F—F_—A VAT A T4
(1990. 5. 17)

YIVF X T 1 TIRRIRE
- [BF £ ORGP S -

e #—  FEH £EFk
C&2570 A

(HES)

BB ARTH, VATFANTNTF AT THERY ERNCER L CRHAZ LS TEL L) %,
INF AT 4 THERBEOMBELYBNT 5, SVFA T4 THEOERSI L LT, FIAZOR A,y
F&F—& LTHBEMKET S QVE (Query by Visual Example) 8 & UF, FEMNLSELF#HH» 0 B LMD
LWBER %8 T 5 QBD (Query by Subjective Description) TOME S A % R ¥ o

DL HERRELERT 572010, ARLEN 2BEH 0 G  TF LT 5 LRI, 2
ZRAPOFHZBEETIMET O L NEETH L, ARTIR, CNOLEFHATH-OOEKRNT— 5 T
FIWDRFBIZDONWT O EET %,

A Cognitive Approach to Visual interaction

- Electronic Art Gallery -

Toshikazu KATO and Takio KURITA
Electrotechnical Laboratory
1-1-4, Umezono, Tsukuba Science City
305, Japan

Tetsuya MIZUTORI

Meidansha Corp.
2-1-17, Oosaki, Shinagawa
Tokyo 141, Japan

Abstract

This paper describes the ideas of visual interaction and their implementations on an image database
system. The visual interaction includes a query by visual example (QVE) and a query by subjective
descriptions (QBD). The former provides a sketch retrieval function and the latter provides a sense
retrieval function. This paper shows the detail algorithms of these functions developed on our
experimental database system ART MUSEUM. These functions use a pictorial index created by image
analysis and a personal index automatically learned as the user model. They formed visual interactionin a

truly user-friendly manner. This paper also summarizes the requirements to amultimedia data model from a
coghnitive aspect.



1. Introduction

A visual interface plays an impor-
tant role in multimedia information sys-
tems. We need a visual interface to enable
flexible man-machine communication in
the user-friendly manner. Especially we
request the visual interface for image
database systems to communicate the vi-
sual information to and from the system
[lyen 88, Gros 89].

Modern engineering workstations
provide visual interfaces using icons,
menus and a mouse. Window systems
also provide us with several drawing
tools. In spite of visual presentations, the
computer system receives only alphanu-
meric data as the result of an operator ac-
tion, such as typing commands or select-
ing options from a window system de-
vice. Even though they provide a user-
friendly interface, these systems do not
interpret the visual information itself such
as the meaning or similarity of the images.
Therefore, the window systems do not
provide enough facilities for visual inter-
action with a database.

What are needed in visual interac-
tion? We can summarize the essential
needs in visual interaction as follows
[Kato 89a, 89b].

(a) We want to process the visual in-
formation itself within the
database.

(b) We need to communicate this in-

formation to and from the database

in a user-friendly manner.

We can answer these needs taking a cog-
nitive approach. The cognitive approach
integrates both image model and user
model on a semantic data mode! to inter-
pret and operate the visual information
semantically. The image model describes
the physical constraints of image data,
while the user model reflects the the visual
perception process of the user. The se-
mantic data model gives the framework
for describing the relationships.

This paper describes the ideas of
visual interaction from our cognitive
aspect in Chapter 2. We will show our
approach by typical user's query requests.
We will show our approach by typical
user's query requests. A query by visual
example (QVE) provides a sketch retrieval
function and a query by subjective de-
scriptions (QBD) provides a sense re-
trieval function. This chapter also intro-
duces our experimental database system

ART MUSEUML. The algorithm for
QVE are described in Chapter 3. The
system automatically creates the pictorial
index for sketch retrieval. This index de-
scribes the general composition of paint-
ings. Chapter 4 describes the detail algo-
rithm for QBD. We have designed this
algorithm to refer the user model in sense
retrieval. This model describes the corre-
lation between the color feature of paint-
ings and the subjective impression of each
user. This chapter also includes the
learning algorithm to build the user model.
Chapter 5 discusses the requirements for
the multimedia data model from our expe-
rience.

2. Intelligent Visual
Database System

2.1 Visual Interface

"A picture is worth a thousand
words" Visual information is a good man-
machine communication media. We will
regard visual information as not only im-
age data itself but also linguistic data re-
lated to some image data. For example, a
photograph and a hand-written sketch be-
long to the former category. Subjective
remarks on an artistic painting belong to
the latter category. We can communicate
the visual information to and from the
system in the visual interaction process.

Several experimental image
database systems provide visual inter-
faces. The QPE system provides the
schema of graphic data in a tabular form
[Chang 80]. The image browser navi-
gates a user tracing its hypermedia-like in-
dexes [Kasa 89]. In the icon-based sys-
tem, an icon is the key of an image as well
as the element of the visual query lan-
guage [Chang 88]. Even for the al-
phanumeric database systems, we find
several graphic languages to manage the
database schema and to retrieve the data
[Bryce 86, Czejdo 90]. While these sys-
tems use graphic devices to show schema,
icons and guidelines, their queries are
only substitutes for the query languages
on alphanumeric data. These interfaces do
not interpret the semantics of the visual in-
formation which we want to process.

We wish to process the semantics
of visual information and to communicate

1 ART MUSEUM: Multimedia Database
with Sense of Color and Construction
upon the Matter of Art.



the visual information to and from the
database in a user-friendly manner. We
expect image database systems to have
good visual interfaces to enable such vi-
sual interaction.

2.2 Visual Interaction Facilities
Then, how do we organize such a

visual interface? We will show our ap-

proach by typical user's query requests.

A user often wishes to see some
painting which he keeps in his mind.
Then, he has only to draw its rough
sketch and show the sketch as a pictorial
key to the system. We call this kind of vi-
sual interaction a query by visual example
(QVE). QVE should evaluate the similar-
ity between the sketch and the images in
the database. Therefore, we have to de-
fine a similarity measure on a robust im-
age model [Kato 89d, Kurita 90].

Our second request to visual inter-
action is a query by subjective descrip-
tions (QBD). A user often wishes to see
several paintings which may leave him
some artistic impressions. Then, he has
only to describe such impressions by his
own words to see several paintings which
may leave him similar impressions. This
kind of visual interaction is sense re-
trieval. Note that our impressions differ
for each of us, even when viewing the
same painting. Therefore, the system
should analyze and learn the correlation
between the subjective descriptions and
the images with each user. Such correla-
tion forms a user model. We have to de-
velop a simple learning algorithm to adjust
the model to each user.

Thus, we have to design a robust
image model and a user model. These are
the requirements and the technical prob-
lems associated with visual interface and
visual interaction.

2.3 Cognitive Approach

Let us discuss the conventional
approaches to image database systems
with relation to the intelligent visual inter-
action. We may classify them into the im-
age model approach in image processing
and the semantic data model approach in
database designing.

In the image model approach, the
major topics have been physical data
structures of spatial data for data com-
pression and high-speed data access.
Such database systems assume some im-
age models only to design suited data and
file storage structures in this aspect [Ahuja

81]. Pattern recognition facilities also as-
sume some image models for pattern
classification. They are only referred as
the fixed templates, while image models
describe the physical constraints of image
data.

On the other hand in the semantic
data model approach, we know several
data models, such as ER model, to design
the database schema. These data models
describe the relationships among the enti-
ties and their attributes of images. An
object-oriented model is an extended se-
mantic data model suited to multimedia
database systems [Masu 89]. Such data
models are also useful to describe the
knowledge about the real world [Gros
89]. Since semantic data models gives
only a formal framework of knowledge
representation, they do not concern the
contents and the evaluation of image data.

Recently, the cognitive aspect was
pointed out with man-machine system de-
signing [Norm 86] and with database
schema designing [Neu 89]. While they
denoted the user model, their ideas cover
only the operations for relationships on
the semantic data model. The interpreta-
tion mechanism and the integration
method were out of range.

Visual interaction requires inter-
preting the contents of image data to op-
erate them semantically. Interpretation al-
gorithms have to suite the visual percep-
tion process of each user. Such process
belongs to a subjective human factor.
Thus, our requirements on visual interac-
tion suggests another approach to image
database systems. In this context, we will
call it cognitive approach. In the cognitive
approach, we have to combine the image
model and the user model on the semantic
data model to support visual interaction.

2.4 ART MUSEUM System

We have been developing an elec-
tronic art gallery called ART MUSEUM
[Kato 89a, 89b, 89¢c]. The ART MU-
SEUM is a collection of full color paint-
ings of landscapes. The ART MUSEUM
system provides both types of visual in-
teraction. QVE is available for sketch re-
trieval using pictorial keys. QBD is also
available for sense retrieval using some
words from the user's personal taste.
Figure 1 shows the overview of the ART
MUSEUM system. This system has two
types of special indexes for visual interac-
tion. One is a pictorial index and the other
is a personal index.
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We have assumed
following image models to
design the pictorial indexes.

Query by Subjective Descriptions

Query by Visual Example

The general composition and
the coloring characterize

each full color painting.
A contour image
roughly approximates the

(QBD) (QVE)
Adjs. Paint. Adjectives and-written
(SF space) Sketch
Learning
\ / /

general composition of the
color painting. Applying a
differential filter to the color

C

anonical Correlation
(Adjectives & Paintings)

Thinned
Image

painting, we get its contour
image. A user has only to

Special_Indexes for

draw a sketch of the overall

Visual Interaction

4 y

picture as a pictorial key in
QVE. The system searches
for a similar composition on

Personal Index on Pictorial Index
Impression & Coloring on Composition
(UF space) (GF space)

the pictorial index,
comparing the parameterized

{User Model] A

[image Model] A

graphic feature of contour

images. Then, the system e
finds the target picture and
presents it in a full color

Canonical Correlation
(Adjectives & Paintings)
\ J

)

Contour
Image

representation.
An artist paints with

t

many colors. We can
parameterize the coloring by
the distribution of the RGB

Color Feature
(GF space)

Edge
Points

intensity values. The

A

system refers this pictorial
index to create the following
user model and personal

<

Full Color Paintings of Landscapes

index.
We have also

Fiqure 1. Overview of the ART MUSEUM System and Visual interaction

assumed a user model to
design the personal index.
The subjective descriptions of each user
correlate with the coloring of paintings.
The system analyzes such correlation
between the set of words and the
parameterized coloring feature on the
several test samples. The system uses the
correlation as the personal index for the
user. The user has only to show several
words in QBD. The system evaluates the
most suited coloring to the words on the
personal index. Then, the system
provides the paintings of suited coloring.

3. Query by Visual Example

3.1 Pictorial Index

The general composition of paint-
ing is one of the major part in our impres-
sion. This chapter discusses an approach
to the visual interaction, which is query by
visual example (QVE). A user has only to
draw a sketch of the overall paintings to
retrieve several paintings of similar com-
position.

A contour image roughly approx-
imates the composition of the original
color painting. The ART MUSEUM sys-
tem has a pictorial index of contour im-
ages for QVE. We have developed the
following differential filter on RGB space
to get a contour image.

[Construction of pictorial index]
1) Apply an affine transformation to
normalize the image size into 256

x 256 pixels. Then, apply a me-

dian filter of 3 x 3 pixels window
to smooth the RGB intensity val-
ues.

) Apply the following nonlinear dif-
ferential filter to evaluate the edge
rate.

AS =Al/1.

Where for each pixel m xy and for
each of its 8-nearest neighbors
My,

Al =m,, -m,,,



Fiqure 2. Color Image and its Contour Image

I=m, +m,,.
Choose higher edge rate points

from the distribution of AS to get
a binary contour image.

Apply a thinning algorithm to the
contour image.

Calculate the number and the rate
of edge directions p;. (Currently,
the edge directions are digitized
into 36 patterns).

3

4
&)

Figure 2 shows the original color
images and their contour images derived
from this algorithm. These contour im-
ages approximate the general
composition of the original
color paintings. OQur differ-
ential filter satisfies Weber-
Fechner's Law in visual
psychology [Mac 86]. We

Query by Visual Example
QVE

Hand-written
Sketch

¢))] Apply an affine transformation to

normalize the image size into 256

x 256 pixels. Then, apply thin-
ning algorithm to the image, and
calculate its GF vector p, of the
number and the rate of edge
directions.

Choose the suited paintings whose
GF vector p; is near to the user's
sketch.

2

In the current stage of our re-
search, we have assumed that the user can
write down the detailed sketch. The de-

Full Color
Paintings of

Landscapes
(Database)

will refer to the number and
the rate of edge directions as
the pictorial index of graphic

Affine Tr. \

A

Intermediate Images

Affine Tr. & Median Filt.

feature (GF) vector on
general composition.

Normalized
Image

3.2 Sketch Retrieval
Let us show the
sketch retrieval algorithm in
QVE. Figure 3 shows the
outline of this algorithm.

Thinning

f Thinnin

The user has only to draw a
sketch of the overall pictures.
The sketch is thinned and
referred to as a pictorial key.
The system searches for a
similar composition on the
pictorial index. Then, the
system provides the target

Thinned
Image

Contour

Pictorial Index

picture with a full color
representation.

[Sketch retrieval]

Graphic Feature (GF) space
on Local Edge Direction

Figure 3. Sketch Retrieval in QVE




velopment of a powerful matching algo-
rithm for rough sketches is the next stage
of our research.

4. Query by Subjective De-
scriptions

4.1 Visual Impression and
Color Feature

To retrieve some paintings which
give us some impressions, key word in-
dexes have been the popular approach.
The indexer assigns several key words to
each image as the index terms. The user
retrieves some images by the preassigned
key words. Even if the key word the-
saurus is available, this approach has fol-
lowing two problems:.

(a) The indexer has to assign some
key words to every painting in the
database, which costs much per-
sonnel expense.

(b) Such descriptions may differ for

each person according to his cul-

tural backgrounds, even when

looking at the same painting.

Therefore, we have to model how
each user feels as the user model. Art
critics views paintings from several
aspects. They take notice on motif, gen-
eral composition and coloring. [Chiji 83]
reported that the dominant impression
generated by paintings is coloring. From
this aspect, we may expect there is a rea-
sonable correlation between the coloring
and the words in the reviews.

The ART MUSEUM system
learns the correlation between such color-
ing and the subjective descriptions of the
user's impressions. We may refer such
correlation as the user model. In our cur-
rent implementation, the artistic impres-
sions are described by special 30 adjec-
tives.

4.2 User Model and Personal
Index

Let us show the algorithm for
learning a user model. We cannot directly
compare the words of subjective descrip-
tions and the coloring of paintings, since
they have different domains. Therefore,
we have parameterized the words and the
coloring into the subjective feature (SF)
vector and the graphic feature (GF) vector
at first. Here, the SF vector shows the
weight of the adjectives for the user's im-
pressions. The GF vector shows the dis-
tribution of the RGB intensity values.
The SF vectors and the GF vectors make

the SF space and the GF space, respec-
tively. We adopted several test samples
from the database to analyze the correla-
tion between the SF space and the GF
space.

Figure 4 shows the outline of the
learning algorithm. A user describes his
impressions by several adjectives with
each painting in the test sample, which
gives SF vectors. The system extracts the
GF vector of each painting. We need a
unified feature (UF) space where the cor-
relation between SF space and GF space
is maximum. We can construct such a UF
space by the canonical correlation analy-
sis. The canonical correlation analysis is
one of the multivariate analysis methods to
correlate the distinct domains {Cooly 71].
The algorithm to construct the UF space
and the personal index is as follows. (See
also Figure 4(a)).

{Construction of the UF space and per-

sonal index]

)] Sample arbitrary paintings from
the database as a learning set P.
The user gives his impressions by

a , to each painting k € P. (The
SF vector a , shows the weights

of adjectives).
Apply an affine transformation to
normalize the image size into 256

x 256 pixels. Then, apply a me-

@

dian filter of 3 x 3 pixels window
to smooth the RGB intensity val-
ues [Rosen 82]. Calculate the GF
vector p, of each painting

k € P. (The GF vector p, is a
histogram of RGB intensity
values).

Construct the linear mappings F
and G to correlate f; and g,
applying the canonical correlation
analysis.

fk = F' a k

8k =GPy -

(F' means the transposed matrix of

3

P
Calculate the UF vectors with ev-
ery painting in the database by

g:=Gp,;

4)



We will refer the UF
space of g; as the personal

Adjectives
for k

Full Color
Painting k

index. Note that we do not
have to assign the adjectives
a , to every painting in the
database. Once the system
has
mappings F and G, it can
automatically construct the
personal index only from
the GF vectors. This
algorithm reduces the
personnel expenses for
indexing.

If we develop this
image database system on

Subjective Feature
(SF) Space on
Adjectives

learned the linear an

Graphic Feature
(GF) Space on
RGB Distribution

Affine Tr. &
Median Filt.

Y

ak - am p1 - Pk

F Carnonical Correlation Anal. G

Unified Feature
(UF) Space on
Adj. & RGB Dist.

Regression A

(a) Learning Process by Canonical Correlation Analysis

the network, we can allocate
the personal index on the

Query by Subjective Descriptions

- (QBD) Full Color
local site for personal use. Paintings of
To the contrary, we had Adiecti Landscapes

Y jjectives
better place the image data (Database)
and the pictorial index of sf space on Y
coloring on the center site  Adjectives
for common use. ‘Lc
4.3 Sense Retrieval F Personal index

We may expect that

the neighboring paintings on

the personal index cause
similar impressions with the
user. (Of course, the test
samples P must reflect the
properties of the whole
database). The user
describes the target
paintings he wants to appreciate by several
adjectives in sense retrieval. The system
infers some coloring which makes him
such feeling on the personal index. The
system then shows suited candidates in
the database. The algorithm for sense
retrieval on coloring is as follows. (See
also Figure 4(b))

[Sense retrieval]

(1), Apply the linear mappings F and
A to the vector a , of denoted
kadjectives in the user's query.
8o=AFa,

Where A is the diagonal matrix of
canonical correlation coefficients.

Choose the neighboring paintings
g ; on the personal index as

candidates in sense retrieval.

@

The sense retrieval algorithm binds
two attributes in different media. The one

Regression A UF Space on

Adj. & RGB Dist.

(b) Sense Retrieval using Personal index
Figure 4. Sense Retrieval in QBD

is the key words in linguistic media, and
the other is the paintings in image media.
Therefore, the sense retrieval algorithm
seems to be a multimedia join operation
between the linguistic media and the image
media.

We have experimented the learning
algorithm and the sense retrieval algorithm
on our ART MUSEUM system. In this
experiment, we used S0 paintings for the
samples, while the whole database has
100 paintings. Figure 5 shows an exam-
ple of sense retrieval. Figure 5 shows the
first sixth candidates for the adjectives;
refined, cool and bright.

In this experiment, we have ad-
justed the user model to five young girls.
Their subjective estimation was almost
good. Therefore, we may expect that the
personal index is useful for the sense re-
trieval on image databases.
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Using the UF space, we can also
retrieve several paintings which cause the
similar impression on coloring by show-
ing a painting. We can also infer suited
key words for a painting, using the in-

verse mapping F -/ and A -/ as follows.
a0=F"1A_I G'po

5. Multimedia Data Model

5.1 Cognitive Aspect

Let us summarize the requirements
for a multimedia data model from our
cognitive aspect [Kato 89¢].
(a) Spatial independence:. We want to
provide the query by subjective descrip-
tions in the user's view. User's view
mechanism should manage the subjective
indexes. Of course, the system has to
manage also the pictorial indexes to pro-
cess the spatial relationships and graphic
features of images.
(b) Media independence:. We use many
kinds of image data types suited to image
compression and image processing. For
example, a painting is stored as a matrix
of RGB intensity values, a matrix of bi-
nary values, a series of run-length codes,
and so on. We expect these data struc-
tures are transparent to the image process-
ing algorithms. The abstracted data type
is one of its approach.
(c) Application independence:. We devel-
oped many image processing algorithms.
These algorithms depend on their data
type of domain and range, which makes
the control mechanism complicated.
Therefore, we have to abstract these al-
gorithms by their classifications according
to their functions. This idea is method
abstraction, which is useful to manage the
relationships among the image entity, its
data type and image processing algo-
rithms. This mechanism provides the
flexible wake-up of image processing al-
gorithms in object-oriented environment.

5.2 Framework of CHEMIN

In the rest of this chapter, we will
show the framework of our multimedia
data model CHEMIN? [Kato 89¢].

The object-oriented models regard
an atomic object as a frame composed of
data item and related methods. In the vi-
sual interaction, we can define the seman-

2 CHEMIN: Composition of Hyper-
objects on Entity, Media, Method and
Instructions. -

tics as explicit relationship among object
hierarchy, e.g. is_a, and as implicit rela-
tionship by some methods, e.g. similarity
operation. Therefore, we need a new
knowledge representation form to abstract
the relationships.

The CHEMIN model describes the
micro-structure of the objects. This model
classifies the information related to the im-
age data into the following three cate-
gories. They are entities, media and
methods. The entities conceptually de-
scribe the real world by class hierarchy of
image objects. The media describe the
class hierarchy of image data types. The
methods classifies the algorithms for im-
age operations and database operations.
These relationships are currently described
in first order predicates. This is one of the
ways to abstract not only the data types
but also the semantics and image opera-
tions. Therefore, this is an extensible
framework for both database system and
expert vision system.

6. Summary

We have described the ideas and
their implementations of visual interaction
with an image database system. The ART
MUSEUM system provides sketch re-
trieval in query by visual example and
sense retrieval in query by subjective de-
scription. These functions formed visual
interaction in a truly user-friendly manner,
based on the use of the image model and
the user model.

This paper also summarized the
requirements to a multimedia data model
from a cognitive aspect. Multimedia
database systems require method abstrac-
tion and media transparency as well as
data abstraction.
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