WO 2007/114796 PCT/SG2007/000091 1 APPARATUS AND METHOD
FOR ANALYSING A VIDEO BROADCAST The invention relates to an
apparatus and method for analysing a video broadcast. In particular, the
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is a commercial boundary. The inventioh also relates to an apparatus and

methaod for classifying a commercial broadcast in a pre-defined category.
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just one day,.% TV viewer may be exposed to hundreds of commercials.
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vidgerrecording and playback systems, many works (for example
references [2] - [4]) have focused on automatically
Advertising may be considered an organised method of communicating information
20 about a product or service which a company or individual wants to promote to people.
An advertisement is a paid announcement that is conveyed through words, pictures,
music, and action in a medium (e.g., newspaper, magazine, broadcast channels, etc.).
Although the costs of creating, producing, and airing a TV commercial are staggering,
television is one of the most cost-effective media. Its advantages are impact, credibility,
25 selectivity, and flexibility [1]. In the world of satellite and cable television, TV
commercials have become indispensable for most clients. Many cable channels fill in

10 to 12 minutes of a 30-minute serial with commercials.

In just one day, a TV viewer may be exposed to hundreds of commercials. Over a year,
30 itcan be tens of thousands. With the advance of digital video recording and playback
systems, many works (for example references [2] — [4]) have focused on automatically

locating a commercial disposed within a video stream towards “commercial skip” types
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locating a commercial disposed within a video stream towards
"commercial skip" types WO 2007/114796 PCT/SG2007/000091 2 of
applications. When a copy of the programme is created for viewing at a
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commercial detection techniques can replace a user's manual skipping
operation. Such work deals with a series of 5 consecutive commercials as
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changes in the average cut frame distance, the absence of a logo, a commercial signature
detection, brand name detection, a series of black frames proceeding a high cut rate,
similar frames located within a specified period of time before a frame being analysed
and character detection are combined to provide a commercial isolation apparatus
and/or method with an increased detection reliability rate. However, a method for

detecting an individual TV commercial’s boundaries is not disclosed in this invention.

Reference [2], noted above, discusses a method of extracting a number of audio, visual,
and temporal features (such as audio class histogram, commercial pallet histogram, text
location indicator, scene change rate, and blank frame rate) within a window around
each scene boundary and utilises an SVM classifier to classify each candidate segment

into commercial segments or programme segments.



into commercial segments or programme segments. WO 2007/114796
PCT/SG2007/000091 3 Reference [IS], discloses a technique for a
commercial video's semantic analysis. However, this work is limited to the
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over a temporal window.

20  In general, features-based commercial detection approach only allows an approximate

location of the commercial blocks.

The invention is defined in the independent claims. Some optional features of the
invention are defined in the dependent claims.

25
Apparatuses incorporating features defined in the appended independent claims can be
used to identify a TV commercial’s boundary and TV commercial classification by
advertised products or services. A flexible and reliable solution may resort to the
representation of intra-commercial characteristics that are of interest to indicate the

30  beginning and ending of a commercial, and to indicate the transition from one

commercial to the other.
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commercial to the other. WO 2007/114796 PCT/SG2007/000091 4 Thus,
apparatuses implementing the features of the independent claims may
provide any or all of the following advantages: Apparatuses implementing
106 WBenigies described may provide a generic and reliabIePgﬁé/ 160000091
and method for locating each individual TV commercial within a video data
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of aassawinghyiathdthis mayiikeccaetizble todioatoidaithivides shobhiicial
quebs(;[él%laai&in the vicinity (in the video broadcast stream) of a commercial
boundary.-lt is also possible to provide a method for modelling audio

scene changes, which are 25 used to represent the characteristics of
audiarig B@b@%@%ﬁﬁ%@ﬁé@&ﬁ(ﬁ&thﬁ Hansiemef SUteRhE Yey image frames
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characteristics signiticant Tor parsing commercials”video contéen e€.g. kKey
object recognition modules for extracting semantic information. Video shots containing
such key image frames, together with some modest encouragement coming from the
announcer/voice-over, are often employed to highlight the offer at the end of a
commercial. This may be a reliable indicator that the video shot in question is in the

vicinity (in the video broadcast stream) of a commercial boundary.

It is also possible to provide a method for modelling audio scene changes, which are
used to represent the characteristics of audio signal changes occurring with the
transition of different TV commercials. Optionally, an alignment algorithm is carried
out to seek the most probable position of audio scene change within a neighbourhood of

a video shot transition point.

Boundary classifier modules may comprise a set of mid-level features to capture audio-
visnal characteristics significant for parsing commercials’ video content (e.g. key

frames, structure), Black frame inclusive/exclusive multi-modal feature vectors, and a



frames, structure), Black frame inclusive/exclusive multi-modal feature
vectors, and a WO 2007/114796 PCT/SG2007/000091 5 supervised

learning algorithm (e.g. support vector machines (SVMs), decision tree,
RavRBayesian classifier, etc.). Apparatuses implementing thg-{esknisiuRgoo1
described may provide a system and method 5 for automatically

classifying an individual TV commercial iMto a predefined category. This
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The present invention will now be described, by way of example only, and with

20  reference to the accompanying drawings in which:

Figure 1 is a block diagram illustrating an application paradigm of TV commercial
segmentation, categorisation and identification. Figure 1 is the Figure 1 used in the
published paper not that of the specification;

25  Figure 2 is a block diagram illustrating an architecture for a boundary classifier and a
commercial classifier;
Figure 3 is a process flow diagram illustrating a first set of techniques for determining a
likelihood that a candidate commercial boundary is a commercial boundary;
Figure 4 is an architecture and flow diagram illustrating a second technique for

30  determining a likelihood that a candidate commercial boundary is a commercial

boundary;

Figure 5 illustrates a series of Image Frames Marked with Product Information (FMPD);
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Figure 5 illustrates a series of Image Frames Marked with Product
Information (FMPI); WO 2007/114796 PCT/SG2007/000091 6 Figure 6 is
process diagram illustrating low-level visual FMPI feature extraction;

GlgwR 71isRdine graph shows results of system performancq,g}r/gzdylﬂmoowl
classification by using different features; Figure 8 shows a series of

images incorrectly classified as an FMPI §rame; 5 Figure 9 is a block
diagram illustrating an Audio Scene Change Indicator (ASCI), alignment
of dtgiwectfisarensss Wiigiayg Photetn § dow-Firrirdstel ENMAdegvapéxtraction;
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its associated video scene change in néws programs and commercia
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smvjignmnmeffwuélobﬁwwlgmmg@rscasgm illustrating statlst_lcs of the
nupferol shals ANt duialn dhdNicdscammatciaiain e simuaian,.

video database; Figure 15 |s a e grap ustratlngt e simulation-result
of &hamﬁaméafmawméémhm@e@@%émﬁwwwmﬂﬁ@rméomnsr@als

blogksgiagram iksitalivg hRiareire Wse.nlanaam Nesickd #13esifig ior audio-

F| gure 17 is a process flow diagram illustrating a first process for
cla¥§ ARG A 20 Himercial; Figure 18 is an architecture/process flow
dlaﬁrgm:fm A sgt@hdﬂt@wﬂh@*maémlﬁssﬁﬁnhmmﬂmﬁﬁmee Jdeicigaged from
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FIgw&@lmlm%%@ﬁimLtﬁtm%@t&ﬂstﬂbé%f@i@%@ﬁb%mﬁtﬁsoiﬁqwd&%@mTv
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Figure 15 is a line graph illustrating the simulation.results of an individual TV - -
commercial’s boundaries detection;

Figure 16 is a block diagram illustrating the architecture of a commercial classifier;
Figure 17 is a process flow diagram illustrating a first process for classifying a
commercial;

Figure 18 is an architecture/process flow diagram for a second commercial
classification method;

Figure 19 is a process flow diagram illustrating the method for keyword determination
and proxy assignation of Figure 18 in more detail;

Figure 20 is a process flow diagram illustrating the method for word feature selection of
Figure 18 in more detail,;

Figure 21 illustrates an example of actual speech script, ASR generated speech script,
and an acquired article from World Wide Web for the purpose of query
expansion/proxy assignation;

Figure 22 shows a group of key image frames containing significant semantic

information in TV commercial videos;



and an acquired article from World Wide Web for the purpose of query
expansion/proxy assignation; 30 Figure 22 shows a group of key image
frames containing significant semantic information in TV commercial
wWigeasMYR2007/114796 PCT/SG2007/000091 7 Figure 23:iSra8ieShadbo1
illustrating system performance results for TV commercial classification;
Figure 24 is a bar graph illustrating the néimber of commercials in which
thg:,OCR%%nd ASR of Finure 18 recognise brand names successfully; 5
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foi%é%ﬁ%éﬂa%%ﬁrﬁf@éﬁ%g R Bt Sl S Atre A bR anc
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possible for them to verify their Ccommercials are broadcasted as
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clip-level video matching and subsequent statistics of 15 real duration in

TV broadcast. Secondly, research shows that most people do not mind
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With the advance of digital ‘ oxes in terms of powe
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position. A 25 user can apply positive actions (e.g., Searc%, rowse, erfc.)ml

to XN EErririBEcinIeoRiEY. dlfbpngd. they sislwisttpimapromeislmibdiads not like to.

bagigallydaciariabioreRIpURS 68 €o%e respected [1]. With the advance of digital
TV set-top boxes in terms of powerful processors, large hard disks and internet access,
it may be possible to furnish consumers with a TV commercial management system,
which detects commercial segments, determine the boundaries of individual
commercials, identify & track new commercials, and summarise the commercials within

a period by removing repeated instances.

Given a decent interface, such a system may change a TV viewer’s passive position. A
user can apply positive actions (e.g., search, browse, etc.) to the commercial video
archive. As advertising in the mass media is basically incidental to consumers’ use of
the media, described techniques may indirectly improve the reachability of TV
commercials. Thirdly, all advertisements deal with one of three concepts: ideas,
products, and services [1]. TV commercial classification with respect to the advertised
products or services (e.g., automobile, finance, etc.) helps to fulfill the commercial

filtering towards personalised consumer services. For example, an MMS or email



i

10!

15

20

25

30

the media, described techniques may indirectly improve the reachability of
TV commercials. Thirdly, all advertisements deal with one of three
concepts: ideas, products, and services [1]. TV commercial classification
Wighuiespgshdo the advertised 30 products or services (e.g., %%tﬂgtlﬁgfnl‘ﬁfm 001
finance, etc.) helps to fulfill the commercial filtering towards personalise
consumer services. For example, an MM8 or email WO 2007/114796
PCT/SG2007/000091 8 message (containing key frames or adapted
VidESERsTHecaE RS et IS e miredaniodvidagistardd eemempbobanttst to a
herfsjsstoRbilg GRyir 8.0k AMAHARCOMIbiE AU ofitmiachglgy of TV
commercials has changed significantly; they are almost 5 always edited

on a computer; the appearance all starts with the MTV generation and
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In TV streams, a commercial block consists of a series of individual
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fashion, food, money, sports, and so on, one may choose some

refiUBBRTa &ideraities dnprolaeifisdrdmmisuscs isiofeubisototion.

SofeesPaescoReshARRAPIMEES Seahwithiug e dowlimedabanalysised item
is to be bought. Accordingly, semantic commercial video indexing is meant to
accomplish such classified TV advertisement through video content analysis techniques.
Since an advertising campaign concerns many topics such as babies, cars,
entertainment, fashion, food, money, sports, and so on, one may choose some

representative categories of products or services to explore the solution. Some

described apparatuses deal with this via multimodal analysis.

Once individuals’ boundaries are determined, various video clip matching methods can
be used to identify commercials (ComID). One issue lies in a compact and robust
signature for representing commercial video content. The other issue is to accelerate the
clip search in a large database. Compared with ComBD and ComCL, ComID can be

easily addressed by existing or modified methods.



Once individuals' boundaries are determined, various video clip matching
methods can be used to identify commercials (ComID). One issue lies in
a compact and robust signature for representing commercial video

8R4 Ihssother issue is to accelerate the 30 clip search ia1aEWR07/000091
database. Compared with ComBD and ComCL, ComID can be easily

addressed by existing or modified methofs. WO 2007/114796
PCT/SG2007/000091 9 A first apparatus for identifyinz commercial
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binary boundary c ssifieé. As shown in Figure 2, boundary classifier 66
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In an example embodiment, (at least) visual features are extracted within a symmetric
window of each candidate commercial boundary location from a video data stream as
shown in Figure 3. Multi-modal audio-visual features are extracted in apparatuses

25  implementing ASC and/or silence recognition. It will be appreciated that although
Figure 3 illustrates a multi-modal technique, it has been found that excellent results are
obtainable (again, described below) with an implementation of FMPI techniques only.
Boundary classification is carried out to determine whether a candidate commercial
boundary is indeed a commercial boundary of each individual TV commercial. The

30  input video data stream can be any combination of video/audio source. It could be, for

example, a television signal or an Internet file broadcast.



25 implementing ASC and/or silence recognition. It will be appreciated
that although Figure 3 illustrates a multi-modal technique, it has been

‘found that excellent results are obtainable (again, described below) with
Woiaepigestation of FMPI techniques only. Boundary classitigai&ndSeeoo91
carried out to determine whether a candidate commercial boundary is
indeed a commercial boundary of each iklividual TV commercial. The 30
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50of the techniques. 5 The disclosed techniques may be implemented on,
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likelihood a candidate commercial boundary is a commercial boundary will
now be described. Referring first to Figure 3a, process 100 starts at step
10Refordngnaw4o figuingutheidewdssodeieasisidinat sstpdittitorigdsinior assessing
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candidate commercial boundary is detected by use of, for example, a
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15 Classifier determines a 20 likelihood the candidate commercial boundary is
a commercial boundary in dependence of a determination the candidate
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provide perfectly acceptable results for assessing the candidate commercial boundary is
a commercial boundary at step 110. Optionally, the boundary classifier determines a
likelihood the candidate commercial boundary is a commercial boundary in dependence
of a determination the candidate video frame comprises an audio scene change; that is
ASCI recognition may be implemented at step 114 and/or silence and black frames
recognition may be implemented at step 116. FMPI recognition is discussed in more
detail with reference to Figure 3b and ASCI recognition is discussed in more detail with

reference to Figure 3c. The process of Figure 3a ends at step 112.

Therefore, as illustrated in Figure 3a, there is provided an apparatus which determines a
likelihood a candidate commercial boundary is a commercial boundary. The apparatus
comprises a boundary classifier which determines whether a candidate video frame
associated with a candidate commercial boundary of a segmented video broadcast

comprises product information and determines a likelihood the candidate commercial



recognition may be implemented at step 116. FMPI recognition is

discussed in more detail with reference to Figure 3b and ASCI recognition
is discussed in more detail with 25 reference to Figure 3c. The process of
H84h6732.50ds at step 112. Therefore, as illustrated in Figurg 3a, 066 iS00
provided an apparatus which determines a likelihood a candidate
commercial boundary is a commercial bdundary. The apparatus

comprises a boundary classifier which determines whether a candidate
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audtimsence or video black frames. 10 Referring to Figure 3b now, a
candidate boundary is detected at step 106 of Figure 3a. At step 120, the
MPEG motion vectors of the video signal are queried in order to identify
keR¢farieg tattigpe BPMoPhe idedifitatiomdilyay deenes wittdyel 06 o€ foaae 3a.
I G IAHRNBEABIRRS Lo AT PRE FRARIRODE,

candidate 15 commercial boundary is parsed in order to determine loca
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examined by a statistical model, in the present example a supervise

vebiBrnittas) iiin gabpl Sxatrrescegvrd pomafisdid features (or dimensions). At

step 128, the local features and global features are merged to form a 141-dimensional

feature vector. The 141-dimensional feature vector is examined by a statistical model,
in the present example a supervised vector model (SVM) such as the C-SVC (C-support
vector classification) model. The SVM model will be trained as will be described
below in detail.

‘The SVM model determines at step 132 whether or not the candidate boundary video
frame comprises an FMPI frame; that is, it determines whether the candidate video
frame which is associated with the candidate commercial boundary of the segmented
video broadcast comprises product information. If the query returns a positive result
(i.e. the candidate boundary video frame is an FMPI frame), an FMPI
confidence/likelihood score for the or each frame in a candidate window (the candidate
window comprising a set of video frames associated with the candidate commercial

boundary) at step 134. The confidence/likelihood score may be a probability value, as



vector classification) model. The SVM model will be trained as will be
described below in detail. 25 The S VM model determines at step 132
whether or not the candidate boundary video frame comprises an FMPI

{taygy7ihaLdg, it determines whether the candidate video frapge\adieby o001
associated with the candidate commercial boundary of the segmented

video broadcast comprises product inforkation. If the guery returns a

posjtive result (i.e. the candidate boundary video frame is an FMPI
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sboundary likelihood assessment is then made at step 110 of Figure 3a;
that is, the ap%a atus determines a likelihood the candidate commercial
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th%u 15r%%§1% au ior (fi%agtqrtes and @roex élity cores for ASC and non-ASC
ardgiofea afg 2 p% 1ty pcores for and non-ASC are derived at steps 156 and

158 respectively. The probability scores will be described further below and are applied

20 to the candidate boundary likelihood assessment at step 110 of Figure 3a.
A second system architecture and flow diagram is illustrated in Figure 4.

An input video stream is first partitioned into commercial segments and programime

25  segments. Shot change detection is applied to detect cuts, dissolves, and fade in/fade
out, which are considered as candidate commercial boundaries. Hidden Markov Models
(HMMs) and Support Vector Machines (SVMs) are employed to construct mid-level
features labelled “Audio Scene Change Indicator” (ASCI) and “Image Frame Marked
with Product Information” (FMPI) to alleviate the problem of dimensionality and

30  incorporate domain knowledge towards an effective solution. Thresholding is used to
detect Silence and Black Frames that constitute an integrated feature set together with

ASCI and FMPI. Finally, a supervised learning algorithm is utilised to fuse ASCI,
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158 respectively. The probability scores will be described further below
and are applied 20 to the candidate boundary likelihood assessment at
step 110 of Figure 3a. A second system architecture and flow diagram is
Wﬁ%ﬁq AnFigure 4. An input video stream is first part't'on‘i%‘f)g‘&zoo7/000091
commercial segments and programme 25 segments. Shot change
detection is applied to detect cuts, dissojges, and fade in/fade out, which
are considered as candidate commercial boundaries. Hidden Markov
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(ASCI) and "Image Frame Marked with Product Information” (FMPI) to
alleviate the problem of dimensionality and 30 incorporate domain
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datdesatficatiarge 10 number of features. It has been found that the

C-Support Vector Classification (C-SVC) works particularly well with the

described techniques. The radial basis function (RBF)  kernel |s used to

15 mal SrahAg W ARSI RigHJERSBRISISHRIAh FeS g /1

cIaSS|f|cat|on 15 We.turn now to a discussion of video shot detection as
tloned above, The te T seen sllstlosn STD&)IS uslﬁd
e R e e e G e oo B

shmmmhdmgae@wtmsm primitivdeiedGehot halidarissdnerishal pronjtiyai is
compRsaflOh & sRES: Ao EHEIAEASHRIBIHRLAI& of “interrelated shots that are

unified by location or dramatic incident” [9]. STD aims to detect scenes on the basis of

computable audio-visual characteristics and production rules. Many prior works deal

with STD concentrating on sitcoms, movies [5] — [9], or broadcast news video [10] [11].

Instead of a single shot, a scene is often treated as an elementary and meaningful unit
for effective browsing, navigation, and search in video programs where rough scene
boundaries suffice for organising video content. Rather than exactly locating scene
boundaries, most works deal with STD via the aggregation of consecutive shots,
Clearly, a scene lies in the marriage of video structure and semantics. By investigating
the temporal consistency of audio-visual contents, only an approximation for the actual .
scene should be expected. That is, exact scene boundaries cannot be secured. In
particular, commercial videos are featured by dramatic changes in lighting, chromatic

composition, and tempo (determined by shot length, motion, zoom, sound, etc.)
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framework is illustrated In
performance, videos are in MPEG-1 format, and the compressed domain approach in

[12] is employed to determine cuts. In terms of parameter tuning, a higher recall of cuts
is preferable. Fade-in/-out is determined by detecting monochrome frames and detecting
gradual transitions simply via the twin comparison method (TCM), as the fade-in/-out
between two successive spots is in a short duration (often less than 8 frames) and TCM
can work well for short gradual transition [17]. In system performance assessments,

detected cuts and fade-in/-out have covered about 98% true individuals’ boundaries.

FMPT and ASCI are two mid-level features on the basis of video and audio content
within an individual TV commercial. Silence and Black Frames are based on the post-
editing of a sequence of TV commercials. FMPI — whether or not in combination with

~ ASC - provides a post-editing independent system and method. The combination of



Figure 4. 20 Accurate cuts and fade-in/-out is significant in the described
techniques. In one system performance, videos are in MPEG-1 format,
and the compressed domain approach in [12] is employed to determine

GdSodntess of parameter tuning, a higher recall of cuts is prgieramenoocot
Fade-in/-out is determined by detecting monochrome frames and

detecting gradual transitions simply via tfe twin comparison method
(TCM), as the fade-in/-out 25 between two successive spots is in a short
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or less abstract, symbolic, or "unreal” universe in which incredible things
can happen 15 (from a viewer's perspective), live footage of real things or

pebpladsnussiaiitecboibineanyis) BompesgapRicthtatopiethe pioklpRvalent
20 of !)nx?é)se rﬁ&%@rb%&f%@ &EH{{& ?salg]rojected into the foreground, usually in crisp,
clear magnification. For Figure 5 (k)—(0), the FMPI frames are yielded by the
superimposed text bars, graphics, and live footage. From the image recognition point of
view, Figure 5 (a)—(e) produce a fairly uniform pattern; for Figure 5 (£)—(j), the pattern
variability mainly derives from the layout and the appearance of a product; Figure 5

25  (k)—(o) present more diverse patterns due to unexpected real things.

The spatial relationship between the FMPI frames and an individual commercial’s
boundaries is revealed by the production rules as below. For the convenience of
description, we define the shot containing at least one FMPI frame as an FMPI frame.

30  Firstly, in most TV commercial videos, one or two FMPI frames are utilised to highlight
the offer at the end of a commercial. A good example is a commercial for services,

expensive consumer durables, and big companies. These commercials usually work
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be layered with any number of superimposed images. Let us investigate
those examples. Figure 5 (a)-(e) are the simplest yet most prevalent 20
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Figure 6 shows an FMPI frame represented by properties of colour, texture, and edge
features. As the layout is a significant factor in distinguishing an FMPI frame, it is
beneficial to incorporate spatial information about visual features. One common
approach is to divide images into subregions and impose positional constraints on the
image comparison (image partitioning). This approach is used to train the SVM and
also to determine whether the candidate video frame comprises FMPI.. In terms of
colour, dominant colours are used to construct an approximate representation of colour
distribution. These dominant colours can be easily identified from colour histograms.
Since Gabor filters exhibit optimal localisation properties in the spatial domain as well
as in the frequency domain, they are used to capture rich texture information in the

FMPI frame. Edge is a useful complement of textures especially when an FMPI frame



transitions. It is possible to rely on the FMPI frames only to identify
commercial boundaries, but performance may feature a higher recall but

a lower precision. As illustrated in Figure 4, and particularly by Figure 15
welawy Ay eembining FMPI and ASCI techniques, this probleggathig/no0o91
alleviated and yet more accurate results may be 20 obtained. Figure 6
shows an FMPI frame represented by pidperties of colour, texture, and
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representation of colour distribution. These dominant colours can be
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feature vectors is calculated for each sub-image. A 128-dimensional feature vector is

then formed to represent local features.

The cues of colour and edge are taken into‘account for global features. Three maximum
bin values are selected from each colour channel, which results in a 9-dimensional
colour feature vector for a whole image. Edges are grouped into four categories:
horizontal, 45° diagonal, vertical, and 135° diagonal. Edge pixels are accumulated for
each category thus yield 4-dimensional edge density features. Finally, a 141-
dimensional low-level visual feature vector comprising 128-dimensional local features

and 13-dimensional global features is constructed.



dimensional Gabor filters is employed to extract texture features. The
Gabor filter is 15 characterised. by a preferred orientation and a preferred
spatial frequency. The filter bank comprises 4 Gabor filters that are the

vesulis@i4186ng one centre frequency (i.e., one scale) and foudites@Moooo1
equidistant orientations. The application of such a filter bank to an input
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= 4. The utilised Gabor filters use one centre frequency (one scale) and four equidistant
orientations. Finally, 141-dimensional feature vector ié constructed (128 local features

20  and 13 global ones).

Figure 7 shows a set of recall/precision curves yielded by using different visual features
and different C-SVC parameters, which have shown the effectiveness of the proposed
method in distinguishing the FMPI frames from an extensive set of commercial images.,

25  Anaccuracy of Fi= 89.6% is achieved by using 4632 images comprising 1046 FMPI
frames and 2987 Non-FMPI frames selected from the TV commercial video database
consisting of 499 clips of individual TV commercial videos covering 390 different
commercials. This accuracy is calculated by averaging the results of ten runs, namely,
ten different random half-and-half training/testing partitions.

30



into It categories of orientation by using the angle quantiser as: Az =[[lh
J.;,[10].(i+1~J1,i=0...h-1. 15 By combining local features and global ones,
we obtain the feature of (3pr-c+rc+SKrc+3g+h) dimensions. It has been

{pynshihatthe following parameter settings yield acceptablep@pylissdrndeoot
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learning. Radial basis function (RBF), exp(-y~xi - xj 112), y > 0, is used.
We are required to tune four parameters, i.e., penalty C , class weight
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the performance, a set of 10 recall/precision curves are yie
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classification is performed with ) . .
Different recall/precision values for each kind of features combination are linked to

generate the curves like Figure 7 to reveal some tendency.

In use of LIBSVM as the implementation of the SVM, a set of manually-labelled

20  training feature vectors for FMPI frames and Non-FMPI frames are fed into a LIBSVM
to train the SVM classifier in a supervised manner. For an incoming image, the
apparatus extracts the feature vector from the image and feeds the feature vector into the
trained SVM classifier. The SVM classifier then determines whether the image
associated with the feature vector is an FMPI frame or not. Given a set of test images,

25  the SVM correctly classifies some images as FMPI frames and incorrectly claésifies
some images as FMPI frames. The classification results vary with different SVM kernel
parameters. Examples of performance are illustrated in the recall/precision curves of

Figure 7.
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different SVMs kernel parameters (or combinations thereof): colour,
texture, edge. Note 15 that different parameters generate different
performance figures for recall and precision. Different recall/precision

walugsforseach kind of features combination are linked to gegiaéedéo0091
curves like Figure 7 to reveal some tendency. In use of LIBSVM as the

implementation of the SVM, a set of ma#ually-labelled 20 training feature
vectors for FMPI frames and Non-FMPI frames are fed into a LIBSVM to
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Texture, and Edge together. Edge is a useful complement of textures
esPECRGSEAES %I@&ﬁf“ﬁ%ﬁwe exhibits stand-alone edges as a contour
of an object, since a collection of similar edges forms texture. In terms of

colour.a reduced domi olour descriptor is actually utilised..A wn
in igrlrjlll’%gé,o ?ermme anrﬁ%? ilolfl the ﬁ'ﬂgitrﬁco mcixon rrl]\{?y Eeb%?%llaege%qg{ﬁée key

U one maximum bin’for each charfhel withirm su
thrizenessdlvnied bivs iohesichdetiinelandidiictvedorhitaninieryes metion

COpRIARIEH.diNG PO VRARS.ERIRAGSHDIRS Al lRKERIRIRAGEO Ry,
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FMRicteeoap itiom Maynbe-appliesiFoMIPEER Keyos is used to measure the motion in a

shot and select key frames at the local minima of motion. Directing recognition at key
frames has two advantages: 1) reducing computation, and 2) avoiding distracting frames

due to animation effects.

Although perfectly acceptable results may be achieved by FMPI recognition alone, such
an implementation may be improved further. Figure 8 illustrates a group of images
incorrectly classified as an FMPI frame from FMPI recognition alone. As indicated in
Figure 8 (a) (b) (c) (e), strong texture of a large area is one main reason for false alarms.
Figure 8 (d) observes clear edges overlapping a large blank area, which exhibits a
similar pattern as an FMPI frame. A typical example is given in Figure 8(f) where an
object is delineated at the centre of a blank frame. Such a kind of picture often appears
in an FMPI frame to highlight the foreground product. To avoid such false alarms, an



frames selected from a shot to identify a candidate video frame from a
motion measurement of a video frame associated with the candidate
commercial boundary. Motion is utilised to identify key frames. The
WNEsae8R igtensity of motion vectors in the video frame from kc-a86:Rr7/000091
frames in MPEG videos is used to measure the motion in a 20 shot and
select key frames at the local minima of #otion. Directing recognition at
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not incorporated by labelling training data or others.

The boundary classifier may make the determination the candidate video frame
comprises an audio scene change from a distance measurement of audio properties of
first and second audio frames of an audio segment of the video broadcast associated
with the candidate commercial boundary .Figure 9 shows an audio segment located
within a symmetric window at each video shot transition point. The window may be of a
pre-defined length. A HMM is utilized to train two models for representing Audio
Scene Change (ASC) and Non-audio Scene Change (Non-ASC) on the basis of low-
level audio features extracted from the audio segment. Given a candidate commercial

boundary, two probability values output from trained HMM models are combined with
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classes [13] because of model-based methods' weakness: large amounts
of samples required and the subjectivity of classes labelling. An
alternative is to examine the distance metric between two windows based

WO avsdio fertures. Metric-based methods 20 are straightforwails &2007/000091
quantitative indicator is produced. Yet human knowledge is not

incorporated by labelling training data oP®thers. The boundary classifier
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weakness: argg amounts of samples required and the subjectivity of their
audio classes labelling. An 15 alternative is to use a metric-based

apRLRAGH Shéfo@égfﬁ@ﬂ?éf@ﬁr@&%ﬁe@%&s(lsqggmggnds) around a candidate
boundary, the proposed ASCI is meant to provide a probabilistic representation of ASC.
As shown in Figure 9, HMM is utilized to train two models for “explaining” the audio
dynamic patterns, namely, ASC and Non-ASC. An unknown audio segment is
classified by either of the models which returns the highest posterior probability the
segment is ASC or non-ASC. This model-based method is different from that based on
acoustic classes. Firstly, the labelling of ASC/Non-ASC is simpler and can more or
less capture the sense of hearing when one is viewing TV commercial videos.
Secondly, according to the framework in Figure 1, two probability values yielded by the
ASCI, as intermediate features, can be easily fused with others; in other words, the
subjectivity at this stage would not seriously affect the final target. Moreover, a metric-

based method is introduced to accomplish the alignment of audio feature windows.
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measure between neighbouring windows. The metric-based method is
straightforward. A quantitative indicator is produced. Yet human

knowledge cannot be incorporated by labelling training data. 20 Given an
wadicosegiment of a predefined length (say 4 seconds) aroungt-g/ses@igai®or
boundary, the proposed ASCI is meant to provide a probabilistic
representation of ASC. As shown in Figé#e 9, HMM is utilized to train two
models for "explaining” the audio dynamic patterns, namely, ASC and |
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fealsrpaleshartitnadipdamensaviesivensy fenRitem, Gcfeaireld Medhonic
of the spectrum quE éSr) %1 feature), and harmonic degree (HD

) (115
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anpdysis frdiereshe duration of sliding window is set to 100 samples. Means and

variances of STE and ZCR are calculated for 7 values from 7 overlapping frames while
the mean of SF is calculated for 6 values from 7 neighbour frames. HD is the ratio of
the number of frames having harmonic peaks to the frame number 7. Pitch and MFCCs
are computed directly from’'each frame. The non-ASC may also consider the same

parameters.

Major reasons for using these features are as follows, MFCCs furnish a more efficient
representation of speech spectra, which is widely used in speech recognition. STE
provides a basis for discriminating between voiced speech components and unvoiced
speech components, speech and music, audible sounds and silence. In terrﬁs of ZCR,
music produces much lower variances and amplitudes than speech dces. ZCR is also
useful for distinguishing environmental sounds. Pitch determines the harmonic property

of audio signals. Voiced speech components are harmonic while unvoiced speech



by shifting the sliding window of 20 ms-with an interval of 10 ms. Features
are computed for each analysis frame. Within each frame STE, ZCR, SF,
and Harmonic peaks are computed once every 50 samples at an input
SN kasg of 22, 050 samples per sec where the duratiopaf&lisifgoooos1
window is set to 100 samples. Means and 20 variances of STE and ZCR
are calculated for 7 values from 7 overla%‘blng frames while the mean of
SFis calculated for 6 values fr bour frames, HD is the ratio of
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pr@gmp}mécmﬁdie -in/-out, the visual change is located at the middle of the shot

20  transition whereas the audio change point is often delayed till the end of the shot

transition,

Figure 11 shows the Kullback-Leibler distance metric in use to evaluate the changes
between successive audio analysis windows and to align the audio window. Window
25  size is important to good modelling. The difference curves indicate the different
locations of peak change for different window sizes. A multiscale difference computing
is used since it is unknown what sounds are being analysed. Essentially, the boundary
classifier determines the candidate video frame comprises an audio scene change by
partitioning the audio segment into a plurality of sets of audio frames, each set of audio
30 frames having frames of equal length, the length of one set of audio frames being
different from a length of another set of audio frames to determine a set of difference

sequences of audio properties from the sets of audio frames, and determining a



commercials as shown in Figure 10. Based on experimental observations,
around 95% offsets lie in the range of 0.25 sec - 1.0 sec wherein the
offsets of 0.25 sec occupy 15 around 85%. In the news video production,

Woanehagpegrson or live reporter can hardly remain synchrogigedyeeehhoos1
camera shots are switched to weave news stories. In order to capture

audience attention, the production of corftnercial video tends to use more

editing effects, The time offsets are mainly attribu 0 post-editing .
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determined by 5 locating the highest accumulated difference values
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around 240 ms delay; the offset is identified from a correlation between

difference sequences. After identifying the offset, the boundary classifier
alignstisaracndipreeashies shelrge Loititete caomditliatly ddiimendtiatition daary.

20 neighbourhood of a shot change as illustrated in Figure 5. Let W; and W; be two audio
analysis windows, and their difference denoted by d (W, W ) By utilising Kullback-

Leibler (K-L) distance metric [15], the difference can be written as
AW ;)= [ ;0 p; (0 lin ps (0)/ p s ()
X

where p;(x)and p ;j(x) denote the probability distribution functions (pdf) estimated by
25 the features extracted from W; and W;. One-scale is considered firstly. Let
W;,i=12,...,N be a series of analysis windows with an overlap of INT ms. We then
form the sequence {D;},_ , ., as D; =d(W;,W,,,). An ASC from W, to WM is
declared if D, is the maximum within a symmetric window of WS ms. Window size is

important for good modeling. The difference curves in Fi gure 11 indicate different



5 .

10 According to offset statistics in Figure 10, the shift of adjusted change
point is currently confined to the range of [-500ms, 500ms]. Audio

features are further extracted and arranged within adjusted 4-sec feature
wihshws igbe fed into two HMM-based classifiers associategwth 600091
and Non-ASC, respectively. That is, boundary classifier extracts audio
features from the audio segment, trains fifst and second statistical models

15 for audio scene change and for non-audio scene change from the

AU TGTRSRTPS "R R Ohcir 187 ¥siffent @A ORESH@9Hknow a priori
candidateiad die fegrigsingssotiatede withphensandidatereeKmereidc first makes
boundary from the first and second statistical models. An alignment
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neighibowhend g&%m}phange as illustrated in Figure 5. Let Wi and W
beEIW_o audio anpalysis windows, and their difference denoted by d(14 ,Wj

). BYHRR e ack- ,s(KeEF(LdisMﬂG@Egggjg_L]é@]%olh@déﬁ@tfence

can be written as d(Wi,W J)= 5[ t(?-Pj(x)lnpi(x)/Pj(x)dx X where pi (x)
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25 the features extracted fr and W. One-scale is considered firstly,
PR ERCE R gl e LR
indinAley tihearmiaren thecagueneeh{RicrkehmiNatbasdRies d (Wi ,Wi+l). An

ASC from W to Wt+l is declared if Di is the maximum within a symmetric
window of WS ms. Window size is important for good modeling. The
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P%Iljcs %%03@_/000091 26 change peaks in the case of different window
sizes. Since one does not know a priori what sound one is analysing,
multi-scale compuyting is used. Th?ﬂk)(-L etric first makes use of multiple
windai)si s Wi _ 2 yield a cluster of difference value
series whichsige %}@{B&s&t&?ﬂ) scale }scale=1,.,.,s = {Di,scaie | i
=1,..., Nscaie ]'scale=I,...5; each series of Distances,,,e is then normalised
to f@ﬁ%ﬂ&r{ﬁh(m%iﬁ\g&iﬁer@nce values Di,sale-by the maximum-of -
each serieS Max(Dis tan cescaie ); the most likely ASC point w is

where M denotes the total number of candidate window positions, @ denotes the

window corresponding to an ASC point.

Based on offset statistics, the shift of adjusted change point is confined to the range of
[-500ms, 500ms}, i.e., WS = 1000. Audio features are extracted and arranged within the

adjusted 4-second feature windows. 11 Scales are employed, i.e., S =11 , where the

window sizes Win;; 1, =500+100- (i —1) ms. At all scales, the overlap interval is set

to INT' =100 ms. A single Gaussian pdf is used. 20 ms sliding window with an interval

of 10 ms is applied.

The Kullback-Leibler distance metric is a formal measure of the differences between
two density functions. The normal density function is currently employed to estimate
the probability distribution of 43-dimensional audio features for each sliding analysis

window. For the minimum window of 500 ms in total 499 samples of 20 ms unit with a



finally determined by locating the highest accumulated values. 10 The
probability p(w2) of the candidate window position az1. being an ASC
point is calculated as: 1 s Dis tan cescate ( p(CO,Z)=- E S scale_1 Max

RiSleMspns2) aie (2)) 11Skgm cl=argM~p(~)),AM where M‘%&%/Bbﬁm
total number of candidate window positions, co denotes the 15 window

corresponding to an ASC point. Based 6} offset statistics, the shift of
adjusted change point is confined to the range of [-500ms, 500ms], i.e.,

wS LHpRSTIAD e aliguss dickotintithy slidingramgen Iethintisverlap of 100 ms

adjhmteebﬂtﬁﬁﬁﬁﬁdﬁe@w@éaifwgwﬁgaa@c@;g?@g employed, i.e., S =11,
where the 20 window sizes Wini_I, 11 = 500+100 (i -1) ms. At all scales,
the overlap interval is set to INT =100 ms. A single Gaussian pdf is used.
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probability distributions are computed for two symmetric windows _of one
second. The same sampling strategy is applied, i.e., 20 ms unit with a 10
msAdtenigipthE ituAbistio-Baiblplesane SelaeiesatPe&pUelily provide a quantitative

15 measure of audio signal change, the temporal context is not utilized unlike an HMM-
based modelling. HMM is a powerful model to characterize the temporally non-
Astationary but learnable and regular patterns for the speech signal especially when
utilised in conjunction with the Kullback-Liebler distance metric. As shown in Figure
13, a performance comparison is illustrated between a Kullback-Leibler based approach

20 (with or without actual alignment of the offset with the K-L metric) and an HMM-based
approach (with or without the K-L based alignment). The audio data set comprises
2394 Non-ASC samples and 1932 ASC samples. A Half-and-Half training/testing
partition is applied. A left-to-right HMM consisting of 8 hidden states is employed. A
diagonal covariance matrix is used to estimate the mixture Gaussian distribution

25  comprising 12 components. The forward-backward algorithm generates two likelihood

values of an observation sequence.

If the audio scene change is not aligned with the candidate commercial boundary, the
probability/likelihood scores for each of these can be fused later to provide what may be
30 acceptable results. However, by performing the early fusion, the co-occurrence of some

features an effectively indicate the boundary and performance may be improved.



diverse audio classes such as speech, different kinds of music, speech
with music 10 background, speech with noise background, etc. Two
clusters of Kullback-Leibler distances can be delineated clearly. This

Wwdisates selected low-level audio features' capability in disGgje@iiag 000091
ASC samples from Non-ASC samples. Although the Kullback-Leibler

distance metric can explicitly provide a c%§antitative 15 measure of audio

sigpal change, the temporal context is not utilized unlike an HMM- based |
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the F1 or overall accuracy by 2.9% - 4.2%. Comparatively, the alignment
plays a more important™ role in performance improvement. An emphasis
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geQerziede%gg?ﬁiliti s for ASC and Non-ASC jqintly. contribute to the
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20 PGSR set useful for detecting TV commercial boundaries.

As shown in Figure 4, when fusion of FMPI, ASC], Silence, and Black Frames is -
implemented, this is accomplished by a supervised learning algorithm. In the example
of Figure 4, a binary classification is carried out. An SVM-based classifier is used in an

25  assessment of system performance.

The boundary classifier classifies the candidate commercial boundary as a commercial
boundary from a fusion of likelihood scores for frame marked with product information
(FMPI), audio scene change (ASC) and, optionally, audio silence and video black

30  frame. ASCI yields two probability values p(ASC) and p(Non - ASC), Silence and

Black Frames yields two values p(Silence) and p(Black Frames) to indicate the
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Silence is detected by examining the audio energy level. The short-time
energy 10 function is measured every 10 ms and smoothed using an
8-frame FIR filter. The smoothing implicitly imposes a minimum length
sAsiianLyeg the silence period. A threshold is applied, andghe/s€g0ainbos1
that has its energy below the threshold is decided as Silence. A black
frame is detected by evaluating the meatt and the variance of intensity
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A commercial video database is built for assessment, which consists of 499 clips of
individual TV commercial videos covering 390 different commercials. The TV
commercial video clips come from heterogeneous video data set of 169 hours of news
video taken from 6 different sources, namely, LBC, CCTV4, NTDTV, CNN, NBC, and
MSNBC. These commercials have extensively covered three concepts: namely, Ideas
(e.g. education opportunities, vehicle safety), Products (e.g. vehicles, food items,
decoration, cigarettes, perfume, soft drink, health and beauty aids), and Services (e.g.

banking, insurance, training, travel and tourism).

Figure 14 shows the statistics in terms of the number of video shots and the duration

within a single TV commercial clip. Three major modes about the duration are



commercial boundary probability scores. An overall likelihood score is
derived from 10 one or more of the probability scores. Hence the complete
feature is 2. n + 4 dimensional. In the performance assessment, we set it

w@addtachie learning is used to complete the fusion of the prebgeiidyr/000091

scores because itis not a trivial task to construct manually the heuristic

rules to fuse the probabilities. With 15 tidse probabilities as the feature
vegiar, 8.9YMls learn t atterns _agssociated with (true
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the boundary detection problem is transformed into a binary classification
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travrel and tourism), 30 Fig,ure 14 shov# ége statistics in terms of the
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Format, etc.) of TV commercials. R
The performance of “FMPI+ASCI+SILENCE+BLACK FRAMES” may vary with
different video data streams due to non-uniform post-editing techniques. Hdwever, in
present simulation experiments, a heterogeneous video data set has been employed

aiming at a fair performance evaluation.

The apparatus of Figure 2, comprising separable boundary and commercial classifiers
can be considered as an apparatus for identifying a boundary of a commercial broadcast
in a video broadcast and classifying the commercial broadcast in a pre-defined category.
The apparatus comprises a video shot transition detector configured to identify a
candidate commercial boundary in the video broadcast, a boundary classifier configured
to verify the candidate commercial boundary as a commercial boundary and a

commercial classifier configured to classify the commercial in a pre-defined category.



Figure 15 shows performance results of an individual TV commercial's
boundaries 10 detection. Using different features and different S Vivi
parameters yields a set of recall- precision curves. A promising accuracy

Wi 78942290 have been achieved through half-and-half traRingftestingoet
on the basis of the fusion of FMPI and ASCI only. This performance has

provided a basis of a reliable system and ethod for detecting
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be considered as an apparatus for identifying a ouné’ary of a commercial
broadcast in a video broadcast and classifying the commercial broadcast
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commercial classifier may be used in conjunction w e apparatus for

det@ ARG eI HE S keamsier e srerleriion Besh et are-

copnoaessiied broadeacsmee seamebiecngss bloadaastisa srammereal 5
bolrlndar des(i:rf'bg abave. Use of the tw ratuses together (as
ral oduie 1 ?

appa .
iilustrated in. say, Figure" en‘i%@?%@'b%‘h??&ff%’&d\?&n@&éﬁﬁ%{ﬂf‘%"f training
cafielitansomdnenyiedbotscimopmhkeye ot tierivinied toobel@Xdmerendadxt pre-

20 bopdary Wit eveh of &%ﬁﬂfé‘%&m@c@%‘}%&% 218. The classifier module is
trained by data from the training data, and classifies the commercial video broadcast

from an examination of proxy data from the proxy document.

The classifier module may be a support vector machine module.

25
The proxy document identifier 204 is configured to interface with a document
index/database 220 which may be a remote external resource, as shown in Figure 16,

from commercial classifier 68.

30 Aprocess flow of a first commercial classifier 68 is described as follows with respect to
Figure 17. The classification process starts at step 230 and, at step 232, video processor

200 parses a commercial video broadcast for video and/or audio data. At step 234,



identification of a commercial broadcast for its classification. 10 The
architecture of classifier 68 is shown in more detail in Figure 16. The
commercial classifier 68 comprises, optionally, a video processor 200 for
Rraptngyigeo and/or audio data from a frame of the videgbi@aseashoooo1
commercial and converting the video and/or audio data to text data, a
classifier model 202, and a proxy docuntént identifier 204 for identifying a
proxy document as a proxy of. the commercial video broadcast. 15 The
ooy e e e 00 AT ARE B S e s et

&
r_ela’téde&@ihddé;nhmvdt_ﬁﬁmmﬁéd tonéirstckeyering derivatioaudiodidle R06xt data
frskigridi RPAESHg medhle208.93 Warklyeclor mapnes 2i%and

training module 212. Training module 212 'is for the compilation Fon\?r%lﬁs of
datisiBfsPERRT o trummiRA0 dbe alesifier amelph 30 bripiisd witharaining data

5 keywere-denivationroosles? idp3ee0nd xRS 2D RLPSESSIRG mduls

216 and trajning data vector mapper 218. The classifier module is tralnmeglermal
oy HISEA O VAL SR At LR Il BT b B lcsamdegentied by
brgadcadocinaniadeakfinrip@tion of proxy data from the proxy document.

The classifier module may be a support vector machine module. 25 The

proxy document identifier 204 is configured to interface with a document

indEXg @ERbitns s 2TT! WiskdssHay ifer a sernuieextoencihlebosifte, indeshdbed with
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commercial classifier 68 is described as follows with respect to Figur
ThE HBEEH AN s starts at step 230 and, at step 232, video
processor 200 parses a commercial video broadcast for video and/or

augi 234 WO 2007/1147 T 007/000091 32 proxy
oot R G C SN2 e e
datad lagsdefosnibére el iptisrarap BB 2FhenbyOsgh 06w ithel aristeqranglio

dajaitgctexhdai AN IHeMYIGiHRGRIONY R/GY REL! |
with }A§R and OCR modules of 1'[Er%;%‘\l/%deo procegs.es.‘g:c%%’Aﬁ(ta g‘t%%ezég%égtﬂﬁ%&

cl£8SKrPnstrMebe Ea sashdnarminannepaanarsistondardiHngM G0 ethe

2120hsteR: 236, dhe clAmalioLmedel 22 dpssilies atomuerdal oy

broadcast from an examination of proxy data from the p%oxy scument

idé‘ﬁ@?ﬁ@éﬁ@? via ASR 252 and OCR 254 on the key frame images. Key frames can be
extracted at the local minima of motion as described above for FMPI recognition. The
accuracy of OCR depends on the resolution of characters in an image. It is empirically
observed that text of a larger size contains more significant information than small text.
As shown in the right upper image in Figure 22, it is comparatively easy for an OCR
module to recognise the text of large size “Free DSL Modem, Free Activation”, which
contains more category related semantic information than the small and difficult-to-
recognise text “after rebates with 12 months commitment”. Therefore, the failure of an
OCR module in recognising small texts may not necessarily degrade the final
performance significantly. It is also the reason why the n nouns and noun phrases with
largest font size from OCR are selected to form keywords. Subsequently, spell
checking and correction 258 are applied to the transcripts of the ASR and OCR modules
by a text-correction module. Any misspelled vocabulary terms are corrected and the

terms not found in dictionaries are removed. Both English dictionary and



proxy document identifier 204. The architecture and process flow for a
second commercial classifier is described with 10 respect to Figure 18.
Where appropriate, like reference numerals denote like parts when
wmaaredw4th Figure 16. The Commercial Video Processing Madulg /000091
(COVM) 200 aims to expand the deficient and less-informative transcripts
from ASR 252 and OCR 254 with relevad® proxy 15 articles searched from
the Worlg-wi e Web%vf\i/ W%}ﬁat step, 268 like Google and encyclopaedia
weBEESPRSER iHES %NQ‘ST‘ SRkYEh QassheENrE A5 1renshEaghish
firstictnvantsithenvidedialsdiordataatm et thyneXitadiingditheniesv Besw@btiche
information via ASR 252 and OCR 254 on the key fr, Images. Key
raieeeh BT o TRl i O O BB e space
abaya fed frd4PhecrRENItARINaRAREEE @A RER CR (HERRAS ABIRS m 4 .
resolution of characters in an image. It is empirically observed that text of

5 a larger size contains more significant information than small text. As

shewRdnANe yosyRRELINRGR WIEIgHe ~2nil ISGRRRIIVEY 823Y lyword

an OCR module to recognise the text of large size "Free DSL Modem,

Fré&BRBEHOT S THICh "EBrEaRes ifbrorcagsls, Fdfterd ifrd a proxy
infdrmatian hbsiglnﬁn’ﬁmsmﬁilﬂmdhﬁﬁﬁﬁh&qﬂa%'é.r?&fwmsf st "c'lﬁﬁ@’/'oagéllt%icribed
wit mmitment'.. Therefore, the failure of an QCR module in
rec%éﬁ?é? n%gtg}rﬁ‘é?ﬁ%léﬁfg er%%{;? SRS aﬂ% tc}’l]é%gt;ﬁfds SOFigular process may be
10 pereirhedrideenigamiting iraininalisey e dehy che whin thedata eoh s anideaoun
phl@@g&é@ﬂ%@{ﬂg%@ggﬁé&yw OCR are selected to form keywords.
Subsequently, spell checking and correction 258 are applied to the
transcripts of the ASR and OCR modules 30 by a text-correction module.

AnYhaisspelterhypeabh Myl@mﬁr&@sf@;]f%&%aﬂdameéﬂg{/%ﬁm fRHMYCR in

in dictionaries.are.rem . Both, Engljsh dictionary an

sk G R R e —
15 Orauskifpil [Respobshacking, spdnRumaliongial Aonasy MakBelica by o

include non-vocabulary terms like brand names. Based on thé corrected

transsorp i@ guiee prosesantidietch bbiaeedl Withdhi WotkhWigatyke spaeeelected

degived fé%rln %HeeSERF%lgn‘gdule, the testing document vector is generated
from ahrs "8 ps ' : :
a) Check §; for an occurrence of a brand name or a dictionary of brand names at
step 302.
20 b) If the result returns that the brand name(s) is are found in S, at step 306 the

brand is selected as a keyword kw,and searched on the online encyclopedia

Wikipedia (http://en.wikipedia.org/wiki). The keyword derivation module

therefore identifies a keyword by querying the text data for an occurrence of a

brand name identifier word; and in dependence of detecting an occurrence of the
25 identifier word, identifying the identifier word as a keyword

c¢) If the result returns “No” at step 306, from L, , another word, such as 1...n

nouns and/or noun phrases with largest font size from OCR and the last m from

ASR are heuristically selected at step 266 as keywords.



Potential keywords and keyword selection are then made at steps 262,
264. Keyword expansion 268 is made with respect to, for example, the
internet 268 and a proxy document assignation step 270 then takes
wigegyaigps 264, 266, and 270 are described in more detapatiigrasnamion
to Figure 19. (Note that the same or similar process may be 10 applied
when identifying training keywords by th%“training data and word feature
pracessing module 212 of Figure 18.) The proposed approach firstl
o e e T KPR G R AP0 g e
videywrd bynduwitmgpe b xdheckiigahste ;maS8dodgehesardtbdhdotpa B as a
u RL s AP0 £nlisk e Of R VAT RAEIBNNRPIAS GO Be %‘Lr%csy

extracted by a natural language processor at step 302. A set of keyw
K dRefmentifhis isdoge ptearchipapiiang 1Reise demaiew indet podiabaser

5 antPEAGH SRE ke [ AN db8Be O Bngigt ONRE K QAN MENHNES Bbdsi8 Bdentifies

302. 20 b) If t It ret that the brand ()i f inS, at
S0 RS L S TR BT AP AT O e
onm_ BECh. rROpoie pﬂaﬁd)e\MiﬁﬁﬁdH&_' '(é}iff!blﬂéﬁr\l\tﬂ(ﬂ;p" sppelia m@fmﬂmanﬁd’m keywiagdhe
degivation madule réi‘!a%%fégezigneo%%%?%lé? YOuG, P%&‘é%fwgﬁ ﬁ%egigﬁés‘! ata
for an occurrence of a brand nante identifier word; and in dependénce of

defeRiig Raarguancsahine 258 sutilier ey doldentily g she dde iighment

word as a keyword c) If the result returns "No'™"at step 306, from L,,
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size from OCR and the last in from ASR are heuristically selected at step
266pliki AV W20 4¢3t #1015 65 20£:4/Q006 PlobBednldfaext
document identifier identifies the proxy document as a(gpﬁuxn‘}ent ?I@; d
to SRESRESASR BydieigipaniaeiehapssEoniartiptiex or database withassign
the keyword as a query ternya ilgping a mqst relevant result )
dotEoRifRToY e &Wﬁlﬂ?g zg,?e?x%?%??u WEREe Thils srpmaBydemeifgcle
at gte ase 5 thgough, for amEIe,

312 vi d i dat h
B B R S e AL GBSt o ATt L nERE o

wold) in ING 42X SR pRk PXAMNE A, NGUNV QI 87 BlRYIOId; hRe (S edgle)

means d; not under i, The values are calculated and assigned to each pair according to
a multi-class supervised learning procedure. Given some categories of documents (i.e.
different topics), the classifiers are trained based on manually labelled documents. For a
testing document, the classifiers can determine whether the document belongs to a
category or not. Typically, the value T=1 indicates true, the value F=0 indicates false.
Some learning algorithms may generate an output probability ranging from 0 to 1,
instead of the absolute values of 1 or O; thresholding may be applied for a final

determination of the category.

The first IR Preprocessing Module (IRPM) 208 function at steps 272, 274 is a known
vocabulary term normalisation process used in the setting-up of IR systems. It applies
two major steps: the Porter Stemming Algorithm (PSA) 276 and the Stop Word
Removal Algorithm (SWRA) 278 to rationalise proxy data. PSA is a process of

removing the common morphological and inflexional endings from words in English so



search engine may be utilised at step 312 for its superior performance in
assuring the searched articles' relevancy. Among returned articles, the

one with the highest relevancy rating is selected at step 270 as the proxy
WesdmanAde . by proxy document 10 identifier 204 which wepdgnR@eis@soHa6o1
proxy article of TV commercial TVComi By exploiting di, TV commercial
classification is reduced to the problem 5gtext categorisation. That is to
apB] r%a cla fler fugﬁﬁfn <D: D x C -* IT, F} to assign, a Boolean
valUg {0 AR B2 Hgs)aé pappd 8 e SaE i Fb DRSS UG dodiave
anes@righe @Eabmpaedgfﬁwedlbﬁmm)arSWRAtmgﬁ@iﬁnna@em Bf little or no
a%m%&%%éﬁ@an%) Indicgtagdhe proxy.aificle ol WIARh Gt BE.2 YRS
F assigned to (d, , ci j means di o under "Iehe values aré carcu Fa
anéf%%@ﬁ@&%@@amwa@cm&ir@g@ tblmﬁd@hésfswpm@é@r neamaaguns on

5 prggggure. Given some categories of documents (i.e. different topics), the

classifiers are trained based on manually labelled documents. For a
testing document, the classifiers can determine whether the document

belngsidmABabiegbay beenatbypitatly tzthiaiuglumﬂ'ts Lindigateg Bierhe test
thealie EsOindiceie faise. qme eaming alaariims may generate an

output probability‘ranging from mstea aBSdltt d€f 1
or Waﬁﬁrm&ﬁ@mgﬂﬁﬁfapm@ﬂ 3@2 atfirel 2ddtermination of the

10 category. 25 The first 1R Preprocessing Module (1RPM) 208 function at
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steps 272, 274 is a known vocabularé term normalisation process used in

thel BealAtifie sadelssdrieined st kaitios faipierm ke tinpgrmpdule 212.
Stemming Algorithm (PSA) 276 and the Stop Word Removal Algorithm

(SWRA) 278 to rat jonalse pro ta. PSA is a proc moving the
coﬁﬁr%gnl%%ﬁhoﬁoggyan nﬂéffgn% ehdings 183%%3@8% ﬁfeﬁtﬁiﬁr}é% ggsing
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egual meaning for all forms). SWRA is to eliminate words of little or no

seFﬁg?ﬁFEdsfﬁcﬁﬁlg‘&mgﬁ £ thedrainipg,datesel of sriexh satageisein fnighisavay,

18mb@1tﬁint@gue@@mhﬁrpuaaagsdqwaﬂbﬁmmfmﬁtgm@me&@I&B%&Q{@coverage
%/ ther Process runs on 5 them. On (ie rationaljsed te>§,t has been

B e TS TR G S S AL A R R ALgyer-1ang problem, which

may be caused if the textual information of a limited set of TV commercials only is
taken as training data. In a proposed system, the categorised Reuters-21578 and 20
Newsgroup corpora are combined to construct the training dataset. The defined topics
of these corpora may not exactly match the categories of TV commercials. One
solution is to select the topics from these corpora that are related to a commercial
category and combine them to jointly construct the training dataset for representing the
commercial category. For example, the documents on the topics of “earn”, “money”,

and “trade” in Reuters-21578 are merged together to yield the training dataset for the

finance category.

Next the document frequency technique illustrated in greater detail in Figure 20 is
employed to perform word feature selection on the training dataset. Document
frequency is a technique for vocabulary reduction. Its promising performance and as

the computational complexity is approximately linear in the number of training



word vector mapper 210 forms the test vector at step 282 from proxy data
for examination by the classifier model 202 at step 284. 10 The classifier
model 202 is trained with training data from the training module 212. The

tkaningmedklle 212 is composed of a Training Data & Word graaddb8o7/000091

Processing Module (TRFM) which accomplishes two tasks. Firstly, a

topic-wise document corpus 15 286 is cofstructed from available public IR

corpora or ell%ted agﬂec)llz?is mapnually collected from the, WWW 287 as the
Lkt S e R N e e

traln?nlémdﬁé]tasef% 31.

possEsti@ lexgesaaiRunt o trai i gudabsrobassanchwidescaesasen 9f occurs,
topics. Such a training corpus can avoid the potential over-fitting problem,
whigr g/ bibcdersuaenieaesacaiRfiorhado P51 istitsedsat e determined

commensials ' t as traini ata. In a prgposed system, the

categorised Rgéglggss§2qf5q;§ %ﬁ?feé{oas Iﬁggvaglg;r?oautﬁ (E:Br%ggr’aoéeemél ﬁ’lBYhégodffacarded

5 constiuehtived fatningedaitsetsphoe #efépesd 10 Piese it PRSSF QURAR M&hold is 2
no by he cateqories of commercials,.One solutionisto |
select %hqe tz];?ég&;%argu{ Se%% 8%%&%% Stare related tf8“a”c§%‘??§?é?éws are eitber
categoijfamtieenitisetesers pocibintivp.construdiubsirbimiighdbpesiet fance. For

renesentinghe 29 mgyaeaﬁ@écsﬁ%%%f FRLSxam efg%aftgg%yam%g&%ﬂ@

the topics of "earn”, "money"”, an e" In Reuters- 8 are merge

toggthe) t stepld I6e Rimalliy gadh Bt ier: hetdinaneencaieaatuiieshifat steps
10 do%y)m n freacgjency technique illustrated in greater detail in Figure 20 is
30 ﬁ%é%éé% DTSR e indLgnies SE s b PavERRRliMRg tfataset.

Document frequency is a technique for vocabulary reduction. Its :
Promisi far Cc the computational complexity is |
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number of documents in which a term w; occurs, resulting i

15 qotHiHEnt Y ahts/ Dasll hiebdimeydons denbspreeierrhimeagorisation -

threshilidiaicttep B35@ravpissolasiadrandaatiaratsien 354 Ahemise.
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\évxginqlrpél%eg%;%ﬁg Si‘f%la S rﬁ%ﬁ%g&:@?ﬂ E%'NF gn% es? %a}cg%gnd?c%%ch a largg feature

space. Secondly, SVM is able to tackle sparse document corpus. Due to the short
length of document and large feature space, each document vector contains only a few
20  non-zero entries. As both theoretically and empirically proved, SVM is suitable for

problems with dense concepts and sparse instances.

Figure 21 shows the output script of ASR (at step 256 of Fig. 18) on a TV commercial
of Singulair, which is a brand name of a medicine relieving asthma and allergic

25  symptoms. The script is erroneous and deficient due to background music. B y
comparing ASR generated script and the actual speech script, it can be found that the
innate noise of audio data encumbers the ASR techniques from delivering a
semantically meaningful and coherent passage describing the advertised commodity.
Any other relevant articles that fall into the same category can serve as the proxy of the

30 TV commercial to serve in the semantic classification task. From the ASR generated

scripts, certain noun or noun phrase can be extracted, like <allergy> for example, as



when 9107 word features are selected. The basic assumption is that rare
terms are either non-informative for category prediction, or not influential
in global performance. For each document, the number of occurrences of

tegmosisstaken as the feature value tf (w,) at step 356. Finaly-£8€bv07/000091
document vector is normalised to unit length at steps 10 294, 296 so as

to eliminate the influence of different dodiment lengths. The Classifier

Module (CL performs text categorisation of query articles based on
the %%%%@@gﬂk)&ﬁéfﬁﬁa%%éﬁhwm@efawﬁ@aﬁdﬂeo EBI¥AR AGA). Welegample of

Thehe ratevtautirlatipatrbadons oy HéMsisoutiliss diopecpmplish-theny
text cated r{ ati k..15 Firstly, SVM is able to handle high dimensional
input spacge ¥§e'i}'g)% E%?Péléé?%%{ |c‘))‘|'\ﬂ{t?l S‘é%ﬂaﬁ?f’n%%’[\‘}é%’%e‘ﬁf% e fithexpected
extieipdyridgrerarstisfactaonnairmesibesifidddre overt.the over-fitting
5protection in S VM enables it to handle such a large feature space.

Secondly, SVM is able to tackle sparse document corpus. Due to the short
Ien%’tﬂ’fﬁ Fotiawerolher rergee RERQIRnakceywerdn Riotidesbhy berisrage frames of

cortaimsenidy adiew AdaetmzplesSAKASpRsROUKIRpRBUSAMY RMed to advertised
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Figastdlisrrespft commercial of Singulair, which is a brand name of a

10 medicine relieving asthma and allergic 25 symptoms. The script is
erroneous and deficient due to background music. By comparing ASR
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20 setto?2, and 9107 word features are selected. Prior to training SVM, these 4,000
documents were evaluated by a three-fold cross validation to examine their integrity and
qualification as training data. The cross validation accuracy reached up to 96.9%,
where Radial basis function (RBF) kernel was used and SVM parameter cost and
gamma were determined to be 8,000 and 0.0005.

25
In keyword selection phase, the statistics show that in average, ASR and OCR can
provide 2.8 and 2.3 potential keywords for each automobile commercial, 4.5 and 2 for
finance, 6.4 and 2.5 for healthcare, and 5.7 and 2.3 for IT, respectively. We empirically
set both keyword selection parameter n and m to be 2. The recognition of brand names

30  from ASR and OCR plays an important role, as brand names may be the best keyword
candidates. Figure 24 presents the number of commercials, in which OCR and ASR

recognised their brand names successfully. It shows OCR can recognise brand names in



5 Figure 22 shows another source of potential keywords provided by key

image frames of commercial videos. The examples shown present text
significantly related to advertised commaodity's category, such as <Credit
waeferfnance, or even its brand names, such as <Micropetr 36 Hosooot
system uses as an example 499 English TV commercials and extracted

191 distinct ones from TRECVIDOS5 vidé8 database. Based on their

adver(t)isgalg @E_)rglducts or s%[vices, the 191 distinct TV commercials are _
distrited i 2ig AT AR Jar O RE itk SPRECHAUE Jlrkon § Rl PufgRobile ones.
invokeaslfoOCateg aeiegnie torndbitenésndrieg; Healtbomeeariald SOTR recognises
Th t.exclusi rall TV.commercials, t count up, to
L e L D R S T T R on
defffBRsifaRgRs LREaIvSRess!of iRagropSéeerapbroach. For each

5 category, 1,000 training documents are selected from corpora Reuter and

20 Newsgroup. Altogether the training documents amount to 4,000. In
wo%%&gﬁfﬂg‘gﬁéﬁ%ggﬁ%ﬂﬁwﬁw%f?&@maﬁﬁneéa{aérﬁewaféa%mg%lg@ﬂs
to AysalycheForimadrohdtiure S6irg seleciedcEior taltaiRing SiMedheseve
4’%9938&% A ?mﬂgﬁgneré%ﬂage tgggvé?gﬁec-lggls%%g 1Sos \a{a“drgctrlopeagghes 85.8%.
examine théir integrity and_qualification as training data. 1he cross
valldstierrarefilaviareachet dp totemopbicsin dre Rsutbabisthgocyidafinition
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determjned to be 8,000 and 0.0005. 25 In keyword selection phase, the™ ~
staNEHEE SRER GORBRISh s yarepatk sy t5e RIes Vg biteip B oarupprgials, it
poteritidékethaolTphatveschiayiamabie Conoessith 4580 2SR transcripts are
fin d for healthcare, and 5.7 and 2.3 for IT, respectjyely. )
we S e Rl R SRS RS anscros
Thickeenbitisrs braHdateaere 30irom WERand DI@RIpisifisaion results with
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Figure 24(£resentst e number of commercials, in which OCR a

redOgFILEA BRI dneesieiassfitarion srmrsDercass fsndaid® to-
braagvarmgsie 35 Qs (hd #7 a1 DIRGELEHEOR0%LB8n all three types of

inputs. For most categories, the proxy articles deliver slightly lower accuracies than the
manually recorded speech transcripts. The accuracy differences imply that the errors in
keyword selection and proxy article acquisition do occur, and however, they do not

necessarily provoke serious degrades on the final performance.

It will be appreciated that the invention has been described by way of example only and
+ various modifications may be made in detail without departing from the spirit and scope
of the invention. Features of one aspect of the invention may be provided in

combination with features of another aspect of the invention:



a considerable amount of commercials, especially in, for example,

automobile ones, Overall, OCR can recognise brand names of 56% of all
commercials. OCR recognises brand names from two major sources: the
Wadedanedext and the website address on frame image, gs-§QWhhHhoooo1
upper left image of Figure 22. 5 The classification based on manually

recorded speech transcripts of commerchdls is firstly performed. As Figure
26(&12: hows, except IT, all other categories achieve satisfactory

classification result and the overall classification accuracy reaches 85.8%.
ThélledSon Gildoilzmcendadyln Macghegorpdeainithe thismateheésategaide for
defﬂa&iﬂﬁe}s@ﬁ&%ﬁ?&ﬁ@&&f%uﬁ%&%ﬂg testing commercials. In the

training data, IT category mainly covérs computer hardware and software.
Holde ¥, MirdiamhgetomiGerenisial #rttaties othetd® gromustsjidike streams using

5 prifigea ARdinRGtAraRY RN 8SnASTR BARSHIRGH@52/S0 applied to

per[r rm text categorisation. As Figure 26(b) shows, the ASR transcripts
HekiblbAS BEITE e <l gl R P oma) dfendar B ot SRBBh
resil RwiittertmroxKaiticlech, GaiMpareiklik A SBatao gerptRnAgd recognition of
CoRnleaonJRRiS fav e B2 R ARIGY L, diagliepy and the overall
’j } 3% to

classification accuracy 'increases trom 4 .9%. Figure 25
dispiays fradaryalged HFEl4Jsifisaticompased erms thrésttypeseofinifiputs’ TEEE

10 Fomﬁ)_sfmyggg{?'gggzmglpm’articles deliver slightly lower accuracies
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than the manually recorded speech transcripts. The accuracy differences
imphy thalth& SAGren ﬁ)lkeﬁ/brd Yider tsAnaner pReRjRbRTcle A cquliiers video
do @betsnanuPRamVEVER theyg USh esessarly provoke serious

de s@n the fi erformance. It will be appreciated_that the invention .
e e e At o TR of video
majtbétenadeiin dit IRSD6.déivanting fsoin, thre3§pidgand scope 25 of

thqdnvention .frealdres ok ansashest Rl e inyent eprovided im ..
com[li)linatiogrl?]with features of anot%%?laspect g?{t%]e %ﬁ%ﬁ% \t/@badvanced video

20677 EY AN s T/ BERO 70 6806 260: 1881&REnE.W[1]-.V. Vilanilam and -
A KeMarghesert/ASverises Basios! Riasnsce suude Joe hetinbeiSised on video
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semantics," published in Proc. CVPR "1998, Santa Barbara, CA, USA,

1998 5 MCSLLP 41 Claims 1. Apparatus for determining a likelihood that MCSLLP
a candidate commercial boundary of ajcommercial broadcast in a

segmented video broadcast is a commercial boundary, the 5 apparatus

ngmgrlsmg a boundary classifier configured to: determine whether a
—candidate video frame associated with a candidate commercial boundary

of a segmented video broadcast comprises product information; and

|determige afikefilonethesandirieicammearciabhdidadacyimarcial boundary of
commercial 10 boundary in de end ce of the determlnatl

am%%a@g%@wg ah&rch cast s com %Pc hleboundary, the

Apparatus
ABFEANIING FRpRIaing 4. buhiedein &hﬁs’ﬁﬁ@&ratﬁtﬁ“%ﬁnemw comprises a

commercial detector configured to Io b d
o 1SS B B A LIS A b o Ao il papgranes

roadcast an
&W@%Mﬂaﬁnbwa@@gﬁieﬁeépmmmeedcamdmm@dalm@@rléfézmgz}Oﬂ;
wherein the apparatus comprises a video shot transition detector

nfigured to identify candidate commercial boundaries in 20 the
segmepieghiides linossteasthd capipdratusracsoriinborndamy pracedmgercial

claim, wherein the bou y assme is a_Dbi

o<l nA AevdRr ElarRslighoas
D URG U G REP LT HiG 5 TIREHRGO o %ﬁatc a (%ng%ate commercial
Ij}@unqam&mammmerual broadcast in a segmented video broadcast is a
commercial boundary, the apparatus comprising:
2. Apparatus according to claim 1, wherein the apparatus further comprises a
commercial detector configured to locate boundaries of video programmes and

commercial broadcasts in the video broadcast and to derive the segmented video

broadcast.

3. Apparatus according to claim 1 or claim 2, wherein the apparatus comprises a
video shot transition detector configured to identify candidate commercial boundaries in

the segmented video broadcast.

4. Apparatus according to any preceding claim, wherein the boundary classifier is a

binary boundary classifier.

5. Apparatus for determining a likelihood that a candidate commercial boundary of
a commercial broadcast in a segmented video broadcast is a commercial boundary, the
apparatus comprising:

a commercial detector configured to locate boundaries of video programmes and
commercial broadcasts in the video broadcast and to derive the segmented video
broadcast;

a video shot transition detector configured to identify candidate commercial

boundaries in the segmented video broadcast
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a commercial detector configured to locate boundaries of video

programmes and commercial broadcasts in the video broadcast and to
derive the segmented video 30 broadcast; a video shot transition detectoMCSLLP
c_onfigured to identify candidate commercial boundaries in the segmented
video broadcast MCSLLP 42 a binarysboundary classifier configured to:
determine whether a candidate video frame associated with a candidate
Cim”@%%k?ggﬁgﬂéyy@@sﬁﬁ@ﬁ?ﬂg@ma@@ broadcast comprises product
information: an etermine whethgr the candjdate comm

is a commer&EFBY0RG ? Bt AR S O RS At |Z)8nalnﬁloyn%§aate
Cand'%@rﬂt‘i’@@lf&m(ﬂiaﬁsimmlWﬂé&l@ﬁdﬁtobmaﬂomt@omppaeamdud
according to any preceding claim, wherein the boundary classifier is 10
conflgﬁ’l@ﬂ‘?& B8 tdifed by training data derived from video frames of the
segmented ‘d@i@ﬂrbf@&dﬁ&&knﬂhmbdodmmsmmdmhhﬁomdatbom acorpacrcial
apparatus any recedin cI im hereln the C n [ARE,
comprli’é’é@ Fah eéF&%l“%aPtyo T O raton e acandé( a?éh : ©
commesgiphadagevdiidien ibmamaidate commercial window being

associated with the candidate commercial boundary, and the boundary
classifier is configured to determine a commercial boundary probability

@&core f@ppﬂdﬁmfaamﬂ&mg tbelmapmdwelg@tﬁmemimmmaww%y classifier is

det é?él?nfgi e likelingqd the candi ?Eﬁ?%”&f‘ﬂ%’ﬂ%hﬁ’é’&ﬂgﬁ{éé I$f&he segmented

r
Vi ary rom & pidrality of the commercial boundary

ﬂﬂmaﬂdﬁgﬁsqmﬁgﬁnﬁﬁmmuﬁmf@am .7, wherein the candidate
commercial window is a first symmetrical window of n video frames in the
segmented video broadcast either side of the candidate commercial

boundaiy: 25 aliecdpppratssbhanisinesddirgnolkirnandidaisinigse frame
apparatus i configurefl19; 48P0 SANMICBIE. SR RS HRmAQIRTw, the

candidate commercial window being associated with the candidate commercial
boundary, and the boundary classifier is configured to determine a commercial
boundary probability score for video frames of the candidate commercial window and to
determine the likelihood the candidate commercial boundary is a commercial boundary

from a plurality of the commercial boundary probability scores.

8. The apparatus of claim 7, wherein the candidate commercial window is a first

symmetrical window of » video frames in the segmented video broadcast either side of

the candidate commercial boundary.

9. The apparatus of any preceding claim, wherein the apparatus is configured to
identify a candidate video frame from a motion measurement of a video frame

associated with the candidate commercial boundary.

10.  The apparatus of claim 9, wherein the apparatus is configured to perform the
motion measurement from a calculation of average intensity of motion vectors in the

video frame.
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associated with the candidate commercial boundary. 10. The apparatus of

claim 9, wherein the apparatus is configured to perform the 30 motion
measurement from a calculation of average intensity of motion vectors in MCSLLP
the video frame. MCSLLP 43 11. The apparatus of any preceding claim,
wher_ein the boundary classifier is configured to derive the training data by
parsing video frames comprising product information and extracting a
1g!ii%ﬁfy:asﬂ%%%eownggﬁfge%ogelmﬂ@n&ﬁmhaa/iﬁmdmammamoisror

plete video frame, 5 12. The apparatus of claim 11, wherein

capparEtsis oI dd B eate Oy 9%%18%%?%8 #reaa S torahe: s%l?(? ducts
iRl texiHre-andcedge. Lided Rarappanatusaf alaint 8yrwperéintié the video
fapparatus ? conflgur(lad to}ﬁ%tr ct video 10 frame features for colour,
’f@%ﬁﬁédéﬂ’d BU &R Ap 4t UE B ording to any preceding claim,
}/_vkh?_rhelnctlherz] boundary classifier is further configured to determine a

ikelihood the candidate commercial boundary is a commerci :
ity depeRTBPRE TS i hé’ti‘gﬁe{ﬁ énéta{l% & Fggatrg Wi dlesoc?r{lglfﬁgﬂ% li?c(%ér%kgﬁ?éaswdeo
ARRUdie seenechargend bf Apparatusiaceartidgdo claim 14, wherein the
boundary classifier is configured to make the determination the candidate
video frame comprises an audio scene change from a distance
12®deasgl_r§@mta@ftaydfo;mapenie@afeﬁrsﬂ%aanpseeaums sauftgfrschesestapt video

audio segment of the video broadcast, the audio segment bein

s drafuge ﬁ%o%rag%ﬁ éfeaggo%%%'rcial boundary. 1g6. Apparatgs
gccordi.ng t(r)1 claim 15, wherein the boundary classifier is configured to

etermine the candidate video frame comprises adi NQ&sifier i
Ei 25 DEPA T LB L 4B e e e i
{{@P{tﬁhs:.o]?ﬁ(ghx&ett(ﬂcﬁaadidrfearm&slﬂmdglﬁam@b'@f@quameﬁé@hbﬂﬂédﬂfy isa
ength of one set of audio frames hei iffe RO
%PHFE&)E‘E(? ?Pg’ﬁi"érg {8 GEREine a S%L&%@%ﬁ@%ge%s@e%ﬁ%&qéf audic‘;aIE -
preperissfreadithecsatschimudio frames, and

15.  Apparatus according to claim 14, wherein the boundary classifier is configured
to make the determination the candidate video frame comprises an audio scene change
from a distance measurement of audio properties of first'and second audio frames of an
audio segment of the video broadcast, the audio segment being associated with the

candidate commercial boundary.

16.  Apparatus according to claim 15, wherein the boundary classifier is configured
to determine the candidate video frame comprises an audio scene change by:
partitioning the audio segment into a plurality of sets of audio frames, each set
of audio frames having frames of equal length, the length of one set of audio frames
being different from a length of another set of audio frames to determine a set of
difference sequences of audio properties from the sets of audio frames, and
determining a correlation between difference sequences of the set of difference

sequences.
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d_etermining a correlation between difference sequences of the set of

difference 30 sequences. MCSLLP 44 17. Apparatus according to claim

16. wherein the boundary classifier is configured to identify an offset MCSLLP
between an audio scene change and a candidate commercial boundary

from the correlation between differencgssequences. 5 18. Apparatus

according to any of claims 12 to 15, wherein the boundary classifier is

{irthergonfigured (g aligndheaaudie, saene shrngeunitirheassifididateontigured

commercial boundary. 19. Apparatus accordin any af claims 14 to 18
e 5B RSSO SEETA G SHPALL BCAD HoAtes
doanuthe puidimsegmantiokalprikshandsesonsegtatisisal models for audio
scene change and for non-audio scene change from the audio features
extracted from the audio segment; and classify a candidate audio

1]§;egtm @5&9@(;@&?6;\44@5@ ltb%@éaaﬁ'tdatasco:mmesciahetshbdmwmdfmmlmiﬁer
first and second statistical mode|s. 20. Apparatus.gccording.to clai -
i§vRetath ‘tﬁ’éf’lgb‘{ﬁﬁjdté’r?{tg&s i épﬁiéoc%ﬁﬂﬁ 1%8 g?o“@lﬁals%ﬁycgncéna ?d%(;tglé%{icigl
R{GNEH! by determining a probability value from at least one of the first

and the second statistical models. 20 21. Apparatus according to any
preceding claim, wherein the boundary classifier is configured to classify

tbe cangigatecomorrtialibaunddnyas a lcomrtiersiatiooutidaryuriomy glassifier
fusion of likelihood scores for frame marked with product information
‘@_‘—W‘?ﬂ%“%ﬁ}d% scene change (ASC) and, optionally, audio silence and

video blagkframp RadRsAppanatusitbo ientifging a boundary of a

commercial broadcast in a video broadcast and classifyi :

Commé@%fg%g&ig%(ﬁﬁ@sba‘%%c&l r?é%gglaste%roa}wlt%e%%p@agfeﬁ%%s and for non-audio

sQmPFising: avidee: shaidransiiencdeteotdriconfijaredio scenefy: and

candidate c,?mmerg%l . . : . .
classify a candidate audio segment associated with the candidate commercial

boundary from the first and second statistical models.

20.  Apparatus according to claim 19, wherein the boundary classifier is configured
to classify a candidate audio segment by determining a probability value from at least

one of the first and the second statistical models.

21.  Apparatus according to any preceding claim, wherein the boundary classifier is
configured to classify the candidate commercial boundary as a commercial boundary
from a fusion of likelihood scores for frame marked with product information (FMPI),

audio scene change (ASC) and, optionally, audio silence and video black frame.

22.  Apparatus for identifying a boundary of a commercial broadcast in a video
broadcast and classifying the commercial broadcast in a pre-defined category, the
apparatus comprising:

a video shot transition detector configured to identify a candidate commercial
boundary in the video broadcast;

a boundary classifier configured to verify the candidate commercial boundary as

a commercial boundary;
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30 _boundary in_ the video broadcast; a boundary classifier configured to
verify the candidate commercial boundary as a commercial boundary;

MCSLLP 45 a commercial classifier configured to classify the commercial MCSLLP

ina pre-defined category. 23. A method for determining a likelihood that a
candidate commercial boundary of 5 g@gxommercial broadcast in a
segmented video broadcast is a commercial boundary, the method

comprisipgaithi A basndery siassifien detenitining whethecial ¢andidatefined
‘V|deo frame associated with a candidate commercial boundary of a
cgkgRiented video broadcast comprises product information; and 10
determining a likelihood the candidate commercial boundary is a

commercial _boundary in dependence of the determinatio [ .
e B R e AU s o
Aclikelibaog thatécsarididatememederiiad bovmidasyioh d@maseithbpeidary, the

broadcast in.a segmented video broadgast is a commercial boundar
i DA v

§OBREP Rt B Ay OF Craim& 116 21. 25. A method of identifying a

bhoundaéwﬁﬁaxﬁwheﬁGahbmaﬁMsmﬁwvmw broatitedvetactassifiiieg

the commercial broadcast in a pre-defin r - on:
TSI AN o EA B B oAl e ormaton
dr@adcast using a video shot transition detector; verifying the candidate

commercial bounday. a commercial bo i o
classiff eftf%lBfggs%a%}#\%ﬁé%%}grgfgaﬁ%%p&rje- egﬂgg%q}ggﬁe%%%c\iﬁ?hcgmmerml
f@mmeyemﬂejmaiéme ABhA&ystenmafomube taralidaeo slgnaramme cesapsises
or’!gé:ati boundaries of individual TV commercials and categorising a

R Hﬁ?gmg‘il?ﬁio one of predefined categories according to advertised
product or service, said system comprising:

24. A method for determining a likelihood that a candidate commercial boundary of
a commercial broadcast in a segmented video broadcast is a commercial boundary using

the apparatus of any of claims 1 to 21.

25. A method of identifying a boundary of a commercial broadcast in a video
broadcast and classifying the commercial broadcast in a pre-defined category, the
method comprising:

identifying a candidate commercial boundary in the video broadcast using a
video shot transition detector;

verifying the candidate commercial boundary as a commercial boundary with a
boundary classifier;

classifying commercial in a pre-defined category with a commercial classifier.

26. A system, for use in a video signal processor, for locating boundaries of
individual TV commercials and categorising a TV commercial into one of predefined
categories according to advertised product or service, said system comprising:

a TV commercial detector for locating boundaries of video programmes and

commercials;
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30 a TV commercial detector for locating boundaries of video programmes
and commercials; MCSLLP 46 a video shot transition detector for
locating potential individual commercials' boundaries within a chunk of  MCSLLP
commercial segment; a binary boundary classifier for determining the true
boundaries, wherein said classifier congprises a set of mid-level features

to capture audio-visual characteristics 5 significant for parsing
commergigls' Seeeeonient dlack Framering peivelieclubividuahghimedahls’
feature vectors, and a supervised qurbnigé% algorithm; a commercial

RO IS O LS LR SAUEPGEER’ SrEdL

_ Uct or service into one of
predefingd-eategariasy whesiier saidielassifieretmprisés weRighddERN said
odules for extracting raw. textualdnformation f spefl Ing.:
B B Ko 10 e Sh I R e e s
disingcantetnalaissauccesnendehinei deacningebddediclassifidrs aineebive
ex e[nal esources categorised accordir iff Opics, and IR text
”ﬁﬁit-‘p?_ %ct{e%s%aérurrﬁov lﬁi’ifé)}%\?i%rﬁcg -6’5@8%' %gﬁge%%fgfé(%ﬁgigoi. 27. The system
as claimeshimeleinh 26 gotisceiivthbindividued curmebpeRIuEs BoEAUSFIEEC one
iRt S (eeatiomRIOAFRSRlEALCOAN MR PASK ARLIR Vivkales for
e RIGrES Bxracted within a symmetric window of each candidate
mmmwr@sxm}sysﬁmaa'm@vaemtmam@qhmﬁ%m@&@@&ﬁ%&ﬁ@word
?e?gcr%%%r?nsd o 5%%&%9&&&4?9%%%?@%89{5@%%?r@é\‘ﬁ%mﬁé%}ﬁhe
segments, wherein said video shot 20 transition has two types, which are
taamiagebgsraﬂua_lssffﬁnsittcﬁiB@dafr@lwhé@mﬂthéseam%@%ﬂﬁﬁ‘éaﬁ‘jﬁfgding to
iprpied.alihe middle LR JraNSLan oRaRAUal EanSiioR WBc: A:chifion
system as‘claimed in clai , Whereih said mid-level features comprise
Image Frame Marked with Product Information (FMPI), Audio Scene

Chanagndicalor 25 (ARERSILENCE ARARHAC ERAMES herain
Pl an are based on the TV commercial video content, and =~
BouENGES ’aalnieBu@.rOK BRAMES abénbasddson s opest e ihﬁ?gstéf:ﬁwi]tﬁ%é%sual
between consequlive TV commerciais i &.chual pi Y oammorcial

. T 'he system as claimed in claim 29, said FMPI is referred to as
those key image
28.  The system as claimed in claim 27, wherein said candidate boundaries comprise
video shot transition points within TV commercial segments, wherein said video shot
transition has two types, which are cuts and gradual transitions, and wherein the

candidate boundary is located at the middle of the transition for gradual transition type.

29.  The system as claimed in claim 26, wherein said mid-level features comprise
Image Frame Marked with Product Information (FMPI), Audio Scene Change Indicator
(ASCI), SILENCE, and BLACK FRAMES, wherein FMPI and ASCI are based on the
TV commercial video content, and SILENCE and BLACK FRAMES are based on the
post-editing techniques between consecutive TV commercials within a chunk of TV

commercial.

30.  The system as claimed in claim 29, said FMPL is referred to as those key image
frames containing corporate symbols, brand names, product appearance, mild

encouragement captions, contact information, and other product/service related textual
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frames containing corporate symbols, brand names, product appearance,

mild encouragement captions, contact information, and other MCSLLP
product/service related textual MCSLLP 47 information, wherein FMPI

yields a set of visual features to be fed into a supervised learning

algorithm for training a classifier. 31. The system of claim 30, comprising

using a 4-dimensional feature wherein four 5 neighbour video shots of
iaasheandidaierbiaundalyyaied corsidérasydbfdatires tight fabirghotsupithised

the left-agr riﬁgyt@' indow of 2 s co%l%i two highest FMPI confidence values

1181 HPS IR HR YRS 01 Thie left side or the right side,

respectively, otherwise. FMPI recognition is applied to one key frame

elected from the middle ppint of each video shot. :
3aaimed in b@igﬁ%n 3?%‘3?8 A (%??slp?é %]rﬁ’ec%qt%égsmt%vﬂg }c%é%éﬁ%}ga%rg?ﬁegﬁ icr‘?lém four
mh@mwowmmmmmmgmﬂmn@ma@fmi@mofar Wﬁﬁ@@wg?@wwo
I catgaories of,a 89}% 19031 08BEY B ANEWIHOEINEVIAPRGHAGHEE values
an audio scene changg, respectively; ASCI related feature is ,
d-dirhe asémawcmm_mwmpﬁriﬁwhwm5zé¢db“atbﬁifyghaﬁsé% ¥tARstEvely, otherwise,
IR %%l)%%@%eg lgp\m DAY ofig¥ 4 LA WoR] CAnRIdaiBint of cach
commercial boundary. 33. The system as claimed in claim 29. said
BlHeBNIGE is referred to as an audio segment, which persistently exhibits
a ;hort-time energy function below a threshold for 20 above a predefined
minimum time length; SILENCE related feature is 1-dimensional. 34. The
3Ystenilas clalaredsnlaiaind 2ockaid Bl ACK FRAMELS seforAsdYO seiliers
o ﬁnolfg(%%g %88%'&?@@%&5@@8&%&&%&%@ FRAve R predpliradFaoe for
number,” wherein an image frame is declared as a black frame if the mean
and thiegaiianderadé> Sbblowms thresHolddBUACK FRANES Hatban audio
fealurg I ]g‘édlr[cns N8RNAl. ARANE AR AT HAMEAIRAIMN SHidvReHHises two
sal aL.J.IO-\/iSU feat.u es are constructed by using FMPI, ASCI,
BICIENTE, writeB WAl £RAVES, St mssisnondonpay tisasad rajagday. of a

E%agjlé%%pcroq]\{ §§%%1sf\yﬁggé&nd method independent of post 30 editing

techniques, an usion of FMPI, ASCI, SILENCE, and BLACK
FRAMES
33. The system as claimed in claim 29, said SILENCE is referred to as an audio

segment, which persistently exhibits a short-time energy function below a threshold for

above a predefined minimum time length; SILENCE related feature is 1-dimensional.

34,  The system as claimed in claim 29, said BLACK FRAMES is referred to as a
series of consecutive black frames with a length above a predefined frame number,

wherein an image frame is declared as a black frame if the mean and the variance are

below a threshold; BLACK FRAMES related feature is 1-dimensional.

35.  The system as claimed in claim 27, wherein said audio-visual features are
constructed by using FMPI, ASCI, SILENCE, and BLACK FRAMES:; the fusion of
FMPI and ASCI related features provides a system and method independent of post-
editing techniques, and the fusion of FMPI, ASCI, SILENCE, and BLACK FRAMES

provides a system and method dependent on post-editing techniques.
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provides a system and method dependent on post-editing techniques.

MCSLLP 48 36. The system as claimed in claim 26, wherein TV MCSLLP

commgrcial classification is formulated as a text categorisation problem,
wherein ASR and_ OCR techniques generate initial semantic information;
ext_ernal World Wide Web-based resourges deliver expanded query
a_rtlcles; the training based on external topic-wise document corpus 5
ME'SS Biex| fategouremBIRtchingthe. pradefindd/ categon of aliveificwipn is
roduct or service, which accordingly classifies expan ticles
i AP EHGA IR 2B SRR Rk A Ot e g rert
(A texdiaral dnfgsmatior geasr tab Mghr kel dh okingaand reorractinAdby or
external World Wide 10 Web-based resources ina.lj
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38. A method of locating boundaries of individual TV commercials comprising the
steps of:

partitioning an input video stream into commercial segments and programme
segment;

detecting video shot changes including cuts, dissolves, and fade-out/-in to
determine candidate boundaries of individual TV commercials;

computing mid-level features FMPI, ASCI, SILENCE and BLACK FRAMES
within a symmetric window of each candidate boundary; and

utilising a supervised learning algorithm to fuse FMPI, ASCI, SILENCE and
BLACK FRAMES to distinguish true boundaries of an individual TV commercial.



