


same spectral characteristics means that there 1s no way at pixel level to avoid the
musclassification. Thus, multispectral classification provides only partial solution to the
problem of map-feature extraction. Other techniques need to be utilised to resolve
ambiguities resulting from the initial spectral classification.

SULLIVAN, BEACH
“

Figure 3 (left) and 4 (right): Images of mixed features resulting from a multispectral
classification.

FEATURE EXTRACTION BY SHAPE ANALYSIS

Further extraction on the image of mixed features must be carried out to produce single-
theme images. If the appearances of map features are somewhat consistent, templates
which define their likely pixel arrangement can be used in a classification by looking at the
degree of match or similarity between the image part under consideration and the template
being applied. The serious disadvantage of this simple technique 1s its inability to handle
variations 1n shape and size of each feature type, which 1s normally the case 1n most maps.
A very large number of templates must be defined to cover all possible occurrences and this
may incur extremely heavy computational load. This may lead to an unacceptable situation
1n which even a high-speed processor will take several hours to locate features within the
image. Another situation in which template matching techniques are not suitable 1s when
the appearance of one feature 1s a part of another larger-sized feature. For example, the
letter I also appears 1n the left portion of the letters B, D, P. Misidentifications (or false
alarms) will occur when B, D, P are matched by the template of I. There is no universally
effective solution for this problem.

Intuitively, sets of contiguous foreground pixels displayed as regions, 1dentified by a pixel
level classifier, can be treated as individual image objects. These objects can be further
classified based on the similarities and differences 1n shapes. Thus, the concept that feature
extraction can be formulated as a classification is still applicable, provided that shape
information is properly quantified.

The shape characteristics must be tolerant to transformation and uniquely defined by the
objects 1f the problems of the template matching method are to be avoided. Basic shape
characteristics are those related to size such as area, perimeter and extent. These
characteristics are invariant to translation and rotation but are affected by scale. A possible
way to obtain scale-invanant characteristics 1s by relating the given measurements of
objects to some well known geometric figure such as a circle. The result 1s dimensionless
shape measurements which are invariant under magnification or reduction. For example, a
compactness ratio could be derived by dividing the area of the object by the area of the
circle having the same perimeter as the object. However, although 1t is possible to produce
characteristics which are invariant to translation, rotation and scale 1n this way, there 1s no
guarantee that two different object types will not produce the same charactenstics. The use
of shape values which are not uniquely defined by objects prevents the implemented
classification technique on a particular test map to be subsequently applied to different map
images.
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The theory of moment invanants can be applied to produce object characteristics that are
invariant under transformation and uniquely defined by objects. This analytical method
was first introduced to the classification problem by Hu (1962). Details of moment
invariants is omitted here but can be found in Hu (1962). Since its introduction, moment
invariants have been used in aircraft identification (Belkasim et al, 1991), detection of ships
1n remotely sensed images (Smith and Wright 1971), and optical character recognition (El-
Dabi et al 1990). All of this research applied moment characteristics in conjunction with
conventional supervised or unsupervised classifiers. The performance of the technique
combining moment characteristics with neural networks has not yet been explored.

In theory, coupling a neural network classifier with moment charactenstics should result in
a general classification technique. Of the infinite number of moments that can be chosen,
only three, namely mOO (area or number of pixels comprising an object), M1 (spread) and
M2 (elongation), are employed. The selection of this subset of moments is based on the
consideration that these three values carry substantial shape information and should contain
discrimination power adequate for classifying objects within a map image. Statistics of the
three moment characteristics of the test image of figure 3 are shown 1n table 2 and the
classified image results from using a one hidden-layer backpropagation neural net are
shown in figure 5.

Westmelton

Me ton
Reservor

Houses Text

Railways Dashed Iines

Figure 5: Images of the object classifications of the map image shown in figure 3.

The results clearly illustrate that extraction of features from the test image is achieved with a
high degree of accuracy and completeness. However, there are what seem to be
misclassifications appearing 1n each classified image. If the classtfication of objects into a
class 1s posed as the null hypothesis in statistical test, then 1t can be seen that most of the
misclassifications are type-two errors. The classified images of house symbols and
railways are free of type-one errors. In the text image, there are a few type-one errors but
all of them occur from characters having similar shapes to dashed lines. This is reasonable
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since there is no way for the classifier to identify these characters without the help of extra
information, such as context.

Obyect Mean Standard Deviation Skew
mOO [ MI | M2 | mOO | MI [ M2 | ML | M2
Dashed lines | 49 60 57 7 13 12 1-038(-0.42
Houses 38 16 3 S 1 2 1000025
Railway 271911526 | 1414 O 0 0 ]0.00]0.00
Text 111 |1 226 | 21 50 16 23 10341041

Table 2: Statistics of moment characteristics of map objects 1n figure 3.

Every classified image suffers from a different degree of type-two errors. The most
serious case is the text image. However, almost all of the errors occur from compound
objects which are an incorrect aggregation of two or more objects. Considering that there is
no class representing them and they are not used in the training phase, these type-two
errors are not mistakes of the classifier. In fact, a visual inspection reveals that, except in
one nstance where two characters on the railway image are mistakenly joined by the pixel
classification, all compound objects appear on the original document or are a result of the
finite sampling stze of the scanning process.

A similar process of classification by moment characterstics performed on the test image of
figure 4 produces similar results. In this case a slight modification 1s made. The number
of classes of line features is restricted to one only, since each line type has only a few
objects. So, there are three classes representing points, lines and text with another class
being assigned as a noise channel. The results are illustrated 1n figure 6 below.

Points Lines Text
Figure 6: Images of the object classifications of the map image shown in figure 4.

Like the previous analysis, it can be seen that most of the features have been correctly
classified. Except for two point symbols being misclassified into the layer of text and three
elongated characters being incorrectly assigned to the line layer, most of the problems are
caused by compound objects. White noise appearing in the classified images can be simply
removed by size criterion. The classification accuracy of both text and point symbols are in
the high 90 percent range and this is achieved without any extra information, such as
contextual information, which certainly will enhance the results.

A number of further processes are required to convert the classified objects into features
appropriate for the generation of a spatial database. Aggregated objects must be separated
using, for example, mathematical morphology techniques (Trisirisatayawong, 1994). Line
objects must be vectorised, text must be recognised and linked to associated map features
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(Shortis and Trisirisatayawong, 1994), and a final phase of attribute tagging must be
conducted (Trisirisatayawong, 1994).

CONCLUSIONS

Neural networks re-formulate all problems by finding the correct internal weights, so the
technique can be viewed as a black-box problem solver in which the weights have no
obvious physical meaning in the context of problem. The statistical distribution of data is
insignificant compared to other traditional classifiers. This means that neural networks can
be universally applied to all classification problems, provided the network 1s properly
trained by appropriate and accurate sampling.

A drawback of the neural network technique is that it is often difficult to determine whether
the neural network is correctly trained. Learning error 1s the only information used by the
neural network to indicate the degree of success. There is no guarantee that when the error
has converged to a particular value that it 1s the global, rather than a local, minimum. So,
the magnitude of error often does not truly reflect the degree of learning. One widely-used
practice is to set an acceptable error threshold and the network is accepted as adequately
trained once the learning error has converged to a value less than this threshold. Thus, the
amount of training of the network 1s subjectively determined by the operator, who must
specify the threshold based on experience or any other suitable guideline.

Neural networks are extremely flexible in solving a wide variety of problems. The key
factor determining the accuracy of a neural network 1s 1ts structure, which can be
constructed as single hidden-layer, multuple hidden-layer, partial inter-layer connection, fuil
connectton or other varieties. However, it also means that different neural networks may
be constructed to solve the same problem and so, in mathematical sense, the technique of
neural networks does not provide a unique solution. There is no general rule to determine
whether the chosen structure is optimum. The most serious problem in practice is the
determination of the learning rate, the initial weights and especially the structure of neural
networks. All of these factors must be pre-determined by the operator who will in general
set them from prior knowledge and expenence.

Nevertheless, the drawbacks of neural networks occur mostly because the technique 1s still
a relatively young science. The problems will dissipate as the knowledge of neural
computing expands. For example, some guidelines about the determination of learning rate
can be found in Kung and Hwang (1988), although the final settings must still be
determined on a trial and error basis. Also, research on the automation of the determination
of structure and the removal of redundant elements in the network to improve efficiency are
under way (Wen et al 1992). The efforts in these areas will lead to less time and frustration
incurred from training neural networks in the future.

Overall, the advantages of neural networks as a general classifier outweigh the
disadvantages. As the experimental results on real map data shown here firmly support the
theoretical claims, 1t 1s believed that neural networks can be further developed as general
map feature extraction mechanism.
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