Applied Intelligence 22, 251–275, 2005
c 2005 Springer Science + Business Media, Inc. Manufactured in The Netherlands.


Similarity Analysis of Video Sequences Using an Artificial Neural Network
SUCHENDRA M. BHANDARKAR∗ AND FENG CHEN
Department of Computer Science, 415 Boyd Graduate Studies Research Center, The University of Georgia,
Athens, Georgia, 30602-7404, USA
suchi@cs.uga.edu
fchen@uga.edu

Abstract. Comparison of video sequences is an important operation in many multimedia information systems. The
similarity measure for comparison is typically based on some measure of correlation with the perceptual similarity
(or difference) amongst the video sequences or with the similarity (or difference) in some measure of semantics
associated with the video sequences. In content-based similarity analysis, the video data are expressed in terms
of different features. Similarity matching is then performed by quantifying the feature relationships between the
target video and query video shots, with either an individual feature or with a feature combination. In this study,
two approaches are proposed for the similarity analysis of video shots. In the first approach, mosaic images are
created from video shots, and the similarity analysis is done by determining the similarities amongst the mosaic
images. In the second approach, key frames are extracted for each video shot and the similarity amongst video shots
is determined by comparing the key frames of the video shots. The features extracted include image histograms,
slopes, edges, and wavelets. Both individual features and feature combinations are used in similarity matching using
an artificial neural network. The similarity rank of the query video shots is determined based on the values of the
coefficients of determination and the mean absolute error. The study reported in this paper shows that the mosaicbased similarity analysis can be expected to yield a more reliable result, whereas the key frame-based similarity
analysis could be potentially applied to a wider range of applications. The weighted non-linear feature combination
is shown to yield better results than a single feature for video similarity analysis. The coefficient of determination
is shown to be a better criterion than the mean absolute error in similarity matching analysis.
Keywords: video similarity matching, mosaic images, key frames, feature extraction, feature combination,
artificial neural network
1.

Introduction

Comparison of video sequences is an important operation in many multimedia information systems. In
general, a simple pixel-by-pixel comparison, or exact
matching, between the corresponding frames does not
work except for highly constrained situations [1–3].
However, similarity analysis is usually performed on
video shots with different geometries (such as different frame sizes, orientations, and coordinate systems),
and containing different objects, different scenes, and
different events, which may or may not share any prop∗ Author

to whom all correspondence should be addressed.

erties amongst themselves. The measurement of similarity thus needs to be based on some measure of correlation with the perceptual similarity (or difference)
amongst the video sequences or with the similarity (or
difference) in some measure of semantics associated
with the video sequences.
In content-based similarity analysis, the video data
are expressed in terms of a variety of features. Similarity matching can be performed by quantifying the
relationships between these features that are extracted
from the video data [1, 4, 5]. Deriving a similarity measure can be considered as a three-step process. First,
we need to define a set of features that are well suited
to describe the characteristics of the video sequences.
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These features define the feature space for the subsequent similarity analysis. Next, the feature vectors need
to be constructed from the video data via a suitable
feature extraction procedure. Examples of the feature
vectors are the color or gray-level histogram [6–9], texture [10–14], and shape [15–19]. Finally, the similarity
matching between video sequences is performed based
on the computation of an appropriate criterion such as
a distance measure or correlation coefficient in the feature space, between the feature vectors derived from
the video sequences.
There are several issues that need to be considered.
First, during the formulation of the feature vectors, the
spatial information for some features may be lost because this information was not explicitly considered
in the feature extraction process. For example, if the
image content is characterized by the color or graylevel histogram, all the information about the spatial
distribution of colors or gray-levels will be lost. One
way to recover some degree of spatial information is
to divide the image frame into tiles or blocks and then
compute the histogram for each tile or block [7, 11,
20, 21]. The spatial information can also be introduced
by classifying the image frame into different regions
and computing the histogram for each region [14, 21,
22]. The second issue is that the various features such
as color, texture, and shape are generally extracted using different computational methods in different feature spaces with inherently different distance metrics.
As a result, content-based similarity matching is often performed using single individual features. Since
different features may place different degrees of importance or focus on different aspects of the original video
data, the result of similarity matching may be different
when different features are used in the single feature
matching process although the underlying video data
set is the same in every case [23, 24]. A more robust
strategy is to combine the features in a reasonable way.
For this purpose, the weighted linear feature combination method was developed to combine the similarity
measurements from different individual features [4, 5,
11, 18, 25, 26].
Another important issue is the selection of weights
for the different components of the feature vector. In existing systems, the weights are usually arbitrarily specified by the user. For example, the user may specify
“the weights for the color feature, texture feature, and
shape feature as 0.6, 0.3, 0.1, respectively”. However,
similarity matching using this kind of arbitrary weight
specification may not yield results that are perceptu-

ally intuitive. The flexible and dynamic adjustment of
the weights based on the underlying visual data set
may be necessary [25, 27]. The combination function
for combining the feature vectors is another critical
issue. Studies have already shown that the various features may not necessarily be linearly related [3, 23,
24]. Thus, a non-linear feature combination function
should be incorporated in the similarity matching procedure. Artificial neural network (ANN) models are a
good choice for effecting a non-linear combination of
various features [2, 23, 24]. The input to the ANN is the
set of measurements of individual image features and
the output from the ANN is the similarity criterion that
denotes the similarity of images. Sheikholeslami et al.
[24] describe an ANN-based approach for merging heterogeneous features in the context of content-based image retrival. They consider the texture and color feature
classes and use the back propagation algorithm with a
single hidden layer to train the ANN. The experiments
from their study show that the retrieved images based
on merged heterogeneous features conform to human
perception to a greater extent than those based on individual features. Lee and Yoo [23] also introduce an
ANN-based flexible image retrieval system. They use
the radial basis function (RBF) network to combine
the values of the heterogeneous features. The nonlinear relationship between features is then exploited to
perform similarity comparison between images. Lim
et al. [2] present an ANN-based learning algorithm for
adapting the similarity matching function to the user
query’s preference based on user relevance feedback.
The relevance feedback is in the form of ranking errors
(misranks) between the retrieved and desired lists of
multimedia objects.
The final issue is the similarity criterion used in the
matching procedure. In most of the current research,
the similarity matching is based entirely on the distance between the query and target feature vectors. It
is conceivable that an alternative criterion may yield
better results.
Based on our assessment of the state of the art, most
published studies are focused on similarity analysis for
images whereas much fewer studies have focused on
video analysis. In this study, we propose an ANN-based
model for combination of heterogeneous features extracted from video shots for supporting content-based
video retrieval. Our approach is based on an ANN
model that can be used to determine the non-linear relationships between the different features extracted from
the underlying video data. Although there are some
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studies that use ANN’s for image retrieval, little work
has been reported for video data retrieval. In our study,
the input to the ANN model is a set of feature measurements of features extracted from the video data.
Unlike previous studies that use the distance criterion
as a similarity measure, the coefficient of determination
between the target video shot and the query video shots
is proposed as a similarity criterion in our scheme. In
addition, the mean absolute error between the target
video shot and the query video shots is also investigated as an alternative criterion for the purpose of similarity analysis. The relative merits/demerits of these
two criteria are discussed in our study. The coefficients
of determination have values between 0 and 1. A value
close to 1 represents high similarity, whereas a value
close to 0 represents low similarity between the target
and the query video shots. The mean absolute errors
have non-negative values with a high value representing low similarity and a low value representing high
similarity. Instead of arbitrarily assigning a weight to
each feature, in our study, the ANN is used to set an
appropriate weight value for each of the features after
a learning process on the training dataset.
The objective of our study is to perform similarity
matching of video shots. Different similarity measure
methods are used in our study. Our study specifically
addresses the following issues: (a) feature extraction
and feature vector formulation based on color (and gray
level) histograms, slopes and slope directions, edge directions, and wavelets; (b) incorporation of spatial information into the feature extraction process; (c) potential non-linear combination of any of the feature vectors; (d) initial weight adjustment amongst the feature
vectors; (e) weighted non-linear feature combination
for similarity matching using an ANN; and (f) formulation of a similarity measure using the coefficient of
determination and the mean absolute error.
2.

2.1.

Proposed Methodology for Video
Similarity Analysis
Video Parsing and Data Preparation

The purpose of video parsing in this study is to
preprocess the video data in preparation for feature
extraction. The extracted features are then used for
similarity matching. In this study, different video
clips are collected by downloading them over the Internet (http://www.mthurricane.com; http://www.gsfc.
nasa.gov; www.geocities.com/yanr5/g-pic/video.htm;
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http://www.VideoBrush.com). Two types of data sets
are prepared, one for mosaic-based similarity analysis,
and the other for frame-based similarity analysis. The
purpose of video parsing is to segment the video clips
into distinct video shots. A video shot is a portion of a
video clip that does not contain any abrupt change in its
contents. The video parsing procedure can be described
as follows. For each video sequence, the locations of
scene cuts are first determined using an abrupt scene
change detection algorithm. The detected scene cuts
are then used to extract the video shots from the video
clip. The video shots thus extracted from the video clips
are then used for further processing. Having extracted
all the video shots to be used for feature extraction and
similarity analysis, some of these video shots are further processed to create panoramic images but only in
cases where panoramic images can be meaningfully
created. The panoramic images are subsequently used
for mosaic-based similarity analysis. For key framebased similarity analysis, key frame images for each
video shot are extracted. Key frames are still images
that best represent the contents of the video shot in
an abstracted manner and are usually extracted from
the original video data. The extraction of key frames
is described as follows: the first and the last frames
are always considered as key frames, and the remaining key frames are extracted between the first and the
last frames based on detection of abrupt changes in the
video content [28, 29]. The key frames thus extracted
are ordered based on their temporal order within the
video shot. Finally, the feature extraction procedure is
performed on both the mosaic images and the key frame
images.
2.2.

Feature Extraction

In our study, the features extracted from the video shots
include the image color and gray-level histogram, color
and gray-level slope and slope direction, edge information, and the wavelet transform. The image histogram
describes the overall distribution of pixel intensity values whereas the edge information characterizes the local image texture. The slope information measures the
local variations within the image whereas the wavelet
transform measures the macro or global variations. The
four feature subvectors described above comprise the
feature space for this study. Note that each feature subvector measures different characteristics of the underlying video data. The following sections will describe
each of the feature subvectors in further detail. The final
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feature vector is a straightforward concatenation of the
four feature subvectors.
2.2.1. Image Color and Gray-Level Histogram. For
an 8-bit per pixel image, the range of pixel intensity
values is between 0 and 255. If we consider an image
I that has a pixel intensity range from 0 to N − 1 (for
an 8-bit per pixel image, N = 256), then the gray-level
histogram H (I ) is a feature vector (h 1 , h 2 , . . . , h N )
where h i denotes the number of pixels with gray level
i. Similarly, for an RGB color image, the color histogram is a feature vector that consists of all the three
bands (h 1R , h 2R , . . . , h NR , h 1G , h 2G , . . . , h GN , h 1B , h 2B , . . . ,
h NB ). Two important issues need to be considered regarding the representation of this feature vector. Since
the goal of similarity matching is to compute the similarity between visual data sets as a whole, a detailed
representation of the color or gray-level histogram for
each h i (i = 1, 2, . . . , N ) may not improve the result
of the similarity analysis but rather, may increase the
sensitivity to noise and will also result in a larger data
volume. Taking these factors into consideration, the
above color and gray-level histograms are quantized
using an interval or step size of V in the range [0,
2b − 1] (where b = 8 in our case). The second issue
is that the straightforward representation of the color
or gray-level histogram will not retain any spatial information contained within the visual data. In order to
introduce some spatial information within the color or
gray-level histogram feature, the image is divided into
tiles, and the color or gray-level histogram for each tile
is computed.
The color histogram represents the pixel color value
distribution within the image. The number of distinct
components within the histogram feature subvector can
be determined using the following parameters; number
of bits per color per pixel (b), the size of the color or
gray-level interval (V ) and the number of intervals (D)
into which each dimension of the image is divided, as
follows:
Npat = C ∗ D 2 ∗ 2b /V

(1)

where Npat is the total number of components within the
histogram feature subvector, C is the number of spectral
bands involved (for an RGB color image C = 3, for a
gray-scale image C = 1), and D, b, and V are defined
as mentioned above. Note that dividing the image into
D intervals along each of the dimensions results in D 2
image tiles.

2.2.2. Color or Gray-Level Slope Magnitude and
Slope Direction. The color or gray-level slope is the
maximum change between the intensity values of the
center pixel and its neighboring pixels within a mask of
predetermined size (such as 3 × 3). The slope direction
is the direction of this maximum change. In general, the
color or gray-level slope can be considered as a measure of the local intensity variation (change) within the
image at a specific location, whereas the slope direction
indicates the direction of this intensity variation.
In this study, we compute the slope magnitude and
slope direction within a 3 × 3 mask. The computation
of slope magnitude is done as follows [30]:
Sk (i, j)

|P(i, j) − P(ii, j j)|









=


|P(i, j) − P(ii, j j)|



 /Sqrt(2)


S(i, j) = Max[Sk (i, j)]

if (i = ii and j = j j)
or ( j = j j amd i = ii)
and |i − ii| ≤ 1
and | j − j j| ≤ 1
if i = ii and j = j j
and |i − ii| ≤ 1
and | j − j j| ≤ 1
(2)
k = 0, 1, 2, . . . , 7

(3)

where S(i, j) is the value of the slope magnitude at
mask center location (i, j), P(i, j) is the pixel intensity/color value at the mask center location (i, j), and
P(ii, j j) is the pixel value at a neighboring location
within the mask. Since the result of the slope magnitude computation is a floating point number, the final
result is converted into an integer and is scaled to lie
between 0 and 255.
The slope direction (S D) at location (i, j) is computed based on the value of k in Eq. (3) (when S(i, j)
is determined) and the sign of [P(i, j) − P(ii, j j)], as
follows:

k
if P(i, j) − P(ii, j j) > 0,




and Sk (i, j) = S(i, j)



k + 8 if P(i, j) − P(ii, j j) < 0,
S D(i, j) =
(4)
and Sk (i, j) = S(i, j)




16
if P(i, j) − P(ii, j j) = 0,



and Sk (i, j) = S(i, j)
The slope feature, which includes the slope magnitudes and slope directions, represents local changes
in pixel intensity/color values in the image. The total
number of distinct components for the slope magnitude and slope direction feature subvector is computed
using the histograms of slope magnitude and slope direction values. The total number of distinct components
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for the slope feature subvector is computed using the
same procedure as in the case of the color/gray-level
histogram feature subvector using identical values of
C, V , D and b as in Eq. (1). Note that for computing
the number of components for the slope direction feature subvector, only the values of C and D are needed
since the value of S D is constrained to lie in the interval
0 ≤ S D ≤ 16. Therefore, the total number of distinct
components within the gray-level/color slope magnitude and slope direction feature subvector is given by:
S Npat = (C ∗ D 2 ∗ 2b /V ) + (C ∗ 17 ∗ D 2 )

(5)

where S Npat is the total number of components within
the gray-level/color slope magnitude and slope direction feature subvector, and C, D, V , and b have the
same meanings as in Eq. (1).
2.2.3. Edge Feature. The edge feature used in this
work is the edge direction which is computed using the
Canny edge detector [31] and represented by the edge
direction feature subvector. The steps for implementing
the Canny edge detector are as follows:
1. Smooth the input image to reduce noise. In this
study, a 5 × 5 Gaussian filter (with σ = 1.4) is
used.
2. Compute the edge magnitude. A 3×3 Sobel operator
is used to compute the color or gray-level gradient
values in the horizontal and vertical directions. The
gradient magnitude is approximated by:
|G| = |Gx| + |Gy|

(6)

3. Compute the edge direction. The angle with respect
to the positive X axis direction is computed using
the following equation:
θ = arctan(Gy/Gx)

(7)

Four directions are determined, in which the direction indicator is set to 1 for θ with value between 0◦
and 22.5◦ as well as between 157.5◦ and 180◦ , set
to 2 for θ with value between 22.5◦ and 67.5◦ , set
to 3 for θ with value between 67.5◦ and 112.5◦ , set
to 4 for θ with value between 122.5◦ and 157.5◦ .
4. Apply non-maxima suppression. When the edge directions are known, non-maxima suppression is performed in the gradient direction of each pixel to suppress (i.e., set to 0) any gradient value that is not a
local maximum of the edge magnitude value.
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5. Apply double thresholding. The purpose of this step
is to eliminate streaking. Streaking is the fragmentation of an edge contour caused when the edge detector output fluctuates above and below the threshold.
The double thresholding technique uses two threshold values, T1 and T2, representing a high and a
low value respectively. Any pixel that has an edge
detector value greater than T1 is presumed to be an
edge pixel, and is marked as such. Any pixel that
is connected to this edge pixel and that has a value
greater than T2 is also selected as an edge pixel.
Other pixels are considered as non-edge pixels and
set to 0.
The total number of components within the edge feature subvector is determined by computing the distribution of the edge directions within non-overlapping tiles
in the image. Since four distinct directions are represented, the total number of components within the edge
feature subvector is given by:
E Npat = 4 ∗ C ∗ D 2

(8)

where E Npat is the total number of distinct components
within the edge feature subvector, and C and D have the
same meanings as in Eq. (1). The distribution of edge
directions is a measure of the oriented local texture
within the image.
2.2.4. Wavelets. Wavelets are a mathematical tool
used for hierarchical decomposition of functions and
have been applied in many problems in computer
graphics [32]. In this study, the Haar wavelets are used
as features for similarity analysis [32, 33]. The main
reasons for the selection of the Haar wavelets include
their relative simplicity, orthogonality, and ease of normalization. In V 0 space, the scaling function and the
Haar wavelets are expressed as follows:

1 for 0 ≤ x < 1
φ(x) =
(9)
0 otherwise

for 0 ≤ x < 1/2
1
ϕ(x) = −1 for 1/2 ≤ x < 1
(10)

0
otherwise
In V j space, the Haar wavelets can be expressed recursively, as follows:
j

φi (x) = φ(2 j x − i) i = 0, 1, . . . , 2 j − 1 (11)
j

ϕi (x) = ϕ(2 j x − i) i = 0, 1, . . . , 2 j − 1 (12)
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The normalized wavelets can be obtained by incorporating the constant sqrt(2 j ) within the right hand side
of the above two equations, as follows:
j

φi (x) = sqrt(2 j )φ(2 j x − i) i = 0, 1, . . . , 2 j − 1
(13)
j
ϕi (x)

= sqrt(2 )ϕ(2 x − i) i = 0, 1, . . . , 2 − 1
j

j

j

(14)
In order to compute the wavelet feature, a function is
expressed as a linear combination of wavelet functions,
as follows:
j

j

F j (x) = ci φi (x)

for i = 0, 1, . . . , 2 j − 1 (15)

Usually, F j (x) has a unique decomposition:
F j (x) = F j−1 (x) + G j − 1 (x) for i = 0, 1, . . . , 2 j − 1
(16)
where
j−1

φi

j−1

j−1
ϕi (x)

F j−1 (x) = ci

j−1

(x) for i = 0, 1, . . . , 2 j − 1
(17)

G

j−1

(x) = di

for i = 0, 1, . . . , 2 − 1
j

(18)
Further decomposition can be done recursively usj
ing Eq. (16). The coefficient ci is called the “moving
j−1
average”. It can be further decomposed into ci and
j−1
j
0
di until the V space is reached. The coefficient di is
called “weight” or “difference” which can be computed
directly [34].
When the wavelet transform is applied to an image,
the pixel color or gray-level values are regarded as the
coefficients. Since an image is a two-dimensional data
set and the wavelet transform is separable, two sets
of one dimensional wavelet transforms are performed.
First, the horizontal wavelet transform is performed on
the pixel values in each row of the image. Next, the vertical wavelet transform is performed on the pixel values
in each column of the image. There are two procedures
by which one can perform the two-dimensional wavelet
transform. The first procedure is to perform the horizontal wavelet transform for the first row, followed by
the vertical wavelet transform for the first column, the
second row, the second column, and so on. The procedure is repeated until the last row and last column

are reached. The second procedure is to perform the
horizontal wavelet transform for all the rows, followed
by the vertical wavelet transform for all the columns.
The wavelet transform results in the extraction of
two types of information, the micro information and
the macro information. The micro information is represented by pixel values that are close to 0 in the transformed image. These values represent the small-scale
or micro changes in the image. In similarity analysis
with wavelets, these micro changes are of less importance since one would prefer to focus on the macro, or
global information in the image. Therefore, the pixel
values that are close to 0 in the transformed image
are set to 0 using an appropriate threshold value. The
threshold value is determined by examining the restored images from the wavelet transform and ensuring that the unwanted details have been effectively
removed without causing any significant global distortion. The remaining non-zero values represent the
dominant spectral properties or the macro properties of
the image. The transformed wavelet image is divided
into non-overlapping tiles of size 16 × 16 pixel in order
to retain the spatial information after the application of
the wavelet transformation. For each tile, the number
of coefficients with positive values and with negative
values are counted. Thus, the total number of distinct
components for the wavelet feature subvector is fixed
at 16 × 16 × 2 = 512.
2.2.4.1. Resampling. Note that the image size used
for the wavelet transform needs to be an integral power
of 2, i.e., 2k where k = 0, 1, 2, . . . . However, this is not
always true in practice. Therefore, before the wavelet
transformation is applied, one needs to check whether
or not any adjustment of image size is needed. If the
image size is not an integral power of 2, it needs to
be suitably adjusted so that it is. A resampling method
is used to adjust the image size to make it an integral
power of 2 if necessary. Simply padding the input image
with zeros to get to the desired size would change the
contents of the image since the pixels corresponding
to the padded zeros are treated as belonging to distinct
regions within the image. Note that these regions are
not part of the original image. The resampling method
used in our study can be described as follows:

1. Check if the number of rows of the image is of the
order of 2k . If yes, then resampling for rows is not
necessary.
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Table 1.
and V .

2. If not, then compute the following ratio:
Ratio = N S/N T

3. Determine the new pixel locations using the following equation:
i res = (int)
i res = 0, 1, . . . , N T − 1
(Ratio ∗ i org + 0.5) i org = 0, 1, . . . , N S − 1
(21)
where i res : the pixel location after resampling (in
the resampled image) i org : the pixel location before
resampling (in the original image)
If Ratio > 1, some pixels in the original image
will be repeated in the resampled image; else, if
Ratio < 1, some pixels in the original image will be
removed from the resampled image.
4. Check if the number in columns of the original image is of the order of 2k . If yes, resampling for
columns is not necessary, else, repeat steps 2 and
3 for the columns.
2.3.

Weight Adjustment

The initial weight for each feature subvector can be
assigned during the process of feature extraction. The
relative weight distribution amongst different features
during feature extraction is based on the values of C,
D, V , and b as defined in Eq. (1). By using different
values of D and V , the various features extracted will
be represented by subvectors with varying numbers of
distinct components. Therefore, the weights for different features will be also different. For example, for an
8-bit gray scale image, if we set D = 3, V = 8, then
the number of distinct components in the subvectors
for the image histogram, gradient, edge, and wavelet
features will be:
Color/gray-level histogram feature:
Npat = D 2 ∗ 2b /V = 9 ∗ 32 = 288

The change in initial weights with different values of D

(19)

where NS is the number of rows (or columns) of
the original image, NT is the number of rows (or
columns) of the resampled goal image with dimensions of the order of 2k , where k is determined as
follows:
for NS such that 2kk < N S < 2kk+1

kk
if |N S − 2kk | < |N S − 2kk+1 |
k=
(20)
kk + 1 if |N S − 2kk | > |N S − 2kk+1 |
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Weights
V

D

Image histogram

Slopes features

Edges

Wavelets

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

Color/gray-level slope feature:
S Npat = D 2 ∗ 2b /V + 17 ∗ D 2 = 288 + 153 = 441
Edge feature:
E Npat = 4 ∗ D 2 = 4 ∗ 9 = 36
Wavelet feature:
W Npat = 512
If all the feature components are weighted uniformly,
the weights for the image histogram, slope, edge, and
wavelet features will be 0.23, 0.34, 0.03, 0.40 respectively. Table 1 shows some examples of different initial
weight assignments for varying values of D and V in
the case of 8-bit gray-level images.
The feature weights are also adjusted during the process of training of the artificial neural network (ANN).
The ANN itself contains the trained weight matrices
used to merge the heterogeneous features. To train the
ANN and determine the appropriate weights, different features are fed to the ANN. Once the network is
trained, the features will have the appropriate weights
to bring about the proper non-linear combination of the
heterogeneous features. The final weights for different
features are a function of the initial weights assigned
during feature extraction and those learnt during the
training of the ANN.
2.4.

Examination of Correlation Coefficients
Between Features

Although the different features are extracted using different computation methods, these features may or may
not be related. In order to examine the relationships
between the various feature classes, the correlation
coefficients between the different feature classes are
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computed in our study. If the correlation coefficient between two feature classes is high, a method for removal
of the redundancy between different types of features
may be needed, else, the features obtained from different feature extraction methods can be directly used
for similarity analysis. Typical statistical methods for
removing the redundancy between different features
include Principal Components Analysis (PCA) and Independent Components Analysis (ICA) [35].
2.5.

Similarity Matching with an Artificial
Neural Network

An artificial neural network (ANN) attempts to mimic
the problem solving process within a human brain. An
ANN can take previously solved examples (as knowledge) to build a system of interconnected “neurons”
that makes new decisions, classifications, and forecasts. For an unknown problem, an ANN takes the data
for the problem, trains on the data and learns to extract
the necessary knowledge about the problem during the
training process and builds the inter-neural connections
to solve the problem.
In our study, an ANN model is used for video similarity matching. The advantages of using an ANN for similarity matching are twofold, one that we can combine
multiple heterogeneous features extracted with different methods, and the second that the combination of
these features can be non-linear. The following discussion covers the basic architecture of the ANN used in
video similarity matching and the associated training
procedure.
One of the popular ANN architectures is the MultiLayer Perception (MLP) network with backpropagation learning. The architecture of a typical MLP network consists of an input layer, one or more hidden
layers, and an output layer of neurons. Input values
from the input layer are weighted and passed to the
hidden layer(s). Neurons in the hidden layer(s) “fire”
or produce outputs that are based upon the sum of
weighted values passed to them. The hidden layer(s)
pass(es) values to the output layer in the same fashion. The output layer produces the needed results. In
this paper, the Ward network [36] has been used. The
Ward network consists of three different MLP network
architectures with backpropagation learning and with
multiple hidden layers (Fig. 1). In the Ward network,
the input features are examined by three different MLP
networks with different activation functions applied to
the hidden layer slabs (i.e. groups of neurons in the

Figure 1. Inputs, outputs and the selected architecture of the Ward
artificial neural network.

hidden layers) as the input patterns are propagated and
processed through the network. The output from the
network considers the combination of the results from
the three MLP networks to produce a better result than
one possible using a single MLP network by itself. The
Ward network also determines the optimal number of
hidden neurons for each hidden layer slab based on
the number of input variables, the number of output
variables, and the size of the training set.
In an ANN, the input patterns are typically divided
into three sets, the training set, the test set, and the
production set. These three data sets are extracted from
the original input data patterns. Since there is no overlap
amongst the three data sets, the following condition is
always satisfied:
Ntin = Ntrn + Ntst + Npat

(22)

where Ntrn is the number of patterns in the training set,
Ntst is the number of patterns in the test set, Npat is the
number of patterns in the production set, and Ntin is the
number of total input patterns.
The training data set is used to train the network
and build the ANN model. The test data set is used
to test how well the ANN model has been developed
with the training data. Both, the training data set and
the test data set are used for model development. The
production data set is used to evaluate the developed
model. Hence, for problems of a similar nature, the
developed model can be directly applied by presenting
to it the new data patterns and producing the required
results.
There are two reasons for using an ANN in the work
reported in this paper: (a) to create a non-linear combination of features by automatically adjusting the ANN
weights for different features, and (b) to generate the
appropriate decision criterion for similarity matching
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of video shots. In this study, the input data patterns to
the ANN are the feature vectors generated by the feature extraction process. These data are divided into two
sets, the training set and the test set. In order to have
an adequate number of data patterns for both the training data set and test data set (with slightly more data
for model training), the training data set and the test
dataset are generated from the original input data with
a population percentage ratio of 60 and 40 respectively.
The production set is not created from the input data
since the developed model is not used in any further application. The basic procedure for similarity matching
is summarized as follows:
(a) Import data into the ANN;
(b) Define the input and output data sets. The feature
data extracted from both the target video shot and
the query video shots are input to the ANN ensemble. These two data sets serve different roles.
During similarity analysis, the features extracted
from the query video shot are expressed as a function of the features extracted from the target video
shot. The output from the ANN ensemble is the
measurement of the similarity between the query
video shot and the target video shot (Fig. 1);
(c) Randomly extract the training data set and the test
data set for all the feature data extracted from the
target video shot and query video shots. The patterns in the training data set consist of 60% of the
total data patterns, whereas the remaining 40% are
used as the test data set;
(d) Design the ANN architecture. The Ward network
[36] is chosen on account of its flexibility. The number of hidden neurons in each MLP sub-network
is automatically determined by the Ward network
based on the nature of the input patterns and the
output patterns, and the size of the training data
set;
(e) Train the ANN ensemble and develop the ANN
model; and
(f) Produce the results. The coefficients of determination and the mean absolute errors between the
features of the target video shot and the features of
the query video shots are computed using the ANN
model.
2.6.

Criteria for Similarity Ranking

In our study, two criteria are used to determine video
similarity, the coefficient of determination (R2) and
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the mean absolute error (MAE). The coefficient of determination is a statistical indicator that compares the
accuracy of the ANN model to the accuracy of a trivial benchmark model. A perfect fit between the models
would result in an R2 value of 1; a very good fit, near
1; and a very poor fit, near 0. The computation of R2
is as follows:

N
N


2
R2 = 1 −
(yi − ypre )
(yi − yavg )2 (23)
i=1

i=1

where N is the total number of components of the feature vector, y is the actual value, ypre is the predicted
value of y, and yavg is the mean of the y values. In our
study, the actual values of y are the extracted features
for the query video shots whereas the values of ypre are
those predicted using the ANN model.
The correlation coefficient is the square root of the
coefficient of determination (R2), and computed as follows:
r = +/ − sqrt(R2)

(24)

A very good fit would result in an r value close to 1
or −1, implying a highly positive or highly negative
relation between the input and the output. On the hand,
a poor fit would result in an r value close to 0, implying
a poor relation between the input and the output.
The mean absolute error (MAE) is a statistical difference between the values of the actual outputs and
the predicted outputs computed by the network. The
computation of the MAE is as follows:
MAE =

N


|yi − ypre |/N

(25)

i=1

where N , y and ypre have the same meaning as in
Eq. (23).
3.
3.1.

Video Similarity Analysis
Mosaic-Based Similarity Analysis

Some video shots, such as pan video shots, contain
many views of the same scene taken over time, either
from a moving or a sweeping camera. The scene itself contains the common information found within all
the frames in the panoramic video shot. However, the
information is implicitly distributed over the frames
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within the panoramic video shot with very high redundancy. The mosaic representation transforms the video
shots from a sequential frame-based representation into
a scene-based representation to which every frame can
be directly mapped [37]. This representation allows direct and immediate access to the scene information,
such as the static and dynamically moving objects. It
also eliminates the redundancy between frames and results in a highly efficient and compact representation
of the video information [37].
The mosaic-based similarity analysis is based on the
following assumption: if the two panoramic video shots
are similar, then the mosaic scenes created from them
are also similar. The converse is also assumed to be
true. Therefore, similarity analysis between panoramic
video shots is considered to be equivalent to similarity analysis between their corresponding mosaic representations. The procedure for mosaic-based similarity
analysis is as follows: (a) create mosaic scenes for the
target video shot and the query video shots; (b) extract
features from these mosaic scenes; (c) perform similarity matching with an ANN; and (d) rank the query
video shots based on the values of the coefficients of
determination and/or the mean absolute error between
the target video shot and each of the query video shots.
3.2.

Key Frame-Based Similarity Analysis

Not all video shots can be represented by their mosaic
images. Zoom (zoom-in or zoom-out) video shots are
typical examples of such image types. In order to examine the similarity for such video shots, a key framebased similarity analysis method is investigated. In this
study, the key frames are extracted from the original
video shot. The extraction of key frames is based on a
uniform sampling scheme, described as follows: (a) the
first and the last frames in the video shot are always considered as key frames, and (b) the remaining key frames
between the first and the last frames are extracted based
on their video content using the algorithms described
in [28, 29]. The key frames thus extracted are ordered
based on their temporal order within the video shot.
The key frame-based similarity analysis is based on
the assumption that the similarity or dissimilarity between video shots will also be reflected in the similarity
or dissimilarity between their key frames. Therefore,
the similarity analysis between video shots is tantamount to examining the similarity between their key
frames in the given temporal order. The basic procedure for key frame-based similarity analysis is as fol-

lows: (a) 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; (b) extract features from each key frame;
(c) perform similarity matching with an ANN; and (d)
rank the query video shots based on the values of the
coefficient of determination and/or the mean absolute
error.
4.
4.1.

Data and Data Preprocessing
Data Preprocessing for Mosaic-Based
Similarity Analysis

Several different pan video shots are collected. After
the target video shot is selected, four more video shots
are created from the target video shot. The purpose is to
create some video shots that are more or less similar but
not identical to the target video shot. The video shots
thus created, in addition to other irrelevant video shots,
consist of a group of query video shots. Common sense
suggests that the query video shots created from the
target video shot should generally be more similar to the
target video shot than the other irrelevant video shots.
The mosaic images are then created for all panoramic
video shots for the purpose of feature extraction and
similarity matching. The creation of the four new video
shots is done as follows:
(a) From the target video shot, cut the first 1/3 portion
and retain the rest to create the first new video shot
(the name of the video shot thus created ends with
‘se’).
(b) From the target video shot, cut the last 1/3 portion
and retain the rest to create the second new video
shot (the name of the video shot thus created ends
with ‘sb’).
(c) From the target video shot, cut the first and last 1/6
portion and retain the rest to create the third new
video shot (the name of the video shot thus created
ends with ‘md’).
(d) Change the frame size of the target video shot and
create a fourth new video shot (the name of the
video shot thus created ends with ‘sm’).
Three groups of data sets are prepared. Mosaic images (Fig. 2) are generated from the original video
shots. In group 1, the target video shot depicts a tour of
the interior of a house. From this video shot, four query
video shots are generated. The target video shot and
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Figure 2. Mosaic images generated from panoramic video shots. (a) Mosaic image from house.avi. (b) Mosaic image from landing.avi.
(c) Mosaic image from sea.avi. (d) Mosaic image from touch.avi. (e) Mosaic image from whitebd.avi.

the generated query video shots, along with other unrelated video shots, consist of the data set for the group.
In group 2, the target video shot depicts the landing of
an unmanned plane. Four video shots are also gener-

ated from this video shot. The motion of the unmanned
plane is recorded on the mosaic images by overlaying
the motion track of the unmanned plane on the mosaic
image. These four video shots thus generated along
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with other unrelated video shots, consist of the data
set for group 2. In group 3, the target video shot is
a panoramic video depicting a coastal area with children playing. Four video shots are also generated from
this video shot. These along with other unrelated video
shots, consist of the data set for group 3.
For the above three groups of video shots, one would
like to examine if the query video shots that are generated from the target video shot exhibit a higher degree
of similarity to the target video shot compared to the
other unrelated video shots. For the video shots that
are not generated from the target video shot, one would
like to investigate the variation in the degree of similarity as a function of the features extracted from these
video shots. Since a color video shot will generate three
panoramic images, representing the red (R), green (G),
and blue (B) bands, respectively, it will result in a large
volume of data. In order to reduce the data volume, the
average of the three color bands is used. The results
of similarity analysis using the R, G, and B bands individually are compared with the similarity analysis
results obtained using the average of the R, G, and B
bands.
4.2.

Data Preprocessing for Key Frame-Based
Similarity Analysis

In addition to the video shots used in mosaic-based
similarity analysis, some more video shots are collected
for key frame-based similarity analysis (Fig. 3). Three
data sets are prepared for key frame-based similarity
analysis. The first data set consists of three video shots
depicting flooding scenes. These three video shots are
taken from different locations. Each flooding video shot
is relatively static, that is, focusing on one location.
Amongst the three flooding video shots, the scenes in
two of the video shots share some relatively similar
structure. Both video shots depict some sky area on the
top, houses and other objects in the middle, and flood
water at the bottom of the frame. However, the relative
proportions of the regions representing the sky, houses
and other objects, and the flood water in the scene are
different in the two video shots. These two flooding
video shots are each selected as the target video shot.
In addition, two new video shots are generated from
each of the two flooding video shots, by dividing the
flooding video shot into the first half and the second
half. The third flooding video shot depicts just the flood
water. The new video shots thus generated along with
the third flooding video shot and other unrelated video

shots, comprise the two groups of data for the similarity
analysis.
The second data set consists of the same panoramic
video shots used in mosaic-based similarity analysis.
The four video shots generated from each of the target
video shots, as described in the section on mosaic-based
similarity analysis (Section 3.1), in addition to other
unrelated video shots comprise a group of video data.
The third data set consists of number of zoom video
shots with six zoom-in shots and one zoom-out shot.
All the zoom-in video shots start with an image of
the whole earth. From the image of the whole earth,
the zoom-in video zooms into a detailed location on
the earth’s surface, whereas the zoom-out video shot
proceeds in the reverse order. A brief description of the
seven zoom video shots is given below:
• Atlanta.avi—zoom into the downtown area of
Atlanta, GA
• DC.avi—zoom into the Washington DC area
• Orlando.avi—zoom into the Orlando area, FL
• NY.avi—zoom into the New York city area, NY
• Longbh.avi—zoom into the Long Beach area, CA
• Hollwd.avi—zoom into the Hollywood area, CA
• Atl out.avi—zoom out from the downtown area of
Atlanta, GA
Amongst the above zoom video shots, Atlanta.avi is
selected as the target video shot, whereas the remaining zoom-in video shots, the zoom-out video shot and
other non-zoom video shots are used as the query video
shots. Key frame-based similarity analysis between the
Atlanta video shot and other video shots is performed.
5.

Results and Discussion

The results of similarity matching and subsequent discussion are presented in this section. In the first subsection, the results with the three color bands used separately and the results with the average of the three
color bands are compared. The correlation coefficients
between individual features are then examined to determine if there exists any redundancy in the feature
representation. The next subsection focuses on the results using individual features (in isolation) and various
feature combinations. The initial weight assignment to
the various features and the subsequent weight adjustment for the feature combination during the process
of ANN training are discussed. The similarity criteria based on the coefficient of determination and the
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mean absolute error are also discussed. The results of
the similarity analysis with the mosaic-based and key
frame-based approaches are compared. Finally, the effect of the number of key frames in the key frame-based
approach on the results of the similarity analysis are
discussed.

Figure 3.

5.1.

263

Substitution of the Average Image Intensity
Value for the Individual R, G, and B
Intensity Values

The color images used in this paper consist of three
bands namely the red (R), green (G), and blue (B)

(Continued on next page.)
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Figure 3. Select key frame images extracted from video shots. (a) Key frames extracted from flood1.avi. (b) Key frames extracted from
flood2.avi. (c) Key frames extracted from flood3.avi. (d) Key frames extracted from house.avi. (e) Key frames extracted from landing.avi.
(f) Key frames extracted from touch.avi. (g) Key frames extracted from sea.avi. (h) Key frames extracted from Atlanta.avi. (i) Key frames
extracted from DC.avi. (j) Key frames extracted from Orlando.avi. (k) Key frames extracted from NY.avi. (l) Key frames extracted from
Longbh.avi. (m) Key frames extracted from Hollwd.avi. (n) Key frames extracted from Alt out.avi.

bands. The information in these three bands is correlated and therefore redundant. Besides, the three bands
also yield a large amount of data resulting in increased
storage space and data processing time. On account
of this, we investigated using the average of the R, G,

and B intensity values instead of the individual R, G,
and B intensity values. The similarity matching results
based on the coefficients of determination using the
individual values in the R, G, and B bands are highly
consistent with the similarity matching results obtained
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Figure 4.
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Comparison of R2 results using individual RGB values versus average RGB values.

using the average of the R, G, and B intensity values
(Fig. 4). The similarity rank order obtained by using
the average of the R, G, and B values is almost the
same as the similarity rank order obtained by using the
individual R, G, and B values separately. If a different
order is obtained, it differs only in the ordinal ranks

of two successive neighbors, where the coefficients of
determination are very close in value. The difference in
results of the similarity matching from both data sets is
further examined using a paired t test [35]. The result
of the t test shows that similarity matching results obtained using the average of the R, G, and B intensity
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Table 2.

The correlation coefficients between feature classes.

Image histogram

Image histogram

Edge direction

Slope

Slope direction

Wavelets

1

−0.003–0.044

−0.228–0.177

−0.160–0.141

−0.004–0.003

1

−0.049–0.000

−0.020–0.006

−0.001–0.004

0.098–0.342

−0.003–0.004

Edge direction
Slope
Slope direction
Wavelets

values is not significantly different from the similarity
matching results obtained using the individual values
in the R, G, and B bands under the 95% confidence
level for a p value <0.0001. Therefore, there is essentially no difference between the results obtained using
the individual R, G, and B values and the results obtained using the average value of the three color bands.
Hence, in the subsequent analysis, we use the average
of the image intensity values in the R, G, and B bands
to reduce the data volume as well as the processing
time.
5.2.

Examination of Correlation Coefficients
Between Features

Although the methods for extraction of the various features are different, these methods, by themselves, cannot guarantee that the features extracted are uncorrelated. Hence, before we use the extracted features for
similarity matching, we need to examine the existence
of any statistical correlations amongst these features.
If high correlation values are exhibited, removing the
statistical redundancy amongst the features using techniques such as Principal Components Analysis (PCA)
or Independent Components Analysis (ICA) may be
necessary [35]. Table 2 shows the correlation coefficients between feature classes for a number of video
shots. From Table 2, we can see that the correlation coefficients between different types of features are very
small, i.e., the features extracted are highly unlikely
to be related. Therefore, the extracted features can be
used directly in similarity analysis without having to
decorrelate them using PCA or ICA.
5.3.

Similarity Matching with Individual Features
and with a Feature Combination

Figure 5 compares the mutual consistency of the video
similarity matching results using individual features

1

1

−0.003–0.002
1

in isolation in the mosaic-based approach. Likewise,
Fig. 6 compares the mutual consistency of the video
similarity matching results using individual features in
isolation in the key frame-based approach. The matching results from individual features are compared by
examining a pair of features at a time. For each video
matching instance, the computed similarity (based on
the coefficient of determination) along each of the feature dimensions is plotted as a point in the x − y plane.
If the results obtained from individual features are mutually consistent, then the points thus plotted, as shown
in the graphs in Figs. 5 and 6, should lie on a straight
line passing through the origin.
However upon examination of the graphs in Figs. 5
and 6, it is clear that the results obtained by using the
individual features in isolation are not mutually consistent. In fact, the resulting rank similarity orders are
observed to be different when different features are
used in isolation. The differences in the rank similarity
order are more pronounced in the case of query video
shots that are not generated from the target video shot.
This result is expected since different features emphasize different aspects of the underlying video data. For
example, color/gray-level histograms and wavelets emphasize the global characteristics of underlying video
whereas the edge direction (computed using the Canny
edge operator) and color/gray-level slope magnitude
and slope direction emphasize the local characteristics of underlying video. This underscores the need
for combining different features for more robust video
similarity analysis.
The ANN performs both, automatic (relative)
weighting of the various features as well as a non-linear
combination of the features. The initial weight setting
also has a certain effect on the similarity matching results as discussed in the next section. The results of the
similarity analysis using a feature combination derived
from the ANN are observed to superior to the results
obtained using any single feature in isolation.
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Figure 5.

5.4.
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Relations between individual features (mosaic-based analysis).

The Effect of Initial Weight Assignment

Although the ANN automatically adjusts the weights
for the different features, the similarity matching results may be also affected by the initial weight set-

ting. As discussed before, the initial weight assignment is done by adjusting the values of V and D.
Two sets of initial weights are used to examine the
effect of different weighted feature combinations on
the final results. The values of V and D in the first
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Relations between individual features (key frame-based analysis).

data set are set to be 8 and 4, respectively. In the
second data set, both values are set to be 8. The
weights for each feature class in the two sets are given
by:

Set 1: histograms : slopes features : edges : wavelets =
0.27 : 0.42 : 0.04 : 0.27
Set 2: histograms : slopes features : edges : wavelets =
0.34 : 0.53 : 0.04 : 0.09
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Figure 7.

The effect of initial weight adjustment on the R2 result.

Figure 7 shows the video similarity matching results with different initial weight combinations. The
results with different initial weights exhibit the desired
monotonic consistency but the relationship is not linear although it is close to being linear. The correlation coefficient between the two sets of results is 0.99.
The results of this experiment show that in the case of
ANN-based similarity matching the initial weight assignment may not be critical. The ANN automatically
adjusts the weights to their optimal values during the
learning/training process.
5.5.
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Similarity Matching Using the Coefficient of
Determination and the Mean Absolute Error

The similarity rank order using the 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, then so is the
similarity between them; conversely, if the coefficient
of determination between the target video shot and the

Figure 8. Comparison of similarity analysis results using the coefficients of determination (R2) and the mean absolute error (MAE)
with a feature combination.

query video shot is low, the similarity between them
is also low. The rank order obtained using the mean
absolute error is based on the inverse assumption, that
is, if the mean absolute error between the target video
shot and the query video shot is small, the similarity
between them is high; conversely, if the mean absolute
error between the target video shot and the query video
shot is large, the similarity between them is low.
Figure 8 compares the results of video similarity
matching with the coefficient of determination and the
mean absolute error as the matching criteria, for both
the mosaic-based approach and the key frame-based
approach. In general, both results show that the query
video shots generated from the target video shot exhibit a higher degree of similarity to the target video
shot than the other query video shots. This means that
the mean absolute error can also be used as the criterion
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Table 3. A comparison of similarity analysis results using the coefficient of determination (R2) and the mean absolute error (MAE)
with a feature combination for the mosaic-based approach.
House

House

R2 with V = 8, D = 8

Housesm

1.00

Housemd

0.98

Housese

0.94

0.91

Housesb
0.78

Touch
0.57

Whitebd

Land

0.37

Sea

0.42

0.36

MAE with V = 8, D = 8

26.4

25.5

53.2

59.6

83.7

192.5

144.8

560.0

134.3

Land

Land

Landsm

Landse

Landmd

Landsb

Touch

Whitebd

House

Sea

0.98

0.94

0.91

0.60

R2 with V = 8, D = 8

0.99

MAE with V = 8, D = 8

102.1

66.7

157.4

Sea

Seasm

Seamd

Sea
R2 with V = 8, D = 8

0.99

MAE with V = 8, D = 8

0.94

17.8

135.0

0.93

24.7

141.3

Sease
0.87

28.6

47.4

Seasb
0.80
42.2

0.39

0.36

0.37

0.20

246.1

120.6

210.7

150.7

House

Whitebd

Touch

Land

0.41
199.0

0.31
136.4

0.37
246.2

0.18
683.9

Table 4. A comparison of similarity analysis results using the coefficient of determination (R2) and the mean absolute errors (MAE) with a
feature combination for the key frame-based approach.
Flood1
R2, feature combination

Flood1
0.99

Flood1p2
0.97

Flood1p1
0.97

Flood2
0.68

Flood3
0.44

Touch
0.39

House
0.34

Land
0.33

Sea
0.26

MAE, feature combination

22.6

31.7

30.4

87.0

113.6

108.4

100.0

101.2

106.5

Flood2

Flood2

Flood2p2

Flood2p1

Flood1

Flood3

Touch

Land

House

Sea

R2, feature combination

1.00

0.95

0.94

0.67

0.49

0.48

MAE, feature combination

6.8

27.3

23.8

73.7

100.8

86.0

100.0

96.8

95.8

House

Housesm

Housemd

Housesb

Housese

Land

Flood2

Touch

Flood1

House
R2, Feature combination

0.44

0.42

0.34

Flood3

Sea

1.00

0.97

0.80

0.68

0.67

0.42

0.41

0.38

0.34

0.31

0.25

MAE, feature combination

10.81

15.13

55.22

73.91

62.78

105.16

123.65

100.58

125.19

148.90

111.26

Land

Land

Landsm

Landsb

Landmd

Landse

Flood2

House

Flood3

Touch

Flood1

Sea

0.99

0.90

0.72

0.68

0.60

0.42

0.41

0.35

0.35

0.35

0.25

16.39

20.57

70.06

61.88

76.10

134.75

105.32

116.33

101.32

126.44

111.53

Atlanta

DC

OrLando

NY

hollwd

Touch

Longbh

House

Land

Sea

Atl out

R2, Feature combination
MAE, feature combination
Atlanta
R2, feature combination
MAE, feature combination

1.00
18.5

0.76
75.8

0.68
79.5

0.48
96.2

for similarity analysis. However, the actual similarity
rank order of the query video shots based on the mean
absolute error is different from the rank order based on
the coefficient of determination, regardless of whether
or not the query video shots are generated from the
target video shot or share similarity in scene structure
with the target video shot. We also observe that the
similarity results are more consistent using the coefficient of determination than using the mean absolute
error as the similarity criterion (Tables 3 and 4). The
similarity matching results based on the mean abso-

0.43
127.8

0.30
115.6

0.28
129.4

0.25
116.3

0.23
119.6

0.18
123.9

0.13
133.9

lute error also vary over a large range. In some cases,
the computed similarity based on the mean absolute
error 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 (Tables 3 and 4).
Also, in some cases, the computed similarity based on
the mean absolute error between the target video shot
and the query video shots that share similar scene structure with the target video is lower than that between
the target video shot and other video shots that do not
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Figure 9.
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Comparison of R2 results: mosaic-based versus key frame-based analysis.

share a similar scene structure with the target video shot
(Tables 3 and 4). Thus, the coefficient of determination
is observed to be a more consistent metric than the
mean absolute error for the purpose of video similarity
analysis.

5.6.

Mosaic-Based and Key Frame-Based
Similarity Analysis

In this paper, two methods for similarity analysis,
namely mosaic-based analysis and key frame-based
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Figure 10.

Effect of the number of key frames used on the R2 result (key frame-based analysis).

analysis are described. In this section, we compare
these two methods and discuss their relative advantages
and disadvantages. As mentioned previously, a mosaic
image represents the entire scene for a panoramic video

shot, where the redundancy between successive frames
is removed. The mosaic image can be looked upon as
the compressed representation of a video shot with minimal loss of spatial information. The features extracted
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from the mosaic image are based on the spatial contents of the entire video shot. The similarity analysis of
video shots based on their corresponding mosaic images is expected to produce a more reliable result since
there is no loss of spatial information (Fig. 9). The key
frames, on the other hand, are a small subset of frames
extracted from the set of all frames within the video
shot. Depending on the specific method used for key
frame extraction, the extracted key frames are expected
to retain or lose different degrees of spatial information.
The features extracted from these key frames may not
be representative of all the spatial information within
the video shot, thus causing the similarity matching results to be less reliable (Fig. 9). One way to alleviate
this problem is to increase the number of key frames.
However, this increase in the number of key frames
would significantly increase the computational load.
In addition, increasing the number of key frames may
introduce errors in that the ensuing combination of key
frames may not be the right one. Therefore, instead of
improving the results of the similarity analysis, an increased number of key frames may result in degradation
in the final results.
Our study shows that the resulting similarity rank
orders in the case of both mosaic-based and key framebased similarity measurement approaches are roughly
similar although they vary in terms of the computed
similarity measure. Due to the loss of spatial information in the case of the key frame-based approach,
the resulting coefficient of determination (similarity
measure) is lower than that in the case of the mosaicbased approach, especially when the query video shot
is highly similar to the target video shot. In the case
of query video shots that exhibit low similarity to the
target video shot, the key frame-based approach is observed to yield similarity measures that are higher than
those obtained using the mosaic-based approach. This
implies that the key frame-based approach is less reliable than the mosaic-based approach on account of the
greater discriminative ability of the latter.
The mosaic-based similarity analysis approach also
suffers from certain inherent limitations. Although the
mosaic image retains most of the spatial information
in the video shot, the temporal information is lost. For
example, if there are two video shots of the same scene
but in the reverse frame order, the mosaic-based method
will not detect any difference. In contrast, the key frame
based method could potentially detect the difference
because of the difference in the temporal sequence of
the key frames. Thus the temporal order of the key
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frames encodes, to a limited extent, the temporal information in the underlying video shot. Another limitation
of the mosaic-based method is that this method can only
be used effectively for panoramic video shots. Other
types of video shots (such as zoom video shots) cannot be represented effectively with mosaic images. Key
frame-based similarity analysis does not suffer from
this limitation. Therefore, the key frame based similarity method could potentially be applied to a wider range
of applications. In summary, mosaic-based similarity
analysis is observed to be better suited for panoramic
video shots whereas key frame-based similarity analysis is observed to be better suited for general video
shots.
5.7.

Effect of the Number of Key Frames Used
on the Similarity Analysis Results

In our study, we observed that varying the number of
key frames did not result in a significant difference
in the similarity rank order of the query video shots
(Fig. 10). However, this would not necessarily be true
in all cases since the results are dependent on many
other factors, such as the contents of the video shot, the
specific scheme used for key frame selection and the
location of each key frame within the video shot. It may
be possible to arrive at an optimal number of key frames
to be used for the purpose of similarity analysis of a
particular group of video shots based on their contents.
This is a topic for future investigation.
6.

Conclusions and Future Work

In this paper, the similarity analysis of video shots was
investigated, for which two approaches were proposed.
In the first approach, mosaic images of the scene were
generated from panoramic video shots. The feature extraction and subsequent similarity matching were performed on the mosaic images. Since not all video shots
can be effectively represented with mosaic images, the
key frame-based similarity analysis was also investigated. Instead of generating mosaic images, key frames
were extracted from the original video shot and arranged in the same temporal order as they appear in
the video shot. The relevant features were extracted
for each key frame of the video shot. The similarity
matching was then performed using the features extracted from corresponding key frames of the target
video shot and the query video shots.
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Different features were extracted from both the mosaic images and the key frames obtained from each
video shot. The various features were represented by a
subvector in feature space and include color/gray-level
histograms, slope magnitudes, slope directions, edge
directions, and wavelets. Experimental results showed
that the results of video similarity analysis using different features individually (i.e., in isolation) were not
always mutually consistent. Also, the similarity rank
orders obtained using different features individually
were not always consistent. This was explained by the
fact that different features emphasize different aspects
of the underlying video data. The experimental results
underscored the importance of combining different features for more robust video similarity analysis. A combination of features was investigated with an adjustable
weight for each feature. The weights were initialized
with predetermined values and subsequently adjusted
dynamically over the course of training of the ANN.
This allowed one to adjust the weight for each feature
in order to optimize the results of similarity analysis.
In this paper, we investigated the use of a non-linear
feature combination using a Ward ANN model. The
Ward ANN model has the capability of grouping different data patterns with different activity functions. It
can also determine the optimal number of neurons in
the hidden layer(s). Unlike conventional ANN models,
the ANN model we developed could have several outputs with each output representing a specific similarity
measure between the target video shot and the query
video shot such as the coefficient of determination, or
the mean absolute error. Another characteristic of our
approach was that we do not provide evaluation data
(i.e. the production data set) to the ANN, i.e., we only
divide the feature data patterns into a training data set
and test data set, with percentages of 60 and 40 respectively. The reason for this was that the system we have
developed is not intended for the purpose of prediction.
We only need to examine the current feature data and
determine the similarity between them.
From the test results for the video data we collected
in this work, we observed that the weighted feature
combination yields better results than a single feature
for video similarity analysis. We have compared two
measures, i.e. the coefficient of determination and the
mean absolute error, in the context of video similarity
analysis. We observed that the coefficient of determination is better suited than the mean absolute error for the
purpose of video similarity analysis. The coefficient of
determination is better overall than the mean absolute

error on account of the greater consistency of results in
the case of the former.
The system developed thus far needs to be further
tested with other video data sets, especially with highly
dynamic video shots. Although we used different types
of video shots in our prototype system test, the scene
structure in our test video shots was generally uniform
and relatively slowly varying. The use of motion-based
features, especially for highly dynamic video shots
needs to be investigated. In this paper, we have performed similarity analysis using discrete video shots
rather than an entire video sequence. Future work will
extend the current system to perform similarity analysis using entire video sequences instead of just video
shots.
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