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ABSTRACT: The global diffusion of the Internet has enabled 
the distribution of informative content through dynamic media 
such as RSS feeds and video blogs. At the same time, the 
decreasing cost of electronic devices has increased the perva-
sive availability of the same informative content in the form of 
digital audiovisual data. This article presents a system for the 
large-scale unsupervised acquisition, segmentation and index-
ing of TV newscasts. In particular, it discusses the principles 
and performance of the parts of the system dedicated to the 
detection and segmentation of programmes from the acquired 
stream. In addition to the core technology, we also introduce 
and discuss a novel method for assessing the results of story 
boundaries segmentation algorithms, based on a user-validated 
measurement. Due to the heterogeneity of current news dis-
tribution channels, a further innovative aspect of this article is 
the description of a framework for multimodal information ag-
gregation. The core of this framework is a cross-modal cluster-
ing process for which a novel, asymmetric similarity measure 
is provided. The implemented prototype uses online news 
articles and TV news programmes as information sources, and 
provides a multimodal service integrating both contributions. 
Experimental evaluation of the system proves the effectiveness 
of the method in the studied case.
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1. Introduction and Related Work

Modern information society is characterised by a rapid evolution 
of information consumption models, and by an overwhelming 
amount of multimedia data being produced every day, and 
delivered through several multimodal information channels, 
among which digital interactive television is still a major one. It 
is now a commonplace that interactive television, in its different 
and variegated interpretations and embodiments (e.g., IPTV, 
Web TV) is seen as the next frontier of media production 
businesses. However, exploiting the full potential of putting 

users in the loop is still jeopardised by the limited capability of 
traditional broadcasters of turning their established workfl ows 
into something adapted to the new scope. In such a highly 
dynamic context, the convergence of Internet technology 
and digital television represents a principal driver towards 
the automatisation of all the production processes to fulfi l the 
requirements of the new emerging application domains.

As a fi rst step in such automatisation process, automatic pro-
gramme segmentation concerns the ability of automatically 
detect semantically coherent parts of television programmes. 
This step is a key enabler for all interactive applications that 
include informative content management, since the ability of 
correctly and effi ciently segmenting news content is the basis 
on which several other application can be developed, e.g. rec-
ommendation systems, users preferences collection profi ling, 
personalised home TV applications. Some reference works 
in this area are those presented in [8, 10, 15]. In particular, to 
solve the news story segmentation, the common base of the 
approaches is constituted by the use of a combination of visual, 
audio and speech features. The TRECVID initiative had news 
segmentation among its tasks in 2003 and 2004. The works 
in [7, 12] present the various approaches identifi ed and devel-
oped by the TRECVID participants in those two series. These 
approaches included either video and audio channels analysis 
or, in addition, speech-to-text automatic transcripts. The base-
line features employed in several cases are visual similarity 
between shots within a time window and the temporal distance 
between shots, e.g. [9]. Other heuristics like similarity of faces 
appearing in the shots and the detection of the repeated ap-
pearance of anchorperson shots can add a supplemental layer 
of information to improve the overall accuracy [15, 19, 22]. The 
audio channel contribution can be employed to detect pauses, 
potential boundaries for topic changes [9, 16, 19], or to detect 
changes in audio classifi cation patterns (e.g., music to speech 
changes [9, 16]), or to detect speaker changes [16]. As a third 
information source, text from transcripts or automated speech 
recognition is very often used, either by searching similar word 
appearances in different shots or by detecting text similarities 
between the shots [15, 19].

A fi rst critical aspect connected with these technologies is re-
lated to their effective and effi cient implementation in real-life 
domains, where operating conditions and data characteristics 
may signifi cantly vary from prototype environments. Another 
critical aspect is specifi cally connected with the segmentation 
algorithm, i.e. the rigorous and robust evaluation of its accuracy. 
Evaluation systems based on exact boundary matches may be 
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little reliable on expressing real effectiveness of a segmenta-
tion algorithm. In fact, they do not consider any intermediate 
relevance, and a news item is defi ned correctly retrieved only 
if it is exactly matching the reference values, even if there is 
only a few seconds time lag between detected and true seg-
ments. The TRECVID evaluation strategy extends this approach 
by adding a fi xed uncertainty threshold of 5 seconds to each 
boundary. However, this symmetric window lack in taking into 
account the different sensitivity of users to starting and ending 
story boundaries, as well as the different objective weight that 
has to be assigned to extra or missing material.

A second critical aspect regards the methodologies used to 
aggregate and present the large amounts of information avail-
able from different sources and heterogeneous media formats. 
In fact, the global diffusion of the Internet and the evolution of 
Web technologies are enabling the creation and delivering of 
dynamic informative contents such as news, blogs or vodcasts. 
Those contents are usually distributed through RSS feeds, an 
XML-based format originally proposed by Netscape to provide 
simple, extensible and fl exible content distribution [1]. Users 
can manage RSS feeds using a feed reader that periodically 
downloads the updated contents from the subscribed feeds, 
displays the items in each feed and provides links to the related 
resources. However, returning the unorganised list of all items 
included in the subscribed feeds ends in causing an information 
overload effect. One solution to address this problem consists 
in aggregating similar items sharing some common attributes. 
Pioneer works used lists of keywords to describe the feeds con-
tents [11]. More recent approaches use clustering techniques 
and knowledge integration [6, 13]. The common background 
of such approaches is their capability of performing automated 
aggregation of data collected from a single, closed domain, 
i.e. the Internet. So far, however, only a few attempts have 
been made to investigate the possibility of merging information 
from heterogeneous information channels, such as television 
broadcasts and Web pages. As an example, the work in [21] 
uses both internal audiovisual features and different external 
information sources for event detection in team sports video. 
Similarly, the same task is performed in [20, 23], by making use 
of web-casting text and broadcast video information.

Further exploring this direction, this article describes an un-
supervised framework for content-based TV news stories and 
online newspaper articles aggregation and retrieval. The rest 
of the article is organised as follows. Section 2 describes the 
architecture of our prototype system. Section 3 presents ex-
perimental evaluations. Final conclusions and future work are 
illustrated in Section 4.

2. Prototype System Architecture

Figure 1 illustrates the high-level architecture of our prototype 
system. The system can be viewed as a processing machine 
with two input channels, i.e. digitised broadcast news streams 
(DTV) and Web RSS feeds (RSSF), and one output channel, 
i.e. the multimodal aggregation service (MMAS), which is 
automatically determined from the semantic aggregation of 
the input streams.

2.1 DTV Processing Chain
The DTV processing sub-system was designed and implemented 
to offer an effi cient, scalable and robust software architecture 
for the acquisition and automatic annotation of broadcast news, 
including automatic news story segmentation and semantic 
analysis of spoken text with Named Entities Recognition and 
Classifi cation (NERC). Firstly, the broadcast news streams are 
automatically detected and segmented into their elementary 

news stories. The detection is performed using the automatic 
video clip detection technique described in Section 2.1.1. The 
segmentation process is done by exploiting aural and visual 
cues, with the help of a three-layered heuristic framework, as 
presented in Section 2.1.2. Once segmented, the audio track 
of each story is transcribed and indexed in the TVi catalogue 
(see Section 2.1.3), which serves as the permanent repository 
from which full text search and category search functionalities 
are delivered to the fi nal users. 

2.1.1 Detection of programmes from live streams
To achieve automatic segmentation of live streams into 
programmes we make use of an optimised video clip 
matching technique. Video elements (shots) indicating 
starting and ending of programmes are used as reference 
prototypes to be searched through the acquired video 
streams. The technique consists of a learning phase followed 
by a detection phase.

In the learning phase, for each macro-event of interest E, e.g. a 
programme starting or ending jingle, NE instances  {e1, e2,..., eNE

}
are selected from daily television programme acquisitions. On 
each instance em an adaptive threshold shot detection algorithm 
based on displaced frame luminance difference (L-DFD) is 
performed. Adaptivity is based on the local statistics of L-DFD, 
so that content having higher L- DFD variance is processed 
against higher thresholds. 

After the shot detection process, each clip instance em is split 
into Ns shots forming the set Sm = {S1, S2,..., SNs}, whose length 
array is lSm = (l1, l2,..., lNs) , where ln, n = 1,..., Ns is the number of 
frames within the shot Sn. Let F = (f1, f2,..., fNF

) be the set of low-
level visual features extracted from each shot, which includes 
hue, saturation, and value colour descriptors, luminance, 
contrast and directionality texture descriptors [18], temporal 
activity motion descriptor. Each element of F is represented 
using a uniformly distributed B-bin histogram, where the last bin 
is used to count the pixels of the frame for which the measure-
ment of feature returns an undetermined value (e.g., hue for 
grey pixels). Therefore, each macro-event E is represented by 
the set AE = (a1, a2,..., aNE

), which, in turn, is made of NE arrays 
of feature vectors of size Ns, Each element amn, n = 1…Ns of 
each array am ∈ AE is a real matrix of dimensionality Nf × B × ln, 
where we recall that Nf  denotes the total number of extracted 
low-level features (i.e., Nf = 7), B denotes the total number of 
bins used in each feature histogram (i.e., B = 65), and ln denotes 
the length (in frames) of the shot Sn. 

Figure 1. High-level prototype system architecture
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To improve the effi ciency of the detection, a selection of the 
most promising shots among the Ns shots pertaining to the 
macro-event E is performed. The selection is based on the 
measurement of the Bhattacharya distance between the 
distribution of the feature vectors extracted from each of the 
Ns shots and a reference set of shots R = {r1, r2,..., rNR

} that 
represents the generic population of shots among which the 
macro event E has to be searched. During the shot selection, 
a feature selection is also performed, in order to pick up the 
features maximising the measured divergence. More formally, 
we select a subset of the set of detected shots S and a subset 
of the set of extracted features F, based on the value assumed 
by the following function:
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Under the assumption that the elements of the Nf extracted 
feature histograms follow independent Gaussian distributions, 
the elements Equation (1) is an approximation of the Bhat-
tacharya distance [26] between the distributions of the features 
in the set of instances of the shots of the macro-event E and 
the distributions of the features in the general population of all 
shots. Indices j;m vary in 1…B, while indices k;h vary in 1…Nf 
and 1…ln, respectively. 

The value of the coeffi cient Bjk (see Equation 1) can be taken 
as a measurement of the distinctiveness of feature fk ∈ F for 
the shot sj ∈ Sm. Following this assumption we can therefore 
select the top-K shots among the available Ns shots w.r.t. each 
of the Nf available features. This selection can be represented 
arranging the elements Bjk in a matrix B and selecting the 
couples (sai

 , fbj ), sai
 ∈ Sm ,  fbj

 ∈ F, corresponding to the elements 
of B reaching the top-K values. This approach enhances the 
precision of the detection phase, since it selects the combina-
tions shot/feature that maximise divergence of the statistical 
distributions of reference shots w.r.t. a generic population. 
However, this is not yet enough to ensure the optimisation of 
recall, since selected feature distributions may have signifi cant 
standard deviations around their mean values. To limit this 
drawback, we select the best combination of features among 
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 combinations, in order to exploit 

diversity effects of different features. The combination is chosen 
as the one maximising the harmonic mean of the divergence 
measurement given by the individual features corresponding 
to the Bij coeffi cients.

In the detect ion phase, averaged feature vectors 
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with respect to which acquired shots are compared using a 

distance measurement based on histogram intersection. Let I 
be an acquired shot and sJ ∈ S , J ∈ 1...Ns a reference shot for 
the macro-event E, and {aI

ij,i=1...Nsel} and {asJ
ij ,i=1...Nsel} their 

respective sets of averaged feature vectors, where Nsel is the 
number of selected features for the reference shot sJ. The dis-
tance D(I, sj)between l and sJ is defi ned as follows:
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The acquired shot I is classifi ed as an instance of the refer-
ence shot sJ if:
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where lI is the length of the shot and α ∈ [0,1] is a parameter 
governing the recall of the detection.

2.1.2 Segmentation of TV Newscasts
After having acquired and detected programme boundaries 
following the approach described in Section 2.1.1, newscast 
programmes are imported into the system and segmented into 
their logical units, i.e. news stories, which are the elementary 
items stored in the MAi index (see Figure 1). Segmentation of 
newscasts programmes into news stories is done exploiting 
aural and visual cues with the help of a three-layered heuristic 
framework. The used heuristics are based on the observation 
of the stylistic language of a set of 80 TV newscasts, taken in 
a controlled period of time from daily schedules of the 7 major 
national broadcast channels. 

The basic heuristic (H1), also adopted in literature by e.g. [8], 
consists in considering boundaries of shots containing the an-
chorman as equivalent to news stories boundaries.

In order to detect the anchorman shots we use a second heuristic 
(H2), consisting in observing that the most frequent speaker is 
the anchorman and that (s)he speaks many times during the 
programme, and for periods of time distributed all along the pro-
gramme timeline. This observation allows selecting the speaker 
who most likely is the anchorman, provided that a speaker clus-
tering process labels all the speakers present in the programme 
and associates them to temporal segments of the content. How-
ever, the application of the fi rst two heuristics is not yet enough 
to discern situations where the anchorman introduces several 
brief stories in sequence, without interruptions fi lled with external 
contributions. To overcome this limitation we use the third heuristic 
(H3), i.e. knowing that in the great majority of observed cases the 
introduction of a new brief story is accompanied by a camera shot 
change (e.g., from a close up shot to a wider one).

Thus, to optimise the accuracy of segmentation, we perform 
a shot clustering process based on both audio segmentation 
[14] and video features [24]. This allows us to detect and clas-
sify shot clusters as pertaining to studio shots containing the 
anchorman following the same frequency/extension heuristic 
used for detecting the candidate speaker (H2). This double 
clustering process enables a very simple and effective algorithm 
that selects video and audio clusters on the basis of their mutual 
coverage percentage. 
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More formally, let CA = {a1, a2,..., aNA
} and cV = {v1, v2,..., vNV

)  
be the set of speaker clusters and the set of video shot 
clusters for a detected newscast programme, respectively. 
Each element of CA (and similarly of CV ) is represented as 
ai = {∀i, j : extij

a = [tsij, teij]}, being tsij, teij respectively the 
starting and ending times of the j-th element of ai w.r.t. the 
programme timeline. Be ε(ai) a function returning the exten-
sion of cluster ai , defined as:

( ) ( ) ( )ijjijji tstea minmax −=ε  (7)

We select ai  ∈ CA (and similarly vk ∈ CV) as a pivotal cluster 
if the following condition parameterised by the threshold 
τp holds:

( ) pii aa τε >⋅  (8)

Be CA
p ⊆ CA and CV

p ⊆ CV the subsets of clusters containing only 
the pivotal elements selected through Equations (7) and (8). 
We further select among elements of CV

p , the top-M scoring 
elements v1, v2,..., vM w.r.t. the temporal coverage with elements 
of CA

p , defi ned as:
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where length(·) returns the duration of its argument as per 
the intuitive defi nition. Let CV

p* be the further pruned version 
of CA

p , after the selection of the top-M elements. Then, story 
boundaries are identifi ed as those in which an audio or a video 
cluster boundary occurs among the elements of CAV = CA

p ∪ 
CV

p*, with a threshold τo to avoid over-segmentation. Namely, 
elements ea, v of all members of CAV  are at fi rst ordered w.r.t. 
their starting times ts, forming a vector (e1

a, v, e2
a, v,..., eN

a, v). 
Then, an element ek

a, v = [tsk , tek] is discarded if tsk , tsk-1< τo. To 
sum up, the parameters of the segmentation algorithm are: 
τp ,M and τo.

Figure 2 illustrates an example. The anchorman shots a and 
b are detected according to the heuristic H2 because both 
contain the same speaker A. As a shot boundary is detected 
between the shots a and b, the fi rst two stories are segmented 
according to H3. The succeeding stories are then detected 
according to H1.

2.1.3 News Stories Indexing
Spoken content of the detected news stories is extracted using 
a speech to text engine based on [4], capable of translating 
both Italian and English. Subject classifi cation of stories is done 
using a naive Bayesian classifi cation model trained on a corpus 
made up of items of extracted text and annotated according to a 
taxonomy of 28 categories. The corpus counts 25,000 items, 4/5 
of which were used for training and the remaining 1/5 for test. 
Overall subject classifi cation accuracy is 0.82, while programme 
level accuracy, i.e. average classifi cation accuracy calculated 
on items belonging to the same programme, is 0.88. Named 
entity recognition from transcribed text is also performed, using 
the technology described in [5].

2.2 RSSF Processing Chain
The RSSF stream is constituted by the RSS feeds of several 
major online newspapers and press agencies. An RSS 
feeds in constituted by a set of items, each described by a 
title (i.e., the headline of the corresponding online article), 
a description (i.e., a brief summary of the content of the 
corresponding online article), a publication timestamp (i.e., 
the date and time when the article was fi rst published on the 
newspaper Web site) and a link to the corresponding full article. 
Additional metadata could be also included, such as a list of 
item’s categories, or some comments, according to the RSS 
specifi cations [1]. Each RSS item can be expressed as a tuple 

( )phrasestitlefeedlinkpubDateuuid ,,,,,=l , where 
uuid is the universal identifi er of the item, feed is the name of 
the source feed where the item was found and phrases is the set 
of sentences included in the item’s description. All such tuples 
are stored as records in a PostgreSQL database.

On each RSS item a linguistic analysis based on POS tagging 
[17] is performed to identify the linguistic entities, e.g. verbs, 
nouns, adjectives, included in the title and the description 
phrases of the RSS item. The outputs of the linguistic analysis 
are employed by the query constructor to generate a set of 
representative query expressions, as detailed in Section 2.2.1. 
The generated queries are then submitted to the index structure 
of the TVi documents catalogue. For each item, the result of 
this search operation is a weighted set of newscasts stories of 
decreasing affi nity to the target query. 

On the results of such queries, a cross-modal clustering process 
is performed to aggregate items based on their semantic similari-
ties, thus producing what we call the “multimedia dossier”, i.e. a 
multimodal aggregation of TV newscast stories and newspapers 
articles sharing the same semantic content. Further analytical 
details on the clustering process are provided in Section 2.2.2.

For each multimedia dossier a unique identifi er is provided in 
addition to the transcriptions of all the included news stories 
and the title and descriptions of all the included RSS items. 
This information is fi nally stored in the multimodal aggregation 
index (MAi), which is based on Lucene [25] and it serves as 
the permanent database from which the multimodal aggrega-
tion service is maintained and delivered to the fi nal users. The 
system supports full-text queries and even fi eld specifi c queries 
(e.g. publication/broadcast date, category, RSS provider, broad-
cast channel), allowing users to search across all the available 
data. To facilitate the results visualisation, the system provides 
a Web interface showing the ranked results. The details of the 
browsing interface are presented in Section 2.2.3

2.2.1 Linguistic Analysis and Query Building
In our system RSS feeds are used as the starting point for the 
aggregation process. Our system works with both Italian and Figure 2. Illustration of news story segmentation
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English language feeds, using an automatic translation service 
based on the OpenLogos tools [2]. The RSS items are analysed by 
TreeTagger [3], a language independent part-of-speech software 
that tokenises the input text (i.e., the items’ titles and description 
phrases) and tags each word of the text with a descriptive label, 
according to a key set of grammar categories.

Let π be an RSS item described by the tuple l . The linguistic 
analysis module fi rst splits the text of the item’s title and de-
scription phrases into m independent sentences. Then, it maps 
all such sentences into a vector of key/value pairs, π((k,v)
l1,...,(k,v)f1,...,(k,v)lm,...,(k,v)lm), where the keys are the words 
in the sentences, the values are the corresponding grammar 
categories, f and l are the number of words in the fi rst (i.e., the 
item’s title) and last sentence (i.e. the last item’s description 
phrase), respectively.

Based on this vector, the query construction process works in 
two steps. First, for each sub-vector si∈π , a basic query qi is 
built selecting the words in si tagged as nouns. Then, a complex 
query Q is generated, joining all the basic queries as follows:

∪
m

i
i

im

qQ
1

2 )(

:
=

−

=  (10)

Equation (10) associates higher weights to queries derived 
from sentences occurring earlier, in order to emphasise the title 
and the initial description sentences. An example of the query 
construction process is shown in Figure 3.

2.2.2 Cross-Modal Clustering for RSS Items and News 
Stories Aggregation
The task of RSS items and news stories aggregation is 
addressed using a cross-modal clustering algorithm. The 
process is implemented in four steps: 

1. RSSF-DTV affi nity matrix building; 

2. RSSF equivalence matrix derivation; 

3. RSSF connectivity graph generation; 

4. Multimedia dossiers construction and indexing.

In the fi rst step, a search results vector is computed for each RSS 
item. Let { }miiebW 1== π  be the set of downloaded RSS items, 

and { }n
jjv NT

1=
=  be the set of broadcasted news stories. For 

each RSS item πi ∈Web the corresponding complex query Qi is 
launched on the news stories speech transcriptions stored in 
the TVi index structure. The output of Qi is stored in the search 
results vector Si = (Si1,..., Sin), where Sij is the Lucene score1 of 

the query Qi to the speech transcription of the news story Nj. We 
call the score Sij as the affi nity of the news story Nj to the RSS 
item πi. All the search results vectors are then arranged in the 
rows of the affi nity matrix A = [s1,..., si ,..., sm]T ∈ [0,1]m×n. The 
matrix A can be considered as a space transformation operator 
that projects the RSS items from the Web space, i.e. the text 
space of the complex queries, to the broadcast domain, i.e. the 
multimedia space of the TV news stories.

Once the affi nity matrix has been constructed, we compute the 
similarity between RSS items exploiting their projection in the 
broadcast domain (step 2). The similarity between the couple of 
RSS items (πa,πb) ∈ Web is evaluated using an asymmetric affi nity 
function s (πa,πb), as defi ned in the following equations: 

( )
a

b
baba s
s

ssS ,cos),( =ππ  (11)

iff αππαππ >∧> ),(),( baba SS then ),( baEq ππ   (12)

iff αππαππ ≤∧> ),(),( baba SS then ),( baEnt ππ  (13)

where sa and sb are the search results vectors obtained in the 
fi rst step and cos(sa , sb ) is the Cosine similarity between sa and 
sb. Intuitively, the function S(·) in Equation (11) measures how 
much the item πa  is explained by the item πb , in the space of 
their search results vectors. Equation (12) defi nes the semantic 
equivalence relation between πa  and πb , while Equation (13) 
defi nes the semantic entailment relation from πa  and πb . Notice 
that the latter relationship would not be discovered by using the 
plain Cosine similarity measure.

For each couple of search results vectors (sa , sb ) a,b = 1...m we 
compute the corresponding element of the RSSF equivalence 
matrix mmE ×ℜ∈ , whose elements eab are defi ned as follows:
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Once E is calculated, the primary connectivity graph G 
=(V,E) is built (step 3). Each vertex vi of G corresponds to 
an RSS item. Two vertices va and vb are connected from va 
to vb if the corresponding element eab ∈ E is greater than α. 
The α-cut value guarantees that every pair of connected 
RSS items (πa ,πa) has a semantic relevance of at least α. 
Figure 4 shows an example of the construction of the graph 
G for various values of the threshold α.

Starting from G, we build the set of all disconnected sub graphs 
d = {d1,...dM} ⊆ G(step 4). For example, from Figure 4(a), it 
would be d = {(π1, π2,π3,π4), (π5,π6)} for α > 0.2. Each sub graph 
di corresponds to an aggregation of semantically related RSS 
items linked according to their relationships. Each vertex of di is 
labelled according to the title of the corresponding newspaper 
article, and the whole sub graph is represented by the title of the 
most representative newspaper article (i.e., the item’s title whose 
sum of the row elements of E is maximised). As an example, 
Figure 5 illustrates an aggregation, taken from the ones actu-
ally detected by our prototype. As shown in the fi gure, arrows 
between two boxes represent the discovered vector similarity 
condition between the source box and the target box, as per 
the intrinsic asymmetric nature of the similarity measurement 
of Equation (11). The representative element is the green one.

Figure 3. Example of query construction from linguistic analysis

1The Lucene score of query q for document d is defi ned in http://hudson.
zones.apache.org/hudson/job/Lucene-trunk/javadoc//org/apache/lucene/
search/Similarity.html 
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The multimedia dossier is fi nally constructed by taking, for 
each item πj ∈ di , j = 1... |di|, the set of all the news stories Nk 

that comply with the following condition: 

η≥jks  (15)

where sjk is the affi nity of the news story Nk to the RSS item πj 

(as computed in the fi rst step of the clustering procedure), and 
η is a fi xed threshold. For each multimedia dossier, a text docu-
ment, which includes both the RSS items’ titles and description 
phrases and all the news stories transcriptions constituting the 
dossier, is generated. Finally, all such documents are indexed 
by Lucene and made accessible through the MAi repository 
(see Figure 1).

2.3 Multimodal Navigation Service
The system supports both simple queries (e.g., one or more 
search keywords) as well as more advanced queries (e.g., 
weighted queries, Boolean operators) for searching and 
retrieving the aggregations. As a simple example, Figure 
6 shows an example for the query “garbage AND Naples”. 
To facilitate the results visualisation, the system provides a 
browsable Web page showing the ranked results. For each 
retrieved dossier, the system not only lists the basic information, 
i.e. the dossier’s title, score and last update timestamp, and it 
provides the links for the included news stories and newspaper 

articles. Additionally, as the search results page is provided as 
an RSS feed, users can subscribe to the submitted query, and 
automatically receive a notifi cation when the results page is 
modifi ed, i.e. when either an already included dossier is updated 
or a new one is discovered.

3. Experimental Evaluations

This section presents the experimental evaluation of all the 
parts constituting our prototype system. The system was run for 
seven months, ranging from the end of November 2007 to the 
beginning of June 2008. In this period of time, we collected about 
88,280 online articles and 23,940 news stories, resulting from the 
segmentation of 3,670 newscast programmes. The online articles 
were downloaded from 95 RSS feeds supplied by 16 online 
newspapers and press agencies Web sites. The newscasts 
were acquired from the daily programming of seven national TV 
channels. We set α = 0.8 in Equation (14) and η = 0.5 in Equation 
(15), resulting in a total of 4,187 multimedia dossiers.

3.1 DTV Stream Processing Performance
The TV programme detection and segmentation task is 
performed acquiring live streams from seven major national 
channels 24 hours/day and 365 days/year. The system 
elaborates 16 programmes/day concentrated around the 
main editions of the newscasts (around 2 p.m. and around 
8 p.m.), resulting in about 10 hours per day of elaborated 
audiovisual material. The total elaboration time on average 
is about 3.74 times the programme duration, that is normally 
a newscast of half an hour duration is searchable and 
retrievable with all its components after less than 2 hours 
after its end.

We tested the programme detection technique described 
in Section 2.1.1 in two distinct experiments. In the fi rst ex-
periment, 11 different reference clips had to be identifi ed in a 
data set constituted by 782 clips taken randomly from daily 
television schedules. The second experiment consisted in 
detecting the starting and ending jingles of 7 distinct newscast 
programmes (total 14 clips) in a continuous fl ow of acquired 
audiovisual material. In the fi rst experiment, the measured 
average detection accuracy of the process was 0.80, while 
recall was 0.87. In the second experiment reached precision 
was 1.00, while recall was 0.90, considering as detected items 
only programmes for which both starting and ending jingles 
had been identifi ed.

Figure 4. Example of the equivalence matrix between the set of 
RSS items {πi}i=1

6  and the corresponding connectivity graph for three 
values of α.

Figure 5. Example of aggregation of semantically related RSS 
items linked according to their relationships.

Figure 6. Example of the search results Web page for the query 
“garbage AND Naples”
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We tested the news story segmentation algorithm described in 
Section 2.1.2 on about 40 hours of material, for which all true 
story boundaries were manually identifi ed. To assess the sys-
tem performance we used an alignment measurement taking 
into account starting boundaries and ending boundaries with 
different weights, as well as considering missing material as 
having more impact than extra material on the measurement. 
The obtained average precision and recall were 0.76 and 0.73, 
respectively.

3.2 RSSF Stream Processing Performance
To test the effectiveness of the RSSF stream processing chain, 
we set up a pool of 25 expert users taken from the employees 
of our organisation. Each user was asked to evaluate the 
consistency of the generated multimedia dossiers. To this 
end, we designed and implemented an HTML Web interface, 
showing a list of dossiers, randomly selected among the 
available ones. For each dossier, the following three markers 
were asked to be evaluated, using a judgement scale from 1 
(poor) to 5 (excellent):

1.  For the whole dossier, assign a semantic cohesion index (I1) 
that refl ects the overall strength of the RSS and broadcast 
news streams aggregation;

2.  For each included RSS item, assign a consistency index (I2) 
to the concept expressed by the dossier;

3.  For each included news story, assign a consistency index 
(I3) to the concept expressed by the dossier.

In addition, we asked to choose a title Ti from among the 
ones belonging to the aggregated online articles, and to 
evaluate the representativeness of the chosen title (I4) on 
the same judgement scale, w.r.t. the concept expressed by 
the whole dossier. The effectiveness of the title selection 
strategy was then evaluated by means of the following 
indices:

1.  The ratio between the number of correctly selected titles 
(i.e., the number of dossiers for which the system-chosen 
title agrees with the user-chosen title) and the total number 
of assessed dossiers (I5);

2.  The average representativeness of the correctly selected 
titles (I6);

3.  The average representativeness of the wrongly selected 
titles (I 7); 

4.  The average representativeness of the user-selected titles 
(I8).

The evaluations were collected from the end of March 2008 
to the beginning of June 2008, obtaining a total number of 
651 evaluated dossiers. Table 1 reports the values obtained 
for the indices I1 to I8 in terms of average, standard devia-
tion and confi dence interval. Overall, the system shows an 
outstanding performance, getting in most cases a score of 
either 4 or 5 in most of the indicators that was chosen for 
assessment. Poor performances for I5 seem to indicate that 
the algorithm used by the system to choose the dossier’s 
title needs to be further improved. However, as I6 > I8 and 
σ6 < σ8, we can state that the titles chosen by the system 
are more representative than the others. Furthermore, I8 ≅ 
I7, indicating that when the title automatically selected are 
wrong, they are still signifi cantly relevant to the concept 
expressed by the dossier.

I1 I2 I3 I4 I5 I6 I7 I8

Value 4.23 4.65 4.24 4.66 0.31 4.85 4.63 4.66

Std. Dev. 0.85 0.89 1.17 0.70 n.a. 0.62 0.77 0.70

C.i. start 4.19 4.62 4.20 4.59 n.a. 4.84 4.47 4.54

C.i. end 4.35 4.68 4.28 4.70 n.a. 4.89 4.69 4.70

Table 1. Accuracy indices of the multimodal aggregation service

4. Conclusions

Effi cient large-scale implementation of multimedia indexing 
systems is an hard task, since operating conditions of real 
systems may put very stringent requirements on the overall 
performances, and real-life environments are often quite 
diversifi ed w.r.t. prototype ones. As users may want to browse 
through large amount of news contents without spending much 
time in searching for the desired information, multimedia news 
management applications must provide search and retrieval 
services in a timely and effi cient manner.

To this end, this article presented and discussed the imple-
mentation of a large-scale automatic acquisition, segmentation 
and indexing of broadcast news content. The overall system 
performances are encouraging, and the accuracy of the pro-
gramme boundary detection and segmentation are at a good 
level of maturity.

In addition, this article introduced a novel method for aggrega-
tion of multimodal sources of information, based on a semantic 
relevance function acting as a kernel to discover the semantic 
affi nities of heterogeneous information items, and on an vector 
projection similarity principle on which semantic dependency 
graphs among information items can be constructed. The 
generality of the proposed method allows its application to a 
wide collection of real cases, and in this article we presented 
an application of it in the area of multimodal news aggregation. 
We developed a prototypal system, which has been evaluated 
by collecting daily television newscasts from 7 major Italian 
broadcasters and 95 RSS news feeds from online websites 
for a period of about 8 months. Obtained results are very en-
couraging and demonstrate the robustness and effectiveness 
of our method. 

Future developments will regard both the theoretical founda-
tions and the practical outcomes of our technology. From the 
theoretical perspective, models of integration of more than 
two information items sets will be investigated. On the imple-
mentation side, to further ensure a full-potential exploitation of 
our system in industrial contexts, future work will also regard 
both the improvement of the general performances in terms of 
elaboration latency and in terms of the accuracy of most critical 
processing blocks of the system, based on the performances 
presented in this work.
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