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Abstract

A new approach is presented to the invariant recognition
of objects under dynamic perceptual conditions. In this
approach, images of a sequence are used to adapt object
descriptions to perceived on-line variabilities of object
characteristics. This adaptation is made possible by the
close-loop integration of recognition processes of
computer vision together with an incremenial machine
learning processes. Experiments presented in this paper
were run for the texture recognition problem and were
limited to a partially-supervised evolution of concept
descriptions (models) rather than utilizing a fully
autonomous model evolution. Obtained results are
evaluated using the criteria of system recognition
effectiveness and recognition stability.

1: Introduction

In the area of object recognition in outdoor environments,
most vision research has focused on recognizing objects
through textures under stationary conditions, i.e., for
stable lighting conditions, resolution and surface
positioning {11]. Relatively little has been done on the
problem of recognizing textures under dynamic conditions.
The problem of recognizing textures under dynamic
conditions occurs in most situations and is therefore of
significant practical importance. For example, when an
autonomous system is moving through an environment,
the vision system has to adapt to changes in perceptual
conditions. This adaptation to variable perceptual
conditions must be applied to recognize objects on images
acquired over time. In order to recognize an object on
images of a sequence, the system has to iteratively update
its texture descriptions (models) with regard to changes in
object characteristics previously perceived.

Circumstances that cause external conditions o vary can
be divided into the following two groups: (1) projection
variability (e.g., changing resolution, different surface

orientation) and (2) the influence of natural agents (e.g.,
changing ilumination). Changing resolution causes both
the repetition rate of texture patterns and the pattern
characteristics to vary. The variability of texture features
obtained for different resolutions is significant [10,12].
Changing surface orientation influences the projection of
3-D microstructure of a surface onto a 2-D image.
Changing lighting is caused by the dynamics of the light
source (e.g., intensity, light spectrum), its position in
relation to an object’s surface, and irregularities such as
shadows or highlights,

We propose a novel approach to the object recognition
problem that deals with the dynamics of conditions under
which objects are perceived. The proposed approach
integrates learning and recognition processes within a
closed loop to update object models. Analysis of system
recognition effectiveness, performed over a sequence of
images, detects changes in object characteristics. If this
effectiveness decreases then the system activates
incremental learning processes of model evolution {0
improve the model discriminating power, The system
learns initial texture descriptions from teacher-provided
examples. Then, the system updates these descriptions
automatically [6].

Related research work has been reported by Goldfarb [3]-
Just as model evolution integrates multi-disciplinary
resecarch, Goldfarb introduces "Pattern Learning” to
integrate symbol formation and recognition processes with
Artificial Intelligence symbol manipulation processes.
Goldfarb proposes a neural net approach for recognition
and evolution of structural patterns. Since no experiments
with real objects are presented, the dynamic performance
of his system is still questionable.

2: System Architecture

The architecture of an adaptive texture recognition system
is presented in Figure 1 integrates computer vision



module (CV) with concept acquisition and cvolution
module (CA&E).
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Fig.1 System architecture

The input to the vision system is a sequence of images
P(1) obtaincd over time. These images represent
differences in perceptual conditions. An incoming image
is processed to extract texture attributes, Texture concept
descriptions (modcls) are then applied 10 recognize
extracted vectors of attributes. Segmentation processes
unify homogencous texture arcas of the same class. Scene
understanding, formulates a scene description and also
evaluates recognition and segmentation processes using
both the preceding and current scene descriptions.

In the initial training phase, a teacher has to interactively
extract texture samples from the first image of a sequence.
These samples (attribute vectors) are then provided 1o the
CA&E system along with texture class labels to learn
texture descriptions. Next, the CV system applies texture
descriptions to recognize and segment textures on the next
images of a sequence. The scene understanding module
analyzes segmented texture areas along with system
recognition effectiveness and compares them with the
resulits obtained on the preceding image(s). At the same
time, selected texture samples are provided to the CA&E
system. The CA&E system monitors the recognition
effectiveness of the CV system (i.e., the discriminatory
power of texture concept descriptions). The decrease in
texture recognition effectiveness carries information about
changes in the external perceptual conditions and is used
to activate the concept evolution processes.
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3. Herative Evolution of Texture Models

The close-loop cooperation between CV and CA&E
systems supports the flow of informauon necessary for
the evolution of texture descriptions (models) over time,
This evolution is by learning from the environment and it
is performed in an incremental mode through the
forthcoming images of a sequence. This requires the
autonomous coexistence, indeed cooperation, of the
recognition and leaming parts of an integrated system.
This integrated system can be implementsd within a one-
level or multi-level! control structure.

For the one-level control structure, an evolution cycle is
represented by a single loop integrating the CV system
with the CA&E system. This supports system adaptation
to a sequence of images. For the two-level control
structure (Figure 2), this single loop is decomposed into
an additional internal loop of local evolution, This
supports system adaptation to both a sequence of images
and each single image of a sequence.
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Fig.2 Two-loop evolution cycl

3.1: Initial Training

The goal of the initial training is 10 teach the system to
recognize the most important texture classes typical for a
given application domain. The training process is
performed on the first image of a sequence (the starting
position of a robot vehicle). The extraction of initial
training data is done by a teacher selecting image areas of
texture classes. These areas are then searched randomly to
extract a given number of training examples.

The training examples are provided to the CA&E system.
The AQ14 leaming program is then applied to acquire
initial concept descriptions. The AQ algorithm constructs



-———-————————-«'

discriminant concept description in a top-down [ashion
{5]. The system learns classification rules from
preclassificd sets of examples (events). Examples are
observations from the problem domain, where each
example is a list of attribute-value pairs. The set of
examples of a given class for which the algorithm is
learning rules is called the positive examples. Other
classes are characterized by negative examples. AQ begins
with the most general description (the empty, all inclusive
conjunctive concept) and specializes the concept
description by adding one or more particular generalized
conditions from the seed (a selected positive example)
through the process known as extead against. The
specialized concept description covers fewer negative
examples than the more general concept. When the
concept is consistent (covers no negative events), it is
saved in the current concept set by disjoining it with the
previous disjuncts, Next, a new seed is selected and the
process continues until all positive examples are covered.

In case of linear attributes, extent against returns a range
of values that include the value for the seed and
immediatcly adjacent values not including the negative
event's value. The results of extending the seed against
each negative event are then combined by intersecting the
values for each of the previous tests for each attribute.
The system then selects these combined values (o get a
disjunct that covers the seed, but none of the negative
events. The following is an exampie of a AQ disjunct
(cquality is used as a relational symbol):
[x1=1.3][x2=1){x4=0]}{x6=1..7}[x8=1].

3.2: Texture Recognition ‘

The goal of the recognition process performed by the
exiemal control loop is (i) to assign class membership to
all texture events of a given image, and (ii) to monitor
system recognition effectiveness over a sequence of
images. The recognition process performed by the CV
system, incorporates concept descriptions D{1-AT)
previously learned to assign class membership to each
iexture event and to indicate the confidence level of this
decision. Next, segmentation processes unify spatially
distributed classification decisions into homogeneous areas
of sexture classes.

The recognition goal for the internal control loop is (i) to
provide guidance for learning processes, and (ii) to verify
the effectiveness of the evolution processes and the
accuracy of concept descriptions. The internal evolution
loop is run through the ordered subgroups of texture
events. These subgroups are obtained by dividing the set
of events of texture samples. The recognition process is
performed in the same way as for the external loop where

the most recent concept descripuons D(U-At) are applied.
The At represents the time interval between the current and
previous subgroup of texture events. The AT, however,
represents the time interval of image acquisition between
images P{t) and P(l-AT), where AT = X At for the
number of iterations of the internal evolution loop. The
recognition processes of the internal evolution loop are
applied on given consecutive subgroups of texture events.
The recognition result is a set of texture events associated
with recognition decisions and confidence levels.

3.3: Incremental Learning

Since the integrated system has to adapt over time, it has
1o modify its models dynamically according to new
training data.  This model modification must be
supported by the model acquisition technique working ina
dynamic fashion, for example, by the incremental leaming
methodology. The incremental leaming methodology has
already been implemented within the AQ family of
learning programs {5,8]. It has been proven that
incremental learning increases the speed of learning
processes. Unfortunately, it can give slightly more
complex models and somewhat worse recognition
effectivencss [1,8].

Our approach to the cvolution of texture descriptions
incorporates incremental learning by sclecting  new
training examples, and providing them to the system to
use in modifying previously learned concept descriptions
D(t-At). Incremental leaming is performed for each texture
class that has o be modificd. New training data for
learning a single class is both a set of positive examples
representing new events typical for a given class, and a set
of negative examples representing new events typical for
other classes. Previously modified concept descriptions
are provided to the learning system, as well. Thus, the
incremental learning modifies old descriptions using the
changed texture characteristics contained in the new
training data.

3.4: Partial Supervision of Evolution
Processes

In the first experiments with the presented method of
adaptive object recognition under variable perceptual
conditions (in dynamic environments), we simplified the
developed model evolution approach to a “partially-
supervised” evolution of object models. The experimental
system included the following technical restrictions: (i)
texture segmentation was performed by a teacher through
the sequence of images, and (ii) learning processes were
initiated every time any texture event was not recognized
correctly.
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The first Limitation, scgmentation of texture images by a
teacher, was appiied to (i) secure perfect separation of
different texture areas, and (ii) provide the same number of
texture events for their recognition and the selection of
new training data protecting the logical soundness of
system behavior [9]. These assumptions allow us to
focus on the behavioral analysis of evolution
characteristics, where other effects influencing this
analysis are eliminated. Texture segmentation and the
selection of texture events for the evolution experiments
were performed through a dialog with a teacher. For each
image of a sequence, a teacher drew texture areas
corresponding to texture classes. Then, the interface
system selected randomly 200 texture events for each
class, and for each image of a sequence.

The second limitation, the initiation of learning processes
by any data that was not recognized, simplified the
complexity of control mechanisms that trigger
incremental leaming processes. The execution of
evolution processes is based on the generation of an
evolution strategy composed of a sequence of evolution
actions, We implemented the simplest evolution strategy
where the initiation of leaming processes was triggered by
the existence of any incorrectly recognized data. The
simplest cvolution action, evolution through

Fig.3 The first and fifth image of a sequence used in experiments, and
distribution variability of example texture attribute

generalization, was chosen for prescnicd cxperiments,
where the system extends by generalization the exisung
concept descriptions over new positive training examples.

4: Experimental Data

A sequence of five images (Figure 3) was acquired, where
the images of a sequence were affected both by variable
resolution and variable illumination. Each image was
composed of six texture areas (sweaters). The distance
between the textured objects and the camera was decreased
by haif during the experiment. Additonally, the light
source was moved along with the camera.

Each image of a sequence was processed 1o extract lexture
attributes characterizing texture classes. We modified
Laws' [4] well known method of a two step extraction of
{exture altributes. In the first step, the local micro-
characteristics of raw texture data is computed. In the
second step, the local macro-siatistics are computed to
derive statistical measures of the image. Methods based
on a similar approach were widely applied to texture
feature extraction, and they provided quite good
discriminating power [2].
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The modificauon of the Laws' method of texture feature
extraction included: (i) the cxtension of the number of
filtering masks (i.e., R5RS, ESLS, E5S5, and L5SS) by
additional four masks (i.e., ESLS, E5S5, L5SS and
§3§3), and (11) the redesigning of a window used to
compute local macro-statistics from the filtered image
from a square 10 a circular of radius R=7.5.

Acquired texture features were grouped for each pixel of an
input image into a vector of attributes. A single attribute
was then quantized onto 57 levels to provide compatible
input of training data for the AQI14 learning program.,
The complexity of attribute distribution is presented
graphically (Figure 3) on the example of texture class E,
attribute LSES, and through five images of a sequence.
The distribution of the chosen attribute is not normal for
any image of a sequence. The distribution changes both
its patiern and the translational position within the
attribute space. These effects cause a degradation of
recognition effectiveness when lexture descriptions
acquired from the data of one image are applied to
recognize textures on another image. This is why we are
adapting the vision sysitem to a dynamic environment
using the leaming-based evolution of concept descriptions.

5: Testing Data and Methodology

To obtain an objective analysis of system performance,
evolution effectiveness was measured on different sets of
data than data used for system cvolution. Testing data
used to measure system performance was obtained from
different sections of an image before experiments were ran.
A single dataset of testing data contained 200 testing
cvents characteristic for a single texture class.
Considering a sequence of five images, the total number
of lesting datasets was equal to 30 datasets (each of 200
testing events), and these datasets were grouped into 5
files corresponding to the five images of the sequence.

The testing phase was applied each time after any
evolution loop (i.e., external or internal loop). During
the testing phase, currently available models were applied
10 recognize test datasets grouped into five testing files
corresponding to five images of a sequence. Thus,
recognition characteristics of model evolution were created
by collecting the results from each testing phase and each
iteration of model evolution. The created characteristics
show the recognition effectiveness of evolved models
when these models are applied over and over again to the
same data during consecutive testing phases.

The evaluation of system performance on a single image
was based on the following three fold criteria: (1) overail
sysiem recognition effectiveness expressed by the average
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recogmiion rate, (2) stability of the recognition decision
measurcd by the standard deviation, and {3) capability of
recognizing all texture classes monitored by the minimum
recognition rate.

6: Experimental Results

This section presents experimental results from the
evolution of texture descriptions incorporating an
incremental learning-based “partially supervised” evolution
approach.

6.1: Results for One-Loop Evolution

The recognition characteristics obtained for the one-loop
evolution approach are presented in the first row of Figure
4. Each diagram contains recognition characteristics for
testing datasets of five images and through five iteration
steps. A gsingle curve monitors the recognition
performance of evolved texture descriptions on a given
image over consecutive evolution iterations.

Let us consider the recognition effcctiveness, for example,
of models initially acquired from the first image of a
scquence. Once acquired models are then evolved over the
next images of the sequence; i.e., by the sccond, third,
fourth and fifth image. Every time the modecls are
updated, the system measures their recognition
periormance on the same testing imagc; i.c., in our
example on the first image. Completed characteristics
show the recognition performance of cvolved models
respective to the first image only; i.c., wc can analyze
recognition stability of the system. On the other hand,
modeis evolved by preceding images of a sequence can be
tested on a particular image that follows these images.
For example, models evolved by the first, second, third,
and fourth image of a sequence can be applied to the fifth
image after each evolution iteration. This means that we
measure system recognition performance on a future
image of the sequence.

A lack of stability of recognition characteristics is seen
particularly for the first and last image of a sequence.,
Two negative evolution effects are observed; i.e., lack-of-
support and lack-of-progress.

The first negative effect, so called lack-of-support, relates
10 the decrease in the recognition effectiveness for a given
image when the evolution of modcls is continued through
the next images. We expect that acquired object models
will have similar recognition effectiveness despite the fact
that they are evolved over other images characierizing
object occurmrences.
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F-“:g.4 Evotuuon results for one-loop architecture (the 1st row) and two-loop architecture (the 2nd row)

The first negative effect, so called lack-of-support, rclates
1o the decrease in the recognition effectiveness for a given
image when the evolution of models is continued through
the next images. We expect that acquired object models
will have similar recognition effectiveness despite the fact
that they are evolved over other images characterizing
object occurrences.

The lack-of-support is seen for the 1Ist image
characteristics. It is itlustrated bedter in the left column of
Figure 5 presenting selected individual recognition
characteristics of three classes which influence the
instability of system recognition. Figure 5 illustrates the
deteriorating recognition effectiveness of initially acquired
descriptions of classes C, D and F when these descriptions
are evolved over the next images. As mentioned before,
we would like to have models that adapt once to a given
image and then do not loose their discriminating power
during evolution over subsequent images. If models are
sensitive to evolution iterations then a large number of
such iterations can weaken their discriminating power.
This could make the system unable to recognize the
concept variation that it leamned previously.

We find that lack-of-support for recognition effectivencss
is caused by noise accumulation over the scquence of
images. The selection of new training data does not
perceive and exclude noisy examples from being provided
to the leaming module. This selection of new training
data was performed by the simplest method possible and
was simply the extraction of all texture events that were
not recognized. In this way, new training datasets of
selected texture events are characterized by lower Signal-
to-Noise Ratio (i.e., they are more noisy) than datasets
provided to the recognition phase. More careful selection
of new training data is recommended.

The second negative effect, so called lack-of-progress,
relates to the unexpected drop of the recognition
effectiveness after the model adaptation is performed 10 a
given image. In this case, we expect that the recognition
effectiveness will be higher (or at least on the same level)
for the current image rather than for the directly preceding
one.
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The lack-of-progress is seen for the Sth image. It is
illustrated better in the left column of Figure 6 presenting
selected individual recognition charactenistics of classes A,
B and E. In this case, evolved models were applied over
and over again 1o recognize textures on the last image of
the sequence; i.e., on the 5th image. It is seen that the
predictive power of the description of class A was very
high from the first to the fourth iteration. Because of this
high prediction accuracy, class A was not evolved over
preceding iterations (i.e., over the first, second, third and
fourth images) and thus the model of class A did not
compete with other models. Finally, it was not evolved
over the fifth iteration (i.c., over the fifth image of a
sequence) due to the set of new training data being empty
for class A — class A was recognized perfectly by models
after the fourth evolution iteration. Simultaneously,
descriptions of classes B and E were aggressively evolved
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duning the last itcration, croding the descrnipton of class
A. Classes B and E were recognized at a much lower
recogniuon level in the preceding itcrations, causing the
new training datasets for these classes w0 consist of data
that significantly moved concept descriptions through the
atunbute space.

Two solutions 1o the ¢limination of this negative effect
(i.e., lack-of-progress) were proposed; ie., (i) the
development of a two-level contro! system that evolves
models through split training datasets (see next section),
and (ii) the design of a new evolution-oriented leamning
kernel that allows for continuous evolution of modetl
descriptions.

6.2: Results for Two-Loop Evolution

The recognition characteristics obtained for the two-loop
evolution of texture concepts are presented in the second
row of Figure 4. Each line represenung the recognition of
an image has two types of measurement points; ie.,
points corresponding to the external evolution loop
(integer iteration values), and points corresponding to the
activated internal evolution loop (fractional iteration
values), There were five iterations of the external
evolution loop. For each extcrmal loop there were three
itcrations of the internal evolution loop.

The two-loop evolution of texture models has smoother
recognition curves than the one-loop evolution. This
demonstralcs that two-loop cvolution improves the
general stability of the system. It is scen that the two-
loop evolution of texture models reduces the two negative
effects, lack-of-support and lack-of-progress., that cause
recognition instability when one-loop evolution is
applied.

Figure S5 shows a slight improvement in the support
(decrease in lack-of-support) of chosen concept
descriptions when evolved through other images. The
lack-of-support, however, was not eliminated completely.
Further reduction is expected by filtering new training
dauasets to reduce the influence of noise on the evolved
models.

On the other hand, Figure 6 presenis a significant
reduction of the lack-of-progress when two-loop evolution
approach is applied. The model evolution through the
internal loop even recovered the recognition effectiveness
for the description of class A. This recognition
effectiveness did not drop to a dangerously low level
(indicating that class A was not recognized at ail.) The
recognition effectiveness for other classes (i.e., class B and
class E) was stabilized as well.




7: Conclusions

This paper presented a new approach to the object
recognition under variable perceptual conditions, where
objects have variable characteristics. The proposed
approach to invariant object recognition has been
illustrated through the evolution of texture descriptions.
The approach iniegrates computer vision with machine
learning and assumes that (i) the system has to recognize
objects on each image of a sequence, (ii) the images
demonstrate the variability of conditions under which
objects are perceived, (iii) an observer and objects can
move, (iv) the extraction of texture attributes and training
examples can be imperfect, and (v} the system has to work
autonomously or semi-autonomously.

We utilized images of a sequence to adapt system models
to perceived variabilities of texture characteristics. The
experiments presented in this paper were run in a
“partially-supervised” mode as opposed to a fully
autonomous model evolution. The experiments were
compared based on the following two approaches: (i) a
one-loop evolution, and (ii) a two-loop evolution of
object models,

Future experiments involve further modifications of the
system architecture. These modifications include:
elimination of partial supervision through the
development of a scene understanding module for
automatic sclection of texture samples, filtering of new
training data, and precise guidance of the evolution of
concept descriptions. :
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