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Abstract

Spectrally heterogeneous land-use categories cannot be ade-
quately classified from high resolution satellite data, using
conventional multispectral classification techniques. In this
study, built-up land is extracted based on the spectral and
the spatial properties of the segments in a spectrally classi-
fied satellite image. Object structures and classification rules
have been implemented in an expert system shell — Nexpert
Object. The approach has been tested using SPOT multispec-
tral data covering an area south of Stockholm, Sweden. The
classification accuracy for built-up land improved signifi-
cantly after the application of a few relatively simple rules,
based on segment size and on relations between segments.
The object oriented implementation in Nexpert Object is
flexible but slow, and performance problems were encoun-
tered due to the large number of objects being processed.

Introduction

Land use is one of the basic data layers in geographic infor-
mation systems (GIS) for physical planning and environmen-
tal modeling. High resolution satellite data are often
mentioned as an important source of input, e.g., to update
existing digital land-use maps. Traditional multispectral im-
age classification techniques are, however, insufficient for
extraction of complex and spectrally heterogeneous land-use
categories, such as built-up land, from high resolution satel-
lite data [e.g., Baker et al., 1991; Sadler, 1991],

Spatial information can be incorporated to improve the
classification accuracy for spectrally heterogeneous cate-
gories [e.g., Gonzalez and Wintz, 1987; Lillesand and Kiefer,
1987]. One way to introduce spatial information is by seg-
menting an image and computing spatial attributes for each
segment. Typical attributes may be area, length of perimeter,
compactness (area/perimeter?), degree and type of texture, or
minimum bounding rectangle [Patterson, 1990; Gonzalez and
Wintz, 1987]. This method of describing the spatial proper-
ties of image objects was originally developed within the
field of computer vision [e.g., Gonzalez and Wintz, 1987],
where it has been used as a component in knowledge-based
image analysis systems, i.e., systems developed to identify
and describe objects and object relationships in images [Pat-
terson, 1990].

Within the field of remote sensing, knowledge-based im-
age analysis has mainly been applied to the analysis of aerial
images. The work most often cited in this context is by Na-
gao and Matsuyama [1980]. Nagao and Matsuyama developed
an expert system for classification of multispectral aerial im-
ages, based on characteristic regions. The regions were de-
fined by their spectral and spatial features. Production rules
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were used to implement the classifier. Another example of
rule-based land-use classification of an aerial photograph,
based on the spectral and spatial features of image segments,
is presented by Mehldau and Schowengerdt [1990]. In addi-
tion to using some of the spatial descriptors listed above,
Mehldau and Schowengerdt incorporated image context in
the rule-based classification. The properties of neighboring
segments were evaluated and used to increase or decrease
the confidence values of the classified segments. Mehldau
and Schowengerdt comment that this was the potentially
most powerful phase of the classification process.

Goodenough et al. [1987] used a knowledge-based ap-
proach, incorporating spatial segment features, to map-image
congruency evaluation, using Landsat T™ data. Civco (1989)
developed an expert system for land-use and land-cover
mapping, based on Landsat T™ data and an existing land-
use/land-cover map. Civco uses an existing land-use map to
delineate image regions with the same land use/land cover.
He assumes that these regions are spectrally homogeneous
and extracts a number of spectral and spatial attributes for
each region. The regions and their attributes are input to a
rule-based expert system developed in the EXSYS expert sys-
tem shell. Civco achieves a classification accuracy of 100
percent, partly because he develops case-specific rules to
correct the misclassifications that occur with the original set
of rules. The segmentation methodology also had an influ-
ence on the accuracy.,

Argialas and Harlow [1990] give an extensive overview
over various approaches to image classification and image
understanding within remote sensing. Their article also con-
tains a review of knowledge-based image analysis systems
developed for remote sensing,

Aim of study

The aim of this study has been to implement and apply a
knowledge-based approach to classification of built-up land
from multispectral SPOT data. Previous work, as described
above, has served as a source of ideas and inspiration. This
study differs from the ones described above in that it ad-
dresses the specific problem of extraction of a spectrally het-
erogeneous land-use category from SPOT XS satellite data. The
study is based on the assumption that built-up land, being a
complex and spectrally heterogeneous land-use category, can
be described, not by its typical overall spectral response, but
by its composition of small segments corresponding to a
number of different land-cover classes. The study also ad-
dresses the advantages and problems related to the imple-
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mentation of data structures and classification rules in an
object-oriented, rule-based expert system shell — Nexpert
Object [Neuron Data, 1990].

Test Area and Data

The test area is located approximately 20 km southwest of
Stockholm, Sweden (Figure 1). It is an area of 10 by 10 km?
found on the 1:50.000-scale topographic map sheet Stock-
holm 10 I SV. The area corresponds to a 512- by 512-pixel
SPOT multispectral image. The SPOT scene was registered on
8 May 1986 (K/J 061-229 860508). The image has been radi-
ometrically and geometrically corrected (to the Swedish Na-
tional Grid).

The test area is close to the city of Stockholm and is,
therefore, subject to intensive development. Approximately
25 percent of the area is built-up land, most of it residential.
Two major types can be distinguished — areas with apart-
ment buildings and areas with single family houses. There
are also some industrial areas. The relief within the test area
is less than 100 m. The vegetation was not yet fully devel-
oped at the time of the satellite data registration .

The data set also includes a digital land-use map and an
orthophoto, both used for comparison and evaluation of the
classification accuracy. The land-use map was created
around 1975 by aerial photointerpretation (infrared photo-
graphs). The digitized map sheet is stored in raster format.
The exact method and accuracy of the digitizing procedure is
not known. The map contains 63 land-use categories and the
original pixel size is 50 by 10 m. The orthophoto (scale
1:50,000) is from early May 1986, i.e., it was registered ap-
proximately at the same time as the satellite scene.

The study has been carried out at the Department of
Photogrammetry, KTH, Stockholm, on a UNIX based HP
Apollo workstation with 8 Mbyte of random access memory.

Methods

The classification procedure involves spectral classification,
determination of size and neighbor relations for the segments
in the spectrally classified image, and rule-based classifica-
tion of the image segments into land-use categories (Figure
2). In the rule-based classification phase, the image segments
are treated as objects with a set of properties. Thus, the pro-
cedure also involves a conversion from raster format to a list
of objects and vice versa. The rule based classifier has been
implemented in the Nexpert Object expert system shell, as
well as in a conventional programming language. The per-
formance of the two implementations were compared by
measuring the processing time for sub-images over the test
area, Accuracy evaluation was carried out using the existing
land-use map as “ground truth.” The effect of the classifica-
tion rules was estimated by comparing the classification ac-
curacy in the final map with the classification accuracy of
the spectrally classified image.

Spectral Classification and Computation of Spatial Segment Descriptors
The initial spectral classification of the image was performed
by a conventional maximum-likelihood classification, using
the red and infrared bands of the SPOT image (bands 2 and
3). The classification was guided by the existing land-use
map, i.e., the existing map was used as a basis for a semi-
automatic selection of training data. For further details on
the methodology for training area selection and image classi-
fication see Johnsson [1990]. Due to software limitations,
only two image bands could be used. It was shown that band
1 could be excluded without serious loss of information
[Johnsson, 1991] and other authors have described a high
correlation between band 1 and band 2 [e.g., Sadler, 1991].
The spectral classification resulted in an image with eight
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Figure 1. The test area is located approximately 20 km
southwest of Stockholm, Sweden.
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Figure 2. Segment-based
classification of spectrally
heterogeneous land-use cat-
egories.

spectral classes, labeled water, coniferous forest, deciduous
(and mixed) forest, grass (and other herbaceous plants), bare
soil, urban 1, urban 2, and urban 3 (Figure 3).

Size, perimeter, and a list of neighbors were computed
for each segment, using programs implemented in C and Pas-
cal [Huang, 1991; Johnsson and Kanonier, 1991]. These spa-
tial parameters, along with the spectral class and a unique
identity number for each segment, were stored in tables. The
tables were implemented as ASClI files. One set of tables con-
tains the spectral class, size, and perimeter of each segment
and another set of tables describes the relations between
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Figure 3. Spectral classes after a supervised maxi-
mum-likelihood classification based on the red
and the infrared band of the spor satellite data.

water

coniferous forest

deciduous forest

vegetation

. spectral classes
bare soil
urban 1
urban 2

urban 3

Figure 4. The class structure rep-
resenting spectral classes.

agricultural land central urban apartment
buildings

built-up land residential o
single family

forest industrial etc houses

water

. land use categories

wetland
other land

Figure 5. The class structure representing land-use cate-
gories.

neighboring segments, Thus, the available spectral and spa-
tial information for the segments has been collected in tables
on which a rule-based classifier can operate.

Classification of Image Segments in the Nexpert Object Expert System
Shell

Nexpert Object is a hybrid expert system shell, which sup-
ports an object-oriented (semantic net) representation dimen-
sion, as well as a rule-based reasoning dimension [Neuron
Data, 1990]. Mechanisms for inheritance between classes and
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objects are supplied. Procedures may be incorporated in the
objects through so called meta-slots, attached to the object
properties. The inference engine is agenda based. Dynamic
objects can be created at runtime, e.g., by a rule, and they are
deleted from the knowledge base at the end of a session. The
rules in Nexpert Object are symmetric, i.e., they can be eval-
uated in both the forward and backward direction. Backward
chaining of rules by default has the highest priority in the
agenda. The rules work on the objects, or, in the case of gen-
eralized rules, on the classes. (For further details of knowl-
edge representation in expert systems, see, for example,
Harmon and King (1985), Genesereth and Nilsson (1988), or
Winston (1984).)

In this study, the following features of the Nexpert Ob-
ject Expert system shell were used:

® The object oriented data representation scheme, to represent
the original spectral classes (Figure 4) and the hierarchy of
land-use categories (Figure 5).

e The dynamic objects concept, to represent the actual image
segments and their properties (Figure 6), as extracted from
the Asci tables. Dynamic objects were also used to represent
relations between neighboring segments (Figure 7).

e The ability to link dynamic objects to existing object struc-
tures, as a means of classifying the dynamic objects (i.e., the
image segments). Initially, a dynamic object is created for
each segment that is input for classification. The object is
also linked to its corresponding spectral class in the object
structure. As rules based on spatial properties, i.e., size and
relations to neighboring objects, are applied, classification is
carried out by linking the dynamic objects to the appropriate
class in the land-use category structure. Nexpert Object sup-
ports multiple class assignment. This makes it possible for an
object to remain linked to the spectral class structure, even
after it has been linked to another parent class in the land-
use category structure. It would also be possible to link an
object to several different potential land-use categories, as an
intermediate step, before the final evaluation is made as to
which land-use category is the most likely one. However, this
study never progressed as far as to make use of this possibil-
ity.

® The production rules, to implement the processing strategies
and the classification criteria. The rules were mainly evalu-
ated through backward chaining.

® The object meta slots, to implement the classification of an
object (segment) based on the properties of the neighboring
segments.

All image segments are input to the expert system, when
the classifier is invoked (Figure 8). The segments and their
properties are represented as dynamic objects, on which the
rules can operate. The neighbor relations are input only if

identity
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. new objects )
size
perimeter
Figure 6. The class new ob-
jects and its properties.

object_id

neighbour_id
Figure 7. The class struc-
ture representing relations
between objects.
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and when a rule requires them (thus, the implementation as
a meta-slot).

Accuracy Evaluation
The simplest solution for accuracy evaluation was to use the
existing land-use map as a control data layer. For this pur-
pose it was simplified (reclassified) into seven categories
(Table 1). It was also resampled to the same pixel size as the
satellite data (20 by 20 m).

The following properties of the existing land-use map
should be kept in mind:

® It is not up-to-date;

e The accuracy of the original data is not well known;

® There has been a loss of information and a decrease in geo-
metric accuracy during the processing of the data.

The classification accuracy was evaluated by a pixel-
wise comparison of the classified image to the existing digi-
tal land-use map in a raster-based geographic information
system (GRASS) [Westervelt, 1988]. The coincidence between
the categories in the two data layers was computed, using all
pixels in the maps. The coincidence matrices were summa-
rized using three accuracy measures . Class accuracy is the
number of correctly classified pixels divided by the number
of pixels belonging to that particular class in the classified
map. Category accuracy is the number of correctly classified
pixels divided by the number of pixels belonging to that par-
ticular category in the control data layer. Mean accuracy is
the mean of the two other measures.

When the classified images were compared to the exist-
ing land-use map, the following combinations were used (the
first element in a pair is the image spectral class and the sec-
ond is the land-use category): water/water, coniferous forest/
coniferous forest, deciduous forest/deciduous forest, bare
soil/agricultural land, grass/grassland, and urban (all urban
classes merged)/built-up land. The comparison between bare
soil and agricultural land was possible as most of the fields
were barren at the time of the satellite registration.

Built-up land was also digitized from the orthophoto.
The photo is up-to-date in relation to the satellite data. The
spatial and spectral properties of the orthophoto did not al-
low a detailed interpretation. Therefore, the areas of built-up
land were only roughly delineated. The digitized boundaries
were stored in vector format, imported to GRASS, and over-
laid on the classified images for visual comparison.

Areas that have been exploited between the creation of
the existing land-use map and the satellite registration were
detected by displaying the new vector data together with the
existing map. These areas were stored as a separate informa-
tion layer in the GRASS raster database and area statistics
were computed. The area of built-up land has increased ap-
proximately 10 percent between 1975 and 1986.

From a comparison between built-up land as digitized
from the orthophoto and built-up land in the existing land-
use map, it was estimated that the uncertainty in the area
coverage of built-up land in the old land-use map may be as
high as 20 percent [Johnsson, 1991], reasons being errors in
the original photointerpretation, digitizing errors, errors in-
troduced in the pre-processing of the land-use map, and pos-
sibly other errors as well.

Experimental Classification

Classification Rules

After multispectral classification, the image consisted of
eight spectral classes, three of them related to man-made ob-
jects (urban1-3). All spectral classes, except water, existed
within built-up areas, mainly as small segments, correspond-
ing to real world objects such as groups of trees (forest), gar-
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Figure 8. Process flow in Nexpert Object.
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dens (grass), and parking lots (bare soil). The existing land-
use map was used as a template to extract those areas in the
classified image map that correspond to built-up land, The
size distribution of segments belonging to the different spec-
tral classes was determined and used as a basis for the
thresholds in the rules. Four experimental classification rules
were designed and implemented in the expert system as well
as in a conventional Pascal module.

A segment is part of built-up land

(1) IF the segment belongs to the spectral class bare soil and is
smaller than 100 pixels, OR;

(2) IF the segment belongs to the spectral class coniferous forest
and is smaller than 100 pixels, OR;

(3) IF the segment belongs to the spectral class deciduous forest
and at least one of the neighboring segments belongs to any
of the urban spectral classes, OR;

(4) IF the segment belongs to the spectral class grass and is
smaller than 200 pixels.

Classification Results
Figure 9 shows how the four rules affect a built-up area,
Tumba. Figure 9a is the original spectral classification; Fig-
ures 9b-9e are the results after applying the four rules, re-
spectively; Figure 9f is the combined effect of the four rules;
and, finally, Figure 9g is the existing land-use map for com-
parison. From these images it can be concluded that the clas-
sification rules indeed do improve the classification of built-
up land. Built-up land in Figure 9f is an area-covering, con-
tinuous category, whereas in Figure 9a it is a heterogeneous
mixture of various spectral classes.

Plate 1 shows the whole test area after application of the
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photo. However, it is also obvious that the rules have a
unwanted side effects. Built-up land is “created” where
there is not supposed to be any.

The mean classification accuracy for built-up land has
increased by 22 percent (from 45 percent to 55 percent) after
application of the four classification rules (Table 2). This is
mainly due to an increase in category accuracy by 80 percent
(from 42 percent to 70 percent). This supports the conclu-
sions, that the classification accuracy mainly has improved
within the areas of built-up land. In fact, the class accuracy
for built-up land has decreased after application of the four
rules.

The mean accuracy for agriculture/bare soil has in-
creased, indicating that the rule for segments of bare soil in-
deed makes a fairly good separation of segments of bare soil
into the land-use categories built-up land and agriculture.
The accuracy for coniferous forest remained more or less the
same. The classification accuracy for grassland/grass and ag-
riculture/bare soil, however, shows severe deterioration.

All four rules have a positive effect on the classification
accuracy for built-up land, especially on the category accu-
racy (Table 3). However, three of them also cause a decrease
in class accuracy. It is especially the case for the rule based
on deciduous forest with urban neighbors.

It can be argued that the classification accuracy in gen-

Final map,

fe sification of ima
water d on speciral and
vegetation
bare soil
built-up areas

Figure 9. Tumba(a) Original spectral classifica-
tion, (b) segments of bare soil smaller than
100 pixels have been classified into built-up
land, (¢) segments of coniferous forest
smaller than 100 pixels have been classified
into built-up land, (d) segments of deciduous
forest with urban neighbors (urban 1, urban
2, or urban 3) have been classified into built-
up land, (e) segments of grass smaller than
200 pixels have been classified into built-up
land (f) a combination of b-e, (g) the existing
land-use map.

four classification rulest. The white lines show built-up
areas as delineated from the orthophoto. The pink color rep-
resents areas classified into built-up land by the rules (new
urban). As can be seen, a large proportion of these areas ac-
tually fall within built-up land as delineated from the ortho-
ok Y,
0) no doto
l.‘ Water

2) Conlterous foreat
J) Declduous

' It was found that the number of segments in the test image ex-
ceeds the number of dynamic objects that can be created in Nexpert ,
Object. Thus, only sub-images could be processed in the Nexpert B 25 e Dt
Object classifier (see below). Classification of sub-images was carried ;
out using both implementations and the results were identical. For . : s
reasons of efficiency, the Pascal module and not the Nexpert Object Plate 1. Final land-use classification after application of
module was used to create the map covering the entire test area four segment-based (segment-based) classification rules.
(Plate 1).

PE&RS




_ PEER-REVIEWED ARTICLE

TaBLE 2. Accuracy EvaLuaTion Basep oN COINCIDENCE COMPUTATIONS BETWEEN THE EXISTING Lanp-Use Map anD THE CLassiFIED MaP BEFORE AND AFTER THE
APPLICATION OF THE FOUR CLASSIFICATION RULES.

Class Accuracy (%) Category Accuracy (%) Mean Accuracy (%)
Class Before After Change Before After Change Before After Change
water 97 97 0 92 92 0 94 94 0
coniferous forest 57 59 +4 82 79 -4 67 68 +1
deciduous forest 14 13 -3 12 1 —-100 13 1 —100
agriculture/bare soil 46 68 +48 45 41 -9 46 51 +11
grassland/grass 18 16 -11 38 18 —-53 24 17 —-29
built-up land 50 45 -10 40 72 +80 45 55 +22

TaBLE 3. INFLUENCE OF THE FOUR RULES ON THE ACCURACY OF THE LAND-USE CATEGORY BuiLT-Up LAnD. BASED oN COINCIDENCE COMPUTATIONS BETWEEN THE
Existing Lanp-Use Map anD THE CLASSIFIED IMAGES.

Class Accuracy (%) Category Accuracy (%) Mean Accuracy (%)
Built-Up Land Built-Up Land Built-Up Land
Rule number Before After Change Before After Change Before After Change
(1) 50 50 0 40 46 +15 44 48 +9
(2) 50 48 -4 40 45 +13 44 46 +5
(3) 50 45 —-10 40 51 +28 44 48 +9
(4) 50 49 -2 40 51 +28 44 50 +14
eral is unusually low. This can to some extent be explained image in Nexpert Object. The Pascal module required one to
by the fact that nearly all pixels in the land-use map were two minutes to do the same thing.

used for accuracy evaluation, instead of just a sample. Due to
geometric inaccuracies in the land-use map, there are zones
of uncertainty and error along the boundaries between re-
gions of different land-use categories. These zones are in-
cluded in the accuracy evaluation, and a certain percentage
of the misclassifications reflects these geometric inaccuracies
more than actual misclassifications in the satellite data.

Discussion

Compared to the initial multispectral classification, the seg-
ment-based classification did improve the classification re-
sults. The main source of error is pixels that were
erroneously classified as urban in the initial spectral classifi-
cation. The errors were propagated and augmented by the
rule based on urban neighbors. Segment size is a useful clas-

Performance of the Classifier Implemented in Nexpert Object sification criterion for built-up land, as these areas mainly
The spectrally classified image contains approximately contain small segments. However, the rules based on seg-
21,000 image segments. It turned out that Nexpert Object ments size also introduced new errors, as not all small seg-
cannot handle that many dynamic objects. Empirical tests ments are part of built-up land. Size should be combined
showed that the maximum possible number of dynamic ob- with other classification criteria. Systematic studies are
jects is less than 11,000. Thus, only small images could be needed to find and implement other useful segment descrip-
classified with this system. Quadrants of the test image (256 tors.
by 256 pixels) could be used when rules based on segment The absolute values for classification accuracy may seem
size were applied. When rules based on neighbor relations very low. To some extent this is an effect of the method and
were applied as well, only small sub-images (50% to 1002 pix-  the material used for the accuracy evaluation. It is debatable
els) could be processed. to use a ten year old data layer for accuracy evaluation .
Quadrants of the image were used as input to the knowl-  However, the main purpose in this study was to get a rela-
edge base for classification based on spectral class and size. tive measure of the classification accuracy, to be able to com-
The quadrants (256 by 256 pixels) contain 5000 to 6000 seg- pare the results before and after the segment classification.
ments each. It took 35 to 45 minutes to classify each quad- The improvement in category accuracy for built-up land
rant (applying one rule based on spectral class and size) on from 40 to 72 percent is large enough to be significant, even
an HP Apollo workstation with 8 Mbyte RAM, and no other considering the uncertainties in the existing land-use map,
processes running. Approximately 80 percent of that time and so is the increase in class accuracy for the combination
was used for reading and writing from and to the external agriculture/bare soil. For the other classes, the change in
files containing the data tables. It took approximately 30 sec-  classification accuracy could not be proved to be significant.
onds to do the same thing, using the Pascal module. In these cases, the effect of the classification rules could
Classification based on neighbors caused a dramatic in- mainly be judged from the visual comparison between the
crease in the number of dynamic objects. The third quadrant digitized boundaries of built-up land in the orthophoto.
contains 5908 segments and the segments of one spectral The classification rules were implemented both in the
class (deciduous forest) have 5089 relations, i.e., approxi- Nexpert Object expert system shell and as Pascal modules.
mately 11,000 dynamic objects were needed. This could not The Nexpert Object implementation was designed for flexi-
be handled by the system. The neighbor based classification bility and for handling of a large number of rules. The Pascal
was tested on a 50- by 50-pixel sub-image over Tumba, one program was a solution to get some preliminary results and
of the residential areas. This sub-image resulted in 553 seg- indications of the potentials of those spatial parameters that
ments and 1130 relations, i.e., approximately 1600 dynamic seemed most useful, within a reasonable amount of time.
objects. It took approximately 30 minutes to classify the sub- The main problem with the Nexpert Object implementation
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was the large number of objects and relations, It was only
possible to process very small images. The problem would be
reduced if selection criteria could be applied at the retrieval
of objects. This would be possible if the objects were stored
in a relational database and could be retrieved using sQL
statements. It could not be done within this study, as the
available version of Nexpert Object (Version 1) could not in-
terface the available relational database management system.
Another possible improvement would be to change the
processing strategy so that the segments are input and
processed one by one instead of all at once. The Nexpert Ob-
ject based classifier would, however, still be considerably
slower than a classifier implemented in a conventional pro-
gramming language, mainly due to the slow input/output.

Classification of segments based on their spectral and
spatial characteristics is one method to extract information
from an image. However, as all other methods, it solves some
problems and introduces others. Land-use classification from
satellite data is a highly complex task, that most likely re-
quires that a number of feature extraction algorithms, work-
ing on different levels of detail, are combined [e.g., Argialas
and Harlow, 1990].

Conclusions

Multispectral classification of high resolution satellite data
generally performs poorly for spectrally heterogeneous land-
use categories, such as built-up land. This study has shown
that the classification accuracy can be improved by addi-
tional classification of the segments in the spectral map,
based on some of their spatial properties. The classification
accuracy for built-up land improved significantly after the
application of a few relatively simple rules. However, a more
complex set of classification rules is needed to produce a ro-
bust and reliable result.

Two factors favor the use of object-oriented and knowl-
edge-based methodologies for segment-based classification.
First, these methodologies provide the concepts to represent
segments as objects that have certain properties and belong
to certain classes, a representation that corresponds well to
the way we intuitively think of the segments. Second, when
the classification rules grow more complex, the tools for in-
ference become useful as they allow for a flexible and dy-
namic implementation of the rules.

This study can be regarded as a “proof of concept.” It
has demonstrated that it is possible to implement a segment-
based classification system in an object-oriented expert sys-
tem shell — Nexpert Object. The main problem was the ina-
bility of the system to handle the number of objects
involved, even in the classification of a small (512 by 512
pixels) image. This problem can, however, be reduced by al-
lowing filtering through SQL statements when data are input
to the system. Thus, the number of segments in the system at
any given time can be reduced to what is actually needed for
a certain set of rules. Processing time was another major con-
cern. Compared to a simple Pascal implementation, Nexpert
Object did not perform very well. However, as a more com-
plex set of rules is used, it is expected that flexibility is more
important than processing time. This speaks in favor of the
expert system implementation, despite the slow processing.
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