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Abstract

effectively store and retrieve them based on their contents.

Retrieving images based on their contents is a difficult

problem. Instead of using manually assigned content

descriptors for retrieval, we take an approach where images

are indexed and organized automatically so that the users can

retrieve images by visually browsing the organized image

space. For image indexing, the objects in an image are first

analyzed for their shape features such as roundness,

rectangularity, elipticit y, eccentricity, bending energy. These

features are used to form a feature vector that represents the

rmage. Subsequently, the feature vectors representing all the

images in a image database are organized by a unsupervised

neural net learning algorithm called Self-Organizing Map.

Since this image feature map reflects the statistical patterns,

i.e., the inter-similarities of the objects, the relationships

among the images can be recognized by their location,

neighborhood, and the way the map is organized. For the

feasibdity and practicality of the approach, a prototype system

has been developed and tested with some experiments.

1. Introduction

Visual information is known to be a persuasive, intuitive, and

most expressive communication medium for humans. Its

usefulness and usability have been increasing widely with the

advent of systems handling multi-media information in a

variety of applications areas including natural science,

military, industry, and medicine. With the emerging

technologies in high-speed communication network and the

presentation techniques, in particular, there has been a great

demand for high-quality information processing that requires

techniques for image indexing and retrieval. Because of the

large volume and diftlculties in analyzing the contents of

images, regardless of whether they are still images or video,

however, it remains to be a very difficult problem to
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Although there have been efforts to build image retrieval

systems, most of them employed a keyword-based method[ 16],

where manually chosen keywords are attached to each image

and subsequently used as the basis for retrieval. Searchers are

required to supply a list of keywords as the query, which

must be known to the system, in order to retrieve images from

the database. An obvious drawback of this approach is that

there exist mismatches between indexing terms and query

terms. In addition, human indexers have a diftlculty

maintaining consistency for index term selections.

In order to overcome the problems of keyword-based

image retrieval methods, researchers have considered using

image content features as a basis for retrieval. Jagadish[4]

proposed a method by which image shapes were represented

in terms of a set of covering rectangles, which are m turn used

to calculate the similarities of the images. Grosky and

Mehrotra[2] represented feature shapes by an ordered set of

boundary components (vertices of a polygonal boundary) and

constructed a feature index tree that contains shape similarity

information. Mehrotra and Gary[ 12] used maximal curvature

boundmy points for shape representation and PAM index to

organize the local structural features of the stored shapes. The

QBIC system developed by Niblack et al.[9,10,13] accepts

multi-feature queries based on colors, textures, shapes,

position of images and the objectshegions they contained, and

retrieve images using them.

The content-based methods mentioned above differ from

each other in terms of the features chosen and the measures

used to extract them. However, they share some common

drawbacks:

●lacking in unified query processing,

●failing to handle partially occluded (or overlapping)

shapes,

●using quite complicated index structures and/or search

technique (large fraction of the index being traversed on

each access),

●not being invariant under translation, rotation, orientation

and change of size, or

●relying on small features that are often ignored by
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humans.

Aside from the problems in the retrieval methods, there

are other issues that need to be addressed to build an effective

image retrieval system. First of all, it is very difficult for

searchers to describe what image they are looking for. A

searcher comes to a retrieval system because he is in an

anomalous state of knowledge. As a way to help the searcher

express his need for an image, an effective image retrieval

system must be able to display the contents of indexed data in

a user-friendly manner. This kind of systems can be seen as

having an ability to spark understanding, insight, imagination,

and creativity of the users through theses graphic

representations and arrangements.

Many researchers suggest visual display techniques for

information retrieval and Crouch[l ] provided an overview of

these techniques. The techniques he reviewed include

clustering, multidimensional scaling, iconic representation and

component scale drawing, but most of these techniques are for

non-interactive environment.

Another issue is that for effective image retrieval, the

indexing method should capture the relationship among the

images being searched for [3]. This should be done in such a

way that transformation of the objects does not affect the

result. Needless to say, the display technique should be able to

show the relationship in an intuitive manner.

As a way to address the issues discussed above, we

propose a method by which a neural network technique called

self-organizing feature map(SOM) proposed by

Kohonen[7,8, 14] is used to organize images. A map created

this way can be used as an interface to the users and browsed

by them. The map provides the visual effect of going

through geographical features of the areas. More specifically,

we propose a visual information retrieval system having the

following fmctionahties:

●Extraction of the boundary of images as a smooth curve

using a modified Snake technique [6].

●Constmction of an image feature vector using the

extracted boundary points, which is invariant under

changes of atlas. The features are: form factor,

bounding rectangle, ellipticity, eccentricity, and

bending energy.

●Creation of a 2-dimensional image feature map by

organizing the image feature vectors with SOM.

Basically the map reflects the frequency and the

distribution of the feature vectors as well as their

relationships.

●Design and implementation of an easy-to-use user

interface based on this map, which can be used to

access the images.

It should be noted that our goal is to provide a user interface

by which users can browse through images in a neighborhood

without wasting time to view unrelated ones.

The rest of the paper is organized as follows. Section 2

reviews a simplified SOM algorithm and its characterization.

Section 3 describes image features used to construct image

feature vectors. Section 4 shows an image fmture map

constructed through an unsupervised learmng based on the

SOM algorithm. Section 5 describes how this map can be

turned into an image retrieval system. Section 6 compares

retrieval results of a human with those of the proposed system

and attempts to validate the five features and the overall

system. Lastly, our concluding remarks appem in Section 7.

2. Self-Organizing Feature Map (SOM)

SOM is constructed with a single layer feedforward

network, with inputs and an activation layer. The activation

layer consists of an array of neurons that are arranged on a two

dimensional plane. The SOM learning algorithm is based on

nearest neighbor competition. Its main feature is the weight

adaptation procedure that, through many iteration steps,

reduces the difference between the input vector, X(t), selected

at time t and the weight vector, Wk(t), for node k at the same

time t, Wk (t).

More specifically, the algorithm for the feature map

construction consists of two basic procedures, selecting a

winning node and updating weights of the winning node and

its neighboring nodes. The winning node m is selected such

that II X(t) -X~ (t) II= minll X(t) - Wk (t) 11,where II . II is the

Euclidean distance between two vectors. After the winning

node m is selected, the weight of m and the weights of the

nodes in a defined neighborhood are adjusted so that similar

input patterns are more likely to select this node again. This is

achieved with the following formula:

(1)

where O < q< 1 is the learning rate and h(e) is a learning

function whose value decreases as the learning progresses as

follows

-d

h(t) = r(l). ez (2)

where d is the Euclidean distance between the wining node m

and the wining neighborhood nodes k in the two

dimensional grid. A fhnction r(t) is used to calculate the

radms of the neighborhood, which decreases as the training

progresses, too. In our system, we use a semi-linear fimction,

–t

r(t) = P2.e ‘(T-t)
(3)

where T is the maximum iteration number, t is the current

iteration number, and PI and PZ are constants. Early examples

and applications of the self-organizing feature map mostly

demonstrated that the feature map could preserve the metric

relationships and topology of input patterns. The application

of the feature map to information processing[8] particularly
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offkrs the possibility “to create in an unsupervised process

topographical representations of relationships in input data”.

Following this claim, we constructed a self-organizing feature

map for image data.

3. Construction of an image feature vector

In order to characterize images for map construction,

their contents need to be analyzed and represented. We

chose to use five features that had been introduced in the

image processing literature. Since analysis of an image object

shape can be affected significantly by scale, translation, or

rotation of the object, it is important to be able to describe the

shapes consistently regardless of their position, sizes, and

orientations. In the following, we explain the five features we

used, which are quite independent of various

transfonnations but capture the characteristics of objects.

For each image data, the normalized image feature vector

consists of five elements:

f,ha~e= [ff~m, k, fcti~s., fecc, fbend]T,

where fk~, frect, felbpse, fecc, fh.d are the measures for
roundness, rectangularity, ellipticity, eccentricity, bending

energy of the object shape, respectively. The five features are

obtained as follows.

●Featnre 1: form factor

This is found in early literature as a way to measure the

surface area of irregular regions, and formulated as:

4-z*A
ffom= p (4)

where A is the area of the object, and P is its perimeter. For a

circle, for example, ffom is 1.0, and since any other shape

has longer perimeter per unit area, the value gets smaller.

●Feature 2: Bounding rectangle

This shows how well a region is approximated by a

rectangle. The rectangularity measure f,..t is the ratio of the

area of a region to the area of the smallest rectangle that

encloses it:

f..., = A A
rectangle

(5)

A is the area of the object and A,~~ti~, is the area of the

enclosing rectangle. The enclosing rectangle can be

calculated by using the principal axis(PA) of the object.

Arectangle=[ Xm - x., [“IYR - y“, 1, (6)

where XLR, YLR, XUL, and YUL are for the minimum and

maximum coordinates of the rectangle, respectively.

● Feature 3: Ellipticity

This measure calculates the degree of ellipticity by using

the major and minor lengths of the object and its area. If the

object is elliptical, the object’s major axis is the same as PA’s

major axis and the minor axis is the same as PA’s minor axis.

Its area should be

A =zolLR-LLly LR-LLl
elllpse

2 2
(7)

so the ratio of A / &~p,, is close to one, if the object is highly

elliptical.

● Feature 4: Eccentricity

This gives a measure of how elongated an object is.

Eccentricity can be defined as R~~ / R~~, the minimum and

maximum distances to the boundary from the center of mass

for a general object.

R
Fecc= ~

R
mu

● Feature 5: Bending energy

(8)

This is another attribute associated wth the curvature and

measures irregularity of the shape of the object. When t

represents distance along the boundary, then curvature k(t) is

(9)

By using k(t), the bending energy of the object 1s given by

(lo)

In order to characterize Images for subsequent

organization, each shape is analyzed using the five different

methods and normalized to form a feature vector. It is our

conjuncture that different measures are sensitive to different

resolutions of image details, and hence the 5-measure feature

vectors should provide more reliable Image characterization

than using a single feature measure.

4. Construction of image feature map

Object shape analysis of image data M performed by fust

segmenting each object from its background and detecting

its boundary points to form closed regions. Among the

numerous segmentation techniques, we employed the

“modified snake’’ [6] which uses global shape of an object. The
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object boundaries recognized as such are used to analyze the

shape of an object. We then analyze the shapes of the image

data and construct feature vectors which in turn are used to

form a feature map by using the learning algorithm introduced

above.

Some 150 images were chosen as the target images ffom

children books. Fig 1 shows an image feature map obtained

with the learning algorithm. Although all of the 150 images

can be placed in the map, we decided to show a single

representative image for each region formed by the straight

lines for general situations. Other images are linked to the

representatives which are selected as the centroid of those

belonging to the region. As described earlier, it serves as an

overview of the objects in the data store. This map was

obtained after 2000 training cycles.

Fig 1: Image feature map

It is shown that although the shapes of the image data are

very different from each other, the objects are organized and

clustered relatively well according to our intuitive notion, and

that the five features used as the components of the vector are

good discriminator for them.

The image feature map for image retrieval contains very

rich information. It maps a high dimension image space to a

two-dimensional map while maintaining inter-relationships

among the objects quite faithfully. In addition, it shows the

underlying structure of the image data by showing

neighboring areas of major concepts in the image space. The

properties such as the areas, locations, size, and neighbors all

reflect the statistical patterns of the image space. More

specifically, the image in each area is the representative and

the size of the area is proportional to the number of images of

similar kind in the area.

One obvious advantage of a two dimensional map is that it

can be displayed on a screen. This makes it possible to use the

map as an interface for retrieval systems. Since the map

makes the underlying structures of the image space visible,

the feature map interface is likely to allow for more efficient

and effective browsing and selection of images fi-om an image

database

5. System design

A prototype system has been developed by using X,

MOTIF, and C language. The system uses an image feature

map as the interface to images. The frost screen of the system

shows an image feature map resulting from the image data in

the system (Fig 2(a)). It serves as an overview of the data in

the system and provides implicit links among related images.

Using the mouse, the user can click a node fi-om the map. This

selection will cause the system to display a list of small

images considered to be similar to the selected node (Fig

2(b)), where s/he can choose to see a particular image in firll

record (Fig 2(c)).

On any full image screen in the system, there is a

button(previous screen) that allows the user to go back to the

overview map. The system records footprints on the map for

the moves from or back to the map as a way to help the user

remember which nodes have been visited and decides which

nodes to visit next.

Flg 2 (a): Image feature map

The sliding bars on the right in Fig. 2 (a) can be used to

emphasize or de-emphasize a pmticular feature in forming the

map. This device can be used to eliminate a undesirable

feature for a particular set of images. That is, the user’s

preferences can alter the shape of the map. It should be noted

that this devise has nothing to do with the automatic feature

extraction process.

Figure 2(b) shows the individual images stored within a

particular area and the associated similarities that the system

calculated based on the feature vectors, When the user
selects a particular image horn the display, a full record is

shown as in Figure 2(c). Shown in the middle of the upper

half are some attributes of the image. The window in the

lower half is used to provide any textual information

explaining the image content.
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worth pursuing without worrying about the effectiveness for a

particular task. A thorough testing for a browsing system was

beyond the scope of the work. As such, we evaluated two

aspects of our approach: 1) validity of the features, and 2)

overall performance.

6.1. Evaluation of Features

Features in our system correspond to index terms in a

text retrieval environment. Since there are only five features

for our feature vectors used to compute similarities, it is far

more important to test how good they are in our system than in

text retrieval systems. We adopted the idea of calculating

discrimination values for potentially useful index terms[l 5] as

a way to judge to what extent it contributes to the process of

making images look dissimilar.

We first calculated the average similarity among 86

vectors containing all of the five features. This was done by

calculating pairwise similarity values and taking the average

of them. For each feature, we eliminated it from all of the

feature vectors and repeated the above process to compute the

average similarity without the particular feature. By

subtracting the latter from the former similarity value, we

obtain the discrimination value of the feature. A positive value

indicates that the feature is a good discriminator since without

it, images look more similar. On the other hand, a negative

value indicates that by using the feature, we make the images

look more similar and blur the distinctions among them. The

results are in table 1.

Fig 2 (b): Selection window

Features Form Bounding Ellipticity Eccentricity Bending
IFactor IReetangle I I IEnergy

Avg. Similarity. 0.59 0.62 I 0.65 0.59 0.61 1
wfout Feature I I
Discrimination I 0,05 I 0.08 I 0.11 0.05 I 0.07
Value I I I

Table 1. Discrimination Values for Features
Fig 2 (c): Information screen

6. Evaluation

Evaluating an interactive system is not an easy task

primarily because such a system is supposed to work with

human users going through complex cognitive processes for a

given task. While researchers begin to address the problem of

thoroughly evaluating software systems in a task environment

[5][1 1], it remains as a challenging problem that is often

simplified by the system designers and developers. In IR, for
example, system evaluations have concentrated on measuring

precision and recall, both of which is at best based on

referee’s judgments in isolation from the task situation,

although II? is rarely performed without a specific task in

mind.

Since our prototype system uses relatively simple images

to test the combination of ideas, we had to devise an

experimental setting to test whether the ideas are valid and

The results show that features individually are relatively

good discriminators and that among them ellipticity is the best.

This means that using the features at least does not hurt the

process of distinguishing images from each other and are

worth including in forming feature vectors for image retrieval

pwposes. While this kind of test helps us assure that a

particular feature is worth extracting from images, it should be

noted that discrimination values can be dependent on the

characteristics of data.

6.2 Overall Performance

Knowing that the features are doing their job for

similarity calculations, we wanted to understand how well the

system performs in comparison with humans in terms of

organizing images based on their similarities. This

comprehensive evaluation tested the combination of the

feature extraction method, features, vector similarity

calculation method, and map organization.
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Two phone-company employees with no background

knowledge in information or computer science were given the

task of selecting similar images for a query and ranking them

in order of similarity values. More specifically, each

individual were given 14 queries chosen among all the images,

and had to go through 131 images and selected as many

images deemed similar to each query image as possible. For

each query, it took about 5 minutes on the average for them

to finish the task. Since there was suftlcient consistency in

selecting and ranking images between the two individuals, we

chose only one result set for comparisons with the system

result.

Since the goal of the system was to organize images for

browsing, we thought that comparing two ranked lists of

images was not the best way of measuring the system

effectiveness. Instead, we measured the degree to which the

system organized relevant images around the query so that

users did not have to look too far to find relevant images. For

this purpose, we counted how many relevant images selected

by the human were actually positioned near the query by the

system. Here the “nearness” is defined as the distance of a cell

containing a relevant image from the query, and we

considered 8 cells with distance one and another 16 cells with

distance two.

query Q1 Q2 Q3 Q4 Q5 Q6 Q7

ic# pl15 p106 pllo ploo p94 p93 p92
:=1 7/10 6/10 6/9 4/7 5/8 3/5 517
D=2 8/10 8I1O 8/9 617 718 315 717

query Q8 Q9 Q1O Q11 Q12 Q13 Q14

ic# p68 p61 p57 p41 p45 p33 p28 Total
:= I 317 6/10 317 316 4/9 316 215 60/106
D=2 5/7 10/10 6/7 5/6 719 4/6 315 87/106

Table 2. Overall Performance

Table 2 shows how many relevant images were actually

positioned within the distance 1 and distance 2, respectively,

by the system. It shows that about 56.6’% of relevant images

are positioned in one of the 8 cells (distance = 1) and 82°/0 in

one of the 24 cells (distance= 1 or 2).

The tables in the appendix show the actual rankings of

the top 10 images by the human and by the system,

respectively. The empty cells indicates that the human

selected less than 10 images. The underlined picture numbers

are for those judged relevant by the subject. The weights in

each of the tables represent the similarities the system

calculated. Having analyzed the mistakes made by the system,

we found that the humans ignore small details in analyzing the

images whereas the system pays attention to precise

differences on image boundaries with the bending energy
feature.

7. Conclusion

In this paper, we introduced an approach to building a

visual interface to an image database by forming image feature

vectors and organizing them with an unsupervised learning

algorithm, and showed our prototype system for image

retrieval. Since the prototype system we constructed

represents the relationship among image data as their relative

locations and the size of each region, users can browse

through the contents of the data store with ease in an

interactive mode. We believe that this environment can serve

as a good interface to image databases and allows the users to

navigate through the images when they have a difficulty

expressing their needs for images. This should prove to be

particularly usefid when no facilities are available for

formulating queries.

While we demonstrated by building a system that image

features used for vectors are good discriminators for image

data for the purpose of constructing an image map, we also ran

some experiments to validate the five features and to see the

overall efticacy of the scheme. The results show that the

rankings from the system matches those of humans quite well

and indicates that the features and the map characterizes the

way humans interpret the notion of image similarities.

Although the current prototype shows reasonable

performance compared to the human judgments and some of

the common drawbacks of content-based image retrieval

methods have been eliminated, we feel that this M only the

beginning of research for image retrieval. Among the

questions to be tackled in our future studies are:

●

●

●

●

What other features need to be introduced to process

more complex pictures?

How can an image with multiple objects be analyzed

and represented?

How can this scheme be made scalable to a database

containing a larger number of images?

Would the SOM be more effective when a three

dimensional grid is used? What would be an effective

display mechanism to be employed to reflect the

change?
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Appendix

Comparison between human rankings and system rankings of

images for given query images.

Query 2: P106(oval shape)

Rank 1 2 3 4 5 6 ‘7 8 9 10

Human P117 P26 P12 P32 P102 P83 P78 P108 P95

System ~ ~ P105 P83 m m ~ ~ ~ ~

[weight(’?/o)] (97) (97) (90) (89) (83) (80) (79) (70) (63) (61)

Query 3:PI 10(long log)

Rank 1 2 3 4 5 6 7 8 9 10

Human P52 P17 P90 P108 P53 P81 P103 P72 P82

System ~ P97 Plol ~ m P78 P12 P102 ~ ~

[weight(’%o)] (89) (85) (85) (82) (81) (81) (80) (79) (70) (69)

Query 4: P100(shaver)

Rank 1 2 3 4 5 6 7 8 9 10

Human Pill Plo P18 P96 P15 P8 P31

System ~ P120 ~ m ~ P6 Pll P107 P97 Plol

[weight(’YO)] (93) (89) (83) (82) (82) (81) (75) (70) (63) (60)

Query 5: P94(star)

Rank 1 2 3 4 5 6 7 8 9 10

Hmnan P1 P5 P4 P87 P86 P3 P2 P75

System H ~ ~ P41 ~ P24 P74 ~ ~ ~

wei t 0/0gh (90)[01 (99) (97) (97) (95) (89) (88) ( )85) (83) (80

Query 6: P93(glove)

Rank 1 2 3 4 5 6 7 8 9 10

Human P73 P21 P24 P116 P98

System ~ P32 u ~ P13 P58 P102 P7 ~ P70

[weight( O/O)] (83) (80) (80) (79) (70) (65) (60) (58) (53) (51)

Query 7: P92(triangle)

Rank 1 2 3 4 5 6 7 8 9 10

Human P71 P39 P113 P38 P34 P30 P68

System ~ ~98 ~ ~ ~ ~ ~ P23 P74 P85
[weight(’YO)] (99) ( ) (96) (94) (92) (89) (88) (82) (81) (75)

Que~ 8: P68(heart)

Rank 1 2 3 4 5 6 7 8 9 10

Human P30 P85 P74 P98 P67 P58 P116

System ~ P7 ~ ~ P28 P62 P29 P20 P23 ~
[weight(”/o)] (92) (90) (87) (83) (82) (75) (72) (68) (63) (61)

Query 9: P61(pencil)
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Rank 1 2 3 4 5 6 7 8 9 10

Human P19 P17 P97 P18 Pllo P108 P16 Pill P8 P14

System ~ ~ ~ P15 P130 P107 m P13 ~ ~

[weight(”/o)] (99) (97) (97) (96) (95) (90) (87) (83) (82) (80)

Query 10 P57(automobde - front view)

Rank 1 2 3 4 5 6 7 8 9 10

Human P56 P55 P99 P78 P81 P12 P72

system ~ ~ ~ P36 p44 P69 P51 m ~ P70

[weight(”/o)] (92) (90) (89) (85) (83) (79) (76) (68) (62) (59)

Query ll:P41(ai@ne)

Rank 1 2 3 4 5 6 7 8 9 10

Human P40 P4 P1 P5 P25 P94

System ~ ~ ~ P2-I P86 P87 P3 P21 P74 P73

[weight(O/O)] (93) (92) (88) (86) (83) (78) (72) (68) (62) (59)

Query 12: P45(automobile - side view)

Rank 1 2 3 4 5 6 7 8 9 10

Human P46 P43 P37 P36 P63 P47 P42 P35 P44

System ~ ~ P55 ~ ~ ~ ~ P79 w P56
[weight(”/o)] (92) (91) (87) (85) (83) (81) (80) (79) (78) (76)

Query 13: P33(four-legged animal)

Rank 1 2 3 4 5 6 7 8 9 10

Human P22 P25 P74 P87 P24 P77

System ~ P73 P70 P76 ~ P21 ~ P7 ~ P93

[weight(O/O)] (89) (87) (83) (78) (77) (76) (68) (66) (62) (58)

Query 14: P28(butterfly)

Rank 1 2 3 4 5 6 7 8 9 10

Human P29 P16 P32 P70 P7

System ~ P21 P20 P62 P98 P77 ~ P74 P93 P73

[weight(”/o)] (89) (87) (73) (71) (70) (62) (60) (56) (55) (53)
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