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Abstract
This paper identifies the current processing strategies

common to most vision research and suggests a new

operating paradigm to extend the capabilities of new

pattern recognition algorithms.  The question centres

on whether it is more appropriate to accept or reject

an experiment or vision system in total or accept

those parts that fall within the processing limits and

modify those regions that fail.  The application of the

latter method is discussed here.
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1.0 Introduction
This paper contains a personal perspective of the

current state of computer vision research.  These

comments are based upon a literature search into

image analysis including, preprocessing, segmenta-

tion, matching, and classification.  Jain and Dorai

(1997) define computer vision as the ability to

describe an object space based upon analysis of

remotely sensed images.  As such, it must include

colour, texture, and geometric modelling.  Computer

vision includes the concepts of context and classifica-

tion.

In the following sections, the current computer vision

paradigm is identified and references are provided for

how this paradigm is applied to various aspects of

pattern recognition.  This processing paradigm is

contrasted with human processing of similar tasks.

From this, a new processing paradigm is offered.

This new processing paradigm was generated without

biological review; however, it will be shown to make

empirical sense.

2.0 Current Processing Paradigm
Common research ethos in computer vision suggest

that complex systems, those that are able to recognise

a large number of features, complex features, and

complex scenes are viable for real world applications.

This is an admirable goal but currently unrealistic.

The processing goal to support human decision

making or operate over a limited domain is quite

different than completely automated processing and

more realistic.

In this modified support role,

researchers have also simpli-

fied the processing strategy.

This processing strategy

consists of 3 stages; preproc-

essing raw data, generating

transfer functions between

inputs and outputs, and

evaluating the results.  This

serial linear process is called

the image chain approach

(Schott 1997) and is summa-

rised in Figure 1.  The focus of this processing

paradigm is to develop efficiencies at each stage of

the chain.  By continuing to operate within this

strategy, computer vision systems will not be able to

attack more complex tasks such as integrated

segmentation and classification or autonomously

developing context.

3.0 Current Processing Paradigm
The result of the single stage focus is that best general

practices are developed.  Each vision task is con-

tained as a stand-alone unit.  Argialas and Harlow

Figure 1  Current
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(1990) separated these

vision tasks into three levels

of complexity (Figure 2).

As yet, no unifying theory

has been generated where

any one vision technique

could be applied to a wide

range of images.

Before continuing, it is

important to understand the

processes that computers

perform well and contrast

them with human cognition.

Computers provide excel-

lent quantitative analysis,

which includes counting and

computing fact.  They are

also good at determining

similarities.  Computer

models work best in context independent processing.

Humans are excellent at relative measures.  We are

capable of determining differences and changes in

textures.  Humans seek to determine context for most

decision making.  Whether or not mimicking human

perception is an appropriate function of computer

vision is outside the scope of this analysis.  The

relationship between the individual processing stages

and their constraints are identified below.  The

limitations of these constraints are identified.

3.1 Data Acquisition
From the collective experience with imaging sensors

(Dereniak and Boreman 1996) and applications

(Schowengerdt 1997) optimised viewing and object

space characteristics have been observed.  Most

vision models perform well with Lambertian surfaces

with a smooth, continuous, nondeformable object

space.  The diffuse lighting is evenly distributed

across the field-of-view (Marr 1982; Lemmens 1988;

Brown 1992).  Colvocoresses (1983) showed that the

shape and orientation of the sensor constrains the

registration process to improve reliability.  Finally,

several researchers reviewed the effects of informa-

tion content in the input stream varies as a function of

spatial and spectral resolution, contrast, and scene

complexity (Duggin 1985; Everitt et al. 1996; Jones

1997).

In natural scenes, the illumination and object space

conditions vary considerably.  For example, water and

metallic targets are spectral reflectors.  Natural

confusion exists between urban areas and beach sand.

The concept of target area is quite subjective.  Often

the success of a computer vision system is determined

on an application basis.

3.2 Pre-processing/Attribute Selection
As image data is a surrogate for physical features, raw

data may require processing.  It is generally agreed

that attribute selection is application dependent.  The

curse-of-dimensionality problem offsets a continuous

search for a pre-processing technique that may

provide negligible improvements to vision perform-

ance (Kohonen 1997).  At this stage, the vision

techniques separate into their individual components.

Registration and segmentation algorithms extract high

spatial frequency information and classification

generally low spatial frequencies.  Pavlidis (1978)

noted that the subtleties of the specific attribute

extraction technique were less important than the

class of images to which it was applied.  Haralick and

Figure 2  Argialas’ (1990) Pyramid of Image Processing Functions



Proceedings of the Spatial Information Research Centre’s 10th Colloquium 161

Shapiro (1985) reviewed a number of image segmen-

tation techniques.  Gong and Howarth (1990) looked

into how these segmentation and texture features

could be applied to improve spectral classification

accuracy.  Stehman (1992) summarised methods for

dividing the input stream into training and test

datasets to best represent class populations.  Heath et

al. (1998) compared edge detector performance for

segmentation and feature extraction.

The major problem facing the current processing

strategy is the difference between required informa-

tion and the information produced by the attribute

selection and preprocessing operators.  For example,

edge detectors find areas of a local intensity gradient.

The expectation is that these gradients are outline

target boundaries.  The difference is significant.  Edge

detection is a function of the width of the edge

detector, brightness difference, and brightness

gradient.  Human operators are able to identify the

spectral reflection of a light source, called a highlight,

within a natural scene and discount it from analysis

(Figure 3).  Edge detectors identify this local gradient

as a target.

3.3 Generation of Transfer Functions
Several registration and classification transfer

functions have been developed for computer vision.

The most common algorithms currently used are

connectionist and statistical.  The former is used

because of its ability to adapt to the datastream

without assuming prior probabilities.  The latter has

the benefits of fast efficient processing.  Lippmann

(1987) compared a number of neural network

algorithms.  Bezdek (1993) expanded on this work by

comparing neural networks to statistical and fuzzy

algorithms for pattern recognition.  Guelch (1988)

compared the performance of several image registra-

tion algorithms for general use.  These comparisons

were performed for isolated processing.  Common

human processing is an integrated approach.  For

example, we use high frequency information to obtain

context and segment targets.  Once segmented, the

targets are recognised as belonging to a group, which

allows better segmentation to improve identification

of the target as belonging to a specific kind.  This

processing may be too good in some instance, as

context may not allow the observer to recognise fact.

In Figure 4, human cognition observes two inter-

leaved triangles.  However, objective analysis shows

that neither triangle actually exists.  No pattern

recognition system would be able to identify this

pattern either.  Whether this type of performance is

Figure 3  Spectral Target within Field-of-View: Reflection of

the overhead light is visible in the crystal in the centre of the
frame.

Figure 4  Visual Teaser of Interleaved Triangles, or Not?

beneficial is outside the scope of the paper, but the

issue must be addressed during development,

especially integration of tasks.

3.4 Evaluation of Results
Quantitative evaluation is essential for all computa-

tional systems.  Mohan et al. (1989) and Forstner

(1984) produced a number of relative measures to

evaluate automated image registration techniques.
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Foody (1992) compared classification accuracies to

chance results for the same data.  Rosenfield and

Fitzpatrick-Lins (1986) evaluated the suitability of

thematic map accuracy using different sampling

techniques.  These techniques are divided by how the

computer vision task separates the feature space and

the amount of supervision during sampling.  Super-

vised sampling allows quantitative analysis because

the output contains both a priori and a posteriori

labels.  Automated or unsupervised processes only

have the assignment labels.

3.5 Accept or Reject
The problems of computer vision are highlighted

during the decision of whether or not to accept or

reject the analysis.  No single theory of goodness

exists for any vision task or application.  Cordella et

al. (1995) suggest that distance thresholds should be

developed to recognise samples that are sufficiently

different from the centres of the developed acceptance

regions in the feature spaces.  Those samples outside

this region are unlabelled.  However, the logic for

determining what the level should be remains

unknown.  Jain and Dorai (1997) and Casasent and

Neiberg (1995) define a reject rate for detectors to

reduce the collection of false positive samples.

However, where to assign this threshold remains

ambiguous

4.0 Case Study
The above problems in the system are highlighted in

the following example.  Suppose a computer vision

system was developed to separate targets on the basis

of colour.  If the system ran into problems by

assigning the known colour green to red, the follow-

ing processes would have to be performed under the

current processing paradigm.  The sensor would be

calibrated against all known colours.  Then, the pre-

processor would be evaluated for how well it

segmented the input datastream into examples.  The

individual transfer functions would be either retrained

or recreated.1  All of this is computationally demand-

ing.  The system would then be evaluated based upon

the number of correct responses and the system would

be considered suitable if the errors were within a

certain tolerance.

Human processing of the above example would

proceed as follows.  A parent asks his or her child the

colour of the grass.  If the child responds with ‘red’ as

in the above case, the parent corrects the child with

the correct label of ‘green’.  Then the parent may add

that the bricks on the house are red.  In this model, the

parent both excites the correct response, and inhibits

the incorrect response.  In the human case, existing

processing rules were modified based upon experi-

ence, or in this case, a modification of the input

stream.  This integration of fixed rules or prior

knowledge with adaptive training maximises the

flexibility of the vision system to process a wider

stream of examples and minimise processing time and

required sampling (Perlovsky 1998).

4.0 New Processing Paradigm
The simple and elegant solution of human modifica-

tion of colour labelling may be applied to computer

vision.  This new processing paradigm uses the

confusion in-formation developed in the evalua-tion

stage as a means for adapt-ing the transfer functions.

I recommend the use of connectionist algorithms

specifically fuzzy neural networks because they have

the ability to adapt from examples and encode prior

knowledge.  Figure 5

shows the schematic

for a new processing

paradigm.  The

recursiveness occurs

between processing

stages rather than

within a single stage,

as is the case for most

recursive function.

1  Interesting here.  A statistical function separating the colours would have to be regener-
ated.  The samples for the colours of green and red edited so that a greater separation
existed between the groups.  A connectionist function would be retrained using the entire
dataset until the system returned the correct results.  If after a sufficient amount of time, the
answers were still incorrect, the dataset would then be edited and transfer functions recre-
ated.  Fuzzy logic would require the analyst to develop rules to better separate between the
red and green labels.  Rules would be modified until the correct results were obtained.Figure 5  New Processing Paradigm
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This technique has been applied to both unsupervised

or automated data extraction and supervised classifi-

cation (Israel and Kasabov 1996; Israel and Kasabov

1997).  In both cases, a statistically significant

improvement was observed.  This improvement was

realised with a limited number of iterations and a

reduced example set.  The other advantage of this

processing paradigm is computational savings during

the creation of the transfer functions.  Since these

techniques are extremely efficient, the individual

transfer functions require only a limited number of

iterations to identify where the confusion exists.
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