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Abstract  

 

Pose invariance is a key ability for face recognition to achieve its 

advantages of being non-intrusive over other biometric techniques requiring 

cooperative subjects such as fingerprint recognition and iris recognition. 

Due to the complex 3D structures and various surface reflectivities of 

human faces, however, pose variations bring serious challenges to current 

face recognition systems. The image variations of human faces under 3D 

transformations are larger than that existing face recognition can tolerate. 

This research attempts to achieve pose-invariant face recognition through 

3D reconstructions, which inversely estimates 3D shape and texture 

information of human faces from 2D face images. This extracted 

information is intrinsic features useful for face recognition which is 

invariable to pose changes.  

The proposed framework reconstructs personalised 3D face models 

from images of known people in a database (or gallery views) and generates 

virtual views in possible poses for face recognition algorithms to match the 

captured image (or probe view). In particular, three different scenarios of 

gallery views have been scrutinised: 1) when multiple face images from a 

fixed viewpoint under different illumination conditions are used as gallery 

views; 2) when a police mug shot consisting of a frontal view and a side 

view per person is available as gallery views; and 3) when a single frontal 

face image per person is used as gallery view. These three scenarios provide 

the system different amount of information and cover a wide range of 

situations which a face recognition system will encounter. Three novel 3D 

reconstruction approaches have then been proposed according to these three 

scenarios, which are 1) Heterogeneous Specular and Diffuse (HSD) face 

modelling, 2) Multilevel Quadratic Variation Minimisation (MQVM), and 3) 

Automatic Facial Texture Synthesis (AFTS), respectively. Experimental 

results show that these three proposed approaches can effectively improve 

the performance of face recognition across pose.  



VI Abstract 

In the course of reconstructing 3D human faces, I am particularly 

interested in the acquisitions of human face surface reflectivities and the 

reflection mechanisms of human faces, because they are crucial procedures 

for face recognition and they also affect the process of image-based 3D 

reconstruction. Therefore, two investigations in closely related research 

areas are made, which are 1) reconsideration of ambient term in the 

reflection models, and 2) improvement of facial texture acquisitions for 3D 

scanners. The first investigation reveals the fact that ambient term is 

actually variable due to different surface properties and environmental 

conditions, which has an impact on the selection of reflection models in 3D 

reconstructions. The second investigation improves the accuracy of the 

texture acquisition from 3D face scanners which could improve the existing 

3D face databases as well as be used as a ground truth for 3D face 

reconstructions. 

This research demonstrated that 3D face reconstruction is an effective 

approach to achieve pose-invariant face recognition. Personalised 3D face 

models were reconstructed under different scenarios depending on the 

availabilities of the face databases. With synthesised virtual views covering 

possible poses, the proposed systems help face recognition to remain 

passive and non-intrusive and to be a preferable means in biometric 

technologies.  
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1 Introduction 

 

Computerised human face recognition has been an active research area 

for the last thirty years. It has many practical applications, such as bankcard 

identification, access control, mug shot searching, and security monitoring 

and surveillance systems. Till now, existing works have demonstrated 

acceptable recognition performance on frontal, expressionless views of 

faces with controlled lighting such as [2, 4, 11, 45, 62, 78, 97, 146]. The 

remaining problem lies in how to recognise faces under appearance changes 

due to pose, illumination and expression variations. Compared with the 

other two variations, pose variation is the most difficult problem in face 

recognition. This is evidenced from the evaluation report of existing face 

recognition techniques [17, 117] which shows that existing face recognition 

algorithms suffer the most from pose variations. It could be the key 

remaining task to tackle the head pose variation problems in face 

recognition. 

3D reconstruction is to inversely estimate shape and texture information 

of 3D objects (e.g., human faces) from their 2D images. These technologies 

are useful in face recognition because they can extract 3D structural and 

reflective properties of human faces. These information won’t be easily 

affected by pose variations [19, 129] and hence is able to be used as 

discriminative features to achieve pose-invariant face recognition.  
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This research mainly targets at the issue of pose variations in face 

recognition, which is to recognise rotated faces in arbitrary poses. Novel 3D 

reconstruction approaches are applied to extract the shape and textural 

parameters of human faces and pose-invariant face recognition are 

implemented provided with the virtual views in possible poses synthesised 

from the reconstructed personalised face models.  

1.1 Motivation 

Pose-invariant face recognition is of great interest in many face 

recognition applications, most notably those using indifferent or 

uncooperative subjects, such as surveillance systems. For example, face 

recognition is appealing in airport security to recognise terrorists and keep 

them from boarding plane. Ideally, the faces of terrorists are collected and 

stored in the database against which travellers’ faces will be compared. The 

face of everyone going through a security checkpoint will be scanned. Once 

a match is found, cameras will be turned on to surveil people with a live 

video feed, and then the authorities will verify the match and decide whether 

to stop the individual whose face matches one in the database. However, 

given the current state of technology, face recognition appears to require 

cooperative subjects who look directly at the camera [25]. 

Thus, the problem of how to perform pose-invariant face recognition on 

uncooperative subjects has been a key question in face recognition 

applications. Pose-invariant face recognition has been one of the most 

challenging tasks in the field of computer vision. Innate characteristics of 

the faces, which distinguish one face from another, do not vary greatly from 
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individual to individual. Moreover, magnitudes of image variations caused 

by different poses are often larger than magnitudes of the variations of the 

innate characteristics. Therefore, extraction of the innate characteristics free 

from pose variations becomes a very difficult task. Though there are several 

previous studies, which have attempted to solve the problems of synthesis 

and recognition of human faces with pose variations, none of them is free 

from limitations. A number of important theoretical and practical issues in 

these tasks remain unresolved. Among them, how to accurately analyse and 

synthesise virtual textures in arbitrary pose and how to reliably extract 

genuine structural information from 2D images are two prominent 

remaining problems.  

1.2 Proposed approaches 

The proposed pose-invariant face recognition approach adopts 3D 

reconstructions using different image clues for virtual view synthesis and a 

view-based framework for recognition. From the reconstructed 3D models, 

the proposed approaches generate and store a set of virtual views in possible 

poses. Then, 2D face recognition algorithms are used to match probe views 

against these stored virtual views. In this process, the major difficulty lies in 

how to reliably and accurately reconstruct personalised 3D models 

containing both shape and texture information.  

Because pose variations in face images are mainly rotations of human 

faces in 3D space, 3D face information is crucial to represent the identity. 

This research intends to examine various demands of 3D face 

reconstructions from different scenarios, i.e., 1) from multiple images in a 
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single pose, 2) from mug shot images (front and side views), and 3) from 

single images. Specific 3D reconstruction approaches are designed to 

estimate the 3D shape and texture information depending on the 

availabilities of gallery views. In the first scenario, a Heterogeneous 

Specular and Diffuse (HSD) face model is used to estimate 3D shape and 

textures of human faces from a set of fixed-posed face images under 

variable illuminations (Chapter 3). A local optimisation procedure is 

performed by minimising the pixel differences of the real images and their 

estimates to optimise both shape and texture information. In the second 

scenario, 3D face shapes are reconstructed from facial features specified on 

the frontal and side view face images using a hierarchical coarse-to-fine 

strategy (Chapter 4 and 5). The quadratic variations of the face shapes are 

minimised to keep the face surface smooth, while the facial features are 

used to constrain surface changes to keep the identity-related shape 

information. Facial textures are then mapped onto the reconstructed shapes 

to form complete personalised 3D models. In the last scenario, a generic 

face model is used to provide the shape information while the main focus is 

to estimate facial textures which are assumed pose dependent (Chapter 6). 

The facial textures are estimated in two steps, global estimation of uniform 

reflectivities and local refinement.  

Shape reconstruction is improved in scenario 1 by lifting the constraints 

of Lambertian and homogeneity assumptions on human faces. The 

Lambertian assumption neglects specular reflection of human faces and 

homogeneity assumption limits the spatially variations of surface 

reflectivities. In scenario 2, the shapes are reconstructed from a set of 
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constraining points which is stable when there are only two views available 

for reconstruction. Previous algorithms can only apply on the situations with 

dense constraining points and this technique is generalised in Chapter 4 and 

5 to large images with sparse constraining points so that it can be applied on 

face reconstruction. 

For texture analysis, the proposed approaches are all based on 

reflectance models (i.e., Phong model [118]) which consider both diffuse 

and specular reflection. The inclusion of more accurate reflectance models 

improves both shape and texture reconstructions in scenario 1 and texture 

reconstruction in scenario 2 and 3. I also considered the effect of ambient 

light and reflection which are often neglected by other researchers. 

Furthermore, in Chapter 7, the ambient light and reflection are reconsidered 

independently to face recognition and more accurate and specific ambient 

reflection modelling is suggested. In Chapter 8, I show that the texture 

acquisition using 3D scanners can also be improved by careful examinations 

of the lighting and reflecting conditions of the scanning which can be used 

as ground truth for the texture reconstruction of the proposed three 

approaches.   

1.3 Contributions 

The major contributions of this research are as follows (in orders of 

their impacts). 

1. The first attempt in face recognition beyond the Lambertian and 

homogeneity assumptions has been made. Existing face recognition 

techniques are limited either to the Lambertian assumption 
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neglecting specular reflection of face surfaces or to the homogeneity 

assumption restraining variations of surface materials. These two 

limitations are lifted in the face recognition framework using the 

novel Heterogeneous Specular and Diffuse (HSD) face modelling 

approach. Experimental results show that a) the proposed HSD 

approach reconstructs superior shape results than the methods under 

the Lambertian assumption and the methods under the homogeneity 

assumption; and b) compared to the state-of-the-art face recognition 

algorithms handling pose variations, face recognition using the 

proposed HSD approach can greatly improve the recognition 

accuracy. This successful investigation provides face recognition a 

new direction. (Chapter 3) 

2. A novel investigation of pose-invariant face recognition from police 

mugshot databases has been made. There are plenty of existing 

police mugshot databases consisting of frontal and side view face 

images and they can form the gallery databases for face recognition. 

However, face recognition using mugshot database remains largely 

uninvestigated, especially those dealing with pose variations. To the 

best of my knowledge, this research made the first attempt to 

directly incorporate the existing mugshot-style face images into the 

computerised face recognition framework to handle pose variations. 

The experimental results demonstrated that the proposed approach 

using frontal and side view mug shots is a feasible and effective 

solution to recognising rotated faces, which can lead to a better and 
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practical use of existing forensic databases in computerised human 

face recognition applications. (Chapter 5) 

The secondary contributions raised from this research include:  

3. Quadratic variation minimisation for 3D surface reconstruction has 

been extended to multiple levels and the feasibility issue on large 

face images with sparse constraining points has been resolved. The 

proposed multilevel quadratic variation minimisation has been 

successfully applied on face reconstruction. (Chapter 4) 

4. The automatic modelling of facial textures is extended beyond the 

Lambertian assumption to include specular reflection which is an 

important component of the light human faces reflect. (Chapter 6)  

5. The ambient illumination and reflection have been reconsidered and 

the adaptive selection of appropriate ambient reflection models is 

suggested based on the approximation levels of non-ambient 

reflection. This proposal could be helpful in future development of 

image-based face reconstructions. (Chapter 7) 

6. A novel modification scheme for texture acquisition for 3D 

scanners has been proposed, which improves the existing 3D face 

databases and consequently improves the performances of existing 

face recognition algorithms using these 3D face databases as 

training data. It can also serve as ground truth of the facial texture 

reconstruction from 2D images. (Chapter 8) 

In summary, the entire framework of pose-invariant face recognition 

through 3D reconstructions has been proven effective in three different 
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scenarios. It shows that extending the face recognition across pose to 3D 

space can effectively improve the recognition performance. 

1.4 Thesis organisation 

The remainder of the thesis is organised as follows. Chapter 2 gives a 

detailed account of existing work in face recognition across pose and 

relevant 3D face reconstruction. Chapter 3-6 constitute the major contents of 

the pose-invariant face recognition through 3D reconstruction. Specifically, 

Chapter 3 analyses the conditions when multiple face images are available 

as gallery views. Chapter 4 proposes a novel multilevel quadratic variation 

minimisation (MQVM) method to reconstruct 3D face models from a set of 

facial features for Chapter 5. Using MQVM, Chapter 5 investigates face 

recognition from mugshot style gallery images (i.e., a frontal view and a 

side view per person). Chapter 6 solves the problem of recognising face in 

both pose and illumination variations from a single frontal view per person. 

Chapter 7 and 8 discuss two important topics which are closely related to 

face recognition through 3D reconstruction, i.e., the improvement of 

ambient reflection models and the improvement of texture acquisition using 

3D devices. The thesis is summarised and concluded in Chapter 9 with 

discussions on future perspectives. 

 



 

2 Literature Review 

 

One of the major challenges in face recognition lies in the difficulties 

of handling varying poses, i.e., recognition of faces in arbitrary in-depth 

rotations. The image differences caused by face rotations are often larger 

than the inter-person differences in distinguishing subjects. Face recognition 

across pose, on the other hand, has great potentials in many applications 

dealing with uncooperative subjects, in which the full power of face 

recognition being a passive biometric technique can be utilised. Extensive 

efforts have been put into research toward pose-invariant face recognition in 

recent years and many prominent approaches have been proposed. However, 

several issues in face recognition across pose still remain open to the 

research community, such as sparse investigation of recognition scenarios, 

complex reflection mechanism. This chapter provides an up-to-date critical 

survey of researches on image-based face recognition across pose. The 

existing techniques are comprehensively categorised and the representative 

methods within each category are elaborated. By generalising different 

tactics in handling pose variations and evaluating their performances, 

several promising directions for future research are identified. In addition, 

relevant issues such as pose estimation and surface reflections of human 

faces are also discussed.  
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2.1 Introduction 

As one of the most important biometric techniques, face recognition 

has clear advantages of being natural and passive over other biometric 

techniques requiring cooperative subjects such as fingerprint recognition 

and iris recognition. To benefit from the non-intrusive nature of face 

recognition, a system is expected to be able to identify/recognise an 

uncooperative face in uncontrolled environment and under an arbitrary 

condition without the notice of the subject. This generality of environment 

and conditions for face recognition, however, brought serious challenges to 

face recognition techniques, i.e., the appearances of a face due to pose, 

illumination, and/or expression changes may vary too much to tolerate or 

handle.  

Though a few face recognition approaches (see for example [4, 11, 45, 

62, 78, 97, 146]) reported satisfactory performances, their successes are 

limited to the conditions imposed by many real applications. In recent face 

recognition surveys [29, 183], pose variation is identified as the prominent 

unsolved problem in the research community. 3D morphable model [19], 

eigen light-field [57], and illumination cone model [49] are some examples 

of the promising methods in handling pose variations in face recognition. 

However, none of them is free from limitations. In this chapter, a critical 

survey is provided on face recognition across pose with discussions of major 

challenges and future research directions in this research area. This review 

focuses on face recognition using still images and does not include video-

based face recognition.  
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The categorisation of existing techniques of face recognition across 

pose is not unique, because there are multiple criteria to do so. In this 

review, they are broadly classified into three categories, i.e., general 

algorithms, 2D techniques, and 3D approaches. Generally, there are two 

trends in developing face recognition techniques, i.e., 1) improving the 

capability and universality of general face recognition algorithms so that 

image variation can be tolerated, and 2) particularly designing mechanisms 

that can eliminate or at least compensate the difficulties brought by image 

variations (e.g., pose variations) according to its own characteristics, such as 

through pose transformations or 3D reconstructions.  

Section 2.2 presents a review on general face recognition algorithms 

together with their pose sensitivities. In Sections 2.3 and 2.4, detailed survey 

will be provided on techniques that actively compensate pose variations in 

face recognition, dependent on whether they are 2D techniques (Section 2.3) 

or 3D approaches (Section 2.4). Please note it is also possible to categorise 

face recognition techniques across pose based on other criteria such as based 

on their input images. Under the criteria of input images, readers can find a 

recent review on face recognition using single images in [29], though its 

focus is not primarily on pose variations. 

Pose estimation is an important pre-processing step for many face 

recognition systems across pose. Due to interpersonal differences, pose 

estimation is not entirely reliable on different identities. Many approaches 

reviewed in Section 2.2 and Section 2.3 made use of image intensities as a 

clue for face recognition such as [19, 49, 57]. Image intensities are closely 

related to surface reflections of human faces. To give readers a better 



12 Chapter 2 

understanding of the relationships between face recognition across pose and 

surface reflections, this review will discuss the studies on surface reflections 

of human faces. In Section 2.5, these two related topics will be addressed in 

detail.  

The rest of the chapter is organised as follows. Section 2.2 provides a 

critical review on image-based general face recognition algorithms and 

discusses the pose sensitivities of some representative face recognition 

algorithms, such as eigenfaces and Fisherfaces. Section 2.3 introduces in 

details 2D face recognition techniques which actively compensate pose 

variations. 3D approaches are reviewed covering generic shape-based 

approaches, feature-based approaches, and image-based approaches in 

Section 2.4. Related topics are covered in Section 2.5, i.e., pose estimation 

and reflection mechanisms of human faces, due to their impact on face 

recognition across pose. Finally, summarising discussions are given in 

Section 2.6.  

2.2 General face recognition algorithms 

A typical face recognition problem is to visually identify a person in an 

input image through examining his/her face. The first attempt to this task 

can trace back to more than 30 years ago [75]. After that, a number of face 

recognition methods have been proposed, among which Principal 

Component Analysis (PCA, also known as eigenfaces) [78, 146], Linear 

Discriminant Analysis (LDA, also known as Fisherfaces) [11], Probabilistic 

Decision Based Neural Network (PDBNN) [97], template matching [23], 

Line Edge Maps (LEM) [45], Elastic Bunch Graph Matching (EBGM) [158], 
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Directional Corner Point (DCP) [46] and Local Binary Patterns (LBP) [2] 

are some of the representative works. All of these methods attempt to 

extract classification patterns (or features) from 2D face images and to 

recognise input face images based on these patterns against known face 

images in the database.  

Kirby and Sirovich [78] used PCA to efficiently represent pictures of 

faces by only keeping a small number of coefficients corresponding to the 

most significant eigen values of face images. Turk and Pentland [57] used 

eigenfaces for face detection and identification, in which every face image 

was represented as a vector of weights when projected to the eigen space. 

This approach appears to be a fast, simple, and practical method, which has 

become the most widely used face recognition technique. LDA [11] was 

applied to provide the discrimination among the classes, if more training 

data are available. Through the training process, the ratio of between-class 

difference to within-class difference is to be maximised to find a base of 

vectors that best discriminate the classes. As holistic face recognition 

approaches, both LDA and PCA are very sensitive to pose variations [29], 

because the 3D in-depth rotations almost always cause misalignment of 

image pixels which are the only clues for classification in these methods.  

The attractiveness of using neural network could be due to its 

nonlinearity as face classifiers. One of the first artificial neural network  

techniques used for face recognition is a single layer network called 

WISARD [140], which contains a separate network for each stored 

individual. Lawrence et al. [86] proposed a hybrid neural network, which 

combined local image sampling, a self-organising map neural network, and 
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a convolutional neural network. Lin et al. [97] used PDBNN, which 

inherited the modular structure from its predecessor, a decision-based neural 

network. In general, however, neural network approaches encounter 

problems when the number of classes (i.e., individuals) increases. For pose-

invariant face recognition, one individual may require several classes due to 

different poses. 

A simple version of template matching is that a test image represented 

as a two dimensional array of intensity values is compared using a metric. 

Bruneli and Poggio [23] automatically selected a set of 4 feature template 

used in recognition, i.e., the eyes, nose, mouth and the whole face, for all of 

the gallery faces. One problem of template matching lies in the description 

of these templates. Since the recognition system has to be tolerant to certain 

discrepancies between the template and the test image, this tolerance might 

average out the differences that make individual faces unique. Line edge 

maps of faces can also be used for face recognition. Gao and Leung [25] 

proposed an LEM approach, which gives a distance measurement between 

two line edge maps of faces and performs face matching based on this 

measure. It can be considered as a combination of template matching and 

geometrical feature matching. LEM is generally robust to illumination 

variations because the line edge maps are relatively insensitive to lighting 

changes to certain extent.  

For the above methods, the face recognition decisions are all made by 

considering the entire face images, which can be roughly classified as 

holistic approaches. In contrast, local approaches only or mainly consider a 

set of isolated points on the face images and classification patterns are 
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extracted from relatively small regions in face images. One successful local 

face recognition method is EBGM [158], in which human faces were 

described using Gabor wavelets in facial components (e.g., eyes, nose, and 

mouth) and recognised by graph matching in an extended Dynamic Link 

Architecture (DLA) [82]. Despite of the expensive computation, EBGM 

outperformed holistic approaches on the testing sets containing pose 

variations (in-depth), due to Gabor features’ robustness against image 

distortion and scaling [89] and the local treatments of classification features.  

Different from using local patterns on the facial semantically 

meaningful components, Gao and Qi [46] proposed a face feature descriptor, 

namely Directional Corner Point (DCP), extracted by detecting image 

corner points which were not necessarily facial features. A DCP is 

represented by its Cartesian coordinates and two directional attributes 

pointing to the point’s anterior and posterior neighbouring corner points. 

Face image retrieval using DCPs is generally economical for storage and 

robust to illumination changes. Its robustness to illumination changes is 

inherited from edge maps, because a corner point can be considered as the 

“edge of edges”. Both LEM and DCP are, however, sensitive to pose 

variations, because in-depth rotations always cause distortions of image 

edge maps which affect the performances of the methods using image edges 

as classification patterns.  

Ahonen et al. [2] applied Local Binary Patterns (LBP) [111], a 

successful texture descriptor, on face recognition. The pixel-wise patterns 

were extracted using the coding of binary labels and the patterns in 

intermediate levels are extracted by the histogram of these binary labels in 
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image regions. Then the holistic information is considered by concatenating 

the regional histograms into a single description over the entire image. 

Compared to holistic approaches, LBP is more robust to pose or 

illumination changes. In the experiments (Chapter 3 and 5), it is found that 

LBP can tolerate small pose variations and achieve perfect recognition rates 

when the rotations are less than 15 degrees. For view-based face recognition, 

LBP is an excellent choice among the above mentioned face classifiers. 

When the rotation becomes larger, however, the division of face images 

becomes problematic, because of the misalignment of image regions. For 

instance, a face region in a frontal image could become background in a 45º 

rotated image.  

In this section, some representative methods of general face recognition 

have been reviewed and more complete reviews of recent face recognition 

algorithms can be found in [1, 29, 183]. Generally, local approaches such as 

EBGM and LBP are more robust to pose variations than holistic approaches 

such as PCA and LDA. This is because local approaches are relatively less 

dependent on pixel correspondence between gallery and probe images, 

which is adversely affected by pose variations. Their tolerance to pose 

variations is however limited to small in-depth rotations, while under 

intermediate or large pose variations, pose compensation or specific pose-

invariant feature extraction are necessary and beneficial. In the next two 

sections, the specific pose-invariant face recognition approaches are 

reviewed. The next section discusses 2D techniques that compensate pose 

variations while 3D approaches are reviewed in Section 2.4.  
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2.3 2D techniques for face recognition across 
pose 

Due to the observation that most of the general face recognition 

approaches are sensitive to pose variations [29], a number of approaches 

have been proposed to explicitly handle pose variations. 2D techniques [14, 

27, 34, 77, 136, 180] and 3D methods [19, 28, 49, 68] were utilised to 

handle or predict the appearance variations of human faces brought by 

changing poses. In this section, 2D techniques are classified into three 

groups, i.e., 1) pose-tolerant feature extraction [66, 92, 113], 2) real view-

based matching [16, 136], and 3) 2D pose transformation [14, 34, 53, 73]. 

Approaches based on pose-tolerant feature extraction attempt to find face 

classifiers or pre-processing of image mapping that can tolerate pose 

variations. Real view-based matching captures and stores multiple (usually a 

large number of) real views to cover exhaustively all possible poses for face 

recogniser. In case there are only a limited number of real views (or even 

only a single view per person is stored in the database) in which real view-

based matching is not possible, approaches using 2D pose transformation 

alter the appearances of the known face images to the unknown poses to 

synthesise virtual views and to help face recognisers to perform recognition 

across pose.  

2.3.1 Pose-tolerant feature extraction 

Pose-tolerant feature extraction is closely related to the general face 

recognition classifiers because they all plan to extract classification patterns 

that can distinguish different identities while tolerate intra-class image 

variations. This subsection reviews feature extractions that specifically deal 



18 Chapter 2 

with pose variations. In such a sense, EBGM [158] and LBP [2] can also be 

classified in this category, as pose toleration is a primary goal in their design 

mechanism. Besides them, other 2D approaches that extract pose-tolerant 

features include region-based matching [113] and non-linear mapping 

(kernel tricks) [66, 95].  

Pentland et al. [113] extended PCA to Modular PCA (MPCA) to handle 

pose variations in face recognition. Instead of building a holistic eigen space 

for entire images, MPCA establishes multiple regional eigen spaces around 

facial components (e.g., eyes, nose, and mouth) to form “eigenfeatures” 

(Figure 1). The pose tolerance is achieved by eliminating the misalignment 

effect of facial features under pose variations, at the price of neglecting 

some useful image patterns such as freckles, birthmarks, and wrinkles which 

can be considered in holistic approaches. As MPCA relies on the predefined 

facial components (or facial features), the feature detection is crucial to this 

approach similar to other feature-based face recognition methods. Similarly, 

other holistic recognition methods can also become modular, such as 

modular LDA, with similar gains and losses.  
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Figure 1  The Modular PCA builds multiple eigen spaces (eigenfeatures) 

in the regions around facial components (e.g., eyes, nose, and 

mouth), which are used for recognition to achieve pose 

tolerances. [113] 

 

Another possible pre-processing for face recognition when pose 

variations exist is kernel tricks which nonlinearly map face images into a 

higher dimensional feature space, so that once non-separable distributions 

caused by pose variations might be (better) linearly separable. This is 

supported by Cover’s theorem [61], which states that nonlinearly separable 

patterns in an input space will become linearly separable with a high 

probability if the input space is transformed nonlinearly to a high 

dimensional feature space. A number of kernels were proposed to pre-

process face recognition algorithms, such as various Kernel PCAs [99, 162] 

and Kernel LDA [66, 166]. The kernel tricks, sometimes with Gabor 

filtering to extract local texture information, improve PCA’s or LDA’s 

capability in handling pose variations. However, the choice of the actual 

kernel functions or parameters remains unclear. Kernel methods generally 

require an extensive training to find a suitable form or a set of parameters to 
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achieve satisfactory recognition performance. This issue is caused by the 

lack of understanding on the actual nonlinear transformation when human 

faces rotate in-depth, so that it is infeasible to design an ideal non-linear 

mapping mechanism which best suits pose variations.  

Similar issues exist in the design of other face image classifiers. Kim 

and Kittler [77] proposed to fuse four different experts trained to tolerate 

pose variations in face images for recognition. Each expert is decomposed 

to represent information in representation, pose transformation, and feature 

extraction stages, where representation stage handles inter-class variations 

in the same pose, pose transformation stage collects overall changes from a 

pose to another, and feature extraction stage trains a class discriminative 

function for classification. After training in 125 people, the proposed fused 

experts achieved 70% accuracy on 30 degree rotated faces using single 

frontal views as gallery on 125 different people from XM2VTS database 

[103].  

Levine and Yu [92] compared five correlation filters on face 

recognition in terms of their robustness to pose, illumination, and expression 

variations. The best performed correlation filter in terms of pose robustness, 

Distance-Classifier Correlation Filter (DCCF) [151], achieved 79% 

recognition rate using single gallery views on the Freiburg database (or USF 

human ID 3-D database) [18] containing synthetic images of 50 people in 

2050 different poses within 40 degrees in yaw and 12 degrees in tilt. 

Generally speaking, correlation filter-based methods are quite sensitive to 

pose variations where image distortion occurs as face rotates. However, the 
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DCCF’s mechanism of pose robustness and the possible directions to further 

improve DCCF’s pose robustness remain unknown.  

2.3.2 Real view-based matching 

Despite of tolerating pose variations, one can actively compensate pose 

variations by providing gallery views in different poses to recognise rotated 

probe views. One natural way to realise a face recognition system against 

pose variations in this direction is to prepare multiple real gallery views in 

every possible pose for each known individual. Because most of the face 

classifiers reviewed in Section 2.2 are robust to small pose variations (~15º), 

a certain level of quantisation on the in-depth rotations is possible which can 

significantly reduce the number of required real gallery views.  

Beymer [16] designed a real view-based system using a correlation 

metric of raw-image-based single-view representation. Each input view was 

geometrically registered to the known person’s templates by using locations 

of eyes and nose, which were automatically located by his system. The 

recogniser acquires 15 gallery face images to cover a range of pose 

variations (Figure 2). The recognition process is similar to the frontal face 

recognition, while the only difference is that it matches an off-centred probe 

face images with gallery face images in the same pose.  
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Figure 2  The view-based recogniser using real views stores a certain 

number of face images taken in different poses of the same 

person. [16] 

 

Singh et al. [136] proposed to form a panoramic view from multiple 

gallery images to cover the possible appearances under all horizontal in-

depth rotations. The panoramic (namely composite) view is generated from 

a frontal view and rotated views in three steps, i.e., 1) view alignment, 2) 

image segmentation, and 3) image stitching. In the first step, views in 

different poses were aligned by coarse affine alignment and fine mutual 

information based general alignment. The boundary blocks of 8 by 8 pixels 

for the segmentation were detected using phase correlation and were used as 

the connection regions of the two views to stitch. A multi-resolution 

splining was applied to straddle the connecting boundary of the images and 

the splined images were expanded and summed together to form the final 

composite face mosaic. In recognition, the synthesised face mosaics were 

used as gallery and single normal face images in arbitrary poses were 

matched using a face recognition algorithm combining log Gabor transform 



Literature Review 23 

[135], C2 feature extraction [131], and v-support vector machine. The clear 

advantage of using face mosaics over virtual view synthesis is the save of 

storage spaces, because only a single image per person is required to cover 

all possible poses. The proposed face mosaicing method, however, doesn’t 

actively compensate pose variation and the recognition improvements are 

mainly contributed by 1) the use of multiple gallery images in different 

poses, and 2) the pose-invariance of the face recognition algorithm. In the 

experiment, it was found that the optimal combination of gallery images is 

frontal image plus left and right views in 45 degree rotations. The main 

reason is that face recognition algorithms can normally tolerate rotations 

within 30 degrees and the input face images were matched against the part 

of the face mosaics for the nearest viewpoint.  

2.3.3 Pose transformation 

As it is generally impractical or not economical to collect multiple 

images in different poses for real view-based matching, a feasible 

alternative is to synthesise virtual views from a limited number of known 

views (even from a single view) to substitute the demand of multiple real 

views. The virtual view synthesis can be undertaken in 2D space as pose 

transformation or in 3D space as 3D face reconstruction and projection. The 

virtual view synthesis involving 3D models will be discussed in Section 2.4, 

while various 2D pose transformation methods are discussed in this 

subsection, which include parallel deformation [14], pose parameter 

manipulation [53], and Active Appearance Models [34, 73].  

Beymer and Poggio [14] are probably the first researchers to 

specifically handling pose variations in face recognition and they proposed a 
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parallel deformation method which generate virtual views covering all 

possible poses from a single example view using 2D warping techniques 

[10]. A 2D non-rigid pose transformation on a prototype face was first 

recorded. To synthesise a virtual view from a gallery face (the face in the 

database to be matched against), the real image was parallelly deformed 

based on the recorded 2D transformation on the prototype face (Figure 3). In 

this process, the recorded non-rigid 2D transformation serves as the prior 

knowledge of the human face class, which provides reasonable predictions 

of the possible face appearances for rotated faces. 8 virtual views were 

synthesised per person from an example view in about 15 degree rotation 

away from the standard pose and 6 virtual views were synthesised by 

mirroring the corresponding face view with respect to the vertical axis using 

face symmetry information, covering -30 to 30 degree rotations in yaw and -

15 to 15 degree rotation in tilt. Tested on the MIT face dataset containing 5 

on-plane rotated views and 5 in-depth rotated views per person of 62 people, 

the proposed parallel deformation achieved an accuracy of 82.2% using 

manually labelled interpersonal correspondences.  
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Figure 3 The process of parallel deformation (a) the prototypical image at 

standard pose rpi , , (b) the prototypical image at virtual pose vpi , , 

(c) the novel image at standard pose rni , , (d) the synthesised 

novel image at virtual pose vni , , (e) the recorded deformation in 

prototype from the standard view to the virtual view p
vrpy −, . [14] 

 

González-Jiménez and Alba-Castro [53] improved [14] by eliminating 

the effect of the prototype face in parallel deformation. In their method, 

principal component analysis (PCA) was applied on the facial features 

presented as Point Distribution Model (PDM) and they argued that the 

second significant parameter was “pose parameter” that controls the left-

right rotations of faces. The 2D transformation was achieved by only 

altering the pose parameter, leaving other personal information intact. Using 

Thin Plate Splines-based warping and assuming vertical symmetry of 

human faces, the virtual view of the gallery face in the target pose was 

synthesised by altering the pose of the gallery face mesh and texture-

mapping. Tested on the CMU-PIE database [134] with different 13 poses of 
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68 people, their method achieved much higher recognition rates than [14]. 

For example, to recognise 15 degree rotated views and 30 degree rotated 

views from frontal gallery views, [53] achieved accuracies of 99.26% and 

95.59% respectively. When the rotation angle increases, however, the 

recognition rates drop to 67.5% (45 degree rotation) and about 20% (65 

degree rotation). The performance of the proposed method on face views 

under tilt (vertical rotation) hasn’t been reported (the CMU-PIE database 

contains three different tilt rotations, i.e., ±10 and 0 degrees).  

Lanitis et al. [85] described a face representation method with both 

shape and intensity information. They also showed that a linear model was 

sufficient to simulate considerable changes in viewpoint, as long as all the 

modelled features remained visible. Cootes et al. [34] extended this model 

to view-based active appearance models (view-based AAM) of shape and 

appearance to represent the variations in appearance from a particular 

viewpoint. These appearance models were trained on example images 

labelled with sets of feature points to define the correspondences between 

images. They used five face images under viewpoint of ± �0 , ± �45  and 

± �90  respectively to estimate head pose for synthesizing new views of a 

subject given a single view. The main idea of the algorithm is to establish a 

generic 2D model and reflect the variation between individual images by 

varying the parameter c  in 

 ,csQxx +=  (1) 

and 

 ,cgQgg +=  (2)  
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where x  is the mean shape, g  the mean texture, sQ  and gQ  are matrices 

describing the modes (shape and texture) of variations derived from the 

training set. Then an example image can be synthesised for a given c  by 

generating a texture image from the vector g and warping it using the 

control points described by x . 

Kahraman et al. [73] proposed an modified AAM to handle pose 

variations in face recognition. In the pose normalisation part, they recorded 

displacements of all landmarks of the AAM using a generic face and 

synthetic images in different poses were then generated from single frontal 

images by moving the landmarks in the recorded displacements. A single 

AAM was trained on the synthetic images covering 8 different poses rather 

than multiple AAMs trained in different poses as in [34]. Frontal and non-

frontal images within 45 degree rotations can then be transformed mutually 

by altering the parameters controlling pose variations after the AAM was 

aligned to each image. The proposed modified AAM method advantages the 

original AAM in the single training and alignment process for all poses, 

while it suffers from incapability to handle larger pose variations because 

AAM cannot be reliably aligned to rotated views with occluded landmarks.  

2.3.4 Discussions 

The pose-invariant face recognition methods using 2D techniques have 

been classified into three groups, i.e., pose-tolerant feature extraction, real 

view-based matching, and pose transformation. Pose-tolerant feature 

extraction approaches tend 1) to alleviate the linearly non-separability 

problem under pose variations by reducing and using multiple image 
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regions around salient facial features; and 2) to improve linear separability 

of face images under pose variations by non-linear mapping prior to 

recognition. The first strategy can only alleviate pose variations to a certain 

extent, because in local regions, image distortions brought by pose 

variations still exist. The benefit of localising the image matching is also at 

the cost of extra requirement of feature detections. The second strategy has 

the promise to find a non-linear mapping and space best suitable to pose 

variations, while the current research stage is primarily limited to 

fundamental mapping functions (e.g., radial basis functions). The question 

of whether there is a feature space where rotated faces are separable is still 

open to the research community. An answer to this question may lead to a 

clearer understanding of pose-invariant face recognition, similar to the 

findings of linear subspaces in illumination-invariant face recognition [6, 12, 

123].  

Real view-based methods are the most straight forward techniques in 

handling face recognition across pose. They can make direct use of general 

face classifiers to match rotated input images with rotated gallery images. 

The limitation lies in that it requires a relatively large number of real images 

captured from all possible viewing directions.  

Face recognition based on 2D pose transformation is a successful 

extension of the real view-based face recognition. Instead of acquisition of a 

large number of real images as gallery views, these techniques synthesise 

virtual views in the possible poses from a limited number of real gallery 

views (often from a single gallery view) to substitute the real gallery views. 

The techniques used in virtual view synthesis are 2D image transformations 
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based on pixel correspondence between the source images and the target 

images. Assuming image continuity in pose transformation, these 

techniques can effectively handle pose variations within small in-depth 

rotation. However, large pose variations bring image discontinuities in the 

2D image space so that it cannot be reliably handled within 2D space. Under 

such circumstances, 3D approaches generally outperform 2D techniques and 

they are reviewed in the next section (Section 2.4). Another issue in pose 

transformations is the suboptimal modelling of facial textures. Because pose 

variations are always associated with the changes of illumination, the same 

points on a face may appear differently in two face images taken from 

different viewpoints. Most 2D transformation methods, however, only 

considered shape transformation by finding the corresponding pixels 

between images and neglect that the pixel values may change as well. 

Among the pose transformation methods reviewed in this chapter, only 

AAM tends to actively model facial textures. The modelling of facial 

textures is however in a linear interpolation manner, which cannot 

adequately approximate the non-linear variations of reflected intensities 

from human face surfaces. A further discussion will be provided in Section 

2.5 under the reflection mechanisms of human faces.  

2.4 Face recognition across pose with 
assistance of 3D models 

Recently face recognition using 3D models becomes one of the most 

successful approaches, especially when dealing with pose and illumination 

variations. The success of 3D models in handling pose variations is due to 

the fact that pose changes of human faces all take places in the 3D spaces. 
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The 3D face models used in face recognition could be generic 3D shape 

models [27, 44, 100], personalised 3D scans [69, 74, 154, 171], and 

personalised 3D models reconstructed from 2D images [19, 49, 51, 169]. 

Face recognition using personalised 3D scans belongs to 3D face 

recognition and is out of the scope of this review. Readers interested in 3D 

face recognition could refer to other recent excellent reviews specifically on 

that topic [21, 129].  

Face recognition techniques using generic shapes consider the uniform 

face shape as a tool for the transformation of image pixels. Personalised 3D 

face (shape) models can be reconstructed based on image pixels or facial 

features. Image-based 3D face reconstructions consider facial textures (i.e., 

pixel intensities) as critical clues and used them in reconstruction. Feature-

based 3D face reconstructions utilise facial features (e.g., eyes, nose, mouth, 

etc.) extracted from 2D images to predict the volumetric information of the 

input face. There is another stream of methods involving 3D information, 

which tries to extract invariant features in 3D space which remains 

relatively unchanging in pose variations. These methods do not necessarily 

use 3D face models, but they are 3D approaches so that they are also 

included in this section.  

2.4.1 Generic shape-based approaches 

Approaches using generic shapes do not address shape variations of 

different identities by applying a uniform 3D face shape to assist face 

recognition systems. T. Vetter [40] improved the texture mapping of 

Beymer’s method [33] by introducing a generic 3D shape model of human 



Literature Review 31 

head and used it to solve the correspondence problem between face images 

in different poses. The input image was first normalised to the generic shape 

and the texture can be mapped onto the generic 3D model. Then the 3D 

shape with the individualised texture was rotated to generate novel textures. 

Finally the novel texture was warped to the synthesised novel shape to 

finish the process of texture mapping.  

Gao et al. [44] presented a simple and efficient pose recovery 

methodology based on a generic cylindrical face shape. The face images in 

arbitrary poses (limited to horizontal rotations only) were mapped onto the 

generic face shape and the frontal virtual views can be synthesised (Figure 

4). In the implementation, this process is integrated into image 

normalisation and the processing time can be neglected compared to the rest 

processes of face recognition. Using LEM and Eigenface as face classifiers, 

this pose recovery was demonstrated to be able to improve face recognition 

performances under pose variations.  
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Figure 4 The pose recovery from a non-frontal view to a frontal view 

using a cylindrical face shape. [44] 

 

With the assistance of a generic cylindrical face model, Chai et al. [27] 

proposed to generate virtual frontal views from single horizontally rotated 

views through local linear regression. The face view was first divided into 

10-30 patches and all patches were matched onto the frontal view to be 

generated. In each patch, a pre-trained linear regression was performed to 

predict the appearance in the frontal viewpoint. Finally, all reconstructed 

patches were combined with allowance of overlapping to form holistic 

frontal virtual views for recognition. On CMU PIE database with a rotation 

ranging within 45 degrees, the proposed method showed superior 

performance over Eigen-light-field [57], achieving an average accuracy of 

94.6%. As most of the methods involving cylindrical models, the proposed 

method cannot handle up-down rotation (i.e., tilt).  
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Generally speaking, 3D approaches are computationally complex if 

compared to their 2D counterparts. However, approaches using generic 3D 

shapes do not have this disadvantage. For instance, Gao’s approach is very 

efficient and the pose recovery step can be neglected in the processing time. 

In this sense, techniques using 3D generic shapes are very similar to 2D 

pose transformation. The only difference is that the transformation space is 

no longer the image space, but a non-linear space specified by the 3D 

generic shape. Despite of their simplicity and efficiency, techniques using 

3D generic shapes suffer from the incapability to preserve inter-personal 

shape difference, which is an important feature for face classification. Under 

a relatively large pose variation, the differences between the generic shape 

and the individualised shape usually result in a decrease of recognition 

accuracy. Due to this aspect, other 3D approaches try to build personalised 

3D face shapes even though it could be computationally demanding.  

2.4.2 Feature-based 3D face reconstructions 

3D reconstruction is an active research area in computer vision, which 

inversely estimates (mainly) 3D shape information from 2D images. 

Generalised 3D reconstruction considers all of shape modelling, surface 

reflectivity descriptions and the estimation of environmental parameters 

(e.g., lighting conditions). The clues for reconstructing 3D objects in 2D 

images are usually image features (e.g., edges and corners) and image 

intensities. In the context of face recognition through 3D reconstructions, 

these two groups are feature-based 3D face reconstructions and image-based 

3D reconstructions, respectively. Feature-based 3D face reconstructions 

reviewed in this subsection estimate personalised face shapes from the 2D 
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locations of facial features (facial components such as eyes, nose, etc and 

image features such as edges or corners). Other 3D face reconstructions use 

image intensities and the reflectance models to extract shape and/or texture 

information from 2D images, in which more complicated processing is 

usually involved. These image-based reconstructions will be reviewed in the 

next subsection (Subsection 1.4.3).  

Lee and Ranganath [88] presented a composite 3D deformable face 

model for pose estimation and face synthesis. The model includes three sub-

models as shown in Figure 5: edge model, colour region model and a wire 

frame model. The edge model defines the outlines of the face as well as 

various facial features such as the eyebrows, eyes, nose, mouth and ears. In 

the colour model, seven facial regions with colour information are 

considered. The regions are eyebrows, eye, nostrils and mouth. And in the 

wire frame model, the face surface is divided into 100 triangles, which are 

defined by 59 vertices. First, a generic 3D model is established, which 

contains the three sub-models. Then, the model undergoes complex local 

deformation to fit the different shapes and features. Using 3 images of the 

same person with different poses, a complete 3D face model for the person 

can be generated. The model transformed to novel poses and scales by rigid 

3D rotation and the views are synthesised by projecting the 3D model to a 

2D plane (Figure 6).  
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Figure 5 3D deformable face model: (a) edge model, (b) colour region 

model, (c) wire frame model, and (d) composite model. [88] 

 

 

Figure 6 Synthesised virtual face views in different poses. [88] 

 

Jiang et al. [71] used facial features to efficiently reconstruct  

personalised 3D face models from a single frontal face image for 

recognition. Their method is based on the automatic detection of facial 

features on the frontal views using Bayesian shape localisation. A set of 100 

3D face scans was used as prior knowledge of human faces. Facial features 

on both input images and 3D scans were used to find principal components 

of face shapes on the shape spaces spanned by the training 3D shapes. 

Personalised 3D face shapes were reconstructed and the facial textures were 

directly mapped onto the face shape to synthesise virtual views in novel 

conditions. Because the facial features all have semantic meanings, this 

method is also capable to synthesise virtual views with different expressions 

through changing locations of the facial features on the reconstructed 3D 
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models. On CMU-PIE database, the method was shown to improve both 

PCA and LDA recognition algorithms, especially for LDA in half-profile 

views. This method, however, cannot effectively improve the recognition 

performance of near-profile views, due to the unreliable synthesis of the 

profile virtual views. This indicates that the facial features on the frontal 

views are not associated with the height information of face shapes. For 

instance, a narrow nose may or may not be higher than a broad nose. 

Therefore, a side view per person is desirable for more accurate estimation 

of the surface heights of the face. 

Based on [71], the combination of two views may be beneficial to face 

recognition across pose, because an additional view in a different viewpoint 

will provide more shape and texture information otherwise unavailable from 

a single viewpoint. The use of prior knowledge helps the systems to reduce 

the number of gallery views required. Both Lee’s and Jiang’s methods used 

few images to perform 3D modelling. However, the prior knowledge of 

human face shapes (usually obtained by analysing a set of existing face 

shapes) will be unreliable if the input face shape is very different from the 

average shape, which causes the shape deformation to fail in converging to a 

plausible reconstruction result. Principal component analysis on 3D shapes 

alleviated this problem, while a constraint on shape deformation is 

implicitly imposed which may affect the preservation of discriminative face 

shape features. 

2.4.3 Image-based 3D face reconstructions 

Image-based 3D face reconstructions carefully study the relationship 

between image pixel intensities and its corresponding 3D face geometry and 
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face surface reflectivity properties. From a set of pixel intensities, 3D face 

geometry and face surface properties can be estimated using appropriate 

reflectance models, which associate shape and texture information with 

reflected intensities. Unlike feature-based 3D face reconstructions’ limited 

use of a few features on the face images, image-based 3D face 

reconstructions make use of almost every point on the face images and it is 

thought to closely resemble the reality of reflections.  

Blanz and Vetter [18, 19] proposed a very successful face recognition 

system of image-based reconstruction using prior knowledge of human 

faces. The prior knowledge of face shapes and textures were learned from a 

set of 3D face scans where pixel-wised inter-personal correspondence has 

been established using generalised optical flow on 3D surfaces. The shape 

and texture information in the forms of vertices and diffuse reflectance 

coefficients were spanned into different spaces where principal component 

analysis was performed to form a 3D morphable model. The morphable 

model is then fitted into a single face image in an arbitrary condition by 

iteratively minimising pixel differences of image intensities and 

reconstructed virtual intensities using the set of parameters controlling the 

variations of shape, texture, illumination, pose, specularity, camera 

parameters, and etc. Using stochastic Newton optimisation method, the 

process first takes use of several facial features defined on both image and 

3D model to find a rough alignment and then relies more and more on the 

comparison of pixel intensities. The principal components of shape model 

and texture model were obtained in this process which was then used to 
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reconstruct personalised 3D models or directly used for recognition based 

on linear discriminative analysis.  

Georghiades et al. [48, 49] made the first successful attempt to perform 

face recognition under pose and illumination variations using the techniques 

of photometric stereo [5, 60, 159, 169]. Their method is based on the fact 

that the set of images of an object with Lambertian surfaces in fixed pose 

but under all possible illumination conditions is a convex cone in the space 

of images. From a set of frontal face images under different near frontal 

illumination conditions, personalised face shape and surface reflectance 

information was reconstructed by minimising the difference of the input 

gallery face images and the corresponding rendered images associated with 

surface gradients and reflecting properties. The procedure sequentially 

estimates lighting conditions (i.e. light directions and intensities), surface 

gradients, and diffuse reflectance coefficients and gradually converges to an 

optimal solution in a least square sense. Virtual views in novel illumination 

and viewing conditions were then synthesised and used in face recognition. 

Figure 7 shows nine virtual views synthesised in different viewing 

directions.  

Their recognition approach was tested on the Yale Database B (labelled 

as YALE-B) consisting 4,050 images of 10 faces in 9 different poses in up 

to 24 degree rotations and achieved very high accuracies (97.3% for 12 

degree rotation and 94.5% for 24 degree rotation). This approach relies only 

on the pixel intensities from multiple images under different lighting 

conditions and a fixed pose and the reconstruction process doesn’t require 

any form of prior knowledge of human faces. The assumption of the 
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Lambertian surfaces, however, causes the reconstruction results to have a 

bas-relief ambiguity [13], i.e., the reconstructed shape and estimated 

lighting are not unique. To resolve this ambiguity, certain forms of human 

face priors are used such as left-right symmetry, similar heights of forehead 

and chin, and relationship of the surface heights and width.  

 

 

Figure 7 The synthesised images in varying pose from the 3D 

illumination cone mode [25] 

 

Georghiades [51] extended [49] by incorporating Torrance-Sparrow 

model [145] into the process of 3D reconstruction of human faces to resolve 

the bas-relief ambiguity [13] associated with photometric stereo using 

Lambertian model [84]. Using the results of [49] as the initial estimate, the 

difference of the real face images and the rendered images using the 

estimated parameters based on a simplified Torrance-Sparrow model was 

minimised using the steepest descent method. This algorithm is able to 

inversely estimate a set of spatially varying diffuse reflectance coefficients 
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with a uniform specular reflectance coefficient, while the estimation of a 

full set of spatially varying reflectance coefficients remains open. Tested on 

the same experiment setting with [49], the face reconstruction method using 

the Torrance-Sparrow model achieved slightly higher recognition rates than 

the method based on the Lambertian model. Other directions of the 

photometric stereo in face recognition include introducing a more general 

illumination model, i.e. spherical harmonics [6, 123] and representing 

different faces within a single class [186].  

Though image-based reconstructions often involve complex processing 

in considering reflection of human faces, they made the most use of image 

information by exhaustive treatment of all image pixels. Compared to 

feature-based reconstructions which at best can guarantee accurate 

reconstruction around facial features, image-based reconstructions have the 

potential to achieve pixel-wisely accurate reconstruction results. Feature-

based reconstructions also suffer from the inaccuracy of feature detections, 

while feature detection is no longer required in image-based reconstructions. 

Because image-based 3D reconstructions consider pixel-wise reflection 

mechanisms in estimating shape and texture information, they are generally 

more sensitive and consequently vulnerable to image variations, such as 

shadows and spatial misalignment. To alleviate spatial misalignment, 3D 

morphable model used a feature-based approach as the initial stage of the 

3D reconstruction, and illumination cone model requires rigorous alignment 

of multiple photometric stereo images under a fixed viewpoint.  

The reflection mechanism of human faces is crucial to image-based 3D 

face reconstructions. In contrast, existing approaches tend to make 
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simplistic approximations on face surfaces. Most of the existing methods 

assume face surfaces as Lambertian surfaces, which only consider diffuse 

reflection and neglect specular reflection. In fact, human faces reflect both 

diffusely and specularly and reflectance models beyond the Lambertian 

assumption should be taken into considerations to achieve better 

reconstruction performance by making more realistic surface 

approximations. This issue will be further clarified in Section 2.5.2 with 

detailed explanations of human face skins. In feature-based 3D face 

reconstruction, the texture estimation is also suboptimal by primarily using 

the Lambertian assumption to approximate human face skins. Similar to 2D 

pose transformation, image intensities of real views are usually directly 

mapped onto the reconstructed 3D shape without considering the possibility 

of intensity variations caused by pose changes.  

2.4.4 Invariance features extraction 

Different from explicitly using 3D models to assist face recognition to 

handle pose variations, some researchers proposed techniques that extract 

features in 3D spaces without explicitly modelling 3D faces. These features 

can be light fields [57] and stereo matching cost [26]. Gross et al. [57] 

proposed to perform face recognition across pose using eigen light fields. 

The algorithm operates by estimating the eigen light-field of the subject’s 

head from the input gallery or probe images. Matching between the probe 

and gallery was then performed using the eigen light-fields. This algorithm 

was tested on CMU-PIE [134] and the FERET [116] face databases. When 

three gallery images and one probe image were available in FERET 
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database, it achieved a recognition accuracy of 81.3%, which compares very 

well to the performance of FaceIt (84.4%).  

Castillo and Jacobs [26] proposed to use the cost of stereo matching of 

two images one of which is from probe set and the other of which is from 

the gallery to recognise faces. The stereo matching algorithm used in this 

proposed method defines four planes and involves four transitions and the 

cost of the stereo matching is defined as the sum of all the matching rows of 

the first image (say left) to the second (right) image. Exhaustively 

performing stereo matching using every view in the gallery to the probe 

image, the match is selected when the cost of stereo matching is the smallest. 

Tested on PIE database with all poses, the proposed method achieved higher 

recognition rate (82% on 34 images) than eigen light-field [57] (66.3%) and 

comparable performance of 73.5% to LiST [124] (74.3%).  

Without modelling 3D faces, these approaches extracting 3D pose-

invariant features can achieve higher speed of face recognition. One of the 

limitations of these techniques may lie in the difficulties of incorporating 

mechanisms to handling other image variations, such as illumination 

variations or expression variations. The approaches explicitly using 3D 

models can usually be treated as a pre-processing of pose compensation of 

face recognition. Therefore, other processing handling illumination or 

expression variations can be easily incorporated into the face recognition 

systems either before or after pose compensation. The approaches based on 

invariant features do not have this merit and to achieve face recognition 

invariant to pose, illumination and expression, they probably need to start 
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over to design or look for features which are invariant to all of the pose, 

illumination and expression variations.  

2.5 Relevant topics 

In this section, two topics related to pose-invariant face recognition are 

discussed, i.e., pose estimation and reflection mechanism of human faces.  

2.5.1 Pose estimation  

To most face recognition methods handling pose variations, it is helpful, 

if not necessary, to know in prior the pose of the probe image. Many face 

recognition algorithms designed for handling pose variations can also 

estimate poses as a by-product such as [19, 28], while several “independent” 

pose estimators have also be proposed such as [182]. 3D pose variation has 

long been one of the bottlenecks underlying the field of computerised face 

recognition [183]. The pose estimation is generally a challenging problem 

due to changes in illumination, inter-personal differences, expression 

variations, and occlusions.  

Generally the appearance-based pose estimation approaches consider 

the facial image as a global entity. Pentland et al. [113] introduced the 

earliest work on 2D face pose estimation based on principal component 

analysis. Moghaddam and Pentland [104] later improved the performance of 

this view-based face detector by using calculating the likelihood value that a 

probe belonged to a certain pose class. Murase and Nayar [106] performed 

object pose estimation and recognition simultaneously by creating a 

universal eigenspace from a set of images of various. Srinivasan and Boyer 

[139] replaced the distance in [113] by an energy function proportional to 



44 Chapter 2 

the similarity between the probe and the models of that pose class. Wei et al. 

[156] proposed pose estimation based on orientation-specific Gabor filter 

and view-based PCA. Motwani and Ji [105] added a computation of a three-

level discrete wavelet transform into the PCA step to determine face pose. 

Li et al. [95] proposed a kernel-based machine learning approach called 

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

mapping between faces and poses.  

Feature-based pose estimation approaches, on the other hand, try to 

locate salient facial features such as the eyes, the nose and the mouth in the 

2D intensity image or 3D range image. Gee and Cipolla [47] chose a few 

relatively stable feature points, or anchor points, to estimate the gaze 

direction under weak perspective. Kruger et al. [81] used the method of 

elastic bunch graphs to locate faces in images and determine their poses. 

Hattori et al. [59] estimated the position of the eyes and eyebrow ridges 

from range and intensity images and used them in pose estimation. Zhao et 

al. [182] proposed to estimate face poses using elastic energy models, which 

measures the deformation of facial features on face images in different 

poses.  

It is evident that pose estimation received significant attentions and 

many effective algorithms have been proposed. Most of these methods are 

stand-alone which can be easily incorporated into any face recognition 

systems that handle pose variations and provide face recognition systems 

approximate estimated poses. Recalling the discussions in Section 2.2, the 

latest general face recognition algorithms usually have ability to tolerate 

small pose variations such as the pose estimation errors. Therefore, pose 



Literature Review 45 

estimation errors below 5-10 degrees should be generally acceptable for 

most of the current face recognition algorithms handling pose variations. 

2.5.2 Reflections of human faces 

In this research, I am particularly interested in the reflection 

mechanisms of human face skins, because it influences both reconstructed 

face shapes in image-based reconstructions and estimated facial textures in 

virtual view synthesis using both 2D and 3D approaches. Human faces are 

complex objects with spatially varying surface materials (e.g., the skins of 

different regions, eyes, eyebrows, and lips of human faces have different 

reflecting characteristics). Optical studies model human skin as three layers, 

sebum layer (mixture of sebum, lipids, and sweat), epidermis layer (stratum 

corneum and malpighian), and dermis layer (papillary dermis and reticular 

dermis) [107, 108, 119]. When the skin is illuminated, specular reflection 

occurs mainly on the smooth air-sebum interface and is mainly dependent 

on the thickness and characteristics of the sebum layer. Sebum production 

varies with age, gender, and race. Statistically, young, male, or black skin 

produces more sebum than aged, female, or white skin [108]. The presence 

of sebum layer in face skin explains histologically why human faces exhibit 

specular reflection and cannot be modelled purely as the Lambertian 

surfaces.  

The rest of the incident light penetrates these layers and are scattered to 

diffuse (equal intensity in all directions). Diffuse reflection then occurs on 

epidermis or dermis whose reflectivity is mainly dependent on the amount 

of melanin pigment, the amount of blood-borne haemoglobin pigments, and 

the thickness of collagen [119]. Both of the thickness of the sebum layer and 
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the amount of melanin pigments vary spatially along human face surfaces, 

which make both diffuse and specular reflection components heterogeneous 

as stated in [40]. Moreover, specular and diffuse reflectivities are both 

histological characteristics different from person to person which can be 

used as discriminating parameters in face recognition.  

On the other hand, people are incredibly sensitive to the subtleties of 

face appearances [157] and these shape and texture representations are also 

critical classification features for most face recognition algorithms. A slight 

deviation on the reconstructed 3D face model will probably result in 

unappealing images in face rendering or classification errors in recognition. 

Because human faces reflect incident lights both diffusely and specularly, 

they cannot be approximated by the Lambertian model. Existing approaches 

of face recognition across pose all have over-simplistic assumptions on 

human face skins, which are either under the Lambertian assumption or 

under the homogeneous assumption, which cannot achieve optimal results 

on both virtual face view synthesis and face recognition across pose.  

2.6 Discussions 

In this chapter, existing face recognition techniques that handle pose 

variations have been reviewed. They were classified into three categories, 

i.e., general face recognition algorithms, 2D pose-invariant face recognition 

techniques, and 3D pose-invariant face recognition approaches. Two related 

topics were also covered, which are pose estimation and reflection 

mechanism of human faces. Based on this review, several insights have 
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been discussed along the descriptions of the literature. They are summarised 

as follows. 

• 3D face recognition approaches can generally handle larger pose 

variations than 2D techniques. Under intermediate or large pose 

variations (45 degrees or more), occlusions affect the 2D 

projections of the 3D face and the face images are no longer 

continuously transformable in the 2D image space. Pose variations, 

on the other hand, are 3D transformations rather than 2D image 

transformations; so that 3D approaches are more promising in face 

recognition across pose.  

• The existing pose-invariant face recognition methods made 

suboptimal surface assumptions on human faces, which affect 

recognition results. The most common assumption is Lambertian 

assumption, which only considers diffuse reflection of faces. 

Studies in human skins show specular and diffuse reflectivities of 

human faces are both histological characteristics different from 

person to person which can be and should be used as discriminating 

parameters in face recognition. Therefore the generalisation of face 

surface assumptions beyond the Lambertian assumption and beyond 

the homogeneous assumption may help improve the performance of 

face recognition.  

• Though there are a few attempts in modelling human faces from a 

set of gallery views in different viewpoints, there is no reported 

work on recognising rotated faces using the combination of two 

orthogonal face views. Current research, on the other hand, 



48 Chapter 2 

suggested the inclusion of an additional side view to achieve more 

accurate shape reconstruction. The use of two orthogonal views 

may also provide an effective means to incorporate existing police 

mugshot databases into the emerging computerised face recognition 

systems.  

Based on these findings from this review, pose-invariant face 

recognition through 3D reconstructions has been proposed to utilise the 

advantages of 3D pose-invariant face recognition approaches. In 

reconstruction, face surfaces are treated as non-homogeneous non-

Lambertian surfaces, which both improves facial texture estimation and face 

shape reconstruction in the HSD modelling approach. The proposed MQVM 

approach intends to investigate the common scenario of using mugshot 

styled gallery views (i.e., a frontal view and a side view per person) to 

handle pose variations, which facilitates the direct use the existing police 

mugshot databases in the emerging computerised face recognition.  

 

 



 

3 From Illumination to Pose: Face Modelling and 
Recognition beyond Lambert and Homogeneity 

 

Existing researches show that 3D face modelling is an effective solution 

to robust face recognition. However, modelling human faces considering 

both diffuse and specular reflections spatially variable still remains an open 

question. This chapter investigates the feasibility and effectiveness of 

recognising human faces beyond Lambert and homogeneity, employing a 

heterogeneous specular and diffuse face modelling approach. The proposed 

approach allows both diffuse and specular reflectance coefficients to vary 

spatially along the face surfaces to better approximate real surface 

properties of human faces. Both 3D face shape and surface reflectivity 

properties are estimated from a set of 2D face images in a photometric 

stereo manner. The reconstructed 3D face models are projected onto 

different viewing planes to assist face recognisers to handle pose variations. 

The proposed approach was evaluated at three different experiment levels 

from (1) comparison of face modelling under and beyond the Lambertian 

assumption on synthetic data, (2) comparison of face modelling under and 

beyond the homogeneous assumption on synthetic data, to (3) modelling 

and recognising real faces in CMU-PIE database. Experimental results 

demonstrated that the proposed approach achieved a higher level of 

performance in reconstruction accuracy, algorithm reliability, and face 

recognition accuracy. These findings suggest that face modelling and 



50 Chapter 3 

recognition beyond Lambert and homogeneity is a feasible and effective 

solution towards pose-invariant face recognition, which may lead to a 

possible direction in face modelling for further development of face 

recognition techniques. 

3.1 Introduction 

Face images under pose variations are largely associated with both 

structural and textural properties, i.e., shape information and surface 

reflectance coefficients, of the individual faces. While a number of 

investigations have been undertaken on the precise descriptions of 

individualised face shapes, most face recognition techniques [8, 49, 57, 87, 

133, 170, 172, 185, 186] approximate face surfaces under the Lambertian 

assumption and only consider diffuse reflection. Human faces, however, 

reflect light both diffusely and specularly, and both of these reflection 

components are spatially varying (i.e., heterogeneous) [40]. By neglecting 

specular reflection, the Lambertian assumption results in not only a 

suboptimal estimation of surface reflectivity property, but also the delivery 

of a deviated face shape. Each of these two kinds of inaccuracies can 

adversely affect the performance of face recognition. Recently, two 

researches [19, 51] made early attempts towards face recognition beyond 

Lambert by incorporating a uniform (homogeneous) specular reflection 

coefficient into their modelling processes and achieved substantial 

improvements over the pure Lambertian models. To the best of my 

knowledge, there is no reported research on face recognition beyond 

Lambert and homogeneity. This is believed the first attempt in modelling 
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human faces as surfaces with spatially variable specular and diffuse 

reflectivities for recognition.  

Recently face recognition using 3D models becomes one of the most 

successful approaches in face recognition, when dealing with pose and 

illumination variations [125]. Based on the pixel intensities of face images, 

illumination cone model [49] and 3D morphable model [19] have been 

proposed to describe human faces from multiple images and from a single 

image with assistance of prior knowledge of face shapes and appearances, 

respectively. However, both methods suffer from oversimplistic modelling 

of facial textures and failed in modelling fine and identity-related details 

such as freckles, birthmarks, and wrinkles [125]. The next step to further 

improve 3D model-based face recognition may lie in more realistic surface 

approximations, which are beyond the Lambertian assumption to cover 

specular reflection and are heterogeneous to preserve recognition-related 

facial details. Under such a demand, this chapter investigates face 

recognition using non-Lambertian heterogeneous face models which 

describe human faces as surfaces with both heterogeneous diffuse and 

specular reflectivities. Because both face shapes and textures are estimated 

from pixel intensities (i.e., reflected intensities), the generalisation of the 

surface assumptions leads to a more accurate reconstructed face shape as 

well as more adequate descriptions of surface reflectivity properties. The 

findings of this research will benefit both illumination cone model and 3D 

morphable model by demonstrating the superiority of heterogeneous non-

Lambertian face models in face reconstruction and face recognition.  
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This chapter proposes a novel Heterogeneous Specular and Diffuse 

(HSD) modelling approach to reconstruct 3D human faces from 2D images 

for face recognition across pose. Under a typical photometric stereo setting 

[51, 138, 160, 161], the gallery is set to be multiple 2D face images from a 

fixed viewpoint under varying illumination conditions. Both shape and 

surface reflectance are estimated locally through minimisation of the image 

differences between the real intensity and the estimated intensity. To 

evaluate the effectiveness of the proposed method, virtual face views are 

rendered using the reconstructed shape and reflectance parameters against 

which view-based face recognition is performed to match rotated faces in 

arbitrary poses in one of the three evaluation experiments (Subsection 3.4.3). 

Compared to pure diffuse model or homogeneous model, the proposed HSD 

model estimates both shape and surface reflectivity more accurately through 

the better approximation of the surface properties of human faces in reality. 

Using the publicly available CMU PIE database, the proposed HSD 

approach achieves higher recognition rates than the state-of-the-art face 

recognition techniques handling pose variations.  

The remainder of the chapter is organised as follows. Section 3.2 

provides a background for the proposed approach which includes the 

existing works and related topics on face recognition, face modelling, 

human face skins, and reflectance models. Section 3.3 elaborates on the 

proposed HSD modelling approach to reconstruct human faces as 

heterogeneous surfaces with both diffuse and specular reflectivities. The 

specific optimisation techniques, the pre-processing of lighting estimation, 

and the post-processing of perturbation alleviation are also introduced in 
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this section. Experimental results on both synthetic and real face images are 

given in Section 3.4. Finally, this chapter concludes in Section 3.5.  

3.2 Background 

Recently, pose variations in face recognition captured growing interests 

from researchers in the fields of computer vision and pattern recognition. 

Multiple real views [113, 136] and 2D image transformations [14, 34, 53, 73, 

77] were applied to achieve pose-invariant face recognition. Other 

researches extracted features invariant to pose variations [26, 57, 121]. Most 

of the existing researches handled pose variations with assistance of 3D face 

models, because human heads are 3D objects with fine structures and 

changes in viewpoints or lighting directions all take places in the 3D space. 

The 3D face models used in face recognition could be generic 3D models 

[27, 44, 100], personalised 3D scans [69, 74, 154, 171], and personalised 3D 

models reconstructed from 2D images [19, 49, 51, 169]. Generic 3D face 

models cannot preserve the inter-class shape differences, and face 

recognition using 3D scans is device-dependent. With the assistance of 3D 

reconstruction of human faces, face recognition was performed using 

recognition-by-synthesis strategies in image spaces [49, 51, 169] or using 

dimension reduction on shape and texture parameters in 3D space [19]. The 

face recognition performances of all of the reconstruction assisted 

techniques are greatly dependent on the accuracy of the 3D reconstruction. 

3.2.1 Image-based face reconstructions 

Image-based face reconstructions [18, 19, 49, 51, 124, 169, 186] 

considered facial textures (i.e., pixel intensities) as critical clues and used 
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them in reconstruction. Yuille et al. [169] extended photometric stereo 

methods [60, 159] and made the first attempt on image-based face 

reconstruction. Georghiades et al. [49] proved that appearances of a human 

face form a convex cone in the space of face images under Lambertian and 

convexity assumption, so that the reconstruction results can be used in face 

recognition. Georghiades [51] extended [49] by incorporating a 

homogeneous specular reflectance coefficient of Torrance and Sparrow 

model into the reconstruction procedure to more accurately model 

specularity of human face surfaces. Using spherical harmonics of incident 

lights, Ramamoorthi [123] and Basri and Jacobs [6] generalised the low-

dimensional linear subspace theory for representing the images of convex 

Lambertian objects from the conditions of single directional light sources to 

cases of multiple extended light sources. Zhou et al. [186] approximated 

image variations of different human faces as a single linear subspace under 

the Lambertian assumption so that the number of gallery images per person 

can be reduced to 1. Zhang and Samaras [172] further extended [186] by 

incorporating the theory of spherical harmonics illumination representation 

to handle multiple general light sources.  

Blanz and Vetter [18, 19] introduced a 3D morphable model based on 

prior knowledge of human faces and presented an excellent work on 

illumination- and pose-invariant face recognition through 3D reconstruction. 

The personalised shape and reflectance coefficients were learnt from a 

single 2D image, which were used as intrinsic features for recognition. Jiang 

et al. [71], on the other hand, reconstructed face shapes purely based on 

facial features and principal components of prior knowledge of 3D faces and 
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built a real-time face recognition system. Romdhani and Vetter [124] 

incorporated additional image clues such as edges and specular highlights 

into the process of image-based 3D reconstruction to improve the 

convergence conditions of the model fitting process.  

3.2.2 Surface reflectivities of human faces 

Image-based reconstruction approaches apply bidirectional reflectance 

distribution function (BRDF) to relate the object geometry information (in 

the form of normal directions) to the image intensity (in the form of 

reflected light intensity). Specific analytic BRDF models or reflectance 

models used in 3D face reconstruction and recognition are Lambertian 

model  [6, 49, 123, 169, 186], Torrance-Sparrow model [51], and Phong 

model [18, 19]. Because the Lambertian model only considers diffuse 

reflections but neglects specular reflections, its description is only feasible 

for dull matte materials such as chalks. Human faces are complex objects 

with spatially varying surface materials (e.g., the skins of different regions, 

eyes, eyebrows, and lips of human faces have different reflecting 

characteristics). Optical studies model human skin as three layers, sebum 

layer (mixture of sebum, lipids, and sweat), epidermis layer (stratum 

corneum and malpighian), and dermis layer (papillary dermis and reticular 

dermis) [107, 108, 119] as shown in Figure 8. In an infinitesimal surface 

area, these three layers are approximately parallel [147].  

When the skin is illuminated, specular reflection occurs mainly on the 

smooth air-sebum interface and is mainly dependent on the thickness and 

characteristics of the sebum layer. Sebum production varies with age, 

gender, and race. Statistically, young, male, or black skin produces more 
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sebum than aged, female, or white skin [108]. The presence of sebum layer 

in face skin explains histologically why human faces exhibit specular 

reflection and cannot be modelled purely as the Lambertian surfaces. The 

rest of the incident light penetrates these layers and are scattered to diffuse 

(equal intensity in all directions). Diffuse reflection then occurs on 

epidermis or dermis whose reflectivity is mainly dependent on the amount 

of melanin pigment, the amount of blood-borne haemoglobin pigments, and 

the thickness of collagen [119]. Both of the thickness of the sebum layer and 

the amount of melanin pigments vary spatially along human face surfaces, 

which make both diffuse and specular reflection components heterogeneous 

as stated in [40]. Moreover, specular and diffuse reflectivities are both 

histological characteristics different from person to person which can be 

used as discriminating parameters in face recognition.  

 

Figure 8 Incident light and reflections in a three-layer skin model.  
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3.2.3 Current face modelling techniques 

On the other hand, people are incredibly sensitive to the subtleties of 

face appearances [157] and these shape and texture representations are also 

critical classification features for most face recognition algorithms. A slight 

deviation on the reconstructed 3D face model will probably result in 

unappealing images in face rendering or classification errors in recognition. 

Because human faces reflect incident lights both diffusely and specularly, 

they cannot be approximated by the Lambertian model. To overcome the 

inaccuracy in modelling face surfaces as the Lambertian surfaces, there have 

been two attempts treating face surfaces as non-Lambertian surfaces [19, 

51]. In [51], a simplified Torrance-Sparrow model (Equation 3) was 

incorporated in the 3D reconstruction process after an initial estimation 

based on the Lambertian model. The simplified Torrance-Sparrow model is 

expressed as 
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where ),( yx  is the pixel coordinate on a face image, TSI  is the image 

intensity in the Torrance-Sparrow model [145] under a point light whose 

intensity is iI , dk  and sk  are the diffuse and specular reflectance 

coefficients respectively, sm  is the surface roughness coefficient, lβ  is the 

angle between lighting direction and normal direction, hβ  is the halfway 

angle (the angle between normal direction and the halfway vector of light 

direction and reflecting direction), and vβ  is the viewing angle between 

viewing direction and normal direction. Blanz and Vetter [19] modelled the 

3D face based on Phong model [118] which is expressed as  
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where PHI  is the image intensity in the Phong model under an ambient light 

amI  and a directional light iI , sn  is the specular reflection exponent, and rβ  

is the angle between reflecting direction and viewing direction.  

The surface properties of specular reflection of human faces in both 

methods, i.e. sk  and sm  in [51] and sk  and sn  in [19], were assumed to be 

homogeneous. This approximation on specular reflection holds when 

surfaces exhibit homogeneous or little variable specular reflectivity, which 

in most of the cases are man-made objects such as a lacquered globe. Most 

natural objects such as human faces, however, exhibit heterogeneous 

specular reflectivity [40, 157]. The fixture of specular reflectance 

coefficients throughout the reconstruction process on such objects will limit 

the variability of both shape and texture parameters toward the ground truths. 

In Subsection 3.4.2, the former technique assuming homogeneous specular 

reflectivity [51] is tested on a synthetic heterogeneous face model and it 

fails to converge to a sound reconstruction results due to its homogeneity 

constraints on the specular reflectance coefficients. The reconstruction 

approach that considers both diffuse and specular reflections spatially 

variable is therefore desirable [51].  

3.3 Heterogeneous specular and diffuse face 
modelling 

This section describes the proposed Heterogeneous Specular and 

Diffuse (HSD) modelling approach for face reconstruction and recognition. 

Subsection 3.3.1 discusses reflectance models and 3D reconstruction 
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techniques to highlight the virtue of the proposed approach. The proposed 

HSD modelling approach is elaborated in Subsection 3.3.2. The 

optimisation technique, the pre-processing of lighting estimation, and the 

post-processing of perturbation alleviation are described in Subsection 3.3.3. 

3.3.1 Reflectance models and 3D reconstructions 

Generally, the reflection from an object’s surface is described as a 

linear combination of diffuse reflection and specular reflection [132]. For 

face surfaces, diffuse reflection takes place in epidermis and dermis layers 

of human skin while specular reflection occurs in the sebum layer as 

discussed in Section 3.2. The reflected intensity in an image is expressed as 

 )()( LNIkLNIkI issiddr
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where N
�

 is the normal vector, and L
�

 is the direction of the incident light, 

dρ  and sρ  are the diffuse and specular bidirectional reflectivities [109] 

respectively. dk  and sk  are the intrinsic reflection properties of the object’s 

surface; dρ  and sρ  are usually associated to surface geometry and 

properties, lighting conditions, and viewing conditions. Although the 

reflection mechanism in reality could be very complicated, many reflectance 

models provide reasonable approximations at different levels of accuracy 

and complexity, such as Lambertian model [84], Phong model [118], Blinn 

model [20], Ward model [155], Lafortune model [83], Torrance-Sparrow 

model [145], He model [63], and etc. The diffuse component of the 

reflection in Equation 5 can be well approximated using the Lambertian 

model [143] in which dρ  is assumed to be 1. If the surface is dull matte 
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(e.g., chalks), it is called Lambertian surface which has only diffuse 

reflection. Under such circumstances, the reflected intensity has a simple 

form as  

 )(, LNIkI idLr

��
⋅= . (6) 

Because of its simplicity, the Lambertian model is widely used in 3D 

reconstructions and face recognition. Because the Lambertian model 

neglects specular reflection, when applied to surfaces exhibiting specular 

reflection (e.g., human faces) the reconstruction results are suboptimal.  

To account for both diffuse and specular reflections, many reflectance 

models added one or more specular reflection components on the 

Lambertian reflection component. For instance, the Phong model [118] 

describes the reflected intensity as  

 sn
isidPHr VRIkLNIkI )()(,

����
⋅+⋅= , (7) 

where LNLNR
�����

−⋅= )(2  is the reflecting direction and V
�

 is the viewing 

direction. Although the Phong model is an empirical model with little 

physical basis, it has been widely used due to its simplicity, such as in [19]. 

Torrance and Sparrow [145] modelled the diffuse and specular reflections 

based on applied physics as 

 
)(

)/exp(
)(

22

,
VN

m
FGIkLNIkI sh

isidTSr ��
��

⋅
−+⋅= β

, (8) 

where F  is the Fresnel equation specifying how the light is reflected from 

each smooth microfacet, G  is the geometrical attenuation factor taking into 

account inter-microfacet shadowing, and the halfway angle is expressed as 
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)arccos( HLh

��
⋅=β  ( H

�
 is the halfway vector between the light direction and 

the reflecting directions). The comparison between the Phong model and the 

Torrance-Sparrow model reveals that the two models produced similar 

results when the incident angle was small. Only when the incident angle is 

large (~70� ), their reflections are noticeably different [20].  

When the object is in a bright environment, an ambient term is added 

into the reflectance model as  

 aaar IkI =, . (9) 

where aI  is ambient light which is assumed to be uniform and directionless 

[42], ak  is the ambient reflectance coefficient. The existing methods for 

analysing human face textures are either based on the Lambertian 

assumption considering only diffuse reflection from the face surface [49, 57, 

169], or based on the homogeneous assumption (at least on specular 

reflection coefficients) considering the material has a uniform distribution 

on reflectance coefficients [19, 51]. The reconstruction that considers both 

diffuse and specular reflections spatially variable is challenging and remains 

an open question [51].  

Given a 2D face image, the image intensity of a point on the surface 

can be estimated using Equation 7 or 8 and is denoted as estI . The estimated 

intensity should resemble the real input image inpI  of the same point. Ideally, 

all of the shape, reflectance, and environmental coefficients (surface normal 

N
�

, reflectance coefficients ak , dk , sk , lighting conditions aI , iI , L
�

, and 

viewing direction V
�

) can be estimated inversely by minimising the 
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difference of the input real image intensity inpI  and the estimated image 

intensity estI . However, it is impossible to separate shape, reflectance, and 

environmental coefficients from a single 2D face image without constraints 

or prior knowledge [19]. To make this inverse estimation tractable, multiple 

2D images are usually used. One of the successful 3D reconstruction 

approaches, photometric stereo [49, 51, 186], uses a set of images with fixed 

viewpoint under variable illuminations. Classical photometric stereo 

techniques assume known [141] or uniform [138, 160] reflectance map of 

the object surface to extract shape information, but more recent work began 

to extend to their functionality to include surfaces with unknown 

heterogeneous reflectance maps. Based on the Lambertian model, several 

algorithms successfully operated under the conditions of unknown single 

lights [49, 169], unknown general illuminations [7], and from a mixture of 

images of different objects [172, 186]. To deal with the limitation of the 

Lambertian assumption incapable to handle specularity, specularity is 

detected using a fine-tuned illumination combination and the images 

exhibiting specularity are then excluded from the training set [3, 161], 

assuming that for each pixel there exist a number of images on which the 

reflections are merely diffuse (Lambertian).  

Recently, photometric stereo techniques such as [51, 52] began to 

extend their reflectance models to non-Lambertian models to account for the 

effect of specularity. Georghiades [51] extended [49] by incorporating a 

homogeneous specular reflectance coefficient of Torrance and Sparrow 

model after the face reconstruction on the Lambertian assumption. Goldman 

et al. [52] decomposed the surface reflectivities into a linear combination of 
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two fundamental materials, and iteratively optimised 1) reflectivities of 

fundamental materials and 2) surface normals and pixel-wise weight maps. 

Different from [51, 52], the proposed HSD modelling approach allows both 

diffuse and specular reflectance coefficients to vary spatially and arbitrarily 

which is able to reconstruct previously unsolvable natural objects, e.g., 

human faces. Both of these two methods employed an alternating 

optimisation strategy between shapes and reflectivities. In contrast, the 

proposed approach optimises the surface orientations and reflectivities 

locally in a one-pass processing.  

3.3.2 Heterogeneous specular and diffuse (HSD) face 
modelling 

Under a typical photometric stereo setting [51, 138, 160, 161], suppose 

s images 1,inpI , 2,inpI ,…, sinp,I  of a human face under s different lighting 

conditions from a viewing direction (0,0,1)TV =
�

 are given. For the j th 

image, the face is illuminated by ambient light with an ambient intensity 

jaI ,  and a distant light with an incident intensity ,i jI  from direction jL
�

 

defined as 

 ( ) ,coscos,sin,cossin ,,,,,
T

jijijijijijL φθφφθ=
�

 (10) 

where ji ,θ  and ji ,φ  are azimuth and zenith incident angles, respectively. The 

lighting conditions can be represented as four s  dimensional vectors 

T
saaaa III )...,,,( ,2,1,=I , T

siiii III )...,,,( ,2,1,=I , 

T
siiii )...,,,( ,2,1, θθθ=θ ,  and T

siiii )...,,,( ,2,1, φφφ=φ . Surface 

normal N
�

 of point ),( yx  is calculated as 
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where ),1(),( yxzyxzzx −−=  and )1,(),( −−= yxzyxzzy . The specular 

reflectivity for point ),( yx  is denoted as ( )Tssssyx ,2,1, ...,,),( ρρρ=sρ . 

The shape and texture information can then be estimated by minimising the 

sum square differences of ),( yx  between the original images and their 

estimations, which is written as 
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The specular reflectivity sρ  is a variable associated with many 

environmental and intrinsic parameters such as normal direction, surface 

reflectance coefficients, lighting conditions, viewing directions, and etc. The 

aforementioned reflectance models are to approximate the specular 

reflectivity using explicit expressions of those parameters. After selecting a 

specific reflectance model, the inverse estimation of shape and surface 

properties is then practical. In this research, the Phong model and the 

Torrance-Sparrow model are used and investigated. Other reflectance 

models can also be fitted into the framework in the same way.  

When using the Phong model, Equation 7 is integrated into Equation 12 

as  
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For the Torrance-Sparrow model, the Fresnel equation (F) is assumed 

constant and geometric attenuation factor (G) is assumed to be 1 as done in 

[51, 58]. The objective function based on the Torrance-Sparrow model 

(Equation 8) is then expressed as  

 ∑
= 
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where )),(arccos(),(, jjh HyxNyx
��

⋅=β . Although the complete 3D 

reconstruction requires inverse estimation of all of the lighting conditions, 

shape and reflectance parameters from 2D images, the lighting estimation is 

relatively independent to shape and reflectance reconstruction since lighting 

parameters are globally consistent parameters for the whole scene while the 

shape and reflectance parameters are pixel varying. In this research, the 

lighting estimation is performed as the pre-processing step before shape and 

reflectance reconstruction, if the lighting conditions of the images are 

unknown. The lighting estimation used in the experiments will be 

introduced in Subsection 3.3.3, but other existing algorithms (e.g. [126, 127, 

184]) can also be used. In Equation 13 or 14, the shape and reflectance 

parameters to be estimated are N
�

, ak , dk , sk , and sn (or sm ), where 

normal direction N
�

 is expressed using azimuth angle nθ  and zenith angle 

nφ  as  

 )coscos,sin,cossin( nnnnnN φθφφθ=
�

. (15) 
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Then each optimisation has 6 parameters: nθ , nφ ,  ak , dk , sk , and sn (or 

sm ).  

To take into consideration the attached shadows, the dot products in 

Equation 13 or 14 are all semi-positive. Cast shadows exist in the region 

where the incident lights are blocked by other parts of the human faces. To 

handle the effects of cast shadows, prior knowledge of human faces is used 

in the optimisation process. Provided a generic shape of human faces and 

lighting directions, the cast shadows are calculated using z-buffering [42]. 

In the objective function, if a point under a certain incident light is in a cast 

shadow, the diffuse and specular reflections are both set to 0 and the 

difference between the estimated and the original intensities becomes the 

difference between the ambient reflection and the original intensity. The 

objective functions (Equations 13 and 14) can be rewritten as  

 ∑
=

=
s

j
jPP yxEyxE

1

2
, ),(),( , (16) 

and 
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and  
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Both objective functions are non-linear, which may contain multiple local 

minima. Stochastic optimisation methods can be applied to find the possible 

global minimum avoiding of being trapped in the local minima in the cost of 

inefficiency. In this research, genetic algorithm is employed to minimise the 

objective functions, which will be introduced in Subsection 3.3.3. To 

guarantee a unique solution of the object’s surface, integrability is enforced 

as in [43], where the gradients of surface heights are expressed as  
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The shape of human faces are then reconstructed and represented as the 

height function )},({ yxzz =� .  

3.3.3 System implementations and face recognition 

To minimise the objective function (Equation 16 or Equation 17), a 

genetic algorithm is utilised (similar to [119]). Other optimisation methods 

may be used as well. Genetic algorithm is a stochastic optimisation method, 

which guides randomly selected solutions to evolve through a number of 

generations towards the global optimum and avoids differentiations of cost 

functions. Generally, it suffers less from being trapped into local minima 

than hill-climbing optimisation methods. Because the focus of this research 

is to propose a framework of modelling human faces with spatially varying 
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diffuse and specular reflections, the comparison between optimisation 

methods is out of the scope of this study.  

All 6 parameters are represented in binary format and encoded as 

chromosomes for genetic algorithm whose boundaries are set as follows. 

The normal directions nθ  and nφ range )2/,2/( ππ− , while in practice the 

boundary effects were eliminated by slightly reducing the range to [-1.5, 

1.5]. The reflectance coefficients ak , dk ,  and sk  are all in the range of [0, 1] 

where 0 indicates the surface is non-reflective and 1 indicates it’s a perfect 

reflector. The specular exponent sn  or sm  is set within [0.2, 10] to allow a 

considerable range to vary. The parameters for genetic algorithm are as 

follows. The population size is denoted as pκ , the crossover rate is denoted 

as cκ , the mutation rate is denoted as mκ , the number of trials is denoted as 

tκ , and the threshold of error is denoted as eκ . 

If the lighting conditions are not known a prior, the proposed HSD 

modelling approach can still operate using the following pre-processing step 

of light estimation. The light estimation method uses the prior knowledge of 

face shape to regulate the variability of parameters for reliable estimation. 

Although light estimation has been extensively studied (such as in [58, 76, 

110, 112, 126, 127, 142]) which could also be applied to assist the HSD 

modelling approach, the proposed light estimation is based on the specific 

problem of reconstructing faces as heterogeneous surfaces beyond Lambert. 

Since the lighting conditions are constant to all pixels in an image, light 

estimation is a global process over the whole face area. To reduce the 

dimensionality, a small number ('s ) of sparse surface points are randomly 
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selected for light estimation. The probability distributions of normal 

azimuth angle nθ  and zenith angle nφ  are assumed to be continuous uniform 

with mean values 0nθ  and 0nφ . These two angles are calculated from a 

generic 3D face shape as  
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The supports of these probability distributions are θσθ −0[ n , ]0 θσθ +n  and 

φσφ −0[ n , ]0 φσφ +n , respectively. The normal vector is then expressed as 

 ( )TnnnnnN φθφφθ coscos,sin,cossin=
�

. (22) 

Lighting conditions represented by iθ , iφ , iI , and aI  are then estimated by 

minimising the following objective function with two other variable 

parameters nθ  and nφ , 
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or its counterpart for the Torrance-Sparrow model.  

The CMU-PIE database was used to test the proposed light estimation 

method. In the experiment, the parameters are set as 100'=s , and 

�10== φθ σσ . The parameters for genetic algorithms are 100=pκ , 

5.0=cκ , and 0002.0=mκ . It was found that it was helpful to enlarge the 

population size and reduce the mutation rate as the chromosomes are 

generally longer than those in the face reconstruction process. The lighting 
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directions given in the CMU-PIE database were used as ground truth and 

the lighting estimation results are listed in Table 1. The estimated directions 

and intensities can be used in the subsequent face reconstruction process, if 

not known. 

 

Table 1 The estimated directions (a) and light intensities (b) using the 

proposed light estimation method.  

 Average error Standard 
deviation 

)( jiθ  �55.3  �54.3  
)( jiφ  �60.9  �41.6  

(a) Estimation accuracies on lighting directions 
 

Light number 
aI  

02 03 04 05 06 07 08 
Avg. 167 156 107 121 160 158 189 
S.D. 45.6 42.6 6.9 9.3 19.1 20.5 24.3 

Light number 
aI  

09 10 11 12 13 14 15 
Avg. 181 133 184 160 132 129 107 
S.D. 41.1 8.9 23.4 10.1 4.9 1.8 10.5 

Light number 
aI  

16 17 18 19 20 21 22 
Avg. 134 125 108 153 183 161 129 
S.D. 11.6 3.0 14.8 15.2 25.4 12.6 2.1 

(b) Estimation results on light intensities (Avg.=Average value, 
S.D.=Standard deviation). 

 

In practice, the set of gallery images inevitably contains spatial 

perturbations, which causes pixel misalignment for 3D reconstruction. This 

effect usually results in noisy reconstructed reflectance coefficients and 

consequently the virtual views synthesised from these coefficients for face 

recognition are affected. To alleviate the effect of image perturbations in 

face recognition stage, a pose-processing of perturbation alleviation (PA) 
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mechanism is proposed. Without loss of generality, the Phong model is 

incorporated into the perturbation alleviation processing. The reflectance 

coefficients are constrained locally by adding a smoothness function to 

alleviate image perturbations 

 ∑ ∑
−=∆ −=∆

− ∆+∆+−=
1

1

1

1

2

1 ),(),(),(
x y

jj
j

PA yyxxyxyxE kk , (24) 

where j  denotes the iteration number, T
ssda nkkk },,,{=k  are the vector 

formed by the reflectance coefficients of the Phong model. This penalty 

constrains the optimisation iteration of Equation 16 and alleviates 

reflectance perturbation caused by misalignment. Combining Equation 22 

and Equation 16, the objective function is then expressed as 

 ),(),(),( yxwEyxEyxE j
PAPHRC += , (25) 

where w  is the weight balancing the reconstruction sensitivity and the 

perturbation alleviation. The estimated reflectance coefficients from the 

shape reconstruction are used as the initial parameters 0k . In practice, the 

parameter was chosen as 20=w  and the iteration generally converges after 

5>j . This processing is not necessary to synthetic gallery data which are 

free of image perturbations. Thus only the third experiment on real images 

employed this perturbation alleviation processing. 

3.4 Experiments 

The proposed HSD modelling approach was evaluated on synthetic and 

real face images in three experiments. The first experiment is to compare the 

face reconstruction results under the Lambertian assumption and beyond the 
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Lambertian assumption. The second experiment investigates the 

effectiveness of extending the surface reflectance assumption beyond 

homogeneity to heterogeneity in face reconstruction. The HSD modelling 

approach was compared to the state-of-the-art photometric stereo approach 

[51] which has a homogeneous assumption on specular reflectivity. Finally, 

face recognition on real face images from the publicly available database is 

performed, in the third experiment, to evaluate how effective the HSD 

approach works in face recognition, compared to two of the most current 

face recognition systems dealing with pose variations [53, 57].  

3.4.1 Comparative experiments under and beyond Lambert 

The average face shape from USF human ID 3-D database [18] was 

used to render synthetic gallery images and the lighting directions were the 

same as specified in CMU-PIE database [134]. For fair comparison, 

different reflectance models were intentionally used to render the gallery 

images and to reconstruct 3D face models, respectively. The rendering 

model is the Torrance-Sparrow model without Fresnel equation and the 

reconstruction models are the Lambertian model and the Phong model, 

respectively. The homogeneous gallery images were rendered with the 

ambient, diffuse, and specular reflectance coefficients 4.0=== sda kkk , 

surface roughness 5.0=sm , ambient light intensity 100=aI , and 

directional light intensity 150=iI . For the heterogenous gallery images, the 

ambient, diffuse, and specular reflectance coefficients and the surface 

roughness were all randomly allocated obeying the uniform probability 

distributions within the ranges ]1,0[∈ak ,  ]1,0[∈dk , ]1,0[∈sk , and 
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]10,2.0[∈sm . Other parameters were the same as generating the 

homogeneous gallery images. The resolutions of these two sets of gallery 

images are both 250×  340 pixels. Figure 9 shows three example gallery 

images from each set of the synthetic images and Figure 10 shows the 

average face shape used as the ground truth for rendering the synthetic 

gallery images and the reconstruction experiments.  

    

(a)               (b)              (c) 

    

                                   (d)                (e)               (f) 

Figure 9 Examples of the gallery images synthesised using the Torrance-

Sparrow model and the average 3D face shape [18] shown in 

Figure 10. (a-c) are homogeneous gallery images whose ambient, 

diffuse, and specular reflectivities are all uniform. (d-f) are 

heterogeneous gallery images whose ambient, diffuse, and 

specular reflectivities are all spatially varying.  
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Figure 10 The shape ground-truth from [18]. 

 

Within the proposed 3D reconstruction framework, the Lambertian 

model and the Phong model were incorporated into the reconstruction 

processes, which were applied on the two sets of gallery images, 

respectively. The optimisation parameters are 50=pκ , 02.0=mκ , 6.0=cκ , 

6101×=tκ , and 5.1=eκ . The reconstruction results from the homogeneous 

gallery images and heterogeneous gallery images are shown in Figures 11 

and 12, respectively. Different from [19, 71], these face shapes are 

reconstructed purely from 2D images without using prior 3D knowledge of 

human faces. The average cosine value between the ground truth normal 

directions and the estimated normal directions [186] is used to evaluate the 

shape reconstruction accuracy as in Equation 26.  

 ( )∑=
),(

),(),,(cos
1

),cos(
yx

estinpestinp yxNyxN
t

NN , (26) 

where t  is the number of image pixels, ),( yxNinp

�
 is the ground truth for 

the normal direction at point ),( yx  and ),( yxNest

�
 is its corresponding 

estimate. The shape reconstruction accuracies are summarised in Table 2.  
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(a) 

 
(b) 

Figure 11 The reconstructed results using the proposed approach based on 

(a) the Lambertian model and (b) the Phong model from the 

homogeneous gallery images. 
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(a)  

 

(b)  

Figure 12 The reconstruction results using the proposed approach based on 

(a) the Lambertian model and (b) the Phong model from the 

heterogeneous gallery images. 

 

Table 2 Reconstruction accuracies of the proposed framework using 

different reflectance models, in the forms of ),cos( estinp NN  and 

the average angles.  

Reconstruction 
approaches 

Reconstruction under 
the Lambertian 

assumption 
HSD 

Homogeneous gallery 
faces with uniform 

specular, diffuse, and 
ambient reflectivities 

0.952150  
(17.80º) 

0.989826  
(8.18º) 

Heterogeneous gallery 
faces with spatially 

varying specular, diffuse, 
and ambient reflectivities 

0.928647  
(21.78º) 

0.988446  
(8.72º) 
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On both homogeneous and heterogeneous gallery faces, the 

reconstructions using the Phong model considering both diffuse and 

specular reflections are significantly superior to those using the Lambertian 

model considering only diffuse reflection. The improvements (in degrees) of 

reconstruction using the Phong model over using the Lambertian model are 

117.6% on the homogeneous gallery faces and 149.8% on the 

heterogeneous gallery faces. Because the gallery images were rendered 

using the Torrance-Sparrow model, the comparison is not biased to either of 

the parties, which demonstrates the effectiveness and necessity of face 

reconstructions beyond the Lambertian assumption.  

The reconstruction results on heterogeneous data are less accurate than 

the results on homogeneous data. One possible reason is that when creating 

the heterogeneous gallery images by randomly allocating reflectance 

coefficients, some points may be singular for reconstruction. Singularity 

occurs when a surface point has small values on both diffuse and specular 

reflectance coefficients (i.e., 0~dk  and 0~sk ). In such a case, the pixel 

intensity is merely ambient reflection and no shape information can be 

reversely estimated. Because the same gallery faces were used for both 

reconstruction processes, the influences of singularity should be similar. 

However, the experimental results reveal that the reconstruction difference 

from homogeneous data to heterogeneous data is 6.6% when using the 

Phong model, and 22.4% when using the Lambertian model. This finding 

indicates that neglecting specular reflection has more severe effects on 

heterogeneous surfaces than on homogeneous surfaces and it is more 



78 Chapter 3 

preferable to incorporate non-Lambertian reflectance models when the 

gallery images are of heterogeneous reflectivities.  

3.4.2 Comparative experiments under and beyond the 
homogeneous assumption 

In this section, the proposed HSD modelling approach (beyond the 

homogeneous assumption) was compared to the uncalibrated photometric 

stereo (UPS) [51] which is under homogeneous specular modelling 

assumption. Because this experiment intends to compare the methods 

assuming homogeneous specular reflectivity (UPS [51]) and assuming 

heterogeneous specular reflectivity (HSD), the two gallery faces were 

synthesised using uniform reflectance coefficients and spatially varying 

reflectance coefficients, respectively. These two gallery sets were rendered 

using the simplified Torrance-Sparrow model the same as [51] where 

Fresnel equation and geometric attenuation factor were neglected. The HSD 

modelling approach differs from UPS [51] in two distinct aspects: 1) HSD 

allows both diffuse and specular reflectance coefficients to vary spatially 

along the surface while the UPS only allows diffuse reflectance coefficient 

to vary spatially and keeps specular reflectance coefficient and surface 

roughness homogeneous. 2) HSD locally optimises both shape and 

reflectance estimations while UPS iteratively and sequentially optimise five 

sets of parameters for entire image region, i.e., lights, shape, heterogeneous 

diffuse reflectance coefficients, homogeneous specular reflectance 

coefficient, and homogeneous surface roughness.  

The image size was 80×80 for both methods. The rendering parameters 

were 200=iI , 5.0=== ssd mkk  for homogeneous gallery faces and 
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200=iI , ]1,0[∈dk , ]1,0[∈sk , and ]10,2.0[∈sm  for heterogeneous gallery 

faces. The ambient term is excluded because UPS cannot handle images 

with ambient term. The lighting directions are listed in Table 3 and 

examples of the gallery face images are shown in Figure 13. For UPS, all of 

the parameters were used the same as recommended in [50, 51]. For HSD, 

the same simplified TS model was used (Equation 14) and the optimisation 

parameters were the same as in Experiment 1. The reconstruction faces are 

shown in Figure 14 and the reconstruction accuracies are summarised in 

Table 4.  

 

Table 3 Lighting directions (in degree) used for rendering gallery images 

Light 0 1 2 3 4 5 6 

Yaw 0 -15 -15 -15 0 0 15 

Tile 0 -15 0 15 -15 15 -15 

Light 7 8 9 10 11 12 13 

Yaw 15 15 -30 -30 -30 -15 -15 

Tilt 0 15 -15 0 15 -30 30 

Light 14 15 16 17 18 19 20 

Yaw 0 0 15 15 30 30 30 

Tilt -30 30 -30 30 -15 0 15 
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 (a) 

 
 (b) 

Figure 13 Example gallery images synthesised using the Torrance-

Sparrow model and the average 3D face shape [18] for 3D face 

reconstruction experiments. (a) is the homogeneous face whose 

reflectance coefficients are uniform, and (b) is the 

heterogeneous gallery face whose reflectance coefficients are all 

spatially varying. 
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 (a)                                                 (b) 

 
                          (c)                                                (d) 

Figure 14 The reconstruction results of UPS approach [51] and the HSD 

approach. (a) Reconstructed shape using UPS on homogeneous 

data, (b) reconstructed shape using UPS on heterogeneous data, 

(c) reconstructed shape using HSD on homogeneous data, and (d) 

reconstructed shape using HSD on heterogeneous data. 
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Table 4 The reconstruction accuracies of the UPS approach [51] and the 

HSD approach on homogeneous and heterogeneous gallery 

faces. 

Reconstruction approaches UPS [51] HSD 
Homogeneous gallery face 
with uniform specular and 

diffuse reflectivities 

0.987263 
(9.15°) 

0.993262 
(6.65°) 

Heterogeneous gallery face 
with spatially varying 
specular and diffuse 

reflectivities 

0.599155 
(53.19°) 

0.992796  
(6.88°) 

 

From Table 4, the reconstruction results of UPS and HSD on 

homogeneous gallery faces are comparable. For heterogeneous gallery faces, 

the UPS method could not converge to a sound reconstruction result while 

the HSD method performed nearly as well as on the homogeneous gallery 

faces. This is believed due to the homogeneous assumption on specular 

reflectance coefficients, which resulted in the photometric stereo algorithm 

incapable to handle heterogeneous surface reliably. The proposed approach, 

on the other hand, performed consistently well on both homogeneous and 

heterogeneous surfaces.  

3.4.3 Recognition experiments 

In the third experiment, the HSD modelling approach was tested on real 

face images from CMU-PIE database [134]. The database contains more 

than 40,000 face pictures of 68 people taken in different poses (P), under 

various illuminations (I) and with different expressions (E). The subset 

containing 13 different poses and 21 different lighting conditions was used 

in the experiment, to test the HSD approach in a photometric stereo setting. 

The gallery images are faces under different illuminations (Figure 15) while 
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probe images to be recognised are rotated faces in poses ranging from -62º 

to 66º in yaw and -13º to 13º in tilt. The optimisation parameters were 

50=pκ , 02.0=mκ , 6.0=cκ , 510=tκ , and 5.1=eκ , and the Phong model 

was selected as the reflectance model. The reconstructed 3D face models 

were then rotated and projected to synthesise virtual face views for 

recognition as shown in Figure 16.  

 

Figure 15 Examples of the real gallery images from PIE database used for 

3D reconstruction. 

 

 

Figure 16 Virtual views in 13 different poses synthesised from the 

reconstructed personalised 3D face model of the same person as 

shown in Figure 15 using the proposed HSD modelling 

approach. 

 

Using local binary patterns [2] as the classifier, face recognition 

experiments were conducted on the real views and the corresponding virtual 
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views synthesised using the HSD modelling approach. The recognition 

directly using frontal images as gallery views without synthesising virtual 

views (denoted as “DIR”) was chosen as the baseline. The recognition rates 

of DIR and HSD were tabulated in Table 5. The reported recognition rates 

of Eigen Light-Fields (ELF) [57] and Point Distribution Model (PDM) [53], 

two of the recent pose-invariant face recognition methods with thorough 

experimental results on CMU-PIE database, were also listed in Table 5 for 

comparison purpose. 

Table 5 The recognition rates (%) of the proposed HSD approach 

compared with other approaches. 

POSE DIR ELF [57] PDM [53] HSD 

02 38.80 58 72 92.53 

05 95.52 94 100 98.50 

07 100 89 N/A 100 

09 100 94 N/A 100 

11 86.57 88 94 92.54 

14 19.40 70 62 74.62 

22 4.47 38 20 38.80 

25 53.73 56 N/A 91.04 

29 98.51 57 98 100 

31 23.88 56 N/A 61.19 

34 2.98 47 20 22.38 

37 86.57 89 89 98.51 

Average 59.20 69.67 N/A 80.84 

 

 

The experimental results show that the proposed HSD approach 

significantly improved the face recognition performance against the direct 

matching baseline (DIR) by 21.64%. Note that, HSD greatly improved the 

recognition accuracy over DIR in every pose. Comparing to Eigen Light-
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Fields (ELF) [57] and Point Distribution Model (PDM) [53], HSD 

outperformed ELF by 11.17% and PDM by 7.86% (on the available poses), 

respectively. For pose 07, 09, 25, and 31 which are all associated with large 

tilts, the recognition results were not available for PDM while the 

improvements of HSD over ELF range from 5.19% to 35.04%.  

3.5 Conclusion 

Human faces are complex surfaces which exhibit both heterogeneous 

specular and diffuse reflectivities. However, existing model-based face 

recognition techniques are all under over-simplistic surface assumptions, 

being either the Lambertian assumption or the homogeneous specular 

reflectance assumption. In this chapter, a novel heterogeneous specular and 

diffuse (HSD) modelling approach was proposed in an attempt to model and 

recognise faces beyond Lambert and homogeneity. Under a typical 

photometric stereo setting, 3D face models were reconstructed from 2D 

images without constraining the variability of either diffuse or specular 

reflectance coefficients. This generalisation of face surface assumptions, 

which better approximates the real surface properties of human faces, was 

previously believed to bring fatal instability to face reconstruction and 

consequently intractable in practical applications. Instead of traditional 

strategy of iteratively optimising shape and reflectance parameters, this 

research showed empirically a one-pass algorithm of locally optimising 

surface orientations and reflectivities achieved stable and plausible 

reconstruction results. The estimated shape and surface reflectivity 
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properties were used to synthesise virtual views in different poses to assist 

face recognisers to handle pose variations.  

The HSD approach was evaluated at three different experiment levels, 

1) to compare face modellings under and beyond the Lambertian 

assumption; 2) to compare face modellings under and beyond the 

homogeneous assumption; and 3) to perform face modelling and recognition 

using real face images from publicly available CMU-PIE database. 

Experimental results show that the generalisation from the Lambertian 

assumption and/or the homogeneous assumption to HSD results in a higher 

level of performance in 3D reconstruction accuracy, algorithm reliability, 

and face recognition accuracy. These results suggest that face modelling and 

recognition beyond Lambert and homogeneity is a feasible and effective 

solution towards pose-invariant face recognition, which may encourage 

continued investigations into face recognition using more realistic surface 

approximations. 

 

 



 

4 Multilevel Quadratic Variation Minimisation for 3D 
Face Modelling and Virtual View Synthesis 

 

One of the key remaining problems in face recognition is that of 

handling the variability in appearance due to changes in pose. One strategy 

is to synthesise virtual face views from real views.  In this chapter, a novel 

3D face shape-modelling algorithm, Multilevel Quadratic Variation 

Minimisation (MQVM), is proposed. The proposed method makes use of 

only two orthogonal real views of a face, i.e., the frontal and side views. 

Face views are first normalised, and the facial features are specified on the 

face views. Then the proposed MQVM approach is applied and it generates 

2C -smooth 3D face surfaces. Realistic virtual face views can be synthesised 

by rotating the personalised face models. The algorithm works properly on 

sparse constraint points and large images, and is much more efficient than 

single-level quadratic variation minimisation. The modelling results suggest 

the validity of the MQVM algorithm for 3D face modelling and 2D face 

view synthesis under different poses.  
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4.1 Introduction 

Existing work in face recognition has demonstrated good recognition 

performance on frontal, expression-less views of faces with controlled 

lighting [17, 45]. However, it is still a challenge to develop a pose-lighting-

expression invariant face recognition system. This research concentrates on 

the pose-invariant recognition of a novel face, which is viewed from an 

arbitrary viewpoint with controlled lighting condition and neutral facial 

expression. 

Prior work shows that it is realistic yet challenging to perform pose-

invariant face recognition using virtual views. The main difficulty is the task 

of generating the virtual views of a face from a limited number of real 

views. A number of models have been proposed for the purpose of virtual 

view generation. Georghiades et al. [49] generated a 3D illumination cone 

model from seven frontal face images under slightly different lighting 

conditions. Using the information of surface and reflectance of the model, 

the novel face views from different poses and lighting conditions can be 

synthesised. The limitation of this model lies in the restriction to the lighting 

sources in the training set. Another approach to generate virtual views of 

given poses is to warp real views of the known pose. Beymer and Poggio 

[14] introduced prototypical information into the generation of virtual views 

from a single real view. They mapped a 2D facial transformation observed 

on a prototype face onto a novel, non-prototype face to generate virtual 

views. The offset view of a face was selected as the real view, since it 

contains more information than the frontal view. However, in real 
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applications, frontal views rather than offset views are usually available. 

And the rotation angles are usually limited up to 30 degrees in depth. 

3D deformable models have been applied to pose-invariant face 

recognition, too. A wire frame model [68, 90] is developed, using prior 

knowledge of human head geometries. The 3D model contains one or more 

coefficients, which can be adjusted for different individual faces. Both the 

shape and the texture information of a specific face from a novel viewpoint 

can be synthesised based on the generic model. However, 3D deformable 

models suffer from the prototype difference, which happens when the 

gallery face shapes are very different from the average model. Under such 

circumstances, individualised face models can hardly converge to the 

realistic face shapes. Neural network is another choice in pose-invariant face 

recognition. Wallhoff et al. [152] developed a neural net to synthesise side 

views using frontal face information. The weakness of neural networks is 

that the network architecture has to be extensively tuned, and a large 

number of face samples are needed for the training of a neural network. 

In this chapter, a novel 3D face shape-modelling algorithm, the 

Multilevel Quadratic Variation Minimisation (MQVM), is presented in 

order to build individualised face shapes and face views from only frontal 

and side views for the pose-invariant face recognition. Simply based on 

facial features specified on the face views, MQVM can generate 2C  

continuous 3D face surfaces efficiently. Since MQVM doesn’t require any 

generic model, it is entirely individualised and free from prototype 

difference. It requires only two face views of each person and it is 
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promising in the face recognition applications where few face views are 

available.  

The rest of the chapter is organised as follows. Section 4.2 introduces 

quadratic variation minimisation for 3D surface approximations. An 

improved and more efficient multi-level quadratic variation minimisation 

(MQVM) is elaborated in Section 4.3. In Section 4.4, a framework of 3D 

face modelling is described and the multilevel quadratic variation 

minimisation is applied. The 3D modelling results and a conclusion are 

given in Section 4.5 and 4.6, respectively.  

4.2 Quadratic variation minimisation 

The quadratic variation 

 ( ) ( ){ }2

1
222 2∫∫ ++=Θ dxdyffff yyxyxx             (27) 

is introduced to approximate the 3D surfaces from a set of feature points. It 

generates 2C continuous surfaces [56]. Clearly any function, which 

minimises the functional )( fΘ  also minimises the functional )(2 fΘ , and 

vice versa, provided that the functional is always positive in value. Let s 

denote the surface to which the feature points are fitted. Hence, without loss 

of generality, one can consider the minimisation of  

  ( ) ( ) .2 222 dxdyssss yyxyxx∫∫ ++=Θ                (28) 

In order to determine the structure of the algorithm, one must address 

the issue of the form of the output representation, since that will have a 
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major effect on the actual algorithm. The continuous functional must now 

be converted to a form applicable to a discrete grid. Without loss of 

generality, assume that the grid is of size nm× . At each point ),( ji  on the 

grid, a surface depth may be represented by ),( jis . Each such surface depth 

may be considered as an independent variable, subject to the constraint of 

the surface. To change Equation 28 to a discrete form, the following 

approximations are chosen. 

The second partial derivative in the x  direction is approximated by 

 [ ] )(2
1 2

),1(),(),1(
2 hOsss

h
s jijijixx ++−= ++       (29) 

where h  is the grid spacing, and )( 2hO  indicates that the approximation is 

valid to terms of order 2h . Similarly, the second partial derivative in the y  

direction may be approximated by  

 [ ] ).(2
1 2

)1,(),()1,(
2 hOsss

h
s jijijiyy ++−= ++       (30) 

The cross second partial derivative can be approximated by 

 [ ] ).(
1 2

),()1,(),1()1,1(2
2 hOssss

h
s jijijijixy ++−−= ++++  (31) 

Having converted the surface function and the differential operators, one 

must convert the double integral to a discrete equivalent. This can be easily 

done by using a double summation over the finite difference operators 

applied to the discrete grid. Hence, the discrete form of the quadratic 

variation functional is 
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Finally, the characterisation of the constraints must be considered. The 

case of interpolation will be considered first, where the interpolated surface 

is required to pass through the known points. Let ),({ ji=δ there is a known 

depth value at the grid point )},( ji  be the set of grid points for which a 

depth value is known. Then the constraints on the optimisation problem 

have the form 0),(),( =− jiji cs  for all points ),( ji  in the set δ , and where 

the ),( jic ’s are a set of constants reflecting the 3D information. Therefore, 

the surface approximation problem is 

 minimise  

( )
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 subject to 0),(),( =− jiji cs , δ∈∀ ),( ji .           (33) 

To solve Equation 33, the gradient projection method can be used 

[101]. One step of the gradient project algorithm is as follows: Given a 

feasible point ks
�

 

1. Find the subspace of active constraints M , and form qA . 
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2. Calculate qqqq AAAAIP 1)'(' −−=  and )'( ksPd Θ∇−=
�

. 

3. Find 1α  and 2α  achieving, respectively, 

max{α : dsk

�� α+  is feasible}, 

min{ 10:)( ααα ≤≤+ dsf k

��
}. 

4. Update s
�

 by dss kk

���
21 α+=+  and return to 1. 

Since all the constraints are equality constraints, they are all active at 

every iteration. Thus, the matrix qA  is a mnq×  matrix, where q  is the 

number of constraints, and qA  is made up of rows corresponding to the 

active constraints. It has rows consisting of a 1  in the position 

corresponding to the grid point ),( ji  for δ∈),( ji  and 0 ’s elsewhere. 

Therefore, 

 ,' IAA qq =   (34) 

and  

 ,' δBAA qq =   (35) 

where δB  is an mnmn× matrix consisting of 0 ’s  except for those rows 

corresponding to a point in δ , such rows containing a 1 for the diagonal 

element. Thus, the projection matrix δBIP −=  consists of all 1’s except 

for diagonal elements in those rows corresponding to a constraint point in 

δ , such elements being 0 ’s. The effect of multiplying the projection matrix 

P  to a vector s
�

 ( s
�

 is a differential image) is to ignore any components 
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corresponding to given constraint points, while preserving all other 

components unaltered. By expanding the double summation and performing 

the differentiation, the direction vector d
�

 can be determined.  

After determining the form of the direction vector, which specifies the 

direction in which to move in order to reduce the objective function )(s
�Θ  

and refine the surface approximation, it is necessary to determine the 

amount to move in this direction, that is, to determine the value of 2α  such 

that ( )dsk

��
2α+Θ  is minimised. Since the projection matrix P  removes all the 

components in the positions of constraint points in the direction vector d
�

, 

dss kk

���
21 α+=+  is always feasible while 02 ≥α . Therefore, the value for 2α  

is given by 

 ( ) .02
2

=+Θ
∂

∂
dsk

�� α
α

  (36) 

Thus, the surface s
�

 is refined and the iteration continues until the 

magnitudes of all components of the direction vector are smaller than 

threshold ε . 
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Figure 17  Surface approximation produced by QVM. 

 

Let ),(),(0 jiji cs =  if δ∈),( ji , and 0),(0 =jis  otherwise. Figure 17 shows 

a cylinder surface approximation by quadratic variation minimisation. 

Figure 17(a) shows the constraint points located on the initial surface. The 

resolution of the cylinder surface is 256256× . Figure 17(b) to Figure 17(e) 

are the surfaces generated produced by QVM approximation at 410 (b), 

510 (c), 610 (d), and 710 (e) iterations.  

4.3 Multilevel quadratic variation minimisation 

As shown in Figure 17, QVM algorithm converges to a 2C  smooth 3D 

surface. However, it takes usually more than 1,000,000 iterations to produce 

an accurate surface. The reason why QVM is slow is that the constraint 

points are sparse and face images are usually of high resolutions. And the 
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objective function )(s
�Θ  is a neighbouring functional taking effect only on 

local areas of points.  

In this section, a multilevel quadratic variation minimisation (MQVM) 

technique is presented which overcomes the drawback of QVM. In MQVM, 

a coarse-to-fine hierarchy of control lattices, 0Φ , 1Φ , …, wΦ , is used to 

derive a sequence of surface refinements with QVM approximations. Let kh  

be the spacing between control points on the lattice kΦ . It is assumed that 

0h  and 1=wh  (pixel) are given and kk hh
2
1

1 =+ . When the surface s
�

 is 

approximated with a coarse control lattice, the constraints points merge with 

each other and result in a smooth approximation, although they are not 

exactly satisfied individually. And the result surface is used to provide the 

initial surface 0s
�

 in the next level.  

In MQVM, a sequence of QVM approximations starts with the coarsest 

control lattice 0Φ , and ends with the finest control lattice wΦ , which is the 

actual resolution of the surface s
�

. With a control lattice kΦ , all the 

constraint points in the same grid merge into one constraint point and its 

depth is the average. The QVM approximation iterates until the magnitudes 

of all components of the direction vector are smaller than some constant ε . 

Then the next finer control lattice 1+Φk  is used for successive QVM 

approximations, as long as kΦ  is not the finest control lattice. The following 

pseudo-code outlines the MQVM algorithm. In this algorithm, QVM 

approximations are successively applied with a hierarchy of control lattices 

to make the 3D points in s
�

 gradually approach their positions in 3D space 
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from their initial positions. The approximation procedure of MQVM 

algorithm is the composition of several approximations derived by QVM. 

Therefore, MQVM generates a 2C  continuous surface. 

Algorithm 1. MQVM 

Input: constraint point set }),({ ),( δ∈= jicC ji  

Output: 3D surface s
�

 

let Φ  be the coarsest control lattice (e.g., 22× ) 

let h  be the spacing in the control lattice Φ  

let 'δ  be the constraint points in Φ  

let }'),({' ),( δ∈= jicC ji  be the constraint point set under Φ  

initialise the surface 




∈
∉

=
'),(,'

'),(,0

),(
),( δ

δ
jic

ji
s

ji
ji  

while Φ  is not the finest control lattice do 

    let Φ  be the next finer control lattice 

let  h  be the spacing in Φ  

update 'δ  with new control lattice Φ  

update 'C  under Φ  and 'δ  

    refine s
�

 from 'C  by QVM approximation under Φ  

end 
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Figure 18  A sequence of approximations produced by MQVM algorithm. 

 

Figure 18 gives an example in which the MQVM algorithm is applied 

to generate a cylinder surface given the constraint point set. Figure 18(a) is 

the initial stage of the surface s
�

 with only constraint points located. Figure 

18(b) through Figure 18(f) shows a sequence of surface approximations 

from successive QVM algorithms. The resolution of the surface is 

256256× , and the control lattices of the surface approximations are 

44× (b), 88× (c), 1616× (d), 3232× (e), and 256256× (f) respectively. It 

takes 10,000 iterations for each resolution level and totally 70,000 iterations 

to produce the 3D face surface. Compared with single-level QVM 

approximation described in Section 4.2, MQVM is much more efficient, 

especially when the surface resolution is high and the constraint points are 

sparse.  
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4.4 3D face surface generation 

An entire 3D face surface generation consists of face view 

normalisation, facial feature specifications, and the multilevel quadratic 

variation minimisation approximation.  

Given a frontal view and side view of a face, to bring the facial organs 

(i.e., eyes, nose and mouth) to lie on the same levels, both the frontal view 

and side view need to be normalised. For the frontal face view, the locations 

of left and right eyes are used as control points. It is because eyes are the 

most stable features of human face among all the facial features. Before 

frontal view normalisation, the locations of eyes are determined. Since there 

are a number of automatic eye detection algorithms [167], this research 

doesn’t intend to tackle this task again and the eyes are manually located. 

It’s assumed that the frontal face view is free from rotation in depth. In the 

process of frontal view normalisation, the two eyes are tuned to the same 

height by a 2D rotation in the image plane. Then the frontal view is scaled 

and translated to let the two eyes locate at two predefined positions.  

Let T
lll yxe )1,,( ,1,1,1 =�  and T

rrr yxe )1,,( ,1,1,1 =�  denote the left and right 

eyes’ positions in the original frontal face view in homogenous space. The 

predefined positions are T
lll yxe )1,','(' ,1,1,1 =�  and T

rrr yxe )1,','(' ,1,1,1 =�
. The 2D 

transformation matrix 1M  is  

 ,

100

cossin

sincos

11111

11111

1

















−= ykk

xkk

M αα
αα

       (37) 
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where 1k  is the scaling factor, ),( 11 yx  is the displacement of the translation, 

and 1α  is the rotation angle. Based on the original and predefined locations 

of the two eyes, a unique frontal normalisation transformation is determined 

by  

 ).,()','( ,1,11,1,1 rlrl eeMee
���� =                (38) 

Every point on the frontal view )',( 11 yx  can be transformed to the new 

position )'','( 11 yx  in the normalised frontal view under a linear 2D 

transformation by 

 .)1,,()1,','( 1111
TT yxMyx =                (39) 

Similar to the frontal view normalisation, the positions of the eye (only 

one of the two eyes is visible in the side view), the nose top and the centre 

of the mouth on the side view are located. The transformation matrix of the 

side view normalisation 2M  is of the same form with 1M . The only 

difference is that the side view is normalised according to the normalised 

frontal view provided the positional information of the facial features. The 

y-coordinates of the facial features are the same in the normalised frontal 

view and side view. For example, let T
lll yxe )1,,( ,2,2,2 =�

denote the original 

eye position in the side view and T
lll yxe )1,','(' ,2,2,2 =�

 denote the position in 

the normalised side view. The constraint '' ,2,1 ll yy =  is applied and the 

transformation equation is  

 .' ,22,2 ll eMe
�� =                                 (40) 
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Based on the three positional information of the eye, the nose top and the 

mouth, 2M  is determined and used for the side view normalisation. This 

procedure guarantees corresponding points in the two views to have the 

same heights. 

In order to provide the depth information of the constraint points for 

MQVM algorithm, a set of facial features are located manually in the 

normalised frontal view and side view. Though a lot of efforts are put into 

the research of automatic facial feature detection [37, 164], the robustness 

and accuracy are still not satisfactory. The inaccuracy of the feature locating 

affects a feature-based face recognition system greatly and it’s still an open 

question how to automatically locate the features efficiently and accurately. 

The positions of the features in the frontal view provide the set δ  in Section 

4.2, while the depths of the constraint points are provided by the x-

coordinates in the side view. Let ),( ff yx  and ),( pp yx  denote the position 

of a feature in frontal view and side view respectively. The constraint point 

is expressed as 

 .),( pyx xc
ff

=     (41) 
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Figure 19  Normalised frontal and side views with features marked on. 

 

Figure 19 shows the features located on the normalised face views. The 

white dots are the feature points and the grey lines connect the adjacent 

features to show their relative positions and correspondence. Since a half of 

the face is visible in the side view, it is only possible to locate features on a 

half face. However, based on the assumption that human face is bilateral 

symmetric [14], the feature locations can be mirrored to the other half. The 

MQVM algorithm described in Section 4.3 is then applied on the constraint 

point set C  to approximate a 2C  continuous face 3D surface. Figure 20 

indicates a sequence of MQVM approximations on the face of Figure 19. 

The face shapes are under �30  and �90  rotations in depth. The control 

lattices of the three rows are 1616× , 6464× , and 512512×  which is the 

finest. It takes 10,000 iterations for each resolution level and totally 80,000 

iterations to produce the 3D face surface. 



Multilevel Quadratic Variation Minimisation for 3D Face Modelling and Virtual View Synthesis 103 

 

Figure 20  Face surface approximations produced by MQVM algorithm. 

 

4.5 Virtual view synthesis 

A plane in 3D space is defined by three adjacent points on the face 

surface and a 3D mesh framework is established for the face model. Since 

the 3D information of the face is obtained, it is then possible to manipulate 

the face by 3D rotation, scaling and translation. For post-invariant face 

recognition, the model is rotated and scaled to generate novel views under 

different viewing directions. Figure 21 shows the virtual face views 

generated by rotating the 3D face surface and texture mapping the frontal 

face view onto the surface. The 3D face surface is rotated under both tilt and 

yaw to produce virtual face views under different viewing directions. These 

face views are stored in a face database and view-based face recogniser can 



104 Chapter 4 

match an input face view under an arbitrary viewpoint against the virtual 

views and find the best match. In Figure 22, a comparison between the real 

face side view and a virtual side view is shown. The profile curve is 

accurate and the virtual view is realistic.  

 

Figure 21  The generated virtual views using the 3D face model. 

 

 

Figure 22  The real side view (a) and the virtual side view (b). 
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4.6 Conclusion 

This chapter describes a new algorithm using Multilevel Quadratic 

Variation Minimisation (MQVM) algorithm for constructing 3D 

individualised face models for the purpose of pose-invariant face 

recognition. Face views were first normalised, and the facial features were 

specified on the face views. The MQVM approach was applied to generate 

2C -smooth face surfaces. The algorithm doesn’t require generic 3D models 

or other reference faces and therefore free from the affect of the generic 

models. It is also more efficient than the single quadratic variation 

minimisation, especially on face surface modelling, where the face images 

are of high resolution and the facial features are sparse. After the 3D model 

generation, 2D face views under different viewpoints are synthesised by 

rotating the 3D model. These virtual views can form a virtual face database 

for pose-invariant face recognition. 

Future work is to design an appropriate shading/texture-mapping 

algorithm to make the model more realistic and the proposed MQVM 

approach is to be incorporated into a face recognition framework. These 

researches will be introduced in the next chapter (Chapter 5). 

 





 

5 Recognising Rotated Faces from Frontal and Side 
Views in Police Mugshot Databases 

 

Mug shot photography has been used to identify criminals by the police 

for over a century. However, the common scenario of face recognition using 

frontal and side view mug shots as gallery remains largely uninvestigated in 

computerised face recognition across pose. This research presents a novel 

appearance-based approach using frontal and side face images from 

mugshot databases to handle pose variations in face recognition. Virtual 

views in different poses are generated in two steps: shape modelling and 

texture synthesis. In the shape modelling step, a multilevel quadratic 

variation minimisation approach is applied to generate personalised 3D face 

shapes. In the texture synthesis step, face surface properties are analysed 

and virtual views in arbitrary viewing conditions are rendered taking into 

account both diffuse and specular reflections. Appearance-based face 

recognition is performed with augmentation of synthesised virtual views 

covering possible viewing angles to recognise probe views in arbitrary 

conditions. The encouraging experimental results demonstrated that the 

proposed approach using frontal and side view mug shots is a feasible and 

effective solution to recognising rotated faces, which can lead to a better and 

practical use of existing forensic databases in computerised human face 

recognition applications. 
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5.1 Introduction  

Face recognition under pose variations is one of the key remaining 

problems in the research field of pattern recognition and computer vision 

[183]. It is of great interests in many applications, most notably those 

dealing with indifferent or uncooperative subjects, for instance, in 

surveillance systems. Given the current state of technologies, however, 

computerised face recognition requires cooperative subjects who stay still at 

a required pose (often frontal) to be checked [25]. The difficulty lies in the 

fact that the intra-class differences brought by pose variations are often 

larger than inter-class differences for distinguishing different people. One of 

the most successful approaches to face recognition is the appearance-based 

approach [57]. In a pose-invariant face recognition scenario, it compares an 

input (or probe) face in an arbitrary pose with a number of enrolled (or 

gallery) images per person in the database covering all possible viewing 

directions. The performance of appearance-based face recognition is largely 

dependent on the selection and availability of the gallery images. 

Mug shots of human faces consisting of a frontal view and a side view 

per person (Figure 23) are a primary source of gallery images for face 

recognition [168]. Police has used mug shots to identify criminals for over a 

century [144] and there are many legacy databases of mug shots which were 

routinely taken during the police booking process [70]. Psychological 

studies demonstrated that human beings could easily identify rotated faces 

using frontal and side views in mug shots as examples [94, 98]. For 

computerised face recognition, however, mug shots are not able to provide 
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an effective coverage of all possible conditions, when a probe image is in an 

arbitrary pose between the frontal and side viewing angles. Although several 

pose-invariant face recognition techniques [19, 53, 57] have been proposed 

recently, the common scenario of using mug shots as gallery remains largely 

uninvestigated. This research proposes a novel face recognition approach 

which uses police mug shots as gallery and recognises probe views in 

arbitrary poses. The use of frontal and side views per person well balances 

the tractability and applicability of the proposed approach for face 

recognition across pose. Compared to algorithms of face recognition from 

single images, multiple gallery views provide more information about the 

individual face so that the system can be more accurate and rely less on 

prior knowledge of average human face. On the other hand, the proposed 

approach makes effective use of the frontal and side views of face pictures 

widely available in existing police mugshot databases and does not require 

additional acquisitions of gallery databases. It can easily fit into many face 

recognition applications using mug shots as gallery for law enforcement and 

security surveillance, for example, in video monitoring systems.  
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Figure 23 An example of mugshot-style face pictures used as gallery in the 

proposed approach. 

The proposed approach is appearance-based, which synthesises 

personalised virtual views in different poses from mugshot gallery views 

and recognises rotated probe views using face recognition algorithms 

augmented with the synthesised virtual views. First, a hierarchical 

multilevel variation minimisation approach reconstructs the personalised 3D 

face shapes from two gallery views. Then the facial textures are estimated 

considering both the diffuse and specular reflections using the Phong 

reflection model. Virtual views are synthesised by rotating the reconstructed 

face shapes and performing pixel-wise texture synthesis to cover possible 

viewing angles. Appearance-based recognition of face views in arbitrary 

poses is finally performed using the synthesised virtual views as galley 

images.  

5.1.1 Related works 

Previous work shows that it is realistic yet challenging to perform 

appearance-based face recognition across pose using synthesised virtual 

views [14, 49]. 2D techniques [14, 27, 34, 77, 136, 180] and 3D approaches 
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[19, 28, 49, 68] were used to predict the appearance of a human face in 

different poses. Beymer and Poggio [14] mapped a 2D facial transformation 

obtained from an example face rotation onto a gallery face view to generate 

virtual views under novel viewing conditions. Cootes et al. [34] proposed a 

2D statistical method to approximate facial appearances under novel 

viewing conditions from three gallery face images. González-Jiménez and 

Alba-Castro [53] extracted pose parameters from inter-personal variations 

of 2D facial transformation in parallel deformation [14] using point 

distribution model [85]. Despite of these innovative attempts to synthesise 

virtual views using 2D techniques, researchers argue that the pose variation 

is a 3D transformation rather than a 2D warping. In addition to the complex 

non-convex face shape, virtual views from different viewpoints cannot be 

correctly synthesised by 2D manipulations. This probably explains why 

only small rotation angles (15º in [14], 22.5º in [34], and 31º in [53]) can be 

properly handled in 2D techniques for virtual view synthesis.  

3D approaches [19, 49, 51, 68] have advantages over 2D techniques in 

synthesising rotated virtual views under large angle rotations. In [68], a 

generic model was used as prior knowledge of human face shape and facial 

features are detected as the constraints to deform the generic model to form 

an individualised human face shape. One of the most attractive approaches 

in this category is 3D Morphable Model proposed by Blanz and Vetter [19]. 

It successfully projected both face shapes and textures onto eigen spaces to 

represent the identity using prior knowledge of human faces. The use of 

single gallery views makes their algorithm rely heavily on the pixel 

intensities, and consequently the face modelling process is highly non-linear 
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and unstable [124, 125]. Georghiades et al. [49] introduced a generative 3D 

illumination cone model trained from seven gallery images to synthesise 

virtual views under various illuminations and poses. Gross et al. [57] 

proposed to learn an eigen light-field from 2D face images to perform face 

recognition. These two studies were based on assumptions that human face 

surfaces are Lambertian surfaces without considering specular reflections. 

In [51], the 3D illumination cone model in [49] was patched with the 

consideration of a simplified Torrance-Sparrow model to resolve the issues 

associated with the Lambertian assumption (e.g., bas-relief ambiguity [13]). 

It assumed that the specular reflection component was homogeneous across 

the whole face surface, which is a better yet still not realistic enough 

modelling of real face surfaces.  

In the virtual view synthesis of the proposed approach, the personalised 

3D face shape is constructed using the interrelations of facial features on the 

two gallery views, enabling a 3D face modelling procedure without using a 

generic shape model. Because the shape modelling process doesn’t directly 

use the pixel intensities to estimate face shapes, it doesn’t require the large 

number of gallery views to resolve intractability as used in [49, 51]. The 

estimation of the face surface properties is based on the Phong reflection 

model, which considers both diffuse and specular reflectivities. The 

proposed face recognition system consists of three steps, i.e., 1) a 

hierarchical 3D face modelling step which refines the shape reconstruction 

at multiple resolution levels, 2) a surface reflectance analysis and virtual 

texture synthesis step which estimates and refines facial textures from the 

pixel intensities of the two gallery images and synthesises virtual images 
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under arbitrary viewing conditions, and 3) an appearance-based face 

recognition step augmented with synthesised virtual views in different 

viewing angles. The main focus of this research is to handle pose variations 

in face recognition and this chapter made no attempt to handle the variations 

of other conditions in face recognition, such as illumination variations and 

expression variations. For face recognition techniques under illumination 

variations and expression variations, readers can refer to [8, 30, 45, 46, 79, 

96, 125, 130, 186] and [22, 102, 114, 163, 171, 179], respectively.  

The rest of the chapter is organised as follows. In Section 5.2, the 

proposed hierarchical 3D shape modelling approach is elaborated. Texture 

analysis and virtual view synthesis considering spatially variable diffuse and 

specular reflectivities are described in Section 5.3. The details of the system 

implementation are provided in Section 5.4. In Section 5.5, virtual views in 

arbitrary viewing conditions are synthesised using the generated personal 

face models. The augmented face recognition using the synthesised virtual 

views is conducted on the CMU PIE database and compared to benchmark 

algorithms. Finally, a conclusion is drawn in Section 5.6.  

5.2 3D shape modelling 

The goal of the 3D face shape modelling is to achieve an accurate and 

smooth 3D face model from the frontal and side view gallery images. The 

surface smoothness reduces the texture estimation errors by providing sound 

normal directions of 3D shape for the texture analysis in Section 5.3. The 

proposed approach hierarchically estimates the 3D shape of the personalised 

face from a set of constraining points on the gallery views. In each level of 
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3D shape estimation, it simultaneously models and smoothes the face 

surfaces by minimising the surface variations between constraining points 

and non-constraining points.  

5.2.1 Single level 3D shape reconstruction 

Suppose a 3D face shape is formulated as a depth graph ),( yxzz =� , 

where ),( yx  represents a pixel position on the frontal image plane (x-y 

plane). The side view is on the y-z plane. Given a set of q  constraining 

points specified on frontal and side view face images, the coordinates of the 

i th constraining points on the frontal image and side image are denoted as 

),( ,, icic yx  and ),( ,, icic yz , respectively. The location of the i th constraining 

points in the 3D space is then ),,( ,,, icicic zyx .  Denote the constraining point 

set specified in the x-y plane as  

 }1|),{( ,, qiyx icic ≤≤=Π , (42) 

and the depth information of i th constraining point is expressed as  

 icicic zyxc ,,, ),( = ,  (43) 

where Π∈),( ,, icic yx  and ],1[ qi ∈ . The 3D shape reconstruction is 

performed by minimising the surface variation (i.e., measurement of surface 

roughness) 
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subject to ),(),( yxcyxz = , Π∈∀ ),( yx  [56, 175]. If the initial state of the 

surface z  is  

 


 Π∈

=
otherwise0,

),( if),,(
),(

yxyxc
yxz , (45) 

the disconnection around the constraining point set Π  results in a large 

value of E . The discrete form of Equation 44 is expressed as  
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where n  is the width (and height) of the frontal image. To perform 3D 

shape reconstruction based on the constraining points, Equation 46 is 

minimised under the constraint of 0),(),( =− yxcyxz , Π∈∀ ),( yx . The 

optimisation is a quadratic non-linear programming problem and the optimal 

set of z  can be approximated using an iterative gradient projection method 

[101]. The process of improving the approximation from an initial vector is 

as follows.  

1. At k th iteration, initial kz
�

 is the result of the )1( −k th iteration; 

2. Construct the constraint matrix cA , where cA  is a 2nq×  matrix 

with rows consisting of a 1 in the position corresponding to the 

location in the frontal image ),( yx  for Π∈),( yx ; 

3. Calculate the projection matrix cP  as  
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 c
T

cc AAIP −= ,  (47) 

which consists of all 1s except for diagonal elements in those 

rows corresponding to a constraining point, such elements being 

0s.  

4. Calculate the steepest gradient direction d
�

 as  

 T
kzEPd )(
��

∇−= ,  (48) 

along which a better estimate is found and fastest minimisation 

of the E  is achieved. 

5. Find the optimal solution along d
�

 by calculating 1α  and 2α  as 

follows, respectively. 

 { }feasible is |max
1

dzk

�� αα
α

+ , (49) 

 { }10|)(min
2

ααα
α

≤≤+ dzE k

��
. (50) 

6. Update the estimate 1+kz
�

 by  

 dzz kk

���
21 α+=+ . (51) 

The initial 0z
�

 can be any shape which satisfies the constraint. Without 

loss of generality, Equation 45 is used to provide an initial state of the 

surface z
�

, in which all surface points are at 0 heights except for the 

constraining points with their heights being ),( yxc  where Π∈),( yx . The 
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iteration continues to improve the reconstructed surface, until the change is 

smaller than threshold sε  as  

 sksks zEzE ε<− + )()( 1

��
. (52) 

5.2.2 Multi-level 3D shape reconstruction 

In the single level 3D shape reconstruction process, the neighbouring 

points of a constraining point will move gradually towards the constraining 

point along z-axis by minimising surface roughness E . This minimisation 

requires a dense set of constraining points which is infeasible for 3D face 

shape reconstruction, because the facial features (facial components) used as 

constraining points are at best sparse points on the relatively large images of 

human faces.  

Under this circumstance, a coarse-to-fine hierarchy is introduced to 

resolve the problem with sparse features in the single level 3D surface 

reconstruction. It hierarchically refines the estimations of 3D shape by 

inheriting more and more accurate initial data from the previous levels of 

reconstruction. Suppose the resolution of the frontal gallery image (x-y 

plane) is nn× , where n  is of powers of 2. A coarse-to-fine hierarchy of 

control lattices, 0Φ , 1Φ ,…, mΦ  ( m  is the number of resolution levels), is 

applied onto the frontal image to generate a sequence of surface 

reconstructions at different resolution levels, where 0Φ  is the coarsest 

control lattice and mΦ  is the finest control lattice, i.e., the actual image 

resolution. As shown in Figure 24, the l th lattice lΦ  has a resolution of 
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)22()22( ll ⋅×⋅  grids, and each grid consists of ll hh ×  pixels in the frontal 

image, where  

 
ll

n
h

22 ⋅
= . (53) 

  

(a)                                                         (b) 

 

                                                    (c) 

Figure 24  The control lattices in the proposed multilevel quadratic 

variation minimisation for 3D shape reconstruction. (a) The 
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coarsest lattice 0Φ , (b) 1Φ , and (c) the finest lattice mΦ  where 

the lattice is the actual frontal image. 

For the coarsest lattice 0Φ  the resolution is 22×  and 
20

n
h = , while for 

the finest lattice mΦ  the resolution is nn×  and 1=mh . m  can be 

determined from the size of the frontal image as  

 1log2 −= nm . (54) 

At control lattice lΦ  where ],0[ ml ∈ , pixel ),( yx  on the frontal image 

is mapped to grid ),( ll vu , where  ll hxu /=  and  ll hyv /= . ( a  denotes 

the floor function that returns the largest integer less than or equal to a .) 

The constraining point set lΠ  defined on lΦ  becomes  

    ( ){ }Π∈=Π ),(/,/ yxhyhx lll   (55) 

and the heights are converted into the new coordinate ),( ll vu  as  

 ),(),( yxcvuc lll = , if Π∈),( yx , (56) 

where    ( )llll hyhxvu /,/),( = .  

Based on the converted constraining points, a single level 3D shape 

reconstruction can be performed from an initial estimate by minimising a 

quadratic variation of the surface lz
�

 as  
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subject to ),(),( llllll vucvuz = . The initial 0,lz
�

 is inherited from the 

estimated result * 1−lz
�

 on the previous control lattice 1−Φ l  as  

    ( )2/,2/),( *
10, llllll vuzvuz −= . (58) 

The initial )},({ 00
*
0

*
0 vuzz =�  for the coarsest control lattice 0Φ  is 

expressed as 

 


 Π∈

=
otherwise0,

),( if),,(
),( 000000

00
*
0

vuvuc
vuz . (59) 

Figure 25 shows a sequence of shape reconstruction results from the 

frontal and side views of Figure 23 with different control lattices.  
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          (a)                                        (b)                                      (c) 

Figure 25  3D face shape reconstructed with a coarse-to-fine hierarchy. (a) 

Face shapes with a 16×16 control lattice, (b) face shapes with a 

64×64 control lattice, (c) face shapes with a 512×512 control 

lattice. 

 

The proposed 3D shape modelling approach requires a set of facial 

features specified on both frontal and side views to be used as constraining 

points. A number of automatic algorithms for feature location or detection 

have been proposed recently, such as face vectorising algorithm [15], Active 

Shape Model (ASM) [33, 85, 153], Bayesian Shape Model (BSM) [165], 

active contours [54, 65], morphable models [72, 148], and 2D shape 

clustering [41], which could be incorporated into the proposed framework to 
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automatically provide the facial features on face images. On the other hand, 

interactive facial feature specifications are also widely used in various face 

modelling and recognition researches [35, 53, 93]. In this research, facial 

features are specified interactively on the gallery views (Figure 26). They 

are eyes, eyebrows, nose profiles, lips, ears, which are ASM control points 

(red in Figure 26) and interpolated points (yellow in Figure 26) which are 

points between control points [181]. Since only half of the face is visible in 

the side view, facial features can only be located on one side of the face. 

Based on the assumption that a human face is bilateral symmetric as in [14, 

44], the feature locations can be mirrored to the other half. In the 

experiments, 80 corresponding facial features were used in frontal and side 

views for each person as constraining points in the proposed 3D face 

modelling step. 

 

 

Figure 26  Facial feature specification on the frontal and side gallery views. 
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5.3 Reflectance analysis and reconstruction of 
face surfaces 

The textural information of human faces is critical to the performance 

of face recognition systems. A realistic and accurate texture-mapping of 

virtual face views in arbitrary viewing conditions can greatly improve the 

recognition accuracy. From the two gallery images of the frontal and side 

views, the surface textural properties need to be estimated and are then used 

to synthesise virtual textures of human faces in the virtual face views. In this 

section, a stable reflectance reconstruction approach based on the Phong 

reflection model is proposed to estimate the human face textural properties 

and to synthesis virtual views in arbitrary conditions. First a uniform set of 

textural properties for the Phong reflection model is estimated from the 

textures of the two gallery views. Then corresponding to specific viewing 

conditions, spatially varying textural property coefficients are refined and 

estimated from the actual pixel intensities of the gallery images to represent 

the texture details of the human faces for recognition. 

5.3.1 Phong reflection model for human skins 

In the proposed reflectance analysis step, facial textures are analysed 

from the image intensities of gallery views based on Phong reflection model 

[118], since human faces exhibit both diffuse and specular reflections [40]. 

In the Phong model, the image intensity (reflected intensity) is expressed as 

 n
pospodaa VRIkNLIkIkI )()(

����
⋅+⋅+=  (60) 
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where ak , dk  and sk  are the ambient, diffuse, and specular reflectance 

respectively, aI  and poI  are the ambient and directional incident light 

intensities, L
�

 is the direction of poI , N
�

 is the direction of the surface 

normal, V
�

 is the viewing direction, n  is the specular exponent, and R
�

 is 

the reflecting direction corresponding to L
�

 which is calculated as  
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In this chapter, the light source is limited to be a single point light from 

infinity. This assumption is reasonable, because in taking mug shots the 

major light source is the camera flash. If the camera is far enough from the 

face, it can be approximated as a light source from infinity. Thus the 

lighting intensities aI  and poI , and the lighting direction L
�

 in Equation 60 

are constant for all of the surface points. n  is fixed [19, 34, 58] as 2 [68]. 

The normal of a given point on the face surface is calculated from the 

results of the previous step in 3D shape reconstruction using B-spline 

surface approximation on 16 neighbouring points on the face as  (see 

Chapter 11 in [42]) 
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Though the lighting intensities aI  and poI  are unknown, they are 

constant values at every point on the face surface. By denoting aakI  as aH , 

dpokI  as dH  and spokI  as sH , Equation 60 becomes  
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 2)()( VRHNLHHI sda

����
⋅+⋅+= . (63) 

5.3.2 Reflection component estimation from the two gallery 
views 

Given a set of frontal and side views under a parallel flash light L
�

 , one 

has FL V=
� �

 for the frontal view and SVL
��

=  for the side view. To estimate 

the three reflection components, the frontal face view and the side face view 

are both used. For the i th point, Equation 60 becomes 
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for the corresponding pixel on the frontal view, and  
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for the corresponding pixel on the side view. The reflecting direction i
FR
�

 

and i
PR
�

 are calculated as  
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and  
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respectively.  
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All surface points are initialised homogeneously and the set of 

reflection components are denoted as aH , dH , and sH . For the whole 

images of the frontal and side gallery views, the equation becomes 
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where p  is the number of points. Equation 68 is solved in a least square 

sense and the objective function to be minimised is expressed as  
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To ensure that all of the reflection components aH , dH , and sH  are semi-

positive, Equation 69 is minimised subject to  
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The optimisation is again a quadratic non-linear programming problem 

and the optimal set of ),,( ***
sda HHH  can be estimated using the same 

iterative gradient projection method as used in the step of 3D shape 

reconstruction. Compared to the non-linear programming problem in the 

previous 3D shape reconstruction step, the dimension of the variables is 

reduced to 3 and the constraints are no longer constantly active (e.g., when 
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0>aH , the constraint 0≥aH  is inactive). Accordingly, the process of the 

reflection component estimation is as follows.  

1. At k th iteration, initial ),,( ,,, kskdka HHH  is obtained from 

)1( −k th iteration; 

2. From ),,( ,,, kskdka HHH , determine the active constraint set  as 

          }),,(,0{ ,, sdaHHM kkt === τττ   (71) 

which is the subset of the constraint set defined only by the 

active constraints. 

3. Construct the constraint matrix tA , where tA  is a 3×tq  matrix 

with rows consisting of a 1 in the position corresponding to the 

location of an active constraint; 

4. Calculate the projection matrix tP  as  

         t
T

tt
T

tt AAAAIP )(−= , (72) 

which consists of all 1s except for diagonal elements in those 

rows corresponding to an active constraint, such elements being 

0s.  

5. Calculate the steepest gradient direction td
�

 as  

         T
sdattt HHHEPd ),,(∇−=

�
,  (73) 

along which a better estimate can be found and fastest 

minimisation of the tE  can be achieved. 
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6. If 0
��

≠td , go to Step 7. Otherwise, go to Step 9. 

7. Find the optimal solution along td
�

 by calculating 1,tα  and 2,tα  

as follows, respectively. 

         { }feasible is ),,(|max ,,,
1,

tt
T

kskdkat dHHH
t

�
αα

α
+ , (74) 

         { }1,,,, 0|]),,[(min
2,

tt
T

kskdkat dHHHE
t

ααα
α

≤≤+
�

. (75) 

8. Update the estimate  as  

         t
T

kskdka
T

kskdka dHHHHHH
�

2,,,1,1,1, ),,(),,( β+=+++ , (76) 

and return to Step 2. 

9. Calculate the constraint projection direction vector as 

         T
sdatq

T
qqkt HHHEAAA ),,()( 1

, ∇−= −β
�

, (77) 

which indicates the potential descent direction of the active 

constraint.  

a. If 0,

��
≥ktβ , the iterations reach its optimal estimate and stop.  

b. Otherwise, find the row βi corresponding to the inequality 

with the most negative component of kt ,β
�

  as }{min ,
i
kt

i
i β

β
β =  

and delete the βi th row from qA  as 

                        kq
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and return to Step 4 to search for a new descent direction. 

The initial parameter vector is chosen as  

 TT
sda HHH )1,1,1(),,( 0,0,0, = , (79) 

where all of the three constraints are inactive. The optimisation is 

terminated when the progress is smaller than the threshold tε  as 

tktkt EE ε<− +1,,  or it reaches Step 9(a). The optimal estimate is denoted as 

),,( ***
sda HHH .  

5.3.3 Reflection component refinement and virtual texture 
synthesis 

Since face surfaces have spatially variable reflectance properties, each 

surface point has a unique set of reflection components, i.e., pixel-wise 

reflection components ),,( i
s

i
d

i
a HHH  are expected from the uniform 

estimate ),,( ***
sda HHH . To estimate the pixel-wise reflection components, 

the difference of the generated pixel intensity from ),,( ***
sda HHH  and the 

real pixel intensity from the gallery views is used. From ),,( ***
sda HHH  and 

the reconstructed 3D face shape, the pixel intensities of the i th pixel on the 

frontal and side views are rendered as 

 2*** )()(' VRHNVHHI i
Fs

i
Fda

i
F

����
⋅+⋅+=  (80) 

and 

 2*** )()(' VRHNVHHI i
Ss

i
Sda

i
S

����
⋅+⋅+= , (81) 
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respectively. The corresponding pixel intensities from the real gallery 

frontal and side views are iFI  and i
SI , respectively. The refinement 

coefficients i
Fγ  and i

Pγ  for the frontal view and the side view are defined as  

 'i
F

i
F

i
F II=γ  (82) 

and 

 'i
S

i
S

i
S II=γ . (83) 

By multiplying the frontal-view refinement coefficient i
Fγ  to the 

optimised uniform reflection components ),,( ***
sda HHH , the refined 

reflection components can synthesise the exact pixel intensity in the same 

condition of the frontal gallery view, which are calculated as 

 *
, a

i
F

i
Fa HH γ= , *

, d
i
F

i
Fd HH γ= , *

, s
i
F

i
Fs HH γ= . (84) 

Similarly using the side-view refinement coefficient i
Sγ , a set of pixel-

wise reflection components can be refined as  

 *
, a

i
S

i
Sa HH γ= , *

, d
i
S

i
Sd HH γ= , *

, s
i
S

i
Ss HH γ= , (85) 

to achieve exact pixel intensity on the side gallery view. Ideally the two sets 

of parameters are equal, because they are the intrinsic parameters of the face 

surface of the same point. In practice, however, a number of imperfections 

may cause the two sets different. For example, the inaccuracy of the 3D 

shape reconstruction can result in inaccurate pixel correspondence where the 
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corresponding pixels on the frontal and side views are actually two different 

points on the face surface.  

Given a viewing and lighting condition (nV
�

 and nL
�

), the novel virtual 

textures are rendered from the estimated reflection components. If 

)()( NSNF VVVV
����

⋅≥⋅ , the frontal-view based refined reflection components 

are applied in the Phong reflectance model as  
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If )()( NSNF VVVV
����

⋅<⋅ , the side-view based refined reflection 

components are used as  

 
2
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N VRHNLHHI

����
⋅+⋅+= . (88) 

The virtual textures are then mapped to the rotated 3D face shape and 

the virtual face views are synthesised.  

5.4 Implementations 

The approaches described in Section 5.2 and Section 5.3 are 

implemented as the following algorithms. Algorithm 2 models the 3D shape 

and texture parameters from the two gallery views. Algorithm 3 syntheses 
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virtual face views under novel conditions from the personalised 3D face 

shape and texture model.  

Algorithm 2. The 3D face modelling algorithm.  

procedure 3DFaceModelling 
input }{ i

FI , }{ i
PI , n  

input sε , tε  

output *z
�

 
output }{ ,

i
FaH , }{ ,

i
FdH , }{ ,

i
FsH , }{ ,

i
SaH , }{ ,

i
SdH , }{ ,

i
SsH  

 
if FacialFeatures = undefined then  

}1|),{( ,, qiyx icic ≤≤ ←ActiveShapeModel( }{ i
FI ) [85] 

}1|),{( ,, qiyz icic ≤≤ ←ActiveShapeModel( }{ i
SI )  

else 
input }1|),,{( ,,, qizyx icicic ≤≤  

end if 
  
procedure 3DShapeReconstruction 

input )},,{( ,,, icicic zyx  

output )},({ * yxz  
 
Π  ←Equation 42, }),(|),({ Π∈yxyxc  ←Equation 43 

1log2 −= nm  (Equation 54) 

)},({ 00
*
0 vuz ←Equation 59 

 
for 1=l  to m  do 

lh ←Equation 53 

lΠ ←Equation 55, }),(|),({ llllll vuvuc Π∈ ←Equation 56 

0,lz
� ←Equation 58 

procedure SingleLevelModelling 
input lh , lΠ , }{ lc , 0,lz

�
, sε  

output *
lz
�

 

 
0=k  

)( 0,ls zE
� ←Equation 57 

do  

kcP , ←Equation 47, kd
�

←Equation 48,  

2,sα ←Equation 49 and 50, 1, +klz
� ←Equation 51 

)( 1, +kls zE
� ←Equation 57 

k ← 1+k  
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until sklskls zEzE ε<−− )()( ,1,

��
 (Equation 52) 

 

kl zz
�� ←*  

end procedure 
end for 
 

*z
� ← *

mz
�

 
end procedure 
 
procedure TextureAnalysis 

input *z
�

, }{ i
FI , }{ i

SI  

output }{ ,
i

FaH , }{ ,
i

FdH , }{ ,
i

FsH , }{ ,
i

SaH , }{ ,
i

SdH , }{ ,
i

SsH  

0←k  

}{ iN
�

←Equation 62 

}{ i
FR
�

, }{ i
SR
�

←Equation 66 and 67 
TT

sda HHH )1,1,1(),,( 0,0,0, =  (Equation 79) 

),,( 0,0,0, sdat HHHE ←Equation 69 

do  

tM ←Equation 71, ktP, ←Equation 72,  

ktd ,

�
←Equation 73 

if 0,

��
≠ktd  

2,tα ←Equation 74 and 75 
T

kskdka HHH ),,( 1,1,1, +++ ←Equation 76 

else 0,

��
≠ktd  

kt ,β
�

←Equation 77 

if not 0, ≥ktβ
�

 

1, +kqA ←Equation 78 

end if  
end if 
 
k ← 1+k  

),,( ,,, kskdkat HHHE ←Equation 69 

until sklskls zEzE ε<−− )()( ,1,

��
 or 0, ≥ktβ
�

 (Equation 52) 

 
),,(),,( ,,,

***
kskdkasda HHHHHH ←  

 
for each pixel i  do 

'i
FI ←Equation 80, 'i

SI ←Equation 81 
i
Fγ ←Equation 82, i

Sγ ←Equation 83 
i

Fs
i

Fd
i

Fa HHH ,,, ,, ←Equation 84 
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i
Ss

i
Sd

i
Sa HHH ,,, ,, ←Equation 85 

end for 
 
end procedure 

end procedure 
 

Algorithm 3. The virtual view synthesis algorithm.  

procedure VirtualViewSynthesis 

input NV
�

, NL
�

 

input *z
�

 
input }{ ,

i
FaH , }{ ,

i
FdH , }{ ,

i
FsH , }{ ,

i
SaH , }{ ,

i
SdH , }{ ,

i
SsH  

output }{ j
NI  

Rotation matrix:  
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R  (Equation 5.67 of [42]) 

Inverse projection matrix: 1

1000

0010
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← RP  

for each pixel ),(: j
N

j
N yxj  do 

),( j
N

j
NN yxz ←z-buffer( ))},(,,{( * yxzyx , R )  (Figure 15.21 of [42]) 

Tj
N

j
NN

j
N

j
N

Tjj yxzyxyx )),(,,(),( P←  

   ( )TjjTjj yxyx ,)ˆ,ˆ( ←  

if )()( NSNF VVVV
����

⋅≥⋅  

)ˆ,ˆ( jj
N yxI , )ˆ,1ˆ( jj

N yxI + , )1ˆ,ˆ( +jj
N yxI ,  

)1ˆ,1ˆ( ++ jj
N yxI ←Equation 86 

else 
)ˆ,ˆ( jj

N yxI , )ˆ,1ˆ( jj
N yxI + , )1ˆ,ˆ( +jj

N yxI ,  

)1ˆ,1ˆ( ++ jj
N yxI ←Equation 88 

end if 
←),( j

N
j
NN yxI BilinearInterpolation( )ˆ,ˆ( jj yx )ˆ,ˆ( jj

N yxI ,  

)ˆ,1ˆ( jj
N yxI + , )1ˆ,ˆ( +jj

N yxI , )1ˆ,1ˆ( ++ jj
N yxI )  

(Equation 3.6.4 of [120]) 
end for 

 
end procedure 
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5.5 Experiments and results 

The proposed approach for recognising rotated faces using mug shots 

was tested on the  subset of the CMU-PIE database [134] consisting of 884 

face images of 68 persons under 13 different poses (labelled as pose 02, 05, 

07, 09, 11, 14, 22, 25, 27, 29, 31, 34, and 37, refer to Figure 27). The 

viewing directions of these poses are listed in Table 6. The frontal view 

(pose 27) and side view (pose 22) of each person were selected as the mug 

shots to provide gallery views for the proposed system. The personalised 

face models were reconstructed and the virtual views under different 

viewing conditions were synthesised. For performance evaluation, the most 

widely used holistic matching method, principal component analysis (PCA) 

[146], and the most appealing local matching approach, local binary patterns 

(LBP) [2] were selected as the classifiers to build face recognition systems.  

 

 

Figure 27  An example of the 13 poses from CMU-PIE database [134] used 

in the experiments. 
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Table 6 The rotation angles of different poses in CMU-PIE database. 

Pose 02 05 07 09 11 14 22 

Yaw (horizontal) -44º -16º 0º 0º 32º 47º -62º 

Tilt (vertical) 0º 0º -13º 13º 0º 0º 1º 

Pose 25 27 29 31 34 37  

Yaw (horizontal) -44º 0º 17º 47º 66º -31º  

Tilt (vertical) 11º 0º 0º 11º 1º 0º  

 

5.5.1 Virtual view synthesis 

Given a set of mug shots, the 3D shape and texture information of a 

person’s face can be estimated using Algorithm 2 from the mug shots. 

Personalised virtual views under novel variations in pose can be synthesised 

from the estimated parameters using Algorithm 3. Figure 28 shows 

examples of virtual face views synthesised in the experiments. A 

comparison between the real probe view of the face and a virtual view 

generated by the proposed algorithm is shown in Figure 29. Note that these 

images were synthesised from the frontal and side views in the mugshot 

databases. 
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                                     (a)                                                 (b) 

      

                                        (c)                                                 (d) 

Figure 28  Examples of virtual views. (a)(c) Virtual views generated from 

gallery views by the proposed method, (b)(d) frontal and side 

gallery views in CMU-PIE database. 
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Figure 29  A comparison between (b) the virtual view synthesised using the 

proposed approach and (a) its corresponding real view. 

5.5.2 Face recognition experiments 

Using principal component analysis (PCA) [146] and local binary 

patterns (LBP) [2] as classifiers representing two major schemes of 2D 

appearance-based face recognition, i.e. holistic and local matching schemes, 

the following six strategies were employed in the experiments. The first 

three strategies were used as baselines for comparison purpose, while the 

last three strategies used the proposed approach to augment the face 

recognition under pose variations. 

1. B2 - The two real views per person (Figure 30a) were used as 

gallery views and the other rotated real views (Figure 30c, 

labelled as 02, 05, 07, 09, 11, 14, 25, 29, 31, 34, and 37) were 

used as probe views.  

2. BF - The frontal real views (Figure 30a-“27”) were used as 

gallery views and the rotated real views (Figure 30c) were used 

as probe views.  
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3. BS - The side real views (Figure 30a-“22”) were used as gallery 

views and the rotated real views (Figure 30c) were used as 

probe views.  

4. AC - The virtual views in a single pose (e.g., Figure 30b-“02”) 

synthesised from the mug shots (Figure 30a) were used as 

gallery views and the real views in the corresponding pose (e.g., 

Figure 30c-“02”) were used as probe views.  

5. AA - All of the synthesised virtual views plus the two mug 

shots (i.e., Figure 30a, 8b-“02”, 8b-“05”, …, 8b-“37”) were 

used as gallery views and the real views (e.g., Figure 30c-“02”) 

were used as probe views.  

6. A2 - The virtual views in a single pose (e.g., Figure 30b-“02”) 

plus the real frontal and side views (Figure 30a) were used as 

gallery views and the real views in the corresponding pose (e.g., 

Figure 30c-“02”) were used as probe views.  

 

Figure 30  Examples of the face images used in the experiments. (a) The 

mug shots in frontal and side viewing directions, (b) the 

synthesised virtual views in rotated poses, and (c) the rotated 

real views. 
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The experimental results of the above recognitions using PCA [146] as 

the classifier are summarised in Table 7. The results show that the proposed 

face recognition approaches dramatically improve the face recognition rates 

against pose variations. The improvements of the average recognition rates 

range from 31.53% to 77.46%. Under every viewing direction, the proposed 

approaches outperformed the baseline face recognition approaches.  
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Table 7 The face recognition rates (%) of the baseline recognition 

strategies and the proposed approaches using PCA as the 

classifier. 

 Recognition without  
the proposed approach 

Recognition with  
the proposed approach 

Pose B2-PCA BF-PCA BS-PCA AC-PCA AA-PCA A2-PCA 

02 9 9 3 65 54 73 

05 63 79 1 97 98 100 

07 86 75 4 100 100 100 

09 92 81 3 100 100 100 

11 36 28 3 79 93 85 

14 10 9 3 68 56 71 

25 10 7 4 50 71 65 

29 89 84 4 98 100 100 

31 9 18 1 51 56 65 

34 47 1 51 17 56 73 

37 10 15 1 83 92 98 

Average 41.91 36.91 7.09 73.45 79.64 84.55 

 

The experimental results of the face recognitions using LBP [2] as the 

classifier are summarised in Table 8. It shows that the proposed approaches 

again significantly improved the face recognition performance. The 

improvements on the average accuracy range from 18.36% to 79.09%.  

Table 7 and Table 8 show that both holistic (PCA) and local (LBP) 

classifiers suffer from pose variations in face recognition, especially when 

the rotation angle is larger than 30 degrees. Without using the proposed 
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approaches the recognition accuracies of both classifiers were below 57%, 

when the probe views were in poses 02 (44º rotation), 14 (47º rotation), 25 

(44º yaw and 11º tilt rotations), and 31 (47º yaw and 11º tilt rotations). The 

proposed approach significantly improved the performance of face 

recognition under large pose variations, by increasing the recognition rates 

by at least 33%. The only exception is pose 34 (a side view opposite to pose 

22), where the recognition rates of the proposed approaches remain limited 

improvement (Table 7) and no improvement (Table 8). This may be because 

the virtual views were synthesised from the opposite side view of the face 

and consequently the asymmetry of human faces affected the quality of the 

virtual view synthesis. 
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Table 8 The face recognition rates (%) of the baseline recognition 

strategies and the proposed approaches using LBP as the 

classifier. 

 
Recognition without  

the proposed approach 
Recognition with  

the proposed approach 

Pose 
B2-
LBP 

BF-
LBP 

BS-
LBP 

AC-
LBP 

AA-
LBP 

A2-
LBP  

02 32 57 21 98 91 91 

05 100 100 7 100 100 100 

07 100 100 7 100 100 100 

09 100 100 9 100 100 100 

11 95 83 6 100 100 100 

14 30 30 3 89 89 88 

25 35 36 12 92 80 77 

29 100 100 6 100 100 100 

31 21 21 1 80 74 79 

34 77 6 77 24 77 77 

37 91 92 4 100 100 100 

Average 71.00 65.91 13.91 89.36 91.91 92.00 

 

Comparing different strategies using the proposed approach, the 

recognition performance using frontal, side, and corresponding rotated 

views (A2) is the best for PCA and the recognition performance using the 

corresponding rotated views only (AC) is the best for LBP except for pose 

34. The recognition of AC-PCA is lower probably because of the small 

training dataset for eigen space establishment in PCA, and the use of a large 

training dataset may improve AC-PCA performance. LBP outperformed 
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PCA in almost every aspect even in the baseline recognition strategies, 

which indicates that local classifiers are more suitable for face recognition 

under pose variations than holistic classifiers. 

To compare the proposed approach with existing face recognition 

methods considering pose variations, face recognition using eigen light-

fields [57] and face recognition using point distribution models and facial 

symmetry [53], two of the best methods with the most thorough experiment 

tests on CMU-PIE database, were chosen as the benchmark techniques. The 

experimental results of the proposed approach were tabulated in Table 9 

together with the reported results in [57] and [53].  
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Table 9 Accuracy (%) comparison of the proposed approaches (A2-PCA, 

A2-LBP) and the reported approaches of Eigen Light-Field 

(ELF-F, ELF-S) [57] and Point Distribution Model with Facial 

Symmetry (PDM) [53]. 

 
Reported recognition rates The proposed approach 

Pose ELF-F ELF-S PDM  A2-PCA A2-LBP  

02 58 68 72 73 91 

05 94 53 100 100 100 

07 89 42 N/A 100 100 

09 94 62 N/A 100 100 

11 88 50 94 85 100 

14 70 42 62 71 88 

25 56 62 N/A 65 77 

29 57 41 98 100 100 

31 56 47 N/A 65 79 

34 47 58 20 73 77 

37 89 62 89 98 100 

Average 72.55 53.36 N/A 84.55 92.00 

 

In [57], either the frontal view or the side view per person was used as 

gallery view to recognise images under other viewing conditions. The 

recognition accuracy using the frontal views as gallery images is denoted as 

ELF-F and that using the side views as gallery images is denoted as ELF-P. 

The proposed face recognition approaches achieved better performances in 

every pose. The average recognition rates of ELF using frontal gallery 

views and using side gallery views are 72.55% and 53.36% respectively, 
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while the proposed A2-PCA and A2-LBP achieved accuracy increases 

ranging from 12% to 38.64%. Note the recognition rates in [57] and [53] 

were achieved using single views per person as gallery views. These 

improvements of A2-PCA and A2-LBP over ELF-F, ELF-P [57] and PDM 

[53] were achieved by introducing an additional view as gallery views for 

virtual view synthesis in the proposed approach. In [53], frontal views were 

used as gallery views and the rotated views labelled as 02, 05, 11, 14, 29, 

34, and 37 were used as probe views (denoted as PDM in Table 9). Because 

their method is based on 2D transformations, the recognition rates drop as 

rotation angle increases. Under ~15º rotation (pose 05 and 29), ~30º rotation 

(pose 11 and 37), and ~45º rotation (pose 02 and 14), the recognition rates 

were 99%, 92%, and 67.5%, respectively. The proposed approach achieved 

100%, 100%, and 90% of accuracies in these three poses, respectively. The 

recognition rates under the poses associated with large vertical rotations 

(i.e., pose 07, 09, 25, and 31, refer to Figure 27) were not available in [53]. 

The challenges for face recognition under different poses are different. For 

instance, it is more difficult to recognise a face in pose 25 than that in pose 

02, because pose 25 contains an additional vertical rotation than that in pose 

02. Comparing the available recognition rates in [53], the proposed 

approach achieved higher recognition rates in all poses when using LBP as 

the classifier.  

5.6 Conclusion 

In this chapter, a novel approach has been presented to recognise faces 

in rotated poses using frontal and side view mugshot images as gallery 
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views. Targeting at this common application scenario in law enforcement 

and security surveillance which appears overlooked by the research 

community of face recognition, this research investigated the feasibility and 

effectiveness of building a face recognition framework using the widely 

available frontal and side view mugshot databases. The proposed approach 

is appearance-based, which recognises input face views in arbitrary poses by 

comparing them against the virtual views synthesised from gallery views. 

Personalised face models are reconstructed using hierarchical multilevel 

variation minimisation for 3D shape modelling and pixel-wise texture 

analysis considering both diffuse and specular reflections of human face 

surfaces. Virtual face views synthesised in arbitrary poses containing both 

horizontal and vertical in-depth rotations have justified qualitatively the 

benefit of using both frontal and side views as gallery images, especially 

when the rotation angle is larger than 30 degrees.  

Quantitatively, the proposed face recognition approach was tested on 

the pose subset of CMU PIE face database, consisting of 884 images in 13 

different poses. The proposed face recognition approach significantly 

improved the recognition accuracies over the baseline holistic [146] and 

local [2] face recognition algorithms and achieved much higher recognition 

rates compared to the state-of-the-art pose-invariant face recognition 

techniques using single gallery views [53, 57]. Specifically, the 

experimental results reveal that:  

1. using two mugshot face images as gallery views achieved 

higher recognition rates over face recognition systems using 

single face images as gallery views; 
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2. the accuracy improvements of the proposed approach over the 

baseline strategies were consistently achieved in both holistic 

and local face matching schemes; 

3. the proposed approach is capable to handle large horizontal 

and/or vertical rotation angles between gallery views and probe 

views, which is a challenging task for face recognition; 

4. the proposed approach using frontal and side view mugshot 

gallery images outperformed the state-of-the-art techniques of 

recognising rotated faces [53, 57] using single gallery images. 

The experimental results demonstrated that the use of mugshot face 

images as gallery views is a feasible and beneficial solution, which provides 

an effective means towards pose-invariant face recognition. It shows the 

possibility of a better and practical use of existing forensic information by 

incorporating both frontal and side views in existing police mugshot 

databases into computerised face recognition, leading to an efficient 

solution for face recognition applications dealing with uncooperative 

subjects, for instance, in security surveillance systems.  

 



 

6 Automatic Texture Synthesis for Face Recognition 
Using Single Frontal Images 

 

3D face modelling algorithms are popular for face recognition across 

pose and illuminations. Facial textures provide important identity 

information in face recognition systems. However, most of existing 3D face 

modelling techniques analysed facial textures suboptimally, especially those 

using Lambertian reflectance model, which neglects specular reflection. In 

this chapter, a novel Automatic Facial Texture Synthesis (AFTS) approach 

is presented based on Phong reflectance model using only one frontal face 

view as gallery. This task is an ill-posed and extremely challenging problem 

even for human beings. Using a generic 3D face shape, the algorithm can 

learn and synthesise facial textures with consideration of specular reflection 

under different pose and illuminations free of human interference. The 

proposed algorithm was evaluated using the CMU-PIE database under 

different illuminations and pose. The experimental results showed that it can 

improve the face recognition performance across pose and illumination.  

 

6.1 Introduction 

Pose-Illumination-Expression (PIE) variations are the key three factors, 

which affect face recognition system greatly. Compared with the other two 

variations, pose variation is the most difficult problem, which is evidenced 
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from the evaluation report of existing face recognition techniques [17]. 

Moreover, pose variation almost always comes with illumination variation 

at the same time, which makes the situation even more complicated. 

Recently, pose variation in face recognition captures dramatically growing 

interests of researchers in the field of computer vision, artificial intelligence, 

and so on. 3D models [19, 49, 68], 2D techniques [14, 34] and invariant 

feature extractions [57] have been proposed for face recognition across pose 

and illumination. Among those methods, most promising approach at this 

time is probably 3D model-based approach, because pose variation is a 3D 

transformation, which might be non-linear in 2D image space. Craw et al. 

[36] show that a face recognition system only with texture matching 

outperformed a system only with shape matching, which probably means 

textures contain more identity information than shapes do.  

Texture analysis and synthesis play an important role in face modelling. 

An optical reflectance model is then applied for texture synthesis to shade 

the visible surfaces, taking into account the light sources, surface reflection 

properties, and the positions and orientations of the surfaces and sources. 

Most of the existing 3D models assume face surface is a Lambertian surface, 

which reflects incident lights only diffusely. However, human faces are not 

the Lambertian surface but smoother surfaces which have specular 

reflections as well. Note the highlights on human faces in photographs. 

Neglect of the specular reflection results suboptimal texture synthesis and 

thus probably decreases in recognition accuracy. In this chapter, a novel 

Automatic Facial Texture Synthesis (AFTS) approach is presented, which 

takes into consideration the specular reflection as well as the diffuse and 
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ambient reflections. The AFTS approach uses only frontal gallery views 

based on a common 3D face model and generates virtual textures onto the 

virtual views in different illuminations conditions and pose. Those virtual 

views with more realistic textures can improve face recognition accuracy 

across illumination and pose. 

6.1.1 Related works 

Beymer and Poggio [14] are one of the first research groups who 

addressed the problem of recognizing faces in different pose. They mapped 

a facial transformation observed on a prototype face onto an input, non-

prototype face to generate novel virtual views for recognition. For texture 

analysis, they assume the Lambertian face surface and simply map the input 

face texture onto the virtual shape, which implies the lighting condition is 

also unchanging. This approximation is reasonable when the virtual view is 

only small angle away from the original view, for example 15 degrees away 

in [14]. When the angle increases and the illumination is still frontal, 

specular reflection increases and is the major contributor in the total 

reflection. The Lambertian assumption doesn’t hold any more and specular 

reflection needs to be considered for a better texture analysis. Georghiades 

et al. [49] build 3D face models from a set of frontal face views under 

controlled illumination for face recognition across illumination and pose 

based on the Lambertian reflectance model. To make the modelling process 

feasible, they neglect ambient light and ambient reflection as well. The 

synthesised views include face views under different illuminations, or even 

extreme illuminations, which make half of the face in shadows. It also 
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generates virtual views in various pose. Because of the lack of ambient and 

specular reflection, the virtual views from some viewpoints are either harsh 

(lack of ambient reflection) or blur (lack of specular reflection).  

Gross et al. [57] selected face light-field as the invariant features across 

pose variations, which is a function specifying the radiance of light in free 

space. Therefore, it covers all possible viewing directions and hence is 

view-independent. By performing principal component analysis (PCA) on a 

collection of light-fields, any light-field can be represented using a small 

number of eigen light-fields. A nearest neighbour classification algorithm 

can be applied to match each probe subject with gallery images based on the 

eigen light-field coefficients. However, the calculation of the light-field of a 

face from only a limited number (or maybe only one) of face images is 

highly occluded. To make the light-fields of faces redundant so that the 

estimation of eigen light field coefficients is practicable, face surface is 

assumed to be a Lambertian surface and specular reflection is neglected. It 

has similar problems with [49]. Lee and Magnenat-Thalmann[90] deformed 

the side view of the face to be aligned to the frontal view. Then they applied 

the texture of either frontal view or side view to synthesise the virtual 

texture. For the areas near front they applied frontal texture, while for areas 

near side view direction they applied side view texture. Their assumption is 

again that face is a Lambertian reflection surface, so that virtual texture is 

identical to either frontal view or side view.  

Few researchers consider non-Lambertian texture analysis in virtual 

view generation and face recognition across pose and illumination. Among 

them, Cootes et al. [34] modelled the texture using three texture constraints 
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across pose changes. To obtain the texture information, at least three views 

of a face are required. Their algorithm also requires viewing direction to be 

horizontal and light source to be fixed to the face. These constraints may 

limit the practical use of their texture-mapping algorithm. Ip and Yin [68] 

analysed the virtual texture of an arbitrary view by interpolating the frontal 

texture and side view texture, which implies that a non-Lambertian 

reflectance model is assumed for face textures. However, it is assumed that 

the face shape has to be a plane to validate their texture mapping. The 

viewing directions and lighting directions in virtual views are also limited to 

be horizontal. 

6.1.2 Chapter organisation 

This chapter presents a novel texture synthesis algorithm for face 

recognition based on Phong reflectance model [118] using only three frontal 

views as gallery. It considers not only diffuse reflection from face surface, 

but also specular and ambient reflections, which make the facial texture 

close to the reality. From frontal face images in the gallery with different 

illumination and a background light, a generic 3D face model is applied for 

the calculation of surface geometries, since it is unreliable to generate 

accurate individualised 3D face model from only one frontal face view per 

person. With knowledge of face geometries and light directions, the surface 

reflectance properties are calculated in a least square sense. Novel 

illumination conditions are imposed to the face model (shape and 

reflectance information) to generate novel virtual views. The 3D face model 

with texture information can be rotated as well to generate virtual views in 
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different pose. Those virtual views are stored and will be used to match the 

input or probe face images for face recognition across illumination and pose. 

Using CMU-PIE database, the AFTS approach is evaluated in face 

recognition systems, under illumination variations and pose variations.  

The rest of the chapter is organised as follows. The Phong reflectance 

model is introduced in face texture synthesis and compared with the 

conventional Lambertian reflectance model in Section 6.2. It explains how 

texture synthesis with the Phong reflectance model outperforms that with 

the Lambertian reflectance model. Using a generic 3D face model, the 

Phong reflectance model is applied for frontal texture analysis in Section 6.3. 

Assuming that neighbouring points on face surface have similar reflection 

properties except in facial feature areas such as eyes, nose, and mouth, 

uniform reflection properties are assigned to most of the facial points. Based 

on frontal texture, individual reflectance for each point is obtained and the 

facial texture is refined using non-linear programming. In Section 6.4, novel 

virtual views in different illuminations and pose are generated using those 

facial reflectance and facial geometries. Experiments of face recognition 

across illumination and pose are conducted and reported. The conclusion is 

drawn in Section 6.5.  

6.2 Reflectance models 

To create virtual texture of a face in an arbitrary pose and under 

arbitrary illumination, it is necessary to shade the visible surfaces, taking 

into account the light sources, surface reflection properties, and the 

positions and orientations of the surfaces and sources. A reflectance model 
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is required to generate virtual textures in different lighting conditions. 

Compared with physical reflectance models [9, 63], geometrical reflectance 

models [32, 84, 118] have simpler mathematical forms and hence easier to 

use. This simplicity results from the basic assumption underlying 

geometrical optics; the wavelength of incident light is assumed to be much 

smaller than the dimensions of the reflecting surface’s irregularities. 

Because of this simplicity, geometrical reflectance models are more widely 

used in machine vision than physical reflectance models. 

Face surface is not a very smooth surface. It satisfies the assumption of 

geometrical optics, so that one can use geometrical reflectance models to 

analyse the texture of face surfaces. One of the popular geometrical 

reflectance models is the Lambertian model, which assumes face surface has 

diffuse reflection as well as ambient reflection. As reviewed in Section 6.1, 

most of previous face texture analysis is based on the Lambertian 

reflectance assumption. However, this assumption doesn’t hold when the 

face surface is smooth and specular reflection contributes a major part in the 

total reflection. The neglect of specular reflection results in suboptimal 

texture synthesis. Phone reflectance model, which incorporates not only 

diffuse and ambient reflections, but also specular reflection, is a better 

choice to produce face images with realistic illumination effects. Phone 

reflectance model is expressed as  

 { }n
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where I  is the reflecting intensity from a certain point on the face surface, 

which is also grey level of the pixel on face images, ak  is the ambient 
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albedo (or reflectance), aI  is the ambient light intensity, dk  is the diffuse 

albedo, poI  is the point light intensity, L
�

 is the point light direction starting 

from the surface point and pointing to the point light source, N
�

 is the 

surface norm, sk  is the specular albedo, V
�

 is the viewing direction starting 

from the surface point to the eye (or camera), R
�

 is the reflecting direction, 

which is calculated by N  and L
�

 as 

 LLNNR
�����

−⋅= )(2 , (90) 

and n  is the specular reflection exponent and typically varies from 1 to 

several hundred, depending on the surface material. For a perfect reflector, 

such as a perfect mirror, n  would be infinite [42]. Equation 89 includes 

three different reflections, namely ambient reflection, diffuse reflection, and 

specular reflection. The Lambertian reflectance model, on the other hand, 

has only ambient reflection and diffuse reflection. It is expressed as 

 )( NLIkIkI podaa
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which is independent to viewpoint. While in real photographs of faces, the 

reflected lights are different in different viewpoints, especially highlights do 

change along with various viewing directions as shown in Figure 31. 

Therefore, for a better approximation of lighting and reflecting conditions of 

face surface, specular reflection is not negligible.  
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                              (a)                           (b)                         (c) 

Figure 31 Different face images in the same illumination and different 

pose have different highlights. Those highlights are mainly 

caused by specular reflection of the face surface. These photos 

are from CMU-PIE database [134].  

 

Recently, some researchers presented non-Lambertian texture analysis 

to generate virtual face views. Cootes et al. [34] modelled the face texture c  

as 

 θθ sincos0 sc cccc ++= , (92) 

where θ  represents the horizontal viewing direction, and 0c , cc , and sc  are 

constant across pose changes. Compared with Equation 89, 0c  is the sum of 

ambient reflection and diffuse reflection, and assuming 1≡n  and the face 

surface is a plane,  

 




=
=

α
α

sin

cos

poss

posc

Ikc

Ikc
, (93) 

where α  is the angle of reflecting direction and norm. Ip and Yin [68] 

analysed the texture of an arbitrary view as  
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 θθ 22 sincos PFA III += , (94) 

where θ  is the viewing angle, FI  and PI  are the frontal and side view 

textures. This approximation implies that face surface is a plane, which is 

�45  rotated and 2≡n . Those two texture analysis algorithms considered 

specular reflection from the face surface. However, they detach the specular 

reflection from the microstructures of surface points and only take into 

consideration the viewing directions, which imply that face surface has the 

same shape (or norm) in texture analysis.  

6.3 Texture analysis 

To simplify the calculation, it is assumed that the incident light to be a 

single frontal light from infinity during texture analysis. This limitation is 

lifted in the synthesis process, so that the proposed texture analysis and 

synthesis algorithm is a one-to-many algorithm, which is able to generate 

virtual textures in different illuminations and pose. In taking portraits or 

mug shot photos, the major light source is almost always the camera flash, 

which is a frontal light for a frontal view. If the camera is far enough from 

the face, it can be considered as a light from infinity. Thus every point on 

the face surface receives parallel beams with the same intensity. In Equation 

89, the surface norm needs to be decided based on the 3D face shape model. 

There are a number of 3D face shape modelling algorithms, such as [19, 68, 

173, 175]. However, most of these algorithms require extensive system 

training and/or human interference. In this chapter, an average 3D face 

shape is used as a generic shape model for texture analysis of all the 
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individuals. The common 3D face shape is obtained by averaging 30 face 

shapes generated in [175] from CMU-PIE database [134] as shown in 

Figure 32. Surface normal N
�

 is calculated using B-spline surface 

approximation on 16 neighbouring points on the face as  

 ),(),( yxQ
y

yxQ
x

N
∂
∂×

∂
∂=

�
,  (95) 

where ),( yxQ  is the B-spline surface matrix (see Chapter 11 in [42]).  

 

 

                                          (a)                        (b)  

Figure 32  The average 3D face shape from 30 shapes generated from 

CMU-PIE database using Multilevel Quadratic Variation 

Minimisation [175]. (a) The wire frame, (b) a shaded shape 

under the Phong reflectance assumption with a uniform albedo. 

 

The unknown variables are albedos ak , dk , sk , and n . The albedos and 

surface norms differ from point to point on the face surface, while the 

incident light intensity poI , direction L
�

, and the ambient light intensity aI  

remain constant cross the face. For a frontal gallery face image which has 
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m  pixels, assuming 2≡n  [68], let i
aH  denote aakI , i

dH  denote dpokI , and 

i
sH  denote spokI , the reflected intensity from i th pixel is  
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Since most of the points have similar reflection properties within the frontal 

facial area, the reflection components of the Phong reflectance model can be 

set approximately equal as uniformaH , dH  and sH . For the m  surface 

points,  
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Equation 97 is solvable in a gradient projection method (see Chapter 11 in 

[101]). The solution is not exact and for each point (e.g. i th point), 

Equation 97 is not satisfied. A refinement process is then performed. First, a 

virtual frontal view 'FI  is generated according to the calculated 

components aH , dH , and sH . For i th point on FI , 
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where 'i
FI  is the grey level of the i th point on 'FI . Since aH , dH , and sH  

are approximate solution of Equation 97, the virtual texture 'i
FI  is almost 

always different from the gallery view iFI . To find exact pixel-wise 

solutions, a refinement ratio ic  is introduced as 
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Therefore  
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The pixel-wise reflection components are computed as ai
i
a HcH = , 

di
i
d HcH = , and si

i
s HcH = .  

6.3.1 Texture synthesis under different illuminations and 
pose 

New virtual textures under different illuminations are synthesised using 

the same Equation 89. Suppose the new illumination has one ambient light 
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, . Assume the ambient 

and point lights have unit intensities in the gallery frontal views. The virtual 

texture under the new illumination is  
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If the point is in cast shadows where j th point light doesn’t reach, z-

buffering is performed to generate those shadows (see Chapter 15 in [42]). 

Equation 101 covers almost all possible illuminations. Though the 

illumination in gallery frontal views is limited to be unit frontal, the 

algorithm can generate virtual views in all different illuminations and hence 

is a generative method. By modifying the viewing direction V
�

, virtual 

texture in a desired viewpoint can be synthesised as well.  
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6.4 Experiments and results 

This section explores and evaluates how the proposed algorithm can be 

applied in face recognition across illuminations and pose. CMU-PIE face 

database [134] is selected for the evaluation, since it contains face views of 

68 persons in different illuminations and pose. However, this experiment 

can only use 40 out of the 68 persons, since other 28 persons are wearing 

glasses when taking face photos. The proposed algorithm doesn’t deal with 

face recognition under facial occlusions such as the presence of glasses or 

masks. Virtual textures of these 40 subjects are first generated using the 

proposed method. Then a system performance examination that covers both 

pose variations and illumination variations is conducted. The following 

experimental settings are investigated. 

1. Face recognition of 40 persons across 3 different pose under a 

frontal illumination and an ambient light. 

a. Only frontal views as gallery; 

b. Augmented gallery with synthesised virtual views. 

2. Frontal face recognition of 40 persons across 21 different 

illuminations and from frontal viewing direction. 

a. Only frontal views as gallery; 

b. Augmented gallery with synthesised virtual views. 

3. Face recognition of 40 persons across 3 different pose and 21 

different illuminations 

a. Only frontal views as gallery; 



Automatic Texture Synthesis for Face Recognition Using Single Frontal Images 163 

b. Augmented gallery with synthesised virtual views. 

6.4.1 Texture synthesis 

First, the common 3D face shape (Figure 32) was applied to provide 

normals of face surface. The frontal view under a frontal light in Figure 32(a) 

was used as gallery for texture analysis and synthesis. Virtual views under 

new illuminations were automatically generated as shown in Figure 33. The 

point light directions change from approximately �70−  to �70  in yaw and 

�0  to �20 in tilt. Each row contains synthesised views under horizontally 

different illuminations and different columns reflect vertical illumination 

changes. The ambient light and the point light intensity remain the same 

with the gallery frontal view.  

Virtual views from novel viewpoints (non-frontal) were generated from 

rotating the generic 3D shape and apply new viewing directions to calculate 

facial textures pixel-wisely. Figure 34 shows 15 synthesised virtual views in 

both yaw and tilt under a frontal illumination, which is the same to the 

gallery frontal view. The synthesised textures were also compared with the 

virtual textures based on the Lambertian reflectance model in Figure 34. 

Figure 35(a) is the gallery frontal view under a frontal illumination, and 

Figure 35(b), (d), (f) are the virtual textures generated based on the 

Lambertian reflectance model, Figure 35(c), (e), (g) are virtual views 

generated using the proposed method, which is based on the Phong 

reflectance model. Because the Lambertian assumption is view-independent, 

all the textures based on the Lambertian model in different pose are 

identical. While the textures generated using the proposed method have 
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correct highlights and hence more realistic. There is incorrectness of 

textures around the eyes, especially in the near side virtual views. That’s 

because this research uses only single frontal views are gallery and texture 

information changes greatly from frontal direction to side view direction. 

The synthesised views with the Lambertian reflectance model have the same 

incorrectness as well. So introduction of more gallery views might be 

helpful for the virtual view generation under large pose variations.  

 

 

Figure 33  The synthesised virtual views under novel illuminations in 

different yaws and tilts, which are all generated from only one 

frontal view in Figure 31(a). 
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Figure 34  The synthesised virtual views from the novel viewpoints under a 

frontal illumination, which are all generated from only one 

frontal view in Figure 31(a). 

 

 

          (a)             (b)              (c)            (d)            (e)            (f)          (g) 

Figure 35  The comparison between the Lambertian reflectance model and 

the Phong reflectance model. The views using the Phong 

reflectance model have better highlights on rotated faces. (a) the 

real frontal view, (b) (d) (f) the synthesised rotated views based 

on the Lambertian reflectance model, (c) (e) (g) the synthesised 

rotated views based on the Phong reflectance model. 
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6.4.2 Face recognition across pose 

In experiments, the face recognition performance using the proposed 

method across pose variations was first explored. The 40 face views under a 

rotated pose were chosen as probe and the 40 frontal views were taken as 

gallery views for recognition and for virtual view synthesis. The gallery and 

probe views are all under a frontal illumination and an ambient illumination. 

Virtual views were then synthesised for every person with the same 

illumination and viewing conditions for recognition as shown in Figure 36. 

PCA [78, 146] was applied for recognition across pose. First, the rotated 

probe views (Figure 36b) are matched directly with the real frontal views 

(Figure 36a). The system achieved 37.5% accuracy on 40 persons. Then the 

system was augmented with virtual views and used 40 virtual views (Figure 

36c) as gallery views. After the augmentation of the virtual views, the 

accuracy is 97.5%. The accuracy was greatly improved.  

 

 

            (a)                      (b)                       (c) 

Figure 36  Real and virtual face views for recognition experiments across 

pose from CMU-PIE database. (a) The real frontal view, (b) the 

real rotated view, and (c) the synthesised virtual rotated view. 
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6.4.3 Face recognition across illumination 

Next, the proposed algorithm was applied to augment face recognition 

across illumination. 21 frontal views under different illuminations per 

person were used as probe images. Totally 840 images were tested. Without 

the augmentation, the recognition accuracy is 79.64%. After the 

augmentation with the proposed method, the accuracy was raised to 87.62%.  

6.4.4 Face recognition across both illumination and pose 

Face recognition across both illumination and pose variations was 

performed. Each person in the database has face images under 21 

illuminations and 2 pose, totally 42 images. And there are 40 persons and 

then 1680 real face images are used as probe. Correspondingly 1,680 virtual 

face views were generated to augment the recognition. Without the 

augmentation, the recognition accuracy was 48.01%. After the augmentation, 

the recognition rate was 76.97%. The experimental results are summarised 

in Table 10. 
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Table 10 Face recognition performance using the proposed method 

Variations 
# of probe 

images 
Accuracy without 

augmentation 
Accuracy after 
augmentation 

Pose 40 37.5% 97.5% 

Illumination 840 79.64% 87.62% 

Illumination  
and pose 

1680 48.01% 76.97% 

 

6.4.5 Discussions on experimental results 

The experimental results show that the proposed virtual view synthesis 

algorithm can improve the face recognition performance across pose and 

illuminations. In the experiment of face recognition across pose, it is still 

possible to recognise views in different pose, even in a near side view, when 

only a single frontal view is available. The recognition accuracy of faces 

under different illuminations is also improved. For the most challenging 

recognition task, which recognises faces under both illumination changes 

and pose changes, the proposed algorithm can also improve the performance.  

6.5 Conclusion 

In this chapter, an automatic texture synthesis algorithm based on the 

Phong reflectance model is presented to generate virtual face views under 

varying illuminations and pose for face recognition. The gallery is only 

single frontal face views under frontal illumination, while it can synthesise 

virtual views in almost all possible illuminations and from various 

viewpoints without human interference. Those virtual views are used to 
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match probe views in face recognition systems under uncontrolled 

conditions. In texture analysis, optical reflections from face surfaces are 

carefully investigated. Despite of the conventional Lambertian reflectance 

model, this chapter introduced the Phong reflectance model and specular 

reflection is included in the texture analysis. Provided either a generic 3D 

face, albedos of face surfaces are computed from single frontal face views 

using non-linear programming and then refined. Then new illumination and 

viewing conditions are imposed onto the 3D face shape with pixel-wise 

albedos to generate virtual views. In the experiments, virtual views are 

generated in 21 novel illuminations and from 2 different viewpoints. Using 

CMU-PIE database, 40 persons and 1680 face images are tested in a PCA 

face recognition system where only one frontal real view per person and 

virtual views are used as gallery. The probe face views include views under 

different illuminations and from different viewpoints. Recognition 

performance shows that the proposed algorithm can improve the 

performance of face recognition across illumination and pose.  

 





 

7 Breaking Down Ambient Reflection 

 

Ambient light and ambient reflection are widely present in many 

applications of computer graphics and computer vision. The coefficient of 

ambient reflection is modelled as a constant to approximate complex and 

insignificant environmental lighting and reflecting situations in a variety of 

algorithms. This traditional modelling of ambient reflection, however, 

doesn’t follow any reflection mechanism in the real world. This chapter 

reconsiders the ambient reflection modelling of various surfaces 

characterised by four popular reflection models. The ambient reflection is 

recalculated as reflection integrations of infinitesimal incident beams from 

the environment. It reveals that ambient reflection exists in variable forms in 

Lambertian model for non-convex objects, Phong model, Cook-Torrance 

model, and He model. For convex objects with Lambertian surfaces, 

ambient reflectance coefficient is actually the diffuse reflectance coefficient. 

Instead of the traditional oversimplistic approximation, ambient reflection 

should be calculated using the same reflection model as used in calculation 

of non-ambient reflections. Based on this analysis, new formulations of the 

Lambertian and Phong surfaces are proposed to enable efficient 

computations in computer graphics and to facilitate reverse problem 

solutions in computer vision. 



172 Chapter 7 

7.1 Introduction 

In computer graphics and computer vision, apart from directional 

illumination, an object is often considered to be uniformly illuminated to 

account for weak (insignificant) light sources and multiple reflections from 

the environment. This nondirectional light source is often modelled as 

evenly distributed and is known as ambient light. To calculate the reflection 

of ambient light, termed as ambient reflection, a constant ambient 

reflectance coefficient is introduced to model the ratio of reflected ambient 

light to incident ambient light. This traditional modelling of ambient 

reflection, however, doesn’t follow any reflecting mechanism in optics [42]. 

This chapter examines the mechanism of ambient reflection by treating it as 

integrations of reflections of infinitesimal incident lights from the 

environment. It reveals that the ambient reflections of different surfaces are 

all different from the traditional modelling result. Instead of modelling 

ambient reflection independent to reflection model, this chapter suggests to 

model ambient reflection using the same reflection model as used in 

modelling non-ambient reflection.  

To create a realistic scene in computer graphics or to solve reverse 

problems (e.g., 3D reconstructions) in computer vision, reflection models 

are widely used, such as the Lambertian model and the Phong model. These 

reflection models mainly deal with slim light rays, while area lights are 

considered as integrations of slim rays. Light sources can also be modelled 

using spherical harmonics [6, 122, 123]. However, the use of high order 

spherical harmonics is often limited due to lack of information about the 

lighting environment and to insufficient computational power. These 
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researches are all limited to Lambertian surface assumption and didn’t 

consider specular reflections. Sloan et al. proposed a pre-computed radiance 

transfer method to achieve efficient rendering of scenes under spherical 

harmonic lighting modelling [55, 137]. Single or few point light sources are 

often considered while weak light sources such as background lights and 

environmental inter-reflections are grouped to form ambient light. In many 

cases, these weak lighting and reflections provide critical effects and 

information. Figure 37 shows 13 face images under ONLY ambient 

illumination in PIE face database for face recognition research [134]. These 

pictures help face recognition algorithms to extract intrinsic surface 

characteristics (hence discriminating features) better than images under 

strong directional illumination. Careful consideration of those “less 

significant” illumination and reflection is then required in these 

applications. In most cases, ambient light means area room lights [11, 39, 64, 

67, 72, 114, 134, 149]. Basri and Jacobs explained ambient light as the DC 

component of light spherical harmonics which is uniformly distributed 

around an object whose irradiance is constant in all directions [6]. 

 

 

Figure 37  13 face images taken under ambient light only in CMU-PIE 

database [134]. 
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A number of researches in computer graphics and computer vision deal 

with ambient reflection in various topics and applications. Ambient 

reflection is traditionally considered an independent reflection other than 

diffuse or specular reflections [20, 169]. The reflected ambient intensity 

from an object’s surface is expressed as 

 aakII = , (102) 

where aI  is the intensity of ambient light and ak  is the ambient reflectance 

coefficient of surface [42]. This modelling of ambient reflection, however, 

doesn’t follow any reflecting mechanism in optics. Cook and Torrance 

suggested that the reflection of ambient light was a combination of diffuse 

and specular components. For simplicity, they used the diffuse reflectance 

coefficient to substitute the ambient reflectance coefficient [32]. The 

ambient light is usually modelled as an evenly distributed incident light 

from the hemisphere above each surface point. Under this assumption, part 

of the hemisphere could be occluded by nearby geometry such as a nearby 

object. Ambient occlusion techniques approximate this effect by multiplying 

an occlusion factor to the traditional ambient reflection intensity [188]. The 

occlusion factor is a ratio of the un-occluded solid angle to the hemisphere 

solid angle π2 . Ambient occlusion catches extensive attention recently 

such as in [24, 31, 115, 128], in which their main focus is to accelerate the 

computation.  

In computer vision, especially in 3D reconstruction, the reflectance 

coefficients are to be inversely estimated from 2D images. Since most 

scenarios involve ambient light (or multiple “less significant” lights), the 
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ambient reflectance coefficients in the traditional ambient reflection model 

are reconstructed along with other reflectance coefficients, which makes the 

reconstruction process severely ill-posed and consequently intractable. If the 

ambient reflectance coefficients are substituted by other reflectance 

coefficient (e.g., a combination of diffuse and specular reflectance 

coefficients), the fewer variable parameters can make the reconstruction 

problem more tractable. For simplicity and better tractability, many 

researchers neglect ambient illumination and limit their algorithms within 

the scenarios of a single incident light, such as in [49, 51]. Other researchers 

substitute the ambient reflectance coefficient with other reflectance 

coefficients. Blanz and Vetter [18, 19] substituted the ambient coefficient 

with the diffuse coefficient when using the Phong model. On the other hand, 

however, a precise illumination and/or reflection model is also critical since 

all of the 3D information is reconstructed from the acquired 2D images 

based on the relationship of illumination and reflection specified by the 

model. The substitution of ambient reflectance coefficient with diffuse 

reflectance coefficient only considers diffuse component of ambient 

reflection and neglects the specular component of ambient reflection. Since 

The Phong model and the Cook-Torrance model both consider specular 

reflection of an incident light, the above approximations of ambient 

reflection were oversimplified and inconsistent to the modelling of non-

ambient reflection in the reflection models. 

Given a model of ambient light distribution, on the other hand, it is 

possible to calculate the corresponding ambient reflection just as calculating 

non-ambient reflections using a reflection model, such as in [187]. He et al. 
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directly integrated ambient light in their reflection model without ambient 

reflectance coefficient [63]. Will the integration of ambient reflection 

generate identical or similar results to the traditional approximation? This 

research intends to examine whether and how the traditional ambient 

modelling and ambient reflection integrations are different for various 

surface materials. For non-convex objects, the focus of this chapter is the 

recalculation of the traditional ambient reflection intensity so that the 

strategy is different from that of ambient occlusion, because ambient 

occlusion assumes the ambient reflection intensity to be constant and 

computes the un-occluded solid angle. This research also explains the 

rationales of substituting ambient reflectance coefficients with diffuse 

reflectance coefficients as used in [18, 19, 32] and the conditions of this 

substitution. Four reflection models are chosen to cover different levels of 

accuracy in reflection modelling as the Lambertian model deals with diffuse 

reflection (Lambertian reflection) only; the Phong model deals with the 

Lambertian reflection and exponential empirical specular reflection; the 

Cook-Torrance model deals with the Lambertian reflection and specular 

reflection based on optical physics; and the He model deals with the 

Lambertian reflection, directional diffuse reflection, and perfect specular 

reflection. More importantly, pre-integrated formulations of ambient 

reflection are presented for faster computation in computer graphics and for 

solving reverse problems in computer vision.  

This chapter is organised as follows. Section 7.2 examines the 

mechanism of ambient reflection on four different surfaces by treating it as 

a reflection integration of infinitesimal incident lights from the environment 
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with different levels of accuracy and complexity. In Section 7.3, new 

variable formulations of ambient reflection are proposed for the Lambertian 

surfaces and the Phong surfaces. Conclusion is drawn in Section 7.4.  

7.2 Reconsideration of ambient reflection 

When an object is placed in a bright room, there are usually multiple 

light sources around the object such as ceiling lamps, lights from windows, 

and inter-reflections from the walls. It is often difficult to model all of the 

lights precisely due to lack of information about the environment and to 

insufficient computational power. These large and sometimes insignificant 

area lights are then approximated as ambient light, especially when other 

significant (stronger and closer to the object) lights are also in consideration. 

Ambient light is as aforementioned uniformly distributed in a unit sphere 

around the object. It can be explained as the DC component of the light 

spherical harmonics [6]. Based on this modelling, the intensity of ambient 

light is considered constant in a specific scene.  

To determine the reflected intensity of ambient light, an empirical 

ambient reflectance coefficient ak  was introduced to model the ratio of 

reflected ambient light to incident ambient light. This coefficient was 

traditionally considered constant which is independent to scene geometry, 

viewing conditions, and non-ambient reflectance coefficients. Its value is 

either arbitrarily assigned [20, 169] or equal to diffuse reflectance 

coefficient dk  [18, 19, 32]. The reflected ambient intensity is then 

calculated using Equation 102. Consequently, the ambient reflection from a 

specific surface point is proportional to ambient light intensity and constant 
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regardless of all other parameters. In this study, this traditional modelling is 

reconsidered and examined with comparison to integrated ambient 

reflection of various surfaces characterised by four popular reflection 

models, i.e., the Lambertian model, the Phong model, the Cook-Torrance 

model, and the He model. 

 

Table 11 Nomenclature 

 

 

7.2.1 Ambient light 

Other than using Equation 102, one can treat ambient light and 

reflection as an integration of infinitesimal incident lights and reflections 

using reflection models directly. For a surface point on a convex object, the 

ambient light from a hemisphere reaches the surface and gets reflected. If 
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the object is not convex, ambient light from some regions in the hemisphere 

may be blocked by other parts of the object (ambient occlusion) [115, 188]. 

The solid angle where ambient light reaches the surface point is called 

unblocked angle and denoted as Π . Given the shape of an object, Π  for a 

surface point can be obtained by examining object geometry. The maximum 

value of Π  is π2 . Ambient light is assumed evenly distributed whose 

irradiance is denoted as ai . The ambient intensity is then calculated as 

 ∫∫
Π

= aaa diI ω , (103) 

where 

 αβαω sinddd a ⋅= , (104) 

is the infinitesimal solid angle within Π  (see Figure 38). Equation 103 

indicates that aI  is spatially varying on the object due to ambient occlusion. 

This variation affects ambient reflection for non-convex objects. Only when 

an object is convex, Equation 103 becomes aa iI ⋅= π2  where aI  is 

assumed constant as in the traditional ambient reflection approximation 

(Equation 102). 
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Figure 38  Ambient light and solid angle. 

 

7.2.2 Ambient reflection of Lambertian surfaces 

Assume the surface reflection of a given object obeys Lambert’s law 

[84]. The reflected intensity of a point light source on a Lambertian surface 

is expressed as 

 ( )0),(max LNkIJ dLpL

��
⋅= . (105) 

Considering ambient light as distributed infinitesimal point lights, ambient 

reflection can thus be integrated as 

 ∫∫
Π

⋅= adLaaL dLNkiJ ω)(
��

, (106) 

which indicates that ambient reflection of a Lambertian surface is view-

independent and only dependent on the Lambertian diffuse reflectance 

coefficient and the unblocked solid angle Π . Figure 39 shows how ambient 

reflection of a concave object (bowl-shaped hemisphere) gets affected due 
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to ambient occlusion. Under pure ambient illumination (bottom row), the 

traditional method generates uniform reflection on the surface while the 

proposed integration generates lower reflections for inner surfaces than for 

outer surfaces. The integrated ambient reflection from the inner surfaces is 

spatially varying as central points reflect less ambient illumination than 

marginal points do, since Π  differs. 

 

Figure 39  Lambertian concave hemispheres (bowl-shaped) rendered using 

conventional model (left column) and proposed integration 

(right column). For all hemispheres, 200=aI , π2/aa Ii = , 

5.0== dLa kk . The top row has a directional incident light from 

top-left 45 degrees with intensity 200=pI , while the bottom 

row has ambient illumination only. 

 

For convex objects, Equation 106 becomes 

 ( ) dLa

a

dLaaL kiddkiJ παβαα
π π

β

2cossin
2/

0

2

0

=⋅= ∫ ∫
= =

. (107) 
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which is similar to Equation 102. The traditional modelling then becomes 

valid if the ambient reflectance coefficient is assigned properly ( dLa kk = ). If 

the ambient reflectance coefficient is other than the Lambertian diffuse 

reflectance coefficient for a convex Lambertian object, the created scenes 

are not valid in reality, and thus cannot be used in computer vision for 

reconstruction or recognition purposes. However, it may be employed to 

produce exaggerated effects as used in cartoon productions. For non-convex 

objects, the Lambertian diffuse reflectance coefficient is the upper bound of 

ambient reflectance coefficient which is the ratio of ambient reflection to 

ambient light. 

7.2.3 Ambient reflection of Phong surfaces 

In Phong model [118], the reflected intensity of a point light Ip is 

expressed as 

 ( ) ( ) Pn

psPppdLpaaP VRkILNkIkIJ 0),(max0),(max
����

⋅+⋅+= . (108) 

The Phong model separated the reflection into a diffuse component and a 

specular component where the diffuse term is identical to the Lambertian 

model (Equation 105). To calculate the ambient reflection of a Phong 

surface, the diffuse component is identical to Equation 106 and the specular 

component aPsJ  is calculated as 

 ( )∫∫
Π

⋅= a

n

asPaaPs dVRkiJ P ω0),(max
��

, (109) 
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where ( )TaL βααβα sinsin,cos,cossin=
�

 is the ambient direction and 

aaa LLNNR
�����

−⋅= )(2  is the reflecting direction. The overall ambient 

reflection is combined as 

 ( )∫∫
Π

⋅+⋅= a

n

asPadLaaP dVRkLNkiJ P ω]0),(max)([
����

.  (110) 

This equation shows that the reflected intensity of ambient light is variable 

due to changes of object geometry (so that Π  and N
�

 change), reflectance 

coefficients ( dLk , sPk , and Pn ), and viewing condition V
�

.  

For a convex object where π2=Π  , Equation 110 becomes 

 ( )
















⋅⋅+= ∫∫
≤≤
≤≤

πβ
πα

βαα
π

π
20

2/0

0),(maxsin
2

2 ddVR
k

kiJ Pn

a
sP

daaP

��
, (111) 

which indicates that the ambient reflection is actually a variable 

combination of diffuse and specular reflections and the value is dependent 

on the object geometry and viewing direction.  

Figure 40 illustrates the specular component of ambient reflection of 

the Phong surfaces with varying Phong specular exponent Pn  and viewing 

angle µ . Ambient reflection is high when Pn  and µ  are small and reduces 

as Pn  and µ  increase. In Figure 41, images of spheres with different 

conditions were generated using both traditional ambient modelling and the 

ambient reflection integration of the Phong surfaces. The upper row shows 

the spheres generated using the traditional ambient modelling, while the 

bottom row shows spheres generated using the proposed calculation 
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(Equation 111). The spheres in the bottom row are brighter since ambient 

integration considers specularity of ambient reflection which is not included 

in the upper row. Figure 42 presents the experimental results on black balls 

( 0=dLk ) when the point light is switched off and strong ambient intensity is 

selected for rendering. The purpose of this experiment setting is to 

emphasise ambient reflection and reveal inter-pixel differences. It is 

observed that the ambient reflection varies with respect to specular exponent 

Pn , specular reflection sPk , and surface normal N
�

. The variation of 

ambient reflection in each row is due to different values of Pn  from 1 to 5; 

the variation in each column is due to different values of sPk  among 0.1, 

0.25, and 0.5; and the variation of ambient reflection within a sphere is 

caused by varying N
�

. 

 

Figure 40  Specular component of ambient reflection of the Phong surfaces 

with respect to viewing angle µ  and specular exponent Pn . 
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Figure 41  Spheres rendered using both the traditional ambient modelling 

(upper row) and ambient integrations based on the Phong model 

(bottom row) with respect to specular reflection exponent Pn . 

For all spheres, 170== pa II , 45.0== dLa kk , 5.0=sPk . From 

left to right, =Pn 3, 5, 10, 27, and 200. 

 

Figure 42  Black spheres rendered using ambient reflection integration 

based on the Phong model with respect to specular reflectance 

coefficient sPk  and exponent Pn . For all spheres, 1000=aI , 

0=pI , 0=dLk . From left to right, =Pn 1, 2, 3, 4, and 5. From 

top to bottom, =sPk 0:1, 0.25, and 0.5. 
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7.2.4 Ambient reflection of Cook-Torrance surfaces 

Cook and Torrance [63] modelled surface reflection as 

 ( )
)(

0),(max
VN

DGF
kILNkIkIJ sCppdLpaaC ��

��

⋅
+⋅+=

π
, (112) 

where geometrical attenuation factor G  is expressed as 
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⋅⋅

⋅
⋅⋅=
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����

��

����

, (113) 

facet slope distribution function D  is Beckmann distribution function which 

is  

 
2]/[tan

42 cos4
1 me

m
D φ

φ
−= , (114) 

and if the surface is dielectric (as in this chapter), Fresnel equation F  is 

expressed as 
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cgc

cgc

cg

cg
F , (115) 

where )( HLc
��

⋅= , 1222 −+= cg µ , and µ  is index of refraction. When the 

ambient lighting direction aI  changes as happens when being integrated 

within Π , all G , D , and F  change since they are all associated with L
�

. 

When the ambient lighting direction aI  changes during the integration, all 

G , D , and F  change because they are all associated with L
�

. Like the 

Phong model, the Cook-Torrance model has the identical expression of 
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diffuse component of ambient reflection to Equation 106. The specular 

component of ambient reflection of a Cook-Torrance surface is integrated as  

 ( )∫∫
Π

⋅⋅⋅
⋅

= a
sCa

aCs dGDF
VN

ki
J ω

π )(
�� . (116) 

Figure 43 shows the specular component of ambient reflection of the 

Cook-Torrance surfaces with varying surface roughness m , refractive index 

µ , and viewing angle θ . The specular component is associated with 

parameters of surface properties, geometry, viewing conditions, and 

wavelengths of ambient light. Figure 44 gives black spheres rendered using 

the proposed ambient reflection integration using the Cook-Torrance model 

with different m  and µ . The results attest that viewing angle θ  has bigger 

influences on smooth surfaces than on rough surfaces. Refractive index µ  

mainly affects the amount of reflected intensity. 
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(a) 

 

(b) 

Figure 43  Specular component of ambient reflection of the Cook-Torrance 

surfaces with respect to refractive index µ  and surface 

roughness m  at viewing angle �0=µ (a), �30 (b), �60 (c), 

�80 (d), respectively. 
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(c) 

 

(d) 

Figure 43  Specular component of ambient reflection of the Cook-Torrance 

surfaces with respect to refractive index µ  and surface 

roughness m  at viewing angle �0=µ (a), �30 (b), �60 (c), 

�80 (d), respectively. 
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Figure 44  Black spheres rendered using the proposed ambient reflection 

integration based on the Cook-Torrance reflection model with 

respect to refractive index µ  and surface roughness m . From 

top to bottom, =µ 1.5 (glass), 2.0 (crystal), 2.705 (copper 

oxide), and 3.34 (iodine crystal). From left to right, =m mµ1.0 , 

mµ15.0 , mµ2.0 , mµ3.0 , mµ4.0 , and mµ5.0 . 

7.2.5 Ambient reflection of He surfaces 

He et al. modelled surface reflection from an object surface as a 

combination of specular, directional diffuse, and uniform diffuse 

(Lambertian) reflection [63]. The reflected intensity of a point light source 

pI  is expressed as 

 )()( udddspppH LNIJ ρρρ ++⋅⋅=
��

, (117) 

where  

 ∆⋅=
i

s
sp θ

ρρ
cos

, (118) 
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ri

dd

DSGF

θθπ
ρ

coscos
|| 2 ⋅⋅⋅= , (119) 

and  

 dLsp k=ρ  (120) 

are specular, directional diffuse, and uniform diffuse reflectivity, 

respectively. The ambient reflection of a He surface can be integrated as 

 ∫∫
Π

++⋅= audddspaaaH dLNiJ ωρρρ ))((
��

. (121) 

Only the uniform diffuse component of ambient reflection is 

independent to viewing direction and object geometry (if convex), while 

both specular and directional diffuse components are associated with object 

geometry, viewing direction, wavelength, and surface property. 

Black spheres are rendered based on the proposed ambient reflection 

integration on He surfaces. The results under different conditions are shown 

in Figure 45. The four parameters λ  (ambient light wavelength), τ  

(autocorrelation length), m  (surface roughness), and µ  (refractive index) 

are varied respectively in each of the four rows. It is evident that the 

ambient reflection of He surfaces is dependent on all of the four parameters 

as well as surface normal. 
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Figure 45  Black spheres rendered using the proposed ambient reflection 

integration based on the He model with respect to ambient light 

wavelength λ , autocorrelation length τ , surface roughness m , 

and refractive index µ . For all spheres, mµλ 565= , mµτ 12= , 

mm µ48.0= , 75.2=µ  unless they are specified otherwise. 

From left to right, the first row: =)( mµλ 685 (red), 580 (yellow), 

565 (median visible wavelength), 533 (green), and 473 (blue); 

the second row: =)( mµτ 3, 6, 9, 12, and 16; the third row: 

=)( mm µ =0.18, 0.28, 0.38, 0.48, and 0.58; and the last row: 

µ =1.5 (glass), 2.0 (crystal), 2.705 (copper oxide), and 3.34 

(iodine crystal). 

 

7.2.6 Comparison of calculated ambient reflections 

The above analysis in this section suggests that ambient reflection is 

variable and is dependent on the selection of reflection models. The visual 

comparison of animated ambient reflection of the Lambertian surface, the 
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Phong surface, the Cook-Torrance surface, and the He surface is shown in 

Figure 45. All of the four spheres are under ambient illumination only. The 

sphere in Figure 45(a) is grey ( 0>dLk ) while the other three spheres are 

black ( 0=dLk ). When different reflection models are selected to 

approximate the surface reflection, ambient reflection is dependent on 

various parameters from surface orientation to light wavelength. Table 12 

compares the independent variables which control the ambient reflection of 

different surfaces. All calculations of ambient reflection of the four surfaces 

suggest that the traditional modelling is oversimplified and consequently 

unsuitable to the more complicated and accurate reflection models. Since 

the ambient reflection exists in variable forms dependent on surface 

materials, object geometry, and viewing conditions, ambient reflection 

analysis requires different sets of parameters with different approximation 

levels of surface reflection. 

To keep the consistency of object surface reflecting properties, both 

ambient reflection and non-ambient reflection should be analysed based on 

the same reflection model. Hence, ambient reflection cannot be modelled 

traditionally as a constant regardless of the choice of reflection models. It 

has to be calculated using the same reflection model as used in calculation 

of non-ambient reflections. 
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Figure 46 Ambient reflections of (a) the Lambertian surface, (b) the Phong 

surface, (c) the Cook-Torrance surface, and (d) the He surface. 

 

Table 12 Independent variables for ambient reflection calculation of 

different surfaces. 

 

(a) Abbreviations:  

 Tr-Traditional modelling of ambient reflection;  

 La-Lambertian surface;  

 Ph-Phong surface;  

 CT-Cook-Torrance surface; and  

 He-He surface.  

(b) The ambient reflectivity is equivalent to dLk  only when an object is 

convex.  

(c) aI  is the intensity. 
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7.3 New formulations of ambient reflection 

Although integrations of ambient reflections using reflection models are 

feasible, one might prefer to use simpler formulations without integrations. 

These formulations, if derivable, may facilitate researchers in computer 

vision to solve reverse problems such as object reconstructions and surface 

feature extractions. Based on the analysis in Section 7.2, new formulations 

of ambient reflection of the Lambertian surfaces and the Phong surfaces are 

proposed. For the Lambertian surfaces, the new ambient reflection 

formulation is the same as the traditional model for convex objects but ak  

has to be assigned as dLk  (Equation 106).  

For non-convex objects, ambient light may be occluded by protruded 

parts of the object and then be attenuated [188]. The reflected ambient light 

can be consequently modelled as multiplications of the calculated ambient 

reflection for convex objects with the ambient occlusion attenuation factor. 

Since the diffuse reflection is independent to reflecting directions, the result 

of ambient occlusion is identical to that of the integration of infinitesimal 

reflection rays. Recently, ambient occlusion has been extensively studied 

and several acceleration schemes have been proposed [31, 80, 115]. 

Ambient occlusion can significantly reduce the computation time than full 

global illumination computation and therefore real-time rendering can be 

achieved. 
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7.3.1 New ambient reflection formulation of Phong surfaces 

To facilitate the derivation of ambient reflection formulation based on 

the Phong model, a polar coordinate system is introduced as shown in 

Figure 47. The surface point is at the origin, z  axis is built along V
�

, y  axis 

is coincident with )( VN
��

×− , and x  axis is with )( zy
�� ×  as specified in 

Figure 47. 

 

 

Figure 47 Polar coordinate system used in Subsection 7.3.1. 

 

Let 'α  and 'β  denote the azimuth and zenith angles between V
�

and aR
�

 

with respect to y  axis, respectively. The ambient light is modelled as in 

Equation 103 and the infinitesimal ambient light corresponding to reflected 

direction aR
�

 is expressed as  

 'cos'')','( ββαβα ddidI aa ⋅= . (122) 
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In the Phong model, the specularly reflected intensity of )','( βαadI  is 

calculated as 

 Pn
sPaaPs kddidJ )0,max(cos'cos'')','( φββαβα ⋅⋅= , (123) 

where φ  is the angle between reflecting vector aR
�

 and viewing direction V
�

. 

In Figure 47, reflected direction aR
�

 can be converted to Cartesian 

coordinates as 

 )'cos'cos'sin,'cos'sin( βααβα=aR
�

, (124) 

and TV )1,0,0(=
�

. Therefore,  

 'cos'cos)(cos βαφ =⋅= VRa

��
. (125) 

So φ  is calculated as )'cos'arccos(cos βαφ = . Zenith angle 'α  varies 

within the range of 




−
2

,
2

ππ
 otherwise the object surface is not visible. 

Denote the angle between surface normal N
�

 and viewing direction V
�

 as θ  

where 




−∈
2

,
2

ππθ , otherwise the object surface is not visible. Since only 

the incident ambient light from the top hemisphere with respect to surface 

normal reaches a convex object surface, the reflected beams are also limited 

within the top hemisphere as  

 




 ++−∈ θπθπα
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,
2
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On the other hand, only positive φcos  is considered in Equation 123 and 

negative φcos  is set to 0. Therefore, the range of 'α  is a union of 




−
2

,
2

ππ
 

and 




 ++− θπθπ
2

,
2

, which is 




 +−∈
2

,
2

'
πθπα . 

The specular component of ambient reflection is expressed as 

 ( )∫ ∫
+− −

+=
2/

2/

2/

2/

1 '''cos'cos
π

θπ

π

π

αββα ddkiJ PP nn
sPaaPs . (127) 

Analytical solutions exist when Pn  is an integer. Since Pn  is an integer, 

Equation 127 becomes 

 Τ⋅Γ⋅= sPaaPs kiJ , (128) 

where  

 ∫
+−

=Γ
2/

2/

''cos
π

θπ

αα dPn , (129) 

and  

 ∫
−

+=Ψ
2/

2/

1 ''cos
π

π

ββ dPn . (130) 

Based on the following two formulas of integrals of trigonometric functions,  
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Equations 131 and 132 are integrated as 
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and 
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Therefore, Equation 127 becomes  
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Combined with the diffuse reflection of ambient light, the total ambient 

reflection becomes ηsPadLaa kIkIJ +=  where  
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When 0=θ  which means viewing direction is along surface normal, 

ambient reflection is calculated as  
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Table 13 lists three η s when =n 0, 1, 2 with arbitrary θ .  

 

Table 13 η  for different specular exponent Pn  

 

 

The pre-computation of ambient reflection of the Phong surfaces is 

limited to convex objects. For non-convex objects, both diffuse and specular 

components of the ambient reflection will be attenuated since the ambient 

light sources are occluded. The diffuse component can be treated using 

ambient occlusion as previously discussed, because it is the same 

component with that of the Lambertian surfaces. The calculation of specular 

reflection of ambient light is a global illumination problem and a case-by-

case computation, because the reflected intensity is viewpoint dependent. If 

the computation time is a critical issue such as in a real-time rendering 

application, the idea of ambient occlusion might also be applied to 

approximate the actual specular reflection of ambient light. For example, the 

approximated ambient reflection can be modelled as the multiplication of 

the ambient reflection for convex objects with the ambient occlusion 

attenuation factor.  

7.4 Conclusion 

This chapter examined the mechanism of ambient reflection of object 

surfaces characterised by four popular reflection models and analysed 

ambient reflection as reflection integrations of infinitesimal incident beams 
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from the environment. These ambient reflection integrations were compared 

to the process of the traditional modelling of ambient reflection. Substantial 

differences were found which challenged the validity of the traditional 

method. For convex objects, the Lambertian approximation generated 

uniform ambient reflection which suggested the replacement of the ambient 

reflectance coefficient with the diffuse reflectance coefficient in the 

traditional method. Ambient reflections of the Phong surfaces, the Cook-

Torrance surfaces, and the He surfaces include specular components 

dependent on object geometry, viewing direction, surface property, and light 

characteristics which were previously ignored. For non-convex objects, 

ambient reflections were also affected by ambient occlusion for all of the 

four surfaces. Therefore, the traditional ambient reflection model is 

oversimplified and not consistent to the more accurate reflection models. 

Instead, ambient reflection should be analysed using a carefully selected 

reflection model suitable to the requirement of accuracy. To enable fast 

computation in computer graphics and to facilitate researchers to solve 

reverse problems in computer vision, new ambient reflection formulations 

are derived for the Lambertian and Phong models based on the suggested 

ambient reflection integrations.  

 





 

8 Lighting Analysis and Texture Modification of 3D 
Human Face Scans  

 

The 3D scanning of human faces is an important tool to acquire 

accurate shape and texture information of heads and faces for both 

animation and recognition purposes. One of the most popular scanning tools 

is Cyberware head and face 3D colour scanner. Currently, 3D face databases 

scanned using the Cyberware head and face 3D colour scanner databases are 

public available and have been used in many face recognition system as the 

training data, one of which is USF human ID 3-D database. The mechanism 

of facial texture capturing, however, remains unclear due to the special 

settings of the light sources during scanning. The direct application of the 

acquired texture intensity as the albedo of the face surfaces leads to 

suboptimal modelling results. This chapter analyses the lighting 

configuration of the scanner and proposes an appropriate reflectance model 

to describe the reflecting mechanism when scanning. The texture 

modifications can be carried out in the existing scanning results without any 

further scans. Experimental results show that the proposed reflectance 

model can better approximate the reflecting situation of scanning so that the 

acquired textures can be directly used as diffuse reflectance coefficients and 

achieve better rendering results.  
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8.1 Introduction 

The 3D scanner (e.g., Cyberware head and face 3D colour scanner [38]) 

provides accurate 3D shape information of human faces. While capturing 

shape information by a laser beam, the head of the subject is also 

illuminated by movable light sources installed on the scanner’s head for the 

camera to capture a texture map of the face surface. The synchronisation of 

shape and texture acquisition is critical so that the point-wise 

correspondence could be established during scanning. For the Cyberware 

head and face 3D colour scanner, white light sources are then installed on 

the scanning head near the 3D camera. During scanning, the region being 

scanned for shape information is immediately illuminated by the lamp and 

captured for texture information. In this way, both shape and texture 

information of the same points on the face surface is measured at almost the 

same time to prevent the movement of the subject and the consequent 

misalignment.  

Then, the shape and texture information can be used in various 

applications such as re-rendering under new illumination and viewing 

conditions. Since the light source in the scanner is movable, the lighting 

condition for different points on the surface may be different. Consequently, 

the direct texture-mapping of the original captured image intensity to the 

object shape cannot synthesise correct 2D images under ordinary fixed light 

source(s). This chapter proposes a new lighting model to address this texture 

adjustment and re-estimation problem. Under Lambertian reflectance model, 

the captured texture map can be adjusted using the proposed texture 
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modification scheme to resemble Lambertian diffuse reflectance coefficient 

map (i.e., bidirectional reflectance distribution function, BRDF).  

8.2 The reflectance model for the 3D scanning 

This chapter is motivated by the use of a large dataset of face scans in 

the synthesis of 3D faces [18] and face recognition across variation in pose 

[19]. In these researches, 200 3D face scans were used as prior knowledge 

of human faces for building a 3D morphable face model based on principal 

component analysis. Both of the geometric and textural information are 

acquired using the Cyberware scanner. The scanned texture information was 

directly stored in the dataset as the training data for the principal component 

analysis. Then the principal components of facial textures were extracted 

and used in Equation 6 of [18] as the diffuse reflectance coefficients of 

Phong model [118].  

Vetter and Blanz [150] explained the use of scanned texture as diffuse 

reflectance coefficient that the movable light source can be approximated as 

background lights uniformly distributed in the environment and the diffuse 

reflectance coefficient and the ambient reflectance coefficient were 

interchangeable in the Lambertian model. The substitution of ambient 

reflectance coefficient by diffuse reflectance coefficient is valid under 

convexity assumption. The approximation of the movable light source of the 

Cyberware scanner to be ambient light source, however, is far from reality, 

since the light source is slim lamps which is incapable to provide a large 

area light and hence cannot be approximated as a uniformly distributed 

background light.  
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This chapter carefully examines the lighting conditions of the scanning 

process of human faces for the Cyberware scanner and proposes a novel and 

specific lighting model to resemble the scanning condition. Using this 

lighting model, the textures of scanned human faces can be modified and 

then used as diffuse reflectance coefficients as did in [18] and [19]. The 

proposed texture modification scheme considers the relationship of incident 

light sources and the surface geometries during scanning and then is more 

appropriate than the rough approximation of scanner’s lights as ambient 

light. 

8.2.1 Reflectance models 

The reflected intensity (i.e., the image intensity) in the Phong 

reflectance model is expressed as  

 υ)())(( VRkIkLNIII sddddar

����
⋅+⋅⋅+= , (138) 

where aI  and dI  are the ambient and directional light intensities 

respectively, N
�

 is the surface normal direction, dL
�

 is the direction of the 

directional light dI , dk  and sk  are the diffuse and specular reflectance 

coefficients respectively, R
�

 is the reflecting direction which is 

LLNR d

����
−⋅= )(2 , V

�
 is the viewing direction pointing from the surface 

point to the camera, and υ  is the specular reflectance exponent.  

If the surface is dull matte, it doesn’t have specular reflection of the 

incident lights. The reflection can be approximated well by the Lambertian 

model as  
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In the above equation, ambient light and reflection is also neglected. 

The ambient light is often approximated as uniformly distributed incident 

area light from the environment and the reflection of ambient light (i.e., 

ambient reflection) can be modelled using an ambient reflectance coefficient 

ak  as  

 aaambr kII =, . (140) 

Under the Lambertian model, ak  can be substituted by dk .  

8.2.2 Analysis of the lighting conditions 

Cyberware Head & Face Colour 3D Scanner is widely used for 

acquisition of the shape and texture information of 3D human faces. While 

scanning, the scanner projects low-intensity laser beams to the face surface. 

Two cameras captures the laser profile in two different viewpoints and the 

shape information can then be estimated using stereo vision. At the same 

time, lamps installed in the scanner’s head provide light sources for texture 

acquisition (see the two lamps on the moving scanner head in Figure 48.)  

Since the light source is movable, it generates a special lighting 

condition which is different to the existing lighting condition with fixed 

light sources. In [18, 19], this light source is approximated as ambient light, 

which generalised the two slim lights as the spatially uniform distributed 

area light within the whole hemisphere. Then the diffuse reflectance 
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coefficient (albedo) dk  which is equivalent to ambient reflectance 

coefficient ak  can be estimated using Equation 139.  

This rough assumption, however, results in suboptimal acquired facial 

texture evident that the regions with fine structures are relatively darker than 

the smoother region. To correct this texture acquisition, a novel and better 

lighting model is proposed for the head and face scanner, which is to 

improve the texture acquisition. In this chapter, the incident light is 

modelled as movable light sources from infinity as shown in Figure 49. 

While scanning the surface point P , the scanner camera is located in the 

line connecting the centre point and P . The lamps are located in the right 

and left sides of the scanner’s head symmetrically and let α  denote the 

angle between the incident light and the centre line (note this direction is not 

necessarily the normal direction).  
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Figure 48 The Cyberware Head & Face Colour 3D Scanner [38] and the 

scanning process. 

As the heights on the human face are variable due to different facial 

components (e.g., the nose tip is higher than the lips), α  is not constant. 

Provided the scanned surface shape and the configuration of the scanner, it 

is possible to calculate exact α  values for every point. In this chapter, 

however, I assume a constant α  value to simplify the texture analysis since 

the variations of face shape from a cylinder are relatively small compared to 

the distance of the two lamps to the head.  

Under the Lambertian assumption, then, the acquired texture intensity 

can be expressed as  

 [ ] ddr kLNLNII ⋅⋅+⋅⋅= )()( 21

����
, (141) 
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where 1L
�

 and 2L
�

 are the directions from the two lamps respectively. 

Suppose the angles between the two lamps and the normal direction N
�

 are 

1γ  and 2γ , respectively. One has )(cos 11 LN
��

⋅=γ  and )(cos 22 LN
��

⋅=γ .  

 

 

Figure 49 The human face scanning using Cyberware Head & Face Colour 

3D Scanner. 

 

Surface normal N
�

 is calculated using B-spline surface approximation 

on 16 neighbour points in a facial area as  

 ),(),( yxQ
y

yxQ
x

N
∂
∂×

∂
∂=

�
, (142) 



Lighting Analysis and Texture Modification of 3D Human Face Scans 211 

where ( , )Q x y  is the B-spline surface matrix [42]. Suppose the azimuth and 

zenith angles between surface normal N
�

 and centre line are θ  and φ  

respectively, the angles 1γ  and 2γ  can be expressed as  

 
)cos(

)(2coscos
cos 1 θα

θαφγ
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−= , (143) 

and 
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Therefore, Equation 141 becomes  

 ddr kII ⋅








+
++

−
−⋅=

)cos(

)(2cos

)cos(

)(2cos
cos

θα
θα

θα
θαφ . (145) 

Then the acquired texture should be modified by dividing by a factor 
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coefficients. The modified texture 'T  can then be calculated as  
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where T  is the original acquired texture using the scanner.  

8.3 Texture modifications and results 

In the experiment, the parameter was set as �30=α . The USF human 

ID 3-D database is processed with the calculated shape and normal 

information and proposed texture modification (Equation 146). The 
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individual facial textures were modified using Equation 146 and the results 

are shown in Figure 50 and 51. The IDs of these two faces in the database 

are 03513 and 03721, respectively.  

 

Figure 50 The shape and texture of person 03513 in the USF human ID 3-

D database (a) before texture modification, and (b) after the 

proposed texture modification. 

 

 

Figure 51 The shape and texture of person 03721 in the USF human ID 3-

D database (a) before texture modification, and (b) after the 

proposed texture modification. 
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The average texture can also be modified in the same manner since it is 

a linear principal component analysis. The results are shown in Figure 52 

and 53. 
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Figure 52 The average face shape and texture in the frontal view (a) before 

texture modification, and (b) after the proposed texture 

modification. 

 

 

Figure 53 The average face shape and texture from a rotated viewing angle 

(a) before texture modification, and (b) after the proposed 

texture modification. 

 

From the above texture modification results, the modified texture can 

be used as the diffuse reflectance coefficient in the 3D face models while 

the originally acquired textures are suboptimal due to the inaccurate 

modelling of the lighting conditions of the scanning environment. 
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Especially on the occluded region of the faces such as the region near eyes, 

the original textures tend to be dark due to the lack of consideration of the 

structure and the big angle between normal direction and lighting directions. 

The modified textures are then corrected and there are also few shadow 

effects on the surfaces. The texture modification approach could be used in 

later face recognition and face modelling process and a better result could 

be expected because of the validity of lighting condition approximation.  

8.4 Conclusion 

Cyberware Head and Face Colour 3D Scanner is one of the most widely 

used 3D scanners for modelling 3D face shapes and textures in the face 

animation and recognition research and application community. Through 

careful examination of the lighting condition of the scanning process of the 

Cyberware Head and Face Colour 3D Scanner, this chapter proposed a 

novel lighting model and a texture modification scheme to improve the 

acquired texture information so that it can be used as diffuse reflectance 

coefficient under the Lambertian reflectance model. The existing modelling 

of the lighting condition as ambient light is not correct due to the presence 

of two slim lamps in the scanner’s head. The proposed light model considers 

the positions and moving conditions of the two lamps and therefore better 

resembles the scanning process. Then a modification scheme is proposed 

based on the new light model under the Lambertian reflection model.  

In experiment, 3D face models in public available database were 

processed and their textures were modified using the proposed approach. 

The experimental result shows that the proposed approach improves the 
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acquisition of textures for the scanner and the use of this approach could 

subsequently improve the performance of face recognition and modelling 

algorithms which use the 3D face database. The future work of this research 

may lie in the incorporating non-Lambertian reflection model into the 

texture acquisition, which could enable the estimation of both diffuse and 

specular reflectance coefficients of the face surface during scanning. 

 



 

9 Conclusions 

 

Pose variation has long been a crucial and challenging problem in face 

recognition techniques, which limits the full realisation of the non-intrusive 

feature of face recognition. Through 3D reconstructions, this research 

played an important role in improving pose tolerance of existing face 

recognition techniques. The framework of 3D face modelling and face 

recognition using rotated virtual views has been proposed. Three novel 

pose-invariant face reconstruction and recognition approaches, i.e., 

heterogeneous specular and diffuse (HSD) face modelling approach, 

multilevel quadratic variation minimisation (MQVM) approach, and 

automatic facial texture synthesis (AFTS) approach were presented and 

evaluated, which solved pose variation problems in different application 

scenarios. Ambient light and reflection were reconsidered for popular 

reflectance models and face texture acquisitions were improved for 3D face 

scanner, both of which are closely related to the research topic on pose-

invariant face recognition through 3D reconstructions. All of these 

researches improved the performance of 3D face reconstruction and helped 

generalise the capabilities of existing face recognition techniques in 

handling pose variations. The detailed summary is given in Section 9.1 and 

the future perspectives are suggested in Section 9.2. 
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9.1 Summary  

This thesis started at the discussions of the importance and challenges 

of pose-invariant face recognition and suggested that 3D reconstructions 

might help face recognition techniques to achieve higher performance under 

pose variations. In the literature, three broad categories of recognition 

strategies, 1) general face recognition, 2) 2D face recognition techniques 

handling pose variations, and 3) face recognition across pose with assistance 

of 3D models, have been reviewed and discussed. The following three major 

points were raised. 1) Face recognition using 3D models is superior to face 

recognition using pure 2D pose transformations in handling large pose 

variations (e.g., a 45 degree rotation); 2) The treatment of face surface 

textures is suboptimal compared to that of face shapes; and 3) The scenario 

of using multiple gallery views such as a combination of mug shots remains 

sparsely investigated in face recognition across pose.  

Based on these findings, this research made the following investigations 

and contributions. 3D reconstructions have been utilised to assist pose-

invariant face recognition techniques, which demonstrated the effectiveness 

of using personalised 3D face models reconstructed from three different 

scenarios (i.e., photometric stereo gallery, mug shot gallery, and single 

frontal gallery) in face recognition across pose.  

Intensive attentions were paid on the reflectivities of face surfaces. 

Based on the observation that human faces are complex surfaces with both 

spatially varying specular and diffuse reflections, a novel 3D face modelling 

has been proposed covering both diffuse and specular reflections and 
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allowing them to vary spatially. Under a typical photometric stereo setting, 

the proposed heterogeneous specular and diffuse (HSD) modelling approach 

reliably and accurately estimated both 3D shape and texture information 

from multiple frontal images under variable lighting conditions. The HSD 

approach was tested on both synthetic images and real face images in 

comparisons with other techniques employing simplistic surface 

approximations. The experimental results showed that the HSD approach 

achieved more accurate reconstruction results and consequently face 

recognition using the HSD approach is effective in handling pose variations. 

This successful investigation may lead to a new direction in face modelling 

and recognition to consider realistic face surface approximations.  

A face recognition scenario of using the mugshot style gallery views 

(i.e., a frontal view and a side view per person) to handle pose variations has 

been investigated, which provided a direct use of the existing police 

mugshot databases. In the proposed multilevel quadratic variation 

minimisation (MQVM) approach, face shapes and textures were 

reconstructed from a set of orthogonal (mugshot style) gallery views 

consisting of a frontal view and a side view. The personalised face shapes 

were reconstructed from a set of facial features specified on the two gallery 

views through a hierarchical shape modelling of multilevel quadratic 

variation minimisations. The facial textures were then learned from the pixel 

information of gallery images to render novel face views in arbitrary poses 

for face recognisers to handle rotated faces. Face recognition experiments 

under pose variations were conducted and reported, which show the MQVM 

approach improves the performance of both the baseline recognition without 
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using MQVM and the most current face recognition handling pose 

variations.  

The facial texture estimation has been improved in the two proposed 

pose-invariant face recognition systems, i.e., Multilevel Quadratic Variation 

Minimisation (MQVM) and Automatic Facial Texture Synthesis (AFTS). 

Most existing face reconstruction and recognition methods handled face 

textures using the Lambertian model, in which specular reflection was 

neglected. In the proposed texture estimation, the reflection of face surfaces 

was extended to the Phong model, which considered both diffuse and 

specular reflections. This treatment of facial textures explained the view 

dependency in MQVM and enabled AFTS to handle both pose and 

illumination variations.  

Additionally, ambient light and reflection were reconsidered as the 

integrations of infinitesimal rays from the environment using four popular 

reflectance models. Significant differences between the traditional 

modelling and the proposed modelling were found, which revealed the over-

simplistic nature of the traditional ambient reflection model. Therefore, 

ambient reflection should be analysed using a carefully selected reflection 

model suitable to the requirement of accuracy. The texture acquisition 

mechanism of 3D face scanner has been studied with the considerations of 

surface reflection approximations. It showed the current texture estimation 

of existing 3D face database was under inappropriate lighting and reflecting 

assumption, due to the presence of moving light sources from the scanner. 

The facial textures acquired by 3D scanner were improved by modifying the 

lighting and reflection models for the scanning environment. A novel light 
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and reflection model was proposed, which better resembled the scanning 

process. A modification scheme for the existing 3D face database was 

proposed based on the new lighting and reflection model. The modification 

of texture acquisition could subsequently improve the existing 3D face 

databases as well as be used as a ground truth for 3D face reconstructions.  

9.2 Future perspectives 

This research demonstrated that 3D face reconstruction is an effective 

approach to achieve pose-invariant face recognition. Personalised 3D face 

models were reconstructed under different scenarios depending on the 

availabilities or conditions of face databases. With synthesised virtual views 

covering possible poses, the proposed systems help face recognition to 

remain passive and non-intrusive and to be a preferable means in biometric 

technologies. To extend this research, the following future perspectives are 

suggested.  

1. A systematic analysis of 3D face modelling by considering 

heterogeneous specular and diffuse reflectivities of face 

surfaces is suggested. Chapter 3 presented a successful attempt 

in this field, while several questions are left open, e.g., the 

minimal configurations of the lighting conditions for gallery 

images, the rigorous analysis rather than an empirical 

demonstration of the algorithm stability, and the possibility of 

extending HSD from photometric stereo to other face 

modelling scenarios (e.g., 3D morphable models or stereo 

vision).  
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2. Investigations and comparisons of classification algorithms 

(e.g., principal component analysis, local binary patterns, and 

etc.) are desirable to search for better algorithms suitable to 

pose-invariant face recognition through 3D reconstructions. In 

this research, it is found (especially in Chapter 5) that the 

situations of face recognition using virtual views synthesised 

from 3D models are significantly different from the recognition 

using all real views. Different face classifiers have different 

capabilities in handling recognition involving virtual views, and 

these capabilities are not necessarily proportional to their 

abilities in matching real views. Based on this observation, it is 

desirable to investigate the mechanisms of different face 

classifiers in handling 3D reconstructed face models and virtual 

views.  

3. The problem of illumination variations in face recognition also 

requires extensive investigations. In Chapter 6, a preliminary 

investigation towards illumination-invariant face recognition 

has been made, while other chapters primarily focused on pose 

invariance. Because pose variations of human faces are 

inevitably associated with illumination variations, a stand-alone 

pose-invariant face recognition system cannot work properly 

without addressing illumination issues. Fortunately, recent 

works made significant achievements in the problem of 

illumination variations, which include 1) the finding of linear 

subspaces of face images under different lighting conditions, 2) 
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the proposal of illumination cone models, and 3) the use of 

spherical harmonics in modelling the general lighting 

conditions. These research fruits could be combined with this 

research to further extend the applicability of the proposed face 

recognition systems.  
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