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Preface

An agent is anything that perceives the surrounding environment through its sensors and
performs actions upon it through its effectors. Al research aims to describe and build
rational agents, which try to optimise their performance, given the information perceived
from the environment and their background knowledge. Computer vision and machine
learning investigate two important capabilities of rational agents: Human-like perception
of the sensed data and improvement of agent performance with time. In recent years,
there has been an increased interest in the synergetic contribution of these two fields to
the development of agents that can solve “real-world” problems. This workshop is
multidisciplinary in that it provides a forum for discussing current research in Al and
pattern recognition that pertains to machine learning in computer vision systems.

From the standpoint of computer vision systems, machine learning can offer effective

methods for automating the acquisition of visual models, adapting task parameters and
representation, transforming signals to symbols, building trainable image processing

systems, focusing attention on target object. To develop successful applications, however,
we need to address the following issues:

e How is machine learning used in current computer vision systems?

 What are the models of a computer vision system that might be learned rather than
hand-crafted by the designer?

« What machine learning paradigms and strategies are appropriate to the computer
vision domain?

* How do we represent visual information?

» How does machine learning help to transfer the experience gained in creating a vision
system in one application domain to a vision system for another domain?

From the standpoint of machine learning systems, computer vision can present interesting
and challenging problems. Many studies in machine learning assume that a careful trainer
provides internal representations of the observed environment, thus paying little attention
to the problems of perception. Unfortunately, this assumption leads to the development of
brittle systems with noisy, excessively detailed or quite coarse descriptions of the
perceived environment. Some specific machine learning research issues raised in the
computer vision domain are:

* How can noisy observations be dealt with?

* How can large sets of images with no annotation be used for learning?

» How can mutual dependency of visual concepts be dealt with?

« What are the criteria for evaluating the quality of learning processes in computer
vision systems?

* When should a computer vision system start/stop the learning process and/or revise
acquired models?

 When is it useful to adopt several representations of the perceived environment with
different levels of abstraction?

This workshop provides some answers to some of these questions, and maintains a
balance between theoretical issues and descriptions of implemented systems to promote
synergy between theory and practice. It follows the tradition of similar events organized
in the past decade, such as: NSF/ARPA Workshop on “Machine Vision and Learning”,



Harpers Ferry, West Virginia (October 1992); AAAI Symposium on “Machine Learning
in Computer Vision: What, Why, and How?”, Raleigh, North Carolina (October 1993);
International Workshop on “Learning in Computer Vision”, Sydney, New South Wales,
Australia (April, 1996); ECCV (European Conference on Computer Vision) Workshop
on “Learning in Computer Vision”, Freiburg, Germany (June 1998), ICML (International
Conference on Machine Learning) Workshop on “Machine Learning in Computer
Vision”, Bled, Slovenia (June 1999); First International Workshop on “Machine Learning
and Data Mining in Pattern Recognition”, Leipzig, Germany (September 1999).

We wish to thank the members of the Program Committee for their assistance in setting
up this workshop and in reviewing submitted papers. We wish also to thank the ECAI
2000 Programme Committee and in particular the Workshop Chair, Prof. Marie-Odile
Cordier, for supporting the organisation of this workshop and the European Network of
Excellence in Machine Learning (MLNET) for the economical support. Finally, we wish
to thank authors and invited speakers for their excellent contributions in promoting
discussion and the development of new ideas and methods on the workshop topics.

Floriana Esposito and Donato Malerba
August, 2000
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A Factorisation Framework for Structural Pattern Matching

Edwin Hancock

Department of Computer Science,
University of York,
York, YO1 5DD, UK
erh@cs.york.ac.uk

Abstract

Relational representations are of critical importance in high-level vision.
They can be used to represent the arrangement of image primitives in a
manner which captures the structure of both objects and scenes. Moreover,
they can convey important semantic information which is not captured by
using object attributes alone. In this talk we describe some important steps in
the direction of learning relational descriptions for high-level vision.

The talk commences by showing how the EM algorithm can be used to
compute a measure of relational similarity between pairs of graphs. Next, we
show how the statistical measure of relational similarity, which results from
this analysis, can be cast into a matrix setting. This opens the possibility for
performing a number of important operations on relational graphs using
matrix factorisation methods, such as singular value decomposition and
eigendecomposition. First, we show how to find correspondence matches
between graphs of different size, i.e. subgraph isomorphisms, using singular
value decomposition. Next, we suggest how to use the new matrix
representation to learn structural representations. Finally, we show how the
framework can be used to edit the structure of graphs so as to remove
relational errors using an eigenclustering method.

We demonstrate the new framework on a number of problems from high-
level vision, including model alignment, content-based image retrieval and
perceptual grouping. This work can be viewed as combining ideas from
statistical and structural pattern recognition, and from spectral graph theory.






An Abstraction Model of Visual Perception

Lorenza Saitta

Universita dePiemorte Orientale
Dipartimento diScienze e Tecrogie Avanzée
CorsoBorsalino54, 15100 Alessandria
saitta@unipmn.it, saitta@di.unito.it

Abstract

The talk presents a computational model of abstraction, based on
perceptual principke well suited to describe and handle visual and spatial
conceps and data. The model spans two dimens. one concerns the type
of representation and praseng applied to visual input, starting from the
signal and ending with an abstract theory; the onter one concerns the
selection of a suitable level of detail for resmaing the spatial concepts
whena specific goal hato be reached. In order to concretely implement the
transformation between different legeh number of adbraction operators
are defined The semantics of the operators waell as conditions for
applicability,will be analyzed.

The modelwill be shown to encompasand to give a precise $§sa to
previous attemjst in vision, to describe changef representation, as well as
to visual perceptual findirgfrom cognitive sciences. A practical application
to cartographic generalization @S will also be decribed.






Feature-Based Shape Recognition by Support Vector
Machines

Edoardo Ardizzone! Antonio Chella? and Roberto Pirrone?

Abstract. A model identification technique for the objects in a gray- respect to illumination conditions and changes in the object’s attitude.

level image is proposed, based on the extraction of a compact sha@onsequently, similar shapes form clusters in the feature space, and

feature in terms of the statistical variance pattern of the objects’ sudearning techniques are needed to perform classifications.

face normals. The eigenvalues vector is a compact and efficient way to describe
A shape recognition system has been developed, that detects autbe statistical variance pattern of the shape profile, due to the complete

matically image ROls containing single objects, and classifies thende-correlation performed on the input patterns by the KL transform [5]

as belonging to a particular class of shapes. which is strictly related to the Principal Component Analysis [6]. We
We use the eigenvalues of the covariance matrix computed from thperform a KL analysis on the grey-level images of the objects as in

pixel rows of a single ROI. These quantities are arranged in a vectahe classical appearance based approaches [8]. Our eigenvalues vector

form, and are classified using Support Vector Machines (SVMs). Thects as a characterization of the whole object shape, and allows us to

selected feature allows us to recognize shapes in a robust fashioayoid storing large amounts of image data to describe several views

despite rotations or scaling, and, to some extent, independently fromf a particular model.

the light conditions. The last consideration is that the implicit application of KLT to the
Theoretical foundations of the approach are presented, togeth&OI pixel rows provides zero mean transformed vectors. In this way,

with an outline of the system, and preliminary experimental results.comparisons between the eigenvalue vectors of two different ROIs

are meaningful because they're insensible to bias effects in the pixel
values.

1 INTRODUCTION We performed our experiments on real scenes made by colored

Object recognition is one of the main goals of a computer visionwooden blocks of various shapes, placed on a table and viewed by

system. Particular attention has been paid, during the last years, to theCCD camera. Lighting conditions were the normal diffuse ones

recognition of 3D objects in real scenes, and the several applicatior@f our laboratory. Even some artificial images produced by a solid

have been prposed in autonomous robotics. modeler, with a single directional light source were used to make the
Identification and location are the two basic steps in whatevetraining set for SVMs as general as possible. Despite the particular

model-based object recognition approach [2, 4, 14]. We present agxperimental setup, the approach we developed is a general one, and

identification technique developed as a part of a 3D vision systenwe have used it even in the analysis of real generic scenes.

aimed to the recognition of objects in semi-structured environments. The paper is arranged as follows. In section 2 theoretical issues on

Currently the identification system is being tested as a scene descriff3e eigenvalues vector will be addressed. Section 3 will explain in

tion module within a content-based image retrieval application. detail the entire system performance, while the experimental results
The proposed architecture is arranged as follows. The image iwill be reported in section 4. Finally, conclusions will be drawn in

automatically scanned to locate ROIs containing single objects. Theection 5.

objects’ shape is described in terms of the eigenvalues of the covari-

ance matrix computed from the pixel rows of the ROI: the eigenvalues

are arranged as a vector. We use a pool of suitably designed Suppart

Vector Machines [11, 15] to classify different shape classes such & THEORETICAL REMARKS

cubes, spheres, cones, pyramids, cylinders. The system provides a

simple description of the shapes present inside the image, togeth_(ﬁ] fKLT § ¢ L ful techni
with their 2D displacement. euseo eatures for pattern recognition is a useful technique

The use of this technique is based on several considerations. First'rélthe computer vision community [9, 13] but, in general, it is applied

theoretical analysis proves that, under the assumption of Lambertiegj the image as a whole, and the transformed vectors are used for the

surface, the eigenvalues vector is directly related to the change a:ssmcatlon tasl:]. KLTi lied to th i ‘ . b
surface normals of objects under investigation. Experimental evidence nour azprolacth, 1S aplp 1€ foth € scan-iines ota ??nenctsi i
shows that the selected feature performs as "almost invariant” wit"age, and only the eigenvalues of their covariance matrix are taken
into account. Formally, given®& x M rectangular region of animage,

1 DIAI - University of Palermo and CERE - National Research Council Viale we compute the matrix:

delle Scienze 90128, Palermo, Italy, email: ardizzon@unipa.it
2 DIAI - University of Palermo and CERE - National Research Council Viale N

delle Scienze 90128, Palermo, Italy, email: chella@unipa.it T 1 T T
3 DIAI - University of Palermo and CERE - National Research Council Viale  Cr = E{(rk — rm)(rk —rm)" } = N Z rkl'k — I'mI'm ,

delle Scienze 90128, Palermo, Italy, email: pirrone@unipa.it i=1




where Finally, equation 6 is rewritten in two different forms for diagonal and
1 al off-diagonal terms:
'm — N Z k.
=1

Hpl"ci i=j
In the previous equatior is the generic pixel row vector of the ROI C.(4,5) = Hol” (K(ij) B n(i)n(j)T) 1 it (7)
under investigation, considered in column form. Then, we compute " mem '
the vector:

) The last equation states that diagonal terms of the pixel rows covari-
A = diag(Cq) (1) ance matrix can be computed directly from the covariance matrices
HereCq = AC, A", is the covariance matrix of the KL transformed ¢ of the object surface normals projecting themselves onto a single
vectorsqy, while A is the transformation matrix whose rows are the slice column. The off-diagonal terms of the same matrix are computed
eigenvectors oC,. from the difference between the correlation mali¥”’ of the nor-
The matrixCq is diagonal, so KLT performs total decorrelation majs related to two different columns minus the term obtained from
of the input vectors. Moreover, the mean value of the transformeghe product of their mean vectors.
vectors is always zero. These properties will be used to reinforce our From the previous result we argue that the maixis well suited
conclusions about the choice dfas a global shape descriptor. to express the statistical variance pattern of the object surface shape
The first step towards the justification of the usability)ofis the along both rows (off-diagonal terms) and columns (diagonal terms)
proof of the relation betweeh and the actual shape of the object gespite it is not referred to the entire slice, but it's computed starting
depicted in the selected ROI. We'll consider a weak perspective camrom its rows. We achieve a considerable reduction of computational
era model and the Lambert law to model the light reflection procesgme, without losing the expressiveness of the selected feature, be-
upon the object surface. These constraints are not so restrictive, apd,;se we compute only/ eigenvalues, while the application of the
are widely used to model perceptive processes. In particular, weak| T to the entire region involves the computation8fx A coeffi-
perspective is introduced for simplicity, while the Lambertian surfacegjents.
constraint holds for most real objects. The use of the eigenvalues allows us to transform our feature in a
If an object is imaged by a camera under the weak perspectivBompact way. The\ vector still expresses the rows variance pattern
assumption, each poipi, = (z,y, z) of the object, expressed inthe pecause it results from the covariance matrix (equation 1) of the KL
camera coordinate system, is mapped onto animagepeinfu,v)  transformed pixel rows that are completely uncorrelated.
wherep = Wpp, is the perspective transformation. According to  \oreover, the) vector allows performing comparisons between
the Lambert law the image irradianéein each point is equal to the  gjfferent regions in the same image or from different ones in order
image intensity value in the same point, and is expressed by: to search for similar shapes. In general, two different sets of rows
1(i,7) = E(p) = Hpl"n(po) cannot be directlly. compared., due to the presence of bias gffects inthe
pixel values deriving from noise and/or local lighting conditions. The
In the previous equatioi is a constant value related to the lens implicit application of KLT deriving from the use of implies that if
model,p is the albedo of the object surfadds the illuminant (con-  we compare two different regions we refer to their transformed rows
stant) vector andh(p,) is the surface normal at the poipt,. The  which have zero mean value: these are correctly compared because
first equality takes into account the coordinate change from the imagghey've the same mean value and no bias effect is present.
center to the upper-left corner, which is a linear transformation.

When we consider a vertical slice of the image, then each pixel ro
vector is defined as: "3 DESCRIPTION OF THE SYSTEM

N T We performed our experiments on real scenes made by colored
e ={I(k,5):j =0, ... M=}, k=0,....N=1 (2)  y5den blocks of various shapes, placed on a table and viewed by a
Here the transpose symbol is used to defip@s a column vector. CCD camera. Lighting conditions were the normal diffuse ones of our
Substituting the expression of the generic pixel val(iej) in equa-  laboratory. Even some artificial images produced by a solid modeler,
tion 2 we obtain: with a single directional light source were used to make the training
T ) T set for SVMs as general as possible. Despite the particular experi-
re=Hp{l'ng; :j=0,.... M =1} k=0,....N =1 () pengql setup, the approach we developed is a general one, and we
In equation 3ny; refers to the surface normal vector that is projectedhave used it even in the analysis of real generic scenes (see figure 5).
onto position(k, j) in the image plane. We've analyzed the histogram of the components @bmputed
Now, we derive the expression for the generic elen@n(, j) of from several images both synthetic and real, depicting single shapes
the pixel rows covariance matrix, using the equation stated above: under varying attitudes and lighting (see figure 1). This histogram
1 1 performs as an "almost invariant" under varying illuminant conditions
C.(i,j) = > rhire; — 2 D Y rk (4)  and attitude of the object.
I & & The histogram exhibits some dominant modes, whose relative posi-
Substituting equation 3 in equation 4 we obtain: tion_a}nd amplitude _depend on the shape qbserved. The amplitude and
position of these histogram modes remain almost unchanged under
C.(i,j)= Z£ > (i) (1 ngy)— 5 rotation, translation, and scaling of the object. The light direction acts
e (Zk lTnki) (Zk 1Tnkj) ®) as a scaling factor for all the terms @F. (equation 7) thus affecting
in a uniform manner all the components)fWe have experimental
evidence that in our setup varyingloesn't affect the histogram too
C.(i,j) = Hpl" [LS ngnf — much.
¢7) 1p [N Zk e T (6) The almost invariant behavior of thevector implies that similar
N? (Zk n’”) (Zk n’“j) 1 shapes tend to form clusters in the feature space. Shape models are de-

We rewrite equation 5:



Figure 1. Shape examples together with the relativeistogram. Selected
ROls are256 x 100 wide. Comparing the couples along each row, it can be
noted that changes in attitude and lighting don't affect the histogram too
much.
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fined in terms of these clusters, and an unknown object is recognized
in terms of the closest cluster. According to these experimental evi-
dence, a learning machine trained on the model clusters, is a suitable
approach to perform recognition.

We've set up a classifier based on the use of a pool of suitably tuned
SVMs that operate in the eigenvalues space.Moreover, a search algo-
rithm for the automatic analysis of the test images has been derived,
which is based on the maximization of correlation between the actual
A vector and some sample vectors from the different shape classes.

The complete system acts in the following way: first, the image is
scanned from left to right and from top to bottom by moving win-
dows of fixed size in order to locate some possible regions of interest.
Then, the height of each window is resized to enclose at most a single
complete object. Finally, all the selected regions are classified by the
SVMs pool.

3.1 Automatic search algorithm

The search algorithm we implemented is based on a two-pass strategy.
The first step performs a rough location of the ROIs for the horizon-
tal and vertical displacement. The second step defines the windows’
dimensions for all the selected positions.

The search criterion is the correlation maximization betweenthe
vector of a fixed size slice and a sample of each shape class computed
as the mean vector between those used as training set for the various
SVMs. The correlation values with all the class samples are computed
by scanning the image from left to right witt2a6 x 100 fixed slice,
and the maximum is considered time by time. This information is
used only to detect if there’s something without looking at a particular
shape. Positive peaks of the correlation defined above vs. the position
of the left side of the slice, indicate a region of interest.

Relevant positions are selected as follows. The cumulative function
of the correlation is computed, and the selected points are the zero
crossings of its second order derivative: these are the slope inversion
points of the cumulative function, that in turn correspond approxi-
mately to the correlation maxima (see figure 2). We found convenient
to use the cumulative function in order to avoid noisy spikes that
can be present near a peak when detecting maxima directly from the
correlation plot.

For each selected ROI, single objects are detected usiig>a
100 fixed slice that moves from top to bottom. Again the correlation
maxima are computed with the previous strategy.

In the second step of the algorithm, we use the variance maxi-
mization as guiding criterion to resize windows’ height in order to
enclose a single complete object. Here the variance is approximated
as the maximum eigenvalue in thevector of the current slice. Start-
ing from the position of each correlation peak, windows are enlarged
along their height by a single row at a time, and ¥weector is com-
puted, taking into account its maximum component. Positive peaks
correspond approximately to the upper and lower edge of the object.
Again we use the second order derivative of the cumulative function
in order to avoid mismatches due to the presence of variance spikes
near the actual maximum. Search results are depicted in figure 3.

3.2 Shape classification using SVM

We adopted SVMs as learning strategy. The analytical approach to
the classification performed by SVMs ensures us that correct sepa-
rating hyperplane between classes will be computed. In general, this
approach has to cope with two problems: the more or less precise lo-
cation of the separating hyperplane depends on the number of support
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f Figure 3. Example of variance maximization search. On the left, final
(o 4 slices of the picture in figure 2 are depicted along with the plot of variance,
/ and its second order derivative for the slice in positiof.

- |
f the problem of the optimum placing of borderlines between classes.
ol . S A one-versus-othersaining leaves some uncertainty regions in the
A feature spaces where we're not able to decide correctly to which class
| belongs the actual sample. Away to provide arefinement of the bound-
ary locations between multiple classes is the usepafiawiselearn-
/AF“_A’"V’J }MJ‘W«'LW ing strategy. . o
In our experiments the use ofhe-versus-othersr pair-wisestrat-
egy alone is not sufficient to obtain a correct classification. So, in
the test phase, we use the first set of machines in order to provide a
. i ) rough discrimination, which is then refined by the use of the second
ones. Th®ne-versus-othermachines provide their own estimate in a
winner-takes-alfashion: the distances between the objextgector
Figure 2. Example of correlation maximization search. In the topmost row and the optimal hyperplanes defining each shape class are computed,
there is a sample with the slices corresponding to the correlation maxima, thg 4 the class with the highest positive distance is taken as the winner.
cumul_atlve f_u_nctlon plot, and its second order derivative. Maxima havg beer] . . [P
found in positior21, 39, 105 and128. In the lower row there are the vertical 1 this way the class where the actual sample vector is more "inside
sub-slices of the ROI in positioh05 along with the cumulative function and IS selected.
its second order derivative. In some cases this approach doesn't allow a very sharp classifi-
cation, and the sample vector results inside two or more classes. In
this case, th@air-wisemachines are used in order to provide a dis-
vectors that is related to the number of training examples. SVMs arémbiguation. The result of testing the vector with each machine is
in general, computationally expensive because they involve a functiodccumulated for each class in a sort of round-robin challenge. The
maximization. Nevertheless, SVMs representa good development eflass with the highest score wins the tournament, and the sample
vironment for tuning the classification strategy. vector is classified according to this outcome.
In our implementation, SVMs performed very well in terms of
computational time: in average, less than 10 seconds on a Pentiugp EXPERIMENTAL SETUP
Il processor are sufficient in order to train a machine to discriminate
between a singular shape class and all the others. To set up the classifier, a training set has been used, which consists of
The SVM in its original formulation is designed for two-class dis- 118 real and synthetic images representing single objects belonging to
crimination, so we used a particular training strategy, in order to copall six classes. These images have been taken under varying lighting
with our multi-class task. Two different kinds of SVMs have been conditions, and they represent both real and synthetic shapes with
trained on six shape classes: cube, cylinder, pyramid, cone, ellipsoidlfferent orientation and scaling.
and box. First, six SVMs have been trained iorge-versus-others The same training set has been used to train othversus-others
fashion, each of them being able to discriminate between a partictand pair-wise SVMs in order to allow the second ones to act as a
lar class and all other objects. Besides, a second pool of 15 SVMefinement of the boundaries between the various classes with respect
have been trained usingpair-wisestrategy: each SVM is trained to to the first set of machines.
discriminate between a single pair of the desired classes, si for A 3x3medianfilteris usedtoreduce noise and undesired mismatch
classes we neelf (K — 1)/2 different machines. due to artifacts in the background. Moreover, all the input images are
The use of two learning strategies is related to the need to avoidormalized with respectto the quant@m I(i,)? thatis ameasure
mismatches in classification. Many researchers [7, 10, 12] studiedf the global energy content of the image. In this way we obtain that

16008




the X\ vector components range almost in the same interval for all
images.

In the test phase, each ROI is tested againsivih@er-takes-all
machines, and only when the recognition percentage score is below
60% we use th@air-wisemachines. The above threshold has been
selected on the basis of the experimental evidence.

Experiments have been carried on both images depicting single ob-
jects, and complex scenes with many objects even partially occluded.
Experiments have been performed on images depicting real scenes as
in figure 5. Tables 1, 2 and 3, and figures 4 and 5 illustrate the very
good results of experiments.

Table 1. Performance of the system on the scene depicted in figure 3. The

position values are referred to the upper left corner of each slice. In slice two

the PW classification is incorrect, but it's not used to the high score obtained

in WTA mode. PW refines the outcome of the WTA only in the last case: in
fact the PW outcome is near the lower threshold.

Slice n. Pos. WTA (%) PW
0 (21,91) box (87.03) cube Figure 5. The performance of the system on a real image, depicting the
1 (39,74) box (100) box city of Venice. Here, the slices have been selected interactively.
2 (105,70) | cylinder (89.52)| box
3 (105, 152) box (68.67) cube

Table 3. Performance of the system on the scene depicted in figure 5. Slice
1 is misclassified as a cone due to the strong similarity between one side of
the actual pyramid and the background. Slice 3 is correctly classified by the

WTA machine, and the PW response is not taken into account.

Slice n. Pos. WTA (%) PW
0 (1,40) box (100) box
1 (15,1) cone (57.10) cube
2 (118,190) | box (57.49) box
3 (118,230) | box(89.48) | box/cylinder

The use of a statistical approach makes the system quite robust with
respectto noise, but the system fails in presence of textures. One might
think to specialize the system to the recognition of textures as a global
feature, while shape could be argued using some other approach.
Another interesting extension is the integration of our approach with a
database of different views of each shape, to provide disambiguation
in situations like the second slice in figure 5.

Figure 4. The performance of the system on a multiple objects image. We are investigating in more detail the influence of the illuminant
From top to bottom: the image with the selected slices, and a table reportinglirection. Our approach has proven itself robust with respect to this

the output of the system. parameter due to the fact tHaaffects all the elements of the covari-
ance matrix in the same way.
An open field of investigation is the correct segmentation of the
scene to provide useful data to the location module of the vision sys-
Table 2. Performance of the system on the scene depicted in figure 4. It cagem. Our approach performs a sort of rough region location, even

be noted that for the first slice we obtain a weak correct response from the. : : : :
WTA machines, while the PW classification is almost wrong due to the in presence of partially occluded objects (see figure 4). This can be

closeness between the two shape classes. Many others slices, detected by@guitable starting point for a detailed segmentation which could be

search algorithm, have been discarded by the classifier. performed by the reconstruction module. In our 3D vision system an
Slice n. Pos. WTA (%) PW a priori color based 2D segmentation of the scene is implemented,
0 (52,40) box (48.76) cube which provides the identification module with suitable regions of in-
1 (71,132) box (69.87) cube terest [1].
2 | (141,46) | cylinder (100) | cylinder Finally, we are investigating the use of the SVMs in order to derive

model parameters for unknown objects by interpolation from those

used to describe the training samples. In the current implementation

of our vision system we model shapes by means of superquadrics [3].
5 CONCLUSIONS AND FUTURE WORK

The presented work is a first step towards a robust object recognitiopCKNOWLEDGEMENTS

system, that is suitable both as an identification stage of a 3D vision

system, and as a content description module for content-based imagais work has been partially supported by the Italian MURST Project
retrieval applications. Early results are satisfactory and provide u$Galileo 2000" and MURST-CNR Biotechnology Program |. 95/95,
with many cues about future developments in complex scenes. and MURST Project "CERTAMEN".
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Learning Actions: Induction over Spatio-Temporal
Relational Structures - CRGqt

Walter F. Bischof and Terry Caelli !

Abstract. We introduce a rule-based approach for learning and Training Data Conditional Cluster Tree
recognition of complex actions in terms of spatio-temporal attributes
of primitive event sequences. During learning, spatio-temporal deci- Segmented  Relationdl Structure

Image data Description
sion trees are generated that satisfy relational constraints of the train- i
ing data. The resulting rules, in form of Horn clause descriptions, are B0 |V
used to classify new dynamic pattern fragments, and general heuristi=m. /
rules are used to combine classification evidences of different patterr ‘v/

fragments. i 5o 0 nap,

\
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1 Introduction

. . . . U: part attribute space ~
Most current techniques for the encoding and recognition of actions B: relationdl attribute space U
use numerical machine learning models which are not relational i -2 9
so far as they typically induce rules over numerical attributes which |
are not indexed or linked via an underlying data structure (e.g. arela
tional structure description or a directed acyclic graph, DAG). There-
fore most learning models assume that the correspondence between
_candldate and modgl features _'s knobe‘forerule_ generatloh (Ie{:\rn- Figure 1. Example of input data and conditional cluster tree generated by
ing) or rule evaluation (matching) occurs. This assumption is dan- CRG method. The left panel shows segmented input data with a sketch of
gerous when large models or test data are involved, as is the case time relational structure descriptions generated for these data. The right panel
complex actions involving, for example, the tracking of multiple limb shows a cluster tree generated for the data on the left. Classification rules of
segments of human operators. On the other hand well known sym- e formUs — Bij — U; . ... are derived directly from this tree [6].
bolic relational learners like Inductive Logic Programming (ILP) are
not designed to apply efficiently to numerical data. So, although the¥1re defined only with respect to neighboring vertices. Such assump-
are suited to induction over relational structures (e.g. Horn clauseshons constrain the types of unary and binary features which can be
they typically generalize or specialize over the symbolic variablesused to resolve uncertainties (Figure 1).
and not so much over numerical attributes. More specifically, it is In this paper, we describe CR, a spatio-temporal extension of
very rare that symbolic representatiexplicitly constrains the types CRG for learning dynamic patterns and its application to animated
of pgrmissible numerical learning or generalizations obtained fromycenes \we discuss representational issues, rule generation models
training data. and rule application. The inclusion of time makes modeling and algo-

i Over the past six years we have explored methods for CombinFithmic issues more challenging and requires the addition of further
ing the strengths of both sources of model structures [1, 2, 3] b%ssumptions to make the problem tractable.

combining the expressiveness of ILP with the generalization mod-

els of numerical machine learning to produce a class of numerical

relational learning which induce over numerical attributes in ways?2 Conditional Rule Generation

which are constrained by relational pattern or shape models. Our

approach, Conditional Rule Generation (CRG), generates rules thdp Conditional Rule Generation [1], classification rules for patterns

consist of attributed linked lists of pattern (shape) features whichOf Pattern fragments are generated that include structural pattern in-

together, completely cover the training data but the generated ruld@rmation to the extent that is required for classifying correctly a

are ordered with respect to their discriminatory power with respecB@t Of training patterns. CRG analyzes unary and binary features of

to both attributes and features (see Figure 1). connected pattern components and creates a tree of hierarchically or-
Since CRG induces over a relational structure it requires genganized rules for classifying new patterns. Generation of a rule tree

eral model assumptions, the most important being that the modeRroceeds in the following manner (see Figure 1).

(shapes) are defined by a labeled graph where relational attributes First, the unary features of all parts of all patterns are collected into

a unary feature spadg in which each point represents a single pat-

1 Department of Computing Science, University of Alberta, Edmonton, TeGt€rn part. The feature spateis partitioned into a number of clusters
2H1, Canada, Email: (wfb,tcaelli)@ualberta.ca U;. Some of these clusters may be unique with respect to class mem-




bership and provide a classification rule: If a pattern contains a pafierences but can utilize more distant (lagged) temporal relations as a
pr Whose unary featureg(p,) satisfy the bounds of a unique clus- function of the data model and uncertainty resolution strategies. At
ter U; then the pattern can be assigned a unique classification. Thihe same time, CR&x allows for the generation of non-stationary
non-unique clusters contain parts from multiple pattern classes andiles, unlike stationary models like multivariate time series which
have to be analyzed further. For every part of a non-unique cluster walso accommodate correlations beyond first-order time differences
collect the binary features of this part with all adjacent parts in thebut do not allow for the use of different rules at different time peri-
pattern to form a (conditional) binary feature spa@®;. The binary  ods.

feature space is clustered into a number of clust&Bs;. Again,
some clusters may be unique and provide a classification rule: If
pattern contains a papt.- whose unary features satisfy the bounds
of clusterU;, and there is an other payt, such that the binary fea- A spatio-temporal pattern is defined by a set of labeled time-indexed
turesb(pr, ps) of the pair(p.,ps) satisfy the bounds of a unique attributed features. A patterR; is thus defined in terms aP; =
clusterUB;; then the pattern can be assigned a unique classification{p;, (@ : t;1),...,pin(@ : tin)} Wherep;;(a@ : t;;) corresponds

For non-unique clusters, the unary features of the seconghpare  to partj of pattern; with attributesz that are true at timg. The at-

used to construct another unary feature sgdB&/;; that is again tributesa are defined with respect to specific labeled features, and are
clustered to produce clusteifBU ;. This expansion of the cluster restricted to arity 1 (unary, i.e. single feature attributes) or 2 (binary,
tree continues until all classification rules are resolved or a maximunie. relational feature attributes), thatiss {, l;s, l;t} (see Figure 2).

rule length has been reached. Examples of unary attribute® include area, brightness, position;

If there remain unresolved rules at the end of the expansion prospatial binary attribute&, include distance, relative size, and tempo-
cedure (which is normally the case), the generated rules are splifl binary attribute$; include changes in unary attributes over time,
into more discriminating rules using an entropy-based splitting pro-such as size, orientation change, long range position change, etc. Our
cedure where the elements of a cluster are split along a featurgata model and consequent rules are subject to spatial and temporal
dimension such that the normalized partition entrdpy (7)) = adjacency (in the nearest neighbor sense) and temporal monotonic-
(niH(P1) + n2H(P2))/(n1 + n2) is minimized, whereH is en-  ity, i.e. features are only connected in space and time if they are spa-
tropy. Rule splitting continues until all classification rules are uniquetially or temporally adjacent and that the temporal indices for time
or some termination criterion has been reached. This results in must be monotonically increasing (“predictive” model) or decreas-
tree of conditional feature spaces (Figure 1), and within each feaing (“causal” model). Although this limits the expressive power of
ture space, rules for cluster membership are developed in the form efur representation, it is still more general than strict first-order dis-
a decision tree. Hence, CRG generates a tree of decision trees.  crete time dynamical models such as, for example, hidden Markov

CRG generates classification rules for pattern fragments in thenodels or Kalman filters.
form of symbolic, possibly fuzzy Horn clauses. When the classifi-
cation rules are applied to some new pattern one obtains one or more
(classification) evidence vectors for each pattern fragment, and the
evidence vectors have to be combined into a single evidence vector
for the whole pattern. The combination rules can be learned [12], t]_
they can be knowledge-guided [7], or they can be based on general
compatibility heuristics [2]. In the latter approach, sets of instantiated
classification rules are analyzed with respect to their compatibilities
and rule instantiations that lead to incompatible interpretations are
removed. This is particularly important in scenes composed of mul-
tiple patterns where it is unclear whether a chair-p; — ... — p»
of pattern parts belongs to the same pattern or whether it is “cross-
ing the boundary” between different patterns. Through application
of these compatibility heuristics, we solve two problems at the same t2
time, namely classification of pattern parts and segmentation of dif-
ferent patterns, eliminating the requirement of having to group the
image into regions corresponding to single objects before the image
regions have been classified.

3.1 Representation of Spatio-Temporal Patterns

3 CRGgr

We now turn to CRG@r, a generalization of CRG from a purely spa-

tial domain into a spatio-temporal domain. Here, data consist typ- t3
ically of time-indexed pattern descriptions, where pattern parts are

described by unary features, spatial part relations by (spatial) bi-

nary features, and changes of pattern parts by (temporal) binary fea-

tures. In the following sections, we discuss representational issuef,igure 2. lllustration of a spatio-temporal pattern consisting of three parts

. . : ot ver three time-points. Undirected arcs indicate spatial binary connections,
rule generation models, leaming paradigms and applications of th§>Iid directed indicate temporal binary connections between the same part at

C_RGST approach. In contrast to more popular temporal learners like " gifterent time-points, and dashed directed arcs indicate temporal binary
hidden Markov models [11] and recurrent neural networks [4], the connections between different parts at different time-points.

rules generated from CR& are not limited to first-order time dif-




For CRGT an “interpretation” then involves determining the be expanded without creating a cycle, 2) all rules instantiatef; by
smallest set of linked lists of attributed and labeled features, causallgre completely resolved, or 3) the binary featlﬁe@i]-,pijﬂ) or
indexed (i.e. the starting times must be monotonically indexed) ovep, (pij, pij+1) do not satisfy the features bounds of any rule.
time, which maximally index a given pattern, and it is defined by di-  If a chain$ cannot be expanded, the evidence vectors of all rules
rected paths within the directed acyclic graph (DAG) which coversinstantiated bys are averaged to obtain the evidence veﬁos) of
all examples and classes in the training set as,illustrated in Figure Zhe chainS. Further, the se§,, of all chains that start at is used to

obtain an initial evidence vector for part

3.2 Rule Learning . 1 .
. . . =S > E®) @)
CRGst generates classification rules for spatio-temporal patterns in- P’ ses,
volving a small number of pattern parts subject to the following con-
straints: 1) The pattern fragments involve only pattern parts that ar@here#(S) denotes the cardinality of the s&t Evidence combina-
adjacent in space and time, 2) the pattern fragments involve only norfion based on (1) is adequate if it is known that a single pattern is to be
cyclic chains of parts, 3) temporal links are followed in the forward recognized. However, if the test pattern consists of multiple patterns
direction only to produce causal classification rules that can be useden this simple scheme can easily produce incorrect results because
in classification and in prediction mode. some some part chains may not be contained completely within a sin-
Rule learning proceeds in the following way: First, the unary fea-gle pattern but “cross” spatio-temporal boundaries between patterns.
tures of all parts (of all patterns at all time points)pi), i = This occurs when actions corresponding to different types cross can
1,...,n,t = 1,...,T, are collected into a unary feature spdée intersect in time and/or space. These chains are likely to be classi-
in which each each point represents a single pattern part at any tinfied in a arbitrary way. To the extent that they can be detected and
point¢ = 1,...,T. From this unary feature space, cluster tree ex-eliminated, the part classification based on (1) can be improved.
pansion can proceed in two directions, in the Spatia| domain and in We use general heuristics for detecting rule instantiations involv-
the temporal domain. In the spatial domain cluster tree generatioild parts belonging to different patterns. They are based on mea-
proceeds exactly as described in Section 2 following spatial binarypuring the compatibility of part evidence vectors and chain evidence
relations, etc. In the temporal domain, binary relations can be folvectors. More formally, the compatibility measure can be character-
lowed only in strictly forward (predictive) or backward (causal) di- ized as follows. For a chaifi; =< pi1, piz, ..., pin >,
rections, analyzing recursively temporal changes of either the same "
part,gi(pit,pit+1) (solid arrows in F.igur_e 2), or of different patte_rn @(S;) = 1 Z E(Pik') @)
parts,b: (pit, pjt+1) (dashed arrows in Figure 2) at subsequent time- no
points. This leads to a conditional cluster tree as shown in Figure 1,
except that the relational attribute spaces B can be either spatial Whereﬁ(pik) refers to the evidence vector of pai. Initially, this
temporal, in accordance with the usual Minimum Description Lengthcan be found by averaging the evidence vectors of the chains which

(MDL) criterion for Decision Trees[9]. begin with partp;;. Then the compatibility measure is used for up-
CRGsr produces classification rules of the fotin— B;; — U; — dating the part evidence vectors using an iterative relaxation scheme
Bj, — ... involving spatial and/or temporal binary relations. The [8]:
resultant Horn clause rules are of the form:
class<  part(i at time j with attributes k) AND E(t+l)(p) - & 1 Z 117“)(5) ® E(S) 7 3)
part relations(ij at time j+n with attributes u) AND Z i

part(l at time j+m: with attributes s) AND
where @ is the logistic function,Z a normalizing factorZ =

These rules cover all training examples and define a path in the DA(ZSESP w®(S), and the binary operator® is defined as a

discussed above. component-wise vector multiplicatida b]” ® [c d]T = [ac bc]T.

From the empirical class frequencies of all training patterns onerhe updated part evidence vectors then reflect the partitioning of the
can derive an expected classification vector, or evidence VEC&® et pattern into distinct subparts.

sociated with each rule. We can also compute evidence vectors for
partial rule instantiations, again from empirical class frequencies of
non-terminal cluster spaces. Hence, an evidence (classification) veé— Example

tor E is available for every partial or complete rule instantiation, asThe CRGy approach is illustrated in an example where three differ-

discussed in the next section. ent variations of grasp movements were learned: 1) where the hand
moved in a straight path to the object, 2) where an obstacle in the
3.3 Rule Application direct path was avoided by moving over it, and 3) where the obstacle

was avoided by moving around it.
A set of classification rules is applied to a spatio-temporal pattern in  The movements were recorded using a Polhemus system [10] run-
the following way. Starting from each pattern part (at any time point),ning at 120Hz for three sensors, one on the upper arm, one on the
all possible sequences (chains) of parts are generated using paralligrearm, and one on the hand (see Figure 3). Each movement type
iterative deepening, subject to the constraints the only adjacent partgas recorded five times. From the position daté), y(t), z(t)) of
are involved and no loops are generated. Note, again, that spatithese sensors, 3-D velocityt), acceleratior(t), curvaturek(t),
temporal adjacency and temporal monotonicity constraints are useahd torsionr(t) were extracted. Sample time-plots of these measure-
for rule generation. Each chain is classified using the classificatioments are shown in Figure 4.
rules. Expansion of each chafy = < p;1,pi2, ..., pin > termi- For these data, the definition of the spatio-temporal patterns is
nates if one of the following conditions occurs: 1) the chain cannotstraightforward. At every time point, the patterns consist of three



parts, one for each sensor, each part being described by unary at-
tributes @ = [z,y,z,v,a,k,7]. Binary attributes were defined
by simple differences, i.e. the spatial attributes were defined as
gs(pit,pjt) = i(pit) — U(pj¢), and the temporal attributes were

defined as (pi¢, pjt41) = @(pjer1) — @pir)-

Performance of CR&r was tested with a leave-one-out paradigm,
i.e. in each run, movement classes were learned using all but one pat-
terns, and the resulting rule system was used to classify the remain-
ing pattern. Pattern learning and pattern classification proceeded ex-
actly as described in Sections 3.2 and 3.3. Results of these tests are
shown in Table 1 for different attribute combinations for unary, spa-
tial binary and temporal binary relations. The last column indicates
what percentage of pattern points was classified correctly on aver-
age. Although each test pattern consisted of a single movement, this
was not assumed by the classification algorithm in order to show the
basic classification performance. Using the "single-movement” as-
sumption, e.g. in a winner-take-all scheme, would lead to somewhat
higher classification percentages.

The results show that classification performance varies, not un-

Figure 3. Grasping movement around an obstacle. The movement Sensorgxpectedly with the choice of attribute sets. For the simple move-

were placed on the upper arm, the forearm, and the hand.

upper arm forearm hand

velocity

acceleration

curvature

A

0 05 1 15 0 05 1 15 0 05 1 15
time (s) time (s) time (s)

ment patterns used here, position information, possibly enhanced by
velocity and acceleration information, was clearly sufficient for en-
coding and learning the movement patterns. Curvature and torsion
information alone was insufficient, which is not surprising given that
the movements were fairly linear.

=

i bs by  correct
Xyz Xyz Xyz 95.4%
- Xyz Xyz 96.3%

- - Xyz 43.1%
va va va 52.2%
- va va 46.6%
- va 28.3%

kT kT kT 34.6%
- kT kT 40.7%
- - kT 28.9%
Xyzva xyzva Xxyzva  90.8%
- Xyzva  xyzva  96.5%
- - xyzva  33.1%

Table 1. Performance of CR&r for learning three different types of
grasping actions. The first three columns indicate what attributes were used
for unary, spatial binary and temporal binary relations, and the last column
indicates the percentage of test pattern points that was classified correctly.
Dashes indicate that no feature was used. xyz: position in 3D; v: velocity: a:

acceleration; k: curvature;: torsion.

An example of a classification rule generated by GRGs the
following rule, which happens to be of the foith— B, —U — B, —U,
with V = velocity; A = accelerationA X = displacement (over time)
in X; AY = displacement (over time) in Y:

Figure 4. Sample timeplots of the movement sequences illustrated in if U(t) 134 <V <79and
Figure 3. The left column shows traces for the upper arm, the middle column _9293 < A < 1.54
for the forearm and the right column for the hand. The first row shows Y=t =
and T(t,t+1) —0.16 < AX < 0.07 and

time-plot for velocity (for a straight grasp movement), the second for
acceleration (for a grasp movement over an obstacle), and the third for

—6.51 < AY <5.37

curvature (for a grasp movement around an obstacle). Each graph shows five and U(t+1) any value
samples for each action type. All measurements have been normalized for and T(t+1,t+2) —5.39 < AX < 0.08

display purposes.

and—6.51 < AY <5.37

and U(t+2) 4.74 <V <5.04 and
—78 < A< —0.06

then this is part of a grasping action
moving over an obstacle



The results show that CR@ is a promising technique for the learn-

ing of motion patterns. Obviously, the movement patterns used here
were very simple, but work is currently in progress on the encoding
and learning of much more complex movement sequences, as well as
on extensions of temporal coding to allow temporal interval model-
ing.

5 Conclusions

We have considered an extension of a spatial relational learning
model to learning of spatio-temporal patterns such as complex hu-
man actions and gestures. What differentiates our &R&pproach

from models like hidden Markov models is that the rules are capable
of generalizing over higher-order spatial and temporal relations. Fur-
ther, the resultant rule forms are Horn clauses whose structures and
lengths are constrained by the general topology of the underlying
models and by a Minimum Description Length criterion.
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An High-Level Vision System for
the Symbolic Interpretation of Dynamic Scenes
by the ARSOM Neural Networks

Antonio Chella) Donatella Guarino? Ignazio Infantino® and Roberto Pirrone

Abstract. We describe an artificial high-level vision system for the
symbolic interpretation of data coming from a video camera that ac-
quires the image sequences of moving scenes. The system is based
on ARSOM Neural Networks that learn to generate the perception
grounded predicates obtained by image sequences. The ARSOM
Neural Networks also provide a 3D estimation of the movements of
the relevant objects in the scene. The vision systems has been em-
ployed in two scenarios: the monitoring of a robot arm suitable for
space operations, and the surveillance of a EDP center.

1 INTRODUCTION

We describe an artificial high-level vision agent for the symbolic in-
terpretation of data coming from a video camera that acquires image
sequences of moving objects and persons. The agent generates the
perception grounded predicates that suitably describe the dynamic
scenes.

The SPIDER scenario.

Figure 1.

The agent integrates a perception component which is based on
robust techniques of computer vision, with a scene description com-
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Figure 2. The CUC scenario.

ponent based on ARSOM Neural Networks [8, 9] that generate the
symbols describing the dynamic scene. The results of these compo-
nents are the input of the visualization component that presents the
data results by an advanced user interface.

The vision agent is aimed at advancing the state of art in the field of
robotics by introducing and integrating different Al techniques that
offer a unique opportunity for providing effective greater degrees of
autonomy for robotic systems [2, 3].

The vision agent has been employed in two scenarios of interest:

SPIDER In this scenario, images come from a video camera that
acquires the movements of the SPIDER robot arm [4, 5, 11] (built
by the Italian Space Agency for space applications) during its op-
erations. The agent generates the perception grounded predicates
obtained by image sequences thus allowing the scientist user of
SPIDER to receive meaningful feedback of his operations on the
arm during a scientific experiment (Fig. 1).

CUC In this scenario, images come from a video camera posed
at the entrance of the EDP Center (CUC) of the University of
Palermo. The agent generates the description of the postures of
a person at the entrance of the center, for generating attention de-
grees of the surveillance persons (Fig. 2).

2 THE PERCEPTION COMPONENT

The perception component of the proposed system processes the im-
age data coming from a video camera that acquires the images of the



moving scene. The main task of this component in both scenarios is
to find the interesting points in the dynamic scene along with their
motion.

In particular, in the SPIDER scenario the interesting points are the
joint positions of the arm. It should be noted that this estimation,
which is solely generated by the visual data, may be useful for fault
identifications of the position sensors placed on the joints of the arm.

Similarly, in the CUC scenario, the interesting points are the char-
acteristic points describing the posture of the persons at the entrance
of the EDP center.

The images acquired by the camera are processed to extract the
contours of the object of interest by a suitable algorithm based on
snakes [1]. A snake is a deformable curve that moves in the image
under the influence of forces related to the local distribution of the
gray levels. When the snake reaches an object contour, it is adapted
to its shape.

Formally, a snake as an open or closed contour is described in a
parametric form by:

v(s) = (z(s),y(s)) (1)

where z(s) and y(s) are the coordinates along the shape contour and
s is the normalized arc length:

s €10,1] @

In the SPIDER scenario, the adopted snake model is based on cir-
cles and squares to better extract the arm components; in the CUC
scenario the adopted snake model is based on a closed contour adapt-
ing to the person shape.

The snake model defines the snake energy of a contour Epqke, tO
be:

Eonare(u(s)) = / (Bint(0(5)) + Bimage(0(s))ds ()

The energy integral is a functional since its variable s is a func-
tion (the shape contour). The internal energy E;,: is formed from a
Tikhonov stabilizer and is defined by:

dv(s)? ?

ds?

+b(s) @

where |.| is the Euclidean norm.

The first order continuity term, weighted by a(s), let the contours
behave elastically, whilst the second order curvature term, weighted
by b(s), let it be resistant to bending. For example, setting b(s) = 0
at point s, allows the snake to become second-order discontinuous at
point and to generate a corner.

The image functional determines the features which will have a
low image energy and hence the features that attract the contours. In
general, this functional is made up by three terms:

Eimage = wlineﬂine + wedgeEedge + wtermEte'rm (5)

where w denotes a weighting constant. The w and F corresponds to
lines, edges and termination, respectively.

The snake model adopted in our scenarios presents only the edge
functional which attracts the snake to points with an high edge gra-
dient:

Figure 3. Contours extracted in the SPIDER scenario.

Figure 4. Contours extracted in the CUC scenario.

Figure 5. The skeleton extracted in the SPIDER scenario.



Figure 6. The skeleton extracted in the CUC scenario.

Eedge = _(GO' * VQI(:II, y))z (6)

Eimage -

This is the image functional proposed by Kass, Witkin and Ter-
zoupolos [6]. It is a scale based edge operator that increases the lo-
cus of attraction of energy minimum. G, is a Gaussian of standard
deviation sigma which controls the smoothing process prior to edge
operator. Minima of E.4,e lies on zero-crossing of G * VI (x, y)
which defines the edges according to the theory of Marr [10].

The implemented snake allows to extract the interesting parts of
the scenarios in a simple way and in short time. Fig. 3 shows the
results in the SPIDER scenario and Fig. 4 shows the results in the
CUC scenario.

After this step, we employ the well known skeletonizing algorithm
of Zhang and Suen [13] to extract the skeletons of the areas so found.
Fig. 5 shows the skeleton in the SPIDER scenario and Fig. 6 shows
the skeleton in the CUC scenario.

3 THE SCENE DESCRIPTION COMPONENT

From the extracted skeletons it is immediate to estimate the posi-
tion of the interesting points previously described, characterizing the
posture of the SPIDER arm or the posture of a person in the CUC
scenario.

Let us consider a generic interesting point ¢ of the scene in a sce-
nario at time ¢; the point is characterized by its 3D coordinates:

Z; (t), Yi (t), Zi (t) (7)

A generic posture at time ¢ of the robot arm or of a person is char-
acterized by the vector x(¢) which individuates the m interesting
points describing the posture itself:

x(t) = : ®)
20(8), 90 (0), 2 (1)

The snake information allows us to estimate only the first and the
second coordinates of each point, i.e., their projection in the image
plane:

xl(t)7 yl(t)7 .

{E2t, 2t,.
(1) = ():y() ©

Ea(t), ym (1),

The scene description component receives as input the vector x’
from the perception component and it generates a symbolic descrip-
tion of the posture. This component is based on the ARSOM neu-
ral network, a self-organizing neural network with a suitable explicit
representation of time sequences [8, 9].

Each unit of the ARSOM is an autoregressive (AR) filter, able to
classify and recognize variable inputs. Therefore, each unit charac-
terizes a sequence of movements of the posture points. The map auto-
organizes itself during an unsupervised learning phase, as a standard
SOM map.

Let us consider a generic movement of the robot arm or of a
person. The movement is characterized by a sequence of n posture
points:

x(t),x(t—1),...,x(t — (n—1)) (10)

The AR model associated with this movement is:

x(t+1)=Aox(t) + Ax(t—1)+... (11

+ A,_ix(t—(n—1)) +e(?)

The order of this AR model is n, the Ag, A1,..., A, _1 matrices
are the weights of the model, and e(t) is the error matrix.

Let us denote with B the global matrix related to the weight ma-
trices:

B=[A¢,Al,..., A, 1]" (12)

and with X(¢) the global matrix related to the time evolution of the
posture points:
X(t) = [x(t),x(t— 1)7 ,X(t— (TL— 1))]T (13)

We may write Eq. (11) in a more compact form:

x(t+1)=X"(t)B + e(t) (14)

The optimal weights matrices are found by minimizing the error
matrix e(t). We have adopted the LMS iterative method, that is:

Bnew = Bold + hcze(t)x(t) (15)

where h.; is the neighborhood kernel:

_[1/2r* if
h”_{ 0 if

Z’ 6 NC
i ¢ Ne (16)
In this equation, r is a suitable parameter and N, is the width of
the learning window.
The neural network, after a careful training phase, is able to clas-
sify the temporal sequences of movements of the interesting points
into meaningful prototypical predicates.



1,00E-01 -

5,00E-02

N~

0 200 400 600 800 1000 1200

0,00E+00

Figure 7. Error vs. learning epochs of the ARSOM network.

Currently, we have two similar ARSOM neural networks: one for
the SPIDER scenario and the other for the CUC scenario. We are ex-
perimenting the possibility to have one networks for both scenarios.

Fig. 7 shows the diagram of the error of the neural network dur-
ing the training phase. It should be noted that, after a few hundred
learning steps, the error of the network is near zero value. The figure
is related with the SPIDER scenario; a similar behavior occurs in the
CUC scenario.

When the estimation of the coordinates of the interesting point in
the image plane are presented to the network:

x'(t),x'(t—-1),...,x'(t— (n-1)), (17)

the network is able to predict the full vector x(¢ 4 1), i.e., the vector
with all the three coordinates of the posture.
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Figure 8. Prediction error of the ARSOM network.

Fig. 8 shows the prediction error of the network during its opera-
tions in the SPIDER scenario. It should be noted that the error, while
is variable, it maintains in a reasonable limit. Similar behaviors have
been observed in the CUC scenario.

Figs. 9 and 10 show the recovered 3D situations, respectively in
the SPIDER and CUC scenarios, as predicted by the ARSOM neural
networks.

The network is also able to perform a classification of the global
arm movement and to present as output a symbolic predicate describ-
ing the movement itself.

N

Figure 9. 3D recovery of the SPIDER scenario.

Examples of the learned predicates describing the operations of
the arm in the SPIDER scenario are: Stretching _up, Stretching_down,
Seizing, Grasping. Examples of the learned predicates in the CUC
scenario are: Entering, Exiting, Opening, Closing, Looking_inside,
Staying.

The neural network approach presents the main advantage that it
avoids an explicit description of the discrimination functions for the
arm operations, as this function is learned during the training phase.

Furthermore, the neural network is robust with respect to the noise,
as it is able to correctly classify the arm operations also when the
movements estimations of some links are missing or corrupted.

.
A

Figure 10. 3D recovery of the CUC scenario.

In the operation tests performed in the SPIDER scenario, the net-
work has been able to perform the 100% success on the classification
task. To analyze the operation of the network, tests are performed on
the recognition task when some links information is missed. Tab. 11
reports the obtained results. It should be noted that in the worst case,
when the two links 1 and 3 are missing, the network is able to per-
form 51% of success recognition.

Also the performances of the system in the CUC scenario are
good. Up to now, we have obtained about 94% of recognition suc-
cess on the classification task. It should be noted that in this case, we
have chosen to take into account only simple actions, as previously
described. Currently, we are generalizing the system on a larger set
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Figure 11. Recognition % vs missing link in the SPIDER scenario.

of more rich and realistic situations.

4 THE VISUALIZATION COMPONENT

The scene description component of the system receives as input the
data coming from the perception component and of the scene de-
scription component, and it generates a graphic 3D representation
of the scene. The visualization component provides also the graphic
interface for the whole agent. In the following we will describe the
interface for the SPIDER scenario; similar consideration hold for the
CUC scenario.
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Figure 12. The user interface of the system.

Fig. 12 shows the results of the visualization component of the
system for the SPIDER scenario. The scientist user of the system
may view the arm operations from different point of views and he
may navigate in the reconstructed environment.

He may also supervise and intervene in all the processing steps
occurring in the agent itself: e.g., he may change the parameters of
the perception component modules or he may tune the learning phase
of the neural network in the scene description component.

The interface of the system presents several windows in order to
provide the user scientist with a full control of the system.

The camera window shows the output image sequences of the
video camera acquiring the real robot arm operations along with su-
perimposition of the snake representing the output of the contour ex-
traction module.

The 3D window shows the images representing the 3D reconstruc-
tion of the arm during its operations, and the description window

shows the symbolic descriptions generated by the scene description
component in terms of symbolic predicates.

A simple user interface based on buttons allows the scientist to
modify the inner parameters of the agent in order to tailor the agent
processing steps.

The graphical interface has been realized by using the OpenGL
and the GLUT library [7, 12].

5 CONCLUSION

The research demonstrated how the implemented artificial high-level
vision agent may be an effective tool for monitoring operations. In
the case of the SPIDER scenario, the user scientist of the arm can
monitor his own operations by providing high-level feedback de-
scriptions of the arm movements during the scientific experiments. In
the case of the CUC scenario, the surveillance persons can be alerted
of possible dangerous situations near the EDP center that require spe-
cial attention.

The described system is fully general and it may be employed in
all the fields in which the interactive autonomy of the space robotic
systems is a mandatory requirement. The system will also give a
valuable contribution to the use of the expensive and state of the art
equipment related to space robotics and to surveillance robotics. Of
great importance are the possible industrial application of the de-
scribed system. It could be employed in all the applications that re-
quire high automatic tasks in interactive autonomy, as the submarine
robots and autonomous systems acting in nuclear plants.
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An Application of Machine Learning and Statistics to
Defect Detection

R. Cucchiara’, P. Melld®, M. Piccardi®, F. Riguzz?

Abstract. We present an application of Machine Learning andcontaining features from the Hough and the Correlated Hough

Statistics to the problem of distinguishing between defective angpace, and another one containing features from the Hough space
non-defective industrial workpieces, where the defect takes thenly.

form of a long and thin crack on the surface of the piece. The On the two datasets, we have compared an attribute-value
images of the pieces are described by means of a set of visyghrner, C4.5, a backpropagation neural network, NeuralWare

primitives, including the Hough transform and the Correlatetbredict, and the statistical techniques linear, logistic and quadratic
Hough transform. We have compared an attribute-value learn€liscriminant.

C4.5, a backpropagation neural network, NeuralWare Predict, and 1pe paper is divided as follows: next section introduces the

the statistical techniques linear, logistic and quadratic discriminargpeciﬁc application.  Section 3 discusses the adopted visual
for thotla clgssmcatlon of plecels. rI:/Iolzeovehr, t\NoffeaturedsﬁtS ar: rimitives.  Section 4 discusses the results of experiments,
gcr’]gsl:oenr; iﬁiﬂgeaT::tﬂglrgo?rgé ttec(ie nggh tTr?erllr?s(f)cr)rrnmar'll'hfa ?ec')stul Foviding a comparative analysis among the different algorithms.
of the experiments show that C4.5 performs best for both featurema”y’ the last section provide final conclusions.

sets and gives an average accuracy of 93.3 % for the first dataset

and 95,9 % for the second dataset. 2 DEFECT DETECTION
The application goal is visual quality inspection of metallic
1 INTRODUCTION industrial workpieces and in particular the location of surface and

We present an application of Machine Learning and Statistics tosaubsgrface discontinuities in ferromagnetic materials. . .
This target can not be reached by normal, visible-light

problem of Automated Visual Inspection (AVI) that consists of. . . . . . .

automatically inspecting the quality of metallic industrial mspgctlon but IS usually a(_:compllshed by adgptlng a I\/I_agnet_lc-

workpieces. The aim is to classify each piece as defective or noﬁ-art'de_ Inspectlon_ techmque (MP1) - [3]. Flrs_t, the piece is
agnetized and dipped in a water suspension of fluorescent

defective depending on whether it contains or not surface defects, . . L . .
erromagnetic particles; then, it is exposed under ultraviolet light

visible only under UV light. The surface defect is a crack that i d ined b h . tor. Wh ¢ bsurf
visible under UV light as a bright, thin and roughly rectilinear2"¢ €xamined by a human inspector. en surtace or subsurtace
shape. defects are present, they prqduce a leakage field that attracts ar]d
In order to recognize cracks, a set of visual primitives have bee(‘honcentrates the ferromagnetic particles. Defects can then be easily
' gﬁ:rceived by the human eye, since ultraviolet light greatly

selected for characterizing the images of pieces. In this way, eal
image is described by a set of numerical attributes and machir‘?@h"’mces fluorescence. Off-_the-shelf CCD cameras and frarr_ne
rabbers hosted by commercial PCs are used in order to acquire

learning can be applied in order to find a classifier for new image -
e images.

| ticul the Hough t f HT) that has b . . -
n particular, we use the Hough transform (HT) that has bee Examples of images with cracks are shown in figures 1, 2 and 3.

proposed in the literature of image analysis for detecting straight. . I, .
lines [1]. The HT transforms the image space into another twtl]—llgu_re 1 shows a whole image, Wr_"le figures. 2 and 3 show in
gFtaHS two cracks, more and less evident respectively.

dimensional space (called Hough space) where each loc
maximum point corresponds to a straight edge in the image space.
Moreover, another transformation is used, the Correlated Hough
transform (CHT), that has the specific aim of detecting shapes that
are bright, rectilinear and thin [2]. The CHT transforms an image
from the Hough space to the Correlated Hough Space where each
local maximum point represents a couple of close, straight edges in
the image.

In order to test the effectiveness of these various primitives on
classification, we have considered two different datasets, one

! Dipartimento di Scienze dell'Ingegneria, Universita di Modena, Italy,
e-mail: rita.cucchiara@unimo.it

2D.E.L.S., Universita di Bologna, Italy, e-mail: pmello@deis.unibo.it
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Figure 1. Image with a crack.



Both feature sets include the Hough transform (HT), which
essentials is sketched hereafter. The HT has been proposed in the
computer vision literature to detect straight lines [1]. It consists of
the following space transformation from the image space to a 2-
coordinate parameter space: “collinear” points forming a straight
line segment in the image space are collected into a single point of
the parameter space, where the point’s first co-ordifatés the
slope of the straight line and the second co-ordinates its
distance from the origin. Each point in the Hough space has a
value which is exactly the number of collinear points in the straight
line segment; thus, the longer the line segment, the higher is the
point’s value in the Hough space. Furthermore, in this work we
Figure 2. Detail of an evident crack. adopted a refined version of the Hough transform, called gradient-
weighted Hough transform (GWHT, [1]) in which each collinear
point is weighted by its luminosity gradient. Therefore, peaks in
the Hough space (i.e., points with high values) correspond to the
existence of straight, bright lines in the image space, or we could
also say that the problem of detecting lines in the image space is
converted in the much easier problem of detecting peaks in the
Hough space.

In our images, a crack has two edges with similar gradient
magnitude (with same direction but opposite orientation); since the
crack is thin, the distance between the two edges is upper-bounded.
Therefore, two peaks must be detected in the Hough space, with
similar values and thejp, 9 parameters mutually constrained. In

Figure 3. Detail of a less evident crack. alternative to the separate detection of these two peaks, it is
possible to exploit the Correlated Hough transform. The CHT
performs a post-processing of the GWHT Hough space by

3 CLASSIEICATION BY VISUAL correlating the area where the first peak is detected with the one
PRIMITIVES where the second peak should be located: if it is actually present,
the resulting correlation value is very high and can be easily

The defect shape was a-priori known by means of a qualitative detected. The CHT has been proven robust to non-ideality and
model provided by human inspectors. They defined it as a noise, since the detection after correlation is more reliable than the

“thin, roughly rectilinear and very bright shape”. detection of the two separate peaks in the Hough space. However,

On the basis of this rather generic model, we elicited a set dhe CHT itself is not enough for detecting cracks when they
visual primitives (properties) that can be used for describing thstrongly differ from their ideal aspect, and therefore we added in
defects, by associating measurable object properties with thike feature set many other features related with the model.
attributes of the qualitative model: The set based on the CHT (called CH dataset) contains the
* bright shape — high local gradient of luminosity in the following features:

proximity of its edges;

» rectilinear — with two main edges approximately straight;
e thin - with an upper-bounded distance between the two main
edges.

Once elicited the visual properties, a set of quantitative imags
operators able to reflect them has to be defined. Usually, the
approach consists of defining a rather large set of image operators,
or features, each of them somehow related to one or more ViSUé’aﬂ
properties, which will be later selected by a machine learning’
phase (feature selection). However, the choice of the initial feature
set is critical since the information lost at this step cannot b
recovered later.

To this aim, we defined and compared two different feature

1. CH (Correlated_Hough_Peak) this is the maximum value in
the correlated Hough space; fts9 co-ordinates correspond to
the parameters of a straight line in the image located on the
crack, in case a crack is present.

H1 (First_Hough_Peak)this is the value in the same point of
the Hough space before correlation, in the rafigél[0,m,
where the first peak is formed in case a crack is present.

H2 (Second_Hough_Peakj is the peak in the Hough space
betweenmmand 2t at the ideal point were a second straight edge
should be found.

4. H22 (Second_Hough_Averagehis feature is CH divided by
H1; it measures how much the correlation operation increases

. . . o ) . the evidence of the crack with respect to the uncorrelated
sets, motivated by opposite rationale: in the first set, we included a Houah space
specialized primitive called Correlated Hough transform (CHT, gh space.

[2]). which has been proposed for detection of objectss' Thickness the mutualldlstance between H1 and H2. It
represents the object thickness.

corre.spondlng exactly to our model; in the second set, we us%c_i Number_of_Pointsthe number of voting points accumulated in
only image operators of general use. The two feature sets reflect @41 which estimates the edge length

different control of the visual aspects of the problem, the first on(; Average_Votethe average "vote" of the voting points, i.e. the

calling for the insight on image operators typical of a computer S . . . o
vision specialist, while the second one requires just an off-the-shelf average luminosity gradient of each point voting for H1 (it is
P ' q J computed by dividing H1 by the Number_of Points); it

use of well-known image operators.



measures the average luminosity gradient along the cracince there is not an explicit correlation operation between H1
profile. and H2, we also added some basic arithmetic functions of the
8. Average_Image_Gradienthe average luminosity gradient of H1 and H2 values:

the image; it is a different property with respect to the othersg Product the product H1 * H2: should be high in case of a real
since it is global, meaning that it is an overall feature of the™” )
crack (about the square of each of the two values).

whple Image. .It might b? used by the classifier as a correc_tlv 0.Ratia the ratio H1 / H2: should be close to 1 in case of a real
weight, since images with low values of the average gradien crack

have proportionally lower CH and Hough space values. 11.Sum the sum H1 + H2: should be high in case of a real crack
Operationally, we acquire images with relevant views of the (about double each of the two values).
mechanical piece and for each image we compute the CHT. ThetR.Difference the difference H1 - H2: should be close to 0 in case
we detect the CHT maximum (the CH feature) and record a tuple of a real crack.
with CH and the other associated feature values. We then detect_%l
the points of the correlated Hough space whose value is greater or

equal an assigned percentage of the maximum (75% was usedf"f‘lfiltureS and thus mdye considered redundant, but they have

the experiments), and record a tuple for each of them; this is dor?gen explicitely included_in the feature set_s_ince they are relat_ed
in order to catch multiple cracks that can be present in a singY(‘—’J:Shethteh?OSg Szr}%rmzyogn;prggte t2e (I:(I)ertzs|f||$]|:arpegfrorma:§;tl.r::
image. After acquiring the tuples, we pre-classified each of therﬁombinations or :eluios of the feat ré(r\)/al esl qu :
into the two categories obDefect or NoDefect by checking u ues.

manually if the straight line segment corresponding with the tuple Orr;)ergtlolne_llly, Weda:ccquwe h'"_"ages with relevt::m;[hvuf_'WS Or: the
was located on a real crack in the image or not. mechanica: piece and for each image we compute e Hougn space

In the approach followed, the CHT plays a major role, since thgIth the GWHT. Then, we detect the H1 and H2 maxima and

CH maximum is the feature that determines the position where tf] cord them in a tuple with the other gssociated feature values_. we
crack may be located. However, the CHT is a highly specialize en repeat the process for all the points of the Hough space in the

operator, and it is interesting to approach the problem with pnge [0.rd and t, 2 whose value is greater or equal an assigned

eaire st wih more sandard eaues, ana comparng ([E11%5 0 a6 1 espectuel. v o e o e
performance of the resulting classifiers. uple; uitip

Therefore, in the second dataset set (called H1 H2 dataset) pgesent in a single image. After acquiring the tuples, we pre-

excluded the CH value and included the following features: cﬁassmed each of .them Into the. two categor|e§Mect or
NoDefect by checking manually if the straight line segments

1. H1: the value of the Hough maximum in the rargél[0,Td, corresponding with H1 and H2 were located on a same real crack.
where the first peak is formed in case a crack is presept;dts
co-ordinates correspond to the parameters of a straight line
located on one edge of the crack. 4 EXPERIMENTS

2. H2: the value of the Hough maximum in the radg&l[T 21,  \ve have experimented and compared two different machine
where the second peak is formed in case a crack is present; Igﬁrning techniques: attribute-value  learning  and

p', 9’ co-ordinates correspond to the parameters of a straighf,cxnropagation neural networks. Moreover, due to the
line located on the other edge of the crack. However, if multipley,meric nature of all the attributes, we have used statistical

cracks are present, H1 and H2 may not be associated with the:pniques as well in order to compare their performance with

same crack. ) . that of machine learning tools.
3. Number_of_Voteshe sum of the number of image points that g4 attribute-value learning we have used C4.5 [4] that is able
were transformed into H1 and H2. _ to learn both decision trees and rules. For backpropagtion neural
4. Distance the mutual distance b(_etween_Hl and I—_|2 in the Hougiﬁetworks, we have employed a commercial system, Predict by
space. It represents the object thickness if H1 and HReyraiward, As regards statistical techniques, we have used the
correspond to the same crack. algorithms Discrim, Logdisc and Quadisc, developed under the

- Delta_rha the p’ -,pl value, and Statlog project [5], that implement respectively linear discriminant,
6. Delta_thetathe §’ - & - | value.Delta_rhoandDelta_theta logistic discriminant and quadratic discriminant.

express the distance between the two peaks along el In the following, we first give a brief description of each

directions, respectively. In case of a same real crackyyorithm and then we present the results of experiments.
Delta_thetashould be close to 0 afklta_rhoupper bounded.

Delta_rho and Delta_theta are related toDistance by the o
following formula : 5 Discrim

Distance \/Delta_rhoz + Delta_theta . Discrim finds a linear discriminant, i.e., an hyperplane in the p-

7 Delt ductth duct delta ho * delta. theta. It lat dimensional space of the attributes. Given the values of the
- Delta_produ € product defta_rho * defta_{hela. 1t Correlales, i, as of a new pattern, its class is found by looking at the

the Delta_rho and Delta_theta values, expecting small Valu%sosition of the corresponding point with respect to the
for the product in case of a same real crack.

: o . hyperplane.
8. Average_lmage_GradienThe average luminosity gradient of yperp
the image.

ese arithmetic functions are just combinations of other

(62}

1 More information about Predict can be found at

http://www.neuralware.com/ .



The hyperplane equation is found on the assumption of norm
probability distribution: the attribute vectors for the examples o
class A, are independent and follow a certain probability
distribution with probability density function (pdf) A new point

with attribute vector x is then assigned to that class for which the

probability density functiorfi(x) is greatest. This is a maximum
likelihood method.

The distribution are assumed normal (or

&linction and is given by equation 5 in the case of differing prior
probabilities. The suffix i is used to indicate clagss A

(®)

log () =Iogr, -~ log(detE) - (x ~ 1) % (x - )

In this equatiormg stands for the prior probability of clads As

Gaussian) with different means but the same covariance matrikefore, the means and covariance matrix are substituted by their

The probability density function of the normal distribution is

1

MBS

@

fi(x) =

exit Lx-1,) 0 x -1
02 0

for classi and Z, the theoretical covariance matrix, ispax p
matrix that is necessarily positive definite.
boundary separating the two classes, defined by the equality of t
pdfs, can be shown to be an hyperplane that passes through
mid-point of the two centres. Its equation is

x'O‘l(il—iz)—%(miz)b‘l(il—iz):o 2)

wherey; is the population mean for clads When using this

In this case the

sample counterparts obtained from the training set. In the same
way, T, is substituted by the sample proportion of class
examples. For classification, the discriminant is calculated for
each class and the one giving the higher value is chosen.

The most frequent problem with quadratic discriminants is
caused when some attribute has zero variance in one class, for then
the covariance matrix can not be inverted. One way of avoiding
this problem is to add a small positive constant term to the
Hieagonal terms in the covariance matrix (this corresponds to adding
{ﬁgdom noise to the attributes).

7 Logdisc

Logdisc performs a logistic discrimination. As linear
discriminants, a logistic discriminant consists of an hyperplane
separating the classes in the best possible way, but the criterion
used to find the hyperplane is different. The method adopted in

formula for classification the exact distribution is usually notthis procedure is to maximize a conditional probability. In theory,
known and the parameters must be estimated from the availallfhen the attributes have a normal distribution with equal

sample. With two classes, if the sample means are substituted
M and the pooled sample covariance matrix Ipthen Fisher's

@variances and are independent from each other, linear and
logistic discriminants are equivalent. Different result are obtained

linear discriminant [6] is obtained. The covariance matrix for ayhen this hypothesis are not satisfied.

dataset wittn, examples from clash is

S:i

n; -1

XTX -x"%

©)

WhereX is then; x p matrix of attribute values an# is thep-
dimensional row vector of attribute means. ‘Pbeled covariance
matrix Sis

5o 3(n -0
n-q

(4)

where the summation is over all the classes(arg) is chosen
to make the pooled covariance matrix unbiased.

6 Quadisc

Quadisc performs a quadratic discrimination.  Quadratic
discrimination is similar to linear discrimination with the
difference that the surface separating the two regions is
qguadratic. This means that in the discriminating function will
contain not only the attributes but also their square and the
product of two attributes. With respect to the case of
probability maximization seen in the previous case, if we
remove the assumption that the normal distributions have the
same covariance matrix S, we obtain a quadratic surface, for
example an ellipsoid or an hyperboloid.

The method here described is partially parametric, as the actual
pdfs for the classes are not modeled, but rather the ratio between
them. In particular the logarithms of the ratios of the probability
density functions for the classes are modelled as linear functions of
the attributes. Thus, for two classes
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log (6)

wherea and the p-dimensional vectfirare the parameters of
the adopted model and must be estimated. The case of normal
distribution is a special case in which these parameters are
functions of the prior probabilities, of the class means and of the
common covariance matrix.

The parameters are estimated by maximum conditional
likelihood. The model implies that, given attribute valueshe
conditional class probabilities for classesaAd A take the forms:

P(A; |X) :M @)
1+exp@ + B X)
P(A,1X) = ——— )

1+exp@ + Bx)

Given independent samples for the two classes, the parameters
are estimated by maximizing the probability:

The simplest quadratic discrimination function for a class is
defined as the logarithm of the corresponding probability density



Table 1. Average accuracies

Discrim | Logdisc| Quadis¢ Predict C4.5tree C4.p

rules

CH 0,853 0,857 0,853 0,873 0,959 0,959
H1H2| 0,855 0,928 0,316 0,864 0,933 0,933

Table 2. Average false positive and false negative errors

Discrim Logdisc Quadisc Predict C4.5 treq C4.5 rulgs
FN FP | FN FP| FN FP| FN FP| FN FH FN FH
CH 37 9 36 9 31 15 15 25 6 7 6 7
H1 H2 26 19 14 40 177 3 40 13 12 9
Table 3. Values for the statistics for the CH dataset
It] Discrim Logdisc Quadisc Predict C4.5 treg C4.5 rulg
Discrim 1,000 0,000 0,452 1,947 1,947
Logdisc 0,166 0,376 1,959 1,959
Quadratic 0,615 2,352 2,352
Predict 2,031 2,031
C4.5 tree 0,000
Table 4.Values for the statistics for the H1 H2 dataset
It] Discrim Logdisc Quadisc Predict C4.5 treg C4.5 rulg
Discrim 1,753 2,114 0,118 1,586 1,689
Logdisc 2,411 0,867 0,127 0,135
Quadisc 2,509 3,068 3,050
Predict 0,843 0,858
C4.5 tree 0,000
class attributes: at each step a test is selected that makes the
L@,B)= [IPALIX) MPA: %) 9 resulting subsets as uniform as possible with respect to the class
{A1,samplg { Az samplg attribute, i.e., subsets containing examples from only one class or

from a small number of classes.
Iterative methods have been proposed in order to estimate the
parameters for example by [7] and [8]. Since in practice there is 10 Results
often little difference between logistic and linear discriminant, the

latter are taken as a starting point for the former. All systems have been tested on the CH and H1 H2 datasets

employing 10-fold cross validation. Both datasets contain 317
tuples of which 67 belong to the Defect class and 250 to the
NonDefect class. The spread of attribute values is larger for the

Predict by Neural Works is a system for training multi-layerDEfGCt class.
neural nets. Predict use an adaptive gradient learning rule which is Table 1 shows the average accuracies of the classification
a form of back-propagation. Predict does not start from a fixealgorithms for both datasets, while table 2 shows the total number
network architecture but uses a constructive method foef false negative and false positive errors summed over the ten
determining a suitable number of hidden nodes. This constructifelds. False negatives are defective pieces that are classified as
method is referred to as "Cascade Learning” [10] and is loosejon defective and false positive are non defective pieces that are
characterised by the fact that hidden nodes are added one or a fél@ssified as defective. It is important to distinguish between these
at a time. New hidden nodes have connections from both the inpif0 types of errors because the damage that derives from a false
buffer and the previously established hidden nodes. Constructidi¢gative is much higher than the one deriving from a false positive.
is stopped when performance on an independent test set shows Ifgrefore, we should prefer an algorithm that minimizes the
further improvement. number of false negatives.

In order to evaluate if the accuracy differences between
algorithms are significant, we have computed a 10-fold cross-
validated paired test for every pair of algorithms (see [11] for an
C4.5 [4] is a system for learning rules and decision trees. l@verview of statistical tests for the comparison of machine learning
peculiarity is the heuristics it adopts in order to select the test t@lgorithms).
perform at each steps. These heuristics are based on the notion offhis test is computed as follows. Given two algorithms A and
entropy from information theory that represents the amount d8. let m® (respectively g”) be the observed proportion of test
“dis-uniformity” of examples in the training set with respect to theexamples misclassified by algorrithm A (respectively B) in trial i.

8 NeuralWorks Predict
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If we assume that the 10 difference@=p,?-ps” are drawn topologic or other metric features. Examples of the use of learning
independently from a normal distribution, then we can applyn computer vision are for instance recognition of hand gestures,
Student test by computing the statistic landscape inspection, medical images analysis, and appearance-
based recognition [11,12,13,14]. However, the most
comprehensive work concerning the use of learning for
classification is the StatLog project [5]. StatLog includes several
classification algorithms, covering machine learning, neural and
statistical techniques. The algorithms are compared against several
different classification tasks, nine of which consists of classifying
images (Dig44, KL, Vehicle, Letter, Chrom, Landsat, Satim,
Segm, Cut20, Cut50). Some of the tasks address mostly
(11) classification of pixel areas, while others address classification of
derived features computed from the pixel values. The ranking of

L classifiers’ error rates varies with the image classification task. The
In the null hypothesis, i.e. that A and B have the same accuracg 9

(10)

. o o . NN and Quadisc classifiers seem to achieve generally the best
this statistic has a t distribution with n-1 (9) degrees of freedom. Q 9 Y

. - . tes, but with ti Vehicl ds for k-NN
we consider a probability of 90%, then the null hypothesis can bg:]rgr rSi\?I; US e\glm sg&;g xcgstgoonsfc() ; eQIS:d?sg) .?E;n rﬂ;chine
rejected if ' ! ' .

learning algorithm C4.5 tends to assess good performance for tasks
which do not require direct classification of pixel areas, but rather
of some derived features (Segm, Cut20, Cut50). In particular, C4.5
largely outperforms Quadisc on the Cut classification tasks, where

Table 3 shows the values of the statistic for the CH datasghe number of classes is mimimum (two), like in the defect
while table 4 shows the values of the statistic for the H1 H2jassification task we addressed in this work.

dataset. The value of the statistic for algorithms A and B can be
found at the crossing of line A with column B. The numbers in
bold are those that provide a probability of 90% or more ofl2 CONCLUSION

rejecting the null hypothesis. We h ted licati f hine | . d
From these tables can be seen that, for the CH dataset, the e have presented an application o machine learning an

accuracy difference is statistically significant only between C4.§§at|st|cs to the problem of recognizing surface cracks on metallic

algorithms and the other ones, while it is not statisticall leces. In order to learn from the images of the pieces, we have

2 L . identified a set of visual primitives for characterizing each image.
significant among the statistical and neural algorithms. Therefor(ijne of these primitives, the average gradient of luminosity, is

for the CH dataset, we can state that the best performance has bggﬂ1 ted on the image itself. while the others are computed on
obtained by C4.5, both for the case of trees and rules. pu 9 ’ pu

On the H1 H2 dataset there is a significant difference betwe fransformed versions of the image obtained with the Hough

the best performing algorithms, C4.5 and Logdisc, and Discrﬁjransform (HT) and the Correlated Hough Transform (CHT). We

algorithms and Predict is instead a little less certain, having 80% 9 gnt sShapes.
probability In order to test the effectiveness of these various primitives on

- classification, we have considered two different datasets, one
In conclusion, for both datasets, the best overall accuracy has =~ .

. ﬁontalmng features from the Hough and the Correlated Hough
been obtained by C4.5 both for the case of trees and rules. Tseace and another one containing features from the Houah space
comparison of machine learning and statistical techniques show82¢®: 9 u ugh sp
that C4.5 performs better than statistical techniques for the CﬂnVarious machine learning and statistical techniques have been
dataset, while on H1 H2 dataset Logdisc is equivalent to C4.5. 9 d

Instead, for Predict, the differences with statistical techniques araenplled to the prpblem. As regards machine learning, we have
less significant. employed an attribute value learner, C4.5, and a neural network

As can be seen, the CH feature is very important becausetff’“ner‘ NeuraIW_are Predl_ct._ As regards §tat|_st|cgl _technlques, we
leads to more accurate classifiers for all systems apart frorrr]1ave employed linear, logistic and quadratic discriminant.
The results of the experiments show that, of the two feature

Logdisc and Discrim. . o
. . sets, the one containing the CHT leads to more accurate classifiers
As regards the number of false negatives, C4.5 yields the Iowefs(?r all learning methogs apart from Logdisc and Quadisc, thus

number of them for the CH dataset, while for the H1 H2 dataset the " . . L
L ) confirming the importance of highly specialized operators for
lowest number is given by Predict.

; . Computer Vision.
T.h‘?se result.s. show that machlne Iear.nlng tools can outperfort Among all systems, C4.5 had a performance significantly
statistical classifiers on the domain examined. higher than the other systems for the CH dataset, while for the H1
H2 dataset it was significantly higher than Discrim and Quadisc.
11 RELATED WORKS Even if the features were all numeric, C4.5 provided a very
good performance. This is probably due to spread in the attribute

) ] _ _ _values, especially for the Defect class, that requires the
Machine learning has been widely exploited for objectygaptiveness of machine learning tools.

classification in computer vision. Learning is often essential for
defining an effective classifier in the case of unstructured objects
or shapes, which are difficult to model in terms of geometric,

[t] > 5000 =1.383 (12)
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Understanding Multi-Page Printed Documents: A
Multiple Concepts Learning Problem

Floriana Esposito and Donato Malerba and Francesca A. Lisi!

Abstract.

Document understanding denotes the recognition of setext from graphics requires knowledge on how text blocks can be

mantically relevant components in the layout extracted from a docudiscriminated from non-text blocks. In many applications presented
ment image. This recognition process is based on some visual modh the literature, a great effort is made to hand-code the necessary
els, whose manual specification can be a highly demanding task. lknowledge according to some formalism, such as block grammars
order to automatically acquire these models, the application of maf18]. In the WISDOM project, we investigated the application of var-
chine learning techniques has been proposed. In this paper, problerimis inductive learning algorithms in order to solve the knowledge
raised by possible dependencies between concepts to be learned aoguisition problem. Some of them are:

illustrated. A novel computational strategy based on the separate.-

and-parallel-conquer search is proposed and tested on a set or real

multi-page documents processed by the system WISDOM++. Pre-
liminary results confirm the validity of the proposed strategy and
show some limits of the machine learning system used in this work.

1 INTRODUCTION

[ ]
Recently, many publishing companies have started creating online
bibliographic databases of their journal articles. However, a large
number of publications are still available solely on paper, and doc-

ument image analysis tools are essential to support data entry from

printed journal and proceedings [24]. A straightforward application
of OCR technology produces poor results because of the variabil-
ity of the layout structure of printed documents. Form definition, a
function available in many commercial OCR systems, support ex-
traction of text from exactly defined zones, but semantically relevant
document components (e.g., title and authors) are practically never
printed in the very same zone of a page. An error of few millime-

ters in bounding the zone of interest can cause an unrecoverable loss

of information. The complexity of the problem is even more evident

Incremental top-down induction of decision trees. Decision trees
are used to classify basic blocks extracted by the image segmen-
tation algorithm (segmentation and block classification are two
steps of the document analysis process). Incrementality satisfies
an important design requirement, namely online training of the
document processing system. On the other hand, it can raise space
inefficiency problems [8].

Induction of a set of first-order rules (or logical theory) from a
set of training examples. Rules are used to perform a layout-based
classification and understanding of segmented document images.
Resorting to a first-order representation formalism is unavoidable,
since each page layout consists of a variable number of spatially
distributed components. Obviously, the choice of a suitable set of
attributes and relations is crucial for the success of the applica-
tion. Some experimental results obtained with the learning system
INDUBI/CSL [16] confirmed Connel and Brady’s [5] observation
that both numeric and symbolic descriptions are essential to gen-
erate models of visual objects, since the former increase the sen-
sitivity while the latter increase the stability of the internal repre-
sentation of visual objects.

when the data entry is extended to the whole article, which take$n this paper, a further issue is investigated in the specific context of

more than one page.

document understanding, namely multiple dependent concept learn-

The goal of the WISDOM project undertaken at the University of ing. Actually, learning rules for document understanding is more dif-
Bari is to develop intelligent document processing tools that autoficult than learning rules for document classification, since semanti-
matically transform a large variety of printed multi-page documents cally relevant layout components (also callegical componenjge-
especially periodicals, into a web-accessible form such as XML. Thider to a part of the document rather than to the whole document. Log-
transformation requires a solution to several image processing protical components may be related to each other, therefore the recogni-
lems, such as the separation of textual from graphical component#on of a logical component can be correctly performed only if its

in a document imagedpcument analysjs the recognition of the
document document classificationthe identification of semanti-
cally relevant components of the page layaldgument understand-

contextis considered. Thus, it would be more appropriate to learn
rules that reflect these dependencies among logical components. For
instance, in the case of papers published in the IEEE Transactions on

ing), the transformation of portions of the document image into se-Pattern Analysis and Machine Intelligence, the following clause:

guences of characters (OCR), andtita@sformatiorof the page into

author(X) + ontop(Y, X), title(X)

HTML/XML format. A large amount of knowledge is required to ef- captures the typographical convention of printing the authors just un-
fectively solve these problems. For instance, the segmentation of thder the title. The main benefits in learning, if possible, this kind of

document image can be based on the layout conventioriayout
structurg of specific classes of documents, while the separation of.

1 Dipartimento di Informatica, Universitdegli Studi di Bari, Via Orabona 4,
I-70126 Bari, Italy, email{esposito, malerba, lis@di.uniba.it

contextual rules are:

Learnability of correct concept definitiongor instance, some
learning systems that do not take concept dependencies into ac-
count, such as the well-known FOIL [21], cannot learn the defini-



tions of "appending two lists” and "reversing a list”independently,  a reasonable trade-off between the accuracy and the speed of the
since the former concept is essential to give a reasonably compact segmentation process). The RLSA applies four operators to the
definition of the second concept. document image: 1) horizontal smoothing with a threskigid 2)

e Rendering explicit some concept dependenacidsch would be vertical smoothing with a threshold, ; 3) logical AND of the two
otherwise hidden in a set of flat, independent rules. A correct logi- smoothed images; 4) additional horizontal smoothing with another
cal theory structured around a number of dependent concepts doesthresholdC, . The variant implemented by WISDOM++ scans the
not contain those redundancies of its equivalent theory with inde- image only twice with no additional cost [23] instead of the four
pendent concepts; therefore it is more comprehensible and easier times required by the original algorithm. Another novelty is that
to be validated by experts. the smoothing parametecs, and C,, are adaptively defined on

the basis of the spread factor computed during the preprocessing

In this paper, a new approach to the problem of learning multi- step.

ple dependent concepts is briefly presented. This approach is that Bjocks classificationwhich aims at discriminating blocks enclos-

adopted by ATRE [13], a machine learning system interfaced by ing text from blocks enclosing graphics (pictures, drawings and

WISDOM++, a document processing system developed in the WIS~ horizontalivertical lines). In WISDOM++, the classification of

DOM project? blocks is performed by means of a decision tree automatically
The paper is organized as follows. Section 2 describes the docu- pyiit from a set of training examples (blocks) of the five classes.

ment processing steps performed by WISDOM++. Section 3 show  The choice of a "tree-based” method instead of the most common

how ATRE solves some problems related to learning multiple depen- generalized linear models is due to its inherent flexibility, since
dent concepts. Section 4 illustrates some experimental results con- gecision trees can handle complicated interactions among features

cerning the application of ATRE to the problem of understanding and give results that can be easily interpreted [1].

a set of real-world multi-page documents. Finally, in Section 5 ouy |ayout analysisthat is the perceptual organization process that

conclusions are drawn. aims at detecting structures among blocks. The result is a hier-
archy of abstract representations of the document image, that is
2 THE SYSTEM WISDOM++ thelayout structureof the document. The leaves of the layout tree

(lowest level of the abstraction hierarchy) are blocks returned by
A distinguishing feature of WISDOM++ is the use of a knowledge the segmentation algorithm, while the root represents the set of
base in order to support some document processing tasks. The knowl- pages of the whole document. A page may include several lay-
edge base is automatically built from a set of training documents out components, calleflames which are rectangular areas cor-
using machine learning tools and techniques, which make the sys- responding to groups of blocks. WISDOM++ extracts the layout
tem highlyadaptive WISDOM++ has been designed as a multi-user  structure by means of a knowledge-based, bottom-up approach:
system, in the sense that each authorized user has his/her own ruleGeneric knowledge on typesetting conventions is used in order to
base. Currently, two categories of users are defiAehinistrators group basic blocks together [9].
andend users Administrators can train the system to classify and

understand documents, while end users can only operate by USiRgyie the layout structure associates the content of a document with
the Igarned rules. Finally, WISDOM_++ has been designed to managg hierarchy of layout objects, such as blocks, frames and pages, the
multi-pagedocuments, each of which issequencef pages. The |oqica| structureof the document associates the content with a hier-
definition of the right sequence is responsibility of the user, since the, .ny ofiogical objects such as sender/receiver of a business letter,
optical scan function is able to work on a single page at a time. Pagqﬁle/authors of a scientific article, and so on. The problem of find-

of multi-page documents are processed independently of each othyy yhe |ogical structure of a document can be cast as the problem
in all steps. _ _ _ _ of defining amappingfrom the layout structure into the logical one.
Initially, ea_ch pagg IS sganned with a_ resolution of 30(_) dpi andIn WISDOM++, this mapping is limited to the association of a page
thresholded into a binary image. The bitmap of an A4-sized paggii, 5 document classibcument classificatigrand the association
takes2, 496 x 3,500 = 1, Q92, 000 b_ytes and is stored in TIFF for- of page layout components with basic logical componedsment
mat. Thedocument analysiprocess includes: understandinyy The mapping is built bynatchingthe document de-
scription against botmodelsof classes of documents and models of
the logical components of interest for that class. Models are rules ex-
Wpressed in a first-order logic language, which are automatically built
y applying inductive learning algorithms. A detailed description on
ow models for document understanding of the logical components
are represented and automatically built from some training examples
is explained in next section.
WISDOM++ allows the user to set up thext extractionpro-
ess by selecting the logical components to which an OCR has to
e applied. Finally the system generatesHalrML/XML versionof
dhe original document: It contains both text returned by the OCR
and pictures extracted from the original bitmap and converted into
2 WISDOM++ is a newer version of the system WISDOM (Windows Inter- the GIF format. Text and images are spatially arranged so that the
faC; Syr?te][n for I?(ﬂ_cumterét_ Mapﬁgemeni)d Ow:gaD'g’\\;IVﬂteh” ian [15c]‘[8] HTML/XML reconstruction of the document is as faithful as possi-
girg];né)(? ac%o?(?irg ?og?\nobjgclt?orile;?% [an‘]ilysis and desigﬁsmeiﬁgdoﬁo le to t.he original bltmap. Moreover the XML format _malntalns In-
and implemented in Microsoft Visual C++. WISDOM++ can be down- formation extracted during the document understanding phase, since
loaded from the following site: www.di.uniba.it/ malerba/wisdom-++. the Document Type Definition (DTD) is specialized for each class of

1. Preprocessingthat is the evaluation of the skew angle, the ro-
tation of the document, and the computation cfpsead factor
which is greater than 1.0 in quite simple documents with fe
sparse regions, while it is lower than 1.0 in complex document
with closely written text regions. Details on preprocessing algo-
rithms can be found in [2].

2. Segmentatignthat is the identification of rectangulatocksen-
closing content portions. WISDOM++ segments the reduced doc-
ument image into rectangular blocks by means of a variant of th
Run Length Smoothing Algorithm (RLSA) [25], which operates
on a document image with a lower resolution (75 dpi is considere




documents in order to represent the specific logical structure. head. An instance of object taken from the blocks-world is the fol-

lowing:
3 LEARNING MULTIPLE DEPENDENT type(blkl) = lintel A type(blk2) = column
CONCEPTS pos(blk1l) = hor, pos(blk2) = ver, ontop(blk1, blk2)

Experimental results of a previous study on multiple dependent conwhich is semantically equivalent to the definite program:
cept _Iear_nl_ng con_flrmed_that by taking mFo _account concept depent'ype(blkl) — lintel <
dencies it is possible to improve the predictive accuracy for the doc-

ument understanding problem [16]. In that study, the learning sys-pos(blk1 = hor, pos(blk2) = ver, ontop(blk1, bik2)
tem INDUBI/CSL had been extended in order to learn multiple de-, ¢ (312
pendent concepts provided that the user defines a graph of pOSSiblﬁos(blkl
dependencies among logical components. As planned in a previous

work [1], we have replaced INDUBI/CSL with the multiple concept Examples are described as paitsL, OID > whereL is a literal
learning system ATRE, which is able to autonomously discover suclin the head of the object pointed by the object identifigrD. Ex-
concept dependencies. A brief description of ATRE is reported beamples can be considered pssitive or negative according to the
low. concept to be learned. For instanceype(blkl) = lintel, O1 > is
a positive example of the concefipe(X) = lintel, a negative ex-
ample of the concepyype(X) = column, and it is neither a positive
nor a negative example of the concepible(X) = true.

The learning problem solved by ATRE can be formulated as follows: 1helanguage of hypothesds; is that oflinked, range-restricted
definite clauses [6] with simple and set literals in the body and one

)
) = column
) = hor, pos(blk2) = ver, ontop(blk1, blk2)

3.1 The learning problem

Given simple literal in the head. An example of recursive theory expressed

e aset of concept€'y, . .., C, to be learned, in Ly is the following:

e a set of observation® described in a languageo, even(X) < zero(X)

e abackground knowledgB K described in a languages x, odd(X) + succ(Y, X), even(Y')

e alanguage of hypothesés;, even(X) < succ(Y, X), 0dd(Y")

e ageneralization modé! over the space of hypotheses, It states conditions for integer numbers being even or odd, given

e auser’s preference criteridfC, the concepts of successor and zero. HerandY denote variables
consistently to Prolog notation. ATRE is also able to deal with nu-

Find meric descriptors. More precisely, given arary function symbol,

a (possibly recursive) logical theofy for the concept€’s, ..., C, f(Xi,...,X,), taking on values in a numerical domain, the sys-

such thafl” is complete and consistent with respecftand satisfies  tem produces hypotheses with set literA{sX1, ..., X,,) € [a..B],

the preference criterioRC'. wherela..b] is a numerical interval computed according to the same

ATRE mainly differs from INDUBI/CSL for the learning goal, that  information theoretic criterion used in INDUBI/CSL [14].
is the induction of recursive logical theories, whichis common inthe Thelanguage of background knowleddes x has the same con-
field of inductive logic programming (ILP) [3]. Further differences straints as the language of hypotheses. The representation languages
concern the representation languadies Lsx andLg, the gener-  in ATRE seem not to fit very well the ILP framework, but it is easy
alization model’, the interpretation of the preference criterion and to transform ATRE’s theories into Datalog programs [4] with built-in

the search strategy in the space of hypotheses. Each of these issygsdicates. In general, a simple litefgt:, . . ., t,) = Value can be
will be addressed in the following. transformed into an (n+1)-ary predicaté, . . . , t., Value), while

As to the representation languages, the basic componentlisthe a set literalf(t1,...,t,) € Range, where Range is an interval
eral in the two distinct forms: [a..b], can be transformed intp(t1, . ..,tn, Z), Z > a,Z < b. The
f(t1,-..,tn) = Value (simple literal) relational operators> and < are built-in predicates. Thanks to this
f(s1,...,8,) € Range (set literal) transformation it is possible to extend notions and properties of stan-

wheref andg are function symbols called descriptotss ands;’s dard first-order logic to ATRE definite clauses.
are terms, andRange is a closed interval of possible values taken by  Regardless of the chosen representation language, a key role of the
f. Some examples of literals are the followinglor(X1) = red, induction process is the search through a space of hypotheges-A
height(X1) € [1.1..1.2], andontop(X,Y’) = true. The lastexam-  eralization model" provides a basis for organizing this search space,
ple points out the lack of predicate symbols in the representation largince it establishes when a hypothesis covers a positive/negative ex-
guages adopted by ATRE. Thus, the first-order liteggl¥,Y) and  ample and when an inductive hypothesis is more general/specific
—-p(X,Y) will be represented a§,(X,Y) = true andf,(X,Y) = than another. The generalization model adopted in ATRE is a vari-
false, respectively, wherg, is the function symbol associated to the ant of Plotkin’srelative generalizatiorj19] [20], namedgeneralized
predicatep. Therefore, ATRE can deal witlassical negation—, but ~ implication[13].
not with negation by failurenot [12], which is common to most of
ILP systems. Henceforth, for the sake of simplicity, we will adopt the
usual notatiop(X,Y’) and—p(X,Y) instead off,(X,Y) = true
andf,(X,Y) = false, respectively. The high-level learning algorithm in ATRE belongs to the family of
Thelanguage of observations, allow a more efficient and com- sequential coveringor separate-and-conquealgorithms [17] since
prehensibleobject-centered representatiai observations. Indeed, it is based on the strategy of learning one clause at a thmegler
observations are represented by ground multiple-head clauses [1Hftage), removing the covered examplesparatestage) and iterating
called objects which have a conjunction of simple literals in the the process on the remaining examples.

3.2 The learning strategy



Many FOIL-like algorithms adopt this separate-and-conquer stratis made explicit.
egy. The most relevant novelties of the learning strategy implemented Initially, all positive and negative examples (paisL, OID >)
in ATRE are embedded in the design of the conquer stage. Indeed, tlege generated for every concept to be learned, the learned theory is
conquer stage of our algorithm aims at generating a clause that coempty, while the set of concepts to be learned contain€'allThe
ers a specific positive example, tbeed while FOIL does not. Thus conquer stage performs a parallel general-to-specific beam search to
ATRE implements a general-to-specific seed-driven search strategyenerate a set of consistent, linked and range-restricted clauses for
in the space of definite clauses. the concepts to be learned. A seed is associated with each special-
The search space is actually a forest of as many search-treézation hierarchy. Seeds are chosen according to the textual order
(called specialization hierarchigsas the number of chosen seeds, in which objects are provided to the systemOif is the first object
where at least one seed per incomplete concept definition is kept (s&égth an untagged example of concé&ptthenO;, is taken to generate
Figure 1). Each search-tree is rooted with a unit clause and ordereskeeds forC;. In particular, all untagged examples @f in Oy, will
by generalized implication. The forest can be processqghrallel be selected as seeds, so it is possible to have several specialization

by as many concurrent tasks as the number of search-paes|¢l- hierarchies for each concept.
conquer search Each task traverses the specialization hierarchies Ground literals in the body of seed objects are generalized. In par-
top-down (or general-to-specific), but synchronizes traversal with théicular, the generalization of a ground litegt1, . .., t,) = Value

other tasks at each level. Initially, some clauses at depth one in thie obtained by turning distinct constants into distinct variables, and
forest are examined concurrently. Each task is actually free to adopeplacing all occurrences of a constantvith the same variabl&;

its own search strategy, and to decide which clauses are worth to lisimple inverse substitutipnClause specialization is performed ei-
tested. If none of the tested clauses is consistent, clauses at deptter by adding a new generalized seed literal that preserves the prop-
two are considered. Search proceeds towards deeper and deeper lewty of linkedness of the clause or by restricting the interval of a set
els of the specialization hierarchies until at least one consistent clauditeral already in the body. When a consistent and range-restricted
is found. Task synchronization is performed after that all "relevant’clause is found it is put aside: The search is stopped when at least
clauses at the same depth have been examined. A supervisor task dd-consistent, range-restricted clauses are determined. At this point,
cides whether the search should carry on or not on the basis of thie best one is selected according to user’s preference criterion. The
results returned by the concurrent tasks. When the search is stoppetkfault criterion is the maximization of the number of positive exam-
the supervisor selects the "best” consistent clause according to thales covered, and the minimization of the complexity of the clause
user’s preference criterioRC'. This strategy has the advantage that (here represented by the number of literals in the body).

simpler consistent clauses are found first, independently of the con- Since the addition of a consistent clause may lead to an aug-
cepts to be learned. Moreover, the synchronization allows tasks tmented, inconsistent theory, the procedueefy_global consistence
save much computational effort when the distribution of consistentapplies a layering technique to recover the consistency. The selected
clauses in the levels of the different search-trees is uneven. In Figurdause is used to saturate again the object, so that recursive clauses
1 itis shown the parallel exploration of the specialization hierarchiesould be generated in the next call of the proceghamallel_conquer

for the concepts ofvenandodd numbers. Finally, the procedureipdateexamplegags positive examples ex-
plained by the current learned theory, so that they will no longer be
Level0 even(x) - odd(X) considered for the generation of new clauses.
/\ /\ 4 EXPERIMENTAL RESULTS
Level 1 even(X) — even(X) — odd(X) — odd(X) —
succ(Y,X) suc}c(X,Y) succ(Y,X) succ(X,Y)

The proposed approach to multiple concept learning has been ap-
plied to the problem of understanding multi-page printed documents.

Level 2 even(X) — even(X) — odd(X) odd(X) —
succ(Y,X), succ(Y,X), succ(Y,X), succ(Y,X), P H
cuce(ZY) cuce(ZY) even(Y) auce(X.2) procedure learn_recursive_theo(pbjects BK, {C;,...Cn}, PC)

SatObjects= saturate_objec{©bjects BK)
odd(X) - succ(Y,X), Examples= generate_pos_and_neg_exam(ldsects {C,...Cn})
zero(¥) LearnedTheory= [J
Concepts= {Cy,...Cn}
repeat
ConsistentClauses := parallel_conq@€onceptsExamplesPC)
Best:= find_best_claus@ConsistentClause&C)

Figure 1. Parallel search for the concep¢enandodd

ConsistentTheory:=
This separate-and-parallel-conquesearch strategy provides us verify_global_consisten¢®est LearnedTheoryObjects Example}
with a solution to the problem afterleavingthe induction process LearnedTheory := ConsistentTheofy { Clausg
for distinct concept definitions. Objects := saturate_objediSatObjectsLearnedTheory

Examples := update_examp{esarnedTheorfgxample}
foreach C; in Conceptslo
if pos_examplé€i)= [0 then

The main procedure of ATRE is shown in Figure 2. The input o
the system is a set of objects, a background knowledge, a set of c«

cepts to be learned, and a preference criterion that guides the heuri: Concepts= Conceptd {C} endif
search in the space of possible hypotheses. endforeach
The function implemented by the procedseturateobjectsis the until Concepts=0

saturation of a set of examples given a set of clauses. The first si| return LearnedTheory
towards the generation of inductive hypotheses is the saturation of an
objects with respect to the given BK [22]. In this way, information Figure 2. Main procedure of the learning algorithm implemented in ATRE
that was implicit in the example, given the background knowledge,




A user/trainer of WISDOM++ is asked to label some layout compo-at_page(X) = intermediate

nents of a set of training documents according to their logical mean- part_of (Y, X), page(Y) = intermediate

ing. Those layout components with no clear logical meaning are nokt_page(X) = last_but_one

labeled. Therefore, each document generates as many training exam-part_of(Y, X), page(Y) = last_but_one

ples as the number of layout components. Classes of training examt_page(X) = last < part_of(Y, X), page(Y) = last

ples correspond to the distinct logical components to be recognized

in a document. The unlabelled layout objects play the role of counThree long papers appeared in the January 1996 issue of the
terexamples for all the classes to be learned.
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Figure 3. Layout of the first page of a multi-page document (left) and its
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partial description in a first-order logic language (right).

Each training example is represented asbjectin ATRE, where

IEEE Transactions on Pattern Analysis and Machine Intelligence
(PAMI) have been considered. The papers contain thirty-seven
pages, each of which has a variable number of layout compo-
nents (about ten on average). Layout components can be associated
with at most one of the following eleven logical labetdistract,

af filiation, author, biography, caption, figure, index_term,
page_-number, references, running-head, title.

Learning rules for document understanding raises issues concern-
ing the induction of recursive theories. Simple and mutual concept
dependencies have to be handled, since the logical components refer
to a part of the document rather than to the whole document and may
be related to each other. For instance, in case of papers published in
journals, the following dependent clauses:

running-head(X) «

top-left(X), text(X), even_page_number(X)
running-head(X) «

top_right(X),text(X), odd_page_number(X)
paragraph(Y) < ontop(X,Y), running_head(X), text(Y")

express the fact that a textual layout component at the top left (right)
hand corner of an even (odd) page is a running head, while a textual
layout component below a running-head is a paragraph of the paper.

different constants represent distinct layout components of a pag®loreover, the recursive clause
layout. The description of a document page is reported in Figure 3paragraph(Y) < ontop(X,Y), paragraph(X),text(Y)
All descriptors used to represent a page layout of a multi-page docus useful to classify all textual layout components below the upper-

ment are listed in Table 1.

Table 1. Page layout descriptors for a multi-page document.

Descriptor name

Definition

page(page)

width(block)
height(block)
z_pos_centre(block)
y_pos_centre(block)
type-of(block)
part_of(blockl, block2)
on_top(block1,block2)
to-right(block1, block2)

alignment(blockl, block2)

Nominal domain:

first, intermediate,
last_but_one, last

Integer domain: (1..640)

Integer domain: (1..875)

Integer domain: (1..640)

Integer domain: (1..875)
Nominal domain:

text, hor_line, image,

ver_line, graphic, mixed
Boolean domain:

true if block1 containsblock?2
Boolean domain:

true if block1 is aboveblock?2
Boolean domain:

true if block?2 is to the right ofblock1
Nominal domain:

only_left_col, only_right_col,
only-middle_col, both_columns,
only_upper_row, only_lower_row,
only_-middle_row, both_rows

The following clauses are used as background knowledge, in or-

most paragraph. Therefore, document understanding seems to be the
kind of application that may benefit of learning strategies for multiple
predicate learning. By running ATRE on the training set described
above, the following theory is returned:

1. logic_type(X) = running-head
y-pos_centre(X) € [18..39], width(X) € [77..544]
2. logic-type(X) = page_-number
width(X) € [2..8], y_pos_centre(X) € [19..40]
3. logictype(X) = figure
type_of(X) = image,at_page(X) = intermediate
. logic_type(X) = figure + type-of (X) = graphic
5. logic_type(X) = abstract +
at_page(X) = first,width(X) € [487..488]
6. logictype(X) = af filiation <
at_page(X) = first,y_pos_centre(X) € [720..745]
7. logictype(X) = caption <
height(X) € [9..75], alignment(Y, X)) = only_middle_col,
logic_type(Y) = figure, type_of(X) = text
8.logic_type(X) = author +
at_page(X) = first,y_pos_centre(X) € [128..158]
9. logictype(X) = references <
height(X) € [332..355], z_pos_centre(X) € [153..435]
10. logic_type(X) = title +
at_page(X) = first, height(X) € [18..53]

i

der to automatically associate information on page order to Iayoui-l' logic_type(X) = biography

blocks.

at_page(X) = first « partof(Y,X),page(Y) = first

at_page(X) = last, height(X) € [65..234]
12. logic_type(X) = caption
height(X) € [9..75], on_top(Y, X), logic_type(Y) = figure,



Hand-coding models for document understanding has been the
usual approach followed in many applications. Since this is a de-
manding task, we explored the possibility of automatically acquir-
ing them by means of machine learning techniques. Models can be
induced from a set of training documents for which the exact cor-
respondence of layout components to logical labels is known a pri-
ori. The main issue in learning models for document understanding
is concept dependence: mutual relations often occur between logi-
cal components and it would be sensible to learn rules that express
such relations. Discovering concept dependencies is not easy so that
in this work we have presented a solution based on a separate-and-
parallel-conquer search strategy. The proposed strategy has been im-
plemented in ATRE, a learning system that induces logical theories
used by the document processing system WISDOM++ when the doc-
ument understanding task is carried out.

The problem of learning multiple dependent concepts is not spe-
cific of the application to document understanding. It occurs every
Clauses are reported in the order in which they are learned. The théime a domain-specific knowledge-base used to solve the more gen-
ory contains some concept dependencies (see clauses 7 and 12)eaal class of scene labeling problems is automatically built from a
well as some kind of recursion (see clause 17). Surprisingly, someet of training examples (labeled scenes). As future work we plan to
expected concept dependencies were not discovered by the systeimestigate the empirical and analytical effects of the computational

type_of(X) = text,toright(Z,Y)
13. logic_type(X) = index_term <+
height(X) € [8..8], y_pos_centre(X) € [263..295]
14. logic_type(X) = caption
alignment(X,Y’) = only_lower_row, height(X) € [9..9]
15. logic_type(X) = caption
on_top(Y, X), logic_type(Y') = figure,
typeof(X) = text,alignment(Y, Z) = only_right_col
16. logic_type(X) = caption
height(X) € [9..75], on_top(X,Y),
logic_type(Y) = figure, type_of(X) = text,
type_of(Y) = graphic
17. logic_type(X) = caption
height(X) € [9..75], alignment(Y, X)) = only_le ft_col,
alignment(Z,Y) = only_left_col, logic_type(Z) = caption,
width(Z) € [467..546]

such as that relating the running head to the page number:

—~~

X) = page_number
X,Y),logic_type(Y) = running_head
X) = page_number
Y, X),logic_type(Y) = running_head

logic_type
to_right
logic_type
to_right

—_— N~

strategy presented in this paper to other labeling problems.
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Improving the Accuracy of C4.5 by Feature
Pre-Selection
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Abstract.

Selecting the right set of features for classification is one of
the most important problems in designing a good classifier.
Decision tree induction algorithms such as C4.5 have incor-
porated in their learning phase an automatic feature selection
strategy while some other statistical classification algorithm
require the feature subset to be selected in a preprocessing
phase. It is well know that correlated and irrelevant features
may degrade the performance of the C4.5 algorithm. In our
study, we evaluated the influence of feature pre-selection on
the prediction accuracy of C4.5 using a real-world data set.
We observed that the accuracy of the C4.5 classifier can be
improved with an appropriate feature pre-selection phase for
the learning algorithm.

1 Introduction

Selecting the right set of features for classification is one of
the most important problems in designing a good classifier.
Very often we don’t know a-priori what the relevant features
are for a particular classification task. One popular approach
to address this issue is to collect as many features as we can
prior to the learning and data modeling phase. However, ir-
relevant or correlated features, if present, may degrade the
performance of the classifier. In addition, large feature spaces
can sometimes result in overly complex classification models
that may not be easy to interpret.

In the emerging area of data mining applications, users of
data mining tools are faced with the problem of data sets
that are comprised of large numbers of features and instances.
Such kinds of data sets are not easy to handle for mining. The
mining process can be made easier to perform by focussing on
a subset of relevant features while ignoring the other ones. In
the feature subset selection problem, a learning algorithm is
faced with the problem of selecting some subset of features
upon which to focus its attention.

In this paper, we present our study on features subset se-
lection and classification with C4.5 algorithm. In Section 2,
we briefly describe the criteria used for feature selection and
the feature selection methods. Although, C4.5 has a feature
selection strategy included in its learning performance it has
been observed that this strategy is not optimal. Correlated
and irrelevant attributes may degrade the performance of the

1 and Applied Computer
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induced classifier. Therefore, we use feature subset selection
prior to the learning phase. The CM algorithm selects features
based upon their rank ordered conteztual merits [4]. The fea-
ture selection strategy used by C4.5 and the CM algorithm
are reviewed in Section 2. For our experiments, we used a real
data set that includes features extracted from x-ray images
which describe defects in a welding seam. It is usually unclear
in these applications what the right features are. Therefore,
most analyses begin with as many features as one can ex-
tract from the images. This process as well as the images are
described in Section 3.

In Section 4, we describe our results. We show that the
prediction accuracy of the C4.5 classifier will improve when
provided with a pre-selected feature subset. The results show
that the feature subsets created by CM algorithm and the
feature subset normally extracted by C4.5 have many features
in common. However, the C4.5 selects some features that are
never selected by the CM algorithm. We hypothesize that
irrelevant features are weeded out by the CM feature selection
algorithm while they get selected by the C4.5 algorithm. A
comparison of the feature ranking done by the CM algorithm
with the ranking of the features done by C4.5 for the first
10 features used by C4.5 shows that there is a big difference.
Finally, our experiments also indicate that model complexity
does not significantly change for the better or worse when
pre-selecting features with CM.

2 Feature Subset Selection Algorithms

According to the quality criteria [8] for feature selection, the
model for feature selection can be distinguished into the fil-
ter model and the wrapper model [1, 7]. The wrapper model
attempts to identify the best feature subset for use with a
particular algorithm, while the filter approach attempts to
assess the merits of features from the data alone. Although
the wrapper model can potentially produce the best result-
ing classifier, it does so by doing an exhaustive search over
the entire feature space. Various search strategies have been
developed in order to reduce the computation time [9] for
wrapper algorithms. The filter approach on the other hand is
a greedy search based approach that is computationally not
as expensive. The feature selection in C4.5 may be viewed as
a filter approach, while the CM algorithm may be viewed as
a wrapper approach.



2.1 Feature Selection done by Decision
Tree Induction

Determining the relative importance of a feature is one of
the basic tasks during decision tree generation. The most of-
ten used criteria for feature selection is information theoretic
based, such as the Shannon entropy measure I for a data
set. If we subdivide a data set using values of an attribute
as separators, we obtain a number of subsets. For each of
these subsets we can compute the information value. If the
the information value of a subset n is i,, then the new infor-
mation value is given by I; = Z Qntn, Where g, is the subset
of data points with attribute value n. I; will be smaller than
I, and the difference (I — I;) is a measure of how well the
attribute has discriminated between different classes. The at-
tribute that maximizes this difference is selected.

The measure can also be viewed as a class separability mea-
sure. The main drawback of the entropy measure is its sensi-
tivity to the number of attributes values [11]. Therefore C4.5
uses the gain ratio. However, this measure suffers the draw-
back that it may choose attributes with very low information
content of the attribute itself [2].

C4.5 [10] uses a univariate feature selection strategy. At
each level of the tree building process only one attribute, the
attribute with the highest values for the selection criteria, is
picked out of the set of all attributes. Afterwards the sample
set is split into sub-sample sets according to the values of this
attribute and the whole procedure is recursively repeated until
only samples from one class are in the remaining sample set
or until the remaining sample set has no discrimination power
anymore and the tree building process stops.

As we can see feature selection is only done at the root node
over the entire decision space. After this level, the sample set
is split into sub-samples and only the most important feature
in the remaining sub-sample set is selected. Geometrically it
means, the search for good features is only done in orthogonal
decision subspaces ,which might not represent the real distrib-
utions, beginning after the root node. Thus, unlike statistical
feature search strategies [3] this approach is not driven by the
evaluation measure for the combinatorial feature subset; it is
only driven by the best single feature. This might not lead to
an optimal feature subset in terms of classification accuracy.

Decision trees users and researchers have recognized the
impact of applying a full set of features to a decision tree
building process versus applying only a judiciously chosen
subset. It is often the case that the latter produces decision
trees with lower classification errors, particularly when the
subset has been chosen by a domain expert. Our experiments
were intended to evaluate the effect of using multivariate fea-
ture selection methods as pre-selection steps to a decision tree
building process.

2.2 Contextual Merit Algorithm

For our experiment, we used the contextual merit (CM) al-
gorithm [4]. This algorithm employs a merit function based
upon weighted distances between examples which takes into
account complete feature correlations to the instance class.
The motivation underlying this approach was to weight fea-
tures based upon how well they discriminate instances that
are close to each other in the Euclidean space and yet belong

to different classes. By focusing upon these nearest instances,
the context of other attributes is automatically taken into
account.

To compute contextual merit, the distance d¥, between val-
ues 2k and zs taken by feature k for examples r and s is used
as a basis. For symbolic features, the inter-example distance
is 0 if zxr = zks, and 1 otherwise. For numerical features,

the inter-example distance is min ( ,1), where t; is a

Zkr—Zks
tr
threshold for feature k (usually 1/2 of the magnitude of range

of the feature). The total distance between examples 7 and s
is Dys = ZkN:f 1 d¥,, and the contextual merit for a feature
fis My = Eivzl wasd,fs, where N is the total number of
examples, C, is the set of examples not in the same class
as examples r, and wf, is a weight function chosen so that
examples that are close together are given greater influence
in determining each features merit. In practice, it has been
observed that D% if s is one of k nearest neighbors to r,
and 0 otherwise,Tf)rovides robust behavior as a weight func-
tion. Additionally, using In #C(r) as the value for k has also
exhibited robust behavior. This approach to computing and
ordering features by their merits has been observed to be very
robust, across a wide range of examples.

3 Ouwur Data Set

A detailed description of the data set can be found in [6]. Here
we try to briefly sketch out how the data set was created and
what kind of features were used.

The subject of this investigation is the in-service inspection
of welds in pipes of austenitic steel. The flaws to be looked for
in the austenitic welds are longitudinal cracks due to inter-
granular stress corrosion cracking starting from the inner side
of the tube.

The radio-graphs are digitized with a spatial resolution of
70 mm and a gray level resolution of 16 bit per pixel. After-
wards they are stored and decomposed into various Regions
of Interest (ROI) of 50 x 50 pixel size. The essential informa-
tion in the ROIs is described by a set of features which are
calculated from various image-processing methods.

Images of flaws in welds are radio-graphed by local grey
level discontinuities. Subsequently, the morphological edge
finding operator, the derivative of Gaussian operator and the
Gaussian weighted image moment vector operators are used
for feature extraction.

The morphological edge detection operator consists of a
combination of morphological operators (i.e. dilation and ero-
sion) which move the gray value edges in an image in different
directions. The difference in images dilation(g(p)) — g(p) and
g(p) —erosion(g(p)) result in respectively shifted edge-images
(where g(p) is the original image). After a final minimum op-
eration on both images, the steepest edges remain in the re-
sulting image as a maximum.

The derivative of Gaussian filter is based on a combination
of a Gaussian smoothing followed by a partial derivation of
the image in the — and y— directions. The result of the filter
is chosen as the maximum of the derivatives.

Another filter is designed specially for flaw detection in
radio-graphs of welds. This method uses the vector represen-
tation of the image and calculates the image moment in an
analogous fashion to the model known from mechanics.



A one-dimensional FFT-filter for crack detection problem is
also employed. This filter is based on the assumption that the
preferential direction of the crack is positioned in the image
in the horizontal direction. The second assumption is based
upon the empirical observation that the half power width of
a crack indication is smaller than 300mm. The filter consists
of a column wise FFT high-pass Bessel operation that works
with a cutoff frequency of 2L P/mm. Normally the half-power
width of under-cuts is greater so that this filter suppresses
them. This means that it is possible to distinguish between
under-cuts and cracks with this FFT-filter. A row-oriented
low-pass that is applied to the output of this filter helps to
eliminate noise and to point out the cracks more clearly.

Furthermore, a Wavelet filter is also used. The scale rep-
resentation of the image after the Wavelet transform makes
it possible to suppress the noise in the image with a sim-
ple threshold operation without losing significant parts of the
content of the image. The noise in the image is an interfer-
ence of film and scanner noise and irregularities caused by the
material of the weld.

The features which describe the content of the ROI are
extracted from profile plots which run through the ROI per-
pendicular to the weld. In a single profile plot, the position
of a local minimum is detected which is surrounded by two
maxima that are as large as possible. This definition varies a
little depending on the respective image processing routine. A
template which is adapted to the current profile of the signal
allows us to calculate various features. Additionally, the half-
power width and the respective gradients between the local
extrema are calculated. To avoid statistical calculation errors,
the calculation of the template features is averaged over all of
the columns along an ROL

The methods outlined here lead to 36 parameters being
collected for every ROI. The data set used in this experiment
contains features for ROIs from background, crack and un-
dercut regions. The data set consists of altogether 1924 ROIs
with 1024 extracted from regions of no disturbance, 465 from
regions with cracks and 435 from regions with under-cuts.

4 Results

Table 1 illustrates the error rate for the C4.5 classifier when
using all features as well as error rates for different feature
subsets. The error rate was estimated using cross-validation.
The improvement in accuracy is two percent for the pruned
case. To interpret this improvement, we use a classification
analysis conducted earlier [5], where performance actually
peaked and then deteriorated as the number of features was
increased. We observe similar behavior in our experiments.
Classification error is at its minimum when the feature sub-
set size is 20. This is in contrast to the feature subset size of
28 that C4.5 selects when presented with the entire feature
set, with no pre-selection.

It may be argued that it is not worth doing feature subset
selection before tree induction since the improvement in pre-
diction accuracy is not so dramatic. However, the importance
of an improvement, however small, clearly depends on the re-
quirements of the application for which the classifier is being
trained. We further observed (Table 4) that about 67% of the
total features are used similarly by CM and C4.5, while about
33% of the features are exclusively selected by CM, and 16%

Parameters Test=Design Crossvalidation

Unpruned | Pruned | Unpruned | Pruned

All 0.9356 1.6112 24.961 24.545

10 1.5073 3.7942 29.4332 | 28.7051

15 1.4033 3.0146 26.365 | 26.4171

20 1.5073 2.5988 23.7649 | 22.7769

24 0.9356 1.7152 24.493 | 23.5049

28 0.9875 1.7152 25.117 24.077
Table 1. Error Rate for Different Feature Subsets

are exclusively selected by C4.5.

Bra Raefo DOfferetN umber o
Feaures

Error Rate
NN R
>

0 b5 0 24 B8
Number o Feaiure s

Table 2. Error Rates for Different Sizes Feature Sets

Table 3 shows that the tree does not necessarily become
more compact even if a reduced set of features is used. The
tree actually becomes even larger in the case with the best
error rate. We therefore cannot draw any useful conclusion
about feature set size and its relation to model complexity.

Number of Features 10 15 20 24 28 37

Nodes 236 | 204 | 178 | 166 | 164 | 161

Edges 237 [ 206 | 176 | 137 | 161 | 159
Table 3. Number of Nodes and Edges

We also observe (Table 4) that in comparing the two trees
generated by C4.5 with and without CM’s pre-selection, the
feature used for splitting at the root node changes.

5 Conclusion

We have studied the influence of feature subset selection based
on a filter and wrapper approach to the performance of C4.5.
Our experiment was motivated by the fact that C4.5 uses a
non-optimal feature search strategy. We used the CM algo-
rithm for feature subset selection which measures importance
of a feature based on a contextual merit function. Our results
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show that feature subset selection can help to improve the
prediction accuracy of the induced classifier. However, it may
not lead to more compact trees and the prediction accuracy
may not increase dramatically.

The main advantage may be that fewer features required for
classification can be important for applications such as image
interpretation where computational costs for extracting the
features may be high and require special purpose hardware.
For such domains, feature pre-selection to prune down the
feature set size may be a beneficial analysis phase.
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