 

ia  and 
jb  in sequences A  and B , respectively. dW  is weight to delete a element 

and iW  is weight to insert a element. 
,i jH  is the maximum similarity score of any 

two segments ending in ia  and .jb  The similarity is obtained using dynamic 

programming [90]: 

 

( , 1)

( 1, )
( , ) max

( 1, 1) ( , )

0

d

i

i j

H i j W

H i j W
H i j

H i j s a b

ì - -ïïïï - -ï= í
ï - - +ïïïïî

 (2.26) 

The Smith-Waterman (SW) algorithm is similar to Needleman-Wunsch 

algorithm but includes an extra zero (Eq. (2.26)), which allows termination of 

subsequence alignments that perform poorly and is thus able to find similar 

subsequence without exhaustive search. But SW algorithm is based on symbolic 

strings, which was found inadequate for complex pattern recognition.  

 

2.4 Summary 

 

From the above survey of existing approaches in the frontal face recognition 

literature, it can be seen that many researches focus on appearance-based face 
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recognition. The advantages of appearance-based face recognition are two folds. 

Firstly, it implicitly preserves all the detailed texture that is useful for 

distinguishing faces. Secondly, it is less affected by feature detection, compared 

with primitive-based approaches. Primitive information is a useful representation 

feature that is insensitive to illumination changes to a certain extent and requires 

less storage space. In addition, primitive-based methods have been proven to be 

an effective method dealing with the one sample problem. Psychological studies 

indicated that human recognizes line drawings as quickly and almost as accurately 

as gray level pictures. Hence, the primitive-based approach still plays an 

important role in face recognition. In primitive-based face recognition techniques, 

the high level primitive-based approach is an attractive and less exploited area of 

face recognition. To the best of our knowledge, the only work on face recognition 

using high-level primitives was proposed by Gao and Leung to recognize a chain 

of profile line segments. In their method, every part of the whole curve is taken 

into consideration and contributes equally during the matching procedure. This 

would cause one limitation of the method, that is, it cannot tackle the problem of 

partial matching on partially occluded faces. In addition, their face representation 

is not able to describe frontal faces as it only can represent the continuous 

silhouette of a profile face and other important but unconnected distinctive 

features, such as the eyes, eyebrows, mouth and ears cannot be used. 

Facial profiles, on the other hand, provide complementary information of the 

face that is not present in frontal faces. Fusion of frontal and profile views can 
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lead the overall personal identification technique more foolproof and efficient. 

There are generally too categories for facial profile recognition: the fiducial mark-

based approaches and the profile outline-based methods. However, automatic 

detection of fiducial marks is not always reliable, particular when detecting 

features such as concave nose, flat chin, etc. Hence, profile outline-based methods 

have achieved much attention over past few years. But the conventional profile 

outline-based approaches assume that the two compared profiles have the same 

curve details and fail to recognize face profiles in the presence of hairs/glasses 

interferences.  

String matching is a syntactic and structural method for similarity 

measurement between strings or vectors, which has been widely used for pattern 

search in molecular biology, speech recognition, and file comparison. String 

matching can be classified into two categories: symbolic string matching and 

attributed string matching. Compared with the symbolic string matching, the 

attributed string matching is object-oriented, which is suitable for complex pattern 

recognition. However, the conventional attributed string matching methods fail to 

work when an object has large local shape deformations or occlusions.  
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Chapter 3 

Face Recognition using Stringface  

 

3.1 Stringface 

 

In this study, we propose a novel face representation, Stringface, to integrate the 

structure connectivity information with line segments of a face image. This 

representation enables us to define continuous or complex discontinuous features 

in human profile or frontal faces. The conventional string representations [11, 87, 

88] can only represent the continuous (or connected) primitives. For example, in 

[11], the face representation only can represent the continuous silhouette of a 

profile face, whereas other important but unconnected distinctive features, such as 

eyes, eyebrows, mouth and ears cannot be used. A human frontal face contains 

complex discontinuous features and it is believed that string-based techniques are 

not suitable for frontal face recognition. To address this problem, we introduce a 

null primitive ( f ). The null primitives play an important role in the proposed 

Stringface model, which are positioned between two substrings in Stringface 

representation to connect discontinuous features. The Stringface representation is 

described in Definition 1. 
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Definition 1: A Stringface ( SF ) is defined as a syntactic representation of human 

face, which is viewed as being composed of a set of substrings 
pS  (

pS SFÎ ). 

Substrings are connected by a null primitive f  linking the pth  substring 
pS  and 

the ( 1)p th+  substring 
1pS +
 in .SF  

                                   1 2 1 ,SF SF SF SF

n nSF S S S Sf f f f-= L
                               

(3.1) 

where, f  is a null primitive, n  is the number of substrings. The pth  substring 

SF

pS  is denoted as  

 
1 ,

i

SF SF SF SF

p q q q mS L L L+ += L  (3.2) 

where, F

q

SL is the qth  primitive in SF  as well as the first primitive in substring SF

pS  

and ( 1)im +
 
is the number of primitives in ,SF

pS 1, , .p n= K  It should be noted 

that human face with continuous feature (e.g. human facial profile outline) 

contains only one substring. Hence the Stringface is defined as: 

 
1

SFSF S=  (3.3) 

where, the substring  
1

SFS
 
is given by 

 
11 1 2 ,SF SF SF SF

N

F

p

SS L L L L= L L  (3.4) 

where, F

i

SL is the ith  primitive in SF  and 1N  is the number of primitives in 
1 .SFS  

Cognitive psychological studies [5, 6] indicated that human beings recognize 

line drawings as quickly and almost as accurately as gray-level images since the 

line drawings preserve most important feature information. In addition, the line 

segments are less sensitive to illumination changes and local variations since they 
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integrate the inherent local structural characteristics with spatial information of 

face image [3]. Hence, in this study, straight line segments are employed as face 

features, i.e., the primitives (e.g., 
134

SFL ) of a Stringface. After thinning of the edge 

map, a polygonal line fitting process [91] is applied to generate line segments. 

Each line segment (primitive), ,L is represented as ( , , , ),L l x yq  where attributes 

,  ,  l xq  and y  are the length, direction and midpoint location of the line, 

respectively. The line direction q  is defined as the minimum angle formed 

between the line segment and the reference line. The vertical and horizontal lines 

are as reference lines for face profile recognition and frontal face recognition, 

respectively. The Stringface represents not only the local structural information 

but also the global structure of a face; it improves upon the local characteristics of 

feature-based methods [3, 9].  

Figure 3.1and Figure 3.2 illustrate real examples of Stringface representations 

generated from face edge map for human facial profiles and frontal face 

respectively. Figure 3.1 (a) shows a full face profile with continues features, 

which contains only one substring 1SF

ABS . A partially occluded face profile is shown 

in Figure 3.1 (b) with two substrings 2SF

CDS  and 2 .
SF

EFS  The Stringface 1SF  and 2SF  

are defined as 

 1 1 1 1

1 1 28

SF SF SF SF

AB iSF S L L L= = L L  (3.5) 

 2 2 2 2 2 2 2 2

2 1 9 10 11 20

SF SF SF SF SF SF SF SF

CD EF jSF S S L L L L L Lf= = L L L  (3.6) 
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where, 1SF

iL
 
and 2SF

jL  are ith  and jth  primitives in 1SF
 
and 2SF , respectively. 

f 2

10( )
SF

L  is a null primitive connecting two substrings 2SF

CDS  and 2 .
SF

EFS   

 

 

 

Figure 3.1 An example of Stringface for human facial profiles. 

(a) is a full face profile, (b) is a partial occluded face profile. 

,A ,B ,C ,E  and F are end points of face profile outlines.  
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Figure 3.2 shows a human frontal face with complex discontinuous features. 

Its Stringface representation is denoted as  

 
1 2 26 29

SF SF SF SF SF

nSF S S S S Sf f f f f f f= L L L  (3.7) 

where f  is a null primitive connecting two substrings and each substring SF

pS  is a 

consecutive run of connected primitives 
F

q

SL , where n  is the number of substrings. 

In Figure 3.2, 
29

SFS
 
is composed of six primitives as: 

 
29 136134 13 137 138 1395

SF SF SF SF SF SF SFS L L L L L L=  (3.8) 

 

Figure 3.2 A real example Stringface representation using line 

segments as primitives for human frontal face. 
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3.1.1 Feature extraction 

 

The basic primitives (features) of proposed Stringface representation are line 

segments. In this section, the detail of primitive extraction will be described. 

 

3.1.1.1 Edge detection  

 

Edges are the most fundamental features of object in the 3D world. Edges define 

the boundaries between regions in an image, which help with segmentation and 

object recognition. They can show where shadows fall in an image or any other 

distinct change in the intensity of an image. Edge detection is one of the most 

commonly used operations in image processing and computer vision, particularly 

in the fields of feature extraction, which aim to identify features in a digital image 

which usually correspond to some important properties of objects, such as object 

shape and boundary. Hence, edges of images are usually used as important 

features for object representation and object recognition.  

Edge detection has been well studied, and many reliable edge detectors have 

been proposed and implemented over time [92-103]. Most of edge detectors can 

be grouped into two categories: search-based and zero-crossing based. The search-

based methods detect edges by first computing a measure of edge strength, usually 

a first-order derivative expression such as the gradient magnitude. And then 

search for local directional maxima of the gradient magnitude using a computed 

estimate of the local orientation of the edge, usually the gradient direction to 
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calculate the gradient magnitude and the gradient direction. The Roberts, Prewitt 

and Sobel kernels are well-known operators in edge detection [95, 96, 103]. The 

intensity image is convolved with each mask (see Figure 3.3) to compute the first-

order partial derivatives. The gradient magnitude and gradient direction are given 

by: 

 
2 2G Gx Gy= +  (3.9) 

 arctan( )Gy Gxq =  (3.10) 

The zero-crossing based methods search for zero crossings in a second-order 

derivative expression computed from the image in order to find edges, usually the 

zero-crossings of the Laplacian or the zero-crossings of a non-linear differential 

expression. Marr et al. [92] and Hildreth [104] proposed the use of zero-crossings 

of the Laplacian of Gaussian. The image is convolved with the Laplacian of the 

two–dimensional Gaussian and the zero-crossings are labeled. The choice of the 

Gaussian filter is motivated by the fact that it represents an optimal compromise 

between spatial and frequential resolution. Moreover, the Laplacian of Gaussian 

can be implemented efficiently, for example, as the difference of two Gaussian 

having two close scales, or by computing only two partial derivatives.   
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Figure 3.3 The convolution kernels for three classical edge 

detectors. 

The Canny edge detector algorithm was developed by J. F. Canny in 1986, 

which uses a multistage algorithm to detect a wide range of edges in images [97]. 
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The Canny operator is one of the most widely used edge detection algorithms and 

considered a “standard method” used by many researchers. Based on the 

assumption that intensity edges are ideal step edges corrupted by Gaussian noise, 

the Canny edge detector uses linear filtering with a Gaussian kernel to smooth 

noise then computes the edge strength and direction of each pixel in the smoothed 

image. The edge detection algorithms introduced in this section are only a few 

examples from large volume of algorithms that have been presented to the vision 

community. A survey of a number of different edge detection methods can be 

found in [105]. It should be noted that no one single edge detector was best 

overall and for any given image it is difficult to predict which edge detector will 

be best [106].  

The proposed face recognition method on Stringface in this thesis does not 

rely on any specific edge detector. It is a general method that any edge detector 

can be used. In this thesis, the Canny Edge detection algorithm is used and a 

thinning process is then employed to generate one pixel wide edge curves. 

 

3.1.1.2 Line segment extraction 

 

In geometry, a line segment is a part of a line that is bounded by two end points 

(dominant points), and contains every point on the line between its end points. In 

this study, the dynamic two strip (Dyn2S) algorithm [91] proposed by Leung and 



Face Recognition using Stringface 

 

 66 

Yang is used to extract dominant points. A strip is fit to the right and left fields of 

influence of each point on the contour (Figure 3.4). A measure of “merit” based 

on the strips lengths and widths, and the angle between the strips is calculated. 

This merit provides an objective evaluation of the prominent strength of each 

point.  

 

 

Figure 3.4 Illustration of the dynamic two-strip algorithm [91] 

 

In the Dyn2S algorithm, a strip is fitted to the right and left of each point on 

the curve, and the points inside each strip are approximated as a straight line 

(Figure 3.4). The orientation and width of the strip are adjusted automatically. 

Longer and narrower strips are favored. In addition, the curvature and a measure 

of merit of each point can be calculated. The ratio of its width and length is used 

as the elongatedness of a strip. A merit for each point can be computed 
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by
left rightE S E× × , where 180oS q= -  is the acuteness of the angle q  between the 

two strips, and leftE  and rightE  are the elongatedness of the left and right strips. 

Minimum and maximum strip widths are selected. An initial strip of minimal 

width extends from P  to encompass as many points as possible to one side (the 

dashed-line strip). Its orientation is adjusted to include as many points as possible 

until the maximum strip width is reached (the left solid-line strip) and its width is 

then incrementally increased. The elongatedness measure for each strip is 

recorded. The same procedure is applied to the other side of P . The left and right 

strips with the highest elongatedness measures are retained. A subset of 

significant points is chosen using local maximums. They are selected in a three-

step procedure. First, points with a small merit compared to their neighbors are 

eliminated. Then a number of points are re-instated to avoid over-elimination. 

They are chosen from any points that are not covered by one of the strips selected 

in the first step. Finally, points that align approximately on a straight line are 

deleted except the two endpoints on the curve. The remaining points are the 

dominant points extracted to calculate the attributes of line segments. 

 

3.2 Proposed Stringface matching concept 

 

In Section 3.1, we propose a new face representation, Stringface, which 

groups the relational organization of intermediate-level features (line segments) 
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into a high-level global structure representation (a string). The Stringface 

represents not only the local structural information but also the global structure of 

a face; it improves upon the local characteristics of feature-based methods. 

Furthermore, the Stringface can be constructed using only a single face image 

without training state involved. Then, the matching of two frontal faces is done by 

matching two Stringfaces through a proposed string-to-string matching scheme, 

which is invariant to the order of substrings and is able to perform forward-

backward substring matching, is developed to address the discontinuity and order 

uncertainty problem in Stringface.  

 

3.2.1 Stringface matching 

 

Let 1SF
 
and 2SF  be two Stringfaces representing the input face and model face, 

respectively. 1SF
 
and 2SF

 
are defined as: 

 1 1 1 1 1 1

1 1 11 1 2 1 1 ,
SF SF SF SF SF SF

n n NSF S S S S L Lf f f f- == L L  (3.11) 

 2 2 2 2 2 2

22 22 1 2 1 1 ,
SF SF SF SF SF SF

n n NSF S S S S L Lf f f f- == L L  (3.12) 

where 1N
 
and 2N are numbers of primitives in 1SF  and 2SF . 1n  and 2n  are 

numbers of substrings in 1SF  and 2SF . 1SF

iL
 
and 2SF

jL
 
are the ith  and 

jth primitives in 1SF  and 2SF  with attributes ( , , , ).i i i il x yq  and ( , , , ).j j j jl x yq  Let 

1

s eSF q qá ® ñ specify the substring in 1SF
 
from the 

sq th  to the 
eq th  primitives, 
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this is 1 1 1

1 1
.s s e

SF SF SFs e

q q q
SF q q L L L

+
á ® ñ= L  The goal of the proposed Stringface 

matching is to search all similar substrings then calculate the similarity value 

between two Stringfaces. 

The similar substrings between Stringfaces 1SF  and 2SF  can be found using 

dynamic programming: 

 
1 2 1 2( 1, 1) ( , )    if   c( , ) 0 

( , ) ,
0                                            otherwise

SF SF SF SF

i j i jS i j L L L Lc
S i j

ìï - - + ³ï= í
ïïî

 (3.13) 

where, ( , )S i j  is the similarity score of any two segments ending in 1SF

iL  and 

2SF

jL . 1 2( , )
SF SF

i jL Lc  is a similarity between two elements 1SF

iL  and 2SF

jL  in 

Stringfaces 1SF  and 2SF . It is denote as: 

 1 2 1 2[ ( , )( , ) ],
SF SF SF SF

i j i jL L Cost Change L Lc l= -  (3.14) 

where, l  is used to decide the similarity between primitives 1SF

iL  and 2SF

jL . If the 

cost value 1 2[ ( , )]
SF SF

i jCost Change L L  is less than l , these primitives are considered 

as similar elements. 1 2( , )
SF SF

i jChange L L  is one of the important edit operations, 

which is used to replace a primitive (e.g., 1SF

iL  in 1SF ) with the other (e.g., 2

j

SF
L  

in 2SF ). 1 2[ ( , )]
SF SF

i jCost Change L L  is the cost of function for change operation from 

1SF

iL  to 2 .
SF

jL  If 1SF

iL f¹  and 2SF

jL f¹ , 1 2[ ( , )]
SF SF

i jCost Change L L  is defined as:  

1 2 2 2[ ( , )] | | ( ( , )) ( ) ( ) ,
SF SF

i j i j i j i j i jCost Change L L l l f x x y yq q= - + D + - + -   

(3.15) 
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where, ( , )i jq qD
 
is the angle different between two primitives (see (3.16)), and 

()f  is a nonlinear penalty function to map the angle to a scalar using 

2( ) / ,f x x W=  and 50W =  is the weight to balance the angle and length. 

 

| |                  if  | | 90 ,

180 | |       if   90 | | 180 ,   
( , )

| | 180 180 |      if       | 270 ,

360 | |      if     270 | | 360 .

o

i j i j

o o o

i j i j

i j o o o

i j i j

o o o

i j i j

q q q q

q q q q
q q

q q q q

q q q q

ìï - - £ïïïï - - < - £ïïD = í
ï - - < - £ïïïï - - < - £ïïî

 (3.16) 

If 1SF

iL f=  or 2SF

jL f= , then the cost function 1 2[ ( , )]
SF SF

i jCost Change L L  is 

denoted as: 

 1 2[ ( , )] ,( )
SF SF

i j locCost Change L L f K Kq= +  (3.17) 

where, Kq  and locK  are constants to represent the indefinite orientation and 

location of the line segment. For the purpose of penalization, 90o

 and the diagonal 

distance of the input image, which are the maximum angle difference and the 

maximum location difference, are used for Kq  and .locK  An example of 

Stringface matching is illustrated in Figure 3.5. 1

j

SF

pS  and 1

j

SF

pS
 
are two substrings 

in Stringface 1SF  , while 2

k

SF

pS  and 2

l

SF

pS  are two substrings in Stringface 2SF .The 

representations of 1SF  and 2SF  are described in Figure 3.5. where 1

1

SF

aL -
, 1

3

SF

aL +
, 

1

1

SF

bL -
, 1

4

SF

bL +
, 2

1

SF

cL -
, 2

3

SF

cL +
, 2

1

SF

dL -
 and 2

3

SF

dL +
 are null primitives in 1SF  and 2SF . The 

matched primitives between Stringfaces 1SF  and 2SF
 
are:  

 
1 2 1 2 1 2

1 2

1 1 2 2

3 2

,  ,  ;

.

SF SF SF SF SF SF

a c a c a c

SF SF

b d

L L L L L L

L L

+ + + +

+ +

» » »

»
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Hence, the substring  1

i

SF

pS  is matched with the substring  2

k

SF

pS
 
 and there is only 

one pair primitives ( 1 2

3 2,
SF SF

b dL L+ +
)  matched between substrings  1

j

SF

pS  and 2

l

SF

pS .  

 

 

Figure 3.5 An example of Stringface matching. The gray dash 

lines with arrows show the corresponding primitives between two 

Stringfaces 1SF  and 2SF . The red dot line represents the merged 

primitive by several primitives in one Stringface. 

 

3.2.2 Merge dominant Stringface matching 
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In the real applications, a primitive in one Stringface may not have the 

correspondence one in the other Stringface. For example, in Figure 3.5, 

primitives 1 ,
SF

bL 1

1

SF

bL +
 and 1

2

SF

bL +
 in the Stringface 1SF  cannot find the similar 

primitives in Stringface 2SF . But their merged primitive 1

2

SF

b bL ® +
 (the red dash 

line) has the similar primitive 2

1

SF

dL +
 in 2SF . Then the substrings 1

j

SF

pS  and 2

l

SF

pS  can 

be considered as the similar substrings, because they have the largest common 

parts ( 1 1 2 2

3 2 2

SF SF SF SF

b b d dL L L L+ + +»L ). Hence, a new edit operation, merge, is introduced, 

which can address the noise and distortion issues. The merge operation is used to 

combine and match any number of consecutive primitives in one string with those 

in the other. An example of merge operation is illustrated in Figure 3.6, where 

primitives, 
1 2, , ,SF SF SF

i k i k iL L L- + - + ¼  are combined into a new primitive .SF

i kL®
 Let 

1 21 SF SF SF

i k i k iSF i k i L L L- + - +á - + ® ñ= L  be a substring with k  primitives in 

Stringface SF  to be merged, and SF

i kL ®
 be the merged primitive of these 

k primitives. The merge operation is denoted as ( 1 , ).SF

i kmerge SF i k i L®á - + ® ñ  If 

1,k =  ,SF SF

i k iL L® =  which is the case without any merge operation. 
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Figure 3.6 An example of merge operation 

 

The merge cost is defined as  

 
1

1
[ ( 1 , )] ( ( , ) ),

i
SF k

i k p pk
p i k

k
Cost merge SF i k i L f l

l
q q®

= - +

-
á - + ® = ´Dñ å  (3.18) 

where, k  is the number of merged primitives. 
kl  and kq  are the length and the 

line direction of merged primitive ,SF

i kL®
 

pl  and 
pq  are the length and the line 

direction of primitive 
F

p

SL in 1SF i k iá - + ® ñ  before merging. Now, by 

considering SF

i kL ®
 as a single primitive, the cost function of a change operation 

after merging can be rewritten as: 

1 2 2 2[ ( , )] | | ( ( , )) ( ) ( ) ,
SF SF k l k l k l k l

i k j lCost Change L L l l f x x y yq q® ® = - + D + - + - (3.19) 

which is performed after the k  primitives in 1 1SF i k iá - + ® ñ  are merged as 

1SF

i kL ®
 and the l  primitives in 2 1SF j l já - + ® ñ are merged as 2 .

SF

j lL ®  If 1k =  and 

1l = , no merge is performed and the above change operation reduces to the 

conventional one-to-one change operation 1 2( , )
SF SF

i jChange L L  (see (3.15)). 

The Stringface is composed of substrings and null primitives. The merge limit 

SF

imerge_limit  is introduced to ensure that the merge operation is restricted in the 

same substring, which means that primitives in substring SF

pS cannot be merged 
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with primitives in its neighboring substring 
1

SF

pS -
and 

1.
SF

pS +
 Let SF  denote a 

Stringface: 

 
1 2 1 2 ,SF SF SF SF SF SF

n NSF S S S L L Lf f f= =L L  (3.20) 

where, F

q

SL is the qth  line primitive (including f ) in SF  and SF

pS is the 

pth substring (curve primitive) in ,SF 1, , ,p n= ¼  1, , ,q N= ¼   N  is the 

number of line primitives plus the number of null primitives ( f ). n  is the number 

of curve primitives in .SF  Let | |p

SFS  be the number of primitives in the pth  

substring. For a primitive ,q

SFL  if ,F

q

SF S

pL SÌ  then its merge_limit  is defined as: 

 
1

1

_ | | 1.
p

SF SF

tq

t

merge limit q S p
-

=

= - - +å  (3.21) 

An example is shown in Figure 3.7. In this example, merge limits for primitives 

1

3

SF

vL +  
and 2

*

2

SF

uL +  are 4 and 3, respectively.  
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Figure 3.7 The entry 1 2

3 2( , )
SF SF

v uS L L+ +
 is updated according to (3.21). 

Solid lines represent merge steps. 

 

The similarity between two Stringfaces can be characterized by edit operation 

costs using Dynamic Programming (DP). Let 1 1

11 1

SF SF

NSF L L= L  and 

2 2

22 1

SF SF

NSF L L= L  be string representations of the input face and the model face, 

respectively, where 1N  and 2N  are numbers of primitives in 1SF  and 2 .SF  

1 2[ 1 , 1 ]Cost SF i k i SF j l já - + ® ñ á - + ® ñ  is the cost function of edit operations 

(change or merge) for transforming string primitives 1 1

1

SF SF

i k iL L- + L  into 

2 2

1 ,
SF SF

j l jL L- + L  where k  and l  are merge numbers, 1 ,  1 .k i l j£ £ £ £  For 1k =  
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(or 1l = ), it becomes 1

1 1
SF

iSF i k i Lá - + ® ñ=  (or 2

2 1
SF

jSF j l j Lá - + ® ñ= ). 

1 2[ 1 , 1 ]Cost SF i k i SF j l já - + ® ñ á - + ® ñ  is summarized as follows: 

 Change operation. If 1k = , 1l = ,  

1 2

1 2[ 1 , 1 ] [ ( , ])
SF SF

i jCost SF i k i SF j l j Cost change L Lá - + ® ñ á - + ® ñ =
 

(see (3.15)) 

 Merge and change operations. If 1k >  or/and  1l > . 

(see (3.18) and (3.19)) 

To find pairs of strings with high degrees of similarity, we set up a similarity 

matrix S . Let the input Stringface (i.e. 1SF ) has 1N  primitives represented by the 

rows of the similarity matrix S , and let the model Stringface (i.e. 2SF ) has 

2N primitives represented by the columns of the similarity matrix S . First set 

 1 2( ,0) (0, ) 0  (0 0 )S i S j i N and j N= = £ £ £ £  (3.22) 

( , )S i j  is the similarity of two strings ending at 1SF

iL  and 2 .
SF

jL  It is defined as: 

 
1 2

,
max( ( , ))     if   and 

( , ) ,
0                       otherwise

SF SF

i j
k l

L LT k l
S i j

f fìï ¹ ¹ïï= í
ïïïî

 (3.23) 

where, f  is a null primitive connecting two neighboring substrings. k  and l  are 

numbers of merge operations. ( , )T k l  is defined as: 

 
( , )      if  0

( , ) ,
0                               otherwise

S i k j l C C
T k l

ì - - + ³ïï= í
ïïî

 (3.24) 

where 

 1 2[ 1 , 1 ],C Cost SF i k i SF j l jl= - á - + ® ñ á - + ® ñ  (3.25) 
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l  is used to decide the similarity between primitives 1 1SF i k iá - + ® ñ  and 

2 1 .SF j l já - + ® ñ  If the cost value 1 2[ 1 , 1 ]Cost SF i k i SF j l já - + ® ñ á - + ® ñ  is 

less than l , these primitives are considered as similar elements. For example, in 

Figure 3.8, two solid lines (red and black) represent two primitives of two 

Stringfaces. 1l , 2l  and 3l  are the similarity thresholding values (the area of gray 

squares). If l  is too large ( 1l l= , see Figure 3.8 (a)), even orthogonal pair of 

primitives are considered as similar primitives. But when l  is too small ( 3l l= , 

see Figure 3.8 (c)), no similar primitives will be found between two Stringfaces.  

 

 

Figure 3.8  Examples of matching results between two primitives 

based on different l  values. Two solid lines (red and black) are 

represented two primitives of Stringfaces. The areas of gray 

squares are represented the similarity thresholding values, where 

1 2 3l l l> > . 
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For two Stringfaces, 1SF  and 2SF , with primitives 1

1( 1,2, , )
SF

iL i N= ¼  and 

2

2( 1,2, , )
SF

jL j N= ¼ , we compute all the similarity costs between their primitives 

and obtain the similarity matrix: 

 

2

2

1 1 1 2

(0,0) (0,1) (0, )

(1,0) (1,1) (1, )
.

( ,0) ( ,1) ( , )

S S S N

S S S N
S

S N S N S N N

æ ö¼ ÷ç ÷ç ÷ç ÷¼ç ÷ç ÷= ç ÷ç ÷÷ç ÷ç ÷ç ÷ç ¼è ø

M M M M
 (3.26) 

A path steps matrix ( M ) is calculated to record the number of change or merge 

operations ( k  and  l , see (3.23)), which is denoted as: 

 

2

2

1 1 1 2

(0,0) (0,1) (0, )

(1,0) (1,1) (1, )
,

( ,0) ( ,1) ( , )

M M M N

M M M N
M

M N M N M N N

æ ö¼ ÷ç ÷ç ÷ç ÷¼ç ÷ç ÷= ç ÷ç ÷÷ç ÷ç ÷ç ÷ç ¼è ø

M M M M
 (3.27) 

where, each element ( ( , )M i j ) of M  contains two values: k  and l , which are 

calculated by (3.23), are numbers of merge operations for the input and the model 

Stringfaces. 

The pair of substrings with maximum similarity is found by first locating the 

maximal element of S  ((3.26)). The other matrix elements leading to this 

maximal value are then sequentially determined with a traceback procedure based 

on the path steps matrix M  ending with an element of S  equaling to zero. Before 

searching next matched substrings, all the elements in S  related to the pervious 

matched substrings are all set to zero. Then the pair of segments with the next best 

similarity is found by applying the traceback procedure to the second largest 

element of S  that is not associated with the first traceback.  
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Figure 3.9 An example of string representation with different 

orders. The square and circle represent the start and end of each 

substring, respectively. 

 

However, similar substrings (curve primitives) extracted from two face 

images of same person that may have different orders. For example, in Figure 3.9, 

the string 2SF  is identical to the string 1SF  except that their substrings 2

1

SF
S  and 

1

1

SF
S  are in inverse order. The string 3SF  is also similar to the string 1SF . The 
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matching results between 1SF  and 2SF  (and 3SF ) using the proposed merge 

dominant Stringface matching method are illustrated in Figure 3.10. In our 

traceback procedure, we first locate the maximal element 1 2( , )
SF SF

r cS L L  of 

similarity matrix, where r  and c  are the location of the maximal element. The 

other matrix elements 1 2( , )
SF SF

i jS L L
 
leading to this maximal value are then 

sequentially determined from the top left part ( 1 ,  1i r j c£ £ £ £ ) of this 

maximal element ending with an element of S  equaling to zero. 

From Figure 3.10, we found 8 matched substrings between 1SF  and 2SF , 

which are shown in Figure 3.10 (a). Figure 3.10 (b) shows 6 matched substrings 

between 1SF  and 3SF . The similarity values of 2 1( , )S SF SF  and 3 1( , )S SF SF  are 

10l  and 8 Cl - , respectively. Compare with the matching results between 1SF  

and 1SF  (see Figure 3.10 (c)), the substring 1

1

SF
S  (Figure 3.9 (a)) and its inverse 

order substring 2

1

SF
S  (Figure 3.9 (b)) will have 7 separated matched pairs (Figure 

3.10 (a)). But 2 1( , )S SF SF  has the same similarity value as 1 1( , )S SF SF  in total. It 

is shown that the proposed merge dominant Stringface matching can address these 

order problems, which are shown in Figure 3.9.  
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Figure 3.10 The matching results using approximate Stringface 

matching 

Merge dominant Stringface matching is conducted according to Algorithm 1, 

where 1_
SF

imerg limit  and 2_
SF

jmerg limit  are controlling upper limits on the 
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number of primitives to be merged into a new one in Stringfaces 1SF  and 2SF , 

respectively. One example of merge limit is shown in Figure 3.7. In this example, 

merge limits for primitives 1

3

SF

vL +
 and 2

*

2

SF

uL +  are 4 and 3.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Algorithm 1  Proposed merge dominant Stringface matching 

Input: 1 1 1 2 2 2

1 21 1 2 2 1 2,
SF SF SF SF SF SF

N NSF L L L SF L L L= =L L  

Output: The similarity matrix 1 2( , )S SF SF  and the path step matrix 1 2( , )M SF SF  

//Initialization: Fill the 1
st
 row and 1

st
 column 

(0,0) : 0S =  

for : 1i =  to 1N do ( ,0) : 0S i = ; 

for : 1j = to 2N  do (0, ) : 0S j = ; 

//Fill from 2nd to the 1N th row and 2N th  column 

for : 1i = to 1N  

     for : 1j = to 2N  

           if 1SF

iL f= or 2SF

jL f=  

                ( , ) 0S i j = ; 

           else 

                 begin  

                  for : 1k = to 1_
SF

imerge limit  

                       for : 1l = to 2_
SF

jmerge limit  

                              1

1{ [ ( 1 , )]
SF

i kt Cost merge SF i k i Ll ®<= - - + ® >     

                               
2 1 2

2[ ( 1 , )] [ ( , )]}
SF SF SF

j l i k j lCost merge SF j l i L Cost change L L® ® ®+ - + ® > +<  

                               if 0t ³  

                                   ( , ) ( , )T k l S i k j l t= - - +  

                               else 

                                   ( , ) 0T k l =  

                               end 

                      end 

                  end 

                 
( , ) max( ( , ))S i j T k l=  

                 ( , ) arg max( ( , ))M i j T k l=   

           end 

     end 

end 
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The similarity of associating a group of segments from the Stringface 1SF  

with a group of segments from the Stringface 2SF  is computed as: 

 
1 2

1

1
( , ) ( ),

f

i

i

s SF SF Sx
t l =

= * *
*

å  (3.28) 

where, the term iS  is the similarity value (the ith  maximal element in S  matrix 

table) of the ith  most similar substrings between two Stringfaces and f  is the 

number of most similar substrings. l  is the thresholding value to decide the 

similarity between primitives (3.25). t  is the average value of the number of 

merge or change operations of matched primitives between two Stringfaces. x  is a 

weight term which emphasizes the importance of matching large parts from both 

Stringfaces in accordance to the way that humans pay more attention to large 

shape parts when judging the quality of matching [107]. The proportion of the 

matched substrings length with respect to total length is used to define x :  

 1

1

2

2

1
( ).

2

length of matched SF length of matched SF

length of SF length of SF
x = +  (3.29) 

We give a real example illustrating our matching approach. Figure 3.11 (a) 

and (b) show two Stringfaces 1SF  and 2SF  of same person. 1SF  is the input and 

2SF  is the model. The rectangular and circle are represented as substring's start 

and terminal points. Figure 3.11 (c) is one of substrings in 1SF  and Figure 3.11 (d) 

and (e) are substrings of 2 .SF  Figure 3.11 (c) and (d) are similar substrings and 

Figure 3.11 (c) and (e) are non-similar substrings.  
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Figure 3.11 An example of the correspondence between two 

Stringfaces. The square and circle represent the start and end of 

each substring, which decide the sequence order in substrings.  



Chapter 3 

 

85 

 

Figure 3.11 (c) is the 27th substring of 1SF  with 5 primitives 

( 1 1 1 1 1

111 112 113 114 115

SF SF SF SF SF
L L L L L ). Subscript of each primitive is the position of the primitive in 

Stringface. Hence, the Stringface is represented as 

 1 1 1 1 1 1 1 1 1

1

1 1

1 1 26 110 111 112 113 114 115 116 28 ,
SF SF SF SF SF SF SF SF F SF

n

S SF
SF S S L L L L L SL L S= ¼ L  (3.30) 

where, 1 1

110 116

SF SF
L L f= = , are null primitives to connect neighboring substrings and 

1n  is the number of substrings in 1.SF  Figure 3.11 (d) and (e) are the 29th and the 

26th substrings of 2SF with 6 and 2 primitives, respectively. 2SF
  
is  denoted as 

2 2 2 2 2 2 2 2 2 2 2 2

2

2 2 2 2 2

2 1 25 124 125 126 127 28 133 134 135 136 137 138 139 140 30 ,
SF SF SF SF SF SF SF SF SF SF SF SF SF SF SF SF SF

nSF S S L L L L S L L L L L L L L S S= ¼ ¼ ¼ (3.31) 

where, 2 2 2 2

124 127 133 140

SF SF SF SF
L L L L f= == = , are null primitives to connect neighboring 

substrings and 2n is the number of  substrings in 2 .SF  

The similarity matrix S can be calculated according to Algorithm 1. An 

example of part of matrix S is shown in Figure 3.12. The matching costs between 

most similar primitives are marked with red numbers. Figure 3.13 shows the 

merge steps of each entry, which is used to find the path of best similar substrings. 

First, we locate the maximal element of matrix S in Figure 3.12, 

1 2

115 138( , ) 30.1.
SF SF

S L L =  The merge step of this entry (see Figure 3.13), 

1 2

115 138( , ) (1,2)
SF SF

M L L = , which means, in this entry, that no merge happened (or 

merge itself) in substring 1

27

SF
S  and primitive 2

138

SF
L  and 2

137

SF
L  are merged into a new 

primitive in substring 2

29

SF
S . Then we can find a next entry, which is 1 2

114 136( , )
SF SF

M L L . 

The similar value for this entry 1 2

114 136( , ) 25.97
SF SF

S L L = . A whole path can be traced 
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by repeating on this rule. The merged matching primitives for substring 1

27

SF
S  and 

2

29

SF
S  are shown in Figure 3.11 (f) and (g), respectively. The similar value of 

substring 1

27

SF
S  and 2

29

SF
S  is 31.01. We can see from Figure 3.12 and Figure 3.13, 

the similar value of substring 1

27

SF
S  and 2

26

SF
S  is 0. 

 

 

Figure 3.12 An example of part of similarity matrix S  
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Figure 3.13 An example of part of merge step matrix M  

 

3.3 Face alignment 

 

Face alignment is essentially an image registration problem, where a face model 

needs to be deformed to match the image of a face, so that the natural facial 

features are aligned with the model. In this section, face alignment and cropping 

methods, which are used in this study, are introduced. 
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3.3.1 Profile face alignment 

 

In this study, an edge detection algorithm (the Canny edge detector, see Section 

3.1.1) is used to extract facial profile edges, followed by a thinning process to 

obtain one pixel wide edge curves, a face alignment algorithm to normalize the 

facial feature, and a line fitting algorithm (dynamic two strip algorithm, see 

Section 3.1.1.2) to approximate the edge curves with line segments.  

 

 

Figure 3.14 Tangent-based profile normalization 

 

One of the typical methods to align two face profile curves is to find some 

fiducial points in both profile curves and then build the correspondence between 

these points. Based on the correspondence, it is easy to align two profiles. But 

reliable automatic detection of fiducial points is quite difficult. The only most 

stable point is the nose tip due to its great protrusion and under formability. A line 

can be drawn from the nose tip toward the chin, such that the line is tangent to 

both nose and chin. This tangent line is used as reference line for profile 

alignment. An example is illustrated in Figure 3.14. Several algorithms [60-62, 

75] were proposed to detect these reference points. In this study, we implement a 
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simple algorithm by means of a location constraint. The location constraint 

requires the nose tip being in the middle part of the profile longitudinally. With 

this nose tip location constraint, the leftmost point is selected as the initial nose 

tip. The initial chin point can be found by moving a line (inclined at 135o
) from 

the bottom left corner to the top right corner of the image. It stops whenever it 

intersects the face profile. The intersection point is declared as initial chin point 

(see Figure 3.15). A fine-tuning step (Algorithm 2) is used to detect the exact nose 

tip and chin point of a profile. The position of nose tip and the distance, L, 

between the nose tip and the chin point are used to normalize image size, align 

facial orientation and position. The normalization is accomplished using a facial 

window as shown in Figure 3.16 with b=1.05L, c=0.95L, d=1.35L. The values of 

b, c, and d are set empirically. It should be noted that the value of c will be 

changed when the facial area is difficult to extract, such as profile with hair 

interference. One example of the face profile alignment result is shown in Figure 

3.17.  

 

Figure 3.15 Initial nose tip and chin point detected. 



Face Recognition using Stringface 

 

 90 

 

Figure 3.16 Illustration of normalization window. 

 

 

Figure 3.17 Result of nose tip and chin point detection and profile 

normalization 
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Algorithm 2: Tuning nose tip and chin point 

Input: nP = initial nose tip; cP = initial chin point 

Arguments: 0L : a line going through nP  and cP  

               nd : The maximum distance from point nP  to line 0L  

                      0nd <  if nP  is on the ear side of 0L  

              cd : The maximum distance from cP  to line 0L  

                      0cd <  if cP  is on the ear side of 0L  

Tuning method: 

1) D = False 

2) While D == False  

3)        D = Ture. 

4)        Calculate the value of nd . 

5)        If 0nd >  

6)            D = False; Updata nP  to corresponding point that gives nd . 

7)       End if  

8)       Calculate the value of cd . 

9)       If 0cd >  

10)            D = False; Updata cP  to corresponding point that gives cd . 

            End if 
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3.3.2 Frontal face alignment 

 

For the frontal face, the eyes locations are detected for normalization, alignment, 

and cropping. Many reliable automatic frontal face detection and eye location 

algorithms are available such as [108-112]. In this study, the method proposed by 

Lam and Yan [109] is used to locate the eye locations to align and crop the frontal 

faces in this study. It should be noted here that the eyes locations may be given in 

some face databases, such as the AR face database [68] and FRGC face database 

[113]. In all experiments, a localization preprocess was applied to normalize (in 

scale and orientation) the original face images such that the two eyes were aligned 

roughly at the same position with a distance of 80 pixels. Then the facial regions 

are cropped to the size of 160 x 160 for recognition. One example of the eye 

detection and face cropping is illustrated in Figure 3.18. 

 

Figure 3.18 Frontal face alignment and cropping 
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3.4 Experimental results 

 

The proposed Stringface approach is investigated and compared aganist several 

state-of-art approaches in the following experiments to evaluate the performance 

on human profile (Section 3.4.1) and frontal face recognition (Section 3.4.2). The 

face database from the University of Bern [69] is used to test the system 

performance on profile faces. The AR face database of Purdue University [68] and 

the Face Research Grand Challenging (FRGC) ver2.0 face database [113] are used 

to investigate the performance of the Stringface approach on larger frontal face 

databases. The effect of l  in equation (3.25) is also investigated experimentally 

and discussed in this section.  

 

3.4.1 Facial profile recognition 

 

A face database [69] of 30 persons with 2 profiles per person from the University 

of Bern is used to test the capability of the proposed Stringface approach. Each 

image has the size of 342 512´ pixels with 256 gray levels. The lighting 

conditions during image acquisition were carefully controlled. One profile of each 

person is used as the model while the other is used as the input. Though there are 

only 30 pairs of models and inputs, one can have 60 matching experiments if the 

roles of model and input are interchanged. No individual wear glasses in this 
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database. The facial areas were cropped to eliminate hairs interference. Hence, 

after cropping, all profiles from this database are without interferences. All 

cropped images were normalized using the line between the nose tip and the chin 

points (see Section 3.3 for more details). Then face profile outline curves were 

obtained using the algorithm proposed in [91]. An example is shown in Figure 

3.19. 

In this thesis, the dynamic time warping (DTW) [78], histogram with 
2c  

distance (
2hist _ c ) and PDF NL  norms ( hist _ pdf ) abnegated 20% of points 

whose distances with the corresponding is large [77] and attributed string 

matching (AStrM) [11] are used as benchmarks methods (see Chapter 2 for more 

details). The proposed Stringface approach is compared with these baseline 

algorithms with respect to normal condition (without interferences) in Section 

3.4.1 and uncontrolled condition (with interferences) in Chapter 4. 

 

 

Figure 3.19 A profile view of a face in the database (A), the 

cropped silhouette (B), and the profile contour (C) 
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The effect of l  in Algorithm 1 is investigated on recognition accuracy using 

Bern database on facial profile recognition. Figure 3.20 shows the curve of 

recognition rate against the l  under normal condition. The recognition rate 

increases greatly from 5l =  to 12.l =  Between 12l =  and 14,l =  the 

recognition rate is steady. Then decrease with the increase of .l  For the rest of 

experiments on facial profile recognition, l  is set as 13. 

 

 

 

Figure 3.20 The effect of l on the recognition rate. 
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The recognition results on facial profiles are summarized in Table 3.1. The 

proposed Stringface approach achieved a recognition rate of 98.2%. It obtained 

equal well accuracy as attributed string matching (AStrM) proposed in [11], 

which reported the highest recognition rate (98.3%) on facial profile recognition 

using the face database from the University of Bern [69]. In [11], Gao and Leung 

argued that the high-level feature based method can provide more accurate to 

distinguish one face from the other than the Modified Hausdorff Distance (MHD) 

and the Line Segment Hausdorff Distance (LHD) methods. The proposed 

approach also performed consistently superior than other profile outline-based 

methods. 

 

Table 3.1 Performance comparison on face profile using Bern 

database 

Methods Recognition rate (%) 

Stringface 98.2 

AStrM 98.3 

DTW 90.0 

2hist _ c  96.1 

hist _ pdf  98.0 

MHD 93.3 

LHD 96.7 
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3.4.2 Frontal face recognition 

 

The AR face database [68] from the Purdue University and the Face Recognition 

Grand Challenge (FRGC) ver2.0 face database [113] are used to evaluate the 

performance of proposed Stringface approach on frontal face recognition. The AR 

database consists of over 4,000 frontal view images of 126 individuals (70 males 

and 56 females). Each person has 26 images captured in two different sessions 

with a two-week time interval. Each session contains 13 face images under 

different light conditions (right light on, left light on and both lights on), different 

facial expressions (smiling, angry and screaming) and partial occlusions 

(sunglasses and scarf). Some images were found missing or corrupted for a few 

subjects. The photos of 117 people having complete sets of images (64 men and 

53 women) covering all conditions are used in our experiments. Figure 3.21 

illustrates example pairs of test and model face images in the AR face database. 

Note that the test images were taken two weeks later after the model images were 

taken. 
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Figure 3.21 Example pairs of faces from the AR face database 

[68]. Faces were taken with two weeks’ time difference.  

 

The FRGC ver2.0 database contains 50,000 recordings divided into training 

and validation sets. The training set consists of 12,776 images from 222 subjects, 

which were taken from 9-16 sessions. The validation set contains images from 

466 subjects collected from 4,007 sessions. The number of sessions used for 

taking photos of each subject is different, ranging from 1 to 22 sessions (410 

subjects have 2 sessions or above). Each session has four controlled still images; 
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two uncontrolled still images and one 3D image (see Figure 3.22). In our 

experiments, all 466 subjects in the validation set are used for testing, where the 

first image with neutral expression of each person taken in the first session is used 

as the single model of the subject and the test image is randomly selected from the 

remaining images with neutral expression of the person. Figure 3.23 illustrates an 

example pair of test and model face images in the FRGC ver2.0 face database. 

 

 

Figure 3.22 Sample images of one subject in one session of FRGC 

ver2.0 database. (a)-(d) Four controlled images. (e)-(f) Two 

uncontrolled images. (g)-(h) 3D shape and texture channels of 3D 

scan. 

 

 

 



Face Recognition using Stringface 

 

 100 

 

Figure 3.23 An example pair of faces from the FRGC ver2.0 

face database [113]. The two faces were taken with time 

difference.  

 

In all the experiments, a localization preprocess was applied to normalize (in 

scale and orientation) the original face images such that the two eyes were aligned 

roughly at the same position with a distance of 80 pixels. Then the facial regions 

are cropped to the size of 160 x 160 for recognition (see Section 3.3 for more 

details). Some example cropped faces are displayed in Figure 3.24. It should be 

noted that all the following experiments employ a single model per subject 

matching scheme. 
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Figure 3.24 Sample cropped faces from (a) the AR database and 

(b) the FRGC ver2.0 database. 

 

In this study, the performances of the proposed method are compared with 

the major benchmark approaches that can handle appearance changes including 

partial occlusions and/or perform face sketch recognition. They are: (1) 

partitioned Sparse Representation-based Classification (p-SRC) [114], 

Independent Component Analysis Architecture I (ICA-I) [115], Adaptively 

Weighted Patch Pseudo Zernike Moment Array (AWPPZMA) [116], Local 

Probabilistic approach (LocPb) [44], which are the state-of-the-art approaches in 

handling partial occlusions; (2) Eigenface [23], which is the most popular 

benchmark in performance comparison of face recognition approaches; (3) Line 
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Edge Map (LEM) [3]  and Directional Corner Point (DCP) [9] methods, which 

use the same type of facial information (but not in a high level primitive manner 

as in the proposed approach). Eigenface, LEM and DCP methods are introduced 

in Chapter 2. SRC, ICA, AWPPZMA, and LocPb are described in Chapter 4. The 

proposed Stringface approach is compared with these baselines with respect to 

normal condition in Section 3.4.2, partial occlusions in Chapter 4, varying lighting 

condition and facial expression in 0, and face sketch recognition in Chapter 6.  

 

3.4.2.1 The effect of l  

 

To determine l  defined in equation (3.25), an experimental investigation on 

recognition accuracy was conducted under ideal condition with different values of 

l  on AR face database, in which neutral faces under controlled/ideal condition 

taken in the first session were selected as the model set and neutral faces under 

ideal condition taken in the second session were used as the test set. Example of 

pairs of model and test face images is illustrated in Figure 3.21. Figure 3.25 shows 

the curve of recognition rate against the values of l . It is found that Stringface 

with a low thresholding value (i.e. l =2) performed badly. It improved quickly 

and reached the optimal value when l  ranged from 8 to 14. In the rest of 

experiments on frontal face recognition and face sketch recognition, we choose 

10l =  as the similarity thresholding value between primitives. 
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Figure 3.25 The effect of l on the recognition rate under 

controlled condition. 

 

3.4.2.2 Performance of Stringface recognition 

 

The system performance is evaluated under normal condition on both AR and 

FRGC ver2.0 databases. The recognition rates of the proposed Stringface together 

with those of LEM [3], DCP [9], p-SRC [114], ICA-I [115], AWPPZMA [116], 

and eigenface [23] approaches are tabulated in Table 3.2. 

From the Table 3.2, it can be seen that the proposed approach performed 

similar as (or slightly better than) p-SRC, AWPPZMA, LEM and DCP methods 

and significantly outperformed ICA-I and eigenface methods on AR face database. 

On the FRGC ver2.0 database, the Stringface and p-SRC methods achieved much 
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better accuracies than the rest of the method. This may be because face images of 

the same person under ideal condition in the FRGC ver2.0 database have larger 

variations than those in the AR database and AWPPZMA, LEM and DCP 

methods are not as robust as Stringface and p-SRC to these variations. The PCA, 

and ICA-I methods work well as long as the test image is “similar” to the 

ensemble of training samples and the training set should include multiple images 

for each person with some variations to obtain a better performance. Here, all 

experiments employed a single model per subject matching scheme. Hence, the 

single model based methods, i.e. Stringface, LEM, DCP, and AWPPZMA, 

achieved higher recognition rates than PCA and ICA-I methods. Partitioned SRC 

[114] is the latest state-of-the-art method that can recognize faces with varying 

expressions, illuminations and occlusions. Although, there is only one sample 

image per person, it still performed very well (97.50% and 81.75%) as the 

proposed approach (96.43% and 82.56%) on both databases. 

Table 3.2 Performance comparison under normal (controlled/ideal) 

condition 

Method 
Recognition Rate (%) 

AR FRGC 

Stringface 96.58 82.61 

p-SRC 97.43 81.76 

AWPPZMA 92.31 72.75 

ICA-I 82.05 65.45 

PCA  76.07 64.38 

LEM 96.58 66.95 

DCP 94.87 69.53 
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3.5 Summary 

 

In this chapter, we have contended both theoretically and experimentally that face 

can be recognized using a high-level feature (string). The proposed Stringface is a 

novel compact face feature representation, which integrates the local structural 

information with spatial information of a face image by grouping the relational 

organization of intermediate-level features (line segments) to a high-level global 

structure (a string). The proposed approach represents a face image as a string and 

enables it to define complex discontinuous features in a human frontal face. In 

addition, the Stringface represents not only the local structural information but 

also the global structure of a face; it improves upon the local characteristics of 

feature-based methods (low-level feature approach and intermediate-level feature 

approach). The matching of two faces (facial profiles or frontal faces) is done by 

matching two Stringfaces through a proposed string-to-string matching scheme. It 

was believed that the string-based technique is not suitable for frontal face 

recognition due to its highly ordered global representation and complex nature of 

a human face. The major contributions of the proposed Stringface approach are: 

1) This is believed to be the first piece of work on frontal face analysis using 

a high-level syntactic matching method. 

2) Stringface takes the global structure feature (the string) rather than local 

structure features (line segments) as primitive into computation. It has 
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been proven that the global structure feature (high-level feature) approach 

can provide strong discriminative power than the local characteristics of 

feature-based methods (low-level feature approach and intermediate-level 

feature approach) on facial profile recognition [11]. 

In the experiment on facial profile faces, the proposed Stringface approach 

performed equally well as the attributed string matching method (AStrM) 

proposed by Gao and Leung [11], which provided more accurate to distinguish 

one face from the other than the Modified Hausdorff Distance (MHD) and the 

Line Segment Hausdorff Distance (LHD) methods. The proposed approach also 

performed consistently superior than other profile outline-based methods. This 

study is the first attempt to using the high-level feature approach for frontal face 

recognition. It is a very encouraging finding that the proposed Stringface approach 

can achieve the highest recognition rates on both AR and FRGC ver2.0 databases 

using only one sample per class under ideal condition. The results demonstrate 

that the high-level feature (Stringface) of human faces could provide strong 

discriminative power and sufficient information for face recognition.  
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Chapter 4 

Stringface Recognition to Address Partial 

Occlusion Problems 

 

4.1 Introduction 

 

Face recognition has attracted much attention in both academic and industrial 

communities during the past few decades. A great deal of progress has been made 

to robustly identifying faces under controlled condition on both facial profile 

recognition and frontal face recognition. However, recognizing faces under 

uncontrolled conditions remains as open problems in face recognition community.  

Face profile matching is an important aspect of face recognition. A face 

profile provides a complementary structure of the face that is not seen in the 

frontal view. Hence, a face recognition system that combine the matching results 

of both the frontal and profile faces can improve the false acceptance rate. The 

system is more foolproof because it is difficult to cheat the profile face 

identification by a mask. Face profile recognition can be roughly classified into 

two categories: the fiducial mark-based approaches [60-62, 73-75] and the profile 

outline-based methods [11, 76-79]. Fiducial mark-based methods rely on the 
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correct detection of fiducial points. However, automatic detection of fiducial 

marks is not always reliable, particularly when detecting features such as concave 

nose, flat chin, etc. Hence, profile outline-based methods have achieved much 

attention over past few years. In [77], the profile curve was represented as a 

histogram, where histogram metric such as 
2
 distance and  NPDF L  norms were 

employed to measure profiles. This approach is heavily dependent on empirically 

chosen threshold to filter profile outlines. Bhanu and Zhou [78] proposed a 

method using dynamic time warping (DTW) to match face profiles based on the 

curvature value of each point on the profile. Gao and Leung [11] approximated 

the face profiles using line segments described by attributed strings. Then an 

attributed string matching approach was proposed to compute the profile 

similarity, which is more appropriate and robust than point matching methods. 

However, the conventional profile outline-based methods assume that the two 

compared profiles have the same curve details and fail to work when an object has 

large local shape deformations or occlusions. The effect of interferences has not 

been previously investigated in the face profile recognition, as most previous 

work [11, 77-79] has assumed that facial areas required for recognition are visible 

and precisely localized. However, in realistic scenarios the facial area may be 

difficult to precisely localize due to interferences (e.g., glasses, hairstyles; see 

Figure 4.1).  
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Figure 4.1 Examples of profile faces with hair/glasses 

interferences. 

 

A frontal face recognition system can be confront occluded faces in real 

world applications very often due to use of accessories, such as scarf and 

sunglasses (see Figure 4.2). Hence, the face recognition system has to be robust to 

occlusion in order to guarantee reliable real-world applications. Recognizing 

partially occluded face has received considerable attention in recent years [44, 

114-118]. 
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Figure 4.2 An example of face (a) with partial occlusions 

(sunglasses (b) and scarf (c)). 

 

Penev and Atick [117] proposed a Local Feature Analysis (LFA) technique 

by modifying PCA to solve the partial occlusion problem. LFA is a derivative of 

the eigenface method, which utilizes specific facial features such as eyes, mouth 

and nose for identification instead of the entire representation of the face. These 

features are used as the basis for representation and comparison. Its performance 

is dependent on a relatively constant environment and the quality of the image. 

However, basis images from the LFA representation are not perfectly localized. 

Thus, pixels in nonsalient regions degrade the recognition performance in the case 

of partial occlusions and local distortions. Bartlett et al. [115] presented an 

Independent Component Analysis (ICA) architecture I to find a spatially local 

face representation. Conceptually, LFA also finds local basis images for face 

using the second-order statistics but its kernels are not sensitive to the higher than 

second-order dependencies in a face image. On the contrast, Independent 
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Component Analysis (ICA) architecture I is sensitive to these high-order statistics. 

It treats the images as random variables and the pixels as outcomes to find a set of 

statistically independent basis images. ICA-I based methods are robust to partial 

occlusion and local distortions due to the local property of ICA-I basis images. 

But, ICA-I basis images do not perfectly display local characteristics, in the sense 

that pixels that do not belong to locally salient feature regions still have some 

nonzero weight values. These pixel values in nonsalient regions would appear as 

noise, which contribute to the degradation of the recognition. The Local Non-

negative Matrix Factorization (LNMF) [118] was proposed to improve the 

Nonnegative Matrix Factorization (NMF) method [119]. LNMF attempts to seek a 

set of local basis which are additive and sparse when used for representation. The 

components in basis images are successfully localized in LNMF method. 

However, the locality constraints do not guarantee that meaningful facial features 

should be localized in their basis images. Martinez [44] proposed a probabilistic 

face recognition approach that could compensate for the imprecise localization, 

partial occlusion, and extreme expressions with a single training sample. In his 

method, face images are analyzed locally in order to handle partial face occlusion. 

The face image is first divided into k local regions. For each region, an eigenspace 

is constructed. If a region is occluded, it is automatically detected. Moreover, 

weighting of the local regions were also proposed in order to provide robustness 

against expression variations. Instead of Gaussian or mixture of Gaussians as in 

[44], Tan et al. [40] used a self-organizing map (SOM) to model the subspace. 
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Park et al.[120] represented a face using attributed relation graph (ARG) structure, 

which contains a set of nodes and binary relations between these nodes. They first 

established the correspondences between the ARG representations of the model 

and test images, and then the similarity was calculated using the distance between 

these representations. But the computational complexity of this algorithm is 

relatively high. Kanan et al. [116] proposed a Adaptively Weighted Patch Pseudo 

Zernike Moment Array (AWPPZMA) method to address the partial occlusion 

problem when only one sample image per person is available. In their method, 

each face image is represented as an array of PPZM extracted from a partitioned 

face image. Recently, Wright et al. [114] presented a partition Sparse 

Representation Classification (SRC) method which is inspired by the idea of 

compressed sensing. In their method, a face is first partitioned into blocks and 

computes an independent sparse representation for each block. Then a general 

classification algorithm and a voting method are used to recognize face images. 

Another representation based approach was proposed by Jia and Martinez [121]. 

In [121], they used both non-occluded and occluded images in training stage for 

the first time in the research community. 

In Chapter 3, we proposed a novel Stringface representation and matching 

concept, which is able to effectively find the most discriminative local parts 

(substrings) for recognition without making any assumption on the distributions of 

the deformed facial regions. This substring matching ability can be used to 

address the occlusion problems, e.g., face profile with hair/glasses interferences 

and frontal face with disguise (e.g., sunglasses, scarf). An example is illustrated in 
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Figure 4.3, where (a) is original profile outlines; (b) is matched results using 

proposed Stringface approach; (c) is matched results using the global method (i.e. 

AStrM [11]). The performance of the proposed approach to address the partial 

occlusion problems is evaluated on three well-know face databases, i.e. FERET 

face profile database [35], AR face database [116], and FRGC ver2.0 database 

[118]. 

 

 

Figure 4.3 An example of matching results for face profiles with 

interferences. Solid red line represents matched parts and dash 

line represents non-match parts 
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4.2 Recognizing face profile in the presence of 

hairs/glasses interferences 

 

The FERET face database [35] is used to evaluate the performances of Stringface 

approach on face profile in the presence of interferences. We selected 150 

individuals with two side-face images per individual. The size of images is 

256x348 pixels. Compared with the images in the database from University of 

Bern (used in Section 3.4.1), images in FERET database is greatly affected by 

hairs or glasses interferences. Side images of the same person may have different 

facial areas (see Figure 4.4 (b) and (d)) or a large deformation on their profile 

outlines (see Figure 4.4 (a) and (c)), which will affect the performance of the 

conventional face profile approach heavily. In this dataset, all information 

(including hairs or glasses) on profile outline was extracted to evaluate the 

performance of proposed approach under interference conditions. All face images 

were normalized using the line between the nose tip and the chin points. Then face 

profile outline curves were obtained using the algorithm proposed in [91]. In our 

experiments, and l was set as 13 (more detail see Section 3.4.1). 
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Figure 4.4 Samples from FERET face database [35]. (a) (or (c)) 

two side images of the same person with large deformation on 

their profile outlines because of glasses interference. (b) (or (d)) 

two side images of the same person with different facial area 

because of hairs interference. 

 

The proposed approach is compared with several benchmark approaches, i.e. 

the dynamic time warping (DTW) [78], histogram with 
2c  distance (

2hist _ c ) 

and PDF NL  norms ( hist _ pdf ) abnegated 20% of points whose distances with 
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the corresponding is large [77] and attributed string matching (AStrM) [11], 

which are the same baseline algorithms used in Section 3.4.1. It can be observed 

that the proposed Stringface method significantly outperformed other benchmark 

methods for recognizing face profile with interferences. This is believed to be the 

first piece of work on face profile analysis to address the interferences problem, 

which is one of the most challenging problems in real applications. 

 

Table 4.1 Performance comparison using FERET face database 

[35]. 

 

Methods 

Recognition rate (%) 

Top 1 Top 2 Top 3 

Stringface 82.6 88.3 95.2 

AStrM 33.3 43.9 48.4 

DTW 25.7 40.9 46.9 

2hist _ c  72.7 83.3 90.9 

hist _ pdf  71.2 83.3 86.4 

 

 

4.3 Frontal face recognition despite disguise 

 

In this experiment, we test our algorithm on real disguises using a subset of the 

AR face database, which is one of the latest database available that contains real 

images with disguise accessories. The neutral face images of the first session (i.e., 

Figure 4.5 (a)) were used as the galleries. while the occluded faces with 

sunglasses and scarfs in both the first and the second sessions (i.e., Figure 4.5 (b), 
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(d) and (c), (e)) were used as the probes respectively. As before, the proposed 

approach is compared against several state of the art methods, including LEM [3], 

DCP [9], p-SRC [114], ICA-I [115], AWPPZMA [116], and eigenface [23]. The 

recognition results are presented in Table 4.2. 

 

 

Figure 4.5 Images of one subject in the AR database with 

different partial occlusions. (a) is a neutral facial image taken 

from the first session; (b-e) are images with partial occlusions 

taken from the first session and the second session, respectively. 
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It is observed from Table 4.2 that occlusions affected the performances of all 

methods with an accuracy drop ranging 9.4% - 66.67%  and 1.71% - 88.03% for 

faces (Session 1) with sunglasses and scarfs respectively. As expected, the 

proposed method and the baseline methods that can handle occlusions performed 

better than other benchmark methods. However, the Stringface (86.54% in 

average) and p-SRC (83.55% in average) performed significantly better than other 

methods including those robust to partial occlusions and the proposed Stringface 

consistently obtained the highest accuracies under all four conditions (2 sessions 

and 2 occlusions). The sunglasses and scarfs (Session 1) only resulted in a small 

drop of accuracies (9.40% for Stringface and 11.96% for p-SRC) and (1.71% for 

Stringface and 6.83% for p-SRC), respectively. It is interesting to note that the 

proposed method only has a 1.71% accuracy decrease when the faces are occluded 

by scarfs, showing its superior capability in handling partial occlusions. The 

performance drops due to occlusions on session 2 images were bigger that on 

session 1 images is understandable as the intra-class variations increase when 

taking session 2 pictures after a two weeks’ time interval. As we expected, the 

results of all algorithms that can handle occlusions (Stringface, p-SRC, ICA I, 

AWPPZMA and LocPb) shows that recognising occluded faces with scarf is 

easier than that with sunglasses, because we believe that the eye areas carry more 

identity related information than the mouth and nose areas of a person's face 

although scarfs in the images covered a larger facial area than sunglasses. 

Furthermore, in face recognition system two eyes are normally used to align two 

face images roughly. Hence, the subject wearing a scarf can provide more 
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accurate alignment than the subject wearing sunglasses. The reason of low 

performance on faces wearing sunglasses is also due to the registration errors 

[122]. The impact of registration errors on face recognition performance is not 

concerned in this study. 

 

Table 4.2 Performance comparison for sunglasses and scarf 

occluded faces. A: Accuracy. AD: Accuracy decreases due to 

occlusion compared to those under ideal condition in Table 3.2. 

Methods Session – 1 (%) Session – 2 (%) Averag
e (%) 

Sunglasses Scarf Sunglasses Scarf 

Accura

cy 

AD Accura

cy 

AD Accura

cy 

AD Accura

cy 

AD 

 
Stringfac

e 

87.18 9.40 94.87 1.71 76.07 20.51 88.03 8.55 86.54 

p-SRC 85.47 11.96 90.60 6.83 72.65 24.78 85.47 11.96 83.55 

LocPb 80.0* N/A* 82.0* N/A* 54.0* N/A* 48.0* N/A* 66.0 

AWPPZ
MA 

70.0* 22.31

* 

72.0* 20.31

* 

58.0* 34.31

* 

60.0* 32.31

* 

65.0 

ICA-I 54.70 27.35 56.41 25.64 39.31 42.74 50.43 31.62 50.21 

PCA 12.82 63.25 8.55 67.52 8.55 67.52 5.98 70.07 8.97 

LEM 58.12 38.46 29.91 66.67 43.59 52.99 22.22 74.36 38.46 

DCP 28.20 66.67 6.84 88.03 14.53 80.34 5.98 88.89 13.89 

 

* The values with asterisks are from [116] and [44] obtained from images of 50 

random selected subjects. 

 

4.4 Sensitivity to occlusion size 
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In this experiment, we use the FRGC ver2.0 database to test the sensitivity of our 

approach to occlusion sizes. The data set is divided into model and test sets. Using 

the same experimental strategy in [121, 123, 124], the occlusion is simulated in an 

test image by using a black square of s s´  with {10,20,...,100}s Î  at a random 

location, as shown in Figure 4.6. The recognition task will become more and more 

challenging, since the image size is only 160 x 160 pixels.  

 

 

Figure 4.6 Examples of FRGC ver2.0 face images with simulated 

occlusions. (a) Model images; (b-k) the corresponding test images 

with random occluding blocks of sizes (10x10, 20x20, …, 100x100). 
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The graph in Figure 4.7 shows the recognition rates of all algorithms. The 

proposed Stringface demonstrated superior capability than all the other methods in 

recognising partially occluded faces. From 10x10 up to 50x50 block size, the 

performances of Stringface and p-SRC were nearly invariant to occlusions, while 

all the other benchmark algorithms already experienced big drops of accuracy.  

Even at 100x100 block size, the proposed approach still can achieve over 70 

percent recognition rate, whereas p-SRC only achieved a rate of 38.65%. 

Recognizing face under 100x100 randomly located square block is a difficult 

recognition task even for humans. The figure also shows that the overall 

performance stableness of our method against occlusion is also superior to others 

partial occlusion methods, such as p-SRC and AWPPZMA. Although there is 

only one sample image per person used as a template, partitioned SRC (p-SRC) 

[114] still performed excellent as the proposed approach when the occlusion block 

size is small. p-SRC first portioned the image into eight (4x2) blocks of size 

40x80 pixels, and then the results for individual blocks are calculated by original 

SRC algorithm. Finally, the results are aggregated by voting, while discarding 

blocks with large occlusions. The better performance of the Stringface approach 

against p-SRC becomes clearer as the occlusion block size increases. LEM and 

DCP use the same type of facial information, but not in the high level primitive 

manner as in the propose approach. We simulate partial occlusions in each test 

image by using a black patch at random location. When the patch size is small, 

facial features (lines or points) may not be occluded, thus LEM and DCP methods 
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are still able to recognize faces. From Figure 4.7, we can see that although the 

matching strategy of LEM and DCP methods are not suitable to address partial 

occlusion problem, these methods are still able to reach over 60 percent 

recognition rates under the occlusion with parch size 40 x 40. But the recognition 

rates drop quickly as the occlusion block size increases. These results demonstrate 

the significant superiority of the proposed Stringface in handling partial 

occlusions. The better performance of the Stringface is believed due to its content-

based partial matching scheme (which can take every piece of non-occluded 

content within any shape of regions into recognition process automatically), 

instead of subregion-based matching scheme used (which cannot differentiate 

occluded and non-occluded areas within a subregion) by other methods. 

 

Figure 4.7 Recognition under varying levels/sizes of random 

occlusion (10x10, 20x20, …, 100x100 of occluding blocks). 
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4.5 Summary 

 

Acceptable recognition performance from existing face recognition systems is 

achieved when used in controlled environment with cooperative users. However, 

most existing algorithms are not robust under uncontrolled conditions, especially 

in high security environments such as border crossing and terrorist watch lists, 

where an individual attempts to defraud law enforcement by altering his or her 

physical appearances with disguises, such as scarf and sunglasses. Hence, the face 

recognition system has to be robust to occlusion in order to guarantee reliable 

real-world applications. The proposed Stringface is composed of substrings and 

null primitives. The matching of two faces is done by matching two Stringfaces 

through the proposed string-to-string matching scheme, which is able to 

effectively find the most discriminative local parts (substrings) for recognition 

without making any assumption on the distributions of the deformed facial 

regions. This substring matching ability can address the partial occlusion problem.  

The conventional human face profile recognition algorithms rely heavily on 

the accuracy of the facial area cropping. However, in realistic scenarios the facial 

area may be difficult to localize due to interferences (e.g., glasses and hairs). 

Through the experiment on FERET face profile database, the proposed Stringface 

method produces consistently superior result for face profile with interferences. 

This is believed to be the first piece of work on face profile analysis to address the 

interferences problem, which is one of the most challenging problems in real 
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application. Furthermore, the proposed method is based on line segments, which 

are more reliable and accurate than fiducial points to represents shapes. The 

experimental results on AR face database show that the proposed Stringface 

approach produced more robust and superior performance over other benchmark 

methods for recognizing face images with disguise variations. The sensitivity to 

occlusion size is evaluated on FRGC ver2.0 face database by replacing a 

randomly located square block of each test image with a black square image. 

Experimental results show that the proposed approach can handle variation in 

occlusion size better than other comparison methods.  

Since the proposed approach can detect and exclude unreliable and 

inconsistent features by the Stringface matching, the recognition of face is very 

robust. Moreover, unlike most algorithms, the proposed approach requires a single 

face image each person per class, so that it can be applied in more general 

situations where many samples per person are not available. 
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Chapter 5 

System Performance on Varying Lighting 

Conditions and Facial Expression 

5.1 Introduction  

 

The earlier studies were mainly focused on face recognition under controlled 

lighting conditions, neutral expression and small variation in pose. A reliable face 

recognition system should be more robust under extreme variations. Illumination, 

pose variations, disguises, aging effects and expression variations are some of the 

key factors that affect the performance of face recognition systems. We have 

tackled the problem of partial occlusion in Chapter 4. In this chapter, the 

performance of the proposed approach under varying illumination and facial 

expression are evaluated. 

 

5.1.1 The illumination variation problem 

 

The effect of variation in the illumination conditions in particular, which causes 

dramatic changes in the face appearance, is one of the most challenging problems 

that a practical face recognition system needs to face. Recently, a number of 
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illumination invariant face recognition approaches have been proposed [125-138]. 

Existing approaches addressing the illumination variation problem fall into three 

main categories: preprocessing and normalization, invariant feature extraction, 

and face modeling. 

Some image processing techniques, such as histogram equalization, gamma 

correction, and logarithm transform, are widely used to normalize images to 

appear stable under different lighting conditions. However, these global 

processing techniques may fail to deal with nonuniform illumination variation. 

Recently, adaptive histogram equalization [139], region-based histogram 

equalization [128], block-based histogram equalization [133], quotient 

illumination relighting [134], and combining symmetric shape-from-shading and a 

generic three-dimensional model [135] methods have been proposed to cope with 

nonuniform illumination variations. Although recognition rates on face databases 

with nonuniform illumination variations can be improved compared with the 

conventional illumination normalization techniques, their performances are still 

not satisfactory or have some limitations, such as all faces with a similar common 

shape or preknowledge of the lighting models of images.  

Recently, illumination invariant features are used to represent a face to 

address the illumination variation problems. The Directional Corner Points 

(DCPs) [9] and Line Edge Map (LEM) [3] are proposed for face recognition by 

Gao and Leung. In [9], a face is described using a set of geometrical feature 

descriptors, named Directional Corner Points (DCPs). DCPs are feature points 
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with three attributes, which integrate spatial features with additional structural 

information about the connectivity to their neighbours. The DCP descriptor is 

economical for storage because it uses sparse points only. Furthermore, the 

structural attributes of DCPs enhance the discriminative power of the descriptor. 

For a given query face, dissimilarity is calculated between the query face and each 

model in database. The minimum dissimilarity is considered as the correct return. 

87.50%, 89.29%, and 61.61% of recognition rates were reported under face with 

different lighting conditions (left light on, right light on, and both lights on) on 

AR database [68]. Another well known illumination invariant approach is based 

on Line Edge Map (LEM) using Line segment Hausdorff Distance (LHD) [3, 10]. 

Gao et al. [3]  proposed a Line Edge Map (LEM), which extracted lines from a 

face edge map. In LEM, each line contains three attributes: the midpoint location, 

angle and length of the line. Then, a Line Segment Hausdorff Distance (LHD) 

[10] measure is used to match LEMs of faces. LHD has better distinctive power 

because it uses these additional structural attributes of lines. This approach 

achieved 92.86% (left right on), 91.07% (right light on), and 74.11% (both lights 

on) of recognition rates with face varying lighting conditions on AR face 

database. Zhang et. al. [125] proposed a Gradientfaces approach to extract 

illumination insensitive features for face recognition under varying different 

illumination. Gradientface is derived from the image gradient domain such that it 

can discover underlying inherent structure of face images since the gradient 

domain explicitly considers the relationships between neighboring pixel points.  



System Performance on Varying Lighting Conditions and Facial Expression 

 

 128 

Illumination variations are mainly due to the 3-D shape of human faces under 

lighting in different directions. The illumination invariant features-based methods 

are insufficient by themselves to overcome the image variation due to the change 

of illumination direction. Hence, some researchers attempt to construct a 

generative 3-D face model that can be used to render face images under varying 

lighting conditions [132, 136-138]. But a number of images of the subject under 

varying lighting conditions or 3-D shape information are needed during training 

phase. It limits its applications in real face recognition applications.  

 

5.1.2 The facial expression problem 

 

Facial expression is also one of the most challenging problems in automatic face 

recognition. It plays an important role for human beings in communicating their 

emotions and intensions, a human-computer interaction, and data-driven 

animation. Facial expressions have been well studied in psychology areas [140-

142]. In [142], Mehrabian claimed that in face to face communication, 55% of the 

communication information is transferred by facial expressions. The automatic 

facial expression recognition has become an active research area in recent years 

[143-147].  

The major technique for facial expression measurement is based on the 

optical flow analysis [147-153]. In [149], the activity of facial muscles is 

estimated by the optical flow and 80% recognition accuracy was obtained on 30 
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test cases. Essa and Pentland [150] extended the work of [149] using an 

anatomical and physical model of the face. They used recursive estimation to 

refine the facial motion estimation from optical flow and the facial expression was 

recognized by the estimated forces. A recognition accuracy of up to 98% was 

achieved in [150]. Instead of a physical model, heuristic rules was used to 

construct a mid-level representation of facial motion directly from optical flow 

[147]. In [154], Black and Yacoob extend the study of [147] using local 

parameterized models of image motion and reported a 89% recognition rate in the 

database of 70 image sequences containing a total of 145 expression records. 

Dnato et al. [148] analyzed the facial actions through optical flow, holistic spatial 

analysis, Gabor wavelet representation and independent component 

representation.  Their system can correctly classify up to 96% of the test 

expressions. Tian et al. [155] presented a Neural Network based approach to 

recognized facial motion units in image sequences. Hidden Markov Models 

(HMMs) have been widely used to model the temporal behaviors of facial 

expression from image sequences [156, 157]. A multi-level HMM classifier was 

proposed by Cohen et al. [156]. This classifier can perform expression 

classification on a video segment and automatically segment a long video 

sequence to the different expressions segments without resorting to heuristic 

methods of segmentation. Recently, Gao et al. [146] proposed an approach using 

line edge map [3] as expression descriptor. The proposed directed line segment 

Hausdorff distance (dLHD) was used to calculate the similarity between the query 
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face LEM and the caricature models of expressions. Shan et al. [158] presented a 

facial expression recognition method based on Local Binary Pattern (LBP) 

features [53], which was originally used for texture analysis and recently have 

been introduced to represent faces in face recognition [42]. 

 

5.2 The face databases 

 

The well-known face database, AR face database from Purdue University [68] 

was used to evaluate the system performance on lighting condition and expression 

variations. The AR database contains faces with three different lighting conditions 

(left right on, right light on, and both lights on) and three expression variations 

(smiling, angry, and screaming). It contains color images corresponding to 126 

people’s faces (70 men and 56 women). However, some images were found lost 

or corrupted. One hundred and seventh sets of images (61 men and 53 women) 

were used for our experiments. Sample images of one subject with lighting 

changes and expression variations are shown in Figure 5.1.  
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Figure 5.1 Sample images of one subject with expression and 

lighting condition variations in the same session. Expression 

variations: (a) neural expression; (b) smiling; (c) angry; (d) 

screaming; Lighting changes: (e) left light on; (f) right light on; (g) 

both lights on. 
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The performance of the proposed Stringface approach is compared with the 

same baseline methods which were used in previous chapters. They are : (1) 

Sparse Representation-based Classification (p-SRC) [114], Independent 

Component Analysis Architecture I (ICA-I) [115], Adaptively Weighted Patch 

Pseudo Zernike Moment Array (AWPPZMA) [116], Local Probabilistic approach 

(LocPb) [44], which are the state-of-the-art approaches in handling changes in the 

face appearance; (2) Eigenface [23], which is the most popular benchmark in 

performance comparison of face recognition approaches; (3) Line Edge Map 

(LEM) [3]  and Directional Corner Point (DCP) [9] methods, which use the same 

type of facial information, but not in a high level primitive manner as in the 

propose approach. 

In all experiments, a localization preprocess was applied to normalize (in 

scale and orientation) the original face images such that two eyes were aligned 

roughly at the same position with a distance of 80 pixels. Then the facial regions 

are cropped to the size of 160 x 160 for recognition (see Section 3.3 for more 

details). Examples of cropped faces are displayed in Figure 5.2. It should be noted 

that all the following experiments employ a single model per subject matching 

scheme. 
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Figure 5.2 Sample cropped images of model (a) and test faces (b-

d). 
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5.3 System evaluation on lighting condition changes 

 

The sensitivity to illumination changes is one of the most important issues for the 

evaluation of face recognition systems. In this study, we proposed a novel face 

representation, Stringface, which is a high-level image representation derived 

from the intermediated-level representation (e.g., LEM). The basic primitive of 

Stringface is the line segment grouped from pixels of the edge map. It has been 

proven that primitive-based method is insensitive to changes of illumination 

compared with appearance-based methods (e.g., eigenface) [3]. In this section, we 

performed an empirical study to evaluate whether or not the Stringface 

representation is sufficient or how well it performs for recognizing faces under 

varying lighting conditions. The experiment was designed using face images taken 

under different lighting conditions from the AR database. In this experiment, the 

neutral face images taken in the first session (e.g., Figure 5.2 (a)) were used as 

single models of the subjects. The face images under three different light 

conditions (e.g., Figure 5.2 (e), (f), and (g)) taken in the first session were used as 

probe images. The results on query images with three different lighting conditions 

are illustrated in Table 5.1. 

It can be seen from Table 5.1 that the proposed approach achieved an average 

of 1.43% accuracy improvements over the LEM method, which is one of best 

illumination insensitive method based on facial edges for single model image 

recognition. This is because the LEM is an intermediate-level image 

representation derived from low-level edge map representation. The basic unit of 
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LEM is the line segment grouped from pixels of the edge map. It is based on the 

local structural information and the interrelationships between these primitives are 

not considered. However, the proposed Stringface representation represents not 

only the local structural information but also the global structure of a face. It 

improves upon the local characteristics of feature-based methods [3, 9]. Table 5.1 

also shows that the proposed approach significantly outperformed DCP, 

AWPPZMA, ICA-I, and PCA methods under different lighting conditions.  

 

Table 5.1 Experimental results under varying lighting 

conditions 

Methods Recognition Rates (%) 

Left light Right light Both lights Average 

Stringface 94.02 94.02 73.50 87.18 

p-SRC 95.73 96.58 32.48 74.93 

AWPPZMA 74.36 64.96 42.74 60.69 

ICA-I 66.67 20.51 48.33 45.28 

PCA 27.35 50.43 66.67 48.15 

LEM 92.31 91.45 73.50 85.75 

DCP 87.18 88.89 61.54 79.20 
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5.4 System evaluation on facial expression changes 

 

The robustness to facial expression variations is an important issue in a face 

recognition system. Similar experiments were conducted to evaluate the effects of 

different facial expressions (smiling, anger, and screaming). The faces in neutral 

expression (e.g., Figure 5.2 (a)) were used as gallery images. The face images 

with three different expressions (e.g., Figure 5.2 (b), (c), and (d)) taken in the first 

session were used as probe images. 

The experimental results are tabulated in Table 5.2. The smiling and angry 

expression caused the recognition rate of the proposed approach to drop by 

11.11% and 9.40% as compared to neutral expression in Table 3.2. But the 

proposed Stringface approach achieved stable recognition rates on faces with 

smile and anger as compared to other feature-based methods (e.g. LEM, and DCP 

methods). The large expression changes such as screaming have effects on both 

the upper and the lower face appearance (e.g., Figure 5.2 (d)). These situations 

caused much trouble to the local feature-based methods (e.g., LEM, DCP and 

Stringface). From Table 5.2, appearance-based methods (e.g. PCA and 

AWPPZMA methods) are found the least sensitive to facial expression changes. 
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Table 5.2 Experimental results under varying facial expression 

changes 

Methods Recognition Rates (%) 

Smiling Anger Scream Average 

Stringface 85.47 87.18 26.49 66.38 

p-SRC 93.16 90.60 33.33 72.36 

AWPPZMA 96.58 87.18 38.46 74.07 

ICA-I 81.19 73.50 31.62 62.10 

PCA 94.02 87.18 45.30 75.50 

LEM 79.49 93.16 31.62 68.09 

DCP 63.25 94.02 28.20 61.82 

 

 

5.5 Summary 

 

Recognizing human faces under varying illumination condition and facial 

expression are two of the challenging problems in face analysis field. A common 

way to overcome lighting changes is to use illumination invariant features to 

represent object. The proposed face representation, Stringface, is constructed to 

integrate the relational organization of intermediate-level features (line segments) 

into a high-level global structure (a string). The line segments based 

representation is an efficient and compact object representation, which is 

insensitive to illumination changes. This chapter presents the study that evaluates 

the sensitivity of Stringface to changes in lighting conditions, as well as facial 

expression. The experimental results show that Stringface provides a relatively 
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more robust representation than LEM and DCP for face recognition under varying 

lighting condition and expression. 

This work has performed experiments to show that primitive-based methods, 

such as Stringface, LEM, and DCP, are relatively insensitive to lighting changes 

than appearance-based methods (e.g., PCA, ICA). Experimental results also 

showed that the high-level feature approach (e.g., Stringface approach) is more 

robust to lighting condition variations than the intermediate-level feature approach 

(e.g., LEM, DCP). But appearance-based methods (e.g. PCA and AWPPZMA 

methods) are found the least sensitive to facial expression changes. In summary, 

this study indicates that Stringface (a high-level feature) is a more compact and 

better representation than LEM and DCP (the intermediate-level features) under 

varying lighting conditions and expression.  
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Chapter 6 

Sketch Recognition using Stringface 

6.1 Introduction 

 

Face recognition based on sketches comes into being as an important complement 

of face recognition to confront the absence of face photos, which has potential 

applications in many areas, such as law enforcement. For example, when photos 

are not available, a sketch drawing based on the recollection of an eyewitness is 

normally used to help the police narrow down potential suspects from the police 

mug shot database. Sketches and photos are generated and expressed in different 

mechanism; therefore sketch and photo for a person may be similar in geometry, 

but the texture of them is always very different, which makes the existing face 

recognition algorithms inactive [159]. Sketch-photo recognition becomes a 

challenging research focus of face recognition, which deserves further research. 

The automatic sketch-photo recognition method was proposed initially in 1994 

[160] and it has attracted much attention since then [159, 161-164].  

Much of the existing research on sketch matching was performed by Tang et 

al. [161, 165-168]. These studies share a common approach in that face photos 

need to first transform into sketch drawings and then match a query sketch with 

the synthesized sketches in the same modality, or first transform a query sketch 

into a photo image and then standard face recognition algorithms are then used to 
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match the synthetic images to gallery images. A global linear transformation was 

used to convert a sketch to a photo in [165, 168]. Tang and Wang [165] performed 

a conversion on entire image by projecting the eigenface in the sketch domain to 

the eigenface of photo domain. Their extend work [168] was based on the shape 

and texture of image separately. Liu et al. [167] proposed a sketch generation 

method based on local linear embedding. In their method, a synthetic photo was 

generated from a sketch by breaking the sketch into a set of overlapping patches 

firstly instead of using entire images. Wang and Tang [161] improved the 

algorithm in [167] by modeling human face with a Markov random field (MRF) 

for a set of overlapping patches and the belief propagation algorithm [169] was 

used to estimate the solution of the MRF. Other synthesis methods have been 

proposed as well [159, 170-173]. Zhang et al. [174] and Al Nizami et al. [175] 

compared the performance of human sketch recognition to automated sketch 

recognition and showed the impact of matching sketches drawn by different 

artists.  

To the best of our knowledge, there is hardly any reported research work on 

recognizing sketches directly from face photo database. In this study, we proposed 

a novel face representation, Stringface, to integrate the structure connectivity 

information with line segments of a face image. The photo and sketch images can 

be easily represented by two Stringfaces. The matching between the photo and the 

sketch is done by matching these two Stringfaces through the proposed string-to-

string matching scheme. It has potential ability to recognize sketch drawing from 
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photo database directly using only a single sample each subject and without 

training stage involved.  

 

6.2 Experimental results 

 

The CUHK face sketch database (CUFS) contains sketches drawn by an artist 

based on 123 faces from the AR database [68], 188 faces from the Chinese 

University of Hong Kong (CUHK) student database, and 295 faces from the 

XM2VTS database [176] (see examples in Figure 6.1). 

 

 

Figure 6.1 Example sketches for faces from (a) the AR database 

and (b) the CUHK student database. 
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In this experiment, we randomly selected 100 and 150 people from AR and 

CUHK student databases, respectively. The neutral face photos from the first 

session and the second session of AR database, and from CUHK student database 

were used as the single sample of the subjects, respectively. Their sketches were 

used as probes. Firstly, a localization preprocess was applied to normalize (in 

scale and orientation) the original face images such that the two eyes were aligned 

roughly at the same position with a distance of 80 pixels. Then the facial regions 

are cropped to the size of 160 x 160 for recognition. Examples are shown in 

Figure 6.2.  

 

 

Figure 6.2 Examples of sketch/photo pairs from two databases 

used in our experiments.  
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Figure 6.3 Comparative performance of the proposed method 

and the benchmark algorithms for directly recognizing sketches of 

faces from AR face database. (a) matching results between 
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sketches and photos from the same session; (b) matching results 

between sketches and photos from the different session. 

 

Figure 6.4 Comparative performance of the proposed method 

and the benchmark algorithms for directly recognizing sketches of 

faces from CUHK student database. 

 

In face recognition, the system performance is usually presented as a function 

of rank, which is cumulative match score (CMS). When we use rank = R, it means 

that the successfully recognized images can be counted within R nearest neighbors. 

CMS reveals the percentage of successfully recognized images. Figure 6.3 and 
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Figure 6.4 show the CMS of the proposed approach and the benchmark 

algorithms on faces from the AR database and CUHK student database, 

respectively. Note that the recognition rates of p-SRC in Figure 6.3 and Figure 6.4 

are only for rank = 1 as it can only perform rank 1 matching. 

Due to difference between sketches and photos and the unknown 

psychological mechanism of sketch generation, face sketch recognition is much 

harder than normal face recognition. It is interesting to observe from Figure 6.3 

and Figure 6.4 that the proposed Stringface approach obtained very encouraging 

accuracy when directly applying it to sketch recognition, considering it is a 

general face recognition technique without using any sketch-photo synthesis 

techniques as used in [159, 161-164]. Its better performance against benchmark 

methods can be attributed to the structural representation in Stringfaces and 

flexible partial matching mechanism. A sketch drawn by an artist (1) depict the 

structural characteristics of the person’s face and (2) add some shadow textures to 

abstractly reflect its 3D shape information. A pencil can replicate the structural 

features of a face photo quite well but cannot reproduce shadow textures in a 

similar way of representing facial skin captured by a photo. Stringfaces generated 

from facial structures in nature selectively take the reliable information of a sketch 

for recognition. This result, obtained from a computer vision system, is 

accordance with the findings of cognitive psychological studies [5, 6] that human 

beings recognize line drawings as quickly and almost as accurately as gray level 

pictures. Someone even that caricatures may be better representations than nature 
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images [161] because caricatures contain some kind of “super-fidelity” due to its 

accentuated structure in addition to the essential minimum of identity information 

[177]. However, the experimental results here in this section cannot be interpreted 

as supporting above hypothesis because the benchmark approaches are those best 

in handling partial occlusions (plus the most popular baseline Eigenface and 

approaches with similar features) instead of all face recognition algorithms to 

make a meaningful argument. 

Although sketches reproduce the shape and structural features better than 

textures, they inevitably exaggerate some distinctive facial features like 

caricatures, which involve shape deformation [161]. For example, it is observed 

that most of the noses drawn in the sketches of CUHK face sketch database are 

bigger than those in photos. The flexible partial matching scheme in Stringface 

can automatically eliminate the negative effect of large distortions in a sketch. 

This is evidenced by the much better performance of Stringface than that of non-

partial matching LEM and DCP approaches, which use similar types of structure 

information. The differences of accuracies in Figure 6.4 are larger than those in 

Figure 6.3 because the sketches of CUHK student faces have larger distortions 

from their photos than the sketches of AR faces (This also resulted in lower 

accuracies on CHHK sketches than on AR sketches). As the sketches for AR faces 

were drawn based on photos taken in session-1 with ideal condition, the 

recognition rates for matching the sketches and photos from the same session are 

consistently higher than those from the different session. 
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6.3 Summary 

 

Automatically searching through a photo database using a sketch drawing 

becomes an interesting and challenging problem in face analysis community. It 

has a potential application in law enforcement to assist police narrow down 

potential suspects quickly. Sketches and photos are generated and expressed in 

different mechanism; therefore sketch and photo for a person may be similar in 

geometry, but the texture of them is always very different, which makes the 

existing face recognition algorithms inactive. In this study, the proposed 

Stringface descriptors are used to represent the photo and the sketch images. Then 

the matching between the photo and the sketch is done by matching these two 

Stringfaces through the proposed string-to-string matching scheme. It has a 

potential ability to recognizing photo images using sketches directly. 

The performance of the proposed approach is evaluated using a well-known 

and public available sketch database, CUHK face sketch database (CUFS), in 

which sketches are drawn while viewing a photograph of the person or the person 

himself. It is a very encouraging finding that the proposed Stringface approach 

can achieve better recognition rate than LEM and DCP which use the same type 

of facial information (but not in a high level primitive manner as in the propose 

approach) and some other state-of-the-art methods (p-SRC, ICA-I AWPPZMA 

and Eigenface). The contribution of this study is using Stringface descriptors to 

represent both sketches and photos. The photo-sketch matching is done by 
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matching two Stringfaces through a string-to-string matching scheme using a 

single image of each person per class. Face photo-sketch synthesis and training 

stages are not involved in the proposed approach. 
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Chapter 7 

A Performance Evaluation for Vein Recognition 

 

7.1 Introduction 

 

Biometric is the science of identifying a person using the physiological or 

behavioural characteristics. Recently, hand vein pattern biometric has attracted 

increasing attention from both research communities and industries. Vein 

recognition is a fairly recent technological advance in the field of biometrics. It is 

used in hospitals, law enforcement, military facilities and other applications that 

require very high levels of security. The physical shape of the subcutaneous 

vascular tree of the back of the hand contains information that is capable of 

authenticating the identity of an individual [178, 179]. A vein pattern is the vast 

network of blood vessels underneath a person’s skin. It is like fingerprint, which 

is widely used in person identification. At present, fingerprint recognition is 

comparatively a perfect identify authentication technology. The capability of 

fingerprint recognition algorithm has arrived at an applied degree. The price of it 

is comparatively lower than other feature extraction technologies. And it has been 

accepted by large customers. Compared with fingerprint recognition, the vein 

recognition has many advantages as follow. 1) The vein is the inner features of 

body, can’t be fabricated; 2) the vein recognition is contactless, don’t contact with 
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body of human and don’t impinge on human body; 3) the vein characteristics are 

lasting.  

 

 

Figure 7.1 Model of a typical vein pattern verification system 

 

A typical vein pattern biometric system consists of five individual processing 

stages: 1) image acquisition, 2) image enhancement, 3) vein pattern segmentation, 

4) feature extraction and 5) matching (see Figure 7.1). During the image 

acquisition stage, vein patterns are usually captured using infrared imaging 

technologies. After obtaining images, the system segments the vein pattern from 

the background and extracts features to obtain the shape representation of the 

pattern. Finally, the system recognizes vein patterns using various pattern 

recognition methods.  As for the similarity between hand veins and the fingerprint, 

researchers can get good results by using fingerprint recognition methods, such as 

Gabor based method. In this Chapter, shape and texture based methods are 
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exploited for the performance evaluation using the database from University of 

Tennessee [179]. The comparison shape based methods are Hausdoff, LEM, and 

the proposed Stringface methods, while for the texture based method, Gabor 

magnitude feature is combined with nearest neighbour classifier using the 

Euclidian similarity measure. 

 

 

7.2 Preliminary Experiments  

 

In this Chapter, the database we used is from University of Tennessee [179]. 500 

images for 100 persons are used to compare the performance of the shape and 

texture based methods. In database, each person has 5 images, one is used as 

target set, other are in query set. Shape based methods are Hausdoff, LEM, and 

the proposed Stringface methods, and the texture method is based on Gabor 

magnitude feature.  

 

7.2.1 Binary image for vein pattern 

 

In the experiment, a localization preprocess was applied to normalize (in scale and 

orientation) the original vein images (Figure 7.2 (a)) manually. Then vein regions 

are cropped to the size of 160x160 for recognition (Figure 7.2 (b)). Then vein 
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patterns (Figure 7.2 (c)) are obtained based on the local thresholding method. The 

quality of the vein image is not well for global binary method because hand vein 

database was acquired using the low-cost device. Due to the fact that the gray 

level intensity values of the vein vary slowly across the image, global 

thresholding techniques alone do not provide the satisfactory results. To obtain a 

better representation of the shape of the vein pattern, a local thresholding method 

based on a local mean value is used by a given threshold .gT  Let ( , )I i j  denote 

the original image, 

 ,

1
( , )

M N

i j

i j

I i j
M N

m =
×
å å  (7.1) 

where, M  and N  are indices of a local rectangular region. Then the binary 

image ( , )BI i j  is defined as: 

 
,1,   if ( , ) ( )

( , )
0   otherwise

i j gI i j T
BI i j

mì ³ -ïï= í
ïïî

 (7.2) 

In this study, 
gT  is set to 5 as the common offset for all pixels, which are chosen 

on trail-and-error basis. An example is shown in Figure 7.2. 
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Figure 7.2 Hand vein image processing results. (a) is a input gray 

scale image; (b) is a cropped vein image; (c) is a binary image for 

(b). 

 

7.2.2 Shape based vein recognition 

 

In this study, the performance of vein recognition is evaluated based on three 

shape-based matching methods: Hausdorff, LEM, and Stringface methods. The 

hausdorff distance is defined as follows:  

 ( , ) max{min{ ( , )}}
b Ba A

h A B d a b
ÎÎ

=   (7.3) 

where, a  and b  are points of set A and B, respectively, and ( , )d a b  is any metric 

between these points; for simplicity, we will take ( , )d a b  as the Euclidian 

distance between a  and .b  After binary vein images are calculated using the 
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method in Section 7.2.1, Equation (7.3) is used for the identity classification. Gao 

et al. [3] proposed a Line Edge Map (LEM) which extracted lines from a face 

edge map. In LEM, each line contains three attributes: the midpoint location, 

angle and length of the line. Then, a Line Segment Hausdorff Distance (LHD) 

[10] is used to match LEMs of faces. LHD has better distinctive power because it 

uses these additional structural attributes of lines (see Section 2.1.3.2 for more 

details). The proposed Stringface approach uses a high-level image representation 

derived from intermediated level line edge map (LEM). The matching is done by 

matching two Stringfaces through a proposed string-to-string matching scheme 

(details can be found in Chapter 3). All these three methods are used for vein 

recognition in this study. 

 

7.2.3 Gabor feature based vein recognition 

 

The hand vein image also contains valuable texture information. In this study, the 

Gabor wavelet is exploited to extract the discriminative feature for vein 

recognition. Gabor feature can capture the salient visual properties such as the 

spatial localization, orientation selectivity, and spatial frequency characteristic 

[180]. The Gabor wavelets (kernels, filters) can be defined as follows: 

 
2 2 2 2
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F = , v  is the scale (frequency), and u  is 

the orientation with max 2 / 2f p=  and ( , ) .Tx yz =  In this study, v  and u  are set to 5 

and 8 for vein recognition, respectively. It is well-known that Gabor wavelets can be used 

to enhance the features in certain scales and orientations, and have been widely used in 

image processing and object recognition. Let , ( )u vG Z  denotes the Gabor magnitude 

feature of an image, where v  and u  are the orientation and scale of the kernel, 

respectively. Gabor magnitude feature, extraction of which is based on the multi-region 

(see Figure 7.3), can be represented by 
____
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where, 1,2,...,l L=
 
is the region index, and L  is the number of sub-region. N  

represents the total number of pixels in the region .lR  In the classification phase, the 

nearest neighbor classifier is used with the Euclidian distance as the similarity measure. 

 

 

Figure 7.3 An example divided into 4 rectangular regions 
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7.2.4 Experimental results 

 

 

Figure 7.4 Recognition rates for shape and texture based vein 

recognition methods. 

 

Experimental results of vein recognition using shape and texture based methods 

are shown in Figure 7.4. It can be observed that Gabor feature achieved best 

performance. It is because that Gabor wavelet is less sensitive to variation on 
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gray-level images than shape based methods. In this study, normalized images are 

not well aligned, which affected shape based methods more heavily than the 

method based on Gabor feature. The results also demonstrated that the high-level 

feature based approach achieves much better performance than the intermediate-

level approach (LEM) and low-level approach (Hausdorff). Because the high-

level feature method represents not only the local structural information but also 

the global structure of an object. 

 

7.3 Summary 

 

This Chapter gives a fair performance comparison for vein recognition, which is 

one of most secure biometric recognition methods. A database of 500 images for 

100 persons is used to evaluate four methods, i.e. point-based hausdorff, line edge 

map, the proposed Stringface, and Gabor based methods. The proposed Stringface 

approach has been successfully applied on human face recognition. This study 

demonstrated that the proposed approach can be extended to different 

applications, such as vein recognition, and achieved promising result to identify 

human veins. The preliminary results also show that the high-level feature 

approach provides more discriminate power than the intermediate-level feature 

and the low-level feature approaches. 
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Chapter 8 

Conclusion 

Face recognition has become the most attractive area for both academic and 

industrial communities during the past several decades due to its promising 

applications such as personal identification, bankcard verification, automated 

surveillance, access control, mug shots search, and security monitoring. Compared 

with other biometric technologies, such as fingerprint, vein, and palm print, face 

recognition has several advantages: it is natural, nonintrusive, and easy to use. A 

great deal of effort has been devoted to robustly identifying individuals under 

controlled condition. However, a practical face recognition system should be more 

robust against varying conditions, such as illumination, expression, pose, aging 

and disguise (e.g. by partial occlusions). Furthermore, many reported face 

recognition techniques rely heavily on the size and representative of training set, 

and most of them will suffer serious performance drop or even fail to work if only 

one training sample per person is available to the system. Hence, face recognition 

from one sample per person is an important but a challenging problem both in 

theory and for real-world applications.  
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The thesis proposed a novel face representation, Stringface, and matching 

concept using only one sample image per person. A compact face feature, 

Stringface, is extracted for face coding and recognition. A systematic 

investigation on the proposed approach is conducted according to two 

independent  schemes. The first scheme covers different levels of pattern 

recognition methods. Different (low, intermediate and high) level pattern 

recognition approaches are studied and compared. They are: 

1) The pixel wise distance measure (e.g. Hausdorff distance or Modified 

Hausdorff distance) using spatial information of a face edge map (low 

level representation approach). 

2) A distance measure using both spatial and local structural information 

of a face, such as Line Edge map (LEM) and Directional Corner Points 

(DCPs) (intermediate level representation approach). 

3) A novel string representation (Stringface) and attributed string 

matching (AStrM) method using structural and syntactic representation of 

faces (high level representation approach). 

The second scheme covers all aspects on human face recognition. They are 

a) Face profile recognition without interferences (controlled condition). 

b) Face profile recognition with interferences (hair/glasses, occlusions). 

c) Frontal face recognition under controlled condition. 

d) Frontal face recognition with partial occlusions. 

e) Frontal face recognition under varying lighting condition. 

f) Frontal face recognition under varying facial expression. 
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g) Face photo-sketch recognition. 

The system performances are compared with the major benchmark methods 

that can handle appearance changes including partial occlusions and/or perform 

face sketch recognition. They are: partitioned Sparse Representation-based 

Classification (p-SRC), Independent Component Analysis Architecture I (ICA-I), 

Adaptively Weighted Patch Pseudo Zernike Moment Array (AWPPZMA), Local 

Probabilistic approach (LocPb), which are the state-of-the-art approaches in 

handling changes in the face appearance; Eigenface, which is the most popular 

benchmark in performance comparison of face recognition approaches; Line Edge 

Map (LEM) and Directional Corner Point (DCP) methods, which use the same 

type of facial information (but not in a high level primitive manner as in the 

proposed approach). The results demonstrate that the Stringface representation of 

human faces efficiently provide sufficient information for face recognition. The 

Stringface approach provides a new way for face coding and recognition.  

 

8.1 Work summary 

 

The proposed Stringface is a novel compact face feature representation generated 

from line edge map. It is less sensitive to lighting changes, and requires less 

storage space. The proposed new face representation, Stringface, is constructed to 

integrate the relational organization of intermediate-level features (line segments) 
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into a high-level global structure (a string). The matching of two faces is done by 

matching two Stringfaces through a proposed string-to-string matching scheme. 

The experiment on profile face outlines indicates that the proposed Stringface 

approach performed equally well as the other high-level feature based method 

(attributed string matching method). These high-level feature based methods are 

more accurate to distinguish one face from the other than the Modified Hausdorff 

Distance (MHD) and the Line Segment Hausdorff Distance (LHD) methods. The 

proposed approach also performed consistently superior to other profile outline-

based methods. This work is the first attempt to recognize human frontal face 

using high-level feature (string-based) approach. The string-based method was 

believed to be a technique not suitable for frontal face recognition due to its 

highly ordered global representation and complex nature of a human face. It is a 

very encouraging finding that the proposed Stringface approach can achieve 

promising results on both AR and FRGC ver2.0 databases using only one sample 

per class under controlled condition. The results demonstrated that the high-level 

feature (Stringface) of human faces could provide strong discriminative power 

and sufficient information for face recognition. 

In addition to the recognition under controlled condition, this research also 

investigates the performance of the proposed Stringface approach under 

uncontrolled conditions, i.e. partial occlusions, varying lighting condition, and 

varying facial expression. 
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The proposed Stringface matching concept is able to effectively find the  

discriminative local parts (substrings) for recognition without making any 

assumption on the distributions of the deformed facial regions (for example, we 

don’t need to know where the face images are occluded before recognition). This 

substring matching ability is used to address the occlusion problem. 

Automatically recognizing face profile with interferences, such as hair and 

glasses, is a challenging problem in research community. Existing face profile 

identification algorithms heavily depend on the accuracy of the facial area 

cropping. However, in realistic scenarios the facial area may be difficult to 

localize due to interferences. Through the experiment on FERET face profile 

database, the proposed Stringface matching method produced consistently 

superior result for face profile with interferences. This is believed to be the first 

piece of work on face profile analysis to address the interferences problem. 

Experimental results on the AR face database show that the proposed Stringface 

approach produced more robust and superior performance over the other 

benchmark methods for recognizing face images with disguise variations. The 

sensitivity to occlusion size is evaluated on FRGC ver2.0 face database by 

replacing a randomly located square block of each test image. Experimental 

results show that the proposed approach can handle occlusion size variations 

better than other comparison methods. 

The sensitivity investigation on the proposed Stringface matching approach to 

lighting condition and facial expression shows that the primitive-based approach, 
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such as Stringface, LEM, and DCP, are relatively insensitive to lighting changes 

to some extent though the effect does exist. Experimental results also show that 

the high-level feature approach (e.g., Stringface approach) is more robust to 

lighting condition variations than the intermediate-level feature approach (e.g., 

LEM, DCP). But appearance-based methods (e.g. PCA and AWPPZMA methods) 

are found the least sensitive to facial expression changes. 

A new challenging problem in face research community has emerged 

concerning matching a sketch image of an individual to his/her photograph. In law 

enforcement, when photos are not available, a sketch drawing based on the 

recollection of an eyewitness is normally used to help the police narrow down 

potential suspects from the police mug shot database. Hence, an automatic and 

robust system for matching sketches to photos is of great value to law 

enforcement agencies. Most of existing sketch recognition systems are based on 

photo-sketch synthesis. In these systems, face photos (or sketches) need to first 

transform into sketch drawings (or photos) and then match a query sketch with the 

synthesized sketches in the same modality, while the proposed approach has 

potential ability to recognize sketch drawing from photo database directly using 

only a single sample each subject and without training stage involved. It is a very 

encouraging finding that the proposed Stringface approach shows a new way for 

face coding and matching on face photo-sketch recognition. 

In summary, this work propose a new face recognition approach using 

syntactic method based on edge curves of face, named Stringface approach, which 

is successfully applied on both frontal and profile face recognition. The Stringface 
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approach provides a new way for human face coding and recognition. The major 

contributions to the concept and implementation of the proposed Stringface 

approach are as follows: 

1) A novel string representation and matching concept, which address the 

limitation of current attributed string matching approach to the level of 

complicated object matching, which is a nearly unexplored area in the 

research community. 

2) A novel Stringface representation theory, which can represent continue 

or discontinue features (frontal face, face profile and silhouetted face 

profile). 

3) This study is the first attempt on human frontal face recognition using 

the high level syntactic representation and matching method. 

4) The proposed Stringface approach has ability to address the partial 

occlusion problem and is insensitivity to lighting changes.  

5) The proposed Stringface approach has potential ability to match a 

sketch image of an individual to his photograph directly. 

It is a very attractive finding that the proposed Stringface approach has 

performed equally well or superior to baseline methods used in this study 

consistently in all comparison experiments.  
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8.2 Future work 

 

In this study, line segments are employed as face features (primitives). Each line 

segment (primitive) has three attributes, i.e. the length, direction and midpoint 

location of the line. It has shortcomings under severe pose variations and with 

large misalignment. Thus, the extension of our approach to the pose variation and 

misalignment problems will be our future research topic. It may be possible 

handle such situation by matching faces by fusing spatial information and texture 

information or using different features (Gabor Jet and SIFT) as primitives.  

The sensitivity investigation on the proposed Stringface approach to facial 

expression shows that Stringface approach is sensitive to facial expression 

changes. Hence, the proposed approach has a potential ability for facial expression 

classification from a single static image. A set of facial expression caricatures 

drawn by a user can be used as model. The input Stringface will be matched 

against the set of model Stringfaces to classify the input facial expression image.  

So far, no single face recognition method can guarantee 100% accuracy. 

However, a face recognition system that fuses frontal and profile faces could 

achieve better accuracy, for face profile providing a complementary structure of 

the face that is not seen in the frontal view. In addition, the system would be more 

foolproof because it is difficult to cheat the profile face identification by a mask. 

Hence, to build a system based on both frontal and profile faces will be one of our 

future works for this study. 
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Automatic face sketch recognition system can help the police to locate or 

narrow down potential suspects quickly. This is an important law enforcement 

application, thus this area has received a lot of attention in recent years. Promising 

results demonstrated that the proposed Stringface approach has ability to match a 

sketch image of an individual to his photograph directly. One of our future works 

on face sketch recognition is to improve the performance of the proposed 

approach using different features as primitives or fusing with other methods. In 

addition, the preliminary experiment is evaluated on views sketches, which are 

sketches that are drawn while viewing a photograph of the person or the person 

himself. But most real-world problems only involve matching forensic sketches, 

which are drawn by interviewing a witness to gain a description of the suspect. 

Compared with viewed sketches, forensic sketches pose additional challenges due 

to the inability of a witness to exactly remember the appearance of a suspect and 

his/her subjective account of the description. The performance of the proposed 

approach will be evaluated on forensic sketches databases.  

Finally, the proposed Stringface representation and concept can be extended 

to other shape matching and object recognition. For example, vein patterns are 

ideal candidates to apply Stringface technique. Very encouraging recognition 

results have been reported in Chapter 7 and more works are currently undergoing.  

Furthermore, palmprint and finger-knuckle-print can be considered as other two 

ideal candidates to apply Stringface approach. Palmprint is one of the relatively 

new physiological biometrics due to its stable and unique characteristics. A 
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palmprint image has mainly three kinds of features: principal lines (usually three 

dominant lines on the palm), wrinkles (weaker and more irregular lines) and 

crease (the ridge and valley structures like in fingerprint). Hence, the proposed 

approach is especially suitable to recognize palmprint using these line features. 

Finger-knuckle-print is a new biometric identifier for personal identity 

authentication in research community. The wrinkle features can be extracted from 

finger-knuckle-print images as primitives for identification using the proposed 

method.  
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Web sites of face database used 

[db1] Bern University face database.                  

          ftp://iamftp.unibe.ch/pub/Images/FaceImages/ 

[db2] Purdue University face database (AR face database) 

         http://rv11.ecn.purdue.edu/~aleix/aleix_face_DB.html 

[db4] Face Research Grand Challenge ver 2.0 database (FRGC ver2.0) 

         http://www.frvt.org/FRGC/ 

[db3] The Facial Recognition Technology (FERET) Database 

        http://www.itl.nist.gov/iad/humanid/feret/feret_master.html 

 

ftp://iamftp.unibe.ch/pub/Images/FaceImages/
http://rv11.ecn.purdue.edu/~aleix/aleix_face_DB.html
http://www.frvt.org/FRGC/
http://www.itl.nist.gov/iad/humanid/feret/feret_master.html
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