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(ABSTRACT)

Most current machine vision systems for industrial inspection were developed with
one specific task in mind. Due to the requirement for real-time operation, these
systems are typically implemented in special purpose hardware that performs very
specific operations. Hence, these systems inflexible in the sense that they cannot
easily be adapted to other applications. However, current trends in computer
technology suggests that low-cost general-purpose computers will be available in the
very near future that are fast enough to meet the speed requirements of many
industrial inspection problems. If this low-cost computing power is to be effectively
utilized on industrial inspection problems, more general-purpose vision systems must
be developed, vision systems that can be easily adapted to a variety of applications.
Unfortunately, little research has gone into creating such general-purpose industrial

inspection systems.

In this dissertation, a general vision system framework has been developed that can
be easily adapted to a variety of industrial web inspection problems. The objective
of this system is to automatically locate and identify "defects" on the surface of
the material being inspected. This framework is designed to be robust, to be flexible,

and to be as computationally simple as possible. To assure robustness this framework



employs a combined strategy of top-down and bottom-up control, hierarchical defect
models, and uncertain reasoning methods. To make this framework flexible, a
modular Blackboard framework is employed. To minimize computational complexity
the system incorporates a simple multi-thresholding segmentation scheme, a fuzzy
logic focus of attention mechanism for scene analysis operations, and a partitioning

of knowledge that allows concurrent parallel processing during recognition.

Based on the proposed vision system framework, a computer vision system for
automated lumber grading has been developed. The purpose of this vision system
is to locate and identify grading defects on rough hardwood lumber in a species
independent manner. This problem seems to represent one of the more difficult
and complex web inspection problems. The system has been tested on approximately

100 boards from several different species.

Three different methods for performing label verification were tested and compared.
These are a rule-based approach, a k-nearest neighbor approach, and a neural network
approach. The results of these tests together with other considerations suggest that
the neural network approach is the better choice and hence is the one selected for

use in the vision system framework.

Also, a new back-propagation learning algorithm using a steep activation function
was developed that is much faster and more stable than the standard back-propagation
learning algorithm. This algorithm was designed to speed the learning process
involved in training a neural network to do label verification. However this algorithm

seems to have general applicability.
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Chapter 1

INTRODUCTION

1.1 Motivation

The new world economy is going to mean increased competition among companies
in various areas, especially in manufacturing industries. This competition among
companies is going to put more pressure on company management to find more

cost effective methods for increasing productivity and improving quality control.

Machine vision systems provide a mechanism to accomplish both of these objectives.
Such systems can be used to inspect a product to assure that it meets quality
standards and also to verify that there are no problems occurring along the production
line. While humans perform well on most visual inspection problems, their performance
is susceptible to a number of factors. For example, human inspectors can easily
become bored or tired when performing long and routine tasks such as the visual
inspection of a product. Therefore, the automation of this visual inspection task

should improve quality control.

Machine vision systems can also be used to increase productivity. Such systems
can be the "eyes" for an automated manufacturing equipment. The creation of
automated manufacturing equipment that has sensory input has the potential to

markedly reduce production costs.

The idea of using machine vision systems for automated industrial inspection is not

new. An extensive survey of these systems is given in [CHI88]. Machine vision
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technology has been successfully applied to a number of industrial inspection problems.
To be industrially useful, an industrial inspection system must be able to meet the

following requirements [CHIS6].

1. Speed. The operation speed of the vision system must match that of the
production line.

2. Accuracy. The accuracy of the vision system in defect detection must be

high enough to be acceptable.

3. Flexibility. The vision system must be flexible enough to accommodate
changes in products and competent enough to inspect parts in an uncontrolled

environment.

Unfortunately, most current vision. systems for automated industrial inspection have
a number of marked limitations [CHI86]. First, most existing industrial inspection
systems are binary image processing systems. They require well-positioned, isolated
parts against a high-contrast, clean background. The use of a binary representation
reduces the amount of data that must be handled. While simplification markedly
reduces the cost of industrial inspection systems, it places severe limitations on the
capabilities of these vision systems. For example, physical surface properties (e.g.,
textures) are lost in reducing a gray-scale image to a binary image. There exist
only a few gray-scale vision systems and algorithms that are capable of extracting
useful features from complex industrial scenes with considerable noise caused by
dirt and unfavorable lighting conditions [CHI86]. Such systems are needed to inspect

both simple surfaces as well as complex parts.

Most current vision systems for automated industrial inspection are very inflexible.
They cannot be easily adapted to work on a problem other than the very specific

application for which they were designed. As Chin [CHI86] states
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"Most current vision systems are custom-engineered systems with only
one specific task in mind. They represent ad hoc approaches to a
single problem. As more complex industrial parts must be handled,
the vision system has to be flexible and more versatile. Until recently,
we have not seen a strong desire for general-purpose machine vision
systems. The capital costs of general systems are relatively high
because they are difficult to design, but they can be justified in the

long run by their utilization rate."

Many of the limitations of the current machine visions systems have resulted from
the need for real-time processing. The lack of high-speed inexpensive computer
systems is one cause of the problems. A second cause is the need for robustness.
Researchers have not been able to create truly robust general purpose computer
vision methodologies [BAR81b]. There have been only a few attempts to create
fairly general purpose vision systems, e.g., [NAG80, HAN88]. Robustness of these
systems is very questionable because of the small number of images to which each

of these systems has been successfully applied.

The first problem of industrial machine vision systems should be mitigated by
projected improvements in computational capabilities of microprocessors during the
next decade. This development should motivate the rapid growth in the industrial
machine vision area. However, if there is to be rapid growth, one cannot start
from scratch in developing each new machine vision system. One needs to have
at least a general framework from which to begin. This leads to the second problem
that remains a major point of concern. Developing truly robust very general vision
systems does not appear achievable in the near future. This dissertation primarily
attempts to the address second problem, i.e., the robustness issue, in industrial web
inspection, which is a rather general and very important subclass of industrial machine

vision problems.
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Industrial web inspection problems involve inspection of planer (flat) material or

patterns. ‘These typically have the following characteristics:

Surface of the material is relatively flat.

Material flow is continuous.

Flow rate is relatively high to high (typically, 2 - 20 linear feet per second).

Relatively high spatial resolution is required (up to 100 pixels per inch).

Defects make up small percentage of total surface area.

The same defect type manifests itself in many different ways.

This industrial web inspection is important because most industrial inspection problems
except inspection of volumetric shaped fall into this category materials [CHIS6].
Inspection of these volumetric objects requires 3-dimensional image analysis methods.
Problems of inspecting printed circuit boards (PCBs), microcircuit photomasks,
integrated circuits (ICs), paper, textiles, surfaces of lumber, etc. are included in the

web inspection area.
1.2 Objectives

In this dissertation, a flexible computer vision system framework is described that
attempts to address a fairly general class of industrial inspection problems, the web
inspection problem. The purpose of the vision system is to locate and identify
"defects” on the surface of the material being inspected. The definition of defects
depends on a specific application problem. The input of the vision system is
assumed to be a color image of the material captured through a color scanning
device, e.g., a color line scan camera. The output of the vision system includes
an accurate boundary for each defect present and an assigned label that identifies

the type of defect present in each of the outlined areas.
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The design criteria used to create this vision system framework are as follows.

1. The vision system must be robust. It must be able to accommodate without
adjustment small changes in lighting and/or changes in the surface characteristics
of the material caused by acceptable variations in processing.

2. The vision system must be flexible in order to enable the system to be
easily adapted to a number of web inspection problems.

3. The vision system must be able to process high spatial resolution image
data. In general, high resolution imagery is required to detect small defects,
although exact resolution required depends on the application being considered.

4. The operation of the vision system must be fast enough to at least accommodate
current production speeds.

Since robustness equates to accuracy, these design requirements represent only a

restatement of Chin’s three criteria.

To achieve the above performance requirements, a number of "sophisticated” vision
methodologies were incorporated into the proposed vision system framework. These
methodologies are briefly described below. A detailed discussion will be presented

in Chapter 2.

To assure robustness, several concepts are incorporated into the system framework
design. 1) A combination of bottom-up (data-driven) control and top-down
(model-driven) control is used to perform scene analysis. This combined or mixed
control strategy is necessary to make the system robust and flexible. Advantages
of the mixed control strategies will be discussed in detail in a later chapter. 2)
Hierarchical object models that consider defects at various levels of representation
are used to recognize the defects. 3) A method for uncertain reasoning is incorporated

into the vision system framework because there is uncertainty in all stages of visual
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processing. Local errors are introduced by the imaging and digitization process, by
imperfect KSs (e.g., segmentation) as the result of incorrect heuristics, or by inherent

ambiguity in the scene itself.

To make the vision system flexible, the knowledge structure used is modular. It
is important to keep a priori problem-dependent knowledge only for a particular
web inspection problem separate from general knowledge for a variety of web
inspection problems in order to make the system easily adaptable to different web
inspection problems. It is also important to organize the problem-dependent knowledge
in a modular manner so that it can be easily adapted to a change of operating
environment, so that adding new knowledge or deleting obsolete knowledge can be
easily accomplished. As will be described in detail later, the Blackboard framework

provides this modularity of knowledge sources.

The third and fourth requirements force the vision system to handle and analyze a
large amount of image data, at least at the speed of current human inspection.
These requirements are addressed by attempting to create a framework that minimizes
the computational complexity of the analysis task. To achieve this goal, several
methods were used. 1) For segmenting images of material to be inspected, a
histogram-based multi-thresholding is used because of its computational simplicity.
2) Other analysis algorithms are also optimized to minimize computational complexity.
One way this optimization is accomplished is by using a focus of attention mechanism
to guide the scene analysis process. This focus of attention mechanism marks
candidate regions so that they will be operated on by the most appropriate defect
detection procedures. This marking is accomplished using computationally simple
methods. 3) Knowledge about defects is partitioned according to defect type. This

allows concurrent parallel processing by running each defect detection procedure on
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a separate processor, thus speeding up the system operation.

On the basis of the proposed vision system framework, a computer vision system
for automated lumber grading has been developed. The purpose of this vision
system is to locate and identify grading defects on rough hardwood lumber in a
species independent manner. This problem seems to represent one of the more
difficult and more complex web inspection problems. No vision system has been
developed to tackle this problem. The main reason for this seems to be that there
are a lot of factors that cause surface discolorations of normal surface. These
discolorations must not be mistaken for a defect. Further, some defect types are
difficult to recognize due to irregular characteristics of their shapes. Hence if one
can use the previously described framework to develop a vision system for grading
rough lumber, this framework should be versatile enough to work on a variety of
other web inspection problems. In fact, the methodologies used in the vision system
for grading would seem applicable to a number of other web inspection problems

as well.

As a result of this research, a number of seemingly relative general purpose computer
vision methodologies were developed. These include: 1) a focus of attention
mechanism ﬁsing fuzzy logic, 2) a multi-thresholding method, and 3) region merging
operation using Dempster’s theory of evidence. Also, a new back-propagation (BP)
learning algorithm is introduced that is much faster and more stable than the standard
BP learning algorithm. This new algorithm uses automatic initializations of weights

in the network when convergence to a solution is very slow.

Three different methods for performing label verification were tested and compared.

These are a rule-based approach, a k-nearest neighbor approach, and a neural network
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approach. The results of these tests together with other considerations suggest that
the neural network approach is the better choice and hence was selected for use in

the vision system framework.

1.3 Organization

This dissertation consists of seven chapters. In Chapter 2, conceptual arguments
are presented that discuss which methodologies should be employed for developing
a computer vision system for industrial web inspection that can meet the design
requirements discussed earlier. It is argued that a knowledge-based approach, in
particular, a production system type structure using a mixed control strategy is
appropriate for such a computer vision system. Chapter 3 gives a literature review
of knowledge-based computer vision systems in various application areas. In this
review, concentration is focused on how these systems compare with the proposed
vision system in various aspects. In Chapter 4, justification for adopting the
Blackboard framework among various production systems is presented with a detailed
description of an adapted Blackboard framework tailored to the web inspection
problem. The low-level segmentation module and the high-level recognition module
of the proposed vision system framework are discussed in detail in Chapters 5 and
6, respectively. To demonstrate the robustness of this framework it is applied to
a hardwood lumber inspection problem. This problem is described in Chapter 7.

Finally, Chapter 8 gives conclusions of this dissertation.
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Chapter 2

VISION SYSTEM CONCEPTUALIZATION

Usually, a computer vision system, especially a knowledge-based vision system,
consists of two stages: low-level vision and high-level vision. The low-level vision
tries to extract features characterizing input image data through image processing
operations such as edge detection and region segmentation. This involves transforming
a numerical matrix representation of an image to a symbolic representation that is
composed of a set of spatially related image primitives, such as edges and regions.
Also various features are extracted from the primitives. High-level vision seeks to
attach a consistent interpretation to these primitives and construct a description of
the scene. This scene analysis is carried out using a priori knowledge about the
scene’s domain. Interpretation of real world images is difficult because of uncertainties
arising when formulating hypotheses based on noisy image data and imprecise models
about what objects might appear in the scene. Furthermore, different hypotheses
can even conflict. Consequently, a knowledge-based approach is commonly adopted

for high-level vision.

The computer vision system for industrial web inspection can be conceptualized into
two components : a low-level segmentation module and a high-level recognition
module. In what follows, how these components should function and which

methodologies are appropriate for the web inspection application are described.
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2.1 The Low-Level Segmentation Module

The purpose of the segmentation module in industrial web inspection is to reduce
the huge amount of image data of the material to be inspected by extracting regions
that might potentially contain a defect. An objective is to do this as fast as possible.
Since in web inspection problems defect area is very small compared to the area
of normal surface, computational complexity can be markedly reduced if defect
regions can be extracted using simple methods at an early stage of the processing.
Once this has been done, higher level processing that is typically more sophisticated
and time-consuming can be applied only to those regions believed to potentially
contain a defect. Certainly, no segmentation method can produce perfect boundaries
of defects. However, it is only important for the segmentation process to detect a
key part of each defect, even if the defect’s accurate area and boundary cannot be
detected. These key parts of defects can then be used as clues for invoking top-down
processing methods in the high-level module to find a more accurate boundary for

each such defect.

There exist two major approaches to image segmentation: edge-based and region-based
[NEV86]. For a survey of segmentation, refer to [HAR8S5] and [NEV86]. In
edge-based methods, edges or local discontinuities in gray level are detected first
using an operator and then connected to form longer, hopefully complete, boundaries.
There are two problems with edge-based segmentation methods [BALS2]. First,
edge detection methods often produce a number of "false" edges due to image
"noise" where no meaningful scene boundary exist. These false edges increase the
computational complexity of later processing stages. This is very undesirable. The
other problem associated with the edge-based segmentation is that there are actually

locations on an object boundary that cannot be detected using only local information,

Vision System Conceptualization 10



but require the use of global contextual information. These locations cause gaps
between detected edges. To find a complete boundary, these gaps must be filled
by edge following or linking of edges. Filling these gaps further increases com-
putational complexity. These problems may be somewhat alleviated by using recent
advanced edge detection methods such as [MARS80, CAN86]. However, it is unwise
to indiscriminately apply edge detection methods to every pixel of an image. In
industrial inspection, images can be very large and applying an edge detector to
every pixel can be time-consuming. Thus, edge detection methods should be

selectively applied only to areas where edge information is needed for image analysis.

In the region-based segmentation, a connected set of pixels is found that share a
common property (such as intensity or color) [NEV86]. Methods used for the
region-based segmentation can be divided into two categories: 1) methods that are
directly applied to images (e.g., region growing [BRI70] and split/merge methods
[PAV77]) and 2) methods that are applied to a feature space of images where
features are extracted from images (e.g., thresholding [SAHS88]). Note that methods
in the first category have a computational complexity that is proportional to the
number of pixels in the input image. The computational complexity of methods in
the second category depends on the number of features used and the complexity
associated with feature extraction. Gray-level histogram-based thresholding is the
most efficient of methods in the second category because it works on a 1-dimensional
feature space (the gray-level histogram) and the features (gray-levels) are obtained
directly from the original image. Also, this method is much more efficient than
.any method in the first category. This speed difference is particularly significant
for high resolution images such as those typically encountered in web inspection
problems. For example, in lumber inspection problem, boards can be up to 13.5

inch wide and 16 feet long, and 64 pixels per inch resolution is typically required.
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A region growing method would have to be applied to approximately 10 Mbytes
of image data while a histogram-based thresholding method needs to be applied

only to a 256 element gray-level histogram.

The above edge/region based segmentation methods are based on the assumptions
that objects consist of relatively homogeneous surfaces or that intensity changes
correspond to object boundaries. In the texture images, these assumptions are no
longer valid. To segment texture images, a texture operator is typically required.
The size of the texture operator should be larger than that of the fundamental
elements that comprise the textures. A number of texture segmentation methods
have been reported in the literature. A survey of these methods is given in [HAR79,
HARS86]. Texture operators are too computationally complex to be used to segment
images for industrial web inspection. These operators also suffer from the fact that
accurate boundaries of defects cannot be obtained because texture measures are
usually calculated from large regions, not just a few pixels. Of course, some
problems, e.g., inspection of sand paper, require use of texture segmentation methods.
However, in general, it is advisable to apply texture operators selectively only to

areas where texture measures are absolutely needed.

The above discussion of the various segmentation methods leads to the conclusion
that a gray-level histogram based thresholding method seems to be the most appropriate
segmentation method for use in computer vision systems for industrial web inspection.
If texture features and edge features are extracted, they should be extracted at a
later processing stage and should be computed from only those areas where these

features seem to be necessary for more detailed analysis.

It is generally agreed that early vision methods used to segment images should be

domain-independent. However, the lack of truly robust early vision methods means

Vision System Conceptualization 12



that in actuality, one might have to incorporate problem-dependent a priori knowledge
into the design of early vision operators in order to get good, "very accurate"

segmentation results.
2.2 The High-Level Recognition Module

The purpose of the recognition module is to perform the scene analysis task. It
analyzes each of the regions forwarded to it by the segmentation module and
identifies the type of defect present in each of these regions. It will be argued
that the vision system requirements force one to incorporate artificial intelligence
methods into the design of the recognition module. Similar arguments to those that
will be presented here have been given before by Nagao and Matsuyama [NAG80]

but in the context of a different problem domain.
2.2.1 Scene Analysis Strategies

Conceptually, there are three basic approaches to scene analysis [CON87]. The first
of these is the bottom-up type approach. Using a version of this type of approach
image data is processed by a number of different operations, each operation producing
a new data structure that makes some new facet of the image explicit. The last

of the operations performed are those that actually label the region of an image.

Bottom-up approaches have their origin in very early computer vision research
[ROB65, HUF71, CLO71]. Bottom-up approaches are known to be very sensitive
to noise. Any mistake made by an early processing operation propagates up through
the rest of the processing operations. As such, this type of approach has proven

ineffective on real world images [CON87], e.g., images of rough lumber.
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A second class of scene analysis strategies is top-down methods. The basic idea
behind a top-down method is the formulation of a hypothesis about what is in the
image. Once the hypothesis has been made operators are applied to the image to
verify whether the formulated hypothesis is correct. Note that the initial hypothesis
is generated without using any information collected from the image. Further, if
the results of an operation disprove the current working conjecture of the scene
analysis system, then another working conjecture or hypothesis is generated. The
generation of this new hypothesis is also independent of any information obtained

from the image.

Because no image derived information is used in formulating working hypotheses
top-down methods are very limited in their generality. However, these approaches
have been successfully used on very complicated albeit highly structured real world

scenes, €.g., the analysis of chest radiographs [TSI74].

The third class of scene analysis strategies is the combined, mixed or heterarchical
strategies. Such strategies use a combination of both bottom-up and top-down
methods. Image derived information is used to guide the analysis and to formulate
hypotheses -- bottom-up processing. Special operators are then applied to the image
to verify the hypotheses -- top-down processing. It is generally agreed that a
combined strategy is the most robust type of control strategy. It is also generally
agreed that human vision uses a combined strategy. The high-level module of the

proposed computer vision system proposed uses a combined strategy.
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2.2.2 Production Systems

It will be argued that a knowledge-based architecture, particularly a production system
is the most appropriate choice for the vision system, especially for the recognition

module.

In creating this or any other industrial inspection system there is always a trade-off
between increasing system identification accuracy and the need for real-time processing.
The best design is one that gives acceptable accuracies in the shortest possible time.
To accomplish this objective requires that the software be easily modifiable, allowing
easy incorporation of additional algorithms for improving accuracy or the removal
of algorithms that are unnecessary in order to meet established accuracy criteria.
One way, perhaps the only way, that this can be accomplished is to have the
program be made up of a number of loosely coupled modules that communicate in

an explicit manner.

On real world applications the need for robust vision systems typically requires
complex scene analysis strategies. That is, neither a strictly bottom-up nor a strictly
top-down strategy will suffice. Instead, a combined strategy is required. An
important part of such combined strategies involves making hypotheses about what
is present at a particular location in an image. It also involves testing these
hypotheses by performing operations on the image and examining the results. Finally
it involves keeping track of all competing hypotheses, ordering the attempts to verify
each based on which hypothesis is believed to be the most probable. This implies

the need for a belief maintenance system.

These arguments all point to the fact that a pattern directed inference system should

be an important part of vision system design. In particular, a production system

Vision System Conceptualization 15



seems an appropriate choice for the system. A design based, in part, on a production
type system would certainly provide a mechanism for providing the loosest possible
coupling among program modules. The "if" part of each rule would specify the
conditions under which a particular module should be executed. The execution of

the module would be the "then" part of the rule.

Incrementally adding new program knowledge or removing unneeded program
knowledge involves either adding or removing rules from the system. This is
facilitated by the fact that the conditions for executing a module are explicitly given
in the rule. Adding or removing rules does not require that other rules of the
system be changed. It merely alters how the system responds to given sets of

circumstances.

Ordering attempts to validate competing hypotheses is also easily accomplished.
Each hypothesis is an assumption that a particular defect is present at a particular
location in the image. Associated with each hypothesis are rules for validating it
and "conclusively proving” that that defect is the one present. Structuring the
knowledge base by grouping the validation rules by hypothesis represents a natural
method for improving overall efficiency. This restricts the number of rules that
must be considered in performing the match to see which rules might be applicable
for firing at any given instant in time. Associated with each hypothesis is a belief.
The hypothesis that is currently considered to be the most likely becomes the working
hypothesis, the one whose rules will be fired by the system. A change of hypothesis

causes a change in the rules that are considered.
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With regard to object models for the various defects, robust vision methodologies
typically demand hierarchical models to be used, ones that consider objects at various
levels of abstraction. This implies that the knowledge base takes on much more

structure than that described above.

Practically speaking it is important to use as few levels of description as possible
since doing so can markedly affect not only the computational complexity associated
with belief maintenance [BARS81a] but also the complexity of the structure that must

be imposed on the knowledge base.

These arguments suggest that a production system represents a very good programming
paradigm to use to address a number of the tasks this industrial inspection system
must perform. Note that the tasks for which this paradigm seems most appropriate

are all relatively high level tasks.

2.3 Summary

In this Chapter it is argued that a robust vision system for industrial web inspection

system should have a number of characteristics. These characteristics are as follows:

1. Segmentation should be based on some type of gray-level histogramming

operations.

2. The segmentation may have to incorporate certain characteristics specific to

the web inspection problem in order to obtain required segmentation accuracies.

3. The control strategy used in the high-level recognition module should be a

combined strategy employing both bottom-up and top-down components.

4. Object models used to recognize defects should be hierarchical in nature.
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5. A production system type paradigm should be used in the software imple-

mentation of the vision system.

6. A belief maintenance system is required to help the vision system cope with
the processing results obtained from noisy image data, matching against
imprecise object models, and choosing the most appropriate hypothesis from

a series of competing hypotheses.
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