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ABSTRACT

This paper proposes a novel scheme for bridging the
gap between low level media features and high level se-
mantics using a probabilistic framework. We propose a
framework, in which scenes can be indexed at a seman-
tic level. The fundamental components of the frame-
work are sites, objects and events. Detection of pres-
ence of an instance of one of these influences the prob-
ability of the presence of instances within other classes.
Detection of instances is done using probabilistic mul-
timedia objects: Multijects. Indexing using Multijects
can handle queries posed at semantic level. Multijects
are built in a Markovian framework. Two ways of
butlding the Multijects from low level features fusing
features from multiple modalities are presented. A prob-

abilistic framework is also envisioned to encode the higher

level relationship between Multijects, which enhances or
reduces the probabilities of concurrent existence of var-
tous Multijects. An actual implementation is presented
by developing Multijects representing higher level con-
cept of "Ezplosion” and ”Waterfall”. The models are
evaluated by using the Multijects to detect explosions
and waterfalls in movies. Results reveal, that the Mul-
tijects detect the aforementioned events with greater ac-
curacy and are able to segment the video into scenes
which have explosions and waterfalls.

1. INTRODUCTION

Multimedia Indexing and Retrieval presents a challeng-
ing task of developing algorithms that fuse information
from multiple media to support queries. The state of
the art in content based video indexing and retrieval
techniques includes [1], [2] , [3]. While [3] is oriented
towards effective browsing support [1] uses various fea-
tures like color texture, shape and motion for video
indexing and retrieval. There has been work in index-
ing for specific domains [4],[5], limiting the scenario
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to broadcast news, basketball videos etc. There are
three approaches to the task of Video Indexing and
Retrieval. In the first, tools can be developed for fa-
cilitating browsing. In the second, queries based on
example are supported. The third broad category is
to provide tools for queries based on high level seman-
tics without providing the system with examples. In
the first scenario, the focus is on detecting shot bound-
aries, structure the video, cluster shots into story units
and present the user with hierarchical video along with
useful summaries [3]. The focus is to let the user have
a hierarchical picture about what goes on in the video
and leave it to the user to search based on this struc-
ture. In the second scenario, algorithms focus on defin-
ing a similarity measure for comparing a query video
with a database of target videos [6].

The third and final approach presents the most chal-
lenging problems of defining a system which will bridge
the gap between low level features and high level se-
mantics. This paper introduces early ideas, which fall
in the third category of domain independent video in-
dexing by providing a framework which supports in-
dexing and thereby retrieval at a semantic level. An
additional issue is the use of multiple media for index-
ing and retrieval. Recent work [7] uses video as well as
audio in an attempt to derive the structure of videos.
Recent work also proposes the use of closed caption
and video.In this paper we present a novel framework
for fusing multiple media i.e. video and audio for in-
dexing.

While each of the above three approaches are com-
plementary, there has been much work on structur-
ing and browsing. Video Retrieval based on similar-
ity goes a step further towards retrieval. However it
is not always feasible to search for the necessary clip
by browsing and examples may not be available that
can be used to search based on similarity. This there-
fore highlights the need for our approach which allows
the user to search a video database without browsing
or querying by example. The first step towards this
is to provide the user with a set of objects which are
searchable. The onus is then on the indexing engine to



process the videos in the database and segment them
using the objects in a menu. The user can then query
on any object, event or site from the menu. This is
the 1dea central to our work presented in this paper.
We propose a novel approach to multimedia indexing.
We combine low level features from audio and video
streams and develop multimedia objects or Multijects.

Multijects are probabilistic objects, which map low
level features to high level semantics. Indexing and re-
trieval 1s based on these Multijects. We illustrate this
approach by developing a Multijects for the events ” Ex-
plosion” and ” Waterfall”. The Multijects are then used
for indexing all videos in the database and segmenting
sections of videos which contain explosions and water-
falls. We develop Multijects and compare their perfor-
mance with single medium event detectors. It can be
seen from the results that the Multijects outperform
single medium based detectors by a considerable mar-
gin.

The paper is organized as follows. In section 1 we
present the Introduction. In section 2 we review exist-
ing video indexing techniques. In section 3 we present a
novel approach to indexing and retrieval which is based
on our concept of the Multijects. We also explain the
method of building Multijects. In section 4 we present
a scheme which will integrate Multijects and support
semantic queries. In section 5 we present results of
our current implementation. In section 6 we present
conclusion and directions for future research.

2. REVIEW OF EXISTING VIDEO
INDEXING TECHNIQUES

This section looks into the state of the art in domain
independent video indexing techniques. As mentioned
earlier all the current system fall in one of two broad
categories.

The first category involves the structuring of video
for efficient browsing and summaries. A central step
in most of these approaches is to segment the video
in terms of basic units called shots.A state of the art
high performance shot boundary detection algorithm
can be found in Naphade et al. [8]. After segment-
ing the video into shots, shots of similar content are
grouped together based on a set of rules to form story
units. Cluster of shots are categorized as dialogs etc.
The table of contents is then built based on this hier-
archical structure enabling efficient video browsing. To
facilitate browsing, summaries are also provided. Most
techniques for generating summaries are based on se-
lection of atypical frames in videos as representative
frames for shots.

The second category involves video retrieval based
on similarity between a query video and a target video.
This query by example approach can be seen in [1], [2]
and [6]. The video shot is characterized by a set of
features including color, texture, shape and motion in-

formation. Region segmentation and tracking is used
to enhance the performance. A database is then cre-
ated of these regions with homogeneous characteris-
tics. Queries are supported by example when the user
presents to the system a video which is processed. The
extracted features from the query are matched with the
ones in the database. A variation of this approach is
to compare the objects only found in key frames [3].
Compressed domain processing of video is popular in
both categories. While all the algorithms in the above
mentioned categories bring the user closer to what he
is searching for, they place restrictions. In the effi-
cient browsing paradigm, the user is unable to query
the database. In the video retrieval by similarity ap-
proach it is very difficult sometimes to find an example
which can be provided to the system, without which
the database cannot be searched. This therefore limits
the widespread use of video retrieval engines based on
similarity. Another concern is that similarity is hard
to define and quantify.

Neither of these approaches satisfies plain text based
query where a user wants to find something like a ” Car”
or a ”"Building”. The reason is, that there is a gap
between low level image and video features like color,
texture, shape, motion etc. and high level concepts
like ”Car”. While it is difficult to bridge this gap for
every high level concept, multimedia processing under
a probabilistic framework facilitates, bridging this gap
for a number of useful concepts.

3. MULTIJECTS: PROBABILISTIC
MULTIMEDIA OBJECTS

Having acknowledged the need for high level indexing
for retrieval, we now present a novel approach for the
same. The central theme to this approach is the con-
cept of Multijects or Multimedia Objects, which we
define as follows.

A Multiject has a semantic label and summarizes a
time sequence of low level features of multiple modal-
ities in the form of a probability. Examples of Mul-
tijects are “Person diving into water”, “Person ski-
ing”, “Bird flying”, “Aeroplane taking off”, “Rocket
Launch”, “Boat sailing”, “Explosion”, “Waterfall”,
“Beach”, “Indoor”, “Gunshot”, “Outdoor”, “Sunset”,
“Desert”, “Snow Clad Mountains” etc. A Multiject
has three main aspects. The first aspect is the seman-
tic label, such as the ones in the list above. Later on
in this paper, we implement a Multiject for the event
”Explosion”. Indexing is thus done, done by noting
the segments of videos where such a Multiject occurs.
During retrieval, all the video shots which are labeled
with ” Explosion”, can be viewed.

The second aspect of a Multiject is, that it sum-
marizes a time sequence of low level features. In this
first system, this scope of summarization is one shot.
Because the multiject can model an event in the media



streams, and is associated with a label, the Multiject
maps the low level features to this high level semantic

label.

The detection of a certain Multiject can increase or
decrease the probability of occurrence of other Multi-
ject. For example if the Multiject ” Beach” is detected
with a very high probability, then the probability of
occurrence of the Multiject ”Yacht” or the Multiject
”Sunset” increases. This is the third aspect of Multi-
jects, 1.e. their interaction in a network.
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Figure 1: A Multiject

3.1. Multinets

We propose the multinet (multiject network) as a way
to represent higher-level probabilistic dependencies be-
tween multijects. Fig. 2 shows an example of a multi-
net. In general, all multijects derive probabilistic sup-
port from the observed multimedia data (directed edges),
as described in the previous section. The multijects are
further interconnected to form a graphical probability
model associating a real valued weight with each undi-
rected edge in the graph. The weight indicates to what
degree two multijects are correlated a priori (before
the data is observed). In Fig. 2, plus signs indicate the
multijects are correlated a prior: whereas minus signs
indicate the multijects are anticorrelated.

A plus sign on the connection between the bird mul-
tiject and the waterfall multiject indicates that the two
multijects are somewhat likely to be present simultane-
ously. The minus sign on the connection between the
bird multiject and the underwater multiject indicates
that the two multijects are unlikely to be present si-
multaneously. The graphical formulation highlights in-
teresting second-order effects. For example, an active
waterfall multiject supports the underwater multiject,
but these two multijects have opposite effects on the
bird multiject. After obtaining robust multiject mod-
els, we will use labeled multimedia data to estimate the
weights of the multinet using the generalized expecta-
tion maximization algorithm [9],[10]
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Figure 2: A Multinet: Multijects are combined in a

network that captures the co-occurrence probabilities
of multijects.
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3.2. Building a Multiject

Having described various aspects of a Multiject, we now
propose a scheme to build Multijects using low level
features and a graphical probabilistic framework. We
propose modeling each modality in a Multiject with a
hidden Markov model [11] or a gaussian mixture model.
For video we use the histogram and its variations to
generate our feature set. The features used in video
include the three channel linearized color histogram.
Histograms are obtained in the HSV color space since
it is perceptually closer to human vision discrimination
for color objects. To trap information about the gra-
dient, the difference in the three channel histogram is
also used as a feature set. This is done by obtaining the
difference between the histograms of successive image
frames. The video feature set is 48 feature long with
24 features from the three channels with eight features
from each channel and 24 features from the difference
of the histograms of successive frames. This 48 features
comprise the video feature vector. The audio features
were calculated using a 20 bin filter bank with evenly
spaced bins in the range from 0 to 22kHz. Features
were computed at 20 millisecond intervals. Having ob-
tained these two feature vectors for the two media, we
propose two approaches to combine the features from
multiple modalities to come up with the Multiject.

3.3. First approach Hierarchical Hidden Markov
Models (HHMMs)

For our initial experiment, we chose to build Multi-
jects for ”Explosion” and ” Waterfall”. We first inde-
pendently train a Hidden Markov model based on the
feature vectors of the video stream and another based
on the feature vectors of the audio stream. The Video
and Audio HMMs for the ”Explosion” Multiject has
3 states while the Waterfall HMM has only 1 state.
The training set data was labeled independently for



the audio and video and the HTK Toolkit was used for
training the models. After training the Video HMM
and Audio HMMs independently, we obtained a video
HMM and an audio HMM. The Viterbi algorithm was
then used to find the best possible state sequence given
the trained HMMs and the feature vectors for both
the audio and the video. The optimal state sequences
found by the Viterbi algorithm in the video and audio
are then used as the input to a supervisor HMM. The
supervisor HMM fuses the modalities. Its observations
are the states of the media HMMs i.e. the Audio and
Video HMMs. Since the observation rate of the video
and audio are not the same, the state of the media
HMMs are sampled at a fixed rate to produce the ob-
servation sequence for the supervisor HMM. The super-
visor HMM was then trained and after being trained,
it is this supervisor HMM along with the media HMMs
which emits the probability of the occurrence of a Mul-
tiject. While the labeling of the audio is done without
reference to the video and similarly for the video, the
labeling for the supervisor HMM was done by taking
into account the multi-modality and by observing the
beginning and end of the occurrence of a given Multi-
jects in the joint audio-visual data.

The supervisor HMM encodes the correlation of
states in the two modalities. Thus this is a fast greedy
bottom up algorithm which results in a an accurate
approximation of the Multiject occurrence probability.

Figure 3: (a) Heirarchical Multiject: The state se-
quence withing the dotted box represents the supervi-
sor HMM sequence. (b) Event Coupled Hidden Markov
Model

3.4. Event-coupled hidden Markov models

Another approach to using the time relations of events
in the audio and video streams, that relate to the same
physical event, is to model the temporal constraint ex-
plicitly. This is the motivation behind Event-coupled
hidden Markov Models. In this approach the same me-
dia models are used as in the former approach, how-
ever, instead of using the states of the media hmms

as observations for a supervisor HMM, we model the
distribution of the time difference of transition into the
first state of the respective models. In other words, we
model the time difference of the onset of the events.
Figure 3 (b) shows a graphical representation of the
ECHMM. In exchange for not modeling coupling that
takes place after the onset of each event, we gain the
ability to perform exact inference.

A graphical model that describes event-coupled au-
dio and video HMMs is shown in Figure 3 (b). The
observation sequence and the state sequence for audio
are {zft,... 24} and {s{',..., s4,} respectively while
those for the video are {=},...,zk} and {s},... sk
Notice that the the two modalities may be sampled at
different rates. In order to determine if an event occurs
in a video sequence, we calculate the log probability ra-
tio between the event model and an anti-event model.
This is similar to what is done in some word spotting
schemes. A more detailed discussion of ECHMMs and
results of using them can be found in [12].

4. RESULTS

In this section we present early results of the supervisor
type Multiject and demonstrate the accuracy of the
Multijects over a testing set. Results for the ECHMMs
have been reported in [12]

Our dataset consisted of 33 video clips, 19 of them
containing explosion of different kinds and 14 contain-
ing waterfalls. There are in all 52 explosions contain-
ing over 6745 frames and 27 waterfalls containing over
7704 frames. The total dataset consists of several thou-
sand frames with and without explosions and water-
falls. Some sequences were not usable for training the
audio HMMs (because of music and other editing ef-
fects) and vice versa. The training and testing sets
for the supervisor HMM was an intersection of the us-
able audio and video sets. In addition to the above
mentioned explosion and waterfall Multijects, we also
trained Multijects that modeled non-explosion and non-
waterfall segments. These models serve to refine the
boundary in the feature spaces between event and non-
event.

In order to test the performance of our multijects,
we divided our data set into a training set of 16 ex-
plosion, and 16 waterfall sequences, and and a testing
set of 13 explosion and 9 waterfall sequences. The per-
formance is determined by the temporal overlap of the
automatic segmentation over a hand labeled ground
truth. Thus the first row in Table 1 shows that 94.38%
of the automatic labeling in segments hand labeled as
explosion, were correctly classified, 0.11% were classi-
fied as waterfalls, and so on.

From the results we can see the benefit of combining
multiple media, and of the Multiject based approach of
video indexing and retrieval.

The inferior results of the single media stem partly



explosion| waterfall| anti- anti-
explosion | waterfall
explosion| 94.38 0.11 5.52 0.0
waterfall| 0.0 86.12 0.0 13.88

Table 1: Confusion matrix for waterfall and explosion
for Multiject.

explosion| waterfall| anti- anti-
explosion | waterfall
explosion| 84.58 0.0 15.42 0.0
waterfall| 0.0 75.48 0.0 24.52

Table 2: Confusion matrix for waterfall and explosion
for video.

from the fact that the ground truth for the combined
modalities is not exactly the same as for the individual
media. This is especially true for audio, where, for ex-
ample explosion rumble can be heared after the initial
visual flash. However, it is the combined ground truth
that is important. This in fact highlights the need for
a multiple media based indexing approach.

5. CONCLUSIONS AND FUTURE
RESEARCH

In this paper we introduce a novel approach to video in-
dexing and retrieval using probabilistic multimedia ob-
jects or Multijects. Multijects have been developed for
the events of " Explosion” And ” Waterfall” using global
features in audio and video. We propose two new algo-
rithms for fusing multiple modalities and observe that
both outperform individual modalities based detectors.
A set of such multijects can be developed and a menu
can be provided to the user from which any of the ob-
ject or event or site can be searched on all the database
videos. We have successfully demonstrated their power
in semantic video indexing and retrieval where the onus
is placed on the indexing end and retrieval can be fast.
We also have presented the concept of a network of mul-
tijects called a multinet and the power of multijects and
multinets for automatic semantic indexing. We hope to

explosion| waterfall| anti- anti-

explosion | waterfall
explosion| 55.54 0.07 44.06 0.34
waterfall| 0.0 86.12 41.67 11.98

Table 3: Confusion matrix for waterfall and explosion
for audio.

increase the effectiveness of this approach by develop-
ing more multijects and also a multinet. Towards this
end we plan to incorporate more features in our feature
vector, include region segmentation to enhance the per-
formance of multiject creation process for more difficult
multijects. We plan to develop a complete framework
for video indexing and retrieval based on the concept of
multijects and multinets and our early results are very
encouraging. By doing this we bridge the gap between
low level features and high level semantics and present
a dynamic and powerful tool for video indexing.
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