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ABSTRACT

Histograms are the most prevalently used representation for the wlor content of images and video. An elaborate
representation of the histograms requires gedfying the wlor centers of the histogram bins and the count of the number of
image pixels with that color. Such an elabarate representation, though expressve, may not be necessary for some tasks in
image seach, filtering andretrieval. A qualitative representation of the histogram is sufficient for many applications. Such a
representation will be empact and geatly simplify the storage and transmisson of the image representation. It will also
reduce the omputational complexity of search and filtering algorithms without adversely aff eding the quality. We present
such a compact binary descriptor for color representation. This descriptor is the quantized Haar transform coefficients of the
color histograms. We show the use of this descriptor for fast retrieval of similar images and seach for similar video
segments from alarge database. We also show the use of this descriptor for browsing large image databases without the need
for computationally expensive dustering algorithms. The @mpact nature of the descriptor and the associated simple
similarity measure dlows searching over a database of about four hours of video in lessthan 5-6 seands without the use of
any sophisticated indexing scheme.

This compact descriptor is currently being evaluated for inclusion in MPEG-7, the upcoming 1SO standard for describing
multimedia mntent.
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1. INTRODUCTION

Content-based seach and retrieval techniques for multimedia wntent utilize various descriptors for different image features.
The lor content, being one of the esily computable features is often used in content-based seach™? and filtering®
applications. Color histograms are the most commonly used representation of the clor content and can describe the lor
content of an image very well. However, in general, they need rdatively large number of bits for representation. Using such
a representation may not pose a problem for applications with a large storage capacity and with ample @mputational
resources. However for applicaions like content filtering, where the multimedia data and related descriptions are processed
by a set-top bax or a smilar device with limited computational resource and limited bandwidth, it is imperative to use a
compact representation. Even for a database application, histograms with a large number of bins pose difficult problemsin
indexing .

Figure 1 shows a pyramidal structure of various color descriptors based on their size. At the battom of the pyramid are the
detail ed color descriptors, such asa color histogram. The size of these @lor descriptorsis fairly large, about 256 bytes, and
they offer an excdlent performancein terms of color-based search and filt ering. These descriptors are useful for appli cations
that have large storage @pacity, sophisticaed indexing schemes, large cmputational resource and no bandwidth restrictions.
At the top of the pyramid are the compact color descriptors; the sizes of these descriptors is very small, typicaly lessthan
128hits. These descriptors offer a very good performance although arguably not as good as the detail ed descriptors. These
descriptors are useful appli cations where the cmputationa resources are limited and there is aneed to stream the descriptors
through a bandwidth-limited channel.
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Figure 1: Color descriptor hierarchy

MPEG-7* is an ongoing standardization activity for multimedia content descriptions. The goal of the standard is to come up
with arepresentation for content description to facilitate interoperabil ity between content providers and consumers. There ae
many applications that can benefit from the standard. Two main categories of these applicaions are push and pull
applications. Push appli caions involve filtering content. One example is including filtering capabil ities with the TV at the
consumer’s end. This filtering can be done using the omnsumer’s profile and the MPEG-7 descriptions. Pull appli caions
involve searching for content from large volumes of digital content; one example is saching through archives of content in
a broadcast library or over the Internet.

This paper presents a ompact descriptor based on color hisgograms. This descriptor is obtained by applying the Haar
wavelet transformation to a color histogram and hinary quantizing the resulting coefficients of the transform. The resulting
descriptor is 63 hitslong and is therefore very compact. The simpli city of the Haar transform all ows easy computation of the
proposed descriptor. Inspite of its compactness the descriptor performs well for image, video search and browsing tasks.
Objedive measures developed by the MPEG-7 group to evaluate various representations show that this descriptor offers a
superior performance when compared to aher descriptors of comparable size. The binary nature of the descriptor allows
simple matching metric based on Hamming disance and smple indexing scheme. The @mputationally inexpensive
similarity metric associated with the descriptor makes it posgble to perform very fast image search and video segment search
without any shot segmentation.

The paper is organized as follows. The detail s of the binary Haa histogram are presented in Sedion 2 Sedion 3 caries the
detail s of a simple indexing scheme with this descriptor. Sedion 4 presents the details of the performance of the descriptor
for image matching based on the objective measures developed by MPEG-7. Sedion 5 presents the detail s of video segment
matching. Sedion 6 presents the details of a browsing technique developed using this descriptor. Sedion 7 summarizes and
concludes the paper.

2. BIINARY HAAR HISTOGRAM

The feature etraction for the binary Haa histogram includes two stages. The first stage is obtaining the wlor histogram.
Using a suitable clor space and quantization table the color histogram is oltained. The histogram can be one, two o three
dimensional histogram. The seaond stage in the feature extraction isthe computation of the Haar transform coefficients of the
histogram. The seand stage does not depend on the nature of the wlor space or the quantization table used in the firgt stage.
Figure 2 shows the @ght basis functions of the Haar wavelet of length eight. The Haar wavelet coefficients are obtained by
taking theinner product of the basis functions with the given histogram.

The Haar wavelets are computationaly very simple to implement, because the basis functions contain only values of +1 o —
1. Therefore, the computation does not involve any multipli cation. The Haar coefficients capture the qualitative aspeds of the
histogram. For example, the seand coefficient (from the basis function 2 in Figure 2) is positive if the sum of the left half of
the histogram bins is greater than the right half and negative otherwise. Similarly, the third coefficient is positive if the sum
of first quarter of the histogram bins is greaer than the second quarter and negative otherwise. In our descriptor, each of
these mefficients is quantized to a 0 o 1, depending on whether their value is negative or positive and hence abinary
representation is olbtained. The mativation behind this proposal is that for seach and filtering appli caions, exact histogram
values are not necessary, but ageneral qualitative description of the hisogram is sufficient. Also note that the first coefficient



is dways 1. Since the first coefficient corresponds to sum of all probabilities in a hisogram, it is always positive and
thereforeis quantized to 1 Therefore, this coefficient isnot used in similarity matching.

Two different color spaces have been used for computing the @lor Histograms, the YCbCr and the HSV color space We
have used a 64-bin color histogram, but the technique is equally applicable to histograms of larger or smaller number of
quantization bins. The quantized color centers were oltained based on the wlor probabili ties of the image data set. The Haar
transformation isimplemented as foll ows. The histogram values corresponding to the 64 quantization centers are placed on a
two dimensional 8-by-8 grid. The Haar transform coefficients are computed in a hierarchicd fashion. In the first level, the 8-
by-8 grid o histogram values is divided into two halves vertically. The sum of the histogram values in the left haf is
subtracted from the sum of hisogram values in the right half. The resulting first Haar coefficient is quantized to 1if it is
greder than 0 and is quantized to O otherwise. The process is then repeated reaursively, i.e., in the second levd, the left
(right) half of the 8-by-8 grid is $lit horizontally into two 4-by-4 halves and the sum of histogram values in one half is
subtracted from the other resulting in the second (third) Haar coefficient. The resulting seaond (third) Haar coefficient isthen
binary quantized. Thisisrepeated reaursively at the third, fourth, fifth, and sixth levelsresulting in 4,8,16, and 32 coefficients
respedively. Therefore, thereisatotal of 63 (1+2+4+8+16+32) binary Haa coefficients that form the compact descriptor.
More details on various implementations of Haa transform can be found esewhere®. The detail s of the quantization used
for the different color spaces have been presented in an MPEG input document®.

Basis Function 1 | | | | | | |

Basis Function 5 |

Basis Function 2 Basis Function 6 |

Basis Function 3 . .
Basis Function 7 |

Basis Function 4 | |

Basis Function 8 |

Figure 2: The basisfunctions for the Haar wavelet transform

3. INDEXING

As the size of the database grows larger, it is necessary to index the mntents © that an efficient seach can be performed.
Conventional histogramswith large bin sizes are hard to index efficiently. Asthe dimensionality of the feature grows beyond
20 or so, efficient indexing becomes very difficult’. The binary nature of the Haar histogram is amenable to very efficient and
simple indexing schemes. Figure 3 shows an example of an indexing scheme using a binary tree At theroat of the treg the
first bit of the binary Haa histogram is used to dedde whether the right or the left path is chosen. At the next levd, the
second bit of the binary Haa histogram is used to dedde the same and so on and finally the given image isinserted at the
leaves of the tree The depth of the treedepends on the number of bits in the descriptor. With such an indexing scheme, it is
possbleto find very efficiently images that have the same binary Haa histogram as a query image.
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Figure 3: An indexing scheme for the binary Haa histogram descriptor

4. IMAGE MATCHING

The similarity metric used for image and video segment matching using the binary Haa histograms is the Hamming distance
The Hamming distanceis computed by taking the XOR of the two 63-bit binary descriptors and computing the number of '1'
bitsin theresult. Theimage matching tests were performed with the mntent and test set chosen by MPEG-7 adhoc group on
color and texture re experiments. A database of 5466 images was used. The images are chosen from many different
sources and some of theimages are sampled from video sequences. The description for each of these imagesis pre-computed
and stored. When one of the database images is sleded as the query, its description is compared with the description of all
the database images using the Hamming dstance and theresults are ordered and presented.

To evaluate the performance of various descriptors, MPEG-7 developed an objedive measure. To use this measure, a set of
50 guery images and corresponding ground truth were obtained. The query and ground truth sets were chosen manually. For
each query a set of ground truth images that are most relevant to the query were identified. The ground truth images are not
ordered in any way, but all ground truth images were deemed to be equally relevant to the query image. A good descriptor is
expedaed to retrieve al the ground truth images for a given query image.

The ohjedive measure used by MPEG-7 to evaluate the retrieval performanceis presented here. This measure combines the
predsion andrecll measureto oltain asingle ohjedive value.

Let the number of groundtruth images for a given query g be NG(q)

* Firg Kretrievals (the top ranked K retrievals) are examined, where K=min(4* NG(q), 2*GTM) and GTM is max{ NG(q)}
for all q'sof adata set.

»  For each ground truth image k that was retrieved in the top K retrieval, arank value Rank(k) is attached. The Rank(k) is
theretrieval rank of the groundtruth image. Therank of the first retrieved item isone.

* A Rankof (K+1) isasdgnedto each of the ground truth images, which arenot in thefirst K retrievals.

» Theaveragerank AVR(q) for query g is computed as foll ows:

NG(q)
AVR)= S

=1
» Themodified retrieval rank is computed as foll ows:



NG

MRR(q) = AVR(q) - 0.5- 2@
The modified retrieval rank has the property that for perfed retrieval, i.e., when the NG(q) ground truth images are the
top retrievals, the MRR valueisO.

» Thenormalized modified retrieval rank is computed as foll ows:

) MRR(q)
NMRRA) = 05— 05+ NG(q)

Note that the NMRR(q) wil | dways be in the range of [0.0,1.0].
» Compute average of NMRR over dl queries

1 Q
ANMRR= =5 NMRR()
Q2

The average normalized modified retrieval rank ANMRR is used as the olhjedive measure to evaluate the retrieva
performances. The ANMRR is aways in therange of 0 to 1.0 and small er the value of this measure, the better the quality of
retrieval. Using the above measure, the retrieval performance of the binary Haar histogram is compared with the
conventional 64-bit binary histogram. The mnventiona 64-bit binary histogram is obtained by computing the 64-bin
histogram and binary quantizing each bin value. The same quantization centers were used in bath cases. Table 1 shows the
comparison of performances in two color spaces.

YCbCr | HSV
Binary Haa Histogram 0.207 0.241
Conventiona Binary Histogram | 0.423 0.487

The ohjedive measure clealy shows the vastly improved performance of the binary Haa histogram compared with the
conventiona binary histogram of the same size. Figure 5 shows the result of the seach using the binary Haa transform for
one of the queries.

5. VIDEO SEGMENT MATCHING

Typically video segment search is performed after deteding the shots in the videos. However, shot detedion by itself is fairly
difficult and dften results in incorred shot boundaries. Here the video segment matching is performed without any shot
detedion. Given a query video segment, it has to be mmpared with all video segments in the database with all posshble
starting points sincethere is no shot detedion. This considerably increases the number of similarity matches to be performed.
However, becuse of the compactness of the descriptor and the simplicity of the matching function this can be performed
very efficiently.

To perform video segment seach without shot detedion, we extracted a key-frame every half a second from each video
sequence  When the user seleds a query video segment, again, key-frames are sdeded every half a second from the query
segment. The query key-frames are ompared with each video in the database in a time-overlapped fashion as sown in
Figure 4.

The query to the database is a video segment with a given starting time and length. Since we selected two key-frames per
second, the starting time and the length of the segment can be expressed with a resolution of %2 seaond. Given the starting
time and the length of the segment, the corresponding key-frames are identified. If the length of the segment is L seconds,
then 2L key-frames are chosen.
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Figure 4: Video segment matching without shot detedion



The cmparison of the query segment with a video sequenceV is performed as follows. Let there be K key-frames ohbtained
from avideo sequence, numbered from O to K-1 in temporal order. Typically the value of K is much larger than L. First, the
2L query key-frames are ompared with the firgt 2L key-frames ( 0 to 2L-1) of V, by comparing the wrresponding key-
frames usng the Hamming distance and computing the awmulative sums of the Hamming distances over the 2L key-frames to
obtain the total measure of disgmilarity between the two segments. Then the 2L query key-frames are compared with the
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Figure 5: A sample result of image matching using binary Haa histogram descriptor

key-framesnumbered 1 to 2L of V. Thisisrepeated until the comparison with key-frames numbered K-2L to K-1 is finished.
This is repeded for al the video sequences. Using the computed dssmilarity values, the video segments are ordered and
displayed to the user. Overlapping video segmentsin the results are removed and then dsplayed to the user.

The ontent set for video segment search contains 14 diff erent video sequences. The lengths of the individual sequences vary
from 5 minutes to 45 minutes. Together the 14 different video sequences make up about 4 hours of video. For each video
sequence 2 frames per seaond are seleded as key-frames. A total of close to 30,000 key-frames are obtained from different
video sequences. Queries are chosen from the video sequences and are typically of length 2 to 10 seconds. A 10- second
query (20 key-frames) require about 20*30000=600,000 similarity comparisons. We found that the search over the 4-hour



database @n be performed in about 5-6 seands, because of the simplicity of the similarity metric and the compactnessof the
descriptor.

Figure 6 shows the results of a video segment matching. We found that it is possble to make ahigher level semantic
segmentation of the video sequences using this descriptor. For example, Figure 6 shows a query where anew anchor makes
an initial announcement of news sgment before the actual news ssgment begins. We found that by inputting one such
segment as a query we are able to deted al such other segments in the news program. This can be used to parse the news
program into anchor shots and the actual news ssgments. In general, most news programs use the same @mera position and
background while showing anchor person shots, hence a color based seach can easily retrieve such similar shots. Smilarly
the graphics that appea before the news (and other) programs are always the same. This can be used to deted the starting o
agiven program and theidentification of a TV program.
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Figure 6: Results of video segment search. A 9-semnd query of the news anchor and theresulting



6. BROWSING

Most of the montent-based search systems require the user to perform seach by example, by choosing one of the eisting
images or video segments in the database as a query or by requiring the user to compose a query. Often users cannot present
to the system good examples of what they are looking for without effedively browsing through the database. Hence an
efficient browsing tod is esential to introducethe user to the mntents of the database. After identifying an image or a video
segment of interest through browsing, the user can perform content-based search to find similar entities from the database.

For databases with large numbers of images, it is not feasible to krowse linealy through the images in the database. A
desirable dharacterigtic of a browsing system is to let the user navigate through the database in a structured manner.
Browsing tods for video material®® are based on deteding shots and identifying key-frames corresponding to shots. The
seleded key frames are then grouped in tempora order or clustered based on content similarity to aid kbrowsing. Browsing
tods for large image databases have been presented using clustering techniques. An active browsing tod™® that uses
hierarchical clustering and relevance feedback has been presented recently. The use of hierarchical clustering technique for
fast image search and non-linear browsing' has also been shown.

The drawbacks of the browsing techniques that use dustering techniques are : (1) they require computationally expensive
clustering algorithms, (2) addition or deletion of content from the database may change the dusters considerably requiring re-
clustering periodically. The browsing technique presented here does not require aiy clustering and is automaticdly obtained
from the binary Haar histogram descriptor. The proposed techniqueis not affeded by the addition or removal of content from
the database.

A balanced 2-ary treeis constructed for browsing. At the first level, a set of k bits out of 63 bits in the binary Haa
histogram descriptor are chosen. Each image can have one of 2° values for these k bits. Depending on the values of these k
bits, the entire database is divided in 2 groups. Each of these groupsis represented by a child node from the roat of the tree
Each of these groupsiis further divided into 2 groups, by considering another set of k hits. This processis repeaed to huild
the entiretree A representative imagesis chosen at each nodein thetree In the first level of browsing at theroat of the tree
the 2° representative images corresponding to the first level of the tree ae displayed. At the subsequent levels, the user
traverses through the tree by selecting the representative image that is most similar to what is being lodked for.  The
seledion of the k hits that are used to partition the database into groups can be seleded in two ways:. (1) seleding the most
significant bits first followed by the least significent bits or (2) identifying the entropy of each of the 63 bits for a given
database and seleding the bitsin the deaeasng arder of the entropy values. The reasoning behind the latter seledion is that
the bits with the largest entropy contain the most information and therefore ae used to pertition the database initially.

7. SUMMARY AND CONCLUSIONS

We have presented a empact color descriptor based on color histograms. The cmpact descriptor is obtained by computing
the Haar wavelet transformation of the mlor histograms followed by binary quantizing the resulting coefficients. This
descriptor captures the qualitative aspeds of the wlor content of the images as opposed to the quantitative aspeds captured
by the mnventional histogram. The resulting descriptor is very compact in size and due to the binary nature of the descriptor
the associated similarity metric is very simple. Such compact descriptors complement other detailed color descriptors like
histograms and are extremely useful in bandwidth constrained appli cations that require streaming o the @ntent descriptors
along with the media ontent. The dficacy of the descriptor for image matching, video segment matching without shot
detedion and browsing applications have been shown. Experiments performed on four hours of video show that this
compact descriptor performs sufficiently well in identifying similar video segmentsthat can be used for higher level semantic
segmentation of video. Objective comparisons on image matching performed by the MPEG-7 group show that the proposed
compact descriptor perform much better than other descriptors of comparable sizes.
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