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This paper reviews key attributes of newral processing essential
to intelligent multimedia processing (IMP). The objective is to
show why neural networks (NN's) are a core technology for
the following multimedia functionalities: 1) efficient representa-
tions for andiovisual information, 2) detection and classification
techniques, 3) fusion of multimodal signals, and 4) multimodal
conversion and synchronization. It also demonstrates how the
adaptive NN technology presents a unified solution to a broad
spectrum of multimedia applications. As substantiating evidence,
representative examples where NN’s are successfully applied to
IMP applications are highlighted. The examples cover a broad
range, including image visualization, tracking of moving objects,
image/video segmentation, texture classification, face-object detec-
tion/recognition, audio classification, multimodal recognition, and
multimodal lip reading.
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i. INTRODUCTION

Multimedia technologies will profoundly change the way
we access information, conduct business, communicate,
educate, learn, and entertain [21}, [95], [142]. Multimedia
technologies also represent a new opportunity for research
interactions among a variety of media such as speech,
audio, image, video, text, and graphics. As di gitization and
encoding of image/video have become more affordable,
computer and Web data base systems are starting to store
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voluminous image/video data. Consequently, a massive
amount of visual information on-line has come closer to
a reality. It promises a quantum elevation of the level of
tomorrow’s world in entertainment and business. As data-
acquisition technology advances rapidly, however, we have
now substantially fallen behind in terms of technologies for
indexing and retrieving visual information in large archives.

A. Challenges of Multimedia Information Processing

Consider only a small sample of the challenging prob-
lems:

« how to find some desired pictures from a large archive
of photographs;

« how to search a specific clip from a video archive
consisting ol tons of tapes;

+ how to support visual-based interactive learning sys-
tems servicing a broad spectrum of customers includ-
ing homemakers, students, and professionals;

« how to create and maintain muitimedia data bases
Cépable of providing information in multiple medias,
including text, audio, image, and video.

For example, it would be desirable to have a tool that
efficiently searches the Web for a desired picture (or video
clip) and/or audio clip by using as a query a shot of mul-
timedia information [139], [152]. Nowadays, some popular
queries might look like: “Find frames with 30% blue on
top and 70% green in bottom™ oOr “Find the images or clips
similar to this drawing.” In contrast to the above similarity-
based queries, it was argued that a so-called “subject-based”
query [152} might be more likely to be used by users,
e.g., a query request such as “Find Reagan speaking to the
Congress.” The subject-based query offers a more user-
friendly interface but it also introduces a greater technical
challenge, which calls for advances in two distinctive
research frontiers [21].

» Computer networking technology: Novel communica-
tion and networking technologies are critical for a
multimedia data base system to support interactive dy-
namic interfaces. A truly integrated media system must
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connect with individual users and content-addressable
multimedia data bases. This will involve both logical
connection {o support information sharing and physical
connection via computer networks and data transfer.

s Information processing technology: To advance the
technologies of indexing and retrieval of visual infor-
mation in large archives, multimedia content-based in-
dexing would complement well the text-based search.
On-line and real-time visual information retrieval and
display systems would provide popular services to
professionals, such as business traders, researchers, and
librarians, as well as general users, such as students and
homemakers. Such systems must successfully combine
digital video and audio, text animation, graphics, and
knowledge about such information units and their
interrelationships in real time.

This paper mainly. addresses emerging issues closely
related to the research frontier on information-processing
technology.

As speech, image, and video are playing increasingly
dominant roles in multimedia information processing,
content-based retrieval has a broad spectrum of applica-
tions. Quick and easy access of large speech/image/video
data bases must be incorporated as an integral part of many
near-future multimedia applications. Future multimedia
technologies will need to handle information with an
increasing level of intelligence, i.e., automatic extraction,
recognition, interpretation, and interactions of muliimodal
signals. This will lead to what can be called intelligent
multimedia processing (IMP) technology.

Indeed, the technology frontier of information processing
is shifting from coding (MPEG-1 [100], MPEG-2 [101],
and MPEG-4 [102]) to automatic recognition-—a trend
precipitated by a new member of the Moving Pictare
Experts Group (MPEG) family, MPEG-7 [103], [104],
which focuses on “multimedia coatent description inter-
face.” Its research domain will cover techniques for object-
based tracking/segmentation, pattern detection/recognition,
content-based indexing and retrieval, and fusion of multi-
modal signals. For these, neural networks can offer a very
promising horizon.

B. Why Neural Processing for Multimedia Applications

The main reason why neural networks (NN's) are per-

ceived as a critical core technology for IMP hinges upon
their adaptive learning capability, [3], [66], which enables
machines to be taught to interpret possible variations of
the same object or pattern, e.g., scale, orientation, and
perspective, More specifically, they have the following
attributes.

« Neural networks offer unsupervised clustering (ie.,
no specific target label/response is provided for any
input) and/or supervised learning mechanisms (the
input and corresponding target label/response are both
given) for recognition of objects that are deformed
or with incomplete information. Ultimately, a neural
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information engine can be “trained” to see or hear,
to recognize objects or speech, or to perceive human
gestures.

o Neural networks are powerful pattern classifiers and
encompass many similarities with statistical pattern-
recognition approaches. They appear to be most pow-
erful and appealing when explicit a priori knowledge
of underlying probability distributions is unknown.
By their training by example property, neural network
classifiers may be properly trained to provide outputs
that nonparametrically approximate a posteriori class
probabilities {123].

e Neural petworks offer a universal approximation ca-
pability, ie., they are able accurately to approximate
unknown systems based on sparse sets of noisy data.
In this context, some newral models bave also ef-
fectively incorporated statistical signal-processing and
optimization techniques.

e Temporal neural models, which are specifically de-
signed to deal with temporal signals (see Section 11-D),
further expand the application domain in multimedia
processing, particularly audio, speech, and audio-visual
integration and interactions.

+ A hierarchical network of neural modules will be vital
to facilitate a search mechanism used in a voluminous,
or Web-wide, data base. Typically, a tree network
structure would be adopted so that kernels that are
common to all the models can be stored as the root
of the tree. The leaves of the tree would correspond
to the individual neural modules, while the paths from
oot to lcaf correspond to the kernels involved.

Consequently, neural networks have recenily received

increasing attention in many multimedia applications. Here,
we list just a few examples:

a) human perception: facial expression and emotion cat-
egotization [125], human color perception [130], mul-
timedia data visualization {2], [124];

b) computer—human communication: face recognition
[83], lip-reading analysis [23], [24], [30], [1121,
human—human and computer-human communication
[106];

¢) multimodal representation and information retriev-
ing: hyperlinking of multimedia objects [74], queries
and search of multimedia information [91], three-
dimensional (3-D) object representation and motion
tracking [138], image sequence generation and ani-
mation [94].

More concrete application examples will be discussed in

the subsequent sections.

C. Focal Technical Issues Addressed in this Paper
This paper will focus on vital technical issues in the re-
search frontier on information-processing technology, par-
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ticularly those closely related to IMP. More specifically,
this paper will demonstrate why and how mneural net-
works are a core technology for efficient representations
for audio/visual information (Section 1I-A), detection and
classification techniques (Section II-B), fusion of multi-
modal signals (Section II-C), and multimodal conversion
and synchronization (Section H-D). Let us first offer some
motivations as well as a brief explanation of the key
technical points.

1) Efficient Representations for Audio/Visual Information:
An efficient representation of the information can facilitate
many useful multimedia functionalities, such as object-
based indexing and access. To this end, it is vital to have
sophisticated preprocessing of the image or video data.
For many multimedia applications, preprocessing is usually
carried out on the input signals to make the subsequent
processing modeling and classification tasks easier. [For
example, segmentation of two-dimensional (2-D) or 3-D
images and video for content-based coding and represen-
tation in the context of the MPEG or Joint Photographic
Experts Group standards]. The more sophisticated repre-
sentation obtained by preprocessing, the less sophisticated
classifier would be required. Hence, a synergistic balance
(and eventually interaction) between representation and
indexing needs to be explored.

An efficient representation of a vast amount of multime-
dia data can often be achieved by adaptive data clustering
or model representation mechanisms, which happen to
be the most promising strength of many weli-established
unsupervised neural networks, for example, self-organizing
feature map and principal component analysis (PCA) neural
networks. The evolution from conventional statistical clus-
tering and/or contour/shape modeling to these unsupervised
NN’s will be highlighted in Section II-A.

Some of these NN’s have been incorporated for various
feature-extraction, moving-object-tracking, and segmenta-
tion applications. lllustrative samples for such preprocess-
ing examples are provided in Section II-A.

2) Detection and Classification for Audio/Visual Data Bases:
As most digital text, audio, and visual archives will exist
on various servers all over the world, it will become
increasingly difficult to locate and access the information.
This necessitates automatic search tools for indexing and
access. Detection and classification constitute a very basic
tool for most search and indexing mechanisms. Detection of
a (deformable) pattern or object has long been an important
machine-learning and computer-vision problem. The task
involves finding specific (but locally deformable) patterns
in images, e.g., human faces. What are critically needed are
powerful search strategies to identify contents on speech
or visual clues, possibly without the benefit of textual
information. These will have important commercial appli-
cations including automatic teller machine access control,
surveillance, and video-conferencing systems.

Several static (e, no feedback connections are used
in the network and can only respond to each individual
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input one at a time without memory) supervised NN’s,
which are useful for detection and classification, will be
covered in Section II-B. Built upon these NN’s, many NN
content-based image search systems have been developed
for various applications. On the horizon are several promis-
ing tools that allow users to specify image queries by
giving examples, drawing sketches, selecting visual featares
(e.g., color, textuge, shape, and motion), and arranging the
spatio-temporal structure of features. Some exemplar NN
systems will be presented in Section HI-D. They serve to
demonstrate the fact that unsupervised and supervised NN
models are useful means for developing reliable search
mechanisms.

3) Multimodal Media Fusion. Combine Multiple Sources:
Multimedia signal processing is more than simply a collage
of text, audio, images, and video. The correlation between
audio and video can be utilized to achieve more efficient
coding and recognition. New application systems and thus
new research opportunities arise in the area of fusion and
interaction among these medias.

Humans perform most perception and recognition tasks
based on joint processing of the input multimodal data. The
biological NN’s of humans handle multimodal data through
visual, auditory, and sepsory mechanisms via some form of
adaptive-processing (learning/retrieving) algorithms, which
remain largely mysterious to us. Motivated by the nature
of biological NN processing, fusion NN models, combining
information from muliiple sensor/data sources, are being
pursued as a universal data-processing engine for multi-
modal signals. Linear fusion networks and nonlinear fusion
networks are discussed in Section [I-C.

Audio-visual interaction can be used for personal authen-
tification and verification. A visual/auditory fusion network
for such an application is discussed in Section [1-B.

4) Multimodal Conversion and Synchronization: One of
the most interesting interactions among different media
is that between audio and video In multimodal speech
communication, audio-visual interaction has a significant
role, as evidenced by the “McGurk effect” [96]. It shows
that human perception of speech is bimodal in that acoustic
speech can be affected by visual cues [rom lip movements.
For example, one experiment shows that when a person sees
a speaker saying /ga/ but hears the sound /ba/, the person
perceives neither /ga/ nor /ba/ but something close to /da/.
In a video-conferencing application, it is conceivable that
the video frame rate is severely limited by the bandwidth
and is by far very inadequate for lip-synchronization
perception. One solution is to warp the acoustic signal to
make it synchronized with the person’s mouth movements,
which will be useful for dubbing in a studio and other
nonreal-time applications. There are a class of temporal
neural models (i.e., feedback connections are used to keep
track of temporal correlation of signals) that can facilitate
the conversion and synchronization processes. Prominent
temporal NN models and popular statistical approaches will
be reviewed in Section II-D. In addition, an application
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example of audio-to-visual conversion will be presented in
Section HI-C1. Verbal communication has been efficiently
achieved by combining speech recognition and visual
interpretation of lip movements (or even facial expressions
or body language). As another example, an NN-based lip-
reading system via audio and visual integration will be
presented in Section II-C2. Other potential applications
include dubbing of movies, segmentation of video scenes,
and human—computer interfaces.

D. Organization of this Paper

Section I reviews some of the key NN’s and their
relationship with statistical pattern-recognition techniques,
then highlights their usefulness to IMP applications. Built
upon these NN models, exemplar IMP applications will be
illustrated in Section III. Last, some open technical issues
and promising application trends will be suggested in the
concluding section.

II.  NEURAL AND STATISTICAL APPROACHES
TO MULTIMEDIA DATA REPRESENTATION,
CLASSIFICATION, AND FUSION

We will discuss in this section a variety of statisti-
cal learning techniques adopted by NN’s. By these tech-
niques, machines may be taught automatically to interpret
and represent possible variations of the same object or
pattern. Some of these NN’s (e.g., self-organization fea-
ture map) can be perceived as a natural evolution from
traditional statistical-clustering and parameter-estimation
techniques [e.g., vector quantization (VQQ) and expectation-
maximization (EM)]. These NN’s can also be incorporated
into traditional pattern-recognition techniques (e.g., active
contour model) to enhance the performance.

A. Multimedia Data Representation

From the learning perspective, neural networks are
grouped into unsupervised learning and supervised learning
networks. Static features extraction is often inadequate for
an adaptive environment, where users may require adaptive
and dynamic feature-extraction tools. Unsupervised neural
techniques are very amenable for dynamic feature extrac-
tion. The self-organization feature map (SOFM) is one
representative of an unsupervised NN, which combines
the advantage of statistical data clustering (sach as VQ
and PCA) and local continuity constraint (as imposed
in the active contour model search). We will provide a
quick overview of these techniques and their application
examples in this section.

1) VO: K-mean and VQ commonly are used inter-
changeably. K-mean [37] can be treated as a special means
for implementing VQ [43]. K-mean and VQ classify input
patterns based on the nearest neighbor rule. Given a data
set V.= {v, | 2+ =1, N} to be grouped into K
representative patterns, Vo= (vl |7 =1, K} The
nearest neighbor rule for classifying a v is to assign it
the class associated with v/. K-mean and VQ have simple
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learning rules, and the classification scheme is straightfor-
ward Mathematically, the objective is to minimize

Eh; V)= h(v)lv, = vi]? (1)

where h,.(v,) = 1 for the members only (ie., v, i

closest to v, among all K members in V), otherwise

.
he(v;) = 0. Approximately, the criterion also leads to a
best compression in coding. It was shown that with an
unlimited number of patterns, the error rale is never worse
than twice the Bayes rate [37].

The K-mean algorithm [90] provides a simple mech-
apism for minimizing the sum of squared error with K
clusters. The fundamental K-mean and VQ learning rule
can be summarized as follows [85]:

Step 0) Given: A set of training data and K initial
cluster centroids.

Step 1) Cluster the training data using the centroids of
current iteration based on the (weighted) Eu-
clidean distance, as given in (1). If the average
distortion is small enough, quit.

Step 2) Replace the old centroids by the centroids of
clusters obtained in Step 1). Go to Step 1).

a) Application examples: Daugman [32] and Rice
[122] used the minimum Hamming distance rule for
classifying iris patterns and hand-vein structural patterns,
respectively. Pentland et al. [97], [113], [140] projected the
face images onto the eigenface subspace and determined
the classes of the input patterns by applying nearest
neighbor search using a Euclidean distance metric. In
[16], a VQ-like NN was applied for object recognition
by evidence accumulation. Cox et al. [31] proposed an
algorithm for face recognition called the mixture-distance
algorithm, which uses VQ to estimate both the true pattern-
generative process (the “platonic” process) and the process
that generates the vectors we ultimately observed (the
“observation” process). A recognition rate of 95% on a
data base of 685 individuals was reported.

2) EM Method: Tn the case of clustering data with known
parametric distribution without knowing the specific values
of distribution parameters, the EM method serves as a
powerful tool for estimating these distribution parameters
and thus results in the purpose of data clustering. The
EM algorithm is a well-established iterative method for
maximum likelihood estimation (MLE) [34], [150] and
for clustering a mixture of Gaussian distributions. While
the EM algorithm can be perceived as a soft version
(i.e., no hard decision on the data clustering) of thc VQ
algorithuns, it is more computationally intensive. It offers
several attractive attributes for IMP applications.

« It offers an option of “soft” classification.

+ Tt offers a “soft praning” mechanism. This is important

because features with low probability should not be

1247




allowed to have too much influence on the training of
the class parameters.

o It naturally accommodates model-based clustering for-
mulation.

It allows incorporation of prior information.

» The EM training algorithm yields probabilistic param-
eters, which are instrumental for media fusion. For
linear media fusion, EM plays a role in training the
weights on the fusion layer. This will be elaborated
on later.

Suppose the data in the set V.= {v; |7 = 1, -, N}
are independently identically distributed samples, with a
mixture-of-Gaussian (say, K Gaussians) type likelihood
function p(v;)

K
pvi)=> PO,)p(vi|©,) 2)
r=1
where ©,. represents the rth cluster and P(6),.) denotes the
prior probability of cluster 7. By definition, Zf\: L P(O,) =
1.

The most common clustering is via either a radial basis
function (RBF) or a more general elliptic basis function.
In the latter case, the component density p(v; | ©,) is a
Gaussian distribution, with the model parameter of the rth
cluster ©, = {1, %, } consisting of the mean vector and
full-rank covariance matrix.

By incorporating an additional entropy term for the
purpose of inducing the membership fuzziness [46], [154],
the EM algorithm can be interpreted as minimizing (with re-
spect to {0, h.(v,), Vi, r}) the following effective energy
function:

N b (vO)se (Vi e, S0) + 0w > ha(vi) log by (vi) - (3)

where $,.(b; .., 2.} denotes a weighted squared error
Se(by i, 5) = (b — )27 (b~ )T

where h,.(v;) denotes a “fuzzy” membership function de-
fined as the probability of v;’s belonging to the rth cluster
given a prior model, i.e., Pr(v; € ©, | v;,O).

There are two steps in EM iterations.

1) The E step involves searching the best cluster prob-
ability A, in order to optimize [/ while fixing the
model parameter © = {0, Vr}.

2) The M step involves searching the best model param-
eter © = {0, Vr}, which optimizes I, while fixing
the cluster probability h, (v;),Vi.

The fuzzy membership function can be derived as

h'r(vi) x G«—.s',.(vl,/t,,.7.‘3,)/ar (4)
and Zf‘:l h,(v;) = 1. The EM scheme can be seen as
a probabilistic (and more general) extension of JK-mean
clustering. In other words, K -mean clustering is a special
case of the EM scheme. [Note that (3) would be reduced
into (1) when oy approaches zero]l. By examining (4),
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this leads to a hard-decision clustering (i.e., with cluster
probabilitics equal to either one or zero). This demonstrates
that o plays the same role as the temperature parameter in
the simulated annealing method. By the same token, it is a
common practice to use some sort of annealing temperature
schedule, i.c, starting with a higher o and then gradually
decreasing op to a lower value as iterations progress.

a) Application examples: EM has a broad range of
applications. The data set V used in EM could be in-
pui-output training pairs in supervised learning or input
data in unsupervised learning [154]. When the EM it-
eration converges, it is ideal to yield the MLE of the
data distribution. For image and multimedia applications,
EM has been reported to deliver excellent performance in
several image-segmentation applications [39], 78], [115],
{146]. An application example for motion-based video
segmentation will be discussed in the Section I1I-A4.

3) Active Contour Model: The Snake Algorithm: The
snake algorithm is another way of searching a small set of
representative data with distinctive characteristics among a
large set of potential candidates. The original snake models
were first introduced by Kass et al. [01]. A snake is an open
or closed elastic curve represented by a set of control points.
Finding contours of distinct features (specified by the user’s
a priori in an energy formutation) is done by deforming and
moving the elastic curve gradually from an initial shape
residing on the image toward the positions where distinct
features are to be extracted. This deformation process is
guided by iteratively searching for a nearby local minimurmn
of an energy function, which consists of the internal energy
(a smoothness constraint of the snake curve: tension and
bending) and the external energy that indicates the degree
of matching for features (such as high image intensity for
bright regions or large gradient strength for edges).

Mathematically, a snake is a deformable curve whose
shape is controlled by the internal spline energy (smooth-
ness constraint imposed on the curve) and the external
feature energy (defined by the distinct features). More
specifically

N

Esnake — Z(Ein(,(w =+ EP*{t(‘)) (5)

i=1

B (i) = o vi — V;71t12 o+ B[ Vi = 2vi V;+1HZ (6)

where N is the number of snake points, v, = (z,,v,) is a
coordinate of the +th snake point, c; is a constant imposing
the tension constraint between two adjacent snake points, J;
is a constant imposing the bending constraint among three
neighboring snake points, and Fey(4) is usually some sort
of image gradient function if edge detection is the goal.

In a 2-D application, the following equations [61] were
iteratively solved to find a local minimum of the snake
energy function given in (5):

Ax+f.(x,y)=0
Ay +f,(x.¥y)=0 (D
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where the pentadiagonal matrix A, whose band is a func-
ton of « and {4, imposes constraints on the relation-
ship among five neighboring snake points; vectors x —
[, -, any]" and y = [y, yy]? are coordinates of
N snake points, and vectors f,.(x,y) and t,(x,y) denote
the partial derivatives of external epergy on each snake
point, i.e., ful(wi,y;) = OFow(x,,4,)/0x and f,(z,,v.) =
OB e (i, y:) [ Oy

The formulation of a “good” external energy function
is difficult because real-world images are often too noisy
and/or too complex to expect low-level image-processing
techniques to generate a usable energy profile. Thanks to
its nonlinear mapping and generalization capability, the
feed-torward multilayer neural networks [86], {126], [127]
can be used to generate systematically the external energy
profile through data training [25].

a) Application examples: The snake algorithms have
been widely used in many signal/image applications. More
specifically, in [61], the original snake model is used to
track the movements of the human mouth. In [76], a snake
model is combined with a Euclidean distance transform to
simulate the grass-fire transform for shape description. In
[40] and [61], a stereo energy is used in a snake model
to improve the detection of the matched features. In [155],
lines of fingerprint images arc extracted by interpolating
global curves from short splines through a 2-D tangent field.
In [135], a Kalman filter is used with a snake model to
track the dynamics of a moving object. The active contour
model incorporated with “balioon force” can also be used
to radially push outward the contour nodes and can serve as
a good mechanism for tracking the 2-D heart contour frame
by frame [49]. A slight modification of the balloon tracking
by considering region-based external force has also been
proposed [65].

4) SOFM: The basic idea of constructing an SOFM is
to incorporate into the competitive learning (clustering) rule
some degree of sensitivity with respect to the neighborhood
or history. This provides a way to avoid totally unlearned
neurons and helps enhance certain topological property
that should be preserved in the feature mapping (or data
clustering).

Suppose that an input pattern has n features and is
represented by a vector x in an n-dimensional pattern
space. The network maps the input patterns to an output
space. The output space in this case is assumed to be one-
dimensional or 2-D arrays of output nodes, which possess
a certain topological order. The question is how to cluster
these data so that the ordered relationship can be preserved.
Kohonen proposed to allow the centroids (represented by
output nodes of an SOFM) to interact laterally, leading to
the SOEM [63], [64], which was originally inspired by a
biological model.

The most prominent feature is the concept of excitatory
learning within a neighborhood around the winning neuron.
The size of the neighborhood slowly decreases with each
iteration. A version of training rule is described below.
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1y First, a winning neuron is selected as the one with
the shortest Euclidean distance (nearest neighbor)

lix — w]

between its weight vector and the input vector, where
w, denotes the weight vector corresponding to the uth
output neuron.

2) Let 2 denote the index of the winner and let J*
denote a set of indexes corresponding to a defined
neighborhood of winner ¢*. Then the weights associ-
ated with the 'winner and its neighboring neurons are
updated by

Aw; = n(x — wj)

for all the indexes 5 € /" and 7 is a small posi-
tive learning rate. The amount of updating may be
weighted according to a preassigned “neighborhood
tunction” A(j,7%)

Aw,; = nA(j, ") x — wy) )

for all j. For example, a neighborhood function
A(j,4*) may be chosen as

A(y,4") = cxp(—[r] — 1‘7-]2/202) (9)

where r; represents the position of the neuron j in
the output space. The convergence of the feature map
depends on a proper choice of 17. One plausible choice
is that 7 = 1/t, where ¢ denotes the iteration number.
The size of neighborhood (or o) should decrease
gradually.

3) The weight update should be immediately succeeded
by the normalization of w;.

In the retrieving phase, all the output neurons calculate
the Buclidean distance between the weights and the input
vector, and the winning neuron is the one with the shortest
distance.

By updating all the weights connecting to a neighborhood
of the target neurons, the SOFM enables the neighboring
neurons to become more responsive to the same input
pattern. Consequently, the correlation between neighbor-
ing nodes can be enhanced. Once such a correlation is
established, the size of a neighborhood can be decreased
gradually, based on the desire of having a stronger identity
of individual nodes.

a) Application examples: There are many examples of
successful applications of SOFM’s. More specifically, the
SOFM network was used to evaluate the quality of a saw
blade by analyzing its vibration measurements, which ulti-
mately determines the performance of a machining process
[9]. The major advantage of SOFM’s is the unsupervised
learning capability, which makes them ideal for machine
health monitoring situations, e.g., novelty detection is then
possible on-line or classes can be labeled to give diagnosis
[45]. A good system-configuration algorithm produces the
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Table 1 Comparison Between Extractions ot PCA and ICA

COMPONCs extracted

principal component

super-Gaussian component

basic learning rule

wit) =+Bx(0y(t) — m()y(1)]

Aw(t) = 3V (8) — wityy(1)']

optimization function

output variance

single-output kurtosis

required performance and refiability with maximum econ-
omy. Actual design changes are frequently kept to a mini-
mum to reduce the risk of failure. As a result, it is important

to analyze the configurations, components, and materials of

past designs so that good aspects may be reused and poor
ones changed. A generic method of configuration evaluation
based on an SOFM has been successfully reported [105].
The SOFM architecture with activation retention and decay
in order to create unique distributed response patterns for
different sequences has also been successflully proposed for
mapping arbitrary sequences of binary and real numbers,
as well as phonemic representations of English words
[57]. By using a selective learnable SOFM, which has the
special property of effectively creating spatially organized
internal representations and nonlinear relations of various
input signals, a practical and generalized method was
proposed in which effective nonlinear shape restoration 18
possible regardless of the existence of distortion models
[44]. For many other examples of successful applications,
the interested reader may see, e.g., [29], {721, and {13 L]

5) Principal and Independent Components Analyses
(ICA’s). PCA provides an effective way 1o find
representative componenis of a large set of multivariate
data. The basic learning rules for extracting principal
components follow the Hebbian rule and the Oja rule
[111]. The PCA problem can be viewed as an unsupervised
learning network following the traditional Hebbian-type
learning. The basic network is one where the neuron is
a simple linear unit with

y(t) = wit) x(t). (10)

To enhance the correlation between the input x{#) and the
extracted component y(t), it is natural to use a Hebbian-
type rule

wit+ 1) = w(t) + fx(t)y(t). (L1)

The above Hebbian rule is impractical for PCA, taking
into account the finite-word-length effect, since the training

weights will eventually overflow (i.e., exceed the limit of

dynamic range) before the first component totally domi-
nates and the other components sufficiently diminish. An
effective technique to overcome the overflow problem is
to ensure that the weight vectors remain normalized after
updating, leading to the following Oja rule:

wit 4+ 1) = w(l) + Bx(Oy(t) = why(t)?] (12)

A lateral neural network (called APEX) was found useful
for the extraction of multiple principal components |33},
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[67]. The structure incorporates lateral connections into the
network. The structure, together with an orthogonalization
learning rule, helps ensure that the “orthogonality™ is pre-
served between multiple principal components. A numerical
analysis on their learning rates and convergence properties
have also been established.

ICA has played a prominent role in many comimunication
and signal/image-processing application domains [8], 1151,
[27]. It has recently received a lot of interest from the
neural-network community [{10]. Just like the PCA, the
output of an ICA network is meant for extracting an
independent component. A hybrid mixture is a mixture of
super-Gaussian, Gaussian, and sub-Gaussian independent
components (IC’s). It was shown in [69] and [7()1 that the
kurtosis of a single-output process y(t) = m?Tx has the
very desirable property that most extrema points correspond
to pure IC’s. In fact, all the positive local maxima (with
respect to negative local minima) can yield super-Gaussian
(resp. sub-Gaussian) IC"s from any mixture [69].

It is interesting to note that PCA and ICA can share a
learning network. For example, the APEX lateral network
could be used for either PCA or ICA. Table 1 summarizes
a comparison between extractions of PCA and ICA.

Briefly speaking, after prewhitening of the input x(t),
which yields a new observation space v, the following
learning rule [69]

Aw(t) = £[v(t)y* (1) = w(t)y(t)'] (13)

can be applied to extract super-Gaussian (via “+7 rule)
and sub-Gaussian (via “~"" rule) IC’s. (A numerical anal-
ysis indicated that renormalization of the weight vector
l|w = 1]| will be needed for sub-Gaussian extraction.) This
learning rule has a very similar appearance as the Oja rule
(12). The learning rule and an APEX-like orthogonalization
(deflation) technique form the basis of an ICA neural net-
work called kurtosis-based independent component network
(KuicNet). Some KuicNet application examples for real
speech/image data processing are presented in [70], and
its extension to blind deconvolution/equalization is found
i [35].

a) Application examples: TCA has recently found inter-
esting applications in signal processing (e.g., interference
removal, blind source separation, cocktail party problem)
and communication (e.g., blind deconvolution, multipath,
multichannel equalization) [8], [15]. PCA has been success-
fully applied in much broader signal/image processing and
compression applications. Due to space constraints, only
a few samples can be highlighted here For example, in
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Section 1II-A4, a motion-based video segmentation makes
use of PCA for initial clustering of the selected fea-
ture blocks. A PCA-based eigenface technique for a face-
recognition algorithm was studied in [7]. Its performance
was compared with the “Fisherface” method based on tests
on the Harvard and Yale face data bases.

The lip-reading system of Bregler and Konig [10], com-
bining both audio and visual features, adopted PCA to guide
the snake search (the so-called active shape models [28])
on grayscale video for the visual front end of their lip-
reading system. There are two ways of performing PCA.
The contour-based PCA is directly based on the snake-
searched points (form a vector using the searched snake
points and project into the fewer numbers of principal
components). The arca-based PCA is directly based on the
gray-level matrix surrounding the lips. Instead of reducing
the dimensionality of the visual features, as performed
by the contour-based Karhunen—Loeve transform, one can
also reduce the variation of mouth shapes by summing
fewer principal components to form the contours (with the
same dimension as the original features). It was concluded
that a gray-level matrix contains more information for
classifying visemes. Another attempt in the PCA-based lip-
motion modeling is to express the PCA coefficients as a
function of a limited set of articulatory parameters that
describe the external appearance of the mouth [81]. These
articulatory parameters were directly estimated from the
speech waveform based on a bank of (time-delay) NN’s.

B. Multimedia Data Detection/Classification

In many application scenarios, e.g., optical character
recognition (OCR), texture analysis, face detection, etc.,
many prior examples of a targeted class or object are
available for training, while the a priori class probability
distribution is unknown. These training examples may be
best exploited as valuable teacher information in supervised
learning models. In general, detection/classification based
on supervised learning models by far outperforms those
via unsupervised clustering techniques. (See Section III-
A3.) That is why supervised neural networks are generally
adopted for detection/classification applications.

1) Multilayer Perceptron (MLP): MLP is one of the most
popular neural network models. Usually the basis function
of each neuron (the perceptron) is the linear basis function,
and the activation is modeled by a sigmoidal function.
Structure wise, MLP is a spatially iterative neural network
with several layers of hidden neuron units between the input
and output neuron layers. The most commonly used learn-
ing scheme for the MLP is the back-propagation algorithm
[126]. The weight updating for the hidden layers adopts
the mechanism of back-propagated corrective signal from
the output layer. It has been shown that the MLP, given
flexible network/neuron dimensions, offers an asymptotic
approximation capability. It was demonstrated in [147] that
two-layer (one hidden only) perceptrons should be adequate
as aniversal approximators of any nonlinear functions.

KUNG AND HWANG: NFURAL NETWORKS FOR MULTIMEDIA PROCESSING

Let us assume an L-layer feed-forward neural network
(with N; units at the [th layer). Each unit—say, the +th unit
at the ([ + 1)th layer—recetves the weighted inputs from
other units at the {th layer to yield the net input w, (/ 4 1).
The net input value u,; (/- 1), along with the external input
0,;(1+1), will determine the new activation value a,;(/+1) by
the nonlinear activation function f;({4+1). From algorithmic
point of view, the processing of this multilayer feed-forward
neural network can be divided into two phases: refrieving

and learning.

a) Retrieving phase: Suppose that the weighis of the
network are known. In response to the input (test pattern)
{a;(0),2 =1, -+, No}, the system dynamics in the retriev-
ing phase of an L-layer MLP network iterates through all
the layers to generate the responding (retrieval) response
{a;(L),2 = 1,--+,Np} at the output layer

Ny
w4 1) = wiy (L Day (1) + 6,0+ 1)
=1
ai(l+1) = filw(l+1) = fil+1) (14)

where 1 < ¢ < Nygy, 0 < 0 < L —1, and f; is
nondecreasing and differentiable (e.g., sigmoid function
[126]). For simplicity, the external inputs {0,(/ + 1)}
are often treated as special modifiable synaptic weights
fw; o(L+ 1)}, which have clamped inputs ag(l) = 1.

b) Learning phase: The learning phase of this L-layer
MLP network follows a simple gradient descent approach.
Given a pair of input/target training patterns {a;(0),4 =
L~ No}, {t;, 7 =1,--+, Ny, }, the goal is to iteratively
(by presenting a set of training pattern pairs many times)
choose a set of {w,;(l), Vi} for all layers so that the
squared error function £ can be minimized

Nyp

1 N2
£= 13w 1s)

4

=1

To be more specific, the iterative gradient descent formu-
lation for updating each specific weight w;;(/) given a
training pattern pair can be written as

b :
— (16)

wij(1) == wi; (1) — ”/5;;‘”(”

where (OF)/(Ow;;(1)) can be computed effectively through
a numerical chain rule by back propagating the error signal
from the output layer to the input layer.

¢) Discriminative learning of MLP: The discriminative
learning of an MLP distinguishes itself from the traditional
back-propagation learning by adopting a different cost
function. The presence of the discriminative cost function
has a profound impact on the learning capability and
performance of the petwork and usually results in better
performance. The discriminative learning [60], [62] was
proposed specifically for pattern-recognition problems, aim-
ing at achieving a minimum classification error rate. Based
on a given set of training samples, the objective criterion is
defined by the classification rule in a functional form and is
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optimized by numerical search algorithms. Under the back-
propagation learning framework for an M -class recognition
task, the discriminant functions Ly W) = ai (L), 1 =
1,2, -, M}, which are the neural network outputs and
indicate the classification posterior probabilities (7 | x)
[123], are first calculated, where W denotes the parameter
set of the classifier (ie., the feed-forward network weights
{w,;(1)} in the Ith layer) and the training sample X is
known to belong to one of M classes. For each input x, the
classifier makes its decision by choosing the largest of the
discriminant furictions evaluated on x. A misclassification
measure for this data is then defined as follows

M <«

dilx) =~y W) | —— > g6 W) A7)

where ¢ is a positive number.

Finally, the minimum error objective is formulated as
a differentiable function of the misclassification measure.
More specifically, the error objective function Fj of the
kth class is defined as

Ep;(X;W) - E/;(d;,,(x)) = Ii—j:;g:, T >0 (13)
Note that a positive dj(x) leads to a penalty, which is a
count of classification error, while a negative dj,(x) implies
a correct classification.

Once the discriminative cost function is defined, the
learning process can be carried out in a straightforward
manner, ie., for each training datum belonging to the kth
class

IFy, 9
T (1) (42)

wii (1) == w,(l) -

Due to the popularity of MLP, it is not possible to
exhaust all the numerous IMP applications using MLP’s.
For examples, Sung and Poggio [134] used MLP for face
detection, and Huang [51] used it as preliminary channels in
an overall fusion petwork. More details about using MLP’s
for multimodal signal will be discussed in the audio/visual
processing section.

2) RBF and One Class in One Network (OCON): Another
type of feed-forward network is the RBF network. Each
peuron in the hidden layer employs an RBF (e.g., a Gauss-
jan kernel) to serve as the activation function. The weight-
ing parameters in the RBF network are the centers, widths,
and heights of these kernels. The output functions are the
linear combination (weighted by the heights of the kernels)
of these RBF’s. It has been shown that the RBF network
has the same asymptotic approximation power as an MLP
(16}

The conventional MLP adopts an all-class-in-one-
network (ACON) structure, where all the classes are lumped
into one supernetwork, The supernet has the burden ol
having to simultaneously satisfy all the teachers, so the
number of hidden units tends to be large. Empirical results
confirm that the convergence rate of ACON degrades

\
0 O O C

Fig. 1. (a) An ACON structure. (b) An OCON structure.

drastically with respect to the network size because the
training of hidden units is influenced by (potentially
conflicting) signals from different teachers [66].

In contrast, it is natural for the RBF to adopt another type
of the network structure, i.e., the one-class-in-one-network
(OCON) structure, where one subnet is designated to one
class only. The difference between these two structures
is depicted in Fig. 1. Each subnet in the OCON network
specializes in distinguishing its own class from the others,
so the number of hidden units is usually smail. In addition,
OCON structures have the following features.

« Locally, unsupervised learning may be applied to de-
termine the initial weights for individual subnets. The
initial clusters can be wrained by VQ or K-mean
clustering techniques. If the cluster probabilities are
desired, the EM algorithm can be applied to achieve
maximum likelihood estimation for each class condi-
tional likelihood density.

+ The OCON structure is suitable for incremental train-
ing, i.e., network upgrading upon adding/removing
memberships [66], {68].

o The OCON netwosk structure supports the notion of
distributed processing. It is appealing to smart-card
biometric systems. An OCON-type classifier can store
personal discriminant codes in individual class subnets,
so the magnet strip in the card only needs to store
the network parameters in the subnet that has been
designated to the card holder.

a) Application examples: In [13], Brunelii and Pog-
gio proposed a special type of RBF network called the
“HyperBF” network for successful face-recognition ap-
phications. In [87], the associated audio information is
exploited for video scene classification. Several audio fea-
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tures have been found to be effective in distinguishing audio
characteristics of different scene classes. Based on these
features, a ncural-net classifier can successfully separate
audio clips {rom different television programs.

3} Linear Fusion Network: A decision-based neural net-
work (DBNN) [68] has two variants: one hard-decision
model and a probabilistic model. A DBNN has a modular
OCON network structure: one subnet is designated to
represent one object class. For multiclass classification
problems, the outputs of the subnets (the discriminant
functions) will compete with each other, and the subnet
with the largest output values will ctaim the identity of the
input pattern.

a) Decision-based learning rule: The learning scheme
of the DBNN is decoupled into two phases: locally unsu-
pervised and globally supervised learning. The purpose is to
simplify the difficult estimation problem by dividing it into
several localized subproblems. Thereafter, the fine-tuning
process would mvolve minimal resources.

* Locally unsupervised learning: VQ or EM clustering
method: Several approaches can be used (o estimate the
number of hidden nodes, or the initial clustering can
be determined based on VQ or EM clustering methods.

— In the hard-decision DBNN, the VQ-type clus-
tering (e.g., K-mean) algorithm can be applicd
to obtain initial locations of the centroids.

abilistic (P)DBNN, the EM al-
gorithm can be applied to achieve maximum
likelihood estimation for each class conditional
likelihood density. (Note that once the like-
lihood denpsities are available, the posterior
probabilities can be easily obtained).

> Globally supervised learning: Based on this initial
condition, the decision-based learning rule can be
applied to further fine-tune the decision boundaries. In
the second phase of the DBNN learning scheme, the
objective of the learning process changes from max-
imum likelihood estimation to minimum classification
error. Interclass mutual information is used to fine-tune
the decision boundaries (i.e., the globally supervised
learning). In this phase, DBNN applies the reinforced-
antireinforced learning rule [68], or discriminative
learning rule [68], to adjust network parameters. Only
misclassified paiterns are involved in this training
phase.
b) Reinforced-antireinforced learning rules: Suppose
that the mith training pattern x‘) is known to belong
to class €; and that the leading challenger is denoted
§ = arg max;;¢(x"™), w;). The learning rule is

Reinforced Learning:
Wgrmr%l) _ W’E’HL) 4 'I]V(/)(X(m% W,i)
Antireinforced Learning:

mel ™m m
WE g Wf— ) — nVh(x! )7WJ'>.
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DBNN is an efficient neural
network for many pattern-classification problems, for ex-
ample, OCR and texture classification [66] and face- and
palm-recognition problems [79], [84].

4) Mixture of Experts (MOE): MOE learning [56] has
been shown to provide better performance due to its ability
to solve a large, complicated task effectively by smaller
and modularized trainable networks (i.e., experts), whose
solutions are dynamically integrated into a coherent one
using the trainable gating network. For a given input x, the
posterior probability of generating class y given x using
K experts is computed by

Py | x,v{6:}) Z gi(v

t=1

c) Application examples.

y [x,6,) (20)

where y is a binary vector. For example, if we consider
two classes for a classification problem, then y is [1 0] and
[0 1]. We also define ¢ to be a combined parameter vector
[v,{0;}] :, where v parameter vector determines the gating
network’s probabilistic weighting outputs {g;} for all the
expert network outputs and ¢, is the parameter vector for
the #th expert network (¢ = 1,-.-, K), which generates the
output P(y | x,6;).

The gating network can be a nonlinear neural network
(for example, an MLP) or linear neural network (for exam-
ple, a linear perceptron). To obtain the linear gating network
output, the softmax function is utilized [12]

; = exp(b; )/? exp(b 20

where b; = v,x"-{v;} denotes the weights of the ith neuron
of the gating network when the gating network is a lincar
perceptron.

The learning algorithm for the MOE is based on the
maximum likelihood principle to estimate the parameters
(i.e., choose parameters for which the probability of the
training set given the parameters is largest). The gradient
ascent algorithm can be used to estimate the parameters.

Assume that the training data set is {x“'),y(")}, t =
1,--+-, N. First, we take the logarithm of the product of
N densities of Py | x,¢)

Hy,x,¢) = Z Z log [gft)P(y(t) | x) (},l)} . (22)
£ i

Next, we maximize the log likelihood by gradient ascent.
The learning rule for the weight vector v; in a linear gating
network is obtained as follows [see (21) and (22)]:

Iy, .
p; ¥, %, ) - Lb§t>>X(L)T (23)

Jui /)Z (hjt)

4

A’Ui = -

where p is a learning rate and
g9iP(y | x,0:)
209 P(y | x,0;)

The MOE {56} is a modular architecture in which the
outputs of a number of “experts,”

M

each performing a
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classification task in a particular portion of the input space,
are combined in a probabilistic way by a “gating” network,
which models the probability that each portion of the input
space generates the final network output. Each local expert

L3}

network performs multiway classification over K classes
by using either K independent binomial models, each
modeling only one class, or one multinomial model for
all classes. The MOE gives two advantages over traditional
nonlinear function approximators such as the MLP: 1) a
statistical understanding of the operation of the predictor
and 2) provision of information about the performance of
the predictor in the form of likelihood information and local
error bars.

MOE has an explicit relationship with statistical pattern-
classification methods. Given a pattern, each expert network
estimates the pattern’s conditional a posteriori probability
on local areas, and the outputs of the gating network
represent the probabilities that its corresponding expert
subnet produces the correct answer. The final output is the
weighted sum of the estimated probabilities from all the
expert networks.

MOE and PDBNN have a lot of similarities. Both are
based on the principle of “divide and conquer,” in which a
large, difficult problem is broken into many smaller, more
tractable problems. Moreover, both use the EM algorithm
in their Jearning schemes. However, there are substantial
differences too. Each expert network in the MOE estimates
the conditional posterior probabilities for all the pattern
classes. The output of a local expert is ready to make
classification decision for a particular local area. This
characteristic suggests that the interclass communication in
the MOE exists even down to the local network level. As
to the PDBNN, each neuron estimates the class conditional
likelihood density. Therefore, the classification decision
cannot be made until the final subnet output is formed. This
delay in decision making implies that there is no interclass
communication in the PDBNN until the final level. MOE
can be extended to a multilayer tree structure, which is
known as hierarchical mixture of experts [59].

a) Application example: The MOE model was applied
to time-series analysis with well-understood temporal dy-
namics. It produced significantly better resulis than single
networks. Furthermore, it discovered the regimes correctly.
It allows the users to characterize the subprocesses through
their variances and avoids overfitting in the training process
[92]. A Baycsian framework for inferring the parameters
of an MOE model based on ensemble learning by varia-
tional free energy minimization was successfully applied to
sunspot time-series prediction [144]. Integrating pretrained
expert networks with constant sensitivity, which is defined
as the percentage of abnormal objects being correctly
classified as abnormal, into an MOE configuration enables
each trained expert to be responsive to specific subregions
of the input spaces with minimum ambiguity and thus pro-
duces better performance in automated cytology screening
applications [54]. By applying a likelihood splitting crite-
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rion to cach expert in the hierarchical mixture of experts
(HME), Waterhouse and Robinson [143] first grew the
HME tree adaptively during training. Then, by considering
only the most probable path through the tree, they pruned
branches away, either temporarily or permanently in case
of redundancy. This improved HME showed significant
speed-ups and more efficient use of parameters over the
standard fixed HME structure in discriminating for artificial
applications as well as prediction of parameterized speech
over short time segments [145}]. The HME architecture has
also been applied to text-dependent speaker identification
[22].

C. Neural Networks for Multimodal Media Fusion

In many multimedia applications, it is useful to have a
versatile multimedia fusion network, where sensor informa-
tion is laterally combined to yield improved classification.
Neural networks offer a natural solution for sensor or media
fusion. This is because of their capability for nonlinear
and nonparametric estimation in the absence of complete
knowledge on the underlying models or sensor noises.

The problem of combining the classification power of

several classifiers is of great importance to various appli-
cations. First, for several recognition problems, numerous
types of media could be used to represent and recognize
patterns. In addition, for those applications that deal with
high-dimensional feature data, it makes sense to divide a
feature vector into several lower dimensional vectors before
integrating them for final decision (i.e., divide and congquer).

The outputs of the NN classifiers represent class mem-

berships. To combine the information present in individual
channels efficiently, we need to introduce another layer
of network called the fusion layer. The parameters of the
fusion layer can be adaptively updated by the outputs of
the individual channel classifiers. Several types of fusion
layers have been proposed [1].

o Linear Fusion: Information fusion may be based on
linear combination of outputs weighted by some proper
confidence parameters. It is largely motivated by the
following statistical and computational reasons.

— It can make use of the popular Bayesian for-
mulation.

— Tt can facilitate adoption of EM training of the
confidence parameters.

« Nonlinear Fusion: In general, a fusion scheme that
nonlinearly combines decisions from the participating
channels could be adopted.

1) Linear Fusion Network: The multiclassifier DBNN
consists of several “classifier channels,” each of which
receives an input vector from different media separately.

In [77}, two channel fusion schemes based on the proba-
bilistic DBNN are proposed. Following a Bayesian formula-
tion, the outputs of channels are linearly combined by some
confidence weightings [denoted as P(C' | w) in Fig. 2(a)].
The weighting factor is assigned based on the confidence the
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corresponding channel has on its recognition result. Since
DBNN generates probabiiistic outputs, it 1$ natural to design
the channel weightings to have probability properties. The
overall configuration of a multichannel fusion network is
depicted in Fig. 2, where the score functions {rom two
channels are combined after some proper preweightings.

e The class-dependent channel fusion scheme deploys
one PDBNN for each sensor channel. Each PDBNN re-
ceives only the patterns from its corresponding sensor.
The class and channel conditional likelihood densities
(p{x | w;, C)) are estimated. The outputs from dif-
ferent channels are combined together in the weighted
sum fashion. The weighting parameters P(C; | w;)
represents the confidence of the channel 5 producing
the correct answer for the object class w;. P(C]; | w;)
can be trained by the EM algorithm, and its value
remains constant during the identification process (re-
member that the values of the weighting parameters in
the HME are functions of the input pattern). Fig. 2(a)
illustrates the structure of the class-dependent channel
fusion scheme. The scheme considers the data disti-
bution as the mixture of the likelihood densities from
various sensor channels. This is a simplified density
model.

Ii the feature dimension is very large and the number
of training examples is relatively small, the direct
estimation approaches can hardly obtain good perfor-
mance due to the curse of dimensionality. For this kind
of problem, since the class-dependent fusion scheme
greatly reduces the number of parameters, it could
achieve better estimation results.

» Another fusion scheme is data-dependent channel fu-
sion. Fig. 2(b) shows the structure of this scheme.
Like the class-dependent fusion method, each sensor
channel has a PDBNN classifier. The outputs of the
PDBNN’s are transformed to the posterior probabili-
ties by softmax functions. In this fusion scheme, the
channel weighting F(C; | x) is a function of input
pattern x. Therefore, the importance of the individual
channel may vary if the input pattern is different.

In the class-dependent channel fusion scheme [see
Fig. 2(a)], the weighting factors correspond to the con-
fidence P(Cy | w,) for classifier channel (). Here,
P(C) | w;) represents the indicator on the confidence
on channel k£ when the test pattern is originated from the
w; class. (By definition, ﬂf P(Cy | wi) = 1, s0 it
has the property of a probablhly function). Suppose that
there are K channels in the subnet w;. The probability
model of the PDBNN-based channel fusion network can
be described as follows:

(4) | wi, C)

p{x(t) | wi)

z P(Cr | wip(x
k=1

where p(x(t) | wi, Ck) is the discriminant function of
subnet 4 in channel &, and p(x(t) | w;) is the combined
discriminant function for class w;. The channel confidence
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Tig. 2. A media fusion network: linear fusion of probabilistic
DBNN classifiers. (a) For the applications where there are several
sensor sources, a class-dependent channel fusion scheme can be
applied for classification. P(C’j | w;) is a trainable parameter.
Its value is fixed during the retrieving time. (b) Data-dependent
channel fusion scheme. In this scheme, the channel weighting
parameters are functions of the input pattern x (P(C; | x))

P{C}, | w;) can be learned by the following. Define ay =
P(C), | wi). At the beginning, assign oy, = 1/K,Vk =
, R At step 7

o p(x(t) | @i, Ci)

(1) = .
p ‘111 p(x(t) | wi, C1)
N (24)
1
1
YE\J% ) — N /L<1)( )
=1

Once the NN is trained, then the {usion weights will remain
constant during the retrieving phase.




In the data-dependent channel fusion [see Fig. 2(b)l,
instead of using the likelihood of observing x(t) given a
class (p(x(t) | wy, Cy)) to model the discriminant function
of each cluster, we shall use the posterior probabilities
of electing a class given x(t) (p(w; I x(t),Cy)). For
this version of a multichannel network, a new confidence
P(C), | x(£)) is assigned, which stands for the confidence
we have on channel & when the input pattern is x(t).
Accordingly, the probability model is also modilied to
become

K
Plog | x(1)) = > PO =) P

k=1

X(i% ()'/g)

where P(w, | x(#),Cy) = Plw; | Cip(x(4) |
wi, C)/p(x(t) | Cy), and the confidence P(Cy | x) can
be obtained by the following equations.

P(C | x(1)) _ PCop(x | Cr)

where p(x(t) | Ck) can be computed as p(x(t) | Cr) =
S Plwi | Cp(x(t) | wi, Ck) and P(C},) can be learned
by (24) (but replace p(x(t) | we, ) with p(x(t) | Ci))-
The term P(C)}) can be interpreted as “the gencral confl-
dence” we have on channel k. Unlike the class-dependent
approach, the fusion weights need to be computed for each
testing pattern during the retrieving phase. Notice that this
data-dependent fusion scheme can be considered as the
combination of PDBNN and MOE [56].

a) Application example: The class-dependent channel
fusion scheme has been observed to have very good clas-
sification performance on vehicle- and face-recognition
problems [77]. The experiment used six car models from
different view angles to create the training and testing
data base. Around 30 images (each with size 256 x 256
pixels) were taken for each car model from various viewing
directions. There are in fotal 172 examples in the data
set. Two classifier channels were built from two different
feature-extraction methods: one uses intensity information
and the other edge information. The fusion of two channels
(with 94% and 85% recognition rate each) can yield a near
perfect.

The fusion model was compared with a single network
classifier. The input vectors of these two networks were
formed by cascading the intensity vector with the edge
vector. Therefore, the input vector dimension becomes
144 x 2 = 288. The network is the RBF-typed DBNN. The
experimental result shows that the performance is worse
than the fusion network (about 95.5% recognition rate).

2) Nonlinear Fusion Nenwork. Neural nets offer a natural
approach to nonlinear information fusion. Huang et al.
[51] proposed a sensor fusion technique that makes use
of a new neural model to combine data autonomously
extracted from different sources. The fusion is based on
a “cooperative/competitive” approach for (raining a layer
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of the generalized McCulloch-Pitts neurons. Jdeally, one
output of each MLP classifier will be one and others

. will be zero. So the weights are trained to simultaneously

excite one output neuron and modulate the activity of
others. The learning procedure adjusts the weights so as
to adjust the contribution of the information from each
sensor to the final decision based on training data. When
the modulating input dominates, the sigmoidal function is
effectively flaltened; otherwise, the modulating input acts
to increase the nonlinearity of the sigmoidal function (thus
enhancing its sensitivity to excitatory input)

Once trained, the outputs of a particular MLP provide
estimates of the class membership of new paiterns presented
at the input to the system. Fusion of the information
represented by these outputs is accomplished with a layer
of modulated neurons. The activity of each of these neurons
is dependent upon both excitation and modulation signals
derived from the outputs of the MLP classifiers.

D. Temporal Models for Multimodal
Conversion and Synchronization

The class of neural networks that are most suitable for
applications in multimodal conversion and synchronization
is made up of the so-called temporal neural networks.
Unlike the feed-forward type of artificial neural networks,
temporal networks allow connections both ways between a
pair of neuron units, and sometimes feedback connections
from a unit to itself. Let us elaborate further on this
difference. From the perspective of connection patterns,
neural networks can be grouped into two categories: feed-
forward networks, in which graphs have no loops, and
recurrent networks, where loops occur because of feedback
connections. Feed-forward networks are static, that is, a
given input can produce only one set of output values
rather than a sequence of data. Thus, they carry no memory.
In contrast, many temporal neural networks employ some
kind of recurrent network structure. Such an architectural
attribute enables the information to be temporally memo-
rized in the networks without being washed away at the
presentation of next data.

A simple extension to the existing feed-forward structure
to deal with temporal sequence data is the partially recur-
rent network [sometimes called a simple recurrent network
(SRN)]. An SRN has mainly feed-forward connections, en-
hanced with a carefully chosen set of feedback connections.
In most cases, the feedback connections are prefixed and
not trainable. Thanks to recurrence, it can remember cues
from the past and yet does not appreciably complicate
the training procedure. The most widely used SRN’s are
Flmar’s network and Jordan’s network [38], [58]. The time-
delay neural network (TDNN) is a further extension to
cope with the shift-invariance properties required in speech
recognition. Tt is achieved by making time-shifted copies
of the hidden units and linking their corresponding weights
to the output layer [141]. Several fully recurient NN
architectures with the comesponding learning algorithms
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Fig. 3. The architecture of a TDNN

are available, such as real-time recurrent learning (RTRL)
networks [148] and back-propagation through time (BPTT)

networks [50], {126]. The computational requirement of

these and several variants is very high. Among all the
recurrent networks, BPTT’s performance is best unless on-
line learning is required, in which case RTRL is needed
instead. But for many applications involving temporal se-
quence data, an SRN or a TDNN may suffice and is much
less costly than RTRL or BPTT.

A hidden Markov model (HMM) [1171-[119] is a doubly
stochastic process with an underlying stochastic process that
is not observable (i.e., hidden) but can only be observed
through another set of stochastic processes that produce the
sequence of observed symbols [118]. The trellis diagram
realization of an HMM can be considered as a BPTT
network expanding in time since its connections (transition
probabilities) are carrying the information about the envi-
ronment and it consists of a multilayer network of simple
units activated by the weighted sum of the unit activations
at the previous iteration. In addition, the learning technique
used in HMM’s has a close algorithmic analogy with that
used in the BPTT networks [52].

1) TDNN: Fig. 3 shows the TDNN architecture [141] for
a three-class temporal sequence recogoition task. A TDNN
is basically a feed-forward multilayer (four layers) NN
with time-delay connections at the hidden layer to capture
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varying amounts of contexts. The basic unit in each layer
computes the weighted sum of its inputs and then passes
this sum through a nonlinear sigmoid function to the higher
layer. The TDNN classifier shown in Fig. 3 has an input
layer with 16 units, a hidden layer with eight units, and
an output layer with three units (one output unit represents
one class).

When a TDNN is used for speech recognition, the speech
utterance is partitioned frame by frame (e.g., 30 ms frame
with 15 ms advance). Each frame is transformed to 16
coefficients serving as input to the network. Every three
frames with time delay zero, one, and two are input to
the eight time-delay hidden units, i.e., each neuron in
the first hidden layer now receives input (via 3 x 16
weighted connections) trom the coeflicients in the three-
frame window. The eight-unit hidden layer is delayed five
times to form a 40-unit layer. At the second hidden layer,
each unit looks at all five copies of the delayed eight-unit
hidden blocks of the first hidden layer. Last, the output
is obtained by integrating the evidence trom the second
hidden layer over time and connecting it to its output unit.
This procedure can be formalized as the following equation:

; T
by
TG 2

=7

Yclass — (25)

class
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where T is the total number of frames, x is the input,
{/)l(f')} are the outputs of the ¢ class at the second layer at
different time instances, and S(-) is the sigmoid function.
The network structure forces the input layer to be shift
invariant, so that the absolute time of the event 1s not
important
Like an MLP, a TDNN is also trained by the back-
propagation learning rule [141] Suppose the input to
TDNN is a vector x. Then the updating of the weights
w can be described as

or
WA= W
ow
where
L &
B = B({w} x) = 5 ) (b — el
T e=1

Therefore, by training, the local short-duration features in
a speech signal can be formed at the lower layer and more
complex longer duration features formed at the higher layer.
The learning procedure ensuses that each of the units in each
layer has its weights adjusted n a way that improves the
network’s overall performance {53].

After the TDNN has learned its internal representation,
it performs recogpition by passing input speech over the
TDNN neurons and selecting the class that has the high-
est output value. Section [1I-C2 will present an example
employing such a TDNN model to audio/visual synchro-
pization in the lip-reading application.

2) HMM’s: The basic theory of Markov chains has been
known to mathematicians and engincers for nearly 80
years, but it is only in the past decade [5], [6] that it has
become the predominant approach to speech recognition. It
is beyond the scope of this paper {0 describe the HMM’s in
full detail. Instead, a brief outline will be given, and more
details can be found in [75] and [117]-[119].

a) Model descriptions: An HMM is a doubly stochas-
tic process with an underlying stochastic process that is not
observable (that is why it is called hidden) but can only
be observed through another set of stochastic processes
that produce a sequence of observed symbols. An HMM
can be thought as a collection of states connected by
transitions. Three sets of model parameters for HMM are
transition probabilities A = {a;; }, output observation prob-
abilities B = {b,(0,)}, and the initial state probabilities
r = {m;}. Given a sequence of temporal observations
O = {o0y,02, - -,0r}, the typical problems associated
with HMM’s are the following.

1) Given O = {oy,02, -+, 07} and the model A =
(A,B,7), how to compute P1(O | A), ie. the

probability that the observation sequence was pro-
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duced by model A. This evaluation problem is solved
by the forward-backward algorithm. In an isolated
word-recognition. {ask, each isolated word has its
own HMM model. An unknown speech pattern is
recognized as the word whose model gives the highest
probability Pr(O | A).

2) Given O = {01,09,- -,0or} and the model A =
(A, B,7), how to choose a best state sequence I=
{iy,22, -, ¢}, whichis optimal in some meaningful
sense. The solution to this problem, e.g., Viterbi al-
gorithm, can be extended to solve continuous speech-
recognition tasks where the path search is among all
isolated words.

3) Given O = {o1,09, - ,0r}, how (o adjust the
model parameters A = (A, B, ) to maximize Pr(O |
A). This is called HMM training. The Baum-—Welch
reestimation algorithm is the most popular HMM
learning method

According to the representation of the observation prob-
abilities {b;(0;)}, HMM’s fall into two major categories:
discrete-density HMM's and  continuous-density HMM’s.
In a discrete HMM, VQ is used to represent cach frame
of spcech as a symbol from a finite set. On the other
hand, in conlinuous HMM’s, observations are treated as
continuous multidimensional vectors. For example, with a
Gaussian mixture density [117], an observation probability
is described by the mean vectors, the covariance matrices,
and the mixture weights of several Gaussians.

The IMM approach provides a framework that includes
an efficient decoding method for use in recognition (the for-
ward algorithm and the Viterbi algorithm) and an automatic
supervised training method (the forward-backward and the
Baum—Welch algorithm). Since HMM theory does not spec-
ity the structure of implementation hardware, and current
HMM algorithms require very high precision and large
amounts of memory (particularty in speaker-independent,
large-vocabulary, continuous-speech recognition tasks), it
is necessary to compare it to the well-known neural-
network models, which offer the potential of providing
massive parallelism and user adaptation with low precision
implementations.

Last, we note that when HMM is applied to classification,
it always adopts the OCON structure depicted in Fig. L.
That means one HMM will be designated to one class, €.¢.,
for digital numeric OCR application, ten HMM’s would
be used—one for each digital number. Furthermore, for
speech-recognition applications, it is common to adopt a
special left-to-right HMM, t.e., the state transition connec-
tions only flow in (left-to-right) unidirection. Section 1I-C1
will present an example applying such a feft-right HMM
to audio-visual conversion.

II. NEURAL NETWORKS FOR IMP APPLICATIONS
Neural networks have played a very important role in
the development of multimedia application systems 1211,
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1551, [109]. [142]. Their usefulness ranges [rom low-level
preprocessing to high-level analysis and classification. A
complete multimedia system consists of many of the fol-
lowing information-processing stages, for which neural
processing offers an efficient and unified core technology.

o Visualization, tracking, and segmentation:

— Neural networks have been found useful for
some visualization applications, such as opti-
mal image display [71] and color constancy and
induction [30]. See Section II-Al.

|

Feature-based tracking is crucial to motion
analysis and motion/shape reconstruction prob-
lems. Neural networks can be applied to motion
tracking schemes for feature- and object-level
tracking [22]. See Section II-A2.

— Segmentation is a critical task for both image
and video processing. The object boundary
detection can use a hierarchical technique by
adopting pyramid representation of images for
computation efficiency [18], [88]. Active con-
tour (e.g., snake) can also take advantage of
NN’s adaptive learning capability for contin-
wous and fast tracking the region of interest
[25]. Both unsupervised and supervised neural
networks may be adopted for object boundary
detection methods based on a variety of cues,
including motion, intensity, edge, color, and
texture. Several application examples will be
elaborated in Section ITI-A3.

» Detection and recognition:

— Neural networks can be applied to machine-
learning and computer-vision problems with
applications to detection and recognition of
a specific object class. Examples are on-line
OCR applications [14], [41], signature veri-
fication [4], currency recognition [136], and
structure from motion [73].

— Neural networks can facilitate detection or
recognition of high-level features such as
human faces in pictures or a certain object
shapes under inspection. See Section III-B1.

— Multimodality recognition and authentification
will have useful applications to network secu-
rity and access control. One example using a
(nonlinear) fusion network for personal identi-
fication will be highlighted in Section III-B2.

o Multimodal coding, conversion, and synchronization:

_— Multimodal coding, conversion, and synchro-
nization. will remain a challenging research
task. Static MLP networks for multimodal
facial-image coding driven by speech and
phoneme was already studied in [99].
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— A more recent application of a temporal model
(HMM) to audio-visual conversion will be dis-
cussed in Section [I-C1.

— A temporal NN model (e.g., TDNN) for mul-
timodality synchronization, integrating audio
and visual signai for lip reading, will be elab-
orated on in Section I-C2.

o Video/image content indexing and browsing: 1t is im-
portant to have technical capabilities to quickly access
audio-visual objects, manipulate them, and present
thern in a highly flexible way. For video content
selection, extracting and utilizing proper information
content inherent in video clips may lead to efficient
search schemes for many disciplines:

— object- and subject-based video indexing/data
base;

— video skimming and browsing;

— content-based retrieval.

Again, neural processing presents a promising ap-
proach for these tasks. Several neural-network im-
age/video browser and data base systems will be
highlighted 1n Section III-D.

A. Image and Video Visualization and Segmentation

The task of feature extraction is critical to search
schemes, as an efficient representation of the information
can facilitate many subsequent multimedia functionalities,
such as feature- or objeci-based indexing and access.
Efficient representation of multimedija data can be achieved
by neural clustering mechanisms. The general objectives are
1) to extract the most salient features to make classification
tasks easier and 2) to exlract representation of media
information needed at various levels of abstraction.

1) Neural Network for Optimal Visualization: For many
image-processing applications (e.g., medical), a display that
maximizes diagnostic information would be very desirable.
Neural networks have been successfully applied for optimal
visualization, so that information can be more noticeably
displayed. Note that raw data may contain more bits than
what can be displayed in an ordinary computer monitor. For
example, a magnetic resonance image contains 12-bit data,
while most monitors only have 8 bits. To map 12-bit data
to an 8-bit display, the appearance of the image hinges
upon a proper selection of window width/center, which
is a typical representation of image dynamic range in the
medical field. An NN-based system [71] is used to estimate
the window width/center parameters for optimal display.

To reduce the mpui dimension of NN, a feature vector of
an input image is first extracted via PCA transformations.
Then a competitive layer (unsupervised) neural network is
applied to label the feature vector into several (say, SiX)
possible classes with their confidence measures. For cach
class, both nonlinear and linear adaptive estimators are
used to best calibrate window width/center. A nonlinear
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estimator, while very efficient in rcaching local optimum,
is vulnerable to drastic and very unreasonable failures. To
alleviate such concern, a safety net is provided via a linear
estimator. A final data fusion scheme outputs the optimal
window width/center parameters by combining the results
from all possible classes with appropriate weighting of the
confidence measures. It is also worth mentioning that the
total system is equipped with on-line traiming capability.
For more details, see [71].

2) True Motion Tracking (TMT): Neural techniques for
motion estimation have been under investigation. In [39],
a motion-estimation algorithm based on the EM technique
was proposed. First, the motion field is represented by a
model characterized by a series of the motion coelficients.
Smoothness of motion is imposed in the assumption. Then
the EM-based iterative algorithm is adopted to estimate the
image motion coeflicients from noisy measurements.

In [22], a feature TMT for object-based motion tracking
was proposed. Based on a neighborhood relaxation neural
model, it can effectively find true motion vectors of the
prominent features of an object. By prominent feature, we
mean that a) any region of an object contains a good
number of blocks, whose motion vectors exhibit certain
consistency and b) only true motion vectors for a few blocks
per region are needed. Therefore, at the outset, it would
disqualify some reference blocks that are deemed unrcliable
to track. The method adopts a multicandidate prescreening
to provide some robustness in sclecting motion candidates.
Furthermore, assuming that the true motion field is piece-
wise continuous, the method calcalates the motion of a
feature block after consulting all of its neighboring blocks’
(tentative) motions. This precaution allows a singular and
erroneous motion vector to be corrected by its surround-
ing motion vectors, (yiclding an effect very much like
median filtering). As demonstrated by a good number of
MPEG-2 and MPEG-4 benchmark sequences, the tracking
results exhibit very satisfactory accuracy and reliability.
One “foreman” example is shown in Fig. 4. The tracker
has also found useful application to motion-based video
segmentation [22] (see Secction HI-A4).

3) Image Segmentation via Texture Classification:

a) Texture classification by unsupervised EM algorithm:
The EM algorithm was applied to texture classification for
image segmentation application in [115]. The classification
is accomplished by the following procedure. For each
pixel location, determine the texture class (or modei) that
would yield the highest conditional probability for the
neighborhood of that pixel. The preliminary result of such a
procedure usually has a “noisy” appearance. This problem
may be alleviated by imposing some spatial hemogeneity .
More precisely, for a pixel to be assigned (o a specific
class, it must also at the same time have high condi-
tional likelihood with respect to several neighborhoods.
According to the experimental report [115], the total error
rate is below ' 5% for segmenting a four-square-region
image. Note, however, that this rate was accomplished via
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Fig. 4. (a), (b) Two frames of the “foreman” sequence. (¢) Motion
vectors found by the original full-search biock-matching algorithm.
(d) Motion vectors obtained by the neural method via neighborhood
relaxation

unsupervised learning, which may yield a higher error rate
when compared with some supervised classifiers discussed
subsequently. Tt is well known that substantial improvement
may be gained by supervised learning when this option
is available and utilized. It is also interesting to note that
the overall error rate could be greatly reduced (to 1%) by
applying a simple low-pass filter to perform the spatial
averaging.

b) Texture classification by supervised neural models: In
[137], a new texture feature, fuzzy texture spectrum, for
texture classification was proposed. It is based on the
relative gray levels between pixels., A vector of fuzzy
values will be used to indicate the relationship of the gray
levels among the neighboring pixels. The fuzzy texture
spectrum can be considered as the distribution of the fuzzy
differences between the neighboring pixels. The success of
the texture classification of a given set of images hinges
upon the designs of texture features and the classifiers. The
feature used is an improved variant of the reduced texture
spectrum. The feature appears to be less sensitive to the
noise and the changing of the background brightness in
texture images. Twelve Brodatz texture images were used
in the simulations to show the effectiveness of the new
texture feature. It was reported that with a DBNN classifier,
the rate of classification error can be reduced to 0.2083%.

4) Motion-Based Video Segmentation via TMT, PCA, and
EM: Robust scene segmentation is a prerequisite for
object-based video processing. Various approaches to this
complex task have been proposed, including classification
of motion flow, colot/texture-based segmentation, and
dominant-motion extraction dividing a scene into moving
and stationary regions. In [78], an object-based video-
segmentation method combining all these approaches is
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proposed for high-performance video compression. The
object-oriented motion segmentation algorithm, which
segments a video scene into different motion regions
where each region can represent one independently moving
object, is a candidate to be used in object-based (or even
knowledge-based) video-processing schemes.

To get a more robust and accurate extraction of the
moving objects from the video scene, initial motion clus-
tering is performed upon a selected set of motion features
of the associated feature blocks tracked by a TMT (see
Section I-A2). The feature blocks are represented by
the principal components (PC’s) of their position and
velocity (see Section 1I-A5). An example of video-scene
segmentation containing two moving books under a moving
camera is shown in Fig. 5. Fig. 5(a) shows the distribution
of the feature blocks in the PC-coordinate. The unsuper-
vised EM clustering scheme is then adopted to cluster
the feature blocks. The results are shown in Fig. 5(b)—(d),
corresponding to the background, left book, and right
book, respectively. The motion parameters for each of the
clustered feature blocks may be estimated and used as the
initial condition for the final segmentation process.

The final step must involve the classification f all the
blocks in the entire frame. The segmentation and the
corresponding motion parameters are iteratively updated by
a model-based EM algorithm. Briefly, the proposed model-
based EM minimizes an energy function of the form (the
blocks are labeled by b)

E(A V) =Y he(b)se(b, An) + 07 Y By (b) log he(b)
b, b,r

— o2 Z h(b) logm,(b). (27)

b,r

The first term represents the external (error) energy func-
tion, so that each cluster (say, the rth cluster) would be
best fit to a given motion (say, affine) model denoted by
A,.. The second term stands for the entropy function, which
encourages a softer classification. The third term captures
the channel priors, which allows the spatially neighboring
blocks to have influence on the classification of the targeted
block. This is the basis of the so-called multicue fusion,
as it forces the classification to take into account the
intensity/texture continuity (i.e., image cues), resulting in
a smoother segmentation. Fig. 5(e)-(g) demonstrates that
the three object regions are successfully exiracted.

B. Personal Authentification and Recognition

Neural networks have been recognized as an established
and mature tool for many pattern-classification problems.
Particularly, they have been successfully applied to face-
recognition applications. By combining [ace information
with other biometric features such as speech, feature fusion
should not only enhance accuracy but also provide some

fault tolerance, i.e., il could tolerate temporary failure of

one of the bimodal channels.
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1) Face Detection and Recognition. For  many  visual
monitoring and surveillance applications, it is important
to determine human eye positions from an image or an
image sequence containing a human face. Once the human
eye positions are determined, all of other important facial
features, such as positions of the nose and mouth, can easily
be determined. The basic facial geometry information, such
as the distance between two eyes, nose and mouth size,
ete., can further be cxiracted. This geometry information
can then be used for a variety of tasks, such as to recognize
a face from a given face data base.

There are many successful neural-network examples for
face detection and recognition. Brunelli and Poggio have
adopted an RBF nctwork for face recognition [13]. Pentland
et al. [97], 1113], [140] use eigenface subspace to determine
the classes of the face patterns. Eigenface and Fisherface
recognition algorithms were studied and compared in [7].
Cox et al. [31] proposed mixture-distance VQ network for
face recognition and reached a 95% rate on a large (685
persons) data base. In [77] and [82], neural networks have
been successfully applied to find such patterns with specific
applications to detecting human faces and locating eyes in
the faces.

2) Personal Authentification by Fusing Image and Speech:
The fusion net has been applied to person recognition (see
Fig. 6). (The diagram was originally from [51].) The system
recognizes a person’s identity by combining information
from two (image and speech) channels.

+ Image channel: Noisy face images, each containing a
64 x 64, 8-bit grayscale image, serve as one source
of information for classification. The images were de-
composed into 13 channels by four-level biorthogonal
wavelet kernels.

o Speech channel: A noisy segment of speech, consist-
ing of the spoken name of the same person. Speech
segments, digitized at 8 kHz, were decomposed into
eight channels using a length-eight wavelet kernel.

The combined use of two channels yields a performance
that is much improved over using either channel alone [51].

C. Audio-to-Visual Conversion and Synchronization

There exist already a few application examples applying
temporal neural models to conversion and/or synchroniza-
tion. Included in this subsection are one example using
an HMM for audio-to-visual conversion and another using
TDNN for lip-reading application.

1) HMM for Audio-to-Visual Conversion: Recent mul-
timedia results exploit the audio-visual interaction, which
includes speech-assisted lip synchronization and joint
audio-video coding [23]. The goal of speech-driven facial
animation is to synthesize realistic video sequences from
acoustic speech.

In [23] and [121], this conversion process was accon-
plished with HMM’s. The correlation between audio and
video was exploited for speech-driven facial animation. One
problem addressed is that frame skipping due to limited
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Fig. 5. Motion-based video segmentation result of sequence with 2-Books with moving camera.
(a) PC distribution of the feature blocks obtained by a TMT. (b)—~(d): Feature blocks clustered by
EM into three clusters. (e)—(g): Final segmentation by a multicue, model-based EM

bandwidth commonly introduces artifacts such as jerky
motion and loss of lip synchronization in talking-head
video. Therefore, lip synchronization becomes an Impor-
tant issue in video telephony and video conferencing. An
important enabling technology was proposed for bimodal
speech processing by mapping from audio speech le.g.,
lincar predictive coding (LPC) cepstra} to lip movements
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(visual parameters) [23]. This approach contains two stages.
In the first stage, the acoustics must be classified into one of
a number of groups. The second stage maps each acoustic
group into a corresponding visual output.

A (typical) left-right audio-visual HMM was adopted
Cousider estimaling a single visual parameter v from
the corresponding multidimensional acoustic parameter a.
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Fig. 6. The nonlinear fusion net, proposed by Huang et ¢l., is based on the McCulloch—Pitts neural

net, where information from image and speech channels is combined

Defining the combined observation to be O = [a,v]T,
the audio-to-visual conversion process using HMM’s can
be treated as a “missing data” problem. More specifically,
a continuous-density HMM was trained with a sequence
of O for each word in the vocabulary. In the training
phase, the Gaussian mixtures in each state of the HMM
are modeling the joint distribution of the audio-visual
parameters. When presented with a sequence of acoustic
vectors that correspond to a particular word, conversion
can be made by using the HMM to segment the sequence
of acoustic parameters into the optimal state sequence using
the Viterbi algorithm. More exactly, when presented with
a sequence of acoustic vectors {a} that correspond to a
particular word, the maximum likelihood estimator for the
associated visual parameter vectors {v} is equal to the
conditional expectation, which can be derived from the
optimal state sequence using the Viterbi algorithm of the
HMM.

In [23] and [121], audio-visual parameter sets were used
to train one static MLP and one temporal model (HMM).
In the former approach, an OCON structure was adopted
(see Fig. 1). One static MLP network per word was used
to estimate the visual height, which was considered to be
the most salient feature. Each MLP has six nodes in the
first hidden layer, eight nodes 1n the second hidden layer,
and one node in the output layer. On the other hand, the
temporal HMM that was trained had seven states, three
mixtures per state, and diagonal covariance matrices. The
results seem to indicate that the temporal model seems
to posses a better capability (than the static MLP) in
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breaking the word up into phonetically meaningful states.
This demonstrates the power of the temporal model for
synchronization applications.

2) Audio and Visual Integration for Lip-Reading Appli-
cations: Although signal-processing theory of automatic
speech recognition is well advanced, practical applications
lag because the speech signals to be processed are usually
contaminated with background noise in adverse environ-
ments such as offices, automobiles, aircraft, and factories.
To improve the performance of the speech-recognition sys-
tem, the following approaches can be used: 1) compensate
the noise in the acoustic speech signals prior to or during the
recognition process [98] or 2) use multimodal information
sources, such as semantic knowledge and visual features,
to assist acoustic speech recognition. The latter approach
is supported by the evidence that humans rely on other
knowledge sources, such as visual information, to help
constrain the set of possible interpretations [149].

Due to the maturity of digital video technology, it is now
feasible to incorporate visual information in the speech-
understanding process (lip reading). These new approaches
offer effective integration of visually derived information
into the state-of-the-art speech-recognition systems so as to
gain an improved performance in noise without suffering
degraded performance on clean speech [129]. Other impor-
tant evidence as to the use of lip reading in human speech
perception is offered by the auditory-visual blend illusion
or the McGuik effect [96].

Three mechanisms about the means by which the two
disparate (audio and visual) streams of information arc
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integrated have been proposed [133]. First, vision is used to
direct the attention, which commonty occurs in situations
such as crowded rooms where several people are talking
at once. Second, visual information provides redundancy
to the audio information. Last, visual information com-
plemenis the audio information, especially when listening
conditions are poor. Most current research efforts concen-
trate on the third mechanism of integration. A complete
audio/visual lip-reading system can be decomposed into
three major components [129]:

D) audiotvisual information preprocessing: explicit fea-
ture extraction from audio and visual data;

2) pattern-recognition strategy: hidden Markov modef-
ing, pattern matching with dynamic or linear time
warping, and various forms of neural networks;

3) integration strategy: decision from audio and visual
signal recognition.

a) Audio/visual information preprocessing: Audio -
formation processing has been well discussed in the
speech-recognition litevature [119]. Briefly, the digitized
speech is commonly sampled at 8 kHz. The sampled speech
is preemphasized, then blocked and Hamming windowed
into. frames with a fixed time interval (say, 32 ms long) and
with some overlap (say, 16 ms). For each frame, an N-
dimensional feature vector is extracted (e.g., 12-order LPC
cepstral coefficients, 12-order delta cepstral coefficients,
12-order delta-delta coefficients, a log-encrgy coeflicient,
a delta-log-energy coefficient, and a delta-delta-log-energy
coefficient)

There are two major types of visual features usetful
for lip reading: contour-based and area-based features.
The active contour models [61] are a good example of
contour-based features, which have been applied to object
contours found in many image analysis problems [25],
[26]. PCA of a gray-level image malrix, a typical area-
based method, has been successfully used for principle
feature extraction in pattern-recognition problems [93],
[140]. Most early systems used explicit contour feature
extraction. Petajan [114] extracted contour features from
binary thresholded mouth images. This approach was also
used by Goldschen [42]. Deformable template approaches
to obtain contour features, such as snake, have been the
dominating methods for contour feature extraction [10],
[47], [120}. Chiou and Hwang made the first atteropt in
using neural networks to guide the search of the deformable
template for lip-reading application [24]. These methods
attempt to measure physical aspects of the mouth directly,
and such measurements are invariant to changes in lighting,
camera distance, and orientation. Area-based techniques
have primarily been based on neural networks [132], {15371
These area-based features are directly derived from the
gray-level matrix surrounding the lips and capture morc
detailed information surrounding the mouth, including the
cheek and chin. However, purely area-based approaches
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tend to be very sensitive to changes in position, camera
distance, rotation, and speaker

b) Pattern-recognition strategies: Most lip-reading
systeras  used similar pattern-recognifion  strategies as
the traditional speech recognition, such as dynamic time
warping [114] and HMM’s [24], [128). Neural-network
architectures have also been extensively explored, such
as the static feed-forward back-propagation networks used
by Yuhas et al. [153], the TDNN’s used by Stork er al
{132], the multistage TDNN’s used in (36], and the HMM
recognizer with neural networks for observation probability
calculation [11]

The speech data used in Yuhas® experiments were cap-
tured from a male speaker under a well-lit condition. They
are based on the National Television Systems Committee
video with 30 frames/s. Nine different phonemes were
recognized. A reduced subimage (20 x 25) centered around
the mouth was automatically identified for visual features,
which were converted into the corresponding “clean” audio
short-term cepstrum magnitude envelope (STSAE) by a
feed-forward back-propagation network. The resulting cep-
strum were weighted averaged with the noisy cepstrum
directly derived from the audio signals. The weighting
between the visual converted STSAE and the audio STSAE
is determined based on the environment’s signal-to-noise
ratio (SNR). Another feed-forward neural network collected
the sequence of the combined STSAE as the inputs and
performed the recognition of vowels.

The work presented by Stork er al. [132] used a TDNN
for recognizing the combined audio/visual speech data for
five speakers. In their experiments, a video-only (VO)
TDNN was used to recognize the visual speech inputs,
which were acquired every 10 ms. From the 10-ms visual
frame, five [eatures (noise-chin separation, vertical sepa-
ration of mouth opening, horizontal separations estimated
from upper and lower lips, and horizontal separation of
mouth opening) were cstimated and were recognized by
the VO TDNN, which ultimately produced the classification
posterior probabilities /7(C' | V'), where C' represents one
of the ten spoken letters. Similarly, an audio-only (AO)
TDNN was used to recognize the audio speech inputs,
which again were acquired every 10 ms. From the 10-
ms audio frame, 14 mel-scale coetficients (from O Hz to
5 kHz) were estimated and were recognized by the AO
TDNN, which also ultimately produced the classification
posterior probabilities P(C' | A). The resulting classifica-
tion posterior probability P(C' | V, A) is approximated as
P(C|V,A) = P(C | V)P(C | A). The performance of
this combined VO and AO TDNN network outperforms that
of using a single video-audio (VA) TDNN, which receives
the concatenated video and audio features (19 dimensions)
as inputs.

The See Me, Hear Me project [36} developed at Carnegie-
Mellon University extended the idea ol using two separate
(VO and AO) TDNN’s in performing continuous lefter
recognition encountered in continuous spelling tasks. The
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audio features consist of 16 mel-scale Fourier coefficients
obtained at 10-ms frame rate. The visual features were
formed from the PCA transform with reduced dimen-
sionality (32 only) out of 24 x 16 smoothed eigenlips.
The two TDNN’s are actually used for recognizing the
corresponding phoneme (out of 62) and viseme (out of
42y, which were then combined statistically for recognition
of the continuous letter sequence based on the dynamic
time-warping algorithm.

The project presented in [10] also combines the acoustic
and visual features for effective lip rcading. Instead of
using neural networks as the temporal sequence classi-
fier, this project adopted the HMM’s and used a multi-
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layer perceptron to calculate the observation probabilities
{ P(phone | audio, visual)}. The system combines the ten-
order PCA transform coefficients (and/or the delta-features)
from a gray-level eigenlip matrix (instead of the PCA
from the snake points) from the video data and nine of
the acoustic featares from audio data [48]. They used a
discriminatively trained MLP to compute the observation
probabilities (the likelihood of the input speech data given
the state of a subword model) needed by the Viterbi
algorithm. Theoretically, the MLP provides the posterior
probabilities, instead of the likelihood, which can be easily
converted to likelihood according to -Bayes’ rule using
the prior probability information. This bimodal hybrd
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speech-recognition system has already been applied to a
multispeaker spelling task, and work is in progress to apply
it to a speaker-independent spontaneous speech-recognition
system, the Berkeley Restaurant Project.

¢) Decision integration: As discussed in the previous
section, the audio and visual features can be combined into
one vector before pattern recognition. Then, the decision
is solely based on the result of the pattern recognizer.
In the case of some lip-reading systems, which perform
independent visual and audio evaluation, some rule is
required to combine the two evaluation scores 1nto a single
one. Typical examples included the use of heuristic rules
to incorporate knowledge of the relative confusability of
phonemes in the evaluation of two modalities [114]; others
used multiplicative combination of independent evaluation
scores for each modality. These postintegration methods
possess the advantages of conceptual and implemeniational
simplicity as well as give the user the flexibility to use just
one of the subsystems if desired.

D. Video Browsing and Content-Based Indexing

Digital video processing has recently become an impor-
tant core information-processing technology. The MPEG-4
audio/visual coding standards tend to allow content-based
interactivity, universal accessibility, and a high degree
of flexibility and extensibility. To accommodate voluni-
nous multimedia data, researchers have long suggested the
content-based indexing and retrieval paradigm. Content-
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based intelligent processing is so critical because it offers
a very broad application domain, including video cod-
ing, compaction, object-oriented representation of video,
content-based retrieval in the digital library, video mosaic-
ing, video composition (hybrid of natural and synthetic
scenes), etc. [19].

[) Subject-Based Retrieval for Image and Video Data
Bases: An NN-based tagging algorithm 1s proposed for
subject-based retrieval for image and video data bases
[152]. Object classification for tagging is performed off-line
using DBNN. A hierarchical multiresolution approach is
used, which helps cut down the search space of looking for
a feature in an image. The classification is pertormed in two
phases. In the first phase, color is used, and in the second,
texture features are applied to refine the classification (both
via DBNN) The general indexing scheme and tagging
procedure are depicted in Fig. 7. The system {152] allows a
customer to scarch the image data base by semantic subject.
The images are not manipulated directly in the on-line
phase. Each image is classified into a series of predefined
subjects off-line using color and texture featurcs and neural-
network techniques. Queries are answered by searching
over the tag data base. Unlike previous approaches, which
directly manipulate images on-line using templates or low-
level image parameters, the system tags the images off-line,
which greatly enhances performance.

Compared to most of the other existing content-based
retrieval systems, which only support similarity-based re-
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Fig. 9.
found by PDBNN face recognizer

trieval, this system supports subjeci-based retrieval, allow-
ing the system to retrieve by visual objects. The difference
between subject- and similarity-based retrieval lies in the
necessity for visual object recognition. Therefore, previous
low-level models are not suitable for subject-based re-
trieval. Novel models are needed for subject-based retrieval,
which could be utilized in film- and television-program-
oriented digital video data bases. Neural networks provide
a natural effective technology for intelligent information
processing.

The tagging proceduwre includes four steps. In the first
step, each image is cut into 25 equal-size blocks. Each block
may contain single or multiple objects. In the second step,
color information 1s employed for an initial classification,
where each block is classified into one ol the following
families in the HSV color space: black, gray, white, red,
yellow, green, cyan, blue, and magenta. In the next step,
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(a) Representative frames of news report sequence. (b) Representative frames of anchorman

texture features are applied to refine the classification
using DBNN if the result of color classification is a
nonsingleton set of subject categories. Each block may
be further classified into one of the following categories:
sky, foliage, fleshtone, blacktop, white-object, ground, light,
wood, unknown, and unsure. Last, an image tag generated
from the lookup table using the object-recognition results
is saved in the tag data base. The experimental results
on the Web-based implementation show that this model is
very efficient for a large film or television-program-oriented
digital video data base

2) Face-Based Video Indexing and Browsing: A video in-
dexing and browsing scheme based on human faces is
proposed by Lin et al. [82], [83]. The scheme is imple-
mented by applying the face detection and recognition
techniques. In many video applications, browsing through
a large amount of video material to find the relevant clips is
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an extremely important task. The video data base indexed
by human faces provides users the facility to acquire video
clips about the person of interest efficiently. For example,
a film-study student may conveniently extract the clips of
his favorite actorfactress from a movie archive to study
his/her performance, and a TV news reporter may quickly
find out from a news data base the clips containing imnages
of a particular politician in order to edif headline news (see
Figs. 8 and 9).

The scheme contains three steps (see Fig. 8). The first
step of our face-based video browser is to segment the video
sequence by applying a scene change detection algorithm.
Scene change detection gives an indication of when a new
shot starts and ends. Bach segment created by scene change
detection can be considered as a story unit of this sequence.
After video sequence segmentation, a probabilistic DBNN
face detector [83] is invoked to find the segments (shots)
that most possibly contain human faces. From every video
shot, we take its representative frame (Rframe) and feed it
into face detector. Those representative frames from which
the detector gives high face detection confidence scores are
annotated and serve as the indexes for browsing.

This scheme can also be very helpful to algorithms for
constructing hierarchies of video shots for video-browsing
purposes. One such algorithm {1511, for example, proposes
using global color and luminance information as similarity
measures to cluster video shots in an attempt to build video-
shot hierarchies. Their similarity metrics enable very fast
processing of videos. In their demonstration, however, some
shots featuring the same anchorman fail to be grouped
together due 1o insufficient image content understanding.
For this type of application, we believe that the existence
of similar objects, and human objects in particular, should
provide a good similarity measure. As reported wm [17],
this scheme successfully classifies these shots to the same
group.

IV, CONCLUSION

In this paper, we have focused on the main attributes of
neural networks relevant to their application to intelligent
multimedia applications. It is obvious that the space limita-
tion prohibits a more exhaustive coverage on the subjects.
More illustrative examples can be found in [109], [142],
and numerous signal-processing journals.

Many critical research topics remain yet to be solved.
From the commercial system perspective, there are many
promising application-driven research problems. These in-
clude analysis of multimodal scene change detection, facial
expressions and gestures, fusion of gesture/emotion and
speech/audio signals, automatic captioning for the hearing
impaired or second-language television audiences, multi-
media telephone, and interactive multimedia services for
audio, speech, image, and video contents.

From a long-term research perspective, there 1s a need
to establish a fundamental and coherent theoretical ground
for intelligent multimedia technologies. A powerful prepro-
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cessing technique, capable of yielding salient object-based
video representation, would provide a healthy footing for
on-line, object-oriented visual indexing. This suggests that
a synergistic balance and interaction between representation
and indexing must be carefully investigated. Another fun-
damental research subject needing our immediate attention
is modeling and evaluation of perceptual quality in mui-
timodal human communication. For content-based visual
query, incorporating user feedback in the interactive search
process will be also a challenging but rewarding topic.

In conclusion, future telecommunication will place a
major emphasis on media integration for human communi-
cation. Multimedia systems can achieve their potential only
when they are truly integrated in three key ways: integration
of content, integration with human users, and integration
with other media systems [108]. Theretore, the following
technologies will emerge to lead future multimedia research
[1O7]:

1) technologies for generating any kind of cyberspace;
2) technologies for warping into cyberspace;
3) technologies for manipulating objects in cyberspace;

4) technologies for communicating with residents of
cyberspace.

To sum up, the research and application opportunities in
intelligeni multimedia processing are truly boundless. It is
now up to us to explove further their vast benefits and
enormous potential.
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