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Abstract—This paper presents adaptive methods for con-
tent-based retrieval in video database applications. A new
adaptive video indexing (AVI) technique based on a template-fre-
quency model, together with a self-training retrieval architecture,
is proposed, to allow full use of temporal information. AVI takes
into account spatio-temporal information for relevance feedback
analysis of the dynamic content of video data. The AVI indexing
method can be effectively adapted for video shot, scene, and
story queries, in order to facilitate multiple-level access to a
video database. Our system incorporates this indexing structure
to a self-training neural network which implements automatic
adaptive retrieval, through its signal propagation process. This
greatly reduces the search time for video transmissions over the
Web because relevance feedback is implemented in automatic and
semi-automatic fashions. The AVI structure not only works well in
fully automatic mode, but is also effective in the user-interaction
interface system, to achieve a user-friendly environment. Experi-
mentally, we demonstrated the proposed indexing technique and
automatic relevance feedback for retrieval of CNN news videos.
We also investigated the resilience of the system with a user-con-
trolled interaction process and applied this to an automatically
indexed database of 20 h of Hollywood movies.

Index Terms—Automatic relevance feedback, content-based
video indexing and retrieval (CBVR), interactive retrieval, self-or-
ganizing neural network.

I. INTRODUCTION

THE EMERGING MPEG-7 multimedia content de-
scription standard allows “interoperable” content-based

retrieval with a rich set of standardized tools. By using MPEG-7
XML documents, multimedia search, browsing, filtering, and
retrieval can be possible on any platform, and through any
device such as a PC workstation, set-top box, or cell phone.
However, MPEG-7 remains an open research issue since it does
not standardize methods for extracting descriptors, searching
and evaluating the results. As a result, many techniques have
been recently developed for advanced search and retrieval. The
main streams of research of multimedia retrieval techniques
may be classified into various categories. One example is the
concept-based retrieval that takes the usefulness of descriptors
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to automatically detect semantic concepts. These concepts are
in the forms of key word, event, object, and human emotion,
as well as their relationships and organization specified to a
domain knowledge [1]. Another is the development of inter-
active retrieval to bridge the semantic gap between low-level
descriptors used by computer systems and the high-level con-
cepts perceived by human users, which is the central study of
this work.

Many years of research on interactive retrieval have been fo-
cused on image database applications [2]–[7], while only lim-
ited progress has been made for video database applications [8],
[9]. In contemporary interactive systems, the challenging issue
is to reduce user workload; the systems aim at obtaining ac-
curate retrieval results with minimum user input—with fewer
feedback cycles, and a smaller set of training samples. These re-
quirements are particularly essential for the application to video
data stored in a networked database, with many constraints such
as time and bandwidth. In order to apply relevance feedback for
video retrieval, we consider in this paper two important issues.

First, the relevance feedback method requires a better video
representation to capture sequential information to allow anal-
ysis. Traditionally [10], video retrieval is completed by first
breaking up the video sequences into temporally homogeneous
segments called shots. These segments are then condensed into
one or a few representative frames which are then used to de-
termine the similarity between shots on the basis of their vi-
sual characteristics. While this approach constitutes an efficient
and valid content-based video indexing and retrieval (CBVR)
system, it has proven to be inadequate in many ways. Among
these inadequacies is the lack of extensive use of dynamic visual
content. In most cases, it is difficult to extract information from
individual frames since their contents are chronically correlated.
Studying frames individually could be perceived as meaningless
when taken out of context. Furthermore, it is seldomly true that
events or actions can be accurately attributed based on a single
frame [11].

Second, interactive system require a self-adaptation process
to achieve high retrieval performance and minimize user input.
Since feedback samples are usually required for the adap-
tation of relevance feedback systems, it is difficult to apply
many cycles of the relevance feedback to network-based video
databases, considering the transmission bandwidth and time
constraints. Under the traditional relevance feedback paradigm,
retrieval ability is entirely based on the amount of feedback
samples [8] and the ability of the user to provide consistent
continuous feedback. Automatic relevance feedback can be
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more flexible than this process. In particular, the information
the user would traditionally provide through relevance feedback
interfaces is not longer required. This process now involves the
“automatic” modification of self-organizing neuronal weights
to construct relevance feedback parameters [12].

In this paper, we develop this automatic strategy further with
adaptive video indexing (AVI) and self-adaptation methods, in-
corporating these into a high performance semi-automatic rele-
vance feedback. We propose an adaptive video retrieval system
that places a strong emphasis on embedding representations of
the dynamic contents in video. We view video data as a collec-
tion of visual templates and in doing so capture sequential infor-
mation by an AVI weight vector. In contrast to the key-frame-
based video indexing (KFVI) techniques, AVI takes into account
the importance of all frames in the video sequence through a
differential weighting algorithm. By doing so, AVI is highly
adaptable in supporting indexing beyond the shot level, through
the use of finely embedded representations of the video. This
provides flexibility in accessing video collections from a multi-
level perspective. In other words, the AVI system offers users
the option to retrieve a video scene or story, using video clips
that contain more accurate narratives.

AVI indexing structure is very effective in implementing
adaptive systems in both user-controlled and fully automatic
modes. In these two mode operations, it will be demonstrated
that the effectiveness of relevance feedback analysis will rely
on accurate modeling of spatiotemporal information. We firstly
demonstrate the application of AVI by implementing the rele-
vance feedback in an automatic fashion. In this paradigm, the
adoption of the adaptive signal propagation network [13] is pro-
posed to implement the automatic relevance feedback. Since
neural network models perform effectively when matching
given patterns against a large number of possible templates, we
can adopt this organization for similarity matching in video re-
trieval. We associate the AVI parameters to the network weights
to reorganize the parameters through a signal propagation
process within the network. This process improves retrieval
accuracy, while minimizing user interaction.

We then develop a user-controlled interactive method with
semi-automatic feedback based on the AVI, and use it within the
iARM system, the principle of which was reported in [7]. iARM
stands for “Interactive content-based Analysis and Retrieval of
Multimedia.” The objectives of the iARM project is to develop
retrieval methods for effective interactive video search and re-
trieval for web-based applications. The incorporation of AVI
with semi-automatic relevance feedback is indeed suitable for
this system to achieve the minimum requirement of user input.
The iARM system was successfully implemented and applied
to the retrieval of a set of video clips from a video database con-
sisting of 20 h of 14 Hollywood movies, and can be accessed
online.1

A. Related Works in CBVR

The previous studies on video indexing and retrieval include
video segmentation (e.g., shot, scene, story segmentation),
video-content representation, and automatic detection and

1[Online] Available: http://141.117.3.194:8000/iARM

recognition of objects and events. First, a segmentation algo-
rithm is applied to the video data to obtain video intervals.
These intervals may be organized into three levels: shot, group
of shots (GOS), and story. Then, content characterization
techniques are applied to the video intervals. We discuss the
techniques for content characterization as follows:

1) Representation of Video Content: The traditional tech-
niques use key-frames for video representation [14]–[16]. A
few key-frames are selected from a video shot for representing
the content, and for similarity matching between shots. Jain
et al. [16] obtained a video clip by combining two or more
shots, and used the subsampled frames for clip representation.
In many cases, however, the key-frame representation is not suf-
ficiently robust, since the selected key-frames may not be ef-
fective representation of the other frames within the video. To
overcome this problem, key-frame selection algorithms may be
applied [15]. Here, frames are clustered according to a rate-dis-
tortion performance measure. Since video data has a high de-
gree of frame-to-frame-correlation, a compact representation of
the video can be achieved using the resulting clusters. How-
ever, while the KFVI method is relatively easy to implement,
it produces a representation which may not be adequate to cap-
ture video content, since it does not take into account temporal
information. Rather, the similarity matching between videos is
based on the spatial content of the predefined key-frames. Fur-
thermore, KFVI is not well adapted for representing video at
scene and story levels.

Recently, content-analysis methods have focused on tem-
poral information using motion features [17]–[19]. Jeong et al.
[19] introduced a fuzzy triple model to specify the relative spa-
tial relationships between salient objects and their changes with
respect to time. Ngo et al. [18] employed a clustering technique
to group together shots that are similar in motion and color
features, and used the resulting clusters for retrieval. Fablet et
al. [17], used a nonparametric probabilistic method to capture
dynamic content within shots, and applied the motion-related
measurements to improve the motion features from the camera
movement. According to the motion content, a hierarchical
structure is built for a given database for indexing and retrieval
of video shots. Sahouria et al. [20] use principle-component
analysis to select effective features for motion classification.
This reduces complexity while improving effectiveness of clas-
sification. In general, using motion features for representing
video content is useful for some parts of a video which have
certain types of motions. However, within the motion class,
there may be many subclasses that cannot be well-separated by
motion features.

2) High-Level Representation Techniques: Advances in pat-
tern and speech recognition present new methods for the charac-
terization and analysis of video content. The works in [21]–[23]
demonstrate semantic indexing strategies that construct sets of
automatically extracted key words to describe video content.

Naphade and Huang [21] introduced a probabilistic frame-
work for the semantic characterization of video content. A
set of key words is used to characterize video, based on the
detected events (such as explosions or speech), scenes (indoors
or outdoors), or objects (animal, planes). These attributes
are referred to as multimedia objects, or multijects, that are
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Fig. 1. (a) User controlled RF-CBVR system. (b) Automatic RF-CBVR system.

detected automatically by low-level feature processing of the
audio-visual data using machine learning methods, such as
hidden Markov models (HMM) and Gassian mixture models
(GMM). The predefined multijects can also be used to intro-
duce other newly found multijects in the video, by adjusting the
probabilistic quantity in a multiject network called a multinet.
In this framework, indexing and retrieval are allowed by key
word method. Although challenging, this conceptual frame-
work contains many of the aspects needed to be considered
for practical implementation. However, the limited number of
multijects used to define multimedia objects is not sufficient
to exhaust video content, since many objects are difficult to
detect. The number of defined multijects is also limited by
the technology (e.g., recognition techniques). Furthermore,
since the technique is based on a key word search paradigm,
some classes of object are more difficult to describe by key
words when compared to the visual content. In other words,
the utilization of this framework is limited by the number of
predefined multijects.

Upon the domain-specific application, event and object detec-
tion algorithms can be integrated to facilitate video browsing,
filtering, and retrieval [22], [24]. High-level techniques such
as human face detection, speaker identification, video caption
recognition and event detection have been studied [22], [24],
[25] for a particular type of video. These high-level techniques
are, however, heavily dependent on specific attributes, such as
particular events and objects, which makes extension for char-
acterization of other unspecified contents very difficult.

B. Proposed Framework

In the above discussion, two factors are required for effective
video characterization: first, a video representation should cap-
ture spatiotemporal information; second, there should be sup-
port for video indexing at various levels; that is, shot, scene, and
story. While KFVI can be used at the shot level, temporal infor-
mation is not addressed. Hence it cannot be effectively used at
the higher levels of video indexing. On the other hand, object,
event, and caption detection algorithms, and automatic key word

indexing, are high-level methods applied to a longer video in-
terval (i.e., scene or story), but the limited number of “terms” of-
fered may not be adequate for characterizing the content within
the video.

In view of this, we propose a video representation based
on a template-frequency model (TFM) that takes into account
spatiotemporal information. We view video data as a collection
of visual templates, so that the video characterization is the
analysis of the probability of templates occurring in a video
sequence. A visual template is regarded as a global view of
objects, and other parts of the real-life images occurring in the
video. The visual-template collection offers various “visual
terms” to describe video content, and is more natural than a
limited number of keywords used to annotate objects or events.
Compared to the KFVI technique, that relies on a few repre-
sentative frames and ignores other important information using
its key-frame selection algorithms, TFM projects the degrees
of importance among frames with weight parameters onto
a low-dimensional space, in order to fully explore temporal
information at various levels of video intervals.

Within the proposed framework, the key for effective video
retrieval is the automatic and semi-automatic relevance feed-
back architecture. An adaptive signal propagation net [13] is
adopted to organize TFM parameters by associating them with
network weights, in order to capture video content on a per-
query basis. The network’s forward-and-backward signal prop-
agations allow increased retrieval accuracy in a fully automatic
fashion. An important new concept arising from this work, is
our alternative viewpoint of relevance feedback parameters as
self-organizing neuronal weights, which are trainable through
the signal propagation process [13]. As a result, instead of im-
posing a greater responsibility on the user for interactions, as
in the traditional relevance feedback method, an independent
learning can be done to realize adaptive retrieval. Consequently,
we generalize the interactive CBVR system of Fig. 1(a) to in-
clude a self-learning component, as shown in Fig. 1(b). The in-
teraction and relevance feedback modules are implemented in
the form of specialized neural networks. In this fully automatic
model, the learning capability associated with the network and
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its ability to perform general function approximation offer im-
proved flexibility in modeling the user’s preference according to
the submitted query. Within this paradigm, the semi-automatic
method can be applied to let the system further learn different
user subjectivity and increase retrieval accuracy.

C. Outline of the Paper

The remainder of the paper is organized as follows. Section II
introduces AVI for video indexing. Section III presents an au-
tomatic relevance feedback network (ARFN) model for video
retrieval. Section IV shows the results of applying the methods
to the CNN news video database. In Section V, we describe in
detail the implementation of iARM system, and its performance
in interactive retrieval. Conclusions are drawn in Section VI.

II. ADAPTIVE VIDEO INDEXING (AVI)

The proposed video indexing consists of three modules: video
shot segmentation, template generation, and template-frequency
modeling. In this section, video database characterization is first
described, then followed by an explanation of the three modules.

A. Video Database Characterization

Let us first define the video annotations and video databases
that we use in this discussion. A video database is a collection
of raw video streams. We consider a single raw video stream in
the following definitions.

Definition 1: A video stream is a finite set of frames
that are ordered with respect to the time

index .
Definition 2: If and , then a video interval

over is the set of frames .
and of are the starting frame and the ending

frame, and they are denoted by and , respec-
tively. A video interval is simply denoted by , and

denotes the set of all intervals over .
A video can be organized into three levels: shot, group,

and story levels. So, , and , de-
note all the intervals over , for shot, group, and story levels,
respectively. A video group, then, is the stream of continuous
shots having some contextual meaning. We define a video in-
terval at the group level by

(1)

Similarly, the story interval corresponds to

(2)

As story is the highest or most complex level, it usually contains
a larger number of shots (i.e., ).

Definition 3: Let represent a visual descriptor of
frame . A video interval at any level is character-
ized by a set of video descriptors represented by

.

denotes a set of primary descriptors of . It will be used for
the video segmentation algorithm, and for obtaining a secondary
descriptor used for the video indexing.

Intuitively, a video descriptor database (VD) for a video is
defined as a set of video descriptors for and has the following
form:

(3)

Based on (3), video descriptor databases at the shot, group, and
story levels are defined as follows:

(4)

(5)

(6)

Note that is regarded as the set of primary descriptors, and
it is only used to characterize video at the frame level. In order to
obtain video indexing, it will be reorganized into a higher level
as a set of secondary descriptors (described in Section II-D).

B. Video Segmentation and Feature Extraction

In order to organize the video database, we first segment the
video into shots, which are the basic video unit. We then join the
shots into groups and stories according to chronological order
within long videos. While shot segmentation is obtained auto-
matically, the group and story level segmentations are manually
obtained. Segmentation for video group and story is beyond the
scope of this work, though an automatic process to achieve this
may be found in [26]. Here, we define a video group as an in-
terval which contains GOS being either a complete video scene
or a part of scene.

The shot boundary is usually described by cuts, fades, wipes,
or large camera motions. To detect shot boundaries, we adopt
a color-histogram-based shot detection (CHSD) method, which
has proven to be more effective than any other, based on the
comparison studies of [27].

Given a frame size of , a frame difference measure is
defined as

(7)

(8)

where denotes the color histogram for the th frame,
, and indexes the histogram bins. We use the his-

tograms computed on the and axes in hue, saturation, and
value (HSV) color space, where and are uniformly quan-
tized into 16 and 3 regions respectively. This results in a 48-bin
histogram. After applying the frame difference measure to video
data, all frame pairs are mapped to a frame difference vector

(9)

Due to the significant change of contents at the shot boundaries,

a cut is usually detected by applying a threshold to . This
condition, however, is not effective when used to detect gradual
transitions [27], because the frame differences in such transi-
tions have a minimal change from one frame to the next, pro-
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ducing a sequence of small value. To cope with this problem,
and to generate evaluation values that more strongly reflect the
transition, we compute the frame difference measure using two
windows

(10)

where is applied for cut detection and is applied
for dissolve detection. In our experiments, we observed that a
larger window size leads to better measured performance.

C. Template Generation

The template generation is referred to as a process of ob-
taining a set of visual templates, , which pro-
ceeds in two stages. In the first pass we prepare a training sample
set from the entire video database. In the second stage, we deter-
mine and optimize the visual templates by competitive learning
[28], [29]. We use a color histogram resulting from the CHSD al-
gorithm as a feature descriptor to characterize the corresponding
video frames. Our framework for video indexing, however, does
not restrict us to a particular feature extraction scheme, and
any available visual descriptor may be incorporated, since our
goal is to measure the template-frequency quantity. Let a vector

be a color histogram feature vector.
From the application of CHSD to all videos in the database, we
obtain a feature matrix,

(11)

where is the total number of video frames. By randomly se-
lecting subsamples in the matrix , we then obtain a training
set

(12)

(13)

In order to convert all the values in the data set to the same
propositional scales, we apply a scaling function to each
column vector in , as follows:

(14)

(15)

(16)

(17)

where is the th column vector
of . Let denote the scaled version of . The scaling
process [(14)–(17)] assumes that is large enough, such that

and approximate the true mean and standard deviation of
the distribution of all possible ’s by the law of large number
(LLN) [6], [30]. This is to ensure that we can apply the scaling
factors given by (14)–(17) to new data that is not presented in

the training set . We utilize this assumption for the mapping
algorithm in Section II-D.

After the scaling process, the competitive learning process
[28], [29] is applied to the training data set. The objective here
is to obtain a small set of representative vectors (or visual tem-
plates) from the larger set of training vectors. To achieve this,
we associate a subset of samples from the row vectors in to
initialize the visual templates , where .
Let be a vector randomly selected from the
row vectors in . Assuming that the current vector is assigned
to template , i.e.,

(18)

using competitive learning, we update the value of as fol-
lows:

(19)

The learning step size monotonically decreases according
to the following linear schedule:

(20)

where is the total number of iterations.

D. Template-Frequency Modeling

Within the AVI paradigm, a video datum is modeled using a
set of visual templates, concatenated into a single feature vector
through the assignment of numerical weights. This weighting
scheme characterizes the differential degree of importance
among video frames, through a template-frequency factor
specifying the occurrence of a particular visual template in
the video, in the spirit of data modeling approaches described
in [5], [31]. In other words, we use the template-frequency
factor to estimate a certain set of statistical values which best
identify the usefulness of the visual templates for representing
the video contents, and aim at capturing spatiotemporal visual
characteristics of the video content.

Video indexing is obtained in two stages. In the first stage,
we associate each template vector to a corre-
sponding region in a Voronoi space. The Voronoi
space is defined as the space of vectors (after the vector quan-
tization process), where all vectors in a given data set are ‘ap-
proximated’ by few representative vectors called Voronoi vec-
tors [29]. In this case, the Voronoi vectors are referred to as
the optimized-model vectors , which are the
output of the competitive learning algorithm described in Sec-
tion II-C. In the second stage, we map the contents of the entire
video sequence (or interval) to the regions,
to obtain a weight vector ; each weight

specifies a statistically measured value for the corresponding
according to the degree of importance of to the video .

Let denote a vector extracted from the
th frame in a set of descriptors

, corresponding to an interval .
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Given a set of visual templates , we
define a mapping of to a Voronoi Space through2

(21)

(22)

(23)

where is the region containing Voronoi cells neighboring
, and is a set of labels associated with the Voronoi

cells in . Note that denotes the index of the best-matched
cell. By this definition, the given point is mapped onto
cells (instead of one) neighboring each other in the Voronoi
space.

In (21), we specify the region from which samples are identi-
fied when a given visual template set is scanned. This region is
data dependent in order to improve the embedding of correlation
information. This is achieved through multiple-label indexing.
For each vector the mapping proceeds in a
number of distinct labels, which are specified as

(24)

where are the labels of the top best match
templates. Once a cell is selected, the neighbors which have
not yet been visited in the scan are then also included in .
This allows for interpretation of the correlation information be-
tween the selected cell and its neighbors. Since a video sequence
usually has a very strong frame-to-frame correlation [26] due to
the nature of time-sequence data, embedding correlation infor-
mation through (21)–(23) offers a better description for video
contents, and thus a means for more accurate discriminant anal-
ysis. For example, two consecutive frames which are visually
similar may be not mapped onto the same cells; rather, they may
be mapped onto two cells in a neigborhood area, so that map-
ping through multiple labels using (24) maps two frames from
the same class in the visual space into the same class in feature
space.

The visual content of the video frame (associated with
) is therefore characterized by the membership of . The

resulting of all frames from the mapping
of the entire video interval are concatenated into a single
weight vector . This is represented through a weight scheme
[31] by

(25)

(26)

where the weight parameter stands for the raw frequency
of template in the video interval (i.e., the number of times
the template is mentioned in the content of the video ); the
maximum is computed over all templates mentioned in the con-
tent of the video denotes the total number of videos in

2The mapping process assumes that the vector x is scaled according to
(14)–(17).

Fig. 2. Multiple-level access to video database: (a) shot-to-shot; (b)
shot-to-group; (c) group-to-group; (d): group-to-story; (e): shot-to-story.

the system; and denotes the number of videos in which the
index template appears. In this way, the weight balances
two effects for clustering purposes: intraclustering characteri-
zation and interclustering characterization. First, the intraclus-
tering similarity provides one measure of how well that template
describes the video contents in the desired class, and it is quan-
tified by measuring the raw frequency of a template inside a
video . Second, the interclustering dissimilarity is quantified
by measuring the inverse value of the frequency of a template

among the videos in the collection, thereby specifying that
the templates which appear in many videos are not very useful
for the discriminant analysis.

It suffices here to note that only a few from the large number
of templates are used for indexing an input video sequence (i.e.,
if the template does not appear in the video then ),
so that the weight vector is very sparse and only nonzero
elements are kept.

E. Adaptivity

Since the template-frequency model embeds all the visual
contents occurring in a video sequence, the AVI technique can
be adapted to characterize video sequences at different levels,
from shot, GOS, to story, ranking these in an ascending order
of semantics. This allows for the system to facilitate the user’s
access to various levels as depicted in Fig. 2.

This architecture is able to accommodate retrieval from a
lower level to a higher level, e.g., retrieval of a video group or
story by using a query from the shot or group levels. A user is
generally seeking information across the different levels defined
in the segmented videos. To satisfy this demand, it is expected
that at a higher level, the video story should contain most of the
visual contents occurring at the lower one. For instance, to re-
trieve a full news story, a small shot that contains the anchor can
be utilized as a query. To formally introduce adaptivity, we need
the following definition.

Definition 4: For a video descriptor database
, where

the indexing process
produces a secondary video descriptor for each interval ,
specified as . The weight

associated with a pair is positive and nonbinary.
Let be the video interval at the group level,

which contains a total of video shots,
. Then, a video descriptor

for is given by

(27)
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where

(28)

with being the th weight component of the th shot
. We also apply (27)–(28) to obtain a set of descriptors

for a video interval at the story level, . A summary of
the video description databases for different levels are listed as
follows:

(29)

(30)

(31)

In the querying process, a query can be chosen from
or , according to the links in Fig. 2. Under these con-
ditions, a query interval should follow two properties: first, it
should be short enough to not contain many lengthy scenes;
second, it should be long enough that the context does not break
down. This means that an interval from a story database may not
be a suitable interval query.

III. AUTOMATIC RELEVANCE FEEDBACK

NETWORK (ARFN)

As we observed in the previous discussion, AVI models a
video by using numerical weight parameters, ,
each of which characterizes a degree of importance of the vi-
sual templates presented in the video. These weight parameters
will be reorganized on a per query basis. At this point, video
clusters that maximize the similarity within a cluster, while also
maximizing the separation from other clusters, can be formed
based on content identifiers, to initialize the ranking for an-
swering a query. This ranking is now adopted to reorganize
the degree of importance of the visual templates through the
following process. First, the process identifies “effective tem-
plates” that are the common templates among videos in a re-
trieved set. Then, those templates considered to be the most sig-
nificant for reweighting the existing templates of the initially
submitted query are weighted, to improve the performance of
ranking. In other words, we allow the templates that are not pre-
sented by the initially submitted query (i.e., ),
but are common among the top-ranked videos (i.e., the poten-
tially relevant videos), to “expand.” This results in reorganiza-
tion of the degree of importance of the query’s templates for
better video similarity measuring.

This process is in the same spirit as the user-controlled rele-
vance feedback techniques widely used in information retrieval
applications. More specifically, a set of significant terms defined
of the items specified by the user is added to the initial query, and
used to reweight the query components [5], [31]. In this work,
we similarly adopt this query reformulation scheme for the ex-
panding of queries to improve ranking. However, our goal here
is to minimize user involvement, by proposing the adoption of
a neural network model [13]. As neural networks can perform
very well at matching a given pattern against a large number of

Fig. 3. Neural network architecture for automatic relevance feedback.

possible templates, we use this structure for selecting relevant
videos. Fig. 3 shows the neural network architecture for auto-
matic video ranking.

A. General Model

The network is composed of three layers: one for the query
templates, one for the video templates, and the third for the
videos themselves. Each node has a connection weight commu-
nicated to its neighbors via the connection links. The query tem-
plate nodes initiate the inference process by sending signals to
the video template nodes. The video template nodes then them-
selves generate signals to the video nodes. Upon receiving this
stimulus, the video nodes, in their turn, generate new signals di-
rected back to the video template nodes. This process might re-
peat itself several times, through the second and the third layers,
which allows the network to find templates that appear to be rel-
evant on the basis of initial ranking, and use those templates to
refine the ranking process.

To be precise, let denote the set
of the query’s weight components, obtained by converting the
video query into a set of templates. Let de-
note the message sent along the connection from
the th query node to the th video template node. Also, let

denote the message sent along the connection
from the th video template node to the th video

node, . Note that is a one-to-one cor-
respondence, while is a one-to-many correspon-
dence. First, each query template node is assigned a fixed acti-
vation level equal to . Then, its signal to the
video template node is attenuated by normalized query template
weights , as follows:

(32)

if

otherwise.
(33)

When a signal reaches the video template nodes, only the video
template nodes connected to the query template nodes will be
activated. These nodes might send new signals out, directed to-
ward the video nodes, which are again attenuated by normalized
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Fig. 4. Signal propagation. (a) Signals from the two query template are sent to the video template nodes, and three video nodes fc; d; eg are activated. (b) Signal
propagates back from the third layer to the second layer, resulting in more activated video temple nodes. (c) Signal propagates back to the third layer. This results
in the activation of new video nodes by expanding the original query template and the activated video nodes in (b).

video template weights derived from the weights , as
follows:

(34)

if

otherwise.
(35)

Once the signals reach a video node, the activation level of
this video node (associated to the video ) is given by a sum of
the signals (the standard cosine measure)

(36)

(37)

This finishes the first round of signal propagation. The net-
work output (i.e., ) is a desired ranking of the
videos for retrieval. The process, however, does not stop here.
The network continues the ever-spreading activation process
after the first round of propagation. This time, however, a min-
imum activation threshold is defined such that the video nodes
below this threshold send no signals out. Thus, the activation
level at the th video template node is obtained by summing up
the inputs from the activating video nodes as follows:

(38)

where denotes the activation levels of the th video node

and is the set of ’s such that , where is a

threshold value. The activation process is allowed to continue
flowing forward and backward between the video template
nodes and the video nodes, inducing an order to the videos,
based on the corresponding node activations at each stage.

In other words, we allow the network to automatically expand
the query templates analogous to the relevance feedback model
[5], [31]. The signal propagation process is directly related to
the derivation of new weights of query templates, thereby a new
template appearing in the highly activated videos, despite not
having appeared in the original query, may become active and
activate other videos. This modifies the initial vector ranking in
the retrieval process.

Fig. 4 graphically describes the spreading activation process.
Fig. 4(a) shows two query templates sending signals to the video
template nodes . The video nodes are activated
(the application of the threshold is omitted to simplify illustra-
tion). Fig. 4(b) shows the signals propagating backward to the
video template layers. At this time, , and are the newly ac-
tivated nodes. After recalculating the node activations, the video
template nodes send signals forward to the video nodes as shown
in Fig. 4(c). This results in a new ranking, which includes a new
video node, . We see that the network then utilizes video tem-
plate node , present in the initial ranking, to find more relevant
video nodes.

B. A Modified Model

A new activation level computed in (38) can be viewed as a
modified weight of the query template, where only videos with
significant activation levels are considered to be good candi-
dates for modifying the query template activations. Practically,
anti-reinforcement learning is adopted to improve speed of con-
vergence, [5], [31], whereby both original query components
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Fig. 5. (a)–(b) Subjective judgment of relevance. In each case, the video shots are judged to be relevant to each other as they are originally from the same video
story.

TABLE I
DESCRIPTION OF SEQUENCES IN THE DATABASE: CNN BROADCAST NEWS

and a negative feedback strategy can help to improve effective-
ness. Thus, as an alternative to (38) we derive the following for-
mula for the activation of the th video template node:

(39)

(40)

where is the activation level of the th video, is the set

of ’s such that , and Neg is the set of j ’s such that

, where is a threshold value. In addition, and
are the suitable positive and negative constant values. In the

experiments reported in Section IV-B, the system performance
was based on and .

IV. EXPERIMENTAL RESULTS

In this section, we demonstrate the performance of the pro-
posed methods for video indexing and retrieval. We first present
the application of AVI to retrieve video shots, and its integra-
tion with the adaptive retrieval system. This employs both the
automatic relevance feedback network as well as the user inter-
action interface. We then demonstrated the capability of the AVI
technique for retrieval of video clips and video stories for mul-
tiple-level access to the video database. In Section V, we will
describe the application of AVI to user-centered retrieval within
the iARM system to the Hollywood movie database.

A. AVI Performance

We studied the performance of the AVI technique by com-
paring it with the KFVI algorithm [10], which has become a
popular benchmark for shot-based video retrieval. Table I pro-
vides a summary of the test video data, obtained from the In-
formedia Digital Video Library Project.3 This is a collection of
CNN news broadcasts, which includes full news stories, news
headlines, and commercial break sections. This video results
in 844 video shots, segmented by the color histogram based
shot boundary detection algorithm (described in Section II-B).
A 48-bin histogram computed on HSV color space is used for

3[Online] Available: http://www.informedia.cs.cmu.edu

Fig. 6. APR (%) as a function of top match, obtained during retrieval of 25
video shot queries.

both shot segmentation and indexing algorithms. The KFVI uses
a histogram vector generated from a middle frame of the video
shot as a representative video shot. The resulting feature data-
base is scaled according to (14)–(17). In the AVI case, a total of
5000 templates are generated. Each video shot is described by
its associated weight vector. This was generated by the template
models, using neighborhood [cf. (21)].

A total of 25 queries were selected and the judgments on the
relevance of each video to each query shot were evaluated. In
general, the relevance judgment of videos is difficult because
two video clips may be related in terms of the story context,
and not just visual similarity. We were aware of this fact in this
experiment, so we employed a subjective criteria to judge rele-
vance: only retrieved video shots from the “same” stories were
judged to be relevant. For example, four video shots shown in
Fig. 5(a) were judged to be relevant because they were parts of
the same stories. This also holds true for the video shots shown
in Fig. 5(b).

Fig. 6 shows precision results as a function of top matches,
averaged over all 25 queries. We observed that AVI performed
substantially better than that of KFVI for every setting of the
number of top matches [the average precision rate (APR) was
higher by more than 18%]. We also observed that AVI is very
effective in capturing spatiotemporal information from video,
as seen in Fig. 7 which depicts retrieval results from the top six-
teen best matches. It was observed that AVI allows similarity
matching based on video contents, whereas the KFVI emphasis
is on the contents of the key-frames. There was a dominant
brown color in the key-frames, degrading the performance of
KFVI on this query.
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Fig. 7. Comparison of the retrieval performance at the shot level (a) obtained by KFVI and (b) obtained by the AVI. In each case, the query is shown in the top-left
corner, and the retrieved videos are ranked according to descending order of similarity scores, from left to right and top to bottom. It is observed that AVI allows
similarity matching based on the video contents, whereas KFVI emphasizes the content of the key-frames effected by a color similarity.

B. Adaptive Retrieval

Next we applied ARFN to improve retrieval accuracy by au-
tomatic relevance feedback. The video shot database results in a
network with 5844 nodes and 14 800 connections. We show the
results of three tests: letting the activation spread for 1, 3, and 20
iterations. The parameters were set at , and

[cf. (40)]. Table II shows the improvement of the av-
erage precision in retrieving 25 queries (the same queries used
in the previous section).

The following observations were obtained from the results.
First, the ARFN was very effective in improving retrieval per-
formance—the APR increased by more than 11%, and is partic-
ularly significant in the top 10 to 16 retrievals. Second, it is sta-
bilized very quickly. Third, allowing many iterations degraded
the performance slightly. Finally and most significantly, the re-
sults were achieved by simply allowing activation flow, with no
user input.

We observed that the values for , and affected the re-
sults and confirmed the reports of other studies [5], [31], [32]
with regard to the value for . However, the identification of
the proper values for these parameters was completed conve-
niently as they were usually found in certain ranges. We also
observed that without applying the threshold level , we found
only modest improvement initially, while all nodes became in-
creasingly activated. This leads to a longer processing time and
to random ordering of the videos.

Based on the same setting of parameters and , we obtained
retrieval results by user-controlled relevance feedback for the
query modification model in (40), [31]. Here, user provided rel-
evance feedback on each retrieved video from the top-16 best
matches, and the results obtained are shown in the last column
of Table II. It was observed that the user-controlled relevance
feedback gave better performance than that of the ARFN: on
average 7.1% higher. However, it should be taken into account
that the users had to provide feedback on each of the videos re-
turned by a query in order to obtain these results.

TABLE II
APR (%) OBTAINED BY ARFN, USING 25 VIDEO SHOT QUERIES.
ARFN RESULTS ARE QUOTED RELATIVE TO THE APR OBSERVED

WITH COSINE MEASURE.

C. Query by Video Clip

Our purpose here is to demonstrate that the AVI technique can
be adapted for retrieval beyond the shot level. By using the news
video database, we can conveniently define the story clip since
the news stories are usually well defined in the video. Here, we
joined the shots into meaningful groups and stories according
to the time line in the original unsegmented video. Although
there is an automatic technique available for detecting the news
stories [26], we did divide this manually to ensure the quality
of the segmented videos used for this experiment. Three feature
databases were created to describe the videos at the three levels.
The lengths of the video clips were between 0.5–43.5 s for the
group level, and 5.7–180.3 s for the story level.

In order to retrieve the video groups, six sets of
video intervals were obtained for querying,

, each obtained from a
different story. In the same set, the shot interval was
one part of the group interval . This allows for the
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Fig. 8. (a) Precision and recall rates of retrieval of the video groups, using six query sets, employing the two links: 1) STG) and 2) GTG. (b) Precision and recall
rates of retrieval of the video stories, employing the two links: shot-to-story (STS) and group-to-story (GTS).

comparison of the performance between query-by-video-shot
and query-by-video-group. We note that lengths of the queries
are as follows:

. Fig. 8(a) show
the precision versus recall figures for all six sets of the test
queries, resulting from the retrieval of the video groups. The
figure shows a comparison between two links: shot-to-group
(STG) and group-to-group (GTG). Evidently, the AVI exhibits
a high accuracy for video group retrieval. We have an APR
of 90% at 50% recall, and more than 60% at 100% recall.
In addition, we observe that the GTG link provides higher
precision at lower recall levels, while the STG is superior at
higher recall levels.

A possible application for retrieval of the video story is to uti-
lize a news headline to retrieve the full news story. This enables
a user to go directly to the full story from the headline of in-
terest. We examined five news stories introduced with at least
two headlines. We then utilized five shots and five video groups
from the news headline for the test. Fig. 8(b) shows the AVI per-
formance in retrieving the news stories by employing the shots
and groups from the news headlines. We observed that all rel-
evant video segments related to the same story were retrieved
at close to 50% precision. This means that, on average, all rele-
vant video intervals can be retrieved within the first ten retrieved
videos.

Fig. 9 shows an example of story retrieval. The query clip is a
news quiz about President G. W. Bush visiting a national park.
There are five relevant stories in the database. The results show
that relevant segments were retrieved at rank 1, 4, 6, 8, and 22.
It is observed that the performance degradation on video rank
22 is a result of containing many irrelevant shots—this video
segment summarized the news.

V. APPLICATION TO iARM-AN INTERACTIVE

VIDEO RETRIEVAL SYSTEM

Human-centered search and retrieval have been extremely
central to multimedia computing applications. Contemporary

multimedia systems, such as the MARS [6] and PicSom [4],
were developed recently to overcome the obstacles of this chal-
lenging issue. In these practical applications, retrieval accuracy
is not the only concern. A user friendly environment is also
highly desirable. Ideally, human-machine interaction in mul-
timedia search engines will have a small set of training sam-
ples (typically, less than 20 video samples), and minimum user
input (one to two cycles of relevance feedback). To that end,
we have implemented a web-based interactive video retrieval
system, iARM, at Ryerson University, Toronton, ON, Canada,
which was successfully applied to the human-centered video re-
trieval application and can be accessed online.

The iARM system is a web-based search engine, and has been
implemented using AVI video indexing structure and an interac-
tive content-based retrieval strategy. In this section, we demon-
strate its application for retrieval of “video clips” from a gen-
eral-purpose video database of 20 h, which includes 14 Holly-
wood movies segmented into a total of 2 401 video clips, each
of which is approximately 30 s long. Table III gives the details
of the database. This system uses no textual information in the
matching process as we try to explore the possible advances of
CBVR. In a real-world application, however, textual informa-
tion is often used as a helpful addition to CBVR systems, in
particular to preliminary information concerning video files for
query interface as well as retrieval.

We implemented the iARM system to manage a centralized
database using the Java 2 Enterprise Editions (J2EE), shown
in Fig. 10. In this system, the video database is located on the
single server, and the system provides user interactions through
Java Server Page (JSP) interface. The requests and feedback on
the client sides are implemented through JSP, which are then
processed within the Java Bean on the server side. The current
implementation of the iARM system provides only two query
interfaces: a video ID search and a query-by-example method.
In the later phase, we will include several more query interfaces
methods, such as a textual interface, a JAVA-based drawing, and
a CGI-based web interface for submitting a query video of any
format anywhere on the Internet.
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Fig. 9. Story retrieval using GTS link. (a) Query clip containing two video shots (3.7 s). There are a total of five relevant stories in the database, showing President
G. W. Bush visiting a national park. (b) First segment (35.7 s) is ranked at no. 1. (c) Second segment (36.3 s) is ranked at no. 4. (d) Third segment (34.9 sec) is
ranked at no. 6. (e) Fourth segment (30.4 s) is ranked no. 8. (f) Fifth segment (20.5 s) is ranked at no. 22.

TABLE III
DETAIL OF TEST VIDEO DATABASE, CONTAINING 20 HOURS OF

HOLLYWOOD MOVIES

A. Performance on Video Queries

We applied the AVI technique described in Section II for
indexing all video clips in the database. In a separate offline
process, each video clip was indexed by a set of visual tem-
plates. These were generated by the competitive learning algo-
rithm; a training set of 16 681 samples was created by subsam-
pling video frames in the database, and then it was optimized to
generate 2000 templates. During the online process, the video
search is initiated by the query submitted by the user and fol-
lowed by relevance feedback. Using the same strategy as the
relevance feedback technique described in [31], we obtained a
new query within a feedback cycle by enhancing the relevant
models and suppressing the irrelevant models from the original
query [cf. (39)–(40)], where users provide relevance feedback.
Our objective at this point was to evaluate the proposed indexing
structure in its capability in modeling human perception in the
interactive retrieval system, so that we have not considered auto-
matic RFN in this part of the experiments. However, the ARFN

results will be discussed in Section V-B with the semi-automatic
process.

To provide numerical results, we tested 40 sample video clips
chosen randomly from fourteen movies. For each query, rele-
vance feedback was provided on the top 16 best match samples,
and the precision was recorded. Table IV shows the retrieval re-
sults averaged over the 40 queries. From the table, it is observed
that the iARM system gave a very high precision of 73.6% at
the initial stage (i.e., more than 11 relevant video clips were
retrieved out of the top 16 best matches). We also observed a
significant improvement of 90% precision was achieved after a
single feedback cycle. This implies that the proposed video in-
dexing method is highly effective in capturing spatiotemporal
information from video. This also indicates that this method is
efficient and highly adaptable, as only a single user feedback is
required for significant improvement.

Table IV also shows the comparison between AVI and the
KFVI methods that use video clustering strategies for the video
content characterization. In these experiments, we employed
video clustering approaches discussed in [15], [18], [34] for se-
lection of the representative frames from video clips. In this
way, for each video clip, frames are clustered based on frame
descriptors, and frames that are close to the cluster centriods
are selected as key-frames. Here, we employed the -mean al-
gorithm and clustering validity method demonstrated in [18]
for the key-frame selection. We first extracted a 48-bin color
histogram vector from each video frame in a given video clip.
We then applied the clustering algorithm to the resulting his-
togram vectors to make a -means with different values of , for

. The -means is run multiple times for each
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Fig. 10. iARM’s GUI using two query interfaces: a video ID search and a query-by-example method.

TABLE IV
APR (%) OBTAINED BY RETRIEVEING 40 QUERIES, MEASURED FROM THE TOP SIXTEEN RETRIEVALS, USING USER-CONTROLLED RELEVANCE

FEEDBACK, AUTOMATIC RELEVANCE FEEDBACK, SEMI-AUTOMATIC RETRIEVAL METHODS

, and the best of these is selected based on sum of squared er-
rors. Finally, we calculated Davies–Bonldin index [35] for each

, and chose the that gave the smallest
Davies–Bonldin index. In doing so, the optimum number of
cluster will vary according to the cluster validity analysis of the
resulting clusters. We selected the closest frames to the clus-
ters (one frame from each cluster) as key-frames, and denoted
this method as MKF (multiple key-frame) method. For com-
parison, we also selected a single frame which is the closest
frame to a cluster centriod as a key-frame, and denoted this
method as SKF (single key-frame) method. Video content sim-
ilarity matching used by the SKF was obtained by comparing
the descriptor vectors of the selected key-frames of the query
and the target videos. However, for the MKF method, simi-
larity measure was obtained by matching multiple key-frames
of query against multiple key-frames in the target video clips.
To be precise, let be a similarity score. We obtained the sim-
ilarity by: , where

is the distance between the th key-frame of query and the
th key-frame of the target video; and are the total number

of key-frame of the query and target videos, respectively.
From the results, we observed that although the SKF method

can be used for retrieval of video shots (as described in Sec-

tion IV-A), SKF is less effective in characterizing video con-
tent of video clips. The SKF result was at 39.22% precision. By
considering multiple key-frames as in the MKF method, the per-
formance of the key-frame-based video indexing method can be
improved to 62.34%. However, this result is approximately 10%
less than that of AVI.

B. Automatic and Semi-Automatic Retrieval

In order to achieve a high retrieval performance, we imple-
mented iARM system with the automatic and semi-automatic
retrieval algorithms employing ARFN architecture. In this case,
depending on the network traffic conditions, users can submit
automatic and semi-automatic queries, thereby the automatic
query can avoid the transmission of training sample video files
over the network. Using the same set of queries as in the pre-
vious results, this system first performed an automatic retrieval
for each query to adaptively improve its performance. After
three iterations of signal propagation in the ARFN, the system
was then assisted by the users. Table IV provides the summary
of the retrieval results, obtained by automatic and semiautomatic
methods. It was observed that the semiautomatic method is su-
perior to the automatic method and the user interaction method.
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TABLE V
APR (%) OBTAINED BY RETRIEVING 40 QUERIES, WHEN USING FOUR

SETS OF MODELS FOR VIDEO INDEXING

TABLE VI
PROCESSING TIME USED IN THE ONLINE AND OFFLINE PROCESS IN iARM

SYSTEM. AVI INDEXING TIME WAS MEASURED FROM A SINGLE VIDEO CLIP

OF SIZE 0.27 s. THE OFFLINE PROCESS WAS IMPLEMENTED ON A PENTIUM IV
2.4 GHz PC USING WINDOW XP SYSTEM AND MATLAB IMPLEMENTATION.

THE ONLINE PROCESS USED A PENTIUM IV 2.0 GHz PC SERVER SYSTEM AND

JAVA IMPLEMENTATION. THE ALGORITHMS ASSOCIATED WITH THE OFFLINE

PROCESS ASSUMED THAT VIDEO FRAMES HAVE BEEN DESCRIBED BY

COLOR HISTOGRAM FEATURE VECTORS

The best performance was achieved at 92.03% precision. In ad-
dition, the moderate performance of the automatic method can
be beneficial to the user when the network resource is limited.

C. Robustness

We have evaluated the strength of the iARM system against
a variety of templates. Specifically, we used the competi-
tive learning algorithm to generate three sets of templates at

, and . These are approximately 3%, 6%,
and 9% of the training sample set, respectively. For each set
of templates, video files were indexed, and the resulting three
feature databases were applied to the retrieval system. Table V
shows the retrieval results obtained by retrieving 40 queries. We
observed that the iARM system is fairly robust compared to the
deviation of number of template . The results in the second
column show the small variation in retrieval performance as we
reduce the size of the template set from 2000 to 1000 models,
i.e., 1.09% reductions of precision. The gap is increased to
2.34% after relevance feedback as we had anticipated, since
human interpretation has been addressed to some extent by
the interactive algorithm, whereas in the previous case video
matching used the nonadaptive matrix. The results show that a
set of templates with is sufficient to model the video
content in this database. This value of is approximately 0.1%
of the entire video data in this collection.

D. Speed

The complexity of all algorithms presented in this paper can
be divided into two parts. The first is the offline process which
includes: 1) template generation using competitive learning al-
gorithm and 2) video indexing using AVI. The second part is the
online process for query execution which starts from the time the
user submit a query to the time the system finishes returning a
list of the retrieved videos. Although, the complexity of the two
processes needs to be considered in practical implementation,

the most important aspect is the online process for executing a
query in real-time, which needs to be completed rapidly.

The algorithms in the offline process have been implemented
on a Pentium IV 2.4 GHz PC using the Window XP system and
MATLAB implementation, whereas the online process used a
Pentium IV 2.0 GHz PC Server system and JAVA implementa-
tion. Table VI summarizes the processing times used by all al-
gorithms on different sets of templates. As reported in the table,
to compute a feature vector associated with a single video clip
requires approximately 6 s, at . The speed is much
faster when the system implemented a smaller set of templates,
i.e., at . However, as shown in the last column of the
table, the matching speed is considerably fast regardless of the
value of . This system took on average less than 0.7 s of CPU
time to complete a single retrieval process. We noted that the
query execution time is averaged because it was dependent on
the available resources within the server at the time we mea-
sured.

VI. CONCLUSION

Video database applications require suitable indexing tech-
niques to capture the time-varying nature of video data, together
with high performance strategies. In this paper we proposed an
AVI model and integrated with an adaptive signal propagation
network [13]. The template-frequency model (TFM) demon-
strates a very effective representation of the dynamic content
of video, at various levels, and offers retrieval-by-video-clip to
facilitate retrieving video groups and stories. Since the TFM
model addresses the difficulty in capturing spatiotemporal in-
formation, it allows relevance feedback analysis to capture in-
formation in the dynamic content, rather than spatial informa-
tion only offered by key-frame-based modeling techniques. Un-
like previous video database search attempts, we incorporated
a self-learning neural network to implement an automatic rel-
evance feedback method, which requires no user input for its
adaptation. Simulation study shows, this adaptive system, uti-
lizing the TFM and automatic-RF retrieval architecture, can be
effectively applied to video database search. We also demon-
strated the integration of the proposed retrieval methods with
the traditional user-interaction interface and implemented on-
line Web search engine. Our experimental results on the interac-
tive system show that the semi-automatic method allows accu-
rate modeling of the users’s responses, and satisfactory results
are achieved within a very small number of iterations. This new
method may potentially provide an effective tool to the new gen-
eration of video database applications.
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