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Abstract—Recent advance in digital storage technology has time that we started handling the data according to their
enabled us to archive more than 1,700 hours of video data semantic relations together with their chronological nature, so
from a daily Japanese news show in the last nine years. In yat ysers could retrieve and understand the development of a
this paper, to effectively make use of the video data in the . . . .
archive, we first present a news video structuring method based NEWS tOP'C concerning th§|r queryz o reus_e them to V'S‘Ja”y
on the chronological semantic relations between stories, namely “tell stories” based on their own points-of-view, without being

the “topic thread structure”. Next, we introduce an interface forced to browse through a long list of video footages which
based on the structure, which allows users to track topics along may contain redundant or noisy contents.
their development and also choose video segments to visually “tell In this paper, we first present a news video structuring

their own stories” using them as source materials. Analyses on . . .
the topic thread structures obtained by applying the proposed method based on the chronological semantic relations between

method to actual news footages revealed interesting relations News stories (“topic threading”) in Sections Ill and IV, and
between topics in the real world, while analyses on their size next introduce in Section V, an interface based on the structure

quant[fied the efficier](;y of tracking the topics and finding video (“mediaWalker”) which facilitates users to track news topics
materials for post-editing. along the timeline, and at the same time, allows them to
I. INTRODUCTION efficiently choose video sources so that after post-editing,

Recent increase of commercially available digital storagBey could visually tell their own stories based on the video
capacity has enabled us to accumulate a large volume fgptages. In addition, Section Il introduces definitions of terms
video data. Among various types of video, especially broadcaied throughout the paper, Section VI introduces related works
news video is a rich source of information concerning tni@ both the structuring and the visualization of news video, and
human society, which is worth archiving and subsequentf§ection VIl concludes the paper.
retrieving and reusing. Thus, starting from the pioneering
works in the Carnegie Mellon University’s Informedia News- Il. DEFINITION OF TERMS

on-Demand project [8], many researchers have worked ONSome terms specific to news are used throughout this paper

indexing, retrieving, summarizing news video, and so on. according to the following definitions. First, the following

: However, most of th«_e works attempt to make use of tr}ﬁree terms follow the definitions in the Topic Detection and
video data in an archive as they are. Such technology.lls

indeed necessary, but now that a news video archive coulﬁ‘Cklng (TDT) workshop series organized by NIST [7].
presenting a list of news stories that match a query based on and place along with all necessary preconditions and
the indexing and retrieving technologies, or simply showing Unavoidable consequences.

a summary of a long video footage is insufficient. It is the Story: A topically cohesive segment of news that includes
two or more declarative independent clauses about a

This paper is an extended version of the authors’ previous publication [14]. single event.
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¢ 3 3 | The following process is required to obtain a topic thread
o [ [] = mn—. o .. structure, and their details are introduced in the following
o[ BRI 1] |2 E=a m, " sections.
= B | |[ps-s1] [ps-s2] . , . .

oay [Sen[Ston [ | AR | — S 1) Story segmentation Each day's news video is seg-
; structure 1 structure 2 mented into stories.
(a) Structure of news video per (b) Chronological semantic structures 2) TOpIC thre_admg: TOpIC thrgads ar.e extracted based O_n

(daily) news show. (topic thread structures) across chronological and semantic relations between all pairs

news shows. of stories.
Fig. 1. Semantic structure in a news video archive. 3) Extraction of topic clusters: Topic clusters are ex-

tracted within a topic thread structure.

B. Story segmentation

« Topic: A seminal event_o_r.actlwty, along with all directly Regardless to the existence of works making use of image
related events and activities. . . X . .
) _ features, in order to avoid dealing with the change of studio
Next, the following three terms are defined by the aUthorS-designs and editing policies in news shows, we decided to
« Topic thread: A sequence of related stories chainethake use of only the closed-caption text (an audio transcript
chronologically. It may contain several topics. provided from the broadcasters) for story segmentétiGhe
« Topic thread structure: A directed graph composed offollowing steps were applied to the closed-caption text ob-
topic threads originating from a specified story. tained from each news show. Details of the method are found
« Topic cluster: A topically cohesive set of neighboringin our previous publication [10].

stories in the topic thread structure. 1) Apply morphological analysisto each sentence of the
closed-caption text, and extract noun compounds.
2) Classify the noun compounds into four semantic at-
tributes; general, personal, locational/organizational, or
A. Overview temporal, based on our previous work [9], and create a
term frequency vector for each attribute.
At each sentence boundary, concatenatereceding
andw succeeding term frequency vectors, and compare
them in each semantic attribute. The window sizés
changed from 1 taV,,, and the maximum similarity of
the vectors measured in cosine measure is selected.
Combine the similarity in each semantic attribute as a
weighted sum. In order to reflect the general difference
in the importance of terms in each semantic attribute,
an empirically obtained weight of (general, personal,
locational/organizational, tempora$ (0.23, 0.21, 0.48,
0.08) was applied. If the combined similarity falls below
a threshold,.,, a story boundary is detected there.
5) After applying steps 1) — 4) to the entire closed-caption
text, create a term frequency vector for each story, and
rejoin neighboring stories if the similarity between them

Under this assumption, we introduce a method that chains Eﬁg?igsrﬁggiseh;ﬁ;t' Zzlcsuf;ep is recursively applied
individual stories into a “topic thread structure” accordin? _ J 9 ' _
to their chronological and semantic relations (Fig. 1(b)). [P the following experiments, the parameters were set empir-

represents not only local relations as directed edges, BA!IY 8SNw = 10, O5ey = 0.17, 6cq; = 0.08. An evaluation

shows an example of a large topic thread structure obtair@d€gmentation ability of 95.4% recall and 90.5% precision
by the proposed method. We can see that the structure WG€N an error of plus/minus one sentence was allowed. Since

only chains obviously related topics but also topics without
obvious relations, although they are actually related in the reafThe closed-caption text used in the following experiments was automati-
cally synchronized to the audio channel at the time of archiving.
3A Japanese morphological analyzer JUMAN developed at Kyoto Uni-
1see “TREC Video Retrieval Evaluation conference seriesyersity was used. It is available for download from http://nip.kuee kyoto-
http://trecvid.nist.gov/ together with Smeaton et al.'s publication [20]. u.ac.jp/nl-resource/juman-e.html.

I11. ANALYZING THE CHRONOLOGICAL SEMANTIC
STRUCTURE OF NEWS STORIES

Fig. 1(a) shows the general structure of news shows; Each
of them is consists of several stories. Story segmentation is ong’)
of the oldest topic and a basic technology in the news contents
analysis field, and the retrieval of segmented stories has also
been approached from both keyword querying and content-
based image retrieval. Especially, image-based retrieval has
been widely studied recently in the TREC\VRommunity. )

These are indeed essential functions for a news video
archive, but we assume that a user would generally seek for
the knowledge on the development of a topic as shown in
Fig. 1(b), rather than details on individual stories. In other
words, each story provides information mainly on the so-called
4Ws (When, Where, Who, and What) of an event, while a
user would more likely prefer to understand the 1W1H (Why
and How), which requires the browsing of the development of
topics along the timeline.
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Fig. 2. Example of a topic thread structure originating from the first story on March 1, 2002 with a peridd=0fl80 days and a relation threshold
61 = 0.40. Each box represent a news story broadcast on the designated date. It took 845 secs. to obtain this structure. Some large topic clusters are labe
manually by the authors to demonstrate the transition of the actual topics.

there tends to be redundant comments near story boundarie§he simplest solution for this task is to create a tree
we consider that the results are sufficient for practical use.structure by recursively expanding related stories considering
the chronological order. However, when a news video archive
C. Topic threading covers a long period, this solution results in creating a tree
Z#ructure with numerous branches at each node (story), and

Nex't, a topic thread strupture orlglnatlng from a specifie so numerous duplicates of the same story appearing in nodes
story is created by the topic threading method. The purpogge

of creating a topic thread structure is to chain related storig&
along the timeline in order to provide a user with paths, 95
“topic threads,” to follow the development of topics.

over the tree. Tracking news topics story by story along
ch a structure requires watching a large number of video
otages at each node to select an interesting story in the
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tnitiatstory (5) aT” oy iyt e surree adescendantel-- 5 hong the child nodes by a user meaningful during the topic
{'A”” " tracking process in a browsing interface, in the sense that the
Bl e user would generally not need to eventually come back to
- A0 a child node after tracking down a topic thread originating
'too‘\t <I""‘"ate (b) an ancestor, except its parent from |tS Sib|il’lgS, because they Contain diﬁerent tOpiCS than
;[ ™ . the previously selected topic thread.
T"(")A Equivaleht sub-trees | A7 Reconmect Note that the above algorithm is for creating a topic thread

K Ts(j) = Ts(i)

with root ngdes that ZT‘.U)
share the same story

structure in the future direction. To obtain a structure in the
past direction, “newer” should be substituted with “older” in

Fig. 3. Operations in the topic threading algorithm. the algorithm

D. Extraction of topic clusters

succeeding nodes, besides an occasional encounter with 8ince the topic thread structure is constructed by recursively
video footage that has already been watched in a previagganding a story relation tree based only on local relations
node due to duplicates. between stories, it may contain several related, but different

The proposed topic threading method is designed so thgpics that gradually develop along the time. In order to reveal
it should avoid these problems. First, it unifies all the nodegich sub-structures, topic clusters which contain homogeneous
with the same story to one node that appears in the deepsigties along the topic thread structure are extracted. Note
hierarchy of the tree. This eliminates the redundancy of tiigat the topic clusters are overlapped with the topic thread
structure, so a user will not encounter the same video durisgucture, and are not obtained by clustering all the stories
the tracking. Next, upon unification, branches are eliminatgat compose the topic thread structure, as it is generally the
or reconnected under certain conditions. This minimizes t@ase in other works, which will result in ignoring the original
number of branches at each node, so the time needed to waglic thread structure. Details of the topic cluster extraction
video footages at each node for selection is reduced to {h@cedure is as follows.

minimum. In the end, we obtain a directed graph structure,l) Set storyS, as the cluster centeC’) = So) and the
namely a “topic thread structure.” Details of the topic threading story-in-focus 6 = So).

procedure is as follows. 2) Let the children of storg be S.(j) (j = 1,..., J). When
1) Evaluation of the relation between stories The re- the relation between storigs, and S, (j) is larger than
lation between two stories are measured by the cosine ¢, setS,.(j) as a new cluster cente€§ = S.(j)).
distance of their term frequency vectors. The vectors are3) Apply step 2) recursively by scanning the entire topic
created and compared in a similar way as in the story  thread structure, shifting one story after another.

segmentation algorithm introduced in Section IlI-B. A" 4) Label stories between each topic cluster and the next
pair of stories considered as related has a relation larger gnes with a same cluster number.

than a threshold,, ..
2) Creation of a story relation tree: Create a tred’. origi- E. Example of a topic thread structure
nating from an initial storySo by recursively expanding

story relations under the following conditions: Fig. 4(a) shows an example of a topic thread structure ob-

. tained by the proposed method. Fig. 4(b) shows a degenerated
a) A child represents a story related to, and Newgg, esentation of the topic thread structure by topic clusters,
than the story its parent does. with Table | summarizing their actual contents which were
b) Among the siblings, the younger represents rﬂanually analyzed.
newer story. From this structure, for example, we can choose a
3) Unification of nodes with the same story For all the topjc thread{C'1 (1), Cr(2), Cr(3), Cr(4), Cr(10), Cp(11)},
sub-treesT’ (i) in T;, when there exists an equivalen{yhere we can follow the main-stream development of the
sub-treeT’(j) branching with itself from an elder node,SARS (Severe Acute Respiratory Syndrome) outbreak in 2003.
unify 7 (i) to 7,(j), and apply either of the following | jkewise, “side stories” such as a partial topic thredd, (4),
operations to the branch to the root node Tf(i) iy (5), Cr(6), Cr(10)}, lets us follow the development of the
(Fig. 3): outbreak inside China{Cr(7),Cr(8)} on a false alarm in
a) Elimination: When Ts(j) is a descendant of Japan.
T;(i)'s elder sibling, eliminate the branch.
b) Reconnection When 7.,(j) is a descendant of F. Experiment
T;(i)'s ancestor (except its parent), reconnect the |n order to analyze the effect of the proposed topic threading
branch to the root node d&f;(;). method, we applied it to actual broadcast news video. The
Note that due to the elimination of an edge in step 3)-a), vetories that compose each topic thread structure were limited
can guarantee that all the siblings are independent; they tryea period ofd days from the originating story, to limit the
not related among themselves. This feature makes the selectiomputation time. Table 1l shows the size of the data set and

999



TABLE |
ACTUAL CONTENTS OF THE TOPIC CLUSTERS INFIG. 4.

() 2003/05/01-1
(2) 2003/05/04-1

Cluster # Contents

(2) 2003/05/07-1

Story
2003/05/09-1 1 Sto ry

T (Cluster center) CT (i)
] E. Story

D] (Leafnode) Sp (/)
®  Topic clusteri

Cr(1) SARS found and spreads in Beijing.

SARS spreads all over China.

3) WHO sends a mission to Beijing.

4) SARS starts calming down in China, but spreads in Taiwan.

5) Chinese government worries about the spread of SARS in

the countryside.

Cr(6) Chinese government keeps an eye on the spread of SARS

in the countryside.

Cr(7) Taiwanese doctor found infected to SARS after a trip to
Japan.

) Search for SARS infection in Japan.

) Anti-SARS conference held in Beijing

0) SARS calms down in China, but found in Toronto.

1) SARS calms down in Taiwan, and WHO declares the end.

QQ
!
SRER

mm]

(&) 2003/05/21-1

: 2003/05/16-1

© 2003/05/22-1

ANALYSIS.

(O 2003/06/10-9 News show NHK News7
(Daily evening news in Japanese. 20 to 30
minutes long)
Period of initial stories March 1 to June 30, 2002
Period of threadingd) 100 days; Approximately 171,600 secs. or
142 47.7 hours of video

Relation thresholdé;,..) 0.40

[© 2003/06/23-5

So(3)

TABLE 1l
e e DATA SET AND PARAMETERS USED IN THE TOPIC THREAD STRUCTURE

(9) 2003/06/03-9 | (10) 2003/05/29-1

[© 20031061242 1 0
Sn(5)
The former situation tends to be caused by mistakenly
11 chaining actually unrelated stories. This occurs firstly when the
story segmentation fails. Secondly, it occurs when the value of
the relation threshold;, is inappropriate for the topic; The
(a) Topic thread structure (b) Topic thread structure represented relation tends to be hlgh fOf tOpiCS on periOdiC events SUCh
by topic clusters as typical crimes or weather phenomena. The latter situation

. . — . may also occur by similar reasons, in addition to the nature
Fig. 4. A topic thread structure originating from the first story on May 1 . . .
2003 with a period ofl = 100 and a relation threshold @, + = 0.40. of the daily news show that it tends to take up a topic only
when it is focused during a short period.
Since it is difficult to further evaluate the general quality
of the obtained topic thread structures, we will focus on the

the parameters for the process. The data set is part of the flliantification of the efficiency of browsing the contents along
TV Broadcast Video Research Corpus: TV-RECS [15]. the structure in the next section.

After rejecting stories with only one sentence from the
results of the story segmentation, 1,431 initial stop) B. Analyses on the size of the structures

candidates remained. Next, out of the topic thread structuresn order to quantify the efficiency of browsing a news video
(T;) originating from all the initial story candidates, Weyrchive based on the topic thread structures, we analyze them
selected 437 of them that consists of more than two stori@@; the number of stories or clusters that compose them, and
Under the conditions in Table II, it took several seconds tggq by the video length that a user needs to watch to grasp
half an hour to obtain a topic thread structure on a Sun Blaglgs contents. Since the worst assumption is that a user needs
1000 work station, depending on its complexity. The following, \atch all the video footages in the archive during a certain
analyses are performed on these topic thread structures. period, we will observe the ratio of the video length in the
structures against the archive.
IV. ANALYSIS OF THE TOPIC THREAD STRUCTURE 1) Size of topic thread structuregirst we analyze the size

of the 437 topic thread structures. Fig. 5 shows the histogram
of the number of stories that compose a structure. From the

Among the obtained topic thread structures, there weresult, we confirmed the necessity of automatically analyzing
informative ones such as those exemplified in Figs. 2 andthe structures, since the result shows that they consist of many
On the other hand, there were also incomprehensible strateries, which could be difficult to be analyzed manually.
tures, and moreover, many of them were actually unimportant2) Size of topic threadsNext we analyze the size of the
structures involving only a few stories on a simple news topi&,788 topic threads in the 437 topic thread structures. Here, a

A. Analysis on the contents of the structures
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400 TABLE Il
. M Stories (Average: 7.68) STATISTICS ON THE TOTAL VIDEO LENGTH[SECS] OF STORIES THAT
2 r O Topic clusters (Average: 3.08) COMPOSE THE TOPIC STRUCTURESTHE NUMBER IN A PARENTHESIS
g 300 ¢ INDICATES THE RATIO OF THE TOTAL VIDEO LENGTH OF THE STORIES
o [ THAT COMPOSE A TOPIC STRUCTURE TO THAT OF THE CORRESPONDING
S 0l PERIODd = 100 DAYS; APPROXIMATELY 47.7HOURS.
LS L P 1
B [ Minimum Average Maximum
£ [
100 | -
z r Topic thread 5 (0.0029%) 4,380 (2.6%) 38,125  (22%)
1 I I I I T structure
0 PN PR E RS SRS I I Topic thread 5  (0.0029%) 2,770 (1.6%) 19,038 (11%)
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 Topic cluster 5 (0.0029%) 1,280 (0.75%) 6,741  (3.9%)

Stories / topic clusters involved per topic thread

Fig. 6. Histogram of the number of stories / topic clusters that composes a

topic thread. Note that topic threads that consists of only one story was filterg, . . . .
OUF;_ P y Y af%)ng a topic thread structure, which will be introduced later.

Table 11l shows the effect of watching video footages on
the user’s topic-of-interest along a topic thread structure as
path that connectS,, and a leaf node, is counted as one the statistics of tlmg required ar_1d reduced to watch them. As
topic thread. For example, in the structure shown in Fig. # worst-case baseline, we consider that a user needs to watch

there are at least ixopic threads connectingo and Sp(;) all the video foofages during a p.er!mti In the Table, ‘_‘Topic
wherej = 1,....6. thread structure” shows the statistics on the total time of all

Fig. 6 shows the histogram of the number of stories arlilae video footages in a topic thread structure. It shows that

. : i . . .
topic clusters that compose a topic thread. As mentioned 8nfoPIc thread structure covers on average 2.6%, and in the

Section IV-A, quite a number of topic threads consists of on orst case 22%, of all the video footages during the period.

a few stories. but there are a considerable number of lon é}js case is considered as close to the traditional story-based

ones that indicated the usage of the proposed method should{i§° retrieval methods that require a user to watch all the
effective. Meanwhile, the maximum number of topic clusterdd€0 footages that match a query, though the proposed topic
was nine even for very long topic threads, which leads to t ead structure covers more stories than them since it also
discussion in the next part of this section that using them codfffludes stories which are tracked from the stories that match

make the browsing drastically effective. the initial query.

Fig. 7 shows the histogram of the duration of the topic [N actual use, we consider that a user would follow a certain
threads. We assume that the frequency for 100 days viagic thread through the browsing interface proposed later in
relatively high since there are potentially longer topic threadxection V. In order to measure the effect of watching the
that were forced to terminate dtdays. From this result, we Video footages along the topic threads, in Table Ill, “Topic
realized the necessity to speed up the proposed method so iasgad” shows the statistics on the total time of all the video
longer topic threads could be extracted in realistic computatié?Ptages along a topic thread, and “Topic cluster” shows that
time. of only the video footages of the stories which were the cluster

3) Efficiency of watching video footages along the top@entersCo; The first story in a topic cluster). The results show
thread structure:In this paper, we assume that a user search&@t browsing along a topic thread reduces the time needed to
and watches video footages to understand the development¥gich video footages related to the user’s topics-of-interest by
certain topics-of-interest. In order to assist such searching, W& on average and 11% in the worst case. Browsing by topic

provide an interface that allows a user to watch video footag@Sters along a topic thread, which could be considered as a
digest view of the topic thread, further reduces it to 0.85% on

. . . 04 | i i
4precisely speaking, there are actually more due to multiple paths t@¥erage and 7.1% in the worst case. We consider the reductions
connect them. should be extremely effective for practical use.
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Fig. 8. Using the mediaWalker interface via a touch-panel display.

Fig. 9. The mediaWalker interface: Initial story listing.

V. MEDIAWALKER: A NEWS VIDEO BROWSING AND
EDITING INTERFACE

A. Overview of the interface

We have implemented an interface for browsing and editin
news video based on the topic thread structure named “ni
diawalker® [13]. As shown in Fig. 8, the interface could be
used via a touch-panel display, so a user could interactive
track up and down the chronological development of ney
stories. Details of the functions of the interface are describ
step-by-step in the following sections.

B. Initial story listing interface

To start with, a user needs to select an initial story. As shov
in Fig. 9, two methods are provided through tinéial Story

Browse the topic thread
structure towards the past

Rotate

Browse the topic thread

4 w > structure towards the future
=3 (f
| ot
[y :

Listing interface; 1) Select a pre-defined story set, or 2) Search
for a story by a combination of a query term and a period of
time. Since the query term field can be left blank, listing all

Fig. 10. The mediaWalker interface: Initial story selection.

stories during a certain period is also possible. Stories frgic) mediaWalker

the selected story set or the result of the query are listed
the subsequenhitial Story Selectiorinterface.

C. Initial Story Selection interface

As shown in Fig. 10, in thénitial Story Selectionnterface,
thumbnail images of stories are listed. The stories listed h
are those that matched the criterion specified in Ithigal
Story Listinginterface. The list of thumbnail images could
be rotated, and also played when clicked. Once finding
interesting story, the user sets it as the initial story by pressi
either the “Past” or the “Future” buttons next to the thumbnai
the former will show the topic thread structure originating
from the story towards the past, and the latter towards t
future in the subsequeiopic Thread Browsingnterface.

/05/01 19:01:20
Focused

Set this story as a
new initial story
(track towards
the past)

Set this story as a
new initial story
(track towards
the future)

BB (B
(@ e

[l =21
[ (R TR =1a - (== =]
(=

Topic'cluster

Topic thread structure

Details of the currently focused story
Time

5The interface is demonstrated at the following URI:
http://www.murase.m.is.nagoya-u. ac.jp/"ide/res/mediaWalker/ .
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Fig. 11. The mediaWalker interface: Topic tracking and browsing.
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D. Topic Thread Browsing interface

1) Topic tracking and playing functionsAs shown in

Fig. 11, theTopic Thread Browsingnterface visualizes the

topic thread structure originating from a specified story, where

(b) When the pointer overlaps an edge, an overlayed window appears &&Ch node (story) is represented by a thumbnail image. Topic

shows the difference of keywords between the stories on both sides of tleisters are shown as hatched regions in the background. A

edge. This is helpful especially when selecting a thread at a diverging stoyser will track down a topic thread structure by cIicking the

thumbnail images to watch the corresponding video footage

il story after story. This function allows a user to efficiently

explore a news video archive based on the context.

In addition, each thumbnail image is accompanied by a
pair of parentheses, which allows the user to set the story
as an initial story and show its topic thread structure to the
past (left paranthesis) or to the future (right paranthesis). This
function allows the user to freely explore the entire topic thread
structure in the archive.

An example of a user tracking along a topic thread is shown
in Fig. 12.

2) Video editing (“story telling”) function: The Topic
Thread Browsingnterface is equipped with another function
that allows a user to select stories to “tell stories” by rear-
ranging the video footages in the archive. This function is
implemented based on our policy [12] that video data in an
archive should be reused effectively in an efficient manner
based on the semantics.

(3)

4)

© Th i ot § hi e video | ¢ stor As shown in Fig. 13, besides simply selecting each story,

c) The user will keep on selecting and watching video footages of storigs: ; ; ;

along a topic thread structure in this manner. This helps the understandin olfs function allows a user t(? ,SeleCt s.torles alo,ng a topic thread

the topics present in the topic thread structure. etween two or more SpeCIerd stories. The Intel’face OUtpUtS
the selected stories as a list of story/video IDs, which could

Fig. 12. Tracking down story by story in tH®pic Thread Browsininterface, b.e exported as a'? input to _a Videq _Summarization system, or
along the topic thread structure shown in Fig. 4. simply as a play-list for a video editing software.
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V1. RELATED WORKS Informedia project, Christel et al. proposed a news video
A. Works on the analysis of chronological semantic Structurggows.mg_mterface that visualizes news stories based on the
in news combinations of the 3Ws [2]. We focused on the cooccurrence
of the “Who" attribute, and proposed a news video browsing
The simplest approach to structure news stories is to fifgterface by exploring the social network in news contents
cluster related stories into a topic and then chain them linealy.
in chronological order, as in the “Topic detection task” defined \jeanwhile, the proposed interface makes use of the news
in the TDT workshop series [7]. A majority of the existingcontents as a whole except for the “When” attribute. It
works on news story structuring is based on this approaghly considers the 3Ws by giving certain weights to them
such as Duygulu et al.'s work on news video tracking basgghen evaluating the relations between stories. As a related
on the detection of similar images and logos [5]. Howevefyork, Rautiainen et al. proposed a cluster-temporal browsing
this approach is not appropriate in two senses, when the Siggthod [19] which visualizes the cluster of stories with similar
of the data set explodes. First, since the structure tendsipyge features. On the other hand, de Rooij et al. proposed
extend in a long chain of stories, watching video footages, interface that maps semantic and chronological relations
along the structure is extremely time consuming. Secondpgiyeen news video footages on a sphere or a flat plane [4].
linear structure could not express the simultaneous flow of ag for supporting video re-edition in an archive, Casares et
multiple '[OPIC threads within a topic-of-interest. . . al. proposed the “Silver” interface [1], which allows the re-
In the final TDT workshop (TDT2004), the “Hierarchicalggition of a single video, but not the recompilation of multiple
top_lc detection t_ask” [6] was mt_rod_uced. It aimed at structL_mr\gdeo footages as in the proposed interface.
a directed acyclic graph of stories instead of clusters, but it was
more of a way to assign multiple topics to a story and describe VIl. CONCLUSION
relations between topics. Meanwhile, Wu et al. proposed a
method that structures clustered news stories into a binary tred? this paper, we proposed a topic threading method for
based on the chronological order and the local change ir?darge amount of news video, and also introduced a video
topic [22]. This method partially solves the above-mentiond@0tage browsing and editing interface based on the topic
problems, but it still could not represent the simultaneous fidhread structures. Analysis on the contents revealed interest-
of multiple topic threads. ing relations between actual topics in the real world, while
The method proposed in this paper structures stories int@/3@lyses on the size of the topic thread structures quantified
graph so that it could represent such simultaneous flows. & €fficiency of tracking down the development of topics-of-
related works that share the same approach, there are tdBfETeSt and also the selection of video footages for a further
threading methods for news paper articles [16], [21], [23§diting purpose.
However, these methods do not consider the independencés future works, we have started working on linking the
between topic threads at a diverging node, which resufiguctures with news shows in other languages [17], real-world
in the existence of redundant edges between nodes, whieptents such as web news articles, Wikipedia articles [18],
the proposed method eliminates such edges, for the sake2Bfl shared video footages and images on the web, together
efficient tracking. with the development of a method to summarize stories along
Another difference of the proposed method with the majoft topic thread to compose new video contents.
ity of the existing works, except for Nallapati et al’'s work
[16], is that it does not cluster a set of stories that forms a
topic beforehand. It instead forms the topic thread structureparts of the work presented in this paper were sup-

by chaining locally related stories under certain rules argbrted by the Grants-in-Aid for Scientific Research from
later extracts topic clusters from the structure, considering ths Japanese Ministry of Education, Culture, Sports, Science
nature of news contents that a topic may gradually develgpd Technology (15700116, 18049035, 18700080, 19024036,
into, diverge to, or merge with other topics. This feature 131013022, 21700103), Kayamori Information Science Foun-
essential to find unobvious relations between topics. dation (K17KenX 202), and Mitsubishi Research Institute, Inc.
The work is a fruit of a joint research project between Nagoya
University, NetCOMPASS Ltd., and the National Institute of
A typical method to visualize a video structure on a screenlisformatics.
the so-called “storyboard,” which lists up an arbitrary number
of representative frames from the video as thumbnail images. REFERENCES
The interface proposed in this paper could be considered as ? .
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