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Abstract
We introduce ImageMap, as a method for indexing and similarity searching in Image
DataBases (IDBs). ImageMap answers “queries by example”, involving any number of objects or regions and taking into account their inter-relationships. We adopt the most general
image content representation, that is Attributed Relational Graphs (ARGs), in conjunction with
the well-accepted ARG editing distance on ARGs. We tested ImageMap on real and realistic
medical images. Our method not only provides for visualization of the dataset, clustering and
data-mining, but it also achieves up to 1,000-fold speed-up in search over sequential scanning,
with zero or very few false dismissals.
Index Terms: Image database, similarity retrieval, query by example, image content, attributed
relational graph, editing distance, image indexing.

1 Introduction
In many application domains, images comprise the majority of acquired data. The management
of large volumes of digital images has generated additional interest in methods and tools for real
time archiving and retrieval of images by content. Potential applications of content based image
retrieval include: (a) Medical Applications: Given a patient’s examination (e.g., a CT or MRI image) a clinician would like to retrieve similar cases from the medical archive. Such content-based
retrievals would not only yield cases of patients with similar examinations (i.e., images showing
similar objects or regions with similar spatial relationships) and similar diagnosis but also, cases of
patients with similar image examinations and different diagnoses [1, 2], (b) Criminal Investigation:
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A police officer would like to retrieve images resembling the face or the fingerprint image of a suspect [3, 4], (c) Trademark/Copyright Detection: Given a trademark image, we would like to detect
if it already exists in the database [5]. Education, home entertainment systems, remote sensing,
astronomy, cartography and defense, are just a few more applications with great interest. Consequently, content-based image indexing and retrieval has become the object of intensive research
activities over the past few years [6, 7, 8].
To support retrievals by image content, images must be analyzed prior to storage so that, descriptions of their content can be extracted and stored in the Image DataBase (IDB) together with
the original images. These descriptions are then used to search the IDB to determine which images
satisfy the query selection criteria.
In this work, we deal with the following problem:
We have a collection of

images (medical images in this work) as in Figure 4(left).

Each image has been segmented (automatically or manually) to one or more objects or regions. For example, Figure 4(right) contains five regions (i.e., the body, the spine, the liver,
a tumor and an unknown or not recognized region) which are represented by their bounding
closed polygons.
We are also given a distance function between two images (i.e., sets of regions). The more
similar the objects or regions and their relationships in the two images are, the lower the value
of the distance function.
The queries are “by example”: The user specifies a desirable image with one or more regions
(e.g., “find the examinations which are similar to Smith’s examination”).
The system has to return all the images below a distance threshold, or the most similar images.
Our goal is to respond to these queries fast. A secondary goal is to support visualization and
data-mining (eg., study of the clustering properties of the set of images). A critical point in the
overall process is to use a good distance function between two images.
We summarize the contributions of this work in the following:
We propose ImageMap, a method that achieves up to 1,000-fold speed-up over sequential
scanning with little, if any, false dismissals.
ImageMap, maps images into low-dimensionality points allowing visualization, clustering
and other data-mining operations.
We introduce to the database community a general image representation methodology from
the Machine Vision research, namely, Attributed Relational Graphs (ARGs) and the EsheraFu ARG editing distance function [9] to compute the distance between two ARGs. This is the
most general among other known functions [10]. We propose a more efficient implementation
of it.
We introduce a generic indexing technique to ARGs. Existing methods assume special kinds
of ARGs [11, 2], require prohibitively large space for storage [12], are static (i.e., they cannot
handle insertions or deletions), do not guarantee high recall (accuracy) and assume that the
stored images are similar [13]. Our proposed approach handles all these issues.
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We experimented with tomographic images but our method can handle any image type, such as
real world images and queries in the form “find images showing a tree close to a house”. Image
content is given in terms of features specific to the shape of individual objects or regions and in
terms of features of spatial relationships. However, our method is independent of any specific kind
of features.
The rest of this paper is organized as follows: A review of related work in the areas of Computer
Vision and DataBases is presented in Section 2. A short presentation of the underlying theory is
given in Section 3. The proposed methodology is presented in Section 4. In Section 5, experimental
results are given and discussed. The conclusions and the issues for future research are discussed in
Section 6. Finally, the Eshera-Fu algorithm is discussed shortly in Appendix A. In addition, our
implementation developed as part of this work, which presents a more efficient distance algorithm
is presented in Appendix B.

2 Survey - Related Work
Important considerations in the design and implementation of IDB systems supporting queries by
image content are: Image feature extraction, image content representation and organization of
stored information, search and retrieval strategies, and user interface design. Interesting surveys
have been published in [6, 7, 8]. Advances mainly in the areas of Databases and Computer Vision
research resulted in methods which can be used for image archiving, retrieval and IDB design work.
However, as observed in [14], there is a need for increased communication between the vision and
the database communities to deal with the above issues. Combining results from both areas is an
important next step. The proposed method is a contribution towards this direction.

2.1 Content Based Image Retrieval
Several approaches to the problem of content-based image management have been proposed and
some have been implemented on research prototypes and commercial systems.
In the Virage system [15], image content is given primarily in terms of properties of color and
texture. The QBIC system of IBM [16] utilizes a retrieval method for queries on color, texture
and shape. The Photobook [17], the system developed at the MIT Media Lab, supports queries by
image content in conjunction with text queries. The CAFIIR system [3] proposes the “iconic index
tree” to accelerate the search on facial images. A desirable feature common to many systems is
the adaptive behavior to retrievals through user relevance feedback and iterative query refinement
(e.g., [8]).
Additional work on IDB systems and content based image retrieval include, the work by Ratha,
Karu, Chen and Jain for fingerprints [4], the work by Mehrota and Gary for shapes [18], and the
work by Mehtre, Kankanhalli and Lee for trademark authentication [5].
The methods referred to above can be extended to handle video: A video is regarded as a
sequence of related image frames from which the “keyframes” (i.e., frames representative of the
video content) can be selected and used for content-based indexing and retrieval (e.g., [15, 16, 19]).
Motion fields can also be used to relate neighboring keyframes in the retrieval process [20]. Del
Bimbo, Vicario and Zingoni proposed an approach based on spatio-temporal logic [21].
Focusing mainly on color, texture and shape, the work referred to above does not show how to
handle multiple objects or regions in example queries, nor their inter-relationships. 2D strings [22]
and their variants [23] are examples of work focusing mainly on spatial relationships. VisualSEEk
[24] combines 2D strings with texture and color properties of selected regions. 2D string matching
3

give binary (i.e., “yes/no”) answers and may yield “false alarms” (non-qualifying images) and
“false dismissals” (qualifying but not retrieved images) [25]. Gudivada and Raghavan use only
relative orientation to describe spatial relationships [26]. In our previous work [2], we used R-trees
for the indexing of ARGs holding any kind of features and we allowed for continues, quantitative
estimates of similarity. However, we did not allow for missing or extra regions in images and we
required that at least some of the regions are labeled and present in every image. In the current
work, we relax these restrictions.

2.2 Spatial Access Methods (SAMs)
We can achieve faster-than-sequential searching by using “spatial access methods”. These are file
structures to manage a large collection of multidimensional points (or rectangles) stored on the
disk so that, “range queries” can be efficiently answered. A range query specifies a region (e.g.,
hyper-rectangle or hyper-sphere) in the address space, requesting all the data objects that intersect
it.
Several spatial access methods have been proposed forming the following classes: (a) Methods
that transform rectangles into points in a higher dimensionality space [27]; (b) Methods that use
linear quad-trees or, equivalently, the “ -ordering” or other “space filling curves” [28]; and finally,
(c) Methods based on trees, like the R-tree [29] and its derivatives (R£ -tree [30] etc.). Recent
extensions for high-dimensions include the X-tree [31] and the SR-trees [32].
Methods referred to as “metric trees” or “distance trees” are based on the idea of indexing using
distance information [33, 34, 35]. All these methods try to exploit the triangle inequality in order
to prune the search space on a range query. However, none of them tries to map images into points
in a “target space” (also known as “feature space”), nor to provide a tool for visualization. Besides,
most of these methods require expensive preprocessing for building a tree index structure.
An alternative to metric trees is FastMap [36]. FastMap is an algorithm that takes in a set of
data items (e.g., images), together with a distance function  , and map these data items into
points in some  -dimensional space ( is user defined), such that distances are preserved. It has the
following attractive properties:
It is as fast as it can be, since it is linear on the number of items. (No mapping algorithm can
be better than linear, unless it operates on a sample of the database, which FastMap can do,
too.) Specifically, it needs    distance calculations.
It is dynamic: New data can be mapped after the original data have been mapped, without
having to redo the mapping from the beginning. The mapping for a new item (or query) takes
2  distance calculations, that is, constant on the size of the database.
The algorithm does not require the distance measure to be Euclidean. However, on nonEuclidean distances, we may have false dismissals, as we see later.

3 Introduction to ARGs
We adopted ARGs as the underlying image content representation and the editing distance between
ARGs to express (dis-)similarity between images. The problem of retrieving images which are
similar to a given query image is transformed into a problem of searching a database of stored
ARGs: Given a query, its ARG has to be computed and compared with the stored ARGs. Next, we
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Figure 1: Example image showing a sketch of a face (left) and its corresponding ARG (right).
see (a) What types of attributes to keep, (b) How to define the editing distance between two ARGs
and (c) How to compute it efficiently.
In an ARG, image objects or regions are represented by graph nodes and their relationships are
represented by arcs (edges) between such nodes. Both nodes and arcs are labeled by attributes corresponding to properties of regions and relationships respectively. Figure 1 gives an example of an
image (a mocked-up “human face”, with face periphery, two eyes and a nose) and its corresponding
ARG.
The specific attributes which are used in ARGs are derived from the raw image data. Typical
attributes are e.g., statistical or textural values, geometric features of regions (e.g., size, roundness)
or features specified in some transform domain (e.g., Fourier coefficients of shapes). Additional,
higher-level attributes, such as class names or concepts, can easily be handled by ARGs, too. Typical features for the relationships (the edges of the ARG) are the distance, relative orientation etc.,
of the two involved regions.
Each region, in the above toy example, has only one attribute, the length () of its boundary.
The relationship between any two regions has also one attribute, the angle () with the horizontal
direction of the line connecting the centers of mass of these regions. Both attributes have been
normalized in the range   by division with the size of the biggest region (face outline) and 360
respectively.

3.1 Definition of the ARG Editing Distance
Due to noise and distortions (which always exist in real-world images) a query and a model ARG
cannot be exactly the same. Therefore, ARG matching has to be error-tolerant. Algorithms for
error-tolerant ARG matching are referred to as “error correcting” graph matching algorithms [9,
37, 38]. These algorithms are based on the idea of transforming one ARG to the other following a
sequence of ARG edit operations, called “error corrections”. These corrections have the form of
node and arc insertion (deletion) for missing (extra) nodes and arcs, and node and arc substitution
for matched nodes and arcs respectively. The definition of costs for the above graph edit operations
depends on the application. The distance between two ARGs is defined as the minimum cost taken
over all sequences of operations that transform the one ARG to the other. The smaller the distance
between two ARGs the most similar they are.
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Figure 2: Example query image (left) and its corresponding ARG (right).
Representation
Query Arc
Model Arc
Query Node
Model Node

Substitution Deletion or Insertion
¼  
¼
¼
   

 ¼   
¼
   ¼ 


Table 1: Costs for arc and node insertion, deletion and substitution for the example matching.
Next we show how to measure the editing distance between two ARGs: The query ARG of
Figure 2 is matched with the image of Figure 1 (model).
The costs for node and arc insertion, deletion and substitution are defined in Table 1. There may
exist weights associated with each such operation. For example, we may assign weights greater
than 1 when nodes or edges with different labels are matched. However, since weights present no
additional constraints on the methods which are discussed, we assume weights 1 for the rest of this
paper.
An ARG matching algorithm would substitute (match): query region 0 with model region 0
with cost     , query region 1 with model region 1 with cost     , query
region 2 with model region 3 with cost      . The algorithm would also match the edges
between the above regions with costs      ,      and     . Object
2 in the model image is deleted and the cost of this operation is 0.2. Similarly, its edges are deleted
with costs 0.5, 0.2 and 0.1. Hence, the total cost of matching is        .
Notice that this is the least cost. For example, if we match query region 2 with region 2 in the model
image the cost will become 1.8.
Intuitively, the more similar regions with similar relationships two images have, the more similar they are. By adding more attributes to the nodes and the edges of the above ARG representation
we can enforce more rigorous matching.
In [2], the cost of matching would be 0.3 since, extra nodes and edges in the model image do
not contribute to the cost of matching. This case of matching is referred to as “subset matching”
or “subgraph error correcting isomorphism”. Subset matching is applied when we want to find if
the query regions exist in a model (stored) image. The cost of matching can be small even if the
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Figure 3: ImageMap: Block diagram.
images look dissimilar.

3.2 Speed of ARG Distance Computation
The methods for ARG matching referred to above find the optimal solution but they have exponential time (and space) complexity in the worst case. Approximate methods with lower time
complexity do exist but they are not guaranteed to find the optimal solution. For example, Christmas, Kittler and Petrou proposed a method based on probabilistic relaxation [39] and Almohamad
and Duffuaa proposed a method based on linear programming [40].
To speed-up retrievals, the stored ARGs must be indexed: Segupta and Boyer proposed a hierarchical organization of the stored model graphs [13]. The root graph consists of different distinct subgraphs of the model graphs which are matched with the query. The disadvantages of this
method are: (a) Matching with the root graph may become very time consuming, (b) Assumes that
the stored models are similar to each other, (c) Does not guarantee high recall, (d) It employees
expensive preprocessing and (e) It is static, that is new models cannot be added (i.e., the entire
preprocessing step has to be repeated).
Messmer and Bunke create a decision tree from the stored graphs [12]. A set of distorted copies
for each graph is created and represented in the decision tree. The degree of distortion must be
known in advance. However, the size of the decision tree increases exponentially with the size of
the stored graphs and with the degree distortion. Due to its large space requirements, this method
cannot be used in image databases. Addition work on ARG indexing assumes specialized cases
of ARGs: For example, in [11] the graphs are not attributed and matching seems to work only for
simplistic planar shapes. Our proposed method handles all these issues.

4 Proposed Method
ImageMap, maps each image to a point in an  -dimensional space. The mapping of ARGs to
 -dimensional points is achieved through FastMap [36]. Figure 3 illustrates the above sequence
of operations. Similarly, queries are mapped to points in the above  -dimensional space and the
problem of IDB search is transformed into one of spatial search. To speed-up retrievals, the  dimensional points are indexed using an R-tree. Below we discuss each one of the above processing
steps separately.
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Figure 4: Example of an original grey-level image (left) and its segmented form (right).

4.1 Image Segmentation
All images are segmented into closed contours corresponding to dominant image objects or regions.
However, image segmentation and labeling of the components are outside the scope of this paper.
For our purposes, we assume that each image has been segmented manually (e.g., by tracing the
contours of the regions of interest). Figure 4 shows an example of an original MRI image and of
its segmented form. The contribution of our work is on the fast searching after the images and the
queries have been segmented.

4.2 ARG Representation
Figure 5 shows the proposed ARG representation for medical MRI images of the abdomen such as
the example image of Figure 4. Nodes correspond to regions and arcs correspond to relationships
between regions. Both nodes and arcs are labeled by the attribute values of the region properties and
the relationship properties, respectively. Angles are in degrees. In this work we used the following
set of features:
Individual regions are described by 3 attributes, namely Size (), computed as the size of the
area of a region, Roundness ( ), computed as the ratio of the smallest to the largest second
moment, and Orientation ( ), defined as the angle between the horizontal direction and the
axis of elongation. This is the axis of least second moment.
Spatial Relationships between regions are described by 2 attributes, namely Distance ( ), computed as the minimum distance between their contours and Relative Angle (), defined as
the angle with the horizontal direction of the line connecting the centers of mass of the two
regions.
It is straightforward to add more features as region or relationship attributes. Additional features that could be used include the average grey-level and texture values, moments or Fourier
coefficients etc. as region descriptors; relative size, amount of overlapping or adjacency etc. can be
also used to characterize the relationships between regions. In any case, our proposed method can
handle any set of features.
However, we have strong reasons to use the above set of features:
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Figure 5: Attributed Relational Graph (ARG) corresponding to the example image of Figure 4.
The features we used are very successful: We have used the same set of features in previous
work [41, 25, 2] and we have discussed the results with experts.
Our set of features is
superset of the set of features used by other researchers (e.g., [26]).
The derived representation is both scale and translation invariant (i.e., images translated or
scaled with respect to each other result in the same representation). To achieve translation
invariance, we take only relative positions. To achieve scale invariance, we normalize lengths
and areas by dividing them respectively by the diameter and the area of the largest region.
We also achieve rotation invariance, by registering all images to a standard orientation (e.g.,
the axis of elongation of the outline/largest region is made horizontal).

4.3 Mapping ARGs to -dimensional Points
The FastMap algorithm accepts as input ARGs, the Eshera and Fu distance function and  , the
desired number of dimensions, and maps the above ARGs to points in an  -dimensional space.
As mentioned earlier, the complexity of this mapping is    distance computations. Notice that
this operation could (and should) be done off-line. When an input image or a query is given, it is
quickly mapped to a point into the above  -dimensional space requiring only     distance
calculations. Notice that, in contrast to [2], each image is mapped to exactly one point.

4.4 Indexing - File Structure
Figure 6 demonstrates the proposed file structure of the data on the disk. Specifically, the file
structure consists of the following parts:
The spatial access method, holding an  -dimensional vector for each stored image (ARG).
We used R-trees solely because of availability; any spatial access method would do, like, e.g.,
R*-trees and X-trees. In fact, a faster SAM would only make our approach work even faster!
The “ARG file”. This is a file holding the ARGs. Each record in this file consists of (a) An
identifier (e.g., the image file name) corresponding to the image from which the ARG has
9
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Figure 6: File structure.
been derived and (b) The features of each region together with its relationships with the other
regions.
The “Image store” holding the original image files. For faster display, we have also kept the
segmented forms of all images.

4.5 Search Strategy
The user specifies a query image and a tolerance , and asks for all the images within that tolerance.
The ARG of the query is computed first. Then, the  -dimensional vector of the above ARG is
derived. All vectors within tolerance are retrieved from the R-tree. As we show in Section 5, the
R-tree may return false alarms (i.e., not qualifying images). A post-processing step is required to
clean-up the false alarms. The generic search algorithm is as follows:
R-tree search: Issue a range query on the R-tree to obtain a list of promising images (image identifiers).
Clean-up: For each of the above obtained images, retrieve its corresponding ARG from the ARG
file and compute the actual distance between this ARG and the ARG of the query. If the
distance is less than the threshold , the image is included in the response set.
Nearest-neighbor queries can also be answered, using the algorithm in [42]. The idea is to use
the R-tree to find some near neighbors in the  -space and to ask a range query with a carefully
chosen radius, being ready to clean-up potential false alarms.
The proposed method can also handle the case where the user considers some of the properties
more important than others. We can give higher weights to specific ARG properties. The weights
could even be adjusted on-the-fly by the user. Since a weighted ARG distance presents no additional
indexing problems, we do not consider weights for the rest of this paper.

5 Experiments
To test the efficiency of our methodology a large dataset of segmented images has to be used. In
this work we used the following datasets:
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REAL: consisting of 124 real MRI images manually segmented containing between 2 and 6
regions.
SYNTHETIC: To test scalability we generated 10,000 images as in [2] by random small
perturbations on 50 original MRI images which are manually segmented. All images contain
4 regions. The images require 12.5 Mbytes (uncompressed) for storage and their file of
ARGs 7.6 Mbytes. The space for the implementation of the R-tree is  Kbytes for  
dimensions,   Kbytes for    and  Kbytes for   .
We implemented our method in ANSI C and C
under UNIX  and we run the experiments
on a dedicated SUN/20.
Each point in our plots is the average over 50 characteristic queries. We carried out several
groups of experiments. The experiments were designed to:
Illustrate the superiority of our method over sequential scan searching. We studied the search
time for various values of the tolerance and of the dimensionality  on the SYNTHETIC
dataset. We show that our method is up to 3 orders of magnitude faster than sequential
scanning and scales-up well for large databases. The times reported correspond to the elapsed
time computed using the time system call of UNIX. These are times for database search;
times for image display are not reported, since they are common to all methods. Notice
that 99% of the response time was due to ARG distance calculations, while only 1% was
dedicated to disk accesses and other system delays.
Study the accuracy of our method. We show that our method produces almost always the
same responses that the sequential scan method produces, but much faster. To measure the
accuracy of the method, we used recall, that is, the number of retrieved images as a percentage of the number of actually qualifying images, assuming that the sequential algorithm
yields the correct answers (“ground-truth”). We did not perform experiments to judge the
“goodness” of the set of ARG features we used, since these features have been successfully
used before [41, 25, 2].

5.1 Response Time
Figure 7 shows the elapsed (wall-clock) average search time plotted against the tolerance for  
2, 3 and 5 dimensions. The search time for our method includes the R-tree search time plus the
clean-up time. For  , up to 20 images are retrieved on the average. Notice that, our method
retrieves always the most similar images (best matches).
Sequential scan takes the same time, for any tolerance, as expected. For our proposed method,
the effort increases with the tolerance. However, even for tolerance  (which retrieves roughly
20 images), the response time is significantly better than sequential scanning. For smaller tolerance,
say   (which retrieves 2 images on the average) the proposed method takes from 0.9 seconds
(  ) to 50 seconds (  ), which is, 1-3 orders of magnitude smaller than sequential scanning.
For   and   the method retrieves 5 images; the response time in this case is approximately
20 seconds, that is, 67 times faster than sequential scanning.
The effect of  should be noted: Higher  leads to more selective filtering, and thus, fewer false
alarms and less effort on clean-up.
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Figure 7: Average retrieval response time on the SYNTHETIC dataset, corresponding to indexed
and sequential scan searching, as a function of the tolerance , for dimensionality  =2, 3 and 5.
The labels denote the average value of recall.

5.2 False Dismissals
The labels in Figure 7 denote the average value of recall. Notice that the recall is always 1 (i.e.,
100% accuracy) for sequential scanning. For the proposed method the recall is always above 0.92.
If accuracy is crucial, then we would choose   ; otherwise, we would choose   (response
times are faster). Our method retrieves the 5 best matches (  ) with 100% accuracy and the
20 best matches (  ) with accuracy 92%-100%, depending on the number  of dimensions.

5.3 Scale-up
For larger datasets, the above experimental results scale accordingly. Figure 8 shows the response
time for both sequential scanning and our method, as a function of the database size (number
of stored images). Notice that our method is consistently faster than sequential scanning. The
performance gap between the two methods widens as the database grows. Therefore, the proposed
method becomes increasingly attractive for larger databases. The labels in the plot of Figure 8
denote the average value of recall. In all cases, the recall was above 94%, and typically 100%, in
the majority of cases.

5.4 Visualization
Figure 9 shows the diagram for   dimensions on the REAL dataset, that is, 124 real tomographic images, manually segmented. Notice that, there are 5 clusters corresponding to images
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Figure 8: Average retrieval response time on the SYNTHETIC dataset, corresponding to indexed
and sequentical scan seaching, as a function of the database size, for tolerance   and dimensionality  2, 3 and 5. The labels denote the average value of recall.
with 2, 3, 4, 5, and 6 regions respectively. This is because we designed the distance function to
respond to missing or extra regions. Missing (extra) regions increase the ARG distance. Therefore,
images differing in the number of regions appear far apart on the target “space” while, images with
the same number of regions tend to cluster together.
The diagram of Figure 9 can be found especially useful for browsing the contents of the
database. Once a query is mapped to a point on the above diagram, one could search manually
for similar images by browsing images mapped in the neighborhood of the query. Queries address
clusters with the same number of regions thus narrowing down the search approximately to the one
fifth of the database size.
Figure 10 demonstrates a characteristic example of a query image (top left) specifying 5 regions,
on the REAL dataset. The arrow in Figure 9 points to the projection of the query image on the 2dimensional space. Notice that since the query has 5 regions, it was correctly mapped to a point
close to the cluster of other 5-region images. Its three nearest neighbors in the above 2-dimensional
diagram are indicated with “ ”, and are shown in Figure 10 (top right, and both bottom images).

6 Conclusions
We introduce ImageMap, a method for handling similarity searching in Image DataBases (IDBs)
which has the following desirable properties:
It proved to be up to 3 orders of magnitude faster than sequential scanning.
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Figure 9: Diagram for 124 real MRI images (REAL dataset). There are 5 clusters corresponding
to images with 2, 3, 4, 5 and 6 regions respectively. The labels denote number of regions in images.
The arrow denotes the projection of the query of Figure 9. Its 3 nearest neighbors are denoted by
“5”.
It introduced no false alarms and few, or no false dismissals (the recall was greater than 0.92
and usually 1.00).
The method scales-up well for large databases (i.e., the performance gap between our method
and sequential scanning widens as the database grows).
It allows visualization, browsing and data-mining on image database contents.
It incorporates a more efficient method to compute the ARG editing distance.
ImageMap is also a method for the indexing of stored ARGs. Methods such as [13, 12] require
expensive preprocessing, perform well only on homogeneous data, are static, do not guarantee high
recall or have prohibitively large space overhead. The proposed method handles all these issues.
In our previous work [2], we did not allow for missing or extra regions and we required that at
least some of the regions are labeled and present in every image and query. In the current work,
we relax these restrictions. Finally, the proposed method generalizes representations used by other
researchers and provides index support to existing methodologies such as [26].
With respect to future work, a very promising direction is the study of data-mining algorithms
[43, 44] on the point-transformed set of images, to detect regularities and patterns, as well as to
detect correlations with demographic data. Another promising direction is the use of more recent
indexing structures, such as the R£ -tree [30] or the X-tree [31], which promise faster search times
for smaller space overhead.
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Figure 10: Example of a query image (top left) and of its 3 nearest neighbors.

A Appendix: The Eshera-Fu Distance Computation Algorithm
Here we discuss the Eshera-Fu ARG matching algorithm [9]. In the next section we propose a more
efficient implementation of it.
In the following, the ARG at the left of Figure 11 (query ARG) is compared with the ARG at
the right (model or reference ARG).
The algorithm works by decomposing each ARG into a set of “Basic Attributed Relational
Graphs” (BARGs). Each BARG has the form of an one level tree consisting of a root node corresponding to an ARG node, the arcs emanating from it and the nodes on which these arcs terminate
(terminal or leaf nodes). Figure 12 illustrates the BARGs which are produced from the example
ARGs.
The algorithm creates the state-space tree of Figure 13. Each state (tree node) corresponds to
a matching of a pair of subgraphs from the two input ARGs. Each state is labeled by a symbol ,
numbered 0 through 11 (i.e., the number of states which are produced). The root of the state-space
tree is labeled by  denoting the matching of (initially) empty subgraphs. A transition from a
state to another corresponds to the embedding (matching) of an unmatched pair of BARGs into the
already matched subgraphs. The edit operations for each embedding are recorded and their costs
are accumulated. Each state in Figure 13 is also labeled with the pairs of the embedded BARGs.
Each such pair contains the index of the query BARG, followed by the index of the model BARG.
The algorithm terminates when both ARGs have been reconstructed. A path from the root to
a leaf of the state-space tree denotes a sequence of operations that transforms the query into the
15

Query
object 2

Query
object 1

Query
object 3

Model
object 1

Model
object 2

Model
object 3

Model
object 4

Figure 11: Example of a query (left) and of a reference ARG (right).
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Figure 12: Basic Attributed Relational Graphs (BARGs) produced from the query (left) and the
model ARG (right).
model ARG (e.g., the path from  to  in Figure 13). The path with the minimum cost yields
the cost of ARG matching. In matching the ARGs of Figure 11, region 1 in the query substitutes
(matches) region 3 in the model ARG, region 3 substitutes region 4 and region 2 substitutes region
2. Object 1 in the model ARG and its related arcs are deleted.
For a complete analysis of the complexity the interested reader is referred to [9]. Assuming that
the degree Æ of the ARGs which are matched is small enough compared to the number of nodes ,
 
in the two ARGs, the time complexity of the algorithm is 
.

B Appendix: Our ARG Distance Computation Algorithm
In the original algorithm, prior to computing the minimum distance, all possible solutions must be
computed. We propose the following optimization: We don’t extend paths yielding cost greater
than the upper bound that is, the cost of the best solution found so far. To achieve an early solution
(upper bound), the state-space tree is expanded in depth-first fashion. State  in Figure 13 is a
solution which sets an upper bound; states   and  need not be expanded. Once all possible
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Figure 13: State-space tree of ARG matching. Each node corresponds to a state and each state is
labeled with the indices of the embedded BARGs.
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Table 2: Costs for arc and node insertion, deletion and substitution.
paths have been explored, the minimum total cost corresponds to the last upper bound (e.g., the
cost of state  in our example).
The heart of the method is an algorithm for the matching of BARGs. The original algorithm
doesn’t handle this problem assuming the straightforward way to implement matching by finding
the minimum cost between all possible configurations of nodes, which is exponential in the worst
case (i.e., for large Æ ); hence the complexity of ARG matching becomes exponential. Our proposed
method is polynomial: The problem of finding the best mapping between two BARGs is modeled
as an assignment problem (i.e., each root-arc-terminal triple of a BARG is considered to be a node
of a bipartite graph) which is solved using the Hungarian method [45] in  Æ   time.
In matching two BARGs, extra (missing) arcs and nodes are deleted (inserted). Matching two
nodes or arcs is equivalent to substitution. The costs of node and arc insertion, deletion and substitution are defined in Table 2. Symbols ,  denote arc attributes, symbols ,  denote node
attributes while, ,  denote number of arc and node attributes respectively. The attributes we used
in this work are given in Subsection 4.2. Notice that, substituting or inserting (deleting) a node or
an arc, is equivalent to substituting or deleting (inserting) a node or arc in the other BARG with the
same cost.
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