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ABSTRACT

Wu, Meng-Hung, Entropy-Based 2D Image Dissimilarity Measure. Master of Science

(MS), August, 2005, 57 pp., 5 Tables, 20 Figures, references, 12 titles.

Traditional histogram or statistics based 2D image similarity/dissimilarity metrics fail to
handie conjugate pair of black and white images, due to the lack of spatial information in
the measurement. Recently proposed Compression-based Dissimilarity Measure (CDM)
[1] based on the concept of Kolmogorov complexity has provided a different paradise for
similarity measurement. However, without a clear definition how to “concatenate” two
2D images, CDM has difficulties to directly apply with 2D images. In this thesis, an
entropy-based 2D image dissimilarity measure is proposed within the same Kolmogorov
complexity paradise. The spatial relationship between images is embedded in our metric,
and the actual compression of images is not needed once the entropy values are obtained.
The proposed metric has been tested for scene change detection application, and

encouraging results are presented here.
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CHAPTER I

INTRODUCTION

Similarity/Dissimilarity measures are required in many different applications,
such as data mining, time series classification/anomaly detection [2], motion estimation
in video coding, scene change detection, and so on. In general, when applied to 2D
images, these measures fall into four different categories: histogram based methods, first
and/or second order statistic based methods, template based methods, and compression
based methods.

The traditional histogram {3, 4] or statistic based metrics [5, 6, 7] fail to handle
conjugate pair of black and white images (as shown in Figure 1) due to the lack of 2D
spatial information in the measurement. Template based metric, as discussed in [4],
usually requires high computational complexity and has huge ranges for the measure
value. Typical compression based metric depends upon the underline compression
methods. For example, as in [8], the DC coefficients of the discrete cosine transform
(DCT) from the MPEG stream are used for video scene change detection. It will be
difficult to extend the same metric to video stream with a discrete wavelet transform
(DWT) based video compression such as motion JPEG2000 [9]. The newly proposed
compression-based dissimilarity measure (CDM) provides a different metric based on the

concept of Kolmogorov complexity. CDM has been tested extensively on time series data
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for clustering. However, without 2 clear definition on how to “concatenate” two 2D
images, CDM has difficulties to directly apply with 2D images for similarity/dissimilarity
measure,

In this thesis, we propose an enfropy-based 2D image dissimilarity metric inspired
by the CDM. The spatial relationship between images is embedded in cur metric, and we
do not need to compress the image once the entropy values are obtained. The rest of this
thesis is organized as follows. Chapter II presents the background and related works on
CDM, entropy, and video scene change detection. In Chapter 111, we present the proposed
new entropy-based 2D image dissimilarity metric. Experimental results are presented in

Chapter IV, and a conclusion is provided in Chapter V.
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CHAPTER I
BACKGROUND AND RELATED WORKS

Before proposing our new 2D images dissimilarity metric, we would review the
two key major components, compression-based dissimilarity measure and entropy, which
are the building blocks for the proposed measure. We also review the basic metrics used

for video scene change detection.

1. Compression-based Dissimilarity Measure (CDM)
In [1], based on the concept of Kolmogorov complexity, the authors present the

CDM metric as follows

CDAM(}C, y) = FC&‘X)_._

(x)-Cly)

Where x and y are two strings, xy is the concatenation of the two strings, and
C(e) is the compressed size of the input data. Intensive experimen{s with successful
results were reported. However, when applying the CDM with 2D images, the
concatenation operation is not clearly defined even when the two images are the same
size. Also the text compressors (zip, gzip, compress, bzip2, etc.) mentioned in [1] are

either statistical or dictionary based methods. Any image compressor {lossless) will try to

¢
ey
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reduce not just the statistical redundancy but also the spatial redundancy. De-correlation
type transformation may also be applied for image compression. All these make the CDM

difficult apply to 2D images directly.

2. Entropy
The term “entropy”, as defined in Merriam-Webster dictionary, means: a measure

of the unavailable energy in a closed thermodynamic system that is also usually
considered to be a measure of the system's disorder or chaos. However, from the
Information Theory [10] point of view, eniropy is the expected length of a binary code
over all possible symbois in a discrete memory-less source. In other words, entropy can
be considered as the average number of bits one needs to represent a symbol in a
stationary system, where the limited source symbols have fixed probabilities of

occurrence. The entropy is expressed as

Where N is number of symbols and p(a,) is the probability of occurrence of
symbol a,. This is a very convenient measure for any coding system, and it provides a

bound for compression that can be achieved.
The entropy of an image can be easily calculated based on the image histogram

information, which is nothing but the occurrence information of all the intensity values
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(symbols) in the image. Instead of compressed size of the input data used in CDM, we

will use entropy in our proposed metric.

3. Video Scene Change Detection

In order to browse through videos or store them into indexed databases, image
sequences must be segmented or indexed into smaller clips through the technique of
scene change detection. Scene changes are transitions in the video field contents and can
occur in the transition of a single frame (abrupt scene change) or gradually (gradual
transitions). Through the use of test metrics, scene changes in video sequences can be
detected.

Test metrics are computed by comparing neighboring frames from a video
sequence. The nine existing test metrics considered were selected due to the fact that they
were not based on object motion. They can be classified into the three main categories,
Histogram-based methods, Statistics-based methods, and Template-based methods (as
shown in the Table 1).

Histogram-based methods deal with scene lighting distribution. The two metrics
studied for this category were the Chi-Square and Absolute Value of Histogram
Difference. A numeric representation of the brightness and color in a scene based on the
frequency of occurrence of each value is then computed using the formulas in Table 1.
Hence, the histogram distribution changes when new RGB values are introduced into the
image. The advantage of using Histogram-based methods is the ease of calculation.

Statistics-based methods are based on the first and/or the second order statistics of

the image intensity. It consists of the test metrics Liklihood Ratio, F-Test, 7, 7/, and
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Tl:. These statistics are calculated with the corresponding formulas in Table 1. Mean
( ¢ ) and standard deviation (¢ ) of the image intensity are used for the analysis.

Template-based methods compare the structure of the adjacent images. The
metrics evaluated in this sub-category include Template Matching and Inner Product.
Changes in position or movement of objects between the two consecutive frames are easy

to realize using this method.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Table 1 Summary of Test Metrics

Test Metric f Formula
Histogram-based method
Chi-Square P _i{h,.m—kk Of
2 - . .
x* >0 P gh,(ﬂ)*'hk(l)}
A
h()—-h(
Absolute Value of Histogram Different S - ZTI sk (Z);
0<5<l1 ¥ ,
3,6+ 5,60
Statistics-based method
2 2
o.+0 -
Likelihood Ratio o +(ﬂ’ #"J
221 AL 2 :
o, %0,
F-Test o
Fol F=—%,0,>0,
k
i i
1 1
Hy+ H
0<ny, <1 O'jak(—iz—ﬁ]
7, o)
2 n, = S DU, O, >0
n 21 2 Z, ; Hy 7 Fe Oy &
(10,
s , m:L———’ )u > 1,0, >0,
7, 21 Oy
Template-based method
Template Matching A=Y Iz, ) -I{x, .k
05 A S(255x% pixels) Zi ' 9«31) 0 );
Inner Product y=1- fyo L
0<y<l ?*‘W*
Hik
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CHAPTER 11
ENTROPY-BASED 2D IMAGE DISSIMILARITY MEASURE

Based on the recently proposed Compression-based Dissimilarity Measure

(CDM) {11, we propose an Entropy-based Dissimilarity Measure (EDM) as follows

E(A)+ E(4-B)
E(4)+E(B)

EDM(4,B)=

Where E(e)is the entropy of a given image, and E (A - B) is the modified
entropy of the difference of two images. The difference of two images will increase the
dynamic range of the sample; instead of ranges between 0 and 255 for an 8-bit image it
will have ranges from -255 to 255. By removing the occurrence of zero values and small
difference values (which indicates that two correspondent pixels are the same or their
difference is small), the modified entropy of 4 — B can deal with noise in the image to
some degree, and embed the spatial relationship into our dissimilarity metric. When the
two images are identical, the modified entropy will return a value zero, and our measure

will always have the lower bound value 0.5. However, when the difference image closes
to random noises, the £ {A— B) may become bigger than £(B), and our measure can

have value larger than 1, which is the intuitive upper bound of CDM metric. In general,
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the smailer the EDM (A4, B), the more closely similar the two images 4 and B are, which

is consistent with the behavior of CDM metric.
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CHAPTER IV

EXPERIMENTAL DATA AND RESULTS

The proposed metric was tested on a set of still images and videos recoded from
CNN TV news channel. We also compared the proposed metric with several existing
metrics, i.€. two histogram-based methods, five statistic-based methods, and two
template-based methods, that had been used for scene change detection. The formulas for
these metrics are shown in Table 1. All the input images were converted from RGB

channels to YUV channels first and then the Y-channel was used for testing.

10

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



STILL FRAME COMPARISONS

First, the metrics were tested using a conjugate pair of black and white images, as
shown in Figure 1. The metrics that based on histogram and statistics methods will
consider these two images are the same. The template-based metric and the proposed
entropy-based method both will indicate these two images are different to each other. The
resultant values from each metric are shown in the second column of Table 2. Values
enclosed by a square bracket indicated that the metric considered the fwo images are the

same,

Figure 1 Conjugate pair of black and white images

Second, a set of five images (as shown in Figure. 2) was used for testing
dissimilarity measure. Figure 2(a) and 2(b) are two adjacent frames from the same video
clip with the person in the scene only moved slightly. Figure 2(c) is a frame from the
same clip but with the person moved out the scene. Image shows in Figure 2{d) has some
similar background (trees and blue sky). Figure 2(¢) is an indoor scene which looks very

different as compared with other images. The results of comparing Figure 2(a) with other
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images are shown in Table 2. The 3™ column in the Table 2, which we compared Figure
2(a) with itself, is just for insanity check, and all metrics do show the smallest
dissimilarity values of their range. All the results are consistent with human subjective
judgments, except for one case in the likelihood ratio metric, it considered the Figure 2(e)

is more similar to Figure 2(a) instead of Figure 2(d).
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Figure 2 Still imnages
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Table 2 Still Images Comparison

, a ,
BW |2 @0 | 00 | 00 | @O
Histogram-based methed
Ch*;?fgm (0] | [0] | 134575 | 670031 | 335197 | 451122
Histogram
Different [0] 0] | 0.033776 { 0.0775492 | 0.652674 | 0.775648
0<8<1
Statistics-based method
Likelihood
Ratio [1] [1] 1.00273 1.00195 8.58188 | 3.42723
A1
F;‘EG? [1] [1] 1.00349 1.00901 1.25798 8.58824
h [0] [0] | 0.000008 | 0.000017 | 0.018192 | 0.099352
0<n <l
L [1] [1] | 1.001235 | 1.007096 | 1.162266 | 8.264914
7,21
& [1] [1] | 1.008022 | 1.005185 | 1.073837 | 7.953762
7,21
Template-based method
Template
Matching 1958400 | [ 0] 228717 255257 357400 | 4758177
0< A <255 pixels)
Inner
Product 1 [0] | 0.002221 | 0.003377 | 0.138370 | 0.931046
0<y<l
Proposed Entropy {(compression) based method
Entropy
05<E<(l) ! 10.5] | 0.673985 | 0.679976 1.01584 1.15243
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VIDEO SCENE CHANGE DETECTION
VIDEO SEQUENCE 1

A short video clip recorded from CNN headline news was selected for testing the
proposed dissimilarity measure along with other metrics. The dissimilarity metrics were
~ applied to all the adjacent frames of the video, and the resuitant values were normalized

to the range between 0 and 1 for the purpose of comparison.

Figure 3, 4, and 5 show sample frames from the recoded CNN headline news.
Figure 3 show three consecutive frames (no. 16, 17, and 18) from the video. There is a
camera flash in frame number 17, and caused an abrupt change in the scene but however
the actual scene did not change. This kind of abrupt change is easily detected by all the
metrics (aé shown in the Table 3). The changes from frame 42 to frame 44 (as shown in
Figure 5) could not be easily detected by the histogram-based and statistics-based
metrics. However, it had clearly shown up in the plots of the proposed entropy-based
metric and template-based metric. Also the gradual transitions from frame 21 to 41 (as
shown in Figure 4) were clearly shown in plot of the proposed metric without the

unwanted dip at frame 33 as shown in the plot of template-based mstric.
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Frame #18

Figure 3 Frames 16 to 18 from video sequence 1
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Frame #33 Frame #34
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Figure 4 Frames 31 to 34 from video sequence |
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Frame #42

Frame #44

Figure 5 Frames 42 to 44 from video sequence |
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VIDEQ SEQUENCE 2

Another video clip recorded from the Weather Channel Headline News was
selected for testing the proposed dissimilarity measure along with other metrics, The
dissimilarity metrics were applied to all the adjacent frames of the video, and the
resultant values were normalized to the range between 0 and 1 for the purpose of
comparison. The results are shown in Table 4.

The following figures show sample frames from the recorded Weather Channel
Headline News. Figure 6 shows the gradual transitions from frames 9 to 20. This kind of
change is easily detected by all the metrics (as shown in Table 4). Figure 7 shows the
zoom in for frames 50 to 57. This change could not be easily detected by the statistics-
based metrics. Figure 8, 9, and 10 show abrupt changes in the scene. These changes
could not be easily detected by the statistics-based metrics either. Figure 11 and 12 show
the graduﬁl transitions from the video. The changes had clearly shown up in the plots of

the proposed entropy-based metric, histogram-based metric, and template-based metric.
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Frame #10

Frame #12
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Frame #19

Frame #20

Figure 6 Frames 9 to 20 from video sequence 2
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Frame #53
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Frame ‘ Fa 5
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Figure 7 Frames 50 to 57 from video sequence 2
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Frame #60

Frame #62

Frame #63

Figure 8 Frames 60 to 63 from video sequence 2
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Frame #158 Frame #159

Figure 9 Frames 156 to 159 from video sequence 2

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Frame #2@ |

Figure 10 Frames 205 to 207 from video sequence 2
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Frame #296 Frame #2097

Figure 11 Frames 288 to 297 from video sequence 2
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Frame #353

Fm #354 Frae # ‘

Figure 12 Frames 350 to 355 from video sequence 2
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Table 4 Dissimilarity Plot for Each Metric for Video Sequence 2

Lot
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P

F-test
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VIDEQ SEQUENCE 3

A short video clip recorded from traffic on a highway was selected for testing the
proposed dissimilarity measure along with other metrics. The dissimilarity metrics were
applied to all the adjacent frames of the video, and the resuliant values were normalized
to the range between O and 1 for the purpose of comparison.

In this video sequence, the background remained the same through all frames.
Scene changes occurred as cars drove past the camera. Figures 13 to 20 shows those
frames where signiﬁcam changes of the dissimilarity measure were shown in the plots.

This kind of scene change is easily detected by most of the metrics except the Likelihood

ratio and 77, . The results are shown in the Table 5.
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Frame #27 Frame #28

Figure 13 Frames 23 to 28 from video sequence 3
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Frame 36 rame #37

Figure 14 Frames 32 to 37 from video sequence 3
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Frame #65 | Frame #66

Figure 15 Frames 59 to 66 from video sequence 3
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Frame #104
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Frame #109 " Frame #110

Figure 16 Frames 97 to 110 from video sequence 3
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Frame #154 Frame #155

Figure 17 Frames 148 o 155 from video sequence 3
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Frame #187

Frame #188

Figure 18 Frames 181 to 188 from video sequence 3
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Frame #2098 Frame #210
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Frame #213 | - Frame #214

Figure 19 Frames 203 to 214 from video sequence 3

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



42

Frame #274 Frame #275

Figure 20 Frames 270 to 275 from video sequence 3
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CHAPTER IV
EXPERIMENTAL DATA AND RESULTS

The proposed metric was tested on a set of still images and videos recorded from
CNN TV News Channel. We also compared the proposed metric with several existing
metrics, i.e. two histogram-based methods, five statistic-based methods, and two
template-based methods, that had been used for scene change detection. The formulas for
these metrics are shown in Table 1. All the input images were converted from RGB

channels to YUV channels first and then the Y-channel was used for testing.
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