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Person re-identification (Re-ID) has become an intense research area in recent
years. The main goal of this topic is to recognize and match individuals over time
at the same or different locations. This task is challenging due to the variation of
illumination, viewpoints, pedestrians’ appearance and partial occlusion. Previous
works mainly focus on finding robust features and metric learning. Many metric
learning methods convert the Re-ID problem to a matrix decomposition problem
by Fisher discriminant analysis (FDA). Mahalanobis distance metric learning is a
popular method to measure similarity; however, since directly extracted descrip-
tors usually have high dimensionality, it’s intractable to learn a high-dimensional
semi-positive definite (SPD) matrix. Dimensionality reduction is used to project
high-dimensional descriptors to a lower-dimensional space while preserving those
discriminative information. In this paper, the kernel Fisher discriminant analysis
(KLFDA) [38] is used to reduce dimensionality given that kernelization method can
greatly improve Re-ID performance for nonlinearity. Inspired by [47], an SPD ma-
trix is then learned on lower-dimensional descriptors based on the limitation that the
maximum intraclass distance is at least one unit smaller than the minimum interclass
distance. This method is proved to have excellent performance compared with other

advanced metric learning.
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Chapter 1

Introduction

People re-identification (Re-ID) has been an intense research topic in recent years,
the main goal of which is to match an image of a given person with other images
of the same person. Person Re-ID has great potential in video surveillance, target
detection and tracking, and forensic search. In an intelligent surveillance system,
suppose there are many cameras and these cameras may not have overlapping field
of view, the system has to automatically identify individuals that appear in different
cameras. It is quite challenging since the matching accuracy is greatly influenced
by many factors like occlusion, illumination variation, camera settings and color
response. Surveillance system like this can be applied to forensic search, domotics
applications and distributed multi-camera surveillance system to track individuals
across different cameras without overlapping field of view over time.

In Re-ID, those images with known labels are called gallery images, and the
image used to determine its label is called a probe image. The probe image and
gallery images can be from the same or different camera views, so the viewpoint
and illumination between the probe and gallery image can be quite different. Also,
because of the different color response of different cameras, the images of the same
person may look different in different cameras. Occlusions between the camera and
target can also bring about much difficulty. In a word, images of the same person
may look different while images of different persons may look quite the same. In
Re-ID, the main goal is to improve the matching accuracy.

Given a sequence or video of individuals, there are three steps to match a person.
A simple workflow is shown in Figure 1. However, since most Re-ID datasets are
already cropped manually or by an automatic detector, most Re-ID work will only
focus on robust descriptors design and efficient matching algorithm aimed at those

well-cropped images.



Chapter 1. Introduction 2

People detection

and tracking Descriptors extraction People matching

FIGURE 1.1: Re-ID workflow

Descriptors

extraction |
Metric _ People Slml|al’lt¥ matrix of all
o | ) > . gallery images with
> earning matching -
probe image
Descriptors A

extraction

!iﬁ %

FIGURE 1.2: A typical single-shot Re-ID workflow

The first task in Re-ID is to design a robust descriptor to represent images. The
descriptor is supposed to contain the key information for each captured person. Ba-
sically, the descriptors are supposed to be robust and discriminative. One straight-
forward way is to extract the color, textural information of images and then use de-
scriptors to compute the similarity scores. But this method turns out to be not robust
to the illumination variation, camera color response difference and camera angle set-
tings. Therefore, many other advanced descriptors take into account the correlation

of color, texture and position together to improve performance.
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The second is to design the similarity computing methodology (i.e., compare the
similarity of two descriptors), which is also called distance metric learning. Metric
learning can be divided into supervised and unsupervised distance metric learning
[45]. The supervised distance metric requires the labels of class while the unsuper-
vised one doesn’t. Many previous supervised metric learning methods try to utilize
different distance constraints to learn a Mahalanobis metric which has a form as
D(z,y) = (x — y)! M (x — y). For example, in [48] the constraint is to project all
descriptors of the same class to the same point while projecting descriptors of differ-
ent classes to different points in a kernel space. In [47] the constraint is the maximal
intraclass distance should be at least one unit smaller than the minimal interclass
distance. In [51] the constraint is that the distance of negative class pair should be
smaller than the positive class pairs. Different distance constraints leads to different
semi-positive definite (SPD) matrix M to be learned so that M satisfies predefined
constraints.

Person detection, person re-identification and face recognition There are a
few differences between the three concepts. Person detection or pedestrian detection
is to detect the presence of human body in an area of space. Person re-identification
is to judge if two individuals detected in the same or different cameras are the same
person. In person re-identification the person detection work must have been finished
before attempting people re-identification. Face recognition is to identify a person
by comparing its facial feature with a database of facial features. Face recognition is
very similar with person re-identification, they all need to compare an input feature
with a database of features to identify the input. However, face recognition utilizes
only facial features, while person re-identification takes advantage of the whole ap-
pearance features (facial feature may be used if the image resolution is high enough).
In many surveillance systems, due to the low resolution and viewpoint change, the
human faces are not visible or very blurry. In this case face recognition can not be

used.

1.1 Basic concepts

People re-identification can be divided into a few categories according to different
conditions. Some general concepts are listed below.

Open-set and closed-set Re-ID [6] According to the gallery size and how the
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gallery size evolves, Re-ID can be divided into open-set Re-ID and closed-set Re-ID.
In closed-set Re-ID, no new identities will be added to the gallery set, and gallery
size remains the same as time goes by. Furthermore, the probe set will be a subset
of the gallery set. That means, the number of unique identities in the gallery set will
be equal or greater than the probe set. In open-set Re-ID, the gallery set will evolve
as time goes by. Each time a probe image is entered into the recognition system,
the system will judge if it has a corresponding match in the gallery set. If the probe
image doesn’t match any of the gallery images, it will be regarded as a new identity
and will be added to the gallery set. The probe set is not necessarily the subset of the
gallery set.

Long-term and short-term Re-ID According to the time interval between gallery
and probe images, Re-ID can be divided into long-term and short-term Re-ID. In
short-term Re-ID the time interval between gallery and probe images is small, say a
few minutes or several hours. Conversely, long-term Re-ID refers to the case that the
time interval between gallery and probe images is a few days or even longer. One
difference to consider regarding the long time interval between gallery and probe
images is the variation of individuals’ clothing and appearance. If the gallery im-
ages were shot a few days prior, the same individual may have changed his suit or
taken off his bag, causing the appearance to change. In this case, it will be much
more difficult to recognize the same identity in long-term Re-ID. In most cases, we
use short-term Re-ID, which guarantees that the appearance of the same person will
remain the same and we will only need to consider the differences brought by other
factors such as viewpoint variation and occlusions.

Single-shot and multi-shot Re-ID According to the size of the sample set for
each person, Re-ID can be divided into single-shot and multi-shot approaches. In
single-shot Re-ID, only one image is provided for a person in a camera view. Single-
shot Re-ID is challenging because only limited information can be extracted. One
example is the VIPeR dataset shown in Figure 1.3. For each person in this dataset
only one image is provided in each camera view, and the viewpoint of each view is
different. In multi-shot Re-ID, a sequence of images is provided for a person in a
camera view. Compared with single-shot Re-ID, more information, like temporal-
spatial information, can be extracted from the sample set. One example of multi-shot
dataset is the prid_2011 dataset shown in Figure 1.4, which provides a long sequence

of images for each person in a single camera view.
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FIGURE 1.4: Samples from the prid_2011 dataset

In this thesis, we use the short-term, single-shot and close-set Re-ID. We assume
the Re-ID is a short-term case so that the individuals wear the same clothes. This is
vital because if individuals change their clothes, it won’t be valid to identify them
by their appearance features. Actually in most real-time surveillance systems, indi-
viduals do wear the same clothes over the surveillance. One example is to recognize
and tracking customers in a store. The customers in a store wear the same clothes

through out the time.
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1.2 Challenges

Detection, tracking and dataset labelling for supervised learning Though clas-
sical person re-identification focuses on robust descriptors design and matching al-
gorithms, in real-time application, the detection and tracking has to be operated on
video frames to get bounding boxes of individuals. A good detection and tracking
algorithm is necessary for Re-ID. Furthermore, training the matching algorithm is a
supervised process, thus we have to know the labels for those training data.
Descriptors design Good descriptors should be robust to the variation of people’s
postures, outer environment changes and camera settings. Though there have been
many kinds of descriptors based on different property like color and texture, it is hard
to judge which property is universally useful for different camera settings. In fact,
the robustness, reliability and feasibility depends on different camera settings and
viewing conditions. What’s more, the pedestrian background may add many errors
to descriptors, so it is important to quantify the impact of a noisy background. Many
works have tried to use a segmented foreground of pedestrians, so it is important to
design segmentation algorithms. The automatic foreground segmentation for a single
frame is difficult because there isn’t much information available compared with video
background segmentation. Take the VIPeR dataset as an example. There is only one
frame for each view of a certain person, thus the segmented foreground masks are
imperfect, and chances are high that important body parts will be lost. A segmented

foreground provided by [15] is shown in Figure 1.5.

FIGURE 1.5: VIPeR foreground

Efficient matching algorithm design When designing machine learning algo-

rithms to match persons, there are many limitations. One of them is the small sample
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size problem [48]. The extracted descriptors usually has a high dimension d but
only a small number of samples n(n << d), and underfitting may appear because
of insufficient data samples with high dimension. It is also necessary to take into
consideration intraclass and interclass distance of samples. The intraclass distance
means the distance of two samples with the same class label, while interclass distance
is the distance of samples with different class labels.

Feasibility, complexity and scalability When applying those descriptors and
matching algorithms, we have to consider real-time performance. The Re-ID datasets
usually have small sample sizes, but in a surveillance network, more pedestrians in
different cameras can be presented simultaneously. A system like this has plenty of
individuals to re-identify, which requires that the processing time for a single probe
be short for low latency. Because the gallery in this system evolves, it is crucial to
design an algorithm that can determine if a person appearing in a current camera is

new or has previously appeared in the gallery.

1.3 My work in this thesis

In this thesis, the programming involves C++, Matlab and Python. First the back-
ground segmentation’s influence on Re-ID matching accuracy has been studied. A
basic histogram descriptor is implemented with C++. By changing the color space
parameters and plotting its matching accuracy curve on VIPeR dataset, the HSV
color space is proved to be the best choice for histogram feature. Then by compar-
ing the matching accuracy of HSV and other textural feature including local binary
pattern (LBP) and histogram of gradient (HOG), it can be concluded that foreground
segmentation (the segmentation is imperfect due to only one frame is provided for
each individual) increases HSV’s performance while decreases the performance of
LBP and HOG. The CMC figures in chapter 3 are plotted with Python or Matlab

Second three variants of the hierarchical Gaussian descriptors have been designed
and implemented with Matlab based on the source code from [25]. After comparing
their performance with the original version of hierarchical Gaussian descriptor the
original version has the best performance.

Third, the metric learning is designed and implemented with Matlab. In many
previous works, the kernel local Fisher discriminant analysis is used as a subspace

learning method, and Euclidean distance is usually used in the subspace to measure
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similarity. In this thesis, the KLFDA [38] method is used as a dimension-reducing
method to project high-dimensional descriptors to a lower-dimensional space. Com-
pared with other dimension reduction methods, KLLFDA is a supervised method that
takes into consideration intraclass and interclass information; therefore, less infor-
mation is lost after dimension reduction. A Mahalanobis distance based matrix M
is then learned based on the limitation that the distance of people from the same
class should be at least one unit smaller than the distance of people from different
classes. A target function that penalizes large intraclass distance and small interclass
distance is created. When the target function converges by iterative computation, the
matrix M is thought to be optimal. It turns out that this metric learning exhibits
good performance when compared with other metric learning methods. A workflow

of proposed work is in Figure 1.6.

Training image Gallery and
pairs of pedestrians probe images
" . . ' . .
Hierarchical Gaussian descriptors Hierarchical Gauss!an descriptors
extraction

extraction

!

Descriptors kernelization

'

Dimension reduction by KLFDA
(a transformation T will be created)

l
y

Metric learning by steepest gradient
descent method

I

Y

Descriptors kernelization

|
A J

Dimension reduction by a
transformation matrix T

|
A J

N Y )
— W

An SPD matrix

[
Y

)
N/

Distance matrix and CMC

/\A\/\/\/\
— W U U

FIGURE 1.6: The workflow of proposed work; the left part is training
and the right part is testing
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FIGURE 1.7: Samples from the prid_2011 dataset

1.4 Contributions

In this paper, we have three contributions. The first is that we combined the KLFDA
with distance comparison metric learning. Instead of learning a subspace with KLFDA
and computing Euclidean distance in the lower-dimensional space, in this thesis af-
ter dimension reduction by KLFDA a Mahalanobis metric is learned under the con-
straint that the maximum intraclass distance is at least one unit smaller than the min-
imum interclass distance. Compared with those advanced metrics including cross
view quadratic analysis (XQDA) [22] and the null Foley-Sammon transfer (NFST),
this proposed metric learning proves to have excellent performance on the VIPeR,
CUHKI, prid_2011, prid_450s and GRID dataset.

Another contribution is we find that imperfect background subtraction increases
histogram feature’s performance and decreases textural feature’s performance. Since
in single-shot Re-ID, it’s extremely hard to extract the foreground perfectly (only one
frame of each individual is available to extract foreground), the extracted result may
lose some parts of the foreground while contains some parts of the background. This
imperfect foreground extraction can improve the performance of some descriptors,

like the histogram of HSV color space, but can also decrease the performance of



Chapter 1. Introduction 10

other descriptors, like local binary pattern (LBP) and histogram of gradient (HOG).
This comparison is shown in Chapter 3. The reason for this is that imperfect back-
ground segmentation brings in textural interference. If descriptors are color based
and don’t handle texture information, like HSV histogram descriptor, background
segmentation can greatly improve the performance. However, if the descriptor ex-
tracts texture information, background segmentation will decrease its performance
since the imperfect segmentation will mask out many parts of the foreground area,
which will cause important textural information variation. Because segmentation al-
gorithms will cause different influence on various features, in this thesis, a weighted
map of images is used instead of the background segmentation.

For the last contribution, some variants of hierarchical Gaussian descriptor have
been tested. In one variant, LBP was used in the basic pixel feature. In another vari-
ant, superpixel segmentation was also applied to combine with hierarchical Gaussian
descriptor, which implied that overlapping patch sampling is important in the hier-
archical Gaussian descriptor. At last, the Gaussian mixture model (GMM) was also

tested but it displayed the worst performance.

1.5 Thesis organization

In this thesis, Chapter 2 will give a brief introduction of previous work. Chapter 3
will explain the implementation of the hierarchical Gaussian descriptors used in this
thesis. This is also the chapter where my work starts. The performance of some
variants of the hierarchical Gaussian descriptor is studied in this chapter. In Chapter
4, a detailed introduction of the kernel local Fisher discriminant analysis will be
presented, and a detailed explanation of the metric learning on the lower-dimensional
space based on relative distance limitation learning will also be provided. In Chapter
5, the used datasets and parameters and other experiment settings will be explained,
and a detailed analysis of results will be presented there. Finally, the conclusion is

given in Chapter 6.
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Chapter 2

Related work

Previous works mainly focus on finding more discriminative descriptors and better
metric learning. It is known that color and texture are the most important information
in Re-ID. Researchers found that features based on a single attribute (like color or
texture) are not robust to various datasets. Instead, combinations of different features
are exploited to improve the performance. Most descriptors capture the local or
global statistic color and texture information to characterize individuals. A brief

introduction of those descriptors and metrics is given in this chapter.

2.1 Appearance descriptors

In most descriptors, local features [36] are used to characterize the color, texture and
other properties. The input image will be divided into a few subregions, features
of those subregions are extracted respectively and concatenated directly or charac-
terized by their statistic properties. According to how those subregions are divided,
there can be three kinds of models, fixed part-based models, adaptive models and
learned part models [36].

In fixed part models, the size of body parts is predefined. One example is in
[11, 51, 34], where a silhouette is divided into a fixed number of horizontal stripes,
which mainly include the head, torso and legs. In [19], the input images are divided
into three horizontal stripes, and the width of each stripe is respectively 16%, 29%
and 55%. The fixed models predefine parameters such as numbers of stripes and the
stripe height.

In the adaptive part models, the size of each body parts may vary to fit predefined
body part models. Take [15] for an instance; the silhouette of each person is divided

into three parts horizontally, which include the head, torso and legs respectively.
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But the height of each stripe is different for various silhouettes, and it is computed

according to symmetry and asymmetry with two operators C'(¢, 0) and S(i, 0), where

C(Zv 0) - Z d2<pz - ﬁl)7
Bli_s,i16] 2.1)
) 1
S(i,0o) = Z WM(B[@',HS]) — A(Biva)|-

Here the C(3,6) is called the chromatic bilateral operator, and it computes the Eu-
clidean distance of two HSV blobs located symmetrically with respect to horizontal
axis y = i, where Bj;_s ;4 is the blob with a height 26. S(i,0) is called the spatial
covering operator and it computes the difference of two foreground areas. Then the

axis between the torso and legs is computed as follow:

iry, = argmin(l — C(4,6) + S(i,0)), (2.2)

1

and the axis between the head and torso is computed with the following equation:

igr = argmin(—S(i, d)). (2.3)

7

The axis dividing the left and right torso is

Jir = argjmin(C(j, 6) +5(5,9)). (2.4)
This method has good performance. But one shortcoming of this model is that an
imperfect background segmentation causes noise and introduces errors regarding the
position of axes.

Another part-based adaptive spatial-temporal model used in [7] characterizes a
person’s appearance using color and facial features. Few works exploit human face
features. In this work, human face detection based on low resolution cues selects
useful face images to build face models. Color features capture representative color
as well as the color distribution to build a color model. This model handles multi-shot
re-identification, and it also characterizes the color distribution variation of many
consecutive frames. Besides, the facial features of this model is conditional. That is,
in the absence of good face images, this model is only based on color features.

Some methods based on learned part models have been proposed. Part model

detectors (statistic classifiers) are trained with manually labelled human body parts
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images, exploiting features related to edges contained in the images. A pictorial
structure (PS) is proposed in [16]. The PS model of a non-rigid body is a collection of
part models with deformable configurations and connections with certain parts. The
appearance of each part is separately modelled, and deformable configurations are
implemented with spring-like connections. This model can quantitatively describe
visual appearance and model the non-rigid body. In [2], the pictorial structure body
model is made up of N parts and N corresponding part detectors.

Another example of the learned part model is in [8, 7]. The overall human body
model consists of several part models; each model is made up of a spatial model and
a part filter. For each part, the spatial model defines allowed arrangements of this
part with respect to the bounding box. To train each model, the latent support vector
machine (LSVM) is used, and four body parts are detected, namely the head, left
and right torso and upper legs. Compared with other models, this model exploits a
sequence of frames of an individual and thus captures appearance characteristics as
well as the appearance variation over time.

Features can be implemented with different methods. According to the way to
extract features for a model (a whole model or a part-based model), features can
be divided into two categories [36]: global and local features. Global features refer
to features extracted from a whole image or region, and the size of the descriptor
is usually fixed. In order to extract local feature of a specified image or region,
we first divide the whole image into many equal blocks and compute the feature
of each block. Both descriptors may deal with color, texture and shape. The color
information is exploited most by extracting the color histogram within different color
spaces. Descriptors based on texture, such as the scale-invariant feature transform
(SIFT), speeded up robust features (SURF) and LBP, are also widely combined to
improve performance.

Global color histogram is a frequently used global feature. For an three-channel
image, like an RGB image, each channel is quantized into B bins separately. The
final histogram could be a multi-dimensional or one-dimensional histogram. For
instance, if B = 8, for a multi-dimensional histogram, there will be 8 X 8 x 8 = 512
bins. But if we concatenate the three-dimensional bins together, the dimension can
be reduced to 8 4+ 8 + 8 = 24 bins while the performance of this reduced descriptor
doesn’t decrease. This method can be applied on other color spaces like HSV and

Lab, etc.
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Local color histogram usually splits the specified model or region into many
equal-sized blocks and computes the global feature of each block. The feature can
be based on color, texture and interest points. SIFT [24] is a kind of local feature
based on the interest points. The salient interest points (identifiable over rotating and
scaling) are selected by the interest operator. This algorithm detects key points by
computing the difference of Gaussian (Do) images of different scales o with the
equation

D(.flf, Y, U) = (G(ZL‘, Y, klo—) - G<$> Y, k20)) * [(.Z', y) (25)

Here G(z, vy, k10) is the Gaussian function with deviation k0, I(x,y) is the image.
The DoG images are compared to find their extrema as key points. With key points
localization and other processing, descriptors describing key points are created as
SIFT descriptors.

The maximally stable color region (MSCR) is used in [15]. The MSCR derives
from the maximally stable extreme region (MSER) and detects the region with a
stable color cluster. It uses an agglomerative clustering algorithm to compute color
clusters, and by looking at the successive time steps of the algorithm, the extension of
color is implemented. The detected color region is described with a nine-dimensional
vector containing the area, averaging color, centroid and second moment matrix.
With this vector, the color region detected makes it easy to do scale and affine trans-
forms.

Recurrent highly structured patches (RHSP) is also used in [15]. This feature cap-
tures patches with highly recurrent color and texture characteristics from extracted
silhouette pixels. This feature is extracted from the following steps. First, random
and probably overlapping small image patches are extracted from silhouette pixels.
Then, to capture those patches with informative texture, the entropy of each patch
(the sum of the three channels’ entropy) is computed, and we discard those patches
with entropy smaller than a specified threshold. In the next step, some transforms
are performed on the remaining patches to select those remaining invariant to the
transforms. Subsequently, the recurrence of each patch is evaluated with the local
normalized cross correlation (LNCC) function. This evaluation is only performed on
a small region containing the patch instead of the whole image. Then the patches
with high recurrence are clustered to avoid patches with similar content. Finally,

the Gaussian cluster is applied to maintain the patch nearest to the centroid of each
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cluster for each cluster.

In [3], a new 3D model model called SARC3D is used to characterize the indi-
vidual. Compared with those 2D models, this model combines the texture and color
information with their location information together to get a 3D model. This model
starts with an approximate body model with a single shape parameter. By precise 3D
mapping, this parameter can be learned and trained with even quite few images (even
one image is feasible). This model’s construction is driven by the frontal, top and side
views extracted from various videos, and for each view, the silhouette of a person is
extracted to construct the 3D graphical model. The final body model is sampled to
get a set of vertices from the previously learned graphic body model. Compared with
other models, this model has a robust performance when dealing with partial occlu-
sion, people posture variation and viewpoint variations since the model is based on
silhouettes from three viewpoints.

Descriptors combining color and texture are most often used in re-identification.
In [5], a signature called asymmetry-based histogram plus epitome (AHPE) was pro-
posed. This work starts with a selection of images to reduce image redundancy,
which is caused by correlated consecutive sequences. This descriptor combines
global and local statistical descriptors of human appearance, focusing on overall
chromatic content via histogram and on the recurrent local patches via epitome anal-
ysis. Similar to the SDALF descriptor [15], the HPE descriptor consists of three
components, the chromatic color histogram, the generic epitome and local epitome.
The chromatic color histogram is extracted in the HSV color space, which turns
to be robust to illumination changes. Here, color histogram is encoded into a 36-
dimensional feature space [H = 16,5 = 16,V = 4]. The authors define epitome to
be a collage of overlapped patches. This collage is generated by the collapsing of an
image or a sequence of images, and this collage indicates the essence of the texture,

shape and chromatic properties of the image or sequential images.

2.2 Metric learning

The second step of Re-ID is to design the metric learning to match descriptors, i.e.,
the way to compare how similar two descriptors are. Many different metric learn-

ing methods have been proposed [20, 33, 27, 47, 51, 41, 38, 42, 44, 48, 13] to get
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smaller intraclass distance and larger interclass distance. Generally, for two d x 1-
dimensional input vectors x|, x5, any symmetric positive semi-definite matrix M
defines a pseudo-metric with the form of D = (x; —x5)" M (x; —x,). Many widely
used distance metrics exploit this rule. Previous methods includes the Euclidean dis-
tance, Bhattacharyya distance and Mahalanobis distance methods. The Euclidean
distance, which is the most common used distance, is a special case of Mahalanobis
distance when the M is an identity matrix. One example of metric learning is the
probabilistic relative distance comparison model proposed in [51]. This model ex-
ploits all the possible positive person pairs and negative pairs so that for each person,
the between-class distance is larger than the within-class distance. Compared with
the other distance learning models proposed, this model solves the matrix M by
an iterative optimization algorithm. Suppose z is an image descriptor of a person;
the task is to identify another image descriptor 2’ of the same person from z” of a
different person by using a distance model f(-), so that f(z,2’) < f(z,2z”). The
authors convert the distance learning problem to a probability comparison problem
by measuring the probability of the distance between a relevant pair of images being

smaller than that of a related irrelevant pair as
P(f(z,2") < f(z,2") = (1 + expf =)=/ =1, (2.6)

Here the author assumes that probability of f(z,2’) and f(z,z") is independent,
therefore, using the maximal likelihood principal, the optimal function can be learned

as
f=argminr(f,O),
f

(2.7)
r(f,0) = —log(J [ P(f(a}) < f(=}))).
O;

O ={0; = (x,x)} , «, x are intraclass and interclass vector differences re-
spectively, and ¥, ? are defined as
P _ !/
x, =z — 2|

2.8)

x! =z —2"|

The distance function f(-) here is parameterized as the Mahalanobis distance func-
tion f = T Mx, M > 0. Here M is a semi-positive definite (SPD) matrix. In this

way, the distance function learning problem is transformed to a matrix optimization
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problem. The author used an iteration algorithm to compute matrix M. One short-
coming for this algorithm is that it is computationally expensive because for each
person it compares distances between all the possible negative pairs and correspond-
ing positive pairs.

Single-shot image-based person representation suffers from the small sample size
problem. This is why multi-shot Re-ID has been proposed. Since there are a se-
quence of images for each individual, there are many more cues to exploit. In [47],
the author simplified computing of the Mahananobis matrix by applying the new
limitations on datasets. The author found that when using video-based person repre-
sentation, the difference of interclass may be more obscure than that of still-image-
based representation. Therefore, the author proposed the top-push distance learning
model. For all the person pairs, the maximal intraclass distance should be one unit
smaller than the minimal distance of interclass distance. Another constraint intro-
duced the sum of all intraclass distance should be as small as possible, so the final

target function is summarized as:

fD)=(1-a) > D z;)+

LT 5,Yi=Yj

in D(x;, ) + p,0}.
YiF Y

(2.9)
o Z max{D(xz;, x;) —
TG,y =Y
Here, x;, ¢ ;andx;, are feature descriptors, and y;, y;andy;, are class labels.

Some previous works exploit the Fisher discriminant analysis and convert the
problem to a matrix eigenvalue decomposition problem. In [33], the local fisher dis-
criminant analysis (LFDA) is used, and in [44], the kernel version of several linear
metrics are proposed, and it proves that kernelization improves Re-ID performance.
In [22], the log ratio of Bayesian-based estimation is proposed to have advanced
performance. In [48], the authors propose to make sample points of the same class
collapse to the same point in the null space while different points are project to dif-
ferent points. In [46], the semantic representation of color names is exploited. In this
thesis, an SPD matrix M is learned to meet certain intraclass and interclass distance

limitations.
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2.3 Other methods for Re-ID

Besides the descriptors and metrics mentioned above, there are some other meth-
ods for Re-ID. Convolutional neural networks (CNN) have been exploited in Re-ID.
One advantage of the neural network Re-ID is that the preprocessing of images can
be skipped. We can also say the preprocessing is included in convolutional lay-
ers. The input of this structure can be straightforward grey images or color im-
ages. Traditional neural networks have too many weights to train. Convolutional
neural networks can avoid this problem while retaining high performance. Com-
pared with classical neural network architecture, the convolutional neural network
exploits receptive field, weights sharing and pooling to reduce weights number and
thus decreases computational cost. When dealing with multi-shot and video-based
re-identification, neural networks are proven to have better performance. In [26], the
author proposes a recurrent neural network layer and temporal pooling to combine all
time-steps data to generate a feature vector of the video sequence. In [10], the author
proposes a multi-channel layer based neural network to jointly learn both local body
parts and whole body information from input person images. In [43], a convolutional
neural network learning deep feature representations from multiple domains is pro-
posed, and this work also proposes a domain-guided dropout algorithm to dropout
CNN weights when learning from different datasets.

There are many other works based on convolutional neural networks. However,
person re-identification may be one of the areas where CNN performance may be
poorer than regular machine learning methods for the small sample size problem
(SSS). In most datasets, the sample size of each pedestrian is quite small. Especially
in single-shot Re-ID only one frame is provided in each view for each person. This

is why Re-ID more often relies on classical machine learning.

2.4 Some state-of-the-art works

Recently, many works have been proposed that improved Re-ID performance by a
wide margin. In this section, those advanced descriptors and metrics are introduced.

Cross view quadratic discriminant analysis (XQDA) is proposed in [22]. Let’s
define the sample difference A = x;—x;, where x; and x; are two feature vectors. A

is called intrapersonal difference when their labels satisfy y; = y; and extrapersonal



Chapter 2. Related work 19

difference when y; # y;. The intrapersonal and interpersonal variation can be defined
as ; and Qg. The authors convert the Re-ID problem to distinguishing €2; from
Qp. In [28], each one of intrapersonal and interpersonal class is modelled with a
multivariate Gaussian distribution, and in [28], it has been proven that both €2; and
Qg have zero mean. Under the zero-mean distribution, the probability of observing
A in Q; and the probability of observing A in 2z can be denoted as
P(AIQ) = o exp A4,
(2m) /2|5, [1/2

1 FATEIA
P(A|QE) = (2m) 42D |2 exp 2 B

(2.10)

where >; and Xy are the covariance matrix of {2; and 2. Then the probability ratio

between the interpersonal pairs and intrapersonal pairs can be denoted as

1 FATSIA
P(A|QE) o (27T)d/2|EE|1/2 exp 2 E

—1 N
Gy P @.11)

r(A) = CexprlAT(Z;JI’E?I)A )

Here C is a constant term, and by taking the log and deserting the constant term, we

have
r(A) = ATE = DA = (2 —x)" (57 - 23" (@ — ). (2.12)
In [22], a subspace W is learned so that
r(A) = (x; — ;) WS/ = S YW (z; — @), (2.13)

and ¥ = WIS W, S5 = WTSpW. Therefore, a subspace M (W) = W (X, ™! —
Y H)WT is learned in this work.

Null Foley-Sammon transform (NFST) In [48], a null space is proposed so that
with this space the intraclass points collapse to a same point in the null space while
interclass points are projected to different points. Given the within-class scatter S™

and between-class scatter S°, an optimal projection matrix W is computed so that

’LUZTSw’U)Z = 0,
(2.14)
w] SPw; > 0.
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Here w; is the iy, column in W.

It can be noted that like many other metric learnings, XQDA and NFST evolve to
matrix decomposition and eigenvalue selection problems. In this paper, XQDA and
NFST are used to compare with the proposed metric. In [25], it has been shown that
GOG + XQDA outperforms many other combinations, including Metric ensemble
[32], SCNCD [46], Semantic method [37], etc. In [48], it has been shown LOMO +
NFST outperforms metrics including LMNN [41], KCCA [42], ITML [13], KLFDA
[38], MFA [44], KISSME [20], Similarity learning [9], SCNCD [46], Mid-level fil-
ters [50] and Improved deep learning [ 14]. Based on the result that XQDA and NFST
outperform other metrics, XQDA and NFST are used in this thesis to compare with

our proposed metric learning.

2.5 Performance measuring

There are a few measures of Re-ID, such as cumulative matching curve (CMC),
receiver operating characteristic curve (ROC) and synthetic recognition rate (SRR).
Specifically, the CMC is used as a 1:m re-identification system and ROC is used for
a 1:1 re-identification system. The SRR curve indicates the probability that any of
given fixed number of matches is correct.

For the open-set Re-ID problem, the ROC [7, 8] curve is adopted. The ROC
represents the relationship between Re-ID accuracy vs the false accept rate (FAR).
In the ROC the x-axis is the FAR and the y-axis is the accuracy. Re-ID accuracy and
the FAR are defined by equations

TP
Accuracy = S,
Ny (2.15)
MMs+ FP '
FAR = %

p

The true positives (TPs) are the number of probe IDs that are correctly accepted.
N, is the number of all positive probes. The FAR is expressed by the mismatches
(MMs), false positives (FPs) and N,. MMs are those probe IDs that are incorrectly
matched to the galley set when in fact those probe IDs exist in the gallery. The
FPs are the number of probe IDs incorrectly matched to the gallery when they don’t

actually exist in the gallery.
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For the closed-set Re-ID problem, the most commonly used performance mea-
suring is the CMC. Closed-set Re-ID assumes that the probes are contained in the
gallery set, and the performance is measured by ranking the gallery with respect to
each probe. The CMC describes the probability of the right match given a list of
computed similarity scores, and the first ranked ID is regarded as the matched indi-
vidual.

The proportion of uncertainty removed (PUR) is proposed in [33]. PUR measures
the entropy difference between before ranking and after ranking. For a certain probe
before ranking, all those samples in the gallery set have equal probability, and the
entropy is log(.S), S being the number of observations in gallery set. After ranking,
the entropy is > M (r) log(M(r)), and M (r) is the probability that the right match is
within the top r ranked observations. With normalization, the PUR value is computed

by the equation
log(5) — > M(r)log(M(r))
log(S) '

In this thesis, the CMC is used to measure Re-ID performance because most

PUR =

(2.16)

datasets are tested under closed-set Re-ID settings. In this metric, the CMC'(k)
stands for the probability that the right match is within the top k matches. Suppose a
set of gallery G = {G,Ga, -+ ,G,,} and a set of probe P = { Py, P,,--- , P,}, for
each identity F;, there should be a right match in the gallery set. However, there could
be identities that appear in the gallery set but not in the probe set. A m x n similarity
matrix can be computed. Then for each probe identity F;, a sorted list of gallery
identities can be list as S(P;) = {G(1), G(2), -+ , G } s0 that their similarity with
P; descends. Suppose the right match of P is at the position k of S(F;), k < m, then

G; has a rank value of k. Therefore, the CMC can be calculated as
1
CMC(k) = —(#k < k), (2.17)
n

where k; is the list of rank values of P = {P, P, -+, P,}, and #k; < k means
the number of rank values that are smaller than k. Therefore, the CMC curve always
ascends and converges at 1. A perfect CMC is supposed to have a hight rank 1 score
and approaches 1 as fast as possible.

An example of CMC computing is as follows. Suppose the gallery size is M = 10
and the probe size is N = 15. By computing the similarity and ranking them, we

have a rank score frequency table such as that shown in Table 2.1.
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TABLE 2.1: A CMC example of gallery size is M = 10 and probe

sizeis N = 12
RankScore 1 304 (516|789 ]|10]11|12
Frequency 5 2111170} 0]0]0]0]0]O0
CumulativeSum | 5 10 (11|12 (12|12 (12|12 12| 12| 12

0.9

Probability
o o o o o o
w B~ w [=2] ~ [=-]
T T

o
[N
T

0.1+

6 7
Rank score

12

FIGURE 2.1: A CMC plot of gallery size is M = 10 and probe size

isN =12
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Chapter 3

Extraction of hierarchical Gaussian

descriptors

In person re-identification, it is very important to choose a robust descriptor to rep-
resent a person. A good descriptor should be robust to variations of illumination,
viewpoint, and camera color response. Most descriptors try to capture the color and
texture information. In this chapter, we will first introduce some basic descriptors
and compare their performance on the VIPeR dataset. Then a detailed introduction
of the hierarchical descriptor will be presented in section 3.3 of this chapter. All

those figures in this chapter are original work programmed and plotted by myself.

3.1 Basic color and textural features

3.1.1 Color histogram descriptors on different color space

Histogram descriptors extract color statistics information of input images. A popular
histogram extracting method is to divide input image into a few horizontal stripes
and extract color histograms of each stripe, which are then concatenated to produce
a histogram descriptor of the whole image. Color space selection heavily influences
descriptor performance. HSV color space is commonly used in computer vision and
image processing for target detection and tracking. The HSV descriptor has better
performance than the RGB histogram descriptor since HSV color separates image
intensity from color information. Thus, HSV color space is more robust to illumi-
nation variation. An unsupervised CMC performance comparison among different
color spaces on the VIPeR dataset is given in Figure 3.2. In this comparison, camera

A views are used as the probe set and camera B views are used for the gallery set.
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FIGURE 3.2: A CMC comparison of color histogram on different
color spaces

We can find that those color spaces separating intensity information outperform RGB

color space by a large margin.

FIGURE 3.1: RGB and HSV visual comparison; the first row is RGB
and second row is HSV for the same views

Shortcoming of histogram-based descriptor The performance of histogram de-

scriptors suffers from ignoring the spatial information since it doesn’t consider the
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relative distribution of color patches. Images with the same kind color patches but

different distribution may have the same histogram descriptor. One example is shown

in Figure 3.3.

FIGURE 3.3: A comparison of two patches with the same entropy but
different color distribution

3.1.2 Local binary pattern (LBP)

Local binary pattern [30, 29] extracts the texture information with efficient comput-
ing and has been used on people detection and recognitions. Figure 3.5 is an example
of LBP. By thresholding the neighbour pixels of the center pixel (shown in Figure
3.4), the pixels are transformed into a binary integer. There are many extended LBPs
like tLBP [39], VLBP [49] and OCLBP [4]. Besides, LBP is well known for its

robustness to monotonic illumination variation.

o

£

11212 ololo
1 Binary: 00010011
5|6 | Threshold_ |1 1| ! pecimal: 19
31 1lolo ’{

FIGURE 3.4: LBP: by thresholding the neighbour pixels, the pixels
are transformed into a binary number

3.1.3 Histogram of oriented gradients (HOG)

The HOG [12] descriptor also extracts textural information of images by gradient
computing. A brief introduction about its gradient computation is presented here,

and more details can be found in [12]. The HOG feature computes the gradient of

input intensity image I (z, y) by equations
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FIGURE 3.5: One LBP example

I:c - %’

x
; _g (3.1)
Yy 8y

The gradient can be computed quickly by some discrete derivative masks below, like

1-D Sobel masks:
Centered : M. = [—1,0,1],
(3.2)
Uncentered : M,. = [—1,1].

Or 2-D Sobel masks:

- - (3.3)

Or 3 x 3 Sobel masks:

_ 34)

-1 -2 -1

Using different masks will lead to different performance. Furthermore, Gaussian
smoothing is often performed before gradient computing. It has been shown that

using 1-D Sobel without Gaussian smoothing has the best performance. A HOG
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feature demo is shown in Figure 3.6.

Standard HOG

Original image cell size of six pixels.

FIGURE 3.6: A demo of the HOG feature with a cell size of six pixels

3.2 Influence of background segmentation on differ-

ent basic descriptors

Many works try to minimize the impact of background noise of pedestrians’ images.
It is easier to automatically segment the foreground from sequential frames or video
than a single frame. In [15], the author provides foreground masks for all images
following the algorithm in [18]. Authors in [18] propose structure element (stel)
component analysis to model spatial correlations in image class structure by using
probabilistic index maps (PIMs). A structure element is an area of an image with
the same assigned index s(s = 1,2,--- ,n), where n is the total number of stels
in an image. In PIMs, the indices assignment can be denoted probabilistically as a
map ¢(st = s) over an image. In this equation, the location is ¢ = (7, 7), and ¢ is
the probability of pixel at ¢ of the ¢-th image (suppose there are many images for
each class) belonging to the s-th stel. The authors propose that pixels in a structure

element of an image class follow a shared distribution which can be modelled with
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local measurements like pixel intensity value. The number of stels n is set to 2 to
achieve background and foreground segmentation. That is, pixels of foreground stel
share a distribution, while pixels of background stel share another distribution. Both
the foreground and background stels are modelled by a mixture of C' Gaussians.
Some of those segmented foregrounds are shown in Figure 3.7, and it is obvious
that certain body parts, like head and feet, are lost. To compare the impact of loss
on color and textural descriptors, a comparison of foreground segmentation on HSV
color histogram descriptors, LBP and HOG is given in Figure 3.8, Figure 3.9 and
Figure 3.10.

FIGURE 3.7: Foreground segmentation of individuals from VIPeR

We can find that imperfect foreground segmentation decreases the LBP and the
HOG?’s performance but increases the HSV color histogram’s performance on the
VIPeR dataset greatly. The foreground segmentation is imperfect due to that seg-
mentation algorithm is based on the Gaussian mixture model. The foreground model
estimates the probability of being the foreground of each pixel. Since only one frame
is provided, the model may not be quite accurate. Imperfect foreground segmenta-
tion causes body parts (like the head and the feet) to be lost and masks out many
parts in the torso and legs. Besides, in images of some individuals, part of the back-
ground scene is regarded as foreground. Since HSV color histogram doesn’t han-
dle spatial distribution but only color entropy, foreground segmentation improves its
performance greatly. But since LBP and HOG handle texture for each sample patch,
their performances suffer from those body parts loss and little black patches from the
background. What’s more, we can infer that imperfect foreground segmentation will

also decrease other textural features’ performances.
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FIGURE 3.8: A CMC comparison of foreground segmentation on
HSV histogram descriptor tested on VIPeR
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FIGURE 3.9: A CMC comparison of foreground segmentation on
LBP feature tested on VIPeR
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FIGURE 3.10: A CMC comparison of foreground segmentation on
HOG feature tested on VIPeR

3.3 The hierarchical Gaussian descriptor

The hierarchical Gaussian descriptor is proposed by in [25]. This descriptor uses
a two-level Gaussian distribution, i.e., a Gaussian of Gaussian (GOG) structure, to
model an individual. This descriptor densely samples the image and models samples
(including the square patches and the slice made up of those overlapping patches) in
each level respectively with a Gaussian distribution to outperform many other works.
In this thesis, all input images are sized to 128 x 64. First, the image is divided
into 7 overlapping horizontal slices. Each slide has a size of 32 x 64 and slides are
overlapping by 16 pixels vertically. In each slide, densely sampled square patches
have a size of s X s pixels (s = 5 in this thesis), and small patches overlap each
other by 2 pixels. So there is a two-level structure in this image, small patches and
slides. The small patches are first modelled with a multivariate Gaussian distribution.
Then the slide with those small patch Gaussian distributions is modelled with another

multivariate Gaussian distribution.
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A certain horizontal slice for each small patch is modelled by a multivariate Gaus-
sian distribution G, (f;; pp, 2,), and G, can be transformed to a vector p by SPD
mapping. Again, when all small patches are modelled and vectorized, the same pro-
cess is repeated. Each slide is characterized by a multivariate Gaussian distribution
G.(p; pr, 2;).

After the slide is modelled with G..(p; p.., 3,), the same transformation will be
operated on G, so that it is vectorized as a vector v. At last, all computed v are

concatenated to consist of the descriptor of the current image.

3.3.1 Handling the background

In the previous section, the impact of background subtraction on different features’
performances have been studied. We’ve concluded that imperfect foreground seg-
mentation decreases textural feature’s performance. Besides, in the hierarchical
Gaussian descriptor, there is no histogram-based feature computing. So in this the-
sis, when computing the pixel basic feature f;, the foreground segmentation is not
adopted. But when modelling the region Gaussian G,.(p; i, 3,.), a weighted map is

computed for each patch with equation

1 (:v—/;o)2
N(x; po, 00) = exp 0 (3.5)
( ) ooV 21
here g = %, 0o = %, W, is the number of patches in horizontal direction.

3.3.2 Single pixel modelling

In this hierarchical model, it is very important to have a full representation for every
single pixel. To fully characterize single pixel, a d-dimensional vector is used to
represent it. In this vector, there could be any predefined properties like coordinates,
color values, texture and filter response. Suppose the original image is in RGB color
space, the Gaussian of Gaussian descriptor uses an 8-dimensional vector f;, and
fi = (y, My, Moy, M1so, Moo, R, G, B). The y component is the y coordinate of
pixel, and Mpepo 900,1800,2700} 18 the quantized gradient information in 4 directions.
The last three components are the color values of the specified color space.

In all the benchmark datasets, all the images are cropped with a bounding box,

and the pedestrian in an image can be at left or right of center, while in the vertical
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direction the head and feet of the pedestrian are very close the image edge. For
each pixel, the y coordinate is more correlated than the x coordinate, so only the y
coordinate is chosen for pixel modelling.

The M is to characterize the texture with the gradient histogram. Different M
values are the magnitudes of the gradient in every direction. First, the gradients in x

and y direction are computed by two gradient filters h, and hy, and we have

hm = [_1707 1]7
(3.6)
h, = —h..

Then, by convolving those two filters with the intensity image /, the horizontal
and vertical gradient /,, I, can be computed, so the orientation and magnitude can
be computed by the following equations:

(i
O(i,7) = (arctan( y(z’j) + ) % 180/,
M, j) = /(L )2 + 1,5, 7))

The orientations are quantized into four bins by a soft voting algorithm [31].
For each pixel, its corresponding gradient orientation is decided by its nearest bin’s
direction. To make the descriptor focus on the gradient components with high values,

the gradient and orientation are multiplied as follows:
Mg = MOy. (3.8)

To model the patch with a multivariate Gaussian distribution, we have to estimate
its mean value and the covariance matrix. A multivariate Gaussian model has the

form ) S
exp(f(fifﬂp) EP (fify‘P))

Gp(.fi;l*‘l’p’zp) - (27T)d/2|2p| ) (39)

where p,, 1s the estimated mean value, and X, is the estimated covariance matrix of
the current small patch.
To estimate the parameters for this Gaussian model based on basic pixel features,

the maximal likelihood estimate (MLE) is used. According the MLE algorithm, we
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have the following estimated parameters:

1 n
By = ;;ﬁ, (3.10)

n

%, = nilz(fi—ﬂ)(fi—M)Ta (3.11)
=1

where n is the number of pixels in the current patch. When the Gaussian model is
computed, the next step is to model all the patch Gaussians. But it is a complex prob-
lem to directly model those multivariate Gaussian functions. So some transformation

will be operated on the estimated parameters 1, and 3,,.

3.3.3 Riemannian manifold based SPD transformation

As described before, this hierarchical Gaussian descriptor is a stochastic feature, so
operations like computing mean and covariance need to be operated on previous sum-
marized Gaussian distributions. Mean and covariance operation in Euclidean space
cannot be directly finished on previous estimated Gaussian functions. A transforma-
tion is needed to make stochastic summarization feasible on patch Gaussian function.
In fact, the multivariate Gaussian model is a Riemannian manifold and can be em-
bedded into a semi-positive definite matrix (SPD) space. The Gaussian function is
mapped into a vector space by Equation 3.12. A d-dimensional multivariate Gaus-
sian function can be mapped into a d + 1-dimensional SP D, space. According to
[23], the mapping can be denoted as

i+ pup”
Gz pi, i) ~ P = ||V Hip= Hil (3.12)

w 1

The covariance matrix 33; can be singular due to the small number of pixels within the
patch. To avoid this problem, a regular factor A is added to X; so that 3J; = 3, + A\I.

After this mapping, the n + 1-dimensional SPD matrix needs to be transformed
into a vector. The matrix logarithm is used to transform it to tangent space. A d + 1-
dimensional SPD matrix can be mapped as a d * (d + 3)/2 + 1 vector, which can be
denoted as SPD;" ~ p; = vec(log(P;)). Since P; is a positive symmetric matrix, it
can be compressed by half, i.e., only the upper triangular elements are preserved. To

ensure its norm-1 remains the same after compression, the magnitude of off-diagonal
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elements in P, are timed by V2. Let Q = log P,, we have
pi = [Ql,la \/§Q1,27 \/§Q1,3, T ,\/§Q1,d+1, (3.13)

Q22,V2Q15, - ,V2Qaar1,  Qurr.arl). (3.14)

Again, we model the slide with a multivariate Gaussian distribution G, by the

equation
eXp(%(pj—ur)Tz;l (pj—pur))

Gp(ps; pr, ) = @S] (3.15)

We have known that all patches inside this slide are represented as vector p;, thus

the mean p,. and covariance matrix ¥, of GG, can be computed by the MLE with the

equations
1 m
= P, (3.16)
7j=1
) Z;i(p'—u)(p—u)T (3.17)
r m — 1 — 7 r 7 T 9 .

where m is the total number pf patches inside the current slide. Again, p,- and 32, are

mapped to an SPD space by the following equation

DI T T

G(p; por, ) ~ P, = |3,/ (@D g
Ky 1

, (3.18)

and P, is vectorized by Equation 3.13.
When the descriptors of all horizontal slides are computed they are concatenated

to form the descriptor for the whole image.

3.3.4 Integral image for fast region covariance computation

To compute estimated parameters for all those overlapping small patches, the time
complexity of computing each patch one by one is high because there are many re-
peating computations. To compute the estimated covariance matrix 3 for every small
patch with a size of W x H, the integral image is used to reduce time complexity.
The integral image [40] is an intermediate representation used to quickly compute
the rectangle area sum in an image. Each pixel value in the integral image is the sum

of all the pixels inside the rectangle bounded by the current pixel and the upper left
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pixel. That is, the integral image S(x, y) for image I(x, y) is

S@'y)y= > I(xy) (3.19)
<z y<y’
Image Summed Area Table
> 1,y-1 (%,y-1) >
six-1,y- s(x,y-
- 5 ( 5*; ) ;f
S i(xy) s(x-1y) s(x,y)
6 8 16
v v

FIGURE 3.11: Integral image

By using the integral image, any rectangular region sum can be computed in
constant time.
Suppose Iris a W x H x d feature tensor of integral images of F', to compute

the covariance matrix of a certain rectangle area in /', we have the equation:

Ip(a' i)=Y Flzyi)i=1..4d (3.20)
<z’ y<y’
Suppose the C(z',y/,4,j) is the W x H x d x d tensor of second order integral

images, and we use the following equation:

C'y.,i,j)= Y  Flz,yi)F(z,y.j).ij=1...4d (3.21)
<z’ y<y’
Let I, be the d-dimensional vector in I, and C(z,y) be the d x d-dimensional

matrix in C,
L, =[Ip@ y,1).. Iy, d)",
C(%?Jal»l) C(%%LCD (322)
C,, = :
C(z,y,d, 1) --- C(x,y,d,d)
Then for any rectangule regions R(z',y'; ", y"), where (2',y') is the upper left

coordinate and (z”,%”) is the lower right coordinate, the covariance matrix can be
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computed as

1
CR(I',, y/7 Z’”7 y”> — —1[058”,3/' + Cz’,y’ — C:C”,y' — C:lt’,y”

1 (3.23)
_E<lel7yll —"_ Iw//’y// - Ix/,y// - I$//7yl)(I‘,L.//7y// —"_ lelyy// - leyy” - I'Z.//ﬂ,’/)j—‘jl7

where 7 is the number of feature vector in F', and n = (2" —

') (y" —y'). By creating
the integral image, the covariance of any rectangular area in F' can be computed in
O(d?) time.

When all patches in a region are computed, the same process is repeated to com-

pute the region Gaussian.

3.3.5 Some variants of Hierarchical Gaussian descriptor

In the hierarchical Gaussian descriptor, the basic pixel feature f; characterizes tex-
ture, color and the y coordinate of an image. The importance of those three charac-
teristics is ordered as color values > gradient components > y coordinate. A rank-1,
rank-5, rank-10, and rank-20 comparison of three GOGgyo, variants on the VIPeR
dataset are listed below. We can conclude that color values have the most influence
on Re-ID accuracy. Based on this conclusion, in GOGggo, variants studied, the color
values will remain unchanged and the y coordinate and M components will be re-
placed or removed. In one GOGg,, variant, we replace the M components in f;

with LBP.

TABLE 3.1: A rank score comparison of GOGgygjon Variants

Rank(%)
GOGgygon Variants 1 5 10 20
GOGgysion 4797 | 77.44 | 86.80 | 93.70
GOGgysion Without y 44.80 | 76.20 | 86.80 | 93.20
GOGgysion Without M 41.10 | 70.50 | 81.10 | 90.30
GOGggon Without color values | 8.40 | 21.00 | 31.70 | 45.50

Another variant is to combine superpixel segmentation with GOGgygion. Super-
pixel algorithms cluster image pixels into perceptually atomic regions, which can be
used to reduce redundancy and computation complexity. One successful superpixel

algorithm is Simple Linear Iterative Clustering (SLIC) [1]. To combine superpixel
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segmentation and GOGyyon, €ach horizontal slice of an image is first segmented by
the SLIC algorithm into many nonrigid groups. An example of SLIC segmenta-
tion is shown in Figure 3.12. Each superpixel group is modelled with a multivariate
Gaussian function by summarizing the basic feature f; of pixels inside this group.
With similar SPD mapping and vectorization, every group can be summarized by
a vector. At last, the same process is repeated on those superpixels to get region
Gaussians. Compared with the original hierarchical Gaussian descriptor, overlap-
ping square patch sampling in the hierarchical Gaussian is changed to nonrigid and
non-overlapping superpixel sampling in the variant. Hopefully, superpixel segmen-
tation can group pixels with similar properties, which may decrease errors caused by

single Gaussian modelling.

L
HEEE

SLIC

L

FIGURE 3.12: A SLIC superpixel segmentation example

Besides, a Gaussian mixture model (GMM) based descriptor is also tested. GMM
models an image or a region with a mixture of Gaussian distributions. But it is com-
putationally expensive to compute the similarity of GMMs. Also, it is extremely dif-
ficult to create a two-level hierarchical GMM model. A sparse representation based
Earth Mover’s Distance (SR-EMD) [21] is used here to measure similarity. Perfor-

mances of those variants have been listed in Table 3.2. It can be concluded that
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GOGgysion has the best performance. GOGyygonMreplacedByLBP’s performance de-
creases heavily because LBP components in f; are less robust. GOGyygjonSuperpixel
might suffer from its non-overlapping superpixel patch sampling. The GMM + SR-
EMD model has the worst performance for two reasons: (1) This model is not trained;
(2) A better similarity measurement is needed to for GMMs.

TABLE 3.2: A performance comparison between Gaussian of Gaus-
sian descriptor and its variants on the VIPeR dataset

Rank(%)
Variant descriptors 1 5 10 15 20
GOGgysion+XQDA 4797 | 77.44 | 86.80 | 91.27 | 93.70
GOGgysionMreplacedByLBP+XQDA | 40.70 | 72.53 | 83.16 | 88.45 | 91.90
GOGgysionSuperpixel+XQDA 4272 | 74.84 | 85.22 | 89.34 | 92.25
GMM + SR-EMD(EMD-theta) 11.40 | 21.50 | 29.70 | 37.00 | 42.40

3.3.6 Dimensionality and superiority analysis of hierarchical Gaus-

sian descriptor

It has been known that the combination of descriptors of different color spaces can
greatly improve re-ID performance. In this project, the hierarchical Gaussian de-
scriptor in RGB color space is the base descriptor. Descriptors in three more color

spaces {HSV, Lab, nRGB} are extracted. The nRGB color space is calculated as

R
nR_R+G+R
G————fi—— (3.24)
- R+G+ B’ '
B
R_R+G+B

Since nB can be calculated with nR and n(, in this color space only the first two
channel values are used to reduce redundancy. Therefore, for color spaces {RGB,
HSV, Lab, nRnG}, the corresponding dimension of the pixel feature is {8, 8, 8,
7}. After the matrix to vector transformation, the dimension of the patch Gaussian
vector of each channel is {45, 45, 45, 36}. Again, after the patch Gaussian to region
Gaussian transformation, the dimension of each channel is {1081, 1081, 1081, 703}.

Suppose there are 7 horizontal slides in each image; the dimension of concatenated



Chapter 3. Extraction of hierarchical Gaussian descriptors 39

descriptor of each channel would be {7567, 7567, 7567, 4921}. If 4 color spaces are
all used, the dimension is the sum of each channel as 27622.

The Hierarchical Gaussian descriptor has a few advantages compared with other
descriptors. First, it has a full consideration of color, texture and y coordinate infor-
mation. The color information is adopted by adding color values of different color
space to f;. Textural information is also adopted by those four gradient components
in f;. Second, by Riemannian manifold based SPD mapping, it provides a solution to
summarize many multivariate Gaussian functions. The parameters g and 32 of a mul-
tivariate Gaussian function can be fused into an SPD matrix. With later vectorization,
this SPD matrix is transformed to a vector. In this mapping process, correlation of
different components in f; are fully taken into account, which leads to a dimension
increasing from basic pixel feature vector f; to patch Gaussian vector p;. Third, by a
two-level Gaussian model, this model guarantees to extract the overall statistical in-
formation of an image while being robust to local details variation caused by factors
like viewpoint changes and partial occlusion.

It is intractable to directly learn a Mahalanobis distance matrix from the high-
dimensional concatenated Hierarchical Gaussian descriptor. In the next chapter,
KLFDA is applied to reduce the dimensionality of the extracted descriptor from
27622 to n — 1, where n is the number of different classes. With this supervised non-
linear dimensionality reduction, discriminative information among different classes
is preserved. At last, a Mahalanobis matrix is learned on the dimension-reduced

descriptors by the gradient descent method.
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Chapter 4

Dimension reduction and

Mahalanobis distance learning

To deal with high-dimensional descriptors, dimension reduction is first performed by
kernel local Fisher discriminant analysis (KLFDA). Then Mahalanobis distance met-
ric learning based on limitations between interclass and intraclass distance is applied

on dimension-reduced data.

4.1 Kernel local Fisher discriminant analysis

The extracted hierarchical Gaussian descriptors have a high dimension, and it is in-
tractable to learn an SPD matrix with such high dimension. Dimension reduction
is required to learn a subspace. Among those methods to reduce dimension, prin-
cipal component analysis (PCA) is often used. However, PCA is an unsupervised
dimension reduction and may have low performance for two reasons. (1), PCA is to
maximize the variance of dimension-reduced data, and as an unsupervised method
it doesn’t take into consideration the between-class and within-class relation. It is
very likely that the descriptors of different classes can be mixed up after dimension
reduction. (2) PCA may suffer from the small sample size problem. In some Re-ID
datasets, there may be one or two images for each pedestrian in each viewpoint (like
VIPeR). If the dimension of the descriptor is much bigger than the sample size, in-
formation can be lost with PCA. In this thesis, the kernel local Fisher discriminant
analysis (KLFDA) is used to reduce dimension.

KLFDA is the kernel version of LFDA, and LFDA is a combination of the Fisher
discriminant analysis [33], the locality preserving projection [17] and the kernel

method. A brief introduction of the FDA, LPP and kernel method is given below.
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4.1.1 Fisher discriminant analysis (FDA)

FDA is a supervised dimension reduction, and its input contains the class labels.
Given a set of d-dimensional observations X = (x1, @2, - ,%;, - ,&,), Where
i€{l,2,--- ,n}, thelabel y; € {1,2,--- 1}, for each sample descriptor x;, a linear

transformation with transformation matrix 7" can be defined by the equation
z =T x,. 4.1)

T has a dimension of d x m, and z; is the m(m < d) -dimensional vector. In FDA,
two matrices are defined as the within-class scatter matrix S and between-class

scatter matrix S,

l
S =" (wy — i) (s — )7,
i=1 jiyj=t
l
SO = nilpi — p) (i — )",

i=1

(4.2)

where n; is the number of classes with class label 7, p; is the mean of samples whose

label is 7, and p is the mean of all samples,

M = %Zazl,

1 4.3)
u=r S
The Fisher discriminant analysis transform matrix 7" can be represented as
TTSOT
T = arg max W (44)

This equation can be solved by the Lagrange multiplier method. We define a La-
grange function as:

L(t) = t'S®t — \t'S™t —1). (4.5)
Then the differential respect to ¢ is

ag—it) =280t — o 8¢, (4.6)
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let
OL(t)
7 4.7
ot 0, 4.7)
and we can get
SO, = A\S™,. (4.8)

Here t; is the 7;, column of 7', and the optimization problem is converted to an

£ S(b)

eigenvalue decomposition problem. T' is the set of eigenvectors of 5.

The Fisher discriminant analysis tries to minimize the intraclass scatter matrix
while maximizing the interclass scatter matrix. 7' is computed by the eigenvalue
decomposition. T' can be represented as the set of all the corresponding eigenvectors,
as T = (ty,to, -+ ,tr).

FDA has a form similar to signal and noise ratio; however, the FDA dimension
reduction may have poor performance because it doesn’t consider the locality of data.
An example of this is the multimodality [38]. Multimodality is when many clusters

are formed in the same class.

4.1.2 Locality preserving projection (LPP)

In [17], locality preserving projection (LPP) is proposed to exploit data locality. An
affinity matrix is created to record the affinity of sample x; and x;, typically the
range of elements in A; ; is [0, 1]. There are many manners to define an n x n affinity
matrix A; usually two sample points with a smaller distance have a higher affinity
value than those with a bigger distance value. One example is that if x; is within
k-nearest neighbours of x;, then A; ; = 1, otherwise A, ; = 0.

Another diagonal matrix D can be defined so that each diagonal element is the

sum of the corresponding column in A:
Di;=> A (4.9)

Then the LPP transform matrix is defined as follow:

1
Typp = argmin > AT @ — TMay), (4.10)

d
TeRaxm i,j=1
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so that T X DXTT = I. Suppose the subspace has a dimension of m, then the

LPP transform matrix 7" can be represented as:

Tirp = {Pi—m+1|Pa—m+2| - - ba}, (4.11)

and each ¢ in T is the eigenvector of the following formula,
XLXT¢p =vXDXT, (4.12)

where y is corresponding eigenvalue of ¢, and L = D — A.

4.1.3 Local Fisher discriminant analysis (LFDA)

LFDA [33] combines FDA and LPP and has better performance. The key to LFDA

is that it assigns weights to elements in A™) and A®), so that

l
1
S — 5 Z Z A (y — pi) (5 — pi),
=1 jy;j=t
5 (4.13)
i=1

where

Ai,j/nc Yi = Y5

AW —
’L,j Y
Yi # Yj
1 (4.14)
A® _ (z - n—C)A” Yi = Yj
i:j - )
Loy,

where y; is the class label of sample point ;. So the transformation matrix 77,z p 4
can be computed by the equation
TT'S®T

Trrpa = argmin(

Again, this problem can be solved by eigenvalue decomposition with Equation 4.8.
When applying the LFDA to original high-dimensional descriptors, one problem

is the computational cost. Suppose the vector data has a dimension of d, then LFDA
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has to solve the eigenvalues of a matrix with a dimension d X d. In some descriptors,

d could be more than 20000 and the computation cost is intractable.

4.1.4 Kernel local Fisher discriminant analysis (KLFDA)

KLFDA [38] is the nonlinear version of LFDA. Most dimensionality reduction meth-
ods, including PCA, LDA and LFDA, are linear dimensionality reduction methods.
However, when descriptor data is non-linear in feature space, it’s hard to capture its
between-class discriminant information with linear reduction methods. One alterna-
tive method is to nonlinearly map input descriptors x; to higher-dimensional feature
space ¢ by a function ¢(x;). Again, the LFDA is performed in feature space . Thus

the transformation matrix 7" can be computed by the equation

T7SY'T

e (4.16)
T7S"'T

T = argmin

where S’éb) and Sé,w) is the between-class scatter and within-class scatter in mapped
feature space P.

Note that with the transformation matrix T' € ®, it is computationally expensive
to explicitly compute the mapping function ¢ and perform LFDA in feature space ¢
because the dimension of ® may be infinite. Rather than explicitly computing, the
mapping function ¢ can be implicit, and the feature space ® can be defined by the
inner product of features in ®. The kernel trick is used here, and a kernel function can

be defined as the inner product of mapped vectors ¢(x;) and ¢(z;) by the equation

where the < - > is the inner product. There are many kinds of kernels like the linear
kernel, the polynomial kernel and the radial basis function (RBF) kernel. In this
paper, the RBF kernel is adopted. An RBF kernel is defined as

krpr (@i, @) = expl Il (4.18)
Suppose X is the matrix of sample descriptors, and we have

X = (ml>w27"' 7wn)7 (419)
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and the label vector is I = (ly,lz,---,l,). Then the kernel matrix of X can be

computed as the following equation:
K = ¢(X)"¢(X), (4.20)
and we have
K, = k(xi, ;) =< (), ¢(x;) >= exp @2l 4.21)

In [38], the authors proposed fast computation of LFDA by replacing S with the
local scatter mixture matrix S defined by
sm — gt 4 glw),

m 1 m
St = 3 > A (@i — xp) (i — )"

1,j=1

(4.22)

and

A — AP A, (4.23)

i,J

According to the identity (cf. (Fukunaga, 1990))

trace((TTSWT)=V(TTS™T) = trace((TTS™T) = (TTSOT) 4+ m.

(4.24)
Equation 4.15 is equal to
. TTStmT
TLFDA = arg m%H(W), (425)
and it can be transformed into a eigenvalue decomposition problem
St = AS™t;. (4.26)

With the replacement of S (™) 'in [38] the author summarized that

sm — xpmxT, (4.27)



Chapter 4. Dimension reduction and Mahalanobis distance learning 46

where L™ = D(m) — A(m) apnd D¥i = Z?Zl AE?). Also, S() can be represented
as

Sw — xpWxT (4.28)

where L) = DW) — A(m) and D = E;’Zl Agf}’). Therefore, Equation 4.26 can
be represented as

XLM™MXTt, = \XLWXTt,. (4.29)

The eigenvector t; can be represented as t; = Xy, vector v; € R". With this
replacement, we left multiply X7 to Equation 4.29 to get

XTXLWXTX~, = AXTXLWXTX~;, (4.30)
and with the kernel trick, it’s represented as
KL™ K~ = AKL" K~;. (4.31)

One example of using KLFDA to reduce dimension and classify the nonlinear data
clusters can be shown in Figures 4.1, 4.2 and 4.3. Three classes with five clusters are
distributed on a 2D plane, and by KLFDA dimension reduction their 1D dimension-
reduced data distribution are shown in Figure 4.2 and Figure 4.3. We can conclude
that for those clusters the Gaussian kernel is better than the linear kernel because the

dimension-reduced data is more separate when using Gaussian kernel function.

Original 2D data with three different classes

FIGURE 4.1: Example of five clusters that belong to three classes
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1D projection by KLFDA (Gaussian kernel)
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FIGURE 4.2: 1D distribution of dimension-reduced data with Gaus-
sian kernel

1D projection by KLFDA (linear kernel)
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FIGURE 4.3: 1D distribution of dimension-reduced data with linear
kernel
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4.2 Mahalanobis distance

Mahalanobis distance [35] based metric learning has received much attention in sim-
ilarity computing. The Mahalanobis distance of two observations x and y is defined
as

D(x,y) = (x —y) Mz —y), (4.32)

where x and y are d x 1-dimensional observation vectors, and M is a semi-positive
definite matrix. Since M is an SPD matrix, M can be decomposed as M = WIW

and the Mahalanobis distance can also be written as
D@.y)=(@—y) W Wa—y) = [Wa-y)l @33

Therefore, Mahalanobis distance can be regarded as a variant of Euclidean distance.

4.3 Gradient descent optimization

Given a multivariate function F'(x), where x is a d-dimensional vector, if F'(x)
is continuous and differentiable in the neighbour of point x for all x, then F'(x)
decreases fastest toward the direction of the negative gradient of F'(x). To compute
the minimum of F'(x), an iterative method can be used by updating F' with respect

to «. If the updating step A is small enough, by updating x with

T = o — \GY, (4.34)
where
G, - ag :) (4.35)
we have
F(x;) > F(x; + 1). (4.36)

x, is updated by the gradient G, this iterative process is repeated until a certain
condition is met, generally when gradient ||G|| < 7, and 7 is a very small positive
integer.

Analysis of steepest gradient descent method The advantages of gradient de-
scent are that it is always downhill and it can avoid the saddle points. Besides, it

is very efficient when the initial value of F'(x) is far from the minimum. However,
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FIGURE 4.4: Steepest gradient descent

there are a few shortcomings of the gradient descent method. The first one is that the
convergence value of gradient descent might be the local minima of F'(x) if F'(x) is
not monotonic. In this case, the convergence value will depend on the initial value
of . Another shortcoming is that the converging speed goes very slowly when ap-
proaching the minimum. One example is the case of zigzag downhill. The third

shortcoming is linear search in gradient descent might cause some problems.

4.4 Metric learning based on sample pairs distance

comparison

Inspired by the top-push video-based distance metric learning in [47], a similar met-
ric learning based on iteration computation is used in this thesis. For a sample de-
scriptor x;, its positive pairwise set is defined as {x;, «; }, where class ID y; = y;.
Also, the negative pairwise set can be defined as {x;, x; }, where y; # y;. Similarly,
the method in [51] is also based on similarity comparison. In [51], for all possible
positive and negative pairs, the distance between positive pairs must be smaller than
the distance between negative pairs. Since it has to compare all possible positive
and negative pairs, its computation complexity is quite expensive. To reduce the
complexity, a simplified version is proposed as the top-push distance metric learn-
ing [47]. Since re-identification is a problem of ranking, it is desired that the rank-1
descriptor should be the right match. Given a Mahalanobis matrix M, for samples

x;,t = 1,2,3,--- ,n, where n is the number of all the samples, the requirement
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is that the maximum distance among all positive pairs should be at least one unit

smaller than the minimum distance of all negative pairs. This can be denoted as
D(z;, ;) + p < min D(x;, Tk), Yi = Yj. Yi # Yk, (4.37)

where p is a slack variable and p € [0, 1]. This equation can be transformed into an

optimization problem as

min Z max{D(x;, x;) — min D(x;, ;) + p,0}. (4.38)
f— YiF Yk

However, the equation above only penalizes the minimum interclass distance. An-
other term is needed to penalize large intraclass distance. That is, the sum of intra-

class distance should be as small as possible. This term is denoted as
min Z D(x;, x;). (4.39)

To combine the equations above, a ratio factor « is assigned to Equation (4.38)

and (4.39) so that the target function can be denoted as

fIM)=(1—a) Y D(zz)+

TirZ5,Yi=Y;j

« Z max{D(xz;, x;) — min D(x;, x;) + p,0}.

YiF Yk

(4.40)
Ti,Tj5,Yi=Yj

In this way, the problem is transformed to an optimization problem. Notice that

Equation 4.32 can be denoted as
D(z,y) = (x—y) " M(z —y) = trace(M X, ;), (4.41)

where X; ; = x; * mJT and trace is to compute the matrix trace. Therefore, Equation

4.40 can be transformed as follows:

f(M)=(1-a) Z trace(M X, ;)

Yi=Yj

+a Z max{trace(M X, ;) — trace(M X, ) + p,0}.
Yi=Y; YiFYk

(4.42)
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To minimize Equation 4.42, the gradient descent method is used. The gradient

respect to M is computed as

0
G — a_]\.]; — (1 _ Oé) Z Xi,j + « Z (Xi,j - Xz,k) (443)
Yi=Y;

Yi=Yj YiFYk
The iteration process can be summarized in Table 4.1. In each iteration, to make
sure the updated M is an SPD matrix, first a eigenvalue decomposition is performed
on M, and we have

M =VAV", (4.44)

Here A is a diagonal matrix, and its diagonal elements are eigenvalues. Then the
negative eigenvalues in V' are removed, and the corresponding eigenvectors in V' are
also removed. Then M is restored by Equation (4.44).

TABLE 4.1: Optimization algorithm of Mahalanobis distance matrix
learning

Gradient optimization algorithm for target function

Input Descriptors of training person pairs

Output An SPD matrix

Initialization

Initialize M, with eye matrix I;

Compute the initial target function value f, with M;

Iteration count ¢ = 0;

while(not converge)
Update t =t + 1;
Find x,, for all sample points x;, where y; # y;
Update gradient G';; with Equation 12;
Update M with equation : M1 = M; — \GY;
Project M, to the positive semi-positive definite space;
Update the target value f|ar=ns,, .3

end while

return M
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Chapter 5

Experiment settings

In this chapter, we evaluate the performance of our proposed metric and compare it
with XQDA and NFST. We apply the proposed metric that is based on the KLFDA
and gradient descent method to the GOG descriptor by a few steps. First, due to the
high dimension of extracted GOG descriptors, KLFDA is applied to GOG descriptor
to reduce the dimension to C' — 1, where C' is the number of person pairs in the
training dataset. A transformation matrix 7" is generated in the dimension reduction.
Second, with the dimension-reduced descriptors, a (C' — 1) x (C' — 1)-dimensional
SPD matrix M is trained based on the relative distance comparison, which restricts
that the maximum intraclass distance is at least one unit smaller than the minimum
interclass distance. The gradient descent method is used to optimize this problem by
minimizing the target function denoted by the Equation 4.42 in Chapter 4. At last,
the matrix T is used to reduce the dimension of testing data to (C' — 1)-dimensional
vectors. With the trained SPD matrix M, we compute the similarity scores and
CMCs of the testing data.

The XQDA and NFST are two metrics used to compare with our proposed metric
in this thesis. A brief introduction of these two metrics is given in Chapter 2. These
two metrics are chosen because they outperform most of the other previous metrics.
The detailed comparison can be found in [25] and [48]. Also, in this thesis, XQDA
and NFST are tested with the GOG descriptor to reduce possible errors that may be

caused by using different descriptors.
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5.1 Datasets and evaluation settings

VIPeR dataset is the most widely used dataset in person re-identification. In this
dataset, there are 632 different individuals, and for each person, there are two out-
door images from different viewpoints. All the images are scaled into 48 x 128. In
this experiment, we randomly select 316 individuals from cam A and cam B as the
training set. The rest of the images in cam A are used as probe images, and those in
cam B are used as gallery images. This process is repeated 10 times to reduce error.
CUHKT1 dataset contains 971 identities from two disjointed camera views. The cam-
eras are static in each view, and images are listed in the same order. For each indi-
vidual, there are two images in each view. All images are scaled into 60 x 160. In
this paper, we randomly select 485 image pairs as training data, and the remaining

pairs are used for test data.

Prid_2011 dataset consists of images extracted from multiple person trajectories
recorded from two different, static surveillance cameras. Images from these cam-
eras contain a viewpoint change and a stark difference in illumination, background
and camera characteristics. Camera view A shows 385 persons, and camera view
B shows 749 persons. The first 200 persons appear in both camera views. The re-
maining persons in each camera view complete the set of the corresponding view. In
this paper, we randomly select 100 persons that appeared in both camera views as
training pairs, and the remaining 100 persons of the 200 person pairs from camera A
are used as the probe set while the 649 remaining persons from camera B are used
for the gallery set.

Prid_450s dataset contains 450 image pairs recorded from two different, static surveil-
lance cameras. Additionally, the dataset also provides an automatically generated,
motion-based foreground/background segmentation as well as a manual segmenta-
tion of parts of a person. The images are stored in two folders that represent the two

camera views. Besides the original images, the folders also contain binary masks
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obtained from motion segmentation, and manually segmented masks. In this test, we
randomly select 225 persons from each of two camera views as the training set, and

the remaining persons are left as the gallery and probe images.

FIGURE 5.2: Pedestrians in prid_450s dataset

GRID has two camera views. The probe folder contains 250 probe images captured
in one view (file names starts from 0001 to 0250). The gallery folder contains 250
true match images of the probes (file names starts from 0001 to 0250). Furthermore,
in the gallery folder, there are a total of 775 additional images that do not belong
to any of the probes (file name starts with 0000). These extra images should be
treated as a fixed portion in the testing set during cross validation. In this paper, we
randomly select 125 persons from those 250 persons who appeared in both camera
views as training pairs, and the remaining persons in the probe folder are used as
probe images while the remaining 125 persons and those 775 additional persons from
the gallery folder are used as gallery images. A brief summarization of test settings

of all those datasets mentioned is listed in Table 5.1.

FIGURE 5.3: Pedestrians in GRID dataset
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TABLE 5.1: Testing setting for different datasets

Dataset training | probe | gallery | cam_a | cam_b
VIPeR 316 316 316 632 632
CUHKI1 485 486 486 971 971
Prid_2011 100 100 649 385 749
Prid_450s 225 225 225 450 450
GRID 125 125 900 250 1025

TABLE 5.2: Original image size of pedestrians from different datasets

Datasets VIPeR | CUHK1 | Prid_2011 | Prid_450s | GRID
Image size | 48%128 | 60*160 64*128 variant | variant

5.2 The influence of mean removal and L, normaliza-
tion

In [25], mean removal and L, normalization is found to improve performance by
5.1%. The reason for this is that mean removal and normalization can reduce the
impact of extremas of descriptors. When testing proposed metric learning, we find
that mean removal can slightly improve performance. A comparison between perfor-
mances of original descriptors and preprocessed descriptors is shown in Tables 5.3,
5.4,5.5,5.6 and 5.7, and all those datasets are tested by proposed metric. The origi-
nal GOG means no mean removal and normalization. It shows that the mean removal
and normalization has a slight improvement of around 0.5% on the performance on
all five datasets. Since preprocessing is required to test XQDA, the mean removal

and normalization are applied on descriptors in this experiment.
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TABLE 5.3: The influence of data preprocessing on VIPeR

Re-1D matching accuracy at rank R(%)

Terms R=1 | R=5 | R=10 | R=15 | R=20
Original GOG 43.01 | 74.91 | 84.87 | 89.81 | 93.32
Preprocessed GOGqy, 43.77 | 74.84 | 85.25 | 90.32 | 93.89
Original GOGgygion 48.77 | 77.47 | 87.41 | 91.52 | 94.27
Preprocessed GOGyygion | 48.32 | 76.90 | 87.78 | 91.93 | 94.49

TABLE 5.4: The influence of data preprocessing on CUHK1

Re-ID matching accuracy at rank R(%)

Terms R=1 | R=5 | R=10 | R=15 | R=20
Original GOGg 56.11 | 83.77 | 90.10 | 92.65 | 94.28
Preprocessed GOGigp, 5591 | 84.24 | 90.41 | 93.15 | 94.67
Original GOGgysjon 57.10 | 84.65 | 90.35 | 92.88 | 94.65
Preprocessed GOGyygion | 56.67 | 84.49 | 90.51 | 93.31 | 94.84

TABLE 5.5: The influence of data preprocessing on prid_2011

Re-ID matching accuracy at rank R(%)

Terms R=1 | R=5 | R=10 | R=15 | R=20
Original GOGg, 24.80 | 52.10 | 63.20 | 69.90 | 72.90
Preprocessed GOGqy, 23.80 | 52.20 | 63.50 | 70.20 | 73.50
Original GOGgygion 32.20 | 56.60 | 67.00 | 73.10 | 77.70
Preprocessed GOGyygion | 32.30 | 57.40 | 66.30 | 73.40 | 78.00

TABLE 5.6: The influence of data preprocessing on prid_450s

Re-ID matching accuracy at rank R(%)

Terms R=1 | R=5 | R=10 | R=15 | R=20
Original GOGg, 60.93 | 84.31 | 91.29 | 94.00 | 96.18
Preprocessed GOGgy, 60.71 | 84.53 | 91.29 | 94.13 | 96.27
Original GOGgysion 63.07 | 86.67 | 92.53 | 95.20 | 96.98
Preprocessed GOGgysion | 62.80 | 86.58 | 92.36 | 95.29 | 96.89
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TABLE 5.7: The influence of data preprocessing on GRID

Re-1D matching accuracy at rank R(%)

Terms R=1 | R=5 | R=10 | R=15 | R=20
Original GOGg, 2296 | 41.92 | 51.68 | 58.72 | 64.64
Preprocessed GOGqy, 22.64 | 43.68 | 52.00 | 59.04 | 65.04
Original GOGgygion 24.32 | 44.56 | 54.80 | 62.40 | 66.64
Preprocessed GOGyygion | 23.92 | 44.64 | 54.88 | 62.32 | 66.40

5.3 Parameters setting

In this experiment, there are a few parameters for the iteration computing, including
slack variable p, maximal iteration 7', gradient step A, the interclass and intraclass
limitation factor v and the updating ratio /3. First, the slack variable p is initialized
as 1 to ensure the minimum interclass distance is 1 larger than intraclass distance at
least. The step size of gradient updating A is initialized as 0.01. When target value f
increases, A is scaled by a factor of 0.5, and X is scaled by 1.01 when target value f
decreases. To judge if target value converges, the threshold [ is defined as the ratio
target value change versus previous target value, that is, 5 = (f”}—;ft) According to
many experiment trials, when it satisfies 3 = 1075, the target value converges and
the iteration is stopped. The maximal iteration times ? is set to 100 since the target
value f will converge in around 15 iterations. The last parameter for the iteration
is . To know the best value for «, we tried 11 different values ranges from O to
1 with a step of 0.1. We found that the rank 1 and rank 5 scores reach maxima at
interval [0.7,0.8], as shown in 5.4 and 5.5. Then another ten trials were performed
with alpha ranging from [0.7, 0.8] with a step of 0.01. The best « value should have

largest top-ranking scores possible. According to Figure 5.4 and 5.5, « is set to be

0.76. A form of all parameters is shown in Table 5.8.
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FIGURE 5.4: Rank 1 scores with respect to o on VIPeR
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FIGURE 5.5: Rank 5 scores with respect to o on VIPeR

TABLE 5.8: Parameters setting

Paramters | « 15}

A

t

Values 0.76 | 107°

0.01

100

Performance measuring The cumulative matching curve is used to measure the

descriptor performance. The score means the probability that the right match is

within the top n samples. A better CMC is expected to have a high rank-1 value

and reaches 1 as fast as possible.



Chapter 5. Experiment settings 59

5.4 Results and experiment analysis

In this paper, we compare proposed metric with other state-of-the-art metrics includ-
ing NFST [48] and XQDA [22]. NFST is a metric which enables us to learn a null
space for descriptors so that the the same class descriptors will be projected to a sin-
gle point to minimize within-class scatter matrix while different classes are projected
to different points. This metric is a good solution to small sample problems in person
re-identification. XQDA is quite similar to many other metrics, which learns a pro-
jection matrix W, and then a Mahalanobis SPD matrix M is learned in the subspace.
These two metrics are proven to have state-of-the-art performance with many other
methods. The GOGy, in all forms stands for the hierarchical Gaussian descriptor
in RGB color space, while GOGygy;o, stands for the descriptor concatenated by four
different color spaces {RGB, Lab, HSV, nRnG}.

VIPeR A comparison form is given in Table 3. Some of recent results are also
included in this form. We can find that the rank scores are better than those of NFST
and XQDA in terms of both GOG,y, and GOGgyion. More specifically, the rank 1,
rank 5, rank 10, rank 15 and rank 20 scores of proposed metric learning are 0.76%,
0.92%, 1.39%, 1.08%, 1.52% higher than those of GOG,y, + XQDA. The rank 1,
rank 5, rank 10, rank 15 and rank 20 GOGgyg,, Scores of proposed metric learning
are 0.35%, -0.54%, 0.98%, 0.66%, 0.79% higher than GOGggon + XQDA respec-
tively. Also, we can see that proposed metric learning has a better performance than

NFST.

TABLE 5.9: Performance of different metrics on VIPeR

Re-ID matching accuracy at rank R(%)
Methods R=1 | R=5 | R=10 | R=15 | R=20
GOGi+NFST 43.23 | 73.16 | 83.64 | 89.59 | 92.88
GOG,g+XQDA 43.01 | 73.92 | 83.86 | 89.24 | 92.37
GOG g, +Proposed | 43.77 | 74.84 | 85.25 | 90.32 | 93.89
GOGgy5ion+NFST 47.15 | 76.39 | 87.31 | 91.74 | 94.49
GOGgysion+XQDA 4797 | 77.44 | 86.80 | 91.27 | 93.70
GOGgysion+Proposed | 48.32 | 76.90 | 87.78 | 91.93 | 94.49

CUHK1 We can find that the rank 1, rank 5, rank 10, rank 15 and rank 20 scores
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of GOGy,, combined with proposed metric are 5.4%, 4.18%, 3.31%, 2.16% and
1.46% higher than XQDA, and 0.31%, 1.22%, 1.34%, 1.17% and 1.11% higher than
NFEST. Also, the rank 1, rank 5, rank 10, rank 15 and rank 20 scores of GOGgygion
combined with the proposed metric are 4.57%, 2.64%, 0.70%, 1.33% and 0.83%
higher than GOGgyo, combined with XQDA, and 0.41%, 0.83%, 0.88%, 1.09% and
1.14% than GOGgy, combined with NFST.

CMC of GOGfusion with different metrics on VIPeR
T

Cumulative Matching Rate(%)
T

——GOGfusion+XQDA | |
GOGfusion+NFST

50 — —— GOGfusion+Proposed |
| T I
16 18

10
Rank

FIGURE 5.6: CMCs on VIPeR comparing different metric learning

TABLE 5.10: Performance of different metrics on CUHK 1

Re-ID matching accuracy at rank R(%)
Methods 1 5 10 15 20

GOGi+NFST 55.60 | 83.02 | 89.07 | 91.98 | 93.56
GOG,+XQDA 50.51 | 80.06 | 87.10 | 90.99 | 93.21
GOG g +Proposed | 55.91 | 84.24 | 90.41 | 93.15 | 94.67
GOGgysion+NFST 56.26 | 83.66 | 89.63 | 92.22 | 93.70
GOGgysi0n+XQDA 52.10 | 81.85 | 88.81 | 91.98 | 94.01
GOGgysion+Proposed | 56.67 | 84.49 | 90.51 | 93.31 | 94.84
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CMC of GOGfusion with different metrics on CUHK1
T T T

Cumulative Matching Rate(%)
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T T
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FIGURE 5.7: CMCs on CUHK1 comparing different metric learning

TABLE 5.11: Performance of different metrics on prid_2011

Re-ID matching accuracy at rank R(%)
Methods R=1 | R=5 | R=10 | R=15 | R=20
GOG.+NFST 26.60 | 53.80 | 62.90 | 71.30 | 75.40
GOG»+XQDA 31.10 | 55.70 | 66.10 | 72.40 | 76.10
GOG;,,+Proposed 23.80 | 52.20 | 63.50 | 70.20 | 73.50
GOG#ysion+NFST 34.10 | 58.30 | 67.60 | 73.80 | 78.30
GOGyysi0n+XQDA 38.40 | 61.30 | 70.80 | 75.60 | 79.30
GOGgysion+Proposed | 32.30 | 57.40 | 66.30 | 73.40 | 78.00

Prid_2011 The rank 1, rank 5, rank 10, rank 15 and rank 20 scores of GOGyysion
combined with proposed metric are 6.1%, 3.9%, 4.5%, 2.2% and 1.3% lower than
GOGg#ysion combined with XQDA. The performance of NFST is slightly better than
proposed metric. Also, in terms of GOG,, XQDA and NFST have better perfor-
mance than the proposed one. So in this dataset, the proposed metric has worse

performance than XQDA and NFST.
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CMC of GOGfusion with different metrics on prid_2011
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FIGURE 5.8: CMCs on prid_2011 comparing different metric learn-
ing

TABLE 5.12: Performance of different metrics on prid_450s

Re-ID matching accuracy at rank R(%)
Methods R=1 | R=5 | R=10 | R=15 | R=20
GOGi+NFST 61.96 | 84.98 | 90.53 | 94.09 | 96.09
GOG,+XQDA 65.29 | 85.02 | 91.13 | 94.76 | 96.49
GOG g +Proposed | 60.71 | 84.53 | 91.29 | 94.13 | 96.27
GOGg#ysion+NFST 64.53 | 86.62 | 92.93 | 95.78 | 97.42
GOG#ysion+XQDA 68.40 | 87.42 | 93.47 | 95.69 | 97.02
GOGgysion+Proposed | 62.80 | 86.58 | 92.36 | 95.29 | 96.89

Prid_450s In this dataset, we can find that the rank 1 score of XQDA and NFST
is higher than the proposed metric, but those three metrics have almost the same rank

5, rank 10, rank 15, and rank 20 scores with respect to both kinds of descriptors.
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CMC of GOGfusion with different metrics on prid_450s
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FIGURE 5.9: CMCs on prid_450s comparing different metric learn-
ing

TABLE 5.13: Performance of different metrics on GRID

Re-ID matching accuracy at rank R(%)
Methods R=1 | R=5 | R=10 | R=15 | R=20
GOGi+NFST 21.84 | 41.28 | 50.96 | 57.44 | 62.88
GOG+XQDA 22.64 | 43.92 | 55.12 | 61.12 | 66.56
GOG;,,+Proposed 22.64 | 43.68 | 52.00 | 59.04 | 65.04
GOGgy5ion+NFST 23.04 | 44.40 | 54.40 | 61.84 | 66.56
GOG#ysion+XQDA 23.68 | 47.28 | 58.40 | 65.84 | 69.68
GOGgysion+Proposed | 23.92 | 44.64 | 54.88 | 62.32 | 66.40

CMC of GOGfusion with different metrics on GRID
T T T

Cumulative Matching Rate(%)

— GOGfusion+XQDA

GOGfusion+NFST

—— GOGfusion+Proposed
| T T
16 18

10
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FIGURE 5.10: CMCs on GRID comparing different metric learning
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GRID We can see that the rank 1 score of proposed metric is 0.24% higher than
XQDA and 0.88% higher than NFST in terms of GOGgygon, but XQDA outperforms
proposed metric on rank 5, rank 10, rank 15 and rank 20 scores. Besides, proposed
metric outperforms NFST on rank 5, rank 10 and rank 15 scores.

In summary, our proposed metric improved the Re-ID accuracy in VIPeR and
CUHKI1 datasets, and has almost the same performance with NFST and XQDA in
the prid_450s dataset. Specifically, the proposed metric learning has the best rank 1
score in the GRID dataset and its performance is only second to XQDA. The pro-
posed metric has superior performance for the following reasons: (1) dimension
reduction by KLFDA exploits the nonlinearity, and the loss of discriminant infor-
mation between classes is minimized; (2) the simplified relative distance limitation
optimization helps to confine the Mahalanobis distance matrix M to discriminate

different classes.

5.5 Comparison with other methods

As mentioned in Chapter 2.4, in [25], GOG + XQDA outperforms many other com-
binations, including Metric ensemble [32], SCNCD [46], Semantic method [37], etc.
In [48], LOMO + NFST outperforms metrics including LMNN [41], KCCA [42],
ITML [13], KLFDA [38], MFA [44], KISSME [20], Similarity learning [9], SCNCD
[46], Mid-level filters [50] and Improved deep learning [14]. Based on the result that
XQDA and NFST outperform other metrics, and the proposed method in this thesis
has better or the same performance with XQDA and NFST. It can be concluded that
the proposed method outperforms those other methods in [25] and [48].

5.6 The Image size and time cost

The image size of different datasets are different. A brief introduction of image size
of those datasets used is given in Table 5.2. All those images have already been
well cropped which only contain the area inside the person bounding box. Before
extracting descriptors, all those images must be resized to 48%128.

The training time increases when the dataset size increases. For the CUHKI1

dataset which has most training pairs, it takes half an hour to train the metric on a
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desktop PC with a 16GB RAM, Intel i5 processor. For datasets with fewer training
pairs like Prid_2011 and GRID, it takes no more than five minutes.

With resized images, the Re-ID can be performed in real-time on the same PC.
Compared with XQDA and NFST, this method requires extra time to train the metric.
However, after training the Re-ID can be performed instantaneously upon the new
pedestrian is inputted. The accuracy of proposed method is at least the same or better

than XQDA and NFST on tested datasets.
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Chapter 6

Conclusion

In this thesis, first some variants of hierarchical Gaussian descriptor has been tested.
Three kinds variants are proposed by changing the basic pixel feature vector, chang-
ing the way to construct small patches by using superpixel segmentation and replac-
ing the single Gaussian model with Gaussian mixture model. However, those three
variants have worse performance than the original version of hierarchical Gaussian
descriptor. Therefore, the original version is used in this thesis. The original ver-
sion of hierarchical Gaussian descriptor characterizes the pixel by the pixel’s vertical
coordinate, texture and color. Then a hierarchical structure is created by modelling
from pixels to patches and from patches to regions. The final dimension of this de-
scriptor is 1 * 27622.

Furthermore, KLFDA was used to reduce the dimension of the hierarchical Gaus-
sian descriptors, and gradient descent method was used to learn a Mahalanobis dis-
tance metric on the lower-dimensional space. By comparison, we found that the
proposed metric has better performance than NFST and XQDA on the VIPeR and
CUHKI1 datasets, but XQDA and NFST outperformed the proposed metric learning
on the Prid_2011 and Prid_450s. We also found that the proposed metric learning
had better rank 1 score than NFST, and its performance was only second to XQDA
on the GRID dataset.

6.1 Contributions

There are three contributions in this thesis. (1) The metric learning on the dimension-
reduced hierarchical Gaussian descriptor by KLLFDA is studied. KLFDA is used to
reduce dimension in this thesis, and the gradient descent method optimizes a Maha-

lanobis distance metric on the lower-dimensional space. In this thesis it has been
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demonstrated that extra improvement can be achieved by metric learning in this
lower-dimensional space. (2) By experiment it is concluded that imperfect fore-
ground segmentation improves performance of histogram-based descriptors but de-
creases performance of texture-based descriptors, which is caused by the imperfect
segmentation on single-image-based foreground segmentation. (3) Some variants of
the hierarchical Gaussian descriptor have been tested. LBP and superpixel segmen-
tation were combined with the hierarchical Gaussian descriptor, but those variants

had worse performance than the original hierarchical Gaussian descriptor.

6.2 Future work

6.2.1 Improve the hierarchical Gaussian descriptor

It has been demonstrated that in the basic pixel feature f;, the color components are
more important than the y coordinate and gradient components. LBP has been proven
to be a worse choice for texture representation in f;. Therefore, one strategy to
improve the hierarchical Gaussian descriptor is to find a better texture representation

to replace gradient components in basic pixel feature.

6.2.2 Improve foreground segmentation algorithm

The imperfect foreground segmentation decreases the performance of textural fea-
tures. One solution is to improve the method of modelling the foreground of a single
image. Another solution is to segment the foreground based on a sequence of im-
ages or a video. Video-based foreground segmentation can get better results. If the
foreground can be well modelled by a video or a sequence of images so that less
textural noise is created, the segmentation might improve the hierarchical Gaussian

descriptor’s performance.

6.2.3 Decrease the computational cost of gradient descent method

It is important to reduce the computational cost of the gradient descent method. It
takes an average of about average 15 iterations when training the Mahalanobis dis-
tance matrix. The training time for a larger dataset, like the CUHKI1 dataset, takes

up to one hour on a computer with a 16GB RAM, Intel 15 processor. Therefore,
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other variants of gradient the descent method, like stochastic gradient method and

conjugate gradient method, may be tested for lower computational cost.
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