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Abstract

Matching people across camera views at different siteswknas human re-

identification, is challenging and valuable for both acadeand industry. To

date, attempts to address this issue have involved featpresentation and/or
dissimilarity measurement. Although several improveraéwive been achieved,
the problem is still far from being solved because of the-vealld complexities.

These complexities involve large within-class variatiahge to the changeable
body appearance and environment and small between-cliseedces arising

from the similar body shape and clothing style.

In the literature, there are many works focusing on featemrasentation.
However, to build an accurate correspondence betweenyhvghiable elements
(sample points or sample sets) of human image data in theréegpace, a re-
liable dissimilarity measurement is indispensable. Catweeal dissimilarity di-
rectly describes how far apart the concerned pair of elesrtéely are. Although
this kind of dissimilarity has been generalized in a var@tyvays in the subse-
quent development, still it solely relies on the pair of mead elements without
considering the neighborhood information. And for re-itfgcation, this kind
of dissimilarity measurement seems to confront a dilemmedigoriminate the
isolated elements that have large within-class variateorssmall between-class
differences.

In the thesis, we reformulate re-identification as the probbf finding the cor-
rect matches between the elements from the query side amdtifi® corpus side
based on a reliable dissimilarity measure. Motivated byidea to deliver the ef-
fectiveness of those well-distributed elements to thosiybadistributed elements
in a metric space, we creatively propose to quantify thel loegyhborhood struc-
ture of the pair of elements in each other’s neighborhoatttires into the dis-
similarity, as a new trial to enrich the conventional dist&notion by considering
the neighborhood information. Here, neighborhood stmeasidefined as the lay-
out relationship between the concerned element and ithberg in the given met-



ric space. The property of this dissimilarity can be compreted by the insight
of measuring the quantity of common nearness for the paiteshents in each
other’s neighborhood structure, which we refer to as “commear-neighbor in-
formation”. To analyze the common-near-neighbor infoiorgta discriminative
metric space is indispensable. Such metric space can bewctesl and improved
in consideration of intra-class compactness as well as-aléss separation.

Revolving around the philosophy of exploiting the comma@amnneighbor in-
formation in a discriminative metric space, we have presgmairious approaches
for the re-identification problem in both single-shot andltiple-shot direction-
s. Single-shot and multiple-shot cases have differeneprésites and evaluation
principles. For the single-shot case, we need to match eaety goint to each
corpus point one after another, while for the multiple-staste, we are able to si-
multaneously decide the matching between the whole seterfyquoints and the
whole set of corpus points. Single-shot and multiple-skatientification cases
own distinct resources and challenges. Itis these resparmchallenges that ne-
cessitate the divide-and-solve strategy for exploitirgg¢bmmon-near-neighbor
information. For instance, the point based distance seeons manageable, due
to the relatively simple information for each identity ireteingle-shot case, than
the set based distance that is affected by the local withingriations in the
multiple-shot case, while adequacy of the within-set dstion information en-
hances the reliability of the set based distance in the pleishot case instead.

In greater details, against the single-shot re-identiicatase, not only has the
capability of point-level common-near-neighbor inforioatfor classifying the
complex human image data been confirmed, but also the immuarta the metric
space where the point-level common-near-neighbor infaomas exploited has
been studied, as elaborated in Chapter 2. Indeed, by makiragdlass distances
smaller than inter-class distances between sample paiststable learned Maha-
lanobis metric space can benefit modeling the point-levelrnon-near-neighbor
information into the dissimilarity. During the specific gla-shot vs. single-shot
re-identification procedure, to compensate for the ingefiicy of the within-class
distribution information, we further explore the strergytled metric space by t-
wo approaches for the subsequent point-level common+maghbor information
exploitation, as expounded in Chapter 3. The first approadples two comple-
mentary metric learning schemes together, and the secqrdagh incorporates
the constraints of point-level common-near-neighbor nindelissimilarity com-
parison into the metric learning framework.

To resolve the multiple-shot re-identification problem,iatuitive idea is to
exploit the set-level common-near-neighbor informatioy treating each set of



points as a whole, without ignorance of the set based inyegnid within-set dis-
tribution, as suggested in chapter 4. For effectively meaguhis dissimilarity,
the metric spaces are selectively constructed by two kihdspryesentative fea-
tures. One feature addresses condensing the sets int@tleseatative imaginary
points based on covariance descriptors in the Riemannauesf he other feature
emphasizes compacting human image sets to depress theroaitid intruders
by collaborative representation in the Hilbert space. Todiscriminative, these
feature spaces are expensive in fact. Representative@ogaidescriptor requires
adequate and typical within-set images. Discriminatoflaborative representa-
tion requires diverse and labeled dictionary data. We exjzeavoid these ex-
pensive requirements for the single-set vs. single-set, @axl designs a method
based on mining the locality information, as detailed in @ka5. In this method,
a capable set-to-set distance is crafted by encoding tta fomority distribu-
tion information between paired sets, and upon this digtaac effective metric
field space is constructed to accommodate the local vamiafi@ach set, before
the set-level common-near-neighbor modeling dissintylas measured among
all sets.

In addition to theoretic analysis, experimentation acsmgral widely-used
benchmark datasets for real-scenario human re-idenitficdtas demonstrated
not only the philosophical value but also the methodoldgsegeriority in the
thesis. Future work will cover, but not limited to, develognew models based on
this philosophy and applying re-identification to impraycross-camera tracking.
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Chapter 1

Introduction

1.1 What Is Human Re-identification?

1.1.1 Issue Description

Matching people across camera views at different siteswknas human re-
identification, is challenging and valuable for both aca@deamd industry. This
visual surveillance issue can help determine the reappeaiaf the person of in-
terest who has been observed in the camera network in puategq such as the
shopping mall, hospital, airport, and so forth [14]. Howevke issue itself is d-
ifficult due to the real-world complexities, including pogariations, illumination
changes, viewpoint alterations, occlusions, and possibiylar body shapes and
clothing styles, as shown in Figure 1.1.

In this thesis, we divide the issue into two directions: &rghot re-identification
and multiple-shot re-identification, according to diffiergrerequisites and dis-
parate evaluation principles. For the single-shot caseneexl to match each
query point to each corpus point one after another, whiletHermultiple-shot
case, we are able to simultaneously match between the wioté query points
and the whole set of corpus points.

These two directions have different resources and chadkettggaddress, which
originates from their distinct preconditions and propestiand it is these differ-
ences that necessitates the divide-and-conquer straltésgally, it is unwise to
apply single-shot orientated solutions to the multipletstase. Although a set of
images can, seemingly, be split into a multitude of singlages, this brute-force
treatment will break the system integrity. Similarly, italso impossible to apply
multiple-shot orientated solutions to the single-shoechgcause the single-shot
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Figure 1.1: Some real scenarios for human re-identification

case cannot satisfy the premise of these solutions.

In this thesis, human re-identification is defined as a matchroblem, which
aims at building correspondences between human imagesreddgtom differ-
ent cameras, as shown in Figure 1.2. The people in one carsaedlyuhave
their corresponding matches in the other camera, and tbisngrtruth assumes
the nonoccurrence of turn-back cases. In the single-shiolerdification case,
in the corpus side, there is one image per person, while imtieey side, there
are at least one images for each person in ground truth, ththeir labels are
unknown. In evaluation, we need to match the query image granb onto the
corpus side. The multiple-shot re-identification casensilar to the single-shot
situation, except that for each person, there are a set @famsharing the same
unknown label. and thereby we can match the whole query sdbpone onto the
corpus side. Comparatively, set images provide more resswas well as more
challenges for the multiple-shot case than the single-clmsx.

More concretely, in the single-shot direction, we studyhldbe general single-
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Figure 1.2: lllustration of matching human images betweearg and corpus
sides.

shot and the specific single-shot vs. single-shot situatidn the multiple-shot
direction, we study both the general multiple-shot and fhecHic single-set vs.
single-set situations. In the direction of single-shoidentification, for each per-
son, there is only one image on the corpus side, but possitg than one images
on the query side. Single-shot vs. single-shot re-ideatifit is a specific case
in the single-shot re-identification, because it is knowfolehand there is only
one image for each person on the query side. In the direcfionuttiple-shot

re-identification, for each person, there are a set of imageke corpus side, but
possibly more than one image sets on the query side. Sieghess single-set
re-identification is a specific case in the multiple-shoidentification, because it
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is known in advance there is only one image set for each persdime query side.

In both single-shot and multiple-shot directions, duringtohing, we let those
other unlabeled but available images or image sets in they gige to participate
in the matching process, because these images can provdd®aal useful in-
formation representative of the neighborhood for corpameints (sample points
or sample sets). Specifically, in the single-shot re-idieation direction, we also
can prepare some images that are collected beforehandgbthdavithin-camera
variation and between-camera transfer, in terms of trgiaimetric to improve the
relationship of intra- and inter-class distances. Thesaitig data are from the
same camera pair, but belonging to different identities ttese in the testing
stage. Such aspect clearly distinguishes the metric legufoir re-identification
from the conventional classification training-testingestie, in which training and
testing images come from the same identity in ground truth.

1.2 Background and Related Work

1.2.1 Background

Solutions for the issue of human re-identification chieflyoines two categories:
feature representation and dissimilarity measuremeituFerepresentation projects
the human image data into a metric space for distance measnteand dissim-
ilarity measurement discriminates the human image datadbas feature repre-
sentation. Both of them are important for the issue

Many publications mushroom every year, and we sketch sontieeofepre-
sentative ones hereby. For feature representation, ELEefRble of Localized
Features) [16] uses the the ensemble of localized feataresdwpoint invariant
pedestrian recognition. HPE (Histogram Plus Epitome) [28lises on general
chromatic content and recurrent local patches to extraatdimplementary global
and local features of human appearance. PCS (Part-basgingl8egmentation)
[45] separately segments a person into upper and loweliegptegions, taking in-
to account the person body pose, for re-identification. SBARymmetry-Driven
Accumulation of Local Features) [11] accumulates threesypf local features,
namely weighted color histogram, maximally stable colgioas, and recurren-
t high-structured patches, regarding the symmetric anchasstric property of
body structure. GCC (Global Color Context) [4] combinesgpatial distribution-
s of self-similarities with respect to color words to chaeaize the appearance of
pedestrians. MCTCS (Matching Compositional Template Wiister Sampling)



Background and Related Work 5

[52] constructs a simple yet expressive template from a é&darence images of a
certain individual, which represents the body as an adted assembly of com-
positional and alternative parts, and then presents actiefianatching algorithm
within a candidacy graph. CSPR (Color-Spatial Person Ratification) [38]
involves segmentation of silhouettes into meaningfulaoagj which are close to
human visual categorization of colorful clothes, beforgamting the spatial fea-
tures. MRCG (Mean Riemannian Covariance Grid) [40] extracivariance de-
scriptors and discriminants to capture the textual infdromawithin grid based
local patches of a human body. TPCR (Third-Party CollalhozaRepresenta-
tion) [49] resorts to the third-party data as the dictionanyd concatenates the
reconstructed coefficients from collaborative repregemdor each sample into
a kind of capable relative feature based on this diction®RBPR (Reference-
Based Person Re-ldentification) [1] generates the referdascriptors based on
projected features in a common subspace where their cborelia maximized
using Regularized Canonical Correlation Analysis. LDF¥¢hI Descriptors en-
coded by Fisher Vectors) [31] encodes local descriptocshigher Vectors before
being pooled to produce a global representation of the imBig&ov (Biological-
ly Inspired Features and Covariance Descriptors) [32gsetin the combination
of biologically inspired features and covariance desorgt CIPR (Color Invari-
ants for Person Reidentification) [25] uses shape contesdrieors to represent
the intradistribution structure for re-identification. SCSemantic Color Names)
[24] applies semantic color names to describe a person inaagecomputes the
probability distribution upon those basic color terms aage descriptors, which
are then combined with other widely-used features. USL (igesvised Salien-
cy Learning) exploits the human salience information in asupervised manner,
and incorporate this information into patch matching [56].

For dissimilarity measurement, LMNN (Large Margin Neardsighbor) [8,
46] learns a metric by maximizing the margin to distinguise human image
samples from different classes. SML (Smooth Metric Leaghifd4] replaces
the hinge loss function with the logistic loss function topirove LMNN, and
thereafter designs a stochastic sampling scheme to aatelle optimization.
RDC (Relative Distance Comparison) [59, 58] maximizes tkelihood that a
pair of true identity matches will have a smaller distancantla wrong match
pair for more tolerance of appearance changes and lesspsibditg to model
over-fitting. RankSVM [36] translates the re-identificatiproblem from one of
absolute scoring to one of relative ranking, and learns aicsgiace in which the
highest ranking pair, rather than the closest by direcadist measure, is treat-
ed as a potential match. JSKML (Jensen-Shannon Kernel datarning) [20]
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learns nonlinear distance metrics between color histogtaravoid the naive col-
or histogram matching during re-identification. RPLM (Reld Pairwise Learned
Metric) [18] introduces a more efficient but still effectineetric learning approach
by relaxing the constraints to reduce the computationalptexity for practical
re-identification in large scale scenarios. IML (Impodbased Metric Learning)
[17] targets the computational cost problem by searchimgflinear projection
that keeps similar pairs together and pushes impostors &MRR (Optimizing
Mean Reciprocal Ranking) [51] optimizes the list-wise nagkthrough design of
the loss function of MLR (Metric Learning to Rank) [33] to fhe practical re-
identification performance expectation. RSML (Robust &trtal Metric Learn-
ing) [53] aims to learn an optimal distance metric by appipine loss function at
the level of rankings, and realizes robustness to noisynmétion of the extracted
features by promoting both input and output sparsity. SBB& Based Discrimi-
native Ranking [50] iteratively constructs convex hullsget-to-set distance mea-
surements and optimizes the metric for ranking the intesshuman image set
pair before the inter-class ones relying on these measutsmelSSME (Keep It
Simple and Straightforward MEtric) [23] adopts an effeetand efficient strategy
to learn the distance metric based on equivalence contstfanm a statistical in-
ference perspective. RSKISS (Regularized Smoothing KI8®iciearning) [43]
integrates smoothing and regularization techniques t@argalthe underestimated
small eigenvalues and reduce the overestimated largevailgers of the estimat-
ed covariance matrix in an effective way. PCCA (Pairwise €ained Compo-
nent Analysis) [34] learns a projection into a low-dimemsibspace where the
distance between pairs of data points respects the desiredraints, which ex-
hibits good generalization properties in presence of higiedsional data for re-
identification. TML (Transferred Metric Learning) [27] lee an adaptive metric
for a specific human image candidate set under the framevitnrrsfer learning,
by selecting and re-weighting the human image samples itrdiveng set for the
given query sample and its candidate set. SMFL (Semi-sigeehWulti-Feature
Learning) [12] presents a multi-class learning approacledaon how to fuse ar-
bitrary state-of-the-art set of features, no matter thamber or dimensionality.
LAFTaV (Locally Aligned Feature Transforms across View&j|assigns images
to different local experts according to the similarity ogéthcross-view transforms
before projecting them into a common feature space and mgttiem with a lo-
cally learned discriminative metric. MR (Manifold Rankin@O0] propagates the
guery information along the unlabeled person data manifolah unsupervised
way to obtain the distance score for ranking. CHISD (Conveade Image Set
Distances) [5] measures the set-to-set distance betweeawtivex hulls of image
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sets to reduce the negative influence of outliers. SANP E&pApproximated
Nearest Points) [19] extended the model of CHISD by enfgrtire sparsity of
samples used for point generation via affine combinatio\NERCollaboratively
Regularized Nearest Points) [48] integrates the simpligitregularized nearest
points method on finding the set-to-set distance and thebdapdrom collabo-
rative representation on human image set based recognitiéh (Matrix com-
pletion) [28] performs between-camera information trandfy constructing the
corresponding feature to be matched in the corpus camerz $pan the fea-
ture observed in the query camera space based on matrix ebomplLDC (Lo-
cal Distance Comparison) [54] formulates the re-identiibcaproblem as a local
distance comparison problem, and introduces an energyl hase function that
measures the similarity between appearance instanceddwatang the distance
between corresponding subsets in the feature space.

1.2.2 Related Work

There are several related work in both feature representatnd dissimilarity

measurement paradigms. Here, related work only indicaesiiethods that are
directly adopted in the thesis, but not the competitors amalagues for each
proposed method. Dissimilarity measurement is closeteelto the contribution
of this thesis. Although feature representation is looselgted to the contribution
of this thesis, yet they serve as an indispensable and iamtgptatform for the

proposed dissimilarity measurement.

Single-shot Image Feature

For each single-shot human image, in the thesis, we adop¢ sepresentative
features for mining human appearance information fromedffit perspectives.
These features are Weighted HSV color histogram (WHSV)$1},,Dense Sam-
pled Color Histogram (DSCH) [8, 51], Schmid-Filter-Bankg), Gabor-Transform
(GT) [16, 59, 50], and Third-Party Collaborative Repreationh (TPCR) [49].
WHSYV pools the pixel based color information regarding thexsetric and
asymmetric property of human body structure. It can hande/point change
and pose variation. DSCH can handle illumination variatmoal occlusion in
terms of its cell-based statistical local color descriptamd a global dense sam-
pling of these cells. SFBcan capture the texture infornmatiti is rotationally
invariant and has3 isotropic, which are robust to viewpoint and pose variation
GT usess filters with different frequencies and orientations. It een found
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quite capable for texture representation and discrinonatiTPCR is a kind of
relative feature. It resorts to the third-party data as ticeahary, and then con-
catenates the reconstructed coefficients from collabh@ adpresentation for each
sample based on this dictionary, with summing the coefftsidmat correspond to
axioms of the same class in the dictionary. The effectiven€FPCR comes from
the compression of within-class information by intra-slasim and the usage of
diverse third-party data in collaborative representation

Multiple-shot Image Feature

For the multiple-shot human images, in the thesis, we adagdrivRiemannian
Covariance Grid (MRCG) [40], which is one of the most powdéature for rep-
resenting human image sets.

MRCG obtains highly discriminative human signature by camging infor-
mation from multiple images. It uses the mean of Riemanniave@ance Grid
(RCG) to blend the human appearance information within gvesdly-tiled grid
of the image set. The matric signature keeps the featuneldison information
with regard to spatio-temporal change of an appearanceauBecthis signature
condenses the human image sets into representative ilmagimats, it provides
convenience for bridging the solution gap between singtg-and multiple-shot
re-identification.

Set-to-set Distance

For set-to-set distance, in the thesis, we adopt MinimumtReise Distance (M-
PD) [11] and Convex Hull Image Set Distance (CHISD) [5]. They widely used
for measuring the distance between image set for discrimima

MPD is a kind of baseline set-to-set distance in this thekisneasures the
minimum point-wise distance between paired sets. CHISDkisié of set-to-set
distance. It measures the distance between the convexcbuaks$ructed for paired
sets, in order to depress the negative impact from outliers.

Metric Learning Model

For metric learning approaches, in the thesis, we adoptidMietarning to Rank
(MLR) [33] and Maximally Collapsing Metric Learning [13]. By have been
proven quite effective for image ranking and classificatr@spectively.
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MLR optimizes the Mahalanobis metric for ranking in a stiwat SVM frame-
work under the constraints that intra-class distancesldimmismaller than inter-
class distances. MLR has been proved effective for the estification issue
[51]. Human image data suffers from real-world complesigad multi-class im-
balance, and the recognition rate on Rank-1 is usually igfgetory. Because
ranking can concern several top candidates,it avoids skeoficlassification that
only depends on Rank-1. Moreover, OMRR emphasizes degjgtsihoss func-
tion of Mean Reciprocal Rank (MRR). Here, Reciprocal rank giiery response
is the multiplicative inverse of the rank of the first corracatch, and MRR is
the average of such reciprocal ranks of results over theevipaery set. To a de-
gree, this loss function coincides with practical perfonceexpectations. Since
only the rank of the first correct match is taken into accotim, ranks of both
other correct matches and any incorrect matches are aybiffdus, there will
be multiple ranking instantiations for a given ground trukh practice, MRR is
quite reasonable, and there seems to be no significantlrlogitions. In the the-
sis, MLR plays an important role in learning either globalaral Mahalanobis
metric space for discriminating human image data.

MCML is a metric learning method with the objective functibased on
Kullback-Leibler divergence, which aims at closing sampithin the same class
as near as possible while distancing samples from differlastes as far as pos-
sible, Although MCML is seemingly similar to MLR, while thdyave different
essential meanings. MCML relies on the dipolar balance to&inlass distances
to be zeros and inter-class distances to be infinities. buR¥éicuses on the rela-
tive comparison between intra-class distances and itdsscdlistances. Honestly,
classification oriented MCML is not effective for re-iddidation, whereas, it can
help de-noise the feature space for the better performdnidé&R. This property
will be addressed in the thesis.

1.3 Philosophy and Organization

1.3.1 Philosophy

Due to the heuristic of handcrafting process, even in a spaqged by represen-
tative features, samples still have intra-class variatanmd large inter-class differ-
ences. To cope with this, this thesis mainly focuses on degighe dissimilarity
measurement in the feature space, which belongs to sectutibagaradigm.
Since human image data in a feature space can be treatechaanidetheir
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correspondences can be determined by the distance scheesfore, the suit-
able dissimilarity measurement becomes fairly importe®. far, literature has
witnessed plentiful distances that directly and solelycemtrate on the pair of
elements in a pre-defined metric space. Although, this kindassical distance
is discriminative sometimes, yet it tends to be incapasitdty the large within-
class variations and small between-class differencesiéocomplex real-scenario
human image data in general. Accordingly, to address it,r@atively propose to
guantify the local neighborhood structure of the pair ofredats in each other’s
neighborhood structures into the dissimilarity, as a n@V o enrich the conven-
tional distance notion by considering the neighborhoodrmftion. Here, neigh-
borhood structure is defined as the layout relationship éetvthe concerned ele-
ment and its neighbors in the given metric space. The prppéthis dissimilarity
can be comprehended by the insight of measuring the quaritdgmmon near-
ness for the pair of elements in each other’'s neighborhowndtste, which we
refer to as “common-near-neighbor information”. To exptbe common-near-
neighbor information, a reliable and discriminative mefjpace is indispensable.
This space can be constructed by feature selection andriy@noved by metric
learning in consideration of intra-class compactness dsasewell inter-class
separation.

The discriminability of this dissimilarity comes from dediring the effective-
ness of the well-distributed elements to the badly-disteld elements in their
neighborhood structures. To carry out this measurementussehose unlabeled
available elements from both query and corpus sides to élkfface, as the pos-
sible neighbors of the to-be-measured element pair. Whenetament resides
far from the other element in the same class, but near to anetement from a
different class, these filled elements can provides aduitiaseful information,
to pull elements within the same class stay close togethéstyush those from
different classes far apart.

For comprehension, we illustrate this idea using a singtg-gs. single-shot
re-identification example. Usually, due to large intrasslaariations and small
inter-class differences, traditional distance, like th@&orm, will lose effect to
some extent when building the correspondences betweenath®fpquery and
corpus elements, as illustrated in Figure 1.3. In this figalements’ classes can
be distinguished by colors and shapes. Whenselected as a queryandd are
assigned in the corpus sided are badly-distributed, whileb andef are well-
distributed. Clearly, by Euclidean distance, the eleniewill rank before the
elementd with regard to the element

To address this problem, we borrow the effectiveness frarsehvell-distributed
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Corpus
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Corpus

Figure 1.3: An example to show the problem of traditionatatise.

elements to improve those badly-distributed elements, thrsdinformation is
modeled as a novel dissimilarity, Common-Near-NeighbodMmg (CNNM),

which will be instantiated as Point-level and Set-level QWIN Chapter 2 and
Chapter 4 for single-shot and multiple-shot re-identifaatrespectively.

For each element, the neighborhood structure can be cosggrago the rank
order list to describe the farness and nearness of the raighin this example,
b-listis baecfd, c-listis cbdea f, andd-list is dcbea f. If rank orders are defined as
012345, when CNNM counts these rank orders for the paired elemeeisdh oth-
er’s list, the CNNM dissimilarities will be D(b,c)=1+3=4;(D,d)=1+2=3. Thus{
will rank beforeb with regard toc by this dissimilarity measure.

Analytically, let us check the rank order lists figrc, andd. When comparing
b-list and c-list, we can find that, becauseandb are closep rank beforec in
b-list. This leads up to the increase of the inter-class distd (b, ¢). Moreover,
when comparing c-list and d-list, we can find that, becauard f are far away
from ¢, they stably reside in the tails oflist andd-list. This contributes to the
decrease of intra-class distanBéd, c).

Actually, for c andd, CNNM considers how stays in the neighborhood struc-
ture ofd, and howd resides in the neighborhood structure-p§imultaneously. If
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c is the near neighbor t@, andd is the near neighbor ta@ we note this situation
c andd are “common-near” neighbors to each other. This commomneighbor

information can be measured by a quantity, which gives atthe CNNM dis-

similarity.

There are some noteworthy aspects on this dissimilarityeds s the pre-
condition, there needs to exist some well-distributed eletsin the feature space.
This guarantees the precondition for effective CNNM diskinty measure. Ac-
tually, this requirement is easy to satisfy in a carefullgigaed or selected fea-
ture space. As the limitation, though the well-distribuédeinents can help those
badly-distributed elements utilizing CNNM, the amount afiadhe power of the
well-distributed elements in the feature space are limitieds only those badly-
distributed elements whose situation is not rather sedande ameliorated. If the
pair of elements to be measured in the same class are quiterfapart than from
different classes, CNNM dissimilarity tends to lose efficaCNNM encodes the
neighborhood structure information, which is based on ttextidistance measure
on the low level, so the performance of CNNM is more or lessigrited by the
underlying distances. To guarantee the effectiveness &f[@Nt is indispensable
to project and improve a good metric space therefore.

Undoubtedly, concrete analysis should be made accordiogrorete circum-
stances. On the whole, exploiting common-near-neighldornmation in discrim-
inative spaces makes up the backbone of the solutions ithisss.

Point based and set based distances are different in tHe-sihgt and multiple-
shot cases. The point based distance seems more stable aageahle, due to
the relatively simple information for each identity in thegle-shot case, than
the set based distance that is vulnerable to the local weéirvariations in the
multiple-shot case, while availability of the within-sesulibution information
enhances the confidence of the set based distance in thelensitiot case instead
of the point based distance in the single-shot case.

1.3.2 Organization

Based on the philosophy of exploiting common-near-neigimdormation in dis-
criminative spaces, stories are expanded and evolved sirtgke-shot and multiple-
shot directions, respectively.

In the main body, this thesis progressively develops intw farts of six meth-
ods. Four parts include Point-level Common-Near-Neighbéormation (PC-
NNI) and Strengthened Metric Space (SMS) in the single-s&adentification
direction; Set-level Common-Near-Neighbor Informati@C(NNI), and Locality
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Based Discriminative Measure (LBDM) in the multiple-shetidentification di-
rection. Six methods include Point-level Common-Neargibor Analysis (PC-
NNA), Coupled Metric Learning (CML), Point-level Commonrelr-Neighbor
Metric Learning (PCNNML), Riemannian Set-level CommonaN&leighbor Mod-
eling (RSCNNM), Bi-level Relative Information Analysis BBA), and Locality
Based Discriminative Measure (LBDM).

The organization of the thesis and the description of eaapteh are as below.

Chapter 1 introduces the philosophy and outlines the maitect of the w-
hole thesis.

Chapter 2 unwarps the single-shot re-identification stdryis chapter pro-
poses the PCNNA method that exploits PCNNI in a discrimiugatnetric space.
More concretely, in PCNNA, Point-level Common-Near-NdighModeling (PC-
NNM) processes the local neighborhood structure inforomedif the paired sam-
ple points in each other’'s neighborhood structure into tissichilarity in the
learned Mahalanobis metric space. By delivering the affecess of the well-
distributed element pairs to the badly-distributed elenpairs, PCNNM can be
capable for the complex real-world human image data of larga-class vari-
ations and small inter-class differences, even in the ehglhg single-shot vs.
single-shot case.

For the specific single-shot vs. single-shot case, Chapteggests using the
strengthened metric space to compensate for the deficiénayhon-class distri-
bution information for exploiting PCNNI. Two approaches/édeen tentatively
proposed: CML and PCNNML. CML couples two optimization framorks on
account of their complementarity in the relationship betwmtra-class and inter-
class distances: one addresses the dipolar balance, ivbitetter emphasizes the
relative comparison. Notwithstanding improving the disgnability of the met-
ric space, CML does not seem to largely boost the performahB&NNM. To
address this, we consider the importance of consistenayeleetmetric space pro-
jecting and PCNNM dissimilarity measuring, and proposeRE&INML method.
This method incorporates the constraints of intra-claskiater-class PCNNM
dissimilarity comparison into the metric learning framelycand thus ultimate-
ly brings out a substantial performance leap compared withted competitive
approaches, and whereupon ends the story of single-siaé¢méfication.

Chapter 4 unfolds the multiple-shot re-identification gtorhis chapter sug-
gests the importance of SCNNI, and extends PCNNM to SCNNMmesdis-
criminatve spaces. These spaces are selectively corestrbgttwo types of ca-
pable features: the matric descriptor of MRCG and the vedtsignature of T-
PCR. These two features are culled due to their compresbilitess. MRCG
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1. Introduction

Single-shot Multiple-shot
2. Point-level Common- 4. Set-level Common-
Near-Neighbor Near-Neighbor
Information Information
3. Strengthened Metric 5. Locality Based
Space Discriminative Measure

6. Conclusion and Future Work

Figure 1.4: Architecture of the thesis.

can condense human image sets into imaginary points in g@dinian space,
thus convenient for extending the power of the single-sheedased PCNNM to
the multiple-shot case based SCNNM. Measuring SCNNM in riesric space
is called “RSCNNM” [9]. TPCR can compact human image setsejpress the
negative impact of outliers and intruders in the Hilbertcgand this feature will
complement and be measured by SCNNM from the relative irdtion perspec-
tive. Measuring SCNNM in this metric space is called “BRIA”.

Despite effectiveness of RSCNNM and BRIA, they are expensivfact.
RSCNNM requires adequate and typical within-set imagesitrantee the rep-
resentative condensation for MRCG, and BRIA requires dvand labeled dic-
tionary data to extract the representative signature faCH.PWe try to avoid
these expensive requirements in the single-set vs. sgailee-identification case.
Chapter 5 designs the LBDM method by means of mining theikyagaformation.
In this method, a new set-to-set distance is crafted by engdbe local minority
distribution information between paired sets, and upos dstance, an effective
metric field space is constructed to accommodate the localtian of each set,
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before the set-level common-near-neighbor modeling migsiity is measured
among all sets. LBDM has leaded to the anticipated perfoceamprovemen-
t which inspiringly outperforms the state-of-the-artsd dhereby completes the
multiple-shot re-identification story.

Chapter 6 concludes the whole thesis and looks forward téutiee work.

The architecture of the thesis is visualized in Figure 1.4.

More generally, all the methods in this thesis can be boitedto three step-
s. feature space projecting, metric space improving, amgheon-near-neighbor
information exploiting. And here a table to summarize aé thethods in this
thesis, as shown Table 1.1.

Table 1.1: Method summary.

Chapter 2 Chapter 3
FSP (WHSV+DSCH, ED) (WHSV+DSCH, ED)
MSI (WHSV+DSCH, MDimproved by MLR) (WHSV+DSCH, MDimproved by CML, PCNNML)
CNNIE PCNNM PCNNM
Chapter 4 Chapter 5
FSP | (MRCG, RD) ; (DSCH+SFB+GF, CHISD (DSCH+SFB+GF, MAD)
MSI —: (TPCR, CHISD) (DSCH+SFB+GF, MADimproved by LMP)
CNNIE SCNNM SCNNM

The abbreviations are as below: Feature Space Project8i®)-Hetric S-
pace Improving—MSI, Common-Near-Neighbor InformatiorpBiting—CNNIE,
Euclidean Distance—ED, Mahalanobis Distance—MD, Rien@mBDistance—RD,
and Local Metric Field-LMF. In Table 1.1, the metric spacwigten by (M, d),
whereM denote the feature, antbdenote the distance.

1.4 Dataset Description

Experimental demonstration on each proposed method wid haen implement-
ed on part of or all the widely-used benchmark datasets dgmatuVIPeR [15],
ETHZ1, ETHZ2, ETHZ3 [39], i-LIDS [57], I-LIDS-MA, i-LIDS-AA [41], and
CAVIAR4REID [6], as exemplarized in Figure 1.5.

The VIPeR dataset consists 0f64 images for632 unique pedestrians. Each
pedestrian image pair has been taken from arbitrary viewpainder varying
illumination conditions. Complicated variations of vieapt, illumination, and
pose make VIPeR one of the most challenging datasets fdessgt vs. single-
shot human re-identification [15].
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Figure 1.5: Exemplars from datasets VIPeR, ETHZ1,2,3D&,]i-LIDS-MA, i-
LIDS-AA, and CAVIAR4REID, showing the real-world complédds for human
re-identification.

The ETHZ dataset is composed of three video sequences ofletbgtreet
scenes captured by two moving cameras mounted on a cariigatilize three
subsets extracted by Schwartz and Davis for human re-faeibn [39]. ETHZ
has smaller variations of pose and viewpoint, yet more @tghs than VIPeR.
SEQ1, denoted by ETHZ1, h&8 pedestrians withid857 images; SEQ2, denoted
by ETHZ2, has35 pedestrians within936 images; SEQ3, denoted by ETHZ3,
has28 pedestrians within762 images.

The i-LIDS MCTS database is a publicly available video detaaptured at a
busy airport arrival hall using a multi-camera CCTV netwdfkom these videos,
the i-LIDS dataset, which was extracted by Zheng et al., istssf479 images
for 119 individuals [57]. For each identity, there a2eto 8 images taken from
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non-overlapping cameras. This i-LIDS dataset suffers fraore severe pose
variations and occlusion than VIPeR and ETHZ1,2,3. We atsothe datasets
I-LIDS-MA and i-LIDS-AA extracted by Bak et al. [40]. i-LIDSMA [41] con-
tains40 individuals extracted from two cameras. Each of themdgesames from
both cameras annotated manually. i-LIDS-AA [41] is made up00 individuals
seen from both cameras, and for each individual, therelate 243 images auto-
matically obtained by the detector and tracker, which augmthe difficulty for
this dataset.

The CAVIAR4REID dataset [6] is manually selected from theslkeontrolled
recorded video of shopping center scenarios within twaedffit viewpoints. For
this dataset, there ar® pedestrians o0 or 20 image samples.50 of these
pedestrians have two camera views while the remaiingave only one camera
view. These images include people walking alone, meetinly athers, window
shopping, entering and exiting shops.

For improved comprehension and comparison, propertidsesktdatasets are
displayed in Table 1.2. The abbreviations denote the folgwNS—Number of
Samples, NP-Number of Persons, NSPP—Number of SampleeRenPSeq?—
Sequential or not, and WCV-Within-Class Variations, whttre abbreviations
for WCV are: C—Camera parameters, V-Viewpoint, |-llluntioa, P-Pose, O—
Occlusion, B-Background, and L—Localization.

Table 1.2: Display of dataset properties.

Dataset NS NP NSPP Seq? WCV
VIPeR 1264 632 1x2 No CVIPOBL
ETHZ1 4857 83 7t0226 Yes POB
ETHZ2 1961 35 61to206 Yes POB
ETHZ3 1762 28 5to 356 Yes POB
i-LIDS 476 119 2to8 Partly CVIPOB
i-LIDS-MA 3680 40 46x2 Yes CVIPOB
i-LIDS-AA 10329 100 21to243 Yes CVIPOBL

CAVIAR4REID 1220 72 100r20 Partly CVIPOB




18

Introduction




19

Chapter 2

Point-level Common-Near-Neighbor
Information

2.1 Introduction

We start to study the single-shot human re-identificatiothia chapter. Single-
shot re-identification is important, fundamental, and ssidated in visual surveil-
lance. To build an accurate correspondence between hunsgeidata requires
a suitable dissimilarity measurement. Unfortunatelyséheeal-world image da-
ta have large intra-class variations and small inter-cthaffsrences, which pre-
vents the traditional dissimilarity measurement from aeimg the satisfactory
re-identification performance.

Since in a discriminative space, there exist some wellitisied sample points
in the same class, which tend to be more tightly clusteredsapérated from
the sample points of different classes, this chapter widbpse a novel method,
“Point-level Common-Near-Neighbor Analysis (PCNNA)", deliver the effec-
tiveness of these well-distributed sample points to thdyeddtributed ones. In
PCNNA, “Point-level Common-Near-Neighbor Modeling (PCMIN is designed
to exploit the point-level common-near-neighbor inforrmatin a metric space
learned by OMRR.
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2.2 Point-level Common-Near-Neighbor Analysis

2.2.1 Point-level Common-Near-Neighbor Modeling

Human re-identification is recast to the problem of discniating human image
data based on measuring the distances among sample poif@stime space.
When the feature space has large intra-class variationsmaalllinter-class differ-
ences, distributed to-be-measured sample points may mekédnal point-wise
distance lose effect. To handle this, we reconsider thamtst measure from the
novel neighborhood information perspective, and propoeeighborhood-wise
distance to measure how the local neighborhood structumefsample point
stay in the neighborhood structure of the other sample pdtdre, neighbor-
hood structure is defined as the spatial layout relationséigveen the concerned
sample point and its neighbors. Considering neighborhtttsire provides a
new trial to overcome the vulnerability of traditional ptimise distance, because
neighborhood structure provides more additional useformation during mea-
surement.

Neighborhood structure can be compressed by rank ordeidiserms of far-
ness and nearness. By using the rank order lists, we canifyuaetlocal neigh-
borhood structure of the paired sample points in each atherghborhood struc-
tures in some metric space, and deliver the effectivenegwoet well-distributed
sample points to the badly-distributed ones during quaatibhn. To enable the
discriminative local neighborhood structure quantificatior a feature space hav-
ing the class structure, we recommend considering the loeighborhood of a
moderate fixed size for each paired sample points symmiyrioatead of the
sole sample point pair, if possible. The moderate and fixéeghberhood can in-
corporate the within-class sample distribution informoatior each sample point
during measurement, and this can help counteract the sticligviation of the
sample points from the image feature space of variationgsé&movel physical
meanings can be comprehended by the insight of measurirgutrity of com-
mon nearness for the pair of sample points in each othergghberhood structure.

Technically, to ensure a symmetric neighborhood of the maiddixed size
in the rank order lists for the pair of samples, we suggesixet-number™ in-
stead of a flexible number, as shown in Figure 2.1, becausephixed-number
samples in the rank order lists tend to contain more wittasscdistribution in-
formation than those ranked behind. We call this “Symmaetrgsimilarity”, as
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given by:
Dg)(/:rwang/tlric(aa b) _ D;ixed-numbe(b) + Dll):ixed-numbe(a)’ (2_1)
where
. n—1
D5|xed—numbetb) _ Z Ob(fa(i))- (2.2)
=0

n nt+l

Fixed-number n

Figure 2.1: lllustration for “Symmetric dissimilarity” dFCNNM. DFixed-numberp)
is calculated from the)” to the (n — 1) nearest neighbor im-list, and
Dyed-numbel ) s calculated in a similar way.

Since the “Fixed-number” value can be crucial to the pertoroe of “Sym-
metric dissimilarity”, it deserves further discussion.thke neighborhood is too
large, intruder samples from different classes may distuelencoding of repre-
sentative locality for the sample. In this case, the “Synmoetissimilarity” of
samples from different classes will have tendency to be ldh&n that of sam-
ples from the same class. If, on the other hand, the neigblbdrfs too small,
local information of the outlier samples may not be suffiteemd capable enough
to counteract the stochastic deviations. In this case, Siyenmetric dissimilari-
ty” of samples from the same class will have tendency to badrighan that of
samples from different classes. Obviously, both casesedhtively affect rank-
ing/classifying performance, and should be avoided. Foopgrly discriminative
“Symmetric dissimilarity”, we suggest using a “Fixed-nuenbn set to approxi-
mately N/2 of tradeoffs (whereV is the approximate average sample number per
person known beforehand, or estimated from dividing thal iotage number by
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the identity number) to avoid the cases that the neighbart®either too large
or too small. Note that this suggestion is based on observatd could not be
demonstrated through mathematical proof.

In particular, for the single-shot vs. single-shot re-iifgation problem, there
are only two samples for each person and the recommendeed¥umber” will
be “n = 1”. Then, each sample has to consider the situation of itsigtfimvthe
neighborhood structure of the other sample. In this cageaiymmetric rank-
ing problem is rather obvious. Typically, a given pair of sd@s will not yield
the same rank order for each other in their own rank ordes. liSince it would
be heuristic and unfair to judge rank order by randomly selgoone of these
ranks, or simply averaging the two, we turn to the added diisoative ability
of “Asymmetric dissimilarity”, which is disregarded in Zhet al's Rank-Order
distance. “Asymmetric dissimilarity D35 inerid a, b), is given by:

Dismmerida,0) = min(Oa(b), Oy(a)). (2.3)

In consideration of the complementarity between “Symmedissimilarity”
and “Asymmetric dissimilarity”, we present a new dissimitfamodeling, PCN-
NM, as given by:

DPENWM(q ) = DESNN{a, b) + 2AnDaanmid @, b), (2.4)

Symmetri Asymmetric

where) is a trade-off parameter to balance “Symmetric dissintjaand “Asym-
metric dissimilarity”. This makes the model more compaibWhereas “Sym-
metric dissimilarity” uses the “Fixed-number” of the raniders in consideration
of symmetry, “Asymmetric dissimilarity” uses only one ramider. Thus, itis rea-
sonable to reformulate these two dissimilarities by dowuph (2n) and thereby
unifying dimensions.

2.2.2 Comparison between PCNNM and Its Analogue

There exists one similar method, Zhu et al.'s Rank-Ordetadie, originally de-
signed for clustering during face tagging [60]. Althougistmethod is capable
of solving the samples’ non-uniform distribution problem tank order quanti-
zation, which also hurts the re-identification performapassibly, yet it may falil
to discriminate the human image data with large intra-clasmtions and small
inter-class differences, as the general case in the reddwidpte that, in Zhu et
al.'s work, clustering addresses the absolute thresholéifering the distances,
while in this paper re-identification emphasizes the reégatiomparison between



Point-level Common-Near-Neighbor Analysis 23

the inter- and inter-class distances. Clustering and eatification are different
in nature, so we should not impose Rank-Order distance atergification.
Zhu et al’s Rank-Order distance is given by:

Da(b) + Db(a’)

Rank-Ordel
PTG = i 0.0), 0ufa), 28)
where
Oq(b)
Da(b) = > Oylfali)). (2.6)
=0

In Equations 2.5 and 2.G,andb are a pair of samples to be measurgd:)
returns the'™ sample ina-list, andO, (b) is the rank order of in a-list. O,(f,())
is the rank order of, (i) in b-list. D,(b) is calculated by summing the rank orders
of the top several samples @flist in b-list, as shown in Figure 2.2D;(a) is cal-
culated in a similar way. Here, rank order lists are gendrhyesorting Euclidean
distances between the measured samples and all the othglesam

0 1 2 m=0,b) m+1

Figure 2.2:D,(b) is calculated from thé™ sample tab in a-list, while Dy(a) is

calculated from th@™ sample toa in b-list. Typically, D,(b) # Dy(a). Note

that, here, for conciseness and comprehensibility, 6hlyf,(i)) are visualized
by arrows in this figure. Each arrow head points the rank otdéf, (7)) in b-list

for the samplef, (7) in a-list that connects the arrow tail.

Despite robustness to clustering, this dissimilarity a¢tesonsider the poten-
tial class information, so it will be non-discriminativerfthe sample space of the
class structure, like in the re-identification situatiomora the formulation level,
the weakness comes from the flexible neighborhood size anthéppropriate
denominator. Evidently, Equation 2.5 is sensitivetgb) andO,(a), which re-
flect the position relationship between paired samplasdb. If O, (b) andOy(a)
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are too big or small, the local neighborhood structure ohesmple cannot suf-
ficiently represent the class information, thus the conspariwill have no dis-
criminatory power. 1O, (b) andO,(a) are quite different, the local neighborhood
structures for each sample pair become incomparable, argkwstill, the biased
denominator will deteriorate the normalization.

In addition to analysis, we further use some examples to shevadvantage
of PCNNM.

We first illustrate the ability of “Symmetric dissimilarity In general, real-
world human image data of the limited sample size have larya-class varia-
tions and small inter-class differences, which can be sfreglin Figure 2.3. Let
d be the query sample: ande are assigned as the corpus samptéanda are
in the same class, butis from the different class. By Euclidean distaneayill
rank beforez with regard tad.

Next, we consider Rank-Order distance and “Symmetric whigaiity”. Each
sample ranks itself first, so rank order lists dorl, ande areabcdeg f h, dcbeg f ah,
and eg fdcbha, respectively, with integer rank orders frainto 7. Zhu et al.’s
Rank-Order distance fails because of the large intra-clagations and small
inter-class differenced)(a, d) = [(6+2+1+40)+(3+2+14+4+5+640)]/3 = 10
andD(d,e) = [(3+4+5+0)+(3+4+5+0)]/3 = 8. However, our “Symmetric
dissimilarity” succeeds by exploiting the common-neaighbor information in
the moderate fixed neighborhoaB{(a, d) = (6+2)+(3+2) = 13andD(d,e) =
(B3+4)+(3+4) =14.

corpus ®  query copus (1)
@- @@ ®)
©

Figure 2.3: An example of comparison between “Symmetrisithgarity” and
Rank-Order distance. Samples’ classes can be distinglisheolors.

This example can also be understood by Figure 2.4. In theirfeapace,
some badly-distributed sample points,(c2, andq) are easy to be re-identified
incorrectly. Suppose; andc, are the corpus images from different classes and
q is a query image. Using Euclidean distancewill rank ahead of:; regarding
to q. By delivering the effectiveness of well-distributed piirto those badly-
distributed ones, “Symmetric dissimilarity” will pudi, andq closer together, and
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pushc, andq farther apart, to make intra-class distances smaller thizn-class
distances.

Figure 2.4: lllustration for the effect of “Symmetric digsiarity”. Nodesc;, c»,
andq denote three samples. andq belongs to the same class, whereais from

a different class. Virtual nodeg, ¢, andq’' are provided to show the effect of
applying “Symmetric dissimilarity” to measurements bedwe,, ¢, andg.

Besides the concrete example, we now provide a statistigstration for PC-
NNM. Synthetic data can help elaborate. We randomly geedhaee separate,
Gaussian-distributed datasets for use as class samplesdffass size 010). For
fairness, corpus and query points are assigned for ten ti;mesndomly halving
the data. We connect each query point to its top-ranked sgopint measured
by PCNNM, withn set to half of the average sample number in each class and
A tentatively set tal and0, respectively. We then compare PCNNM (for which
n = 20 and\ = 1) to the baseline dissimilarity measured by Euclidean dista
and to Zhu et al.’s Rank-Order distanb&a"k-Crder \We also compare our “Fixed-
number” based “Symmetric dissimilarity” (for whioh = 20 and\ = 0) to Zhu
et al.’s flexible-number baseB, (b) + D;(a) in DRakOrder Al the experiments
use the same generated data and the same corpus-query splits
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Figure 2.5: Synthetic data is generated randomly to tespénarmance of PC-
NNM and “Symmetric dissimilarity”. Classes are labeled bstidct colors. A
magenta line is used to connect each query point with itsaoged corpus point.

Note that, our synthetic data based experiments carricklavatare essentially
different from Zhu et al.’s, though they seem to be simildru£t al. used exper-
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iments to demonstrate the robustness of Rank-Order destéimgng clustering.
For clusters with varying density/shape/size, they ptbt# the edges between
points whose Rank-Order distances are smaller than a diwvesltold [60]. We
use experiments to evaluate the advantage of PCNNM by ré&cmyrankings.
These experiments are relevant to the re-identificatiareidsut differ from those
in Zhu et al.'s work to demonstrate the clustering effect.

The lines shown in Figure 2.5 display the accumulative tsediok ten-fold
cross-validation. From these, we can confirm that PCNNMdgi¢he least false
lines among all the compared methods, and that even our “®rionaissimilar-
ity” wins both D, (b) + Dj(a) and DRakOrderof Zhy et al.’s as well.

The Gaussian-distributed synthetic data dismissed inr€igLb is used to il-
lustrate the advantage of PCNNM. Real-world human imagealathigh-dimensional,
and it is impossible to visualize these data directly. Sgnthlow-dimensional
data simulations can be useful to some extent, and theresseebe no better
alternative than this approach.

For these synthetic data, most samples in the same clade i#sser to each
other than those from different classes. Though this is ge&ed property re-
quired for re-identification, the real data distributionely satisfies this property.
Hence, for those real data, we need to use metric learningpoove the intra-
class compactness with regard to the inter-class sepatagiore performing PC-
NNM. Though being not perfect perhaps, such improvementdertin degree
makes the real data distribution satisfy that property assgpossible, and thus
similar to the situation of the synthetic data distributidfrom this perspective,
the synthetic data visualization can indirectly represleateal distribution of the
data.

Furthermore, in the next section, experiments acrossaewvetely-used bench-
mark datasets will have demonstrated the effectivenes€biNM in a learned
metric space using real data. These synthetic data basedragnts opportune-
ly complement them. Overall, synthetic data and real datdritmite to a more
convincing demonstration on the advantage of our propossttad.

2.2.3 Metric Space Improving

Though PCNNM can encode the common-near-neighbor infeomatto a capa-
ble dissimilarity measure, in a noisy feature space, theidiers and outliers of
each class may degrade the performance. To avoid this, wktaeke-noise the
rank order lists by improving intra-class compactnesgik&do inter-class sepa-
ration for PCNNM measurement. Coincidentally, OMRR candigi®CNNM by
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optimizing list-wise rankings.

OMRR is an application of MLR. MLR considers a metric goodvhen given
a query point, sorting the corpus by increasing distanaa fitds point results in
good neighbors at the front of the list, and bad neighbordhatend. Hence,
MLR casts nearest neighbor prediction as a ranking probéerd,the predicted
label error rate as a loss function over rankings. retrigvidie query-by-example
paradigm.

Given query sample collectio@ = {q | q € ]Rd} and corpus sample collec-
tion X = {z,; | 2, € R}, supposev is the Mahalanobis metric matrix intended
to optimize, andp,;(x,, ¢) is used to denote a kind of matric representation of a
corpus sample,; with regard tog:

Ggi = —(q — 2qi)(q — xqi)T- (2.7)
A desired ranking model can be defined by
gw(xqi) = wT(bqi(xqia Q) (28)

for scoringz,;, and the ranking can be done by sorting scores in a descending
order.

To learnw, usually, a joint feature map is adopted to represent thdendet
of ranked data¥. Let yra”"'”g € Y be a ranking oft” with respect tog, and
U(q, yra”"'”g X) € R? be a vector-valued joint feature map, which is defined as
the partlal order feature:

w<q yranklng X Z Z ¢qz q?‘ﬁql ||||¢QJ’(|q>xqj))_ (2_9)
X llx;

quEXq Tq;€Xq

One important property af(¢, y2""9, X') is that, for a fixedwv, the rankingy/2"ki"9
which maximizesw "(q, yra”k'”g X') can be obtained by sorting,(x,;) in order
of a descending scores.
The bestw is expected to be the one that simultaneously makes
Yy, = arg max w Ty(q, yra”k'”g X)), (2.10)

ranking
Yq

wherey; is the ground truth ranking ot for . Thus,w can be learned by solving
the following optimization problem:

ar mln w 2.11
gmin | H+|Q|qu (211)
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S.t.

wT¢(Q7 y:;u X) > wT¢(Q7 y{]anking7 X) + A(y;;(y) - §Q7
ranking

Y, y ™" # yg
£ > 0,Vq,

wherey; is the ground truth ranking ot for a giveng € Q, &, is the slack vari-
able,C is the trade-off parameter, addy;, y;a”"'”g) is the loss function to penal-
ize predictingy2"™“"instead ofy;, defined byA (y;, y2""9) = 1—Syre(g, y2"™"9),
in which

- 1 1/r,, re < k;
SMrR(¢; ?Jcr]ankm B 19] Z { S rq >k (2.12)
qeQ ! ="

wherek is a threshold value that can be assigned a priori,-gamsithe rank order
of ground-truth corpus sample with regard to the qugery

Conceptually, the reciprocal rank of a query response isnthigiplicative in-
verse of the rank of the first correct match, and MRR (Mean fitecal Rank) is
the average of such reciprocal ranks of results over the evoéry collection.
To a degree, this coincides with practical performance egbens. Since only
the rank of the first correct match is taken into account, #mks of both other
correct matches and any incorrect matches are arbitrarys, There will be mul-
tiple ranking instantiations for a given ground truth. Iragiice, MRR is quite
reasonable, and there seems to be no significantly bettensgbl].

Given a large number of constraints, it is reasonable tocqpmate a solution.
For this purpose, the cutting-plane algorithm fits nicelfneTidea of a cutting-
plane algorithm is to approximate either the constrainbsehe epigraph of the
cost function by intersecting a limited number of half sgack usually refines
the approximation incrementally, by generating additidradf spaces through the
use of sub-gradients [21, 42].

With the learned metric, the space will be discriminatimeyhich, point based
intra-class distances should be smaller than inter-clasantes, thus helping to
improve the performance of PCNNM.

PCNNM is a high-level dissimilarity measure that is basedlmnrank or-
der lists formed by the low-level dissimilarity measure.nide, the more reliable
low-level dissimilarity measure is, the better performaCNNM will have. To
enhance the quality of rank order lists, we employ OMRR tormap the intra-
class compactness with regard to the inter-class sepafagimre measuring the
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Algorithm 1 POINT-LEVEL COMMON-NEAR-NEIGHBOR ANALYSIS (PCN-
NA)
Require:  Training datar;s; corpus sampless and query samplesgs as testing
data.
Ensure: Rankingy™""9 of all z..s for eachr,,.
1: Perform OMRR on;s to learn a new metric space.
2: Projectz.s andz,s into the learned new metric space, denote# syandx,s,
respectively.
3: List all x.s andx,s together intxs.
4: Sortxs based on Euclidean distance to acquire the rank ordefdis¢sichx,.
andx,.
5: Measure PCNNM dissimilarityp”“"NM between each pair of. andx, based
on their rank order lists.

6: Re-rank alk.s for eachx, according taD"“""Ms calculated in step 5 to return
yranklng.

low-level dissimilarity among samples. From a pre-procgsstandpoint, OM-
RR plays a de-noising role for these human image data. If iggnal data are
sufficiently separable, even without OMRR, PCNNM can woffle&ively. Ac-
cordingly, there is no direct relationship between theqenfince of the distance
metric learning and the choice of the “Fixed-numbey’to be frank.

The steps of PCNNA are presented in Algorithm 1.

2.3 Experiments and Results

2.3.1 Experimental Setup

We test our PCNNA method on public available datasets VIA&R ETHZ [10],
and i-LIDS [57]. The representative samples in these detase shown in Figure
1.5.

We average the results for ten executions against randonmnggeesting da-
ta splits. For fairness, we use the same samples from thgnassdataset for
comparison. Experiments are conducted in two groups: pateardiscussion and
method demonstration. In parameter discussion, we seekfom the suitable
settings of tunable parameters for PCNNM, including thex&@i-number™ and
trade-off parametek. In method demonstration, we seek to confirm the impor-
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tance of metric space selection and the superiority of owtetiog to Zhu et al.’s
Rank-Order distance, since both are components of PCNNAaM¢ evaluate
the effectiveness of our PCNNA method in comparison to eelatate-of-the-art
methods.

For all of the above datasets, we normalize images to128 pixels, the same
size as images in VIPeR. Because feature representatian thenfocus of this
chapter, we do not tune it for a better performance. Conisigehe complexity
of the issue and following the state-of-art, PCNNA uses aaigre concatena-
tion of two widely-used features: WHSV [11, 51] and DSCH [&],5denoted by
“WHSV+DSCH”. WHSV can handle changes in viewpoint and pogednsid-
ering both global color information and structural propestof the human body.
DSCH can tackle changes in illumination and occlusion imeeof its cell-based
statistical local color description and a global dense sengpf these cells. Since
WHSV and DSCH have their own strengths and characterize happearance
information from different perspectives, they can be caombiinto a powerful
signature. It is worth mentioning that, WHSV and DSCH canardy provides
a good feature space, but also ensure a fair comparison hétktate-of-the-art
methods.

Here, to form the WHSV feature representation, we obtainsif®uette
masks based on the same STEL (STructure ELement) model 44.ir2]. A
silhouette mask containing only foreground pixel values \waquired for each
person by inferring over the STEL generative model [22]. sTimodel captures
the general structure of an image class as a blend of sevmmganent segmen-
tations, isolating meaningful parts that exhibit tighttdisutions over the image
measurements. This model is customized for foregrouniffsaand separation
by setting two components and two parts corresponding tdateground and
background, and learned beforehand using a subset of VIBeRmtesting. The
segmentation over new samples consists in a fast infereddditionally, there
IS one convenient way to acquire the WHSV feature representéor several
widely-used benchmark datasets. This feature represamiatavailable on line
provided by Loris Bazzani [11, 2].

We randomly halve the persons of each dataset for traisgrg use. First,
the training data are used to improve the original metricepar the testing data.
Then, for each person, one image is randomly selected totf@mmorpus, leaving
the remaining images for the query. We select each image fhenguery side
and match it to each image from the corpus side accordingssrdilarity. While
calculating the dissimilarity between the query image amgbes image by PC-
NNM, we use those remaining unlabeled query and corpus isegkelp form
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the rank order lists. We then obtain the correct match upesetldissimilarities.
The entire procedure is repeated for 10 times, and the aveesglts are plotted
as CMC (Cumulative Match Characteristic) curves [15]. CNM@strates how the
performance (recognition/re-acquisition rate) improagshe number of request-
ed images increases, and it is one of the most widely-usddagian criteria for
human re-identification.

2.3.2 Parameter Discussion
Fixed-number

To discuss how important the “Fixed-numberis for “Symmetric dissimilarity”
of PCNNM in the OMRR metric space, we sample ETHZ datasetdamaty to
produce five hand-crafted datasets with the same numberagamper person:
2, 4, 8, 16, and 32 (denoted by ETHAN2, ETHZ N4, ETHZ N8, ETHZN16,
ETHZ_N32, respectively). We also include another hand-craftadskt with 2
images per person from i-LIDS (denoted by i-LIIN®2). Combining these with
the VIPeR dataset (for which the number of images per pesainiays2), we
evaluate the possible relationship between the most $aiitBixed-number” and
the number of images per person, with respect to the perforenaf “Symmetric
dissimilarity”.

Our results are described by the condensed measure MRR shdvigure
2.6. MRR can offer an overall evaluation of the rankings [SEfom the com-
pared results, we can see that, coincident with our recordatem, when the
“Fixed-number” is set to approximately half the number ofges per person,
“Symmetric dissimilarity” performs best.

Particularly, when each class has two samples, the besedFixmber” is
“n = 17. If a larger “Fixed-number” is selected, samples from eliéfint classes
will be easily included. This situation is adverse for cleéeazing the discrimina-
tory within-class sample distribution for each samplere¢bg having a negative
impact on “Symmetric dissimilarity”. Hence, inviting no @tdonal neighbors
seems better than taking the risk of introducing intruders.

As expected, the “Fixed-numbeti’is related to the sample number of each
person rather than the number of the people in the corpus.italdel neighbor-
hood size is required to exploit the point-level commonrmeaghbor information
for differentiating samples’ classes, considering theegsentative local informa-
tion for samples. To model a discriminative “Symmetric ahsfarity”, we sug-
gest the use of the “Fixed-numbet”to cover the neighboring samples from the
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Figure 2.6: Performance of “Symmetric dissimilarity” foiffdrent “Fixed-
number” recommendation in terms of MRR scores.

same class as far as possible to maximize the capture of thenwiass sample
distribution information for each sample. Thus, it is nesag to concern the re-
lationship between the “Fixed-numbet’and the sample number of each person.
Further, though the rank order lists contain the people éncibrpus, there is no
indicator of a relationship between the “Fixed-numberdnd the number of the
people in the corpus for producing a most discriminativert@yetric dissimilari-
ty”. This claim has been demonstrated by the experimengalt&on the datasets
of different class sizes and class numbers in Figure 2.6 fudnich, we can see
the relationship between the “Fixed-number'and the sample number of each
person rather than the number of the people in the corpus.

Note that, the discussion and recommendation of the “Fingdber” param-
eter setting are within the scope of our examined data.

Trade-off Parameter

Trade-off parameteh plays a role in balancing “Symmetric dissimilarity” and
“Asymmetric dissimilarity” for PCNNM in the OMRR metric spa. We conduct-
ed experiments on VIPeR, ETHX2, ETHZ N8, ETHZN16, and i-LIDSN2 us-
ing the recommended “Fixed-number” setting to discuss Hwwiumber of im-
ages per person influences “Symmetric dissimilarity” andy#metric dissim-
ilarity”, and possibly to clarify the characteristics ofyi®metric dissimilarity”
and “Asymmetric dissimilarity” for different class sizes.
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Our results are described by MRR in Table 2.1. Note that whemumber of
images per person is small, there is not enough commonrngginbor informa-
tion to differentiate the contributions of “Symmetric dredarity” and “Asym-
metric dissimilarity” to the overall performance of PCNNMs the number of
images per person increases, the superior competence iigiric dissimilari-
ty” to "Asymmetric dissimilarity” becomes clearer. Fromghesult, we conclude
that the number of images per person should directly imecselection of in
PCNNM, favoring “Symmetric dissimilarity” for higher nunebs of images.

Table 2.1: Performance of PCNNM for different trade-offgraeter settings and
different numbers of images per person in terms of MRR so@#9s

A VIPeR | ETHZN2 | ETHZN8 | ETHZ.N16 | i-LIDS_N2
0.001 | 34.53 | 86.40 88.70 87.11 47.01
0.01 | 34.53 | 86.40 88.72 87.12 47.01
0.1 34.58 86.42 88.75 87.05 47.03
1 34.86| 86.86 88.47 86.75 47.73
10 | 33.90 | 86.73 86.95 85.32 47.06
100 | 33.48 | 86.38 86.04 84.36 46.98
1000 | 33.46 | 86.38 86.01 84.24 46.98

We justified this assertion using the original VIPeR, ETHETHZ2, ETHZ3,
and i-LIDS datasets, which have approximately averages 6, 40, 60, and4
images per person, respectively. Experimental resultsieseribed by MRR in
Table 2.2. Note that PCNNM in the metric space learned by ONBfRorms best
on VIPeR whem\ = 1, on ETHZ when\ = 0, and on i-LIDS whem\ = 0.1.

Indeed, results suggest that the number of images per pesrdwnonly factor
that significantly influences the performance of “Symmaedigsimilarity”. As is
well known, VIPeR has an extremely small sample size but ¢ gemplicated
data distribution, such that when = 17, there are no near neighbors available in
“Symmetric dissimilarity”, weakening it relative to “Asymetric dissimilarity”.

PCNNM works best when “Symmetric dissimilarity” does noédeo collabo-
rate with “Asymmetric dissimilarity” in the cases of datesseTHZ1, ETHZ2, and
ETHZ3 (A = 0). This validates the performance of common-near-neighijor-
mation measurement using “Symmetric dissimilarity” fosesin which the num-
ber of images per person is large enough. PCNNM shows itswalyes clearly as
well when processing the i-LIDS dataset, with its small nemtif diverse images
per person. By using "“Asymmetric dissimilarity” to tacklgetasymmetric rank-
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Table 2.2: Performance of PCNNM against different benclrdatasets for dif-
ferent trade-off parameter settings in terms of MRR sca¥&s (
A | VIPeR | ETHZ1 | ETHZ2 | ETHZ3 | i-LIDS

0 34.52 | 86.06 | 89.04 | 97.73 | 51.55
0.001 | 34.53 | 86.06 | 89.04 | 97.73 | 51.57
0.01 | 34.53 | 86.05 | 89.03 | 97.72 | 51.60
0.1 | 34.58 | 85.97 | 88.97 | 97.64 | 51.71
1 34.86| 84.98 | 88.17 | 96.57 | 51.68
10 33.90 | 82.33 | 85.89 | 93.30 | 49.78
100 | 33.48 | 80.74 | 84.06 | 92.05 | 48.80
1000 | 33.46 | 80.52 | 83.94 | 91.94 | 49.68
o0 32.76 | 80.45 | 83.85 | 91.83 | 48.22

ing problem, PCNNM can still perform robustly against thimllenging dataset.

Note that, the recommendation of the trade-off parameténges within the
scope of our examined data.

2.3.3 Method Demonstration
Metric Space Selection

To verify the suitability of metric space selection, we tB&NNM in different
comparable metric spaces, including Euclidean metricesp@DALF metric s-
pace, LMNN metric space, and OMRR metric space. Here, campWHSV
and DSCH has been proved more effective than original SDALH, [so the S-
DALF metric space is here generalized to indicate measudisgnce between
suitable feature representations with the Bhattacharygtaien

From the results shown in Figure 2.7(a), we can see that, GNM, the
metric space projected by OMRR significantly outperformseotmetric spaces
on different datasets. Further, note that, in a metric speaened by LMNN,
which aims at optimizing a metric space for classificatiothea than ranking,
PCNNM does not work well. This clearly verifies the importard metric space
selection.
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datasets.
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Modeling Validation

To assess and validate the superiority of PCNNM, we comparigh its analogue
Zhu et al.s Rank-Order distance modeling in their Euclidspace. For fairness,
we use the same feature representation WHSV+DSCH for PCNNMZau et
al’s modeling. We also tentatively evaluate their modglimo the metric space
learned by OMRR.

From the results shown in Figure 2.7(b), we see that, forghed of human
re-identification, our modeling is more effective than Zhuak's even in their
Euclidean metric space. Moreover, note that, as expettedyétric space learned
by OMRR provides a platform for better performance of Zhulé& Rank-Order
distance than the Euclidean metric space. This is becaudeFOs&Nn optimize
list-wise ranking, and Zhu et al.'s Rank-Order distanceaisdal on rank order lists
as well.

Method Evaluation

We also compare our PCNNA method to related state-of-thevathods, includ-
ing SDALF [11, 2], LMNN [46], OMRR [51], KISSME [23], and RDC5P].
Here, PCNNA uses the recommended parameter-settings (ReR/\ = 1,
n = 1; for ETHZ1, A = 0, n = 30; for ETHZ2, A\ = 0, n = 20; for ETHZ3,
A =0,n=30;fori-LIDS, A = 0.1, n = 2).

From the results in Figure 2.7(c), it can be seen that PCNMAyd remark-
ably distances the runner-ups, while the performances abitnpetitors fluctuate
across different datasets. Actually, human images in thesssets suffer from
pose variations, illumination changes, viewpoint alters, occlusions, and so
forth, as shown in Figure 1.5. From the experimental reswts can see PC-
NNA is more robust than other methods to the real-world emgés of human
re-identification.

2.4 Summary

This chapter has proposed a novel method, PCNNA, to delneeffectiveness
of the well-distributed samples to the badly distributedaples for single-shot
human re-identification. In PCNNA, a new dissimilarity PCMNs designed
to exploit the point-level common-near-neighbor inforratin a discriminative
metric space learned by OMRR. Advantages of this method @reelout by ex-
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Point-level Common-Near-Neighbor Information

perimentation on diverse datasets. Finally, for bettereustdnding PCNNA, we
append the framework of it in Figure 2.8.
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Figure 2.8: The figure illustrates the whole framework of &N The first row
show the training stage. OMRR is implemented on the traifingan image
samples to obtain a discriminative metric space. The seaaddhird rows dis-
play the testing stage. In the second row, the rank ordeslsdlculated for each
sample in the projected space. Then, in the third row, PCNNBdimhilarity is
measured between the testing human image samples.
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Chapter 3

Strengthened Metric Space

3.1 Introduction

Chapter 2 has proposed the PCNNA method, which studies thelpeel common-
near-neighbor information by PCNNM in a learned metric gpatlsually, the
sufficient number of samples for each person is necessatiida@atisfactory per-
formance of PCNNM. However, in the real world, we may not ble &b acquire
enough samples. The specific and challenging single-shosinglle-shot case
more or less limits the performance of this method.

Recognizing that the discriminative metric space can &aiNNM, we sug-
gest using the strengthened metric space to compensateefangufficiency of
class samples during the single-shot vs. single-shotartification. This chapter
will propose two novel methods, “Coupled Metric LearningMD” and “Point-
level Common-Near-Neighbor Metric Learning (PCNNML)”, strengthen the
metric space for PCNNM. CML takes advantage of the compléanigy between
MCML and MLR. This method de-noises the original featurecgpasing a learned
linear projection from MCML to provide a good platform foretfiurther metric
optimization by MLR. PCNNML directly optimizes the neighih@od-wise com-
parison relationship between sample points. This methoorporates the con-
straints of the PCNNM dissimilarity comparison into MLR, as to accord the
training stage with the testing stage.
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3.2 Coupled Metric Learning

The notion of distance is fundamental for many data miniraginme learning al-
gorithms. Traditionally, the metric matrix for measurinigtdnce has been spec-
ified by an a priori assignment. However, metric learning bagizes that the
distance measurement should be learnt from training data.

Dimensional reduction techniques, which exploit the endloegl of data, can
be categorized as unsupervised metric learning methodsasi®CA, Regular-
ized LDA, and so on. Supervised metric learning methodd) ssdnformation-
Theoretic Metric Learning [7] and Cosine Similarity Mettiearning [35], utilize
objective functions and constraints to optimize the distameasurement. Al-
though these methods have not been directly applied to shue isf human re-
identification, they appear to have some potential in thid.fild/hen we treat the
features of person images as high-dimensional points,eiduaéd Mahalanobis
metric matrix is able to map them into a new space to improe ihtra-class
compactness and inter-class separation.

LMNN [46] has already been introduced to address the issumiofan re-
identification, and it was shown that optimizing a metriccg#or ranking is more
effective than optimizing a metric space for classificatidren the sample class
size is small [51]. A satisfactory ranking space expectsrih@-class distances
of all samples to be smaller than the inter-class distanldé® is based on such
an intuitive concept, and OMRR is an application of MLR to greblem of re-
identification. It uses a structural SVM framework to opzeithe Mahalanobis
metric matrix for ranking, paying heed to the design of thesltunction.

The performance of MLR is more or less determined by the feakpresenta-
tion and sample class size. Therefore, the main idea of aposed CML method
is that, before metric learning, some projective spacetisngily searched for the
original feature representation by another metric legymrethod. We will show
that MCML could provide a good platform for ranking optimizan by MLR. It
will be also shown that these two metric learning methodsirafact different,
with a degree of complementary abilities, and their comiiamacould ensure a
better performance.

3.2.1 Metric Learning to Rank

The framework of MLR has been given by Equation 2.11. In psacfor a fixed

w, the rankingy/""9 which maximizesw "4 (q, y2™"9, X') is obained by sim-

ply sorting the scorey,(r,) = w'dy(z,,q) in a descending order [33, 51].
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L

by = —(q—4)(q—2z,)" is akind of matric representation that characterizes the
relationship between the query sampland the corpus sample,;. It is obvious
that ¢,, describes the differential information for each sample pad contains
the information about one sample relative to the other. hddfy if such a ma-
trix holds pair-wise information about samples in the satass; we name it the
“intra-class representation”, and if it describes paisevinformation on samples
from different classes, we name it the “inter-class repreg®n”. It is reasonable
to expect that the representations are of sufficient qudlityng metric learning
by MLR. Considering the property @f;;(z,;, ¢), it is natural to require that sam-
ples of the same class should stay as close to each othersaslpaghile samples
from different classes should remain far away from one atotRertainly, and
notably, such a requirement is sufficient but not necessarproviding a good
bqi(z4i, q). There may be other ways to improyg(z,;, ¢), like designing a capa-
ble original feature space. But it is quite difficult for theatlenging real-scenario
human images, and the heuristic and subjectivity duringgdésy process will
unfortunately be delivered to,;(x,, ¢). Hence, we recommend learning a suit-
able projection with respect to the original feature space.

MLR learns a discrimiative space for original features blasa the struc-
tural SVM framework. Although MLR has advantage in dealinghvthe high-
dimension small-sample problem, yet the real-world cimgieeof human image
data and the limited sample class size may more or less limpawer. Ac-
cordingly, we resort to some other auxiliary projection@ehes to improve the
space for MLR. This improved space is expected to have theegpirpthat samples
in the same class stay close to each other and samples friaredifclasses are
kept far apart. Undoubtedly, MCML [13] coincides with suelguirements. How-
ever, it is difficult to directly apply MCML for space projech. So we simplify
the projection into a linear form and take advantage of tteagwosed property
of learned the metric matrix. Supposes the feature point, and/ is the metric
matrix learned by MCML. Sincé/ can be decomposed a$ = MdTechec,_ the
linear projection can be expressedidyt) = Mgesr. Thus, the projecte(ﬂgf‘em"j
is presented as:

SR = (hlg) = hlwg)) (h(g) = hlg)
= —(Maect — Maectqi)(Maect — Maestqi) '
= —(Maec(q — 24i))(Maec(q — l’qz’))T- (3.1)

ojected

In Equation 3.1 Mgec Will be competent to make the projecté@{ more rep-
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resentative for learning the metric by MLR.

3.2.2 Maximally Collapsing Metric Learning

MCML relies on the geometric intuition that all points in teame class should
be mapped to a single location in the feature space and altgioi other classes
should be mapped to other locations. Basically, MCML olsta@rcompact low-
dimensional feature representation of the original injpaice [13].
MCML uses Kullback-Leibler divergence in the objective ¢tion to make
intra-class distances as small as zero and inter-classdes as large as infinite.
Given some labeled samples, y/2°®), wherer; € R™ andy®*® ¢ {1, ..., H},

2

the distance between any different points indexed &yd; can be defined as:

whereM is a PSD matrix.

To learn a metric that approximates the ideal geometridtioty for each
training point, a conditional distribution over other pisirhas been introduced.
Specifically, for eacly;, a conditional distribution over any othey, wherej # i,
is defined as:

M M
e i e i

= Wi
Z Zk;ﬁi e~ %k

where;j means any sample other tharrhe framework of MCML is as below:

argmnin > | KL(Po(j]0) [P (j11)) (3.4)

PM(j]i) = j# i (3.3)

s.t.
M € PSD, (3.5)

whereZ is the normalizing factor, an&*(j|i) takes a pseudo-probabilistic form
to describe the conditional distribution over point&;(j|:) is the ideal bi-level
distribution as in Equation 3.6. If all points in the samesslavere mapped to a
single point and infinitely far from points in different ckess, we would have the
ideal bi-level distribution:

label label,
1 ) yz = y] )

3.6
0, yiabel # y}abell ( )

Po(j‘i) = {
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In the optimizing process, at each iteration, MCML takes alsstep in the
direction of the negative gradient of the objective functithen the MCML metric
is projected back onto the PSD cone by taking the eigen deasitigmn of A/ and
substituting zero for the components with negative eige@s]13].

MCML can perform a dimensional reduction by spectral decositpn. The
eigen decomposition of a metric matiX can be written as:

ro
M = Z )\hUhU;;r, (37)

h=1

wherer is the number of eigenvalues, is the eigenvalues a¥/, andv,, is the
corresponding eigenvectors. The mattixthat has less than full rank can be used
to measure the Mahalanobis distance based on the low-diomahgrojection.
The reduced dimensiafy can be determined a priori. Hence, we can then select
the largest, eigenvalues and their eigenvectors to obtain the low-raojeption
matrix:

Mproj = diag(\/x7 ...\/Xto)[vlT; o v;] (3.8)

Generally speaking, the low-dimensional space projecsioiot guaranteed to
be the same as the projection corresponding to minimiziegtjective function
of MCML, subject to a rank constraint on the optimal metrictrixa unless the
rank of the optimal metric matrix is less than or equalitoHowever, as demon-
strated in [13], for practical problems, it is often the c#sat the optimal metric
matrix has an eigen-spectrum which is rapidly decayinghabrhany of its eigen-
values are indeed very small. This suggests the low rankisolwill be close to
optimal. So the projection matriX/,; can be used to map the original space
to a new low-dimensional space for intra-class compactagseell as inter-class
separation.

Usually, the reduce dimensidgp can be determined a-priori. Althoughis
determined by heuristic, we need to avoid the casetghattoo large or too small.
If ¢y is too large, the new feature space of the reduced dimensilbtevtoo
noisy. Ifty is too small, the new feature space of the reduced dimensibhev
too sensitive. Both cases will damage the effect of intes€lcompactness and
inter-class separation. Here, we sugdgs$t be approximat&80% to 100% of the
original feature dimension.
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3.2.3 Modeling Justification

We have discussed that MCML may construct a linear projecpace that is
beneficial to MLR.

Specially, this implies that the modeling performance ofICdéuld outstrip
that of MLR. We denote this by “MCML+MLR> ¢ MLR”. (Here, >, means
the former performs better than the latter. Similarly, ia tbllowing, <get means
the latter performs better than the formepes means the former performs almost
the same as the latter,,,s means the former performs no worse than the latter,
and<,e means the latter performs no worse than the former.)

To further highlight the advantages of MCML+MLR, in this §ea, we com-
pare it with other modeling choices by discussing the reseihip between MCML
and MLR.

Analysis of CML

It is impossible to give a direct, mathematical proof for superiority of MCM-
L+MLR due to the difficulty of unifying MCML and MLR into a sirlg optimized
framework. Alternatively, we will provide evidence of therefits of coupling
MCML and MLR based on their complementarity, which meansM@mL con-
tributes towards MLR learning a more satisfactory space.

The role of MCML in CML can be understood from the point of vieiwnoise
reduction. Low-dimensional space projection by MCML has éfffectiveness of
data de-noising which coincides with MLR’s target.

Traditionally, PCA is widely used to find low-dimensional eedding for de-
noising before supervised learning. Although it has a similinctionality as
MCML, PCA does not have the discriminative ability as thaMEML, and the
space mapping given by it is not guaranteed to improve tHepeance of MLR.

The objective of MLR is that the distance between the sampléise same
class should be smaller than that between the samples fifteredit classes.

In the ideal case, when MCML meets its target perfectly, Mi&bjective will
also be indirectly and perfectly achieved, because intassaistances will all be
zero and inter-class distances will all be infinite. Henogeaneral, MCML works
in the same direction as MLR.

Although, in the real world, it is impossible to obtain idelalta for MCML or
MLR, it is intuitive that, if samples from the same class lbreeocloser together
and samples from different classes become farther awail| ieveasier for MLR
to make intra-class distances smaller than inter-clasardiss.
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Therefore, MCML is able to contribute towards MLR learninghare satis-
factory space, namely “MCML+MLR>,es MLR”. If all the contributions from
MCML is redundant to MLR which is very unlikely to happen, aast we can get
‘MCML+MLR =pet MLR”. However, it has never appeared in our experimental
results to be presented later.

Comparison with Other Modeling Choices

We will compare MCML+MLR with other modeling choices for CMincluding
MLR+MLR, MCML+MCML, and MLR+MCML, where the “+” sign denote
a strict “left-to-right” order (i.e., MLR maps the originapace to a new linear
projective space for further optimization by MCML).

One simple and direct reason to reject MLR+MLR and MCML+MCNAL
that the Mahalanobis metric learned by MLR has a unique ieolgfiven certain
training samples, and so does MCML. Therefore, from a peréoice perspective,
“MLR+MLR =, MLR” and “MCML+MCML = MCML".

A more in-depth explanation is required for rejecting MLREML, or indeed
for not simply implementing MCML.

It is easy to discern the similarity between MCML and MLR. @iusly, both
use a convex optimization framework to learn a Mahalanoletim The key
difference is that, MCML forces intra-class distances tabm and inter-class
distances to be infinite. MCML aims to minimize the sum of thesl function for
intra-class distances to be zero and inter-class distdndes infinite, described
by Kullback-Leibler divergence. It is a kind of dipolar bate between intra-
class distances and inter-class distances. Therefore, MGl seek to balance
the compactness of samples in the same class and the sepéktiveen samples
from different classes. Undoubtedly, an optimal comboratf intra-class com-
pactness and inter-class separation will be the most béaidéc classification.

On the contrary, MLR concerns the relative relationshipMeein samples in
the same class and samples from different classes. It fartresclass distances
to be smaller than inter-class distances for all sampleg;hwis different from
the dipolar balance addressed by MCML. Optimizing the idatomparison be-
tween intra-class distances and inter-class distancébewlonducive to ranking,
because it matches the requirement of a good ranking: givguregy, samples
within a corpus from the same class as the query have smatandes than sam-
ples from different classes.

With an ideal MCML metric, all intra-class distances will bero and all inter-
class distances will be infinite. Thus, the inter-classadisés will definitely be
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larger than the intra-class distances, so the optimizatioalative distance com-
parison can also be achieved. Nevertheless, in real cégedata distribution is
complex due to small between-class but large within-clasgtions, especially
in the case of an extremely small sample class size, as dsgus this chapter.
There is the possibility that MCML will sacrifice the relagicomparison between
intra-class distances and inter-class distances to nueiits own objective func-
tion.

To illustrate this, we give an example, in which the dipolaldmce addressed
by MCML may impair the relative comparison between intrassl distances and
inter-class distances. An illustration is shown in Figurk 3

Consider the layout of three points in a two-dimensionaktepahe scaling
of axes by the metric matrix is simplified in two orthogonameinsions, with
(u,v) denoting the scaling parameters. The two poindésd ; are in the same
class, marked by the same color, and pdins from a different class, marked
by a different color. Withi assigned as the query, we can see that the intra-class
distance is initially smaller than the inter-class dis@nc

0 (a,0) (¢,0) 0 (ua,0) (uc,0)
(a) (b)

Figure 3.1: Exemplar to show the dipolar balance addresge®ML may
impair the relative comparison between intra-class degarand inter-class dis-
tances. Sample classes are distinguished by color.

As mentioned in [13], the objective function of the optintioa framework
described by Equation 3.4 is convex in matkikx Equation 3.4 can be re-written
as:

. . Po(gli)
arg min ; Py(jli) log PA(i) (3.9
In order to seek\V/ to optimize Equation 3.9, the constant part can be ig-

nored and the part containing/ should be maintainedP, (i) log 744 =
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Po(j]i)(log Po(j|i) — log PY(jli)) = Po(jli) log Po(jli) — Po(jli)log PY(jli),
which shows that these terms are an additive constant andipanultiplica-
tive constant with respect te log P*(j|i) and thus can be ignored. Therefore,
minimizing Equation 3.9 is equivalent to minimizirfgA/) as below:

FMy=— Y WmPY(liy= > df+> InZ. (3.10)

;.. label_, label . ., label_, label
L23Y =Y LYy =Yy

In each step, the metric scaling parameters will be adjustesimulate the
decrease of Equation 3.10. If the example appears to acthievdipolar bal-
ance at the expense of the relative comparison betweendiaisa distances and
inter-class distances, the following system of inequesitivill have a non-empty
solution set for: andw.

(a2+b2+a2+b2+ln(6_(“2+b2) +e—c2) +ln(e—(a2+b2)+
e (D) 5 (ua)? + (vb)? + (ua)? + (vb)*+
In(e((al+(0)?) | o= ((ue—ua+@wh)?)y

In (e~ ((@a*+(W0)) 4 o=(ue)®y,

)

2

a+ b <c ; (3.11)
a®+ b < (c—a)® + b
(ua)? + (vb)* > (uc)?;
u > 0;
v > 0;
v+u > 0.

\

In this system, the first inequality means that in each ca@erese step, after
scaling, the value of the objective function is smaller tivathe previous step.
The second and third inequalities describe the initiakdise relationship among
the three points, and the fourth describes the impairmetiteofelative distance
comparison after scaling by the metric matrix. The fifth tlsjxand seventh in-
equalities are the constraintsofandv. v andv cannot be zero simultaneously,
because this would imply that the metric matrix of MCML is thexro matrix, at
which point MCML loses its meaning.

To prove the existence of a non-empty solution set«f@nd v, we do not
require all of the analytical solutions for the system ofgualities. Instead, we
focus on the caséua)? + (vb)? = (uc)?, because this is the critical condition of
the system of inequalities. We can then obtain 0, and thus
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—c24q24p2 —c2 ac)_ _
{(u,v)|0 <u< \/ln Hrer? ;22(35 2y = \/W}. In order to

. . 762+a2+b2 702+2ac _
ensure the solution set is not empty, we Séf J(te =2 5 1, and

2e—c2+2ac
then acquirg’ —20¢ 4 @* 0" ~2ac 4 o=c*+a®+0* - 3 According to the property of
inequalities that the arithmetic mean is greater than tloenggric mean, and con-
sidering other inequalities, we use the amplification andification method to
obtain the conditions fod, b andc asv/a? + 8% < ¢ < &, where0 < a < L.
This proves the fact that dipolar balance may be minimizedeaexpense of rel-
ative comparison between intra-class distances andcfdass-distances. In other
words, MCML may impair the ranking to optimize its own objeetfunction.
Therefore, MCML is not equivalent to MLR, and cannot repl&eR. If we
force MCML to perform the ranking directly, it is not guaraet that we will ob-
tain the optimum ranking results, though there is some piateior this. Hence,
unlike “MCML+MLR”, “MLR+MCML" is likely to be no better thanMLR itself,
i.e., “"MLR+MCML <ge MLR".

Therefore, the proposed MCML+MLR is the most reasonablécehand can-
not be replaced by other model forms such as MLR+MCML, MLR+R/land
MCML+MCML.

Conclusively, MCML and MLR have their own strengths. MCMLtiopizes
the metric for classification and MLR optimizes the metric fanking, and one
cannot replace the other’s role. Nevertheless, in a senisethis difference be-
tween MCML and MLR that offers the space for their compleragty and co-
operation. MCML+MLR is the best choice for exploring thiswplementarity.

3.2.4 Experiments and Results
Experimental Setup

We demonstrate the effectiveness of our method on on of tts rapresentative
public benchmark datasets for single-shot vs. single+ghmtentification: VIPeR
[15].

We use all of the people in each dataset. We normalize alleéssmi8 x 128
pixels, then randomly halve each dataset into training dathtesting data. We
repeat thisl0 times for cross-validation and average the results foruatein.
The experimental results are illustrated by CMC curves. damh person, we
randomly select two images, one as the query image and tiee atithe corpus
image, in both the training and testing stages. Each timeisgehe same selected
data for comparing the methods.
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According to current research, local color statisticalcdiggors perform re-
markably well for human re-identification. As each dataset its own charac-
teristics, we propose the most suitable feature represemt®r each set on an
individual basis.

VIPeR is distinguished by its large viewpoint, illuminatioand pose vari-
ations. Hence, it is reasonable to explore the local colatissical descriptors
by considering the human-body-structure information. W&mmend the con-
catenation of WHSV [11, 51] and DSCH [8, 51], denoted by “WH®ECH".
DSCH are able to deal with illumination variations and osabm due to their
dense sampling of the cells that contain the local colorssiedl description of
human body appearance. WHSV has the merit of dealing witiwpaat and
pose changes because it not only makes use of global cotwmation, but also
takes symmetric and asymmetric properties of the human imbolgonsideration.

Result Analysis

We compare the proposed CML method with both the related odstland the
state-of-the-art to demonstrate the effectiveness andrsujy of our model.
These methods include SDALF, OMRR, MCML, MLR+MCML, and RDC.

As a representative method that can deal with single-shasingle-shot hu-
man re-identification, the SDALF compared in our experiménnot exactly the
original one. SDALF is generalized to indicate a direct rhatg by the most suit-
able feature representation measured with the Bhattaghanetric. Although
SDALF is not a learning-based approach, it uses the samarésads those in our
method, and thus this pure matching based method is valt@bdemonstrating
the effectiveness of our learning based algorithm.

Besides OMRR and MCML, the MLR+MCML alternative is also atipto
validate the reasoning behind our proposed CML modelingnédation. RDC is
a state-of-the-art method which focuses on learning allelimetric based on the
novel relative distance comparison modeling and has aefliemcouraging results
compared with other metric learning methods for human esification. Here,
we use the original code of RDC model provided by the authargdmparison
[59].

Although OMRR and RDC can work on single-shot human re-idfieation,
they actually use multiple images per-person in the trgi@ind testing stages if
possible [59, 51] (except on the VIPeR dataset), whereaprihigosed method
CML focuses on single-shot vs. single-shot, using ahignages per person for
both training and testing. Fewer training samples will méke problem more
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Figure 3.2: CMC performance comparison on the VIPeR dataset

challenging.

In fact, single-shot vs. single-shot re-identificationdgro be sensitive to
the selected human image data, and thus, almost all theswuincluding CM-
L, to the single-shot vs. single-shot re-identificatiorussnay suffer from this
headaching difficulty. However, even so, this cannot deay#iue of these meth-
ods. So, more strictly, we can say CML has its statisticabathge in the consid-
ered scale, and this advantage has been comparatively eaatigyrconfirmed by
the representative single-shot vs. single-shot datasegR/, as shown in Figure
3.2.

In the beginning of this chapter, we have mentioned discrative metric s-
pace can avail PCNNM. We expect to know whether the strengtheetric space
can increase the performance of PCNNM, and thus compensatbd insuffi-
ciency of class samples during the single-shot vs. singbe-sase. Therefore,
we conduct related experiments and check the results ird-§3. For this fig-
ure, we can see, CML+PCNNM wins CML, but loses to MLR+PCNNMsly;
generally they are well-matched. This means, though CMLpnagided a more
discriminative space, the strengthened metric space ddagrely enhance the
performance of PCNNM. Then, a new problem is brought out: twmeiffectively
use strengthened metric space to tap the potential of PCNhé single-shot
vs. single-shot case.
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Method Comparison on VIPeR (CMC)
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Figure 3.3: CMC performance comparison on the VIPeR dataset

3.3 Point-level Common-Near-Neighbor Metric Learn-
ing

The single-shot vs. single-shot case is specific and clwafigrior re-identification,
CML strengthens the metric space by using MCML to assist ONdR$xd on their
complementarity, however, such strengthening has nottkag to the substan-
tial performance increment for PCNNM. The bottleneck setmeise from the
pipeline formulation of OMRR and PCNNM. We resort to PCNNM ihgorpo-
rating the neighborhood information to overcome the vidbéity of Euclidean
distance. The objective of OMRR is in essence to improve tidilean distance
by a learned Mahalanobis metric. Though OMRR can de-noeskdtiwise rank-
ings that will ameliorate rank-order-list-based PCNNMs tibjective of OMRR
is not exactly the same as PCNNM dissimilarity measure, iwtieviates from the
universal faith of consistency between training and tgsfm learning strategies,
and this inconsistency may narrow down the re-identificegierformance.
Aimed at inheriting the merits of OMRR and PCNNM, and simoéaus-
ly overcoming their imperfections, this chapter proposesoeel metric learn-
ing method, “Point-level Common-Near-Neighbor Metric traag (PCNNML)”,
which directly optimizes the PCNNM dissimilarity so as tccad the training
stage with the testing stage. PCNNML considers the neididmat-wise com-
parison relationship between samples, thus breaks thaidread metric learn-
ing that solely considers the point-wise comparison refetip. Experiments
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on widely-used benchmark dataset exhibit that PCNNML eds€2MRR, PCN-
NA, and CML+PCNNM under a unified evaluation setting for tiregge-shot vs.
single-shot case.

3.3.1 Method Elaboration
Conventional Metric Learning

Reviewing the metric learning approaches, we can start wgthg Mahalanobis
metric matrixw to adapt the measurement of Euclidean distance, denoted by

Dy (23, 75) = (v — x5) "w(; — x5), (3.12)

wherez; andzx; are two samples, and is the Mahalanobis metric matrix. Since
the matrixw is PSD, it can be decomposed into= L' L. Hence, an equivalent
variant can be reformulated as:

DL(.I'Z',.I'J‘) = (ZL‘z — l’j)TLTL(ZL‘i — l’j), (313)
= (L(xi — ;) L(zi — ),

The decomposed metric matrixcan project the original feature space onto
the new one by scaling the coordinates to correct for cdrogldbetween sample
vectors. In this new space, we can conveniently measureubkdgan distance
between samples still.

Recently, metric learning has become an active researat frmppredicting
structured outputs, which is a common demand in many redicappns. OMRR
is a typical exemplar to adjust the space by learned Mahhblalmetric matrix to
output the expectative permutations/ ordering of items.

Point-level Common-Near-Neighbor Metric Learning

In OMRR, the rankingy/2"“"? that maximizesw "¢ (¢, y2™"9 X) is obained by
simply sorting the score,,(r,) = w' ¢y (2,4, q) in a descending order [33]. If
the ranking ability ofy,, is improved, the better performance of OMRR will have.
Sinceg, (x4, ¢) encodes the point-to-point relationship between samphedly-
distributed samples, which can be traced back the to noisyatdlected from the
real scenario, becomes a burden to OMRR. Though OMRR ainmwag these

problems by learning a capable metric, the small samplarsite single-shot vs.
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single-shot re-identification case will more or less limisspower. This is also
the reason CML seeks for a suitable and discriminatory ptige by MCML to
de-noise the space for MLR.

Neighborhood information provides an effective way foeaiating the sen-
sitivity of metric learning. By delivering the effectives® of the well-distributed
sample points to the badly-distributed ones, PCNNM takgarmidge of the neigh-
borhood information and has been proved effective evenhfersingle-shot vs.
singe-shot case. This dissimilarity consists of a symmé&im and an asym-
metric term combined by the function in Equation 2.4. PCNNa4 been fully
discussed in Chapter 2, so we are not going to detail it here.

One the one hand, encapsulating the neighborhood infawmatio metric
learning may help overcome the sensitivity of point-wisstaiice metric learn-
ing and thus strengthen the learned metric space. One tke lzdind, when the
metric training stage is consistent with the PCNNM dissamity testing stage,
the learned metric space will especially be suitable forSB&INM dissimilarity
measurement, and thus a substantial performance improndéareSCNNM can
be anticipated. By addressing the relative comparisondmtwintra-class SCN-
NM dissimilarities and inter-class SCNNM dissimilaritiedien optimizing the
Mahalanobis distance, we plan to embed PCNNM into the MLRv&aork.

However, PCNNM dissimilarity cannot be expressed into timaty opera-
tion of two feature vectors straightforwardly. To solvesthive take advantage of
the decomposed property of Mahalanobis metric matrix teriasg,, implicitly
instead of explicitly, rephrased by

gPeNNM — DPCNNM T Lb). (3.14)

It is similar to the kernel tricks if?“"NM is viewed as the kernel function.
With it, we can learn the metric space based on PCNNM disaiityl This metric
learning method is named “PCNNML”.

For inference, PCNNML iterates the stage of learning therimatatrix, de-
composing the metric matrix, mapping the feature spacesunizey the PCNNM
dissimilarity before convergence.

3.3.2 Experiments and Results

Experiments have been set up following the universal evialug@rotocol in [11].
The results are drawn by the CMC curves in Figure 3.4. Corapasi to relat-
ed competitors OMRR, PCNNA, and CML+PCNNM are provided oa thal-
lenging, representative, and popular VIPeR dataset inahedeature space of
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WHSV+DSCH, which have clearly demonstrated the supeyiofiour proposed
method PCNNML in this chapter.

Method Comparison on VIPeR (CMC)
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Figure 3.4: Method comparison for PCNNML.

3.4 Summary

In this chapter, we have proposed two novel methods, CML a@NNML, to
obatin the strengthened metric space for single-shot vsglesshot human re-
identification. CML uses MCML to de-noise the feature spaceMLR based on
their complementarity. Experimental results have verifiedsuperiority of CML
to strengthen the metric space. However, CML doesn’t seert@sdely enhance
the performance of PCNNM. PCNNML incorporates the constsaof PCNNM
dissimilarity comparison into MLR to ensure a well consistgbetween training
and testing. Experimental results have shown PCNNML oédpais PCNNA by
a large margin. Accordingly, we can conclude that suitabigrgthened metric
space will help increase the performance of PCNNM. Finailg, provide the
illustration of CML and PCNNML in Figure 3.5.



Summary 55

‘\:‘0 Training
|

Q
Maximally (1//{1/ sin; ‘I(Y ric Learnin, » ‘ |I|
¥ I
\z —o ’\. n ~* 1 2
N e

/ . Metric Learning to Rank

RN

Testing

AYENO

Metric Optimization Matrix Decomposition

SO o N N
2

PCNNM Measure Space Projection

Figure 3.5: The upper part illustrates the framework of CWhe metrics are con-

secutively learned by MCML and MLR, and then used for projgrthe testing
samples. The lower part illustrates the training stage dfREL. In each itera-

tion before convergence, the learned metric matrix is deos®d to project the
training samples into a discriminative space where theiiokass and inter-class
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Chapter 4

Set-level Common-Near-Neighbor
Information

4.1 Introduction

Chapter 2 and 3 have studied the direction of single-shoamu@-identification.
From this chapter, we start to study the direction of mudtiphot human re-
identification. In this direction, for each identity, themee multiple images ac-
quired from the same camera collected as one set. The tdrgetlople-shot
re-identification is to match these sets between camerdferé&nt than the point
based matching in the single-shot case, the set based m@tes more resources
whilst challenges due to the availability and variabilifywgthin-set distribution
information.

This chapter will propose two novel methods, “Riemannianl&el Common-
Near-Neighbor Modeling (RSCNNM)” and “Bi-level Relativefbormation Anal-
ysis (BRIA)". In these methods, “Set-level Common-Neatigeor Modeling
(SCNNM)” is designed to exploit the set-level common-neaighbor informa-
tion in the feature spaces projected by MRCG and TPCR, réspgc MRCG can
condense human image sets into representative imaginaris po the Rieman-
nian space, and TPCR can compact the human image sets tesldpFentruders
and outliers in the Hilbert space. Both of them provide treediminative spaces
which are suitable for SCNNM to deliver the effectivenesthefwell-distributed
sets to the badly-distributed ones.
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4.2 Set-level Common-Near-Neighbor Modeling

In this chapter, we recast the human re-identification gnobinto a set based
ranking problem that depends on set-to-set dissimilari@asared by SCNNM.
SCNNM is extended from PCNNM. Accordingly, in order to pnes8CNNM, it
is necessary to describe PCNNM beforehand.

In Chapter 2, PCNNM has been proven to be effective to deal thé single-
shot human re-identification problem. Based on the expeatasing those well-
distributed samples to help improve those badly-distabigamples in a discrim-
inative space, PCNNM explores the neighborhood structomgparison informa-
tion to further make intra-class dissimilarities smallegirt inter-class dissimilar-
ities for all samples. As the core part, PCNNM is composecdhefdymmetric
dissimilarity and the asymmetric dissimilarity, as exjgezsin Equation 2.4.

However, this method operates on the sample level and igmasifor the
target of single-shot human re-identification, which is mulifferent from the
multiple-shot case [11]. Though it's possible to directpply it to multiple-shot
problems, it is undesirable to do so. If we transform the iplgtshot problem
into a single-shot problem to solve, both efficiency andatifeness will be low.
From the efficiency perspective, because the dissimil@etyveen each pair of
samples is required to measure in this case, when the samplben increases
in each set, the computation will be combinatorial explosierom the effective-
ness perspective, PCNNM explores the point-level commear-neighbor infor-
mation for every sample pair, so it can neither model theetations among the
multiple images within the same set which is important fdustness to within-
set variations, nor maintain the robustness to the noidieasifor the set.

Inspired by PCNNM, we propose a new model called “Set-levan@ion-
Near-Neighbor Modeling (SCNNM)” to explore the neighbaskdanformation
among sets instead of samples towards the multiple-shoahuazidentification
problem. By using set based neighborhood structure cosgraimformation SC-
NNM further ensures inter-class dissimilarities are latgpean intra-class dissim-
ilarities for all sets.

Technically, SCNNM incorporates the set-level neighbordhmformation in-
to a novel dissimilarity of SCNNM, which is composed of a syatnt term and
an asymmetric term combined by the following function:

HSCNNM(A, B) — HSCNNM ((A) B) + QANHECNNM (A’ B) (41)

Symmetri symmetric

In Equation 4.1,A and B denote two arbitrary sets; is the trade-off param-
eter betweerHHSSNNM. (A, B) and HRSNWM - (A, B); the “Fixed-number” for the

Symmetri Asymmetric
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neighborhood size, denoted BY, is suggested to be half of the average number
of sets per class. Considering symmeffgcNNM. (A B) is given by:

ymmetri
HSS}?”I:InI}lIé\{Iri&A’ B) _ Hjixed-numbe(B) + Hgixed-numbe(A)’ (4_2)
where
. N-1
Hglxed—numbe(B) _ Z OB(FA(I))- (4_3)
I1=0

In Equation 4.2, H*ednumbe[ B) sums the rank orders of’s list's top set-
s in B’s rank order list under the setting @¥, as shown in Figure 4.1, and
HExed-number 4) s calculated in the similar way. In Equation 4.8,(1) is the
I'" set in A’s rank order list;Op(F4(I)) returns the rank order df (1) in B’s
list. Here, the rank order list of an assigned set is formethbyanking of all the
other sets according to their dissimilarities to this set.

Fixed-number N

N+1

Figure 4.1: Sets are denoted By B, C, D, E and so on. Hi*ednumbe[ By jg
calculated from th@" to the(N — 1) nearest neighbor id’s rank order list.

As the asymmetric ternf/3SNNM (A, B) is given by:

symmetri
Higmmenid A, B) = min(Oa(B), Op(A)). (4.4)

In Equation 4.4,04(B) is the rank order ofB in A’s rank order list, and
Op(A) is defined in the similar way.

If SCNNM can continue the strength of PCNNM, it will be a pofwgéweapon
for multiple-shot re-identification. From the efficiencyrppective, SCNNM treat-
s the samples in the same class as one whole set, so it is natehtfaan PCNNM
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when there are multiple-shot images in each set. Suppose/éitage number of
samples belonging to the same class (i.e., a sékt),iand there are totallg’,
classes, then the computational cost for re-identifyingiaryg set g, samples)
in PCNNM will be o(k3C2 log(koC))), given that the fast sorting algorithm is
adopted (i.e.o(ng log ng) complexity forn, items). However, re-identifying cost
for the same task in SCNNM will be only(k,Cj log ko). Therefore, SCNNM
is more thank?C, times faster than PCNNM. From the effectiveness perspec-
tive, by quantifying the local neighborhood structure of thaired sets in each
other’s neighborhood structures, SCNNM not only can maintiae robustness
to the noisy outliers for the set, but also can deliver theatifeness from the
well-distributed sets to the badly-distributed sets.

Similar to PCNNM of the single-shot case, “Fixed-numbéf’is an impor-
tant tunable parameter in SCNNM, which may influence the sgtrioterm, so it
deserves in-depth explanatiofN. describes the neighborhood size concerned by
the symmetric term. If the neighborhood size is too largepaé& from different
classes may share many common near neighbors for the topd¥aiMmber” sets
in both rank order lists, thus, the symmetric term will beuegd for sets from
different classes with regard to the sets within the sansscléthe neighborhood
size is too small, set pair in the same class may share few comear neighbors
for the top “Fixed-number” sets in both rank order lists rthilne symmetric term
will be enlarged for the sets in the same class with regarbaseéts from differ-
ent classes. Obviously, both cases have negative influendessimilarity-based
ranking, thus should be avoided. In order to measure by sst@ymmetric term,
it is reasonable to propose the choice of “Fixed-numBétd be approximate half
of the average set number in each class in a compromise artftaseighborhood
size is too large or too small.

The steps of SCNNM are displayed in Algorithm 2.

4.3 SCNNM in Riemannian Space

Deliberating on the comparison between PCNNM and SCNNM, avefind their
formulations are identical when exploiting the commonsagzighbor informa-
tion. The difference is the former works on the points, wkile latter operates on
the sets.

As the low-level measure, PCNNM is based on the point-tovpdistance,
while SCNNM is based on set-to-set distance. Different fRGNNM, SCNNM
is sensitive to the within-set variation, but fortunatetyded off by the available
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Algorithm 2 SET-LEVEL COMMON-NEAR-NEIGHBOR MODELING (SCNNM)
Require:  Query image setX ;s and corpus image sel§s; feature spacé.
Ensure:  RankingY"@"nd of all X s for eachX,,.
1: Project allX,;s andX_s into F as&,s andX’s, respectively.
2: List all ;s andXs together intoY’.
3: Sort X’ by set-to-set dissimilarity to acquire the rank order Ifstseach.,
andX..
4: Measure SCNNM dissimilarity/S“NNM for each pair oft, and X, based on
their rank order lists.
5: Re-rank allX,s according toH>“N"Ms calculated in step 4 for eachi, to
returny ranking

useful within-set distribution information. So it seems #imbiguity for the un-
confirmed SCNNM is whether the set-to-set distance effelstiundertakes the
low-level measure role.

Chapter 2 has proved the reasonability of PCNNM, thus, nilymBiwe can
measure set-to-set distance just like point-to-pointagict, the same rationality
will be easily adapted to SCNNM. Along the way, we proposertijget the each
set into an imaginary point in the Riemannian space using MR4D]. Surely,
even so, this kind of imaginary point-to-point distancdl selongs to the scope
of set-to-set distance in nature, because it works on sets.

4.3.1 Mean Riemannian Covariance Grid

MRCG [40] is one state-of-the-art method for the multipf®human re-identification
problem. It uses the covariance descriptors computed frensel overlapping
grids on the images, which effectively capture the disanative information

of appearance details for each person. The dissimilaritgsomement for this
covariance-based representation is measured in the Rmneamaspace. By con-
densing the information of all the samples within the seb iatKarcher mean
based signature, MRCG can deal with the large intra-clasatians caused by
pose changing, illumination varying, and occlusions. Tteps of MRCG are
detailed in Algorithm 3.
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Algorithm 3 MEAN RIEMANNIAN COVARIANCE GRID (MRCG)
Require:  Query image setX,s and corpus image set§.s; person number;
image number per persa¥y; grid size(hg, wy).
Ensure:  RankingY k9 of all X_s for eachX,,.
1: Tile grids on each human image with the horizontal step aniicatstep size
both asmin(hg, wp)/2.
2. Calculate Karcher meanu for each grid within the image set:

No
argmin  p*(u, C,), where{C, ...,Cy,} denote a set covariance descrip-
Hoor=1

tors;r is the image index in the set;denotes the Riemannian distance.
3: Calculate MRC discriminants ¢ for each grid: o7k =
v
> (i 15,), where z denotes the camera and j are the
i=1,i#j
image set indices), denotes the image set numbkiis the grid index.

4: Calculate set-to-set similarityS, between cameras: Sy(A,B) =

K z1 29
Z TAKkTOB

=1 P(le’k"'ﬂzBQ,k)
and z, denote different camerasi and B are image sets from; and z,,
respectively. Thus, set-to-set dissimilarfly can be obtained b, = 1/S;.

5: Re-rank allX.s according taS;s calculated in step 4 for eactj, to return
Yranking_

vo—1

/K, whereK is the total number of grids for each image;

4.3.2 Collaboration of MRCG and SCNNM

Being impressed by the effectiveness of MRCG on the issueuttipte-shot hu-
man re-identification, we embed it into the SCNNM model, h&sg in our pro-
posed “RSCNNM” method which makes use of the merits of botthous. The
general steps of RSCNNM are in the following: since multiph®t images for
the same person within the same camera are treated to stag seg, firstly, the
covariance-based representation is extracted by MRCGdahn set; then, with
these representations, the SCNNM dissimilarities betvegemy sets and corpus
sets are measured in the Riemannian space; after thatseet tznking is carried
out according to these dissimilarities.

4.3.3 Experiments and Results

We demonstrate our proposed method RSCNNM on public berthdadasets:
ETHZ [10], i-LIDS-MA [40], and i-LIDS-AA [40].
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Figure 4.2: CMC performance comparison on the i-LIDS-MA aitdDS-AA
datasets.

We use all the persons in each mentioned dataset. We noenadllthe images
into 64 x 192 pixels. We repeat it foit0 times cross-validation and average the
results for evaluation. Experimental results are illustlaby the CMC curves,
which represent the expectation of finding the correct matdfe top several
matches. For each person, we randomly selédmages each time. And for
fairness, in each time, we use the same selected data foodhetimparison. For
each image, the covariance grid size is set@ox 16. The “Fixed-number’n
and the trade-off parametarof SCNNM are suggested as = 1" and “\ = 17,
because each person only has two sets (one query set andrpas set from two
different cameras).

We compare our proposed method RSCNNM with MPD [11], CHISPdAd
MRCG [40]. For MPD and CHISD, we adopt the discriminativeteeclescriptor
concatenated of DSCH [8, 51], SFB, and GT [16, 59, 50] in Elezn space,
which has been widely used by state-of-the-art methods. SGNRN\M, we use
the same feature representation designed in MRCG to deratm#ite advantage
of using SCNNM, which can tackle the non-uniform distrilomtproblem and the
asymmetric ranking problem of sets in the Riemannian sp&eanwhile, for
conviction, we test the reliability and robustness of SCNNits collaboration
with MPD and CHISD, denoted by “MPD+SCNNM” and “CHISD+SCNNM
respectively.

As aresult, on ETHZ1, RSCNNM obtaifi8.04% recognition rate on Rank-1;
on ETHZ2 and ETHZ3, RSCNNM gets perfect results on Rank-les€éhresults
are better than any other reported ones. The experimestatsen iLIDS-MA
and iLIDS-AA are drawn in Figure 4.2. Obviously, the proppseethod RSC-
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NNM outperforms the state-of-the-art methods. In greattaii SCNNM has
satisfactory collaboration with not only MRCG in the Riemé&m space, but also
MPD and CHISD in Euclidean space. Although MRCG still penfsrbetter than
MPD, CHISD, MPD+SCNNM, and CHISD+SCNNM, by performing SCNN
in the Riemannian space, our proposed RSCNNM greatly gsevaer MRCG,
showing that it enhances the power of covariance-base@septation by inte-
grating the set-level neighborhood information.

4.4 SCNNM in Hilbert Space

Multiple-shot human re-identification tackles the probleijudging the reappear-
ance of the person by using image sets acquired from diggdlmameras. Despite
the value of this direction, how to build the correct cor@sence between sets
remains challenging due to the real-world complexitiesstlsection has present-
ed an idea to cope with the multiple-shot problem by condenkuman image
sets into imaginary points based on covariance descriptdie Riemannian s-
pace. This method has obtained inspiring results, howeleving deep into
this approach, we find covariance descriptors are not regaal there are few
learning tools compatible with them, which to a certain @éegimits the further
development of RSCNNM.

Thereout, this section returns to relying on vectorial deas in the familiar
Hilbert space to measure the set-to-set distance regatdengyithin-set distri-
bution information while depressing the negative impacouwatiiers and intrud-
ers. We creatively propose a novel perspective to resolenttltiple-shot re-
identification problem, named “BRIA”, which integrates thdvantages of two
levels of complementary relative information in an effeetiefficient, and elegant
manner. Concretely, BRIA measures the set-level relais&ilarity presented
by SCNNM, which incorporates the set-level neighborhoadcstire information,
in the discriminative Hilbert space constructed by the dangvel relative feature
instantiated by TPCR. The integration of these dual retdatiformation will have
generated the significant performance improvement dusipgrements.

4.4.1 Third-Party Collaborative Representation

TPCR gains large performance enhancement for multiplékahroan re-identification.
TPCR relies on the reconstructed coefficients from collathee representation
[55], which evolves from sparse representation [47].
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Collaborative representation inclines to use a few word$éndictionary to
represent each sample. TPCR uses the third-party data abctienary. For
each sample, TPCR compacts a kind of relative informatitermeg to the words
in the dictionary into a feature vector. Those words witlgéaweights tend to
characterizes a kind of neighborhood information on thepdanevel. The steps
of TPCR are detailed in Algorithm 4.

Algorithm 4 THIRD-PARTY COLLABORATIVE REPRESENTATION(TPCR)
Require: DatasetX, of corpus samples and query samples; third-party dataset
Xy, of Z, classes; regularization parameter
Ensure: A collaborative representation based descripﬁt(m) for each sample
x € Xy overXy,.
1: Normalize the columns ok, and X, to have the unit,-norm.
2: Solve the collaborative representation problem:
A . 2 2
& = argming [z — Xpall, + pllaly},
with a closed-form solutions = Pz, whereP,, = (X,) Xy, + 1+ 1,) XtTp,
and I, is the unit matrix. Note thaf’;,, can be pre- computed once, is
given.
3 Compute the summed coefficients within each class:

Bi(z) = Z &;,Vi € {1,...,Zy}, wheren; is the sample number of class
in the thlrd -party data.
A Zo
4: Normalizef(x): '(z) = B(z)/S.
=1

Bi(x)|, and return?’ (z).

TPCR introduces the third-party data to enhance the repiases power of
the dictionary, and further concatenates the reconsttiuzefficients into a fea-
ture vector with summing the dimensions that belong to tineeseass.

The effectiveness of TPCR comes from two aspects. One ig tisenabun-
dant and diverse third-party data as the dictionary. Thparesl third-party data
covers enough information of pose variations, illuminatehanges, viewpoint
alterations, occlusions, and so forth. These data can Ilanee the power of
the dictionary used for collaborative representation. dther is using the intra-
class sum to compress the class structured feature dinmsnSach compression
glues together the feature vector entries that suffer framaiclass variations, so
the intra-class variations of the represented sampledwiteduced. Benefitting
from the intra-class information compression and the tpady data dictionary,
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TPCR is robust to the real-world complexities of human imdg&. Moreover,
as expected, the performance of TPCR largely outstripsnaiideatures under
traditional set-to-set distances for the re-identificatiasks [49].

TPCR feature provides a kind of relative information on theple level refer-
ring to the words represented by the basic features in thdary. The subjec-
tiveness in the basic feature representation and dictydnalding will inevitably
lead to the limited discriminative power of the TPCR featspace, in which intra-
class dissimilarities may still be larger than inter-cldsssimilarities for some
samples. Thus, traditional set-to-set distances such &3 [F and CHISD [5]
in the TPCR feature space are still far from being perfecbufjin being impres-
sive, either MPD or CHISD with TPCR has weakness due to thetlfed they
rely on the measure between only some local parts of the B&ige concretely,
MPD depends on the nearest samples between the sets. laseisautliers of
each class may easily influence the measuring reliabililSD tries to improve
it by considering the distance between convex hulls for gigair, however, it is
unavoidably influenced by the layout of nearest samplesdmvthe sets which
support the convex hulls. The illustration of MPD and CHISBhown in Figure
4.3. Such sensitivity may easily cause the asymmetric ngnkvhich means, a
pair of sets usually don’t have the same rank order for eduodr @b their own set-
level Rank- Order lists. Thus, it is unfair to judge the ramétey only considering
one side of them.

Based on the robust CHISD, we propose to use SCNNM to exglenetative
information among sets instead of samples towards the pledshot human re-
identification problem. When most sets of the same classchbagr to each other
than those from different classes, the sets within the sdass evill share more
common-near-neighbor sets than those from different elasSCNNM utilizes
such kind of information to further ensure inter-class idngigrities to be larger
than intra-class dissimilarities for all sets instead ohpkes.

4.4.2 Collaboration of TPCR and SCNNM

In this section, we proposed to take advantage of the wahbirdistribution infor-
mation when measuring the low level set-to-set distancen WBD or CHISD.
Meanwhile, we expect to prevent intruders and outliers twmay degrade the
low-level set-to-set distance. Due to samples in the samshsge the one la-
bel, we propose to select a discriminative feature spaoghioh for all samples
intra-class distances are smaller than inter-class dissarAnd TPCR meets such
requirement.
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Figure 4.3: lllustration of MPD and CHISD. For the set paif?M considers the
minimum distance between points, while CHISD concerns tmemum distance
between convex hulls.

Inthe TPCR feature space, SCNNM overcomes the weaknesssifigity for
MPD and CHISD. This dissimilarity incorporates the relatimformation on the
set level, which complements the relative feature TPCR ersémple level. Such
complementarity can be understood from two aspects. ¥issdimple-level and
set-level information are simultaneously consideredpsdly, the dissimilarity
measurement is suitable for the feature representatiogrebly the subjectiveness
of TPCR is indirectly reduced, thus leading up to a remaskag@rformance for
BRIA.

In procedure, firstly, BRIA extracts TPCR feature for eacmgke over the
third-party data; then, since a group of TPCR features froensame class are
treated within one set, set-to-set dissimilarities are suead by SCNNM. The
steps of BRIA are presented in Algorithm 5, in which, step 2 teelong to TPCR
feature mapping, and step 3 to 5 belong to SCNNM dissimylangasure.

BRIA is different from conventional methods for multipleed human re-
identification. Technically, BRIA considers for the issuerh two levels: sample
level and set level, while most of traditional methods foons aspect. Method-
ologically, BRIA addresses the relative information, whis rarely concerned
by current existing methods. Relative information consdée neighborhood
topological information by encoding the relationship beéw the concerned sam-
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Algorithm 5 BI-LEVEL RELATIVE INFORMATION ANALYSIS (BRIA)
Require:  The labeled third-party dataséi,,; the testing data of corpus sets
X.s and query set¥s.
Ensure:  RankingY k9 of all X_s for eachX,,.
1: Perform TPCR algorithm using,s as the dictionary to acquire the feature
function P,.
2: ProjectX ;s andX.s into the TPCR feature space by asX,s and allX_s,
respectively.
3: Listall X.s andX,s together intdXs.
4: SortXs by CHISD to acquire the rank order lists for eaGhandX,.
5: Measure SCNNM dissimilarity7>“NNM between each pair oK. and X,
based on their rank order lists.
6: Re-rank allX.s according tof*“N"Ms calculated in step 5 for each, to
returnyranking

ple/set and other several distributed samples/sets. dbisst especially when the
size of each class is not large and samples/sets themsetvasauniform dis-
tributed. Taking advantage of the collaboration betweeuie representation
and dissimilarity measurement, BRIA enhances the perfocmas far as possi-
ble, which will also be experimentally demonstrated latter

The proposed method BRIA has some limitations as well. lhireg the third-
party data to build a dictionary for TPCR. Thus, the abilityf®CR is inevitably
influenced by the quality of the dictionary. Currently, thés no optimization
method on dictionary selection to maximize the ability ofCH. Even so, TPCR
has promising effectiveness with the recommended diatojd®]. Furthermore,
the SCNNM dissimilarity in BRIA is based on rank order listat are formed
by low-level set-to-set distance measurements, thus thebdéy of it highly de-
pends on the robustness of these measurements. If theVehsét-to-set distance
is too sensitive to the noises of each set, the reliabilit$GNNM dissimilarity
might be reduced, which will give rise to the low performant8RIA.

4.4.3 Experiments and Results
Experimental Setup

We demonstrate the superiority of BRIA on several publicdhemark datasets:
ETHZ [10], iLIDS [57], iLIDS-MA [41], and iLIDS-AA [41]. All of them have
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multiple images of spatial-temporal variations for eactspe.

We normalize all the images intl® x 128 pixels, and then randomly selekt
images per person for each query set and corpus set, reghe¢toming from
different cameras if possible). For i-LIDS, each persondtasost eight images,
so we use them all by one half as the query set and the otheas#ife corpus
set. For persuasiveness, we average the results for térrmds validation with
random corpus-query data splitting.

According to the current research situation, we suggesb#sec feature for
TPCR to be concatenated by DSCH, SFB, and GT [39], to capharedlor and
texture information. By contrast with the relative featiffRCR, this concatenated
original feature, denoted by “Ori”, can be considered asd kif absolute feature,
which is also valuable for demonstrating and comparing.

We emphasize the flexibility of the third-party data for blinlg a descriptive
and representative dictionary. Although the dictionares®on based on opti-
mization seems more mathematically strict, it is not theugoof this chapter.
According to [49], even some heuristic selection of theddparty data as the
dictionary would not reduce the capability of TPCR. So we joow the sug-
gestions in [49], and after some trials, we recommend thd-{barty data for each
ETHZ dataset to be the rest two similar ETHZ datasets togeiitle a very differ-
ent dataset i-LIDS-AA. Taking ETHZ1 for example, we use ETEHETHZ3, and
i-LIDS-AA together, denoted by “ETHZ2+ETHZ3+i-LIDS-AA"We also recom-
mend the third-party data for i-LIDS to be “ETHZ3+i-LIDS-MALIDS-AA”,
for i-LIDS-MA to be “i-LIDS-AA”, and for i-LIDS-AA to be “i-L IDS-MA”". If
there are labeled data from the same dataset as the corjoung el we may al-
so involve these data together with the third-party datdendictionary. In the
process of dictionary building, we limit the image numbeb#ono larger thad6
for each person, which is the largest class size in i-LIDS:M&anestly, in our
experiments, the third-party data selection are not gteeanto be the best, but
it will not influence the validation of the effectiveness dRB\. Moreover, such
tolerance to the flexible representation of TPCR featurearsrthe stability and
reliability of BRIA to a certain degree.

Parameter Discussion

The Fixed-numberV may influence the performance of the symmetric term in
SCNNM. To show the robustness of BRIA, we display the redsjyt€hanging

N for both single-set vs. single-set cases and multiple-setsingle-set cases.
In the single-set vs. single-set cases, there is one seteoguitry side and one
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set on the corpus side for each person. In the multiple-seswvg)le-set cases,
there are multiple sets on the query side and one set on tpeseide for each
person. Results are evaluated by MRR scores. Hedenotes the class number,
S denotes the set number in each class,@déenotes the average sample number
per set.

Table 4.1: MRR scores (%) with different Ns for BRIA in singlet vs. single-set
cases.

i-LIDS N=1|N=5|N=10| N=15| N=20
p=30,1<¢g<4 | 76.97| 69.32 | 67.55 | 64.43 | 64.78
p="70,1<¢g<4 | 66.25| 59.62 | 54.29 53.78 | 53.11
p=119,1<qg<4 | 60.07| 54.92 | 49.33 | 47.67 | 47.25
i-LIDS-MA N=1|N=5|N=10| N=15| N=20
p=20,q=10 99.25| 90.33 | 80.84 | 80.92 75.37
p=40,qg=10 98.02| 88.99 | 83.78 81.21 80.50
i-LIDS-AA N=1|N=5|N=10| N=15| N=20
p=30,g=10 71.01| 65.65 | 59.12 57.10 | 55.66

Table 4.2: MRR scores (%) generated by tunihdor BRIA in single-set vs.
single-set cases.
A | i-LIDS | i-LIDS | i-LIDS | i-LIDS | i-LIDS | i-LIDS
-MA -MA -AA
p=30 | p=70 | p=119 | p=20 | p=140 p =30
0 76.97 | 66.25 | 60.07 | 99.25 | 98.02 | 71.01
0.001 | 77.13 | 66.47 | 60.27 | 99.25 | 98.02 | 71.21
0.01 | 77.13 | 66.47 | 60.27 | 99.25 | 98.02 | 71.21
0.1 77.13 | 66.47 | 60.22 | 99.25 | 98.02 | 71.64
1 77.75| 66.91 | 60.69 | 99.25 | 98.04 | 72.40
10 77.59 | 67.54 | 60.95| 99.50| 97.68 | 71.80
100 | 77.58 | 67.43 | 60.75 | 99.50 | 97.54 | 71.46
1000 | 77.58 | 67.43 | 60.75 | 99.50 | 97.54 | 71.46
00 73.31 | 63.31 | 56.49 | 98.42 | 96.72 | 70.87

For the single-set vs. single-set cases, from Table 4.1 anesee the overall
decreasing trend of the results wh&hgrows, and the symmetric term achieves
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its best performance withi = 1. With a suitableN, we further study the bal-
ancing parametek of the model, as shown in Table 4.2. Generally, joining the
symmetric term and asymmetric term for SCNNM can bring ago@ierformance.

In most cases, having € [1,10] is a good choice. Even so, tunidgdoes not
substantially change the results, which shows the stabiliSCNNM as well.

In order to explain the importance of the Fixed-numbemwe further evaluate
this parameter on the multiple-set vs. single-set casdsdifferent set numbers
in each class. Experiments are carried out on i-LIDS-MA dose this dataset is
not only challenging, but also has enough samples to competriments for the
multiple-set vs. single-set cases. By contrast, the resmtETHZ are saturated,
and the image number for each identity in i-LIDS and i-LID3xAre not enough
to satisfy the required experimental condition. We simplyarate this dataset into
several sets without separating the data from differentecam Results are dis-
played in Table 4.3. Obviously, when the Fixed-numbeis set to approximate
half of the set number in each class, the symmetric term aehigs best perfor-
mance. This phenomenon not only shows the importance ofixee fiumberV,
but also supports the recommendation for it. Besides thed-iumberN, we
also test the balancing parameteras described in Table 4.4. Generally, being
coincident with the results in single-set vs. single-ssesathe proposed model-
ing plays its best performance with € [1, 10] for multiple-set vs. multiple-set
cases as well.

Note that, the discussion and recommendation of the “Fixadber” parame-
ter and the trade-off parameter settings are within theesobpur examined data.

Table 4.3: MRR scores (%) with different Ns for BRIA in mulégset vs. single-
set cases.

i-LIDS-MA N=2 | N=4 | N=6|N=8 | N=10
S=4,gq=5 | 93.38 | 92.94 | 90.69 | 87.95 | 86.18
S=8,qg=5 | 9464 | 94.95| 94.64 | 94.42 | 93.17

i-LIDS-MA N=1 | N=3 | N=5| N=7| N=9
S=2,qg=5 | 93.76 | 89.53 | 85.47 | 81.46 | 80.62
S=6,gq=5 | 93.58 | 94.23 | 93.92 | 92.85 | 91.51
S=10,g=51| 94.44 | 9445 | 94.55| 94.46 | 94.18
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Table 4.4: MRR scores (%) generated by tuningpr BRIA in multiple-set vs.
single-set cases.
A | S=2, | S=4,|S5=6, | S=8, | S=10,
¢q=5 | 9g=5 1 49¢=5 | q=5 | ¢=9
0 93.76 | 93.38 | 94.23 | 94.95 | 94.55
0.001 | 93.66 | 93.34 | 94.24 | 94.96 | 94.57
0.01 | 93.66 | 93.34 | 94.24 | 94.96 | 94.58
0.1 | 93.66 | 93.35 | 94.30 | 95.01 | 94.57
1 93.82 | 93.55| 94.48| 95.18 | 94.88
10 94.06 | 93.29 | 93.89 | 94.52 | 94.29
100 | 94.05 | 93.08 | 93.47 | 93.78 | 93.37
1000 | 94.05 | 93.08 | 93.47 | 93.77 | 93.36
00 92.81 | 92.10 | 92.94 | 93.32 | 93.04

Method Comparison

To show the advantage of BRIA, which is also denoted by “TPEENNM(CHISD)”,
we compare it with typical related methods for human re-iifieation, including
original feature and TPCR feature under different setetodsstances like MPD
and CHISD. In order to further validate the capability of UM dissimilarity
itself, we conduct experiments on its cooperation with ssvyeossible combina-
tions of features and low-level set-to-set distances, as¢Ori. SCNNM(MPD)”,
“Ori_SCNNM(CHISD)”, and “TPCRSCNNM(MPD)”. Moreover, we demon-
strate the capability of our method by comparing with typistate-of-the-art
methods as well, including the unsupervised method MRCG@ tla@ supervised
methods MCML [13], RankSVM [36], RDC [59], and SBDR [50]. Barse each
person only has two sets (one query set and one corpus setliked-number”
N and the balancing parametéar for SCNNM dissimilarity are suggested as
“N = 17and “A = 17, respectively. Experimental results are illustrated by t
CMC curve, which visualizes the expectation of the correatahn at each rank
based on the ranking of each of the corpus with regard to theyd36].

Results are illustrated in Figure 4.4 except those on ETldZabse for ETHZ1,
ETHZ2, and ETHZ3, BRIA approaché80% recognition rate on Rank-1 of CM-
C for all persons, which are superior to any other statdiefart methods. In
Figure 4.4,p denotes the number of persons. For i-LIDS, we tess®persons,
70 persons, and19 persons; for i-LIDS-MA, we experiment a2V persons and
40 persons; for i-LIDS-AA; we demonstrate 86 persons. Overall, significantly,
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BRIA outperforms all the other concerned methods, as traeenie for the effec-
tiveness of complementarity between the sample-leveliveléeature TPCR and
the set-level relative dissimilarity SCNNM.

Method Comparison on "i-LIDS” (CMC) Method Comparison on "i-LIDS" (CMC) Method Comparison on "i-LIDS” (CMC)
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Figure 4.4: CMC performance comparison on the i-LIDS, i-EHMA, and i-
LIDS-AA datasets.

The third-party data based dictionary covers kinds of e, occlusion,
and localization errors for different persons. Benefitemhfrsuch a dictionary,
TPCR can be robust to these similar variations, occlusiot J@calization errors.
For example, i-LIDS-AA covers the viewpoint variation,uithination variation,
pose variation, occlusion, and localization errors, asvshim Figure 1.5. If it
is used as a dictionary, it may help to handle such difficsilitneanother similar
dataset i-LIDS-MA. Even if TPCR feature cannot guaranteeetmough ability to
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satisfactorily discriminate the person image sets, SCNNMuwvther exploit set-
level common-near-neighbor information to make up for TRP€&Ras to ensure
intra-class dissimilarities are smaller than inter-cldissimilarities for all sets.

Furthermore, we can see TPGGTNNM(MPD), which is also the collabo-
ration of two levels of relative information, but joined bysensitive low-level
set-to-set distance MPD, cannot work as well as BRIA whidieseon CHISD,
though TPCRSCNNM(MPD) has potentiality to enhance the performance-com
pared with other analogues and competitors. It justifieathement that SCNNM
is not only necessarily dependent on but also inevitablyamited by the robust-
ness of low-level set-to-set distance measure. CHISD isemalust to noisy
outliers, so it can provide a better platform for SCNNM.

When the person numberincreases, though in i-LIDS, the original feature
collaborating with SCNNM may be competitive with the TPCRtige collaborat-
ing with SCNNM, our proposed BRIA still have significant adtages, and such
advantages are especially remarkable on i-LIDS-MA andD&4AA. From an-
other perspective, we can clarify the strong adaptabifityuw proposed SCNNM
dissimilarity according to the facts that SCNNM dissimitianot only works very
well with the TPCR feature, but also has good cooperatioh thié original fea-
ture. Analytically, original feature can be seen as a kindasfiple-level absolute
feature in a sense, potentially complementary to the set-telative information
as well.

We can also see that MPD performs better than CHISD in somatsesn
i-LIDS-MA and i-LIDS-AA, especially in case of the origindkatures. MPD
depends on the nearest sample points between the setsforbeoaitliers of each
class may easily influence the measuring reliability. CHItEBs to improve it
by considering the distance between convex hulls for theaiet However, it is
unavoidably influenced by the layout of nearest sample pdietween the sets
which support the convex hulls.

Actually, the convex hulls play a role to produce other iptéated points on
them. The distribution of these interpolated points is debeed by the existing
sample points in the feature space. If the feature spacesgsimtinative, existing
sample points will be well-distributed. In this situatidhg interpolated points
on the convex hulls will be reliable. Otherwise, existingngde points will be
unsatisfactorily distributed. On this case, the convexshwill be unreliable, and
the interpolated points will bring more noises. Obvioua/demonstrated, TPCR
can provide a more discriminative feature space than tiggnadione. Therefore,
in the TPCR feature space, CHISD can bring its superiority play. But in the
original feature space, CHISD loses its effect to a ceramell so that it may be
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outperformed by MPD. As for i-LIDS, sample points per set aeey few and

unsatisfactorily distributed in the original feature spacrhus, CHISD cannot
either exploit its advantages or interpolate more noisy{soiso will stay at a
similar capability level to MPD.

In the i-LIDS dataset, there are less thd@nimages per person. Because the
expected performance of MRCG relies on the enough numbenages per per-
son to effectively extract the Karcher mean based covagidescriptors to con-
dense the within-class correlations, image number peopers-LIDS stays as a
bottleneck for MRCG. However, our method remarkably outpens it. Indeed,
adequate image number per person can display the supeabatr method, but
even when the image number per person is comparatively simallisage of rel-
ative information can offset the degrading of performarmcedame extent as well.

MCML, RankSVM, RDC, and SBDR are supervised approaches pénfer-
mance of them are unavoidably influenced by whether trais@mgples and testing
samples are independently and identically distributedcvbannot be ensured al-
ways in fact. Consequently, in i-LIDS, the insufficiency axmmplexity of person
images in each class limit the performance of these method4.IDS-MA, it is
difficult to carry out training and testing because thereraezely40 persons to-
gether. If we randomly split it into training data and tegtohata, too few persons
for training will easily cause overfitting, and too few pansdor testing will be
unconvincing for method comparison as well. By contrastiB&oesn’'t require
implementing learning using extensive training samplegwheed the matched
people to be tediously annotated across camera views iregiescene. Taking
advantage of the third-party data as the dictionary to ssrethe relative feature
TPCR on the sample level, and making use of rank order listsddel the rel-
ative dissimilarity SCNNM on the set level, BRIA has obviawgeriority to all
the concerned methods.

4.5 Summary

This chapter has proposed two novel methods, RSCNNM and BiReléxploit the
set-level common-near-neighbor information in discriative spaces for multiple-
shot human re-identification. In RSCNNM and BRIA, SCNNM issdmed to
deliver the effectiveness of the well-distributed setd® badly-distributed ones
in the Riemannian space constructed by MRCG and the Hilpedesconstructed
by TPCR, respectively. Extensive experiments on standarasdts have shown
their significant superiority to the related state-of-treeompetitors. Ultimately,
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we attach the description of RSCNNM and BRIA in Figure 4.5.

Image Sets

@/ hird-Party Data

Figure 4.5: Depiction of RSCNNM and BRIA. For RSCNNM (leftjmage sets
are projected into the points in the Riemannian space for B@Nissimilarity
measure; for BRIA (right), each relative feature TPCR wdlrdepresented by the
third-party data, and all relative dissimilarities SCNNMIwe measured between

sets in the Hilbert space.
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Chapter 5

Locality Based Discriminative
Measure

5.1 Introduction

To address the multiple-shot re-identification problemga@br 4 has proposed the
RSCNNM and BRIA methods. In these methods, SCNNM is designedploit
the set-level common-near-neighbor information in twadminative feature s-
paces constructed by MRCG and TPCR. However, MRCG requitegumte and
typical within-set images to characterize the denseld @jeds on human appear-
ance, and TPCR requires diverse and labeled dictionarytdataver plentiful
prototypes and variations of human appearance. Both of grenexpensive in
fact.

We expect to avoid these expensive requirements for thafgpsingle-set
vs. single-set re-identification case. This chapter witigmse a novel set based
matching model referred to as “Locality Based DiscrimivatMeasure (LBD-
M)”. LBDM comprises three primary steps: set-to-set distawrafting, local
metric field constructing, and set based matching. The fiegt isvolves design-
ing a novel set-to-set distance, which accumulates thé pagat based minimum
approach distance between human image sets, and then,9adbed step, local
metric learning is intended to pull closer together the darppints of the same
set than those from different sets to ensure a more religeosset distance in
the local metric field space, so that, in the final step, the SRNlissimilarity can
be fully leveraged for effective matching.
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5.2 Locality Based Discriminative Measure

5.2.1 Set-to-set Distance Crafting

To correctly match the sets, an opportune set-to-set aistenimportant. Most
previous methods have spotlighted minority-based digtamtile claiming the
effectiveness of this strategy.

Minority-based distance takes within-set variation into@unt by measuring
the closest local minorities of each paired sets. Two exargphethods are MPD
[11] and CHISD [5]. MPD measures the minimum point-wise alisie between
sample points from two arbitrary sets in Euclidean spads.siisceptible because
outliers of each set may easily disturb the distance measwgreatly change the
results. CHISD is intended to improve upon it by calculatimgdistance between
convex hulls of two sets instead of finding the closest papahts from them.
However, it is unavoidably vulnerable to the layout of pamnorities that support
the convex hulls.

Minority-based distance focuses on the difference of sarppints within the
set. On the other hand, majority-based distance, such asge®oint-wise Dis-
tance (APD), accounts for the majorities of point-wise alises between sets.
This type of global distance pursues robustness to the smaiber of irregular
outliers in each set by averaging. Nevertheless, it is iabkgof preserving the
information of within-set difference; it therefore canmparform as well.

We thus propose a simple but effective set-to-set distaocehe issue of
multiple-shot human re-identification. It inherits the adtages of both minority-
based and majority-based distances while overcoming tlnawbacks. It is re-
ferred to as the “Mean Approach Distance (MAD)”, becauseliiects the mean
point-to-set approach into the set-to-set distance meagwwrwill be shown, such
a design can balance the discriminability of minority-lthdestance and the ro-
bustness of majority-based distance.

Let us denote: to be an arbitrary point in set, b to be an arbitrary point in
setB, [ to be the point-to-point distance, aiy,, to be the point-to-set distance.
Thus, considering symmetmpMAP is given by:

1 1
DM (A, B) = _ZDPZS(av B)+—ZDP2S(A= b). (5.1)
Al = Bl iz
where
Dyos(a, B) = min{l(a,b)|b € B}, (5.2)

Dyss(A,b) = min{l(a,b)|la € A}. (5.3)
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In Equation 5.1] e | means the cardinality of a set. In Equation 5.2 and 5.3,
is chosen to be the-norm. Equation 5.1 is a global measure covering all of the
sample points from two sets, and Equation 5.2 and 5.3 cansiddéocal minority
of sample points in each set with regard to samples in ane#ter

Although the recommended minority based distance mightbeothe best
among all the possibilities, it fits the proposed MAD measued and has been
proved efficacious, without loss of MAD'’s generality.

Figure 5.1: MPD, CHISD, and MAD visualization. Set classesdistinguished
by colors; convex hulls are shown by polygons; set-to-sttadices are denoted by
two-way arrows; and point-to-set distances in Equatio@sabd 5.3 are marked
by one-way arrows. It is difficult to directly visualize MADye therefore draw
some point-to-set distances that MAD consists of to makedeustandable.

A visualization of MPD, CHISD, and MAD is provided in Figurels

5.2.2 Local Metric Field Constructing

MAD provides a proper way to adapt the point based distantieetcet level in
the feature space. To calculate a discriminative MAD, aafilét metric space is
alsoindispensable. As the baseline, the Euclidean meiifiers from the possible
weakness of heuristic feature representation. By con@dstirned Mahalanobis
metric has been proven much superior to it [46, 51, 59, 50].
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This chapter discusses a set based matching problem. Hosetof images
of individuals within the same camera, the class label (hurdantity) has been
fixed, although unknown, for all the sample points belongmg, and different
from those in the other sets. Under this precondition, wep@se a new local
metric learning model to accommodate the local variationsll sets of samples.
We hypothesize that each set remains in a local metric fieddespand suggest
to learn a possibly different local metric for each set rathan a unique global
one. The local metric has been proved very effective becaluse case-sensitive
discriminative power [37]. To the best of our knowledge, &edfew works have
applied local metric learning to the issue of human re-idieation because of
complexity of real-world situations and limitations of salmsize.

Our local metric field constructing consists of the follogisteps: neighbor-
hood determining, metric learning, and distance measutmgeighborhood de-
termining,we determine the set-level neighborhood in eahera by utilizing
the new MAD measure. Because there is only one image setdbridentity and
the within-set samples are relevant, this neighborhootideitide the irrelevant
samples for learning the local metric. In metric learning, @mploy the capable
metric learning method OMRR [51] to exploit the potenthalif MAD. In dis-
tance measuring, we seek for a suitable way to match the egteén cameras,
by treating all the learned local metrics as the points onegr@nnian manifold.

We have argued the merits of MAD. Although it is represergdbi informa-
tive inliers and immune to irregular outliers, unexpectetidstribution may still
weaken its reliability. A desired set based discriminathn@asure will satisfy the
requirement that intra-class set-to-set distances shmusinaller than inter-class
set-to-set distances. Here, we reconsider this requirelmethe sample level,
because when the situation of intra-class compactnessareciass separation
is improved for sample points, the set they compose will Isgee#o discriminate.

Before local metric learning, the neighborhood size needset determined
for every query set and corpus set, respectively. We do thiekecting the pre-
defined number of nearest neighbor sets by measuring MAD anitEuclidean
metric. Here, for each set in the query and corpus sides,eat $amples within
it to be relevant, and samples in its neighborhood to beeweeit, respectively.
Point-to-point distanc§a, b) in Equations 5.2 and 5.3, with a learned metric ma-
trix w, can be expressed 8s(a,b) = (a — b) "w(a — b). We expect the learned
metric matrix to be capable of improving the discriminagilbf MAD. Among
the existing Mahalanobis metric learning models for thésies OMRR is a sound
method [51]. The framework of OMRR can refer to Equation 2.11

After constructing the local metric fields, the next taskésedmining how to
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measure the distance between paired sets. Because aiddanal metrics are
positive definite matrices, we can deduce that they are offierehtiable manifold
a natural Riemannian structure [3]. The pair of query angussets belonging to
the same class will remain close in the feature space; threxgheir local metrics
will also tend to remain nearby on the Riemannian manifolet «.,, andwg be
the learned local metrics of two arbitrary setand B, respectively. Then, there
exists a unique geodesic joining of A and B. This geodesicahaarametrization
as below:

7 = w*(wy Py wi ) e, (5.4)
where( < t < 1. In compromise, we use the midpoint€ 0.5) of the geodesic
~ joining w, andwg on the manifold as a new metric matrix. This metric matrix
can be used to isomorphically project the pair of query angu®sets from the
source space to the target space. In the projected spacejwe-measure MAD
between the set pairs. To speed up the computation, suchpimicdan also be
directly approximated by the algebraic average of the metatrix pair.

5.2.3 Set Based Matching

Algorithm 6 LOCALITY BASED DISCRIMINATIVE MEASURE (LBDM)
Require:  Testing data of corpus sef§.s and query setX';s; local neighbor-
hood sizel,,.
Ensure:  RankingY"@"nd of all X s for eachX,,.
1: Measure MAD between eacki, and all the other sets in the query side with
a Euclidean metric.
2: Determine local neighboring sets from different classeseich.X, with a
predefined.,,.
3: Use OMRR to learn the metric for every query set in its locabao construct
the local metric field for all query sets.
4: Construct the local metric field for all corpus sets simyldd step 1-3.
5: Measure SCNNM dissimilarity7S“N"M in the learned local metric field to
obtain the dissimilarity between each pairXf and.X..
6: Re-rank allX_s according toi/>“NMs calculated in step 5 for eack, to
returny ranking

The discriminability of MAD is enhanced by studying the lbozetric field.
To further reduce erroneous matches between cameras pihiig ean be addi-
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tionally improved by studying the common neighborhood infation for all sets,
which is formulated by SCNNM.

SCNNM, given by Equation 4.1, can deliver the effectivenesshe well-
distributed sets to the badly-distributed ones in a disicrative space, which has
been studied by MAD and LMF in this chapter. The steps of LBD®ldescribed
in Algorithm 6.

In sum, the idea of LBDM is to incorporate three layers of ldganformation
for a discriminative measure. In MAD, the average of theemi#d point-to-set
approach distances de-noises the locality informatiowéen sets. In LMF (Lo-
cal Metric Field), the neighboring sets participating intritelearning optimize
the locality information for each set. In SCNNM, the “Fixadmber” quantize
the locality information for paired sets in their neighbookd structures. Their in-
tegration will lead to the anticipated performance impraeat, which will have
been experimentally demonstrated.

5.3 Experiments and Results

5.3.1 Experimental Setup

We set up experiments on several public benchmark datasetisding ETHZ1,
ETHZ2, ETHZ3 [10], i-LIDS-MA, i-LIDS-AA [40], and CAVIAR4REID [6].

We normalize all the images inté8 x 128 pixels and randomly select
(CAVIAR4REID) or 10 (i-LIDS-MA and i-LIDS-AA) images per person for each
guery and corpus set, respectively (produced from diffezameras, if possible).
For evaluation, we perform ten-fold cross-validation. \Wejat the reliable feature
for our modeling, which simultaneously encodes the cola &xture informa-
tion by concatenating DSCH [8, 51], SFB, and GT [16, 59, 50ihdugh feature
representation is not the focus of this chapter, we admibdhicing a more ef-
fective feature to LBDM could likely result in improved perfnance. The local
neighborhood sizé,, in the local metric learning model is set to one-fifth of the
number of persons in each camera. This heuristic settingtiguaranteed to re-
sultin the best LBDM performance. Because different dasasay have different
sample distributions, tuning this parameter may improesgérformance, which
will be discussed later. The SCNNM parameter settings caafeered in Chapter
4; therefore, we will not detail them here.

The state-of-the-art methods compared here include MPD (QHISD [5],
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APD, MRCG [40], RSCNNM, Custom Pictorial Structures (CPg) EBDR [50],
SANP [19], Collaborative Sparse Approximation (CSA), CRMB], and BRIA.

5.3.2 Result Analysis

Method Comparison on "i-LIDS-MA" (CMC) Method Comparison on "i-LIDS-AA" (CMC) Method Comparison on "CAVIAR4REID" (CMC)
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Figure 5.2: CMC performance comparison on the i-LIDS-MA]DBS-AA, and
CAVIAR4REID datasets.

All results are illustrated in Figure 5.2 except those on EidHZ datasets,
because our method approachd®@ recognition rate on each of them, respec-
tively; it is therefore superior to any other method. In Fgb.2,p denotes the
person number. From the reported results, we can obsemvbéaroposed LBD-

M overall provides a large performance enhancement cordpeith the original
feature it cooperates with; therefore, it consistentlyesxts all competitors. In
greater details, MAD shows an advantage over the convaitimmority- and
majority-based set-to-set distances (MPD, CHISD, and ABYDIRank-1, which
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is a significant evaluating indicator for matching. This adtage is especially
remarkable on CAVIAR4REID. Moreover, the quality of the ldevel distance
measure will influence the performance of the high-levesididarity measure.
Otherwise, the former will deteriorate the latter. In castrwith other distance
measures, such as MPD, CHISD, and APD, MAD can serve as a tinegaart-
ner to work with the SCNNM high-level dissimilarity measue the desired
result. Furthermore, it is clear that the learned LMF isrinstental to MAD
by comparing MAD against “MAD+LMF”. In addition, we can alsmnfirm
the effectiveness of LMF by comparing our model with and withit, denoted
by LBDM and “MAD+SCNNM?”, respectively. A series of experimis clearly
show that LMF contributes to a substantial performance awpment. Further-
more, when competing with the recently well-performed rod#) SANP, CSA,
and CRNP, LBDM shows obvious advantages.

We then evaluate LBDM by changing the local neighborhood &iz Since
LMF is learned within each camera,, determines the number of irrelevant sam-
ples when learning the local metric for each set. Resultdatailed in Table
5.1 by the MRR scores. We test different size ratios of thalloeighborhood
from 0.1 to 1 with the step size of.1 of the total person number in each camera,
respectively.

Table 5.1: LBDM locality evaluation with different neighitiood size ratios in
terms of MRR scores (%).

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

i-LIDS-MA 86.08 89.27 89.88 89.94 90.61 90.55 89.43 90.00 90.20 90.52

i-LIDS-AA 66.58 70.92 6796 73.25 69.19 68.97 69.38 6836 69.26 66.52

CAVIAR4REID 65.26 68.98 69.40 68.87 68.05 67.57 67.77 67.67 67.75 68.44

As shown in Table 5.1, overall, LBDM has a good performance thoe local
neighborhood sizé,, has an influence on the performance of it. This shows the
importance of local neighborhood size selection to learrFLiMthe formulation.

In more detail, it is evident that performance seems to vaoyendrastically in
i-LIDS-AA than in i-LIDS-MA and CAVIAR4REID, which means-LIDS-AA
is more sensitive to the number of irrelevant samples toldae local metric for
each human image set. This phenomenon can be traced to #re smsal varia-
tion of the individual images inherent with the birth of thigtaset from automatic
detecting and tracking.
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5.4 Summary

This chapter has proposed a novel method, LBDM, for singtess. single-set
human re-identification. In LBDM, a new set-to-set distaht&D is crafted and
its discriminability is exploited by LMF to help enhance tmatching ability of
SCNNM. Results have confirmed the reliability and supetyasf LBDM. In the
end, we give the architecture of LBDM in Figure 5.3.

14554 4ANYY
B £ o} & °
T T
gaa% 4—};; Y ﬂﬂﬂﬂ >

R
, )
@ ] LB 8y ]
g %%
MAD LMF SCNNM

Figure 5.3: LBDM comprises three primary steps: set-toesstance crafting
(left), local metric field constructing (middle), and sesbd matching (right). In
LBDM, a new set-to-set distance MAD is crafted by encodirgyltical minority
distribution information between paired sets, and upos distance, an effective
LMF space is constructed to accommodate the local variati@ach set, before
the SCNNM dissimilarity is measured among all sets.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

This thesis has proposed to exploit the common-near-nerghformation in dis-
criminative spaces for human re-identification.

In Chapter 2, to cope with the problem of large within-claggations and s-
mall between-class differences of human image data inesisigbt re-identification,
we have proposed the PCNNA method. This method uses the PCals8vni-
larity to study the point-level common-near-neighbor mfation. We have also
paid effort in improving the original feature space by netgarning to make
intra-class distances smaller than inter-class distartegserimental results have
confirmed the advantage of PCNNA.

Towards the specific single-shot vs. single-shot re-idieation, in Chapter
3, we have suggested using the strengthened metric spacenfzensate for the
insufficiency of within-class distribution information.ir6t, we have presented
the CML method, which couples MCML and MLR based on their ctamen-
tarity. As justified by a serial of experiments, though CMLndaarn a more
discriminative metric space than MLR, it cannot largelyraase the performance
of the followed PCNNM. Then, we have presented the PCNNMLhoetwhich
incorporates PCNNM into the metric learning framework, Isat the training is
consistent with the testing. Results have experimentédigified PCNNML can
bring the substantial performance enhancement for PCNNiGwsatisfactorily
ends the stories in the single-shot re-identification bnanc

In Chapter 4, we have proposed the RSCNNM and BRIA methodspioie
the set-level common-near-neighbor information in dreanative spaces. For
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effectively measuring the SCNNM dissimilarity, RSCNNM g9dRCG to con-

dense the human image sets into representative imaginarispo the Riemen-
nian space, and BRIA uses TPCR to compact human image seéptess the
intruders and outliers in the Hilbert space. Remarkabléop@iance has shown
the superiority of RSCNNM and BRIA.

For the specific single-set vs. single-set re-identificat@-identification, in
Chapter 5, we have proposed the LBDM method, which avoidsipensive
requirements in RSCNNM and BRIA. This method studies thallpcinforma-
tion by learning the local metric field upon the new set-toeistance MAD to
provide a discriminative space for SCNNM. Experiments hawafirmed LBDM
outstrips state-of-the-arts by a large margin, which dremes successful end for
the multiple-shot re-identification branch.

The intention of this thesis is not only discussing severalhods, but, more
importantly, is explaining the philosophy of exploitingramon-near-neighbor
information in discriminative spaces throughout all therigts. If we pay more
attention to the philosophy of the thesis, we can draw alsgfr@nclusions from
these chapters as well.

e (a) For the single-shot case, PCNNM is effective in a distrative metric
space (Chapter 2);

e (b) For the specific single-shot vs. single-shot case, lslyistrengthened
metric space will help increase the performance of PCNNMaf&ér 3);

e (c) For the multiple-shot case, SCNNM is effective when thetrmo space
is discriminative (Chapter 4);

¢ (d) For the specific single-set vs. single-set case, impgpthie metric space
by effective set-to-set distance and local metric field calp Increase the
performance of SCNNM (Chapter 5).

6.2 Future Work

End is another beginning. The future work will include, bet timited to, the
following two aspects.

Methodological exploration Based on the same philosophy of exploiting the
common-near-neighbor information in discriminative sggmave can explore new
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models. For example, we can enrich this research with griagbry by treating
the concerned element and its neighbors as the nodes in.graph

Application extension Re-identification can deal with the problem of false alarm-
s and identity switches in cross-camera tracking. And théhaus proposed

in this thesis may help build the correspondences betweenrécklets in the
surveillance system, regardless of whether the tracktaitacn multiple-shot or
single-shot human image data.
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Appendix

We annotate some terminologies and list some related feegpresentations and
dissimilarity measurements in the appendix for better tstdading the contents
of this thesis, though they have been detailed in the maybbthe thesis.

Terminology Annotation in the Thesis

Human Re-identification

Matching people across camera views at different siteswknas human re-
identification, is challenging and valuable for both aca@deamd industry. This

visual surveillance issue can help determine the reappear®r the person of
interest who has been observed in the camera network ingoplaices, such as
the shopping mall, hospital, airport, and so forth. Howgetee issue itself is

difficult due to the real-world complexities, including @osgariations, illumina-

tion changes, viewpoint alterations, clutters, occlusj@md possibly similar body
shapes and clothing styles.

Common-Near-Neighbor Information

Given a pair of elements, we intend to quantify the inform@bn the local neigh-
borhood structure of paired elements in each other’s neididod structures, and
thereby conceptualizes this information as “common-meaghbor information”
to measure how common near for the local layout of the paiaadpges in each
other’s neighborhood structures.
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Discriminative Space

Discriminative space can be understood as a metric spachiahwhe points or
the sets can be easily separated by some baseline distansamer@ent, such as
Euclidean distance, MPD, and so forth, due to the intrasctamnpactness and
inter-class separation of the sample space.

Neighborhood Structure

In this thesis, neighborhood structure conceptually iathis the spatial layout
relationship between the concerned element and its neigitbelements. In
Chapter 2, we compress and characterize this structuiaeship into one-
dimensional rank-order lists in terms of nearness and $stne

Metric Space

A metric space is a space where a notion of distance betweemoinelements
has been defined. In the thesis, a metric space can be explsss¥e. d), where
M denotes the feature representations, @aa@notes the distance for measuring
them. Hered is instantiated by the point-to-point distance in the srgjhot cases,
while the set-to-set distance in the multiple-shot cases.

Local Metric Field

Local metric field is a field space in which possibly differemtrics are assigned
at local areas. In Chapter 5, local metric field has been nacted for each set to
accommodate the local variation of human image data.

Relative Information

Relative Information is a concept opposite to original mfation. In Chapter 4,
relative information has been instantiated by relativéuiesaand relative dissimi-
larity, both of which, are acquired by encoding some retatelationship between
the concerned element and the reference elements.
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Feature Representation in the Thesis

Weighted HSV color histograms (WHSV)

WHSYV encodes all the chromatic content of each part of thegteidn in consid-
eration of the distance to the symmetric and asymmetric akése body: each
pixel is weighted by a one-dimensional Gaussian kernehigway, pixel values
near the axes count more in the final histogram. More detansefer to [11, 51].

Dense Sampled Color Histogram (DSCH)

DSCH uses color histograms extracted from rectangulaonsgio represent the
images. The rectangular regions are densely collecteddrogular grid, provid-

ing an overlapping representation. Color histograms us&8 Bnd HSV spaces.
Histograms extracted from an image can be concatenatediasderector before
dimension reduction through PCA. More details can refeBi®[].

Schmid-Filter-Bank (SFB)

Human images are divided into six horizontal stripes, anB &Fextracted for
each strip. SFB can capture the texture information. It tatroenally invariant
and hasl3 isotropic, which are robust to viewpoint and pose variaioMore
details can refer to [16, 59, 50].

Gabor Transform (GT)

Human images are divided into six horizontal stripes, andi§&&xtracted for
each strip. Frequency and orientation representationsabbilters are similar
to those of the human visual system, and they have been foumel particularly

appropriate for texture representation and discrimimatitence, a set ¢f Gabor

filters with different frequencies and orientations aremdd. More details can
refer to [16, 59, 50].

Third-Party Collaborative Representation (TPCR)

TPCR is a kind of relative feature. It resorts to the thirdtpalata as the dic-
tionary, and then concatenates the reconstructed coetcieom collaborative
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representation for each sample based on this dictionaty,smmming the coef-
ficients that correspond to axioms of the same class in thedary. The ef-
fectiveness of TPCR comes from two aspects. One is usingitredlass sum to
compress the class structured feature dimensions. Sugbreesion glues togeth-
er the entries that have intra-class variations, so the-itiass variations of each
represented sample will be reduced. The other is using Yeess third-party da-
ta as the dictionary. These third-party data can help deseach image sample
representatively to enlarge the inter-class differenddere details can refer to
[49].

Mean Riemannian Covariance Grid (MRCG)

MRCG uses grids to tile the human image, and then encodes ¢a@ wf co-
variance descriptors for the images belonging to the samspén Riemannian
space before measurement. Basically, “Covariance Grid'tbaracterize human
appearance, and “Mean Riemannian” can condense set ofi@mos@rgrids into
imaginary points. More details can refer to [40].

Dissimilarity Measurement in the Thesis

Minimum Point-wise Distance (MPD)

MPD is a kind of baseline set-to-set distance in this thdsimeasures the mini-
mum point-wise distance between paired sets. More detailsefer to [11].

Convex Hull Image Set Distance (CHISD)

CHISD is a kind of set-to-set distance. It measures themtisthetween the con-
vex hulls constructed for paired sets, in order to depressdgative impact from
outliers. More details can refer to [5].

Maximally Collapsing Metric Learning (MCML)

MCML is a metric learning approach. It learns Mahalanobgahce relying on
the intuition that all points in the same class should be raedpp a single location
in the feature space and all points in other classes shoulddpped to other
locations. More details can refer to [13].
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Metric Learning to Rank (MLR)

MLR is a metric learning approach. It learns Mahalanobisatise based on ex-
pectation that rankings of data induced by distance fromesygean be optimized
against various ranking measures, such as AUC (Area undeZuhve of ROC),
Precision-at-k, MRR, MAP (Mean Average Precision), or NDQ®rmalized
Discounted Cumulative Gain). More details can refer to [33]
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