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ABSTRACT

This paper presents a fully automatic system for soccer gammena-
rization. The system takes audio-visual content as an ,igmat builds
on the integration of two independent but complementaryridnnions
(i) to identify crucial periods of the soccer game in a fullyt@matic
way, and (ii) to summarize the soccer game as a function ofichdal
narrative preferences of the user. The process involvéséaatio and
video analysis, and handles the personalized summazetiallenge
as aresource allocation problem. Experiments on reabtifadcasted
content demonstrate the relevance and the computatidi@ér€y of
our integrated approach.

Keywords— Audio & video analysis, summarization.

1. INTRODUCTION AND OVERVIEW

This paper considers sport event summarization. The perfothe

generation of a concise video with well-organized and peakped

story-telling. Although many works have been devoted toahto-

matic detection of key actions in football games [1, 2, 3jldiatten-

tion has been given to the construction of a summary tellistoay

and including all events that satisfy individual user ietdr Actually,

when addressing the problem of building a summary from fdgkéd

actions, most earlier methods focus on events retrievalasoes, and
just implement pre-defined filtering or ranking procedure®xtract

the actions of interest (or the ones that match the theme=steg by
the user) from the original audiovisual stream. Most meshae def-
initely rigid in the sense that the pre-encoded summadmacheme
can not be adapted to any kind of user preferences, neitherrirs of

preferred action, nor in terms of the desired length andatizer style

of the summary. Some of them, e.g. [3], order segments iredser
ing order of importance, and can thus easily handle dissnoimary

length constraints. However, it just arbitrarily extraaetpre-defined
fraction of the scene (e.g. 15 or 30 seconds prior the endeofaist

live action segment preceding the replay), without takiageof story-

telling artifacts.

Our work attempts to overcome those limitations by introdga
generic resource allocation framework to adapt the selectf audio-
visual segments to be included in the summary accordingetoéeds
and preferences of the user. Several contending locakstare con-
sidered to present each segment, so that not only the cphterdlso
the narrative style of the summary can be adapted to usereeugnts.
Hence, by tuning the benefit and the cost of the local stasigsframe-
work becomes able to balance -in a natural and personal viy-
semantic (what is included in the summary) and narrativev(tias
presented to the user) aspects of the summary. This is arherdal
difference, compared to the approaches based on filterimgnixing
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mechanisms. Interestingly, and in contrast to [4], our fruork also
avoids managing sophisticated semantic relations amamgepd enti-
ties to control story-telling. This enables the deploymainan effec-
tive system even when limited semantic understanding ottmeent
is available, e.g. in cases for which relevant periods ofgémme are
detected based on broadcasted audio analysis.
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Fig. 1. System overview. On the left, audio feed is analyzed to de-
tect highlighted events. On the right, video clips detettod corre-
sponding view types recognition supports segmentatiorl@ral sto-
ries organization. On the bottom, summarization is impletee as a
resource allocation problem.

Our proposed system is depicted in Fig.1. It consists irethnain
steps. First, in Section 2, the instantaneous energy anid¢hEperi-
odicity of the audio signal is measured to infer highlightedments
in the game. Second, in Section 3, the video is split intosclgased
on conventional shot (or clip) boundary detection toolse View type
structure of the clips composing the video signal is therstigated
to divide the audio-visual feed into non-overlapping anchaetically
meaningful segments, i.e. into segments which are coherigmtthe
actions of the game. Hence, we segment the video by analyztig
terns of camera switching and view types, i.e. based on thtaning
of production actions, rather than based on (complex) sémstene
analysis tools. As a third and last step, in Section 4, outesy®n-
visions personalized summarization as a resource alcatioblem.
Specifically, if we define a sub-summary or local story as oag to
select clips within a segment, we can regard the final summsarg
collection of non-overlapping sub-summaries. Knowingwtgpes of
clips and highlighted moments in the game, Section 4 corsidk
possible combinations of clips for each segment, and desctiow to
account for individual narrative preferences to assigrefiento each
one of those local stories. Summarization is then implesteas the
search for the combination of sub-summaries that maxintieesver-
all (user-dependent) benefit under a global duration caimstrResults
and conclusions are presented in Sections 5 and 6, resggctiv

ICME 2010



2. HIGHLIGHTED MOMENTS IN AUDIO FEED

A preliminary step in generating a soccer game summary stnii
detecting special events, also called hot spots. Thosesivetude all
actions that induce a reaction from the commentator or théqe.g.
a goal or a spectacular dribbling.

This section explains how the soccer game hot spots can éetelét
based on the analysis of the broadcasted audio signal dinguoth
the ambient noise and the commentator voice). Comparedriierea
contributions [5, 6], our system has the advantage (i) t@gss only
the audio signal, thereby resulting in a computationalficieint sys-
tem, (ii) to exploit both the audio commentary and the amiise,
through language independent features, and (iii) to avadeed for
training material or manual tuning.

Since a detailed motivation of the method has been provitedé
of our earlier publication [7], we only remind its key priptgés and
formal definition for completeness.

The location and significance of each hot spot is computeeidhais
two acoustic features, directly extracted from the audiokr on a set
of consecutive and partly overlapping windows. The firstdes de-
noted block energy, reflects the squared sum of the signhicen in
the window of interest, between 660Hz and 4400KHz. The stooe,
denoted repetition index, measures how well the centrabauattern
is repeated along the observation window, through crosletion
computations. High values of repetition index typicallyleet short
words (e.g. "goal” or the name/nickname players) repetgiby the
commentators, or lengthening of vowels, for example theitothe
word "goal”, after a significant event.

Formally, the block energy and the repetition index are agtegh
for each second of the game. Each block energy value resoittsthe
median filtering of size 3 of the maximal squared sum valueswesl
on a 4-uple off5% overlapping one-second-length windows. To com-
pute the repetition index, the audio track is divided in 2osels length
windows, with a50% of overlap. The central part of each window is
selected as the narrow acoustic section of interest, andaimealized
cross correlation between this section and the rest of timelaw is
computed. Finally, the repetition index is defined to be tleamof the
5 highest values of the cross-correlation.

Once the acoustic features have been computed, highlighreads
and corresponding significance values have to be definedhligtiged
events are first extracted through an iterative and greeolyegs. At
each step, the one-second interval with highest block gnge§ines
an additional highlighted event, and a masking window pres/¢he
future selection of other hot spots, related to the same gxew, in a
20 seconds neighborhood around the highlighted event.

The significance of each highlighted event is then compuged a
function of both the block energy and repetition index. Huoose
instants for which the repetition index is higher than theeshold

ThRepindes, the score is simply set to the energy block value. In con-

trast, for those instants for which the repetition indexawér than
the thresholdl'h geprnaes, the score is decreased 96% of the en-
ergy block value. The thresholBh geprndes IS determined based on
the statistical distribution of the repetition indeX, iBhreprndes =
WURepIndex + 1-50'Rep1ndewy with M RepIndex andURepI7Ldew denOting
the mean and standard deviation of the repetition indepeively.

3. VIDEO SEGMENTATION

We define a video segment as a period covering several siweeekiss
closely related in terms of story semantic, e.g., clips foattacking
action in football including both a free-kick and its consegce. By
considering construction of sub-summaries in each segindapen-
dently, we trade-off summarization between efficiency ahpatation

and controllability of story organization. In Fig.2, we éxip the seg-
mentation rule that we envision for sport videos. It is wartting that

the proposed segmentation do not assume any complex hatelana
notation process, or sophisticated automatic analysibe¥ideo se-
quence. Rather, we exploit the fact that the transitionkerstate of the
game motivate camera or view type switching, and are thusctefil in

the production actions[8]. Hence, similarly to the apptopoesented
in one of our earlier publication [9], we segment the videsdshon

the monitoring of the production actions, instead of (ca@rpkeman-
tic scene analysis tools.

A general diagram of state transition in one round of of-
fense/defense is given in Fig.2, together with the view tyjacture
of the corresponding video. It optionally starts with a kifk type of
action. In that case, a close view is used to highlight thggslavho
kicks off. Then, the offensive side makes trials of scoreraseveral
passing actions, rendered through far or medium views. ffinlends
up in one of three possible results: being interceptedjrsgoor being
an opportunity.
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Fig. 2. Soccer game video segmentation is based on view-type sub-
sequence matching.

After a key event is finished, some close-up shots might bengiv
to raise the emotional level. According to the importancéhefcorre-
sponding event, replay clips might also be appended. Natectbse
view, medium view and replay are all optional. We regard tiates
chain from the action-start to one of the results as a senalytcom-
plete segment, and divide the video into a series of segniessd
on observation of view types and recognition of kick-offians. Al-
though there are some complex cases, e.g., the offensivérigs many
times of shooting, our segmentation rule is still applieatol them, be-
cause the producer will not switch the view type during thpsgods
due to the tightness of match. A similar analysis of the vithegew-
types was used in [3] to help detect exciting events(i.enegparts with
both close-up scenes and replays).

4. RESOURCE-CONSTRAINED SUMMARIZATION

We investigate summarization as a resource allocatiorigmmoht first
involves the definition of several contending strategiesetwler each
individual video segment (Section 4.1). It then implies tpimal
allocation of a global summary duration among the availablkgtegies
(Section 4.2).

4.1. Sub-summaries definition

We now explain the construction of sub-summaries by clipct@n
within a segment. The purpose of this section is two-foldst-iwe
explain how to define distinct sub-summaries (also nameal &tories)
based on the knowledge of view type and scene type for eaclofone
the segment clips. Second, we derive a benefit and a costcrfmtri
each sub-summary, to be used during resource allocation.

In the following, we consider thex!" segment, and explain how
its sub-summaries, and associated costs and benefits, apiem.
For notation simplicity, we omit the index: of the segment under



investigation. Mathematically, assume that the segmecobrisposed
of N consecutive clips. For theth clip, we identify its scene type
s, View typew;, and replay status;. We sets; = 0 for public scene
ands; = 1 for game scene, and setto 0, 1, 2 for the close, medium
and far view, respectivelyr; = 0 for thei-th clip in the replay mode

andr; = 1 for normal game. We also assume that a level of interest

Z; has been computed for each clibased on the propagation of the
audio significance to individual clips, as described latethis section.

We then user,; = 1 to represent the adoption status of selecting the

i-th clip into thek*" sub-summary of the segment, angi = 0 for
not selecting the clip. The cost af; is its length, which is defined as
|ak| = 34,21 |7 — 71 |- We user;” and7;” to denote the starting
time and ending time of théth clip in the broadcasted video. We
then propose to define the benefit gained by usintp define thek'™
sub-summary of the segment as follows

B(ak) = Z 7 (1 + dlar—1) + ak(i+1))) Play). (1)

ilag;=1

The term ofay ;1) + ak@i+1) is included to add extra benefit from
continuity of story-telling by selecting pairs of successtlips. Pa-

rameter¢ controls the importance of story continuity, where a higher

¢ leads to more continuous summarié3(ay) represents the penalty
brought by redundancy in the sub-summary and other forbiddses,
e.g., the replay is selected while no normal play part isctetkt i.e.,

> - !
ilag;=1
v; >0,r;=1
Pla)=|(1 - «) S [7F =] + a| P2(ak). 2)
ilag;=1 ' '

where the term in the bracket shows the rate of redundanaghtdy
replays and close views. Remember here thatittreclip is NOT
a replay ifr;, = 1, and is NOT a close view if, > 0. Hence,

higher ~ tolerates less redundancy, which produces a summary with E

more but shorter sub-summaries with less replays, whiletowpro-
duces a summary including less but longer sub-summarigs deit

tailed replaysP2(ax) switches its value between 0.1 and 1, according

to whetheray, is of a forbidden form or not. In our following imple-
mentation for soccer videos, we have defined the followingiétalen
cases. 1) A sub-summary with only replays. 2) Kick-off actiith-
out the first far/medium view clip. 3) From the ending timelud final
far/medium view in the segment, the continuous period instm-
mary for explaining the consequence of the action is shdian a
given length (5 seconds in our experiments).

Those heuristic definitions are motivated by general prodnc
principles, which promote continuous story-telling arate-off local
and global completeness. It is worth mentioning here thatcééng
for an optimal benefit function is probably utopic. Insteag, believe
that any function that is able to capture and trade-off tHgemtive
notions of redundancy and completeness, while promotingrmaoous
story-telling, provides a valid alternative to the forntida provided
in equation (1).

To complete this section, we now explain how the significaase
sociated to the audio-highlighted moments detected in mmergcan
be translated into an interegt for the i** clip of the segment. Again,
heuristic and good-sense strategies are proposed.

To account for heterogeneous user preferences regardirgdio-
sion of highly emotional clips, i.e. close views and replays derive
both a game relevanc&” and an emotional level” for thei-th clip.
The interest levet; is then computed as

T, = oZf + (1 — a)I¢; (3)
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Fig. 3. Game relevance and emotional level are assigned as adancti
of clips view-types.

« is a hyper-parameter of user preference to control theivelanpor-
tance of emotional level and game relevance.

Considering the production principles, we defifig andZZ by
propagating the significance of a particular moment acogrdd the
view type structure of the segment, as depicted in Fig.3Hemt'"
segment.

Formally, adopting the above notations regarding the stafua
clip, and assuming that we haveevents annotated for the'" seg-
ment, we design the distribution of game relevance and emaitievel
within the segment as shown in Fig.3, where the percentagarme
relevanceD$ and emotional leveDZ induced by thé-th event on the
i-th clip satisfyl = 3> Df = 3", Df7, and read

’ t—1t3
Df « / 1 4 64,0 tanh (ﬂm) dt, (4)
+E
G =1
s m m
for kick-off events, and
B
B th —¢
Dli x 1 + 5’1},;,0 tanh ﬂm dt, (6)
TS m m
B
G t—t5
Dyi o 1+ (1 — (5%,0)(5”,1 tanh ﬁm
PERY: t—tE
+ (1 — ’Uivo) 74,0 tanh ﬂm dt (7)

for non-kick-off events, whereS,, ¢t t2 are starting times of game

play part, hero scene part, and replay part ofrithxh segment, respec-
tively, as shown in Fig.38 is a parameter introduced to control the
decaying speed andl,,, is the Kronecker delta. We use hyperbolic
tangent functiortanh(z) to model the decaying process, because it is
boGunded and is integrable which simplifies the computatiaR/ and

Dl’b .



We motivate the above heuristic definition by consideringdpic-
tion principles for team-sports. For a kick-off type of etiewhich
takes place in the beginning of the segment, we limit its erfte
within the first hero-scene and the game play part. Sincedh@rdant
player appears at the end of hero scene and commits his actiba
beginning of game play part, it is natural to let emotionaéléncrease
along with time evolving in the close view, and let game ratee
decrease in the game play. For non-kick-off game events, esigd
their distributions in Fig.3 based on the following factyClose views
and replays are appended right after a critical action. A dlbser to

the hero scene or replay has a higher game relevance. 2) Toe h

scene usually starts with the most highlighted player aed thoves
to other less important objects. Accordingly, the emotidexel in the
hero scene should decrease along with time evolving. 3) &pkay
part is designed to play the critical action in the same teawaipor-
der, which means that the game relevance is also incredsing &ith
the evolving of replay. For other events, such as public @yeayer
exchange, and medical assistance, we assign uniform gdevamee
over its game part and uniform emotional level over its cloisev part.

Game relevancg and emotional level’? of thei-th clip are then
computed by accumulating all related events, i.e.,

IF =T DG,  IT =17 DG, ®)
l l

whereg,; represent the level of significance assigned td ttreaudio-

for each sub-summary to the (benefit,cost) points sustitiia up-
per convex hull of the available (benefit, cost) pairs of thgnsent.
Global optimization at the video level is then obtained bpcdting
the available duration among the individual segment cotnébs, in

decreasing order of benefit increase per unit of length. MHsislts in a
computationally efficient solution that can still consideset of candi-
date sub-summaries with various descriptive levels foheagment.

5. EXPERIMENTS AND RESULTS

eThe objective and quantitative results presented herebetdy refer
to a single soccer game. This is because the manual credtac o
curate reference annotations is a time consuming procdsshwas
only been carried out for this particular game. During thefegence
however, we plan to present several short summaries that theen
generated automatically from 4 soccer videos, initiallydutcasted ac-
cording to UEFA rules.

As a first step of our proposed summarization procedure,rthe i
put video is cut into segments, based on clips view-typeyaiglas
described in Section 3. The clips are defined based on a sthslgiat-
boundary detection method [12]. View-types are then defozesd on
the method in [1], and replays are detected based on speagficap-
pearance. Due to size limitation of supplement file, we capravide
the segments extracted from this process in the zip file[IBgy will
however be presented on the web page associated to this p¥éitier

highlighted eventZ, is the length of game play in the segment, which out surprise, we observe that, in absence of close viewsetmen-

includes all far/medium views, i.€Z,0 =Y, o |7F — 70si. T,Y
is the length of emotional highlights, which consists ofrath-replay
close views, i.e.T.F = 3. _ |mF — 8|siri. .Y and T.F are
introduced to avoid to favor short actions too much durirgréssource
allocation process-

4.2. SUB-SUMMARIES ALLOCATION

We now explain how the global summary duration resourcdasated
among the available local sub-summaries to maximize thecggted
benefit. Formally, assume that a video is divided infosegments.
Collecting at most one sub-summary for each segment, we fioem
final story. Here, in contrast to Section 4.1, we refer exgfico the
indexm of the segment, and let,,;, denote thest" sub-summary of

tation ends up in merging several rounds of offense/defaosens in
a single segment. However, we observe in the summary exafiple
that it does not penalize the summarization process. Thisdause all
critical actions end with close views, so that the propagetf audio
significance effectively propagates the clips that end ingm actions
and are close to audio-highlighted instants.

To assess the relevance of the proposed audio analysisspraee
have compared the fifties most significant audio detectedpais with
a manually generated annotation. For each video segmennahual
annotation identifies all occurrence(s) of actions withimedefined set
of soccer game actions (as defined on top of Fig.4). We areesttd
in measuring which ones of those reference and manuallyetkfin-
tions are actually identified by the automatic audio hot sjgtection
module. For this purpose, Fig.4 presents the recall ratetleedre-

them-th segment. The overall benefit of the whole summary is défine quency of occurrence for each type of action. In additioprésents

as accumulated benefits of all selected sub-summaries, i.e.

B({ame}) = > _Blams) ©)

the average level of significance of audio detected actidfesobserve
that the goals have the highest level of significance, artdathactions
have reasonable recall rates, which is due to the fact ttthab anten-
sity does not strictly focus on one type of action, but raidentifies

with B(a,i) being defined in equation (1) as a function of the usertight and relevant periods of the game.

preferences, and of the highlighted moments. Our major iask
search for the set of sub-summaries indites} that maximizes the to-
tal payoff B({amx}) under the length constraidit, |ami| < v,
with «EN being the user-preferred length of the summary.

This resource allocation problem has been extensivelyestun the
literature, especially in the context of rate-distorti®D) allocation of
a bit budget across a set of image blocks characterized sceett set
of RD trade-offs [10, 11]. Under strict constraints, thelgem is hard
and relies on heuristic methods or dynamic programmingcgubres
to be solved. In contrast, when some relaxation of the caimtis
allowed, Lagrangian optimization and convex-hull appnaiion can
be considered to split the global optimization problem irfaa sim-
ple block-based local decision problems [10, 11]. The crifudl ap-
proximation consists in restricting the eligible summatian options

1ReplacingZ,$ and7,F in Eq.8 would enable extra controllability regarding
the trade-off between long and short local stories. The gseg formulation
considers all segments equally, independently of thegtlen

We now assess the behavior of our proposed resource atincati
summarization framework.
In Figure 5, we compare the two benefit-cost convex-hullaiokt

with two distincta parameters, for the same segment of the game. At

the top of each individual figure, we first plot the set of (Héreost)

pairs for all possible local stories of the segniefur a givena param-
eter. In each figure, the so-called 'convex-hull optimab-swummaries
are the ones lying on the upper convex-hull of all (benefit)cpoints,
and are denoted with circles. In contrast, the vertical tilues rep-
resent other sub-optimal local stories. We observe that arflew

combination of clips, i.e. a few candidate sub-summariesph the
convex-hull. Hence, despite there are many different wagelect the
clips within the segment, our framework naturally ends ugetect-
ing a small subset of eligible and convex-hull optimal summaries,

2Remember here that the possible local stories correspoatl pmssible
rendering strategies, i.e. included or excluded from theysof the segment
clips.
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Fig. 4. Recall rates and level of significance obtained from audad-a
ysis. The reference set of events has been extracted manuall

mainly by favoring continuous story and diffusing the audignifi-
cance according to view type structure (see Fig.3). In therss part
of each figure, below the convex-hull, we present the orgioiz of
three convex-hull optimal local-stories. Those local is®have been
selected at similar cost values in each figure, so that we campare
how « affects the inclusion of replay and close-view clips in tbeall
story. In Fig.5(a), more importance is given to the game=( 0.25),
which results in stories with less replays and close views,|dnger
game periods. In contrast, Fig.5(b) omits some parts of éineegy so as
toinclude close views and replays. This reflects the petzatian ca-
pabilities of our resource allocation framework, for whiatlaptation
of parameters effectively impacts the set of optimal |m&takies that
are considered for each segment.

Figure 6 compares the global behaviour of our summarization

framework with the one of a rudimentary system that naivelyaets
key frames around audio highlighted moments. Specifictitynaive
method applies Gaussian RBF Parzen window around each anéio
notation, and sets the interest of each one-second frametosthe
maximum response resulting from the multiple annotatiamsosind-
ing the slot. It then selects the slots in decreasing ordattefest until
we reach the length constraint. Clips for which less thahdfahe du-
ration and less than five seconds have been selected area@finom
the summary. In Figure 6, the comparison is performed usidg a
minutes summary length constraint. The first row presemtstimber
of (annotated) segments that have been selected as a funtttbe
parameters of the summarization system. We observe thaystem
primarily deals with annotated segments. This is not the fasthe
naive system, which ends up in selecting part of unannotsgthents
when the width of the parzen window increases. Moreoveppears
that our system mainly trades-off the duration and the nurobeen-
dered segments by playing on the continuity gain factorhéngecond
(third) row, the average occupancy (redundancy) evaluhiesietail
level of each selected segment (of replay and closeup viewise-
lected segment), which is computed by the percentage oflemgth
of the selected portion in the overall segment (of closeup raplay
in the selected segment). On each graph, error bars reptasestan-
dard deviation, computed on the entire video. We obsenteatfaage
occupancy is stable and subject to smaller standard dewiétr the
proposed method. It reflects the fact that our system assigniar
portion of contents but not similar length of contents todenrthe seg-
ment. This is in accordance with the footnote included atethe of
Section 4.1. In contrast, the naive system allocates similenber of
frames to each segment, whatever the content. Regardirayénage
redundancy, we mainly observe that our system can effégtamntrol
the level of redundancy by playing on theparameter.
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Fig. 5. Benefit-cost convex-hulls, and comparison of convex-bpH
timal local-stories obtained with distinet parameters. A single seg-

ment, and twax parameters (see Eq.3) are considered. On each figure,

below the convex-hull, the first row defines the viewtype ctiee of
the segment (Close, Far, Medium, or Replay views), the skocon
presents the manual annotations of the segment, and tleddisteows
define the selection status of the frames of the segmentwhether
they are part of the summary or not.
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Fig. 6. Behaviour comparison between a rudimentary key-framedas
summarization system, and the proposed framework.



To complete this section, we consider the two local summatgos
examples presented in Figure 7. In this figure, the first rowawth
graph defines how the segment is organized in close, far, epldyr
views. The second row defines the manual annotation of thaessy
while red bars denote the automatically detected audioguissEven-
tually, the third row identifies the frames that are seletbdze included
in the summary, respectively by the naive and proposecegyaiThe
supplementary material associated to this paper conthmwitleos
corresponding to those segments. Grey scale images aremnssd
the frame is not included in the summary, while color imagesused
to indicate inclusion in the summary. Those two examplesafem
strate the benefit arising from the intelligent local storgamization
considered by our proposed framework. The first examplesponds
to a case for which the audio hot-spot instant is somewhaiatied
compared to the action of interest. As a consequence, the sam-
marization system ends up in selecting frames that do net #hefirst
foul action. In contrast, because it assigns clip interast®rding to
view-type structure analysis, our system shows both folithe seg-
ment plus the replay of the second one. In the second exatmge,
naive system renders the replay of the action that precekdexction
of interest, causing a disturbing story-telling artifalgt.contrast, as a
result of its underlying viewtype analysis and associatgprgentation,
our system restricts the rendering period to the segmemtefast,
and allocates the remaining time resources to another segifieose
examples are presented in details on the web page assotiataid
paper[13]. They clearly illustrate the benefit of our segtEsed re-
source allocation framework.
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Fig. 7. Two examples of the benefit arising from intelligent lodakg
organization: (a) The segment includes two fouls. The nsivema-
rization system ends up in selecting frames that do not shewitst
foul action. In contrast, our system shows both fouls andepéay of
the second one. (b) The naive summary includes a replay oftana
that is not rendered. Our system restricts rendering togeent of
interest, and allocates the remaining resources to anséigenent.

6. CONCLUSIONS

This paper has presented an effective and generic frameeoper-
sonalized summarization of broadcasted soccer games. @imecon-
tributions consists in (1) an audio analysis tool to detetspots along
the audio feed of the game, (2) a strategy to segment the gaime i
semantically meaningful segments based on video shottaeteand
viewtype analysis, and (3) a resource allocation frameworkelect
the video shots to include in the summary, as a function afiddal
user preferences. As a consequence, the proposed framavaids
setting the automatic recognition of events as a prerequiask of
summarization. It is however flexible enough to take advgataf any
additional semantic information, such as the one providethb lat-
est achievements in automatic scene understanding, tefuricrease
the personalization of user experiences. For content geosj our sys-
tem offers the capability to deploy additional servicesdbiave more
profits in a cost-efficient way. For customers, it offers paggization
capabilities, e.g. for mobile or internet accesses.
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