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ABSTRACT

We describe a new method to find and cluster reatikey-
places in a movie.
classification of shots that are taking place ie $ame
physical location (key-place). Our approach is Hasa
finding links between key-frames belonging to a sdwmy-
place. We use a probabilistic latent space model tie
possible match points between the image sets. dltia/s
extracting significant groups of local descriptoatahes that
may represent characteristic elements of a keyepl#c
preliminary test on a full-length movie gives a agnoition
rate of 78.0% on the key-places clustering.

learning problems. PLSA generative models are used
natural language processing and statistical teatyais to
discover topics in documents [5]. It is based an¢bncept

It consists of an unsupervisedf bag-of-words (bag-of-visterms in the visual diglto

describe the document (image). This approach has tw
drawbacks: polysemy (i.e. a single visterm that may
represent different scene content) agdonymy(i.e. several
visterms that may characterize the same image mdnte
Probabilistic latent space models have been prabdse
capture co-occurrence information between elemanta
collection of discrete data in order to raise thebguity of

the bag-of-words representation. In [2][3][11], geaof a
scene is represented by a local visterms distabut
denoted as topic (e.g. grass, roads, buildingsaiodd by

Index Terms— Scene categorization, scene matchingunsupervised learning. This is used to perform &cen

content-based indexing, descriptive video, vidempssing.
1. INTRODUCTION

The aim of this paper is to report about a new aggn to
detect and cluster recurrent locations in full-ngovies
using latent space modeling. In most movies, theykte is
taking place in a set of recurrent locations caleg-places.
Key-places carry important high level semantic infation
that can be useful to video indexing/retrieval &ztlons.
For instance, key-places identification is a venportant
element for the production of descriptive videosExgtive
video, also known as audiovision, is a narratiodeatito the
movie audio track to orally describe visual elerseiotr the
blind and seeing-impaired people. This industrgriswing
due to the imposition of regulations to increaseabdcasting
of programs with descriptive narration. The work pvesent
here is part of a larger project targeting the tgwment of
software tools for computer-assisted descriptidewi[4].

Automatic location recognition in movies is a compl
problem because of the various scene appearanes$odu
camera viewpoints, foreshortening, scale changetiapa
occlusion, lighting changes, etc. One approachtiaatbeen
proposed is based on the use of affine covarigiome ([7],
[12]). It uses multiple instances of an object irsteot in
order to enable object-based location identificatio

classification.

There is not much literature specifically regarding
classification of film shots in terms of similar yshcal
location. An interesting related work is the one of
Schaffalitzky and Zisserman [12] that addressegptbblem
of finding matches in a collection of images witispect to a
query image. They use local invariant descriptoosnfthe
wide baseline approach [7] which is a very timestoning
process.The invariant features alone are not discriminant
enough, which result in many mismatch&seir matching
method proceeds in three steps, each using inogdasi
stronger constraints: (1) matching, using “neighrbood
consensus”, (2) local verification of putative nies using
intensity registration and cross-correlation andsgni-local
and global verification where additional matches grown
using a spatially guided search. Those that aresistemt
with views of a rigid scene are selected usingqfitepipolar
geometry.

In this paper, we address classification of filmotshin
terms of similar physical location (key-place) kthsen a
Latent Dirichlet Allocation (LDA) approach [1]. EhLDA
is a new generative model derived from pLSA. It bagn
shown to be superior to pLSA because it can beiegppbd
documents that contain several topics and can gtner
documents not in the training corpus. We use LDAxact
significant matches distribution over the possiblatches

Another recent approach that is emerging uses theetween key images on a film. This generative model

concept of probabilistic Latent Semantic Analygit $A)
([2][3][11]) which generally addresses unsuperviseslial

provides a discrete discriminant analysis over hegc The
visterms are seen as a group of local descripbaisrhatch
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together. Visterms distribution is seen as part‘topic”
which is in fact a typical element representatiamf a scene
in a higher semantic level (Figure 1).

Visterms ditribution in topics

Figure 1. Principle of latent semantic analysis

The paper is organized as follows. Section 2 defitiee
general concept of our method. Section 3 descries
experiment settings and Section 4 presents oultsesu

2. METHODOLOGY
2.1. Image set representation
The construction of the bag-of-visterms (BOV) isndo
from a set of several key-frames extracted for eackie

shot. First, regions of interest (ROI) are autonzly
detected in the image with the difference of Gaussi

(DOG) point detector over which one computes loca

descriptors using the Scale Invariant Feature Toams
(SIFT) [6]. We use SIFT because it performs thet les
terms of specificity of region representation anbustness
to image transformations [8].

Second, in order to obtain a text-like represeotati
descriptors must be quantized. Unlike previous aegghnes,

of the entire image. Each image is divided intoesalsub-
images of different size (with or without overlapgy.

2.2. Generative model

Following the pLSA framework, we havsub-imagesas
documentsand we want to discovetopics as semantic
characteristics of locatione.g. cigarette shelves from a bar,
tapestry from a room, etc.) so that an image coimgi
instances of semantic characteristics of locattomaodelled
as a mixture of topics. The models are extractechfsub-
images by using theistermanalogue of avord, formed by
SIFT matching feature descriptors. Suppose a dalec

(corpus) of sub-image® = dl,,,,dND with visterms from a

visual vocabularyy =y . One can summarize the

1""VNV
data in a N, " N, co-occurrence table (BOV) of counts
h(d,)=n(d;,v,)- In pLSA, there is also a latent variable
co-occurrence data which associates an
class variablezi z =z,..,z, with each

model for

unobserved N

observation. A joint probability modé&(v,d)over N~ N
is defined by the following mixture

2

P(vid)=  P(z[d)P(v]2)

4z

(2)
pherep(v|z) are the topic specific distributions and each
image is modelled as a mixture of topi¢¥,z|d) . (See [5]
for a detailed explanation of the model) .

The LDA is a corpus generative model [1]. Documents
are represented as random mixtures over latentgopihe

framework treats the topic mixture weights as sakameter
hidden random variableg() and places a Dirichlet prior on

we do not use a K-mean clustering for descriptothe multinomial mixing weights. The model paramstare

qguantization ([2][3][11]). Indeed, we do not wanb t
generalize a descriptor in order to avoid mismahektead,

we use K-nearest neighbour
descriptors belonging to different images to crette

visterms. A visterm is a set of local descriptdrattmatch
together. We callvocabulary the setV of all visterms.

Finally, the BOV representation is constructed from the
local descriptors according to

h(d) ={h(d}_,, . with R(D=rdy)  (y

wheren(d,v;) is the number of occurrences of vistexm

estimated using the maximum likelihood principlsjng a
set of training sub-imagd3. The optimization is conducted

(K-NN) between SIFTusing an alternative variational Expectation-Maxation

(EM) algorithm. By using an approximation inference
algorithm, these independent sub-images parametans
then be used to infer the document level paramételated

to g andz) of any sub-image, given its BOV representation
h(d).

3. IMPLEMENTATION

After an automatic shot transition detection stepe
summarize each shot in the film using few reprextem

in a sub-imagel and N, is the size of the visterm set. This frames (key-frames). To this aim, we use a simpéghod

representation contains no information about thatiap

relationships between visterms, the same way that t

standard bag-of-words text representation remdwesvbrd
ordering information. This is why we use sub-imaggead

proposed in [10] based on camera motion estimatmon
compute overlap between images. The final selecifahe

best set of images is seen as a shortest pathepmofsee
[10] for details). Small shots that are less tremftames in
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size are eliminated. SIFT descriptors are thenutatied for  Figure 2 shows examples of links for three key-ptain the
feature points found in the key-frames. film.

The next step consists in quantizing all those rigtscs
with a K-NN. A first NN algorithm is used to match
descriptors between two different images. Bad nescre
removed when their histogram intersection distaace
above 0.25 and when the distance to the first seard
neighbourd,  is above 90% of the distance to the second

nearest neighboud

snn

In order to avoid all descriptors to be matchedetbgr
and form a unique visterm, we divide our initialage set
into several random smaller sets of images (hdighges
size in our tests). Then we apply LDA on each BO&ated
with sub-images extracted from each subset of isalye
our tests, we use two sets of sub-images per imaape

from a grid decomposition. We use, ;... =w, .../3 and

h =hy.e/2 for the first set, and

'subimagé —

Wsubimage - Vvimage

These sub-images sizes are chosen to captureispasifal
characteristics that could refer to a location.sTrtition is
based on what is visually identifiable by a human.

The number of topics is a parameter we need tosehoo
for the LDA algorithm. The topic initialization idone by
assigning a random group of visterms from a doctrea
topic until the maximum number of topics is reached
when no more visterms are available. We set thérmanr
number of topics to six. False links usually appear in common similar visual

After the LDA application, we select the best doemtn Structure, like striated or squared structure. Thegy often
and visterms for each topic. When two of the sekbct composed of less than five visterms. Figure 3 shows
documents share more than three visterms, a tapicid ~ examples of false links.
formed. A further step is added to filter out wrdimks. It
consists in eliminating topic links for which viste SIFT
descriptor matches are not within the same rangscale
and direction variation.

/4 and Nyybimage = Mimage/ 3 for the second.

Figure 2. Links for “Amélie’s kitchen” class (top), “bar” cts
(middle) and “grocery” class (bottom). Matches iarevhite boxes.

4. TEST

We have tested our method on the French featuggHen
movie “Le fabuleux destin d’Amélie Poulain” from wh
we automatically extracted 1,223 shots and 1,56%- ke
frames. The four main places of the film are the(88% of  4.2. Shot clustering and key-places extraction
the shots), the neighbour's apartment (11%), Arglie

Figure 3. Examples of wrong links.

apartment (8%) and the grocery (4%). Grouping of key-frames belonging to a same keylac
performed by constructing a graph between shotgyusiks
4.1. Shot links extracted by the LDA. Clusters (sub-graphs) havenbe

identified using a spectral clustering algorithnj. [822 out
We have observed that very subtle good matchesbean of the 1,223 shots are considered as a part obbtige 35
generated between images using the first NN algorion  key-places defined in the Ground Truth (GT). Weleate
SIFT descriptors. The LDA approach is able to sajga the link performance by calculating, before spdctra
those subtle matches from the large number of reatch clustering, the rate of wrong links between shdtgtvgives
generated. In fact, LDA creates a link by making a8 %. The spectral clustering is set to extract bgemeous
discriminant analysis between trivial matches (stgaight clusters but may produce too much clusters. 32hef35
lines) and those that refer to a specific descriptoucture.  key-places in the GT are represented in one orrakve
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clusters. For each key-place, we evaluate the Rutimy resolve this problem in part by separating locatiopics
Rate (RR) and the False Alarm (FA) rate. Table dwsh from face topics using information derived from acd
measures for the four top places in the movie. @&@lcan detector previously applied to the movie.

be represented by several key-places (e.g. kitciueth In conclusion, we have presented the first reqilesnew
bedroom for Amélie’'s apartment). Amélie’s apartmént method to automatically cluster recurrent key-page a
represented by five clusters in the GT. movie. It is based on a probabilistic latent spacglel over

the possible local descriptor matches betweenahefkey-

Places | # Shotg RR|  # Clustgrs# Clusters| Top Cluster| FA frames of the movie shots. The method is able tipaeix
GT Obs. RR groups of significant matches that may represesgrantic

Total 822 | 078 35 131 047 | 001 characteristic relative to a key-place.

Bar 239 0.87 L 32 047 At this early point, the approach gives promisin

Napart| 129 | 081 1 21 0.16 y point, _app g promising

A apart 94 0.68 5 29 0.27 o.01 results. Future work will consist in parameter pyptiation

Grocery| 53 0.84 2 6 0.82 o| through additional tests on a large bank of vidauod on the

Table 1. Performance measures. “# Shots” is the number atssh addition of pre-processmg .steps. I'n another ap‘pd]q arga,
taken in a specific place. “# Clusters GT” is thember of key- we COl,Jld gxplmt the technlqug to |mprovg face @riag in
places identified in the GT for a specific placElusters Obs” is & Movie, since the LDA algorithm allows links beemeface
the number of clusters observed for a specificepl4€op Cluster ~Views which are difficult to extract with classicéce
RR %" is the recognition rate of shots within themdnant detection (e.g. in very close-up shots).

observed cluster for a given place.

The high number of clusters per class could beagxet in ACKNOWLEDGEMENTS
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