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Abstract

This paper proposes a novel framework for semantic in-
dexing and retrieval in digital video. The components of the
framework are probabilistic multimedia objects (multijects)
and a network of such objects (multinets). The main contri-
bution of this paper is a novel application of a factor graph
framework to model the interactions in a network of multi-
jects (multinet) at a semantic level. Factor graphs are sta-
tistical graphical models that provide an efficient framework
for exact and approximate inference via the sum-product al-
gorithm. Incorporating the statistical interactions between
the concepts using factor graphs enhances the detection
probability of individual multijects and provides a unified
framework for integrating multiple modalities and supports
inference of unobservable concepts based on their relation
with observable concepts. Our experiments reveal signifi-
cant performance improvement using the inference on the
factor graph models.

1. Introduction

The most prominent research in video indexing and re-
trieval has traditionally focussed on the paradigm of query-
by-example (QBE) [12], [11], [2]. Query by keywords
(QBK) or key-phrases (preferably semantic) instead of ex-
amples has motivated recent research in semantic video in-
dexing. For this we need models which capture the repre-
sentation corresponding to these keywords. A QBK sys-
tem can support semantic retrieval for a predetermined set
of keywords and also act as the first step in QBE systems to
generate examples,some of which can be selected for further
queries. Thedifficulty in supporting semanticsliesin thegap
between low-level media features and high-level semantics.
Recent attemptsto addressthisinclude the work by Naphade
et a [7] which presents hierarchical hidden Markov models
for modeling the audio-visual signatures of events like ex-
plosion and Chang et a [1] who propose a modification to
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QBE using semantic visua templates.

In this paper we propose a statistical factor graph frame-
work which attempts to bridge the gap between low-level
features and semantic concepts and supports semantic in-
dexing and retrieval. It can aso support multiple modalities
and fusion of features at various hierarchica levels. Most
importantly, for the first time it takes into account the in-
teraction between concepts at various levels of hierarchy. It
does this by modeling the interaction between different con-
cepts and providing a mechanism to perform indexing of
concepts not observed directly in media. We thus convert
the indexing problem into a multimedia pattern recognition
problem. Factor graphs come as an elegant model to repre-
sent the stochastic relationship between concepts while the
sum-product algorithm provides an efficient tool to perform
learning and inference for the global model. Our resultsin-
dicate the promise of our framework which is flexible and
universal and provides a good basis for the future extensions
and improvements.

2 Proposed Framework

Users of video search engines are interested in retriev-
ing video clips using high-level concepts like Explosion in
a train. While such semantic queries are very difficult to
support exhaustively, they might be supported partially if a
model for the event explosion exists. User queriesmight sim-
ilarly involve concepts like sky, beach, car etc. Detection of
some of these concepts may be possible, while some oth-
ers may not be directly observable. To support such queries,
we proposed a probabilistic multimediaobject (multiject) [7]
which has a semantic label and which summarizesatime se-
guence of a set of features extracted from multiple media.
Multijects can belong to any of the three categories: objects
(car, man, helicopter), sites (outdoor, beach), or events (ex-
plosion, man-walking). The main contributions of this paper
is a framework which explicitly accounts for dependencies
between semantic concepts. Intuitively it is clear that the
presence of certain multijects suggests a high possibility of



detection of certain other multijects. Similarly some multi-
jects are less likely to occur in the presence of others. The
detection of beach boosts the chances of water, and reduces
the chances of detecting Indoor. It might also be possible
to detect some concepts and infer more complex concepts
based on the detected ones. Detection of human speech in
the audio stream and a face in the video stream may lead to
the inference of human talking. To integrate all the multi-
jects and model their interaction, we propose the multinet or
network of multijects. A conceptual figure of a multinet is
shown in Figure 1 with positive (negative) signs indicating
positive (negative) interaction.

Rocket launch

Audio, video and -+
closed captioning
el Coing)

Figure 1. A conceptual figure of a multinet.

3 Video segmentation and Feature Extraction

We now describe the preprocessing steps of segmenta-
tion, tracking and feature extraction. Unlike global analysis
in [7] we perform our analysis on the dominant regions in
video clips. For this we need to segment the video spatio-
temporally. The video clips are segmented into shots us-
ing the algorithm in [8]. We then use the spatio-temporal
segmentation in [12] for each shot to obtain regions homo-
geneous in color and motion. Dominant regions are then
tracked within the shot and labeled. All regions are labeled
by a single person choosing from a list of semantic labels.
Each region is then processed to extract a set of features
which characterize the visual properties including the color,
texture, motion, shape and edginess of each region. We ex-
tract the following set of features:

Color A linearized 3 channel HSV histogram is used, with
12 channelseach for H, S and V.

Texture Gray-level co-occurrence matrices (GLCM) of the
V' channel are computed using 32 gray-levels and at 4 ori-
entations: horizontal, vertical, diagonal and anti-diagonal.
From these four matrices, six statistical features, contrast,
energy, entropy, homogeneity, correlation and inverse differ-
ence moment [5] are computed.

Edginess To capture the edges within each region, a Sobel
operator with a3 x 3 window is applied to each region and
the edge map is obtained. Using this edge map an 18 bin
histogram of edge directionsis obtained asin [4].

Shape Moment invariants as in Dudani et a [3] are used to
describe shape of each region.

Mation The inter-frame affine motion parameters for each
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region tracked by the spatio-temporal segmentation algo-
rithm are used as motion features.

The feature vector has 84 components for sites (only color,
textureand edge features) and 98 componentsfor objectsand
events.! Audio features are extracted asin [9].

4 Modeling semantic concepts using Multi-
jects

We use an identical approach to model conceptsin video
and audio (independently and jointly). The following site
multijects are used in our experiments. sky, water, for-
est, rocks and snow. (Results on audio-based multijects
like human-speech, music are presented in [9] and those on
audio-visual multijects like explosion are presented in [7]).
Denoting the feature vector for the region j asX 4» wemodel
the concept as a binary random variable and define the two
hypotheses Hy and H; as

Hoif‘Npo(X‘) (1)

Hi: X; ~ Pi(X;)

where Py (X ) and P (X ) denote the probability density
functions condmoned on the null hypothesis (concept ab-
sent) and the true hypothesis (concept present). These condi-
tional probability density functionsare modeled using amix-
ture of Gaussian components for the site multijects. For ob-
jects and events (in video and audio), hidden Markov models
replace the Gaussian mixture models. Feature vectorsfor all
the frameswithin a shot constitute to the time series model ed
by the HMM 2. Using regions from 18000 frames for train-
ing and 94000 frames for testing, the detection performance
for the five site multijectsis givenin Table 1.

multiject Rocks | Sky | Snow | Water | Forest
Detection (%) 77 | 818 815 | 794 | 8.1
FaseAlam (%) | 241 | 119 129 | 156 | 149

Table 1. Maximum likelihood classification
performance for site multijects.

41 Frameleve semantic features

Since the multijects are used as semantic feature detectors
at aregional level, it is easy to define features at the frame
level by integrating the region-level classification. One prob-
lemisthat if more than one concept lies in a single segment

1Automatically finding the most important features for any classification
task isa problem in itself, which we do not address here.

2The modelsfor hypothesis H; used 5 gaussian components while those
for Hy used 10. The number of mixture components was fixed experimen-
tally and could be different for optimal performance. In genera models for
Hy are represented better with more components than those for H



and if the segment is classified as belonging to one of the
five multijects, we are losing information. To avoid this we
check each segment for each concept individually and obtain
probabilities of each concept being present or absent in the
segment. Imperfect segmentation thus does not hurt us since
mistakes made here can beincorporated as soft decisionsand
probabilistically corrected in the multinet. Let R;; denote a
binary random variable which takes value 1 when concept
is present in region 5 and value 0 otherwise. Assuming uni-
form priors on the presence or absence of a given concept in
any region and using the Bayes' rule we then obtain:

P(le _ 1|X’j) — _ P(X?"Rl] _ ;l)
P(Xj|Ri; = 1) + P(X;|Ri; = 0)(2)
A concept is present in the image (frame) if it is present in
any of the regions. Let us define binary random variables
F;, i € {1, N} (N is the number of concepts) which takes
on avalue of 1 if concept i is present in the current frame
and takes the value O otherwise. The operation which com-
bines information for each concept from all regions to give
information about F; isthe OR operation. Using the compact
notation X = {X1,..., X3/} (M isthe number of regions
in aframe) the conditional probabilitiesfor presence and ab-
sence of concepts at the frame level are computed as
j=M
P(F;=0\x) = [] P(Ri; =0[X)) ©)

j=1

P(F; =1|X) =1— P(F; = 0|X)
5 Factor graphsfor multijects

To model the interaction between multijectsin amultinet,
we propose to use a novel factor graph [6] framework. Fac-
tor graphs were initially successfully applied in the area of
channel error correction coding [6] and, specifically, iterative
decoding. Turbo decoding and other iterative decoding tech-
niques have in the last few years proven to be landmark de-
velopmentsin coding theory. The unsurpassed performance-
complexity tradeoff of iteratively decodable codes has led
to an explosion of work in this area. Before explaining
how factor graphs can be used to build a multinet we in-
troduce some necessary notation. Let x = {x1,22,..., 2y}
be a vector of variables. A factor graph visualizes the fac-
torization of a global function f(x). Let f(x) factor® as
f(x) = TI%, f:(x®), where x() is the set of variables of
the function f;. A factor graph for f is defined as the bipar-
tite graph with two vertex classes Vy and V,, of sizesm and
n respectively such that the ith node in V; is connected to
the jth node in V,, iff f; is afunction of z;. The variables

3The definition of multiplication and addition may be taken rather gen-
erally. For the precise algebraic properties that multiplication and addition
have to satisfy, see [6].
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may be from different alphabets as long as the functions f;
are properly defined.

Many problemsin signal processing and learning are for-
mulated as minimizing or maximizing aglobal function f(x)
marginalized for a subset of its arguments. The algorithm
which allows us to perform this efficiently, though in most
cases only approximately, is called the sum-product algo-
rithm.

51 Thesum-product algorithmin atree

In this section we provide an example of the sum-product
algorithm applied to a finite tree. A factor graph is a tree
if and only if there exists a unique path between any two
nodes. Suppose we are given the following factorization of
the probability density function defined over six variables:

f(x17x27a:37 51,52, 83) =

J1(s1) fa(s1,21) f3(s1,52) fa(s2, x2) [5(52, 53) f6(s3,23)

Suppose now that we are interested in the a posteriori
distribution of s; after observing the values x}, «4, 25 of
T1,T2,T3:

! ! !
P(s1,x1 =z}, 20 = 1,23 = x4) =

232,53 f(l’l = $§,I2 = $é7373 = 3«15;781, 82783)

These computations may be performed efficiently in a dis-
tributed manner using the following sum factorization®:

P(s1,m1 =z}, 22 =, 23 = 2}) =
= filsi)fa(s1, 21 = 29){>2,, fa(s1,52) fa(s2, 22 = 23)
{22, f5(s2,83) fo(s3, w3 = x3) }} 4

In Equation 4 two types of computations are performed:
multiplication of local functions and marginalization with
respect to local variables. First, f5 and fs are multiplied
producing the result which depends on s; and s3. Then this
result is summed over s3 to produce the function of s, only.
The process repeats for other variables. We can think of the
operations just described in terms of passing messages from
all nodes of the graph along the edges according to some
schedule. The messages are formed using the following sim-
ple rules: amessage from afunction node to a variable node
is the product of all messages incoming to the function node
with the function itself, marginalized for the variable associ-
ated with the variable node; a message from a variable node

4This factorization may represent a simple Hidden Markov Chain if
s1, 2, s3 are the hidden states and x1, x2, x3 are observations. Function
f1 isthe prior distribution of the initial state, functions f3 and f5 are con-
ditional distributions of the next state given the present state, functions fo,
fa and fe are conditional distributions of observations given the state.

5For an HMM interpretation this is the well-known forward-backward
algorithm for HMMs[10] and is an instance of the sum-product agorithm.



to afunction node is ssimply the product of all messages in-
coming to the variable node from other functions connected
to it. Further details about the sum-product algorithm are
foundin [6].

If afactor graph is not a tree, the sum-product algorithm
can still be used to perform an approximate marginaliza-
tion. Surprisingly, it is exactly the situation, where the sum-
product algorithm shows an excellent performance in many
signal processing applications. Thisis also a situation of in-
terest for the problem of semanticindexing of video sincethe
relations between concepts are complicated and, in general,
contain numerous cycles (e.g., see Figure 1).

5.2 Global factor graph

Our approach to video indexing isbased on constructing a
global graphical model which describes the probabilistic re-
lations between various multijects in the frame. We use the
five site multijects forest, sky, snow, rocks and water to clas-

sify each region and obtain fivelikelihoodsratiosfor each re-

; Prob(feature|observation) _ P(R;;=1|X;)
gion of theform Prob(nofeature|observation) ~ P(R;;=0|X;)"

The likelihoods for the features are fed into the determinis-
tic OR function to produce the likelihoods at the frame level
as explained before. Additionally, a global joint distribution
connectsthefeaturesin theframe. Thefactor graphin Figure
2 represents the factorization of the global probability den-
sity function defined over the set of local and global features
and observation vectors.

In general, the globa distribution function defines a
length-2™V probability mass vector. While this is obviously
the most general case, in practice, it may be undesirable to
estimate all 2V entries. Alternatively, we can only allow
nonzero two-factor termsin the global function (Each func-
tion hastwo variablesasitsargumentsand thereare C2¥ such
terms) thus reducing the complexity. This approachisillus-
trated in Figure 3. The potential problem in this case may be
the fact that the exact inference becomes hard as the num-
ber of variables grows (due to the loops in the graph). We
then apply iterative techniques based on the sum-product al-
gorithm to overcomethis.

The proposed factor graph framework provides an effi-
cient way to represent probabilistic and deterministic rela-
tions between concepts. In such scenarios the sum-product
algorithm provides us with a computationally efficient tool
for learning and inference.

6 Experimental Setup

We have digitized video data from movies of different
genres. For the site multijects we use as many as 18000
frames for training and 94000 frames for testing. We per-
form classification for each concept on each region and then
merge results at the frame-level using the OR function. The
regions in the training set images and the corresponding

0-7695-0695-X/00 $10.00 (c) 2000 IEEE

Joint distribution of
featuresin the frame

Framefeature

Deterministic
OR function

Region
features

Features'
likelihoods

Observations

Figure 2. Image segments (regions) are pro-
cessed independently by using multijects and
decisions are fused to obtain frame-level fea-
tures. Additionally, a global joint distribution
connects the features in the frame.
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Figure 3. A factor graph for a frame with the
joint distribution of features in the frame rep-
resented by two-factors only.

ground truth are used to train the multijects for the five con-
cepts. The decisions at region level are merged at the frame
level to obtain variables, F;.

7 Results

To evaluate the results we compare the detection per-
formance of the multijects with and without accounting
for the concept dependencies. The reference system per-
formsmultiject detection by thresholding soft-decisions(i.e.,
P(F;|X)) at the frame-level. The proposed system performs
detection by thresholding the feature distributions obtain us-
ing both the observations and the joint distribution function
of the features in the frame (which is obtained as a result of
iterative probability propagation in the factor graphs). We
use receiver operating characteristics (ROC) curves which
show aplot of the probability of detection plotted against the
probability of false alarmsfor different values of aparameter
(the threshold in our case).



Figure 4 shows the ROC curves for the overall perfor-
mance across al the five multijects. The three curves in
the ROC correspond to the performance using the reference
frame-level classification, afactor graph shown in Figure 2,
and a factor graph shown in Figure 3. Note, that in the last
case the factor graph is not atree and we perform an approx-
imate inference using the sum-product algorithm®. Clearly,

ROC curve for Overall performance
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Figure 4. ROC curves for overall performance
thereis significant improvement in detection performanceby
using the multinet than without using it. Thisimprovementis
especially stark for low Py. In fact the improvement is more
than 22 % for athreshold corresponding to Py = 0.1. What
is even more interesting is that the detector based on the fac-
torized function (Figure 3) performs better than the the one
based on the unfactorized function. This may suggest that
the factorized function is a better representative for the con-
cept dependenciesthan the one shown in Figure 2 due to the
fact that the factorized function is estimated morereliably (it
has less coefficients to estimate).

8 Conclusionsand Future Research

We propose a statistical factor graph framework for de-
tection of semantic concepts using multiple media. We show
that it is beneficial to account for the interaction between se-
mantic concepts. To this end we propose and implement a
multinet which enhances the detection accuracy for the con-
cepts significantly. We also demonstrate the power of itera-
tiveinference technique based on the sum-product algorithm
which can handle complex dependencies and cycles in the
graph. The multinet does not impose any conditions on the
choice of the classifiers used for detecting the conceptsinde-
pendently in the first phase and we can improve performance
by selecting better classifiersin the primary stage. Futurere-
search includes demonstrating the ability of the factor graph
multinet to seamlessly integrate multiple modalities at vari-
ous levels and to support inference of concepts (that are not

6\We set the number of iterations to be 10 which we found to be sufficient
from our experiments. The ROC curves are evaluated at 2000 threshold
values between 0 and 1
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directly observed in terms of media features) through their
interaction with those conceptswhich aremodeled using rep-
resentations in media features. Future research also aims at
modeling the temporal dynamics of the relationships using
dynamic multinets.
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