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Abstract

A Semantic Framework for Object-Based and Event-Based

Video Content Adaptation
Wen-Huang Cheng

In pervasive media environments, adaptation is one key technology to support
universal multimedia access by transforming multimedia contents to fit the usage
environments. In terms of rs@n;&llrzaﬂfin effective adaptation can greatly benefit
from taking into account t}iue sem antics Qﬁlmu imedia contents. The goal of this
dissertation is to bellable to pI’oVLde sys‘gﬁiﬁlc apprﬂ"‘ c=h.es to improve automatic

multimedia adapt'atlo at the sel T,
In this dlss'brtatlonl, a i ork an‘a' the fundamental de-

sign principles are pro domain k‘ﬁbwledge we bridge
the gap b@ﬁween--%ow gh-ple-vel semantic con-
cepts, w ereby'%he ssocia apting (¢ ions ca bé-éi:fectlvely designed to

maximize he user’s multi ‘ ienCel Based on| the propOsed framework,
our Worli'_s-‘focgs on the se i ; 1 of vi ‘ nte'rlts,"f_ﬁhere two alter-
native approaches i ed: the object-based and
the event-based. al model is constructed
for locatﬁg sermant el hger S"browsmg experi-
ence of hlgh—qdahty with sm'}ﬂl displays. In the
event-based gppro%\&h; otll the visual and aural in rma"blén e exploﬂ:ed to char-
acterize semantic Video e sed” to beneﬁ,t‘\the user’s navigation
in hours-long Hr‘me VleIé_qé} ' bems cafﬁﬁe viewed as the technical real-
ization of the proposed a‘dapf}qrmn frametwe anﬂ m istrate the effectiveness
of automatic high-level __semantlcs analysis.

e 5y oy [y 1S 15
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Chapter 1

Introduction

.- L | ] x
In rece?ﬁy% lﬁﬁT'al revolution and
became a'qﬁ';lndlspe‘ sable . Rapid advan@s in multimedia
technologyr speed distribution of muf‘r‘nedla contents
One ev1d:<;£:j}nce is that p : ntent consumers but also

) }iI'g:‘t}éf? are able to ac-

I@:é'l.:l-'_ﬂu P

: - oy S
active COIl__IElt' ont

quire variddslking . 1
o 1
d movie

s -
oy -1,|

live sports DBEE eo ._ h;lllle th@;l-:can also create their
R

own personal corﬁ';ﬁnt,? it eﬁﬁi‘i&:}essly shai w1tf1 ‘th _ghbhc through social net-

working websites, Suchaﬂ' {guTu'be you ick1 [ﬁ-;LLFacebook [fac], and MySpace

."r-\.

[yah], news [cnn],

[mys]. The explosive blossom o rﬂ" dia contents constructs a ubiquitous me-
dia environment and hastens the growth of innovative multimedia services and
applications.

The multimedia development also drives people’s desire to stay connected with
the world, regardless from everywhere, at anytime, and along with any devices,

networks, and preferences. For instance, regular commuters on public transporta-
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o

Figure 1"1:“

Usage Mismatch:
Need content adaptation
for universal access.

of Uni sal Mult

operable -@;qd t nsparent access ultimedia (pn‘c'e‘nts Qmer various usage
environments iy
| =
* 0

photos, Vldeos, or-eye volo
portal. Howefg;,Tmany te

‘."'“‘-ll o

‘69{.‘0 b[(:a"-Z)}{qu;came before we can
make it all possfb{e Jﬁ' sh@ﬁz'n. in F1gur|‘:_e. 51 1, ‘the
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environments comphi:at«es ;c}e content dehvery p,ai[]:f-and leads to a growing mis-
match with the rich set of ml{tllﬂfedlﬂt so‘{lrces [BPAWKO06, RJ05]. This poses
great technical challenges for enabling the Universal Multimedia Access (UMA)
[PB03, MSL99, BGP03], i.e., to achieve interoperable and transparent access to
multimedia contents.

Adaptation generally refers to the technology that supports UMA by either

adapting the multimedia content to fit a usage environment or adapting the usage

environment to accommodate the content [BPAWKO06, PB03, CV05]. Since the
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usage environment is usually inflexible and hard to change, the research society
mainly focuses on adapting the content. An intuitive solution is to have multiple
versions of a content in advance (e.g. multi-version coding [CAL96]). The method
is simple but its drawbacks are also obvious. It requires more storage space and
is difficult (usually impossible) to offer an adapted version for every possible us-
age environment. Therefore, a better and widely-accepted idea is to adapt the
content during delivery, depending on the user’s actual requests and situation
[BPAWKO06, PB03, vBSE*03]." This is accomplished by appending adaptation
hints to individual content. Thag ;is, descf-i'ﬁtive metadata, namely media descrip-
tions, are used to identify the.eotitent Chafa;cterisLjés"so as to aid in the process of
making adaptation decisions under usage constraililt:s [VB:S:EJFO& CSP01, TLS04].
The media desc,riftions can be'defined fropt different abs:t;“a‘gjﬁion levels of low-level
features to high-level semantiq,@ﬁngg;ts, “'\y_ﬁi h“ relate dizectly to the semantic level
of feasible adaptation choice as@_g Witfl the content® For example, high-
level deseriptions (€.g. Whiat subje?fj are pre%ent in a V%deo scene) can help to
semantically satisfy the user’ persé-)-n;:l:' interFsiFs [TLS04]: 'By contrast, low-level
descriptions, such as-the spatial resolution hiptE[CSPOlL], cansonly be employed to
fit the user’s physircal constraintsion the display, size. L

Therefore, in terms 0% persanalization, effective-adaptation can greatly benefit
from taking into account the se]mantics of multimedia contents. Much research in
the last few years has been conducted to reach this goal, but how to efficiently
extract the semantics is still the hardest bottleneck [NH02, RH99, Chu06]. There
exists a huge gap between the rich meaning and interpretation that humans could
read in the content and the simplicity of low-level features that the current al-
gorithms can actually compute [NH02, SWST00, DV03, FLE04]. This makes the

advance in multimedia adaptation be lagging far behind the user’s expectations
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and becomes an open problem. Our work, as motivated by the above observations,
focuses on developing systematic approaches to improve automatic multimedia
adaptation at the semantic level. By exploiting specific domain knowledge, we
bridge the gap between low-level computational features and high-level semantic
concepts, whereby the associated adapting operations can be effectively designed
to maximize the user’s multimedia experience. Our work attempts to enable one
more step towards the development of truly semantic multimedia systems and
expects to inspire more, pioneering researches to march forward further.

1.2 Semantic Maltimediai€ontent Adaptation

1.2.1 A Generic Framework

- N |
Adaptation engine is a teqhnicﬁeaili'zat R of the adapting functionality that
| 3
transforms multimedia conI:e ts 1 order to satisfy the usage eonstraints, such
as device eapabilities, network Chall:Léterlstieq, and user; preferences Practical

T,

examples include the tools #o format transcodlpg [AWSZ05] speech transcription
[LLO1], image mosalcmg hf{l99 and Vlde()l' semmarlzatlon [BMM99]. In this
section, a number of deaugn requlrements for an eﬁectlve adaptation engine are
first discussed. A generic framework*for multimedia content adaptation is then

proposed.

e Requirement 1: Application Awareness.

The basic requirement for an adaptation engine is application awareness.
The adaptation engine should be first aware of specified usage constraints
associated with the target applications and then be able to properly adapt

the contents. For example, when delivering high-quality videos onto the
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user’s mobile phone, the information about the device capabilities has to be
specified for converting the videos into affordable coding formats, such as
the spatial resolution, bitrate, and frame rate [AWSZ05]. To facilitate the
information exchange in between, several international bodies have recently
developed a set of standardized description tools to detail the characteristics
of networks, users, and terminals, e.g. the Usage Environment Description

(UED) tool in MPEG-21 [BPdWKO(i]
e o 1S

° Requlremeni{‘. 2'| Conj_;enF Awareness " jr

e
J'-‘,{ _‘I:I Ly i

ortant*x@qulrement 1s content aware-
_—

.
ness. H 3 ) d what. ’ghey are really inter-
ested.,rn Ligtg eﬁ"ﬁ: Ap—adaptatlon engine
N

can"'well satigfy the user E.{)n y if it i3 aware Qi:f'_the contents to
sorite‘ exgent. The us¢ of m riptions is a omglorfﬁechnique to de-

scrﬂ_r_é infor or pr !"e-;rinF [VBSE+:53 CSPO1]. The
info‘:ﬁ'll‘}a'f'iw ca g \@r from

or pray.lously,.ac pu ed metadata. T e media, dgs_crlptlons are then em-
ployed to .glﬁde the ‘ad ptatﬁoces 7 '

temporal :S,l;i:b’san.;}:-ﬂ-";';llg, ,bhe. eSCI‘lptIO-rEE of h

rize sports videos __m a more meanlngfu? way' iBKItOKOél] Some standardized

media descriptions can bé’r found in the I\*PEG 7 standard [CSPO1], such as
the Description Schemes (DSs).

tlc} ﬁ?;oante'fft understanding

or, exampl,s instead of constant

q&g’hhght index help to summa-

e Requirement 3: Semantics Extraction.

The last desirable requirement is semantics extraction. It means the ca-
pability of being able to actively extracting the semantic-level information

from the contents. That is, pre-computed media descriptions are not always
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Since in practlce Wis dlfﬁcult to know What information should be discov-

ered and how it can be used in the demswn—makmg of adaptation, certain

domain knowledge is generally required to benefit the analysis process. For

example, by exploiting the theories of media aesthetics, the basic story units

can be extracted from a movie [WCC*07].

Overall, the above criteria determine the essential capabilities of a general

adaptation engine. Failing to satisfy any of the design requirements will make

it suffer from a loss of generality. Two types of examples are illustrated in Fig-
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tagt"%naiﬁls and the use of
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but the content mf@_p_ tior
would sacrifice _gor;l:e a(}@pliillj
Therefore, based"ﬁ?n ther ﬁewtﬁrsn dlscussmgis{_l. the pro_posiad generic framework for
multimedia content ada’pta,tlon is 1llustrated AT ngure 1.3, which is composed
of two functional modules 1nCIId' n'ﬁ t;!te élemantlc concept analysis module and
the semantic content adaptation module. The semantic concept analysis module
analyzes multimedia contents using specific domain knowledge and generates the
corresponding media descriptions to identify the content characteristics. Based on

both the media descriptions and the user’s usage constraints, the semantic content

adaptation module then makes adaptation decisions and performs the adaptation
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of the user preference is determln:ééé by the quality of obtainable media descrip-
tions. To clarify the position of our work, this section first gives definitions of the
computational media descriptions from different abstraction levels of low-level fea-
tures to high-level concepts, and then introduces the proposed notion of semantic

adaptation.
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e Audiovisual Features: Audiovisual features are the measurable physical
properties of the multimedia signals being observed [Chu06, Dje02]. They
are directly derivable from the multimedia contents and do not need to be
interpreted with any human meaning [Dje02]. Some commonly used features
include motion (for video), color, edge, texture (for both image and video),
energy, root-mean-square, and zero-crossing (for audio) [WLHO00]. For the
simplicity of extraction, most of the presented adaptation engines in the
literature are builtron the feature domain, inyolving feature matching, clus-
tering, and modeling. Typié@l examjalies includethe systems of content-based

image retrieval {SW:ST00}and scenésbased Vldeo summarization [CV05].

e Perceptual, Arousals: Perceptual arousals are :thé multimedia patterns
that mlght lack comm(-)_n- ox obJectlve ﬁeﬁnltlons i human meaning but
tend to arouse the user’s attﬁien fedzh?g, or emotion [Dje02, HX05]. The
arousing patterns can be Vlﬁ{;s the c|>nes that are either intended to be
formed by the authorrl natukqﬂy per(]elived by the majority of users. Some
examples 1nclude the speech sound in Hat}dlo MLZLOQ] the color arrange-
ment of an ‘Aftistic iage [LGO04}, and tiﬁelaffectlve plays of a movie [WC06].
Instead of truly eontent understa,ndlng, the extraction of perceptual arousals
is a feasible compromise-ii developmg personalized multimedia applications,

such as the attention-based detection of sports highlights [BKOKO04| and the

emotion-based movie indexing and summarization [HX05, WCO06].

e Semantic Concepts: Semantic concepts are entities that take place or
exist in time and space in the world, including activities (e.g. skiing, danc-
ing), occasions (e.g. wedding, birthday), locations (e.g. beach, park), and
particular objects in the scene (e.g. actor, tree) [Chu06, CEJT07]. Several

entities are able to jointly constitute a composite entity. For instance, a
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base to infer and 1dent1fy the actual semantic meanings.

Overall, the three abstraction levels of computational media descriptions are
illustrated in Figure 1.4. The abstraction levels from low to high correspond to
the expressiveness of media descriptions about the “fact” contained in multime-
dia contents. Consider the painting shown in Figure 1.5. At the lowest level of

audiovisual features, the painting can be described as an M-by-N digitized im-

10
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(a) Audiovisual features: intensity histogram, color histogram, and texture map [GWO01].
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(the faces), as-shown m E1g s,l_g;f,__'the descriptions of either way

thithe Qsirceptual arousals
are not in norméj human forrpa-.to commliu;ilcaté th% mbssage about the paint-

ing. By contrast, the sefnal}tlc concepts such as: od‘sdoor concert, performer, and
audiences, would more falthfully reflect What users perceived from the painting.
Therefore, in our work, we attempt to go beyond the scope of conventional feature
or arousal based content analysis and propose a systematic adaptation framework
at the semantic level. By bridging the semantic gap between systems and users,

the developed adaptation engines are able to really satisfy the human’s needs.

11
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1n utility is defi
with respect to—s'ome sp@.c p ‘b@s’ither at 'q'b jective or subjective
levels, e.g. the Streng_’gh 6'?' aud-igSignals KM%GS V’ersq.ﬁ "l}hle attractiveness of video

highlights [WCC*07]. "A Ipetrjg used to _measﬂlreithe adaptation utility is then

B |‘||‘ o 3

called a utility function, where a comriilonly used one is the peak signal-to-noise
ratio (PSNR) [WOZ01]. In searching for optimal solutions to the selected utility
functions, the adaptation problem can be conceptually transformed into the form

of constrained optimization, namely adaptive optimization [Cha02, WKCKO07,
RLO2J.

12
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In the state-of-the-art methodology [Cha02, WKCKO07], three key elements are
included in the construction of the adaptive optimization problems, i.e. adapta-
tion, resource, and utility. Each individual aspect is defined using a parameter
space. As illustrated in Figure 1.7, given a multimedia content m, the adaptation
space is the space of feasible adapting operations a, the resource space is the af-
fordable resources r under the usage constraints, and the utility space is the value
range of utility values u obtained from the corresponding utility function U with

m, a, and r as arguments. The formulation is as follows.

1=

~

a= ;irgmaX'i!J'Zm, a, 1’)7 (1.1)

where the optlmal solution a is adopted as the ﬁnal adaptlng operation to be
performed on 712 However, 1t-ea,nl be found that m’s medla descrlptlons d(m) are
not taken into account in the a,bﬂvsiguantlon 111 practice, d( m) could play a more
important role,than m itself i tl;gpeés of making adaptien decisions. That is,
as shown in the proposed a<i]a tatio amework (referring to the semantic content
adaptation module in Figure 1.3), theﬂmowled#e about how the current adapting
operation can be performe[i in a multlmedlzf épntent 13,0btained from its media
descriptions and thelr quahty levelshas direct impacts on the estimated adaptation
utility. For example, cropplng images with. manually—labeled regions-of-interest
(ROIs) naturally receives highe} subjective scores than those with automatically-
detected ones [CWWO07|. Similarly, the capability difference between detectors of
the semantic concepts is another influential factor, such as the diverse tradeoffs
between the precision and the recall performances.

Therefore, for practical applications, the preliminary formulation developed
in Equation 1.1 should also include a content’s media descriptions into the com-

putation of its utility values. One possibility is to extend the U’s definition to

take media descriptions as additional arguments. This extension is able to pro-

13
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vide more complete characterization of the proposed adaptation framework and
allows the underlying components to be conceptually integrated in a more tightly
coupled manner. In addition, some other observations can be made from the
above formulation as well. First, it was originally introduced from a macro view
to depict a general relationship between the key elements involved in adaptation
[Cha02]. There exists much freedom to specify a workable instance for each of
the elements. For example, candidates of the adapting operation for image resiz-
ing can be of any relat(i:d ﬂ%Ch'rr)O_lGEleS sut'ﬁ .as" thﬁ. nearest-neighbor, bilinear, or
bicubic 1nterpolat10?!§ GWOH gy contr ‘g,.we but;ﬁere emphasis on applying
the formulathq—:to 1dé'{';t1-£y

a:xqe;;gnof trhe'-proposed adaptation

are then"mmted to the func-

framework.{“'Ei)ssible c tions of the el

tionality tﬁﬁt éii'éﬁl' ed a ine a _Qg_b_'s. S:econd, the utility

function b’ is not |

ki- . h . .
real use, if it has ng to users in real time)
o] -
or there is a large lution, the computations
:-_1 o ?l -.. I-F‘ rh.‘
are often forced to t sub” 'bptﬁmal solution from
the ones exﬁﬁ_h_;_inqd:lg:-._ -:-f:-::'_:* ‘-'-.,'l_

1.3 Problem}gta:t'.eme.nt “?' ,.1, ;
3 - - b

In this dissertation, we address '{he %roblem of semantic adaptation for multi-

media contents. The problem can be described as:

Given multimedia contents and the background contexts, develop sys-
tematic techniques to identify the semantic concepts, whereby the as-
sociated adapting operations can be chosen to mazximize the adaptation

utility while satisfying the objective usage constraints.

14
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To facilitate the achievement of our objective, the task involves the research

effort from several aspects:

e The construction of semantics ontology: The subject of semantics ontology
is the study of the categories of semantic concepts that exist in the context
of the examined domain [DMK7'05]. The product of the study provides

a fundamental basis for defining the user’s semantic interests about the

contents. o 1 r“[ "-‘[i_ {u'--lﬂnd.

:l.:L ik _-5.

e The extractko:r!l@f multu;l{e&}:@ sema_r@s. The sflﬁ}ept of semantics extraction

-
y@an&-g’craetmg the semantic
The O‘(ﬁ.hty integration of

T 'rg:l__f_abﬁe performance.

Ject ofmdaptatlon strat-
ing ada’pﬂatlon decisions
j:mtie(_ﬁhamong different
constraints sho ; ] utlhty olf"!xdapted contents.

i

7‘.-:; 'g: ‘ ]"'.:j'__:- ﬁ"‘u
-""j. P - O :.-!"I_
1.4 Summary-:-'ofrﬁpntrlhptlo S_.'il_‘_ﬂ'l
U '

This dissertation is dev@éﬁﬂhﬁgﬁ]ﬁ_ﬂofimantlc adaptation for multimedia
contents, where both the theoretical foundation and the practical realization are
investigated in support of real-world adaptation scenarios. The main contributions

of our work in solving the problems are threefold, as summarized as follows.

15
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1.4.1 Framework Development for Semantic Adaptation

A generic framework is developed for the semantic multimedia content adapta-
tion, in which the function of active content analysis is integrated for better man-
agement over the contents and the use of domain knowledge effectively enhances
the semantic level of computational media descriptions. In terms of adaptation
utility, an optimization formulation is derived to give theoretical support of the
framework, which identiﬁ?s t}El? Enﬁuegess .!f)f our work and makes the connection
to general ideas in the.Tésea‘fE:_lE _ﬁ?_lds. Me%}i_yll'ﬂe_,ﬂle ﬁesign principles behind the
framework are ezgpﬁc.ijcéy spec-ij;lé-a;and Ca:rﬁi';' served a's'(('ﬁ;q??lopment guidelines for

e -
%- * e

A [
R § i ]
o T, e
1.4.2 Video Objects

is dgver'aped for enabling

knowlc;gfge of media aes-

L |. ]
A methodology built u 01‘ t@
semantic"bf)ject ba. i laptation. In thi

thetics [Z&IQS:':B‘T 0 oyed I@ﬁne

|
videos, incﬁgl@ng the User-interest and the backgrot

[~ o IS . .
10;-.(_3'@;10(31;% in professional

—=

g;l-'_x-g_l;z.je(‘,:j;s'::t:i'l According to the

content charé-éjz‘e_fiﬁﬁ:és of the se bjects,a gpirizl.cf):-da{'._approach using only
. " I‘.'-_-::-Z‘-;-_I '::. '.‘_:. k' e i
the visual inform‘e{!:ﬁ_ipp"ﬁfﬂeve_l‘_crped for thEe'_fgbjeélt 'mnod'a‘ing and detection. The
L e 7 Al

g = = e b . . .
analysis outputs are then applied to an adaptation scenario of delivering high-

quality videos onto small devid%.t!'jikiéco‘!nposing the video content to visually
emphasize the user’s semantic interests in the video, the browsing experience can

be effectively improved.

16
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1.4.3 Video Adaptation Based on Semantic Events

A methodology built upon the proposed framework is developed for enabling
semantic event based video adaptation. In this work, the knowledge of wedding
customs [Spa0l, War06] is employed to define the semantic concepts in home
videos of the western wedding ceremonies, including thirteen kinds of semantic
events like the ring exchange and the wedding kiss. According to the content
characteristics of the semantic eventsy a-multimodal approach using both the
visual and aural information is developed.for the eévent modeling and detection.
The analysis outputs are then‘applied tofan adaptation'scenario of partitioning
hours-long videos inté semantically meaningful ‘seg'runents. Through the explicit
recognition of sexlnantic events, personalized applications can be built to satisfy

the individual’s“preferencesi N {4
— | |

=3t

1.5 Organizaticr o &l’ié‘]jiﬁsertation
1y i

The rest of this dissertation is 5r§'é'.llizedgas follows. InﬂLthe next chapter, we
review the literatgfé: on stlpdtes of the semarficic% adapta‘gigan from aspects relating
to the main building b_lb(;ks of the proposed genetic framework, i.e. semantic con-
cept ontology, semantie (;oncepﬁ ‘Analysis, and semaritic content adaptation. The
correspondence between the proposed-framework and the other works we have
done in this dissertation is also described. In Chapter 3 and Chapter 4, two sys-
tematic approaches for modeling semantics in video contents are first investigated,
respectively on object-based and event-based semantic concepts. Chapter 3 then
presents an object-based mechanism for recomposing a video scene to improve
the user’s browsing experience of high-quality videos on the devices with small

displays. Chapter 4 exploits the computable semantic events to benefit the user’s

17
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navigation in hours-long videos by providing a structured video index that al-
lows directing access to the requested contents. Finally, Chapter 5 presents the

conclusions of our work and possible directions of our future research.

18
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Basics and therature Review
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Ontology is a form of knowledge representation about the world and usually
represented as nodes and links between the nodes [Jim05, NSTT06, GLF06]. The
nodes represent facts within a domain (e.g. “red” and “color”) and the links
represent relationships between those facts (e.g. red “is a” color). According to
applications, the facts of a node can be stored either by name (e.g. the literal

text of “red”) or by actual contents (e.g. a 32-bit RGB value of “red”), and allow

19
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to be defined at different conceptual levels [CV07]. For example, by common
sense, “cat” and “dog” are generally considered as facts of the same level and
can be further assigned to more general notions, such as “animal”, at a higher
level of the ontology. Therefore, a semantic concept ontology then refers to the
ontology constructed for representing knowledge about specific semantic concepts
as described in Section 1.2.2.

In the rest of this section, Section 2.1. 1 first reviews several typical construc-

tions of the ontology i 1nI it-hQ Htl!\rat%re JWeJeh@:ﬁ d}scuss the relationship building
- LR

between ontologliai‘m)des in- Eeetmn 2. 1__%_ Lo

and ¢ autom bile”

of syrig_r_myms“‘(‘.&
relatlonsh-i-'ps such"‘aﬁ

‘."' s

an:_d" relai:.gld by the semantic

19), hypernymy /hyponymy (a
specnahzatlon of/ a"genef-ai'zatlon of) I.Bs_ﬁld SO forr{l ‘i"el% It is optimized for
general—purpose uﬁ'e-gz,;pd jxs been eXL?ns,lirelﬂ-apphed to a variety of textual

analysis (e.g. keyword expans10ns)

e Cyc: Cyc aims to formalize facts about everyday life into a logical frame-
work, in which the facts are manually translated into assertions based on
the first-order logic [Len95]. For example, the fact “red is a color” can be
written as an assertion in the form of a predicate-arguments tuple, i.e. “(is-a

red color)”. Cyc is also equipped with inference engines to deduce new facts
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from the ones already stored. As compared to Cyc, it is also for general-
purpose use but could make more practical reasoning over real-world texts.

ConceptNet is a similar work inspired by Cyc [LS04].

e LSCOM (Large-Scale Concept Ontology for Multimedia): LSCOM
is a collaborative research effort in creating a large set of vocabularies for
describing the semantics in multimedia contents, especially for broadcast
news videos, such as facq; p(f)pqu ﬂ'?ﬁz animal, and vehicle [INST*06]. The
vocabularies a‘lre_} handcg&fqad by e}tpe;t'é ‘.*f'I'fm _.I}_farious research communi-

ties (e.g. uiifprm ion rdtfietalan

_—

H%putatl%nal*hngulstlcs) and required

F

Qf-"a"utomated extraction),

Pt -

lonal e t’tiih-a‘l- In&titute of Standards

5 .-'- -fl.‘ 'l%hagllng; th@‘I research in content-
based V1deo retrleval [tlre'] , For th-ks-_gr)urpose 'I.T ECVID standardizes a
large set of hlgh-}ével concepts as th@ b(incﬂ:mark for participants in com-
paring their results. T he TRﬁC’V’%D concepts are mainly extended from the
LSCOM corpora [NSTT06, HCY08], and they are also with an emphasis on
broadcast news videos. Some examples are illustrated in Figure 2.1. Today,
TRECVID has became one of the most important activities in video research
communities, and the number of standardized concepts is still growing to

extend the coverage on various content domains.
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Figure 2.2: Example of a tennis match with (a) a video snapshot and (b) the
types of tennis events. (Figure excerpted from [TWCT08])
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Overall, some observations can be made from the above discussions. First, in
multimedia research fields, the development of ontologies has gradually shifted its
focus from general-purpose to domain-specific ones [WLC06]. That does not mean
the generalization is a wrong direction. However, when the background context
is unknown, it is naturally more difficult to identify which facts should be taken
into account and how to appropriately define their relationships, as described in
Section 1.2.2. Second, for practical use, the effectiveness of a large scale ontology
is not necessarily better than that of a smaller'one [HCYO08]. For example, a high
coverage of the overall semant‘ich;@pace v§}-i|1r:hin a target domain can be achieved
by adding more factsf-but itwmiay concufl:ently,[,gémSe the problem of semantic
ambiguity between thegwhole ones. As reported 1n the previous work [HCY08],
the performancerlof interactive wideo retrieval could in;efsely go down at some
point as the increase of facts. ,Theﬁﬁprcé o the ontology design, the ontological
fitness to actual applications is sgggie‘qf t 'most important considerations.

| mn | :

2.1.2 Relationship Building | }

Relationship buildingsrefers to the task oﬁ l%nking ontological nodes according

to certain relational rulés_ ‘defined in the target démiain [WLC06, HCY08]. For ex-
ample, under the lexical domaitx of English, [t'he twonodes “rock” and “stone” can
be connected by the relationship of synonym. As mentioned in Section 2.1.1, most
of the relationships heavily rely on handcrafting by the experts with prior domain
knowledge. For the experts, it is not a difficult task but could be labor-intensive
and extremely time-consuming. As described in the previous work [WLCO06], for
example, it took about three hours for one person to complete an animal ontology
with 200 nodes. However, automating the process seems almost impossible with

today’s technology [HCYO08].
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In the literature, a compromising approach to reduce the user’s burden is
allowing the data to connect related nodes automatically and the actual rela-
tional meanings are then suggested by human knowledge [HCY08, ZSX07, Fre04].
Techniques of the social network are possible solutions [Fre04]. We consider, for
example, the problem of constructing relationships between English words. Given
N text documents, the degree of relevance between two words, w; and ws, can

be measured by their co-occurrence using a simple similarity metric, say Jaccard

coefficient JC'(wy, ws) ﬁa.laﬁt d{%ﬁned below:
4tk :'3" TR,

)J — wl A wQ}l

\;?z”l e

el
E,J%l,m (2.1)

where A deﬁme__‘ the

s, and © is a function that

returns an est'ﬂ{la'te f the, either a single or pair of
"'b,i

words with respect to the elationship between any two words
L= )

of high rélfval!’ce ay, it is helpful to reveal

some implicit but i WQ_rd pia_rr of “black” and

‘-!-vn

“white” is ofte.t;r usé\ “\‘flr"l:'ue..,"I However, some

actual relatl.dns m? t&m’e"SmQIy due to their low

relevance valuqs.l : Je % 1
e gyt - %
s, ¥ THR E"n
f rae “’r r - II;

2.2 Semantic Goﬁi@pt jAhalys1s

Semantic concept analysis refers to the detection of targeted semantic concepts
in multimedia contents, which is often achieved by means of automatic mecha-
nisms [Chu06, CEJT07, WLC06, HCYO08]. In the multimedia research communi-
ties, we can observe two mainstreams on developing the detectors. One is to gen-

eralize the capability of existing ones to various content types [CEJT07, WLCO06],
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and another is to focus on specific application domains by exploiting the corre-
sponding domain knowledge [BKOKO04, Chu06], as detailed below.

Along the first direction, TRECVID [tre, HCY08] is no doubt in recent years
the most influential activity that gathers major research efforts around the world
for working toward effective detectors of semantic concepts, cf. Figure 2.1. As
mentioned in Section 2.1.1, although the selected concepts are slightly biased to
broadcast news videos, the detector design is required for general use in video
contents [HCYO08]. Forl‘eeath %RE%VID pb,rj'l"él.pﬁ,nt a standardized evaluation
method is used to -elv.aluate tHe;i-aerform_ﬁfE%} of thel‘ﬂ" detectors Specifically, the

accuracy of deﬁeef’ om"fé-me erq%\ reC}smn (MAP) in a video-
shot basis [’d-e-] f‘
. Lj. I-I_.a| '|_ .E_ :-_:_I 1 -'I: ! (22)
5 \" &
where 7is the participa ted shot for a specified semantic

P(r) is the precision in
Lm,-e*‘ ﬁ@YOS] show that

) R perfor-;ﬂances of different
semantic concep.ts:[e ranglrrglf m leian 0.1 (e'g, corpofﬁa."cﬁé leader”) to above
0.6 (e.g. Weathe's-”) W.;rﬁ.‘r aq,.a.vgrage 0 glo§e t(;\f'}"? Few specialized ones (e.g.

“face”) can achieve ¢ e-v_qp hlghelt scof'és bug: at pli_eselht the overall performance

seems far from practical. Rk W & TS b

On the other hand, some research effort concentrates on limited application
scopes as a tradeoff to sacrifice the partial generality of detectors for acceptable
accuracy [BKOKO04, Chu06]. It also opens the way for taking advantage of the
domain knowledge to better satisfy the application’s needs by making specific
designs on the detectors. Since the study of sporting videos mostly belongs to

this category, we then explain by taking the event analysis of broadcast tennis
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videos as an example [TWCT08]. As illustrated in Figure 2.2, a tennis match is
composed of certain events, including the fault, double fault, ace, baseline rally,
and net approach. They are observed to be distinguishable by several audiovisual
hints from the tennis knowledge, such as the player’s relative position in the
court, the moving distance of players, the sound effects of applause or cheer, and
the number of racquet hits [TWCT08]. Specifically, the recognition accuracy of
the tennis events can be as high as 0.8 to () 9 for those detectors that utilize the
above information in thlelr Hevtglop{hen{ G e 7

Based on the ab-dlv.e dlscussiolié we b_&Ye that md.;aer.ate user intervention can

help to take advantagg:of t t{rs the.-detectors of semantic

concepts can"'-be __g'enera i some extent a sin le'.dbmam and the fully

of ball ts with ép@'ﬂ_?_t: t"(;: that of soccer or
‘ 'ﬁﬁh target scope by some ways (e.g. a

_‘ T ™
@ detectors. | i
g ‘ i

A
o s Vs
In this seqtmn We ‘ﬁrst- i Ilgf on th-e.,.{:onventlonal catego-
'-". ]

rization of adaptl'ﬁg Qpe'r?dtloﬂ's' in Sectlon-l._Z_Ea 1. Sect}lml\'lQ 3.2 then describes the

determination of effectla?e a}lgaptatlon strate'g;ei for the adapting operations.
ATy o |

2.3.1 Adaptation Taxonomy

As defined in Section 1.1, the scope of adaptation technologies covers a broad
class of adapting operations that either adapting the multimedia content to fit a
usage environment or adapting the usage environment to accommodate the con-

tent [BPAWKO06, PB03, CV05]. Conventionally, by Chang’s definitions [CV05],
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the adapting opigfat ‘ aﬁegfrle's: format transcod-

ing, selectlon/redtreja rIp cement, and
that the taxor,l_gmy is flgm

enough to be appﬁcablefﬁ-br most: of the
-f_.
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e Format ﬁanscodlﬂ%' angfers_ito g'he t:onverswn of multimedia contents
from one form of coded representation to another. For example, MPEG-2

videos are transcoded to MPEG-4 formats for Internet streaming [XLS05].

e Selection/Reduction: It refers to the elimination/degradation of some
components of the multimedia contents. For example, images are cropped

to preserve only the ROI regions [HWGO04].
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e Replacement: It refers to the substitution of selected elements in a mul-
timedia content with more efficient counterparts. For example, videos are

represented with a set of key frames as the narrative summary [WCC*07].

e Synthesis: It refers to the generation of new presentations from original
multimedia contents. For example, photos are to be presented in 3D for

enhancing the user’s browsing enjoyment [HAA97].

. -i'- ¥
Obviously, the taﬁtaﬁ@my is d“evela‘gped b_qiff-on the bas;c types of adapting func-

tionality CV[).’;')2 ’![-‘V-ﬁf- A . In an i.\é%&)hcatmﬂs they can also be

o] J& g
Examples assocmte_q-W&_hE each of the ba’segon;,s are illustrated in Figure 2.3.

2.3.2 ~Za;dapt fa ;
~— |h; ]
Adap_é.aﬁor? str is the s‘tﬁ_ as isms foﬁmaking adapta-
tion deciéénsn_oﬁﬁ_m ‘ conte as descri edﬁl@nLTb.Q The strategy
determmahf)ln‘ can la . efit, fr¢ e av1 f multlm'%\ila semantics and

the knowledge 1n ﬁlatlo tie “Jsage ironmengs.{A BE‘H=08 I{"MSO5 JP0g|.

For example Ihe p?eﬁ?éu;ﬁ#ﬁle%if | h,qlwgl that the user’s mini-
mal perceptible Slze-b'f v1deos Iﬁ'not auconst&ht bu.t thnges according to the type
of video contents [ABBHOE{ Lﬁerf"shejmﬂpenbe of other factors, such as the pic-
ture ratio and the audio bitrate, is also reported to be content-dependent on the
user’s video experience [JP08]. Clearly, the interrelationship between multimedia
contents and the usage environments plays an important role in the development
of effective adapting operations. Therefore, in a sense, the proposed notion of se-

mantic adaptation not only refers to the semantic level of concept analysis but also
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In this section, we 1].hlstrate the Correspondencta between the proposed frame-
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o Py
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work and the other works we have d’one!’ln t'ins dissertation, while the work details

are referred to the rest of this dissertation.

2.4.1 Semantic Object Based Video Adaptation

The work of semantic object based video adaptation presented using the pro-

posed framework is illustrated in Figure 2.4. This work focuses on the adaptation
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Sl

The work of semantic event based video adaptation presented using the pro-
posed framework is illustrated in Figure 2.5. This work focuses on the adaptation
scenario of partitioning hours-long home videos into semantically meaningful seg-
ments, in dealing with the content sources of home videos, i.e. western wedding

ceremonies. The targeted semantic concepts include thirteen kinds of wedding
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events, such as the bride entering and the ring exchange, along with the domain

knowledge of wedding traditions and human behaviors.

2.5 Summary

This chapter reviews relevant literature on the semantic adaptation, from sev-

eral perspectives of the semantic concept ontology, the semantic concept analysis,

i

L3 ]
C L
5
d

elopr
pr
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Chapter 3

Semantic Object Based Video

] 1.1 i“"' £}
Adaptation" [ - —
& 2 F R

..-!'!r J -t . e "'l_ '

The broé's‘ing‘_of eld ﬁgLa-\fl'(ﬁe_s is a common sce-
nario in perva; dia enyironments. I this chapter, w: F__{Mopase a novel frame-
work for video adaptation ecomposition. O'ut objective is to
provide Eﬁ%{ectﬁe stial. . ‘ 1rt?pon__§ﬁpt aspects of a
scene Whg.g._ fe_m_it_l&fu‘ ini Eg{grm That |-1s;ach1eved by ex-
plicitly seﬁraﬁng t ipulati differ ofoJe(':t.s..,I A generic video

attention meéel r%_‘ to extract use ii erest eb;ectﬁ"u(UIOs in which a
high-level comﬁfﬁﬁ@oq,@iﬂ%@‘ﬁ?f@g tp\B.a!"tiopted three types of
visual attention fea@res-,-?l 1nten___si’cy, color lé?d mol]m'_li

of media aesthetics, a set aﬁerﬁhq‘?cg?ﬁeqqﬁp;l‘sented Accordingly, these ob-

ased on the knowledge
jects are well reintegrated with the direct-resized background to optimally match

the specific screen sizes. Experimental results demonstrate the efficiency and ef-

fectiveness of our approach.
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3.1 Introduction

On the Internet, multimedia content has been widely used for sharing in-
formation among users. Their transparent access from almost everywhere at
anytime through all kinds of devices is desired and often required. To enable
such universal multimedia access (UMA), one key technology is video adaptation
[PB03, MSL99, BGP03, CV05]. In general, it is defined as the mechanism of
transforming a video stream with one or more operations to meet specific appli-
cation needs, such as device-capabilities; metwork characteristics, and user pref-
erences. At the mseris.end, hdnci:held dé.xlf;ces including cellular phones, Smart-
phones, PDAs, and Pockett PCs are now in Wideéﬁréad use for their mobility and
portability. In order to compete with desktop computérs for practical comput-

ing tasks; they are/not only deveﬂ,oped for mpre powerﬁﬂ functlonahty but also

! - I

equipped with more storage apaq.’gf. que!ver one exgeption is the display. For
the portable requirement of h nd ad ev1cés, the scréen size is kept permanently
unchanged and even as small jas posgléale Wlt}p the rapid growth of quality video
sources (e.g., moblle . ‘FC / D\/'i)r;n denilapd the. physical limitation would
seriously disrupt ser’s VlelVltlg expetience [MSL99 LECH 0L, CXF*03]. Thus, it
is crucial to develop ah efficient tool for famhtatmg video presentation on devices
with limited display.

The conventional schemes that have been proposed for adapting videos on a
small display can be divided into two categories: spatial transcoding and frame
cropping [AWSZ05, XLS05]. The former subsamples each frame to preserve intact
video contexts and the latter discards partial surroundings to highlight specific
user interests. Due to the bias of their design purposes, an adaptation engine has

to make visual trade-offs between the subject readability and content completeness

[KMS05, STGT04, LG05]. However, sacrificing either aspect is usually intolerable
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because they are both important in our viewing experience. For example, when
watching sports programs, player recognition and full-court variation are both
important visual concerns [KMS05, LGO05]. The difficulties with the conventional
schemes arise because they both passively attempt to adapt the plain frame but
not the actual content it contains. Consequently, the adapting process is forced to
specify a desired area of the source frame (maximally itself) and uniformly stuff
it onto the target screen. Until we move away from that paradigm, the obtained
performance will fall short ‘of our expectatlons [SEGT04, LGO5].

In this work, we propose a novel frarp,ework for: video adaptation based on
content recompositiofi- Our objective 1site prov1de effective small size videos
that emphasize important aspects of the scene Whlle retalnlng the background
context for adaptive dehvery'_’We focus 6rspon-uniform processmg of different
video regions by giving more Eﬁ’spi;g;rqéo‘urT ie. space) to the important ones

and less to thesother parts. [S ec1w u eiv1sual attention analysis to extract

user-interest objects (UIOEI) f a sgene. Wltﬂ regard to the background, these
h .

objects are downsized at a light level anid Witlhﬁconstant aspect ratio (AR). Then,

according to the pr11:1c1ples fimedia aesthetlcF F)TOB Zet98 DVO01], they are well
reintegrated with the dtrect resized background to optlmally match various screen
sizes of client devices (cf Flgure 3.1). Note that inthis chapter the term video
objects will be used 1nterchangeably to indicate the collection of UIOs and the
background. The recomposing-based framework provides a number of advantages
over the conventional schemes. First, it improves the visibility of user’s interests as
well as retains faithful context information, e.g., the viewer can see not only who
but also where a person is in the video. Second, it allows multiple key objects to
be emphasized at the same time and we can easily control the visual importance

by adjusting their relative sizes. Third, it is robust to the shape distortion of
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objects caused by changés in“yideo aspect ratio, which gives consistent content
experience to different viewers.

The main contributions of our work are twofold. First, a generic visual atten-
tion model is developed for video user-interest finding. The model is universal for
its adequate utilization of inherent video characteristics, such as object and cam-
era motions. Specifically, a high-level feature combination strategy based on the
camera motion information is proposed. In addition, the motion feature model

is integrated with confidence measures to improve its robustness and reliability.
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Second, based on the knowledge of media aesthetics, a set of aesthetic criteria
is presented for guiding relevant decisions-making during video objects reintegra-
tion, such as the background positions to place UlOs. Without requiring user
intervention, video content is automatically recomposed with satisfactory resul-
tant visual rationality. We have conducted many experiments on various kinds of
video data to demonstrate the efficiency and effectiveness of our approach.

The rest of this chapter is orgamzed as follows. After a discussion of related

work, Section 3.3 prGan.L'EI a Wdﬁ';) atten“éonfm(pel and associated algorithms

* % =
for user-interest an,a'lySls and- de'EEI‘HHHaH]. The meﬂ'la aesthetics based content
T

recomposmon-@re desdr-lbed '@.Q:"f)?').shows.experlmental results
and Sectlon"S 6 presen d the directions of our future
work. iy I: :":n =

X -

' *
3.2 Relat -

pre

V&tudi S

cording to the design ‘purposes, they are classifie

In thfs'_-“seé't'}sﬁ,

mﬁ'q*thr;gs major categories,
including tmn_&coj‘;ng, ,e:mp
disadvantages to‘é'mall d-}'Spla,};z'é will be brl@ﬁg descrlbed 1&3 well.

In earlier works CV‘O5 ll!,AVVSZOS XLSO5]

anwhlle n%:helr advantages and

thel_technlques of video transcod-

{r o K
ing have been extensively exp ored. r‘hle basic transcoding process is to con-
vert a coded video signal from its original format into another one. An output
format is determined entirely based on network and device constraints. Well-
known transcoding methods include spatial resolution adjustment, temporal res-
olution adjustment, bit-rate adjustment, and coding syntax conversion [AWSZ05,

XLS05]. Scalable video coding is considered a special kind of transcoding tech-
niques [WOZ01, Tun02]. The scalability is accomplished by providing multiple
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versions of a video stream so that the same contents of lower qualities are obtain-
able in different clients, e.g., Tung [Tun02] developed a unified MPEG-4 video
codec that supports universal scalability. For clients with small displays, spatial
transcoding is always required but it causes excessive spatial resolution reduction
or visual quality degradation. Once a visual content is scaled down more than
its minimal perceptible size, the quality of service (QoS) or quality of experience
(QoE) is usually far from acceptable [CXF103, KMS05]. For example, some im-
portant details, such as the gesture of a drama actor or the ball location of a sport
game, are not easy or even 1mposs1ble to- b_e recognized.. Another difficulty with
the spatial transcoding-eecursswhicn the aspect rafgrlof of a target screen is inconsis-
tent with the source video. If we linearly reduce bz):th di@,ensions of the video to
fit into the screeﬁ', it/leaves blacksborders (Sometimes kn:c;w‘r}[ as the letterbox) and
wastes valuable display resoupeey :Qp!thuiq;_& (‘;r hand, if the video is non-linearly
resized to occupy the whole cree-f? _;iﬁsujltlng shape distortion of objects will
annoy the viewer [Zet98]. i &r[; | F b~

Much attention is thenlp on c@iﬁing—bﬁ%ed approaches [NYHKO05, CSE05].
First, Mohan ef el LMSLQQ] Ipnt:posed a general ﬁamewoik Toradapting multimedia
web documents; in Wthh each media item (e. g a, video clip) is described with a
multimodal and mult1resolut10n representation hlerarchy called the InfoPyramid.
An importance value is SubJectlvely assigned to each of the item combinations
as the transcoding hint for content servers to dynamically select the best output.
Similar ideas are also applied in Lee’s work [LCCT01]. Instead of treating one
video frame as a whole, selective presentation (or frame cropping) is allowed to
improve the visibility of user’s regions of interest (ROIs). Following their work,
Chen et al [CXFT03] developed an image adaptation system based on visual at-

tention model. Using a simulated cognitive mechanism of human visual system
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(d) are the corff'espo , gespectlvely With partial
coverage, the two'men of To» ' t‘h@rs eyes when they are
chatting in (b), and the i Jore like! t0 burn‘hlmself with the

also distorts the overall co;lvey_ednmessages.. .For exa.mple if a visual scene is com-
posed of multiple key O'Bjepts jome of them are Illecessarlly thrown away and a
single ROI would fail to show the overV1eW of their interrelationship. Moreover,
significant information loss leads to viewer’s misinterpretation about the original
meaning that the authors want to communicate.

To preserve a complete video context or to clarify the specific user interest is
not an either-or problem. Some hybrid approaches that lie between the two oppo-

site extremes have been proposed. Liu et al [LXMZ03] presented a novel solution
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for browsing large pictures on mobile devices. All of the important regions are
serially displayed and an optimal browsing path is calculated according to pre-
dicted shifting of visual attention. Pan and Scan [Zet98] addressed an analogous
technique for high-resolution video sources, but its discontinuous nature severely
annoys the audience [Zet98, fil]. Besides, the requirement of additional temporal
resolutions conflicts with the primary video structures. The FilkFX corporation
developed an awarded commercial system for transferring wide-screen films to the
4:3 aspect ratio of TV screens [fil]."The intention is. to generate a visually approx-
imate replacement without objeclt;_ distortjiéns. Therefore, each of the film frames
is condensed by elimitfating tile backgrouﬁ(i portig)f}é of little significance and the
main actors are artiﬁcially brought together to cghcentrate viewer’s attention.
However, withont cons1der1ng‘the orlglnal Spatlal 1nter-relatlonsh1p of video ob-
jects, semantic distortions are_ﬁ'ﬁ'fte!lhgeqérat d cf. Figure 3.2. Recent work intro-
duces non-uniform manipulat on@'&c giround and foreground information.
Setlut et al [STG104] decol’n osed T[-lmage n&to Separate obJects and unequally
shrank them a¢cording to their relative v1su1alF importance - A side effect is that
the relative size of diffexent objects may be ?IJ

r
non-linear warping transformatlon to emphasize the attractive foreground image

Fred. L1u et al [LGO5] exploited a

regions but severe v1sua1 d1stor’glons are inévitable! Overall the maintenance issue
of user-perceived visual ratlonahty in adapted results is not well addressed in the
adaptation literature. Furthermore, although experiments show that non-uniform
processing is more flexible to achieve superior performance, most discussions are
confined to still images. These observations motivate our approach for motion

pictures.
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3.3 User-Interest Finding

UIOs are the semantic objects that catch part of the viewer’s attention in
videos, such as a walking person, a flower, an automobile, etc. Accordingly, an
ROI is defined as the rectangular frame portion that contains some UIOs. Since
the actual UIO shapes can be arbitrary, the ROIs serve as the tight bounding
boxes of them. Their correct identification is the first key step for successful
content recomposition. In intelligent image applications, a powerful mechanism
for identifying the ROIs is visual attention-modeling [TKN98 PS00]. Without
truly understanding an-image’s cu(n)ntent,'.s'é-veral attentive features are extracted
and combined into a singlé saliency map for reb}ésénting local conspicuity. The
computational atfention methodology simplifies the probi’éin of complex semantic

. . i . L‘r- 71. . -Ilr .‘a . [ . .
analysis into a series of low-cost hreurlstlnc decisions. Several researches extend its

capability for motion picture .!i)yﬁﬁziilg;hikwlevel video charaeteristics, such as
speech, video genre, and lexical iﬁ'ﬁ;é%ign [MLZLOZ HCPWO03]. Unfortunately,
most designs are-to0 domain- peciﬁér!éa_]oe ap‘pl‘;ied to general’purpose applications
[CCWO05]. " In the rest of :Fni sectignr,:-we whl#‘explainh how to model generic vi-
sual attention in ‘\;'ioi:eo clip's. Rather than blgmc!lly %ddingn semantic features (e.g.,
human face and text); ‘e novel strategy for featill:i:e combination is presented to
take the author’s intentions mto accBunt. In addition, methods for dynamically

determining the number of ROIs and their attributes (i.e., position and size) are

also introduced.

3.3.1 Visual Attention Modeling

Visual attention refers to the ability of a viewer concentrating his attention on

some visual objects or regions. Previous research showed that this physiological
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process could be modeled by a saliency-based attention model [IKN98, HCPW03],
i.e., a saliency map computes an attractive value for each pixel or image block.
Based on our previous studies [CCWO05], three types of video-oriented visual fea-
tures (intensity, color, and motion) are adopted to model the visual attraction by

using the same idea.

Contrast Based Intensity and Color Feature Model

poa

Akt g, (A L
trast [EZWO97]. Ix&_ﬁéychology '@_tceptua@‘perimen have shown that the inten-
Tarh 5 -

1
sity and some ‘color p:%:f

||'_'!

ingly, we i@)}iﬂd&_‘chre
— i _|I
contrast ai?éf b';*i%:%f

i 'gredien‘gfsj%#-ﬁ@;ﬁa_l attention model is the con-

One of the most im

Wi

rnd,zg\hh‘g:romé&_opposition. Accord-
! =Y

Is: i eﬁé{ey, red-green color
W

] . l".!'- 1| —r .
OW CO 1r visu a'tleiﬂthﬁjanalysm module.
| _—
—_—

F

X =
The con%‘?jst Tap are res follows. . ':?
e = (3.1
=~ poadl-
S Mao R, (3.2)
LY FEur L
=B (33

- - - 5
-, Pt b i

. Y
where p = [z,9] _.;;szq itim';'._!‘u_lector, wglista 3 3_,W-ﬁdow centered at p, and
;.-,., el ) R e

P, .= . = ot -

Z,R, G, B, Y denote 'tﬁe;i,.}:;.epg'ity, red, greq&}b}@band yellow component value
=" _f :!? ‘_.:h .':.r__'"'-'-[:‘_ (= V-P

functions, respectively. That '1{':"'{";!1: “e%m’e'}i'?fame, the intensity and color feature

values of a pixel p are computed from its local region w,. For example, the

intensity value of p is set to the maximum of the absolute intensity differences

with its neighboring pixels p'.
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@) (b) (©

(d) = ©

Figure 3.3: Exampl¢ offeature maps: (a) originial video frame, (b) intensity,
(c) red-green color, (d)fblue-yellow color, (e) x-motion, and (f) y-motion feature
maps.

Motion Feature Model L —-

——
—

Object motion plays an essentiér‘l,_‘roler to direct_an audience’s attention across
the scene spaceof a video [BTOB]. rI‘:‘rvszo feature models: {xsmotion and y-motion,
are respectively used to represent the horizontal and the vertical motion infor-
mation in a $geker To ﬁnél the motion.activity of.a spegific direction, the two-
dimensional (2-D) [NPZ03, J9t]rstructuretensor (ST)s evaluated for each frame
pixel. Compared with etheranotion descriptors; the 2-D ST is adopted for its con-

fidence measure can also be estimated."The 2-D ST, J,, for computing x-motion

features is expressed as

Too T H? H.H
Jx _ t _ Zw Zw t : (34)

th Jtt Zw Hth Zw Ht2

where w is the 3 x 3 support window. H, and H; are respectively the partial

derivatives of a horizontal slice along the spatial and the temporal dimensions as
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defined in [NPZ03]. Consequently, the local motion angle 6, and its corresponding

confidence measure (c¢m,) are computed as

1 2Tt
0, = —tan"! = 3.5
2 o J:c:c Jtt ( )
and
T 2 4 2
Cmy, = (J Jtt) + ']:rt7 O S CiMyy: S 1 (36)

Jmc + Jtt)2
The corresponding y-motion Lqﬁ@ d cm,, can be obtained in the same
P &y n-’lli? ',lﬁ f.'::! Y

way. Finally, the X—I'rllgﬁgn }mdlwduaﬂy calculated as:

f':_l'-

(3.7)

(3.8)

r each"Ez'ime the motion

et
feature ﬁ'ﬂJeS‘Of ‘ Eﬂtlphed by the

-
ﬁdencej‘ measure is used

Py

correspdﬁ'-ﬁ!mg con’
-

to suppress unge ,ab‘t‘]}rﬁy @f' obtained motion
—

feature maps_“ By
"'rlu- -%: .El-

Camera Motléﬂ.}Ba

S
seﬁ;f fisn®y
For each video franﬁ,__i}:e %strlbutlo lgllp_ﬁ—itrxalmdual visual features are cal-

o Y

culated and constructed as five fatﬁ e maps, as shown in Figure 3.3. Then,
according to the theory of visual attention model [IKN98, TK99], one saliency
map is generated by their linear combinations, as described in the rest of this
subsection. In the combining process, the selection of relative feature weights is
important, which influences the accuracy of obtained saliency maps [IK99]. In

the literature, the typical solution is assigning a single set of fixed feature weights
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Saliency Value

Figure 3.4: Exampléé of awideo frame with (&) ['(3‘1;1@ and (d) two ROIs (indicated
by the white squares); {b) and (e) are the correspending saliency maps, and (c)
and (f) are the'3-D proﬁles (_).f_t.Qe saliencgln:_gaps of (a) and(d), respectively.

!F f

for a whele video, e.g., the A ual- @h&s"{ﬂ}(l\%% MLZL.02] and the video-genre-
based schemes [HCRPWO03] Wéﬂg-lnt—ﬁ'y ehre inflexible to adapt themselves to
content variations of a V1del> Later ne dypa)mlc fusionschemes were proposed,
e.g., [IK99; HZ04]. Althou h etter results are obtained, the blindness to content

semantics limits ta];felr exte sion for high- leveh phcatlons
From the v1evvp01n“c of'media aesthe‘mcs BT03 Zet98], different camera mo-
tions have different 1mpa£cts on the audlence S receptlon They influence the rel-
ative importance of each visual feature and reveal what and where the author
wants viewers to see. For example, a pan camera usually implies a tracking inten-
tion of some fast moving objects, e.g., a car in racing [BT03]. At this time, the
horizontal motion feature would be more attractive to viewers and should have
a larger weight than the other visual features. The study of task-oriented gaze

control confirms the phenomenon. Under the same camera motion type, users’

perceptual responses to the visual stimuli are generally consistent regardless of
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Table 3.1: Weights for the feature maps under different camera motion types.
M; Mgre Mpy Mx My
zoom | 0.2 0.2 0.2 0.2 0.2
pan |[0.05 0.05 0.05 075 0.1
tilt 0.05 0.056 0.06 0.1 0.75
static | 0.15 0.075 0.075 0.35 0.35
motion | 0.05 0.05 0.05 0.425 0.425

the video genres [CCWO05]. In videography, the techniques have been widely used

in video productions espex*a,]d}; m.Eéxp‘grt ﬁroguced videos [Zet98]. Accordingly,
e

the fact that dlre(:l!pts purpﬁse§ move "ﬁ'ﬁﬁll‘ camex.:a,' to control the audience’s

| R

fixations appr%prkl'ﬁtejiyi:" serves )| hmt ft!{r mteg;atmg visual features

[BT03, Zetgﬂ] Therefbr t on based.ﬂea,ture combination
strategy fdﬁ Sq}}iqn;:y h";gﬁ-stramgy can be viewed
as one kl'hd of the'dynam S prescrl ed However the fusion
weights are deter i ilak i 1on,(1.e':" camera motion
type rat!'ﬁl'ér than 7 _ ":"

In ouu;'-‘.-'\lzvor}?"ﬁ .‘:x_hc-)orrl;? horizontal-pan
vertical- tllt . staticawithenosmot;i | it o]s'je.et—qxéfion Using an al-

gorithm based '_gmuttruc_,mre a -ZOS] orlel ‘camera motion type

il e
is registered for e‘VeI}{ vl@éo frame. The saél.ency I"flap SQ!B ‘generated according to
:{.—
the following equatlon s o
oo 16 ik
S=oac1 X FMy+ -+ aepn X FM,, (3.9)

where F'M; is the i-th feature map of that frame, and «., is the weight of cor-
responding F'M; under a given camera motion type c¢. Table 3.1 lists the feature
weights for the adopted camera motion types. Instead of manual assignment,
these parameters are defined via a supervised training process for feature weights

selection (please refer to Section 3.4.4 of [CCWO05] for the details). Note that the
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physical camera arguments (e.g., focal length) are not involved in the training
process. The camera motion types are only used to classify the training data, and
the same training process is separately conducted. The training data includes
fifty video segments for each camera motion type, all of them are carefully chosen
from various expert-produced films and TV programs. Each segment is 0.5 sec-
onds long (roughly 15 frames) and contains a single camera motion type that is
determined using the algorithm of [NPZ03].

The proposed featl_ljrle cdmb{n‘;t(bnsftra:égg‘bﬁ%;sa number of advantages over
the conventional_ ({I}%&IE.J[.MLZLBFJ%CPW&?R%]. Fﬂgt., j’_c provides the capability
of instant reaqt;.iz_)n;to:h;gnte At ionS i is.,k:ﬂ:i_igxfeaﬁlufe weights are dynam-

ically selected accordi

Next, it is-?g'enéfi?:. - always available in videos

and theirhzlhassiﬁcat'ions have ‘ P i et98, N'_P:Z03]. Finally, it
| p— =
adds only modera ‘tequired information (i.e.,
ol | -
ST values) had be B
= T i
3.3.2 Vi{j,{eq_#}._ ] &P .,"'

S
In our work, an ROIis de Wi
= o, I'"-_ -

& '_'-1- 1
he:-_f_b'lloming).ltﬁ this subsection, we describe how to

5 .

0 ei‘t?:iéiﬁutggl:_l"zéntroid position and
region size (as deééi"-iil’;:ed.rin t 2
compute the attributes for'fea:(jl'_R?I-fio@' aé&hency map. Since there may be
multiple key objects in a video frame, é method for dynamically determining the

number of ROIs is also presented.

ROI Attributes Calculation

Saliency weighted regular moments [PRO98] are effective to calculate the cen-

ter coordinate of a set of weighted data points. They are adopted in our work to
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determine the centroid of each ROI. Let

M N
Mg =y > alys(z,y), p.g=0,12,.., (3.10)

a=1 y=1

where M, N are the dimensions of a saliency map and s(x,y) is the saliency

value function corresponding to the pixel (z,y). In the saliency map of the k-th

frame, the centroid position of an ROl is given by (xy, yx) = (m10/m00, Mo1/Moo)-

Further, based on our observations, the region size of each ROI is proportional
: :';-‘?ﬂ:'! "-,!%

~FIL

I ]| I g ALY : :
to the spatial distribu_ﬁ;ipﬁi:_.ﬂsi‘fe%)#)f sahqux_‘ﬁ{'t@g.gpa saliency map. A saliency

A5

il o N
H"‘:’ '::.-'l.

ol N -
weighted invaria_iif'['!F’ROQS] }s._-ﬁ_'éﬁned ‘ !r'_Ieasure ﬁ?@;;mriation of a computed

= -
& . s
i S = (3.11)
Consequ@:cly, the [region ), where ¢ = 2 is the
expansio@acﬁ)r. 7 s
Mean@_ﬂg_, we ing techni thg.},g],is‘ rete Kalman filter

- |

ot ’ rirs chd. N P
(z),y, ) of the ROT-E;_E:_I}_I-I_-)?; obtﬁ%:rfbd with ﬁ!‘té'.priogl hgquation as follows [WBO04]:
Yip - i
D S|

ot g
an ROI centroid w%xi}it orrésponding positi
..'I.J:' . o, b 5 o i
a smoothly co@ou@f@m a:';ﬁ.@'@re or_ie!':"a predicted centroid

W ETEgRE
Ty 1010 - Wy,
bl = S S e (3.12)
yk 0 1 0 1 A-Tk:—l,k—Z wyk—l
L Al/lcfl,k72 |
where (Ag,_, 5, Ay,_,,_,) is the centroid difference of the ROI between the (k—1)-

th and the (k—2)-th frames, and w,, , and w,, , are two independent white noises

with normal probability distribution N(0, 0.5). If the Euclidean distance of the
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(b)

Figure 3.5: Comparisons of the ROI and the<UIO representations for user-
interests. They are respeetively indicated by the solid and dotted lines. In (a) and
(b), the number lof contained_semantic objects (man together with a car versus
one single ear) is/different. [~ ‘

computed (zx#y;) and the pfediet%;;yg) positions is 14rger than a dynamic
threshold 7, the compute%‘i entroi (xk,yk) willybe treated as unreliable. For

puted ROI Centrmd from awhere it should be. In this

example, a flash event often alters ‘cht?‘spatlal dlstrlbutlon of a saliency map and
sharply shifts away the COlg:

case, we would * propagate tfle ROI from the prewous frame instead. That is, the
ROI centroid is set to. the prédicted position (x| y,), and the region size would
be the same as that in the (k " 1)-th frame. Finally, the dynamic threshold 7, of
the ROI in the k-th frame is defined as

Tk = 7‘|(Axk—l,k727 Aykfl,y—Q)HQ? (3'13)

where || - ||2 denotes the two-norm operation of vectors and v = 5 is the tolerance

factor.
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Figure 3.6: Example of flooding operatiqﬁs with'a6x5 ROL. In (a), the number
of each pixel indicates which Iborder it belongs to._ In (b), the left and the right
pixels of a thiek solid line are'marked as the.background and UIO, respectively.
Their valid neighbors ‘are'e@onnected with the arrews. (Let Cjbe a color in RGB
space and dp(Ca3nCs) > T7.) .

Dynamic Determination of ROIs '/
‘ N | |

Sometimes, there are mofe thﬁ?ﬁ%R@I in a video frame.-For example, in
one view of a tennis game, fwc playe'r! may forr?n two different ROIs. This scenario
has to be explicitly addres‘*se‘ . In ';L :s-ziiiency map, each ROI usually consists of
a set of saliency Faliles péal%ed at the centér ofits 3:D profiles. For example,
if a video frame has tx}Vq‘ ROIs (e'g. there are two separate moving persons in
Figure 3.4(d)), its saliency maprusually has two separate peaked sets, as shown
in Figure 3.4(f). We assume that the saliency value ranges from 0 to R (in this
work, R = 255). If a pixel’s saliency value is greater than a predefined threshold,
it is added to the peak set (PS). All pixels in the PS are further grouped via
an unsupervised clustering algorithm called the adaptive sample set construction

[Bow02]. Euclidean distance is chosen as the similarity measure because it works

well when a data set has compact or isolated clusters [JMF99]. Then, the peak
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set is divided into several disjoint subsets. That is,
PS = PS;, where PS;nPS; = ¢ if i # j. (3.14)
i=1
In this way, a saliency map is partitioned into n regions, and each region corre-
sponds to a peak subset PS;. One ROI is declared for each region. With this
scheme, the number of ROIs can be automatically and dynamically determined
for each video frame.
Note that in practlc(f.thqa Ihlrm'bgr of” ROfé .ls-"fau.r’posely kept no more than three
[BT03, Zet98]. Tllolq-hrany attrhcgtave obje _ﬁ in a fraﬂ'éwﬂl distract the attention

of viewers. In,. suchef case, like the scenes &\E:i}y stl‘e,e.t the global view is
preferred O\r‘é’[rlﬂleldu . inate th@.’?n—gomg clustering
process ana‘ deﬁ;g‘?ﬁli grs;- (:.3'1 map.
Y \C B
=i o~
3.4 Conte rﬁ ' E
In thl?slect-aﬁl, in in de ‘ ec;("){'r:i-)og'i?;lg video content
to fit With;l_'i_&}_ targ@; | | . | Ql'rm.for{?;tmn exact UlOs
are separated fronr the backg e oval of U.];Os leaves some scene

Ve L :lf } - 1 "a.l 1

holes on the ba,dfgmnnd?" an-ﬁfppmtmg aégi__i%rlthm is ap plied to refill them. To
emphasize the UIOs we [m}rease thelr relatlvF schles with regard to the scene;
meanwhile, to retain the video coﬂl’cexti We resize the background to match the
screen dimensions. The adapted result is then obtained by reintegrating all of the
modified video objects. To ensure the resultant visual rationality, a set of criteria
based on media aesthetics are developed for guiding the recomposition.

Before we proceed, a natural question may be raised here is whether all video
scenes need to be recomposed. Obviously, if the UlOs have been appropriately

emphasized by the author (i.e., large enough) as shown in Figure 3.5(a), other
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(b)

(@ (h) (i)

F
o r Ii EI ! =

Figure 3.7: Examples of video objects separation. The columns from left to

right are successively the original frames with ROls, extracted UIOs, and repaired

backgrounds.
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lightweight options such as direct resizing seem to be sufficient. Therefore, we
compute an area ratio of ROIs to the whole frame as a simple condition for
thresholding (cf. Figure 3.1). The threshold is empirically set to 0.65. For exam-
ple, if the total area ratio of all ROIs in a frame is greater than the threshold, the

direct resizing is applied instead.

3.4.1 UIOs Extraction _
L oy
For simplicity, WI(I3 asl;sume thﬁj: each BQI cbntﬁna one single UIO. Aforemen-

tioned, the only @1fference bet'we’én RO'I%:nd UIQ, 1s m-the inclusion of partial
\‘h@'n a UTO can possess one to
b‘}.-bﬁe car itself constitutes

background 01:""n0t cf..||r Fi
N

several serr{antle-ﬂb je

example, in Fi

a UIO, aqg in Flgu 3.5(a)the car toge er ith a man.fﬁ'rm afnother one. Since

- 5 : "
transformed to ex e t ts corresyondmg regions.

For video[.i)res_e_}};a vgry shq:rt to the viewer
so that the-Segfmente ) ' and the‘"‘efﬁ(:lency (i.e., the

processing SI)'éed)T!seem t0 impottant ro'le Tlii'&refore we apply a
real-time ﬂooding:pproéégﬂfe tohun&ﬁﬁt baglﬁg;?)und parts of an ROI
[CV05], in this WOI‘k‘" “.‘".'-"‘ b:_'!" 4 .:'L-‘

Conceptually, an ROI 1Sfc013fp0§ed-cjf a pet (bf non—overlapped rectangular bor-
ders with one-pixel width. For explanation, these borders are successively num-
bered as 1 to n from the most exterior one, e.g., the case of n = 3 is shown in
Figure 3.6(a). Initially, all pixels of the first border are marked as the background.
Next, every pixel of the second border is compared with its neighbors that belong
to the previous adjacent border. The valid neighbors are those not 2 pixels away

from the target pixel, i.e., within a 3 x 3 support window (cf. Figure 3.6(b)). If
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the difference from any of its neighbor pixels is less than a fixed threshold Ty, it
is marked as the background, otherwise the UIO. Figure 3.6(b) gives an example.
The same process continues through out the following borders. Meanwhile, two
stop conditions are set and either one will end the flooding. The first condition
is when it reaches the n-th border, i.e., all pixels of the ROI have been scanned.
The second one is when all pixels of the checked border at hand are marked as
the UIO, i.e., it has got into the UIO interior and no more background pixels are
left. Finally, the desuec}-misi& ‘[s gtalnec:i_'ihdﬂﬁse} for extracting the UIO. Some
examples of UIOhex!!ractlon ai'e g;rhown gi‘fgure 3. 71 'u:.-—

In the aubm:;.e7 f-hert‘f ffere

, . (3.15)

resp‘ecti_;gly In addition,
heﬁlnﬁ,]igrlty measure dg

1déﬁt1f1y1n'g, ‘meaningful object

in hue and sa:tur-aﬁﬁ'n hl property is use
edges. "e"".l.-,_ -':'7-'3-! h"f

'.
2, ol a o ) )
T, ¥ A x v E"n

f[._ “’r.- -

3.4.2 Background .-Re‘pg,lflnﬁ A= -"[:1' [

To repair unfilled scene holes left by UIOs extraction, we develop an exemplar-
based inpainting algorithm based on the work [CPT04], in which the visible parts
of a frame serve as a source set of exemplars (i.e., image patches) to infer the target
region. Unlike other kinds of inpainting schemes, the missing data is replicated
rather than synthesized from available information. It is superior in reducing

blurring artifacts. More importantly, it has better speed efficiency [CPT04]. Some

o4



Chapter 3. Semantic Object Based Video Adaptation

screen

Figure 3.8: The virtual Qiﬁgélﬁ_@ci?e‘}' -A video objects of a frame are re-
projected onto a target h@r en. obJect,Jg D 'Wed,‘larger (i.e., the star-shaped

UIO) while it come@’l ‘{oser to‘{the- screert.. =-|
.:'hf . " - "\"{ Jr'l: + 8
examples arq"..shown in'Fig 3.7. 1 gorithm anei_more corresponding

hole WllL"ﬂ@le covered with the re-pasted S. i aln‘t.ed"}}!xels, especially
those aldhg the SCe ers. Tlrilz_e:lt_;efore7 it is gen-
erally safm'o mede n_i;_':-‘éffy_%)airing a partial
region, e.g. ;,WeL em.p;rl cally's \yhole Fgl;:;.the same reason,

n}zam‘i:mghalgorlthm The later

often requires coﬁt)lex sﬁdtla,h_—:tempora a.nadlysm%?’wdé'h[s such as exact camera

registration [PSBO5 @F_"JQB F"'r our apphc tlons'lﬁhe?e is not much gain in doing
s0. . -?“' rioT 2 e -

3.4.3 Media Aesthetics Based Video Objects Reintegra-
tion

As the final step, we reintegrate all of the separated video objects for con-

tent recomposition. Since the background is directly resized to match the target
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screen size, the reintegration task becomes making a proper arrangement of en-
larged UIOs on the resized background. The relevant issues of a UIO include the
following two points: one is where to paste it and the other is how large it should
be. The discussion is difficult for its subjective nature [CV05]. Careless handling
often incurs negative effects on the visual rationality. That is, the visual structure
of a content would be altered to distort the conveyed message, e.g., Figure 3.2.
Fortunately, media aesthetics is an efficient process of examining media elements
for identifying their roler:- m‘mfaiupglatlng h‘dm.!ﬁl pﬁrceptual reactions and synthe-
sizing effective m‘lacﬁ‘h, productiolas [BTO _:é&t% DV-ﬂﬂ} It provides us a reliable

ob\gﬂve and rational way.

basis for the aqtomaﬂﬁ: decisi

c-*'-.fr :
Determlﬂﬂtlg_llfx"qf ‘f-‘- =
5 -
From the viewpoint of the idea of 1ncreéis1ng the relative
| ]
scales of UIO§' ac ci 7 deo"scei;e_ [Zet98]. If an

er. T -é' relation can be
er., The

described WlthiE;lVII‘ : ) ! Fl'g{i"re-3‘8 It is obtained

, rI‘he' manlr advantage of this
be&geqn d1ﬂ%‘rent aspect ratios, as

by using thzﬁ_:".p_ers_?‘é}_ﬁti
model is its ahﬂ.lt,y to _.ena.ble

'o ction camera

illustrated in Flgure_ﬁ 8 In tfg;.s way, 1 the Eo?respondlqg coordinates of each pixel
in a frame can unlquely bqaa"de jrrm,ne(a on-nthq SClleen Accordingly, we take the
centroid of a UIO, say (X,,Y,), as its control point to obtain the target position

(Tesle)-

W'idths Hez’ghts
T Ye), 3.16
Widthg Heightp ) ( )

where Widthp, Widths, Heightp, and Heights are widths and heights of the

(Te,ye) = (

source frame and the target screen, respectively.
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Chapter 3. Semantic Object Based Video Adaptation

Determination of UIO Size

For emphasizing the perceptual feeling, we would like to make the perceived
UIOs as large as possible. However, to ensure the recomposed visual rationality,
we introduce some aesthetic criteria to upper-bound the limits. For explanation,

video objects of the f-th frame are represented as follows.

f — -
where BG and UIOy; re lhe il"'ega%red backgrd{m'd.rand the i-th UIO, respectively.

Let BGR be the r,lleséed BGy ﬁqniatch th,@creen 51zé'- and Ul OR be the enlarged
UIO; by a scdhng fa’"é)f' onceptua Ey,ta‘;re the-f“prOJected” images of

.8). Sii ce:_;the aspect ratio of

each UIO is;?ke‘ptfﬁ'b{ to av; pe di‘sﬁf&w, the samerscaling factor is applied
| i - -
to both of its dimensions. [In o) ﬁ-g?, we describe in det_éill and formulate
e [ :

each of t!.}f_a adopt fic pr@{.p
1) Pr'ziq:’zp_l_e of lasure: ﬁn showin
bjects s at the vi
parts and pe.t.eelvgl.!-t'he

__c[e That is, enou arts dfi L‘he en],arged UIOs should
be visible on ’L'fl@ screé-nw-S T“eeﬁl}t@ec}ﬂ\ Thls principle can be

—":_ '-hln
formulated as et

e
screen, we: must fra

S (3.18)

where 0 is empirically set to 0.9 and |A| denotes the size of a video object A.

2) Principle of Overlapping Planes: When an object is partially covered by
another, we perceive that the one that is doing the covering must be in front of the
one that is partially covered. That is, the enlarged UIOs should not be overlapped

since they are originally non-occluded. This principle can be formulated as

UIOF,NUIOY, = ¢, i # j. (3.19)
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3) Principle of Relative Size: When the relative size of an object is smaller
than another, we perceive the smaller one as being farther away and the larger one
as being closer. That is, the relative size of the enlarged UIOs should be consistent
with that of the originals to keep their inter-relationship. This principle can be

formulated as
|UIOy,| B |UIO]1?’Z.
[UIOy,|  [UIO%,|
It implicitl lies that r¢;
implicitly implies that ry; = rf_;i "'r".l"'L

4) Principle of On ;1c¢ein éagtmuzty _Wh‘e#;l_ﬁke visual setting of a scene has
R L

i # ] (3.20)

been estabhshed,l,lwe “r.nust keep-ﬂis consm’s&icy in the1'deQw1ng frames to maintain

4
the viewer’s Hﬁ&n’cal mg D. "‘ng:'pattenn. cgf the enlarged UIOs
should be cc;r'i‘smt.ept p ‘:].H-f:lp.le ‘can be formulated
"-.," 1 A 4k J
as h'i H' W T
= \ =
= = (3.21)
[ ) ‘ ‘ Ty
where UTO; 1 £i 1N 1ﬁ§lnext frame. It
1mphcit1yu.'t-.fnp}i-§&t _:'::-'"." rf\.
From t'rfé plrlnqp 1 4, we know xn es.er the?’%cahng factor are
identical for all Uﬁ)§w1 he sam@shot, wh effec’ca:vely reduces the solution

i"' "1I

space for exploraﬂ.an T@Vmg}cblasmg, we. c.oinpu%lé% va:ﬁg{ value range [Tmin, "maz)
for each frame (as d’ esc I_‘,lbed in the fGllowmg-) a‘ndl’galie the maximum from their
intersections as our final resul-tf#l* ',Ifn.-t}i}s an, all enlarged UIOs are promised to
satisfy the adopted aesthetic criteria. Obviously, the smaller scaling factor of the

background would be the natural lower bound, i.e.,

Fmin = T (Widthp’ Heightr

If the obtained scaling factor r* is roughly equal to 7,,;,, the whole frame seems

to be directly resized while the aspect ratio of UlOs is kept constant. Generally,
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we search the possible valid maxima r,,,, for each frame by linearly increasing the
value of 7,,;,. Specifically, the value r,,,, of a frame is the maximum of possible
scale factors that satisfying the adopted aesthetic principles. The search precision
(sp) depends on the speed efficiency requirement of the application. In this work,
it is empirically set to 0.1. Let a and b be the indices of the first and the last frames
of a shot, respectively. The process to obtain r* of the shot can be summarized

as follows.

e Step 3: 7" = s

It should be noted that if the additive incremental mechanism take a long time
to find the solution, i.e., the selected search precision is very high, other fast

algorithms like the variant binary search [CLRS01] can be applied instead.
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Table 3.2: Screen sizes used in the experiments.
| Type | Size (pixel®) | Aspect Ratio (AR) |

1 240 x 180 4:3
2 208 x 156 4:3
3 168 x 126 4:3
4 120 x 90 4:3

3.5 Experimental Results

In this section, we con(i'uctt,l'sefv_&al "{f)qoé'i“ugpnts and compare our results with
those of the conveniiu)n-al app,rqﬁfches [CVDB XLSOE}- Then we carry out user
studies to Verlfy I!l'ahe ﬁrffectlvej

L—,‘!

oposed ‘-f{amequrk Finally, the time

echnolog;a_ of spatial resizing

L ¥ i, | [

is chosen ae-.tlllfl.@,g?n : ‘ﬁﬁﬁ tw@-reasons First, it
L) ill P : ' I r - 1

is Currem‘ﬁ‘iyF the most popu olution f‘or adaptIVe video delivery

elevant %rk that focuses

[AWSZO&V' Secon st althoughfsome m'fp'roved solutions
‘ . 1 _..r‘l-' 3
other thz;fr-'the spa ing are proposed,
on video-@sed;&pp‘ | Most\@ts are |
Section 3.2. e |
ﬁ . Ny

As hsted in T_a e'3 2 fohr typi s“ of hand he\d devices are adopted

in our work KMSO5L ZQ'I of,-thgm have % 4’:._3 A (;)n‘i'ilhe other hand, we have

11]"'1-fﬁagr€§ as described in

eight source clips as’ d(_ﬂjqubed in Table 3. S} Th‘ey a}“e all expert-produced and
each of them is about three td’r ﬁ'v-é mﬂqut_éls long Some sample frames of each
clip are illustrated in Figure 3.9 and Figure 3.10. Note that we use short clips
rather than long sequences in the experiments, because observers’ viewing fatigue
has been reported to have a severe interference with user study [KMS05]. In this
way, it would be affordable to cover more kinds of video data. Further, taking

into account the effect of video changes in ARs, the source clips are divided into

two subgroups according to their ARs. Each clip of the subgroup 1 (i.e., clips A
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to F) is direct-resized into four testing clips with different resolutions as shown in
Table 3.2. Also, four testing clips are automatically generated by our approach.
In addition to the direct-resizing and recomposition, linear-resizing is another
adapting choice for the clips of subgroup 2 (i.e., clips G to H) since they have
a different 16:9 AR with the adopted screen sizes. By definition, linear-resizing
keeps the original video AR intact but direct-resizing changes it to match the
adopted screen AR. Therefore, each chp of subgroup 2 will have two kinds of
spatial resized testing clhpsl for Oner spec1ﬁc-!res(5'lui}on In the rest of this section,
the term conventloﬂlal approathg-s will _&_@Sed 1ntert'flangeably to indicate both
the direct- resuqng amf'-the li izi Ol{%i{ :'j;-'a

s 5
nd 2, respectively. The
ition @E ﬂ e-3(i.e; 168 x 126). For

i

dqpicte u lip number followed by its
| T .

e T 4
.e_r': Y, B
1. Although the backfgr(ipn_d.éon_text_s[ are igribthfﬁlly preserved in all results, the

key subjects are more effectively emphasized in our approach. In terms of

visibility, our approach provides more useful information to the viewers.

2. Tt can be found that some of our results have lots of gain in the subject
visibility and others have moderate improvement. For example, the UIO of
Figure 3.9(b) (i.e., the automobile) is emphasized more clearly than that of
Figure 3.9(a) (i.e., the motorcycle). The difference is due to the considera-
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Our Result

Direct-resizing

Our Result

Direct-resizing

Our Result

Direct-resizing

Our Result

Direct-resizing

Our Result

Direct-resizing

Our Result

Direct-resizing

Figure 3.9: Comparison of our approach with the conventional approach (direct-
resizing) for the clips of subgroup 1.
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Our Result

Direct-resizing

Linear-resizing

Cur Result

Direct-resizing

Linear-resizing

L -

. -E{E- - = - _[-7 ].‘-F -7—bl
Figure 3.10: Comparison of{)'mﬂ" a‘p}gfoatich with the conventional approaches
(direct-resizing and linear-resizing) for the clips of subgroup 2.
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tion of visual rationality. For example, in frame Al-4, the two UlOs (i.e.,
the man and the motorcycle) are originally located at a close distance to
each other. According to the aesthetic principle of overlapping planes (i.e.,
Equation (3.19)), mild enlargement is made to keep their spatial interrela-
tionship. Similar phenomenon is observed in the results of Figures 3.9(c)

and (d).

3. The UIOs in clips C anfl ;II(I e, Lt;\e main actors and the actress) have

\fq,cia,l ex]gresislons and pI'entiful .body language. They are

1mportant xh.l'rsuaJ ues inl &ramatlc

fine gestures,

\ ormanq{buﬁ'most of them are almost

Furt]&{grm(')‘re, soil i i c;.;m’" anrng are also invisible,
e. g-,,hlln ﬁ-‘éur Xhi Y ‘.t@p of t.h.e actress’s head.

“visible” to the viewers.

e
f =nfi'dé0_;;AR changes. We
gé-ﬁ".S'@re?;:and keep the UIO
1 al coqu:rt Both advantages
._ a1

of the hnear— am,d ‘cF"rect"Ees,lzmg aregggectlvely 111't".g!grated in our approach.
Figure 3.10 demoﬂ'st:sg.tes fwo real exqmp'lesi

¥ 1;'}7 :__- il

5. Sometimes our approach generates new visual artifacts in the recomposed
video, e.g., the actress’s incomplete feather ornament in the frame D1-2
and the defective boundary of the girl’s head in the frame H1-6. Based on
the experiments, these artifacts come from the imperfect UIO segmentation.
Currently, as described later, we find that most viewers are not well aware of

those artifacts. If visual artifact becomes a major concern in the application,
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other more accurate segmentation algorithms can be applied to resolve this

shortage.

3.5.2 User Studies

To evaluate our approach, two user studies (TRIAL-I, TRIAL-II) are sepa-
rately carried out. The objective of TRIAL-I is to determine if the accompanied
content changes of our approa:l;h_fz = ‘.enlg,rged UIOs) are visually acceptable to
users, and to determiﬂdf lllch oﬁ_our apprpaé{ anﬂ the conventional approaches
is visually prefelciy.e(-fl.II In TRIAE‘H we a'lg_to 1nve§t1gate-the effectiveness of our
E‘g‘ Xperléncp of our approach is

A
compared {mfh‘rtﬁat o‘?—-!‘l‘?ndaheld devices. For
reference,,éhe It‘%t ¢ nditio e-ﬁﬁf‘alléd methodology of
each expé-’jment is explain '.‘-:;
o ™ o ._‘
e -
TRIAL-I':. iy =
T --?l ; i I'::.g‘.l rb'ﬁ
For oul-purpos__(?_i ects of the re81ll need to be 1n-'\'7bst1gated One is
|':\l..u [ ." F.-

whether UIO'E ar“{' eﬁectﬁg 13] emphasized, E*l ’ nother is v.:;ihether recomposed
videos look reas'd_!;ablé @r&%&h&& of -qlur\approach depends on
whether it is actuallf preferre?fr iby viewers l%erefq[re IIWe apply a pair-comparison
technique [CXF103, LGO5}?G iudj v1§we&’ v!Sual acceptability and preference.
That is, at each time, an observer will be shown two different adapted results
of the same video, and asked to subjectively decide which one would be better
based on some predefined questions. In this way, it allows us to know the relative
advantage and disadvantage of our approach.

In this study, the used testing clips are at the resolution format of screen type

3 as prescribed. Twenty participants are randomly invited in our campus. They
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Figure 3.11: Example of thqrdzis'played[ \‘7\[613 page for TRIAL-I. For reality, both
the pair of testing chps are presented onua Vlrtual ‘bellular phone. (See Subsec-
tion 3.5.2 for details.)/ y

are in the age“S“df' 20 to 27, all“with Ch’fh_éée as their‘“l‘ga!ﬁ-‘i've language. Before

joining the study, they havle ﬁdem a,e)q (tur research work. Since the study

will be conducted via the ‘Tb’ e@_ 11 t is assigned a 17-inch LCD at the

eters. m

Initially, the testing goal, process, -and ﬂel vant detaﬂs are explained to the

viewing distance of 40 eent

participants; such aS :descri tlons of the predehﬁ ed ques’tlons For fair comparison,
they are not told any détalls about our v1deo ada,ptatlon algorithm, e.g., UIOs are
extracted and remtegrated Wlth the background In addition, they are required to
conceal personal interests in different video clips since the study focuses on viewer’s
visual experience rather than his/her emotional perception. After making sure
that all participants understood the instructions clearly, we begin the experiment.
At each time, a pair of testing clips (one is generated from our approach and
another is from the conventional approaches) is displayed side by side on a web
page, cf. Figure 3.11. To be fair, the source videos are not presented to the

participants in advance, and names of the corresponding approaches will not be
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prompted. Both the order of presentation and which clip to be appeared on
the left or right side are independently randomized for each participant. After
browsing the pair of clips, the participants are asked to answer the following eight

predefined questions (Q1-Q8):
e Q1: In terms of UIOs, which clip is more visible to be recognized?

e Q2: In terms of UIOs, which clip appears with better motion and shape
continuity on the qgf‘i@t H'ﬂ"'-"ﬁnzl’.;:l:
'l.

A - -f‘?
e Q3: In terr‘:beIOs Whﬁ:’h clip d you Vi prefer7
|r' ; r;
" t f h clip look
[ J
objects, v%:c clip looks more
-

l|.-""-l rﬁ.

. :;d : | cti rb@,-i r of video objec ;%?Nhich clip looks
° pﬁf’, \?{I-Qi'-hld you visually
.l"lu,,_-

n} ' ﬂ;
e (8: Generally, for b_rﬁgig_pﬁfmﬂihgﬁeld device, which clip would you

prefer to receive?

Gﬁijﬁh chﬂqwould be more infor-
.-'||L

For each of the questions, three given comments are allowed for participants to
choose as their answer: “the left one is better”, “no difference”, and “the right
one is better”. Note that the answering time is unrestricted and the pair of clips
are allowed to be repeated. The same process continues until all combinations of

possible clips are tested for each participant.
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For our testing purpose, Q1 to Q3 concentrate on the UIO itself. Specifically,
Q1, Q2, and Q3 examine whether our UIOs are visually emphasized, accept-
able, and preferred to viewers, respectively. Here, the acceptance refers to user-
perceived motion smoothness and shape consistency of UIOs, which is affected by
adopted underlying algorithms, such as the UIO segmentation. Therefore, Q2 in
some sense serves as a performance index of our system. Next, Q4 to Q6 relate
to the user-perceived visual rationality of the whole recomposition. The static
and dynamic visual peri:ephohg r‘glndlvm{ia]&_"y efsplored in Q4 and Q5. Further,
Q7 explores the ass‘stance 11'31J centent c_cl}f_ﬁrehehsbﬂ‘ ‘and helps us to know the
functional role.,.of oup"i;ppro inall 'n\aqz;;gates W-hether viewers would

the usefulﬁ'éssm%J @u ppros

Table'% .5 show the statis h. Accordlng to the cate-
b A
gories of ¢lip subgr ; esults are further divided
e i =
into three sub-tab e fourth ‘worse” column

E_" " -.. I-F‘ r'!.‘

denotes the pef'ént

viewers. Fofa refer Hce, iy compute the wei , a}ue ,uRnﬁlas an index of the

, %ﬁf: 1s£i‘.‘I {_::-f.

user’s relatlve @i’eferen;,q@ ,QR

"F _-J:-" r'-"'- :_i. h
ﬂrRP_‘,. +‘f) fo £0- f'? Lg  fu) /100, (3.23)

o) E e .I‘.[

where f,, f,, and f,, are the “b-ette'r”',L “no difference”, and “worse” percentages
for a specific question in a sub-table, respectively. Clearly, pugp is in the range
of [=1,1]. If the value is positive, our approach would be more preferred by
users, otherwise the conventional approaches. The RP strength is measured by
its absolute magnitude, i.e., |urp|. Meanwhile, a corresponding RP variance orp

is estimated.
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According to Q1’s statistics in Table 3.5, our approach is really helpful to
improve the visibility of UIOs for viewers. As shown in Q3’s statistics, most of
the viewers also prefer such an improvement, but there is a 10%-40% decrease in
the “better” percentage and the RP variance is high. Based on our observations,
it is mainly caused by two reasons: First, the motion and shape continuity of
emphasized UlOs is not perfect in our approach, e.g., shape inconsistency of the
actress’s feather tail in clip D1 as prescribed. As shown in Q2’s statistics, some
viewers are displeased to this kind of artifacts (e.g., there is a 13.33% “worse” in
Table 3.5(A)) and would rather ;jsually ialliefer the conventional approaches with
smaller UIOs.4 Secondi-the effectiveness ef: UIO,_,_er:riI)hasis is content dependent.
For example, in Figure 3.10, it is useful to emphasiie the be of clip H for showing
his important idetails to viewersy, such asythe, facial expressmn However, in Fig-
ure 3.9, it becomes less meamﬁgfgpr the T:air of clip B since viewers can easily
recognize its appearance eye wﬂer foirm In this ease, our approach is
not specially preferred by + . [hat is als‘o the reason Why we have a lower

J
“better” percentage (53.33%) and.a higher

1

I
of Q3 in Table 3. 5(A) tha ttose in Tables 3,5(B) and, (©).

Further, accordlng to statistics of Q4 and Q5 1n Table 3. 5, the visual ratio-

dlfference percentage (30.00%)

nality of our approach is geneyeﬂy acceptiable to'viewers. We find an exception
is in Q4’s statistics of Table 35(C) One reason is'due to the artificial essence of
our approach. Since we recompose videos with software-based techniques rather
than real video reshooting, the visual rationality of our approach could not be
so realistic as that in the original. Another reason is that the object distortion
caused by AR change is undesirable to viewers, which makes the perceived relative
size of video objects visually unreasonable. It is found that the shape distortion

seems more intolerable to viewers. For example, compared with the Q4 statistics
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in Table 3.5(A), the “worse” percentage decreases to 2.50% in Table 3.5(B), but
increases to 52.50% in Table 3.5(C). The more the video objects are distorted in
AR, the more the relative size of them looks unreasonable. An interesting phe-
nomenon is that even if the viewers are aware of those visual imperfection, in
average, they still prefer the scene composition of our approach, cf. Q6’s statis-
tics in Table 3.5. Notice that the terms “better” and “worse” in Table 3.5 do
not mean absolute success or failure but the relative performance of the proposed
or the conventional ap_{eralches rll'j’nerefore wé' c%p, say that although the visual

% :'*'
rationality of recom'posed Vldéds-ls not _ﬁ;‘ﬁect it dﬁ'es not fall far short either

when Compareql Wlth-ﬂrierorl i . L ra@is_ged Vrsual quality seems good
enough to b('—',- accepted . “

Flnally, ind ?a'hl‘ . isti (;;;’: Gf‘: the partlc1pants are
willing toﬁﬁi"ecelve onllr results forypracti Fe. Furtl ermore, ‘as shown in Q7’s
St&tlSthS'..%ur'!app ach i o v 7 nsion u0--f|'t_video contents;
however bqgllle corre i i V is hi S showrﬁn Table 3.5(B).

- , el ¢
From the perspectiv kes it T)la“31ble that viewers
would prefel;_our a pr en tS._.:ﬁ;_l_&t a{itrlbuted to the en-

hanced Vlslblhs_y of 1m1}0 a,

ethe reS'q.}ts of our preliminary
1

el .

g.l{lg 5 The proposed approach

s
experiments may-'Ee 1-rlconclué1}fa‘, we ﬁnd ﬁfncou‘ra
seems really helpful to ‘fmp‘pove. the V1deo Q,qurterlce for mobile users. Also, the

mobile users would prefer our appfoach to obtain the improvements.

TRIAL-IT

To further evaluate the effectiveness of our approach in practical use, we care-
fully design the experiment to assess viewers’ subjective satisfaction with the

viewing experience on hand-held devices. Specifically, the satisfaction refers to
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the level that a viewer is satisfied with his/her viewing experience of an adapted
video on a hand-held device when compared with that of the original video on a
standard display. For our purpose, overall, the viewing experience is defined as the
user-perceived detail visibility, visual rationality, and browsing ease of video con-
tent. Specifically, the detail visibility indicates the user-perceived clarity of small
objects or things in a scene; the visual rationality relates to the user-perceived
relative size and interactive behavior of video objects, cf. TRIAL-I; the browsing
ease refers to if the user.can comfortably view a whole video. In this way, we are
able to measure how effective ‘0{1;1; approﬁé'(r:h would be in improving the viewing
experience forimobile*fsers. - 7

In this studyr,i the used testing clips are at all r;:solutrirgn formats as described
in Table 3.2. Télensure the'va']zidity, angther twenty p;rticipants different from
TRIAL-I are randomly invited: A_i]_'?-ghch LCD and a Dopod 900 Smartphone
(with a 3.6-ineh LED) are jas 1gn§§"eaph p!il"thlpant as the testing platforms.
They are set at the v1ew1n4 stancy of 40 and|30 centlmeters and treated as the
standard display and the ha —held:déylce lliespectwely

Initially, the tfegtl;ng purpose, process, anq r%levant defcuails are explained to the
participants, e.g.; éieﬁn'ﬂ;iqns of the viewing experience and'sub jective satisfaction.
For fair comparison, the;} are'1j0t; told anyrdetails ;about our video adaptation al-
gorithm and required to concez;l personal interests in different video clips, as like
in TRIAL-I. Then, one of the source clips at its original format (cf. Table 3.3) is
shown to participants through the standard display. To avoid viewers’ misconcep-
tion, the participants are asked to read the corresponding content descriptions in
Table 3.3. The playing is repeated until all of the participants have well under-
stood the video content. Next, all the corresponding testing clips of that source

clip, one at a time, are presented on the hand-held device. For each of the test-
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Satisfaction

S Y e R R L CEEEEEEEEECEEE B

0.2 prmmmm o —H&— our result
==¢== direct-resizing

o1 120x390 1681126 208x156 240180

Figure 3.1Q§;;Compaf' MCh and the conven-

tional apprqach?u};r p l.at.,d;fferent resolution
D

formats. L =]
= X -
ing clips, whew the playing|i ici ave"one mlnute to give a
subjective score in places %ﬁmost e.g., 0.75.
'."':'-

sa‘tf&f'aqﬁ'}on with that clip

about the same-'-‘as tha];.- @Q ;i 6 Vlewel""wlll give a large score

I.L

value, othervvlse a smaH"‘one -I;Istead Nole:ﬁchat ‘the Ilr(:;gﬂay is inhibited and the

answering time is restrlﬁhefji,,‘is-mc we behe thF -'Vﬂ?vver s first impression without
B I.||I' l_-"LJ@

reconsideration reveals his/her true satisfaction about the viewing experience. To

avoid biasing, testing clips of the same resolution format are displayed in series

and at a random order. In the following, the same process is conducted for all of

the other source clips.

Figures 3.12 and 3.13 illustrate the statistical comparisons of the user studies

between our approach and the conventional approaches for the clips of subgroup
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Satisfaction

UG Y e R R EEEEETFESEEPEE PP P PEPEEE B
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O it b A & linear-resizing
==¢== direct-resizing

o1 120x390 1681126 208x156 240180

Figure 3.13: Comparison of the user study between our approach and the con-
ventional approachies (direct-resizing and linear-resizing) for the clips of subgroup
2 at different resolution formats !

1 and subgroup 2, respectw@ly ig!hg .ﬁgures eachlof the points is obtained
by averaging the partlclpaﬁlt ' satis tlon of the adapted results of an approach
at a fixed resolution format., The -syimmetrlc‘ error bar ‘ifidicates two standard
deviation units in_length. fln addition, the teehnlques of* hypothesis testing are
applied to obtain the Statlstlcal significance (P~Value) of‘our approach [Dev95].
Since the claim is that the viéwet’s satisfaction with.our approach is higher than
that of the conventional appréaches, the P-value provides the probability that
the difference (i.e., improvement) in the experiment happened by chance [pva].
For each resolution format in Figure 3.12 and Figure 3.13, we compute a P-value
between our approach and one conventional approach using the upper-tailed ¢-
test with n — 2 degrees of freedom [Dev95], where n is the number of observed

viewers’ satisfaction. Specifically, for each resolution format, we obtain one P-

value between our approach and the direct-resizing in Figure 3.12. Similarly, we
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obtain two P-values (one between our approach and the linear-resizing, another
between our approach and the direct-resizing) in Figure 3.13. The P-value results
show that except for the cases at resolution 240 x 180 with the linear-resizing
and at 168 x 126 with the direct-resizing in Figure 3.13 (i.e., 0.006 and 0.001,
respectively), the other P-values are far less than 0.001.

Generally, according to the average satisfaction in Figure 3.12 and Figure 3.13,
our approach outperforms the conventional approaches in all cases. It is found
that the satisfaction of pur approach remains high (above 0.7) throughout all res-
olution formats, but that of thg éénventid#al approaches . drop rapidly down to an
unacceptable level ag'the: screefiSize decrééses. L his-phenomenon indicates that
important Visuazrlidetails (e.g., UIOs) have dominaﬁt: effeg’gs on the viewing expe-
rience, which coﬁﬁrmed thesstatements given in [KMSO5] Figure 3.13 exhibits
another fact that viewers preﬁeFlié@g—lgé;gi_ﬁ é to direct-resizing when there is an
AR mismatch between the so rce@q‘d h(je target sereent As also indicated in
TRIAL-L it is interesting tio nd th "nalthougl_l the'linear-resizing wastes a large
amount of screen space, tlie UIO g;isii{jrtim]z seems moreki'nrtolerable to viewers.
In summary, our[qp.proach is helpful to mai!lt%nn accebtf;mble video property and

s

generates comfortable yviewing.estults forwiewers: *

3.5.3 Time Efﬁciency] Analysis

We analyze the time efficiency of our approach by logging the computational
time costs. Without loss of generality, we only include the time costs for clips of
the subgroup 1. The proposed framework is programmed using Matlab 6.5. Our
test bed is Acer VT'7600 PC with Intel P4 3.0 GHz CPU, 1.0 GB memory, and MS
Windows XP system. The average processing time for recomposing a 320 x 240

video frame is currently about 21 seconds. The time cost of each underlying
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component is shown in Table 3.6. Obviously, the inpainting algorithm is the most
time-consuming one. It takes more than 95% of the total time. However, as
prescribed, we can reduce the time cost by merely repairing less than half parts
of a scene hole. Moreover, with the help of some advanced techniques, such as
the program porting to compiled languages like C/C++, code optimization, and
system on chip (SoC) design, our approach could achieve real-time performance
with confidence. For example, the technique of field-programmable gate array
(FPGA) has been recently adopted by some researchers as a fast and low-cost
way for creating real-time software apph-oatlons [GNTD06, DRPT06]. In other
words, the proposedframework™s generalvand ppaotlcal enough to be employed

on various kinds of adaptive content delivery systems.

3.6 Summary | [ le=o4 |
— |

This chapter presents a Fo el franpiework %ori video adaptation based on content
recomposition. /Our ‘approach!is supgrgjf)r to elzid%ting schentios in that it emphasizes
the important aspeet,s of ajlc e while falthfuilﬁlretammg the background context.
It also considers the Vlsual T;tlonahty of rel:omposed content and is robust to
video changes in aspect ratlo.[ Therefore; ‘the proposed framework can provide
more effective and informative ]{Iideo experience to viewers, in an automatic way.

Many aspects of our approach ‘ecan be improved. For example, currently, we
have a fixed expansion factor in the ROI determination module. A risk is that
actual semantic objects may not be completely contained in a determined ROI,
e.g., Figure 3.14(a). The phenomenon partially comes from the fact that the
visually salient regions are not exactly corresponding to semantic objects. It is

one essential limitation of the visual attention models [IKN98, PS00]. Therefore,

a promising direction for future research is to integrate the proposed framework
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with other semantic-level techniques of video understanding and computer vision,
such as the “task-relevance map” [NI02] which tells where human eye’s attentions
are voluntarily focused on one or more objects that are predefined or meaningful
goals to the viewers. For example, in Figure 3.14(b), the detected ROI (i.e., the
ground logo) does not match the viewer’s semantic attention. Another example is
the UIOs extraction. Since the automatic and precise object segmentation from
normal videos is extremely difficult and still an open problem [Sar, ZWLO01], we
use a simpler algorithm, to trade segrnentatlon accuracy for processing time. How-
ever, as showed in the user studles the segmentatlon accuracy does have impacts
on the viewer’s perceptual satisfaction. The development of a robust segmentation
algorithm will be one ofiour future research d1rect10ns Another failure example is
shown in Figure 3 14(c). Sln(fer'the womaut’s"head coler isatiore similar to that of
the cliff surface rather than thatio A,er Hody siﬂn it is segmented as a part of the
background and erroneously epaﬁﬁ*‘rq}n tﬂe body. Besides, speed efficiency is
still a big issue in our apprcia h: Th nderlylnlg Components should be effectively
optimized and efficiently coupled toge;her llTu}ally, it is ‘obvious that the recom-
posed results will ‘be.better if we can “dlSCL!ng’ (€. ¢ 1nteract) with the content
authors in some vx;ays Therefore the proposed fra,mework should be integrated
with the standardized descrlptlon schemesjfor content authors to specify some us-
age rules. For example, the ﬁfth part of MPEG-21 [BGP03, BAWH™'03] specifies
a machine-readable Rights Expression Language (REL) for declaring rights and
permissions, which provides mechanisms to protect digital contents and honors
the rights of content authors. In addition, the tenth part Digital [tem Process-
ing (DIP) specifies Digital Item Methods (DIMs) as a way for content authors to

provide manipulation suggestions of a digital content.
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More extensive and complete evaluation of our approach is of importance.
One task is to assess the viewer’s perceptual response to the recomposed content.
We believe that UIOs should be highly emphasized to provide more important
information, but we have no idea whether it is appropriate to all kinds of video
data and where is the threshold limit value (TLV) of viewers’ perceptual comfort.
Specifically, the TLV represents the subjective limit that viewers would like to
accept such an emphasis. Its investigation assists in clarifying the application
scope of our approach. The influence of accompanying audio in the viewer’s visual
experience is another issue. Tﬁe studyj-Prf human ‘wisual and aural perceptual
interaction would be-ery helpfil: Besidesr,ia fungémental problem is the lack of
standardized te§§ing video database. In the expefrifnentrsrr,:,we have attempted to
describe and ill,ugtrate all ohfiqualtesting_Ieh'psu as clearl{asz-[possible. However, if
the number is largely increased; it ﬁu h«g _i@eh]ious to do this and hard to reproduce

iy ||

A limitation of our appri:)a h is t}rtt the mociiﬁed spatial cues (e.g., scene depth
18 L § -
and object size) of videos may not bezagi'ceptaibl‘e to some ‘applications, e.g., sports

the experiments. - -

-

programs, medica{l‘f_hte_achin c;ips, astronomicplEobserviﬁg‘yideos, etc. Specifically,
our approach s unsuiyahle fergthose accuracy—s_gpsitivé or. distortion-intolerant
applications. Anothex lighitatiqn is that the. adapt.ation is performed only in the
spatial domain. Although it is ]already highly useful in most existing application
scenarios, more flexible and economic methods should be studied further. For
example, spatio-temporal based recomposing techniques are effective to reduce
the computational overhead. Besides, corresponding methods in the compressed
domain are always required for practical demands. The synchronization between
the adapted video and its original audio tracks is also an untouched issue. In the

future, we will continue our investigation in these directions.
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Figure 3.14: Faﬂure-@ of our a o lg]%'e columns from left to right
are successively the origina S : s, extracted UIOs, and recomposed
frames.
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Table 3.3: Source clips used in the experiments.
| Clip | Resolution | AR | Duration | Content description

Table 3.4: Test conditions of the user studies.

A

320 x 240

4:3

232 sec.

A motorcycle with a man
flying into the sky and
droping down on a hill.

320 x 240

4:3

245 sec.

An automobile gradually
approaches from a
distant place.

320 x 240

-'x«a%’

Chinese comic dialogue:
two actors interact with
lentiful facial expressions

a‘lﬂ ‘body languages.

=
li."?. S

= )
.
L

b

Chinese opera: an actress

erférm  with fine gesture
E‘ﬁie StaEe--l.

leisurely in

an '(alk
yhﬁe left to
1de

|| the rlg!bt

A man enters thé

al

a il

W d.Eolzce }pohee

fights %g:lnsha terrorist.

uding {_kiree scenes of
Tomerun: a boy
' runsr.swo student succor
s negotiate, and the

il 'boy and his sister happily

walked together.

(See Subsection 3.5.2 for details.)

|  TRIAL-I | TRIAL-II |
Methodology pair-comparison score-rating
Display Device 17 LCD 177 LCD & 3.6” Smartphone
Viewing Distance 40 cm 40 cm & 30 cm
Video Resolution | screen type 3 | all screen types (see Table 3.2)
Testee Number 20 20
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Table 3.5: User study of the relative preference (RP) of our approach with regard
to the conventional approaches.

] \ Better No Diff. Worse \ [LRP ORP ‘
(A) OUR APPROACH VERSUS THE DIRECT-RESIZING

for the clips of subgroup 1

Q1 ]95.00%  3.33% 1.67% | +0.9333 0.0972
Q2 | 10.00% 76.67% 13.33% | -0.0333 0.2362
Q3 | 53.33% _30.00%  16.67% . +0.3667 0.5751
Q4| 6.67%1 63.33%  30.00% | -0:2300 0.3180
Q5| 3.33% 63.33% 33.34% | -0.3000 0.2814
Q6 | 51.67%  38!33%.—10.00% | +0:4167 0.4506
Q7 40.00% 56.67%  3.33% . +0:3667 0.3040
Q8 | 83.33%¢ 10.00% 6.67% | +0.7667 _ + 0.3175
(B) OUR APPROACH VERSUS-THE DIRECT-RESIZING
: for the clips ¢f subgroup 2 =
Q1 1 90.00%  [7.50% jwm 2.50% || +0.8750 0.1635
Q2 | 7.50%  85.00% —7.50% | +0.0000 , 0.1538
Q3 | 7750%  20[00% =2750% | +0.7500 0.2436
Q4 | 2750%  70:00% [172.50% | +0:2500 - 0.2440
Qb [725.088 [2125% w507 | +0BEP0 A0 012301
Q6 | 70.00%  25.00%  5.00% | +0.6500 0.3359
Q7 | 62:60% . 17.50% ,20.00% [ +0.4250." 0.6609
Q8 192.50% . 5:00%"  2:60% - +0:9000 = 0.1436
(C) OUR APPROACH VERSUS THE LINEAR-RESIZING
for'the clips of subgroup 2
Q1 [ 97.50% 2.50% 0.00% | 40.9750 0.0250
Q2| 5.00%  82.50%  12.50% | -0.0750 0.1737
Q3| 72.50%  7.50% 20.00% | +0.5250 0.6660
Q4 | 20.00%  27.50% 52.50% | -0.3250 0.6350
Q5 | 22.50%  57.50%  20.00% | +0.0250 0.4353
Q6 | 62.50%  22.50%  15.00% | +0.4750 0.5635
Q7 | 70.00%  20.00%  10.00% | +0.6000 0.4513
Q8 | 87.50%  10.00% 2.50% | +0.8500 0.1821
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" N

P X

Table 3.6: f_ne efficiet nalysis of the \g frame for recomposing
a 320 x 240 vi rame. 7 WA
| ‘omponents Time (sec.) Percentage (%)

Attedtion an lysis’ 05000 1 345

ROI determinatio 1780 L 036

Ul trac *0.14 0.65
Backg epairing 120.6661 A .

: S eg n ).11 : f&%
| al | 1.74 10
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Chapter 4

Semantic Event Based Video
Adaptatlar.l1 “‘LE

-_ -|.u|

the birth "‘a:nd 'é'mea't' 7 ily. In this chap r We-‘pre‘sent a system for
automat}&g}lly seg ‘entlng ) 0a seq}h!:nce of recogniz-

able Wed!;clli;ng eve .g. ple’s weddi iss. /Our %oal;_ig to develop an

automatie tool tha areh,. apél retrieve his/her

treasured iédd'ing ed%&'éht%descriptions could

N, emantic V'Lqieo understanding.

benefit and -eemp*eﬁ'ren e current, resear
Based on the n@wledg;e of

MU

ing to the Weddmg mntgxts .Qf__speeqll/ mkg: types akp ause activities, picture-

-S%E of ak\dlbmsual features, relat-

taking activities, and leadﬂfg go]fe's} a,ri ex}blmied to build statistical models for
each wedding event. Thirteen wedding events are then recognized by a hidden
Markov model, which takes into account both the fitness of observed features and
the temporal rationality of event ordering to improve the segmentation accuracy.
We conducted experiments on a collection of wedding videos and the promising

results demonstrate the effectiveness of our approach. Comparisons with condi-
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tional random fields show that the proposed approach is more effective in this

application domain.

4.1 Introduction

A wedding ceremony is an occasion that a couple’s families and friends gather
together to celebrate, witness, and usher the beginning of their marriage. It is a

public announcement of t}qa-é(;uplgs ‘trathlq,n‘ from two separate lives to a new

family unit. Often, ﬂhe couples m-i:g/lte so_&_&qdeograpl'rérs whether professional or
s

A
amateur, to dq'cufﬁem;"_tbe Wi a.s‘?qié'd merggnto of the ceremony.

unedlted faotage recorded for

ﬁ;dévelopment of auto-

i i, searchmg, and retrieval

™

becomes ‘crumal. »

S -
ecogni edding’ 's group actions,

¢ e B r"m
wedding 19 i diasia s_ﬁerles of meaningful

) owlhdge Qlf wedding customs

bl
In this chapte

interactions: _-%__mon R icipants. Based on/the
[Spa01, War()ﬁ.],;-w d .f such as\the couple’s wedding
-' l_ a. b

VOws, ring exchan‘ge,u and'ﬁo foffha' Our goaé-l.é‘-to autonI:

eﬁne t
s ., .
aﬁCally segment a wedding
video into a sequence of" re(jpgmzable Weddln& F:veﬂlts Without loss of generality,
we focus on one of the most popu ar d ing styles, the western wedding, that
follows the basic western tradition [Spa0l, War06] and takes place in a church-
style venue. Based on our observations, a wedding video typically consists of four
parts: preparation, guest seating, main ceremony, and reception. For simplicity,

we deal with the third part alone because of its relative significance. In the rest

of this chapter the term wedding refers to the main ceremony.
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In the literature, the study of wedding video analysis has long been ignored.
The wedding video is simply to be treated as one of various content sources in re-
search on home videos [GPLS03, ZS05, AYKO06]. Although the wedding ceremony
video shares some common properties with other kinds of home videos, such as fre-
quent poor-quality contents and unintentional camera operations [GPLS03, ZS05],
several characteristics make it much more challenging to be processed and ana-

lyzed as indicated in the following:
I (7 o
e Restricted spafl_a]hnfougat-qon SlIlCEtII],OSt‘ df' ’ohe wedding events occur in a
single place'i._g,e g. the fromt of a chﬁt@@' altar) zg;d pa‘rtlclpants basically stay

T

motlonleﬁé's during t

color&and"'motl R@@:&?J__aTe not applicable to
pref.gartlt—l'b'n Fll'r-;l.":énhoués.,lnto basic units
for further e ent recognition:—| most of the other content-generic
visual featur liabile to=be utilized

. ""'q-
fi bf@ke{: time stamps is a

widely _gsedt'é:gh ; i 1da'ﬁe'§; or,'svent units of home
videos [YHZ 2 (}FG 'c’ﬁ; id, mlssmg anything important,

IU.'. L.-‘E 1

Vldeographers usua?ﬂy caFot;re a Wee]._d _l!i_’lg, eSpecllla'llhif the main ceremony, in

a temporally cont-fnugus manner without any interruption. As a result, the

b

temporal logs are not useful f"or Weddimg segmentation.

e Implicit event boundary: Although a wedding ceremony proceeds following a
definite schedule, the boundaries between wedding events are often implicit
and unclear. For example, a groom’s entering to the venue is sometimes
overlapped with the start of the bride’s entering. It is not easy to determine

an accurate change point for separating two events. This phenomenon not
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only increases the difficulty of accurate video segmentation but also adds

uncertainties to annotate the event ground truth.

To recognize the thirteen wedding events, we adopt a set of audiovisual fea-
tures, relating to the wedding contexts of speech /music types, applause activities,
picture-taking activities, and leading roles, as the basic event features to build our
wedding video segmentation framework. Each wedding event is represented by a
set of statistical models in terms of the extracted features. Since these features
are selected based on the understanding ofwedding customs [Spa01, War06], they
are more discriminative in disting.ilishingj%/gdding events than the aforecited fea-
tures, such a8 motion anddlextures, do. To effectively segment a wedding video,
we develop a hidden Markov model (HMM) [BlsO6] in which every hidden state is
associated with a Weddlng event and a s’ﬁate tnransmlon is governed by how likely
two corresponding Weddmg eventﬁkel Hla¢e in succession. The event sequence
is, therefore, automatically det iﬁr'_edl Ey hndlng the most prebable path. In
summary;-our. event recoghition frﬁllblworklnf)t only uses*the model similarity
of extracted featurgs, but si ultango;’sly taﬁe% the temporal rationality of event
ordering into accoi‘iri;c. !I I |

[

The main contribut‘in[oﬁs' of our work are twofoi'ii:. First, an automatic system is
proposed and realized fo; evenil;based wedding segmentation. To the best of our
knowledge, this work is the first one to analyze and structure wedding videos at
the semantic-event level. Actually, for any type of home videos, it might also be
the first one for conducting the semantic event analysis. The methodology could
be extensively applied to the other kinds of home videos that possess similar
characteristics as wedding, such as the birthday party and school ceremonies.

Second, a taxonomy is developed to categorize the wedding events, whereby we

adopted a set of carefully selected audiovisual features for robust event modeling
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and recognition. The true power of these features is that they are effective in
discriminating various wedding events but their extractions from videos are as easy
as the conventional ones. Furthermore, the obtained high-level descriptions could
benefit and complement the current research in semantic video understanding.
The rest of this chapter is organized as follows. After a discussion of related
work, Section 4.3 presents the taxonomy of wedding events. The extraction of
event features and the modeling and segmentation of wedding videos are described
in Section 4.4 and Sect]l(an [ AW lresgectf\rfely Sd'étno’p 4.6 depicts the experimental

results, and Sect10n|'4 7 prese‘ntz our ¢ _ﬁhdmg reﬂﬁl&rks and the directions of
'h{ '7

future work. -.,. p-‘F'- -
A

o f'f" ,
4.2 Bel‘até W s 8
In this sec’gon i i > videe arpi-e-ﬂ'ysis. According

=

r categories: scene-based
e Py

summarlzatlon and high-

to their aﬁplicatio
segmenta%n-r-éi—pt
light extractmn Meanwhile, their pros and ¢ons cgmpared.lwmh our approach

will be brleﬂy !dIS(:ZI:ISSGd as ww. L-g L

Scene- based" Segmé’nta‘t'mp A bagf,u;"- segmentart\'bn process is to cluster

relevant shots into grounps gﬁlled scenes A scegle ib deﬁned as a subdivision of a
video in which either the physmal_sé'ttm% is 'Iﬁxed, or when it presents a continuous
action in one place [ZS05, RS05]. Since the home video content tends to be close in
time, the clustering can be simply confined to adjacent shots. Gatica-Perez et al.
[GPLS03] proposed a greedy algorithm that initially treats each shot as a cluster
and successively merges adjacent ones until a Bayesian criterion is violated. The
merging order is determined by both the visual and the temporal similarities, such

as color, edge, and shot duration. Zhai et al. [ZS05] located the scene boundaries

87



Chapter 4. Semantic Event Based Video Adaptation

using the optimization technique — Markov chain Monte Carlo (MCMC). A color-
based similarity matrix is constructed for video shots, from which the clusters
with high intra- and low inter-similarities are detected as the desired scenes.
Capture-intent Detection. A capture-intent refers to an idea, a feeling,
theme, or message that makes us to capture certain video segments [AYKOG,
MHZLO07], e.g. a sentimental sunset or baby laughing. Since the user’s capture-
intent is often expressed through the use of cinematic principles, some researchers
exploit the theory of computational media aesthetics for capturing such intents
[DVO1]. Achanta et al. [AYKO6] hﬁropose{i{a framework for modeling the capture-
intents of four basic-8metionsgi'e. cheer; éerenigy, ~gloom, and excitement. An
emotion delivery»system is also developed for helpiI;g; users to enhance the original
or to convey apnéﬁv emotion 46 awgiven homiieyvideo. Me;et;al. [MHZL07] further
integrated the knowledge of ps?(-}};;%ggx Hit_(_)[cllassify the capture-intents into seven
categories, sueh as close-up ew@ﬁﬂ Tcgnery, just recdord, etc. A learning-
l

based mechanism for classify ng th?gjpture—lfltents is then presented using two
)
and %orlltent generic! features

kinds of featur¢ sets: attention-speci

Photo-assiste‘dn Su fm'zation. Pe}"sgnal photo albums can be viewed
as an excellent abstraot of the corresponding the videos, Both capture most
of important moments but photo albums jare relatwely concise in presenting the
contents. Since a still image can be applied to search videos, the summarization
task can be casted as the problem of template matching between the two media.
Aner-Wolf et al. [AWWO02] targeted on wedding videos. They represented each
shot with one or several mosaics that are used to be aligned with the wedding
photos. All shots with successful alignments are collected to generate a summa-

rized wedding video. Similar ideas are adopted by Takeuchi et al. [TS06], but

they instead estimated the user’s general preferences on the summarization. On
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the other hand, Pan et al. [PN04] analyzed home videos in a finer unit called a
snippet that corresponds to a meaningful camera motion pattern, such as a long
static followed by a fast zoom.

Highlight Extraction. Highlights are the video segments with relatively
higher semantic or perceptual attractions to users. Since the true understanding
of video semantics cannot be achieved by the current computing technologies,
the study of human attention models provides an alternative way for detecting
perceptual highlights [MLZL02, CWWOT7].“Hua et al. [HLZ04] proposed a home
video editing system, in Which‘a’chfnention—bl.‘;hsed highlight segments are selected to
be aligned with a givén-piecesof incidentai 7music;,{tbfgenerate an edited highlight
video. Meanwhi!e, a set of professional editing rtillzes isjp},tilized to optimize the
editing qualit)z,,éfg. motionactivity should match Withfm‘g{sic tempo. Abowd et
al. [AGLO3] presented a semigaht@fiﬂ(g _@f)‘f)roach for highlight browsing. Home
videos need tosbe manually a no@z@ Fa l)redeﬁned tag hierarchy that helps

to group the highlight segx%e ts Wit#t similar sfemantic meanings, e.g. clips of all

the child’s birthday wishing. e | ]

Some observa?j_pn_s are | tde from the ab!O\Ee discué‘sirbns. First, the so-called
event is a more sermanﬁc unit-forvideo segmentation as compared with the con-
ventional ones such as ffame,[subshot, shot, and- scene [CCSW06, LTMO03]. Tt
represents a stand-alone humarjl activity during a period of time. However, stud-
ies on semantic event analysis of home media are extremely rare as compared with
the other kinds of content sources like sports [CCSWO06]. Second, the analysis of
home media are mostly from the perspective of a viewer or a videographer but not

the media owner or event participants. Helping them to explicitly identify what

had happened in a video often seems more crucial than simply indicating where
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Table 4.1: Taxonomy of wedding events

Code Event Definition

ME Main Group Entering’ Members of the main group walking down the aisle.

GE Groom Entering Groom (with the best man) walking down the aisle.

BE Bride Entering Bride (with her father) walking down the aisle.

CS Choir Singing Choir (with participants) singing hymns.

oP Officiant Presenting Officiants giving presentations, e.g. invocation, benedic-
tion, and homily.

wv Wedding Vows Couple exchanging wedding vows.

RE Ring Exchange Couple exchanging wedding rings.

BU Bridal Unveiling Groom unveiling his bride’s veil.

MS  Marriage License Signing . Couple (with. officiants) signing the marriage license.

WK Wedding Kiss 1.;" E 'Gl’d(‘)'r‘fﬁdséfﬂg‘_'@ bride.

AP Apprecilaﬁ-ldn il 1 * Couple thﬁllkmg t‘oﬁm;tam people, e.g. their parents or
iﬁl participants. o o

ED -'Epdl owed by t‘h{ ma'lrﬂ group) walking back down

oy by
or .-‘i'e,; Others’ _'glng to thd.'above e.g. lighting a

_,,.-*-. S,

unity candle.

f The main gr cept th in GE a Bl@'; yh?) are invited to walk down
the aisle, e} ﬂower g ls rlng room bridesmaid honorary. attendants, officiants,
etc. "'5' h

[ ) ‘ ‘ Ty
would be;tllr]._lor__e_ sig . [These ob ved hz.].y_atp.ieur development

SlS and‘-epgmentatlon

4.3 Wedd.mg;l‘;vep onomy’

i = 2N

According to the wi ster 'ﬁ‘lrgﬁhtlon lS a%l Wa’.r(k a wedding ceremony, whether

1'...1

religious or secular, begins when an assugned attendant (such as an officiant or
bride’s mother) is entering down the aisle and ends while the couple is walking
out of the wedding venue. The mid-process may vary depending on countries,
religions, local customs, and the wishes of the couple, but the basic elements that
constitute the western weddings are almost the same [Spa0l, War06]. There-

fore, we define thirteen wedding events as listed in Table 4.1. They are carefully
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Figure 4.1: Sample key-frames of the thirteen wedding events.

g
specified to be mutuall)i ext].uswe gmd colleétly‘ély exhaustive [Dra67]. The corre-
sponding sample Il.kegl frames fdr ;'hese e‘fﬂf@ are 1llusﬁfcated in Figure 4.1.

In addltlon,. to thér traditi th n -.Q_Kceptlen_of the relative event

importance'is: also tak

further apf')‘l;ca.t;as ch as ight ext, _g;:s_gmmarlzatlon. For ex-
ample, th‘é""three eni:cering ey % ) itionall_}? to be viewed as
a unity cEl.ledﬁ p CGSSlOIl11 i : , but they should ll)EeXplicitly sepa-
rated beca}}se: the 's larriving enerally f ore gxc_itring than others.
By contraEt, vx-fé' cla all of the\g esen'batl__c')ﬂns like invocation

and benedlc‘mon 1%60- a 'nqlelweddmg event P? ; eQause t]%_ey are often invari-
able in form a,né the Velrbal wtaﬁy 'predlct'a,ble often not beyond
the scope of 1nvoR'rng the'God”s 'blessmg upo_ﬁ the ‘m;.lrrlaée or inspiring the atten-
dants’ religious splrlts "It is ex/'j'(.;len-:I th-?t they are |not as important as compared
to other events.

Furthermore, as shown in Table 4.1, the taxonomy roughly follows the proces-
sion of a wedding ceremony, i.e. from the MFE event to the ED event. However,
it should be noted that the actual event ordering is based on each couple’s own

wedding program and certain events could be repeated or removed in the cere-

mony. For example, the OP and the CS events are often interweaved with other
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ones. In addition, a simplified ceremony could only contain four events of WV,

RE, MS, and WK.

4.4 Event Features Development and Extraction

Effective event modeling is built on top of reliable event features. The un-
derstanding of wedding customs [Spa0l, War06] gives valuable insights to the
process of feature exploraﬂoﬂ Se!;éra{ ke'§; o_la'Servatlons which are found to be

=ik
useful in dlscrlmma’ﬁl;ng the We%mg ev_e&is' are ﬁrs.ﬁ"gresented in Section 4.4.1.

¥z

In Section 4. 4.2 g'uldqa by t e dg\il"c;p corggspondlng audiovisual

feature:a;-,They are collected

.u -:7 n
According to t ‘traditions ‘ . ing
w4 | - e 8
in fourn ts: ech/mu‘.s-i,‘p types, applause
activities, plet'ure—_f:a“f(m 1 tivities, and leadi ' 'I‘h-t'he ﬂqﬂowmg, we explain
in detail for each of the- _}@eymt'ﬂﬁﬁ givi Go"'frespondlng guidance
"" rf" | ﬁ‘l

on the development.@f relevaﬁt"m'fent.feat&:g's _iohT
oy oy T oL

served to }S.éhak'/e dif

Speech/Music Types

Traditionally, some wedding events contain purely speech and others are always
accompanied with music [War06]. For example, in the OP and the WV events, all
participants keep quiet to listen to an officiant or the couple speaking. In the CS
and the BE events, a choir is singing with piano accompaniment or the selected

background music (e.g. Mozart’s Wedding March) is played during the event.
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Table 4.2: The tendency of wedding events in their behavior of speech/music
types, applause activities, picture-taking activities, and leading roles (from the
second to the fifth columns, respectively).*

| | S/M® | App.’ | Pic.® | Leading Roles? |

e, RS
|:;- l.'ll .:\.Eh

W L Ly Ic
f‘ﬁ?_ed\di'ng events, in speey_@%muslc types is shown in Table 4.2.
L L. ¥

ME N L™ | main group
GE - N — | groom, (best man)
BE | M - H* | bride, (bride’s father)
CS M - L~ | choir, (wedding participants)
OP S N — | officiants
wv S N H~ | bride, groom, officiants
RE S Jl}[:\jﬁ{_l_lﬁ@!-:ﬂ{f@@m; officiants
BU S 48" | HE | bridgggroomiii.
MS = | N [, =% | bridé; groom, (officiants)
WK | =7 [5Y deggroom %, .
AP 5 | 1, “(wedding participants)
E%‘pr -M. aln-grou
Ow'-. L,
e 1n§he blan
Jen)
S sp:&?&h eyen T
b Y: applause ev : non-appl eve
'H‘_'I'. i | £ ‘ el .r}"
L=, L+, H-{H*: th t vity of picture-takiig from low to high.
e i P
4 People ir}g‘:pfimré@se Hptiona "l"_;.a:;_-'" . _ﬁ?’
. & \-‘-—’ )

The tendency o

b" tween spee-(:-}%_r_q.aﬁ_q-gi]l'lli.!s':ic types from recorded audio

Obviously, the discrifr.lri%fé' '
I%‘_ ;:1

"—'.-I "E-:'-:- .I:l:-;:.: -l- : .

plays a key role in wedding event re‘Zogjftl(;jrll. However, because the quality of the
recorded audio is generally poor and often interfered with environmental sound
and background noise, the selected audio features related to the speech/music

discrimination have to be robust enough to survive such a low-SNR audio input.
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Table 4.3: Examples of flash distributions of four successive wedding events in a

ceremony.”

| 1. OP

2. WV

674 (sec)

142 (sec)

12 (se) |

234 (sec)
19 (times) 55 (times) 8 (times) 73 (times)
0.0282 (Hz) 0.2350 (Hz) | 0.0563 (Hz) 6.0833 (Hz)

* The third to the fifth, rmi’g'éi:e‘*tﬁle_ dfuﬂ'ébi';g,', flash numbers (manually counted),

-IB.-J "

and flash den81t1esl§,f;;the corr‘ésggndmg _&Eldmg eveu:‘l‘&‘;l respectively.
L, Jf'_
¥ .

& -

'*-,.,{' " “'-:"
Applause .El'A.__CiZIVItleS ' -.,-I"‘

Appla,\.'e 1'§1'£:ll

approvalﬁ admir
the WK and tlie

a4;sle l;‘ contrast, in the

i
OP and th’g VYV eve pla '5’1 Jihprder to keep the

at M,

solemnity an,d‘av%‘tint edd‘Iﬁg’ sp"'('—l'e'ch Thus, effective
applause detec"f. is be‘.t_t_eﬁ(na 1omﬁmed mg' events, cf. Table 4.2.

="' ~F  rhI3
Note that, for our appllcatloﬁs' the appla&ﬁq'-especlaﬂy refers to the ones created

by a group of people ra’t"he?ﬂyx; @z il,_l.rgh_i?-lhu '. Specifically, the applause is
generated by the group act of hands clapping and naturally the group members
tend to clap at slightly different rates. This phenomenon makes the sound of
applause difficult to be analyzed without the use of prior knowledge [CCWO03,
Rep87]. Therefore, a common technique is to exploit the physical properties of
applause [Rep87, PECV07] to identify its appearance in the audio track of wedding

videos.
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Picture-taking Activities

Wedding attendants, especially the couple’s family members and close friends,
often take pictures during the ceremony, and the number of pictures taken roughly
represents the relative importance of a wedding event. Table 4.2 illustrates a
relative comparison for the generally observed frequency of taking pictures during
various wedding events. Since the occurrence of camera flashes correlates closely
with the activity of picture- ta!f n.%r Tyﬂl the estimation of flash density could
be an effective Vlsual ehe i!or Wejijdlng exze;lt é;!Scpﬁmnatlon Table 4.3 shows an

example of flash Ighstrlbutlong for” four s-rﬁ:esswe weddm-g events in a ceremony.

=_., .
Leading Rolegl

As shown _}1;1 T%Ie 4. 2% th leadln i d in ilfa‘flou.s','"vveddmg events are
F . .
different. For eXa_gpple- g.n;?bm anc m:en a?b“%fie qualn characters in the GE
event; the groom, hl§ b;ide aﬁd offickants a'.{"e the; _lmalin focuses in the RE event.

The main characters’ occur’f'ena{ pajterp gl}les $'V1sua1 hint for the event category.

A naive solution would be to recognize all roles in videos. This is, however, not a
trivial task with today’s technology. Fortunately, there are some simple tricks to
detect the bride, inarguably the most important focus of a wedding. According to
the western tradition [Spa0l, War(06], the bride invariably wears white gown and

veil as a symbol of purity but the other roles could have some flexibility in their
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dress color. Therefore, it is more reliable to indicate the bride’s appearance using

the truth of her wearing white.

4.4.2 Selected Features for Event Modeling

Based on the observations of Section 4.4.1, four kinds of audiovisual features,
related to the scopes of speech/music discrimination, applause detection, flash
detection, and bride indication,areideveloped as basic features for event modeling.
In the following, we detail the-development for-each.adopted event features and

give their definitions in mathématical forms,

Event Features Related to Speech/Musie Discrimination

As mentioned in'Sectior 4 4;-1 the audlo rqcordlngs of Weddmgs are often with
poor quality. Thus, the selefted jpdfq feaémies have to be still distinguishable
between speech /music types for ffej?;v‘en MJWH—SNR inputs. However, in the lit-
erature, meost-studies ader the s;'l@c_:h/ mhsi’c diserimination problem only for
clean data‘or with the:assumption OE f{-I-lOWIl rfom%e types. [CCW03 ZKO01]. To iden-
tify the audio features thatlarie resistant to n(lpsés we first collect a comprehensive
set of candidate featutes from the previous, work TCCWO3 ZK01, PT05] and de-
termine the more reliable onesusing feature’selection algorithms [CT06, PLDO5].

Initially, tens of audio features are collected to form a candidate set, includ-
ing the short-time energy, energy crossing, band energy ratio, root mean square
(RMS), normalized RMS variance, zero crossing (ZC), joint RMS/ZC, bandwidth,
silent interval frequency, mel-frequency cepstral coefficients (MFCCs), frequency
centroid, maximal mean frequency, harmonic degree, music component ratio, and

so forth [CCWO03, ZK01, PT05]. Each of the collected audio features is assessed

by information theoretical measures [CT06, PLDO05], so as to estimate its discrim-
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~
]
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I

4000 Sl ohe

2000 pram et nn s R 2000

0 1 2 3 (SGC)
(a) The spectrogram. (b) The line map.

Figure 4.2: Example of a musiesignal with, (a) its spectrogram using short-time
Fourier transform and (b) its'corresponding-line nrap.

inability between-the speech and the music types. ‘At the-end, three of them are
chosen for their'stable performanees undér vatious noise 'types. They are the one-
third energy crossing (OEC); theusrﬂfent interval frequency (SIE), and the music
component ratio (MCR), as detal}ed%élow Note that, for extracting the audio
features, the audio track of Wedt{[_ng videolis eonverted, to 44,100-Hz mono-
channel format first. " For sim“blicity{ let z(n)|be a discrete-time audio signal with
time index m and<N:denotes the total number of samples in the interval from

which features are. extracted.

e One-third Energy Crossing (OEC). One of the characteristics of a
speech signal is that the corresponding amplitude has more obvious varia-
tions than that of the music. Given a fixed threshold d, the number of audio
energy waveform’s crossings over ¢ is often higher in a speech than that in a
music. For each audio track, we empirically set § to one-third of the whole

range of its average amplitude. Therefore, OEC is defined as a measurement
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of the audio’s energy-spectral content as follows:

N
oRC2 L. > nla?() = signy(a*(n = 1) (4.1)
where
1, a>9¢
signg(a) =<9 0, a=24. (4.2)
-1, a<d

segmented m se nd' . frames. For each audio

="

ed in eve‘{yi."_g()fﬂr';:g interval and these 50

As suggested by pr%t@ﬁm% the audio track is uniformly

-0\7_aﬂ ping 14
i
frame, OIL_ eat

%V&lué is-compu
short—_ﬂél‘b feature, 4
featl.@lf%?‘ha

tlorhi_'dis descri in 4 ywi : "E

_. -

enerate t presentative OEC
"h

usq'éed in SIF extrac-

S GCH S1

@l 1S a concate-

ro unﬁg pauses than a
eal',%*'tlh'e_.ﬁ{e silent intervals

lsu'

_.il‘ I N
. ':::Er L (E <. 1Ema (4.3)

Zogopepettl

where I(+) is the indicator function, £ is RMS of the signal amplitude, and

Epae 18 the maximum RMS value of the whole audio track. To be precise,

(4.4)

and

(4.5)
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In addition, the two thresholds 6, and 6, are empirically set to 0.5 and 2,
respectively. As described in OEC extraction, we compute a representative
SIF feature for each 1-second audio frame by taking average of 50 short-time

SIF values.

e Music Component Ratio (MCR). Harmonicity is the most prominent

characteristic of a music signal. A music signal often contains spectral peaks

rl.]f aﬂ__{? -pfiakS last for a period of time. This can

‘hom?ntal hne 1n t—h\f Spectrogram of a music signal,

at certain frequency leve
be observed fr m: lihe“

as shown Ht.lfi 4.2 -JM(-Z‘R is t‘ﬁé‘ﬁ-deﬁned__%s ﬁ'hle average horizontal line
'-"Q'efond Em.el the line extraction

4
Hgram in'g‘%'ﬁy-‘f&yel image by taking

the Hhsqlute-v lues
= o
4. Construc't:r a .hne m‘gp (Figure 4. ﬂ'(b Eipfnli'%he image using the Sobel

L]
operation | GWU? 'jﬁd_ﬁf’ﬁ)zd}r ;riredlan filter is applied to remove

outliers along each row of the map.

5. Identify all horizontal lines in the line map using the Hough transform

[GWOL1.

6. For each 1-second frame, calculate the line number from every 4-pixel-
wide windows with 2-pixel advance in the line map, and take the aver-

age of the line numbers as the final MCR value.
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As a result, we use OEC, SIF, and MCR to practically realize a multi-class
SVM classifier for speech/music discrimination [FCL05]. The classifier has been
evaluated on three small audio datasets, each containing approximately three-
hour sources. The first dataset is collected from Internet radio and the second is
obtained by adding 5 dB white noises to the first one. In addition, we constitute
the third one from audio tracks of two kinds of home videos, i.e. the wedding
and the birthday party. Here, sound of birthday party is included because its
audio contents have higher variations and contain more diversified sound effects.
For example, some of the birthd;y partiéé_are taken place at a quiet home, and
others are in aivery néisy-enyirofiment, sudi as the restaurants with crowd laugh-
ing, talking, ang cheering. Then, a fivefold cros§:§alid@§ion experiment [Bis06]
is conducted err'the classifier~om, each o_f:th‘e‘udatasets ;nd:-[the results measured
by average precisions and recalls égg.ilh'i:s_thted in Figure 4.3. The classification
performance shows that the ro@@dl ]iieatures discriminate music/speech

quite well even for the audio ith aftubstantiail amount of noises.
Jh1 l i 4

4

T,

s
]

i’ |
Event Features Relatedl to Applause sztflaction M
e I F : “
| .

The same feature §él¢etion mechanisms, as des?ribed in Section 4.4.2, are ap-
plied to identify the noiée—resis},t’ant audio-features for detecting the presence of
applause in low-SNR audio recordings. Hewever, based on our experiments, the
collected audio features in our candidate set (cf. Section 4.4.2) generally do not
perform very well. Instead, a specific audio feature is developed by exploiting
the physical properties of applause, as indicated in Section 4.4.1. That is, when
applause is coming up in the audio signal, a significant increase in magnitude
can be observed over the whole power spectrum [Rep87, PECV07]. An example

is illustrated in Figure 4.4(a). For comparison, two power spectrums taken from
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100 100 — —
80 I so bl Il /N
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Cl(a) CI(b) M(c)

Figure 4.3: Classification results of the*audio types.of speech (the left subplot)
and music (the right subplot) on three audio datasets of (a) Internet radio, (b)
Internet radio with added white noises (5 dB), and (c).audio tracks from home
videos, using a multi-class SVM classifier<built upen ‘the three audio features
proposediin Section 4.4.2.

consecutive time instances of é Wed;-:}j%-g_;audio are depigted in the same figure. The
spectrum with applause (the fop soli@u curve) isiaround 20.dB.larger in magnitude
than the one without appléué:e (the bottom dotted curve) foralmost all frequen-
cies. To capture:the globatl variations of audio magnitudes, an audio feature of

the weighted short-time energy (WSE) is employed.

o Weighted Short-time Energy (WSE). The feature value of weighted
short-time energy is defined as the weighted sum over the spectrum power

(in decibels) of an audio signal at a given time as follows:
1 ws
WSE 2 W/o W(w) 10log(|SFW)P+ dw  (4.6)

where SF(w) is the short-time Fourier transform coefficient of the frequency
component w, and W (w) is the corresponding weighting function. In addi-

tion, w, denotes the sampling frequency and WSE,,,,, is the maximum WSE
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Figure 4.4: Examples: of :.(a’;lf o power spectrums of a wedding audio from

consecutive time in:qllza;neéé, qqé_':i?ith apﬁfetqser (the top solid curve) and another
without applausqg(-th’@e bottom dotted curve); and Q?z a sigmoidal filter function.
y P -

Ny .'- - \‘H o,

in the audio tra izati . The caleulation of WSE is
-I. -"-l'l el |

special in __Lﬂ’i!'a,t

ma‘E_i?EJh in thé decibe

=
]

Eilg:i}rﬁ‘_ﬁ:of decibels. Sum-
7 Itiplication in the energy

Kbz [ZKOL, W () is.

Wk, LT = !

in order to "spfl-fl)}_a_ré'sé" the'!-f(;:_@;f}tributio&é{r:o low Ifge}[uencies. Specifically,
< T AT

4 ﬂi(ﬁf’)ﬁl i (w—wz)’ (47)

(&

Q“%a‘ function (cf. Figure 4.4(b))

i P g

where w; and wy are control parameters and are respectively set to 2.5 (kHz)
and 5.0 (kHz). Therefore, as mentioned in Section 4.4.2, the input audio
track is first segmented into non-overlapping 1-second audio frames. For
each audio frame, one feature value is computed for every 50-ms interval
with 10-ms overlap. A median filter is then applied to diminish possible

noises. Instead of aggregation, based on our experiments, the maximum of
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tive W@' feature for that

=
To Ve@' "che" ca ity imple trial is %ﬁdu@d to detect the
applause pr@ented,.qﬁ audio 1 i i 1] _ef.e,n:c thl:esholds Tax and

T mean- Tha’w‘iﬁ VED e
"'-b i'l-'a"‘-u,l

'|
individually mufggt:'l;/mgﬁfie mqgumum value’ @nd their ]I‘ﬁ;an to a numerical factor

between [0,1]. Then a%_:;

¢ can be located ,f(t llg'e posmons with higher WSE
values than the chosen threshc

thﬁ@uﬁ 4-%' illustrates the precision-recall curves
of the average detection results on 15 audio tracks from a set of collected home
videos, including wedding and birthday parties. Overall, the performance is well
acceptable and it shows that WSE can capture applause effectively even for noisy

home video recordings.
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Table 4.4: The collection of six wedding videos used in our experiments.
Clip D E F

Duration || 2215 (sec) | 410 (sec) | 4122 (sec) | 3790 (sec) | 1062 (sec) | 1350 (sec)
Event # 17 8 35 23 15 14

Event Features Related to Flash Detection

'L'\'hr
the global intensity 1n- 4.:V1€feo rame. A r's'!:;ﬂ-ﬁfeature of the flash density, as

Cl 5
L

suggested in Sect,]i J!ZL 4.1, ca]l..ﬁ‘;en be d@led in th'é-:fqu.owmg
[ P4

l-.._

Flashes of picture-taking can I,Df defected from abrupt and short increases of

& D
° Flaslﬁ__ﬁ'enszty‘ E i e duratiolixb'-_(_)f observed flashes
are g@i’d 'l -! '-:Ei!j_:_ond interval, we
l' Q{ ! ] |I IIE.F‘.I :[i
comput ensity as follows:
-4 -fLz) s
= ~al ";-"-
Whef&M J f1t 1 yt i v1deo fr'ﬁnes and the value
of aver@e i i Ihe frame f;, anil h thrésholdﬁ& 5 was suggested
by prev10us-.work’ {I‘VW@;&- \

r.-*a

To get more 1n81gh€'qn,};ﬁ> the feature 9 _E‘-i_,lﬂ. We apply the flash detection

algorithm to one wedding v1deo uSed 1n Tater experiments, i.e. the Clip-A in
Table 4.4. In terms of flash numbers, 457 flashes are correctly detected among
the 482 truth ones, and there are 17 false positives. The detecting precision and
recall are 94.81% and 96.41%, respectively. The detecting performance shows that

flashes can be robustly captured.
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(c) The bridal white map with projection histograms.

—

NN |
Figure 4.6: Examples of (a) a Video framel with (b) the thresholded image and
(c) the bridal white map with projeﬁion histograms.

Event Features RelatedL to0 Bride Indication
: k ‘ 1
As mentioned in Section-4.4.lysthe bride s an: important leading role in wed-

ding events and her arpp‘earancercan be deteeted by the color of “bridal white”.
However, due to variouslighting conditions, the determination of real bridal white
is extremely difficult and often needs a laborious training process similar to that
of the skin color detection [PBCO5]. Instead, our current implementation approx-
imates bridal white map for each video frame, whereby a corresponding visual
feature, bridal white ratio (BWR), can then be defined. The bridal white map is

generated using the following procedure:
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1. Convert a video frame f; to the HSI color space [GWO01], in which the values
are within the range of [0,255].

2. Set empirically two thresholds ¢! and ¢? for the intensity and the saturation

respectively for the bridal white:

¢l = min (240, fI + 80) and ¢7 = 75. (4.9)

3. Construct a threshg{ %Iﬁ@iﬁwf video frame using the above two

thresholds, cf .l.E_'l'énre 4.@@ The j%eshol’&'e’rah age is defined as

¢f\?ftf -|<.¢t (4.10)

hefe'p 184 bi S (pYidenot s‘,,gu}big; d saturati
where , [ (p)idenote p’s intensity and saturation
=y
Valléis, respe A E;
4. Ob-'éin a bri alict. ) by rer;:%vmg outliers of
I, @g‘“ﬁlﬂho ‘ ing(i.e., arasion we%‘vb}{%’latlon ) [GWO1].

& T , I (4.11
i"-‘:hﬁ'_‘lx L"'I:.Jl-"'l . 9 o '7“':"'- )

where Se 15-'-&; trub'itl-l‘.,mg elem thSejeﬂ s is H-pixel wide and o

denotes the CIOSH@%&L}JF}E—‘T{_ T“;‘ 1L-

After constructing bridal white map, the feature, bridal white ratio, is then

defined as follows:

e Bridal White Ratio (BWR). To obtain BWR, the technique of his-
togram projection [HQS00] is applied to improve the reliability of I';. Specif-
ically, based on the observation that the bride roughly appears in the shape

of a white vertical bar (cf. Figure 4.6(a)), we add a spatial constraint that
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the white distribution in the vertical direction should be wider than that in
the horizontal one. Therefore, we project the bridal white map along the
x and the y directions to construct two 1-D histograms (cf. Figure 4.6(c)),
from which the isolated component with the maximum white ratio is in-
dividually selected. For example, in Figure 4.6(c), there are three isolated
components in the horizontal histogram but only one in the vertical one.
We compute standard deviations, s7 and s, of the white distributions for
the maximum coxrlpc!nénl;as agt)ng bffgh aﬁesi _In every l-second interval, a

-
feature value -5f-‘BWR Is de ned agi_ ) Ly

s

=N (4.12)
A
Wheljﬁf.i.fb F{,),\r m’fﬂ pf whlte pixel number
Witlf_z-iiespect t we use thle averagﬂhlte percentage
to avoid making the ha bride is f'"‘bresent in video
fraﬁ'i'_és Or NOo ‘-:'
. ' 15 Wi

For uhﬁersﬁ- di
indication bﬁ_mak resence -Qr a‘bs&qce on the basis of
the obtained BiWR va:lpfe,zg\1I .%Teshold‘,\a higher BWR value
corresponds to tﬁ" bndé"‘b prégem:e othet‘wée het abie‘ﬁhe Figure 4.7 illustrates

ary ldecisions (i.e.

_p..

precision-recall curves o'f tk}ﬁrd%pctmg resul{csf?r aiwedd1ng video, i.e. the Clip-A

in Table 4.4. The “hard-decision” per‘r{)'rrﬁance is promising and we believe that

the resulted “soft-decision” BWR is helpful for our modeling task.

4.5 Wedding Modeling

The objective of wedding modeling is to estimate the event sequencing of a

wedding video. At each time instance, extracted event features are exploited to
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Figure 4.7: ‘!Prems ndlcafflcm results. (See Sec-
tion 4.4.2 fd?'ader_lalls )

S I -f-.

recogmze'ﬂie wedd dding v'ideo is a"'sxﬂnd of sequential
data. TH@E'OC(“urr ghly depends on til? category of its
precedinngleighbo i o i i eds not:‘%lnly to consider

how likely'-:hé";ﬂ"qu ai‘,e-.butﬁso the temporal
o
ratlonahty Whetheﬁ-:p call i iate t f@ﬂow % e existing sequence
immediately. *Ehugefore- mng toca.Lr the hidden Markov
gl A il
model (HMM [ te al I%Eitl
(M), ¢ gt gt F
ding video [B1806] In S.eqtl 1S 451 and 4.5.2, WG!ﬁI‘S build statistical models of

oﬁgi of events within a wed-

the feature similarity and the '{3’ Joraf orgerlng for each of the wedding events.
Section 4.5.3 then devises an integrated HMM framework for both the event-based
analysis and the wedding segmentation.

Before proceeding, note that we uniformly divide the wedding video into a
sequence of 1-second units. The main reason for this uniform pre-segmentation is
that we can not use conventional video units, such as shots, as the basic analysis

units. This is because shots of a wedding video can’t be reliably obtained using
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conventional techniques as mentioned in Section 4.1. In addition, the simplicity
of uniform segmentation makes online processing possible. For convenience, let E
denotes an index set [GKP94] of the wedding events, where the indexing consists of
a bijective mapping from the event set Fg = {ME,GE, ..., OT} to aset of natural
numbers, i.e. £ = {1,2,... |Eg|}. Similarly, F' is an index set corresponding to
the collection of event features Fs = {OEC, SIF, MCR, WSE, FLD, BWR}. For
the t-th video unit, let e; € E be the correspondlng state variable that indicates
the occurrence of a spfmﬂc. Exv‘;'reddﬁﬂg event ..!ﬁld. ’].et x; = (z},...,z"1) be the

'ili- Sl
feature vector assoc!b:ted Wlth’the spemﬁﬁ!fent feat'd'- res. mt, jeF.

histograrﬁé.',[(-}_\f_}_@1 11 ‘ crgj:eu-naﬁilre often causes
I y J L " -I Il‘_i i
unwanted d&Scdntmul , ature Val'he locates near the

rf" |

boundaries Gf'fnsbqgf'am 11 15, Insteaiwe accumulate t‘he proB'ablhty by regarding
each feature saﬁrﬁple as’ 'Gaus at t]%,-sam‘p'le ""Assume that, for the
i-th event, we have-N sampleé-for the j- Eﬁ'ffeature {'ﬁ; Ce T N} extracted from

the training clips. The dls.f’* ﬂoyjflout}I Pij) of]he }th feature for the i-th event can

then be obtained as

N
pz,] Z

where f:i_oo pij(x)dx = 1 and \; is a confidence parameter specifying how we

C=e2)209)° i € B, Vj € F, (4.13)

trust the extracted values of the j-th feature. That is, if the extracted feature

samples are more accurate and reliable, we can set A; to a smaller value.
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Since the feature models are used for discriminating the wedding events, the
divergence among feature models of different wedding events should be as large
as possible. Quantitatively, the divergence of two probability distributions can be

defined by the symmetric Kullback-Leibler (SKL) distance [CT06]:

P(y) a(y)
aly) +q(y) log p(y) dy (4.14)

For the j-th feature, the confidence parameter Aj is chosen to maximize the sum

of divergences among tllle.sﬁ-ﬁ‘rg-ﬁmd o?feabﬁrfmg}dels That is,
S -4 ":i- ;_:l_- T,
s = L
'DSKL(ﬂ@,ﬂ"';) (4.15)

el

m_g,l.r-ma’lly set a search range

Dskr(p,a) = % /y [p(y) log

5, Awgg = 0.0025, and
1on‘beoait&se its values are

p]y._a Q-Qornt normalized

AL
filter to th.e.rsample s as an-"'qlternatlve to the
Arr B
Gaussian- bacsed sq:oqthl ‘ h e '; i"'q,
Therefore g‘wen a.mjwmaﬂgllw ca?i compute the proba-

~F T3
bility that we obser:ae Xy glver{.-'that this xh.@eo unLt helongs to the i-th wedding

J ll
event: .-? j _..I'. - j'-' j'ﬂ
p(x¢|e; = 1) pr ) (4.16)

Note that, in practice, we compute the log—hkehhood by taking logarithm of the
expression, and thus obtain a contributive weight x; to the j-th feature model,
where ) ik = 1. In our experiments, we give a default set of the weights,
i.e. kogc = 0.25, kgrrp = 0.2, kpper = 0.1, kwse = 0.1, kprp = 0.1, and

kpwr = 0.25. They are automatically specified by optimizing the recognition
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accuracy of weddi t (cf Section 4.6)
| ‘
that is iteratively among terestmg phenomenon is
—

feg

that the aﬂd;o—ﬁ;se

1

Overall, therpmpoggdg

ture

seems more

ia orﬂie Wef%dmg analysis.

thellowmg\advantages First, it

has good tolerance to ma'ceurapy‘:and unc&p’&ﬁmty ‘of t};e\éxtracted event features.
The Gaussian componefft hl,@lps 0 reduce a.nd cpveilsﬁy the influence of an inaccu-
rate feature value. Second, it avouis the artlfacts due to quantization errors in the
constructed feature models. The distribution of feature values is faithfully rep-

resented without approximation. Figure 4.8 gives examples of feature statistical

models for two wedding events, RE and WK.
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4.5.2 Event Transition Modeling

The event transition model (ETM) is constructed to describe the probability
that a wedding event is immediately followed by another in a wedding ceremony.
In other words, it evaluates whether a temporal transition is to be allowed between
each pair of the wedding events. Therefore, ETM can be defined by an |F| x |E|

matrix A as follows:

(4.17)

= .I-'\.

-‘.:;- L '1 "‘i= A e 1:1-
where A, is thélalpn of thé - ’E'h row_ﬁa_ the k\é cai‘urnn of A, and t — 1, ¢t

-

are two succeggalve t1

enumerate,‘i _hln }I-' the
| I‘i h

In fact, given a

-
can tabul?a[_?ﬁ_[eB arl?ap i i ! v&ﬁtw'sf __Ezie obtained prob-
ability d1stribut10n§",ar extremely biased: T t.is«,.fnogaqi'of the probabilities

are prone to ceﬂtr hze _ﬁn-f i €81, r_Az - qus phenomenon is due
to the fact that tf" mloiﬁ are"&)l;lnted in sgsﬁnds Fo_r ﬂbmmple assuming that we
have two successive eveﬁtg }thh are both OQ Fset:&mds long, only one event tran-
sition will be accounted durmg thls '20 lé.-econd period. Therefore, for each row of

A (e.g. the i-th one), we exploit a regularization to balance the probabilities as

follows:

%‘Ai k , 1=k
Aig = T L , VkeE (4.19)
(1 - %‘Ai,z‘)/(l - Azz) : Ai,k; , i Fk

where ~; is the regularization factor in the range of [0, 1]. To be precise, we shift

some of the diagonal probabilities to the off-diagonal ones but keep their relative
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Table 4.5: An even transition model of the wedding events.
[ [ ME|GE[ BE| CS| OP|WV| RE| BU| MS|WK| AP| ED| OT

MFE|0.80{0.11]0.09
GFE{0.12]0.80(0.08
BE 0.8010.04|0.16
cS 0.8010.16 0.01/0.03
oP 0.0710.80(0.03]0.01 0.0110.02]0.02]0.04
wv 0.8010.13]0.03 0.03
RE 0.0310.80]0.13 0.03
BU | 0.80 0.20
MS ’ 1 ﬂﬁ;?!:‘;'-‘i' i‘."llfér_[_ﬁ_,ﬂ 0.80 0.07(0.07
WK Lﬂ:‘_:‘:".- T 7]0.03]0.80 0.03
AP A EZH 10.04[ . ]0.80[0.04
ED A= e 1.00
oT I.,;i"" ‘ '_'Zl,-_ 0.80
h,‘ w.-- ‘ -i-'-.
ratios ungh-anghé{ iri all of the'dia nal en ‘1e§-=a:fe rggularized to take

obabiliti
he ET |

approan_ﬂ're 80%
Tablfq'_:ﬁl-].ﬁ sho

entries reﬁ;es.gnt /
[ "TPI‘-

deos m.;yhlch the blank

M s-homq that few types

of event ti“.’i:ﬂ.sﬂ;lons . [t™ D the occ'mrence of wedding

events has aﬁrot%&l:em

I correlati
tion cost and r'tmrea’s"@he T e déﬁ%&.ﬁun@&% ,e!%ent sequencing.

.

r-'.“ e

R F . % P

4.5.3 Wedding Seggngntgtl-(?p pg}ng‘ HMM

HMM is a specific instance of state space models, in which the concept of
hidden states is introduced to recognize the temporal pattern of a Markov process
[Bis06]. Since the sequence of wedding events can be viewed as a first-order Markov
data, as shown in Section 4.5.2, we exploit an HMM framework for segmenting
wedding videos, in which the wedding event statistical models (Section 4.5.1) and

the event transition model (Section 4.5.2) are integrated together.
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t= 1 2 3

Figure 4.9: A simplif *xéhilp‘{;%}‘ﬁf“-ﬁhm .for wedding segmentation. (See

Subsection 4.5.3 forydet ils. s ?F ol
1 ﬂ Jl.'—'F !.' 1:?-":]
i e T,
Spemﬁcall:g__?,“-glve}()ﬁl 1 “i1s ﬁr%t"partitioned into N 1-

second v1de§?"umd;si t:,_t e{l,...,N}, we
e W

have a setﬂuf |Hl#r\'} ‘t'rli tl,'_g L2, Collect-

ing all tl}&'observa ions X goal is o find ‘&'ﬁh e most probable

event seq._j}ncmg refd‘{"e, aa'@: develop a left-
to-right H,.'MM of | 7
i . ! Ky, A
of the ado:pted' even . i ed by a‘:ﬁet of parameters,
ot "'.:‘
0 ={m A, __,:.W “'fl)':'w,
transition probfb}létles _@t_‘m.d o at&_ﬁes ‘;‘fsbectlvely [BlSOG] Fig-

L e

ure 4.9 illustrates ag-f'relhs r@_pzsé'enta,tlon cﬁ"—-a amgﬂ.‘iﬁed HMM with only three

st, ‘I'—fes onds to one
Sifhe GEResp

states. Clearly, ¢ and A @vybeﬁn,_eﬁph?mﬂ.descmbed by the wedding event
models and the event transition model, respectively. Without loss of generality,

7 is presumed to be a uniform distribution, i.e. p(e; = i|r) = 1/|E|,Vi € E.
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Accordingly, our goal for finding the optimal sequencing S can be formulated as

S = argmax Pr(X,S|6)

' N N
= argmax p(ey|m) | [T o(edleis, 4) | [T p(xiler, 0)
= t=2
[ N N |F| .
= argmax p(ey|r) H Aerrer | [T T peri(ad) (4.20)
= t=2 j=1

where the second and the1 thf:di Larn‘g a:ﬁ'é, ?Nf.-d from Equations (4.16) and
(4.17), respectlvelyﬂ\Because t}i—:rHMM—}E_ﬁS is equgalent to a directed tree (as
shown in Flgu;srél"i'g ﬁhi{ _TsolunI

algorithm [BﬁOG] '

&

, =g ‘
After }hbe]p%g:,:p i ﬁeﬁtﬂmporal extent of

efﬁmgﬁﬂy ob‘t;'a,lned using the Viterbi

w14
o

."ll

a detecteh‘-'weddln , is deﬁ:ed by collecting
successwe {lldﬁp units with eling. Finallyga srﬁoothmg scheme
is apphea‘gco redu general, a wedding event
lasts for &l_ﬁeas?fen eS';“%JAeSS than 10 seconds in
duration) b-};_l_z_nergnwgl 1 i i . ‘ e@dq,ng ajzid succeedmg neigh-
bors belong to ) di ¢ 1;, H‘ it i ? :e.d mfo ﬁl}e left one; otherwise,

all the three evell;ﬁs are ni'erge'&"lnto one esgéi__it
- l.-il; = -
'uli‘?. j._lj ;—ujl-_Tk b
4.6 Experimental Results

,n.-' L J

This section first presents experimental results for the evaluation of the pro-
posed framework in wedding event recognition (Section 4.6.1) and wedding cer-
emony video segmentation (Section 4.6.2). The performance comparisons with

another well-known algorithm, linear-chain conditional random fields (LCRF),
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and an extension of our system to a practical scenario are respectively described
in Sections 4.6.3 and 4.6.4.

In our experiments, we used a total of six wedding video clips. Each of them
contains a complete recording of a wedding ceremony. Three observers (none
of the clip owners) collaboratively annotated the event ground truth. Table 4.4
summarizes the statistics of the videos used in the experiments and also reports
durations and numbers of the annotated events for all six videos. Our experiments
were performed using adeave-one-out cross-validation strategy, in which models
were trained from five clips e}n(hirntestedj-f;n the remaining one, and the whole
training-testing procefure wasiterated Si); ‘éimes.[,tlﬁ"addition, our current system
is programmed:}}sing Matlab 7.2 without code ogfimizgt:jon, and running on a
machine with ;In;ﬁel F4 3.0 &M% CPU, LO0°6B memor;,. and MS Windows XP
Professional x32 Edition. Baged (Eg_thg:”'_e_X]T timents Helow in Section 4.6.1, the
average testing time for a |clip i%ﬂﬂti&nes longer than its original video

length, and the extraction %f udioviitual features adeounts for around 96% of the

4

time. | e F!: _. H I

s N, | t ! T!

4.6.1 EventrRecognltion Analyslis

Table 4.7 summarizes the event recogniti[o'n results in unit of seconds, presented
in the form of confusion matrix [LD06], where the leftmost column represents the
actual event categories while the top-most row indicates the resultant ones recog-
nized by the HMM framework. The confusion matrix is accumulated from results
of all clips in the collection. The recognition precision (RP) and the recognition
recall (RR) for each of the event categories are reported in Table 4.7. As described
in Section 4.1, since the actual boundaries between wedding events are not always

precise, the recognition result of a video unit is claimed to be correct if it hits the
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Table 4.6: The statistics of means p and variances o2 of event duration for each
of the event categories in our video collection (unit: seconds).

(a) From all event samples

Event | ME GE BE CS opP WV RE
i 92.00 | 42.33 | 114.00 | 139.90 | 130.91 | 163.33 | 135.50
o; 38.11 | 36.25 | 67.73 | 104.62 | 182.28 | 61.71 | 13.20

Event | BU MS WK AP ED OT
i 47.33 | 166.00 | 11.60 | 68.33 | 75.20 | 149.08
o; 6.66 | 62.60 1.14 6.66 13.48 | 67.13

(b) From half of the event samples with shorter durations

Event | ME GE BE CS OPpP WV RE
i 45.33 | 119.00,.1%37.00 | 15664 | 54.24 | 88.50 | 111.67
o) 15.95 | 5.57 1.41 453208 | 32716 | 26.16 | 23.63

Event | BU_ 4. _MS WK AP | /ED OT
fLi 38.674 132.50 | 10.00 | 61.33 . 51.33 | 97.63
o +3.39 0828 | 1.00 5.91°01 24.01 4+40.17

ground truth within a tolerant* ’rragggi Ihstead of setting a universal range value,

we adopt a dymamic setting qchemgisgd on the recognized event categories be-
| i | = - 1

cause the event durations ‘%aly gre By amorTg different ngding events as shown
in Table 4.6(a). Initially, for eachsevent ca:cégory, all of the event samples are
sorted by duration in descending order. We thé:n computera truncated mean fi; of
the event duratioﬁ (TableL4.6L(b)) by ignoringrtﬁer_%mples of the first half (i.e. the
longer ones in the topkhalf)7 did-the rangé value it set to'min (0.27;, £), where we
set & = 10 so that the tolerant ranges vary according to event categories but do
not exceed 10 seconds. Here, we use a truncated mean but not the standard mean
because of its better statistical reliability. That is, for most of the event categories,
a large variance is observed with durations of all of the event samples, as shown in
Table 4.6(a). By contrast, as shown in Table 4.6(b), the truncated variances are

generally much smaller than the standard ones in Table 4.6(a), which implies that

durations of the shorter samples would be more consistent. More importantly, by
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ignoring the longer samples, a smaller tolerant range can be naturally obtained
to enforce a stricter standard for recognition hits.

Overall, as shown in Table 4.7, large amounts of the detected wedding events
reach over 70% in both RP and RR values. Some of them even achieve the level
of 85%, such as BU and ED events. Several observations could be made from
this table: 1) A few recognition errors are associated with CS and OP events,
especially the later one. This phenomenon is usually unavoidable because a wed-
ding event, such as OPvor MS, is sometimes arranged to be accompanied with
choirs singing and the whole qerlémony iéltgenerally hosted by wedding officiants
who often give some short présentations vs/;i‘ghin a..,yvzédding event. They also cause
severe degradations in RP wvalues for both RE andr-r:AP events. 2) The confusion

matrix is sparse and the reeﬁgmtlon errers show grouplng effects. That is, the

wedding events of ja similar grﬁ'ugigre bro efto be mis-classified to each other,

e.g. the set of the entering eve‘rﬁérﬂrf'lfl é BE) and the set of the couple’s
committing events (W R}E‘ FromyTable 4.5 Fwe can ﬁnd that the events of each
i L |

event set correspond to the ones thatrare mP probable te oceur in succession.
Thus, the recognltlon errors (partially come !fr m the 1m_p1101t event boundaries.
3) The RR value of OT Qvent is relatively low. Thls is dute to the fact that OT
event is inherently Varled in fo;rms For example, 1t could be ‘reading of poetry’
or ‘lighting of the unity Candle . Compared with ether kinds of wedding events,
OT event is the most difficult one to be modeled. Moreover, it severely influences
the overall recognition performance by spreading out the recognition errors over
various event categories.

As a comparison with the HMM-based modeling, we also perform event recog-
nition solely based on the maximum similarity of audiovisual features among the

wedding events without exploiting the temporal relation of event transitions. Ta-
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ble 4.8 shows the results when using (a) the four audio features only, (b) the two
visual features only, and (c) all six audiovisual features. Generally, the use of both
audio and visual features together outperforms the use of either unimodal features
alone. The adopted event features from both modalities could complement each
other in the recognition task. However, the results in Table 4.8(c) are still not
as good as those in Table 4.7, in which event transition modeling is augmented.

This shows evidences to support the effectiveness of the HMM framework.

4.6.2 Video Segmentafion Ai}r.allysis

In this section, We‘r further evaluate the segmce‘ntétion performance of our ap-
proach. Since, m pragtice, the temporal extent of a Weddmg event is perceived
as a whole by users, the segn-:(;ntatlon résult§ are compared at the ‘event’ level
but not at the ‘second’ level! Wt?ﬁ]d\nzv a, ]suimlar idea exploited in the longest
common. substring problerj CLA%FF 'ﬂjati is, wedrepresent-a wedding video

as a symbol string where th alphﬂg’c conspslas of the event codes given in Ta-

ble 4.1. Note that the sy strlné Té .geneﬂat%ed in unlt of detected events, and
each symbol corre'si)';)nds to an event segme;rt of'the Wedding video. Therefore,
for each of the tested-'\;vQHding clips, the segmeﬁ'ﬁabtion performance is measured
by the number of the required[,e-dit operati([)'ns (substitution, insertion, and dele-
tion) for transforming the reference string corresponding to the ground truth into
the string corresponding to the recognition result. Figure 4.10 shows an example
of transforming strings. The less the edit operations are needed, the better the
segmented videos match with the ground truth.

Table 4.9 shows the statistics. We claim an event segment as correct if it hits

the ground truth in more than 80% of its duration. The segmentation precision

(SP) and the segmentation recall (SR) of a resultant video are then defined as
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time
video 1 =
@@ [ or wv op| rRe |wk] cs
; 'l\\ \\ / 1 1 :
I N v ! , 1
(b) | or |oOT wv RE |OP| CS
insertion deletion substitution

Figure 4.10: Edit operations fortransforming (a) a reference event string to (b)
the one for comparison.

follows: r
Corrects g
SP = - - 100 4.21
: Corrects + Substitutions + Insertions %, ( )
] . O f
gty Rt g “100%. (4.22)

Corrects + Substltutlonsx e Deletlons
In additien, the F-measure, SF ﬁp & R/ KS P+ SR), is provided as a metric

i

for evaluating the integral jae forri’;?ed._ F

|
1

From Table 4.9, we can see that Sﬁ tfaluesigenerally achieve 80% high, i.e. most

of the event segments are c%)r ctly 1dent1ﬁed . A low value of Clip-B comes mostly
from its small nurn'ber of eVIenLts as shown in r[l‘gctb‘le 4.4. By contrast, the overall SP
values are relatively low ‘at the level of 60% Compared with the ground truth, a
large amount of redundant events aré*erroncously“inserted” in the segmentation
results by our approach. These are mainly caused by the following two reasons.
First, the erroneous events are generated in a one-to-many pattern. A single event
that has been deleted from the ground truth usually turns into a series of successive
erroneous ones in the resultant event sequence. This phenomenon is partly relating
to the use of our HMM modeling. For example, consider an event subsequence

of the ground truth, WK-CS-ED. If CS is not detected and the direct transition
from WK to ED is not allowed (i.e. the transition probability equals zero), the
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HMM framework would be forced to go through a longer path of erroneous events
to connect WK and ED, such as WK-OT-MS-ED. Also, when a succession of two
events has never been observed in the training data, its zero transitive probability
could cause the same problem. Second, the erroneous events are prone to exist
around an event boundary of the ground truth. The same phenomenon has been
observed from the recognition errors, as reported in Section 4.6.1.

Since the erroneous events are “mutated” from parts of the original event
segments, in general, they have a shorter duration as compared with the same kind
of wedding events: Therefore; Weh;gse a dﬁﬂ;e‘tion—based filtering scheme to identify
and correct the abnofinal onest Speciﬁcaili/, for 'Qd(?h of the event categories, we
exploit the truncated models (Section 4.6.1 and Tat;fe 4.6(b)) to determine a lower
bound of the reaebnable event’ﬂhration i 7N =i az;m where a rational scalar
o is empirically set within the* T‘&ggg.oﬁ 1 o\ 21 If an event segment is recognized
as the i-th event category an 1tsg§-mmg, is lelss than £;, weé merge it into its left
neighbor in our current umile entation. Table|4 1lO'summarizes the segmentation

LR
results after applying the dur t1on—based ﬁlt?rllng Compared with Table 4.9, the

number of 1nserte<i errone uatsevents is effectlvtply reduced and on average a 10%
improvement is ol:;tained for SP values. This 1m,provement is accompanied by a
slight decrease in"SR values because somegcorrect’ events would be filtered out at
the same time.

Overall, as shown in Table 4.10, the performance of our system is satisfactory.
It achieves the level of 70% in terms of the SF metrics. Furthermore, with the
assist of the duration-based filter, the tendencies of both SP and SR behaviors
are much more balanced and consistent. The statistical results may not be com-

prehensive but it is encouraging. It gives us support and confidence that, as long

as we capture well the content characteristics, it is possible to conduct high-level
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semantic analysis of home videos through the use of generic and easily extracted
audiovisual features. That is also an advantage of the proposed framework, mak-

ing it plausible for real applications.

4.6.3 Performance Comparisons with LCRF Models

To further evaluate the validity of HMM approach, we compare the perfor-
mance of HMM with that of tlhe.?neafuch?in conditional random fields (LCRF)
[LMPO01, GT06]. LCRFI is a Wel}i;_known pr,pbefb;hst'lc framework for labeling and
segmenting sequape:; data In'-th‘é tern’n&iogy of, Statls-‘blcal relational learning,
HMM and LdRF are:rkn '\‘c-@'mmatwe pair [GTO06], in the

sense that HM M-mea u«;;mml observatlons and the
correspon,ﬁ:ng label Sequendes bu s to stlmate'thécon.ditlonal probability
of associated label lsequences gi observations. h

Asa glggnpariso ‘ \ (ct. i ), i?l LGI_{F modeling the

1$' dlfféﬁently formulated

-|.‘ I._

7 (4.23)

where ' denotes.a-the Hn’a'.del ,parameters Aa. qu;s'i NeW‘i,or:li method (i.e. BFGS
[GT06]) is then adopted- to opt'lmlze ‘the eSt-'*l:-ma,tl()P oll’ 6" from the training data.
Following the same expemmen‘fg{- p'reicéduljes as described in Sections 4.6.1 and
4.6.2, both the event recognition and the video segmentation results of the LCRF
model are obtained and summarized in Tables 4.12, 4.13, and 4.14.

In Table 4.12, some observations can be made from the LCRF recognition
statistics: 1) As compared with the results of HMM in Table 4.7, LCRF performs
much worse in RR values than RP values. A half of the RR values is below

the 50% level and some are even down to the level of 20%, such as WK, AP,
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and OT events. Also, the events with low RR values often have relatively lower
RP values. This phenomenon might partly come from two reasons. One is the
inherent event properties and the other is the unbalanced amount of training
samples. For example, as shown in Table 4.11, the summed percentage of total
event duration for these low-RR events is less than that of a single OP event in
our video collection. By contrast, HMM’s performance (in both the RP and RR
values) are more consistent and stable, as discussed in Section 4.6.1. It seems that
HMM approach could bemore robust for unbalanced classification. 2) The low RR
values are inappropriate for real E;pplicatierrs. For example, the events of WV, RE,
BU, and WK are argtiably theiost impor:cant m[rorments in.a wedding ceremony
and also the most frequent pieces users would lilre:to review in wedding videos
[Spa01]. However' alarge nuﬁﬂb’er of thoge évents are net, detected by the LCRF
model, cf. Table 4.12. Tt is eSf)ecﬁﬂy {Nnor hy to note that WK event has both
its RP and RR values at the IGVWI i()% By contrast, HMM approach
performs better in the:RR iv lues, efgy both HU and WK events are higher than
95%, although/the eorresponding iﬂi ValueIF are comparably lower. From the
user’s perspectlve they,w uf more like to Fet]a “faked’’ rather than totally miss
anything 1mportant 3} S,rml ar to HMM results OT eventiis still a main culprit
for bad recognition performance and the performance is even worse for LCRF
model. Specifically, not only the OT event.tends to be incorrectly detected as the
other event categories, but also events from the other categories are prone to be
recognized as OT. In Table 4.12, the effects can be observed from the widespread
errors associated with the OT event.

Tables 4.13 and 4.14 give the video segmentation results of LCRF model, with

and without duration-based filtering. From Table 4.13, we can see that the most

SR values are only around 60% and 70% levels. In comparison with HMM results
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(cf. Table 4.9), the degradation is due to that more ground-truth events failed
to be detected. On the other hand, an interesting thing is the burst increase in
number of deletions after duration-based filtering, as shown in Table 4.14. For
example, the deletions for clip C rise to near three times as the original. Based
on our observations, it is also caused by the low RRs as described above. This
fact makes the detected duration of events tend to be shorter than their actual
lengths in the ground truth. The “abnormality” then raises their possibilities
to be removed during the filtering. In brief, comparing HMM approach to the
LCRF model, the HMM framevs;Qrk is ni-?l:e effective in, the recognition of wed-
ding events, especiallythe highlights such z;s WK . Mere importantly, in terms of
duration, HMM gpproach would be more accurate[ to inglude complete contents

in the detected.events. P
=

4.6.4 Extension to the. I OF with Known Event Order-

ing I
- I'—n' t

In this section, we inveEEti} ate an eﬁétensi(!)nr of our work to the scenario when
the actual event :c‘r)'.rc.l'erirng hf la wedding video ‘s ayailabie. The investigation is
conducted for two pu'rf)@;ses. Fi[rst, by reducing.]fhe temporal uncertainty, it is
more reliable for us to examiﬁe the true ca:pability of the proposed audiovisual
features in discriminating various wedding events. Second, the scenario creates
an opportunity for users to interact with our system so as to possibly improve the
segmentation accuracy. For example, the ordering information can be obtained
by manual input from users or semi-automatic transcription from the couple’s
wedding programs [War06], such as the one shown in Figure 4.11(a).

Under the assumption of known event ordering, our original task is in some

sense converted into the type of change-point problem [ZS05, CLRS01]. That
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Mary Pink and John Blue

Community Church, January 17, 2008 1 S
Opening Song: “Deep Peace”  Wedding Choir 2. OP
Sermon Officiant 3. Wwv
Exchange of Vows and Ring ~ Mary & John 4. RE
Lighting of the Unity Candle ~ Mary e John 5 0T
Blessing Officiant 6.0P

wedding program event ordering

(a)

N ORCEONCRGECS

(b)
Figure 4.11: ( ) A samplé Wedging pribg;:amp accompanled with the transcribed
event ordering, and (b) the statte dlga_th in q)rm of a Markov chain built according

to the above event ordering. A

is, the problemsis to determine tﬁg'éet oflbbundarles where event transitions

— |

happen. Therefore,.instead 'f usmg the pr I sed HMM framework, a modified
state space model rr;'s.l-ouilt for each wédding Vo'lg 0, 1n whmh each state corresponds
to one of the known events and-the states aze arranged in the form of a Markov
chain according to the given exifent ordermg, as illustrated in Figures 4.11(a) and
(b). Note that the directed edges are simply used to indicate allowable transitions
between states but not assigned with any transition weights in order to account for
the contributions from the wedding event models alone. The most probable event
sequence is then computed by exploiting dynamic programming [Bis06, CLRS01],

and the event boundaries can be automatically located at the points of transition

among different states.
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Table 4.15 summarizes the segmentation results, in which “Detects” are defined
as the number of detected event segments and “Corrects” (cf. Section 4.6.2)
indicate the number of correct ones among “Detects”. The statistics of precision
(P), recall (R), and F-measure (F) are also reported in this table. As a reference,
Table 4.16 shows the second-based recognition ratio for each of the testing clips.
The overall performance is satisfactory. Both the precisions and recalls reach a
high level of more than 80%. The results are very encouraging. It would not
only demonstrate the eﬁfecﬁvér{e g our atfdleﬁls%al features but also imply that

%
the minor requlrembnt of useT Hnterven_tﬁ " could flﬁ"Taher advance the proposed
. -u{ . :\.[

framework for-.practleﬁi ap

4.7 % .-I;—.
= ] =
In this chapter, we have p zed a systemgfor event-based wed-
{ : —
ding vid!(;.d' analysi gmentat he wedding customs, we
_— e L
developed a taii'l not ssifyit Wfiéhe‘b a set of discrimi-

native audm)ylsual *e:ve

J“

bined with a h,]ﬁde-n Markov ) [ .stem shqlws good performance

.'"-'1I e
I.J.:

on event recogmtrﬁn and-ﬁlde@;'-'s'égmentath_];_for Weddmg\ndeos Thus, it can help
users to access, orgamze‘ ua,‘rlgi retrleve his /h her tireaiured contents in an automatic
and more efficient way. To the'{ t"l of d‘ur lgnowledge this work is the first one to
analyze and structure wedding videos on the basis of semantic events. Actually,
it might also be the first one for semantic event analysis on the general domain of
home videos.

Many aspects of our approach can be improved. First, it is possible to explore
more semantic features for event recognition. For example, speaker change de-

tection or identification would be helpful in discriminating the events with dense
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speech, such as WV and RE events. Next, the modeling mechanisms could be im-
proved. For example, on one hand, advanced fusion schemes of the feature models
can be adopted. One example is hierarchical classification that combines homoge-
neous features as mid-level concepts and then builds event models on top of these
concepts [FGLJ08, SWS05]. On the other hand, the development of a time-variant

event transition model could produce more reasonable event sequences. Finally,

more extensive and thorough evaluatlon of our system is a must. Moreover, since
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Table 4.7: The recognition results of all w events ( s) AT

[Events[| ME | GE | BE | CS | V] RE Wi,;ji AP [ ED | OT [RR(%)]
ME || 547 | 0 3 Tru ,-;Ql_ =0 0 0 [ 94.47
GE 25 | 99 e B0 0 0 | 69.72
BE 80 0 0 [0 0 0 || 81.40
s 0 0 42 0 | 154 | 86.79
OP 1 0 2% % 8 | 156 || 78.03
WV 0 0 0 [1=0 0 0 | 75.72
RE 0 0 0 L0 0 0 || 67.48
BU 0 0 el .J 0 0 98.92
MS 0 0 0™ i 0 0 0 || 53.96
WK 0 0 vj;g‘ﬁ%‘ 0 0 0 [ 100.00
AP 30 0 0 [ 164 | 0 2 | 7421
ED 0 0 0 | 0 [427] 0O 99.30
OT 0 0 [0 1748 10 [ 436 | 2393

[RP(%) [ 80.09]100.00 | 86.42 [ 72. D [65.41 | 53.95 [ 98.16 [ 58.29 | |

uoryejdepy, 09pIA Poseq JuoAF dnuewrog f Io3der])
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Table 4.8: The recognition results solely based on the feature similarity of wed-
ding events without exploiting the event transition modeling.

[Events [ ME | GE | BE | CS | OP | WV |[RE| BU |[MS| WK |AP| ED | OT |
(a) using audio features only

RP(%) || 34.54 | 30.14 | 42.57 | 78.39 [ 69.81| 0 0 |71.55| 0 | 12.09 | 0 |34.80]69.32
RR(%) || 87.39 | 59.86 | 87.21 | 64.46 | 88.49 | 0 0 [4486| 0 | 96.55 | 0 |80.93|13.89
(b) using visual features only
RP(%) || 20.30 | 12.58 | 30.64 | 47.10 | 62.68 | 36.61 | 0 |20.40| O 4.32 0 [16.59|45.49
RR(%) || 87.74 | 66.20 | 29.07 | 45.23 | 14.81 | 8.43 | 0 [44.32| 0 | 87.36 | 0 |74.65|11.91
(c) using audiovisual features all
RP(%) [ 44.12 ] 21.62 [ 55.13.] 7504 [ 76.01 [ SL.48] 0_[28.72 0 | 1438 | 0 [ 38527151
RR(%) || 93.96 | 69.72 ?21,:7;2_ '7355 91.29 5,52 {0’-_"#5;95 0 |100.00| O |83.49|21.08

= TR Ik ¥ = TR
-.!-.--’“"" | e S "{;-.'r-

8@,91) 77273
5. 71*!-..- 66.67

o

@ - & %;_
l_ ."l-"l LF i'?- J - ".

Table 4.10: The seg lg;n.tatrorf' .resuR’s w1th3:dura1m}oased filtering (unit: event
segments). = T T ey 15T L .
[ Clip | Corr. | Sub. | Ins. | Del. || SP(%) | SR(%) | SF(%) |

A 16 1 5 0 72.73 | 94.12 | 82.05
B 5 1 0 2 83.33 | 62.50 | 71.43
C 27 1 [ 10 ] 7 71.05 | 7714 | 73.97
D 21 1 |12 | 1 61.76 | 91.30 | 73.68
E 12 0 3 3 80.00 | 80.00 | 80.00
F 11 0 6 3 64.71 | 78.57 | 70.97

| Avg. | | | | | 72.26 | 80.61 | 76.21 |
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< P = e
A - % N
) ) i
Table 4.12: LCRF recognitioré?wlts all it o
WV. | [RE | 1 W%.. AP | ED |

|Events | ME | GE | OT |RR(%) |
ME | 394 0 A T 0 0 ] 68.05
GE 0 99 AN 0 0 | 69.72
BE 51 0 0 [0 0 | 24 | 7884
s 0 0 12 % 4 | 236 | 83.09
oP 0 0 6% | 2 | 261 || 85.51
WV 0 0 0 [ 9 | 0 | 24 || 35.60
RE 0 0 0 |18 [ 0 0 | 45.80
BU 0 0 a2 18 69 || 31.35
MS 0 0 0™ i 0 0 | 111 | 51.70
WK 0 0 .;ﬁﬁ%:ﬁ 0 11 13 | 21.84
AP 17 0 0 | 48 | 0 | 90 || 21.72
ED 0 0 " 26 | 0 | 289 | 32 | 67.21
OT 0 0 " |8 | 56 | 118 | 346 | 18.99

[RP(%) || 85.28 [ 100.00 | 87.60 | 64. 7]26.76 [ 16.38 | 65.38 | 28.69 || |

uoryejdepy, 09pIA Poseq JuoAF dnuewrog f Io3der])
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Table 4.13: LCRF segmentation results without duration-based filtering (unit:
event segments).

| Clip | Corr. | Sub. | Ins. | Del. || SP(%) | SR(%) | SF(%) |

A 16 1 |11 ] 0 57.14 | 9412 | 7111
B 5 1 0 2 83.33 | 62.50 | 7143
C 26 3 |17 [ 6 56.52 | 74.29 | 64.20
D 20 0 | 16 [ 3 55.56 | 86.96 | 67.80
E 10 1 2 4 76.92 | 66.67 | 71.43
F 11 0 [ 15| 3 42.31 | 7857 | 55.00
| Avg. | | 5 . 61.93 | 77.19 | 68.72

'Il:“-'1 N Sl
Table 4.14: LCB.IF segmen*ﬁa.&bn res_é-%s_-ﬁvith "dﬁﬁ:ajipn—based filtering (unit:

event segments)i’ [ facd -

oy
| Clip ._Pﬂ.CorrF S ns. | Del. (%) | SF(%) |

AN 13 | 2 4 | 7647 | 81.25
R v 1 L0 4 75.000, | 37,50 | 50.00
& #-1‘7*' AN SACERN S W
54 16 0 7 80.00 |}69.57 | 74.42
T 66.67 | 76.93

| 64.29 r-..!66 67

60.51 ,.1‘ 68.44 |
J‘I" |l1_ §
ye,m; ord&mgs are available

Table 4.i'z:";LES!egm@.n
(unit: eventegegm:@ L
*F‘C“hp J*Tiq [B(%) | B(%) |
A7 file || o4dR | 94127109412
B"" .6 = 5 =| 83:33 | 6250 | 71.43
C ‘“‘353 1 28y, il 93:33 | 80.00 | 86.15
D 23 |23 {['100.00 | 100.00 | 100.00
E 12 12 100.00 | 80.00 | 88.89

F 14 11 || 78.57 | 78.57 | 78.57
| Avg. | | | 91.56 | 82.53 | 86.81 |

résults in the ca

Table 4.16: The second-based recognition rate of wedding events for all clips in
our video collection.

Clip A B C D E F
92.55% | 86.30% | 72.32% | 97.66% | 73.63% | 71.63%
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Conclusions and Future Work

The Uf-iﬁ'e Salld imedia=A ‘ |-Fd![r_;ijo'h‘ﬁi':e1r in multimedia

nsump-‘_Efén of multimedia

contents,:H'i!l support of the user @ i aﬁg along with any
g5 | -

“'-.
MA is not an easy or a
_—
trivial tas‘]i_, It ?'é-('lu
the multlmédla c%‘{;@ t,s"tyut

B a}.)-'.}-e:?.. § %: to eng,fre and maximize the
b;. 1

ul’ ﬂést:r_:ig}lons about both

the existence of

r

|.-._

effective system& C

quality of adapta!' '@n.. v E.EL.I Al

In this dlssertatlon,n';\wif_:- }.ef ond to the abereﬁha’llénges by first presenting a
generic framework for semantic 1 .1:1? édla content adaptation, with the purpose
of improving automatic multimedia adaptation at the semantic level. Meanwhile,
the design principles behind the framework are explicitly specified, such as the

basic requirements of application awareness, content awareness, and semantics

extraction, which can be served as guidelines for the development of practical
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adaptation applications. To demonstrate the effectiveness of the framework, two

technical realizations are presented:

e The object-based system for video recomposition provides effective small
size videos that emphasize important aspects of the scene while faithfully

retaining the background context.

e The event-based system for Weddmg analysas is a pioneering work to analyze

A
home videos on Liqe.'t!aélér of semanti‘c exﬁnts Whereby to benefit the user’s

navigation E:. he-aurs 10n'% contents _i_q .) 1“.'1’_
Our WorJE 0 the U]MA s objective, but
a long and.,_hand,urba le{ﬁ us-look again at the
Chinese d}assmal pa.intlng g n terms of se?nal;lérc concepts, what
can be eﬁebtlvely today’s tech 010%}/ fins far behind the
human’s interpret u B8 ceived E‘émantic quality.

a;l-?;;f,-é_ﬁ, it would probably
-p.eopleﬁﬁthere rather than

describe the pamtm,%_

PR

a more Semanﬂlq &escrlptrdh such e scen “of an rs“%q d.c.')"or concert” with

a “performer” an.d somrqi:- “aq.«hence . One ;._reasqﬁlis ﬂ\at the content analysis
heavily relies on the 'st__atlsmcaf learmng of?- udl_erlSllal patterns. If a semantic
concept tends to be irregular fﬁ' -“f@}m_!é g-' “V!Lpor and “Chinese wedding”) or
represents a more abstract notion (e.g. “friend” and “time”), it will be hard or
even infeasible to build its statistical models. Thus the semantic gap is still there
and becomes a challenge to be resolved.

Further, the study of semantic adaptation is characterized by the need of joint

considerations with several closely related issues, such as the ontology, content

analysis, and adaptation strategy. For example, the selection of a semantic concept
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is often affected by its possibility to be automatically extracted and the frequency
to be observed in actual contents. In addition, the collaborative research with
other fields would arouse more interesting studies and novel applications. As
shown in the example of Section 2.3.1, the incorporation of knowledge in computer
graphics is helpful to improve the user’s browsing experience in their own photos
through 3D presentations.

Therefore, we obviously have a long way to go before making the dream of
UMA come true. The Iwaj ﬁ{wagd s fulfﬂf-"('bpp’prtumtles but also challenges.
We believe that \m&dl more Tegi-earch g}f}ift Cwill ga@ﬁer together to enable the

correspondmg-.,lqreaki??f;@ﬁg , i n{;&égxa result would be able to
. J
change our -ﬂ@gltal life hole nemz'nlgltal era
"-‘ ! -= |
WA
ay) -
5.2 Future Resear =
. — L
g e = 5
We now highli possibledi ectiofs ture research.
';_; . ._?.-u.i_. r,h
& : : iohed IS
° Irnp'rlo'yeme_&t Framework: Many p.ects of' -f‘he framework can

I - ..'
be 1mp1:'@'ved|fe F-or ole of lele ents t@ pla}.';" in the formulation

le, t

=N
of adaptn}e _..Dptl'ﬁl-l-ﬁ_h,&tloré, I e_fur{:qht ﬁnvﬁshgated to identify the

mterrelatlonshﬁ) 1}1 dlffefe.ht ad&ptatlﬁ
., ’f -I

-
u.l

e Multimodal Adaptatlon Adaj taflon of multimodal media often needs

SCGH;FI‘](’S

to perform different adapting operations on individual modalities. The in-
vestigation of approaches to make joint adaptation decisions that maximize

the overall adaptation utility is necessary.

e Interactive Adaptation: A possible way to improve the quality of adap-

tation is by including users in the loop of making adaptation decisions. The
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user feedback can be used to dynamically change the parameter setting or

even the configuration of an adaptation engine.

e Semi-Automatic Ontology Construction: The semantic concept ontol-
ogy is still many years away from fully automated construction, but hand-
crafting is no longer practical for a large-scale one. The study of semi-

automatic building schemes is a promising direction.

odia Desc iptions: Multimedia contents

us oﬁﬁons a e content delivery path.

ar 7 e‘(,i,r;}fdes%ons would facilitate
F . T
the com icatig i 5. ".E_n_

ited-don &mon of semantic

ormart

e general conte rg alysis remains
)

esearch efforts shoulﬁne gathered to-
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