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Abstract
With advances in digital photography, people can obtain large-scale and high-quality
pictures more easily. How to understand this large-scale and high-quality information
and how to make use of this information to recover distortions in other images are
two fundamental and challenging problems in computer vision and image processing.
In this thesis, we solve these problems for face images so that facial-image analy-
sis and recognition can be performed more efficiently and accurately. In this thesis,
we will mainly focus on the following three areas: face matching, and face verifica-
tion/recognition, and color correction.

Establishing correct correspondences between two faces with different viewpoints
has played an important role in 3D face reconstruction and other computer-vision ap-
plications. Usually, face images are considered to lack sufficient distinctive features
to track their geometry. Hence, existing methods have to rely on other man-made fea-
tures such as structured lighting, special makeup, and markers. These active methods
need specific devices to capture an object’s structure. We investigate pore-scale facial
features, which have many characteristics that make them suitable for matching face
images under different variations. To alleviate the effect of changing skin conditions,
a new framework is proposed as a trade-off between robustness and completeness.
Based on this framework, a method adapted from scale-invariant feature transform
(SIFT), namely pore-SIFT (PSIFT), is proposed, which is an automatic, passive ap-
proach for extracting distinctive pore-scale facial features for the reliable matching of
uncalibrated face images.

To improve the performance of face verification/recognition using high-resolution
(HR) information and the robustness to misalignment, we propose an alignment-free
and pose-invariant face-verification method using the HR information based on pore-
scale facial features. Most current face-verification/recognition methods represent face
images mainly based on the holistic or local facial features. This makes these methods
rely heavily on face alignment, so their performances degrade severely under varia-
tions in expression and/or pose, especially with only one gallery per subject. In this
thesis, we have proposed a new keypoint descriptor called pore-PCASIFT, which is
adapted from PCA-SIFT and is used for the extraction of compact, distinctive pore-
scale facial features. Furthermore, a more effective feature matching scheme is pro-
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posed for face verification.
As one of the most fundamental processing tasks for image analysis and under-

standing, color correction has received significant attention in a wide range of research
fields, such as image stitching, street-view maps, 3D reconstruction, and multi-view
image processing. Although many different color-correction approaches have been
proposed in the past decade, it is still an active and challenging topic due to the fact that
the appearance of the same object differs greatly with variations in illumination, view-
point, optics/sensor characteristics and the hardware processing employed by cameras.
For facial images, skin color is important for face detection and recognition. We have
devised a method that can handle the color correction of multiple photographs of the
same landmark scene or face subject with robust image restoration simultaneously and
automatically. We have proved that the local colors in a set of images of the same
scene exhibit the low-rank property locally both before and after a color-correction
operation. This property allows us to correct all kinds of errors in an image under a
low-rank matrix model without requiring any particular priors or assumptions.

All the proposed methods in this thesis have been evaluated and compared to ex-
isting state-of-the-art methods. Experimental results show that our algorithms can
achieve convincing and consistent performances.
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Chapter 1 Introduction
The analysis of human-face images is one of the most interesting and lively research
topics of the last several decades. An extreme amount of research has been conducted
on facial-image analysis. The objective of this chapter is to outline the motivation of
this thesis, as well as a brief review of facial image analysis, especially for multi-view
and/or high-resolution images. We will also address the originality and the organiza-
tion of this thesis.

1.1 Motivation
The face is a crucial part of human body. Firstly, the unique appearance of a face
makes it useful for person identification. It is also important for many applications,
such as video surveillance, digital identity authentication, multimedia systems, secu-
rity systems, etc. Secondly, facial expression can be used to access people’s feelings.
Furthermore, psychology research has shown that some micro facial expressions may
leak emotions that someone wants to conceal, such as feeling angry or guilty [1, 2].
Finally, facial images also convey various other kinds of information, such as age,
gender, health, race, profession, etc.

Therefore, it is not surprising that the facial-image analysis has become one of the
hottest topic in the fields of research and practical applications. It has attracted a large
number of researchers from disciplines such as image processing, pattern recognition,
machine learning, computer vision, computer graphics, and psychology. Facial-image
analysis is based on and involves different kinds of techniques, such as object detec-
tion, image matching, image alignment, object tracking, image classification, image
pattern recognition, and image understanding, etc. These techniques have led to dif-
ferent applications, such as face detection [3, 4], face landmark detection [5, 6, 7],
face recognition [8, 9, 10, 11, 12, 13, 14, 15, 16, 17], face tracking [18, 19, 20], fa-
cial expression recognition [21, 22], gender determination [23, 24], age classification
[25, 26], face matching [27, 28], face hallucination [29, 30], and 3D face analysis
[31, 32].

Although human beings are quite good at analyzing faces and extracting the desired

1
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information for making appropriate decisions, existing facial-image analysis tech-
niques are still far from maturity, especially at the microcosmic level and under multi-
view conditions.

First, with the development in the hardware industry of multimedia equipments
such as HDTV and HD cameras, it has become easy to access high-resolution (HR)
images. This enables us to analyze more sophisticated features, in addition to the
traditional facial features like face shape, eyes, nose, and mouth. Bradley et al. [33]
proposed a 3D face capture system based on a calibrated camera array. Madan et al.
[34] proposed a method to align facial skin images that vary in imaging modality and
with tiny non-rigid movement. However, establishing pore-to-pore correspondences
using uncalibrated and large-baseline images is an ongoing problem. In general, face
images are considered to lack sufficient distinctive features for tracking their geometry.
Hence, a lot of the literature requires the involvement of other man-made features such
as structured lighting, special makeup, markers, etc. The distinctive and robust features
cannot be extracted from the pore-scale information (such as pores, fine winkles and
hair) using traditional facial-feature extraction methods [35].

The second challenge is how to handle multi-view information. Statistics have
shown that approximately 75% of the faces in photographs taken in daily life are non-
frontal [36]. Pose variance further complicates the situation because the distribution
of multi-view faces in a feature space is more non-linear and more complicated than
working with of frontal-view faces. A lot of research has achieved the pose-invariant
property based on 3D face data. However, to obtain the 3D face, special 3D scanner or
active methods (involving structured lighting, special makeup or markers) is needed.
To the best of our knowledge, only a few studies have been reported in the literature
that attempt to establish correspondences using uncalibrated face images. Lin et al.
[35] employed the SURF features [37] on face images with viewpoints of 45 degrees
apart (the face regions are about 800×600 pixels), which typically obtained no more
than 10 inliers (i.e. correctly matched keypoint pairs) out of a total of 30 matched
candidates in 3 views (-45, 0, 45 degrees from the frontal view). Thus, the classical
Structure from Motion (SfM) method with known camera intrinsic parameters, which
extracts the correspondences of 3 views by employing RANSAC [38] on top of the
PnP [39] algorithms, fails due to both the scarcity of absolute inliers and the small
ratio of inliers to outliers detected.

The HR information and the multi-view information provide us with the oppor-
tunity to design better algorithms that are beyond the ability of human beings and
traditional techniques. Traditionally, facial skin is considered to be featureless in order
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to establish sufficient correspondences for tracking motion or geometry. In this thesis,
we have mainly investigated the techniques for extracting distinctive and robust fea-
ture from facial-skin images. Then, the new features are applied for face matching and
face verification/recognition. Finally, we have also proposed a new color-correction
method based on multiple landmark images or facial images.

1.2 Statements of Originality
The following contributions reported in this thesis are claimed to be original.

1. A new framework is proposed for pore-scale facial-feature extraction with a
consideration of both robustness and completeness. Based on this framework,
a method adapted from scale-invariant feature transform (SIFT), namely pore-
SIFT (PSIFT), is proposed, which is an automatic, passive approach for extract-
ing distinctive pore-scale facial features for the reliable matching of uncalibrated
face images.

2. An important parameter, namely the Pore Index, is proposed in the PSIFT frame-
work to analyze the relationship between the skin conditions of different subjects
and the difficulty level of face matching; it also reflects the adaptive threshold
used for keypoint detection.

3. A candidate-constrained matching scheme is proposed for face matching using
the PSIFT feature. The scheme is proposed to narrow the matching of keypoints
between two face images and to achieve accurate face matching, based on both
intra- and inter-scale facial information.

4. An alignment-free and pose-invariant face verification method is proposed us-
ing the HR information based on the pore-scale facial features. A new keypoint
descriptor, namely Pore-PCA-SIFT (PPCASIFT), adapted from PCA-SIFT is
used for extraction a compact set of distinctive pore-scale facial features. Hav-
ing matched the pore-scale features of two face regions, an effective feature-
matching scheme is proposed for face verification.

5. A new method is presented to handle the color correction of multiple pho-
tographs with blind image restoration simultaneously and automatically. We
have proven that the local colors of a set of images of the same scene exhibit
the low-rank property locally both before and after a color-correction operation.



4 CHAPTER 1. INTRODUCTION

This property allows us to correct all kinds of errors in an image under a low-
rank matrix model without particular priors or assumptions. The possible errors
may be caused by changes of viewpoint, large illumination variations, gross
pixel corruptions, and partial occlusions, etc. Furthermore, a new iterative soft-
segmentation method is proposed for local color transfer using Color Influence
Maps.

1.3 Outline of the Thesis
The main body of this thesis can be divided into the following six chapters and each
chapter is outlined as follows.

Chapter 2 describes the principles of facial feature extraction, face verification, and
color correction. We will briefly review several general feature extraction/detection
frameworks, including Scale Invariance Feature Transform (SIFT) [40] and Canny
edge detector [41]. Then, we will review some popular facial-feature extraction tech-
niques for face verification/recognition, such as Gabor wavelets [42, 43] and Local
Binary Pattern (LBP) [44, 16, 22]. We will also review the recent development of the
face verification/recognition methods [17, 45, 46], especially using high-resolution im-
ages [47, 48, 49]. Finally, we will review the state-of-the-art color-correction methods
[50, 51, 52, 53, 54]. Some of these methods are related to our proposed ones in this
thesis, which will be described in the following chapters. We will also compare our
proposed algorithms to some of the existing algorithms in this thesis.

In Chapter 3, we introduce a new feature extraction framework for pore-scale fea-
ture matching. This new feature is called PSIFT, adapted from SIFT [40], which em-
ploys blob detection using multiscale difference of Gaussians (DoG). Only the maxima
of the DoG are detected to locate darker keypoints in face regions. The pore is modeled
mathematically as a Gaussian function in the analysis of the responses of pore-scale
facial features on DoG and the number of octaves of DoG. A quantity-driven scheme
is proposed for the detection of pores. In our algorithm, the quantity of keypoints is
first predefined, based on the observation that a specific skin region of different people
has a similar number of pores. Thus, unlike SIFT, which uses a constant threshold in
detecting keypoints, our PSIFT method uses an adaptive threshold to extract a certain
number of keypoints for different skin conditions. Then, the quantity of inliers is used
to determine the DoGs sampling frequency. Thus, the quantity of inliers and the re-
peatability of the keypoints are unified. The PSIFT descriptor is a 512-bin histogram
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characterizing the local gradient distribution in 64 relative locations with 8 orienta-
tions. Its size is much larger than SIFT, in order to include the information about the
relative positions of the pore-scale keypoints. Then, PSIFT feature is used to estab-
lish dense correspondences on uncalibrated face images. With the prior knowledge of
facial images, the use of a candidate-constrained matching scheme can significantly re-
duce the number of candidates considered in matching. Spatially, the searching range
can be narrowed to 20% of the whole face in the initial matching of two face images.
Then, the standard RANSAC algorithm [38] is applied to the matched candidates to
identify those inliers which satisfy the epipolar constraint. Based on the estimated
epipolar constraints, the regions of the matched candidates can be further narrowed to
5% of the whole face.

In Chapter 4, we propose a face verification algorithm based on the pore-scale fa-
cial features to take the advantage of HR information. One of the major advantages of
the proposed approach is that the facial-skin regions under consideration are usually
more linear or approximately a plane, so the verification or recognition performance
will be very robust to pose, expression, and illumination variations, etc. Furthermore,
only one training sample per subject is needed, and an accurate face alignment is not
necessary to achieve a good performance. Firstly, the pore-scale facial features are
detected and extracted from a testing or query image. Then, initial keypoints matches
between the testing image and that of the claimed identity in the gallery is established.
The initial keypoint matches are converted to block matches which are further aggre-
gated to eliminate the outliers based on Parallel Block Aggregation scheme. Finally,
the verification result is determined based on the maximum of density of the matching
blocks on the face image.

Chapter 5 presents a new method that can handle color correction in multiple pho-
tographs with blind image restoration simultaneously and automatically. We have
proven that the local colors of a set of images of the same scene exhibit the low-
rank property locally both before and after a color-correction operation. This property
allows us to correct all kinds of errors in an image under a low-rank matrix model with-
out particular priors or assumptions. The possible errors may be caused by changes
of viewpoint, large illumination variations, gross pixel corruptions, and partial oc-
clusions, etc. Furthermore, a new iterative soft-segmentation method is proposed for
local color transfer using Color Influence Maps. Due to the fact that the correct color
information and the spatial information of images can be recovered using the low-
rank model, more precise color correction and many other image-restoration tasks,
including image denoising, image deblurring, and gray-scale image colorizing, can be
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performed simultaneously.
Finally, we give the conclusions of our work in Chapter 6, where some suggestions

for further development are also provided.



Chapter 2 Literature Review
In this section, we will describe the principles of facial-feature extraction, face veri-
fication, and color correction. We will briefly review several general feature extrac-
tion/detection frameworks. Then, we will review some popular facial-feature extrac-
tion techniques for face verification/recognition. We will also review the develop-
ment of recent face verification/recognition methods, especially those based on high-
resolution images. Finally, we will review the state-of-the-art color correction meth-
ods. Some of these methods will be compared to our proposed algorithms in this
thesis.

2.1 General Feature Extraction and Match-
ing

The facial-feature extraction is most related to the general feature extraction. In this
section, we will review two popular techniques for general feature extraction and
matching, respectively.

2.1.1 Scale-Invariant Feature Transform (SIFT)

The detector

The SIFT detector extracts a collection of frames or keypoints from an source image.
The frames include the spacial, the scale and the orientation information of the key-
points. The SIFT detector are constructed from the Gaussian scale space of the source
image I(x). The Gaussian scale space is the function

L(x, y, σ) = G(x, y, σ)) ∗ I(x, y) (2.1)

where G is a Gaussian kernel with variance σ2, (x, y) is the spatial coordinate. Then,
the Gaussian scale space is used to construct difference of Gaussian (DoG), which is

7
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approximate to the scale derivative of the Gaussian scale space, defined as

D(x, y, σ) =L(x, y, kσ)− L(x, y, σ)

=(G(x, y, kσ)−G(x, y, σ)) ∗ I(x, y),
(2.2)

Since the scale space G(s, y, σ) represents the same information (the image I) at
different levels of scale, the DoG in octaves is constructed to have the σ doubled in
the scale space. Thus, at each next octave the data is spatially downsampled by half.
Then, each of No octaves is further subdivided in Ns sub-levels. Octaves and sub-
levels are identified by a discrete octave index o and sub-level index s respectively.
The octave index o and the sub-level index s are mapped to the corresponding scale σ
by the formula

σ(o, s) = σ02
o+s/Ns , o ∈ omin + [0, ..., No − 1], s ∈ [0, ..., Ns − 1] (2.3)

where σ0 is the scale of prior smoothing.
The detector output is the SIFT frames, which are a selection of (sub-pixel inter-

polated) points (x, y, σ) of local extrema of the DoGs, together with an orientation θ
derived from the spatial derivative of the Gaussian scale-space G(x, y, σ). The extrac-
tion of the keypoints is performed on each octave including the following steps:

• Detection. Keypoints are detected as points of local extrema of DoGs by com-
paring with 3× 3× 3− 1 = 26 neighborhoods of each value on the DoGs.

• Sub-pixel refinement. After being extrema detection, the coordinates (x, y, σ)

is fitted to the local extremum by quadratic interpolation. This Taylor expansion
is defined by

D(x) = D +
∂DT

∂x
+

1

2
xT
∂2D

∂x2
x, (2.4)

where x = (x, y, θ) is the offset from the keypoint. And the location of the
extremum of D(x), x̂, is determined by taking the derivative of this function
with respect to x and setting it to zero, as following

x̂ = −∂
2D−1

∂x2

∂D

∂x
(2.5)

Then, a threshold on the magnitude of D(x̂) is used to the reject low contrast
points, typically set as 0.03.

• Eliminaing edge responses. The DoG function will have a strong response
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along edges, where the location of a keypoint is poorly determined. By using
the Hessian detector, the edge-response keypoints can be removed. Thus, only
the blob-shaped and endpoint/corner-shaped keypoints remain, and will be con-
sidered in the next step.

A poorly defined peak in the DoG scale space will have a large principal curva-
ture across the edge and a small one in the perpendicular direction. The principal
curvature is represented by the eigenvalues of a 2×2 Hessian matrix H , which
is defined as follows:

H=

[
Dxx Dxy

Dxy Dyy,

]
. (2.6)

In order to avoid performing singular value decomposition, the ratio of the two
eigenvalues can be used as follows:

Trace(H)2

Det(H)
=

(Dxx+Dyy)
2

DxxDyy −D2
xy

=
(r+1)2

r
<

(rth+1)2

rth
, (2.7)

where r is the ratio between the larger magnitude eigenvalue and the smaller
one, and (r + 1)2/r is at a minimum when the two eigenvalues are equal, and it
increases with r. A threshold rth is used to eliminate the edge responses (rth is
set at 10 in [40]).

• Orientation. The orientation θ of a keypoint (x, y, σ) is obtained as the dom-
inant directions of the gradients of L(x, y, σ) in a local region around the key-
point. First, for each image sample L(x, y, ) at this scale, the gradient magnitude
m(x, y) and the gradient orientation θ(x, y) is defined as follow

m(x, y) =
√

(L(x+ 1, y)− L(x− 1, y))2 + (L(x, y + 1)− L(x, y + 1))2

(2.8)
θ(x, y) = arctan((L(x, y+1)−L(x, y+1))/(L(x+1, y)−L(x−1, y))) (2.9)

Then, the orientation histogram is formed by the gradient orientations weighted
both by the gradient magnitude m(x, y) and a Gaussian window centered on
the keypoint and of deviation 1.5σ. The orientation histogram has 36 bins cov-
ering the 360 degree range of orientations. Peaks in the orientation histogram
correspond to dominant directions of local gradients.
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The descriptor

The SIFT descriptor of a keypoint (x, y, σ) is a histogram of the orientations of the
gradient of the local Gaussian scale space G(x, y, σ). The bins of the histogram of
the gradient orientations form a three dimensional lattice with Np = 4 bins for each
spatial direction and Nori = 8 bins for the orientation for a total of N2

pNori = 128

components. The magnitudes are further weighted by a Gaussian function with a scale
equal to one and half the scale of the descriptor window. Finally, the feature vector
is modified to unit length and reduce the influence of large gradient magnitudes by
thresholding the values in the unit feature vector to each being no larger than 0.2, in
order to reduce the effects of illumination change.

2.1.2 Random sample consensus

Random sample consensus (RANSAC) is an iterative algorithm for fitting a model to
a set of observed data containing outliers. The baseline RANSAC algorithm operates
as follows:

• Select n points randomly from the observed data, where n is the minimal number
of points for estimating the model parameters.

• Estimate the model parameters based on the selected subset.

• All other data are tested against the fitted model.

The above algorithm is repeated until a good model has been found. Let p be the
probability of selecting only inliers from the observed data, and let w is defined as the
probability of choosing an inlier each time a single point is selected. Then, wn is the
probability of all the n selected points being inliers, and 1− wn is the probability that
at least one point is an outlier. Suppose z is the low probability that at least one of the
random selections (n points per selection) is all inliers, then at least k selections are
expected, where

1− z = (1− wn)k. (2.10)

Taking the logarithm of both sides leads to

k = log(1− p)/ log(1− wn). (2.11)
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2.2 Facial Feature Extraction

2.2.1 Gabor Wavelets

A 2-D Gabor filter is a linear filter whose kernel is similar to the two-dimensional (2-D)
receptive profiles of the mammalian cortical simple cells[55]. A 2-D Gabor kernel is
a 2-D Gaussian function multiplied by a 2-D harmonic function. A harmonic function
generally is a Fourier basis function. Especially in a 2-D Gabor kernel, it is a sinu-
soidally modulated function, somewhere in a form of complex exponential function.
The Gaussian function varies in dilation and the harmonic function varies in rotations,
so that a group of 2-D Gabor filters can be formed into 2-D Gabor wavelets. Gabor
wavelet exhibit the desirable characteristics of capturing salient visual properties, such
as orientation selectivity, scale and spatial locality. Therefore, Gabor wavelets can
facilitates detection and recognition tasks.

Gabor wavelets were introduced to image analysis due to their biological relevance
and computational properties. A Gabor wavelet [42, 43] is defined as

ψω,θ(x, y) =
1

2πσ2
e−

(x cos θ+y sin θ)2+(−x sin θ+y cos θ)2

2σ2 ·
[
ei(ωx cos θ+ωy sin θ) − e−

ω2σ2

2

]
,

(2.12)
where x and y denote the coordinates, ω is the spatial frequency, θ presents the orienta-
tion of Gabor wavelet, and σ denotes the standard deviation of the Gaussian function.
Because the spatial frequency modulates the size of 2-D discrete Gabor kernel, ω also
define as the scale of kernel. ‖ · ‖ denotes the norm operator. σ is the standard deriva-
tion of Gaussian window in the kernel. In addition, the second term of the Gabor filter,
e−

ω2σ2

2 compensates for the DC value of the cosine component.
For facial feature extraction, usually five different scales and eight orientations of

Gabor wavelets are used. The eight orientations in radian are iπ/8 (i = 0, 1, ..., 7).
Gabor wavelets are restricted by a Gaussian envelope function with relative width σ =

2π accordingly. The maximum frequency is ωmax = π
2
, and the factor set as

√
2, thus

five frequencies is π/2, π/2
√

2, π/4, π4
√

2, and π/8. The kernels exhibit desirable
characteristics of spatial frequency, spatial locality, and orientation selectivity. The
real part of these 40 Gabor wavelets are shown in Figure 2.1.

To get Gabor wavelet transform of an image, the 40 Gabor wavelets are convolved
with the image. Given a gray-scale image I(x, y), the convolution of image I and a
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Figure 2.1: The real part of the 5× 8 Gabor wavelets. These Gabor wavelets consist 5
scales and 8 orientations. These orientations from left to right are 0, π/8, π/4, 3π/8,
π/2, 5π/8, 3π/4, and 7π/8. The frequencies from top to bottom are π/2, π/2

√
2, π/4,

π/4
√

2, and π/8.

Gabor kernel ψω,θ(x, y) is defined as follows

Oω,θ(x, y) = I(x, y) ∗ ψω,θ(x, y), (2.13)

where ∗ denotes the convolution operator, and Oω,θ is the convolution result corre-
sponding to the Gabor kernel at the orientation , θ and the spatial frequency ω. The
convolution can be computed by taking the fast Fourier transform (FFT) of the input
image and the convolution mask, multiplying them together, and then performing the
inverse fast Fourier transform (IFFT).

Since Gabor wavelets is of the complex form, so that the convolution results con-
tain the real response and imaginary response as follow

Oω,θ(x, y) = <{Oω,θ(x, y)}+ i={Oω,θ(x, y)}.

Texture detection can be operated based on the magnitude of the output of the Gabor
filtering [56]. The magnitude response of Gabor filtering is large to enable detection.
Human face contains various texture, therefore the magnitude response of Gabor fil-
tering will enhance the recognition on face. The magnitude response is the square root
of the sum of squared real responses and imaginary responses, such as

‖Oω,θ(x, y)‖ =
√
<2{Oω,θ(x, y)}+ =2{Oω,θ(x, y)}. (2.14)

It can be seen that the magnitude response is modulus. Same as the real and imagi-
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Figure 2.2: A face image selected from the FERET database.

Figure 2.3: Gabor wavelet representations of a face shown in Figure 2.2

nary response, given the face image displayed in Figure 2.2, the 40 Gabor magnitude
responses are shown in Figure 2.3. It is clear that the outputs based on the Gabor
wavelets exhibit strong characteristic of orientation selectivity, scale and spatial local-
ity.

2.2.2 Local Binary Pattern (LBP)

LBP was originally designed for texture classification [57, 44], and was introduced
in face recognition in [16]. The LBP encodes the relative grayscale level between
each pixel and its neighboring pixels. Then a binary label is assigned to the each
neighboring pixels. The resulting binary pattern is transformed into a unique LBP
number Xlbp by:

Xlbp = 1 +
P−1∑
p=0

s(gp − gc)2p, (2.15)
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where gc represents the greylevel value of the centre pixel, gp(p = 0, . . . , P − 1)

corresponds to the greylevel value of the pth pixel in the local neighbourhood, and
s(x) = 1 if x ≥ 0 else s(x) = 0. Thus, each Xlbp corresponds to a unique local
binary pattern, and all possible binary patterns comprise the visual dictionary of local
features. An LBP histogram is populated by counting occurrences of LBP numbers at
every pixel in the texture image.

LBP operator was designed to use different sampling neighborhood sizes to deal
with different scale textures [44]. Bilinear interpolation is used when a sampling point
does not fall in the center of a pixel. The notation (P,R) is defined as the number
of sampling points and the scale (the sampling neighborhood size) of LBP, i.e. P

sampling points on a circle of radius ofR. A LBP is called uniform if the binary pattern
contains as most two bitwise transition from 0 to 1 or 1 to 0, when the binary pattern
is considered circular. In the computation of the LBP histogram, uniform patterns
are used so that the histogram has a separate bin for every uniform pattern and all
nonuniform patterns are assigned to a single bin. In [16], the LBPu2(8,2) operator, whose
in a (8, 2) neighborhood and with only uniform patterns, is used to represent the facial
image.

2.2.3 Learning-based descriptor

Unlike Gabor and LBP, Cao et al. [58] proposed a learning-based(LE) descriptor for
facial feature extraction based on unsupervised learning. First, a DoG filter is applied
on the facial image. Then, at each pixel, its neighboring pixels in the ring-based pattern
are sampled to form a low-level feature vector. The feature vector is normalized to
unit length. Next, the random-projection tree [59] is used to learn the codebook. The
encoded image is divided into 5× 7 patches, and the code number is set as 256. Then,
the holistic face feature (35×256 = 8, 960 dimension) is compressed to 400 dimension
using PCA. The LE descriptor significantly outperforms LBP and Gabor, only using
about 20% the size of the 59-code LBP descriptor.

2.3 Face Verification and Recognition
The face recognition problem is to recognize the identity of a subject from a facial
image by comparing it to a stored face database which annotated with ground-truth
identity. In other words, face recognition problem is a one to many comparison prob-
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lem. Face verification is a one-to-one comparison problem, which validates (or not)
the claimed identity of a person. The claim is either accepted or rejected based on a
certain threshold. Hence, face verification and recognition are connected, especially in
face representation. Face verification could be considered as a special condition of face
recognition. In the following section, some of the existing face verification/recogntion
methods will be reviewed.

2.3.1 Linear Subspace Analysis

Three classical linear subspace analysis methods are reviewed here, which are Prin-
cipal Component Analysis (PCA) [8], Independent Component Analysis (ICA) [12]
and Linear Discriminant Analysis (LDA) [10]. Linear subspace analysis, which con-
siders a subspace as a linear combination of a set of bases, has been widely used in
face recognition applications. By projecting a face image to a linear subspace, the
projection coefficients are used as the feature representation of each face image. All
representations are considered as a linear transformation from the original image vec-
tor x to a projection feature vector y, i.e.,

y = W Tx, (2.16)

where W indicates the transformation, which is also the linear subspace. Then, the
classification or verification is performed between the testing feature representation
and the gallery.

Principal Component Analysis (PCA)

PCA is to find a subspace which reducing linear projection that maximizes the covari-
ance of all projected samples. The covariance matrix ST of the training samples is
defined as

ST =
N∑
k=1

(xk − µ)(xk − µ)T , (2.17)

whereN is the number of training images and µ is the average face. In PCA, a optimal
transform matrix Wopt is calculated as follow

Wopt = arg max |W TSTW |, (2.18)
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where Wopt is the eigenvectors of ST . In [8], all face images in the training set are
collected and composed into a covariance matrix. Then, the eigenvectors and corre-
sponding eigenvalues are generated from the covariance matrix. The eigenvectors are
visualized into a two-dimensional array and display ghost face like appearance. Hence,
the eigenvectors are also named ”eigenfaces”. These eigenfaces with large eigenvalues
represent the global, rough structure of the training images, while the eigenfaces with
small eigenvalues are mainly determined by the local, detailed components. There-
fore, after projecting onto the eigenspace, the dimension of the input is reduced while
the main components are maintained.

Some experiments are conducted to test the performance of the PCA approaches.
It is reported that the approach is fair against the illumination change. In [10], it
is mentioned that by discarding the three most significant eigenvectors, the variation
due to lighting is reduced. Because the first eigenvectors capture the variation due to
lighting, the better clustering on the training data is acquired by ignoring these first
eigenvectors.

Independent Component Analysis (ICA)

The PCA is to find the ranked principal components which describe the variation, how-
ever the ICA is to find the independent components by maximizing the statistical in-
dependence between these estimated components. Thus, ICA can remove high-order
dependencies in the joint distribution of the PCA coefficients. The ICA is a gener-
alised version of the PCA, and the PCA can be considered as a special case of ICA.
Consider one component yi = wT

i As of y, where wT
i is the ith row of W. As a linear

combination of all components of s, yi is necessarily more Gaussian than any of the
components unless it is equal to one of them (i.e., wT

i A has only one non-zero compo-
nent. In other words, the goal y ≈ s can be achieved by finding W that maximizes the
non-Gaussianity of y = Wx = WAs (so that y is least Gaussian). This is the essence
of all ICA methods. Obviously if all source variables are Gaussian, the ICA method
will not work.

Linear Discriminant Analysis (LDA)

Both PCA and ICA are unsupervised methods which are with no consideration whether
the set of features is good for classification. In the LDA, the examples’ cluster is
maximized not only between different class clusters but also minimized within the
same class cluster.



2.3. FACE VERIFICATION AND RECOGNITION 17

The LDA applied in face recognition asva supervised learning approach. Its pur-
pose is to maximize the discrimination between different classes, and recognition can
be apparently done based on this. The LDA also constructs a subspace that is con-
structed by the selected components. The LDA training is carried out by using scatter
matrices. The method selects a set of features in such a way that the ratio of the
between-class scatter and the within-class scatter is maximized. The between-class
scatter matrix SB is defined as

SB =
c∑
i=1

Ni(µi − µ)(µi − µ)T , (2.19)

and the within-class scatter matrix SW is defined as

SW =
c∑
i=1

∑
xk∈Xi

(xk − µi)(xk − µi)T , (2.20)

where µi is the mean image of class Xi, and Ni is the number of examples in class
Xi, and c is the number of classes. If the with-in scatter matrix SW is nonsingular,
the optimal projection Wopt is chosen as the matrix with orthonormal columns which
maximizes the ratio of determinant of the between-class scatter matrix of the projected
examples to the determinant of the within-class scatter matrix of the projected exam-
ples, i.e.

Wopt = arg max
W

|W TSBW |
|W TSWW |

, (2.21)

and the projection Wopt can expressed as

Wopt = [w1 w2 . . . wm], (2.22)

where {wi|i = 1, 2, . . . ,m} is a set of generalized eigenvectors of SB and SW corre-
sponding to the m largest generalized eigenvalues. Because an upper bound on m is
c− 1, there are c− 1 nonzero components.

2.3.2 Non-linear Analysis

In non-linear analysis, it is assumed that objects reside in non-linear structures. The
non-linear structures are normally described as manifold. A manifold is an abstract
mathematical space in which every point has a neighborhood which resembles a local
linear subspace, but in which the global structure shows non-linear properties. The
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face manifold is more complicated than that in linear subspace models. The linear
subspace such as PCA and LDA aim to preserve the global structure in a linear way.
Non-linear analysis modeling is directly investigated to find the corresponding non-
linear manifold.

Kernel PCA

The kernel PCA (KPCA) [60] is to apply an non-linear mapping from the input space
RN to the feature space RL by Ψ(x) : RN → RL, where L is larger than N and
possibly infinite. The mapping Ψ(x) is made by the use of kernel functions as follows

k(xi, xj) = (Ψ(xi) ·Ψ(xj)), (2.23)

where the kernel function k(xi, xj) in the input space corresponds to dot-products in
the higher dimensional feature space. Because computing a covariance matrix is based
on dot product, PCA in the feature space can be formulated without direct computation
of Ψ(x). Assuming that the mean of the projection of the examples in the feature space
is equal to zero, the covariance is given by

ΣK = 〈Ψ(xi)Ψ(xi)
T 〉, (2.24)

with resulting eigenvector equation λV = ΣKV . The eigenvector solutions V exist
with coefficients {ωi} such that V =

∑T
i=1 ωiΨ(xi), where T is the total number of

training examples. The equivalent eigenvalue problem can be formulated as

Tλω = Kω, (2.25)

where ω is a set of {ωi}, andK is a T ×T matrix. The KPCA principal components of
any input example can be computed with simple kernel computation against the data
set. The n-th principal component yn of the example x is given by

yn = (V n ·Ψ(x)) =
T∑
i=1

ωni k(x, xi). (2.26)

2.3.3 Graph Matching

Lades et al. [61] applied Gabor wavelets for face recognition using the Dynamic Link
Architecture (DLA) framework. The DLA first computes the Gabor jets of the face



2.3. FACE VERIFICATION AND RECOGNITION 19

images, and then it performs a flexible template comparison between resulting image
decompositions using graph-matching. Wiskott et al. [11] have extended on DLA
when they developed a Gabor wavelet based Elastic Bunch Graph Matching (EBGM)
to label and recognize faces. Faces are represented by labeled graphs using Gabor
wavelet transform. The face graph is object-adapted since its geometrical structure is
adapted to the structure of the object. The labels graphs consist nodes and edges which
are positioned by elastic bunch graph matching processing with comparing similari-
ties.

2.3.4 Review of Pose-invariant Face Recognition

A lot of research has been conducted to solve non-frontal-view face recognition, in-
cluding multiview [62, 9], cross-view [11, 63, 64], and matching-based [17, 45, 46]
face recognition.

Multiview face recognition requires a number of training images at different poses
per subject, which is difficult to satisfy in practice. Pentland et al. [62] proposed a
view-based multiple-observer eigenspace technique for face recognition under vari-
able pose. In addition, a modular eigenspace description technique is used which in-
corporates salient features such as the eyes, nose and mouth, in an eigenfeature layer.
Beymer [9] propose a method which represents faces with templates from multiple
model views that cover different poses from the viewing sphere. To recognize a novel
view, the recognizer locates the eyes and nose features, uses these locations to geo-
metrically register the input with model views, and then uses correlation on model
templates to find the best match in the data base of people.

Cross-view approaches usually apply 2D or 3D appearance models to synthesize
face images in specific views. Alignment is needed to establish correspondences be-
tween two faces in different poses. Wiskott et al. [11] have extended on DLA when
they developed a Gabor wavelet based Elastic Bunch Graph Matching (EBGM) to la-
bel and recognize faces. The face graph is object-adapted since its geometrical struc-
ture is adapted to the structure of the object. Blanz et al. [63] proposed a method
based on a 3D morphable face model which encodes shape and texture information,
and an algorithm that recovers these information from a single image of a face. Chai et
al. [64] propose a method which generates the virtual frontal view from a given non-
frontal face image by formulating the estimation of the linear mapping as a prediction
problem.

Matching-based methods attempt to establish local correspondences between the
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gallery and query images, which are usually alignment-free. Castillo and Jacobs [17]
propose a dynamic programming stereo matching algorithm to handle pose variation in
face recognition. Arashloo and Kittler [45] propose a pose-invariant face recognition
system based on image matching method formulated on MRFs, which use the energy
of the established match between a pair of images as a measure of goodness of match.

2.3.5 Review of High-Resolution Face Recognition

With the development in the hardware industry of multimedia equipments such as
HDTV and HD cameras, it has become easy to access high-resolution (HR) images.
This enables us to analyze more sophisticated features, in addition to the traditional
facial features like face shape, eyes, nose, and mouth. HR face recognition is a rela-
tively recent topic, which extracts subtle and detailed information such as mark-scale
features (e.g. moles, scars) and pore-scale features (e.g. pores, hair), which contains
more distinctive information than the low-resolution (LR) face images.

An analysis from macrocosm to microcosm was proposed [47] to solve HR face
recognition. This method uses Gabor filters to extract pore-scale features (namely
skin texton) to form a texton histogram (similar idea in bag-of-words [65]). Then
regularized LDA is applied to preserve intrinsic information and reduce interference.
Thus, the pore-scale feature extracted in [47] is texture-based rather than keypoint-
detected-based, which requires prealignment. Also, scale-invariant feature transform
(SIFT) [40] is used to represent irregular marker-scale features like moles to improve
the overall recognition accuracy. Since the recognition process uses LDA, more than
one HR face is needed for training. This is unfeasible for some real-world applications.

Another HR face recognition work was also proposed based on facial-marker de-
tection [48]. This method uses LoG blob detection for marker extraction after applying
the active appearance model (AAM) [66] to detect and remove the eyes, nose, mouth
etc. However, only a few marker-scale features can be extracted which are insufficient
for achieving dense correspondences between faces.

Recent applications of HR face images help to deal with more complicated situa-
tions, such as distinguishing between identical twins. In [49], facial marks were used
as biometric signatures to distinguish between identical twins. The work paid more
attention to some biometric traits like facial markers, rather than the overall face ap-
pearance. However, there is no guarantee that face images have a sufficient number of
facial traits (e.g. scars, moles, freckles, etc.) for recognition, in particular if a subject
has a smooth and clear facial skin.
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2.4 HR Face Databases
Along with the development of face image analysis, a lot of face databases have been
collected, such as Yale [67], YaleB [68], ORL [69], PIE [70], FERET [71], AR [72],
ect. Recently, with the development in the hardware industry of multimedia equip-
ments such as HDTV and HD cameras, it has become easy to access high-resolution
(HR) images. Several HR face databases are published, which provide the HR infor-
mation of facial images.

The Bosphorus dataset [73] contains HR face images of 105 persons. Each subject
has 7 frontal-view faces expressing different emotions (neutral, anger, disgust, fear,
happiness, sadness, and surprise) and 5 non-frontal faces with different poses (10, 20,
30, 45 degrees right and 45 degrees left). The Bosphorus dataset also collects the
3D data of the subjects using Inspeck Mega Capturor II 3D, which is a commercial
structured-light based 3D digitizer device. The resolution of 2D images are about
1,400×1,200 pixels. A segmented 3D face consists about 35,000 points.

The Multi-PIE database [74] contains 755,370 images of 337 different subjects,
which were recorded over a span of 6 months. Individual attendance at sessions where
the HR images were captured varies from 203 to 249 subjects. Overall, 129 subjects
appear in all four sessions, and are under different illumination conditions and ex-
pressions. And the HR part of the database is captured by a Canon EOS 10D at a
3,072×2,048 resolutions.

The FRGC v2.0 (Face Recognition Grand Challenge) database [75] contains ap-
proximately 50,000 images of over 200 subjects, which were collected about once a
week from 2002 fall to 2004 spring. The images of a person taken each time con-
sist of four controlled still images, two uncontrolled still images and one 3D image.
Among them, the controlled images were obtained with neutral and smiling expres-
sions under two lighting conditions, while the uncontrolled images were taken under
varying illumination and background. The resolution of the controlled images is either
1,200×1,600 pixels or 1,704×2,272 pixels.

2.5 Color Correction
The color-correction techniques can be divided into the non-parametric model-less
approach and the parametric model-based approach. A recent evaluation of color-
correction methods [51] shows that the model-based approach usually outperforms the
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non-parametric approach. Reinhard et al. [76] proposed a statistical model for the
uncorrelated lab color space using the mean and standard deviation of both the source
and the target image. The color transformation is defined as follows:

c̃t = µs +
σs
σt

(ct − µt), (2.27)

where c̃t and ct are the values of the transferred and original target images, respec-
tively, of a particular color channel. This method has the limitation that it has to col-
lect statistical information for the entire image, i.e., only one linear color-correction
function is employed. In most practical applications, this assumption of a single trans-
fer function does not hold, due to complex illuminations, optics/sensor characteristics,
and the hardware processing employed by video cameras.

Hence, some researchers have proposed selecting local regions rather than the en-
tire images to find the corresponding appropriate color-transfer functions for color
correction. Tai et al. [77] used an expectation-maximization (EM) algorithm to seg-
ment both the target and the source images into several regions. Then, regions from
the target image are matched to the model image. This is done by projecting each
target image region onto the model image in order to assess the highest overlapping
region in the model image. Sometimes, this matching scheme may cause mismatching
problems. The matching of regions between the target and the model image provides
the statistical parameters required in (2.27). In addition to the segmented regions, the
local EM-based color-correction algorithm also computes a weight mask for each re-
gion. These weight values indicate the probability that a given pixel belongs to that
region. The final pixel color is obtained by adding up the contributions of each regions
color transfer function weighted by its corresponding weight. However, the EM algo-
rithm needs to set the desired number of regions, and is very time consuming. Oliveira
et al. [52] proposed a new method using a mean-shift color-segmentation algorithm,
rather than the EM algorithm. Furthermore, the Color Influence Map (CIM) [78] is
used as the weighted mask for each region.

To solve the mismatching problem and to select appropriate target color informa-
tion, some user-guided approaches have been proposed to obtain constraints based on
strokes instead of image segmentation. Levin et al. [79] proposed a color-diffusion
procedure by solving an optimization problem. Wen et al. [80] presented a scribble-
based color-transfer method. The framework needs the user to indicate corresponding
color patterns by drawing some strokes on the source and the target images, and to
define the parts to be transferred and preserved, respectively. An improved graph-cut
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algorithm is proposed to segment out the preserved regions. Then, a multiple local re-
gions color-transfer method is presented to transfer the color from the target image(s)
to the source image through gradient-guided pixel-wise color-transfer functions. These
colorization approaches rely on many user interactions to indicate corresponding color
regions via scrabbling or labeling, which need extra processing time. Moreover, scrib-
bling requires users to have certain skill in obtaining natural-looking results, especially
when the images have complex details. The time-consuming and skilled interaction re-
quired from users result in a limited application in real-time or batch processing, like
sequence images (video) coloring.

Xiang et al. [81] proposed to transfer selective colors from a set of source images
to a target image. An improved EM method is proposed to model the regional color
distribution of the target image using the Gaussian Mixture Model (GMM). Then the
reference colors are selected from the given source images in order to color each target
region based on the assumption that the colors in the most similar source region for
each target region has the user-wanted colors. In fact, the most similar source-region
candidate may have the wrong color information or user-unwanted color, just like the
target image.
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Chapter 3 Distinctive Features from Pore-
scale Facial Keypoints

In this chapter, we will present a novel facial feature, namely PSIFT, for pore-scale
facial feature extraction based on HR facial image. This feature is distinctive and
robust to different skin conditions. Then, we will also describe a candidate-constrained
matching scheme for face matching.

3.1 Introduction
We propose a new pore-scale facial-feature extraction scheme, namely Pore-SIFT
(PSIFT), adapted from SIFT [40]. We also analyze the relationship between the facial-
skin image condition and the matching result. A new framework is proposed to de-
tect and describe pore-scale facial keypoints based on quantity-driven detection and
relative-position description, respectively. Furthermore, a new parameter, namely the
Pore Index, is proposed to evaluate the skin conditions of different subjects or the
sharpness/quality of a facial-skin image, which also reflects the adaptive threshold in
keypoint detection and is used to analyze the difficulty level of the matching task.

This chapter is organized as follows. Section 3.2 briefly review detection and ex-
traction of different scales of facial features. Then Pore Index and quantity-driven
detection are described in Section 3.3. In Section 3.4 the relative-position descriptor
is introduced. Section 4.5 describes our proposed candidates-constrained matching
scheme. Experimental results are given in Section 3.6, which compare the perfor-
mances of our proposed algorithm to SIFT by matching skin blocks and face images.
Finally, conclusions are drawn in Section 3.7.

3.2 Different scales of facial features
Detecting and analyzing facial features is a fundamental task in computer vision, and it
is vital to face detection, pose estimation, landmark localization, and face recognition.

25
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Although great strides have been made in this area, it is still challenging to detect and
obtain distinctive features from face images, especially on the pore scale. Therefore,
rather than giving a historic review of the methods for facial-feature extraction and
detection, we will categorize the methods into three different levels: primary facial
features, marker-scale facial features, and pore-scale facial features.

Primary facial features include the eyes, eyebrows, nose, mouth, and face bound-
ary. There are many studies reported on face alignment [82, 83], face recognition
[16, 11], and facial-organ detection [6, 5]. Primary facial features are the easiest to
detect, but they are difficult to extract precisely.

The definition of marker-scale facial features provided by [84] involves ten cat-
egories, such as freckle, mole, scar, wrinkle, etc. Unsang et al. [48] proposed an
automatic facial-mark (e.g. scars, moles, and freckles) detection method. First, the ac-
tive appearance model (AAM) is employed to detect and remove the eyes, eyebrows,
nose, mouth, and face boundary. Then, the LoG blob detection is applied. With a
database of 1,225 images of 671 distinct subjects, experiment results showed that 90%
of the subjects in the database have fewer than 15 marker-scale facial features, while
the overall average is about 7. Thus, the number of marker-scale facial features is
insufficient to establish the correspondences needed in real-world applications.

Pore-scale facial features include pores, fine wrinkles, and hair, which commonly
appear in the whole face region. The pores and wrinkles are small, darker points
and line structures, respectively, due to small concavities where the incoming light is
blocked; hair also appears as lines. Lin and Tang [47] considered pore-scale facial
features as repetitive texture units. A set of response vectors is extracted from skin
regions using Gabor filters. Then, the skin texton-distribution is used to represent the
skin textures.

To the best of our knowledge, there is no literature using pore-scale facial features
to perform keypoint detection and to establish precise correspondences. This is a chal-
lenging and difficult task because, intuitively, pore-scale facial features such as pores
are similar to each other, so they are not distinctive.

3.3 Pore Index and Quantity-driven Detection
Pore-scale facial features - such as pores, fine wrinkles and hair - are darker than their
surroundings in a skin region, and those features which are blob-shaped or endpoint/corner-
shaped provide stable locations for matching purposes. Therefore, we apply the Hessian-
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(a) (b)

(c)

Figure 3.1: (a) Four face images with different skin conditions from the Bospho-
rus face database, (b) zoomed-in local skin-texture images, and (c) the DoG of the
zoomed-in local skin-texture images. The four images in (a) are named Subjects 1, 2,
3 and 4 in this chapter.

Laplace detector for keypoint detection on the multi-scale DoGs, which is given as
follows:

D(x, y, σ) =L(x, y, kσ)− L(x, y, σ)

=(G(x, y, kσ)−G(x, y, σ)) ∗ I(x, y),
(3.1)
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where the scale space of an image D(x, y, σ) is the convolution of the image I(x, y)

and the Gaussian kernel

G(x, y, σ) =
1

2πσ2
exp(−(x2 + y2)/2σ2). (3.2)

We construct the DoG in octaves, which have the σ doubled in the scale space. Each
octave has Ns DoG layers, so the factor k in (3.1) is defined as

k = 21/Ns . (3.3)

Unlike SIFT, which localizes both the scale-space maxima and minima of the DoG, we
detect only the maxima of the DoG to locate the darker keypoints in face regions. An
example of the pore-scale facial-feature responses with DoG is shown in Fig. 3.1(c).

3.3.1 Pore-scale Facial-Feature Modeling

Pore-scale facial features are formed from pores, fine winkles, and hair, among which
blob-shaped or endpoint/corner-shaped pore-scale facial features can provide the pre-
cise location of a sufficient number of the feature points. For a better understanding
of the pore-scale facial features and the sampling frequency selected for extracting the
features, we model the blob-shaped skin pore for keypoint identification, and derive
the DoG response mathematically in this section. A blob-shaped pore-scale keypoint
is a small, darker point, due to its small concavity, where the incident light is likely
blocked. Hence, there is no sharp or clear boundary around a keypoint. In our algo-
rithm, we use a Gaussian function to model the blob-shaped pore-scale keypoints as
follows:

pore(x, y, σ) = 1− 2πσ2G(x, y, σ), (3.4)

where σ is the scale of the pore model. This models a skin pore with the gray-level
intensities normalized to [0, 1], as illustrated in Fig. 3.2. Then, the DoG response of a
pore Dpore can be computed as follows:

Dpore(x, y, σ1, σ2)

= [G(x, y, kσ1)−G(x, y, σ1)] ∗ pore(x, y, σ2)

=

∫
+∞
−∞

∫
+∞
−∞[G(u, v, kσ1)−G(u, v, σ1)]

·pore(x− u, y − v, σ2)dudv. (3.5)
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The magnitude of the DoG should be maximized so as to be selected as the maximum
when compared to its 26 neighbors in a 3×3×3 region. Hence, the response function
at the center (x=0, y=0) of the pore is determined as follows:

Dpore
x=0,y=0

(σ1, σ2)

=

∫
+∞
−∞

∫
+∞
−∞[G(u, v, kσ1)−G(u, v, σ1)]

·pore(−u,−v, σ2)dudv

= σ2
2/(σ

2
1 + σ2

2)− σ2
2/(k

2σ2
1 + σ2

2). (3.6)

The maximum of Dpore is determined by taking the derivative of this function with
respect to σ1 and setting it at zero, giving

σ̂1 = k−1/2σ2. (3.7)

Thus, the scale of the o-th octave’s second final layer (the (Ns + 1)-th layer of a total of
Ns+2 layers) σ1,o,Ns+1 = 2◦σ0, where σ0 is the initial scale of the original image. The
σ0 is usually set at 0.8, which is the minimum needed to prevent significant aliasing
[85]. Consequently, when three DoG octaves (i.e. o=3) are constructed, the largest
scale of the detected Gaussian pore function σ2 = k1/2σ̂1,o=3,Ns+1 = k1/223σ0 > 6.4,
which is large enough for the detection of pore-scale facial keypoints. Therefore, the
number of DoG octaves No is set at 3 for all the experiments.

Figure 3.2: A skin pore is modeled using a 2D Gaussian function with the gray-level
intensities normalized to [0, 1] and σ = 1, where the coordinates (0, 0) represent the
pore location.
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3.3.2 Quantity of Keypoints

From the biological point of view, different people should have a similar quantity
of pores in their facial skin, while from the computer-vision viewpoint, the quantity
of keypoints detected directly affects the number of inliers available in the matching
process. On the other hand, if many of the keypoints are noises or are unstable, it
will be hard to find the inliers using RANSAC [38]. Hence, by experiments, we found
that an appropriate number of keypoints that can densely cover the whole skin region
and prevent it from having too many outliers is about 4,500. However, this number
is affected by the dense DoG responses at hairy (e.g. bearded) areas, which need to
be re-weighted or discarded. In order to evaluate skin conditions precisely, we simply
crop a hairless, cheek region in our experiments. Fig. 3.3 illustrates the position and
the size of the region (about 7% size of a whole face region) to be extracted from a
face image based on the coordinates of the right mouth corner and the right eye. With
this cropped region, we set the desired number of keypoints,Nk, to within a predefined
range [350, 400].

Figure 3.3: Illustration of a cropped skin region in a face image for keypoint detection.
(d is the distance from the right eye center to the right mouth corner.)
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3.3.3 Pore Index and Adaptive Threshold

Substitute (3.7) into (3.6), the peak value P of the DoG response of a pore Dpore is
given as follows:

P = Dpore(σ̂2) = (k − 1)/(k + 1). (3.8)

This equation displays two very useful properties: (a) The maximized response is
independent of the scale of the pores, so it is also invariant to image resolutions. (b)
The peak value is relevant to the sampling frequencies in scale, due to the fact that the
factor k is determined by the number of layers per octave Ns, shown in (3.3). Hence,
the peak value is used to normalize the response with different sampling frequencies
in scale in our sampling-frequency evaluation (i.e. the experiments in Section 3.3.4).

To determine the threshold which can result in Nk∈[350, 400] from the cropped
skin region, the binary search method [86] is performed on a threshold list. The thresh-
old list is set as [0, 0.2×P ], where P is the peak value of the DoG response of a mod-
eled pore. In other words, an adaptive threshold τ is searched, which can be considered
as the product of a coefficient Rpore and the peak value P . This coefficient Rpore is
called the Pore Index, andRpore is the ratio of the adaptive-peak threshold τ used in the
PSIFT detector to the modeling-peak value P of the DoG images, defined as follows:

Rpore = τ/P. (3.9)

Therefore, the pore index Rpore represents the roughness/contrast of the skin. The
pore-scale facial features in a face image with a smaller pore index are more sensitive
to noises or blurring in establishing correct matching. Furthermore, the difference
between the two pore indices computed from two different images of the same subject
reflects the difference in the two images’ quality. The blurring or lower-resolution
distortion can reduce the high-frequency information in an original face image, which
leads to a lower pore index. Details will be described in Section 3.6.3. The noises
on a face image will introduce more high-frequency variation; this results in a higher
pore index. Thus, when the difference in image quality is large, at least one of the two
images is distorted by noises or by blurring. It is relatively hard to establish correct,
densely covered matches on such a pair of face images. More analysis will be given in
Section 3.6.5.
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3.3.4 Quantity-driven Parameter Selection

Matching performance measurement

Most of the pore-scale facial features are tiny and of low contrast. Thus, the selected
parameters should be robust to noisy or blurring conditions for real applications. How-
ever, these noise and blur kernels are hard to model. Hence, rather than using uniform-
noise-added images as in [40], a skin dataset cropped from face images in the Bospho-
rus database [73] was used in our experiments. The database contains face images at
different poses, captured using unsynchronized and uncalibrated cameras. The four
subjects shown in Fig. 3.1(a), together with other 16 subjects selected randomly, are
used to generate a skin dataset. In this experiment, skin regions in different poses are
grouped to form four different datasets (10◦ and 20◦, 10◦ and 30◦, 20◦ and 30◦, and
20◦ and 45◦, respectively). Fig. 3.3 illustrates the cropping scheme: all the facial-skin
images are cropped from the same region of the respective face images.

Before measuring the matching performance, several notions should first be in-
troduced. To match a keypoint in one face image to that in another face image, the
Euclidean distances between the keypoint descriptor and that of anther keypoint on
the other face is computed. The best-matched keypoint is determined by the near-
est neighbor, i.e. the keypoint in the other face image with the minimum Euclidean
distance. The distance ratio is defined as the ratio between the Euclidean distances
of the best-matched keypoint and the second-best keypoint. The matched keypoint
is accepted if the distance ratio is smaller than 0.8, which is determined empirically
by experiments. Hence, the number of matched keypoints is much far fewer than the
number of keypoints in each image. The matched pairs of keypoints are then verified
using RANSAC to fit the epipolar constraint in order to capture the inliers.

In [40], repeatability is used for measuring the matching performance of the de-
scriptors with different parameters; this is defined as the number of inliers divided
by the smaller number of keypoints from the two images. Because the number of
pore-scale keypoints detected in a face image is predefined by an adaptive threshold,
the number of inliers is proportional to the repeatability in our proposed framework.
Furthermore, whether the inliers can be identified by RANSAC successfully, which is
closely depends on the inlier rate. The inlier rate is defined as the ratio of the number
of inliers identified to the total number of matches.



3.3. PORE INDEX AND QUANTITY-DRIVEN DETECTION 33

(a) (b)

(c) (d)

Figure 3.4: (a) The numbers of inliers with different numbers of scales or layers sam-
pled per octave, (b) the inlier rate with different numbers of scales sampled per octave,
(c) the numbers of inliers detected with different values of the prior smoothness σ0,
and (d) the inlier rates with different values of the prior smoothness σ0.

Sampling frequency in scale

In this section, the sampling frequency in scale is experimentally determined. The
quantity of inliers is used to evaluate the matching performance at different sampling
frequencies. The inlier rate is also used to show the robustness of the different sam-
pling frequencies. Each keypoint in one face image is matched to the keypoints in
another face image. The matched keypoint is accepted if the distance ratio is smaller
than 0.8, which is determined empirically by experiments. The matched pairs of key-
points are then verified using RANSAC, where the distance threshold used is set at
0.001, considering the fact that the images are unsynchronized and the facial appear-
ances are non-rigid.

Figs. 3.4(a) and 3.4(b) show the experimental results for determining the number
of layers (scales) s in each DoG octave. The results were obtained using 3 to 8 scales
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per octave; 8 layers per octave is the maximum that can prevent significant aliasing.
All the results are the average of the four datasets. Fig. 3.4(a) shows that the average
number of inliers of the 20 subjects is significantly improved when more scales are
used, although all of the subjects cannot achieve the highest inlier rate. The average
inlier rates shown in Fig. 3.4(b) are always more than 85%; this reflects the robustness
of PSIFT. To ensure that a sufficient number of inliers can be densely located in the
whole facial-skin region, the quantity of inlier candidates is more important than the
inlier rate in our algorithm. Therefore, 8 scales are sampled in each octave in our
algorithm, and this setting is used for all the experiments.

Sampling frequency in the spatial domain

Figs. 3.4(c) and 3.4(d) show the matching performance when the prior smoothing σ0
varies. The results show that the largest number of inliers is obtained when the prior
smoothing σ0 is set at 1. Furthermore, the average inlier rates of the 20 subjects are
almost a constant. Although the highest inlier rate is not obtained at this setting, the
quantity of inliers is more important for the matching task. Furthermore, the robustness
of the inlier candidates can be improved in the matching process. Therefore, we choose
to set the prior smoothing σ0 at 1 for all the experiments.

Eliminating the edge responses

A poorly defined peak in the DoG scale space will have a large principal curvature
across the edge, but a small one in the perpendicular direction. The principal curvature
is represented by the eigenvalues of a 2×2 Hessian matrix H , r is the ratio between
the larger magnitude eigenvalue and the smaller one, and (r + 1)2/r is at a minimum
when the two eigenvalues are equal, and it increases with r. In our experiments, the
threshold rth of r is set at 3, which is stricter than 10 used in [40].

3.4 Relative-position Descriptor
In this section, we will describe the local PSIFT descriptor, which is similar to that
of SIFT but with the parameters having different values. As a skin region can be
approximated as a plane, we will show that viewpoint variations can be described as
an affine transformation.

Fig. 3.1 shows some sample results based on a DoG layer in an octave. The lighter
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points on the DoG, as shown in Fig. 3.1(c), represent the responses of the feature
points. These points are indeed very similar to each other when they are observed
individually: most of them are blob-shaped, and the surrounding region of each key-
point has almost the same color. However, unlike man-made textures, the relative
positions of the pores are unique. Hence, the descriptor should not only extract the in-
formation around the keypoints themselves, but also the information in a neighborhood
wide enough to include the neighboring pore-scale features. Thus, both the number
of subregions and the support size of these subregions used in the SIFT descriptor are
enlarged, as shown in Table 3.1.

Table 3.1: Parameters of the PSIFT and SIFT descriptors.

PSIFT SIFT
No. of subregions 8× 8 4× 4
Support size of total
subregions

6 × scale of key-
points

3 × scale of key-
points

Support size of each
subregion

0.75 × scale of
keypoints

0.75 × scale of
keypoints

No. of Orientation bins 8 8
Dimension of the fea-
ture

512 128

In addition, the keypoints are not assigned a main orientation. There are two rea-
sons for this. First, most of the keypoints do not have a coherent orientation. As shown
in Fig. 3.1, most of the pore-scale facial features are blob-shaped and without clear,
dominant orientations. Other endpoint-shaped pore-scale facial features, such as the
endpoints of hairs, also appear on the skin surface, but the relative locations of these
features are unstable under different viewpoints. Second, generating a rotation-free
description of the feature is not necessary. A general observation for face recognition
shows that face images are usually taken from the frontal view using an upright cam-
era; some slightly rotated face images can also be aligned to the frontal view by means
of preprocessing steps, such as alignment based on the eyes’ locations. Fig. 3.5 shows
the geometry of viewpoint variations. Large variations generally occur when a camera
turns from the frontal view to a profile view along the x-direction, while the movement
of the camera in the y-direction is usually relatively small. Thus, the rotation matrices
of the camera R1(ψ) and R2(φ) can be approximated as an identity matrix. Hence,
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viewpoint variations can be simulated as an affine transform as follows:

A =R1(ψ)T (θ)R2(φ)

≈R1(0)T (θ)R2(π)

=T (θ) =

[
1/ cos θ 0

0 1

]
,

(3.10)

where T is a diagonal matrix determined by θ. This affine variation is very limited.
Hence, these keypoints are not assigned a main orientation.

Figure 3.5: The geometry of viewpoint variations.

3.5 Candidate-constrained Matching
We have determined the parameters of PSIFT based on skin-image matching from
the same local face region of a number of training face images. However, in real ap-
plications, it is often the case that some features from two face images do not have
any correct matches. This is because the two facial regions considered in the match-
ing do not overlap. Furthermore, noise and blurring caused by a camera being out
of focus or in motion can have a significant influence on the matching result: some
keypoints may not be detected in the face image to be matched, or the local feature
description may vary according to facial expressions. Hence, a candidate-constrained

matching scheme based on two stages of matching is proposed to narrow the matching
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candidates; this can greatly reduce the computation required and achieve more accu-
rate matching result. A schematic diagram of this scheme is shown in Fig. 3.6. In
the first matching stage, the initial fundamental matrix is determined. Then, in the
second matching stage, we further narrow the candidates based on the position of the
primary facial keypoints, in addition to the initial fundamental matrix. The two stages
of matching use both the inter- and the intra-scale facial information.

Inital matching

 The second matching
Primary facial 

keypoints

Pore-scale 

keypoints

Initial fundamental 

matrix

Result

Figure 3.6: A schematic diagram of candidate-constrained matching scheme.

The inter-scale facial information includes the relative locations of the pore-scale
facial features and the primary facial features, such as the eyes and mouth, and the
rough epipolar constraint, which is estimated by RANSAC in the first matching. Using
this information, we can dramatically narrow the searching range in the face image to
be matched, which can help reduce the number of outliers. As illustrated in (3.10),
the view slightly varies in the x-direction only, as shown in Fig. 3.5. Therefore,
the searching range can be considered within a certain vertical range only. In our
experiments, the searching area in the vertical direction is limited to 10% of the image
height. Thus, the searching area is narrowed to 20% (2 × 10% of the image height
× 100% of the image width) of the whole face in the first matching. In the second
matching, the estimated epipolar constraint and its relative location to the primary
facial keypoints are used, and the searching area can then be narrowed to about 5%
(details in Algorithm 1, π × 0.32× 0.04×W1/H1 ≈ 5% ).

The intra-scale facial information about facial features include the scales and the
local descriptions of the keypoints, which are used in the matching process to further
narrow the search of matched candidates. Face images captured from different views
can be scaled so as to have a similar resolution. Usually, the higher-resolution face
image can be down-scaled and aligned to the lower-resolution one. Hence, the scale
of the detected keypoints in the two images should be similar. The scale of a keypoint
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here is the scale of the DoG layer where the magnitude is maximum. We define scale

ratio as the ratio of the scales of the two keypoints from the two face images to be
matched. Hence, we can further narrow the matching candidates according to the
scale ratio. Two keypoints may be matched if their scale ratio is within the range [0.5,
2]. For those keypoints that are matched based on the scale ratio, we establish one
more matching using the distance ratio defined in Section 3.3.4. A pair of matched
keypoints is accepted if their distance ratio is smaller than a certain threshold (0.8 in
our experiments).

The estimation of the positions of the keypoints to be matched based on facial fea-
tures is summarized in Algorithm 1, while the candidate-constrained matching scheme
is summarized in Algorithm 2. Based on the matching scheme, between 1,000 and
3,000 matches between two face images can be established. Then, RANSAC is em-
ployed to find the inliers within about 3,000 iterations, and its distance threshold is set
at 0.001-0.0001.

3.6 Experiments
In this section, we will collect the statistics of the pore indices on 420 face images.
Three types of distortions (namely low resolution, JPEG compression, and blurring)
are simulated to evaluate the robustness of PSIFT, and the variations of the pore in-
dices of faces under these different distortions are discussed. Furthermore, PSIFT is
evaluated on both a synchronized face dataset and an unsynchronized face dataset for
face matching task. We use the two different datasets and different simulated distor-
tions to show the parameters of PSIFT have a good generality. Finally, based on these
results, a method that can estimate the difficulty level of face matching based on the
pore index is presented.

To evaluate the face-matching performance, PSIFT will be compared with the
state-of-the-art matching approach based on SIFT [40]. In the experiments, the num-
ber of inliers detected is used to evaluate the performance of the matching task. All
the parameters of SIFT are set at the recommended values in [40] except the peak
threshold of DoG detection. In [40], the peak threshold of the SIFT detector is set at
0.03, which results in extracting as few as 10 keypoints in face images. Therefore, the
peak threshold of the SIFT detector in our experiments is set at 0.005, according to
the default value used in the SIFT implementation in [87], which leads to detecting a
similar number of keypoints as when using PSIFT.
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Algorithm 1 Estimation of a Candidate’s Region
1: Given two images I1 and I2, with a keypoint at (x2, y2) in I2, a possible region of

the corresponding keypoint (x̂1, ŷ1) in I1 is to be estimated.
2: For image I2, (xLE2 , yLE2 ), (xRE2 , yRE2 ), (xLM2 , yLM2 ) and (xRM2 , yRM2 ) are the co-

ordinates of left eye, right eye, left mouth corner and right mouth corner, respec-
tively.
The fundamental matrix is defined as F .

3: Connect the points (xLE2 , yLE2 ) (xLM2 , yLM2 ) and the points (xRE2 , yRE2 )
(xRM2 , yRM2 ), to form two lines, which divide the second image I2 into the left,
the center, and the right subregions, denoted as IL2 , IC2 and IR2 .

4: Compute similarity transformation TL, based on the coordinates of left eye and
left mouth corner in I2 and I1.

5: Compute homography transformation TC , based on the correspondences of the
left eye, right eye, left mouth corner, and right eye corner in I2 and I1

6: Compute similarity transformation TR, based on the coordinates of the right eye
and the right mouth corner in I2 and I1.

7: Input: (x2, y2), IL2 , IC2 , IR2 , TL, TC , TR and F .
8: Compute the epipolar line l1 based on (x2, y2) and F , and define the direction of
l1 as θl1.

9: if (x2, y2) in IL2 then
10: Transform (x2, y2) to (x′1, y

′
1) using TL.

11: Project (x′1, y
′
1) to l1, get (x̂1, ŷ1).

12: else if (x2, y2) in IC2 then
13: Transform (x2, y2) to (x′1, y

′
1) using TC .

14: Project (x′1, y
′
1) to l1, get (x̂1, ŷ1).

15: else if (x2, y2) in IR2 then
16: Transform (x2, y2) to (x′1, y

′
1) using TR.

17: Project (x′1, y
′
1) to l1, get (x̂1, ŷ1).

18: end if
19: Output: the ellipsoid region R(x, y) satisfies:

(x× cos(θl1) + y × sin(θl1)− x̂1)2/a2+
(−x× sin(θl1) + y × cos(θl1)− ŷ1)2/b2 6 1,

(3.11)

where a = 0.32×H1 and b = 0.04×H1. Thus, the area of this ellipsoid region is
about π × 0.32× 0.04×W1/H1 ≈ 5% of the total area of the the first face image.

3.6.1 Pore-scale Facial-feature Statistics and Visualiza-
tion

Fig. 3.1 shows four face samples with the corresponding zoomed-in, local skin-texture
images and the corresponding DoG layers. These faces have very different skin con-
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Algorithm 2 Candidate-constrained Matching
1: Assume that there are Nk1 and Nk2 keypoints detected in I1 and I2, respectively.

The coordinates and the scale of the i-th keypoint in I1 are denoted as (xi1, y
i
1) and

σi1, respectively. Similarly, the coordinates and the scale of the j-th keypoint in
I2 are denoted as (xj2, y

j
2) and σj2, respectively. Without loss of generality, assume

that Nk1 < Nk2. The height of the image I1 is H1.
2: Matching the keypoints is established from I2 to I1. After the first stage of match-

ing, the fundamental matrix is F1.
Input: the coordinates, scales, and descriptors of the keypoints in I1 and I2

3: for Stage (t = 1, 2) do
4: for the j-th keypoint in I2 do
5: Initialize an candidates list p, which includes all the keypoint in I1

(size(p)=Nk1).
6: for the i-th keypoint in I1 do
7: if t == 1 and |yj2 − yi1| < 0.1×H and 0.56|σj2/σi1|62 then
8: p is not updated.
9: else if t == 2 and (xi1, y

i
1) ∈ R(xj2, y

j
2) (described in Algorithm 1) and

0.56|σj2/σi1|62 then
10: p is not updated.
11: else
12: Remove the i-th keypoint from the candidates list p of I1.
13: end if
14: end for
15: if the distance ratio based on the reduced candidates list p smaller than δ,

which is a constant between 0.8 and 0.9. then
16: A match is established.
17: end if
18: end for
19: Using RANSAC, get the fundamental matrix Ft and the inliers.
20: end for
21: Output: the fundamental matrix F2 and the corresponding inliers.

ditions. Subject 1’s skin is very smooth and fine, while Subjects 2 and 3 have ordinary
skin conditions. The pores on Subject 2 are smaller than those on Subject 3. Besides
the pore-scale facial features, Subject 4 has a greater number of marker-scale facial
features. However, their total numbers of PSIFT keypoints are similar because we
use our quantity-driven detection scheme. We define the normalized standard devia-

tion (Nstd) as the standard deviation divided by the corresponding average, which is
used to measure the difference of the pore indices in face images of the same subject.
Fig. 3.7 illustrates the keypoint-detection results, where different colors for the key-
points represent the scales detected on the corresponding DoG layers. The average and
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the normalized standard deviation of the pore indices of 4 images of each subject are
summarized in Table 3.2. We find that the pore indices can effectively represent the
roughness/contrast of the skin images. Later, the average and the normalized standard
deviation of the pore indices are used to analyze the difficulty level of skin matching.

Table 3.2: Pore-index statistics (Average/Normalized Standard Deviation) of Subjects
1-4’s skin images with different poses.

Subject Avg/NStd
1 0.0161/0.0551
2 0.0195/0.0214
3 0.0279/0.0491
4 0.0367/0.0492

Figure 3.7: Keypoint visualization based on Subjects 1-4’s skin images corresponding
to Fig. 3.1 (different colors for the keypoints indicate their scale, as shown in the
colorbar).

The statistics of the pore indices for 420 images from the Bosphorus database
[73] are collected based on the cropped skin regions, as illustrated in Fig. 3.3. The
frequencies of the different pore indices for the face images are shown in Fig. 3.8.
The distribution of the pore indices is approximately a normal distribution, which also
reflects the distribution of people’s skin conditions.
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Figure 3.8: The frequency of subjects with different pore indices (the bin size is 0.001
and the number of bins is 41).

3.6.2 Robustness Evaluation with Simulated Distortions

In this section, four types of distortions - namely, low resolution, blurring, uniform
noise, and JPEG compression - are considered to evaluate the robustness of PSIFT
for the skin-matching task. The Bosphorus database [73] is used to generate the skin-
affine simulated dataset for our experiments. Four of the subjects have been shown in
Fig. 3.1. In addition to these 4 subjects, 30 more faces from a total of 105 subjects
in the database are randomly selected. We use face images captured from 20 degrees
to the right of the frontal view as the learning samples, and the cheek region of each
sample is cropped, as shown in Figs. 3.1 and 3.4. Based on (3.10), the images are
tilted to simulate the respective degree variations. Thus, a total of 204 image pairs are
available for evaluating the matching performances. The nearest-neighbor matching is
used for SIFT and PSIFT in this experiment.

Bicubic interpolation is used to generate low-resolution images with down-sampling
factors of 0.875, 0.75, 0.625, 0.5, 0.375, 0.3125, and 0.25, respectively. For the blur-
ring distortion, the scales of the Gaussian kernels are set at 0.8, 1.6, 2.4, and 3.2,
respectively. The noisy images are generated by adding 0.5%, 1%, 1.5%, and 2% of
uniform noise to the images, i.e. a random number from the uniform interval [-0.01,
0.01]×noi (where the factor noi = 0.5, 1, 1.5, 2) is added to a face image whose pixel
values are in the range [0, 1]. The JPEG compression quality parameters are set at
87.5, 75, 62.5, and 50, respectively. As the changes are synthetic, it is possible to pre-
cisely predict where each feature in an original image should appear in the distorted
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images. The number of inliers is used to measure the robustness of PSIFT and SIFT.
Figs. 3.9(a)- 3.9(d) illustrate the average numbers of correct matches established

under these four types of distortion. The average value of the pore indices is also given
as a measure of image qualities under the different distortions. PSIFT and SIFT are
both scale-invariant, so PSIFT is very robust to resolution variations in certain regions,
as shown in Fig. 3.9(a). The number of inliers declines dramatically when the down-
sampling factor is set lower than 0.375 (the 6th bar). Hence, the lowest resolution
of a face image that can generate a sufficient number of pore-scale facial features is
about 600×500 pixels, which is lower than most of the capabilities of digital cameras
nowadays. When the down-sampling rate is larger than 0.75 (the 3rd bar), the average
of the pore indices is approximately a constant. When the face images are further
down-sampled, some of the peaks on the DoG start to be distorted. Hence, the pore
index decreases with a higher down-sampling rate. Blurring also decreases the high-
frequency information in face images, so both the pore indices and the number of
inliers decline with blurring, as shown in Fig. 3.9(b). As the uniform noise introduces
high-frequency content to faces, the pore index increases with the magnitude of the
noise, as shown in Fig. 3.9(c). JPEG compression affects the details of images, but
the number of peaks on the DoG is approximately a constant. Thus, the pore indices
remain almost constant with different JPEG-compression settings, as shown in Fig.
3.9(d). Most of the pore-scale facial features are tiny and of low contrast. Thus,
high-frequency information is easily distorted. Consequently, the number of inliers
decreases when the strength of these distortions increases.

In real applications, before the matching process, sometimes the face images are
down-sampled to a smaller size for storage convenience or for alignment/cropping.
Hence, we also evaluate PSIFT and SIFT matching performances under two types of
distortion (noise and blurring) with different down-sampling rates. The setting of the
first bar in Fig. 3.10(a) is the same as for the third bar in Fig. 3.9(c), while the setting
of the first bar in Fig. 3.10(b) is the same as for the third bar in Fig. 3.9(b). Then, the
noisy/blurred images are down-sampled with a rate of 0.875, 0.75, 0.625, 0.5, 0.375,
0.3125 and 0.25, respectively. As shown in Fig. 3.10(a), we can find that the number of
inliers first increases with a lower down-sampling rate. When the down-sampling rate
is lower than 0.5, the number of inliers starts to decrease. This is because the down-
sampling process can eliminate some noise in the images, which increases the number
of inliers. However, when the down-sampling rate is further lowered, the details in
skin regions are also eliminated. This causes a decline in the number of inliners. Fig.
3.10(b) shows that the performance of PSIFT is robust to different down-sampling
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(a) (b)

(c) (d)

Figure 3.9: Respective numbers of inliers detected by PSIFT and SIFT under four
types of distortion: (a) low resolution, (b) blurring, (c) uniform noise, and (d) JPEG
compression.

rates when the rate is higher than 0.5.

(a) (b)

Figure 3.10: Respective numbers of inliers detected by PSIFT and SIFT under two
types of distortion with different down-sampling rates: (a) noise, and (b) blurring.
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3.6.3 Face Matching Based on a Calibrated and Syn-
chronized Dataset

A video dataset from [33] was captured using an array of video cameras with a res-
olution of 1,920×1,080. These cameras are calibrated and synchronized. 20 pairs of
corresponding frames captured from two cameras in the camera array were selected to
perform the matching task. A pair of the frames is shown in Fig. 3.11. The ground-
true fundamental matrix calculated by the calibration information is used to verify the
inliers of the matching results.

Having changed the default peak threshold from 0.03 in [40] to 0.005, SIFT can de-
tect a similar number of keypoints as PSIFT. The nearest-neighbor matching is used,
with the distance ratio set at 0.90 for both PSIFT and SIFT. Using RANSAC, the
matching results are refined to fit the epipolar constraint, where the distance threshold
is set at 0.00001. PSIFT and SIFT can establish 1,156 and 107 matches, respectively,
on average. We have also evaluated PSIFT at a lower resolution: the original images
are down-sampled to a resolution of 960×540. At this resolution, PSIFT can establish
1,378 correct matches, on average, which is even slightly higher than that at the origi-
nal resolution. This is due to the fact that the images at the original resolution contain
distortions such as noises, which can be alleviated after down-sampling. The results
show that our method is very robust to variations in resolution and facial expression.
At a lower resolution, SIFT can establish 51 correct matches only, on average. Table
3.3 summarizes the details of the matching results at different matching stages. Fig.
3.11 shows the matching results of a pair of images at the resolution of 960×540,
which has the median number of inliers of the 20 face pairs.

Figure 3.11: A sample of the calibrated and synchronized dataset, which has the me-
dian number of inliers matched in the 20 frame pairs, with an image resolution of
960×540. 1,382 matches are detected, which are represented by the green lines.
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Table 3.3: The number of inliers (average/standard deviation) detected in each step of
the matching process.

Resolution 1,920 × 1,080 960 × 540
Methods Proposed SIFT Proposed SIFT
Initial
Matching

1026.4/
189.5

177.7/
37.5

1431.3/
171.3

91.4/
20.1

After
RANSAC

691.4/
121.6

107.8/
30.1

920.5/
90.0

51.6/
14.9

Ground
truth

688.2/
122.1

107.4/
30.1

915.1/
90.0

50.8/
15.0

2nd Match-
ing

1390.2/
238.7

N/A 1649.5/
214.7

N/A

After 2nd
RANSAC

1191.4/
202.4

N/A 1377.6/
146.0

N/A

Ground
truth

1156.5/
193.1

N/A 1338.8/
139.3

N/A

3.6.4 Face Matching Based on an Unsynchronized Dataset

In this section, experiments were conducted using the Bosphorus database [73]. The
face images in this database were captured unsynchronized and from different views.
The subjects were filmed at different angles by rotating the chair they were sitting
in to align with stripes placed on the floor indicating the corresponding angles. All
105 subjects in the Bosphorus database were used to evaluate the performance of our
method under different skin conditions. Four samples are illustrated in Fig. 3.1. The
distance threshold used in RANSAC is set at 0.0001, considering the fact that the
images are unsynchronized and that the facial appearances are non-rigid. Fig. 3.12
shows the number of subjects with respect to the different numbers of inliers detected
for three sets of image pairs with different combinations of poses (20◦ and 30◦, 20◦

and 45◦, and 10◦ and 45◦ poses, respectively). PSIFT can establish 1,424, 834, and
436 correspondences, respectively, on average for the three sets of pose combinations,
with the image resolution at 1, 400 × 1, 200. However, SIFT fails to establish correct
matches in most of the cases. The original-size images contain distortions such as
reflectance, out-of-focus blurring, etc. PSIFT can achieve a slight improvement when
the images are down-sampled. However, SIFT fails to find any correct matches once
again. Fig. 3.13 shows three samples of the matching results, with the median number
of inliers detected with respect to the three pose combinations, and with the image
resolution at 700× 600.
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(a) (b)

(c)

Figure 3.12: Distributions of the number of inliers on all 105 subjects in the Bosphorus
database under three different pose variations: (a) 10◦ (images at 20◦ and 30◦), (b) 25◦

(images at 20◦ and 45◦), and (c) 35◦ (images at 10◦ and 45◦).

3.6.5 Face-matching Difficulty Analysis

In this section, we will revisit the experimental results and analyze the face-matching
difficulty based on the statistics of the pore indices of the matched image pairs. Fig.
3.12(a) shows the number of subjects with respect to the different numbers of inliers
detected under 20◦ and 30◦ poses. While the skin region is cropped from the original-
size face images, as shown in Fig. 3.3, the histogram of the different numbers of inliers
for skin matching is shown in Fig. 3.14(a). The experimental results are also shown
in the 3D plot in Fig. 3.14(b), with the number of inliers, the normalized standard
deviation, and the average pore indices as the three axes of the 3D plot. As shown in
Figs. 3.9(a) and 3.9(b), lower-resolution distortion, or blurring, can reduce the high-
frequency information in the original face images, which leads to a lower pore index.
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In contrast, the noise distortion will introduce more high-frequency variations, which
results in a higher pore index, as shown in Fig. 3.9(c). Thus, if the pore indices of two
images of the same person are very different, at least one of the two images is distorted.
For such a pair of face images, it is relatively hard to establish correct densely covered
matches. In Fig. 3.14(b), a mesh is generated based on the points in the 3D plot. We
find that the image pairs with a large average value and a small normalized standard
deviation of the pore indices can establish more correspondences than the others.

3.7 Conclusions
In this chapter, we have modeled the blob-shaped pore-scale features using a Gaussian
kernel, and analyzed the relationship between the strength of the response and the
number of DoG layers used. A new measure, namely the Pore Index, is proposed to
analyze the relationship between facial-skin image conditions and the difficulty level
of skin matching, which also reflects the adaptive threshold for keypoint detection. A
quantity-driven detection scheme has been proposed to produce a sufficient number
of pore-scale facial keypoints regardless of the variations in the skin conditions of
different subjects. The PSIFT descriptor is designed to extract the relative-position
information about the neighborhood of the keypoints.

Then, we will apply the PSIFT features for face matching. In our approach, with
the prior knowledge of facial images, the use of a candidate-constrained matching
scheme can significantly reduce the number of candidates considered in matching.
Spatially, the searching range can be narrowed to 20% of the whole face in the initial
matching of two face images. Then, the standard RANSAC algorithm [38] is applied
to the matched candidates to identify those inliers which satisfy the epipolar constraint.
Based on the estimated epipolar constraints, the regions of the matched candidates can
be further narrowed to 5% of the whole face. To the best of our knowledge, this is the
first framework which is suitable for establishing densely covered correspondences
between uncalibrated face images.
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(a)

(b)

(c)

(d)

Figure 3.13: PSIFT matching results for those pairs of faces with the median num-
ber of inliers of the 105 subjects for three pose variations: (a) 10◦ pose difference,
1,522 inliers detected; (b) 25◦ pose difference, 858 inliers; (c) 35◦ pose difference,
441 inliers; and (d) SIFT matching results for the image pair in (c): 28 matches are
established, but no inliers can be found via RANSAC.
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(a)

(b)

Figure 3.14: (a) Histogram of the number of inliers and (b) 3D distribution of skin-
matching results, based on the skin matching of all 105 subjects in the Bosphorus
database, with poses at 20◦ and 30◦.



Chapter 4 Face Verification Using Pore-
Scale Facial Features

4.1 Introduction
With human biology, it is impossible for two people to have identical skin conditions or
appearances. Inspired by this idea, a novel pore-scale facial feature has been proposed
in Chapter 3. Such pore-scale facial features are dense and distinguishable, which are
also desirable for face verification.

Face verification is a one-to-one matching problem, which validates (or not) the
claimed identity of a person. The claim is either accepted or rejected based on a certain
threshold. Face verification has been widely used in security systems and electronic
commercial systems due to the easy access to face acquisition.

In this chapter, we propose a face verification algorithm based on the pore-scale
facial features to take the advantage of HR information. One of the major advantages
of the proposed approach is that the facial-skin regions under consideration are usually
more linear or approximately a plane, so the verification or recognition performance
will be very robust to pose, expression, and illumination variations, etc. Furthermore,
only one training sample per subject is needed, and an accurate face alignment is not
necessary to achieve a good performance. An overview of our proposed framework is
shown in Fig. 4.1. Firstly, the pore-scale facial features are detected and extracted from
a testing or query image. Then, initial keypoint matches between the testing image and
that of the claimed identity in the gallery is established; the initial keypoint matches are
then converted to block matches which are further aggregated to eliminate the outliers,
as shown in Fig.4.1(b) and (c). Finally, the verification result is determined based on
the maximum of the local-matching density blocks on the face image as illustrated in
(d). In our experiments, we will show the superior performance of our face verification
algorithm compared to the standard face verification methods.

The contribution of this chapter and the novelty of the proposed method are listed
as follows:

• An alignment-free and pose-invariant face verification approach is proposed. In
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(a)

-

-

(b)

-

-

(c) (d)

-

-

(e)

Figure 4.1: The face-verification framework based on the PPCASIFT feature: (a) two
examples of query pairs for face verification the top is the client and the claimed,
and the bottom row is the impostor and the claimed, (b) the pore-scale facial key-
point matching results and the initial block matching results between the query and
the claimed image, (c) the refined block matching result (the color region is the aggre-
gated blocks), (d) the local region (in the yellow box) on the training image which has
the maximized local-matching density, and (e)the verification results.

other words, the locations of the facial features such as the eyes and mouth are
not needed.

• Non-frontal-view face images are not needed for training, which makes our
method suitable for practical and real applications.

• To the best of our knowledge, our method is the first to perform face verification
by using pore-scale facial features rather than landmark-features (e.g. contours,
eyes, nose, mouth) or marker-scale features (e.g. moles, scars).

• A new descriptor is proposed, namely Pore-PCA-SIFT (PPCASIFT), which can
achieve a similar performance to the Pore-SIFT (PSIFT) descriptor, but it re-
quires only 14% of the computational time compared to the PSIFT descriptor.

• A fast and robust fitting method is proposed to establish block matching of two
faces from keypoint matching, which can also remove outliers at the same time.

• A pose-invariant similarity measure, namely the maximized local-matching den-
sity, is proposed to provide a normalized similarity measure for pose-invariant
face verification. Based on the maximized local-matching density, no prior
knowledge of pose information is needed.

In this chapter, a more compact representation is also proposed for the pore-scale
facial features adapted from PCA-SIFT [88], which can achieve a similar performance
but with about 14% of the computational complexity of PSIFT only. Furthermore,
a new similarity measure, namely maximized local-matching density, is devised to
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address the normalization of similarity measure for pose-invariant face verification.
Our method does not use any prior knowledge of pose information. Comprehensive
experiments have been conducted on Bosphorus dataset [73], the PIE dataset [74], and
the FRGC v2.0 dataset [75].

The remainder of this chapter is organized as follows. Section 5.2 presents a more
compact descriptors for the pore-scale facial features, namely PPCASIFT. Section
5.3 introduces a new feature matching and robust fitting method considering expres-
sion variations. Section 5.4 describes a new similarity measure for face verification,
namely the maximized matching density, which makes our method robust to pose vari-
ations. Section 5.5 presents the experimental results and compares our face verification
method with some standard face verification methods. In particular, we will evaluate
the performances of the different methods when the query faces are under pose and ex-
pression variations. Section 5.6 summarizes this chapter and gives some conclusions.

4.2 Pore-scale Facial-Feature Dimension Re-
duction

In Chapter 3, PSIFT is proposed using the relative position and gradient informa-
tion of neighboring keypoints. The number of subregions, and the support size of
each subregion used in the SIFT descriptor are expanded in PSIFT for extracting the
relative-position information about the neighboring keypoints. In this way, a PSIFT
descriptor is constructed from a region containing 8 × 8 subregions, with each sub-
region represented by a histogram of 8 orientation bins. Therefore, PSIFT extracts a
512-element feature vector for each keypoint description. In addition, the keypoints
are not assigned a main orientation because most of them are blob-shaped and do not
have a coherent orientation; Furthermore, the rotation of a face image is usually small,
generating a rotation-free description of the pore-scale facial feature is not necessary.

However, matching two keypoints using descriptors of 512 dimensions is compu-
tational. To improve the efficiency, we propose a more compact keypoint descriptor,
namely Pore-PCA-SIFT (PPCASIFT), which is adapted from PCA-SIFT [88] to use
PCA to reduce the dimensionality of the descriptor. We extract the description of a
keypoint based on the 65×65 patch, with the keypoint at the center, at a given scale
(determined by the PSIFT detector). Unlike PCA-SIFT, the patches of pore-scale fa-
cial keypoints are unnecessary to be aligned and to be assigned with their main orienta-
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tions. However, PCA can still represent these patches. The main reason for this is that
the patches contain the relative spatial information about the neighboring keypoints,
and the patterns of patches are simple. If a sufficient number of patches are available
for learning the principal components, the patches can then be represented efficiently
in a much lower subspace. We select 16 face images from 4 distinct subjects with
different skin conditions to extract about 90,000 patches. The horizontal and vertical
gradients in each patch are computed, which are represented by a vector containing
2 × 63 × 63 = 7, 938 elements. This vector is then normalized to unit magnitude.
Then, PCA is applied to these training vectors. The first leading 72 eigenvectors are
used to form the projection matrix for PPCASIFT, which is of dimension 7, 938× 72.
To generate the PPCASIFT descriptor for a given keypoint, its normalized gradient
vector is computed and is projected to the eigenspace formed by the 72 eigenvectors.
Compare to the PSIFT descriptor which has a dimension of 512, the dimension of the
PPCASIFT descriptor is 72 only. In other words, the PPCASIFT feature is much more
compact and computationally simpler than PSIFT.

4.3 Pore-scale Facial Feature Matching and
Robust Fitting

In Chapter 3, a double-matching scheme (namely candidate-constrained matching)
was proposed to narrow the matching of keypoints between two face images and to
achieve accurate face matching, based on both intra- and inter-scale facial information.
Then, RANSAC is used as robust fitting to remove the outliers reliably. To perform
face verification efficiently, we modify the candidate-constrained matching from two-
passes to one-pass only. In addition, a new robust fitting scheme, namely parallel-

block aggregation, is proposed to refine the candidate-constrained matching results
considering expression variations. As the keypoint/block matching may result in one-
to-many or many-to-many matches, matching from training faces may differ from that
from testing faces. In our experiments, we only consider the block matching from a
testing face image to a training face image.

4.3.1 Feature matching

For verifying whether or not two face images are of the same identity, correspondences
are established from the query image to the gallery image of the claimed identity.
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Suppose that the position and the scale of a keypoint in the query image are (xq, yq)
and σq, respectively, while the position and the scale of the ith keypoint in the claimed
image are (xci , y

c
i ) and σci , respectively. Assume that the height of the gallery image is

H .
First, the spatial information of the face image is considered in feature matching.

Considering the poses of faces are limited within a certain range, and the y-axis coor-
dinates of the two keypoints from the two different pose images at different poses are
close. Then, the position of the matched keypoint in the gallery image should satisfy
the following constraint:

|yci − yq| < λH, (4.1)

where λ is a factor, which is set at 0.2 in our experiments.
Second, the scales of the two keypoints, one from the query and the other the

gallery, should be close to each other. Therefore, the ratio of the scale of the keypoint
in the query image and the ith keypoint of the gallery image should be close to 1, and
is defined to be within the range as follows:

1/µ6|σci/σq|6µ, (4.2)

where µ is a constant larger than 1. While the value of µ is closer to 1, the less
keypoints in the declaring image satisfied. In our experiments, µ is set at 2.

Based on these two constraints, the number of keypoint candidates is narrowed
to about 30% of all the keypoints in the gallery image. Then, the distances between
a keypoint in the query image and the remaining keypoints in the gallery image are
computed. The distance between two keypoints is measured as the Euclidean distance
between their corresponding pore-scale features descriptors. The best matched key-
point in the gallery image is the with the Euclidean distance minimum. We define the
(distance ratio) ,which is the ratio between the distances of a keypoint from the query
image to its nearest neighbor and its second-nearest neighbor in the gallery image. We
accept the match if the distance ratio is smaller than 0.85, which is set empirically in
our experiments. The initial matching results using our method are shown in Fig. 4.2,
; this shows the effectiveness of the pore-scale facial features.

4.3.2 Robust Fitting

After the detection, description, and initial matching of the keypoints, a large number
of keypoint pairs, matched between a query/testing face and a gallery/claimed face,
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(a)

(b)

Figure 4.2: Initial matching results for face images of pose R10 and pose R45: (a)
PPCASIFT, and (b) SIFT. The matching results of PSIFT are much denser and more
structural than those of SIFT.

have been established. However, the matching results still include many outlier pairs.
Consequently, further refinement is necessary to improve the matching accuracy and
to be robust to expression variations. In Chapter 3, RANSAC [38] is used to refine
the matching results by fitting them to the epipolar constraint. However, this process
is of computationally intensive and requires a large number of iterations, which is not
desirable for real-time face verification. Also, the model fitting using RANSAC is sen-
sitive to expression variations. Further, the number of matches cannot be used directly
as a similarity measure for verification, because the number depends on the degree of
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variation between the two faces to be matched. In this section, we propose a more effi-
cient and effective scheme to refine the matches, and we present a normalized measure
of the correspondences for face verification. Our basic idea is to transfer the keypoint
correspondences to block-based correspondences. The line connecting two correctly
matched blocks in the two face images to be matched should be approximately parallel
to the other lines of the corresponding neighboring blocks.

Figure 4.3: Use block B and its upper neighboring block U in a query image (Iq) to
illustrate the parallel-block-aggregation scheme. B′ and U ′ in a gallery image (Ig)
are the corresponding matched blocks of B and U , respectively. U ′perfect is the perfect
location for U such that UU ′perfect is exactly parallel to BB′. However, human faces
are non-rigid and may have expressions. Block B′ is aggregated if U ′ is inside the
neighborhood of U ′perfect, which is represented as a circle with the red, dashed line.

First, matched keypoint pairs are transformed into matched block pairs, which can
further remove some outliers. All the face images are divided into non-overlapping
blocks of size W ′ × H ′. Assume that a query face image, Iq, establishes keypoint
correspondences to a gallery face image, Ig. If a keypoint resides in a block, denoted
as B, in Iq and is matched to a keypoint in Ig which resides in block B′, the block pair
B and B′ is considered to be initially matched. As shown in Fig. 4.1(b), the initial
block-matching result of an impostor is much sparser than that of a genuine subject;
this characteristic is useful for face verification.

However, some of these initially matched block pairs are still outliers. In order to
achieve a robust and accurate face-verification performance, we propose a new, robust
fitting scheme, namely parallel-block aggregation. Algorithm 3 shows the pseudocode
of the parallel-block-aggregation algorithm, and Fig. 4.3 illustrates the robust fitting
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scheme. Block B and one of its nu neighboring blocks, U , in Iq are initially matched
to B′ and U ′ in Ig, respectively. For the perfect matching of an inlier, U should match
U ′perfect. However, due to the fact that faces are non-rigid and may have local changes
caused by facial expressions, the matching from U to any block in the neighborhood
of U ′perfect within a certain radius, R, is considered valid, i.e. the line joining U and
U ′, and that joining B and B′, are considered to be parallel. R is the threshold of
the distance between U ′ and U ′perfect, which forms an acceptable, circular region for
block matching. As illustrated in Fig. 4.3, the block U ′ inside the circular region is
called a parallel-supporting block of B′. The block B′ is aggregated if the number
of its parallel-supporting blocks is larger than or equal to nt. By experiments, we set
nu = 4, the distance thresholdR = 1.5×block size, and nt = 1, which can produce the
best performance. Fig. 4.1(c) and Fig. 4.4(c) illustrate the parallel-block-aggregation
results.

Algorithm 3 Parallel-Block-Aggregation Algorithm
1: Input: the matched-keypoint pairs
2: Transform the matched keypoint pairs to initially-matched block pairs
3: for each block B′ of the W ′ ×H ′ blocks do
4: for each initially-matched block B do
5: NB = 0
6: for each of the Nu neighbors U do
7: Compute the location of U ′perfect based on B, B′, and U
8: if distance(U ′U ′perfect)< R then
9: NB = NB + 1

10: U ′ is a parallel-supporting block
11: end if
12: end for
13: if NB ≥ nt then
14: B′ is aggregated
15: end if
16: end for
17: end for
18: Output: the aggregated blocks

4.4 Similarity Measurement
The area of the aggregated blocks (or the number of aggregated blocks) is variant
to poses, due to the fact that the area of the overlapped regions between two faces
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with different poses varies. In this section, we propose a new normalized similarity
measure, namely the maximized local-matching density, for face verification with pose
variations.

4.4.1 Matching density

Suppose that the total area of a face region R is measured in terms of the number of
blocks, denoted as Ntotal(R); and the area of the matched blocks in the face region
after robust fitting is denoted as Nmatched(R). Thus, the matching density ρ of the
region R is defined as follows:

ρ(R) = Nmatched(R)/Ntotal(R), (4.3)

where the value is within the range [0, 1].

Figure 4.4: Selection of local region with maximized local-matching density: (a) the
frontal training face image, (b) two query face images at pose ”right 10◦” (the 1-st
row) and pose ”right 45◦” (the 2-nd row), (c) the block aggregation results on the
training face corresponding to two pose query images, (d) the selected local region
which maximized the local-matching density.
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4.4.2 Local-region selection

The well-matched region is always located in the overlapped region of the two faces,
as illustrated in Fig. 4.4(c), which does not suffer from non-linear distortion. To ensure
the matching density of the well-matched local region is robust to poses, the size of
such local region R should always be smaller than the size the of overlapped face area
R′(θ), where θ is the pose differences between the fontal gallery face image and the
query image. Thus, the matching density of the local region ρ(R) is relatively invariant
to the pose difference θ. Generally, we define size the of the local region R as Fig. 4.4,
considering

Ntotal(R(θ))≤min
θ
Ntotal(R′(θ))≈Ntotal(R′(45◦))

≈20%W×H.
(4.4)

Determined by experiments, the size of the local region R is set at 15%W×H , as
shown in Fig. 4.4.

Then, the local-matching density ρ(R(x)) is maximized with respect to the location
x of the local region R, defined as follows:

P = max
x
ρ(R(x)), (4.5)

where P is the maximized local-matching density. The maximized local-matching
density is pose-invariant, and presents the similarity between the declared gallery im-
age and the query image.

4.5 Experiments
The performance of our proposed face verification method (based on PSIFT and PP-
CASIFT features) is evaluated, and is compared with other face verification methods
(PCA, Gabor+PCA, LBP) using facial images under pose and expression variations.
In all the experiments, only a single frontal-view face of each subject is in the gallery
set. To compare the performances of the different methods, we measure the receiver
operating characteristic (ROC) curve by varying a threshold to produce different false-
rejection rates (FRR) and false-acceptance rates (FAR). The equal-error rate (EER),
where the above two rates are equal, is also measured.
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4.5.1 Preprocessing

The performance of the pore-scale face verification algorithm has been evaluated on
three public databases: Bosphorus dataset [73], the PIE dataset [74], and the FRGC
v2.0 dataset [75]. All the face images used in the experiments are converted to gray-
scale images, and only a single frontal face image of each person is selected to form
the gallery set.

The Bosphorus dataset [73] contains HR face images of 105 persons. For each
subject we take one neutral and frontal facial image for gallery set, 6 faces expressing
different emotions (anger, disgust, fear, happiness, sadness, and surprise) and 5 non-
frontal faces with different poses (10, 20, 30, 45 degrees right and 45 degrees left) for
query set. The Multi-PIE database [74] contains 755,370 images of 337 different sub-
jects, which were recorded over a span of 6 months. Individual attendance at sessions
where the HR images were captured varies from 203 to 249 subjects. Overall, 129
subjects appear in all four sessions. The first session of these 129 subjects are used
for training, while the same session with expressions and the other three sessions for
testing. The third dataset used is the FRGC v2.0 database [75]. It contains approxi-
mately 50,000 images of over 200 subjects, which were collected about once a week
from 2002 fall to 2004 spring. For the experiment, we use the landmark information to
retrieve the high quality images from the FRGC v2.0 database, whose the number of
pixels between the centers of the two eyes is larger than 280. Then, these high quality
images are divided in five sessions according to the capture time.

Since our proposed method is robust to alignment error, we simply crop images to
include the faces only. In order to further improve efficiency, we down-sample all the
cropped-facial images to a resolution of about 670×560. The impact of resolution on
keypoint matching was discussed in Chapter 3, which has shown that down-sampling
in certain range has a slight effect on the matching result. For feature-block matching,
we partition each face image into 45 × 30 blocks uniformly, which is experimentally
determined.

For other comparing standard verification methods - whereby face alignment must
be performed- all the face images are manually aligned according to the centers of the
two eyes and the outer corners of the lips. All the eyes and lips are aligned to a vertical
and a horizontal line correspondingly, as illustrated in Fig. 4.5. Then, the aligned
faces are scaled to the same size at 670 × 560. Some example face images used for
verification are shown in Fig. 4.5. All the aligned images are then down-sampled with
a 0.2 factor, which can achieve a better or similar performance than the factors 1, 0.5,
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and 0.1 for other comparing standard verification methods.

Figure 4.5: Examples of preprocessed faces from different datasets. (a): Facial images
with different poses and expressions which are aligned both horizontally and vertically
for alignment-required methods. (b): Facial images cropped for our proposed face
verification.

We compare our proposed method with the Eigenface method (PCA), and the use
of two local feature methods Gabor+PCA and LBP. For the Gabor-based verification
method, the Gabor features of all the images are normalized to zero mean and unit
variance. We employ Gabor filters of 8 orientations and 5 scales to extract facial
features. For the LBP-based face verification, the LBPu2(8,2) operator is used and the
images are divided into 7× 7 non-overlap windows, followed [16].

4.5.2 Face verification with pose variations

To evaluate the robustness of the different face verification methods to pose varia-
tions, the 105 frontal-view faces from the Bosphorus dataset were selected to form the
gallery set, while images of the 5 poses (R10, R20, R30, R45, L45) form 5 testing sets,
respectively.

Fig. 4.6 and Fig. 4.7 show the EER results for each pose and the average ROC per-
formance under different poses, respectively. We can see that the performances of all
the alignment-based methods degrade when the pose variation becomes larger. Note
that the LBP-based verification method performs even worse than the baseline PCA
method. This may be due to the fact that the histograms representing the texture in-
formation about the frontal and non-frontal faces become more uncorrelated when the
pose difference increases. On the other hand, both the PPCASIFT- and PSIFT-based
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face verification methods can maintain their performances with a lower EER under a
large pose difference, such as 45 degrees, without requiring any alignment. In partic-
ular PPCASIFT achieves a slightly better performance than PSIFT while PPCASIFT
has its feature dimension of 72 only. It can achieve better performance under large
pose variations.

We transform PSIFT and PPCASIFT similarity matrix into distance matrix by sub-
tracting each similarity score and matching density from one, respectively. Fig. 4.8
shows the distance matrices of the top three best performance verification methods
under pose variationsPPCASIFT, PSIFT and PCA-based Gabor. This can provide a
more intuitive way to illustrate their verification performances. Both the PPCASIFT
and PSIFT methods can distinguish clients from impostors well, and they can achieve
a better performance than the Gabor-based methods can, as their results show a much
darker diagonal line than the Gabor-based methods for all four poses. In addition,
PPCASIFT performs better than PSIFT, especially under large pose variations such as
R30 and R45.

Figure 4.6: EER of the different methods for images under different poses

4.5.3 Face verification under different expressions

Verification of faces under variations in face expression is another hot topic for real ap-
plication. We evaluate the robustness of our proposed method using images express-
ing 6 emotions (anger, disgust, fear, happiness, sadness, and surprise) from the 105
subjects in the Bosphorus dataset. We compare our proposed method with the other
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Figure 4.7: Average ROC performance of the different methods for images under all
poses.

(a) (b) (c) (d)

Figure 4.8: Distance matrices of the PPCASIFT, PSIFT and the Gabor methods (from
top to bottom) under different poses: (a) R10, (b) R20, (c) R30, and (d) R45. PP-
CASIFT performs best in distinguishing the clients from impostors with the darkest
diagonal line.

methods in terms of the EER for each expression and the average ROC performance,
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Figure 4.9: EER of comparing methods under different expressions.

Figure 4.10: Average ROC of the different methods under different expressions.

as shown in Fig. 4.9 and Fig. 4.10.
From the results, all the verification methods can achieve a better EER than the

results in the previous section, since all the testing faces are of frontal views. Gabor-
based and LBP-based methods are more efficient than PCA only. Both the PSIFT and
the PPCASIFT methods outperform the other three methods, and achieve lower EERs
in all cases. However, in this expression-variation case, the PPCASIFT method with
local-matching density processing falls a little behind PSIFT. The reason is illustrated
in Fig. 4.11 and Table 4.1. We use a neutral facial image as the gallery and two
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sadness-expression facial images as a client and an impostor, respectively. When com-
puting the matching density (similarity score) based on the whole face, the client pair
achieves 0.103 while the impostor pair obtains 0.0108 only. If we use the maximized
local-matching density scheme, the local matching density of the client pair and the
impostor pair are 0.2 and 0.0489, respectively. We measure the difference between
similarity scores using the ratio of the client score and the impostor score, which re-
sults in Table 4.1. The difference goes down from 9.54 to 4.09. This example shows
that for frontal-view faces, the maximized local-matching density scheme makes the
similarity scores less distinctive for verification than using the whole face in PSIFT.

Figure 4.11: Similarity measures based on global and local regions. (a): An impostor
aggregation result based on global and local faces, respectively. (b): A client aggrega-
tion result based on global and local faces, respectively.
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Table 4.1: Comparison of Similarity Measures

whole face local region
Similarity score of client (Fig. 4.11(a)) 0.103 0.2
Similarity score of imposter (Fig. 4.11(b)) 0.0108 0.0489
Ratio of scores 9.54 4.09

4.5.4 Face verification on face images captured at dif-
ferent time sessions

As our method relies on matching skin regions, which imposes a challenge of skin con-
ditions changing with time. Therefore, in this session, we will evaluate the robustness
of our proposed algorithm for verifying face images captured at different times.

In our experiments, faces in the Multi-PIE dataset, which appear in all the four ses-
sions, were used. The longest time interval between the photos captured is 6 months.
We select faces at a neutral expression in Session 0 to form the gallery set, while the
faces captured in Session 0 with expression and those captured in other three sessions
form the testing sets. The EER and Average ROC performance of each face verifica-
tion method in each session are shown in Fig. 4.12 and Fig. 4.13. The results show
that our method still outperforms the other three methods for face images captured at
different sessions. The superior performance of our skin-based method may be due
to the fact that, over time, facial appearances can change in ways rather than just the
skin conditions. In addition, the geometric relations between the pores in a skin region
should be very stable over time.

4.5.5 Face verification under large time duration and
different expressions

In order to further examine the robustness of our proposed PPCASIFT and PSIFT
methods, we use the FRGC v2.0 database for an extensive verification experiment.
After eliminating low-quality images under uncontrolled environments (e.g. image
taken in the wild environment with resolution less than 400 × 400), we use the re-
maining 9,844 images of 362 persons for our verification task. According to the date
of image taken, the time duration since the first shot was computed. As shown in Fig.
4.14, the time duration is over 400 days and 58 weeks. We used one randomly selected
frontal face of each person taken at the first time as the training image and divided the
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Figure 4.12: EER of the different methods through different sessions.

Figure 4.13: Average ROC of the different methods through different sessions.

rest testing images into five groups (0-2 weeks, 3-10 weeks, 11-18 weeks, 19-26 weeks
and after 26 weeks). We also compare the EER result of the PPCASIFT verification
method with previous methods. The result is reported in Table 4.2 together with previ-
ous three experiments. In general, the methods using pore-scale features can achieve
much better performances when faces are under variations of pose, expression, and
capturing time. Particularly, by extracting PPCASIFT features, we can achieve better
efficiency with the similar performance of PSIFT.
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Table 4.2: EER(%) of different face-verification methods for all the experiments.

Variations
Equal Error Rate( %)

PCA Gabor+PCA LBP PSIFT PPCASIFT
P-R10 13.11 7.34 9.6 1.49 1.0
P-R20 21.79 12.13 22.62 3.37 1.9
P-R30 28.21 16.14 32.23 6.88 2.77
P-R45 39.61 26.13 41.58 12.01 5.82
P-L45 33.54 24.25 45.47 11.14 9.28
P-All 32.84 17.85 34.27 7.58 4.64
E-Anger 15.85 6.39 6.3 0.76 1.51
E-Disgust 15.83 8.74 6.03 2.06 3.92
E-Fear 15.05 9.63 8.63 1.7 2.4
E-Happy 13.71 6.3 11.23 1.65 2.02
E-Sadness 12.46 5.75 7.04 1.58 3.12
E-Surprise 14.86 6.55 4.5 0.7 1.01
E-All 14.12 7.27 7.61 1.05 2.25
T-Session0 4.17 0.91 5.59 0.55 0.47
T-Session1 10.51 3.18 3.71 1.2 1.18
T-Session2 17.73 2.22 5.22 1.11 1.74
T-Session3 20.13 4.64 5.24 1.21 2.24
T-All 14.24 2.83 5.09 0.91 1.29
FRGC-0-2W 15.6 4.21 8.28 2.01 3.3
FRGC-3-10W 27.11 9.67 12.87 4.25 6.75
FRGC-11-18W 33.63 12.05 16.23 6.32 8.21
FRGC-19-26W 28.94 9.62 14.2 5.6 7.7
FRGC-Aft26W 28.75 14.26 18.09 8.11 10.55
FRGC-All 27.57 10.02 14.12 5.51 7.36
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Figure 4.14: Time duration of FRGC dataset.

4.6 Discussion and Conclusions
In this chapter, we have addressed the problem of HR face verification base on pore-
scale facial features. The proposed method is robust ot alignment and is pose-invariant,
with a single image per subject in the gallery set. The proposed PSIFT and PPCASIFT
features are highly distinctive. And PPCASIFT can efficiently reduce the computa-
tional time of feature matching to 14% of PSIFT. For each query, PSIFT needs 1.42
seconds, while PPCASIFT needs only 0.02 seconds on an Intel Core i7 3.5GHz, 8
threads and 8GB ram PC under the MATLAB R2010b programming environment.

Furthermore, the proposed parallel-block aggregation and matching density can be
further applied to other image analysis work, since they provide an approach to trans-
forming point matching into similarity measurement for verification work. Experimen-
tal results have shown that the superior performance of our method is achieved under
different variations, especially under pose variations. To the best of our knowledge,
this is the first work on HR face verification using pore-scale facial features.



Chapter 5 Color Correction with Blind
Image Restoration based on
Multiple Images Using a Low-
Rank Model

5.1 Introduction
Color correction, as one of the most fundamental processing tasks of image analysis
and understanding, has received significant attention in a wide range of research fields,
such as image stitching, street-view maps, 3D reconstruction, and multi-view image
processing [76, 89, 50, 51]. Although many different color-correction approaches have
been proposed in the past decade, it is still an active and challenging topic, due to
the fact that the appearance of the same object differs greatly with rich variations
in illumination, viewpoint, optics/sensor characteristics and the hardware processing
employed by cameras. A limitation of existing color-correction techniques is their lack
of control over how to select or match the correct region from the source to the target,
and to remove the errors/noises simultaneously and automatically.

In practical applications, the color statistical information about the same objects in
photographs will differ under large illumination variations, partial occlusions, and/or
gross pixel corruptions (e.g. occlusion, noise, and blurring, as illustrated in Fig.
5.1(a)). These errors will change the color distribution of an image. Traditional meth-
ods using a threshold or a probabilistic model are sensitive to outliers and noise, and
therefore cannot extract the correct color information automatically and robustly. Fur-
thermore, images with the same object or landmark scene can be captured from many
different viewpoints, which also cause changes in color distribution and lead to mis-
matching with the reference color region. Fig. 5.1(b) shows an example of this. Side
A and Side B of the box have the same color distribution. However, as the box is
viewed from different viewpoints, the projective transformation makes the color dis-
tributions on the two sides different. In these conditions, before the shape is recovered
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by a transformation, we cannot use a simple rectangle to crop or select a reference re-
gion. Some image-restoration techniques [90, 91, 92] can be employed to improve the
image quality before color correction is performed. However, the primary difficulty in
using these techniques is the determination of an appropriate technique for a particular
kind of error, and the parameters of that technique to be used on a specific low-quality
image [93, 94, 95].

(a) (b)

Figure 5.1: (a) Photographs with occlusion (occluded by a flagpole), noise, and blur-
ring, respectively. (b) A simple example showing different color distributions caused
by changes of viewpoint.

We call these issues a Color Correction with Blind Image Restoration (CCBIR)
problem. Fortunately, although the images of an object may be corrupted in different
ways or suffer from different transformations, we can still make proper corrections
of these images by considering several, or even hundreds, of them at the same time.
This is made possible by collecting similar images from the Internet, e.g. using Flickr,
Picasa, Panoramio, and Google. Through this large and diverse set of images, a rich
source of statistics and priors for modeling scene appearance is available, which in-
cludes various types of color information due to different viewpoints, illuminations,
seasons, weather and image age. The image set of the same object or scene contains
sufficient information to recover the original data, and provides a basic measure and
constraint for color correction.

In this chapter, we will prove that, after color correction is applied to the color
images in an image set, the low-rank property [96, 97, 98, 99] is still retained within a
local region in each color channel. Recent advances in rank minimization have shown
that it is indeed possible to recover low-rank matrices efficiently and precisely, even
when the data are significantly corrupted, by using the tools from convex programming
[99, 100].

Then, we address the CCBIR problem by extracting the color and shape informa-
tion to be recovered using a low-rank model based on multiple images. One of the
multiple images of the same scene is assigned as the target image, whose color is to
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be transferred; another is assigned as the source image, which has the desired color
distribution; and the remaining images are taken as reference images. Some of these
multiple images may suffer from unknown distortions, i.e. the processing is blind.

Our method does not need to use a particular model to handle a particular dis-
tortion, and can robustly model the errors caused by viewpoint changes, large illu-
mination variations, gross pixel corruptions and partial occlusions under a low-rank
matrix framework. Furthermore, by using the advantage of robust reference selection
and recovery, the color-correction matrix can be acquired by directly using the im-
age pixel values in vector form, instead of other statistics-based image representation
methods such as color histograms. This can better retain the spatial information in im-
ages. Finally, a white balance correction application based on the face images of the
same subject is shown in the experiment. Also, CCBIR problem, as well as for other
image-restoration tasks have been conducted based on uncontrolled real photographs
collected from the Internet; this resembles real applications.

In summary, our specific contributions include: (i) proof is given that, before and
after color correction, the rank of the same local regions in an aligned image set
is constant, and these regions should form a low-rank matrix; the proposed CCBIR
method is based on a low-rank model; (ii) to the best of our knowledge, the proposed
method outperforms the state-of-the-art color-correction methods; (iii) a new iterative
soft-segmentation method is proposed for local-color transfer; (iv) the proposed color-
correction method incorporates blind image restoration, which is inherently robust to
gross errors caused by corruption, occlusion, noise or blurring without any particular
priors or assumptions; and (v) the proposed framework is applicable to other kinds of
image-restoration tasks.

5.2 Related Work
In addition to color correction, which has been reviewed in Section 2.5, image restora-
tion based on multiple images and low-rank property of gray-scale image are also
related.

5.2.1 Image Restoration based on Multiple Images

With advances in digital photography and image hosting websites, people can collect a
large number of similar images from the Internet, e.g. using Flickr, Picasa, Panoramio,
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and Google. Recently, many methods have been proposed that employ the information
from multiple images/examples for image restoration. Liu et al. [101] colorize a gray-
scale image by extracting intrinsic reflectance colors from multiple references obtained
by a web search. Joshi et al. [54] also decomposed images into intrinsic information
color, texture and lighting but particularly applied to personal face images; then global
image correction and face-specific enhancement are performed. Dale et al. [102] use
a visual search to search images with similar content to a query image, then the visual
context is used as an image-specific prior for global image restoration, such as white
balance correction, exposure correction, and contrast enhancement. Johnson et al.
[103] propose a method to improve the realism of computer-generated (CG) images.
Similar photographs are retrieved from a large collection of photographs, and are then
aligned. The color, tone, and texture from the real images are transferred to the CG
image. These works demonstrate that multiple images/examples can provide sufficient
and effective information for image-restoration tasks.

To the best of our knowledge, there is no literature which reports on using informa-
tion from multiple images with uncertain errors (including registration errors, noises,
blurring, large illumination variations, gross pixel corruptions, partial occlusions, etc.)
to restore a scene. In this chapter, we will correct uncertain distortions in multiple-
image set in a low-rank matrix model without requiring any priors or assumptions.

5.2.2 Low-rank Property in Gray-scale Image

The appearance of an object depends on both the viewpoint from which it is observed
and the light sources by which it is illuminated. The low-rank property [96, 97, 98,
99, 100] of a set of images of the same object was presented in the past decade. Bel-
humeur and Kriegman [96] considered only the set of images of an object under vari-
able illumination, including multiple, extended light sources and shadows. They have
proven that the set of n-pixel images of a convex object with a Lambertian reflectance
function, illuminated by an arbitrary number of point-light sources at infinity, forms a
convex polyhedral cone in <n, and that the dimension of this illumination cone equals
the number of distinct surface normals. Furthermore, the illumination cone can be
constructed from as few as three images. In addition, the set of n-pixel images of
an object of any shape and with a more general reectance function, seen under all
possible illumination conditions, still forms a convex cone in <n. Georghiades et al.
[97] exploits the fact that the set of images of an object in fixed pose, but under all
possible illumination conditions, is a convex cone in the space of images. Basri and
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Jacobs [98] have proven that the set of all Lambertian reflectance functions (the map-
ping from surface normals to intensities) obtained with arbitrary distant light sources
lies close to a 9D linear subspace. This implies that, in general, the set of images of a
convex Lambertian object obtained under a wide variety of lighting conditions can be
approximated accurately using a low-dimensional linear subspace. Recent advances in
rank minimization have shown that it is indeed possible to recover low-rank matrices
efficiently and precisely, even when the data are significantly corrupted, by using tools
from convex programming [99, 100].

5.3 Low-rank Property for a Collection of Color
Image

The goal of our proposed approach is to transfer the color palette learned from a set
of source images to a target image with robust color-information recovery based on a
low-rank model. Our model considers the information from an entire set of images of
a scene, rather than just a single or two images. In this section, we will prove that a
local-region color image set should be low-rank in each color channel.

Assumption 1: Local color transfer is sufficient to approximate the relationship
between a target image and a source image of the same object or scene.

A recent performance evaluation [51] of color-correction algorithms has compared
nine different methods. The local color transfer scheme [77] based on GMM outper-
formed all other color-correction algorithms, and has been recommended as the first
option to be selected in a general image and video stitching application in practice
[51]. An improved local-color correction algorithm [52] was also proposed based on
mean-shift segmentation [104] and Color Influence Maps (CIMs) [78].

Proposition 1: The set of all Lambertian reflectance functions (the mapping from
surface normals to intensities) obtained with arbitrary distant light sources lies close
to a 9D linear subspace.

The proof is given in [98]. This suggests that, in general, the set of images of a
convex Lambertian object can be approximated accurately using a low-dimensional
linear subspace. This will also be true under the most general imaging assumptions,
including cast shadows and specularities (i.e. non-convex objects and non-Lambertian
reflectance) [98].

Proposition 2: To perform local-color transfer on an image set, several local re-
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gions are produced based on a segmentation algorithm [77, 52]. The rank of the same
local-region image set is not changed before or after the transformation.

Proof: A local color-correction function can be easily formulated to a local region
as follows:

c̃kt = µks +
σks
σkt

(ckt − µkt ), (5.1)

where k indicates a given region from the target image. The final transferred color of
the pixel with position i in the target image, denoted as c̃t(i), is given as follows:

c̃t(i) =
∑
k

wk (i)

(
µs +

σks
σkt

(ct(i)− µkt )
)
, (5.2)

where the weighted mask wk(i) is determined based on either a CIM [52, 78] or the
probability distribution in a Gaussian model [77]. Reshape (5.2) for a color channel in
matrix form, we obtain:

c̃kt =
[

ckt Ik
] [ σks

σkt

µks−
σks
σkt
µkt

]
, (5.3)

where Ik ∈ <p is a column vector of ones with p equal to the number of pixels in
the region under consideration. Accordingly, the k-th local region ckj ∈ <p (j =

1, 2, . . . ,m) of the input and each training image can be stacked in columns to form
a local-image matrix, denoted as Ck =

[
ck1
∣∣ck2 |· · · ∣∣ckm ]. Without loss of generality,

suppose that c1 is the target image to be transferred, then the transferred local image
set C̃k ∈ <p×m is defined as follows:[

C̃k Ik
]

=
[
c̃k1 ck2 · · · ckm Ik

]

=
[
ck1 ck2 · · · ckm Ik

]


σk
s

σk
t

0 0 · · · 0

0 1 0 · · · 0
...

. . . . . . . . .
...

0 · · · 0 1 0

µks−
σk
s

σk
t
µkt 0 · · · 0 1


=
[
Ck Ik

]
× T k

, (5.4)

where the corrective transform matrix T k ∈ <(m+1)×(m+1) is non-singular. Hence, the
rank of the local image set is a constant, i.e. rank(C̃k) = rank(Ck).

Proposition 3: In each color channel, the images in a set from the same local
region are low-rank.
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Since the local-color transfer is sufficient to approximate the relationship between
the target image and the source image of the same object or scene (Assumption 1), we
can therefore correct the image’s color using the same reflectance function. This local
image set for each color channel is equivalent to a set of gray-scale images, which
should be low-rank (Proposition 1). As the correction process does not change the
rank property of the local-image set (Proposition 2), we can conclude that, for each
color channel, the local regions from an image set of the same scene are low-rank.

5.4 Our Low-Rank Color-Correction Algorithm
In this section, our low-rank color-correction algorithm is proposed. The algorithm
works on the CIELAB color space, which is designed to approximate the human vi-
sion system, and whose color channels are uncorrelated. To deal with lightness and
color separately, an input image is first converted to the CIELAB color space. First,
registration is performed on the L∗ channel to get an initial aligned image set. Then,
we perform soft segmentation on the average of the registered images to derive the
local regions. Such local regions are recovered using the low-rank model to retrieve
correct shape information and color information, based on the L∗ channel and the a∗,
b∗ channels respectively. Finally, the new target images color is transferred using the
recovered information. The block diagram of our proposed algorithm is shown in Fig.
5.2. After registering the whole image set, we perform soft segmentation on the aver-
age of the registered images to derive the spatial information. Then, we can obtain the
corresponding local-region image set, which is recovered using the low-rank model to
retrieve correct color information and to exclude various error influences. Finally, the
new target images color is transferred using the recovered information.

5.4.1 Image Set Global Registration

First, all the other images in the image set is registered to the source image. The SIFT
features [105] are extracted from the image set, and the features are matched using an
approximate nearest-neighbor algorithm. After matching the features, a consistent set
of matches is found via RANSAC [38]. Then, the consistent features are used to deter-
mine the projective transforms which are to be used to register the source image and
the reference images onto the target image. Similar regions in the images concerned
are cropped after registration. As the L∗ channel, which represents lightness, contains
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Figure 5.2: An overview of our proposed color-correction framework.

more information about the shape, a more precise registration of local regions can be
obtained by applying the low-rank model to the L∗ channel to recover the projective
transformation and pixels corruption, as described in Section 5.4.3.

5.4.2 Image Soft Segmentation

In this section, we propose an iterative soft-segmentation method which can produce
an adaptive number of local regions in an image. The initial segmentation is produced
by applying the mean-shift algorithm [104] to the average of the aligned images. First,
the average image, denoted as c̄, is segmented into N local regions, where the k-th
local region is denoted as c̄k(k = 1, 2, · · · , N). Thus, the first N soft segments are
calculated to achieve a natural color transition using CIM [52, 78]. Corresponding to
each segment c̄k, a weighted average color is computed so as to reduce the significance



5.4. OUR LOW-RANK COLOR-CORRECTION ALGORITHM 79

of those outlier color pixels in c̄k:

µkweighted =

∑
i

wk(i)c̄k(i)∑
i

wk(i)
, (5.5)

where i represents a pixel position in the region and wk(i) is a Gaussian weight defined
as follows:

wk(i) = exp

(
−λ

2
·
(
ck(i)− µk

σk

)2
)
, (5.6)

where λ is a constant which is set at 1 in our experiments. The mean µk and the
standard deviation δk of the segmented local region c̄k are defined as µk = 1

M

∑
i

c̄k(i)

and σk =
√

1
M

∑
i

(c̄k(i)− µk)2, where M is the number of pixels in segment c̄k.

CIM measures the similarity between each color pixel c(i) and the weighted aver-
age color µkweighted for a region. Since the CIELAB color components are uncorrelated,
this similarity can be computed using an exponential form based on the Euclidian dis-
tance ‖ · ‖E as follows:

CIMk(i) = e−α‖c̄(i)−µ
k
weighted‖

2

E , (5.7)

where α is a constant, typically set at 3 (as in Maslennikova and Vezhnevets [78]).
Figs. 5.3(a)-(c) show the initial segmentation produced in our method. The average
of the aligned images is shown in Fig. 5.3(a). Fig. 5.3(b) illustrates the segmentation
results produced by using the mean-shift algorithm, where 4 regions are segmented.
Fig. 5.3(c) illustrates the CIMs based on the 4 segmented regions, respectively, where
the brightness or pixel intensities in the images represent the corresponding CIM val-
ues. Fig. 5.3(e) shows the normalized sum of the CIMs in Fig. 5.3(c); the maximum
value (the brightest) is normalized to 1, while the minimum value (the darkest) is
3.5208×10−4. The pixels in a segmented region with an extremely small normalized
sum of CIMs means that they are far from the weighted average color µkweighted.

To handle the outlier color pixels, we propose an iterative soft-segmentation algo-
rithm. We iteratively detect the pixels whose normalized sum of CIMs is smaller than
a threshold θ (which is set at 0.03 in all of the experiments), and these detected pixels
are then removed. The CIMs of the remaining pixels are recalculated using (5.5)-(5.7)
to form new soft segments; an example is shown in Figs. 5.3(c) and 5.3(d). First, our
method obtains 4 CIMs—the same as the standard soft-segmentation algorithm—as
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shown in Fig. 5.3(c). Then, the normalized sum of the 4 CIMs is calculated, whose
minimum value is smaller than the threshold. Hence, a new CIM is further generated,
as shown in Fig 5.3(d). The new normalized sum of the 5 CIMs is calculated, as shown
in Fig. 5.3(f); the minimum value is now larger than the threshold. Here, the iteration
ends. We designate this iterative soft-segmentation method as Algorithm 4. In Fig.
5.3(f), we can see that all of the pixels in the average image are masked by certain
CIMs, thus all of the pixels are segmented to local regions.

Algorithm 4 Iterative Soft-Segmentation Algorithm
1: Input: The image set.
2: Perform mean-shift segmentation on the average of the image set c̄ to obtain N

segments.
3: while existing the pixel c̄q(j) satisfy∑

k

CIMk(j)/ζ < θj ∈ c̄q, where

ζ = max
i

(
∑
k

CIMk(i)). (5.8)

do
4: Set k = k + 1.
5: Recalculate CIM q for the region c̄q (see Fig. 5.3(d)) based on (5.5)-(5.7).
6: Set CIMk = CIM q, c̄k = c̄q.
7: end while
8: Output: The CIMs.

(a) (b) (c) (d) (e) (f)
Figure 5.3: (a) The average of the aligned images in a whole image set (the Hong
Kong Clock Tower), (b) the segmentation results using mean shift, (c) the 1st to 4th

CIM: standard soft-segmentation results or the initial output of our proposed method,
(d) the 5th CIM: further soft-segmentation results using our proposed algorithm, (e)
the normalized sum of the 4 CIMs, whose minimum is 3.5208×10−4, and (f) the new
normalized sum of the 5 CIMs, whose minimum is 0.08.

These CIM masks are then applied to the whole image set C, wherein each column
is an image in the corresponding channel. Thus, the k-th local-region image set is
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defined as follows:
Ck = C · CIMk, (5.9)

whereCIMk is calculated using Algorithm 4, andCk is shorthand for
[
ck1
∣∣ck2 |· · · ∣∣ckm ],

where the i-th value of ckj is denoted as ckj (i) = cj(i)CIM
k(i), for j = 1, · · · ,m. As

shown in Fig. 5.3(a), the average of an image set shows the blurry effect, due to the
limited precision of the initial registration. In the following section, we will further
improve the precision of the registration by considering viewpoint variations in a low-
rank model.

5.4.3 Shape Recovery on Local Regions

In this section, we register the source and the reference images to the local part of
the target image only, so as to refine the global registration result by using the low-
rank model to the L∗ channel. This can recover any viewpoint variations and pixels
corruptions.

Modeling viewpoint variations. Photos downloaded from the Internet may be
taken by a perspective camera from different viewpoints, so the color distribution will
change, as shown in Fig. 5.1(b). As the 3-D structure of the object of interest is
unknown, we assume here that the viewpoint changes and misalignment are restricted
to the image plane. Thus, the viewpoint changes and misalignment can be modeled
using a domain transformation operator τ : <2 → <2, such that

ĉ (x, y) = (c ◦ τ) (x, y) = c (τ (x, y)) , (5.10)

where (x, y) are the pixels coordinates, and the image ĉ is the image c after the align-
ment operation τ performed on the L∗ channel. Then, the well-aligned (transformed)
local images ĉkj =

(
cj ◦ τ kj

)
· CIMk, where j = 1, · · · ,m, can be determined and

stacked in columns to form a low-rank matrix and stacked in column to form a low-
rank matrix Ĉk as follows:

Ĉk = (C ◦ τ k) · CIMk =
[
ĉk1
∣∣ĉk2 |· · · ∣∣ĉkm ] . (5.11)

Hence, the shape recovery problem of the local regions can be modeled as the follow-
ing optimization problem:

min
Ĉk,τk

rank
(
Ĉk
)

s.t. (C ◦ τ k) · CIMk = Ĉk. (5.12)
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Modeling corruption. In real scenes, the color distributions will be distorted when
the object of interest suffers from large illumination variations, gross pixel corruptions,
and/or partial occlusions. Using a threshold or a probabilistic model only serves to
make it more difficult to select the correct region and recover the lightness distribution
of the object. In our algorithm, we represent the corruptions as an additive error eki in
the recovered ĉki or the k-th local region as follows:

cki = ĉki + eki , i = 1, · · · ,m. (5.13)

Although the different errors exhibit different effects on the lightness information,
they usually affect a small fraction of the image pixels only. In other words, the errors
are sparse. We can therefore model the different types of errors in a framework based
on (5.12) in the Lagrangian form as follows:

min
Ĉk,Ek,τk

rank
(
Ĉk
)
+γ
∥∥∥Ek∥∥∥

0
s.t. C ◦ τk) · CIMk = Ĉk + Ek, (5.14)

where Ek =
[
ek1
∣∣ek2∣∣ · · · ∣∣ekm ] ∈ <n×m is a matrix of errors, the l0 norm ‖ · ‖0 counts

the non-zero entries in the error matrix, and γ is a parameter that controls the trade-off
between the rank of the recovered matrix and the sparsity of the errors. In our algo-
rithm, we set γ = 1/

√
size(CIMk > θ), where size() is the number of the pixels,

and the threshold is typically set at 0.1 based on the theoretical considerations in [106].

5.4.4 Color Recovery on Local Regions

In this step, the errors which affected the rank of local image set in the a∗ or b∗ chan-
nel will be recovered. After the domain transformation τ k has been computed using
(5.14) for the L∗ channel, we employ τ k to transform the local image set Ck in the cor-
responding a∗ and b∗ channels. Then, the well-aligned local image matrix Cτk of the
respective channels (the a∗ or b∗ channel) is obtained based on CIM soft segmentation
as follows:

Cτk = C ◦ τ k · CIMk. (5.15)

Modeling corruption. The true color distribution of an image may be disturbed by
different corruptions, caused by large illumination variations, specularity, occlusion,
etc. Similar to Section 5.4.3, where modeling is performed on the L∗ channel, we
model the corruptions on the a∗ and b∗ channels as a sparse error. The image-similarity
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measure based on the matrix rank is defined by optimizing the following problem:

min
Ĉk,Ek

rank
(
Ĉk
)

+γ
∥∥Ek

∥∥
0

s.t. Cτk = Ĉk + Ek. (5.16)

The recovered local region Ĉk can not only contain most of the useful color statistical
information, but can also remove the corruptions.

5.4.5 The Low-Rank Model Regularization

Although solving the rank function and the l0-norms of (5.14) on the L∗ channel and
of (5.16) on the a∗/b∗ channel are usually an NP-hard problem, recent developments
in convex optimization have shown that, under fairly broad conditions (i.e. when the
rank of the matrix to be recovered is not too high and the number of errors is not
too large), they can be effectively recovered via their convex surrogates. The nuclear
norm or sum of the singular values replaces rank(), and the l1-norm replaces l0-norm
[99]. The non-linear operator in (5.14) can be approximately treated as being locally
linear when the change ∆τ k is small, i.e. C ◦ (τ k + ∆τ) ≈ C ◦ τ k +

∑
i

Jki ∆τ ki ε
T
i ,

where Jki =∂c◦ζ
∂ζ

∣∣∣ζ=τki ∈ <n×g (in particular, g = 8 for projective transformation) is the
Jacobian of the i-th image and εi ∈ <n is the i-th standard basis vector [100]. Several
algorithms can solve the problem, such as the Augmented Lagrange Multiplier (ALM)
method [100, 106], the Accelerated Proximal Gradient method [107], and the Singular
Value Thresholding method [108]. In our algorithm, the ALM method is adopted
because of its efficiency and accuracy.

5.4.6 Color Correction and Compositing

With the recovered local image set obtained in each channel, we denote the recovered
target image local region and the recovered source image local region of certain chan-
nel as ĉkt and ĉks , respectively. The final color of a pixel is calculated in each channel
separately as follows:

cnewt (i) =

∑
k

µ̂ks + σ̂ks
σ̂kt

(̂ckt (i)− µ̂kt )∑
k

CIMk(i)
, (5.17)
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where µ̂kt , µ̂ks , σ̂kt , and σ̂ks are the means and the standard deviations of ĉkt and ĉks

respectively.

5.5 Experiment Results
First, the proposed method is evaluated on the Labeled Faces in the Wild (LFW)
dataset [109] of celebrity images collected from the Internet in Section 5.5.1, for color
constancy compared with Grey-Egde [110]. The face images in the dataset exhibit
significant variations in pose and facial expression, in addition to illumination and oc-
clusion. Our aim is to use the face images of the same person as references to perform
color correction on the batch of photographs. Fig. 5.4(a) shows some photographs of
Ariel Sharon in the LFW dataset taken under different conditions and environments.

Then, we apply our proposed method in color correction based on images of the
same scene in Section 5.5.2-5.5.6. The images used in the experiments are acquired
from the Internet. With the GPS/Label information on the websites (e.g. Panoramio
and Flickr) and the Search by Image service by Google, we can easily retrieve dozens
of similar viewpoint landmark images. First, we will show the results based on our
proposed color-correction algorithm using 2 landmark image sets, and apply it to im-
age deblurring, image denoising, and gray-scale image colorizing. Fig. 5.5 shows the
source images (the Hong Kong Clock Tower and the Forbidden City) and the corre-
sponding reference images used for the different image-restoration applications. In
Section 5.5.2, we will perform standard color correction on the image sets. In Sections
5.5.3-5.5.5, different degraded images are added to the image sets for each CCBIR
experiment. To show the difference between having prior knowledge of the distortion
or not, we also evaluate the color-correction methods which employ image restoration
as a pre-processing step; this kind of method is called color correction with image
restoration (CCIR).

We have also used a 10-landmark dataset in Section 5.5.6, which contains 259
landmark images for evaluating the performances of different algorithms. Some sam-
ples with different illumination conditions and/or qualities are shown in Fig. 5.6. In
this part of the experiment, only CCBIR is performed. Each landmark image set con-
tains 1 gray-scale image, 1-2 blurred images, 1-2 noisy images, and several partially
occluded images, for a total number of 20-30 images. In other words, the number of
low-quality images in an image set comprises nearly 40% of the total, making it very
challenging.
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(a) Original images

(b) Proposed method

(c) Grey-Edge

Figure 5.4: Color correction based on photographs of Ariel Sharon in the LFW dataset.

Our proposed method is compared with the state-of-the-art color-correction meth-
ods, including a global approach [76], an EM-based local approach [77] which is the
best in the literature [51], and a CIM-based local approach [52] for color correction.
For image-restoration tasks, we also compare our algorithm with the state-of-the-art
color-correction methods combined with the corresponding state-of-the-art methods,
e.g. ASDS AReg [92] for image deblurring, CBM3D [90] for image denoising, and
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(a) (b)
Figure 5.5: The source image and some samples in (a) the Hong Kong Clock Tower
image set, and (b) the Forbidden City image set.

Figure 5.6: Some samples of the 10-landmark image dataset. Each column shows the
samples of a landmark in the dataset.

Intrinsic Colorization [101] for colorization. To evaluate the methods quantitatively,
the average peak signal-to-noise ratio (PSNR) and the structural-similarity index mea-
sure (SSIM) [111] are chosen as the evaluation criteria. Please note only our method
is designed for the CCBIR problem, without any priors of distortions.

5.5.1 Color correction of the same person

An off-the-shelf face detector is employed to obtain the initial face region in each im-
age, as shown in Fig. 5.7(a). These face images show very different color distributions
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and with different poses. What is more, the images also suffered from expression vari-
ations, occlusion, specularity, and shadowing. Traditional color correction methods
can hardly extract the correct color information simultaneously and robustly from im-
ages with such kinds of errors. Using the low-rank matrix model, the lightness and
shape recovery is performed on the L* channel, while color recovery takes place on
the a* and b* channels using the low-rank matrix model. Fig. 5.7(b) shows the recov-
ered face images which are well aligned and preserve the correct color information.
In addition, our method can remove some occlusion or corruption, as shown in the
magnified images in Fig. 5.7(c). We use the average of all the recovered images as
the target image for color correction; the results are shown in Fig. 5.4(b). Usually, the
average is less susceptible to noise. However, if a reference can be identified manually
as having the correct color, it can be selected as the target. Compared with the results
based on the Grey-Edge method, as shown in Fig. 5.4(c), we can find that our method
can correct the face color more consistently.

Figure 5.7: Some reference images before and after recovery using our algorithm:
(a) coarsely cropped images, (b) recovered images, (c) one sample of recovery from
occlusion/corruption.

The angular error is used as a measure of the performance for color constancy. To
measure angular error, a small skin patch (3×3 pixels) is manually selected, which
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Proposed method Grey-Edge Original
Median 2.54 5.2 4.72
Average 2.85 5.6 5.34

Table 5.1: Angular error (degrees) based on the LFW dataset.

should be close to being a Lambertian surface. The skin color of skin in the i-th image
is denoted as ci using the average of the 3×3 pixel values. Then, we have angular error
Eang

Eang =cos−1(ĉi · c̄), c̄ =
1

n

n∑
i=1

ĉi, (5.18)

where (̂·) indicates a normalized vector. Table 5.1 shows the angular errors of different
color-correction methods, based on the LFW database. The results show that our pro-
posed method significantly outperforms the other methods. In other words, the colors
in the respective corrected images based on our method show more consistency.

5.5.2 Color correction of the same scene

Fig. 5.8 and Fig. 5.9 show the results obtained using the different color-correction
methods on two image sets (the Hong Kong Clock Tower and the Forbidden City);
the corresponding quantitative measures are also given, respectively. Mosaics are
shown without color correction, with global color correction, with local EM-based
color correction, and with our proposed algorithm in the two figures. The global color-
correction method cannot handle the variety of colors in the target image; the different
colors of each image are saturated with each other, especially in the light-colored re-
gion. Fig. 5.8 shows that the proposed method can correct and recover more details
than both the EM-based local method and the CIM-based local method. In the results
obtained using the EM-based local method, artifacts appear at the boundaries due to
the use of a bilateral filter [112] (more obvious artifacts can be seen in Fig. 5.8(4)).
The black antenna region is eroded due to fact that the original CIM soft segment
has not chosen the color with the CIM-based local method; in contrast, our proposed
method uses a revised CIM soft-segmentation mask which can choose a better color
presentation (Fig. 5.3 shows more details). Fig. 5.9 shows a special case where the
target image is occluded by a mast; it is similar for some other sample in the image
set (see Fig. 5.5(b)). We include these images so that the performance of the different
algorithms can be evaluated with local corruption occurs. Our proposed algorithm,
benefiting from the low-rank model, can recover these missing data. Thus, using our
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method, the mast can be removed and the occluded regions can be recovered.

Figure 5.8: Comparison of color-correction methods on the image set of Fig. 5.5(a).
From left to right: (1) Direct stitching (PSNR=15.34dB, SSIM=0.4815), (2) Proposed
(PSNR=30.98dB, SSIM=0.8771), (3) Global (PSNR=24.11dB, SSIM=0.7820), (4)
EM (PSNR=29.72dB, SSIM=0.8297), and (5) CIM (PSNR=29.87dB, SSIM=0.8327).

Figure 5.9: Comparison of color-correction methods on the image set of
Fig. 5.5(b). From left to right and up to down: (1) Directly stitch
(PSNR=20.78dB, SSIM=0.6164), (2) Proposed (PSNR=26.94dB, SSIM=0.7394), (3)
Global (PSNR=21.02dB, SSIM=0.6160), (4) EM (PSNR=22.24dB, SSIM=0. 6193),
and (5) CIM (PSNR=21.60dB, SSIM=0.5992).

5.5.3 Image Deblurring

The original target images, shown in Fig. 5.10(1) and Fig. 5.11(1), were produced by
a uniform blur kernel. In the results based on our proposed method, the boundaries
are enhanced and fewer artifacts are produced. The global method produces unnatural
results, especially when an image has a great variety of colors. As a bilateral filter is
adopted in the EM-based local method, the boundaries in a blurred image are usually
segmented as separated regions; this causes obvious artifacts in Fig. 5.10(3) and Fig.
5.11(3). For the CIM-based local method, the blurred boundaries still affect the result,
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and some artifacts occur. The corresponding quantitative measures show the proposed
method is effective in deblurring. By preprocessing images using ASDS AReg, the
performances of all the methods are further improved. However, the performance of
the proposed CCBIR method, as shown in Fig. 5.10(2) and Fig. 5.11(2), improves
as much as or more than the other CCIR results, which are shown in Figs. 5.10(8)-
5.10(10) and Figs. 5.11(8)-5.11(10). Furthermore, in practical applications, the blur
kernel is very complicated, but the proposed method does not need the prior informa-
tion or any assumption.

Figure 5.10: Comparison of image-deblurring methods on the image set of
Fig. 5.5(a). From left to right and up to down, 1st row CCBIR without
ASDS AReg: (1) Directly stitch (PSNR=19.77dB, SSIM=0.6993), (2) Proposed
(PSNR=32.53dB, SSIM=0.8808), (3) Global (PSNR=23.89dB, SSIM=0.7185), (4)
EM (PSNR=26.48dB, SSIM=0.6706), (5) CIM (PSNR=28.87dB, SSIM=0.7595); 2nd
row CCIR with ASDS AReg: (6) Directly stitch (PSNR=19.84dB, SSIM=0.7460),
(7) Proposed (PSNR=32.73dB, SSIM=0.9010), (8) Global (PSNR=24.30dB,
SSIM=0.7522), (9) EM (PSNR=27.77dB, SSIM=0.7708), (10) CIM (PSNR=29.68dB,
SSIM=0.8257).
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Figure 5.11: Comparison of image-deblurring methods on the image set of
Fig. 5.5(b). From left to right and up to down, 1st and 2nd rows
CCBIR without ASDS AReg: (1) Directly stitch (PSNR=19.75dB, SSIM=0.4266),
(2) Proposed (PSNR=25.32dB, SSIM=0.6734), (3) Global (PSNR=20.73dB,
SSIM=0.4425), (4) EM (PSNR=24.61dB, SSIM=0.6587), CIM (PSNR=22.11dB,
SSIM=0.5137); 3rd and 4th rows CCIR with ASDS AReg: (6) Directly stitch
(PSNR=20.33dB, SSIM=0.5286), (7) Proposed (PSNR=25.35dB, SSIM=0.7123), (8)
Global (PSNR=21.09dB, SSIM=0.5498), (9) EM (PSNR=25.08dB, SSIM=0.6744),
(10) CIM (PSNR=23.11dB, SSIM=0.6103).

5.5.4 Image Denoising

Two target images (shown in Fig. 5.12(1) and Fig. 5.13(1)) were injected with zero-
mean Gaussian noise. The result shows the EM-based local method still cannot elim-
inate all the noise even though a bilateral filter is used. The CIM-based local method
produces noisier results because CIM soft segmentation is affected by the noisy pixels.
Our proposed method can produce smooth and natural CCBIR results, as illustrated in
Fig. 5.12(2), and Fig. 5.13(2). A comparison to CBM3D, preprocessed using CCIR, is
illustrated in Figs. 5.12(6)-Fig. 5.12(10) and Figs. 5.13(6)-5.13(10). The results of the
proposed CCBIR method, as shown in Fig. 5.12(2) and Fig. 5.13(2), are similar to or
even better than those of the other CCIR methods, as shown in Figs. 5.12(8)-5.12(10)
and Figs. 5.13(8)-5.13(10).
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Figure 5.12: Comparison of image-denoising methods on Fig. 5.5(a). From left
to right and up to down, 1st row CCBIR without CBM3D: (1) Directly stitch
(PSNR=23.78dB, SSIM=0.5361), (2) Proposed (PSNR=30.81dB, SSIM=0.8598),
(3) Global (PSNR=23.97dB, SSIM=0.5060), (4) EM (PSNR=29.08dB,
SSIM=0.6430), (5) CIM (PSNR=28.78dB, SSIM=0.6591); 2nd row CCIR with
CBM3D: (6) Directly stitch (PSNR=24.21dB, SSIM=0.7957), (7) Proposed
(PSNR=32.13dB, SSIM=0.9087), (8) Global (PSNR=24.36dB, SSIM=0.8021), (9)
EM (PSNR=31.99dB, SSIM=0.8756), (10) CIM (PSNR=30.03dB, SSIM=0.8477).

5.5.5 Colorization

For colorization, gray-scale images, which have luminance information only, have
colors added. We evaluate the performances of the different methods based on the
target images shown in Fig. 5.14(1) and Fig. 5.15(1). Our proposed method uses soft
segmentation determined from the average of the image set. For a fair comparison,
rather than performing soft segmentation on the gray-scale target images, as in Sec-
tions 5.5.2-5.5.4, we perform the segmentation on the source color images. A multiple-
example-based colorization method results are shown in Fig. 5.14(6) and Fig. 5.15(6).
The proposed method can produce a much richer and more robust colorization result
than the other methods, especially when image degradation has occurred. The quanti-
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Figure 5.13: Comparison of image-denoising methods on Fig. 5.5(b). From left
to right and up to down, 1st and 2nd rows CCBIR without CBM3D: (1) Directly
stitch (PSNR=21.41dB, SSIM=0.4719), (2) Proposed (PSNR=25.50dB, SSIM=0.
6579), (3) Global (PSNR=22.19dB, SSIM=0.4606), (4) EM (PSNR=24.09dB,
SSIM=0.5032), (5) CIM (PSNR=24.22dB, SSIM=0.5146); 3rd and 4th rows CCIR
with CBM3D: (6) Directly stitch (PSNR=21.38dB, SSIM=0.5146), (7) Proposed
(PSNR=25.94dB, SSIM=0.7115), (8) Global (PSNR=22.25dB, SSIM=0.5258), (9)
EM (PSNR=24.87dB, SSIM=0.6556), (10) CIM (PSNR=23.67dB, SSIM=0.6103).

tative measures based on the different methods are also given.

Figure 5.14: Comparison of colorization methods on Fig. 5.5(a). From
left to right: (1) Directly stitch (PSNR=23.27dB, SSIM=0.8060), (2) Proposed
(PSNR=32.24dB, SSIM=0.8955), (3) Global (PSNR=24.33dB, SSIM=0.8076), (4)
EM (PSNR=30.78dB, SSIM=0.8591), (5) CIM (PSNR=29.41dB, SSIM=0. 8059), (6)
Intrinsic colorization (PSNR=25.06dB, SSIM=0.7982).
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Figure 5.15: Comparison of colorization methods on Fig. 5.5(b). From left to right
and up to down: (1) Directly stitch (PSNR=19.47dB, SSIM=0. 5838), (2) Proposed
(PSNR=28.02dB, SSIM=0.7878), (3) Global (PSNR=21.75dB, SSIM=0.6509), (4)
EM (PSNR=28.48dB, SSIM=0.7553), (5) CIM (PSNR=27.60dB, SSIM=0.7015), and
(6) Intrinsic colorization (PSNR=27.29dB, SSIM=0.7021).

5.5.6 Blind Image Restoration on the 10-landmark Im-
age Dataset

In the 10-landmark image dataset, each set contains 1 gray-scale image, 1-2 blurred
images, 1-2 noisy images and several partially occluded images, with a total number of
20-30 images. A high-quality image is randomly chosen as the source image, and the
target image is randomly chosen from the whole image set. This situation is very close
to real applications. The user has a low-quality target image, a high-quality desired
example, and some retrieved reference images (most are of high quality). However,
the degraded information or error of the target image, which needs color correction
and restoration, is incomplete or difficult to estimate. Neither ASDS AReg [92] nor
CBM3D [90] nor Intrinsic Colorization [101] can achieve a satisfactory results in these
cases.

We evaluate the algorithms based on 12 (3 sources by 4 targets) different com-
binations of source and target images in each landmark image set. Some qualitative
examples are shown in Figs. 5.16, 5.17 and 5.18. The average quantitative measures
of the 12 test results are tabulated in Table 5.2. Benefited from the low-rank model,
our method can handle all types of errors without requiring any prior information or
assumption. The result shows that our proposed method performs color correction
and restoration with satisfactory performance, and outperforms all of the four other
state-of-the-art color-correction methods.
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Figure 5.16: The additional source images used in experiments (a) Golden Pavilion
Temple image set, and (b) Santorini image set.

Figure 5.17: Comparison of the different color-correction methods on the Golden
Pavilion Temple image set: (a) Directly stitch, (b) Proposed, (c) Global, (d) EM, and
(e) CIM.

Method PSNR SSIM
Directly stitch 21.47 0.6538

Proposed 30.72 0.8378
Global 23.75 0.7009

EM 28.48 0.7553
CIM 28.6 0.7515

Table 5.2: Average Quantitative Measures Using Different Color-correction Methods
on the 10-landmark Dataset.
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Figure 5.18: Comparison of the different color-correction methods on the Santorini
image set: (a) Directly stitch, (b) Proposed, (c) Global, (d) EM, and (e) CIM.

5.5.7 Computational Cost and Limitations

In this section, we discuss the runtimes of our proposed approach and its limitations.
We measure the runtimes of our method on an image set containing 16 registered im-
ages with a size of 400×300 pixels. Our proposed algorithm requires 3 to 8 minutes to
recover the low-rank matrices on an Intel Core2 Duo 2.8G and 8GB ram PC under the
MATLAB R2010b programming environment. The other operations in our algorithm,
such as calculating CIMs and compositing, require no more than 5 seconds. Regarding
some other color correction methods, the EM+GMM method [77] for soft segmenta-
tion needs about 2 to 3 minutes; ASDS AReg [92] for image deblurring requires about
3 to 6 minutes; CBM3D [90] for image denoising takes about 10 seconds; and Intrinsic
Colorization [101] for colorization takes between 2 and 4 minutes.

Our method is based on the low-rank model, which composites similar local re-
gions in an image set of a scene. Other image-restoration methods use either a single
image or a fixed training set of general scenes. Unlike other methods, a major ad-
vantage of our proposed method is that errors in the training/reference set have only
a slight effect on performance, while the other methods need to have a high-quality
training/reference set in order to guarantee a good performance. What’s more, only
our method needs no prior knowledge of the errors or distortions in the input image.
To apply our method for color correction, colorization, deblurring, etc., we simply
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need to search for similar images to form the reference set to be used. On the other
hand, our method works by restoring the low-rank matrix of images of the same scene
viewed from similar directions, or of planar regions under homographic transforma-
tion. Hence, a possible application of this is specific landmark scenes, for which large
numbers of images are available. In our future research, we will employ 3D recon-
struction techniques to replace 2D registration, so that the method can use images of
the same scene viewed from different directions. The low-rank model can also con-
tribute to 3D reconstruction in terms of eliminating and recovering missed data caused
by occlusion.

The performance of our method may degrade with dynamic objects or textures,
such as grass and leaves, because the low-rank framework may not be able to handle
such dynamic scenes. Multiple images of dynamic objects or textures cannot fit the
low-rank model very well. In our future work, we will combine our method with
traditional single-image restoration techniques on dynamic regions.

5.6 Conclusion
In this chapter, we prove that the rank of the same local regions in an image set is con-
stant before and after color correction, and that the rank should be low. Based on this,
a new algorithm for CCBIR is presented. In our approach, all the errors, which may
be caused by viewpoint changes, large illumination variations, gross pixel corruptions,
and partial occlusions etc., are handled in a low-rank model. All the reference images
compositing the low-rank model are obtained directly from Internet searches. A new
soft-segmentation and compositing method which chooses more representative colors
is proposed for local color correction. Experiments show that the proposed approach
outperforms the state-of-the-art methods, to the best of our knowledge. Furthermore,
our proposed approach is applicable to other image-restoration tasks such as image
deblurring, color denoising, and image colorization, without any prior or assumption.
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Chapter 6 Conclusions and Future Work
In this thesis, we have first described the principles of facial-image analysis techniques.
Our research focuses on three areas: facial feature extraction and matching, face ver-
ification/recognition, and color correction. We have given a brief review on some
well-known facial-image analysis algorithms, and have also reviewed the recent devel-
opments of the methods for pose-invariant face recognition and high-resolution face
recognition.

We have proposed a new feature-extraction framework for pore-scale facial fea-
tures, namely PSIFT, in Chapter 3. PSIFT, adapted from SIFT, employs the Hessian-
Laplace detector on the multiscale difference of Gaussians (DoG) for blob detection.
Only the maxima of the DoG are detected to locate darker keypoints in face regions.
The pore is modeled mathematically as a Gaussian function in the analysis of the re-
sponses of pore-scale facial features on DoG and the number of octaves of DoG. A
quantity-driven scheme is proposed for the detection of pores. In our algorithm, the
number of keypoints is first predefined, based on the observation that a specific skin
region of different people has a similar number of pores. Thus, unlike SIFT, which
uses a constant threshold in detecting keypoints, our PSIFT method uses an adaptive
threshold to extract a certain number of keypoints for different skin conditions. Then,
the number of inliers is used to determine the DoG’s sampling frequency. Thus, the
number of inliers and the repeatability of the keypoints are unified. The PSIFT descrip-
tor is a 512-bin histogram characterizing the local gradient distribution in 64 relative
locations with 8 orientations. Its size is much larger than SIFT, in order to include the
information about the relative positions of the pore-scale keypoints.

Then, we apply PSIFT feature for face matching in Chapter 4. To the best of our
acknowledgment, our proposed work is the first to establish dense correspondences
on uncalibrated face images. With the prior knowledge of facial images, the use of a
candidate-constrained matching scheme can significantly reduce the number of can-
didates considered in matching. Spatially, the searching range can be narrowed to
20% of the whole face in the initial matching of two face images. Then, the stan-
dard RANSAC algorithm is applied to the matched candidates to identify those inliers
which satisfy the epipolar constraint. Based on the estimated epipolar constraint, the
regions of the matched candidates can be further narrowed to 5% of the whole face.

99
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Finally, the dense correspondences are established after the second-round RANSAC
fitting.

Furthermore, we have addressed the problem of HR face verification base on pore-
scale facial features in Chapter 5. The proposed method is robust to alignment error
and pose variation, while constructing the training set with only a single image per
subject. The PSIFT and PPCASIFT features are highly distinctive. And PPCASIFT
can efficiently reduce computational time to 14% of PSIFT. Furthermore, the proposed
parallel-block aggregation and matching density can be further applied to other image
analysis work since they provide an approach in transforming point matching into sim-
ilarity measurement for verification work. Experimental results have shown that the
superior performance of our method is achieved under different variations, especially
under pose variations. To the best of our knowledge, this is the first work on HR face
verification using pore-scale facial features.

We have also addressed the Color Correction with Blind Image Restoration (CCBIR)
problem by extracting the color and shape information to be recovered using a low-
rank model based on multiple images. One of the multiple images of the same scene is
assigned as the target image, whose color is to be transferred; another is assigned as the
source image, which has the desired color distribution; and the remaining images are
taken as reference images. Some of these multiple images may suffer from unknown
distortions, i.e. the processing is blind. We have proven that the rank of the same
local regions in an image set is constant before and after color correction, and that the
rank should be low. Based on this, a new algorithm for CCBIR has been devised. In
our approach, all the errors, which may be caused by viewpoint changes, large illu-
mination variations, gross pixel corruptions, and partial occlusions, etc., are handled
in a low-rank model. All the reference images compositing the low-rank model are
obtained directly from Internet searches. A new soft-segmentation and compositing
method which chooses more representative colors is proposed for local color correc-
tion. Experiments show that the proposed approach outperforms the state-of-the-art
methods, to the best of our knowledge. Furthermore, our proposed approach is appli-
cable to other image-restoration tasks such as image deblurring, color denoising, and
image colorization, without any prior knowledge or assumption.

In our future work, we will attempt the fusion of the pore-scale facial features from
HR images with larger-scale facial features from LR images. We will also study how
to further improve the efficiency of the proposed method and apply it to other impor-
tant areas like face recognition and 3D face reconstruction. Since pore-scale feature
extraction is a novel research topic, there are still many unexplored problems. How is
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the effect of illumination changing? What is the effect of face-painting, reflectance,
ect.? All of these distortions are difficult to simulate and cover in the design of an
feature-extraction framework. Hence, in future, we will try to learn more distinctive
and robust features from the real-world dataset using machine-learning techniques.

We will also employ 3D reconstruction techniques to replace 2D registration in
our proposed CCBIR method. Thus, the method can use images of the same scene
viewed from different directions. The low-rank model should also contribute to 3D
reconstruction in terms of eliminating and recovering missed data caused by occlusion.
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