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ABSTRACT

Comparison of video seguences is an important operation in many multimedia
information sysems. The smilarity measure for comparison is based on some measure of
correlation with the perceptual amilarity (or difference) among video sequences or with
the amilarity (or difference) in some measure of semantics associated with the video
sequences. In content-based smilarity andysis, the video data are expressed in terms of
different features. The dmilaity maiching is then peformed by quantifying the feature
relationships between target video and query video shots, with dther an individud
feature or with a feature combination. In this study, two approaches are proposed for the
amilarity andyss of video shots In the first gpproach, mosac images are crested from
video shots, and the gmilarity andyss is done by examining the smilarity amongs the
mosaic mages. In the second approach, the key frames are extracted for each video shot,
and the smilarity amongst video shots is examined by comparing the key frames of the
video shots. The features extracted include image histograms, dopes, edges, and
wavelets, Both individud festures and fedture combinations ae used in Smilarity
matching usng an atificid neurd network modds The smilarity rank of query video
shots is determined based on the coefficients of determination and mean absolute errors.

INDEX WORDS: Video amilarity, Smilarity matching, Video shot, Mosaic image,
Key frame, Individud feature, Feature combination, Artificia
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CHAPTER 1

INTRODUCTION

Comparison of video sequences is an important operation for many multimedia
information sysems. In generd, a smple pixe-by-pixel comparison, or exact matching,
between the corresponding frames does not work except for highly congtrained Stuations
(Adjeroh et d. 1998; Santini and Jain 1999; Lim et d. 2001). The smilarity andyss is
usudly performed on video shots with different geometries (such as different frame szes,
orientations, and coordinate systems), different objects, different scenes, and different
events, with or without smilar properties amongst them. The measurement of Smilarity
needs to be based on some measure of corrdation with the perceptud smilarity (or
difference) among video sequences or with the similarity (or difference) in some measure
of semantics associated with the video sequences.

In content based dmilarity andyss, the video data are expressed in terms of
different festures. The dgmilaity maching can be peformed by quantifying the
relationships between the features that are extracted from the video data Deriving a
amilarity measure can be consdered as a three-step process. First, we need to find a set
of features that are good enough to describe the characteristics of the video sequences.
These features define the festure space for the smilarity anadyds. Next, the feature
vectors need to be condructed from the video data. The components of the feature

vectors can be the color or gray-level histogram, texture, shape, and/or other features



extracted from the video dream. Findly, the sSmilaity matching between video
sequences is performed based on certain criteria, such as a distance measure or
correlation efficient, between the feature vectors derived from the video sequences in the
feature space.

There are saverd issues that we need to discuss here. Firdt, during extraction of
feature vectors, the spatid information for some features may be lost because this
information was not conddered in the feature extraction process. For example, if the
image content is characterized by the color or gray-levd higogram, dl the information
about the spatia didribution of colors or gray-levels will be lost. One way to recover
some spdid information is to divide the image frame into tiles and then compute the
hisogram for each tile. The spatid information can dso be introduced by dassfying the
image frame into different regions and computing the hisogram for each region. The
second issue is that the various features such as color, texture, and shape are generdly
extracted using different computationa methods in different festure spaces with different
inherent digance metrics. As a result, content based smilaity matching is usudly
performed based on a sngle individud festure. Since the different festures may place
different degrees of importance or focus on different aspects of the origina video data,
the result of amilarity matching may be different when the different fegtures are used in
the sngle feature matching process dthough the underlying video data set is the same in
every case. A more robust dSrategy is to combine the features in a reasonable way. For
this purpose, the weighted liner method was developed to combine the smilarity
measurements from different individual features (Pentland et a. 1994, Ma and Manjunath

1998).



Another important issue is the sdection of weights for the different components
of feature vectors. In exiding sysems, the weights are usualy arbitrarily specified by the
user. For example, the user may specify “the weights for color feature, texture, and shape
as 05, 0.3, 0.2, respectively”. However, smilarity matching usng this kind of arbitrary
weight specification may not yidd results that are perceptudly intuitive. The flexible
adjugment of the weights based on the underlying visud data sst may be necessary. The
combination function of the feature vectors may be an another issue. Studies have dready
shown that the various features are not necessxily linearly related (Shelkholedami et d.
1998; Santini and Jain 1999; Lee and Yoo 2000). Thus, a nontlinear combination should
be incorporated in the smilarity matching. An atificid neurd network (ANN) could be
used for this purpose (Sheikholedami et a. 1998; Lee and Yoo 2000; Lim et al. 2001).
The find isue is the criteria used in amilarity matching. In most of the current research,
the gmilarity matching is based entirdy on the digance between feature vectors. It is
possible that dternative criteria may be used instead of the distance criteria.

Based on our knowledge, the most published studies were focused on the
amilarity andyss for images. Fewer dudies were conducted on video andyss. In this
sudy, we propose a new sysem modd that combination of heterogeneous features of
video shots for supporting content-based video retrieval. Our approach is based on ANN
models that can be used to determine the non-linear reaionship between different
features extracted from video data Although there are some sudies that use ANN for
image retrievd, little work has been done with video data. The input to the ANN mode is
the set of measurements of features that are extracted from video data Unlike previous

dudies tha use the didance criterion as a dmilaity measure, the coefficient of



determination between the target video shot and the query video shots is used as the
primary criterion in our Smilarity anadlyss. In addition, the mean absolute error between
the target video shot and the query video shots is dso used as another criterion in the
gmilarity anadyss. The rdaive meritsddemerits of these two criteria are dso discussed in
our sudy. The coefficients of determination have vaues between 0 and 1. A vdue of
cdose to 1 represents high smilarity, whereas a vaue of close to O represents low
amilarity between the target and the query video shots. The mean absolute errors have
postive vadues with a high vaue ganding for low amilaity and low vadue danding for
high smilaity. Ingead of abitraily dgning the weight to each feature, the ANN can
train on the training dataset, and then set weights for each of the festures.

The generd objective of this study is to peform smilarity meatching for video
shots. Different amilarity measure methods will be used in the study. The detailed gods
for the sudy are listed asfollows:

0 Extract feature vectors based on color (and gray level) histogram, dope and dope
direction, edge direction, and wavelets;

0 Incorporate spatid information into the feature vectors,

0 Allow for acombination of any of the feature vectors,

o Allow initid weight adjusment amongst the feature vectors,

o0 Explore a weighted nontlinear fegture combination for smilarity maiching using
an ANN;

0 Rank the video shots based on a gmilaity measure computed using the

coefficients of determination and the mean absolute errors.



CHAPTER 2

LITERATURE REVIEW

With the rapid development of digitd media, people have easy access to tens of
thousands of visud daabases containing images and videos. This trend is likdy to
continue, providing people with access to increasingly larger visud datdbases at a rapid
goeed. With growing szes of visud databases, traditiona methods of finding a specific
piece of visud data bresk down. One commonly used searching method with traditiona
database tools is to index the visua database with keywords followed by keyword-based
queries. Such an agpproach requires a person to tag al the visua images or videos with
key words, a time-consuming task. This gpproach is often not workable in practice. The
keyword approach has the problem that some visud aspects are inherently difficult to
describe, while others are equaly well described in many different ways (Niblack et d.
1993). Even though with good description, it may ke difficult for the user to guess which
visud aspects have been indexed. Similarity retrievd was introduced as an dterndive
srategy for querying, visud databases, containing images and videos.

Smilaity retrievd is usudly peformed based on the features that can be
extracted from the visud data, such as color, texture, shape, and motion (Pentland et d.
1994, Ma and Manjunath 1998, Antani et a. 2002). These features comprise the feature
gpace in Imilarity andyss. Since these features describe the content of the visud data,

the dmilarity retrieval is ds0 cdled “content-based retrievd”. The literature review will



include three parts. In the fird part, the basc description of smilarity theory will be
presented. Then we will review the current status of research related to Smilarity-based
retrievd. Next we will give a review of related studies on various fegiure extraction
techniques that pertain to our study. Findly, we will review the studies on gpplications of
ANNs and other technologes to smilarity andyss Although our dudy focuses on
amilarity andyss for video datay much of the literature review deds with research on
image dmilarity because the methods developed for image retrievd may dso be, and

actudly are, used to retrieve video data with or without modification.

The basics of theoriestoward smilarity measures

The early devdopment of the smilarity theory is rooted in the detection and
recognition literature (Shepard 1964, Ashby and Perrin 1988). The genera recognition
theory assumes that the perceptua effect of a simulus is random but that in any single
trid it can be represented as a point in a multidimensona space. Similarity is a function
of the overlap of perceptud digtributions (Ashby and Perrin 1988). The most important
models in smilarity theory are dominated by geometric models. In these modds, the
disance (mainly geometric disance) has played a key role The digance generdly
messures the dissmilarity in the smilarity modes. In order to use the distance for
gmilarity, the essentid assumption is that dmilaity and dissmilaity ae inversdy
related (Tversky 1977, Ashby and Perrin 1988, Santini and Jain 1999).

In smilaity theory, there are two different types of dissmilarity, or smilarity
(Tversky 1977, Ashby and Perin 1988, Santini and Jain 1999), perceived dissmilarity

(represented by d) and judged dissmilarity (represented by d). If A and B represent the



gimuli a and b in the feature space, then d(A, B) is the percaived distance between the

two, and the judged distance can be represented as follows:

d(A, B) =d[d(A, B)] [1]
where g isamonotonicaly non-decreasing function.

Stimuli are represented in a metric space. d(A, B) is the distance function of this
gpace and is usudly represented with geometric distance (such as Eudlidian distance). In
generd, we say d satisfies the metric axioms (Tversky 1977, Krumhand 1985, Ashby and
Perrin 1988, Santini and Jain 1999) dthough the requirement for these axioms to be
satisfied is also under debate (Tversky 1977, Rosh 1975, Tversky and Gati 1982, Ashby
and Perin 1988). In most dudies, these axioms are assumed to be satisfied, and are

detailed asfollows:

a. Sdf-dissmilarity:

d(A, A) = d(B, B) 2]
b. Minimality:

d(A, B) = d(A, A) [3]
c. Symmetry:

d(A, B) =d(B, A) [4]

d. Thetriangular inequality:

d(A, B) + d(B, C) = d(A, C) [5]



Studieson similarity analysis of video sequences

Mos dudies defined the dmilaity of video shots as the Smilarity of images
chosen from the video shot to represent each video shot (Zhang et d. 1995, Zhang et d.
1997, Shan and Lee 1998, Jain et d. 1999). These images are typicdly the sets of key
frames (Yeung and Liu 1995, Zhang et a. 1997, Shan and Lee 1998, Shan and Lee
2001). In some early sudies, the smilarity between two video shots was defined as the
maximum similarity between the pairs of key frames for these two video shots (Zhang et
d. 1997). The problem of this definition with Smilarity measurement is thet it leaves out
the tempora information in the video shots. Shan and Lee (1998 and 2001) proposed a
series of measures based on the gmilarity of the frame sequence which takes tempora
ordering into consderation. They aso presented the agorithms for both the symmetric
gmilaity messures and the asymmeric Smilaity measures. The asymmetric Smilarity
messure is used when the symmetry axiom is not satisfied. Besdes the key frame-based
amilarity analyss, Zhang et a. (1997) proposed shot-based retrieval. In order to utilize
the tempord information, they defined the smilarity between two shots as the sum of
color higogram smilarity between key frames of the two shots, and the average and
vaiance of the frame-to-frame hisgogram difference within each shot. They dso used a
motion feature to represent the tempord information by first detecting the direction
digribution of motion vectors and then edimating the average speed and standard
deviation in agiven direction.

Adjeroh et a. (1998) showed hat video sequence matching can be cdlassfied into
three types (i) scene-to-scene check if two scenes are Smilar; (i) Scene-to-sequence:

check if a scene is amilar to the query scene hasoccurred in the database sequence; (iii)



sequence-to-sequence: check if two sequences are smilar. They then reduced the three
types of matching to one basic problem, that is, to find the solution for type (i): the scene-
to-scene matching problem. In order to solve the smilaity problem, they firg
represented the video sequence as a video string (vString), and then proposed the vString
edit digance in ther gmilarity sudy. Studies were dso conducted to examine the
amilarity between images with waveets (Hirata and Kao 1992, Stollnitz et a. 1996).
Hirata and Kato (1992), in ther research of image smilarity with wavelets, represented
the distance measure between two images as the difference of the image means and the
differences of ther waveet coefficients (weights). A smpler but more efficient method
was proposed by Jacobs et d. (1995) where they smply set the wavelet coefficients to
zero and one. The smilarity between two images then was equivdent to checking the
number of zeros and ones that are matched between the two images. The dissmilarity
distance between features was used as the underlying criterion in dmogt dl the studies in

gmilarity andyss.

Feature extraction for smilarity analysis

The features typicaly extracted from visua data can be grouped into four types
color based, texture based, shape based, and motion based features. The combination of
features has aso sudied by researchers and used in some retrievd sysems. The
following sections will give a review of previous dudies on feaiure extraction. The
literature review for color based, texture based, and shape based features is derived

mainly from studies dedling with amilarity andyds of imeges.



1. Color based features

Color plays a very important role in current content based visud retrieva
sysems. Color (image) histogram methods have been studied with different color spaces,
including RGB (Androutsos et d. 1999, Kankanhalli et a. 1999, Sebe and Lew 2001),
HIS (Jain et d. 1999, Sebe and Lew 2001), L*u*v* (Kankanhali et a. 1996, Del Bimbo
et a. 1998), L*a*b*, YC,C; (Inoue et d. 2000, Qiu 2002), and Munsdll space (Zhang et
a. 1997). The basc approach underlying the use of color features is to use a globa color
higogram. The gmilaity between two images is evduated by comparing ther color
frequency didributions (Swain and Bdlard 1991, Rubner et d. 1998). The man problem
with this gpproach is the loss of spatial distribution of colors over the images. Because of
this, severd studies were conducted in order to introduce spatid information in the color
higogram to a certan degree. One approach to introducing spatid information in the
higogram is to patition the image into regular or irregular blocks. Each block is
associated with an individud locd histogram (Dd Bimbo et d. 1998, Colombo and De
Bimbo 1999, Jain et al. 1999, Inoue et a. 2000). Colombo and Del Bimbo (1999) in their
research first segmented the image into irregular blocks based on color digtribution. Each
block is consdered as a homogeneous area with a fixed set of spatial relations with other
blocks. Jain et a. (1999) used another approach in their research. In order to incorporate
goatid information in the color space, they divide an image into five quarters, including
top left quarter, top right quarter, bottom left quarter, bottom right quarter, and center
quarter. They compute the histogram but reduce it to 64 levels for each quarter.
Introducing spatid information typicaly increase the data volume. Inoue et d. (2000)

convert the image from RGB sysem into gray-scale image by usng the Y vaue of the

10



YCrCb color sysem. The Y vaue is a linear combination of the R, G, B vadues a each
pixd locaion. Therefore, the image daia volume in ther smilar andyss is grealy
reduced, and the processing was more efficient.

An dterndive approach is to patition the image into connected entities with
homogeneous chromatic content (Del Bimbo et d. 1998, Smith and Chang 1999,
Kankanhdli et d. 1999). This gpproach clugters image histograms around dominant
components by performing an automated segmentation, and then determines entities as
image segments with connected pixels under common dominating colors. In generd, a
few colors are aufficient to partition the hisogram into cohesve clusters, which can be
represented as a sSingle average color without ggnificant loss of information for the
purpose of evduation of smilarity. Beretti e d. (2002) proposed a dightly different
gpproach to represent color clusters. In their research, they aso partitioned image space
in color clusters collecting pixels with common chromatic attributes, but regardless of
ther spatia didribution within separate segments. They agued tha this approach
improves perceptud robustness and facilitates maiching and indexing. There are different
dassfiers used in image dugering. Kankanhdli e d. (1996) in ther dmilarity andyds
used the minimum distance classfier to adjust for pixe population. They dso used a
classfier based on the Markov random fied process to examine the spatid corrdation
property of image pixels.

Cha and Srihari (2002) divided the color features for smilarity measurements into
three types, namdy nomind, ordina, and modulo. In the nomina feature type, each vaue
of the measurement is named. In ordina festure type, the values can be ordered. Most

measurements are of the ordind type. An example of this type is the gray-leve in gray

11



scade images. In the modulo feature type, the measurement vaues form a ring due to the
arithmetic modulo operation. The modulo type histograms are obtained dong the angular
vaues such as directions or hue in color images By andyzing the computationd
complexities for different methods for computing distance measurements including their
own, they found that the computationa complexities for the nomind, ordind, and
modulo feature types can be O(b), O(b), and O(b?), where b is the number of leves in

histograms.

2. Texture based features

Texture is generdly identified as the visud characteridtics of invariance of certan
loca atributes, such as homogeneous regions, or dgnificant locd variations in loca
atributes in images. These characteristics may comprise of specific visud patterns or
goatid arangements of pixels. Typicdly, textures have strong datisica and/or structurd
properties with “repeating petterns’. This adlows that the retrievas based on texture
features are effective for uniform texture images or regions. There are a number of
methods for andyzing image textures. Smith and Chang (1994) used the quadrature
mirror filter to represent the image texture with a quad-tree based segmentation of image.
Jan et d. (1999) defined the texture in an image as the edge direction hisgogram. The
Canny edge detector was used to extract the edges from the image.

The Gabor filter and wavelets are dso used to generate the texture features
(Manjunath and Ma 1996, Ma and Manjunath 1998, Puzicha et a. 1997, Mandd e d.
1999, Idrissa and Acheroy 2002). Manjunath and Ma (1996 and 1998) extract the image

texture by filtering image with a bank of Gabor filters. The texture gradients are then

12



computed to segment the image into homogeneous regions. The basic assumption in ther
dudies is tha the texture regions are locdly homogeneous. Puzicha et d. (1997) use
Gabor filters to generate the image texture coefficents. The probability digtribution
function of the texture coefficients is used in conjunction with severd distance measures
to determine image smilarity. The disances used are the Kolmogorov-Smirnov distance,
x>-satistics, the Jeffery divergence, weighted mean and variance among others. Idrissa
and Acheroy (2002) aso apply Gabor filters to obtain the texture features, but they use
the fuzzy c-means clustering for unsupervised classfication. Jacobs et d. (1995) describe
how a Haar wavelet decompostion of the query and database images can be used to
satidy a content-based query both quickly and efficiently. Mandd et a. (1999) propose a
fast waveet-based histogram technique to index texture images. The proposed technique

reduces the computation time compared to other wavelet-based histogram techniques.

3. Shape based features

Shape is an important agpect of the semantic content of images and is thus an
important component for image retrieva. The extraction of shapes is usudly based on an
edge map. Shapes are created by linking the edge fragments in the edge map. Without
edge linking, shape features cannot be extracted (Zhou and Huang 2001). Shape features
are aso subjected to change if the distance between camera and object changes or the
object is rotated (Mokhtarian and Abbas 2002). Because of these factors, shape features
are usudly difficult to track or computationdly too expensve to be implemented in a

genera purpose content-based image retrievd system for red world images (Zhou and
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Huang 2001). In generd, shape features are usudly effective for the retrievd of images
with smple objects.

Different gpproaches have been taken for matching shape features in the content-
based image retrievad studies. One agpproach is to adopt deformable image templates to
match user-drawn sketches to the database images (Del Bimbo and Paa 1996, Scarloff
1997, Pda and Santini 1999). Since the user sketch may not be an exact match of the
shape in the database, eastic deformation of the user template is used to maich the image
contours. An image for which the templae has to undergo minima deformation, or
expend minimum energy, is conddered as the best match (Del Bimbo and Pda 1996,
Scarloff 1997, Pda and Santini 1999). Gunsel and Tekap (1998) define a shape-based
smilarity metric based directly on the dements of the mismaich matrix derived from the
egenshgpe decompostion. A proximity marix is formed usng the egenshgpe of
representation objects. The distance between the eigenvectors of the query and target
object proximity matrices formed the mismaich matrix, and the smilarity is determined
based on the mismatch matrix.

A different gpproach is to use implicit polynomids for effective representation of
geometric shape dructures (Alferrz and Wang 1999, Petrakis and Milios 1999,
Mokhtarian and Abbas 2002). This method is based on fitting a polynomia to a curve
patch. A vector condgting of the parameters of this curve is used to match the image to
the query. The assumption is that a typica database would contain the boundary curve
vectors a various resolutions to make the matching robust. Alferez and Wang (1999)
presented a method to index shapes which is invariant to affine trandformations, rigid-

body motion, perspective trandorms and change in illuminaion. They used a
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parameterized spline and wavelets to describe the objects. Petrakis and Milios (1999)
used a dynamic programming based gpproach for matching shgpes a various levels of
shape resolution. Mokhtarian and Abbas (2002) have invedigaed shape smilaity
retrieva under the affine transform using the concept of boundary curvature scae space.

Other approaches to shape-basad retrieval are adso found in the literature. Jain and
Valaya (1998) andyze the problems involved in trademark registration, and propose a
computational draiegy in which multiple festure description schemes of the same visud
dhape ae usd to improve retrievd accuracy without  Sgnificantly  increesing
computational cost. They represent the trademark images in terms of invariant moments
and the hisogram of the edge directions, and integrate the dissmilarity of these features
by usng a weghted mean. Ciocca and Schettini (2002) use a relevance feedback
approach to improve the effectiveness of image retrievd from a trademark database.
Fudos and Pdios (2002) present an efficient matching agorithm built around a nove
amilarity criterion and based on shgpe normdization about the shape's diameter, which
reduces the effects of noise during the shape extraction procedure. The matching works
by gradudly inflating the query shgpe until the best match is discovered. Zhou and
Huang (2001) define structure features as the features that lie between texture and shape
features, and then propose an approach for imege retrievd with edge-based structura
features. These dructural features can be extracted from the edge map of the origind

image with a“water-filling egorithm’.
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4. Combination of features

Features such as color, texture, and shgpe are normaly generated using different
computation methods. Thus, different festures may reflect different properties of the
visud data and have different underlying smilarity measurements (Shelkholedami & 4d.
1998, Lee and Yoo 2000). Because of this, each feature may only play a partia degree of
importance in amilarity andyss with that sngle festure. In order to take advantage of
different features, severd approaches have been proposed that combine different features
together into a single feature vector. The amilarity andyss then can be done based on
the feature combination.

There are two mgor types of festure combination techniques encountered in
current research, ones based on a linear relaionship and those based on a non-linear
relationship between features. The linear combination technique uses a weighted linear
function to combine the amilarity measurements of different festure classes. For given
amilarity measurements (m1, m2, ..., mr) with respect to feature dasses (f1, f2, ..., fr)
and the corresponding weights (wl, w2, ..., wr), the overdl dmilarity is caculated as
Sum’izz wi m (Lee and Yoo 2000). Many studies have been done using the linear feature
combination (Jain et d. 1999, Zhong and Jain 2000, Chan and Chang 2001). Jain et 4.
(1999) compute the dissmilarity distances (indices) of video shots with color, edge
direction, and motion features. An integrated dissmilarity index was then defined by a
linear combination usng three weghts which are normaized for color, edge direction,
and moation respectively. Zhong and Jain (2000) present a method for combining color,
texture and shape for retrieva of objects from an image database without preindexing the

database in the discrete cosne transform (DCT) doman where the stored images are in
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the JPEG-compressed format. Mojsilovic e a. (1999) extract various color related
features such as the overdl color, directiondity, regularity, purity, and build a rule based
grammar to identify each image. The image is described by a set of features and weights
asociated with the features. The weights are computed as a function of the features
frequency. The dmilarity is determined based on a liner weighted combination of
features. Chan and Chang (2001) introduce a run-length feature, which integrates the
information on color and shape of the objects in an image. They test the run-length
festure to examine the dmilarity of images with rdativdy smple objects, and find that
this festure can effectivly discriminate the directions, areas, and geometrica shapes of
objects.

Studies have shown tha various feature classes are not necessarily linearly
rlaed. A mode with a non-linear combination function may produce a more accurate
gmilarity comparison between visud daa such as images and videos (Shetkholedami et
a 1998, Lee and Yoo 2000). Artificial neurd network (ANN) modes are a good choice
for the nonlinear combination of various festures. The input to the ANN is the st of
measurements of individud image fegtures and the output from the ANN is the smilarity
criterion that dgnifies the smilarity of images. Sheikholedami e a (1998) developed an
goproach for merging heterogeneous features usng an ANN. They consdered the texture
and color feature classes. The back propagetion dgorithm with a sngle hidden layer was
used to train the ANN. The experiments from their sudy show that the retrieved images
based on merged heterogeneous features conform to human perception more than those
derived from individuad features. Lee and Yoo (2000) aso introduce an ANN-based

flexible image retrieval sysem. They use the radid bass function (RBF) network to
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combine the vaues of the heterogeneous features. The nonlinear relationship between
features is then developed to support the smilarity comparison between images. Lim et
al. (2001) present an ANN-basad learning dgorithm for adapting the smilarity matching
function to the user query’'s preference based on hisher relevance feedback. The
relevance feedback is given as ranking erors (misranks) between the retrieved and

desired ligts of multimedia objects.
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CHAPTER 3

METHODOLOGY

Video parsing and data preparation

The purpose of video parsing in this study is to preprocess the data set to extract
features, which are then used for dmilarity maiching. In this dudy, different video dips
are collected by downloading them over the Internet. Two types of data sets are prepared,
one to be used for mosaic based amilarity anadlyss, and the second to be used for frame
based smilarity andyss. The purpose of video parsng is to generate video shots from
the downloaded video clips. The video parsing procedure is as follows. For each video
sequence, the locations of scene cuts are first determined. Then, based on the detected
scene cuts, the video shots are extracted from the video clip. The video shots derived
from video clips are then used for further processing. After extracting al video shots (that
will be used for feature extraction and smilariity andyss), these video shots are further
used to create the panoramic images in case where the panoramic images can be crested.
The panoramic images are then used for mosaic based amilarity andyss For key frame
based smilarity andyss, the key frame images for each video shot are extracted and are
ordered based on therr tempord order within the video shots. The festure extraction is

performed for both the mosaic images and the key frame images.
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Feature extraction

In our dudy, the festures extracted from the video shots include the image
histogram, dope and dope direction, edge information, and the wavelet transform. These
four feasture subvectors comprise the feature space for this study. The following sections
will describe each of the feature subvectors in further detail. The find festure vector is

the concatenation of the four feature subvectors.

1. Image histogram

For an 8hit image, the range of pixd intengty vaues is between 0 and 255. If we
consder the image | that has a pixe intengty value from O to N-1 (for the case of an 8hit
per pixe image, N = 256), then the image histogram H(l) is a feature vector (hy, by, ...,
hy). For an RGB color image, the image histogram will be a festure vector that conssts
of dl the three bands (W1, B, ..., Hn, H°L b, ..., Ko, FP, HPs, ..., FBy). There are two
issues we need to condder regarding the representation of this feature vector. Since the
god of smilarity matching is to compute the dmilarity between visud data sets as a
whole, a detailed representation of the image hisogram for eech h (i = 1, 2, ..., N) may
not improve the result of the smilarity andyss but rather, may introduce noise and result
in a larger data volume. Based on this condderation, the above color histogram was
grouped based on an interva vaue of V over the range [0, 2%1] (where b = 8 in our
cax). The second issue is that the representation of the image histogram will lose any
goatid information contained within the visud data In order to introduce spatid
information within the image histogram festure to a certain degree, the image is further

divided into tiles, and the image histogram for each tile is then computed.

20



The color higogram represents the pixd vaue digribution within the image. The
number of didinct components for the image hisogram feature can be determined using
the parameters. number of bits per color per pixd (b), the vaue of the color or gray-scale
interva (V) and the number into which each dimension of the image is divided into (D),
asfollows

Npa = C* D** 2%V [6]
where Nz is the totd number of components, C is the number of image bands involved
(for an RGB color image C=3, for a gray-scae image C=1), and D, b, and V are defined
as discussed before. Note that dividing the image into D intervas adong esch of the

dimensions resultsin D? image tiles.

2. Slope and dopedirection
Sope is the maximum change between the intendty vaue of the center pixe and
its neighboring pixels within a mask of predetermined sze (such as 3x3). The dope
direction is the direction of this maximum change. In generd, the dope can be consdered
as a measure of the loca intendty variations (changes) within the image, where as dope
direction indicates the direction of the intendty variation (change).
In this sudy, we compute the dope and dope direction within a 3x3 mask. The
compuitation of dopeisdone asfollows (Moore et a 1993):
| PXij) — P jj) | if (i =i and ?jj) or (j = jj amd i 2i)
S(ij) = and |i-ii| =1 and |j-jj| =1 [7]
| PXij) — P j) |/ Sart(2) ifi ?ii andj ?jj

and [i-ii| =1 and [j-jj| =1
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Si,j) = Max[S«(i,))] k=012,..,7 [8]

where (i) is the dope a center location (i,j), P(i,)) is the pixel vaue a center location
(i), P(ijj) is the pixd vaue for the neighboring location surrounding the center location
@i)-

Snce the result of computation is a floating point number, the find result is
converted into an integer and is scaled to lie between 0 and 255.

The dope direction a location (i,)) is computed based on the vdue of k in

equation [8] (when S(i,j) is determined) and the sign of [P(i,j) — PXii,jj)], as follows:

k it Pij) - P(i i) > 0, and Se(i) = (i)
Dj)= < k+8 it PGj) - P(iji) <0, and i) =Sij) (9]
16 if P(ij) — P(iiji) = 0, and Se(i) = S(i)

The dope feature, including dope magnitudes and dope directions, represents the
locd changes in pixd vaues in the image. The totd number of diginct components for
dope and dope direction are computed based on the histograms of dope magnitudes and
dope direction vaues. Smilar to the procedure for computing the total number of the
diginct components for image hisogram, the totd number of digtinct components for
dope feature is computed using the same vaues of C, V, D, and as b in equation [6]. For
computing the number of components for the dope direction, only the vaues of C and D
are needed. Therefore, the totd number of distinct components for dope and dope

directionis
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SNpat = C* D** 2%V + C* 17* D? [10]
where SNpa is the tota number of components for dope and dope direction festure, and

C, D, V, and b have the same meanings as in equation [6].

3. Edgefeature

The edge information we used in our study is he edge direction. In our sudy, the
Canny edge detector is used (Canny 1986). The find result is the edge information thet is
represented by the edge direction. The steps for performing the Canny edge detector are
asfollows

1. smooth image to diminate noise in our study, a 5x5 Gaussan filter (s = 1.4) is
used to remove noise.

2. compute edge magnitude a 3x3 Sobel operator is used to compute the gradient
vaues in horizontd and vertical directions. The magnitude is computed as
follows

G| = IGX| + |Gy| [11]

3. compute edge direction: in this step, the angle with respect to the postive X axis

direction is computed based on the following equation:

A = invtan(Gy/Gx) [12]
Four directions are determined, in which the direction is set to 1 for A with vaue
between 0 and 22.5 as well as between 157.5 and 180, et to 2 for A with value
between 22.5 and 67.5, set to 3 for A with value between 67.5 and 112.5, set to 4

for A with value between 122.5 and 157.5.
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4. apply norrmaximum suppresson: when the edge directions are known, nor:
maximum suppresson is peformed in the gradient direction of each pixd to
suppress any pixel vaue (set it to 0) that is not consdered to be an edge.

5. goply double thresholding: the purpose of this sep is to diminate dresking.
Stresking is the fragmentation of an edge contour caused by the filter operator
output fluctuating above and bdow the threshold. The double thresholding
technique uses two threshold values, T1 and T2, representing a high and a low
vaue respectively. Any pixd that has a value greater than T1 is presumed to be an
edge pixel, and is marked as such immediately. Then, any pixd that is connected
to this edge pixd and that has a vaue greater than T2 is dso selected as an edge

pixel. Other pixels are consdered to non-edge pixes (set to 0).

The totd number of components for the edge features is computed within non
overlgpping tiles in the image. In other words, the didribution of edge directions is
computed for each tile. Since four directions are detected, the total number of patterns for

the edge feature is.

ENpz = 4* C* D? [13]
where ENpg is the total number of distinct components for the edge festure, and C and D
have the same meanings as in equation [6]. The didribution of edge didributions is a

measure of the oriented image texture within the image.
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4. Wavelets

Wavelets are a mathematical tool used for hierarchicad decompostion of functions
and have been gpplied in many problems in computer graphics. There are different types
of wavdes. In this sudy, the Haar wavelets are used as features for smilarity andyss.
The man reasons for sdection of the Haar wavdets include ther rdaive smplicity,
orthogondlity, and easy normalization. In V° space, the scding function and the Haar
wavelets are expressed as follows

1 forO=x<1
f(x)= [14]

0 othawise

1 forO=x<1/2
jX)=< -1 forl/2=x<1 [15]

0 otherwise

In V! space, they can be expressed recursively, as follows:
fil()=f(@x-i) i=0,1,...,2-1 [16]

ii0=j @x-1) i=0,1,..,2-1 [17]

The normalized wavelets can be expressed by incorporating the constant sort(2) to the
right of the above two equations, asfollows:
fi(x)=sort(@) f (2x- i) i=0,1,..,2-1 [18]

i) =st(@)j (@x-i) i=0,1,..,2-1 [18]
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In order to utilize the waveets, we would like to express a function as a linear
combination of wavedet functions, asfollows:

P(x)=Sumc’ fi (%) fori=0,1,...,2-1 [19]

Usudly, P(x) has a unique decomposition:

P(x) = P(x) + 31X fori=0,1,...,2-1 [20]
where

Fix)=Sumc'?t fi(x fori=0,1,...,2-1 [21]

Glx)=sumd? j it K fori=0,1,...,2-1 [22]

Further decompostion can be done recursvely usng equation [20]. The
coefficient ¢ is called “moving average’. It can be further decomposed into ¢! and d'*
until it reaches the V° space. The coefficient d/ is caled “weight” or “difference’ which
can be computed directly. The method for the computation of the coefficients is detaled
in Chui (1992).

When we gpply the waveet transform to an image, we can treat the image pixed
vaues as the coefficdents Since an image is a two dimensond data set and the waveet
transform is separable, we need to perform two transforms. First, we can perform the
horizontd trandform on pixd vdues in each row of the image. Next, we peform the
veticd transform on pixd vaues in each column of the image. There are two procedures
by which we can perform the two dimensond waveet transforms. The first procedure is

to perform the trandform for the firgt row, then perform the transform for the first column,
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then go to the second row and the second column. The procedure is repeated until the last
row and last column are reached. The second procedure is to perform the transforms for
al therows, and then perform the transforms for dl the columns.

The wavdet transform will result in two types of information, the micro and the
macro information. The micro information is represented by pixel vaues that are close to
0 in the trandformed image. These vaues represent the micro changes in the image. In
gmilarity andyss with wavees, we would not consder these micro changes snce we
would like to focus on the macro, or overdl information in the image. Therefore, the
vaues that are close to 0 will be set to 0 using appropriate threshold vaues. The retrieva
values represent the dominant spectra properties of the image.

The tranformed wavelet image is divided into non-overlgpoping 16x16 tiles in
order to introduce spatia information after the wavelet transformation. For each tile, the
number of coefficients with pogtive vaues and the number with negetive vaues ae
counted. Therefore, the total number of digtinct components for the wavelet feature is

fixedto 512 (16 x 16 x 2).

4.1 Re-sampling

Note that the image Sze used for the wavelet transform needs to be of the order of
2“(k =0, 1, 2, ..). However, this would not be true in practice. Therefore, before the
wavelet transformation is applied, we need to check whether or not the any adjustment of
image size is needed. If the image Size is not in the order of %, we have to adjust it into

the order of 2¢.
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The re-sampling method is used to adjust the image Size to the order of 2% if
necessary. The re-sampling method works as follows:
1. check if the number of rows of the image is in the order of . If yes, then re-
sampling for rows is not necessary.

2. if not, compute the following rétio:

Ratio= NS/ NT [23]
where NS is the number of rows (or columns) for the origind image, NT is the
number of rows (or columns) for the re-sampled image (god) with dimensons of

the order of 2¢, where k is determined as follows:
for NS such that 2 < NS < 2«*?
kk if INS—2KK| < NS — 2K
k= [24]
kk+1 if INS— 2KK| > NS — 2Kk*1|
3. determine the new pixd location with the following equation:
ires = (int) (Retio * iorg + 0.5) ires=0,1,...,NT-1 [25]
iorg=0,1, ..., NS-1

where ires: the pixel location after resampling (for the resampled image)

iorg: the pixel location before resampling (for the origind image)
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if Raio > 1, some pixds from the origind image will be repeated in the
resampled image. Otherwise, if Raio < 1, some pixes from the origind image
will be removed from the resampled image.

4. check if the number of columns of the image is of the order of 2%. If yes, re-
sampling for columns is not necessary. Otherwise, repeat steps 2 and3 for the

columns,

Weight adjustment

In our sudy, the initid weight for each festure can be adjusted during festure
extraction. Weight adjusment amongst different features during feature extraction is
based on the values of C, D, V, and b, that are defined in equation [1]. By using different
vaues of D and V, different features extracted will have a different number of distinct
components.  Therefore, the weights for different features will be dso different. For
example, for an 8bit gray scde image, if we set D = 3, V = 8, then the number of digtinct

components of the image histogram, gradient, edge, and wave et features will be:

Image histogram: N = D?* 2%V = 9* 32 = 288
Slope fedtures: SNz = D? * 2% V + 17 * D? = 288 + 153 = 441
Edge features ENpy = 4* D°=4* 9=36

Wavelet features: WN o = 512
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If dl the festure components are weighted uniformly, the weights for image histogram,
dope, edge, and wavelet festures will be 0.23, 0.34, 0.03, 0.40 respectively. Table 1
shows some examples of the different weights with the values of D and V with 8bit gray
scaeimages.

Weights can aso be adjusted during the training with the ANN. The atificid
neurd network itsdf contans traned weight matrices to merge the heterogeneous
features. To tran the ANN and find the weghts different features are fed into the
gystem. Once the network is trained, the features will have the proper weights so they can
be used in merging heterogeneous features. In this approach, users do not need to worry
about assgning weghts to features The find weghts ae actudly the automatic
combination of the weights assgned during festure extraction and those during network

traning.

Table 1. The change of initid weights with different vadues of D and V

Weights
V D image histogram Slopes fegtures Edges wavdets
8 3 0.23 0.34 0.03 0.40
8 4 0.27 0.42 0.04 0.27
8 8 0.34 0.53 0.04 0.09
16 4 0.19 0.39 0.05 0.37
16 5 0.22 0.44 0.06 0.28
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Examination of correlation coefficients between features

Although the different festures are extracted with different computation methods,
these features may or may not be related. In order to examine the relations between the
features, the corrdation coefficients between different festures are computed in our
dudy. If the corrdation coefficient is high between two fegture classes, a method of
removing the redundancy between different types of features may be needed. Otherwise,
the features extracted from different festure extraction methods can directly used for

amilarity andyds

Similarity matching with an artificial neural network

Artificid neura network mimics the brain's own problem solving process.  An
ANN can take previoudy solved examples (as knowledge) to build a sysem of
interconnected "neurons' that makes new decisons, classfications, and forecasts. For an
unknown problem, an ANN takes the data for the problem, trains on the data, and learns
from the training process to obtain the necessary knowledge about the problem and builds
the ANN for the problem.

In our dudy, an ANN technology is used for the gmilarity metching. The
advantages for udng an ANN in dmilaity maiching are twofold, one that we can
combine multiple features extracted with different methods, and the second that the
combination of these feastures can be nontlinear. The following discusson includes the

basic architecture of an ANN and the design in our Smilarity matching.
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Input Neurons Qutput Neurons

Figure 1. The basic architecture of an artificid neura network

A typicd ANN is a Backpropagation network (Ward System Group, Inc. 1996).
The achitecture of a Backpropagation network usudly has an input layer, one or more
hidden layers, and an output layer of neurons (Figure 1). Input vaues from the input
layer are weighted and passed to the hidden layer(s). Neurons in the hidden layer(s)
"firg" or produce outputs that are based upon the sum of weighted values passed to them.
The hidden layer(s) pass(es) vaues to the output layer in the same fashion. The output
layer produces the results. In our study, the Ward network (Ward System Group, Inc.
1996) is used. The Ward network condsts of three different Backpropagation network
architectures with multiple hidden layers (Figure 2). In the Wad network, different
activation functions applied to hidden layer dabs (a group of neurons) detect different
features in the patterns processed through a network. The output from the network
congders the combination of these features to produce a better result. The Ward network

will dso determine the optima number of hidden neurons for each hidden layer dab
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based on the number of input variables, the number of output variables, and the number
of patterns within the training set.

In an ANN system, the patterns input to the network are typicadly divided into
three sats, the training set, the test set, and the production set. These three data sets are
extracted from the origina input data patterns. There is no overlgp amongst the three data

sets, thus the following condition is dways satisfied:

Ntin = Ntrn + Nist + Npat [26]

where Ny, is the number d patterns in the training st, Nig IS the number of patterns in

the test set, Nvx is the number of patterns in the production set, and Nin is the number of

total input patterns.

Slab *

Slab > Slab | ’ Slab

Slab *
3

Figure 2. One architecture of the Ward neura network
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The training data st is used to train the network. Through the training process,
the ANN modd is built. The test data set is used to test how well the ANN mode has
been developed with the training data. Both the training data set and the test data set are
used for modd development. The production data set is used to evauate the developed
moded. Therefore, for smilar problems, the developed modd can be directly applied by
presenting the new data patterns to the developed modd and producing the required
results.

There are two reasons for usng an ANN in our study. First, the ANN is used to
create a non-linear combination of features by automaticdly adjusing the weights for
different feastures. The second reason is to generate the appropriate criteria for the
smilarity matching of video shots. In this study, the input data patterns to the ANN are
the festures generated from the feature exiraction process. These data are divided into
two sets, the training set and the test set. In order to have a good number of data patterns
for both the training data set and test data st (with dightly more data for mode training),
the training data set and the test dataset are divided with a population percentage of 60
and 40 respectively. The production set is not created from the input data since the
developed modd is not used in any further gpplication. The basic procedure for smilarity
meatching isasfallows

0 import datainto the ANN.
0 define the input and output layers: set the feature data extracted from the target

video shot asinput, set the feature data from the query video shots as outputs.



0 randomly extract the training data set and the test data set for the al feature data
the number of patterns in training data set consds of 60% of the tota data
patterns, and the remaining 40% are used for the test data set.

0 design the ANN: the Ward network (Ward System Group, Inc.) is sdected. The
number of hidden neurons in each backpropagetion system is automaticaly
determined by the Ward network based on the input, output, and the size of the
training data set of the system.

0 trainthe sysem (learning) and develop the ANN modd.

0 produce results. coefficients of determination and mean absolute errors between
the features of the target video shot and te features of the query video shots are

computed using the ANN model.

Criteriafor amilarity ranking

In our study, two criteria are used to examine the samilarity, the coefficient of
determination (R2) and the mean absolute error (MAE). The coefficient of determination
is a datigticd indicator that compares the accuracy of the modd to the accuracy of a
trivid benchmark modd. A perfect fit between the models would result in an R2 vaue of

1, avery good fit near 1, and avery poor fit near 0. The computation of R2 is asfollows:

R2 = 1—S(y—YDre)2 / S(y—yavg)2 [27]

where y is the actud vaue, ye IS the predicted vaue of y, and g is the mean of they

vaues.
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The corrdation coefficient is the square root of the coefficient of determination

(R2), and computed asfollows:

r = +/- syrt(R2) [28]

A very good fit would result in an r value close to 1 or -1, implying a highly postive or
highly negeative relation between the input and the output. On the hand, a poor fit would
result in an r vaue close to O, implying a poor relaion between the input and the output.

The mean absolute error (MAE) is a daidtic difference between the vaues of the
actual outputs and the predicted outputs computed by the network. The computation of

the MAE isasfollows

MAE = st (S (Y —Ypre)” / (N-1)) [29]

where y and ypre have the same meaning as in equation [27], and N the total number of

data samples.
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CHAPTER 4

MOSAIC BASED SIMILARITY ANALYSIS

Some video shots, such as f@an video shots, contain many views of the same scene
taken over time, ether from a moving or a sweeping camera. The scene itsdf contains the
common information within al frames in the video shot. However, the information is
implicitly  didributed over frames with a vey high redundancy. The mosac
representation transforms the video shots from a sequentid frame-based representation
into a scene-based representation to which every frame can be directly rlaed. This
representation alows direct and immediate access to the scene information, such as dtatic
locations and dynamicadly moving objects. It dso diminates the redundancy between
frames and results in a highly efficient and compact representation of the video
information (VideoBrush Corporation 2000).

The mosaic based gmilarity andyss is based on the following assumption: if the
two video shots are smilar, the mosaic scenes created from them are dso smilar. The
converse is dso true. Therefore, the amilarity andyss between video shots is considered
to be eguivdent to amilarity andyss between their mosaic scenes. The procedure for
mosaic based amilarity andysisis asfollows

0 create mosaic scenes for the target video shot and the query video shots
0 extract festures from these mosaic scenes

o peform smilarity matching with an ANN
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o0 rank the query video shots based on the vaues of the coefficients of determination
and/or the mean absolute error between the target video shot and each of the

query video shots

Data preprocessing
Different pan video shots are collected in this study. After the target video shot is
sdlected, four more video shots are created from the target video shot. The purpose of
doing this is to creste some video shots that are more or less smilar to the target video
shot. These created video shots plus other irrdlevant video shots condst of a group of
query video shots. Common sense suggests that the query video shots crested from the
target video shot should generdly be more smilar to the target video shot than other
irrdlevant video shots. The mosaic images are further created for dl video shots for the
purpose of feature extraction and sSmilarity matching. The cregtion of the four new video
shotsisdone asfollows:
o from the target video shot, cut the first 1/3 portion and keep the rest to create the
first new video shot (the name of the video shot will end with ‘sg)
o from the target video shot, cut the last 1/3 portion and keep the rest to create the
second new video shot (the name of the video shot will end with *sb’)
o from the target video shot, cut the first and last 1/6 portion and keep the rest to
creste the third new video shot (the name of the video shot will end with ‘md’)
o from the target video shot, change the frame sze and create a fourth new video

shot (the name of the video shot will end with ‘sm’)
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Figure 3 shows the organization of the video shots that are used for the mosaic based

gmilarity andyss.

Thetarget video shot

Cut thefirst 1/3 portion

Cut thelast 1/3 portion

Cut thefirst and last 1/6 portions

Different framessize

Other video shots

Other video shots

Figure 3. Organization of video shots for mosaic based smilarity anelyss

Results and discussion
Three groups of data sets are prepared. For each group, the mosaic images

generated from the originad video shots are shown in Appendix A. In group 1, the target
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video shot is the tour of the interior area of a house. From tis video shot, four shots are
generated. The target and the generated video shots, with the other unrelated video shots,
cons st of the data set for the group.

In Group 2, the target video shot is about the landing of an unmanned plane to the
ground. Four video shots are aso generated from this video shot. The motion information
of the unmanned plane is recorded on ther mosaic images with the moving track of the
unmanned plane (Appendix A, Figures b and d). These four generated video shots, with
the other unrelated video shots, consist of the data set for group 2.

In group 3, the target video shot is a pan video of a coastd area with children
playing. Four video shots are aso generated from this video shot. These adong with the
other unrelated video shots, consist of the data set for group 3.

For the above three groups of video shots, we would like to examine if the video
shots that are generated from the target video shot exhibit a higher degree of smilarity to
the target video shot compared to the other video shots. For the video shots that are not
generated from the target video shots, we would like to investigate the variaion of the
degree of smilarities with the contents of the features extracted from these video shots.
Since a color video shot will generate three panoramic images, representing the red,
green, and blue bands, respectivey, this will lead to large volume of data In order to
reduce the data volume, the average of the three color bands is used. The smilarity
andyds with the R, G, B bands considered separately is aso performed to compare with
the results using the average of the R, G, B bands.

The results of amilarity matching and subsequent discusson are presented in the

following sections. In the firg section, the results with the three color bands used
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separately and with the average of the three color bands are compared. The next section
will focus on the results usng individud features (in isolation) and vaious fegture
combinations. The weight adjusment for the featre combination will be discussed.
Findly, the dmilarity criteria based on the coefficient of determination and the mean

absolute errors are a so discussed.

1. Substitution of the average image intensity for the individual R, G, B intensity
values

Table 2 shows the smilarity maiching results usng a smilarity criterion based on
the coefficients of determination with a sngle feature and the feature combination with
the individua vdues in the R, G, and B bands. Table 3 shows the smilarity matching
results usng a amilarity criterion based on the coefficients of determination with a sngle
feature and the feature combination with the average R, G, B intendty vaues. From these
tables, we can find that the rank order obtained by using the average R, G, B vdue is
amogs the same as the rank order obtaned by usng the individud R, G, B vaues
separatey. If a different order is obtained, it differs between two successve neighbors,
where the coefficients of determination are very cose in vdue The difference in
gmilarity matching results from both data sets is further examined by a paired t test. The
reult of the t tet shows that smilarity matching usng the average R, G, B intensty
vaues is not dgnficantly differet from the dmilaity maiching results usng the
individua vdues in R, G, B bands under the 95% confidence level a the p vadue <
0.0001. Therefore, there is essentidly no difference between the results from the

individud R, G, B vaues and the results from the average vdue of the three bands. In the
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future andyss, we use the average image intendity vadue of the R, G, B bands to reduce

the data volume as well as the processing time.

2. Examination of correlation coefficients between features

Although the methods for festures extraction are different, these methods can not
guarantee that the features extracted are not related. On account of this, before we use the
features for amilarity matching, we may need to examine the corrdaions amongs these
features. If the high corrdaion vaues are exhibited, removing the redundancy amongst
the features may be necessary. Table 4 shows the correation coefficients between feature
classes for a number of video shots. From Table 4, we can see that the correation
coefficients between different types of features are very smdl. That is the features
extracted are unlikely to be related. Therefore, the extracted features are directly used in

amilarity andyss without having to de-correate them.

3. Smilarity matching with individual features and with a feature combination

Table 5 shows the results obtained by usng an individuad festure and festure
combination. The query videos are ranked based on their coefficients of determination. In
generd, the query video shots that are generated from the target video shot show higher
gmilarity than other irrdevant video shots. This is true for both individud features and
feature combinations. Comparing with the results in the case of individud festures the
ranked smilarity orders are different with different features used, especidly in the case of
video shots that are not generated from the target video shots. The image histogram

features show the pixe intengty digribution property of the image. In addition, the
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gmilaiity andyss with edge feature is more sengtive than others. The main reason for
this is that we set relatively high thresholds for the Canny edge detector, and therefore the
edge feature is bagcdly the most sgnificant loca change. On the contrary, the smilarity
andyss with dopes and dope directions and with wavedets is less sendtive. The dope
features mainly reflect the information about the pixel loca variance in deal, where as
the wavelets mainly reflect the globa information with the details removed.

The non-linear feature combination is done by the ANN modd by explaiting its
cgpability for automaic weight adjusment. The initid weight setting dso has a certan
effect on the result (this will be discussed in the next section). The smilarity andyss
with festure combination usng ANN would be a better choice than that with a sngle

feature.

4. Smilarity matching with weight adjustment

Although the ANN automaticdly adjusts the weights for different festures, the
results may dso be affected by the initid weight setting. As we discussed before, the
initid weight adjustment is based on the adjusment of the vdues of V and D. In this
dudy, two sets of weight adjusment are used to examine the effects on the different
weight combinations. The values of V and D in the firs set are set to be 8 and 4,
respectively. In the second set, both vaues are set to be 8. The weights for each feature

cassin the two sats are shown as follows:

Set 1. higograms : dopesfeatures: edges: wavelets=0.27: 0.42: 0.04: 0.27

Set 2. histograms: dopesfeatures : edges: wavelets=0.34: 0.53: 0.04: 0.09
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Fgure 4. Effect of initid weight assgnment

Table 6 shows the results with different initid weight combinations. For video
shots that are generated from the target video shots, there is no difference in the smilarity
rank order with different initid weights. The man reason for this is tha the smilarity
rank orders with the individud features are dmost exactly the same as tha with the
feature combination (Table 3). For the query video shots that are not generated from the
target video shot, the rank orders are a little different with different initid weight
assignments. This means that the initid weight combination affects the smilarity rank

order. However, the effect is smdl. Further andyss shows tha the results with different



initid weights exhibit good condgtency but the reaion is not linear (Figure 4.). The
results of this experiment show that with ANN based smilarity meiching the initid
weight assgnment may not be big issue The ANN will automatically adjust the weights

to their optima vaues.

5. Similarity matching using coefficients of determination and mean absolute errors

The gmilaity rank order usng coefficients of determination is based on the
following assumption: if the coefficient of determination between the target video shot
and the query video shot is high, the amilarity between them is dso high; otherwise, if
the coefficient of determination between the target video shot and the query video shot is
low, the dissmilarity between them is high. The rank order with mean absolute errors is
based on the reverse assumption, that is, if the mean absolute error between the target
video shot and the query video shot is smdl, the smilaity between them is high;
otherwise, if the mean absolute error between the target video shot and the query video
shot islarge, the dissmilarity between them is high.

Table 7 dhows the resllts of dmilaity maching with coeffidents of
determination and with mean absolute errors. In generd, both results show that the query
video shots generated from the target video shot exhibit a higher smilaity than the other
qQuery video shots. This means that the mean absolute error can adso be used as the
criterion for the gmilarity anadyss. However, the actud rank order based on the mean
absolute errors is different from the rank order based on the coefficients of determination,
whether or not the query video shots are generated from the target video shot. From Table

7, we ds0 find that the dmilarity results are more condstent with the coefficients of
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determingtion than with the mean dbsolute erors The Smilarity results resulting from
the mean absolute erors dso vary in a large range. In some cases, the smilarity between
the target video shot and the video shots generated from the target video shot is lower
than that between the target video shot and the video shots not generated from the target
video shot (Table 7). Thus, the coefficient of determination appears to be the better

metric than the mean absolute error for the purpose of smilarity andysis.
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Table 2. The amilarity matching results using theindividua R, G, B vaues

House

Feature combination
Image histogram
Edge direction
Slope feature
Wavelets

Land

Feature combination
Image histogram
Edge direction
Slope feature
Wavelets

Sea

Feature combination
Image histogram
Edge direction
Slope feature
Wavelets

house

0.98
0.99
1.00
0.99
1.00

land

1.00
0.99
1.00
1.00
1.00

sea

1.00
1.00
1.00
0.98
1.00

Housesm

0.98
0.99
0.99
0.99
0.96

Landsm

1.00
0.99
0.99
1.00
0.96

Seamd

0.98
0.96
0.98
0.95
0.95

housese

0.96
0.96
0.89
097
0.94

landse

0.98
0.95
097
0.99
091

seasm

097
0.95
097
0.96
0.94

Housemd

0.96
0.95
0.93
097
097

Landmd

0.95
091
091
0.96
0.92

Sease

094
0.89
0.93
0.93
0.93
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housesb

0.86
0.85
044
0.86
0.79

landsb

0.71
0.55
0.75
0.76
0.75

seasb

0.90
0.77
0.90
0.91
0.91

touch

0.69
0.60
0.30
0.74
0.79

touch

052
0.38
0.33
057
0.63

house

0.62
0.40
012
0.74
0.70

land

0.52
042
011
054
0.66

whitebd

047
0.08
0.08
0.66
0.67

whitebd

048
0.16
012
0.63
0.61

whitebd

0.52
0.06
0.21
0.74
0.79

house

043
0.20
0.09
0.52
0.59

touch

048
012
041
0.69
0.73

051
0.27
0.08
0.66
0.68

0.28
0.04
0.28
041
0.61

Land

0.24
0.04
0.30
0.35
0.68



Table 3. The smilarity matching results using the average R, G, B vaues

House

Feature combination
Image histogram
Edge direction
Slope feature
Wavelets

Land

Feature combination
Image histogram
Edge direction
Slope feature
Wavelets

Sea

Feature combination
Image histogram
Edge direction
Slope feature
Wavelets

house

0.99
0.98
1.00
1.00
1.00

land

1.00
0.99
097
1.00
1.00

sea

097
1.00
0.99
1.00
1.00

housesm

0.99
0.97
0.99
0.99
0.96

landsm

1.00
0.98
0.97
1.00
0.95

seasm

0.94
0.95
0.96
0.98
0.95

housese

0.97
0.93
0.85
0.98
0.94

landse

0.98
0.95
0.94
0.99
0.91

seamd

0.92
0.95
094
0.98
0.95

Housemd

0.97
0.93
0.92
0.98
0.97

Landmd

0.95
0.89
0.87
0.96
0.92

Sease

0.90
0.88
091
0.96
0.93
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housesb

0.87
0.83
041
0.88
0.79

landsb

0.70
0.53
0.59
0.77
0.75

seasb

0.83
0.77
0.87
0.96
091

touch

0.69
0.58
0.24
0.76
0.78

touch

0.52
0.38
0.18
0.56
0.63

house

0.59
0.38
0.00
0.75
0.69

land

052
0.38
0.00
057
0.66

whitebd

048
0.08
0.00
0.71
0.66

whitebd

047
0.23
0.05
0.61
0.62

whitebd

053
0.04
0.19
0.76
0.78

house

044
0.19
0.00
053
059

touch

047
0.09
0.35
0.69
0.73

sea

0.50
0.25
0.01
0.65
0.67

0.29
0.04
0.20
0.39
0.60

land

0.24
0.04
018
0.35
0.68



Table 4. The corrdation coefficients between feature classes

Image histogram  Edge direction Slope Slope Direction Wavelets
Image histogram 1 -0.003 ~ 0.044 -0.228 ~ 0.177 -0.160 ~ 0.141 -0.004 ~ 0.003
Edge direction 1 -0.049 ~ 0.000 -0.020 ~ 0.006 -0.001 ~ 0.004
Sope 1 0.098 ~ 0.342 -0.003 ~ 0.004
Slope Direction 1 -0.003 ~ 0.002
Wavelets 1
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Table 5. Comparison of amilarity rank order using individua festure and a feature combination

house

Feature combination
Image histogram
Edge direction
Slope feature
Wavelets

Land

Feature combination
Image histogram
Edge direction
Slopefeature
Wavelets

Sea

Feature combination
Image histogram
Edge direction
Slope feature
Wavelets

house

0.99
0.98
1.00
1.00
1.00

land

1.00
0.99
097
1.00
1.00

sea

097
1.00
0.99
1.00
1.00

Housesm

0.99
0.97
0.99
0.99
0.96

Landsm

1.00
0.98
097
1.00
0.95

Seasm

0.94
0.95
0.94
0.98
0.95

housemd

097
093
092
0.98
097

landse

0.98
0.95
094
0.99
091

seamd

092
0.95
0.96
0.98
0.95

housese

0.97
0.93
0.85
0.98
0.94

landmd

0.95
0.89
0.87
0.96
092

sease

0.90
0.88
0.91
0.96
0.93
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Housesb

0.87
0.83
041
0.88
0.79

Landsb

0.70
053
059
0.77
0.75

Seasb

0.83
0.77
0.87
0.96
091

Touch

0.69
0.58
0.24
0.76
0.78

Touch

0.52
0.38
0.18
0.56
0.63

House

0.59
0.38
0.00
0.75
0.69

whitebd

053
0.04
0.19
0.76
0.78

whitebd

048
0.08
0.00
071
0.66

whitebd

047
0.23
0.05
0.61
0.62

land

0.52
0.38
0.00
057
0.66

house

044
0.19
0.00
053
0.59

touch

047
0.09
0.35
0.69
0.73

Sea

0.50
0.25
0.01
0.65
0.67

0.29
0.04
0.20
0.39
0.60

Land

0.24
0.04
0.18
0.35
0.68



Table 6. Effects of initid weight assgnment on the smilarity rank order

House

V=8D=4
V=8D=8

Land

V=8D=4
V=8D=8

Sea

V=8D=4
V=8D=8

house

0.99
1.00

land

1.00
0.99

sea

097
0.99

housesm

0.99
0.98

landsm

1.00
0.98

seasm

0.94
0.94

housemd

097
0.94

landse

0.98
0.94

seamd

092
093

housese

097
091

landmd

0.95
091

sease

0.90
0.87

Housesb

0.87
0.78

Landsb

0.70
0.60

Seasb

0.83
0.80
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Touch

0.69
057

Touch

052
0.39

House

059
041

Whitebd

0.53
0.37

Whitebd

048
0.36

Whitebd

047
031

land

0.52
042

house

044
037

touch

047
037

sea

0.50
0.36

sea

0.29
0.20

land

024
0.18



Table 7. A comparison of dmilarity andyss results usng coefficients of determination and meen absolute erors with festure

combination (MAE: Mean Absolute Errors)

House house housesm housemd housese Housesb Touch whitebd Land sea
R? with V=8, D=4 0.99 0.99 0.97 0.97 0.87 0.69 053 052 050
MAE with V=8, D=4 160.8 904 160.5 158.1 191.4 5338 3441 1397.7 4492
R? with V=8, D=8 1.00 0.98 0.4 091 0.78 057 0.37 0.42 0.36
MAE with V=8, D=8 264 255 532 506 837 1925 144.8 560.0 134.3
land land landsm landse landmd Landsb touch whitebd House sea
R? with V=8, D=4 1.00 1.00 0.98 0.95 0.70 052 0.48 0.44 0.29
MAE with V=8, D=4 246.7 139.2 3351 312.8 410.6 662.0 395.2 597.7 447.0
R? with V=8, D=8 0.99 0.98 0.4 0.91 0.60 0.39 0.36 0.37 0.20
MAE with V=8, D=8 102.1 66.7 1574 135.0 141.3 246.1 120.6 210.7 150.7
sea sea seasm seamd sease Seasb house whitebd Touch land
R? with V=8, D=4 0.97 0.9 0.92 0.90 0.83 0.59 047 047 0.24
MAE with V=8, D=4 117.9 815 1359 144.7 148.6 446.1 3575 664.9 1767.9
R? with V=8, D=8 0.99 0.9 0.93 0.87 0.80 041 031 0.37 0.18
MAE with V=8, D=8 17.8 24.7 28.6 474 422 199.0 136.4 246.2 683.9
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CHAPTER 5

KEY FRAME BASED SSIMILARITY ANALYSIS

Not al video shots can be represented by their mosaic images. Zoom (zoomin or
zoomout) video shots are example of such image types. In order to examine the
amilaity for such video sots, a key frame based smilarity andysis method is proposed
in this study. Key frames are dill images that best represent the contents of the video shot
in an abstracted manner. Key frames are usudly extracted from the origind video data. In
this dudy, the key frames we used ae extracted from the origind video shot. The
extraction of key frames is based on the uniform scheme, described as follows: fird, the
firg and the last frames are dways conddered as key frames, and remaining key frames
are extracted between the first and the last frames based on video content. The key frames
extracted are ordered based on their tempora order within the video shot.

The key frame based Smilaity andyds is based on the assumption that the
gmilaity or dissmilarity between video shots will dso be reflected in the smilarity or
dissmilarity between thar key frames. Therefore, the smilaity andyss between video
shots will amount to examining the sImilarity between ther key frames in the tempord
order. The basic procedure for key frame based smilarity andyssis asfollows.

0 extract key frames from the target and the query video shots, and order the key
frames of each video shot in the order in which they appear in the video shot

0 extract features from each key frame

53



o peform smilarity matching with an ANN
0 rank the query video shots based on the coefficients of determination and/or the

mean absolute errors.

Data preprocessing

In addition to the video shots used in mosaic based Smilarity andyss, some more
video shots were collected. There are three data sets prepared for the key frame based
amilarity andyds. Appendix B ligs their key frames of these three data sets with three
key frames for each video shot. The first data set consists of three video shots of flooding
scenes. These three video shots are from different locations. Each flooding video shot is
ratively datic, that is, focusng on one location. Amongst the three flooding video shots,
the scenes from two video shots share some reatively smilar dructure. Both of them
have some sky area on the top, houses and other objects in the middle, and flood water at
the bottom of the scene. However, the relative proportions of sky, houses and other
objects, and flood water in the scenes are different. These two flooding video shots are
separately sdected as the target video shots. In addition, two new video shots were
generated from each of the two flooding video shots, by dividing the flooding video shot
into the first hdf and the last hdf EFigure 5). The third flooding video shot conssts of just
the flood water. The new video shots, plus the third flooding video shot and other

unrelated video shots, consst of the two groups of datafor the smilarity andyss.



Thetarget video shot ( flooding)

Cut thelast 1/2 portion ( flooding)

Cut the 1st 1/2 portion ( flooding)

Other video shots

Other video shots

OXONG,

Figure 5. The organization of the flooding video data

The second data set, consisting of the pan video shots, is the same as the data sets
used in mosaic based smilarity anadyss. Four video shots generated from the target video
shat, in addition to the other video shots consst of a group of video data (Figure 3).

The third data set conssts of number of zoom video shots with sSx zoomin shots
and one zoom-out shot. The zoom+in video shots begin with the image of the whole earth,
then zooms into a detailled specific location. One of these zoom-in video shots is selected
as the target video shot, where as the remaining zoom+-in video shots, the video shot with

the zoom+out and other non-zoom video shots consist of the query video shots.
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Results and discussion

The results and discusson of smilarity matching for frame based on gmilarity
andyds will be organized into the following sections. The fird section will present and
discuss the results with the flooding video data sets. The adjusment of weghts is dso
discussed in this section. We then present and discuss the results on a data set similar to
the one used in the mosaic based smilarity analyss. Next, the results of the zoom-in data
st is presented and discussed. The effect of key frame sdection is discussed. The
difference between the smilarity criteria based on coefficients of determination and mean
absolute errors is dso discussed. Findly, a brief summary is presented for the three

different types of data sets.

1 Smilarity analysis of video shots with static structure and similar scene objects
and scene structure

Table 8 shows the smilarity maiching results with individua features and with a
feature combination for video shots with Smilar scene objects and datic scene structure.
The video shots floodlpl and floodlp2 are generated from the video shot floodl.
Similarly, the video shots flood2pl and flood2p2 are generated from the video shot
flood2. Both floodl and flood2 are video shots of reatively datic scenes (the camera
focuses on one location without zooming) with Smilar object compostion and scene
gructure. The results show that the query video shots that are generated from the target
video shot exhibit higher amilarity than the others. The video shots floodl ad flood2

ads exhibit higher amilaity than other video shots dnce they share a damilar object
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compostion and scene dructure. Hood3 generdly exhibits the highest amilarity to the
target video shot amongs the remaning video shots due to the smilarity of the scenes
contaning flood water. Both, individud festures and festure combinations yidd a
gmilarity rank order. However, thee is a difference in the results usng a feature
combinaion and usng individud features in isolation. In the case of the feature
combination, the query video shots generated from the target video shot exhibit higher
gmilarity than other query video shots Among the remaining video shots, the smilarity
between floodl and flood2 is higher than other video shots, and the sSmilarity between
floodl (or flood2) and flood3 is the highest amongst the rest of video shots. In the case
of individua features, the query video shots generated from the target video shot dso
exhibit higher smilarity than other video shots However, the smilarity between floodl
and flood2 is not aways higher than other video shots among the remaining video shats,
and the amilarity between floodl (or flood2) and flood3 is dso not the highest amongst
the rest of the video shots. The above observations are true both for 3 and 5 key frames
(Table 10).

The initid weight assgnment scheme is dso examined for one group of the video
data st (Table 9). The same weght assgnment scheme as in mosac based smilarity
andysis is used, and Imilar observations are made as discussed in the mosaic based
gmilarity andyss.

Table 10 shows the results for different number of key frames used to characterize
the video shot, ether with individud features or with a feeture combination. The number
of key frames used is 3 and 5, respectively. The difference in number of key frames does

not result in a sgnificant difference in the amilarity rank order of the query video shots
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(Table 10). The main reason for this may come from the reative datic scene and the
uniform key frame sdlection.

Table 11 chows the rewults of gmilaity anadyss with coefficients of
determination and mean absolute errors. The mean absolute errors (MAE) can dso be
used as the criteria for dmilarity ranking. However, the varidion in the MAE is larger
than the variation in the coefficients of determination. This is more dgnificant when a
gngle feaure is used to examine smilarity. This sudy shows that the coefficent of
determination is a better indicator than the mean absolute error for the purpose of ranking

video based on smilarity.

2. Key frame based similarity analysisfor pan video shots

We have discussed before that the smilarity andyss of pan video can be
peformed by firs creating ther mosac imeges and then measuring the dmilaity
between the mosaic images. In this section, we will discuss the amilarity andyss of pan
video shots usng key frames. Table 12 shows the results of key frame-based smilarity
andyds of pan video shots with @ther individua features or with a festure combination.
In generd, if the query video shots are generated from the target video shots, they will
exhibit higher gmilaity to the target video shot than other video shots This was
observed in the case of the mosaic based amilarity anayss. Table 13 shows the results of
gmilarity anadlyss usng the mean absolute error. As the before, the mean absolute error
can aso be used as the criterion to rank order of the query video shots, but is not as good

as the coefficient of determination.
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Table8. Smilaity andyss with individud festures and with a feature combination for gatic video shots with overdl smilar scene

objects and scene structure (V=8, D=4)

Flood1 Flood1 flood1p2 flood1pl flood2 Flood3 touch house land sea
Feature combination 0.99 0.97 0.97 0.68 044 0.39 034 0.33 0.26
Image histogram 1.00 0.96 0.96 0.38 0.18 0.07 0.00 0.00 0.03
Edge direction 0.99 0.79 0.85 0.02 014 013 0.01 014 0.16
Slope feature 0.99 0.97 0.97 0.88 0.65 0.65 0.68 0.67 0.55
wavelets 1.00 0.93 0.93 0.56 0.32 041 0.50 0.39 043

Flood2 Flood2 flood2p2 flood2p1 flood1 Flood3 touch land house sea
Feature combination 1.00 0.95 0% 0.67 049 048 044 042 034
Image histogram 1.00 0.90 0.86 0.33 0.15 0.17 0.00 0.00 0.09
Edge direction 0.98 0.78 0.86 0.02 0.33 0.02 0.09 0.00 0.10
Slope feature 1.00 0.97 0.98 084 0.80 0.71 0.78 0.73 0.61
wavelets 1.00 0.90 0.92 0.52 0.67 040 054 051 0.33
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Table 9. Initid weight assgnment for key frame based amilarity analyss (feature combination)

flood1
V=8, D=4
V=8, D=8

Flood2
V=8, D=4
V=8, D=8

Flood1

0.99
1.00

Flood2
1.00
1.00

flood1p2

097
0.96

Flood2p2
095
0.90

flood1pl

0.97
0.94

Flood2p1
094
0.90

flood2

0.68
054

Flood1
0.67
053

flood3

044
0.36

flood3

049
0.38

60

Touch

0.39
0.32

Touch
0.48
0.37

House

0.34
0.25

Land
044
0.30

land

033
0.25

house
0.42
0.28

sea

0.26
021

034
0.27



Table 10 () Results of amilarity matching with different number of key frames (V=8, D=4, target video floodl.avi).

flood1

Feature combination, 3 frames
Image histogram, 3 frames
Edge direction, 3 frames
Slopefeature, 3 frames

Wavelets, 3 frames

Feature combination, 5 frames
Image histogram, 5 frames
Edge direction, 5 frames
Slopefeature, 5 frames

Wavelets, 5 frames

flood1

0.99
1.00
0.99
0.99
1.00

0.99
1.00
0.99
1.00
1.00

flood1p2

0.97
0.96
0.79
0.97
0.93

0.96
0.95
0.81
0.97
091

flood1pl

0.97
0.96
0.85
0.97
0.93

0.96
0.96
0.85
0.96
0.93

61

flood2

0.68
0.38
0.02
0.88
0.56

0.68
0.39
0.08
0.88
0.56

Flood3

044
0.18
0.14
0.65
0.32

044
0.17
0.13
0.65
0.32

touch

0.39
0.07
0.13
0.65
041

043
0.12
0.09
0.67
0.40

house

034
0.00
0.01
0.68
0.50

0.35
0.00
0.00
0.64
043

land

0.33
0.00
0.14
0.67
0.39

0.37
0.00
0.20
0.70
043

sea

0.26
0.03
0.16
0.55
043

0.28
0.04
0.19
0.58
047



Table 10 (b) Results of amilarity matching with different number of key frames (V=8, D=4, target video flood2.avi).

flood2

Feature combination, 3 frames
Image histogram, 3 frames
Edge direction, 3 frames
Slope feature, 3 frames

Wavelets, 3 frames

Feature combination, 5 frames
Image histogram, 5 frames
Edgedirection, 5 frames
Slopefeature, 5 frames

Wavelets, 5 frames

flood2

1.00
1.00
0.98
1.00
1.00

1.00
1.00
0.98
1.00
0.99

flood2p2

0.95
0.90
0.78
097
0.90

0.95
0.89
0.78
097
0.89

flood2p1

094
0.86
0.86
0.98
0.92

0.93
0.86
0.80
097
0.90
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flood1

0.67
0.33
0.02
0.84
0.52

0.66
0.32
0.05
0.84
0.52

flood3

049
0.15
0.33
0.80
0.67

048
0.16
0.35
0.79
0.63

touch

048
017
0.02
0.71
0.40

047
0.16
0.01
0.72
0.46

land

044
0.00
0.09
0.78
04

044
0.00
0.10
0.77
0.55

house

042
0.00
0.00
0.73
051

0.39
0.01
0.00
0.67
049

sea

034
0.09
0.10
0.61
033

0.32
0.10
012
0.61
0.35



Table 11 (@) A comparison of samilarity criteria based on coefficients of determination and mean absolute errors (MAE means Mean

Absolute error, target video flood1.avi)

flood1 flood1 flood1p2 flood1pl Flood2 flood3 touch house land sea
R?, feature combination 0.99 0.97 0.97 0.68 044 0.39 0.34 0.33 0.26
R, image histogram 1.00 0.96 0.96 0.38 0.18 0.07 0.00 0.00 0.03
R?, edge direction 0.99 0.79 0.85 0.02 0.14 0.13 0.01 0.14 0.16
R?, slope feature 0.99 0.97 0.97 0.88 0.65 0.65 0.68 0.67 0.55
R?, wavelets 100 0.93 093 0.56 0.32 041 050 0.39 043
MAE, feature combination 226 3.7 304 87.0 1136 1084 100.0 101.2 106.5
MAE, image histogram 111 293 30.7 150.1 176.8 1589 1710 1820 182.6
MAE, edgedirection 39 205 14.1 395 724 60.1 62.0 61.9 76.3
MAE, slopefeature 282 402 37.2 64.7 116.0 5 A1 894 1062
MAE, wavelets 0.8 52 52 146 174 130 17.7 18.7 16.9
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Table 11 (b) A comparison of smilarity criteria based on coefficients of determination and mean absolute errors (MAE means Mean

Absolute error, target video flood2.avi)

Flood2 flood2 flood2p2 flood2pl Flood1 flood3 touch land house sea
R?, feature combination 1.00 0.95 0% 0.67 049 048 044 042 034
R?, image histogram 1.00 0.90 0.86 033 0.15 0.17 0.00 0.00 0.09
R?, edge direction 0.98 0.78 0.86 0.02 0.33 0.02 0.09 0.00 0.10
R?, slope feature 100 0.97 0.98 0.84 0.80 0.71 0.78 0.73 0.61
R?, wavelets 100 0.90 0.92 0.52 0.67 0.40 054 051 0.33
MAE, feature combination 6.8 273 238 737 100.8 86.0 1000 9%.8 95.8
MAE, image histogram 5.8 402 416 146.2 165.6 145.7 166.6 169.1 170.3
MAE, edge direction 59 16.2 133 438 68.2 67.1 62.1 61.6 829
MAE, slope feature 155 35.3 305 91.7 8.1 85.7 83.3 975 9.1
MAE, wavelets 14 6.6 54 16.6 118 131 16.0 174 184



Table 12. Key frame based similarity andlysis for pan video shots usng R2 (V=8, D=4, number of key frames=3)

House

Feature combination
Image histogram
Edge direction
Slope feature
Wavelets

Land

Feature combination
Image histogram
Edge direction
Slope feature

Wavelets

House

1.00
1.00
0.99
0.99
0.99

Land

0.99
0.98
0.99
0.99
1.00

Housesm

097
0.99
0.96
0.96
0.64

landsm

0.90
0.75
097
0.94
0.61

Housemd Housesb
0.80 0.68
0.37 025
0.63 0.19
0.90 0.82
0.83 0.60
Landsb Landmd
0.72 0.68
0.36 0.14
0.36 0.77
0.86 0.92
0.67 0.83
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Housese

0.67
0.32
0.20
0.79
0.69

landse

0.60
0.17
045
0.80
0.56

Land

042
0.00
0.03
0.67
051

flood2

042
0.00
0.06
0.82
0.55

flood2

041
0.02
0.00
0.74
0.52

house

041
0.00
0.03
0.70
0.52

Touch

0.38
0.07
0.05
0.64
048

flood3

0.35
0.00
0.26
0.77
055

flood1

034
0.01
0.00
0.64
0.49

touch

0.35
0.00
0.19
0.67
054

flood3

031
0.01
0.00
0.63
042

flood1

0.35
0.00
0.19
0.67
037

Sea

0.25
0.01
0.05
0.60
041

sea

0.25
0.00
0.26
0.55
0.26



Table 13. Key frame-based amilarity andyss for pan video shots usng MAE (V=8, D=4, number of key frames=3)

house

Feature combination
Image histogram
Edge direction
Slopefeature
Wavelets

land

Feature combination
Image histogram
Edgedirection
Slopefeature
Wavelets

house

1081
752
7.65

27.86
216

land

16.39
35.00
8.01
23.60
107

housesm

15.13
9.80
795

2397
5.62

landsm

2057
4261
791
26.62
5.62

housemd

55.22
86.54
3545
5333

8.72

landmd

61.88
15322
2859
43.88
945

housese

62.78
121.30
50.91
7127
12.57

landsb

70.06
136.64
4893
63.26
13.50

Housesb

7391
124.22
55.98
73.32
14.99

Landse

76.10
147.86
53.03
72.15
14.83
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touch

100.58
165.95
64.19
111.72
12.86

touch

101.32
17241
5849
83.96
1204

land

105.16
159.06
63.42
100.60
16.78

house

105.32
170.64
63.44
101.57
17.45

sea

111.26
187.53
83.79
111.08
16.49

111.53
178.19
74.25
102.33
18.37

flood2

123.65
203.91
39.80
102.93
15.15

flood3

116.33
22249
65.39
98.57
1347

flood1

125.19
208.20
4558
116.86
16.91

flood1

126.44
21852
41.20
109.24
1844

flood3

148.90
21583
86.79
137.07
16.36

flood2

134.75
217.14
39.27
81.66
1454



3. Key frame based similarity analysisfor zoom video shots
In this group of video shots, zoom and non-zoom video shots are included.

Among these seven zoom video shots, Sx are zoom+in video shots and one is a zoom-out
video shot. The beginning of dl the zoomin video shots is the whole earth. From the
whole earth, the zoomin video zooms onto a detailed location on the earth’s surface.
The zoom-out video shot proceeds in the reverse order. A brief description of the seven
zoom video shotsis given below:

0 Atlantaavi — zoom into the downtown area of Atlanta, GA

o DC.avi —zoom into the Washington DC area

0 Orlando.avi — zoom into the Orlando area, FL

0 NY.avi —zoom into the New York city area, NY

0 Longbh.avi — zoom into the Long Beach area, CA

0 Hollwd.avi — zoom into the Hollywood area, CA

o Atl_out.avi — zoom out from the downtown area of Atlanta, GA
Among the above video shots, Atlantaavi is selected as the target video shot. A Smilarity
andyss between the Atlanta video shot and other video shots is conducted. From the
results (Table 14), we can observe that the similarities of the video shots DC, Orlando,
and NY to the Atlanta video shots are higher than those of the video shots Longbh and
Hollwd. The man reasons for this are the following: firs, Atlanta, Washington DC,
Orlando, and New York city are dl located on the east coast, where as Hollywood and
Long Beach, CA are located on the west coast; second, video shots Atlanta, DC, Orlando,
and NY, dl zoom into urban areas, where as video shot Hollwd zooms into a mountain

area with the word “HOLLYWOOD” and video shot Longbh zooms into an eongated
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idand area surrounded by water. We may aso notice that the Atl_out video shot bears the
leest Smilarity to the Atlanta zoom+in video shot because of the reverse order of frames
in the video shot.

Another observation is that the combination of different features typicdly yidds a
better result for smilarity analyss. Table 14 dso shows the results based on the mean
absolute error. We find that the mean absolute error can dso indicate the relative order of
gmilarity among video shots but it is not as conddent as the coeficent of

determination.

4. Summary for Key frame based smilarity analysis

In above three sections, we have presented and discussed the results of smilarity
andyss for three types of data sets. This section will summarize the above discusson.
Although the gmilarity andyss with a sgngle individud festure can yied a reasonable
reult, the results from different features may yied different Imilarity orders because
different festures may reflect different intringc properties of the underlying video shot
(Tables 8, 12, and 14). A combination of different features may be a better option for
gmilarity andyss snce the different video properties are represented as a weighted
combination.

From the video shots we examined, the change of initid weights has only a minor
effect on the fina results Based on the fegtures input to the ANN, the ANN modd will
automdicaly generate the weights for the features combination. Thus the initid choice
of weights has less importance. This is a mgor advantage of usng an ANN for smilarity

andyss because we do not need to pay a great ded of attention to the choice of the initid
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weights if we do not have much information about the video shots that will used for
gmilarity andyss. Theinitid weights are refined over course of training of the ANN.

In this study, we find that varying the number of key frames does not result in a
ggnificant difference in the rank ader of the query video shots (Table 10). However, this
would not necessarily be true in dl cases since many other factors affect the results, such
as the contents of video shot, the scheme of key frame sdlection and the location of each
key frame within the video shot. There may exist an optima number of key frames to be
used for the purpose of smilarity analyss of a particular group of video shots.

We would aso like to mention the amilarity criterion used in our study. We find
that the coefficient of determination may be a better criterion than the mean absolute
eror to quantify the dmilarities among the video shots. The mean absolute error is
essentidly the fegture (or feature combination) distance between video shots and could
also be used as an indicator of smilarity. However, we found that the mean absolute error
is not as condgent as the coefficient of determination for the purpose of smilarity

andyss.

Mosaic based and key frame based similarity analysis

So fa we have discussed two methods for dmilarity andyss, namdy mosac
based andyss and key frame based andyss. In this section, we will compare these two
methods, and then discuss and compare ther advantages and disadvantages. As
previoudy mentioned, a mosaic image represents the entire scene for a pan video shat,
where the redundancy between frames is removed. The mosaic image is essentidly the

compressed representation of a video shot without loss of spatid information content for
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the video shots. The features that are extracted from the mosaic image are based on the
entire spatid contents of the video shot. The smilarity andyss of video shots based on
their mosaic images may produce a more reliable result since there is no loss of spatid
information (Table 15). Key frames are a amal subset extracted from the set of al frames
for the entire video shot. Depending on the different methods used for key frame
extraction, the extracted key frames might lose some degree of gspatid information
content. The features extracted from these key frames may not represent al the spatid
information within the video shot thus causng the results to be less rdiable (Table 15).
One way to dleviate this is to increase the number of key frames. However, this increase
in the number of key frames would sgnificantly incresse the work load. In addition,
increasing the number of key frames may introduce errors in tha the combinaion of key
frames may not be the right one Theefore indead of improving the smilarity
messurement it may reduce the power of the method. Our study shows that the rank
orders in both mosaic and key frame based smilarity measurement methods are roughly
gmilar dthough they vary in terms of the computed smilarity messure. Because of loss
of video gpatid information with the key frame based method, the resulting coefficient of
determination (Smilarity measure) with the key frame based method is lower than that
computed with the mosaic based method if the query video shot is highly smilar to the
target video shot. For the query video shots have a low smilarity to the target video shat,
the reverse may be observed. This tends to reduce the rdiability of key frame based
smilarity andyss

For mosaic based amilaity andyds, there are dso some limitations. Although

the mosac imege retans the spatiid information in the video shot, the tempord
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informetion is logt. If there are two videos with same scene but in the reverse frame order,
the mosaic based method will not detect any difference. In contrast, the key frame based
method would detect the difference because of the difference in the temporal sequence of
the key frames. Another limitation of the mosaic based method is that this method can
only be used effectivey for pan video shots. Other types of video shots (such as zoom
video shots) cannot be represented effectively with mosaic images. Key frame based
gmilarity andyss would not have this limitation. Therefore, the key frame basd
gmilarity method would potentidly have a wider range of gpplication. This would lead
us to think about the smilarity analyss in future study. For panoramic video shots we
may choose mosaic based andyss. For other video shots we may choose key frame

based andysis.
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Table 14 a. Key frame based smilarity analysis for zoom video shots (V=8, D=4, number of key frames=5)

Atlanta

R?, feature combination
R?, image histogram

R?, edge direction

R?, slope feature

R?, wavelets

Atlanta

MAE, feature combination
MAE, image histogram
MAE, edge direction
MAE, slope feature

MAE, wavelets

Atlanta

1.00
0.99
1.00
1.00
1.00

Atlanta

185
10.0
64
175
11

DC

0.76
0.72
0.36
081
0.69

DC

758
1356
55.1
72.8
151

Orlando

0.68
0.60
0.53
0.73
0.58

Orlando

79.5
1574
57.2
82.6
201

72

NY

048
0.29
0.30
0.63
0.53

NY

9.2
169.0
644
1145
190

hollwd

043
0.20
011
0.60
0.50

touch

1156
160.0
60.4
126.8
164

touch

0.30
012
0.06
043
0.15

house

116.3
147.6
62.5
1187
218

Longbh

0.28
017
014
0.40
024

land

1196
1451
65.6
130.0
209



Table 14 b. Key frame based amilarity andyss for zooming video shotSMAE means Mean Absolute Error, V=8, D=4, number of

frames=5)

Atlanta Atlanta house land flood3 flood2 sea flood1 Atl_out
R?, feature combination 1.00 025 0.23 022 018 018 015 0.13
R?, image histogram 0.99 004 0.00 0.03 004 0.00 0.03 0.06
R?, edge direction 1.00 0.00 0.07 0.00 0.00 0.02 0.00 012
R?, slope feature 1.00 0.33 050 043 0.34 044 0.27 0.16
R?, wavelets 1.00 0.27 025 020 020 0.05 014 0.15

Atlanta Atlanta sea hollwd Longbh Atl_out flood1 flood2 flood3

MAE, feature combination 185 1239 127.8 1294 1339 148.9 153.6 160.2
MAE, image histogram 10.0 189.5 2725 187.9 154.6 2198 216.7 206.6
MAE, edgedirection 6.4 899 555 4.7 1108 4.7 40.8 78.7
MAE, slope feature 175 1115 95.2 134.3 161.6 174.7 176.3 149.2
MAE, wavelets 11 209 19.9 291 28.7 21 193 190
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Table 15 () Comparison of mosaic based smilarity andyss and key frame based smilarity andyss (mosaic: mosaic based smilarity

andyds, frame: key frame based smilarity analyss, target video shot: house.avi)

House House  Housesm  Housemd housese housesb touch land sea
Feature combination, mosaic 0.99 0.99 0.97 0.97 0.87 0.69 0.52 0.50
Image histogram, mosaic 0.98 0.97 0.93 0.93 0.83 058 0.38 0.25
Edge direction, mosaic 1.00 0.99 0.92 0.85 041 024 0.00 0.01
Slope feature, mosaic 1.00 0.99 0.98 0.98 0.88 0.76 057 0.65
Wavelets, mosaic 100 0.96 0.97 0.94 0.79 0.78 0.66 0.67
Feature combination, frame 1.00 0.97 0.80 0.67 0.68 0.38 042 0.25
Image histogram, frame 1.00 0.99 0.37 0.32 0.25 0.07 0.00 0.01
Edge direction, frame 0.99 0.96 0.63 0.20 0.19 0.05 0.03 0.05
Slopefeature, frame 0.99 0.96 0.90 0.79 0.82 0.64 0.67 0.60
Wavelets, frame 0.99 0.64 0.83 0.69 0.60 0.48 051 0.28
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Table 15 (b) Comparison of mosaic based damilarity andyss and key frame based smilarity andysis (mosaic: mosac based smilarity

andyss, frame: key frame based amilarity andysis, target video shot: land.avi)

Land Land Landsm Landse landmd landsb touch house sea
Feature combination, mosaic 1.00 1.00 0.98 0.95 0.70 0.52 044 0.29
Image histogram, mosaic 0.99 0.98 0.95 0.89 053 0.38 0.19 0.04
Edge direction, mosaic 0.97 0.97 0.94 0.87 059 0.18 0.00 0.20
Slope feature, mosaic 1.00 1.00 0.99 0.96 0.77 0.56 053 0.39
Wavelets, mosaic 1.00 0.95 091 0.92 0.75 0.63 059 0.60
Feature combination, frame 0.99 0.90 0.60 0.68 0.72 0.35 041 0.25
Image histogram, frame 0.98 0.75 0.17 0.14 0.36 0.00 0.00 0.00
Edge direction, frame 0.99 0.97 045 0.77 0.36 0.19 0.03 0.26
Slopefeature, frame 0.99 094 0.80 0.92 0.86 0.67 0.70 0.55
Wavelets, frame 1.00 0.61 0.56 0.83 0.67 054 052 0.26
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CHAPTER 6

CONCLUSION

In this sudy, smilarity andyss of video shots is performed. Two methods are
proposed. In the firsd method, the mosaic scene images are generated from the video
shots. The feature extraction and smilarity matching are conducted using the mosac
images. Since not dl video shots can be effectively represented with mosaic images, the
key frame based dmilarity andyss is dso invedigaed. Indead of generaiing mosac
images, key frames are extracted from the origind video shot and are aranged in the
same temporal order as they appear in the video shot. The features are extracted from
each key frame of the video shot. The smilarity matching is then performed based on the
paired frame features between the target video shot and the query video shots.

Different festures are extracted from both mosaic images and key frames for each
video shot. The features in feature space include image histograms, dope magnitudes and
dope directions, edge directions, and wavdets. Similarity andyss with a single feature
shows tha the results from the edge festure are very sendtive, where as the results from
the wavelet and dope features are less sendtive. A combination of features is dlowed in
our study with an adjustable weight for each feature. The weights are adjusted ether
automaticaly with ANN training or with initid weight sdtting. This dlows us to adjust

the weight for each fegture to optimize the resultsin different types of smilarity andyss.
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In this study, we performed a nortlinear festure combination of the weights using
an ANN. The Ward ANN is used in our study. The Ward network model has the
capability of grouping different data petterns with different activity functions. It can dso
determine the optima number of hidden neurons. Unlike conventionad approaches, the
ANN architecture we developed has many outputs with each output representing the
coefficient of determination, mean absolute errors, or any other measure of smilarity
between the target video shot and the query video shot. Another characteristic of the
ANN architecture is that we do not provide evaluation data (i.e. production data set) for
the network, that is, we only divided the feature data patterns into a training data set and
test data set, with percentages of 60 and 40 respectively. The reason for this is that the
system we have developed will not used to predict other new problem(s). We only need
to examine the current festure data and find the smilarity between them.

With the test results for the video data we collected in this sudy, we find that the
weighted feature combination may yidd better results than sngle feature for sSmilarity
andyss athough exceptions do exis. We have aso compared the two measures, i.e.
coefficent of determination and mean absolute error, for amilarity andyss We find that
usng the coefficient of determination for dmilarity andyss may be better than usng the
mean absolute error. The mean absolute error is essentidly a measurement of distance
between features. Our study shows that the mean absolute error has a rdatively larger
vaiance than the coefficient of determination. Using the corrdation coefficient would be
preferred on account of its greater consistency.

The developed system needs to be further tested with other video data sets,

epecidly with very dynamic video shots. Although we used different types of video
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shots in our prototype system test, the scene structure in our test video shots is generdly
uniform and relaively dowly varying. In addition, there are other features, such as edge
magnitudes and motion features, that could aso be added into the sysem. In our study,
we have peformed the smilarity andyss on video shots rather than an entire video
sequences. Based on amilarity anadlyss of video shots, we could aso further study the

smilarity of entire video sequences.
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APPENDIX A. MOSAIC IMAGES GENERATED FROM PANORAMIC VIDEO

SHOTS

a Mosaic image from house.avi:

b. Mosaic image from landing.avi:
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¢. Mosaic image from seaavi:

5. Mosaic image from whitebd.avi:
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APPENDIX B. KEY FRAMES EXTRACTED FRROM VIDEO SHOTS (NUMBER

OF KEY FRAMES = 3)

a Key frames extracted from flood1.avi: b. Key frames extracted from flood2.avi:
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c. Key frames extracted from flood3.avi: d. Key frames extracted from house.avi:
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e. Key frames extracted from landing.avi: f. Key frames extracted from touch.avi:
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j- Key frames extracted from Alt_out.avi:

i. Key frames extracted from sea.avi:
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k. Key frames extracted from Atlanta.avi: I. Key frames extracted from DC.avi:
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m. Key frames extracted from Orlando.avi: n. Key frames extracted from NY .avi:
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0. Key frames extracted from Hollwd.avi: p. Key frames extracted from Longbh.avi:

94



