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Abstract. This paper presents a new and efficient method for content-based image
retrieval employing the color distribution of images. This new method, called metric
histogram, takes advantage of the correlation among adjacent bins of histograms,
reducing the dimensionality of the feature vectors extracted from images, leading to
faster and more flexible indexing and retrieval processes. The proposed technique
works on each image independently from the others in the dataset, therefore there
is no pre-defined number of color regions in the resulting histogram. Thus, it is not
possible to use traditional comparison algorithms such as Euclidean or Manhattan
distances. To allow the comparison of images through the new feature vectors given
by metric histograms, a new metric distance function MHD( ) is also proposed.
This paper shows the improvements in timing and retrieval discrimination obtained
using metric histograms over traditional ones, even when using images with different
spatial resolution or thumbnails. The experimental evaluation of the new method,
for answering similarity queries over two representative image databases, shows that
the metric histograms surpass the retrieval ability of traditional histograms because
they are invariant on geometrical and brightness image transformations, and answer
the queries up to 10 times faster than the traditional ones.

Keywords: Color histograms, Content-based image retrieval, CBIR, Image simila-
rity retrieval, Image features, Image indexing.

1. Introduction

The importance of the World Wide Web (WWW) as a data repository
is unquestionable due to its increasing and ubiquitous use as a means
for fast access to information as well as its dissemination. Taking advan-
tage of theses benefits given by the WWW, more and more computer
applications have been developed to run over the internet. Examples
of such applications include digital libraries, and information systems
for education and business, among others. Therefore, the amount of
data available and searched for in the internet is growing tremendously,
with a perspective of even faster increasing in the future. Within this
scenario, it is clear that such systems will demand greater efforts for
better data organization, classification and retrieval.
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Other important point about the data available over the internet is
their variety and lack of structure. The data comes from simple texts
and numbers to audio, images and video recordings. Consequently, to
deal with data from the WWW it is frequently necessary to employ the
technology developed for processing multimedia data.

Because of the overwhelming increase in the volume of multimedia
data, it is necessary to use more efficient and sophisticated methods to
organize such data. The Database Management Systems (DBMS) are
used since the 60’s to guarantee the integrity of simple data (numbers
and short texts), allowing fast and effective searching and retrieval of
them. The main practice exploited to accelerate data retrieval operati-
ons in database management systems is indexing the data through an
access method tailored to the domain of the data. The most well-known
access methods for simple data are the B-tree and its successor B+-tree.
The data types stored in traditional databases (numbers and small cha-
racter strings) using B-trees exhibit the property of total ordering. That
is, it is clear that the number 115 is less than 235, and the string “house”
is lexicographically anterior to the string “hunter”. Also, it is possible
to establish a proper order among every element of such data types. B-
trees use this property to prune large quantity of comparison operations
maintaining the data properly sorted. However, when a data type do
not have this property, as happens with images, video and all the so-
called multimedia information, the traditional access methods cannot
be used anymore. For example, given two images, it is not possible to
compare both and say which one is “less than” or “greater than” the
other. Moreover, multimedia data are embedded in multi-dimensional
or even non-dimensional domains which does not directly allow sorting.
In this paper we focus on images, which are largely present on the Web
and are also frequently used during searching sessions.

Multi-dimensional data can be indexed through spatial access methods
(SAM), which have been developed for spatial or multi-dimensional
domains. The main representative of this type of access method is the
well-known R-tree [28].

The process of searching over large volumes of images is an arduous
task. The common approach is the sequential search over the full set of
images. However, this approach becomes impractical when the database
size is large, owing to both the IO cost of retrieving each image, and
the high computational cost of comparing two images, multiplied by the
number of images pertaining to the image set. During the sequential
scanning, every image of the set must be accessed and compared with
the reference image given in the query by the user. Thus, as the size of
the image set grows, the time required to get the answer increases as
well.
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There are two main approaches to search for images in an image
database. The first one attaches textual description to each image, and
the search process finds the required images through these texts. This
is not a good solution as, besides it cannot be automated, the retrieval
depends on the objective of the operator when he or she was describing
the image, not on the objective when the query is issued. The second
approach uses a set of image processing algorithms to automatically
extract characteristics (features) from the images, and those characte-
ristics are then indexed together with the image. In this approach, the
image retrieval operation processes the image features in place of the
images. This approach is independent of human subjectivity, and is the
one adopted in this paper.

The indexing of the extracted characteristics is usually performed
through spatial access methods, where each extracted feature is deemed
as a dimension. For example, if the properties analyzed are the average
brightness level of the image together with its standard deviation, one
can say that the feature vector has two dimensions, one for the average
and other for the standard deviation.

Image histograms can be seen as multi-dimensional vectors, where
each bin, represented by a vector entry, is seen as a dimension of the
data. Therefore, an image histogram of an image quantized in 128 colors
or gray levels will have a histogram represented by a vector with 128
elements or bins. Therefore, for image histograms, each bin is indexed
as a dimension. However, the spatial access methods are efficient up to
a rather limited number of dimensions, in general not larger than 10 or
15 [15]. Therefore, indexing images through their histograms (usually
with 256 bins or more) is highly inefficient. It has been shown [33]
that the main factor affecting the efficiency of a multi-dimensional
access method is the intrinsic dimensionality of the dataset, that is,
the number of uncorrelated dimensions. Therefore, indexing operations
could be done more efficiently if the correlations between close bins
could be used. Some attempts have been done before to find more
concise representations of histograms using dimensionality reduction
techniques [12] [9] [34], but all of them rely on a predefined number of
dimensions. Therefore, none benefit from existing correlations among
close bins at each image, and the particularities of each individual image
are not taken in account.

In this paper we consider that histograms of two images may have
different correlation between its bins, so reduced histograms from dis-
tinct images could have distinct number of dimensions. This points
out that these reduced histograms are in a domain that is not spatial
anymore - this domain does not have a fixed number of dimensions
defined, as each reduced histogram has a different number of “reduced
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bins”, and therefore they cannot be indexed through any spatial access
method. However, if a proper distance function is defined, these reduced
histograms can be seen as being in a metric domain, so we call these
the “metric histograms”. We will show in this paper that by using such
reduced histograms, the efficiency and the efficacy of image retrieval by
content operations are much better than using traditional histograms.
Experiments showed that searching operations using metric histograms
can be up to 10 times faster than using traditional histograms, even
when using the same access method.

The remaining of this paper is structured as follows. In the next
section, we state the problem tackled by the new content-based image
retrieval technique and its applicability over the internet. Section 3
presents the main concepts necessary to understand the scenarios where
the contributions of this paper are applicable. Section 4 introduces the
metric histograms as well as the MHD( ) distance function to be used to
measure the dissimilarity between images represented by their metric
histograms. Section 5 presents the results obtained by the experiments
performed over metric histograms in order to evaluate the usefulness of
them, regarding retrieval accuracy, time measurements, and invariance
to spatial resolution when the images are given by their thumbnails.
Section 6 discusses related work, and section 7 presents the conclusion
of this paper. A shorter version of this paper was published in the IFIP
Sixth Working Conference on Visual Database Systems [52].

2. Problem Definition and Applicability

The work presented in this paper intends to support the development of
an efficient technique for image retrieval by content to support medical
applications distributed over the web. This technique should work well
on images in normal size as well as on images with reduced size, or
thumbnails, because over the WWW it is common to reduce the data
size in order to gain performance. Thumbnails are images presented in
low spatial resolution, and they are frequently used when communica-
ting images over the internet during a process of selection guided by
the user.

The technique shown herein is part of the development of a picture
archiving and communication systems (PACS) [48] with content-based
image retrieval facilities, which can run over the internet.

Initially, PACS were introduced as image management systems ai-
ming at improving the efficiency of radiology practice, making the
information generated by tomographs and other image-generation de-
vices of medical exams (ultrasound, direct radiology among others)
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broadly available through the use of network protocols. The effort of
keeping together all the information concerning the patients has evolved
into PACS integrated with the Hospital Information System and with
Radiology Information Systems (HIS and RIS), allowing one to keep
together data in many formats, including texts, numbers, images, audio
and video. Figure 1 shows a general architecture of a PACS, where the
database server, as well as the image server and HIS/RIS servers are
connected through an intranet to the image acquisition center and to
the diagnosis center. The users’ terminals are connected through this
intranet by a firewall. A long distance connection through the World
Wide Web will only access the PACS through the firewall as well.

Figure 1. A general architecture of a Picture Archiving and Communication System
(PACS) allowing its access by the World Wide Web.

Traditional PACS integrated with Hospital Information Systems
(HIS) allow physicians to ask questions like that:

1 - “Find the patients admitted since 01-Aug-1999 who presented co-
ronary occlusion”. However, if the physician is interested in to retrieve
the most similar chest MRI1 of the patient John Doe, that is:

2 - “Find the most similar image to the chest image of patient John
Doe”. Question 2 would not be answered by any conventional PACS or
Radiology Information System. This is due to the fact that “from the
shelf” DBMS cannot compare images as they do with dates, numbers
or short texts. Therefore, they cannot answer the question 1 stated

1 MRI stands for magnetic resonance imaging.

Traina_Efficient_CBIR_color.tex; 29/01/2003; 20:53; p.5



6 A. J. M. Traina et alli.

above. Ideally, the images of medical exams should be kept along with
conventional data (text and numbers). Therefore, it would be possible
to ask both types of queries regarding the content of images and the
usual ones based on textual information.

Images already stored in a PACS could help improving the medical
diagnosis even more if they could be compared and searched for by
their content, allowing the same type of comparisons that can be done
on alphanumerical information. A PACS that allows images to be se-
arched by content would be an effective and valuable tool to assist the
physicians in issuing diagnosis [47].

As the human beings have much more ability to remember informa-
tion presented as graphics and images, it is worth to develop a system
that helps a physician to “remember” or “recollect” cases previously
diagnosed and treated. This tool can be valuable to help and enhance
medical diagnosis too. However, to compare and deal with images as
a simple data type, it is necessary to develop techniques, so software
systems can treat them equivalently to the way that human beings
do. Such techniques should be able to convey the “essence” of the
images, allowing automatic image comparison, getting the most similar
ones from a data base. This paper addresses this problem, bringing
in a novel technique for content-based image retrieval (CBIR) using
the brightness distribution of images represented by their histograms.
Moreover, such histograms take advantage of the existing correlation
among adjacent histogram bins. This is done in a way that allows com-
parisons between images with different sizes, placements and brightness
transformations.

3. Main Concepts

As the volume of images grow, the image database management systems
need to rely on indexing or access methods to store and retrieve traditi-
onal data (texts, numbers and dates) as well as image data. The design
of efficient access methods has attracted and motivated researchers of
the database field for more than three decades. Thus, there are many
consolidated access methods for traditional data, such as the B-tree
[18] and hash-based indexing access methods [24].

Spatial data, such as regions of maps given by their multidimensi-
onal coordinates, have been managed by the so called Spatial Access
Methods - SAMs, which include treelike structures, such as the R-tree
[28], R+-tree [45], R*-tree [7], k-d-B-Tree [42], space- filling curves [30],
spatial hash files [43], etc. An excellent survey on SAMs is given in
[22]. Spatial domains have also been widely used to store feature sets
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extracted from images and other complex data. Therefore, whenever
the features extracted have a fixed number of attributes a SAM can be
applied to index such data

The majority of features extracted from images can be seen as
multidimensional points in a n-dimensional space. This is the case
of histograms, moment invariants, Fourier features, wavelet coeffici-
ents, principal component analysis values, among others. The problem
with the spatial access methods is that they downgrade the indexing
and the retrieval of objects as the dimension of the objects increa-
ses. Thus a sequential scan over the whole dataset would outperform
many of such methods. However, other access methods can deal with
high-dimensional datasets and can be used to answer queries on such
high-dimensional objects. This is the case of the X-tree [8], TV-tree
[36] and the Hybrid-tree [15], which were developed aiming to manage
high dimensional data. However, they already require that all feature
vectors have the same number of components (dimensions). If this re-
quisite cannot be met, it is not possible to use a SAM at all, and other
types of access methods should be used. An approach for overcoming
this drawback is through the Metric Access Methods, which will be
discussed next.

3.1. Similarity Queries

The Metric Access Methods (MAMs) are more general than SAMs and
can deal with data with varying number of dimensions. The only infor-
mation available in metric domains are the objects and the distances
between them, because there is no spatial placement or relationship
among the objects. A proper distance function is usually provided by
a domain expert, who gathers the main properties and specific par-
ticularities of the target domain in order to compare the data. Also,
MAMs were first developed aiming at supporting the processing of
similarity queries [16]. The following definitions will help us to organize
the concepts concerning the approach taken in this paper, and Table I
summarizes the main symbols used in this paper.

Definition 1 (Metric distance function): Given three objects,
si, sj and sk pertaining to the domain of objects S, a distance
function d( ) is said to be metric if it satisfies the following three
properties:

symmetry: d(si, sj) = d(si, si),
non-negativity: 0 < d(si, sj) < ∞, i 6= j and d(si, si) = 0,
triangle inequality: d(si, sj) ≤ d(si, sk) + d(sk, sj).
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Table I. Summary of symbols.

Symbols Definitions

S domain of objects

S set of objects in domain S
si, sj , sk objects in domain S

d() distance function

sq a query object (or query center)

rq radius of a range query

k number of neighbors in an NN query

MH(A) metric histogram of image A

NA number of buckets in the metric histogram of image A

< bk, hk > definition of bucket k in a metric histogram, where bk is the index
of the rightmost bin of the original histogram represented in bucket
k, and hk is the normalized value of the rightmost bin represented
in bucket k

MAM metric access method

SAM spatial access method

PACS picture archiving and communication system

A metric distance function is the foundation to build MAMs, which
were developed since the pioneering work of Burkhard and Keller [14]
and have recently achieved an efficiency level good enough to be used
in practical situations. This is obtained using the triangle inequality
property to prune blocks of objects, as the B-trees do using the ordering
property of ordered domains. This is the case of the M-tree [17], the
Slim-tree [54] and the Omni-family members [44].

Definition 2 (Metric Space): Given a set of objects S ⊂ S
pertaining to a given domain and a metric distance function d()
for these objects, M = (S, d) is called a Metric Space.

Spatial datasets following an Lp-metric (such as Euclidean distance)
are special cases of metric spaces, because it is possible to state the
distance between any two objects of the dataset. To support image re-
trieval based on the similarity of the image content, it is first necessary
to define what similarity mean. Actually, a distance function d(), as
stated in Definition 1, measures the dissimilarity between images. When
the value of d() is equal to zero the images are equal or equivalent under
the criterium used by the distance function. The higher the value of the
distance, the more different two images are. In this paper, we considered
two classes of similarity queries: range queries and nearest-neighbors
queries, which are defined as follows.
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Definition 3 (Nearest-Neighbor query): Given a query ob-
ject sq ∈ S (the object domain), the nearest-neighbor is the uni-
tary subset of S such that NNquery(sq) = {sn ∈ S|∀si ∈ S :
d(sn, sq) ≤ d(si, sq)}.

The dataset is searched for and the nearest object from the query
object sq is provided. A common variation is the k-nearest-neighbor
query, which finds the k closest objects to sq in the dataset. A typical
example of a k-nearest-neighbor query with k = 5 in an image database
domain is: “find the 5 nearest images to image A”.

Definition 4 (Range query): Given a query object sq ∈ S and
a maximum search distance rq, the answer is the subset of S such
that Rquery(sq, rq) = {si|siS : d(si, sq) ≤ rq}.

The dataset is scanned and all the objects whose distance to the
query object center sq is less or equal to the query radius rq is retrieved.
An example of a range query is: “find all the images that are within 10
units of distance from image A”, or “find the images in the database
that are at least 80% similar to the given image A”, where image A is
the query object.

3.2. Image Features

Images can be described by their main properties or characteristics.
The properties are usually grouped in arrays, and give the “essence” of
the images by following a specific criterium. Thus, we have the following
definition:

Definition 5 (Feature Vector): Given a specific criterium or
image property, the feature vector is a concise representation of an
image.

It is well-known that the properties of color, shape and texture are
the main image characteristics or properties of images [5] [56] [49] [26].
Therefore, such characteristics of features would be used in comparisons
and content-based image retrieval (CBIR). More than one criterium can
be used to generate a feature vector. For instance, one could extract
characteristics of color and shape and build a feature vector regar-
ding these two criteria for the image database. Afterwards, it would
be possible to perform comparisons over images regarding these two
aspects.

The comparison of images is done by calculating the distances among
them, which usually are costly operations, as images are complex ob-
jects. Hence, minimizing these calculations is one of the most important
aspects to obtain an efficient answer for the queries. The metric access
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methods (MAM) were developed to minimize the number of distance
calculations taking advantage of the triangular inequality property of
metric distance functions (see Definition 1), which allows to prune parts
of the tree during the answering process. Metric access methods built
on the image features have been successfully used to index images and
are suited to answer similarity queries [10] [13].

Besides the use of access methods to index the features of images
and accelerate the retrieval of images, many techniques for image com-
parison, using color histograms [32] [40] [41], shape [23] [19] [55] and
texture [58] [25] [51] have been proposed. The algorithms to extract
shapes and textures are very expensive and dependent on the applica-
tion domain, so it is better to leave them as the last step for separating
the images, when the candidate response set was already reduced using
the other features. The importance of color or brightness histograms is
due to the simplicity of getting and comparing them, operations that
are performed in linear time.

Note that a system for content-based image retrieval works on com-
paring images through the comparison of their feature vectors. There-
fore, the extraction of image features should be done as automatically
as possible. Also, the features should discriminate the images indepen-
dently of transformations (scale, translation, rotation and brightness).
That is, the features should be invariant to image transformations.
Section 4 presents the main contribution of this paper, the metric
histograms, which are invariant to all aforementioned transformations.

3.3. How to Measure the Effectiveness of Retrieval
Processes

A human specialist on the data domain can easily verify if the CBIR
techniques employed to answer similarity queries have produced satis-
factory results, when selecting the most similar images to a given image
query. However, it is necessary to provide an objective and quantitative
method to measure the retrieval effectiveness of a new method. It is
important to validate a method and state its real performance, allowing
comparison with other retrieval techniques. The Precision and Recall
approach have been widely used in this regard [12] [57] [1] [6]. Recall
indicates the proportion of relevant images in the database which has
been retrieved when answering a query. Precision, by the other hand, is
the proportion of the retrieved images that are relevant for the query.
Therefore, precision gives a direct value for measuring the retrieval
ability of the method. The usefulness of the retrieval method is pro-
portional to the value obtained, that is, values next to zero mean poor
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mapping to the user requirements, and values next to one means high
mapping to the user specifications.

Formally, let X be the set of relevant images for a given query, Y
the set of retrieved images and x, y and z be respectively the number
of images in the sets X ∩ Y , X̄ ∩ Y and X ∩ Ȳ . Thus, precision and
recall can be expressed through the following conditional probabilities:

precision = P (X|Y ) =
P (X ∩ Y )

P (Y )
=

x

x + y

recall = P (Y |X) =
P (Y ∩X)

P (X)
=

x

x + z

Ideally the set of objects retrieved should be equal to the set of
objects relevant for a specific query. However, due mainly to the limita-
tions on working with the features extracted from images as well as the
distance function used to compare them, this would not happen as the
number of retrieved objects grows. Through the analysis of the graphs
of precision and recall for increasing number of objects retrieved by
the queries over the dataset, we can sense the behavior of the retrieval
technique to bring the correct answer for the given query. A common
measurement is the area under the graph, where the larger the value
obtained the better. However, the area alone does not give the idea of
the behavior of the method regarding the local performance. Thus, the
better way of learning “how the read” a precision-versus-recall graph
is by example, as we will show in section 5.

4. The Metric Histograms

In this section we present a new CBIR approach based on brightness
distribution of images. This new approach is called Metric Histograms,
and works taking advantage on correlations among adjacent bins of
histograms. This will lead to a more compact histogram representa-
tion and have also the desired property of being invariant to image
transformations, as we will show next.

The usual representation of images is a set of elements (pixels) placed
on a regular grid. The pixel values are obtained from a quantization
process and correspond to the brightness levels, ranging from zero to
the maximum value given by the pixel depth stated. Thus, formally an
image can be represented by the following notation:

Definition 6 (Image): An image A is a function defined over
a two-dimensional range G = [0, x0] × [0, y0] taking values on
the set of possible brightness values V = [0, v0]. That is, A =
{(x, y, v(x, y))/(x, y) ∈ G and v ∈ V }.
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Definition 7 (Histogram): The histogram H(A) of an image A
provides the frequency of each brightness value z in the image.
The histogram of an image with t brightness levels is represented
by an array with t elements, called bins.

Definition 8 (Normalized Histogram): The normalized his-
togram NH(A) of an image A provides the frequency of each
brightness value z in the image, given in percentage.

The normalized histogram of an image with t brightness levels is
also represented by an array with t elements.

From now on in this paper, whenever we refer to a histogram, we
mean a normalized one. To obtain the normalized histogram of an
image is not a costly operation. The normalized histogram is invariant
to geometrical transformations. That is, normalized histograms allow
comparisons between images of any size, so geometric transformations
performed on the source images will give the same histogram. Figure
2 presents an image obtained from magnetic resonance tomograph and
its associated normalized histogram. This image has a spatial resolution
of 512x512 pixels displayed in 256 brightness levels, thus its histogram
has 256 bins. Indexing histograms like this one requires indexing arrays
with 256 elements or, in terms of access methods, dimensions. The
distance (or dissimilarity) between two histograms can be measured as
the summation of the difference between each bin, which is known as
the Manhattan distance function or L1-norm. The histogram is usually
taken as a feature vector representing the global brightness distribution
of the image.

In this work, we assume that the brightness level representations
are similar to its adjacent representation levels, so the shape of the
histogram can be kept using an approximation of it. Therefore, we
propose to represent an approximation of a normalized histogram th-
rough a set of line segments. That is, a piecewise approximation is
done over the histogram. As each image histogram presents a particular
shape and correlation among neighbor bins, these histograms can be
approximated by a different number of lines or pieces. So the histogram
approximation by linear pieces can be optimized to describe each one of
them. As there is no predefined number of pieces to build the histogram
approximation, and if there is a metric distance function defined for the
objects (feature vectors) given by this new representation, then this new
histogram representation is in a metric domain. We will show in this
section that this is true. The next definitions state formally the points
just discussed above.

Definition 9 (Metric Histogram): A Metric histogram MH(A)
of an image A is defined as MH(A) = {NA, < bk, hk > |0 < k <
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NA}, which is a set of NA buckets bk, each one with the normalized
height hk.

A normalized histogram is composed by a number of bins. This
number depends on the brightness resolution of the image, so it is a
fixed number. In a metric histogram, the equivalent to the histogram
bin is called a bucket. Each bucket corresponds to a linear segment, or
line for short, in the approximation. Buckets do not need to be regularly
spaced. The number NA of buckets in a metric histogram depends on
the acceptable error in the approximation process and on the image
itself. Each bucket k is a pair < bk, hk >, where bk is the index of the
rightmost bin of the original histogram represented in bucket k, and
hk is the normalized value of the rightmost bin represented in bucket
k. Notice that b0 is always zero. To simplify the notation, we indicate
the bucket bk of the metric histogram of image A as Abk, and the
normalized value hk of the metric histogram of image A as Ahk. Figure
4(a) presents the metric histogram of two images A and B, and the
components of their metric histograms.

The algorithm used to generate the metric histogram finds the con-
trol points, which are the inflection, minimum and maximum local
points on the histogram, in order to create the approximation curve
on the normalized histogram. In this way, the histograms are seen as

Figure 2. An MR image and its normalized histogram.

Traina_Efficient_CBIR_color.tex; 29/01/2003; 20:53; p.13



14 A. J. M. Traina et alli.

functions in a 2-D space. Figure 3 shows a metric histogram obtained
from a normalized histogram of the same image shown in figure 2.

Figure 3. Deriving a metric histogram through the piecewise approximation over
the normalized histogram.

Regarding metric histograms, a question that arises is how to com-
pare them, as the number of buckets and the spawning of the buckets
from different histograms are variable. That is, the usual distances
for histograms, such as Euclidean, χ-square, Manhattan, Kolmogorov-
Smirnov, Kuiper, between others [12] cannot be used. Therefore, we
developed a new metric distance function in order to quantify the
dissimilarity between metric histograms.

Definition 10 (Metric Histogram Distance - MHD): The
distance function MHD() between two metric histograms is given
by the non-overlapping area among the two curves representing
the metric histograms, i.e.

MHD(MH(A),MH(B)) =
∫ steps

x=0
|MH(A, x)−MH(B, x)|dx

Figure 4 gives a graphical example of how to calculate the distance
between two metric histograms. Figure 5 depicts the algorithm develo-
ped to calculate this distance function. In figure 4(a) the two histograms
are overlapped, and the intersecting points and the ones that limit the
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buckets are shown. Figures 4(b) to 4(d) show how such points are used
to calculate the area inside each region (in the steps of the algorithm in
Figure 4). Note that the number of steps is greater than or equal to the
number of buckets of the histogram with more buckets. This is due to
the fact that as the width of the buckets is variable, in some occasions
they must be divided in order to obtain the area between the two metric
histograms more easily. This is exemplified in Figure 4(b). Figures 4(c)
and 4(d) shows the next two steps performed to calculate the MHD()
function, helping to understand how the algorithm works (five more
steps will be needed to finish to compute the distance among them).
When one of the metric histograms finishes before the other one, that is,
when NA < NB, the calculation of the distance also stops, considering
that the finished metric histogram goes to zero.

Figure 4. Calculating the distance between two metric histograms by computing the
area between the curves. (a) Two metric histograms A and B, and the points used
to specify the steps of the algorithm. (b) First step of the algorithm, exemplifying
when the two MH intersects each other. (c) Second step of the algorithm. (d) Third
step of the algorithm.

It is important to show that MHD() complies with the three axioms
of metric distance functions. The distance MHD() is calculated as
a summation over all steps (a bucket or a division of it, if there is
intersection between the metric histograms). Thus, by its definition,
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Figure 5. Algorithm for calculating the MHD distance function.

the distance MHD() is clearly symmetric and non-negative. Without
loss of generality we can assume that the triangular inequality holds for
a step. Since the MHD() distance is the summation of the difference of
non-overlapping areas between a pair of parallelograms, the triangular
inequality also holds for every step of the MHD() calculation. Thus,
by induction over the steps, the triangular inequality also holds for the
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whole distance computation. More formally, we have the proofs for all
the three axioms:

− Symmetry: Given two metric histogram MH(A),MH(B), the dis-
tance between them is calculated by:

MHD(MH(A),MH(B)) =
∫

x
|MH(A, x)−MH(B, x)|dx

=
∫

x
|MH(B, x)−MH(A, x)|dx

= MHD(MH(B),MH(A))
�

− Non-negativity: The MHD() distance is by definition a summa-
tion of absolute values, so cannot result in a negative value. It will
only be equal to zero when calculated on itself.

MHD(MH(A),MH(A)) =
∫

x
|MH(A, x)−MH(A, x)|dx = 0

�

− Triangle inequality: Let MH(C) be a third metric histogram.
Then we have

MHD(MH(A),MH(C)) =
∫

x
|MH(A, x)−MH(C, x)|dx

By the non-negativity axiom, we can add the distance between
MH(B) to itself, because it is equal to zero:

MHD(MH(A),MH(C)) ⇒∫
x
|MH(A, x)−MH(C, x)|dx +

∫
x
|MH(B, x)−MH(B, x)|dx

=
∫

x
|MH(A, x)−MH(C, x) + MH(B, x)−MH(B, x)|dx

=
∫

x
|MH(A, x)−MH(B, x)|dx +

∫
x
|MH(B, x)−MH(C, x)|dx

= MHD(MH(A),MH(B)) + MHD(MH(B),MH(C)) �
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Our experiments show that the number of buckets in the metric
histogram is much smaller than the number of bins of normalized his-
tograms, coming from 256 bins to figures around 12 to 32 buckets in
the metric histogram. It is important to recall that the metric histo-
grams are obtained from normalized histograms. Thus, the following
properties hold:

Property 1 - An original image and the same one scaled, translated
or rotated will have the same metric histogram.

Property 2 - The metric histograms are curves in the space, thus
the metric histograms can be adjusted at its beginning and ending.
Therefore, metric histograms are also invariant to the linear brightness
transformations on images.

These two properties highlight that some restrictions of using histo-
grams for image retrieval are overcame through the use of metric his-
tograms. That is, the metric histograms become invariant to geometric
transformations (scale included) and linear brightness transformations.

5. Experimental Results

In this section, we show and discuss some experimental results ai-
ming to evaluate the performance of our proposed techniques. The
proposed metric histogram and the distance MHD() have been im-
plemented and used in a PACS that embodies content-based image
retrieval capabilities, under development in the University of Sao Paulo
[4].

We have used two image databases in the experiments. The first
one, named “MRHead500”, has 500 human brain images obtained by
magnetic resonance tomography (MRT ), and the second one, named
“MRVarious4247”, has 4,247 images from various human body parts
also obtained by MRT. Each image is originally in the DICOM for-
mat with 256 brightness levels and different spatial resolution. As the
objective was to evaluate the performance and usefulness of such new
methods for answering similarity queries, we employed the Slim-tree as
the metric access method to perform such queries. The Slim-tree has
been used because it allows the minimization of the overlap between
nodes in the structure as well as to measure this overlap. This overlap
minimization leaded to big improvement on performance when answe-
ring similarity queries [53]. So far, only the Slim-tree has such quality,
which has been shown to be useful when dealing with multi-dimensional
and non-dimensional datasets, as is the case of normalized and metric
histograms.
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The experiments performed aimed to test how the proposed method
works on different aspects of image retrieval by content. The description
of the tests and the results obtained are discussed as follows. We have
conducted two sets of experiments. The first one was performed aiming
to verify the properties of the metric histograms, as well as comparing
the new dissimilarity function MHD() used in image comparisons and
indexing operations. The second set of experiments targets to evaluate
the use of metric histograms as a way to compare images, regardless
their spatial resolution, and evaluate the use of the function MHD() as
a suitable dissimilarity function to perform searching operations over
the WWW.

5.1. Comparing the Metric Histogram with the Normalized
Histogram

The first set of experiments intended to measure the power of image
discrimination given by the metric histogram as compared to the nor-
malized histograms over the same set of images. The objective of these
experiments was to test whether the metric histogram should be used in
place of the normalized histograms on indexing operations, comparing
the precision and recall properties of metric histograms, and the speed
up obtained when using the metric histogram.

For these experiments we extracted the normalized histogram and
generated the metric histogram of each image, creating two sets of
features for each database. Each set of features was indexed using the
Slim-tree structure, so the similarity queries were processed by this
access method. Therefore, four Slim-trees were built in total for this
experiment:

− a tree for the “MRHead500” dataset using the normalized histo-
gram,

− a tree for the “MRHead500” dataset using the metric histogram,

− a tree for the “MRVarious4247” dataset using the normalized
histogram, and

− a tree for the “MRVarious4247” dataset using the metric histo-
gram.

Regarding the image comparisons using the normalized histograms,
they were compared using the Manhattan distance function applied
over the 256-element feature vector. The metric histograms were com-
pared using the MHD() distance function proposed, working on the
number of buckets varying from 11 to 32. It is important to emphasize
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that the Manhattan distance function is the least expensive distance
measurement of the Lp norm family. Therefore, we compared the new
MHD() distance function with the most efficient and simplest method
from the literature.

5.1.1. How Well Metric Histograms Discriminate Images
In this set of experiments, we intended to verify whether metric his-
tograms are able to be used in place of normalized histograms when
performing image comparison and indexing. To answer this question,
we considered that the results provided by queries executed using the
normalized histogram, which is the traditional approach, are the cor-
rected ones, and compared these results with those provided by queries
executed using the metric histogram. The objective was to compare
the images retrieved through their metric histogram with the images
retrieved through their normalized histogram.

It is important to remember that the comparison results obtained by
any compressed representation of data, as are both kind of histograms,
are not completely correct anyway, mainly because in this case the
“correct” answer involves more subjective matters, which are difficult to
represent by only a type of feature vector. It was interesting to perceive
that the obtained results for a similarity query through the use of the
metric histogram can be considered better than the results obtained
by answering the same query through normalized histograms. This
effectively occurred when we submitted pairs of results to physicians.
A result of applying an 8-NN query on the image 287 from the dataset
“MRHead500” is presented in Figure 6. As we can see, the sequence
of decreasing similarity makes more sense when answering the query
through metric histograms than when evaluating the query through the
normalized histogram.

To evaluate if the metric histograms are suitable replacements to the
normalized histograms, we have compared their figures of precision and
recall as explained in section 3. Figures 7 and 8 present the precision
and recall curves obtained when asking nearest-neighbor queries for
six different numbers of neighbors over the “MRHead500” and “MR-
Various4247” databases respectively. The numbers of neighbors refer
to portions of the database, varying from 0.5% to 15% of each image
database. That is, to ask k-NN queries requiring 1% of the database,
means to ask NN queries with k=5 for the “MRHead500” database,
and with k=43 for the “MRVarious4247”. The curves present the ave-
rage value when asking 50 queries for each number of neighbors, with
the center image randomly chosen from images in the database. In
these experiments, each query is submitted to both Slim-trees: the one
indexing the normalized histogram, and the other indexing the metric
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Figure 6. Results of a 8-NN query over the image 287 of the “MRHead500”. The
center column shows the result generated through the normalized histograms. The
right column shows the results generated through the metric histograms. The object
identifier (OID) of each image and the distance to the query image are also provided.
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histogram. Each answer set is sorted by the similarity of each histogram
to that of the center of the query. The plots are calculated verifying that
increasing numbers of histograms in the result set of the tree indexed
by the metric histogram is in the answer set of the tree indexed by
the normalized histogram. As it can be seen, the retrieval precision is
high, always over 60% even for the “MRVarious4247” heterogeneous
dataset. With respect to the more homogeneous “MRHead500” data-
set, the results are always better than 70% of precision, even for queries
retrieving 0.5% of the database with 100% of recall.

Figure 7. “MRHead500” database: Precision vs. Recall plots when answering
kNN-queries where the number k is taken as a percentage of the database size.
(a) 15%, (b) 10%, (c) 5%, (d) 2%, (e) 1%, (f) 0.5%.

Figure 8. “MRVarious4247” database: Precision vs. Recall plots when answering
kNN-queries where the number k is taken as a percentage of the database size. (a)
15%, (b) 10%, (c) 5%, (d) 2%, (e) 1%, (f) 0.5%.
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5.1.2. How Scalable and Fast the Metric Histograms are for Indexing
In this section two questions regarding the scalability of the new pro-
posed histograms are tackled:

(a) How much is the time difference for indexing the image data-
bases through conventional and metric histograms?

(b) Is the difference in time relevant when answering queries over
the normalized and the metric histograms?

Table 5.1.2 reports the wall-clock times for building the Slim-tree
in order to index both the normalized (conventional) and the metric
histograms. It can be seen that it is much faster to build the index over
metric histograms (58% faster for the small dataset, and 690% faster
for the larger dataset). The additional time needed to create the metric
histograms has the same order of magnitude of the time to build the
index tree using the metric histogram. However, the tree creation is
done only once and the time spent to do it is small when compared to
the time to answer queries.

Table II. Wall-clock time to build the slim-tree using metric or normalized
histograms from the MRHead500 and the MRVarious4247 image datasets.

Database Histogram Time (in seconds)

MRHead500 Metric 462

Conventional 731

MRVarious4247 Metric 3376

Conventional 26679

We also measured the number of distance calculations performed per
second, and found 1,289,400 MHD distances per second and 269,430
Manhattan distances per second. That is, the calculation of one MHD
distance is in average 4.7 times faster than one Manhattan distance
over a pair of 256-element arrays.

The largest gain of time when using metric histograms is to answer
queries. Figures 9(a) and 9(b) show the total times needed to answer
50 k-NN queries, when the value of k is specified corresponding to
percentages of the database. Thus, the numbers are proportional to
the database size and the results can be compared to different da-
tabase sizes. Figure 9(a) shows the times to answer queries on the
“MRHead500” database, and Figure 9(b) shows the times to answer
queries on the “MRVarious4247” database. As it can be seen, the gain
ranges from 4 times faster for small k (0,5% of the database) to more
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than 10 times faster for larger portions of the database (15% of the
database). All measurements were taken using an Intel Pentium II 450
MHz computer running Windows NT. The software was implemented
in Borland C++ language.

Figure 9. Total time to answer 50 nearest-neighbors queries for each portion of the
dataset: 0.5, 1, 2, 5, 10 and 15%, using the conventional and the metric histograms.
(a)“MRHead500” dataset; (b) “MRVarious4247”dataset

5.1.3. Comparing Images with Different Spatial Resolution
The second set of experiments was aimed at essaying the effectiveness
of using the metric histogram as a way to compare images regardless
of its spatial resolution. The objective of these experiments was to test
whether the metric histogram is a good choice to execute similarity
queries over the WWW, where a first filtering operation could be made
using images represented by their thumbnails. Using thumbnails and
panels with many thumbnails occurs frequently as front end pages to
access the real images in the web or digital libraries.

In this set of experiments we generated three sets of 500 thumbnails
from the “MRHead500” dataset, and named them “ThumbBMPNN ”,
“ThumbBMPBICUB”, and “ThumbJPEG”. Each thumbnail dataset
was generated preserving the aspect ratio of the original image and
reducing its size to 25%, but maintaining the 256 brightness levels.
The dataset “ThumbBMPNN ” was stored in the BMP file format, and
generated using the simplest reduction technique, the nearest-neighbor
reduction method, to decrease the size of the original images. The
dataset “ThumbBMPBICUB” was also stored in the BMP file format,
but generated using the Bicubic reduction method, which generated
new values by interpolation, to decrease the original images. Figure 10
illustrates the exhibit of two thumbnails extracted from the same image,
each of which using a different generation method. The “ThumbJPEG”
dataset was stored in the JPEG file format, and generated using the
nearest-neighbor reduction method to generate the thumbnails.
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Figure 10. (a) Original image in full size. (b) Thumbnail generated through
nearest-neighbor reduction. (c) Thumbnail generated through bicubic reduction.

As in the first set of experiments, we extracted the normalized his-
togram and generated the metric histogram of each image, creating
two sets of features for each dataset of thumbnails. The next step
was to index the six feature sets (three datasets and two features -
normalized and metric histogram for each dataset), generating six new
Slim-trees. Then, we searched the original “MRHead500” dataset and
compared the results to each thumbnail datasets. Each dataset has
two Slim-trees associated with, each one corresponding to a feature,
therefore each set of tests involved four datasets, as is illustrated in
figure 11. Each ellipse in this figure represents a feature set from an
image dataset: “Orig Normal” and “Orig Metric” represent the nor-
malized and metric histograms from the images in the “MRHead500”
dataset, and “Thumbs Normal” and “Thumbs Metric” represent the
normalized and metric histograms from the images in the thumbnail
dataset (“ThumbBMPNN ”, “ThumbBMPBICUB” or “ThumbJPEG”)
being considered. Five searching tests were performed among the set of
four datasets, each of which being represented by one tagged arrow (A
to E) in figure 11. For each searching we have considered one feature
dataset as correct, and plotted the precision vs. recall graphs conside-
ring the other dataset as the target. In figure 11, each arrow starts in
the feature dataset considered correct, and ends in the target one. The
four searching operations performed are described as follows.

A - Normalized histograms from the “MRHead500” dataset compared
to metric histograms of the same dataset - this is the same retrieval
test performed in the first set of experiments, and is plotted here
as a reference for the other curves.
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Figure 11. Matching diagram for figures 12, 13 and 14. Each arrow starts at the
feature dataset considered correct and ends at the one being checked in each match.

B - Normalized histograms from the “RHead500” dataset compared
to normalized histograms of one thumbnails dataset - this test
shows the usefulness of the image retrieval operations given by the
normalized histograms of the thumbnails in place of the normalized
histograms of the real images.

C - Metric histograms from the “MRHead500” dataset compared to
metric histograms of one thumbnails dataset - this test shows how
the usefulness of the image retrieval operations given by the metric
histograms of the thumbnails in place of the metric histograms of
the real images.

D - Normalized histograms from the thumbnails dataset compared
to metric histograms of the same dataset - this test shows the
usefulness of the image retrieval operations given by the metric
histograms of the thumbnails in place of its normalized histograms.

E - Normalized histograms from the “MRHead500” dataset compared
to metric histograms of one thumbnails dataset - this test shows
the usefulness of the image retrieval operations given by the metric
histograms of the thumbnails in place of the normalized histograms
of the real images.

We show the precision vs. recall graphs obtained for these five re-
trievals for each of the “ThumbBMPNN ”, “ThumbBMPBICUB” and
“ThumbJPEG” thumbnails dataset respectively in figures 12, 13 and
14. The curves shown are the average obtained for 50 nearest-neighbor
queries asking for 5% of the database (25 images each query).

Analyzing the results obtained for the thumbnails stored in BMP
format files, we can see from figures 12 and 13 that the thumbnails
extracted using the bicubic reduction represents a better choice than
those extracted using the nearest-neighbor reduction as a replacement
for the original image when performing image searching in databases.
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Figure 12. Comparing the “MrHead500” and its thumbnails (reduced 25% with
nearest-neighbors reduction method) in BMP format.

Figure 13. Comparing the “MrHead500” and its thumbnails (reduced 25% with
bicubic reduction method) in BMP format.

This result corresponds to what one could expect when comparing the
exhibit of thumbnails extracted using the nearest-neighbor and the bi-
cubic reduction methods as shown in figure 10. Curves A and D of figure
13 shows that comparing full images on the corresponding thumbnails
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Figure 14. Comparing the “MrHead500” and its thumbnails (reduced 25% with
bicubic reduction method) in JPEG format with 25% compression rate.

through its metric histograms have almost the same results. Curves
A and D of figure 12 shows that using the full size image provides
(slightly) better results. However, curves D and E of figure 12 shows
that comparing full size images through metric histograms gives almost
the same retrieval precision as comparing its thumbnails with metric
histograms, showing that the poorer discrimination power of curve D
is due to the poorer quality of the NN reduction technique, as the
corresponding D and E curves of figure 13 shows that comparing full
size images through metric histograms is better than comparing its
thumbnails with metric histograms. Nonetheless, both NN and bicubic
methods to create thumbnails present sufficient discrimination power
for image retrieval, so the thumbnails can be used in place of the real
images.

Comparing the results obtained for the thumbnails stored in BMP
and in JPEG file format, as shown in figures 13 and 14, we can see that
both file formats present similar results. The thumbnails for both file
formats were created using the bicubic reduction method, but in the
JPEG file format they were stored using a 25% compression rate, so it
is a lossy representation of images. This can be seen in figure 14, where
curve B (comparing the original images to the full size images in JPEG
format) shows that the lossy storage of the images makes it better to
compare the original images through the metric histogram (curve A).
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In fact, curve D and A shows that comparing the thumbnails in BMP
format with the metric histogram is the same as comparing the full
size images in JPEG format. This is a very good result, because the
majority of images in the web and in many digital libraries are stored
in JPEG or other lossy file format, to reduce transmission times.

6. Related Work

A taxonomy of the features most used in the analysis of images was
presented in [11]. The author classified them into five groups: raw inten-
sity, border detection, salient features, statistical features and high level
features. Histograms are classified as statistical features, and they have
been long ago used as an initial step to filter out interesting images from
large collections in automated tools [12] [27] [29] [49]. In fact, almost
every image retrieval system relies on histogram-based filtering to trim
down the number of images that are submitted to the user, or to more
elaborated analysis processes. This happens not only in general purpose
systems such as QBIC [21], Chabot [38] and VisualSEEk [50], but also
in specific domains, such as ASSERT [46] for radiology and WebMars
[39] for web browsers, among others. All systems rely on some form of
indexing structure to process the queries.

Aiming at improving indexing performance, researchers have tried
to use the fewer possible features, yet maintaining good query discrimi-
nation. Regarding the use of histograms, this objective is being pursued
with a careful selection of the features, as well as using dimensionality
reduction techniques. An interesting example of the former technique is
the use of HSV (hue, saturation and value) instead of RGB (red, green
and blue) colors, what some researchers considers more similar to the
human interpretation of colored images [3]. However, the majority of
researches have been done in finding more concise representations of
histograms using dimensionality reduction techniques [12]. Standard
dimensionality reduction techniques like SVD has been employed [31]
with good results, as well as neural networks [35]. Image domain trans-
formations such as FFT and wavelets have also been reported [20] [37]
[2]. Kuo and Chang proposed a histogram approximation through the
use of multiple Gaussian probability density function [34], where each
histogram is approximated by a predefined number k of Gaussians,
and a pair of histograms is compared averaging the difference of its
mean, standard deviation and skewness. All these attempts leaded to
histogram representations with reduced number of features, but always
with a predefined number of dimensions not benefitting from the cor-
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relations among close bins at each image. So the particularities of each
individual image cannot be taken in account.

In fact, almost all distance functions used to compare images th-
rough they feature spaces use some form of vector comparisons, for
example, Lp-norms, χ-Square, Kolmogorov-Smirnov, etc. The main
contribution of this paper is to consider histograms as curves, com-
paring a pair of histograms through the difference in the area covered
by both curves. This approach frees the representation of each image
from the representations of the other images in the dataset, allowing
using the best representation of each of which, yet allowing them to be
compared.

7. Conclusions

Images are one of the most popular data present in the web. This
is mainly due to the powerful representation of semantic information
given by images. Allied to the fact that the web has been used as a
universal data repository, it is important to search and retrieve infor-
mation contained in images to attend the questions placed by the users.
However, we need to remember that comparing two images by content
is a very time consuming process. As the image database grows, the
cost of comparing images grows at the same pace, or even at a super-
linear pace, making this a burdensome and costly process. Therefore,
to reduce the cost of searching in a dataset, the CBIR systems should
take advantage of indexed access methods. If the users intention is to
ask similarity queries, the metric access methods are the more suitable
ones.

When queries are issued over an image database to retrieve infor-
mation based on the image content, a filtering process takes place
aiming to reduce the number of images to be compared. This filtering
operation uses features extracted from the images through relatively
inexpensive algorithms. One of the features most frequently used in
the early filtering stages is based on the image histograms.

The main objective of this paper is to define a faster way to exe-
cute the filtering process over an image database based on the image
histograms. To achieve this target we proposed a new technique, called
the “metric histogram”. We showed that by using this technique the
filtering step can be improved, achieving up to 10 times faster image
selection for similarity queries. Moreover, the creation of index structu-
res using metric histograms is at least 58% and up to 700% times faster
as compared to structures created using the conventional histograms.
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Metric histograms are defined in a metric domain, so the parameters
that best describes one histogram can be used without compromising
the whole set of images. To allow using metric access methods to answer
similarity queries, we defined the MHD() distance function, which
complies with the properties of a metric distance function. This func-
tion is also a faster way to compare histograms, as it can be executed
in average 4.7 times faster than using the Manhattan distance function
over 256-element vectors.

Metric histograms also have some very desirable side effects: it allows
the retrieval of images in a way that is invariant to scale, rotation and
translation of the objects in the image, and is also invariant to bright-
ness changes of the image. These effects enable that images similar to
the target one, but with different brightness levels, scale, and placement
can also be retrieved without further computational effort. Moreover,
we showed that the proposed technique also works well when comparing
full-sized images with spatial-reduced resolution images (thumbnails),
even when the images are compressed in lossy JPEG format. That is,
the discrimination power of the metric histogram remains high when
comparing the images by its thumbnails. This last property is especially
interesting in web searching applications, as it is very common that
sites which export many images usually use thumbnail pages as a front
end interface to provide users a initial way to select images, reducing
transmission costs.
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