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Abstract

For the efficient management of large image databases, the automated
characterization of images and the usage of that characterization for
searching and ordering tasks is highly desirable. The purpose of the project
SEMACODE is to combine the still unsolved problem of content-oriented
characterization of images with scale-invariant object recognition and model -
based compression methods.

To achieve this goal, existing techniques as well as new concepts related
to pattern matching, image encoding, and image compression are examined.
The resulting methods are integrated in a common framework with the aid of
a content-oriented conception. For the application, an image database at the
library of the university of Frankfurt/Main (StUB; about 60000 images), the
required operaions are developed. The search and query interfaces are
defined in close cooperation with the StUB project “Digitized Colonial
PictureLibrary”.

This report describes the fundamentals and first results of the image
encoding and object recognition agorithms devel oped within the scope of the
project.

The project SEMACODE is supported by the German Research Foundation (Deutsche Forschungs-
gemeinschaft DFG) within the strategic research initiative “V3D?" (“ Distributed Processing and Exchange
of Digital Documents’).
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1 Scale-invariant Recognition of Objects in Images

The main purpose of the project SEMACODE is the investigation and development of the fundamental
principles and methods needed for an autonomous system which is able to recognize objects in digita
images. Potential applications of such a system are content-based retrieval and automated indexing of
large multimedia databases or digita libraries. For the example of the image database (about 60000
images) of the former “German Colonial Institution” (Deutsche Kolonialgesellschaft) at the university
library of Frankfurt/Main (Sadt- und Universitatshibliothek Frankfurt/Main StUB), the achieved results
should be demongtrated. Furthermore, the interfaces of the devel oped search and query operations should
be adapted to ease their integration into a standard database environment.

This report covers the recent theoretical and experimental research done within the scope of the
project and concentrates on the efficient encoding of images for object recognition purposes. It also
describes the principles and first results of the devel oped recognition algorithms.

1.1 Image Query System

The object recognition system will be integrated into an image query system which provides the
necessary procedures and interfaces for searching digital images in multimedia databases or the internet.
The image query system is principally based on the query-by-example approach: The user submits text
search criteria and example images. The retrieved results are generated by the databases for images, text,
and meta data, and the query mechanism itself. Thus, the whole system can be organized in a client-server
structure as shown in Figure 1.

textual search server
keyword [ ]
country [ ]| » [ search
author [ ] agent
type ] search I
agent

image example

% =

/8

textual data
Figure 1. Dataand control flow of theimage query system.
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The design of the system has to meet the following requirements:

< Intuitive and efficient handling of the tools for entering the search criteria; as an internet
application, the tools should be used together with standard browsers;

e Fast and correct image query algorithms;

e Suitable representation of the retrieved search results.
The input of key words alows a conventional search for images using standard query methods of the
database server. Thus, a previous classification of the images is required. However, the user should be
able to search for objects or images which are possibly unknown to the system.

This can be accomplished by a technique called query-by-example (as used by other image query
systems, see e.g. QBIC [QBC95)), i.e. the user may paint an object with a graphical editor or select it

result

meta data




2 Encoding Scaled Images

from a given image. The resulting image is an example for the requested object. The system now
identifies all images that are similar to the example or contain similar objects. This is done by starting
several server processes (search agents) which perform the object recognition task. To obtain a
reasonable performance the search agents operate on the encoded image data (meta data) instead of the
images themselves. After completing the recognition task the systems returns the resulting images as
preview versions in reduced size (thumbnails) ordered according to a suitable similarity measure. The
user may now accept the results or select one of the images as an exampleto start ancther query.

The image database is expected to be globally accessible via internet. The query procedures were
realized as Java-applets or CGl-scripts running at the corresponding WWW-server. Thus, global access of
the query and representation operations via internet is possible. Figure 2 shows the interaction layers of
the image query system, the web server, and the database server.

Java client HTML client
| editor 1 | | editor 2 | | editor 3 | | editor 4 |
©
| Java application | | HTML / Java | %
[%2]
>

| web browser |

Internet

| web server | %
| cal | E
Internet
; o
| middleware | ig
| driver 1 | | driver 2 | %
Internet / local network
| DB 1 | | database 2 | %
| fied1 | | field2 | | fied3 | | field4 | §

Figure 2: Layer structure of the distributed image query system.

A demonstration version of the system is accessible at ,http://seco.asa.cs.uni-frankfurt.de/seco.html”.
Currently, only simple search criteria such as textual information and intensity distribution of pixel data
are implemented. Future improvements include the integration of new developed object recognition
methods which are described in the following of this paper.

1.2 Object Recognition System

The main subject of the project SEMACODE is the application of semantic image encoding. Here the
necessary compression and semantic description of images can be combined by using the concepts of
“image primitives’ and “image elements’. This kind of encoding is suitable for both storage and object
recognition tasks and therefore allows an efficient processing of images.
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object recognition

object | encoding | yes
example| | (online) [T={ searchfor Doestheimage | ° 0

| identical |:> contain the ::I'> output
\ : | | image elements object? yesno
encoding /:‘"
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Figure 3: Structure of the object recognition system.

Figure 3 shows the structure of the object recognition system. The images are already encoded offline and
stored in the (meta) database. At the beginning of the query only the requested object has to be encoded
online. The system searches for identical image elements and predicts the possible location and size
(scale) of the object in the image. If such elements exist and the prediction is correct the system
“recognizes’ the object. Otherwise a new prediction is calculated or (if the system cannot predict the
object’ s location and/or scal€) the output “object not recognized” is given.

According to the difficulties of recognizing objects in images described in section 1.3 the system has
to meet several requirements:

e Scaleinvariance
Sincethe size of arequested object is a priori unknown the system must be able to recognize
objects regardless of their scale.

e Trandation invariance
Objects have to be recognized regardiess of their location in the actual image.

¢ Robustness againgt individual parameters of images
Individual parameters of images such asillumination or contrast must not affect the system’s
functionality.

e Correctness and reliability
The image query system hasto be correct and reliable. There are two classes of possible errors:
Theincorrect recognition of objects which are not included in a given image, and the failed
recognition of objects which are included.

- Efficiency
The system hasto be efficient and fast.

e Further invariance
If possible, the system should al so recognize objects which are moderately rotated, mirror-
inverted, distorted, or partialy occluded by other objects or image borders.

1.3 The Problem of Recognizing Objects in Images

An object is a real-life item (e.g. a chair, a house), an abstract entity, or a symbol (e.g. a character or
letter). Objects may have different instances (e.g. block houses or skyscrapers, Latin or Chinese |etters)
and can be composed of other objects (ahouseis “composed” of walls, aroof, windows, doors,...).

Here, an object is assumed to be given by an entity which is consistent according to the actua
semantic context (semantic entity). Each object possesses certain features or attributes describing the
object with more or less accuracy. In their own semantic context attributes can be objects themsel ves.

The automated recognition of objectsis a very hard image processing task. In the following sections a
brief summary of the various problems which make recognizing objects in images difficult is given.
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1.3.1 Ambiguity

The goal of an object recognition system is the identification of real-life objects by their two-dimensional
representations or images respectively. Paradoxically, this leads to the conclusion that the unambiguous
recognition of objects without additional information and explicit knowledge is impossible — recognizing
objectsin imagesisan ill-posed problem. In Figure 4 thisisillustrated by a smple example.

gy P P
lele
| © 10 ) S

Figure 4: Using additiona image features and explicit information

to remove ambiguity of an object representation.
It isnot possible to infer unambiguoudly if Figure 4a represents a sphere, acircle, arectangle with ahole,
or something different. Figure 4b contains an additional image feature: The shadow suggests a three-
dimensional appearance of the object. However, Figure 4b might aso represent a gray circle partially
occluded by a white circle. The lines in Figure 4c emphasize the impression of the object’s plagticity and
with high probability one recognizes a three-dimensional sphere although other interpretations of the
image might exist.

Thus, implicit information contained in images in genera is not sufficient to identify objects
unambiguoudly. Obviously, a mechanism exists which enables human beings to assign different
probabilities to various interpretations of an image: The object will be recognized if its representation is
the most probable one. Here, explicit knowledge about real world examples is used which cannot be
derived from the image aone (e.g. knowledge about the shadow of a three-dimensiona sphere as seen in
a two-dimensional image). The mathematica counterpart is given by regularization theory (see [PT85])
where additional rules and/or restrictions are used to transform ambiguous and incompletely formulated
problems into well-posed problems.

>

1.3.2 Scale and Position of Objects

The system hasto recognize objects in a given images regardless of their location and size. Thisturns out
to be a very difficult tasks, especially sinceit isunknown if an image contains a special object.

Besides the computational complexity caused by the search for objects in a large scale of possible
sizes and image locations, a systematical problem has to be considered: An unambiguous correspondence
between images showing the same object at different size or scale does not exist in general.

For example, decreasing the size may remove some details of the image or merge them into new
details which do not correspond to any elements of the origind image. Furthermore, small shifts
(trandations) in the range of a few pixels may result in a different encoding of an object. Thus, the
recognition system hasto take care of these effects.

1.3.3 Rotation and Deformation

Anocther requirement could be that the system is able to recognize rotated, mirror-inverted, and distorted
instances of an object aswell. However, in some cases thisis not an appropriate constraint: Human beings
do distinguish between theletters“M” and “W” although both are rotated versions of each other (ignoring
the various typefaces). On the other hand, a pebble should be recognized regardiess of its orientation.
Similar examples also can be found for reflected or distorted objects.

The problem gets even more complicated if the orientation of the image itself is unknown. This is a
typical situation in multimedia databases where images are stored in different orientations to fit a given
image size and are erroneously scanned upside down or mirror-inverted.
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1.3.4 Individual Parameters of Images and Objects

Images may differ in various parameters such as intensity, contrast, and sharpness. Other parameters are
disturbances due to noise or scanning of already corrupted images. Furthermore, the represented objects
themselves may differ in their appearance because of varying illumination. Although it is possible to
compensate variations of overall image parameters the problem of object illumination is rather difficult
and requires non-trivial solutions.

1.3.5 Occlusion

Anocther difficulty arises from the typical occlusion of objects in two-dimensional images. A 3D-object
may occlude parts of itself (e.g. as aresult from its three-dimensional nature) or other objects. Often parts
of objects are occluded by image borders aswell.

In the presence of occlusion the identification of objects often becomes ambiguous or impossible
because salient object parts are invisible. In addition, the recognition of the occluding object is affected
e.g. by erroneoudly interpreting parts of an occluded object as parts of the current object.

The problem of saf-occlusion is related to the theory of view-based recognition. Here the main
subject of investigation isthe question if objects could be recognized when looking at them from different
viewing angles. There are several indications that this is indeed possible, even if only a few different
views are used [BRE93] [LVH94].

1.3.6 Elements of Images

Until now it was assumed that parts of a given image (image elements) could be identified with objects or
parts of objects. However, the nature or properties of image e ementsis still unclear.

For example, connected image regions (segments) sharing similar features may assumed to be image
elements; therefore an image can be decomposed into non-overlapping segments. The borders of
segments are often determined by edges or lines (edge-oriented segmentation). Another technique results
from merging smal parts of an image if they contain similar patterns or textures (texture-based
segmentation). However, for a successful segmentation the choice of the operators detecting the required
image features is crucial. Here the use of regularization techniques (e.g. relaxation of broken segment
borders) is mandatory. Typical problems of image segmentation are shown in Figure 5.

@

Figure 5: Example of segmentation problems: The original image (a)
and three segments (b); typical results of texture-based segmentation (c)
and edge-oriented segmentation with different thresholds (d, €).
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Perfect segmentation of the cube in Figure 5a would result in three regions (the visible sides of the cube
as shown in Figure 5b). In most cases texture-based segmentation produces only two regions. The sides 2
and 3 have nearly identical textures and therefore are merged into one segment (Figure 5¢). In contrary,
edge-based segmentation techniques determine the borders of segments while searching for significant
changes in local pixed intensity and/or color. The determination of segment borders usually depends on
the strength of the intensity (or color) gradient and is therefore threshold-driven. For images with high-
contrast textures, this often leadsto incorrect segmentation as shown in Figure 5d+e.

A different approach isthe identification of image elements with groups of image features that do not
necessarily need to form connected regions (see Figure 6); considering occlusion effects this is of
particular interest. However, in genera it is not obvious which image features should be grouped to the
same image elements or what “typical” image features are.

Figure 6:

The representation of a chair and
its possible image d ements
(marked by dotted ellipses).
Every image el ement results from
the grouping of not necessarily
connected image features (circles)
as shown in the magnification.

1.3.7 Image Features and Image Primitives

Independent of the methods used to extract objects or image elements from images an encoding schemeis
needed which mediates between the pixel data and the abstract representation level of objects. This
scheme is given by the image features dready considered above. The intention of (low-level) image
features is to locally characterize small areas of a given image; this could be lines, edges, textures, or
something similar.

An approach widely used in image processing tasks is the representation of small image parts by
mixtures of image features (image primitives). Image primitives may be applied to edge or texture
segregation as well. Again, the choice of suitable image primitivesis anon-trivial problem.

1.3.8 Object Recognition and Computational Complexity

A typical digital image is about a few Kilobytes to some Megabytes in size. Considering the difficulties
mentioned above and the expected computational complexity of the algorithms, the amount of underlying
image data has to be reduced dramatically or the automated recognition of objects in images can not be
done efficiently in red-time.

Here, the focus is set on the encoding of images by only a few salient primitives, which provides a
more compact representation than the original pixel data. Thisis a critical task: In general, to achieve a
high compression ratio alossy encoding scheme is mandatory, i.e. redundant and unimportant information
is removed from the image data by using the image primitives and can not be used by subsequent
processing stages. Obvioudly, special care hasto be taken of the choice of theimage primitives.

Furthermore, one has to pay attention to the computational complexity of high-level processing tasks
aswell: Image database queries have to be executed correctly and as fast as possible.

10
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2 Encoding Scaled Images

This chapter describes the work of the project SEMACODE to derive an efficient image encoding
strategy which is needed to devel op a successful object recognition system. Following a brief introduction
of the fundamental concepts, recent research results are given in detail.

2.1 Image Encoding Using Image Primitives

Many approaches concerning the recognition of objects in digital images are based on the idea of
representing an image by suitable image features or image primitives. Because of the following reasons,
an actua search or recognition task does not use the pixel data but the primitives:

« Image primitives provide a (low-level) content-based characterization of an image. A primitive
usually has a strai ghtforward semantic equivalent such asline, edge or texture. Thus, the content-
based analysis done by subsequent processing stages (e.g. segmentation or grouping) will be
simplified.

¢ ldeally, image primitives represent “salient” information, i.e. the information needed for the actual
image processing task; noise or redundant information will be removed from the data.

< Image primitives provide a compact representation (encoding) of images; the amount of the image
datawill be reduced (compression). Thisis amandatory precondition for many image processing
tasks.
Thus, the encoding of images by image primitives is an important preprocessing step to simplify and
speed up subsequent stages. The choice of the set of primitives substantially contributes to the efficiency
of this encoding.

2.1.1 Existing Methods

There exist many methods to extract smple image elements such as lines or edges from images, which,
for example, can be used to track contours of objects. Most important are those methods where the
associated feature detectors or filters (such as Scale-Space filters [LIN94] and regularization operators
[PT85]) arerobust againgt the influence of noise.

Anocther class of image primitives is given by Gabor filters [GAB46]. Gabor filters provide a local
representation of images in the frequency domain and have been successfully used in texture
segmentation tasks [GRE96] [HPB98] [PZ89]. Standard edge detectors often fail to decompose an image
into separated regions (segments) because the region borders consist of different adjacent textures instead
of largeintensity gradients.

Besides there are adaptive techniques extracting the associated image primitives according to
statistical properties of the image data. A widely used method is Principal Component Analysis (PCA; see
for example[[BRA95]) based on transform coding principles. Here an image is subdivided into small non-
overlapping “patches’ (subimages) that are about 8x8 to 16x16 pixels in size. Each subimage is
represented by a linear mixture of a set of orthonormal image primitives. The primitives correspond to the
eigenvectors of the covariance matrix of the subimages and thus are sometimes called eigenimages. It can
be proved that the representation of an image reconstructed by the first eigenvectors with the highest
eigenvalues is optimal in the mean square error sense.

An important property of the PCA is that the mixture components representing the influence of the
associated eigenvectors on each subimage are decorrelated. Decorrelation is a necessary but not sufficient
condition for statistical independence, i.e. satistical independent components have to be decorrelated.
However, decorrelated components do not have to be statistical independent, except if their probability
density functions (PDF) are Gaussians.

The goal of Independent Component Analysis (ICA; see for example [COM94]) is the derivation of
components which are as statistical independent as possible. In genera, the resulting primitives are not
orthonormal, and the associated filters derived from “natural” image data are very similar to Gabor filters
or the oriented receptive fields of the visual cortex, respectively [BS96] [OF96].

Independent components of natural images have two advantageous properties: Ideally, they are not
redundant and sparsely coded [OLS96], i.e. only a few components are active at the same time. From the

11



2 Encoding Scaled Images

viewpoint of information theory, both properties allow an efficient compression of the image data
Furthermore, independent components are assumed to represent causal independent image el ements and
thus provide the “most salient” information of an image.

2.2 Adaptive Image Encoding

This section gives a brief introduction to the mathematical fundamentals and properties of the PCA and
ICA based on atechnique known as transform coding.

2.2.1 Transform Coding

Transform coding of image data (see for example [HW71]) is a generad encoding framework where
images are decomposed into small non-overlapping subimages (about 8x8 to 16x16 pixel in size).
Writing its pixel rows or columns in a sequential order, each subimage corresponds to an image vector
X = (Xg,...,%)' (see Figure 7). The coefficients X of X represent the value (intensity, color) of the
associated pixels. Here, the average [XOof the image vectors X is assumed to be zero, otherwise any non-
zero average has to be subtracted from the whole ensemble.

The image vectors x are transformed into component vectors or jets & = (&,...,&n)" by a matrix A:
& = ARX. The rows of A are often cdled analysis filters. Ideally, only a small number of components
&1,...,&m, m<n, is sufficient to represent the image vectors (data compression by sparse coding) and to
process them in subsequent stages (object recognition, storage, transmission, or others) *.

In general it is possible to reconstruct the vectors x by thetransform x = X' = A'[§ where the matrix A"
is not necessary identical to the inverse matrix of A. The columns of A" are called synthesis filters (or
base images if they constitute a basis of the reconstructed image vectors x'). Figure 8 shows the
processing scheme of encoding images based on the transform coding framework.

image subimage image vector
X1
X2

X1 | X2 | X3 | Xa

LT X5 | X6 | X7 | X8
X9 [ X10 | X13 | X12 'l:
\\
————— Xa3| X14 | X15| X16
\

Figure 7: Image, subimage, and image vector.

image vector andysisfilters sythesisfilters reconstructed
(rowsof A) (columnsof A" image vector

-z
=AY

—
" m—

-
P~ fn "_‘-’-
| ip—
y— 4

Figure 8: Processing scheme of transform coding. The image vector x is transformed into
thejet & by amatrix A. The actual processing of theimage data (e.g. object recognition,
storage, transmission) is executed on the first mcomponents &4,...,&, of €. In generd,
the image vector can be reconstructed from these components by the transform A”.

! The same technique is used in conjunction with a Discrete Cosine Transform to compress JPEG images.
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2 Encoding Scaled Images

2.2.2 Principal Component Analysis (PCA)

To calculate the PCA encoding of the image vectors x according to the above scheme, ther covariance
matrix C has to be determined first. Since X[= 0 the covariance matrix results from the expected outer
product of the image vectors: C = [(x—XD{x—X0'[E XX'0 The normalized eigenvectors g of C are
called the PCA primitives or eigenimages of the vectors x. Because of the symmetry of C they congtitute
an orthonormal basis; their eigenvalues A; arereal and non-negative.

The first m<n eigenvectors g ordered according to their descending eigenvalues A; and written as
column vectors of a matrix K, allow the PCA transformation

u=K& 1

The transformed image vectors u = (Uy,...,uy)" are called PCA jets.

Since the columns of K, are orthogona the inverse is given by (K,)™ = KT, if m=n. However, K,
can not be inverted if m< n. In this case K], represents the pseudo inverse of K. The reconstruction
X = K0 = x of an image vector is optimal in the sense of the mean square error (MSE):

MSE(x,x’) = (x - x')? O 2

Comparing to the notation in section 2.2.1 the correspondences £ = u, A =KT,,and A" = K, ae obtained.
The components u; of the PCA jets u = (Uy,...,Ur) " are centered since = K [,IXC= 0. Furthermore,
they are decorrelated:

Wo'O= KT RR'K , CF K KR TIK = K LCE = K AR L= A 3

The covariance matrix A = diag(Ay,...,A,) of the u;, is a diagonal matrix and the variances var (u;) are
given by the eigenvalues /; . Thus, the components u; (the principal components) are ordered according to
their descending variances.

2.2.3 Independent Component Analysis (ICA)

The ICA is based on a mixture model: The image vectors x are assumed to be generated by a linear
mixture of n unknown, statistically independent, and centered sources s= (s,...,s,)", where 0= 0 and
p(s) = p(sy) [h(s) L..0h(s,). Here, p(.) represents the probability density function (PDF). The mixture
matrix M is unknown as well but hasto be non-singular (i.e. invertible):

x=MI[ (4)

The goal is to determine the inverse matrix M™ and to reconstruct the sources s from the given image
vectors; M = MM [S=s. However, the ICA is an ill-posed problem: If at most one source § is a
Gaussian, the inverse mixture process can only be identified up to an unknown diagonal matrix D and a
permutation matrix P (see for example [AB984d]):

y =BX =BM[S= DIPS (5)

The matrix B and the vectors y are called the demixing matrix and the reconstructed sources respectively.
Since it isimpossible to identify D and P unambiguously, the sources are assumed to have unit variances
var(s) =1 for dl i, and P is set to the identity matrix: P = 1. Thus the reconstructed sources y equal the
original sources s up to their sgns. According to section 2.2.1 the following correspondences hold: & =y,
A=B,andA"=B™.

A simplification of the calculation of B is obtained if the image vectors x are whitened, i.e. if they are
transformed by a whitening matrix Z. The whitened image vectors v = Z[X satisfy the equation

ON'EZRRZEZ'HRIZ =Z2"CZ =1 (6)

13



2 Encoding Scaled Images

The whitening matrix Z can be derived? from the PCA transform of the vectors x: Z = Wy, = A K,
with A™ = diag(A;7...,Av ") (see equation (3)). Thus, the determination of B reduces to the determina-
tion of an orthogonal matrix Wic, with B = W,[W e ; since the reconstructed sources y; are decorrel ated
(because of their statistical independence), centered (i.e. Y= [$C= 0), and have unit variances var (y;) = 1
for al i, the following equation holds:

| ='CFBIRR BT = Wi W XE TV Wi
= Wica[m/m-r[wv-il;:a = Wicammv-icza = Wicamv-icza
0 Wia=Wiw™* O  Wgisorthogond. 7

Methods to calculate W, can be found for example in [COM94], [HO97], or [ARL97]. Figure 9 shows
the block structure of the different processing stages of the ICA.

_mxng ) whitening + demixing _____
S|:> M I:>x|:> WpcaI:>vI:> Wica I:>y
| |
B

Figure 9: Processing stages of ICA.

2.3 New Methods for Encoding Images

A combination of PCA and ICA caled Principal Independent Component Analysis (PICA) [AB984]
[AB98b] [AB98c] results from the caculation of the m independent components from the first m
principal components (the m components of the PCA with highest variance). Here, the mean square error
of the reconstruction is equal to the one of the PCA, but the derived principal independent components
(PIC) are “more independent” than the principal components. Thus, PICs provide better encoding
properties.

Because of the following advantages, especially PCA and PICA techniques have been investigated in
the scope of the project SEMACODE:

¢ In contrary to other techniques such as Discrete Fourier, Cosine, or Gabor Transform (DFT, DCT,
DGT), PCA and PICA implicitly utilize the statistical properties of the image data; therefore an
efficient encoding schemeis derived.

e PCA and PICA are optimal in the mean square error sense because the primitives are adapted to
the given image data.

A drawback of PCA and PICA isthat (in theory) the primitives have to be calculated separately for each
image. Nevertheless, in case of the PCA this problem can be overcome by utilizing a simple and reliable
heurigtic.

The investigation of PCA and PICA primitives has been expanded to overlapping subimages as well.
A special technique where a two-dimensional Gaussian weighting function is applied to the subimages
prior to the calculation of the primitives leads to the Gaussian-windowed PCA or PICA (GPCA, GPICA)
respectively. The idea of applying the weighting function is to accentuate the center and to attenuate the
borders of subimages which is a well-known property of oriented receptive fields. Here, the resulting
image primitives turned out to be independent of the size of the analyzed images.

2 Of course, other methods to derive the whitening matrix Z exist. For example, Bell and Sejnowski use a
matrix Z satisfying the condition Z'Z = C™* [BS96].
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2 Encoding Scaled Images

2.3.1 Independent Components Analysis of the PCA Subspace (PICA)

The number of the independent sources s is equal to the number n of the components of an image vector
X. The question is whether all sources or just a few “salient” are needed to accomplish a given image
processing task (for example the recognition of objects).

The measure of the “saliency” of a PCA component u; isimplicitly given by its variance var (u;): The
variance corresponds to the amount of the associated eigenvector € in the mixtures representing the
image vectors. In case of the ICA no such measure is given: The variances of the sources are identical
(= 1), and even the average content of information (marginal entropy) or the virtual variance * do not
provide a significant indication for the saiency of an ICA component [AB983].

However, the independent sources can be calculated for the subspace U,,, which is spanned by the
eigenvectors ey,...,en, (M<n) of the covariance matrix C. This is done by using the whitening matrix
W pcam = Am K 1y with Ay = diag(A;%,...,Am ) instead of the matrix W e = A [K 1,.. Uy, conglitutes the
m-dimensional subspace with maximum variance (PCA subspace) of the vector space spanned by the
image vectors X. Since Wi, is orthogonal, the rows b; of the ICA matrix B = WiW e Span Up, as well.
Thus, only the “most salient” sources y; with highest influence, the principal independent components
(PIC), are extracted; the mean sguare error of the reconstruction is identical to the one of the correspond-
ing PCA transform. Further details can be found in [AB98a], [AB98b], and [AB98c].

2.3.2 Image Encoding Using Gaussian-weighted Subimages

The different encoding techniques described in section 2.2 are based on the analysis of small rectangular
patches (subimages) of a given image. Thus, the extracted image primitives have the same rectangular
shape as the subimages. Since primitives are assumed to represent certain image features, their
rectangular shape appears to be somehow artificia and unnatural. Furthermore, rectangular primitives
lead to undesirable reconstruction effects of the whole image as shown by theoretica and experimental
results (tiling; see for example [GW93] and Figure 16b).

Tiling can be avoided by reasonable choice of the subimages. The column vectors of an inverse or
pseudo inverse transform AT are considered to be image features or primitives whereas the row vectors of
the transform A represent their corresponding detectors or filters. The coefficients & (1 < k< m) of the
jets € specify the influence of the k™ primitive on the current subimage.

In biological visual systems, the receptive fields are known to extract certain image features as well.
Here, points at the center of areceptive field have a higher influence on the output of the associated cell
than points at the borders. The shape of the corresponding weighting function often resembles a two-
dimensional Gaussian (see Figure 11b below) as used by the Gabor transform [GAB46]. In contrary,
techniques based on standard transform coding apply a uniform weighting function (see Figure 11a).

The generation of the subimages can be visualized by diding awindow F over a given image: Pixels
inside the window bel ong to a new subimage (sliding window technique [KK92] [VAI93]; see Figure 10).
The weighting of the pixes results from the multiplication of the pixe values and specific window
weights at the associated window |ocations.

Mathematically, this procedure is described as follows: Let B be an image which is N,xN, pixels in
size with pixel values B(x, y) (intensity, gray values) at horizontal position x({0,...,N,—1} and vertical
position yI{ 0,...,Ny—1}. A rxr window F; ; at position (i, j), iC{0,...,Nx=1}, j{O,...,N,—1}, is defined by
itswindow weights F; ; (x, y):

1 iff Osx-i<randO<sy-j<r
Fiixy) =0 )
0 else

% In contrary to the PCA transform K [, therows b; of the ICA transform B are in general not normalized.
The virtual variance var*(y;) = || b; || of an ICA component y; = b;X equals the variance of ; if b; will be
normalized.

15



2 Encoding Scaled Images

S e — > B
A
| F
<-2
rl
oA
s SR
v a=r-5
A
}
' g=r-s
|,

Figure 10: Schematic visualization of the sliding window technique. A window F (rxr pixel

in size) ismoved over theimage B by q = r—s pixels. The content of F defines a subimage

located at the corresponding window position. Note that the subimages overlap by s pixels;
if s =0 the subimages are non-overlapping.

The corresponding subimage U; ; & position (i, j) results from the application of F; j to B:

Uij(x y) = Fij(xy) B, Y) 9

Obviously, U; j (x, y) isnon-zero at most at those positions where the window weights F; ; (X, y) are equal
to unity; the associated rxr pixels define the “content” of the window and constitute the coefficients of an

rl-dimensiona image vector x. The remaining pixels values of U; ; (x, y) ae equa to zero and will be
ignored.

Equation (8) defines a rectangular window (see Figure 11a): The pixels inside the window are
weighted with unity. Another window type which is often used in image processing tasks is the Gaussian
window (see Figure 11b):

Gi,j,o(x,y)=Fi,j(x,y)@xp@%tﬁ—i—%HZ+Ely—j—r—*g% (10)
H 26 |l 0 O 2 0

In contrary to the rectangular window, the pixels inside the Gaussian window are weighted with a two-
dimensional Gaussian function. Here, the parameter o definesthe “width” of the Gaussian.

The Gaussian weighting of the subimages has several advantages. Center pixels are emphasized and
discontinuities at the borders of subimages causing tiling effects (as known from JPEG or PCA encoded
images, see Figure 16b) can be avoided.

1

0.5

b)

Figure 11: @) Rectangular window F; ; and b) Gaussian window G; ; 5 .
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2.3.3 Overlapping Subimages

The use of Gaussian windows requires the subimages to overlap, or else the information of pixels with
low window weights near the borders of the subimages is lost by superimposed background noise. For
instance, during the generation of the subimages all pixel values B(x,y) of the image B should be
weighted at least with a minimum window level c. The c-support of a Gaussian window G; j, ¢ defined by

support(Gij,6. €) ={ (% ¥) | Gijc (X, y) 2C} (11)

consists of the positions (X, y) with associated window weights G; ; o (X, y) which are &t least aslarge as c.
Thus, the c-support representsa circular conic section of G; j .

If the Gaussian windows (and with it the generated subimages) do not overlap, the requirement of a
minimum weighting stated above will not be met (see Figure 12a). Thus, the Gaussian windows have to
overlap (see Figure 12h).

b).

Figure 12: The c-supports of several Gaussian windows. If the windows do not overlap (a),
some of the pixels of the image B will be weighted with a value smaller than ¢ (shaded area).
If the windows do overlap (b), this case will be excluded.

Arranging the Gaussian windows in a lattice structure according to Figure 12, the windows have to
overlap in horizontal and vertical direction by s pixelsrespectively. Given the width r of the windows, the
variance parameter g, and the minimum weight factor c, it can be shown that the overlap parameter sis

s=[-260/-In(c) L] (12)

2.3.4 Image Reconstruction

Regardless if the subimages do overlap or not, their reconstruction follows the same principle: First the
centered image vectors X' are reconstructed by the (pseudo) inverse transform A" and the encoded vectors
& according to section 2.2.1. In the next seps, the average X[is added and the image vectors are
converted into subimages.

In the case of non-overlapping subimages weighted by unity, the whole image B is derived by
merging the subimages at their original location. Mathematically, this is defined in analogy to equation
(9) by the addition of subimages U :

B(x,y) = z Fii(%y) BXy) = z Uij(x,y) whereimodr=0, jmodr=0forali,j (13)
] 0]

The positions (i, j) of the rectangular windows F; ; and the subimages U; ; are integer multiples of r since
the subimages do not overlap.

If the U; ; do overlap and/or are weighted with a Gaussian function, the addition of the U; ; in general
will not result in the correct image reconstruction. Here, an additional procedure is required. Assuming
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2 Encoding Scaled Images

that the subimages were generated by a Gaussian window G; j, ; overlapping by s pixels in horizontal and
vertical direction respectively, the reconstructed pixel values of the image B are calculated by

zGi,j,G(X,V)EB(X,y) ZUi‘j(x,y)

B(Xv y) = - = L)
zGi,j,c(Xy y) ZGi,j‘c(x, y)
il 1)

,imodq=0, jmodqg=0forali,j (14

where g = r—s. Thus, the sum of the subimages U; ; has to be divided by the sum of the windows. Note
that equation (14) holds for both overlapping Gaussian and overlapping rectangular windows.

2.4 Experimental Results

Following the investigations in [ARL97] and [AB98a], the PCA and PICA based on non-overlapping
subimages were compared to the GPCA and GPICA (Gaussian-weighted GPCA/GPICA) based on
overlapping, Gaussian-weighted subimages.

2.4.1 Encoding an Image

The purpose of this comparison was the characterization of the techniques according to their various
properties (content of information, compression ratio, reconstruction error). The data consisted of gray
scaled images with different content (natural scenes, “artificia” objects such as houses or technical gear,
computer-generated graphics); their pixel values (256 gray values) ranged from “0" (black) to “1”
(white). For adiscussion of the results, the test image Leaves (see Figure 13) will be used.

Figure 13: Thetest image Leaves.

According to section 2.3.2, the image was decomposed into two sets of subimages Ug and Ug: Ug
consisted of the subimages generated by a rectangular window (8x8 pixelsin size). The subimages of Ug
were derived from a Gaussian window (16x16 pixels in size) overlapping by 8 pixelsin horizonta and
vertical direction respectively. The parameter 6 = 3 was empirically chosen to achieve a small reconstruc-
tion error (see section 2.4.2). Both Ug and Ug contained about 5100 subimages.

From these sets the image vector sets Xr and X were generated according to section 2.2.1. By

subtracting the respective average xgJand Xg[Jthe image vectors were centered. Figure 14 shows the
corresponding subimages of a small detail of the image Leaves.
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a) Smal detall b) Image vectors of X ¢) Image vectors of Xg
of Leaves (non-overlapping (Gaussian-weighted subimages, 16x16
(40x32 pixels) subimages, 8x8 Pixdl) pixels, 8 pixelsoverlap, o = 3)

Figure 14: Decomposition of a small detail (a) into non-overlapping (b)
and Gaussian-weighted, overlapping subimages (c).

Next, the covariance matrices Cg and Cg of the image vector sets Xgr and X were caculated. The
eigenvectors eg ; of Cr represent the PCA primitives of Xg (see section 2.2.2). Consequently, the eigen-
vectors eg ; of Cg are called the GPCA primitives of Xg .

After the extraction of the first sixteen principal components, the PICA and GPICA components of Xg
and Xg were calculated using the fixed point algorithm in [HO97] (see section 2.3). The rows of the
corresponding ICA matrices Bg and Bg represent the PICA and GPICA filters respectively. Since Bg and
Bg are not invertible, the associated primitives were derived from the columns of the pseudo inverse
matrices Bz and B's . According to section 0, the pseudo inverse B of an ICA matrix B is calculated by
B = W/eWiea = KA Wi where A = diag(Ay”,....An") = (An )™

In Figure 15 the first sixteen PCA/GPCA primitives and PICA/GPICA primitives/filters are shown.
Note that it is not possible to calculate the GPCA/GPICA primitives from the PCA/PICA primitives
directly. In fact, the statistical properties of subimages generated by a rectangular and a Gaussian window
are different; thusthe primitives have to be different aswell (see also section 2.5).

2.4.2 Quality of Coding and Reconstruction

The image vectors of the sets Xr and Xg were transformed by their corresponding transform matrices. To
determine the encoding quality, the expected information content (marginal entropy) H(&;) of the
resulting components &; of each encoding scheme was cal culated [AB984]:

H(S) = _Za p(¢i) Hog(p($i) (15

p(&;) represents the occurrence probability of &;. To get comparable results for the different components,
the &; were scaled to an identical interval (here: [0, 255]) and rounded to integer values (quantization).
This procedure alowed the approximation of the occurrence probabilities by the relative frequencies and
the calculation of H(&;) according to equation (15). The sum of the H(&;) of all components (cumulated
entropy) is a measure for the encoding quality and results in the expected number of bits (if the dual
logarithm is used in equation (15)) needed for the encoded image vector &.

Table 1 shows the cumulated entropy of the different encoding schemes and the expected error (MSE;
see equation (2)) of the reconstructed images. The results are similar to those found in [AB98a], i.e. PICA
and GPICA have the same reconstruction error but a smaller cumulated entropy than PCA and GPCA.
Thus, the compression properties of the PICA and GPICA encoding are dightly better.
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Figure 15: The sixteen PCA/PICA and GPCA/GPICA primitives and filters of theimage Leaves.
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encoding PCA PICA GPCA GPICA
H(E: 104.1 bits 100.1 bits 104.7 bits 100.4 bits
> HE)
MSE 0.0041 0.0041 0.0063 0.0063

Table 1: Cumulated entropy and reconstruction error of the image Leaves.

The mean square error of the GPCA/GPICA recongtruction is higher than the one of the PCA/PICA.
Furthermore, the GPCA/GPICA reconstructed images appear to be dightly blurred. However, the
subjective reconstruction error of the GPCA/GPICA perceived by the human visual system is lower: As
mentioned in section 2.3.2, tiling effects will be reduced if the image encoding is based on Gaussian-
weighted, overlapping subimages.

In Figure 16 the different reconstruction results are presented for the example of a smal detail of the
image Leaves in magnification. To show that the overlapping of the subimages alone does not reduce the
tiling effect, an additional PCA encoding was cal culated: Here, the subimages were generated in the same
way as the subimages of the GPCA/GPICA (16x16 pixds, 8 pixels overlap in horizontal and vertical
direction) with the difference of using a rectangular window instead of Gaussian window (Figure 16c).

d)

Figure 16: Reconstructing a small detail of the image Leaves by sixteen components.

a) Original detail (120x80 pixels),

b) reconstruction by PCA (subimages are 8x8 pixel in size and do not overlap),

¢) reconstruction by PCA (subimages are 16x16 pixel in size and overlap by 8 pixels),

d) reconstruction by GPCA (subimages are 16x16 pixel in sizeand overlap by 8 pixels, o = 3).
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2.5 Primitives of Scaled Images

One of the higgest problems of automated object recognition tasks is that the size (scale) of objects
included in images is unknown. Ideally, objects and images can be encoded independently of their scale.
However, the scale-invariant encoding of objects and images is impossible until a rather abstract, high-
level representation scheme is used (for example the encoding of objects by complex geometric
structures). Low-level encoding methods based on the analysis of small subimages are in general not
scale-invariant: Images are represented globally in the spatial domain by encoded image vectors, even if
the image vectors are encoded locally in adifferent domain (e.g. the PCA subspace).

Ancther question isif the low-level representation of an image and its scaled versions have identical
or a least similar properties which are independent of scaling. For example, the amplitudes of the Gabor
representation of natura images are proportional to the reciprocal spatia frequency of the corresponding
Gabor primitives [FIE87]. This property allows the adaptation of the encoding to the typical frequency
digtribution of the image data.

Consequently, one might ask if primitives which are adaptively derived for a given image are suitable
for scaled versions of the same image as well, or if the corresponding image representations have similar
properties. As shown in the following sections, this is true for PCA and GPCA: The primitives reman
constant and can be used for alarge range of scaled image versions.

The PCA/PICA and GPCA/GPICA primitives of scaled versions of the image Leaves were cal culated
according to section 2.4; Figure 18 shows the resulting GPCA/GPICA primitives. Here, the scaling factor
t represents the width or height of the current image version related to the origina width or height. Thus,
asmaller value of t correspondsto asmaller image size.

In contrary to the PICA/GPICA primitives, the PCA/GPCA primitive sets resemble each other, i.e
they are independent of the size of the image. Further experiments with other image data gave the same
results. Some primitives are inverted versions of the primitives of other sets; since the primitives generate
a basis of the PCA/GPCA subspace, this is of no importance in case of image encoding tasks.

2.5.1 Analysis of PCA Primitives of Natural Images

The similarity of PCA primitives calculated from different image data was already mentioned in previous
work (see for example [FIE87], [SAN89], or [OF96]). However, to us no other work is known which
captures the phenomenon of scale-invariant shape of image primitives.

Now, thisaspect is investigated in detail. To obtain a suitable image model, Habibi and Wintz give an
approximation of the correlation between the gray values B(x, y) and B(X, y') of nearby pixels [HW71]:

p[B(x,Y), B(X,y)] = exp(-alix—x' | -Blly-y'|) = exp(-allx-x'|) Lexp(-Blly-y ) (16)

Thus, the approximated correlation function depends only on the parameters o, 3 > 0 and the spatial
distance of the pixels. Note that the approximated correlation function is separable, i.e. the horizontal and
vertical termsin equation (16) are independent from each other. Figure 17 shows the actual correlation of
the pixels of theimage Leaves in horizontal direction and the approximated correlaion in (16).

16

correlation

0 4 8 12 16 20 24 28
horizontal distancein pixels

Figure 17: Numerically calculated correlation of pixels of theimage Leaves (dots)
and its approximation (line; a = 0.0782) in horizonta direction.
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Figure 18: GPCA and GPICA primitive sets of scaled versions of the image Leaves.
For alarge scalingrange (t = 0.5 ... 2), the GPCA primitive setsare almost identical.
In some sets, primitives no.7 to no.16 are inverted; thisis of no importance for
image encoding tasks. In contrary, the GPICA primitive sets are not identical.

From eguation (16) and the standard deviations a[B(X, y)] and o[B(X, y)] of the pixés, the covariance
can be approximated:

cov[B(x, y), B(X,y)] = a[B(x,y)] Lo[B(X,y)] Lexp(-allx—X' |) Cexp(—Blly-y )  (17)

In the following, natural images are assumed to have a covariance given by equation (17). Furthermore,
their associated PCA primitives are calculated from subimages which are rxr pixelsin size and generated
by a rectangular window. Because of the uniform window weights, the standard deviations of the pixels
areequd, i.e. a[B(X, y)] = o[B(X, ¥)] = og. Thus, the covariance function in equation (17) differs from
the correlation function in equation (16) only by the constant factor o .

In this case the PCA primitives can be represented as two-dimensiona eigenfunctions ¢4, ¢ (X, y) of the
covariance function with eigenvalues A, g and x, y 0 {0,..., r-1} 4 0q, s (X, y) setisfies the condition

* Here, the covariance function cov[B(X, y), B(X, y")] and the eigenfunctions ¢, s (X, y) correspond to the
covariance matrix C and the eigenvectors g respectively (see section 2.2.2).
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r-1r-1

Zozo cov[B(x, y), B(X,Y)] a,p(X,Y) = Au, Lo, p (X Y) (18)
X=0y=

Because of the separability of the covariance function cov[B(x, y), B(X, ¥)], §a, s (X, y) is given by the
product of two one-dimensiona eigenfunctions ¢ (X) and ¢g (y); the eigenvalues A, s are the product of
the eigenvalues A and Ag of ¢4 (X) and ¢g (y). This results from equations (17) and (18) combined with
the assumption a[B(X, y)] = o[B(X, ¥)] = 0s:

Aa, B Dba,B(xv y) = Aq mB ha (X) DbB )

r-1

where ;%@mwwwwMmem (19)
Here, the parameter y and the variable z are placeholders for a, 3 and x, y respectively. The solution of
equation (19) is given by
4,2 = aleosprytfz-:52) ad ¢, = aGnpydz-5l) (0

(see [HW71] [DR87] [BRA95]). a and &' are suitable constants to normalize ¢, (2); the parameters b and
b’ have to be calculated numerically to satisfy the equations

b Oan(2MyO) =1 and b’ Ctot (Yo' y[r) = -1 (21
The eigenvalues are
A= + and A = #2 (22)
v b~ +1) yb<+1)

The shape of an eigenfunction ¢, (2) in equation (20) is given by a trigonometric function with frequency
fy; here, the frequency is equal to the products f, = bly or f, = b'ly. The eigenfunctions with the smallest
possible parameters b or b’ have the largest eigenvalues A, . Thus, the first, “most salient” PCA primitives
have the smallest possible spatial frequency, since the principal components are ordered according to their
descending eigenval ues.

To determine the influence of the size of a given image B on the frequency f, of the eigenfunctions
¢, (2 (i.e the shape of the PCA primitives), the discrete lattice structure of the pixels is ignored. In this
case, the pixd values of an image B;, which is derived by scaling the image B with a factor t, are
calculated by

amw=s%%@ (23)

Applied to equation (16), the correlation of the pixelsis given by

PIB (X, Y), Bi(X,y)] = exp(-t "@x-X |) Cexp(~—t "Bhy-y |) (24)

Note that the reciprocal of the scaling factor t is multiplied with the original parameters a and . Thus,
the new model parameters of the scaled image B; are equal to the products —t ‘6 and -t *[B, and the
frequency f,y of the corresponding eigenfunctions ¢ .y (2) are calculated by

fy=bI'y , b Gan(¥bE ') =1 and fg=bE™Y, b Ctot(velb' E ') = -1 (25)
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Figure 19: The frequency fiy of thefirst four eigenfunctions ¢, (2) in equation (20)
with largest eigenvalues A, as afunction of the scaling factor t (r = 8, y = 0.0782).

If the size of the subimagesis fixed, the frequency of the eigenfunctions will remain almost constant for a
large scaling range (see Figure 19): The frequency shift caused by the scaling factor t will be compen-
sated by the parameters b and b’. This property explainsthe similarity of the PCA primitives derived from
versions of the sameimage which differ in size (compareto Figure 20).

0 1 2 3 4 5 6 7
1¥ eigenfunction

2" eigenfunction

Figure 20: Thefirst two eigenfunctions ¢, (2) in equation (20) with the
largest eigenvalues as a function of the scaling factor t (r = 8, y = 0.0782).

2.5.2 Analysis of GPCA Primitives of Natural Images

In the previous section, the PCA primitives were represented by the product of two one-dimensional
eigenfunctions ¢ () and ¢g (y). For GPCA primitives, a corresponding representation is given by the
product of the eigenfunctions ¢’y () and ¢'s (y). However, these eigenfunctions do not posses an analyti-
cal formulation comparable to equation (20) and have to be numerically approximated. The reason is, that
the product of the standard deviations of the pixel values in equation (17) is no longer a constant factor

Og, but (because of the Gaussian weighting function) equalsto
a[B(x, y)] IB[B(X,Y)] = 08 Wr,o (X Y) 1,0 (X, Y)

where g o(xy) = expg—%my‘z Eﬁx—%)z + (y—r—gl)2 % (26)

Note that the parameter ¢ represents the width of the Gaussian (see section 2.3.2). Combining equations
(17), (18) and (26), the eigenfunctions ¢’y (X), ¢’z (y) and their corresponding eigenvalues A'y , A'g have to
satisfy the condition (compare to equation (19) for the PCA)
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Again, y and z are placeholders for a, B and x, y respectively. According to the latest findings, an
andytical formulation of the eigenfunctions ¢’,(2) Smilar to equation (20) can not be given. However, as
shown by anumerical analysis, the ¢’,(2) will vary even less than the eigenfunctions ¢, (2), if the scaling
parameter t is changed (see Figure 21). Furthermore, the eigenfunctions ¢’, (2) with largest eigenvalues
resembl e the derivatives of a Gaussian function which are used as filtersin Scale-Space theory [LIN94].
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Figure 21: (above) Thefirst four eigenfunctions ¢’y (2) for t = 0.5, 1, and 2 respectively.
(below) A Gaussian function and itsfirst three derivatives.

2.6 Generalized GPCA Primitives

The analytical and experimental results of the previous section suggest the possibility of using only one
set of image primitives to encode scaled versions of an image as well as images which are different from
each other. Obvioudly, images with similar correlation parameters a and 3 in equation (16) have similar
eigenfunctions ¢ (2) and ¢’y (2).

The advantage of generalized GPCA primitives (i.e. primitives suitable for different images) is, that
only the parameters a, 3 and the numerical solutions of equation (27) have to be calculated to generate
the primitives. Furthermore, GPCA primitives determined for certain parameters a and 3 can be reused to
encode images with similar correlation parameters.

At the beginning of section 2.5.1, some references were given concerning the similarity of PCA
primitives of different image data; the resultstherein could be verified for GPCA primitives as well.

Figure 22 shows the GPCA primitives of three different images and the two-dimensional
eigenfunctions ¢'q, g calculated for the image Leaves. At first sight, the primitive sets seem to be
completdy different; however, most of the primitives appear asrotated versionsin varying order.

Particularly, the eigenfunctions ¢’ s are more similar to the GPCA primitives of the images Africa
and Room than to the primitives of the image Leaves themselves. The reason is that in equation (16) the
largest correlation is assumed aong the horizontal and vertical axes of the image (see Figure 23d). This
assumption holds for Africa and Room, whereas the axes of largest correlation of Leaves are dightly
rotated against the horizontal and vertical image axes (see Figure 23b). Consequently, the GPCA
primitives arerotated as well.

A detailed analysis of these effects will be subject of future investigations. Possibly, a more precise
approximation of the correlation function could be derived by modeling the rotation of the largest
correlation axes with the aid of a parameter gwhich representstherotation angle.
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Figure 22: GPCA primitives (16x16 pixelsin size) of three different images
and the eigenfunctions ¢’q, s of the image Leaves.
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Figure 23: a) The axes of the largest pixel correlation in horizontal and vertical direction.
(b) The axes of pixel correlation rotated by the angle gas compared to (a).

2.7 Discussion
The investigations so far have resulted in three novel methods for encoding images based on the
transform coding principle:
1) PICA encoding with minimum information content and minimum reconstruction error,
2) GPCA encoding by Gaussi an-weighted subimages and minimum tiling effects, and
3) GPICA encoding which combines PICA and GPCA.
The advantages of these methods compared to other encoding strategies are:
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e adaptive image primitives, i.e. primitives which are adjusted to the characteristics of the respective
image data;

e decorrelated (in case of the GPICA even dtatistical independent) components alowing an efficient
encoding and compression of images,

¢ low recongtruction error and a minimum of generated artifacts (tiling).
Further advantages of the GPCA compared to the GPICA are:
e fast generation of the primitives since the ICA stage is omitted,;

e identica or similar primitives for scaled versions of an images or for different images with similar
statistical properties,

e possihility of efficient calculation based on areliable image model.

Because of the properties mentioned last, the analytically modeled GPCA is superior to the numerically
determined GPICA.

What are the drawbacks of the devel oped methods? A typical drawback of adaptive image encoding
strategies compared to static methods like DFT, DCT, or DGT is that in theory the image primitives have
to be recalcul ated for each image. However, the GPCA primitive sets of scaled images or different images
with similar correlation parameters resemble each other, and can therefore be reused as well.

Thus, if images are classified according to their correlation parameters o and (3, the images of one
class and their scaled versions will be encoded by a common set of primitives which is calculated only
once. The recongtruction error of images with different parameters is dightly higher, but negligible for
practical purposes. Furthermore, it can be compensated by simple methods (e.g. reducing the degree of
compression).
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3 Object Recognition

Starting with a smple standard technique, the template matching, the recent stepsin devel oping an object
recognition system for digital images are described in this chapter. The investigations concentrate on the
required invariance against scaling of the different methods; this invariance is a necessary condition to
recognize objects successfully.

3.1 Scale-invariant Object Recognition

In chapter 1 the most important problems of the automated object recognition were presented. The
research within the scope of the project SEMACODE focuses on the problem of a scale-invariant
recognition which is not solved in a satisfactory manner by already existing concepts.

Why is an efficient scale-invariant recognition of objects difficult? One of the main reasons is the
discrete structure of the image data: Images showing the same object but differing in size have a different
number of pixels. The number of pixels determines the resolution of images; the smaller the image, the
lower the resolution. The resolution of an image determines the quality of the representation of an object
and its details. Consequently, the classification of images showing the same object but differing in size
becomes ambiguous. Furthermore, the scaling of images showing different objects may result in identical
low-detailed images. Thisisdemongrated in Figure 24.

Figure 24: Example for the generation of an identical image by scaling two different images.

On the other hand, too many details may lead to erroneous recognition results. Humans have an intuitive
notion which details are “essentiad” to characterize an object and which details can be neglected.
Additionaly, humans are able to decide reliably if a detail belongs to an object or if it is a“disturbance”
(i.e. the detail of different object, a defect of the image, noise, etc.). Smilar mechanisms to recognize
objects automatically do only exist in rudimentary form.

Thus, to obtain reasonable results, the recognition task has to be limited to a certain scaling range
which depends on the given object. The problem is to determine this scaling range, and how to use it
efficiently in the search process.

3.1.1 Existing and New Methods

Starting point of the investigations and developments was a classical, not scale-invariant technique, the
template matching [PRA78] [GW93]. It is based on the main idea of determining those parts of an image
most similar to the given object image. Since the exact recognition of an object is often impossible (see
chapter 1), the search for smilar objectsis the only reasonabl e alternative.

Many concepts exist to define a quantitative measure for the smilarity of images, well-known are the
Euclidean distance and the correlation coefficient. Other measures can be found for example in [SJ99].
The current research concentrates mostly on the use of the correlation because of its advantageous
properties and its intuitive correspondence to the subjective concept of “similarity”. Future investigations
will include other similarity measures as well.

As an expansion of the classica template matching, the blurred template matching was developed by
us, which suites a limited scale-invariant object recognition. A variant of this approach integrates the
GPCA encoding of images which was introduced in chapter 2.

The mainideaisto reduce the image data to a few salient details, the so-called points of interest (Pol)
of images. Their usage in an atention-based object recognition system were investigated and are
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described in this section. Furthermore, these points are the basis of an object or image modd which is
ideally scale-invariant. First results show that thismodel can be used to successfully recognize objects.

3.2 Template Matching

Our research started with the investigation of a classica technique, the template matching, a very simple
and reliable method to recognize objects in images. However, it is assumed that the size of the object is
known, and that the object is a most dightly distorted or occluded by other objects. Especially the
missing invariance against scaling restricts the usage of the standard template matching. Although it is
possible to search for a version of the given object only differing in sze, the resulting computational
complexity is not acceptable for most recognition tasks.

Thus, an expanded version of the template matching, the blurred template matching, was devel oped.
Here, both the object and the image are reduced in size to decrease the computational complexity and to
allow an “imprecise’ comparison between the object and parts of the image: Because of the lower image
resolution, unimportant details are omitted, and the recognition process becomes more robust against
small scaling, deformation, or occlusion effects. However, this might lead to a recognition of objects
which are not included in the current image.

In further investigations the template matching was combined with the GPCA encoding described in
chapter 2. Compared to the blurred template matching, similar results were achieved while the degree of
“blurring” could beregulated more precisely.

3.2.1 Classical Template Matching

In the following, an object is assumed to be given by an object image Obj which is nxn, pixelsin size.
The classicd template matching (see for example [PRA78] or [GW93)]) is based on the idea of moving a
nyxn, window F over the target image B which has to be processed (c.f. the sliding window technique
described in section 2.3.2). Mathematically, the pixds inside the window F at position (i, j) generate a
subimage U; ; which is ngxn, pixels in size. The pixel values U; (X, y) of the subimage are calculated
according to equation (9) by the product of the weights F; j (x, y) of the rectangular window and the pixel
valuesB(x, y) of B,i.e. Ui j (X, y) = Fi,j (X, y) (B(X, ¥).

During every processing step of the template matching, the correlation coefficient p; j (Ui ;,Obj) of the
current subimage U, j at position (i, j) and the pixel values Obj (x, y) of the object image (the template) is
calcul ated:

L on) = cov(U; ;,0bj)
i, J WM Jvar(ui’j)q/var(Obj)
1 n,-1 ny-1 U. . Dbj
where cov(U, ; Obi) = mmz Z Ui (i + %] +y)IODbj(x,y) —U; (i +x,j +y) [Obj(x.y) ,
x =y x=0 y=
_ 1 At _ 1
Uey) = —& DZ Z Uiji+xj+y),  Obj(xy) = —— DZ Z oo
nx Yy x=0 y= nx T
1 n,-1 ny-1 . 2
and var(U;) = —DZ Z[Ui,j(i X JHyY) —U i+ x] +y)] '
nethy -1 £ y=
1 n,1 ny-1 — 2
var (Obj) = _DZ Z[Obj(x,y) ~ Obj(x,y) )
nehy -1 £ y=
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3 Object Recognition

Possible values of the correlation coefficient p; ;(U;,;,Obj) are derived from the interval [-1,1]. Accord-
ing to the current value of p; (Ui ;,0bj), one of the following statements related to the smilarity of the
subimage and the object image holds:

pij(Ui;,0b) = 1: object and subimage are identical up to a constant factor ¢,>0 and an
additive constant ¢, , i.e. U; j (i+x, j+Y) = ci[Obj(X,y) + ¢,

0<pi;(U;;,0b)<1: thehigherthevalue of the correlation coefficient, the more smilar are U;
and Obj

pij(Ui;,0b) = 0: object and subimage do not resemble each other

-1<p;(U;;,0bj)<0: thelower the correlation coefficient, the more smilar are U; j and the
inverted image of Obj

pij(Ui,;,0b0) = -1: subimage and inverted object image are identical up to a constant factor
¢,>0 and an additive constant ¢, , i.e. U; j (i+X, j+y) = —Ci[Obj (X, y) + ¢

The advantages of the correlation coefficient are its distinctiveness and its invariance againg the intensity
and average illumination of the object image and the subimages. Furthermore, the inverse object image
can be recognized aswell.

A drawback is the high computational complexity, especially if the size of the object appearing in the
image is unknown: in this case the correlation coefficient has to be calculated for many versions of the
object image which differ in their size.

3.2.2 Decreasing the Resolution of Images

To decrease the computational complexity of the template matching, both the object image and the target
image were reduced in sze. Furthermore, the robustness of the processing task againg deformation,
distortion, scaling, and occlusion is expected to be increased, since the resulting lower resolution and the
corresponding “blurring” of theimages should lead to afaster and | ess restrictive object recognition.

The correctness of these assumptions was verified using a few simple objects; the results are
demonstrated for the object images Sool, Stool-O, and Container (see Figure 25).

e

L

)

Figure 25: The object images Sool (a), Sool-O (b) and Container (c).

a) b) ©)

Firg, several versions of the image Sool (107x126 pixels) differing in their size were calculated (scaling
factor t = 0.2 ... 5). Then the image and its scaled versions were reduced to the same size (for example
20x24 pixels; this corresponds to a scaling factor ® of 0.19 in case of the original image). Figure 26 shows
some of the resulting images. At different image resolutions, the correlation coefficient of the original
image and the scaled versions as a function of the scaling factor t is reproduced in Figure 27.

® This factor is called the resolution factor tg, see next section (3.2.3).
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a) origina t=05 t=07 t=1 t=14 t=2
(20x24 pixels) b) versions of (a) scaled by the factor t and reduced to 20x24 pixels
Figure 26:The reduced image Sool (a) and its reduced, scaled versions (b).
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Figure 27: The correation coefficient of the image Stool and its scaled versions as
afunction of the scaling factor t at different resolution levels.

As expected, the correlation coefficient reaches its maximum value of unity at t = 1, Sincein this case the
compared images are equal. The correlation coefficients at a resolution of 20x24 pixels and the original
resolution of 107x126 pixels are nearly identical; in fact, a significant difference can not be found unless
theresolution is reduced to 10x12 pixels. Thus, lowering the image resolution up to a certain degree does
not affect the results, while the computational complexity is decreased: The number of pixel values
needed to calculate the correlation coefficient reduces from originally 107x126 = 13482 to 20x24 = 480.

Of particular interest is that the correlation coefficient will remain high if the scaling factor is varied
by a small amount: For alimited scaling range, the correlation coefficient isalmost scale-invariant.

Next, the correlation coefficient of theimage Sool and the scaled versions of both a“distorted” image
So0l-O and a“similar” image Container were calculated. In case of Sool-0, the “distortion” results from
a background object to simulate an occlusion effect. The corresponding correlation coefficients are shown
in Figure 28.
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Figure 28: The correation coefficient of the images Sool and the scaled versions of Stool-O (above)
and Container (below) as afunction of the scaling factor t at different resolution levels.

For the image Sool-O, the correlation coefficient reaches its maximum at t = 0.97, i.e. the smulated
occlusion results both in alower correlation and asmall scaling error. Note that the correlation coefficient
is higher for a lower image resolution: This confirms the assumption that the tolerance against
deformation and distortion effects will be increased if the image resol ution isreduced.

The interpretation of the results derived for the image Container is more difficult. At alarge scaling
range (t = 1...2) the value of the correation coefficient is higher than 0.5; the overall maximum is
reached at t = 1.1 indicating that the object shown in the image Container is“larger” than the object Stool.
Thus, both objects are “similar” in terms of the correlation measure. However, the exact scaling factor can
not be determined, since the graph of the correlation coefficient in the neighborhood of the maximum
valueisreativey flat.

Here, the problem isif the two objectsin fact are “similar” in terms of human visua perception. This
question is difficult to answer since the subjective notion of similarity is based on individual parameters,
i.e. aperson A gsates that two objects are similar, whereas person B does not. The perceived similarity will
become less ambiguous if more than two objects are compared and a statement like “object No.1 is more
similar to object No.2 than object No.3” can be given. Thus, smilarity highly depends on the context in
which the objects are presented. For a detailed discussion of these aspects see for example [SJ99].

3.2.3 Blurred Template Matching

After the investigations described in the previous section, the template matching with “blurring” (blurred
template matching), i.e. with reduced image resolution, was used to recognize several objects in areal-
world image B. Therefore, the size of B and the object images was decreased by a factor tg << 1 caled the
resolution factor.

The search for an object in the reduced image Bg was done at different scalest O [tqin, trad, SiNCE the
correlation coefficient is scale-invariant only for a limited scaling range. Thus, the images of the objects
to be recognized were scaled by the product t(ik of the scaling factor and the resol ution factor.
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Figure 29: Results of recognizing the object Sool in the target image Room. The marked image
details and the object image have the largest corréation coefficients (solid line: correlation
coefficient = 0.75 at t = 0.48; dotted lines: correlation coefficient = 0.72 at t = 0.4).

Figure 29 shows the results of recognizing the object Stool in the target image Room (301x223 pixels) by
using the blurred template matching. The stool visible in Room is about the factor 0.5 smaller in size than
the object image Soal; the size of the image Room at reduced resolution was 44x59 pixels (tr= 0.2). The
blurred template matching was performed at ten different scaling ranges (t = 0.4, 0.48, 0.57, 0.68,
0.82, 098, 1.17, 1.4, 1.67, and 2.0). Thus, the resolution of the reduced object image ranged from
8x10 to 42x50 pixels.

The image detail with maximum correlation coefficient (= 0.75) was found at a scale of t = 0.48 which
is the closest to the exact scaling range 0.5. The location of this image detail matched the location of the
stool visible in Room. Interestingly, the second largest coefficient (= 0.72) was calculated for the image
detail containing the object Container (see Figure 29). However, the object Sool could not be recognized
if none of the scaling rangest was close to the exact scale of 0.5 .

Besides Stool, the objects Container and Container2 (see Figure 30a) were searched in Room as well,
but only Container could be found. Obvioudy, the “distortion” of the object Container2 visible in Room,
which is caused by the background (dark floor and bright wall), prevented a successful recognition.

Further recognition tasks included the object images Chair and Box (see Figure 30b+c). These images
represent rough sketches of the contours of real-world objects and were used to simulate possible object
examples generated with the aid of a graphical editor by a hypothetical user. Since the inverted images of
these objects might be included in the target image as well, the absolute value of the correlation
coefficient was calculated (compare to section 3.2.1). In this case, the chair visible at bottom left in Room
could be recognized. In contrary, the search for the object Box was not successful: In Room, every object
with a shape similar to the sketched box has textures caused by illumination or reflection, which are not
visiblein the object image Box.

b) )

Figure 30: The object images Container2 (a), Chair (b) and Box (c).
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To perform the recognition task, the object images as well as the target image have to be reduced in size
to achieve alower image resolution. Does the utilization of scale-invariant GPCA primitives improve this
process? Thiswill be investigated in the next section.

3.2.4 Template Matching of GPCA-encoded Images

So far, to recognize objects by template matching techniques, the pixel values of images were used.
However, areduction of the computational complexity without decreasing the image resolution will aso
be possible, if the images are encoded in a suitable manner (data compression!), and the correlation
coefficient is cal culated from the encoding coefficients. Therefore, the GPCA encoding scheme described
in chapter 2 was used.

Firg, the GPCA primitives of the target images had to be calculated. Next, the target image, the object
image, and the scaled versions of the object image were encoded by the same set of these primitives. The
similarity of the object and different regions of the target image was determined by calculating the
correlation coefficients of the corresponding GPCA jets.

Here, the different variances of the GPCA components have to be considered. In most cases, the
ranges of the first components are significantly larger than the ranges of other components, i.e. the first
components have a higher influence on the correlation coefficient and dominate its value. Thus, the
GPCA components of the target image and the object images were scaled independently to obtain equal
variances. The resulting component ranges were nearly identical and allowed a reasonable determination
of the correlation coefficients.

The computational complexity can be varied by two parameters regulating the “blurring” of an image:
The size of the subimages used to generate the GPCA jets, and the number of GPCA components. The
choice of the subimage size corresponds to the choice of the image resolution at the blurred template
matching. Furthermore, the number of GPCA components determines the detailed appearance of the
subimages. A smaller number of components and/or larger subimages reduce the number of encoding
coefficients needed to cal culate the correlation coefficients and therefore the computational complexity.

The experimental results can be discussed in a few words: Compared to the blurred template
matching, the objects Stool, Container, and Chair were recognized at the same or less computational
complexity, while the objects Container2 and Box were not. The calculation of the correlation coeffi-
cients by only a few components, which are most important for the reconstruction of the object images,
improved the results for Container2 and Box, i.e. their correlation with regions showing these objects in
the target image increases, but does not become a maxi mum.

3.2.5 Discussion

The investigations described in this section 3.2 showed that a scale-invariant object recognition based on
template matching techniquesis partly successful. Furthermore, the different methods can be optimized in
many ways to adapt them to specific recognition problems.

For example, the correlation coefficients could be calculated only for those pixels, which belong to the
object, instead for the whole object image. In this case, the recognition of Container2 by blurred template
matching was successful, because the interfering background pixels were removed. However, this
technique can not be applied to sketched objects like Chair or Box, since the pixels of these objects have
identical values. Consequently, they are highly correlated with regions of uniform illumination, and thus
are “recognized” at locations wherethe target image shows awall or other large surfaces.

Other optimization strategies try to reduce the computational complexity. For instance, the correlation
coefficient might only be calculated for regionsin the target image, where the variance of the pixel values
is larger than a given threshold. This prevents “empty” parts of an image without “interesting” content
(like walls or other large surfaces) to be unnecessarily compared with the object image.

In spite of these additional measures, template matching techniques have fundamental drawbacks. A
main point is that recognition tasks, which are invariant againg scaling, rotation, etc., demand multiple
searches of the object in the target image. Because of the resulting computational complexity, methods
based on template matching are not suitable for fast online processing, especially if theimage datais very
large. For thisreason, other approaches to object recognition will be investigated.
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3.3 Attention-based Object Recognition

Compared to the principles of the human visual system, the strategy of object recognition techniques
based on template matching appears to be rather “unintelligent”. Looking a an image, humansfirg search
for image details which attract the attention of the viewer: Such details are assumed to be more sdient
than others. The viewer focuses one of these salient details and recognizes them (if possible) as objects or
parts of objects. Then the next detail is focused, and so on.

In contrary, methods based on template matching scan every detail of the whole image, regardless if
they are salient or not. If necessary, this procedure is repeated for every scaling range. Thus, the object
image is compared to image details even if they do not contain any interesting information and could
therefore have been omitted.

For this reason, aheuristic was developed to identify the salient and most interesting regions (points of
interest, Pol) in a given image. Image details containing points of interest are compared to the object
image, whereas other details are left out. This kind of attention-based object recognition is expected to
have alower computational complexity than classical template matching methods.

3.3.1 Determination of Salient Regions in Images

The determination of salient image regions is a difficult task; in fact, no common definition of such
regions exists. Psychological investigations show that especially regions with a high degree of symmetry
attract the attention of a human viewer [LN87]. A technique based on this results is presented in
[HNM96]; however, the resulting methods are rather complex and computationally expensive.

A more smple approach by Itti and Koch [IK98] characterizes the attention-attracting points of
interest as the centers of image features with high intensity. To determine these centers, an image B is
filtered by n different filters (feature detectors like Gabor filters, etc.). The coefficient B® (x, y) of the
respective filter images B®, k=1,..., n, are normalized to the identical range [0,1] of intensity values,
weighted by a factor g¢, and added to a so-called saliency map S of the image B. The coefficients
S (%, y) of this map represent a measure for the saliency of an image pixe B(X, y): The higher the value
of (X, y), themore salient isB(X, Y).

Here, the weighting factors gy are of great importance. Itti and Koch propose to set gc= ng—rm)z,
where M is the global maximum of the coefficients B™ (x, y) of the k™ filter image B®, and m
represents the average of all local maximums of B®. Theidea s, that afilter output B® shall have more
influence on the resulting saliency map, if it contains afew but relatively large coefficients (peaks). Such
peaks are possible points of interest and will be emphasized in & . If many of the different filter images
contain a peak at the same position, the corresponding coefficient in S will most probably represent a
point of interest.

3.3.2 Point of Interest in GPCA-encoded Images

The method of Itti and Koch can be used in combination with the GPCA encoding scheme as well.
Interpreting the GPCA primitives as filters, the coefficients & of the encoding jet & of subimage U; ; at
position (i, j) correspond to the coefficients of the filter image B ® generated by the k™ primitive®. Thus,
a sdiency map S§ can be generated according to the algorithm described in the previous section.
However, since the coefficients &(i, j) might be negative and therefore negative peaks are possible, their
absolute values |&(i, j)| have to be used. The generation process of S including the normalization and
weighting of the (absolute) filter imagesisgiven by

(29)

= % &)
] - D —
S, j) Zl Ok max (| & (i.1)])

Unfortunately, the determination of the weighting factors gy raises a fundamental problem: In contrary to
the global maximum, the calculation of the local maximums of an discrete, two-dimensional signal (e.g. a

® In the following, the notations &(i, j) and &((i, j) are used to emphasize that a jet & and its coefficients &
bel ong to a certain subimage U; ; at position (i, j).
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digital image) is very expensive in terms of the computational complexity. For this reason, an alternative
method to determine the factors g, was devel oped.

The weighting factors g, will be expected to have large values, if afilter image B® contains isolated
but strong peaks. Furthermore, the g should be small for filter images with many peaks which are nearly
identical. Assuming the coefficients of a filter image (i.e. the encoding coefficients & (i, j) of the GPCA)
to be samples drawn from arandom variable =, the digtribution of the &(i, j) is given by the probability
density function p(=) of =. Typical measures to characterize this distribution are the variance, the
skewness and the kurtosis (excess) of = (see for example [PUG84]).

The higher the kurtosis kurt (=) 0 [-3,e0] of a random variable =, the more samples of = are located
near the expected value [ECland less samples deviate from [ETI In contrary, the kurtosis will become
negative if many samples are scattered widely around [EL] and kurt(=) =0 if = is Gaussian-distributed.
Thus, = is sometimes called a super-Gaussian (kurt(=) > 0) or a sub-Gaussian (kurt(=) < 0) random
variable. Figure 31 reproduces some of the possible distributions of a = with different kurtosis.

p(3)

Q) kurt(=) =-0.3 d) kurt(2) =-1.2

Figure 31: Examples for the probability density function p(=) of arandom variable =
with different kurtosis: @) Gaussian, b) super-Gaussian, ¢) and d) Sub-Gaussians.

The kurtosis of the encoding coefficients &(i, j) provides a measure which is smilar, but not identical to

the one proposed by Itti and Koch: It will deliver a high value if only a few of the & (i, j) represent a
strong peak. Thus, the kurtosis was chosen to cal culate the weighting factors gy :

_ _ 1 1 P
Ok = kurt(&)+3 = ) Dvarz(ék) DZZ [fk(lyl) fk]

where {_k =

nxlmyDZZsk(i,j) and var(fk)=nxm;y_lDZZ[€k(i,j)—5]2 (30

Note that the value 3 is added to the kurtosis; therefore the weighting factorswill never get negative.

Figure 32 shows the saliency map Szoom Of the image Room. The coefficients Szom (i, j) are calculated
according to equation (29). The number of GPCA components was n = 16, and the encoding coefficients
&(i, ) were generated from Gaussian-wel ghted subimages (16x16 pixels, 8 pixelsoverlap, o = 3).
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Figure 32: Theimage Room (l€eft) and its saliency map Szoom (right).
Bright pixelsin Sgem denote the points of interest.

Especially the contours of objects are marked as salient regions (bright pixels in Sgeom), While large
surfaces in Roomwith low information content (dark pixelsin Skoom), Such as walls, floor, but also the top
of the operating table, are assumed to be |less interesting. Here, a detailed discussion about the correspon-
dence of the derived points of interest to their psychological motivated equivalents is omitted. However,
image regions with high information content (edges, lines, etc.) are detected, which isan important image
processing task.

3.4 Development of a Scale-invariant Model for Objects

The technique to detect the points of interest as described in the previous section can be applied to object
images as well. Possibly, only those encoding jets representing the most salient image regions are needed
to recognize the object: Since the other jets encode “unimportant” parts of the object image, they can be
omitted.

This idea |eads to the development of an object model consisting only of the jets & of salient paints.
Ideally, this model will be invariant to the size of the represented object, if the relative positions of the
jets alone are stored. However, because of the limited invariance of the jets against scaling, the model is
expected to be limited scale-invariant as well.

The investigations concerning this promising approach are still in progress and will be subject to
future research within the scope of the project SEMACODE. Comparable methods were used by othersto
implement a successful system for face recognition purposes [WFK99].

3.4.1 Object Modeling Using Points of Interest

The idea of modding an object by its points of interest will be demonstrated for the simple example of the
object image Sool. Figure 33 shows the object image with typical points of interest and the resulting
model. For ingtance, thismodel can be represented by a labeled graph: Each node in the graph describes a
point of interest and therefore holds the corresponding encoding jet, whereas each edge is |abeled with the
relative position of the points at its two nodes.

Principaly, this object model is invariant against the sizing of the object: Given the angle g and the
distance d between two nodes, the relative position of the nodes can be represented by a tuple (g J) of
polar coordinates in dimensionless units. In case of the angle @ this true by definition; the distance d can
be calculated from the “real” distance of the nodes divided by the average distance of all nodes.
Obvioudly, this reative distance is independent of the sze of the object. Furthermore, rotated versions of
the object are easily represented by the model: The angle of rotation ¢, aone has to be added to the
angle gof each edgein the model graph.
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representation of therelative
position of V; and V, in polar
coordinates (@ 9

object imagewith model graph of
points of interest the object

Figure 33: Typical points of interest of the object image Stoal (left) and the resulting
mode graph (middle). Thelabel of the edge (V;, V.) representstherelative position
of two nodes V; and V, in polar coordinates (@ J) (right).

Using the GPCA image encoding technique, several versions of the object image Sool differing in their
size were transformed into corresponding object models (multi-resolution object model). First, the points
of interest had to be calculated according to section 3.3.2. The nodes of the model graphs resulted from
those points with coefficients S (i, j) of the saliency map S, which were greater or equal than the
average [5s (i, j)U

However, many of these coefficients were located nearby and more or less identical. To achieve a
digtribution smilar to Figure 33, where the points of interest are located as widely as possible, and where
the number of pointsremains aimost constant a each scaling range, only coefficients S (i, j) and & (i', ')

with adistance
Al (), S, )] = A-1)+(i-7) (31)

at least greater or equal than the minimum dynamical distance d, =t [d; were selected as points of
interest. Here, d; isthe smallest distance between two points of interest, which is allowed at the origina
scalet = 1, and has to be chosen empirically.

For d; = 2.5, Figure 34 shows the sdlected points of interest of the object image Sool at different
scaling ranges. The points of interest are marked by circles representing the support of the underlying
subimage; the subimages were 16x16 pixels in size (8 pixels overlap), and the number of encoding coeffi-
cients &(i, j) per jet &(i, j) was 16.

Calmmat )

t=15

Figure 34: Selected points of interest of Sool at different scaling ranges. Circles represent the support of
the underlying subimages U; ; (16x16 pixels, 8 pixels overlap). The corresponding coefficients S (i, j)
were greater or equal than the average [$; (i, j)[J] and their distance was at least d, pixels (d; = 2.5).

Each node generated from the selected points was label ed with the encoding jet (i, j) of its corresponding

subimage, while the attributes of the edges were set to the relative node positions. Unfortunately, as
mentioned above, the scale invariance of the resulting object mode is limited to a small range, since the
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encoding jets &(i, j) remain constant only for dight changes in the size of the object image. For thisreason
a separate object model was calculated at several scaling ranges.

3.4.2 Using the Model for Recognizing Objects

In analogy to the investigations in section 3.2, the devel oped object model was used to recognize several
objects in the target image Room. For efficiency reasons, minor modifications had to be applied to the
representation of the model graph.

For example, some edges of the graph in Figure 33 can be omitted: There exists a graph with a smaller
number of edges, which represents the relative position of all the nodes, i.e. where at least one edge is
attached to each node. A graph with the smallest possible number of edges will result, if at least one and
at most two edges are attached to each node: This graph is called a path graph or simply path’, since it
resembl es a path in the fully connected graph.

In case of the actua object model, the construction of a path is rather simple. Starting with a point of
maximum saliency (i.e. where the corresponding coefficient S (i, j) is the maximum of the saliency map
$), thefixation point, which is transformed into the first node of the graph, the next point of interest with
aminimum distance d, = t{d; and the highest remaining coefficient S (i’ j") is searched. The new point is
transformed into a node as well and connected to the previous node by an edge representing their relative
position. This procedure is repeated until no more point of interest satisfying the above conditions are | eft.
Figure 35 shows a simplified example path for the object Stool (the real path graph of Stool is much more
complex since there are more point of interest in the object image).

points of interest resulting path

Figure 35: Generation of a path by nine coefficients S (i, j) ordered according to descending values.

After the generation of the path, the points of interest of the target image Room were determined. Of these
paints, the point A with an associated encoding jet most similar to the encoding jet of the fixation point of
Sool was selected. Therefore the correlation coefficient of both jets had to be calculated. Here, the
differing variances of the encoding coefficients & (i, j) were equalized by normalizing the components of
the jets according to section 3.2.4.

Beginning with the fixation point of Sooal, the point P in the target image corresponding to the next
node in the model path was searched. The search could be reduced to a small part of the target, since the
relative position (@ J) in reference to the fixation point was given by the label of the connecting edge (see
Figure 36). This part resulted from a region where the inclination of the connecting line AP between the
first point A and the next point P differed at most about + 7,5° from the predicted angle @ Furthermore,
AP mugt not be shorter than one half and not longer than two times the length of the absolute distance
between the corresponding points in the object model. These restrictions arise from the following two
observations:

« Theobject (possibly) appearing in the target image may be dightly rotated as compared to the
object given in the object image. Such arotation islikely to result from the discrete pixd structure
of digital images and has to be compensated, even if the recognition task is not expected to be
invariant againg rotation.

" Note that a path graph is not necessarily the only graph with aminimum number of edges.
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e Sofar, theinvariance of the object model against scaling islimited (see previous section). Thus,
the size of the searched object appearing in the target image (and with it the length of AP) hasto

S

-

Figure 36: Possible target image locations of the point P in reference to the point A (shaded).

A successful detection of the point P in the target image allowed a first approximation of the size and the
rotation of the object, which was used to improve the search for further points according to the technique
described above. If P could not be detected, subsequent points of the modd path were searched, or else
the search task restarted at the next point of the target image, which was most smilar to the fixation point
of the object image.

This method is more complex but faster and more robust than the rather smple blurred template
matching. Consequently, the experimental results included the successful recognition of the objects Stoal,
Container, Chair, and even Container2. However, the object Box could not be recognized as well.

3.5 Discussion and Further Research

The development of an automated object recognition system resulted in an object model with a limited
invariance againgt scaling, which is based on the proper selection of salient image regions (points of
interest). Furthermore, the mode is easily expanded to support a rotation-invariant object representation.
By utilizing points of interest, the robustness of the recognition process against several distortion effects
such as occlusion is enhanced.

Further research in the scope of the project SEMACODE will concentrate on the improvement of the
object model, especially its invariance against scaling. Additionaly, the investigation of other smilarity
measures is considered.

Besides, ageneral object recognition mode shall be developed on the basis of the results and methods
described herein. For ingance, latest neuro-biological and psychological findings should be considered to
improve the recognition task. Here, the main subject will be the invegtigation of Gestalt-theoretic
principles, which are only scarcely used in image processing.
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Appendix: Efficient Scaling of Images

Nearly all the methods described in chapter 3 require an image B, which is represented by pixel values
B(X, y), to be resized as fast and correct as possible. Trivial solutions, such as leaving out or copying
pixelsin regular intervals, are too inaccurate and not acceptable. Instead, an efficient technique based on
signal-theoretic results was devel oped.

To simplify the investigations, images are first assumed to be one-dimensional signal. The case of
“real” images, i.e. two-dimensional signals, will be considered later. The amount of resizing (scaling) is
denoted by the scaling factor t calculated from the quotient of the width/height of the scaled image B; and
the width/height of the origina image B. Note that in this case the area of B; ist ? timesthe area of B.

Decimation and Expansion

The most smple operations to scale a finite, one-dimensional signal B consisting of N samples B(X),
where x[{0,...,N-1}, are decimation and the expansion. They allow the downsizing of B by a factor M
and the upsizing of B by afactor L, respectively. Here, both M and L have to be real integer numbers. The
mathematica definitions of decimation and expansion are (according to [VAI93])

M-fold decimation: Bp(x) = B(xm™) if xmMO{0,...,N-1}

L if dL=0 and x/L 0{0,...,N -1
L-fold expansion: Be(X) = BX/ T Xmo and x/L O{ }

32
o else (32)

The decimated signa By consists of each M ™ sample of B, whereas the expanded signal B results from
inserting L—1 zero samples between each pair of successive samples of B. Thus, Bp is downsized by a
factor 1/M and Bg is upsized by a factor L compared to the origina signal B. Figure 37 shows the results
of applying decimation and expansion to asimple signal.

.f.q;TUT?TT?. * T T LI

original signal decimiated signal (M = 2) expanded signal (L = 2)

Figure 37: Decimation and expansion of a signal.

However, neither Bp nor Be are suitable approximations of a signal B to be scaled by a factor t = /M or
t =L, respectively: Previous to the decimation, the signal B hasto be filtered by a decimation filter Hp to
avoid the effect of aliasing (see beow). Likewise, the expanded signal Be must be smoothed by an
interpolation filter He to fill the “gaps’ resulting from inserted zero samples.

The appearance of frequency components in a decimated signal, which have no equivalent compo-
nents in the original signal, is called aliasing. For example, let B, be a signa with N, samples B, (X)
where B, (x) = 1 if x isamultiple of 2, and B, (X) = 0 else. Obvioudy, B, is periodica with the smallest
possible period T, =2 for integer coordinates x. In signal theory, the frequency w of a signa is usually
given by w= 20T, where T denotes the period of the signal. Thus, the frequency w, of the signal B, is
w, =2/ T,=1t Since T, can not get smaller than 2, w, = Tt represents the highest possible frequency,
which is called the Nyquist frequency.

Now, let B, p be the signal resulting from the M-fold decimation of B, where M = 3. The samples of
B, paegiven by B, p (X) = Lif xisamultiple of 2, and B,,p (X) = Oese. Thus, B, p isidentica to B, but
contains only one third of the samples of B,. Consequently, its frequency w,, p = Ttis equa to w, as well.
However, snce B, p isaversion of B, resized by a scaling factor t = /M = 1/3, its period T, p should be
one third of the original period T, resulting in a theoretical frequency of w, p =3[ But this theoretica
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frequency is higher that the Nyquist frequency which isimpossible. Therefore B, p ishot a valid approxi-
mation of the M-fold decimated signal B, .

It can be shown that each frequency component higher than M may lead to diasing in a M-fold
decimated signal [VAI93]. For this reason, such frequency components are removed before decimating a
signal. This is done by applying a decimation filter Hp with a cutoff frequency wpy = T1/M. Hp is a so-
called lowpass filter: Ideally, the output signal of Hp contains only those frequency components which are
equal or lower than the cutoff frequency.

In the case of a L-fold expans on, the expanded signal has to be smoothed. This is be done by applying
alowpassfilter, theinterpolation filter Hg, with cutoff frequency we = Tt/L after the expansion stage.

Scaling Filters

Decimation and expansion operations can be combined with their corresponding filters Hp and Hg
respectively. For mathematical reasons, the signal to be processed and the filters consisting of the filter
coefficients Hp (i) and He (i) are expected to have an infinite support. This is done by “embedding” a
finite signal B with N samples B(x), where x(0{0,...,N-1}, into an infinite number of zero samples, i.e.
B(x) = 0 if x(U{0,...,N-1}; the same holds for finite filters. According to [VAI93], the improved M-fold
decimation and L-fold expansion operations are given by

M-fold decimation: Bp(X) = i B(xMM —i) Hp (i) =i B(i) (Hp (XM —1i)

L-fold expansion: Be(X) = i B(i) (Hg (x—iM) (33)

Applying aM-fold decimation operation to the output of a L-fold expansion operation, the signal B can be
resized by any (rational) scaling factor t = L/M. With equation (33), the samples of the scaled signal B; are

00

Bi(x) = Ho () Dz B(i) CHe (XM il —j)
j:—oo j=—00
= z B(i) Dz Hp () (He (XM —i —j) 39
i=—c0 j=—

The second row of equation (34) represents a combined decimation and expansion where the filter coeffi-
cients are given by convolutions of Hp and He : These coefficients generate a “new” filter H:. Since Hp
and He arelowpass filters, He isalowpass filter with cutoff frequency® w: = min(up ,ox ) = TPmax(M, L).
Thus, the convolution summation over j in equation (34) can be replaced by the coefficients of the scaling
filter Hr to obtain the classical one-dimensiona t-fold scaling operation of asigna B (t = L/M):

B:(x) = z B(i) (He(xM—ill)  where  He(k) = z Hp () (He (k) (35

j=—0c0 j=—00

Efficient Scaling Filters

Considering that the coefficients B(k) are zero where k[{ 0,...,N-1}, the summation in equation (35) has
to be computed for at most N indices iC){0,...,N-1}. Usually, the scaling filter Hr has a finite number of
non-zero filter coefficients which is significantly smaller than N. Thus, many of the filter coefficients
He (XIM-i[l) are zero as well, and the number of summands in equation (35) is expected to be less than N.

8 The cutoff frequency of He is we = min(wy, we) for ideal lowpass filters Hp and He . However, redl
lowpass filters might damp frequencies lower than the cutoff frequency and do not fully reject higher
frequencies. Depending on the used filter implementations, wr will dightly differ from min(wp , we).
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For the purpose of image scaling, thefilter He is chosen to be symmetrical to the origin. This ensures
a uniform filter operation without phase shifting (i.e. the signal is not shifted or “delayed” compared to
the origin x=0). Consequently, the filter coefficients satisfy the properties Hr (k) = Hg (k) where
kO{-K,...,K} and Hr (k) = 0 if k[{ —K,...,K}. K is called the radius of the scaling filter; the total number
of filter coefficientsis 2[K+1.

Following the above considerations, each summand in equation (35) with an associated index i satis-
fying neither iCJ{0,...,N-1} nor —K < xIM-i < K has to be zero and can be omitted. Thus, equation (35) is
equivalent to

stop(x,M ,L,K,N)

Bi(X) = B(i) (H (XM — i)
i:startg\/t LK) "

XM -K
where  start(x, M, L, K) = maxHD,
(ML = maxth 5
and stop(x, M, L, K, N)= min EML+ K E N —1% (36)

Scaling 2-dimensional Signals

Given atwo-dimensiond signal B with NyxN, samples (i.e. a“red” image which is NyxN, pixelsin size)
and atwo-dimensiona scaling filter Hor with (20K—1)x(2[K-1) coefficients, equation (36) may be formu-
lated in the two-dimensional case:

stop(x,M L,K,N) stop(yM L ,K,N)
Bi(xy) = Zv ZM B(i, j) Hor (XM —i[LL, yiM — j L) 37
i=start(x,M LK) j=start(y,M LK)

Equation (37) will be simplified, if Hor is separable, i.e. Hor can be written as the product of two one-
dimensional filters. Given that Hur (X, y) = He (X) CHE (Y), equation (38) holds:

stop(x,M ,L,K,N) stop(y,M L K,N)

Bi(x,y) = He (xMW —iMl) O B(i, ) CHe (YIM —jI) (38)
i:startg\/t LK) " gM,L,K) ]

j=start
Firg, theimage columns are resized by an one-dimensiona scaling operation. Next, the same is done with
the resulting, vertically scaled rows.
Choice of Filter Coefficients

As mentioned above, Hr should be a separable lowpass filter which is symmetrical to the origin. For
image processing purposes, the two-dimensional Gaussian filter G, isa suitable choice:

L et X H koK 39
o Q20 22 [’

The frequency response of the Gaussian filter G, is given by its Fourier transform

Hoe (%, y) = Go(X) BGs(y) where Go(K) =

H(w, @) = Go(w) 0Gs(wy)  where  Go(w) = exp(-%E76?Y)  (40)
determined by the parameter o [JAH89]. Figure 38 reproduces this frequency response as afunction of o.
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Figure 38: Frequency response of a one-dimensional Gaussian filter G, asafunction of o.

Gs is not an idead lowpass filter, since frequency components of the signal B higher than the cutoff
frequency w: = 11/ max(M, L) are not fully rejected and lower frequency components are slightly damped.
Therefore, an additiona parameter d has to be given to obtain a suitable choice of 0. Here, d represents
the minimum factor used to attenuate frequency components higher than the cutoff frequency w-. With
wr O[O, 1, the parameter o is calculated by

Go () = exp(—.’@?) < d g 0 = \/-20n(d) Cmax(M, L)/ T (41)

Applied to most real-life images, a parameter value of d = 0.5 is known to produce acceptable results. To
determine the number 2IK+1 of filter coefficients, aradius K, which is three times the value of g, should
be sufficient:

K = B[ (42)
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