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Machine vision is widely used in scientific areas and non-wood using
industries, but the extreme variability of wood has limited its adoption by forest

products industries. However, it is now becoming a key factor in further automation

of the forest products industry. As a very important part of machine vision,
developing image segmentation algorithms that can be used for wood products is an

ambitious undertaking. The focus of this research was to adapt existing and develop

some new segmentation algorithms which could be used to detect defects on veneer
surfaces.

Nine algorithms covering three segmentation technique categories were
explored. Three existing edge detection algorithms were modified for use on veneer
images, and four existing thresholding algorithms were adapted in both global and

local versions. Two new region extraction algorithms were developed specifically for

defect detection on veneer surfaces.

The performances of these nine algorithms were tested and compared under the

combinations of two camera resolutions (5-bit and 8-bit), three color spaces (RGB,

Lab, and gray-scale), and seven surface features (clear wood, blue stain, loose knot,

pitch pocket, pitch streak, tight knot, and wane). Ten sample images for each of

seven surface features on Douglas-fir veneer [Pseudotsuga menziesii] were used. Ten

measures were proposed for performance evaluation. A multi-factor factorial
ANOVA was used in the performance tests and comparisons.
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The best combinations of camera resolution and color space for each of the
algorithms were determined. The 5-bit and 8-bit camera resolutions were not
significantly different for the three edge detection and two region extraction
algorithms, but the 8-bit camera resolution was better for all but one of the
thresholding algorithms. That exception was the global Otsu thresholding algorithm,

for which the 5-bit camera resolution was better. The RGB color space was the best
for all algorithms. Overall, the two region extraction algorithms were the best.
Under the best combination of factors, those two algorithms provided the highest

defect detection accuracies of 91% for pitch streak samples and over 95% for loose

knot, tight knot, and pitch pocket samples. These results were accomplished while

still providing clear wood accuracies of over 95%. The one performance exception

was blue stain, for which no satisfactory algorithm was found.
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IMAGE SEGMENTATION FOR DEFECT DETECTION ON VENEER
SURFACES

CHAPTER 1 INTRODUCTION

Machine vision largely deals with the acquisition and computer analysis of

images. It has already been widely used in many areas. Examples include the well

known CT (computer tomography) used in medical diagnosis, satellite image analysis

for weather forecasting and forest fire inspection, and robots in work places where the

conditions are hazardous for a human operator. Whatever the application, machine

vision always includes three basic parts: image acquisition, image processing, and

image analysis. Image segmentation is one of the most important elements in image

processing component because it is at this step that objects or other entities of interest

are extracted from an image.

1.1 MACHINE VISION AND ITS APPLICATIONS IN THE FOREST
PRODUCTS INDUSTRY

Substantial economic losses occur in some wood products processes due to the

lack of a system that can accurately detect, locate, and classify defects or features on

wood surfaces. Therefore, advancements of machine vision systems are a key to

further automation in forest product industries. Automation utilizing machine vision

in the forest products industry is an ambitious undertaking. Applications of a few

automatic systems equipped with machine vision have been attempted in the forest

products industry, for instance, the automatic sorting chain in a sawmill. They have

not been popular due to unsatisfactory accuracy and reliability. As the wood

resource becomes increasingly limited and of lower quality, more technology is

required. These technology improvements will depend on machine vision.
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There are many application areas for machine vision. Log breakdown into

lumber or veneer has significant potential for optimization gains if the defect

distributions are known. Combining machine vision with conventional profile

scanning in the board edging and trimming processes can raise the lumber grade.

Automatic plugging and patching in a plywood plant can relieve human labors.

Automatic sorting can increase speed and accuracy. For instance, Fahey (1987) found

that in green veneer sorting, about 20 percent of the AB veneers were downgraded

into CD veneers and 3 percent of the CD veneers were upgraded into the AB grade.

The money lost in the downgrading is significant because AB veneer is about twice

as valuable as CD veneer. Szymani and McDonald (1981) reviewed a number of

approaches (ultrasound, x-ray, infrared, and visible light) for interpreting lumber

surface characteristics and determined that no one approach was superior. However,

they felt that systems employing visible light had certain advantages that would yield

higher reliability.

As mentioned before, machine vision consists of three basic parts: image

acquisition, image processing, and image analysis. Image acquisition involves

obtaining a representation of an object and in an optical system has three elements:

a sensor, lighting, and frame-grabber. Each element has an impact on the properties

and quality of the acquired image. Image processing is the part in which various

mathematical techniques are applied to an image in order to identify the features of

interest. The phrase image processing is used in its broadest sense to include many

data processing techniques such as enhancement, transformation, restoration,

compression, and segmentation. Image analysis is the part in which quantitative

assessments are made of interesting features on the basis of information in the

segmented image.

1.2 IMAGE SEGMENTATION

Image segmentation is the subdivision of an image into its constituent parts or

objects. In the other words, it is a processing or grouping of information in an image
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into units corresponding to similar objects. Grouped units are homogeneous with

respect to one or more image characteristics such as intensity, color or texture. Image

segmentation is one of the most complex and difficult tasks in image processing, even

though the identification of objects in an image comes naturally to the human

observer. In many application areas, the quality of the final output depends largely

on the quality of the segmented output.

Segmentation algorithms are generally based either on the concepts of
similarity or discontinuity of image features such as color, intensity, tone, or texture.

Hundreds of segmentation methods or algorithms have been developed for different

types of images and different applications. However, there is no single method which

can be considered good for all images nor are all methods equally good for particular

types of images. Almost all image segmentation techniques proposed so far are ad

hoc in nature. Also, it is not easy to compare different image segmentation

algorithms because only a small amount of effort has been placed on how to measure

segmentation error other than the simple criteria of percentage of pixels misclassified.

1.3 STUDY OBJECTIVES

The goal of this project was to find, adapt, and improve or develop image

segmentation algorithms which could be used to detect defects on Douglas-fir

[Pseudotsuga menziesii] veneer surfaces.

The specific objectives of this study were twofold: (1) to find and adapt or

develop a variety of segmentation algorithms for wood products applications, and (2)

to develop a systematic method to quantitatively evaluate the performances of those

algorithms. The algorithms were chosen to represent different categories of image

segmentation techniques, that is edge detection, thresholding, clustering, region

growing, and splitting and merging, so that there was a better chance of finding good

segmentation algorithms. If possible, the algorithms also needed to have gray-scale

and color versions because previous research work had shown that color information

was very important for some surface features such as stain and pitch streaks.
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Therefore, in the performance evaluation, gray-scale, RGB, and Lab color spaces

were considered to compare their capabilities with different algorithms and different

defect types. Also, two camera resolutions (5-bit and 8-bit) were considered because

camera resolution can influence segmentation results.



CHAPTER 2 LITERATURE REVIEW

Segmentation is the first step of image analysis which aims at either a
description of an image or classification of an image. In many applications,

segmentation quality determines the quality of final performance of the machine vision

system. A wide variety of image segmentation techniques, methods and algorithms

have been proposed for various purposes and types of images. In this chapter,

segmentation techniques and some specific methods or algorithms will be discussed.

2.1 INTRODUCTION TO SEGMENTATION

Image segmentation is the process of partitioning an image into regions that are

meaningful for their correspondence to visual objects or their parts. Each segment has

a homogeneous property such as intensity or gray-level, color, texture, and other

spatial or geometric characteristics. Accordingly, almost all segmentation techniques

are based on two basic image properties, discontinuity and similarity of image

features. When based on discontinuity, an image is partitioned when abrupt changes

in certain features occur. The principal methods in this category detect boundaries

and edges in an image and are therefore called edge detection techniques. In contrast,

when based on similarity, image pixels whose properties are similar are grouped

together to form regions. The principal approaches in this category are thresholding,

clustering, region growing, and region splitting-and-merging.

In segmentation, the algorithms commonly use a variety of approaches, such

as statistical techniques, geometrical analysis, characteristic feature analysis,

information theory, filtering, graphical searching, fuzzy logic theory, dynamic

programming, and expert systems. In spite of significant efforts over a long period

of time, there is still no "perfect" segmentation algorithm available. According to

Marr (1982), there are two reasons why the theory and practice of segmentation

remain primitive. First, in most cases the exact goals of segmentation are impossible

5
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to precisely formulate. Second, regions that have segmentation importance do not

always have any particular visual distinction. Therefore, for different purposes and

types of images, different algorithms have been developed with varying degrees of

performance. Since there is no single method which can be considered good for all

images nor are all methods equally good for any particular type of image, discussions

about algorithms in most segmentation surveys must be considered only as references

and not direct comparisons.

Fortunately, some of the shortcomings of segmentation can be partially

rectified at the high-level processing stage of image analysis by using more domain-

specific knowledge. Recently, various expert systems for image processing have been

proposed to develop image understanding systems needed for the creation of intelligent

machines with visual perception capability (Chen et al., 1989; Draper, 1989; Levine,

1985; Matsuyama, 1989; Shu, 1987; Stansfield, 1986). In such a way, the accuracy

of image analysis can be increased.

2.2 INTRODUCTION TO COLOR

Color is a perceptual phenomenon related to human response to different

wavelengths in the visible electromagnetic spectrum. It is a function of incident light,

absorption selectivity of an object, and sensitivity range of a receptor. It has long

been recognized that the human eye can only detect in the neighborhood of one or two

dozen intensity levels at any one point in an complex image due to brightness

adaptation but can discern thousands of color shades and intensities (Gonzales and

Wintz 1987; Overheim and Wagner 1982).

There are three psychological attributes that are generally used to represent

color, namely hue, saturation and intensity. To quantitatively describe color, the

C.I.E. in 1931 (Commission Internationale de L'Eclairage, 1986) defined the tri-

stimulus standard consisting of three monochromatic primaries red (R), green (G), and

blue (B) (referred to as the CIE RGB color space). Since that time, quite a few color

models or color spaces have been established to quantify and measure color.



7

Examples include CIE XYZ, CIE Lab, CIE Luv, H-V-S, NTSC YIQ (Commission

Internationale de L'Eclairage, 1986), and Ohta's 01-02-03 etc (Ohta, 1980). Each

color space has its strengths, weaknesses, and suitable application areas; no single

space has been proven universally superior. Since the review of color literature is

beyond the scope of this thesis, more general information about color, color spaces,

and transformations between the various spaces may be found in references such as

Hunter and Harold (1987), Billmeyer and Saltzman (1981), and Wyszecki and Stiles

(1967).

Research has shown that the use of color information can be very important

in image segmentation, since intensity is the only available information from a

monochrome image. In contrast, a color image also provides chromaticity information

that can overcome some of the difficulties in image segmentation. Thus, applications

involving color imaging are becoming increasingly prevalent. In image processing,

the data describing a color image is usually about three times as large as that for a

gray-scale image. This does present a greater burden on the image processing

software. However, the rapidly increasing speed of the computer compensates for that

load and makes color image processing feasible.

2.3 OPTICAL PROPERTIES OF WOOD SURFACES

For defect detection on veneer surfaces using image segmentation techniques,

it is essential to understand the optical properties of wood surfaces. The way the

color of wood is perceived by humans appears to depend on three main

characteristics: dominant wavelength, brightness, and purity. Using CIE color

measures to quantify natural wood colors, researchers have found that wood can be

qualitatively described as light reddish brown or yellowish gray. The dominant

wavelength is roughly 580 nm. Research has shown that the color of wood varies

from one type of defect to another (such as tight knot, loose knot, pitch streak, pitch

pocket, wane, stain, and decay), from defects to clear wood, from defect to defect of

the same type, from sapwood to heartwood, and from latewood to earlywood.
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However, this color variability is in brightness and purity, not in the dominant

wavelength (Gray, 1961; Lakatosh, 1966; Moon and Spencer, 1948; Conners et al.,

1985).

There are a number of factors affecting the optical characteristics of wood

surfaces, such as fiber angle, orientation of incident light relative to the wood surface,

surface roughness, moisture content, sapwood and heartwood in the same species,

wood cut from different portions of the tree, and different species. (Conners et al.,

1985; Brunner et al., 1989).

Sullivan (1967) noticed that wood color is basically two-dimensional within the

standard CIE color space, and this is further reinforced by investigations of Conners

et al., (1985), Funck et al., (1987), Butler et al., (1989, 1991), and Forrer et al.,

(1988, 1989) in their research of defect detection of wood surfaces. The color

properties of wood and defects have been discussed in more detail by Conners et al.,

(1985), Brunner et al., (1989, 1992, 1993), and Maristany et al., (1991).

While image analysis technology has been extensively used in areas such as

metallurgy, medicine, and biology, only limited applications have been reported in

wood science and the wood industry. The great variability of wood surfaces becomes

a significant obstacle in defect detection using optical imaging. Like a finger-print,

no two pieces of wood are the same. Each has its own unique grain pattern and

defect distributions. The optical properties of the wood surface, such as reflection and

color, vary between and within different parts of wood surfaces. In softwoods, the

latewood is usually darker and smoother in the same piece than earlywood. However

the latewood in one piece may be lighter than earlywood in another piece and the

latewood area in a species may be rougher than earlywood areas in a different species.

The reflection and color of defects exhibit significant variation from part to part and

species to species.



2.4 SEGMENTATION METHODOLOGY

In general, segmentation techniques can be divided into three categories: (1)

thresholding and clustering, (2) region extraction, and (3) edge detection. In reality,

the thresholding and clustering techniques belong to the region extraction category.

However, because they were used earlier and have quite a large number of

algorithms, they are usually considered as a separate category. It should be kept in

mind that these are only general classifications. Some algorithms combine several

techniques together. For instance, the spatial clustering technique is a combination

of two or three basic techniques. Consequently, different reviewers classify

segmentation techniques and methods in different ways.

2.4.1 Thresholding and Clustering

Thresholding and clustering techniques are the most popular approaches to

image segmentation. They are good for images having more or less clear modals or

clusters.

2.4.1.1 Thresholding

The characteristic feature thresholding technique is the earliest one used. It

is comparatively simpler than edge detection and region-dependent techniques, and it

is more immune to noise than edge detection techniques. It also gives closed

boundaries, although it is sometimes necessary to smooth out some of the noisy

boundaries. However, since most of the methods in this approach are based on the

assumption that different classes of segments of an image are represented by distinct

modes in the distribution of suitably chosen features extracted from the image, the

technique will fail when that assumption is not true. Another drawback of

thresholding is the difficulty in using color information.

9
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Using Weszka's classification scheme (1978), thresholding methods can be

divided into three types depending on the functional dependencies of threshold

operators: global, local and dynamic. Dynamic thresholding is very similar to local

thresholding except that it finds a threshold for every pixel in an image instead of for

the subimages or windows of an image. Therefore, Taxt et al., (1989) included it

with local thresholding and so does this segmentation survey. The relationships of

representative thresholding techniques are shown in Figure 2.1.

2.4.1.1.1 Global thresholding

Global thresholding considers information from the whole image and uses it

to find proper threshold values. It is one of the basic thresholding techniques. When

an image consists of only a few objects and background (i.e., a two-class, tri-class,

or quad-class image) and the objects have a certain degree of difference in

characteristic values than the background, global thresholding is the best and easiest

segmentation method. There are two types of global thresholding algorithms: (1)

histogram-based thresholding, and (2) nonhistogram-based or spatial information-based

thresholding (Glasbey, 1993).

Histogram-based global thresholding is the most commonly used approach.

In these types of algorithms, the threshold values are selected by histogram analysis.

A histogram is computed for the image intensity values, color values or any other

feature values and analyzed to determine a threshold setting to separate the object

from its background. Most of the histogram-based algorithms are simple to

understand and easy to implement. However, all the histogram-based algorithms have

a common drawback because they take into account only the histogram information.

As a result, such algorithms are only good at thresholding images which contain

significant degrees of contrast between the objects and its background and in which

the objects do not occupy too small a portion of the image.

Various histogram-based algorithms have been developed. Prewitt and

Mendelsohn's mode method (1966) uses thresholds that are simply chosen at the
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valleys on the gray-level histogram of images. Since this method requires modes in

a histogram, it can not be applied to images with extremely unequal peaks or to those

with broad and flat valleys. Tsai (1985) suggested the moment-preserving method in

which the thresholds were selected in such a way that the binary image had the same

first three moments as the gray-level image.

Several approaches utilize the maximum likelihood-based method on population

mixture models under the assumption of a normal distribution. It is claimed that these

methods are feasible even for images with unimodal histograms. Otsu's method

(1979) is based on discriminant analysis and also minimizes the mean square errors

between the original image and the resultant binary image. The threshold is

determined by maximizing the between-class variance of gray-scales. The minimum

error method by Kittler and Illingworth (1986) minimizes a criterion related to the

average pixel classification error rate. The method by Kurita et al., (1992) maximizes

the log-likelihood of the joint distribution and uses dynamic programming to search

for optimal thresholds.

For histograms without clear modes, a common procedure is the modification

of a histogram into one with deeper valleys and sharper peaks. Rosenfeld and Davis

(1978) used a curve thinning scheme to sharpen peaks on an image histogram. The

quadtree method by Wu et al., (1982) subdivides the entire image into quadrants if its

gray-level standard deviation is high so that the gray-level histogram of the resulting

image will have sharper peaks and deeper valleys because of the homogeneity of each

block. Rosenfeld and Torre (1983) suggested that a threshold could be determined by

analyzing the concavity structure of the histogram and a good threshold could be

found at the root of the "shoulder". Luijendijk (1991) introduced a set of new

histograms based on the count of 4-connected regions that had a better affiliation with

the ideas of histogram-based methods for automatic threshold selection than

conventional gray-level histograms.

The relaxation operation was primarily developed to reduce the local ambiguity

in interpreting objects in a scene by iterative parallel operations (i.e. , relaxation

operations). This process is used for thresholding to enhance the original image so
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that the resulting histogram will be better suited for choosing an appropriate threshold.

Hummel and Zucker (1977) suggested the probability updating method in which the

initial probability estimates of the light and dark classes at each pixel were iteratively

updated according to a predefined updating equation. For line enhancement, Peleg

(1980) proposed a Bayesian-based probability updating scheme in which the

probabilities at neighboring nodes of a graph with a vector of probabilities associated

with its every node were used iteratively to update the probabilities at a given node

based on statistical relations among node labels. Bhanu and Faugeras (1982)

suggested using an iterative gradient relaxation operation to separate a unimodal

histogram into a bimodal histogram.

The entropic method includes a large group of thresholding methods where the

optimal threshold is obtained by applying information using the theory of entropy.

Pun (1981) proposed an algorithm in which the histogram was classified by its entropy

and the threshold was determined as a function of an anisotropy coefficient.

Johannsen and Bille (1982) used the conditional probability of a gray-level and the

threshold was selected by minimizing the interdependence between two parts of a

thresholded image which was measured by the sum of two entropies. Kapur, Sahoo,

and Wong (1985) proposed a method in which the optimal threshold was defined as

the gray-level which maximizes the sum of the entropies of an object and its

background. Pal and Pal (1988) suggested using higher order entropy and conditional

entropy. The threshold is selected in such a way that the sum of entropies of two

quadrants in a co-occurrence matrix is maximum. Abutaleb (1989) extended the

common one-dimensional entropy method to a two-dimensional one where the entropy

was the function of a pair of gray-level variables which were the gray-level of each

pixel and the average gray-level value of its neighborhood. The threshold is selected

in such a way that the entropy-based function is maximized. Brink (1992) also used

two-dimensional entropies based on the local average gray-level histogram. The two-

dimensional threshold vector that maximizes both background and object class

entropies was then selected. Li and Lee (1993) solved the threshold selection problem

by minimizing the cross entropy between the image and its segmented version.
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Unlike the histogram-based algorithms which use only quantitative information

about gray-level distributions, nonhistogram-based or spatial information-based

algorithms try to use second order statistics, such as the co-occurrence matrix, to

determine the position information about pixels with that distribution. However, all

spatial information-based algorithms eventually threshold the histogram. Since they

make use of the spatial details, it is expected that they would result in a more

meaningful segmentation than the histogram-based methods. Kirby and Rosenfeld

(1979) proposed a scatter plot method which was similar to the co-occurrence matrix

method. The histogram by near diagonal entries has a deep valley while the

histogram by off-diagonal entries in the plot should have a sharp peak. Thus, the

threshold can be better determined. Deravi and Pal (1983) proposed a transition

matrices method. The threshold is selected based on two measures which are the

function of total transitions and indicate the spatial discontinuity of the segmented

classes. Pal and Pal (1987) described an algorithm that used a "homogeneity" and

"contrast" measure defined by the co-occurrence matrix.

Some algorithms employ edge information in guiding the determination of a

threshold. Kartz (1965) proposed an edge filtering method. Only edge pixels are

used to create a gray-level histogram that has a single peak at a gray-level between

the object and the background which is then used to help in choosing a suitable

threshold value. The edge weighting method by Mason et al., (1975) uses the

gradient edge operator for weighting the gray-level histogram to generate a new

histogram with sharper peaks and deeper valleys. Kohler (1981) proposed a recursive

uniform average contrast method. This method selects the threshold which generates

the highest average contrast of detected edges over the image using an expected

contrast histogram. Wong and Haralick (1984) proposed a recursive technique in

which the edge pixels are first classified and two histograms are then obtained from

those edge pixels that are relatively light and dark on the basis of their neighborhoods.

A threshold is selected corresponding to one of the highest peaks from the two

histograms. Kittler et al., (1985) proposed a simple statistical method in which the

threshold was equal to the ratio of two sums, the sum of the maximum gradient
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magnitude of the image and the sum of the product of the maximum magnitude and

gray-level value.

There are other methods that do not directly depend on the histogram and they

seem to cover a wider variety of image types. The amplitude method by Boukharouba

et al., (1985) is based on the intrinsic properties of the distribution function of an

image. In that method, the curvature of the distribution function is approximated by

a least squares method using the Chebyshov basis. The threshold is chosen at valley-

like points. Bilbro et al., (1990) used a tree annealing minimization technique to

optimally find the global minimum corresponding to the threshold of an image whose

histogram was multimodal. Zhang and Gerbrands (1991) presented a method which

was based on the determination of the transition region. The threshold value is

selected as the mean or mode gray-level of the transition region.

2.4.1.1.2 Local thresholding

A fixed threshold that is chosen based on overall information about an image

will not be appropriate in cases of uneven background, poor illumination or high

noise. In such cases, although locally the objects will still be lighter or darker than

the background, global information such an overall histogram might not be useful for

differentiating objects from the background. A threshold varying over different image

regions so as to fit the spatially changing background and lighting conditions is

needed. This is called a local thresholding.

In local thresholding, the original image is divided into smaller regions called

windows or tiles. Standard thresholding methods are then applied to determine the

threshold for each region or even for each pixel of the entire image. A smoothing

technique can be applied to eliminate discontinuities at the boundaries of two different

regions and a cleaning procedure can be applied to eliminate the incorrectly

thresholded objects.

There are some problems with local thresholding. First, if the window

contains no object, then attempting to threshold is dangerous because a threshold is
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always found by a global thresholding algorithm unless the region is completely

uniform. Second, if more than one object is present in the window, then a single

threshold may not suffice. Third, if an object overlaps several windows, then it may

be represented as several objects since several different thresholds may be used. The

final problem is the consumption of time and memory.

There are a few local thresholding algorithms (Figure 2.1). Chow and

Kaneko's method (1972) is used to detect boundaries in very low contrast and low

quality radiographic images. The original image is divided into overlapping windows;

a gray-level histogram is computed for each window; and thresholds are selected for

those windows that have bimodal histograms. Those thresholds are then interpolated

to find the threshold for each pixel in the entire image.

Milgram (1979) suggested a method called convergent evidence. The edge

map is first found from a smoothed image using a median filter, and then the

smoothed image is thresholded at all gray-levels above the mode of the histogram.

Finally, thresholded candidates are then accepted or rejected based on the coincidence

of an edge map with a region boundary. Only the one defining the greatest

coincidence of threshold region border and edge is deemed valid for a particular

region.

In the minimum and maximum method, Bernsen (1986) used an overlapping

window for finding the threshold for the center pixel in the window. The threshold

is defined as the mean of the maximum and minimum values of the pixels in that

window. Such a threshold has second-order derivative behavior.

Yanowitz and Bruckstein (1988) proposed the method employing gradient

information. The locations of maximum gradient are used as pointers to positions at

which the gray-level of the original image is sampled. Interpolation is used to find

threshold values for every pixel in the image. Finally, the thresholded image is

cleaned by a validation process to remove incorrectly thresholded objects.



2.4.1.2 Clustering

Strictly speaking, the clustering technique is a multidimensional extension of

the concept of thresholding. A clustering method is used to group the points in the

characteristic feature space into clusters. Typically, two or more characteristic

features are used and each class of regions is assumed to form a distinct cluster in the

space of these characteristic features. These clusters are then mapped back to the

original spatial domain to produce a segmentation of an image. Unlike thresholding,

clustering not only includes gray-scale but can use any feature, for instance, a color

feature. This is why many color image segmentation algorithms belong to clustering.

A number of representative algorithms are listed in Figure 2.1.

Clustering does have problems. First, adjacent clusters frequently overlap in

the color space and this causes incorrect pixel classification. Second, the clustering

is more difficult when the number of clusters is unknown, as is typical for

segmentation applications. Third, since it uses the pixel as a unit and compares each

pixel value with every other pixel value, the clustering method usually requires long

computation times.

2.4.1.2.1 Multidimensional extensive threshold clustering

The multidimensional extensive threshold clustering technique is just as the

name implies in that it is a direct extension of thresholding techniques because a

multidimensional histogram is used for clustering the original image pixels. In this

kind of technique, it is difficult in automatically choose the modes in the

multidimensional feature histogram, especially when the dimension of the feature

vector is large. In segmenting cervical smear images, Aggarwal et al., (1977) used

a two-dimensional thresholding at a pre-set gray-level to extract the nucleus, or

cluster.
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To cluster large quantities of LANDSAT images, Narendra and Goldberg

(1977) used a non-parametric clustering algorithm. In their method, a 4-dimensional
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histogram is computed to reduce the large pixel data to a much smaller number of

distinct vectors. The vectors are clustered using the histogram count as a probability

density estimate. Goldberg and Shlein (1978) used the idea of the multidimensional

histogram of four bands for multispectral images. The peaks in the multidimensional

histogram are used as cluster centers and all the other measurement vectors in the

histogram are assigned to the nearest cluster center.

Celenk (1990) used only a one-dimensional histogram for CIE Lab color space

images. Image clusters are detected by estimating their distributions in some well-

defined decision volumes of the constant lightness and constant chromaticity network.

Then the estimated color clusters are projected onto a line using the Fisher linear

discriminant criterion for one-dimensional thresholding.

The peak-climbing algorithm by Khotanzad and Bouarfa (1990) identifies the

significant peaks of a multidimensional histogram of the vectors to be clustered. The

feature vectors are calculated from small local areas of the color image.

2.4.1.2.2 Spatial clustering

By Haralick and Shapiro's definition (1985), spatial clustering is a technique

which combines the mode seeking technique with a region growing or spatial linkage

technique. In general, spatial clustering is computationally more time consuming than

extensive threshold clustering since one more step of pixel clustering is needed. Since

many of these algorithms also depend on the same mode seeking as is found in

thresholding algorithms, their application limitations are almost the same as for

thresholding.

Haralick and Dinstein (1975) proposed a gradient thresholding algorithm

applicable to multi-spectral image data. The gradient image is thresholded by a

threshold of each subset which is the mean of the gradient values of resolution cells

in that subset. A sequential labeling procedure is used and the labeled connected

regions are clustered in the cleaned image.
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The shared near-neighbor clustering method is one of the typical agglomerative

clustering methods and is particularly effective in detecting chain-like clusters.

Jarvis's shared near-neighbor clustering algorithm (1977) links spatially adjacent

elements on the basis of a similarity measure derived from considering the shared

near-neighbors in feature space selected from among an extended spatial neighborhood

centered upon the adjacent pair of elements. Hattori and Toni (1993) used a

similarity matrix in clustering based on fuzzy set theory. However, in contrast with

fuzzy clustering, no transitive relation is necessary between the elements of the

similarity matrix in the algorithm.

The k-means clustering method by Coleman et al., (1979) iterates on the

number of clusters and evaluates the clustering based on the parameter of clustering

quality. Brailovsky (1991) introduced a probabilistic-based clustering algorithm by

using the K-means algorithm and the mean square error of clustering as the estimate

of clustering quality.

Fukada (1980) suggested a shortest distance method for color images. The

original image is repeatedly divided into nonoverlapping squared regions until all

regions are uniform. The vectors of uniform regions are used as kernel candidate

vectors. These kernel candidates are then merged using the merging distance and

grouped into several clusters.

The methods based on fuzzy theory play an important role in spatial clustering.

Fuzzy c-means algorithms use iterative optimization of an objective function based on

a weighted similarity measure between the pixels and each c cluster center. Local

extrema of the objective function are indicative of an optimal clustering of the image

data. This technique encompasses a large group of algorithms in spatial clustering.

Huntsberger et al., (1985) modified the c-means algorithm to segment a full color

image. The iterative algorithm consists of an initial clustering of a randomly chosen

sample of pixels taken from the input image into 4 clusters. The cluster centers of

this sample are used to calculate membership functions for all of the pixels in the

image. Trivedi and Bezdek (1986) suggested an approach which utilized the region

splitting concept and a pyramid data structure for hierarchical analysis of aerial
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images. The fuzzy c-means clustering algorithm is also used to partition the

measurement vectors. Cannon et al., (1986) exemplified an approximate fuzzy c-

means implementation based on replacing the necessary "exact" values in the fuzzy

c-means equation with estimates to reduce the complexity of the fuzzy c-means. Lim

and Lee (1990) combined thresholding and fuzzy c-means together. They used

thresholding to do the coarse segmentation while the remaining unclassified pixels

were assigned to the closest class using fuzzy c-means. To detect clusters that can be

described by shell-like subspace, Dave (1990, 1991) proposed the fuzzy C-shells

algorithm and fuzzy adaptive C-shells algorithm. Krishnapuram et al., (1993)

generalized them into a fuzzy C quad shells algorithm to overcome the difficulty in

finding curves.

2.4.1.2.3 Other clustering methods

Pyramid-based methods by Burt, Hong and Rosenfeld (1981) describe a spatial

clustering scheme which uses a pyramid structure. Each successively higher layer of

the pyramid is an image having half the number of pixels per row and half the number

of rows of the image below it. The segmentation is based on the local average gray-

level, while the estimated gray-level assigned to each image node is the average

computed over the entire segment containing that node. The node is linked to the

corresponding "most similar" father node.

Pietikainen and Rosenfeld (1981) extend Burt et al., 's pyramid-based method

to segment an image using a texture feature. The texture feature used is a second-

order gray-level statistic "contrast" which is the moment of inertia of the co-

occurrence matrix about its main diagonal. The global information is obtained from

the upper pyramid levels in order to get good segmentation for the texture image.

Amadasun and King (1988) proposed an approach which combines clustering

with the region growing concept. Essentially, the original image is divided into a

number of nonoverlapping square neighborhoods, and each neighborhood is tested for

uniformity. The mean feature vectors are computed for all uniform neighborhoods.
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If the number of mean feature vectors is less than the number of categories, then the

uniformity criterion is considered too strict and is relaxed. If the number of mean

vectors is greater than the number of categories, the two most similar mean vectors

are determined. The normalized Euclidean distance is used as a measure of similarity.

2.4.2 Region Extraction

Region extraction techniques utilize the property of similarity to segment image

data by grouping pixels such that they are all contiguous and similar, or

homogeneous, from some well-defined mathematical point-of-view. Hence, they offer

good noise immunity and do not require as much reliance on semantic knowledge as

edge detection techniques. The region-based approach has the advantage of being able

to detect textured objects, unlike simple thresholding and most edge detectors.

One strategy of region extraction, splitting and merging, is the dividing of an

image into basic regions, either by adjacent identical points or arbitrary small regions,

and then merging the adjacent regions into one region if they are similar while

dividing a region into smaller regions if it is not uniform. The similarity and

uniformity criteria for merging and splitting produce different algorithms. Another

strategy, called region growing, involves finding the region seeds first and then using

similarity criteria to grow the spatially adjacent pixels to form the regions.

Problems with the region based methods can arise in the selection of initial

regions or region seeds and in the selection of the merging or splitting criteria. Also,

a partially processed image would not contain a few clear, dominant regions in the

image, but would contain many small unmerged regions. The merging and splitting

techniques usually produce square-shaped boundaries. Some of the existing algorithms

are listed in Figure 2.2.
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Figure 2.2. Examples of region extraction algorithms.
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2.4.2.1 Region splitting and region merging

In the splitting and merging technique, the original image is first divided into

small regions that are split or merged according to certain uniformity or homogeneity

criteria. For region splitting and region merging, the quadtree data structure is

commonly utilized; that is, if a region is not uniform, then it is divided into its four

quadrants, and if any two or three quadrants are similar, then they are merged

together. The uniformity and similarity criteria can be based on statistics, edge

information, or histogram modes of certain image features. Usually, the splitting and

merging methods are distinguished by their uniformity and similarity criteria.

Split and merge has been shown to be the most computationally efficient

algorithm for region-based segmentation. It is comparatively easy by involving a

variety of different methodologies, such as thresholding and edge detection. It also

takes advantage of the quadtree data structure which facilitates a well-understood and

concisely coded implementation. Finally, the split and merge algorithm has

modularized the content of a predicate, or measure of region homogeneity. This

modularization allows the implementor to experiment with a variety of predicates to

handle complex data, while providing data independence in a manner analogous to

machine independent programs.The main drawback of splitting and merging is that it

does not provide a unique solution; a different initial partition produces different

results. This is because the procedure is sequential so that the result depends on the

processing order. Another problem is that almost all algorithms use local information

heavily. There is no simple way to incorporate global information into the model

unless the class of images dealt with is restricted. The third problem is that the

resulting boundary found by the splitting and merging technique is usually more or

less stepwise in shape caused by its inherent methodology that the boundaries have

only two directions, horizontal and vertical.
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2.4.2.1.1 Region splitting

Region splitting is a top-down process. The whole image is treated as a

starting point, and then it is successively divided into smaller and smaller regions until

certain uniformity criteria are satisfied.

A thresholding method by Ohlander et al., (1978) employs the best peak in

some feature histograms to divide the region being considered. Tominaga (1986)

described a method for segmenting a color image by a recursive thresholding method

using the three histograms corresponding to H, L, and S of the Munsell color space.

The whole image is partitioned into two sets of subimages using two threshold values

derived from the lower bound and the upper bound of the most significant peak in the

three histograms. Then the thresholding process is repeated for the extracted

subregions until either no significant peak exists in the histograms or the sizes of

subregions become very small.

Conners et al., (1984) proposed a method which is mathematically developed

as a series of hypothesis testing using texture operators. The primitive operators used

to drive the segmentation are texture measures derived from co-occurrence matrices.

At every level the procedure differentiates uniform regions from boundary and

unspecified regions. It then assigns a class label to the uniform regions. The

boundary and unspecified regions are split to form higher level regions.

Lee (1986) described an algorithm in which a quadtree structure was used to

store the split results at different levels. The histogram is used as the criterion for

splitting. The segmentation will proceed to small scope views only if the result at that

level is not satisfactory according to a specific criterion.

2.4.2.1.2 Region merging
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Region merging is a bottom-up process. An image is initially divided into a

large number of small regions which are then merged to form larger regions. The key
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point for merging is the initial size of the small regions because it determines the

merge order and therefore decides the result of the segmentation.

Phagocyte and the weakness heuristic method by Brice and Fennema (1970)

break the image into tiny regions of uniform gray-scale. Then a pair of heuristic

phagocyte and weakness are used to merge these regions. Regions having strong

uniformity are called phagocytes which become the merge seed, while the regions

having weak uniformity are called weaknesses which will be merged with a

phagocyte.

The first-order and second-order statistics method by Gupta and Wintz (1974)

uses a minimum distance classifier which interprets each initial region as belonging

to one of a small predetermined number of different classes. Neighboring regions are

merged based on their statistical similarity. The similarity measure is based on the

hypothesis testing of first- and second-order statistical properties of the elementary

regions.

Browning and Tanimoto (1982) modified the spliting-and-merging algorithm

of Horowitz and Pavlidis (1974) to make the split-and-group-with-linking method.

They omit the merging step and add grouping followed by a linking procedure so that

the memory required is reduced. Moreover, since vertical and horizontal linldngs are

introduced, the edge information is incorporated into the segmentation decision.

Gamboa° (1986) proposed an algorithm which simultaneously used the region

means and gradient estimates over the boundaries of the regions. The region means

are for merging, that is, two regions are merged together if their means are similar;

the gradient is for control, that is, the merging process terminates when the true

boundary of a region is reached.

2.4.2.1.3 Region splittin2-and-mer2ing

The combination of region splitting and region merging increases the quality

of segmentation and increases processing speed while maintaining small memory

requirements. A split-and-merge procedure begins with an arbitrary partition not
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satisfying a criterion condition and produces a partition satisfying the condition by

both merging and splitting operations.

The quadtree-structured method by Horowitz and Pavlidis (1974) is the first

attempt to split-and-merge by using a quadtree data structure. In their method, a

predetermined error tolerance of brightness of each pixel over a region is used as the

criterion for merging and splitting. Many splitting-and-merging algorithms use this

data structure. The main problem with this sort of split-merge is that the edge

segments formed have only two orientations (horizontal and vertical), and their

position is restricted by the borders of the quadtree nodes.

The mean difference method by Chen and Pavlidis (1980) regards image

segmentation as an estimation problem. Its uniformity measure is defined as the

estimated mean difference in brightness between two sample regions as compared to

a predetermined threshold.

The relaxation method by Bahrain and Parvin (1984) uses the region splitting

kernel based on two class relaxation techniques to control the convergence of the

segmentation process. Bhanu and Parvin (1987) improved this method by basing the

criterion for splitting on a generalization of a two-class gradient relaxation method.

The compound predicate method by Doherty and Bjorklund (1985) segments regions

of high texture into single entities as well as those with similar gray-scale statistics.

The compound predicate combines the use of a first-order average gray-level for areas

with low texture with the use of a second-order inverse difference moment texture

measure for areas with high texture. To improve the performance of the compound

predicate method, Doherty et al., (1986) suggested a split-merge-merge procedure.

An additional texture-based merge step produces improved segmentation results for

regions that have been over-segmented by spliting and merging when using the mean

predicate.

To improve the property of splitting-and-merging algorithms that produce

results dependent on the order of processing, Cheevasuvit et al., (1986) use a graph

representation of the splitting-and-merging procedure as described by Horowitz and

Pavlidis. This graph provides a flexible and powerful description of the temporal
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behavior of the sequence in terms of continuity, merging, splitting, birth, and decay

of homogeneous and robust areas.

The intensity surface fitting method by Laprade (1988) approximates the

image intensity surface by planar facets. A region is facet fitted by least-squares, then

a combination of an F-test about residuals of surface fitting and a mean predicate of

that region is used to test the uniformity of the region.

The method using localized feature analysis and statistical tests by Chen et al.,

(1991) combines the strength of characteristic feature analysis and a hypothesis model

to produce an initial segmentation. All the parameters are computed automatically on

the basis of the characteristic features. Those parameters provide the hypothesis

model with appropriate constraints to test the region homogeneity.

Wu (1993) proposed an adaptive split-and-merge algorithm which tried to

overcome the main problem of quadtree-structured methods. In his method, a

recursive optimal four-way split and the RAG-guided (region adjacency graph)

minimum cost merge are used to improve the two-way edges in the conventional split-

and-merge. Its novelty is in splitting a nonuniform region along the strongest edge

in it and merging two over-split regions if their border is not a valid edge.

2.4.2.2 Region growing

Region growing is the process of joining neighboring points, or collections of

points, into larger regions subject to some criteria. The region growing technique

treats an image on a pixel by pixel basis. The algorithm begins with a seed location

and attempts to join neighboring pixels to this growing seed until no neighbors can be

joined to it; it directly compares adjacent pixels and carries out the merging process.

The main problem with the region growing approach is how to choose the region

seed. Another potential problem is an inherent dependence on the order in which

pixels and regions are examined. The computation burden of region growing can be

significant. The different criteria used for controlling the region growing or merging
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produce different algorithms. These criteria are commonly the uniformity measures

for the region or for the pixel group. They are naturally ad hoc.

Levine and Shaheen (1981) proposed a scheme in which the color features for

the RGB color space were the means and standard deviations of the three color

components for every region. Regions are grown provided that the difference between

each color feature for the pixel and the average feature value over the region is less

than a specified threshold.

Asano and Yokoya (1981) suggested two algorithms called nearest neighbor

and relative similar methods. In the first algorithm, each pixel is compared with its

four neighboring pixels and merged with its closest neighbor. In the second

algorithm, pixels are considered to belong to the same region if their difference is less

than the minimum value of the average of gray-level differences between the pixel

being considered and its surrounding 8-pixel neighborhood.

To segment bone marrow cell images, Chassery and Garbay (1984) used a

method based on contextual color and shape. It combines local information, color,

and global information to control the aggregation step. The luminance, saturation and

hue are used as color features. A color reference is computed as the mean color of

initial points. Points displaying colors similar to the reference color are aggregated

to the initial points and the reference color is then updated. The convexity shape test

is performed at each step, based on a convex hull and a mask areas comparison, to

restrict the region growing.

In the facet model method by Pong et al., (1984), the constants of a gray tone

surface, which is a sloped plane of a region, are estimated using least-squares. The

facet modal tells that regions are connected sets of resolution cells whose gray tones

belong to same polynomial surface.

Gambotto and Monga's method (1985) processes all the regions in an image

in a parallel and hierarchical fashion. It assumes that each pixel is a region. Merging

is performed at each iteration and is based on the analysis of the mean gray-level

within neighboring pixels. The merging criterion is iteratively modified in order to

allow new regions to merge at subsequent iterations. The second criterion, which
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involves an estimate of the mean gradient over the common boundary of adjacent

regions, is used to control the region growth.

The information-directed method by Ranfat and Wong (1988) uses a method

directed by a resolution dependent texture information measure. This measure,

indicating how typical an image block is with respect to other blocks in the image,

is used for region initiation. Then it uses the information measure together with a

texture distance measure to detect the growth of various homogeneous seed regions.

There is a group of methods specially developed for textured images. They

use random fields to model the textured regions, estimate certain feature probability

of the regions, and then grow the pixels to form regions in such a way that estimation

is maximized. The maximum a posteriori method (MAP) by Therrien (1983) utilizes

a Markov random field model to represent the occurrence of textured regions.

Segmentation of the image is then treated as a region estimation problem. Maximum

likelihood and maximum a posteriori estimation are applied to estimate regions of

similar terrain. Therrien (1985) extended the MAP method to color images by

considering three color components R, G, and B together. Cohen and Cooper (1984)

proposed two noncausal Markovian random field model methods. In each, the data

are modeled as one of C noncausal 2-D Markovian stochastic processes. Image

segmentation is realized as the true maximum likelihood estimation. The first

algorithm is hierarchical and uses a pyramid-like structure while the second algorithm

is a relaxation-type. The Gibbs random fields model method by Derin and Cole

(1986) uses the Gibbs random fields. The algorithm seeks to obtain the MAP estimate

of the region process using the textured image data. The maximization is carried out

recursively by making use of a dynamic programming formulation.

Reed et al.., (1990) introduced the diffusion idea to texture image segmentation.

This approach allows the region growing process to take place not only between

adjacent pixels in a region but between randomly selected pixels in the entire image.

The image is modeled by a pseudo-Wigner distribution. Wong and Derin (1992) used

Markov random fields as components of the image model. Their algorithm

determines the number of regions of the image through a model fitting criterion tagged
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on to the segmentation algorithm. Oe (1993) proposed a new discriminant function

for the segmentation that measures the statistical difference between two textures by

using the two-dimensional autoregressive model and Kullback information (Kullback,

1959) which can measure the distance between two probability distributions.

Reed (1993) wrote a paper reviewing texture segmentation in which more

algorithms are discussed in greater detail.

2.4.3 Edge Detection

An edge is the separation of two regions in an image that have different

features, such as gray-level, color, texture patterns, etc. Because edge detection is

a technique based on the detection of discontinuity, it searches for parts of the image

where a transition occurs from one uniform region to another. Many edge detectors

for gray-scale images can be modified for color images. This is a significant

advantage of edge detection over thresholding. Since edges are local features, they

are determined using local information. To utilim edge detection

techniques, the image must have a certain degree of abruptness between objects and

background.

In the edge detection techniques, the edge must be collected into line segments,

and these line segments must then be grouped into objects. Usually these systems

require a well-defined model to allow the grouping of the segments into objects.

Problems can arise when edges are not well defined or too many edges occur. The

greatest disadvantage of edge or line oriented segmentation systems is the need for

grouping the line segments into coherent regions. Other problems with edge detection

techniques are that: (1) sometimes the detected edges are not the transitions from

object to background but the transitions inside the background or objects, (2) the

detected edges often have gaps in them at places where the transitions between regions

are not abrupt enough, and (3) edge detection is computationally expensive.

Edge detection techniques can be classified into two classes: parallel and

sequential. A number of algorithms are listed in Figure 2.3.



Parallel
Methods

Sequential
Methods

-- Robert's operator
-- gradient Prewitt's, Kirsch's,
operators & Sobel's operators

gradient-like operator
compass masks method

Marr-Hildreth's operator
- zero-crossing Haralick's operators

operator nonlinear Laplace operator

Hueckel's operator
Hueckel's -- generalized Hueckel's

-- optimal operator for color image
operators -- median-based hybrid method

-- symmetrical exponential linear operator
Petrou & Kittler method

-- Duda & Hart method
Kimme et al. method

-- line & curve Shapiro method
fitting -- -- generalized Hough transform

Hough transform -- sloped-surface fitting
- adaptive Hough transform
Hus & Huang method

-- Li et al. method

Lester et al. method
heuristic E dynamic programming method
search method line fitting method

- maximum likelihood test
-- sliding test method

-- statistical Wilcoxon and median linear tests
rank tests -- Latin Square test

- maximum t-square test
-- vector order rank test

color difference histogram method
-thresholding method based on human

methods psychovisual phenomena
noise-based method

--methods based E fuzzy S & Phi method
on fuzzy set fuzzy c-mean method

-methods using E Hauser method
information entropy operator

theory

-- guided search E method using planning
methods method using hierarchical

data structure

[-:

heuristic search method
dynamic programming method
tree searching based on Markov model
sequential learning method

Figure 2.3. Examples of edge detection algorithms.
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2.4.3.1 Parallel edge detection

In parallel edge detection, the decision of whether or not a set of points is on

an edge is not dependent on previous decisions of other sets of points laying on an

edge. So the edge detection operator may be applied simultaneously everywhere in

the image. Parallel edge detection raises the issues of how to choose the window size

or the size of the region in which the detectors operate and the local optimality for

determination of edge pixels.

Probably the biggest group of the parallel edge detectors is the differential edge

operators. The mathematical principle of differential operators is that the

first-order derivative is big or the second-order derivative equals zero at the place

where the discontinuity occurs. The gradient edge detector is good at detecting sharp

edges. It is the most popular edge detection technique because it has a

well-understood mathematical model, is easy to implement, and computationally is

comparatively inexpensive.

Unfortunately, the gradient operators have a number of problems. One of

them is the response not only to edges but also to isolated points. The second is the

inherent bias in the estimate of edge direction because all gradient operators are the

approximations of derivatives. The third is sensitivity to the presence of noise in the

image data. That problem can be alleviated by increasing the

processing neighborhood size, but this is usually at the expense of an increase in

estimate bias and also in errors in the processing of small or thin objects. Usually,

the bigger the neighborhood size, the bigger the inaccuracy of the edge position.

Quite a few such edge detectors exist based on the digital approximations on

variations of first derivative (gradient) and second derivative (Laplacian) operations.

Examples of gradient operators are Robert's cross operator with a 2 by 2 window size

(1965) versus Prewitt's (1970), Kirsch's (1971), and Sobel's (1973) operators with a

3 by 3 window size. The main difference between these operators is the weights

assigned to each element of the 3 by 3 or 2 by 2 template. Their performances
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change depending upon the image type but quite a few researchers have found that the

Sobel operator performs best.

It is worth mentioning the compass edge detector proposed by Robinson

(1977a, 1977b). This is a detection system which makes use of any 3 by 3 compass

gradient operator. The edge angles are quantified for eight equally spaced directions.

The edge value is the maximum gradient magnitude and the phase value of the

gradient is used to test the connectivity of edges. For a color image, the edges are

obtained by comparing the 24 gradient values for each of the three color component's

eight directions. The gradient that gives the maximum value at a point thus

determines the direction of the edge, whether due to a discontinuity in the first,

second or third color component. Any kind of gradient edge operators can be

employed in this compass mask system. Robinson tried to consider eight directions

instead of the two directions in gradient operators to increase the accuracy.

Zero-crossing-based edge detectors are also second derivative operators and

were first suggested by Man and Hildreth (1980). They determined that the

appropriate edge operator is a Laplacian-Gaussian because it minimizes noise and

produces continuous line-like edges. In this approach, wherever an intensity change

occurs, there will be a corresponding peak in the first directional derivative, or

equivalently, a zero-crossing in the second directional derivative of intensity.

Haralick (1984) developed a directional second derivative step edge operator based on

the cubic facet model. The measure of gradient strength is the maximum value of the

integral of the first directional derivative taken over a rectangular or square

neighborhood, the maximum being taken over all possible directions for the directional

derivative. To improve the performance of Marr-Hildreth's operator, Vliet et al.,

(1989) suggested a nonlinear Laplace filter which takes the second-order-

derivative-like operation on the most relevant direction perpendicular to the local edge

direction. After studying general zero-crossing-based edge detectors, Lee et al.,

(1993) mathematically derived a new zero-crossing edge detector which is optimal in

the sense of signal-to-noise ratio. The operator they found is bell-shaped but different

from a Laplacian-Gaussian.
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The third group of edge detectors is called optimal edge detection because the

technique is based on optimizing a certain cost function or criterion which is from

information theory, a signal processing technique, or from empirical results. The

optimal operator is usually computationally expensive and the optimization is

theoretically realistic but hard to implement. Heuckel's operator (1971, 1973) used

a circular neighborhood instead of a square one and the operator performed best when

given an empirical edge element characterized by a step function. Nevatia (1977)

generalized Heuckel's operator for color images, in which the optimal steps were

computed separately for the three components.

Neuvo et al., (1986, 1987) proposed a median-based hybrid detector based on

a combination of linear filters followed by a median operator. The linear filters are

designed to have an edge detection characteristic and special response properties such

as small noise gain or short edge response, while the median filters have good noise

cleaning and edge preserving properties. To improve noise immunity and precision

of Laplacian-like edge operators, Shen and Castan (1986) derived a symmetrical

exponential linear operator. They found that the optimal filter is a symmetrical

exponential filter which has a similar noise eliminating effect compared to Laplacian-

Gaussian filter but localizes edge points with better precision. Petrou and Kittler

(1991) developed an optimal edge detector for ramp edges using an optimal filter

approach established by Canny (1986). They model the ramp edges as an exponential

function and find the optimal function which maximizes the good locality measure

which is inversely proportional to the standard deviation of the distribution of points

where the edge is supposed to be.

Another large edge detector group includes line, curve and surface fitting.

They are particularly designed to detect certain types of edges such as straight lines,

circles, ellipse, or parabolas. Therefore, they may behave poorly in detecting other

sorts of edges. The basis for most of these methods is the Hough transformation.

The Hough transformation uses an angle-radius parameter as developed by Duda and

Hart (1972) as a way of detecting collinear points. Kimme et al., (1975) extended and

improved the circle-finding concept by extending the Hough straight line finder.
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Shapiro (1975) extended the Hough transformation to detect arbitrary curves in the

presence of noise. Ballard (1981) generalized the Hough transformation method for

detecting lines, circles and parabolas by use of directional information. Haralick's

sloped-surface fitting method (1980) uses a surface fitting model by which edge

detection can be done. His framework is based on the sloped-facet model which

assumes that regions of image segments are maximal areas which are sloped planes.

Edges are declared to exist at locations of local maxima in the F-statistic edge strength

picture. Illingworth and Kittler's adaptive Hough transform (1987) is a more flexible

variation of the Hough transformation. Hsu and Huang's partitioned Hough

transformation (1990) uses parameter space decomposition to detect three-dimensional

shape. Li et al., (1993) published an algorithm called the linear generalized Hough

transform. For a more detailed discussion and review, see the survey about Hough

transforms by Yuen et al., (1990) and Leavers (1993).

Heuristic search methods can be guided by other techniques embedded in the

cost functions. There are a few algorithms in this group. The gradient combined

with a thresholding method as proposed by Lester et al., (1978) incorporates both

threshold and gradient information in the cost function to guide the search. The basic

cost is lowest at points where the gradient is comparatively high and the average gray-

level in the immediate area is close to the threshold value which is the average gray-

level of nine neighborhood pixels.

Montanan i (1971, 1972) suggested using dynamic programming techniques to

perform low-curvature edge detection. A figure of merit representing the heuristic

information is used to determine the relative value of different paths but is not used

to guide the search as in the heuristic search case. A line fitting method by Furst and

Caines (1984) locally fits the best line. The regions for the application of the dynamic

programming technique are selected by first decomposing the entire image into equal

square regions and then breaking into four equal subsquares any region where the

error count exceeds a fixed tolerance.

Statistical testing is a common tool to detect the discontinuities in an image.

The main problem with these methods is that an assumption about feature distribution
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of an image is made (commonly assumed to follow a normal distribution). Therefore,
the method will fail if the real distribution of the feature in an image is different.

Yakimovslcy (1976) assumed that regions are normally distributed and used a
maximum likelihood test to determine edges. Souza (1983) discussed the problem of

detecting edges in one-dimensional profiles in his sliding statistical tests method. He

suggested that edges can be detected by locating the positions where a function
computed over the window undergoes a particular type of turning point. The function

is dependent upon the nature of the problem and five different functions are based on

statistical tests (t-test, tau test, F-test , X-test, and the log likelihood ratio test). Bovik

et al., (1986) introduced two edge detectors based on nonparametric test statistics such

as the Wilcox test and median linear rank test. To find the edge of an image
imbedded in correlated noise rather than Gaussian noise, Stern and Kurz developed

(1988) an edge detector using a 5 by 5 latin-square mask. Huang and Tseng (1988)

proposed a maximum t-square test method which was the maximum of the t-square

distribution over all meaningful partitions of a n by n subimage. This statistic is a
function of mean and variance. Trahanias and Venetsanopoulos (1993) suggested

using vector order statistics to detect edges in a color image. In this approach, a color

image is treated as a vector field and the edge information carried directly by the

vectors is exploited. The edge is confirmed if its vector range is in highest rank from

the vector order.

Thresholding methods have their limitations in edge detection since they

heavily depend on global information. Generally speaking, they perform about the

same as the previously discussed thresholding methods. Pietikainen and Harwood

(1986) described a thresholding method for detecting color edges. The cumulative

histogram of absolute color differences is computed and connected to percentiles of

the distribution of cumulative frequencies. Then the color edge-value at a pixel is the

maximum percentile of the cumulative frequencies of the color differences between

the center pixel and its eight neighbors. Kundu and Pal (1986) proposed an algorithm

which is based on the human psychovisual phenomena. The threshold value adapts

with the background intensity according to the criterion governed by a characteristic
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of one of the De Vries-Rose, Weber's saturated regions. Haddon (1988) developed

a method in which the threshold was dependent only on the noise of the image and

independent of the edge content of the image. The threshold is set such that the

volume integral outside the threshold is equal to the proportion of nonedge pixels

tolerated as edges.

To detect the different regional boundaries of X-ray images, methods based on

fuzzy set theory proposed by Pal and King (1983) use the Fuzzy S and Phi function.

The edge detection algorithm uses a minimum or maximum operator which defines

the edge pixel intensity as the absolute value of the difference between that pixel and

the minima or maxima of a set of n neighboring pixels within a circle centered at the

pixel concerned. Huntsberger and Descalzi (1985) developed a color edge operator

by using the fuzzy c-mean. In their algorithm, the fuzzy membership value for each

pixel comes from Bezdek's fuzzy c-mean algorithm (1973). The color edge is defined

in the representation as the zero crossing of differences between membership values

at each pixel.

A method using information theory developed by Hauser (1984) approximately

determines the relative information content of two disjoint parts of a stochastically

modeled image which is a stochastic matrix. Shiozaki (1986) presented an entropy

operator using the entropy of brightness in a local region of an image. The entropy

of brightness ( or intensity) is a probabilistic information measure of change rate in

brightness or intensity in a region. Since the entropy is small when the change of

brightness is severe and large when the change of brightness is small, the edges may

be extracted by the detection of the regions where the entropy is small. A color edge

can be detected in a similar way.

2.4.3.2 Sequential edge detection

In sequential edge detection, the result at a point is contingent upon the results

of the operator at previously examined points. For sequential detectors, global

optimality is considered but this may be a disadvantage to have some global
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information about the image to be processed, such as the number of objects within the

image, or the maximum allowable curvature. Another disadvantage is that if a
mistake is made in any particular step, it will lead to further mistakes in the following

steps. The performance of a sequential edge detector depends on the choice of an
appropriate starting point. Sequential edge detection techniques are applicable for
images containing objects with comparatively simple shapes, a more or less uniform

background, and a priori information about edges to be detected.

The number of sequential edge detection algorithms is much less than for

parallel algorithms. The guided search method by Kelly (1971) uses the planning for

guidance. There are three steps in this procedure: first, extracting a new small picture

from the original image; second, locating the desired edges in the new small image;

and third, finding edges in the original image using the edges found in the small

image as a plan. Tanimoto and Pavlidis's method (1975) using a hierarchical data

structure generalizes the idea suggested by Kelly. A pyramid as a tree is produced

in their algorithm. The low spatial frequencies preserved in coarse pictures are useful

in finding regions of interest in fine pictures at low cost. Edge detection is

accomplished by using a recursive refining algorithm from near the top (coarse

picture) of the pyramid to the bottom (fine picture) of the pyramid.

Heuristic search techniques use state space search methods with heuristic

information used to limit the space to be searched. Martelli (1976) formulated the

edge detection problem as a heuristic search for the shortest path on a graph.

Properties of edges are embedded in an objective function and the edge which

minimizes this function is sought.

Elliott and Srinivasan (1981) proposed a dynamic programming boundary

detection algorithm based on a Markovian boundary generation model which is a

sequence of states in a Markov chain. The algorithm uses dynamic programming to

estimate the short boundary segments, and then these short segments are pieced

together to form complete boundary estimates by use of a graph search procedure.

Eichel and Delp (1985) proposed a special type of the Markov random field

model, the D-SIM field, for the correlated image data in sequential tree searching
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algorithms. Their technique explores and ranks potential edges according to a log-
likelihood statistic. The sequence of observations along a path in a correlated random

field is modeled as an autoregressive moving average process. At each iteration of
the algorithm, one of the paths explored so far is extended by one node.

Ghelli (1988) proposed a sequential learning method which was particularly

efficient in the cases where the background level was not strictly uniform. This

method uses the information supplied by the pixels while they have been classified as

the boundary to obtain a Bayesian updating of the information on the two classes of

object and background. This updating allows the decision rule to "learn" slow

variations of both the background level and the gradient near the boundary in the

figure region. This method works sequentially, referring to the likelihood of all the

neighbors of the previous boundary pixel, by minimizing the "a posteriori" probability

of error.

2.5 SEGMENTATION ALGORITHMS FOR IMAGE OF WOOD SURFACES

In recent years, a number of researchers have investigated the identification of

features of wood products using optical scanning technology. In 1983 and 1984,

Conners et al., produced a prototype optical scanning system to locate and identify

surface defects on boards. Their algorithm has two steps. In the first step, they

differentiate clear regions from potential defect regions using a standard Chi-squared

test. That is, if the mean, variance and skewness of the gray-levels of a region are

less than some predetermined thresholds, the region is considered to be clear wood.

Otherwise the region is considered to contain a potential defect. They reported their

algorithm to reach 99.67% accuracy in this step. In the second step, they differentiate

the types of defects by texture analysis using spatial gray-level dependence. They

reported accuracies varied from 57.35% to 88.33% for different types of defects in

the second stage.

In 1986, Poelzleitner (Austria) used the Hough transformation to identify and

classify defects, such as knots, resin pockets, bark, cracks, and regions of skip. He
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stated that the defects were successfully separated from the clear wood in about 100

test images, but no real application results nor exact accuracies were reported..

In 1987, Forrer et al., developed three algorithms for detecting defects on

Douglas-fir veneers. A statistical based algorithm, SISM, uses statistical moments

derived from the intensity and color channels and a test based on probability
estimation. This algorithm produced the best defect accuracy of 94.1%, while

maintaining a clear wood accuracy of 86.3% but did not perform well when detecting

pitch pockets and pitch streaks. A color clustering algorithm, CISM, is similar to

Fukada's algorithm but introduces spread and compactness of the clustering to mark

the outlier tile. CISM produced lower defect and clear wood accuracies in all cases.

A morphological image processing algorithm, MISM, uses the gray-level generalized

dilation and erosion described by Werman and Peleg (1985). The defect accuracy for

MISM was comparable to the SISM algorithm, but it produced a lower clear wood

accuracy. The authors showed that color information is very important in increasing

defect accuracy.

In 1989, Butler et al. ,improved the SISM algorithm (NSISM) to reduce the

overall error rate in clear wood identification by 17.3% compared to the original

SISM results. The main difference between NSISM and SISM was that a secondary

threshold was added to the conventional single threshold (primary threshold). Since

the secondary threshold was larger than the primary threshold, neighbors of marked

tiles with respect to the primary threshold were more readily marked. Also, the

secondary threshold allowed the primary threshold to be smaller so that fewer clear

wood tiles were marked as defects.

In 1989, Conners et al., described a vision system aimed at developing an

automatic cut-up system for use in the rough mills of the hardwood furniture and

fixture industry. In that system, the image size was 512 by 480 pixels with a spacial

resolution of 64 pixels per inch. While a full color image was input, only the red and

blue channels were used. The two-dimensional histogram (R and B) is formed for the

initial segmentation of the board. This 2-D histogram is thresholded to remove points

that have a relatively low frequency of occurrence on the board. The threshold is
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used to find regions of the red/blue plane associated with peaks in the 2-D histogram.

Then a region growing algorithm is applied to regions obtained by thresholding in an

effort of fill in any holes that might exist. Finally, the regions are expanded and
labeled. The region whose elements produce the largest sum of 2-D histogram

elements is assigned the clear wood label. The area of the red/blue plane that does

not belong to one of the expanded regions is assigned the label "unknown". These

labeled regions form a look-up table used to initially segment the board. The isolated

points on the board after initial segmentation are eliminated using a thinning

algorithm. A simple line-by-line algorithm was used to obtain information about how

many defects are in a region and the boundaries of the regions that contain a defect.

2.6 QUANTITATIVE EVALUATION OF PERFORMANCE IN
SEGMENTATION

The performance evaluation technique is necessary in order to establish

measures of effectiveness, reliability, and accuracy for comparisons of the different

algorithms in terms of application goals. However, the general performance

evaluation is difficult in the sense of two points. First, no measures can represent all

of the different cases in the resulting images. Second, many of the segmentation

algorithms have different purposes. Any evaluation method, therefore, must be

relatively specific. These are the reasons why visual evaluation is still a very common

method for determining image segmentation performance.

In the development of image processing techniques, a few evaluation methods

have been proposed. Most of them deal with the performances of different edge

operators and are used as quantitative comparisons of the effectiveness of various

types of preprocessing operations as facilitators of edge detection. Fram and Deutsch

(1974, 1975) proposed two measures, one for estimating what fraction of the detected

edge pixels are actual edge points and another for estimating what fraction of the

vertical extent of the edge is covered by detected edge pixels. Pratt's figure of merit

(1979) is based on the displacement of each detected edge pixel from its ideal position
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with a normalization factor to penalize for too few or too many edge points being
detected. Kitchen and Rosenfeld' s evaluation method (1981) uses local edge
coherence which combines two qualities of well-formed edges, good continuity and

thinness. Unfortunately these three methods are only useful for special images which

are syntactic vertical, horizontal, and diagonal lines, or in the most extreme case,
circular.

Levine and Nazif's general purpose performance scheme (1985) is designed for

any kind of image segmentation algorithm including both region extraction and edge
detection. In their scheme, four measures are introduced: uniformity within each

region and contrast between adjacent regions serving as parameters for region

analysis, and contrast across lines and connectivity between them for line analysis.

However, these measures are not as simple or good as Peli and Mahah (1982).

Peli and Mahah (1982) and McLean and Jernigan (1987) proposed seven

quantitative performance measures: correct detection rate (the ratio of the number of

correctly detected edge pixels to the total true edge pixels), ambiguity rate (penalizing

operators which assign multiple pixels to a desired single edge pixel), percentage of

missed edges (the number of missed edge pixels to the number of the total true edge

pixels), percentage of wrong edges (the number of incorrectly detected edge pixels to

the number of total true edge pixels), mean width of detected edge (the ratio of the

number of total detected edge pixels to the number of the total true edge pixels),

average squared deviation (or distance) of a detected edge pixel from the true edge,

and mean absolute value of the deviation (distance).

Haralick and Lee (1990) formulated the edge evaluation problem as a Bayesian

problem and generalized the edge evaluation of Kitchen and Rosenfeld. Their general

edge evaluator combines local edge coherence, edge correctness, and edge thinness

together so that it is based on the continuity, thinness, and positional accuracy of

edges.

Sahoo et al., (1988) proposed two measures for evaluation of the thresholding

algorithms, a uniformity measure adopted from Levine and Nazif and a shape measure
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which is the function of the generalized gradient value of a pixel and the average gray
value of the neighborhood of the pixel.

For the purpose of evaluating the performances of algorithms used to detect

defects on veneer surfaces, Forrer et al., (1989) used two measures, the type I error

(the percentage of "missed pixels") and type II error (the percentage of "wrong

pixels"); more precisely, the ratio of real defect pixels which are not detected to the

total number of real defect pixels and the ratio of the detected defect pixels which are

really clear wood.

Besides the measures and criteria in direct connection with quantitative

performance evaluation, shape discrimination in pattern recognition possesses some

potential for performance evaluation. Bribiesca and Guzman (1980) described how

to measure differences in shapes using a shape number. The shape number is a
description that changes with skewing, anisotropic dilation, and mirror images. The

order of a curve shape number is the length of the perimeter of a discrete shape

closely corresponding to the curve. To find how close in shape two curves are, the

degree of similarity between them is introduced. You and Jain (1984) describe the

performance evaluation of shape matching using chord length distribution. In that

method, chord lengths between all pairs of boundary points are computed and

normalized by the length of the longest chord. The set of all chord lengths is treated

as a sample distribution set. Then a Kolmogorov-Smirnov statistic is used as the

dissimilarity measure between the two shapes. Bryant and Bryant (1989) suggested

five measures for discriminating similar shapes in binary images. They are the ratio

of the boundary perimeter to the area enclosed, variance of the derivative of the

boundary, the variance of the boundary, symmetry measure, and normalized first- and

second-order moments. These measures are invariant under translations, rotations,

magnifications, and reflections. The measures are found to be error-free in
classification in low noise binary images.



CHAPTER 3 ALGORITHMS USED IN THIS STUDY

It is essential that the algorithms used in the project are suitable for optical

images of wood surfaces, particularly for images of Douglas-fir [Pseudotsuga

menziesii] veneer. Unfortunately, research and applications of machine vision in the

area of wood products have been limited; hence, no systematic survey, analysis, or

comparison of image segmentation techniques or algorithms has been conducted for

images of wood. As mentioned in Chapter 2, the performance of a segmentation

algorithm varies from image type to image type; even the performance of different

algorithms in the same segmentation category (thresholding and clustering, edge

detection, and region extraction) can be extremely different for the same types of

images. In other words, the performance of a segmentation technique is algorithm

and image dependent.

The selection and development of algorithms in this project were based on the

limited previous research. Two points were considered in selecting segmentation

algorithms. First, the algorithm itself had to be based on a mathematical or statistical

model that was not too ad hoc or specific for certain image types, and if possible, the

algorithm should have a possibility of being extended to color images. Second, the

characteristics of the subject image (intensity or color, contrast, background

uniformity, object size, and texture) had to be more or less similar to veneer images.

Therefore, in order to obtain a more general knowledge for the successive research,

several algorithms in each segmentation category had to be considered.

In this chapter, the justification, development, adaptation, or improvement of

each algorithm used in the project will be discussed in detail. The algorithms chosen

were:

(a) Characteristic feature thresholding:

the Otsu method

the Kapur et al., entropy method

the moment-preserving method

the transition-matrix method
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(b) Edge detection

compass gradient mask edge detector

nonlinear Laplace edge detector

Shiozaki's entropy edge detector

(c) Region extraction

a method combining splitting-and-merging with region growing

a method combining clustering with region growing

3.1 CHARACTERISTIC FEATURE THRESHOLD1NG

The advantages of characteristic feature thresholding techniques are that they

give closed boundaries, they are comparatively simple in both computation and

implementation, they are more immune to noise than edge detectors, there are many

existing methods, and there are many surveys and comparison studies.

The main problem with thresholding techniques is that they have limited

application areas because these methods are all based on an assumption that different

classes of segments of an image have different modes in the distribution of the chosen

features, for instance, intensity. In general, that assumption is not met by many

images of wood. Another main drawback of thresholding is that it is difficult in

extending gray-scale thresholding to color spaces. The few thresholding algorithms

for color images are either too complicated without significant performance gains or

not really color image thresholding as their name implies.

In the investigation of defects on veneer surfaces, it was found that

thresholding techniques could be used to find holes, most of the loose knots, tight

knots, some dark pitch streaks, and some dark blue stains even though most of the

veneer images did not have clear bimodal histograms. Compared with some first-

order differential edge operators or gradient edge operators such as the Sobel and

Roberts operators, manually chosen thresholds worked better for the defects mentioned

above. Therefore, although automatic thresholding would not be as good as manually

chosen thresholding, it still could be expected to have potential in detecting most of
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the common defects on veneer surfaces and might be useful in an application where

only knots and holes would be taken into account.

In 1987, Sahoo et al., gave a good survey of thresholding techniques. In their

survey, they evaluated nine global thresholding methods, namely the co-occurrence

matrix method (1978), Otsu method(1979), Pun method (1980), Johannsen and Bille

method (1982), histogram concavity analysis method (1983), Kapur et al., entropy

method (1985), Deravi and Pal method (1983), moments preserving method (1985),

and minimum error method (1986). A set of test images which had different types

of histograms was used. The shape measure and uniformity measure were used for

evaluation, where the uniformity measure was the amount of spread of gray-levels

from the average gray-level in each region for selected thresholds, and the shape

measure was an average of gradients corresponding to selected thresholds. Both

measures gave an indication of the homogeneity of segmented regions. From visual

inspection of the binary images as well as an objective evaluation based on the

uniformity and shape measures, Sahoo et al., concluded that the Otsu method was the

best and the Johannsen and Bilk, Kapur et al., entropy, and moment-preserving

methods were reasonably good methods for different types of histograms such as

unimodal, bimodal with a flat valley, and bimodal.

Lee et al., (1990) did a further investigation about performance evaluation of

five global thresholding algorithms, namely the Otsu method (1979), Wu et al.,

quadtree method (1982), Kittler and Illingworth's simple images statistic method

(1985), ICapur et al., entropy method (1985), and the Tsai moment-preserving method

(1985). Two well chosen images were used. One was a high contrast disk image

with large background variance, a rather small object variance, and a large mean

gray-scale difference between the object and its background. Another was an image

of a crane with gradual shading and roughness in the background, relatively large

variances in both object and background, and a small mean difference. Both images

had 256 by 256 pixels and 256 gray-levels. The histogram of the "disk" had a sharp

peak and a bimodal shape while the "crane" histogram had no clear bimodal shape.

The criteria for evaluation were probability of error which reflected the missed
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percentage and wrong percentage and Sahoo et al. , 's shape and uniformity measures.

Comparisons were made of the change of object size, the mean gray-level value

difference between object and background, and the signal to noise ratio. They

concluded that: (1) the performance of global thresholding techniques were limited by

the object size, the mean difference, the contrast, the variances of object and
background, noise etc., and the performances were image dependent, (2) no single

algorithm was uniformly top-ranked across test images and performance criteria, and

(3) among the five algorithms, Otsu's and Kittler and Mingworth's statistical method

showed relatively good performances.

Optical images of softwood veneer have relatively low contrast between defect

and clear wood because the dark latewood often has very similar intensity and color

values when compared to the defects. In addition, some defect sizes are very small,

and the background clear wood is nonuniform because it is comprised of latewood and

earlywood. By considering the veneer image characteristics, the algorithm itself, and

the limited comparison studies previously discussed, four global thresholding

algorithms were selected and adapted. They are the: (1) Otsu method, (2) Kapur et

al., entropy method, (3) moment-preserving method, and (4) transition-matrix method.

3.1.1 The Otsu Method

The Otsu method (1979) is one of the maximum likelihood methods utilizing

population mixture models under the assumption of a normal distribution. It is based

on discriminant analysis and also minimizes the mean square errors between the

original image and the resultant binary image. The threshold is determined by

maximizing the between-class variance of gray-scales. The mean and variance of gray

values are used as features.

Otsu tested his algorithm with five images that were all 64 by 64 pixels in size: a

picture of the letter character "A" at 16 gray-levels, two textured pattern images at

64 gray-levels, and two cell images at 256 gray-levels. All showed good results. One

of the texture images had a corresponding histogram with two peaks and a very broad
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and flat valley. This was usually difficult to threshold. Another texture image had

a histogram with one peak and a long left tail. Cell images have been widely
investigated, and in the two images used by Otsu, the boundaries both between the

nucleus and cytoplasm and between the cytoplasm and background were blurred.
Histograms of those two cell images had one clear peak, long tails and a few
ambiguous small peaks along the tails. Results of using those two images with three-

level thresholding were satisfactory. Cell nucleus, cytoplasm and background were

separated well.

The Otsu method has some advantages. First, the procedure is very simple;

only the zeroth and the first order cumulative moments of the gray-level histogram are

utilized. Second, a straightforward extension to multi-thresholding problems is

feasible by virtue of the criterion on which the method is based. Finally, the method

is said to be general because it has made no assumptions about the shape of the

histogram. It performed well in comparison studies by Sahoo et al., (1987) and Lee

etal., (1990).

The cell image is similar to gray-scale veneer images in that they both have

comparatively low contrast, no sharp boundaries between objects and background, and

very nonuniform backgrounds.

To describe the Otsu method, let the pixels of a given image be represented

in L gray-levels {0, 1, 2, ..., L-1}; the number of pixels at level i denoted by ni; and

the total number of pixels by N = no + n1 + + n1. For two-level or two-class

thresholding, let 0 denote class 0, 1 denote class 1, and k denote the threshold. The

variance of each class is then defined by equations 3.1 and 3.2.

2
k

ao = E go) 2Pi
0 i = 0

L-1
2 1ai (i 111)2P1

6)1 k+1

( 3. 1)

( 3. 2)
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The probability distribution of the ith level pi and the probability of class occurrence

CO are defined by equations 3.3 to 3.5.

i
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The discriminant function is given by equation 3.6, where the between-class variance
is given by equation 3.7 and the within-class variance by equation 3.8.

where at2 stands for the total variance and is the sum of between-class variance and

within-class variance, i.e.,

2ab

= Gr2
(3.6)

2
ab = wo(A0-1-tt)2 + 6)1(AI-1-It) 2 (3.7)

2 2 2aw = ()oao + (alai ( 3. 8)

The discriminant criterion 17 is defined as

ii(k) -
al(k) (3.9)2
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where at2 is independent of the threshold level k. The optimal threshold le is selected

such that n is maximized, or equivalently, 01,2 is maximized; that is, select threshold
value le such that

2al(k*) = max{ ab( k) , k=1, 2, ...

The extension of the method to multi-thresholding problems is straightforward.

For example, in the case of three-class thresholding, two thresholds are assumed: lc/

and k2 for each of the three classes, Co for [0, 1, ..., k1], CI for [k1 +l, ..., k2], and

C2 for [k2+1, ..., L-1]. The criterion measure Crb2 (also n) is then a function of the

two variables lc/ and k2, and an optimal set of thresholds k1* and k2* is selected by

maximizing 01,2 using equation 3.10.

5 0

2 * * 2crb( k k2) = max[ab(ki, k2) , kr< k2< L-1] (3. 10)

It should be mentioned that the selection of thresholds becomes quite difficult

as the number of classes increases because the criterion measure, 01,2, defined in a

one-dimensional scale, may gradually lose its meaning as the number of classes

increases. A diagram of the algorithm for two-class thresholding is given in Figure

3.1.

3.1.2 The Kapur et al., Entropy Method

Of the entropy thresholding algorithms reviewed in Chapter 2, the Kapur et

al., (1985) entropy algorithm performed best in the comparison study by Sahoo et al.,

(1987). In this method, the probability distributions of the object and background are

derived from the original grey level distribution of the image. Then the optimal

threshold is defined as the grey level which maximizes the sum of the object and

background entropies.
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Figure 3.1. A diagram of the Otsu thresholding algorithm for the two-class case.

Kapur et al., tested four real world pictures, an image of a building, an image

of a cameraman, and two images of human models. All images had 256 gray-levels

and the histograms of three of the images had clear modes while one image had no

distinct bimodal histogram. The "building" and "cameraman" histograms had broad

yes
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flat valleys. Kapur et al., showed that their method gave a better threshold value

when compared to others such as Pun or Johannsen and Bille.

The advantages of the method are that it belongs to a large group of

thresholding
techniques, it has a well defined information theory model and

statistical criterion, it can be extended to multi-thresholding without difficulty, and it

does not require clear modals in the histogram.

To describe the Kapur et al., entropy method algorithm, let the pixels of a

given image be represented in L gray-levels {0, 1, ..., L-1}. The number of pixels

at level i is denoted by Ili and the total number of pixels by N = no + n2 + + nL_

1. For two-level or two-class thresholding, let 0 denote class 0, 1 denote class 1, and

k denote the threshold. The entropy of each class is then defined by equations 3.11

and 3.12.

Ho
Pi Pi

- -E
i=o Pk P k

L-1

- E,12 i Log P1ii=k+I k 1 k

The probability of level i is defined by equation 3.13.

1 Vkipi = T i4.6ni
( 3. 13)

The optimal threshold le is selected such that the discriminant function defined by

equation 3.14 is maximized:

H(k) = Ho +
(3. 14)

For the multi-thresholding, suppose kl, k2, ka, are wanted, then the

discriminant function is defined as in equation 3.15.

( 3. 11)

(3. 12)

H(k1,k2,... ,k) = Ho + Hi + H2 . . . 4 H, ( 3. 15)



where

lc;

H = Log( E pj)
= _,+1

i = 1, 2, . . . , m, m +1.

and define

1(0 = 1, k,1 = L - 1

A diagram of the algorithm for two-class thresholding is presented in Figure 3.2.

3.1.3 The Moment-Preserving Method

In the Tsai moment-preserving method, the thresholds are selected in such a

way that the moments of the thresholded image are preserved, that is, the moments

of the original image are equal to those of the thresholded image. The moments of

the original image are first computed, then the moments of the thresholded image are

set equal to those moments. The threshold or thresholds are selected by solving the

linear moments equations.

The method was applied to four images: letters on a newspaper, a three-color

wheel pattern, an image of a cell, and a picture of a girl. The newspaper image and

wheel image had bimodal histograms; while the cell and three color wheel images had

trimodal histograms. The image of a girl had a four-modal histogram. Results

indicated that the pixel classes had been successfully thresholded.

All images tested had clear bimodal or polymodal histograms and no difficult

histograms showed. However, in the study by Sahoo et al., (1988), they used an

image of a "building" without a distinct bimodal histogram and the moment-preserving

algorithm still performed well.

E p Log p
j = k, +1

k,

E Pi
j = kk_rq

(3. 16)
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yes
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Figure 3.2. The diagram of ICapur et al., entropy thresholding.

The reasons for choosing di., moment-preserving algorithm are that it is well

defined from a mathematical and statistical point-of-view, it is applicable for multi-

level thresholding by solving 2N linear moments equations for N-1 threshold values,

and it covers a variety of images.

To describe the moment-preserving method algorithm, when given an image

with L gray-levels {0, 1, 2, ..., L-1} and N pixels, where N = no + n1 + +

54



5 5

(ni denotes the number of pixels at level i), then the ith moment mi of the image is

defined as equation 3.17,

L-1
1

mi
0EPiij=

where the probability of the jth gray-level is

n.
`` N

For two-class thresholding, an image can be considered as a blurred version of an

ideal bilevel image which consists of pixels with only two gray levels zo and zi (zo <

z1). The moment-preserving thresholding is to select a threshold value such that if all

gray values below the threshold in the image are replaced by zo and all gray values

above the threshold are replaced by z1, then the first three moments of the original

image are preserved in the resulting bilevel image. Let Po and pi denote the fractions

of the below-threshold pixels and the above-threshold pixels in the bilevel image,

respectively, and mr denote the moment of resulting bilevel image, then the first three

moments of the resulting bilevel image are given by the following equation.

And preserving the first three moments in the resulting image means the following

equalities:

mi =m1, i = 1, 2 , 3 .

where mi is given by equation 3.17.

Mi = Epizii, I = 1, 2, 3.
j= 0

Note that

(3. 17)

and also define mo to be 1. To select threshold k, we can then solve the following set

of four moment equations 3.18 through 3.21.



where:

1
PO = Tkr n

4' := 0

and:

L-1
1P1= TE ni 1 P

=

To find the desired threshold value Ice, equations 3.18 to 3.21 are first solved to obtain

Po and pi, and then the threshold le is chosen as the p0-percentile of the histogram of

the image as in equation 3.22.

Po = EN ( 3. 22 )
sk.

In practice, there may exist no discrete gray value exactly at the p0-percentile

of the histogram. In such a case, the threshold 1c* should be chosen as the gray-level

closest to the p0-percentile. This algorithm is diagramed in Figure 3.3.

The two-class thresholding can be easily extended to multi-class thresholding.

To threshold an image into M classes, M-1 threshold values are needed and 2M-1

moment-preserving equations must be solved.

3.1.4 The Transition-Matrix Method

All three of the previously discussed algorithms are histogram-based and

utilize information about gray-level distributions only. Since non-histogram-based

thresholding algorithms are proposed to overcome the shortcomings of histogram-
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output le as threshold

Figure 3.3. A diagram of the moment-preserving thresholding algorithm for the
two-class case.

based ones by employing spatial information, they are expected to result in more

meaningful segmentation. The special information-based or non-histogram-based

algorithms try to use second-order statistics rather than just the first-order histogram.

The commonly used co-occurrence matrix contains position information about pixels

with the gray-level distribution. The Deravi and Pal method (1983) used the transition

matrix similar to the co-occurrence matrix but reduced the computational burden. The

element (i, j) of the transition matrix specifies how frequently the ith gray-level is

followed by the jth gray-level in the specified horizontal and vertical spatial

displacements. For two-class thresholding, the total number of transitions of each

class is computed. Two measures, which are the estimates of the joint and conditional

probabilities of the intensity transition between the classes, are used as discriminant
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A 64-levelfunctions. These measures indicate the spatial discontinuity of the

segmented regions. Therefore, it is conjectured that meaningful sets of thresholds

would correspond to the minima of the two measures. Since one of the measures is

not directly related to the histogram, it is expected that it would exhibit minima even

for unimodal histograms. picture of a boy on a boat with an unimodal histogram was

tested. Such a histogram is typical for images with many different small objects such

as natural outdoor scenes or aerial photographs. The result was acceptable that the

main object (boy, building, and bank) and background (water and air) were well
separated. The extension to multi-thresholding is straight-forward by finding the

second or third minima of the discriminant functions.

There were no comparison studies about non-histogram-based global

thresholding. The reasons for choosing this algorithm are that first, the co-occurrence

matrix is widely used by many researchers; second, the criteria for threshold selection

is well defined and easy to understand; and third, it is claimed that this algorithm is

particularly designed for a unimodal histogram which is the case for images of veneer.

In an experiment for the research reported in this thesis, there were some cases

where a conflict occurred in the two measures when applying Deravi and Pal's

transition-matrix method, that is, the threshold values given by those two criteria were

unequal. In such cases, it is difficult to decide which threshold value should be used.

The better way to do it is using one criterion. It was noticed that for a bimodal

histogram, two measures always gave the same threshold value. However, since the

curve of conditional probability will exhibit minima even for unimodal histograms,

while the curve of joint probability would not, the conditional probability minima was

chosen as the only measure for finding the threshold.

In the transition-matrix method algorithm, given an image with M x N pixels

and L gray-levels

X= [X;: m = 1, . . . ,M; n = 1, . . .
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where x = k; k = 0, 1, 2, ..., L-1, an L x L transition matrix is defined for the

intensity transition between adjacent pixels on a horizontal direction from left to right

and the vertical direction from bottom to top as shown in equation 3.23.

T = [ ny I

N-1 M N
n E i A x+i= j +E E [x. i A x1= j ] (3. 23)

n= 1 PM 1 n= 1 m= 1

i , j = 0, 1, . . , L-1

The first part of the summation equation is in the horizontal direction from left to

right and the second part is in the vertical direction from bottom to top. If a threshold

value k is chosen, then the image is divided into two classes Co(k) and Ci(k):

Co( k) [x : x = 0, 1, . ,

CI( k) = [x :x = k+1, , L-1] .

Accordingly, it leads to the definition of four regions in the transition matrix

a 1 Li1} c,T=I k+k

d

i
1 b.13 ce

o 1 k k+1 L-1

CO Cl

where

k k

a = E E
i=0 j= 0

L-1 L-1

b = nu



and

k L-1

C = E
= o =

L-1 kd= E E .

j = k+1 j = 0

The discriminant function is given by equation 3.24.

1 cP(k) - 2( a + c b + d)

The first part of the summation in the equation is an estimate of

probability of Co to C1, and the second part is an estimate of
probability of C/ to Co.

The threshold is selected such that p(k) is a minimum because the lower the

value of p(k), the lower the probability that the next transition will be a significantly

different intensity class. This algorithm is shown in Figure 3.4.

3.1.5 Global Thresholding Versus Local Thresholding

The four algorithms selected are all global thresholding approaches. In this

thesis research, both global and local thresholding were considered in order to

possibly obtain better performance because previous research in the Department of

Forest Products had found that local thresholding provided better results than global

thresholding for defect detection on veneer surfaces (Maristany et al., 1993).

Because the clear wood in an image of veneer includes both latewood and earlywood,

the backgrounds found in veneer images are far from uniform. The latewood is

obviously darker than earlywood in Douglas-fir. The threshold value selected by an

algorithm usually will either not only find the defect and some dark latewood or it will

not find the defect at all.

(3. 24)

the conditional

the conditional

60



k = 0, p* = 256 image {size MxN, L gray levels}

calculation of transition matrix:

T = [nil]

flq
a-I ml [ xm, = A

+ ging ; dIA=

no

calculation:

" 2 b+d
pio = c , d )

yes

= k p* = p(k)

< L-1 ?

Xm.n+1= i]

XM+1.1122

= k+1

yes

no

output leas threshold

Figure 3.4. A diagram of the transition-matrix thresholding algorithm.

To improve performance, the strategy of clear wood testing is used to

eliminate the latewood from the thresholded image. To do this, the Sobel edge

detector is used to generate the edge strength map of the whole image. Then a critical

edge strength value is found. It is determined by establishing a threshold such that

a given percentage of pixels will have values equal to or larger than that critical edge
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strength value in the edge strength map. This is called the percentage of upper-tail

edge strengths.

In the clear wood testing, the whole image is divided into square tiles. For

tiles whose edge strengths are equal to or larger than the critical edge strength value,

the number of pixels with values greater than a certain predetermined threshold are

counted. Any tile with the high pixel count is then considered as a potential defective

tile and not a clear wood tile. The idea is that the edge strength should be high when

defects appear in a region since most of the defects have slightly sharper boundaries

as compared to those inside the clear wood.

Global thresholding has four steps:

global thresholding is applied to the whole image to select a threshold

value;

the Sobel edge operator is applied to the whole image to obtain the

edge strength map and find the critical edge strength value

corresponding to a given percentage of the upper-tail edge strengths;

the whole image is divided into square windows or tiles (except that

the right most and top most tiles may be rectangular depending on the

whole image size and the tile size), and a clear wood test is applied to each

tile to see whether or not the tile contains only clear wood; and

if the tile is a non-clear wood region, the threshold value found in (1)

is used to threshold the tile into a binary image (white to the clear

wood and black to the defect); otherwise, set all pixels in the tile to

white as the tile is a clear wood tile.

The procedure for global thresholding is shown in Figure 3.5. As mentioned

in the literature review, a fixed threshold chosen based on overall information about

an image, no matter how well-chosen, sometimes can not perform well in cases of

uneven background, poor illumination or high noise. This seems to be the case in

images of veneer where the background is very uneven. Moreover, the intensity of

some defects is very similar to or even lighter than that of the latewood. Hence, local
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Figure 3.5. A diagram of the global thresholding approach.

thresholding was considered to eliminate false defect detection and to increase the

possibility that light defects can be detected. All four global thresholding algorithms

were adapted to their corresponding local thresholding versions.

In local thresholding, the original image is divided into smaller regionsor tiles,

and the global thresholding method is used to determine the threshold for each region.

call for a thresholding
algorithm to obtain
a threshold value k
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As mentioned in Chapter 2, there are some problems in local thresholding. First, if
the window contains no object, then attempting to threshold is dangerous, since many

of the algorithms will select threshold values if the region is not perfectly uniform.

Second, if the value of the threshold is set, then it might be a problem because the

number of objects is different in each different window. Third, if an object overlaps

several windows, then it may be represented as several objects since several different

thresholds may be used. The final problem is the computational time and memory.

The main problem in this thesis project is the first one, thresholding the

regions containing only background or clear wood. Therefore, the same clear wood

testing strategy used in the global thresholding was used to determine the clear wood

tiles. The second and third problems do not present any difficulty because only two-

class thresholding is considered in this study.

Local thresholding has three steps:

the Sobel edge operator is applied to the whole image to obtain the

edge strength map and to find the critical edge strength value

corresponding to a given value of the percentage of upper-tail edge

strengths;

the whole image is divided into square windows or tiles (except that

the right most and top most tiles may be rectangular depending on the

whole image size and the tile size), and a clear wood test is applied to

each tile to see whether the tile contains only clear wood; and

if the tile is a non-clear wood tile, a global thresholding algorithm is

used to find a threshold value for that tile, and the tile is thresholded;

otherwise, set all pixels of the tile to clear wood.

The procedure for local thresholding is given in Figure 3.6.

3.1.6 Post-Processing After Thresholding

The binary image obtained by thresholding (either global or local) is not clean;

there are small spots in the background corresponding to the very dark latewood and
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Figure 3.6. The diagram of the local thresholding.

some small white spots or holes inside the detected defects corresponding to light

defect portions. Therefore, post-processing is required to clean up the image to obtain

a better result.
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One of the functions of a post-processing algorithm is to clean the image by

removing incorrectly marked spots in the clear wood. This is achieved by setting an

acceptable size of defect according to the smallest defect size discernable in the

application. In this project, the acceptable size was set to be five pixels. If the size

of a black blob is less than the predetermined acceptable size, then the blob is deleted.

Another function of post-processing is to fill the holes inside the detected defects

because all defects concerned in the study are supposed to be solid. This was done

by filling the holes of a defect blob.

3.2 EDGE DETECTION

One of the most important visual cues in nature or in any image is the
existence of sharp dark or light edges. Therefore, many edge detection techniques

have been developed in image segmentation. An important advantage of edge

detection as compared to region techniques is that most of the edge detectors have

relatively good mathematical models. Thus, the validity of edge detection methods

holds over a larger variety of images than the region methods.

One problem with edge detection techniques is that they do not perform well

when the transition between regions is not abrupt enough. This might be the case

where some defects on veneer surfaces have no obvious changes in intensity and

color, such as pitch streak or blue stain. Another problem is that the determination

of the meaningful regions under detected edges can be very difficult because the

detected boundaries of objects are often not closed. Therefore, edge following and

thinning processes must be utilized to obtain the one-pixel width closed boundary of

an object. Edge detection algorithms are sensitive to noise and can be computationally

expensive.

Though it sounds as if edge detection algorithms might not be very suitable for

some types of detect detection on veneer surfaces, they worked for 'mots and pitch

pockets in previous research in the Forest Products Department. Therefore, they are

still considered in this project.
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Although there are many edge detection algorithms, not many systematic

comparison studies exist. The references for methods of choosing algorithms are even

less than those for thresholding.

In sequential edge detection, the already-detected edge pixels exert an influence

on both the position of the next potential edge pixel and the result of its acceptance

test. Therefore, appropriate application areas for sequential edge detection techniques

are where a considerable body of a priori knowledge about the shape or the position

of the edges in an image is known and also the background must be more or less

uniform as compared to the objects. Since most of the defect edges in veneer images

are mixed up with lots of edges between latewood and earlywood and the position and

shape of a defect are not predictable, the sequential edge detection techniques did not

appear to be proper for defect detection on images of veneer.

In parallel edge detection, the algorithms which are most popular and have

good mathematical foundations, were considered first. Three edge detectors were

chosen, the compass gradient mask algorithm, nonlinear Laplace algorithm, and

Shiozaki's entropy algorithm.

3.2.1 Compass Gradient Mask Edge Detection

Robinson (1977a) described an edge detection algorithm which made use of 3

by 3 compass gradient masks. The edge angles are quantized in eight equally spaced

directions. A set of compass gradient masks can be formed by rotating any first-order

differential operator such as the Kirsh, Prewitt, or Sobel. To reduce the burden of

computation, he proposed a set of masks called five-level simple masks such that only

four of them were needed to obtain eight directions of gradients. The compass edge

masks were applied to three images (a tank, a girl's picture, and an aerial scene) and

all had acceptable results.

Robinson (1977b) extended the compass gradient masks to color images. The

color edges are obtained by comparing the 24 gradient values in three color
components and eight directions. The gradient that gives the maximum value at a
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pixel point thus determines the direction of the edge, whether due to a discontinuity

in the first, second or third color component. The binary edge map is generated by

using local connectivity in the edge direction map and a threshold map which uses a

locally adaptive threshold at each point of the image. A color image of the face of

a model was used to demonstrate the effectiveness of the method.

A common problem of the gradient operator is its dependency on

predetermined thresholds to get the edges from the edge map. Robinson solved this

problem by automatically selecting local thresholds. Also, the local connectivity

checking was said to improve the performance of the compass masks.

Gradient edge operators or first-order differential operators are a large class

of edge detection methods because the use of a gradient to detect discontinuity is

mathematically natural and feasible. The different digital approximation schemes of

a gradient or differentiation produce different gradient edge detectors. Gradient edge

operators have been proven to perform well for many types of images.

In understanding defects on veneer surfaces, Sobel and Roberts operators were

investigated in the project. It was found that the edge strength maps they generated

showed the edges of most tight knots, loose knots, and pitch pockets but not light blue

stain or light pitch streaks. Some of the boundaries between latewood and earlywood

also appeared and the defect boundaries often had gaps. If both edge pixel strength

and edge pixel angle are considered (the Sobel and Roberts operators considered only

the edge strength), better results could be expected. Also, the compass gradient

masks are capable of detecting the edge element in six directions Other than just north-

south and east-west as the Sobel edge detector does. Therefore, the compass edge

detection method was chosen to be used in this study and five different gradient

operators were included in it.

In the course of the research, it was found that the locally adaptive threshold

suggested by Robinson did not work well for veneer images because too many small

edges between latewood and earlywood were inside the image background. Instead,

a fixed threshold for the gradient image was found to be more suitable. The threshold
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for the edge strength map was chosen by hand as was the case in most of the edge
detection algorithms.

One potential improvement that could be made is the preprocessing of the
original images. Because of the appearance of many small edges inside the clear
wood and also inside some defects, a preprocessing algorithm would be helpful in

eliminating them. By applying median, mean, and Gaussian filtering, it was found

that a median filter performed best. This is because the median filter can smooth an

image without blurring the main edges.

The compass edge detection has the following three steps and its block diagram

is shown in Figure 3.7.

Smooth the original image using a color median filter;

Obtaining the gradient image and edge direction map for the original

image. The gradient image is obtained by taking the maximum

gradient magnitude of twenty-four convolution results (i.e., eight

compass gradient masks in three color components) at each pixel. The

mask which produces the maximum gradient magnitude determines the

direction of the edge at that pixel, which is one of the eight numbers

from 0 to 7 as shown in Figure 3.8. Eight compass gradient masks are

formed by rotating the differentiation mask in the x or y direction.

Some of typical gradient operators' compass sets are shown in Figure

3.9.

obtaining the binary edge map. If the edge direction vectors in a 3 x

3 grid surrounding a point satisfy the local connectivity conditions and

its gradient value is greater than the threshold value, then that point

is confirmed as an edge pixel in the binary edge map. The edge

direction map is used to determine the local connectivity as shown in

Figure 3.10. If the direction at the center of the 3 x 3 grid is k (k= 0,

1,..., 7), and if the directions of the preceding and succeeding edge

vectors are k-1, k, or k+ 1 (mod 8) for any of the eight compass

directions, then the edges are considered as connected.
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3.2.2 Nonlinear Laplace Edge Detection

The Laplacian operator itself is a mathematical operator in continuous space

and must be represented by an appropriate digital filter. A Laplacian operator is

rotation invariant. This has the advantage that high spatial frequencies in all

orientations are equally enhanced, but this may also be a disadvantage in that useful

directional information is not available. One of the disadvantages is its sensitivity to

high frequency noise so the Laplacian operator is generally a useless tool in images

with medium or low signal-to-noise ratios.

The Marr-Iiildreth operator consists of a combination of a band pass filter,

(i.e., Gaussian smoothing filter), and a high pass filter ( i.e., linear Laplace filter).

The use of a Gaussian filter improves the accuracy of the Laplace filter since the
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Gaussian satisfies two conflicting constraints, which are the bandlimited smoothing

filter in the frequency domain and localized smoothing filter in the spatial domain.

This edge operator forms the base for a second-order derivative edge detector and is

widely used.

Beckers (1986) proposed a nonlinear Laplace-like operator in a local 3 x 3

neighborhood which may perform better than a linear Laplace filter. To remove the

disadvantage of the linear Laplace filter, Vliet et al., (1989) suggested a nonlinear

Laplace filter based on the Marr-Hildreth model combined with a nonlinear Laplace

operator to develop an edge detection scheme robust enough to perform well over a

wide range of signal-to-noise ratios. It takes the second-order derivative in the most

relevant direction (perpendicular to the local edge direction), the operator can have

either a square or circular shape, and the filter size can be any value rather than just

three, thus increasing the noise immunity.

In an experiment of using a chessboard image and a circle image with Gaussian

noise added (signal-to-noise ratio from 1 to 100) and based on Pratt's figure-of-merit

performance measure, Vliet et al., concluded that their nonlinear Laplace edge

detector performed better than the Haralick cubic polynomial fitting model, Rosenfeld

algorithm, Roberts gradient operator, and was comparable to the Marr-Hildreth

operator but offers a faster implementation and any size of square and circular shapes

of the filter window could be used (in their experiment, sizes 3, 5 and 7 were

studied). Two real world images were tested, a picture of a model and a picture of

a woman wearing a hat. They reported that the nonlinear operator performed at least

as well as the Marr-Hildreth operator and better than the other operators mentioned.

One reason to use this edge operator is that it is basically from the Marr-

Hildreth operator. Marr and Hildreth's edge detection theory on which the operator

was proposed is one of few mathematical and theoretical descriptions and analyses of

edge detection. The performance of nonlinear Laplace edge detector is comparative

to the Marr-Hildreth operator but has an advantage over the Marr-Hildreth operator

in that it can use any window size needed for the noise and edge type. The window

size is a useful factor if it is possible to choose it because usually, the smaller the
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window size is, the more accurate the detected edge position is, while the larger the

window size, the more sensitive the edge detector is to ramp edges.

In this thesis, the nonlinear Laplace edge detector described by Vliet et al., that

was only for gray-scale images was extended to color images. In the tri-parameter

color image, the Gaussian smoothing filter is applied to each channel of the color

image, the nonlinear Laplace filter with a square shape and sizes 3, 5 and 7 are also

applied to each channel of color image, and then the maximum and minimum among

all three channels in a filter window are used to calculate the output of the nonlinear

Laplace operator, that is, the zero-crossing and the edge strength of the center point

of that window.

One of the important tasks in applying Laplacian-like edge detectors is

detecting the zero-crossings. It is the task of the zero-crossing detector to assign the

changes in the sign of the Laplace filtered image. In Vliet's zero-crossing detector,

when regions of opposite sign touch each other and these regions have been separated

by a one-pixel width strip of zero value pixels, these pixels are the edge position, or

zero-crossing. If the zero value pixels are over one-pixel wide then each zero value

pixel will be assigned to the nearest region and the border of the positive region

represents the zero-crossing. In such a way, a one-pixel width edge map will be

guaranteed.

In this thesis, the outer most pixels of edges of detected objects were used as

the boundary pixels (detailed discussion in 3.2.4.) so no one-pixel width edges were

requested. It was also noticed that the edge strength maps obtained by the nonlinear

Laplace edge detector represented desired defect edges very well. The use of the

pixels coincident in both the thresholded edge strength map and the zero-values in

nonlinear Laplacian filtered image as the resultant edges were acceptable. Therefore,

zero-crossings were not very beneficial and were omitted. As in the compass edge

detector, the threshold for the edge strength map was selected manually.

The diagram of the nonlinear Laplace edge detector is shown in Figure 3.11.

The Gaussian smoothing filter is given by equation 3.25,
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where cr is the standard deviation of the Gaussian filter and I(i, j) is the image value

of the pixel (i, j) in one of the three-parameter color coordinates. The Sg is chosen

equal to the smallest integer larger than 2a for the following reasons: (1) the digital

filter must be a good fit relative to the continuous Gaussian function, because choosing

too small an Sg would produce artifacts attributable to the side lobes that occur in the

frequency domain, (2) large values of Sg slow the computational speed considerably,

and (3) 95% of the area under a one-dimensional Gaussian curve lies between plus

and minus 1.96a from the mean. The window size is 2Sg + 1 in the horizontal and

vertical directions. The square-shaped nonlinear Laplace operator can be obtained

using equation 3.26,

NLLAP(x,y) = 4.(x,y) + Grath,y) ( 3. 26 )

where

Gmax(x,y) = max[1(i , j ),i -1,2, ... ,n,j =1,2, . ,n] - I(x,y)

Gmin(x,y) = min[l(i , j),i =1, 2, ... ,n,j =1, 2, . . ,n] - I(x,y)

where n stands for an n x n window, I stands for the image value of the central pixel

in the window, G. stands for the maximum gradient value, and G. stands for the

minimum gradient value. The edge strength is given by equation 3.27,

Istrength (x,y) = min [Gnia(x,y), ( 3. 27 )

where I stands for the edge strength value of the pixel (x, y).



Figure 3.11. A block diagram of the nonlinear Laplace edge detection algorithm.

3.2.3 Shiozaki's Entropy Edge Detection

Shiozald (1986) presented an edge operator called the entropy operator which

extracts edges using the entropy of intensity in a local region of an image which is a

3 x 3 operation window. Entropy of intensity is a probabilistic information measure

of the rate of change in intensity in a region. Since the entropy is small when the

change in intensity is severe and large when the change in intensity is small, the edges

may be extracted by the detection of the regions where the entropy is small. The
entropy of color is defined and the color edge can be detected in a similar way.

Shiozaki applied the operator to two monochrome pictures, "GIRL" and

"COUPLE", both with 256 by 256 pixels and 256 brightness levels. These images

are popularly used to verify the effectiveness and reliability of algorithms since their

gray-scale histograms are complicated, typical, and the edges of the images are
complicated, too. The image "GIRL" has somewhat low contrast, and the image

"COUPLE" has high contrast. The results showed that the entropy operator could

create a smooth edge map without noisy pixels. Many details were clearly shown in

the image "GIRL". Another image used was a popular aerial picture of size 256 by

256 with 256 gray-levels, showing the streets and buildings of a city. It is a high

contrast picture but contains very complicated small edges. Results on this image

were worse than those of "GIRL" and "COUPLE" with many small parts and details

75

in put___&.
--+ output

edge
strength
map

thresholded
image

Gaussian

filter

nonlinear
Laplace
operator

image
zero-
crossing
map

h. edge map



7 6

lost. This is a common result in aerial images because of their complexity, high noise

and lack of detail. Finally the author applied the entropy operator to color images of
"GIRL" and "COUPLE" based on the RGB color space. The detected edges of
"GIRL" were not improved significantly but the results for "COUPLE" were

substantially improved by utilizing the color information.

Like the Laplace operator, the entropy operator is rotation invariant.

However, unlike the Laplacian and the gradient operators which depend only on the

rate of change in brightness, the nonlinear entropy edge detector depends not only on

the rate of change but also on the average value in a local region or operation

window. Though this average window information is very little when compared to

that found in thresholding where a larger window or even the whole image is

employed, it is still a kind of compensation for edge detection, because one of the

shortcomings of the edge detection technique is its heavy use of local information and

difficulty in utilizing global information.

This algorithm was chosen because it is sensitive to the edges in dark regions,

it utilizes the change rate and average value in the operation window, and because it

is simple to implement. The sensitivity to dark region may be helpful in the veneer

images because most of the defects are darker than clear wood so that the
comparatively lighter edges between latewood and earlywood inside the clear wood

would be compressed so that the defect edges would stand out.

However, in the course of this thesis research, it was determined that the

differences of entropies in a veneer image were very small due to the normalization

of entropy and the low contrast edges found in veneer images. Therefore, a weighting

factor for entropy was introduced in order to enhance the entropies corresponding to

the stronger edges between defect and clear wood. A color median filter was also

used for preprocessing the original image to eliminate some small weak edges between

latewood and earlywood. The threshold for the binary image was selected manually.

The entropy edge detector for a color image is described in the following

paragraphs.
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Let the pixel value in the center of the 3 x 3 window be as, and its 8
neighboring pixel values be al, a2, a8, respectively. Then the entropy of pixel the

center pixel is defined by equation 3.28,

where

P,

H- - 1
log (n+1) it_ Pilog p

qG-

qB

a i

W1 E a1
j = 0

where n = 8, and w1 is a weighting factor and set to be 9.0.

Similarly, for a color image, let HR, Ho, and HB be the entropies of the R, G,

and B components of a color image, respectively. Let aR, ao, and as be, respectively,

the values of the pixel of the R, G, and B components of the color image. Then the

entropy H of the center pixel in the 3 x 3 window of the color image is defined by

equation 3.29,

H= w2( q RHR + q GFIG q BHB) ( 3. 29 )

where w2 is a weighting factor, and

qR

a G

aR + aG + aB

a B

aR + aG + aB

(3. 28)

aR
aR+ aG+ aB
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The entropy H is normalized so that the range of H is from 0 to 1. For the purpose
of display and thresholding, the weighting factor w2 is used. A threshold value can
be used to find a binary edge map. The diagram for the entropy edge detector is
depicted in Figure 3.12.

Figure 3.12. A block diagram of the entropy edge detection algorithm.

3.2.4 Edge Following

As mentioned before, the detected boundaries of objects as determined by edge

detection techniques are often not closed or not one-pixel in width. Therefore, edge

following and thinning processes must be utilized to obtain the one-pixel width closed

boundary of an object. For edge thinning, there are many algorithms and most of

them are developed for machine recognition of patterns. Lam et al., (1992) wrote a

survey about thinning methods, which discussed a wide range of algorithms including

iterative deletion of pixels and nonpixel-based methods. Most commonly, a priori

information about the object and end-use purpose are required. There are some

methods to perform edge following, for instance image intensity interpolation by

Nalwa (1987), to avoid the gaps occurring in a binary edge map. However, most

commonly edge following for closing the boundary of object is object driven and a

priori information about objects in the image is also usually used.

In this thesis, the outer most pixels of edges of the detected defect were used

as the pixels of the boundary of that defect so that no thinning process was required.

The edges found by this boundary confirmation were one or two pixels in width. The
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reason for using this strategy is based on two facts of edge detection algorithms used
in the study. One is that most of the defect edges found by the three edge detectors

were far from accurate in edge positions because the actual defect boundaries had big

transition bands and the edge detection algorithms themselves were inaccurate. The

second is that no overall and consistent tendency of over- or under-estimating the

defect was found, and no a priori knowledge about the defect shapes helped, so the

edge thinning was ineffective in finding exact edge pixels.

Edge following of a binary edge map in this study included two steps:

delete isolated pixels by setting a threshold for the acceptable defect

size (it was to be 5). If the size or the numbers of pixels of a detected

object blob is less than that threshold, then delete it; and

if a detected defect blob is not closed or has gaps between the

boundary edges, then interpolate the missing pixels by using a cubic

spline approach.

Using a cubic spline interpolation meant that the shape of the resulting object or defect

is inaccurate if the missing pixels are too great in number.

3.3 REGION EXTRACTION

Region extraction techniques utilize similarity properties, so they offer good

noise immunity and give closed objects. One of the main advantages of region

extraction is that different image characteristics and similarity criteria can be utilized

according to the image characteristics and segmentation method. This means that the

region extraction algorithms are much more flexible than thresholding and edge

detection algorithms in terms of application goals. Another advantage of region

extraction is that use of color information is not as difficult as in thresholding. The

edges of the detected regions can be easily found by differentiating the segmented

image.

Problems can arise in the selection of initial regions and in selecting the

merging criterion. Also, a partially processed image would not contain a few clear,
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dominant regions in the image but would contain many small unmerged regions, thus

requiring procedures to eliminate the unmerged small regions.

As in edge detection, region methods use local information heavily and have

difficulty utilizing global information. This drawback was overcome by developing
two new algorithms.

3.3.1 A Method Combining Splitting-and-Merging with Region Growing

Horowitz and Pavlidis (1974, 1976) first proposed the combination of splitting

and merging to improve the performance of both methods and reduce the computation

cost by use of a quadtree data structure. The criterion for merging and splitting is a

predetermined error tolerance of brightness or intensity. The merging starts with a

partition that fulfills the requirement that the brightness of all pixels in a region satisfy

the error tolerance and continues until no two adjacent regions can be merged together

while still satisfying the error tolerance. The splitting of a region into its four

quadrants starts with a partition satisfying the criterion that the brightness of all pixels

in that region satisfy the error tolerance. The splitting and merging processes are

exclusive over a region.

The main advantage of splitting-and-merging is its flexibility because any

proper criteria for merging and splitting can be utilized. The main problem of this

sort of split-merge is that the edge segments formed have only two orientations,

horizontal and vertical, and their positions are restricted by the borders of the quadtree

nodes.

As long as the quadtree data structure is determined, the main part of splitting-

and-merging is to fmd criterion for the splitting and merging procedures. Because of

the variability both in clear wood and defects of a veneer image and between veneer

images, the criterion should be individual image dependent. The global information

about the whole image should be utilized in an appropriate way.

The utilization of global information of a whole image was realized by finding

the tri-parameter (mean, standard deviation, and minimum value) clear wood statistics.
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The splitting-and-merging criteria were proposed as a comparison of local region tri-

parameter statistics with the global clear wood tri-parameter statistics.

The procedure of the algorithm has three steps:

find the clear wood tri-parameter feature of each color channel in a
tri-parameter color space;

splitting-and-merging: starting with the whole image, compare a region

with those clear wood tri-parameter features. If the difference or ratio

is over certain tolerances (see Chapter 6 for details about how to

determine those tolerances), then a nonuniform or defective region is

claimed and the splitting process should be carried out on that region.

Otherwise, the region is uniform or nondefective, and no splitting is

needed but merging should be checked. If any two adjacent quadrants

are uniform and meet the merge criterion, then they are merged into

one. This process is repeated until no splitting-and-merging processing

can be done or the size of regions is less than a predetermined value; and

grouping: group all resulting regions together to form clear wood and

defect using the mean values of resultant regions.

The clear wood statistics are found based on the idea of region growing, where

a seed pixel is found first and then as many adjacent pixels as possible are grouped

to form a region. Amadasun and King (1988) proposed this idea for locating uniform

areas in an image. In their region growing, the mean feature (gray value) values of

each region in an image are computed, and then the two most similar mean features

are merged together to form the desired number of mean features.

The procedure of clear wood tri-parameter feature finding in the proposed

algorithm included two steps:

(1) the whole image is divided into square windows or tiles (except that

the right most and top most tiles may be rectangular depending on the

whole image size and the tile size), a seed tile with the minimum

standard deviation among all tiles is found, and then the tri-parameter



8 2

features (mean, standard deviation and minimum) of that tile are

calculated, and

(2) certain numbers of tiles whose tri-parameter features are most similar

to that of the seed tile are combined to obtain the clear wood tri-

parameter feature. In this region-growing-like process, the tiles chosen

to form the clear woGx tri-parameter feature are not necessarily

adjacent to the seed tile, which is different from most other region growing

algorithms.

Images of veneer can be described in terms of statistics such as mean,

variance, and minimum value. The average intensity for knots, wane, pitch pockets,

and some dark pitch streaks and blue stain are smaller than those of clear wood, so

that they look darker. In the tri-parameter color space, the defects' tri-parameter

color values also differ from those of the clear wood. These differences over a region

can be used to discern the nonuniform region (a region that may contain the defect)

from the uniform region (regions contain only clear wood). The standard deviation

over a defective region is commonly larger than that over a clear wood region for

many images of veneer. In addition, the minimum value of each color channel over

a defective region is significantly different from that of the clear wood region.

Consequently, the comparison means, standard deviations, and minimums will

eventually result in the separation of the defect from clear wood. The criteria for

those differences in tri-parameter statistics were found heuristically.

The criteria for the splitting-and-merging are described in the following

paragraphs:

(1) mean difference: assume that the pixel values of a region in each color parameter

channel (i.e., R, G, or B) are normally distributed with mean m and standard

deviation s. Let the value of a pixel be denoted as ; and the number of pixels in the

region as n, then the estimated value of m and s are
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then 110 is rejected, that is, there is a significant difference between two means.

Otherwise, II0 is accepted, that is, there is no significant difference between two

means at the 1% level (where t = 2.33 for the 0.01 significant level is used and the

degrees of freedom v > 120 is assumed) (because the tile size is over 11 will be

used),

S =
n-1 (xi -m) 2

1 r.

Let the subscript clear stand for the clear wood values and the subscript r stand for

the current region values. Then the test statistic for the mean difference is

4: n.= nt/ear

rtilear

v -

If
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the ratio of standard deviations: the idea is borrowed from the inference about the

variances of normal distributions, in which the ratio of the sample variances can be
used to test whether the two variances are equal using the F test. A predetermined
value c is used to test for variance equality, that is, if

s,2

S c2kar

>c

then the testing region is a possible nonuniform one. Otherwise, it is a uniform
region, and

the ratio of minimums: if

minr
a high < < a /0.,mm,

then the region is considered to be a nonuniform region. Otherwise, it is considered

as an uniform region, where awe, and kw are predetermined values.

Overall, if any one or more of the above tests gives the result of a nonuniform

region, then the region is claimed as a nonuniform region. On the other hand, if all

three tests give the result of an uniform region, then the region can be said to be
uniform and all pixels in the region are set to equal the mean value of that region.

If a region is tested as a nonuniform one, then it is split into its four quadrants

and the tests are carried out again. If any two adjacent quadrants are tested as

uniform regions and they also satisfy the merge criterion, then the two regions are

merged together. The merge criterion is only the mean difference as described above

because the uniform region only has this statistic.

In the final step of the algorithm, grouping, the criterion for testing for clear

wood or defect is the function of mean values of the region, the maximum and

minimum values over the original whole image and the range of the camera resolution

(31 for a 5-bit camera resolution and 255 for 8-bit camera resolution). This criterion

is a heuristic result. If

MaX original - Min original
r near 1 > W range
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then the region is thought to be defective. Otherwise, it is clear, where w is the
weighting factor, and ; is used because all pixels in the resulting region are the same.

The binary image is thereupon obtained with black representing the defect and white

the clear wood. A diagram of the algorithm is shown in Figure 3.13.

3.3.2 A Method Combining Clustering With Region Growing

Amadasun and King (1988) proposed an approach which combines clustering

with the region growing concept. Essentially, the technique involves the computation

of the mean feature values of each region in an image. If the number of mean feature

vectors is larger than the number of categories which are to be segmented, the two

most similar mean features are considered to be from regions belonging to the same

category. Then these mean feature vectors are used to classify the pixels.

The problem they mentioned is that the choice of two parameters used in the

scheme, neighborhood size and uniformity criterion, is critical. The uniformity

criterion and the window size determine the accuracy of the final results. Another

characteristic of the algorithm is that the number of categories is specified by the user.

It is a problem only if there is not any priori knowledge about an image to be worked

on. In defect detection of images of veneer, only clear wood and defects are

considered so that the number of categories is known.

The idea of combining clustering with region growing as described by

Amadasun and King is used in the study but the criteria used for region growing and

clustering are completely different and global information about the image is

utilized. Here, a strategy similar to the method combining splitting-and-merging with

region growing is used for fmding clear wood features in the region growing.

(1) The original image is divided into square tiles (except that the right

most and top most tiles may be rectangular depending on the whole

image size and the tile size), and a seed tile with the minimum standard

deviation and minimum mean edge strength is found. The tri-
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Figure 3.13. A diagram of the method combining splitting-and-merging with region
growing.
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parameter features (mean, standard deviation and minimum of the seed

tile) are calculated; and

2) certain numbers of tiles whose tri-parameter features are most similar

to the seed tile are combined to obtain the clear wood tri-parameter

features.

Instead of using only the minimum standard deviation to determine the seed tile, the

minimum mean edge strength is also used to determine the seed tile for the better

starting decision. The edge strength map is found by the color Sobel edge detector

because it performed best among Roberts, Prewitt, Kirsh and three-level gradient

operators in previous investigations of veneer images. The edge strength is the

maximum gradient value in the three-parameter color image and the mean edge

strength is the average edge strength value of the tile of interested. The tiles used to

form the clear wood feature are not to be classified further since they are already

assumed to be the clear wood tiles.

In clustering, each pixel in a tile is classified as either a clear wood pixel or

defect pixel by a heuristic criterion. If

max onginat - min original
s r - nIkar Iw range

then the pixel is claimed as a defect pixel. In the criterion, Sr denotes the standard

deviation of the tile, x the value of the pixel, mar., the mean value of the clear wood

found in region growing, w a weighting factor, maxorigina the maximum value of the

original whole image, minoriging the minimum value of original whole image, and range

is determined by camera resolution (31 for 5-bit and 255 for 8-bit). For a tri-

parameter color image, all the values become three-dimensional vectors. If the pixel

value fails in meeting the criteria in any one or more color channels, then that pixel

is declared as a defect pixel. Otherwise it is a clear wood pixel. The diagram of the

algorithm is shown in Figure 3.14.



3.4 Summary of Algorithms Used in the Project

All algorithms discussed in Chapter 3 were applied to images of the veneer

samples. These are summarized in Table 3.1.

Table 3.1. Algorithms used in the project.
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Category Algorithms

edge
detection

compass edge detector
entropy edge detector
nonlinear Laplace edge detector

region
extraction

a method combining splitting-and-
merging with region growing

a method combining clustering with
region growing

thresholding

global Otsu method
global entropy method
global moment-preserving method
global transition-matrix method
local Otsu method
local entropy method
local moment-preserving method
local transition-matrix method
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CHAPTER 4 ALGORITHM PERFORMANCE EVALUATION
TECHNIQUES

As an important part of the project, effective and reliable performance

measures had to be proposed to evaluate the algorithms used for defect detection on

veneer surfaces. As mentioned in Chapter 2, a few evaluation methods have been

proposed in the development of image processing techniques. Most of them deal with

the performance of different edge operators and are used as quantitative comparisons

of the effectiveness of various types of preprocessing operations facilitating edge

detection. However, some did deal with the performance of more general

segmentation algorithms.

Because many segmentation or edge detection algorithms were designed for

different purposes and types of images, the previously mentioned methods are not

widely used by researchers. However, they are still better than the common method

of comparing performances by simple visual evaluation. To evaluate performance in

this study, a few of the measures mentioned in Chapter 2 were adapted and several

new measures are proposed.

4.1 EVALUATION MEASURES

Because of the application to defect scanning, the evaluation requirements for

this project can be considered mainly in terms of determining the accuracy of defect

detection. Therefore, measures connected with defect accuracy were emphasized.

Before discussing the evaluation measurements, two assumptions were made.

First, it is assumed that the true defect edges can be accurately identified by a human

expert and all true defects are closed areas. Second, it is assumed that all detected

defects are closed areas (this can be made true).

There were three groups of performance measures. One was for paired defects

in which the detected defect and its true defect were paired, one was for nonpaired
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defect where the detected defect was not the true defect, and finally one was for all

kinds (both paired and nonpaired defects). The criterion for deciding whether a

detected defect corresponded to a true defect was that more than one pixel touched

between the two images of the defect.

The measures will be described in detail by each of the three groups.

4.1.1 Measures for All Defects

Count percentage (M1) is defined as the ratio of the number of detected defects

to the number of true defects as given in equation 4.1,

Nd, X 100 ( 4. 1)
Pit

where Nd denotes the number of detected defects and N, the number of true defects.

Paired percentage (M2) is defined as the ratio of the number of detected true

defects to the number of true defects as given in equation 4.2,

=

N
-2 pazr

AT,

where Npi,. denotes the number of paired defects.

Clear wood accuracy (M9) is defined as the ratio of the number of true clear

wood pixels detected to the total number of clear wood pixels as given in equation

4.3,

D d
T clearM -

9 PL.'

X 100 ( 4. 2)

X 100 ( 4. 3)

where Vek.,. stands for detected true clear wood pixels and Pam, stands for the number

of true clear wood pixels.

Defect accuracy (M10) is defined as the ratio of the number of detected true

defect pixels to the total number of defect pixels as given in equation 4.4,



D d
defect

M10
Pitiefect

where Pdafect stands for number of detected true defect pixels and Ptddeet stands for

number of the true defect pixels.

4.1.2 Measures for Paired Defects

The following four measures were proposed only for paired defects. Wrong

percentage (M3) is defined as the ratio of the number of clear wood pixels wrongly

or incorrectly marked as defect pixels versus the total number of true defect pixels as

given in equation 4.5,

pd
1113 c 100

Pcti

x 100 ( 4. 4)

( 4. 5)

where Pdc stands for number of true clear wood pixels detected as defect pixels and

Ptd stands for the true defect pixels.

Missed percentage (M4) is defined as the ratio of the number of true defect

pixels marked as clear wood pixels (missed defect pixels) to the total number of true

defect pixels as given in equation 4.6,

M4 = x 100pc; ( 4. 6)

92

where Pcd stands for number of true defect pixels detected as clear wood pixels.

Mean centroid difference (M5) is defined as the mean value of the centroid

differences between detected defect and true defect pairs as given in equation 4.7,

E \I(X )2+(yd, Y t ,) 2
i = 1 ( 4. 7)Nixur
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where superscript di and ti stand for the ith detected defect and true defect,

respectively, x and y represent the coordinates of the centroid, and Npair stands for the

number of defect pairs.

Mean ratio difference (M6) is defined as the mean value of the differences

between the detected defect and the true defect pairs in the ratios of the boundary

lengths to the area enclosed as shown in equation 4.8 and 4.9.

where

R boundary length
area enclosed

Npar

E(Rd,--R, a)
M6 - 1

4.1.3 Measures for Nonpaired Defects

The following two measures were proposed only for the nonpaired defect, that

is, the detected defect was not the true defect at all so the true defect was completely

missed.

Nonpaired wrong percentage (M7) is defined as the ratio of the number of true

clear wood pixels wrongly marked as defect pixels to the total number of true defect

pixels as shown in equation 4.10.

p cd

X 100 (4. 10)

where Pdc stands for number of true clear wood pixels detected as defect pixels and

Ptd stands for the true defect pixels.

Nonpaired missed percentage (M8) is defined as the ratio of the number of true

defect pixels marked as clear wood pixels to the total number of true defect pixels as

shown in equation 4.11.

N .paw
( 4. 8)

( 4. 9)
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Figure 4.1. An example of the shape of a detected defect versus that for the real
defect.

M = x 100 ( 4 . 11)

where Pcd stands for number of true defect pixels detected as clear wood pixels.

4.1.4 The Functions of the Performance Measures

A number of the measures are designed to quantify the overall algorithm

performance (count percentage, paired percentage, clear wood accuracy, and defect

accuracy). In other words, these measures indicate whether the algorithm has a

tendency to over- or under-estimate the defects. The measures of clear wood and

defect accuracy are the same as those used by Forrer et al. (1989).

For more detailed information, such as size, shape, and location, about the

detected defects, four measures for paired defects were introduced. The wrong

percentage and missed percentage tell the percentages of two types of pixels wrongly

marked on the basis of true defect pixels. As shown in Figure 4.1, region 1

represents the missed defect portion and region 2 the incorrectly detected defect

portion. They can be roughly explained as the type I and type II errors in terms of

statistics. The total number of true defect pixels was used as the denominator for both

percentages instead of the total true clear wood pixels for the missed percentage

because the total number of clear wood pixels in a typical veneer image are so large

in comparison that the ratio would be too small to statistically identify any differences.
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The mean centroid difference is used to measure the location accuracy of

detected defects as well as certain types of shape differences, that is, how good the

detected defect is overlapped with the true defect and how good the shape of the

detected defect coincides with the true defect in such cases where the paired missed

percentage and wrong percentage fail to tell the differences. This is shown in Figure

4.2. The values of missed percentage (M4) for both cases 1 and 2 in Figure 4.2 are

similar but the value of the mean centroid difference (M5) in case 2 will be larger than

that in case 1. Similarly, the values of wrong percentage (M3) for cases 3 and 4 in

Figure 4.2 are similar but the value of the mean centroid difference (M5) in case 4

will be much larger than that in case 3. Therefore, the centroid difference clearly

represents the goodness-of-fit in terms of overlapping and shape coincidence between

the detected defect and the true defect.

The ratio of boundary length to enclosed area of an object was proposed by

Bryant and Bryant (1989) as a measure of smoothness of an object boundary with

smaller values meaning smoother boundaries. As in Figure 4.3 where the three

measures, wrong percentage (M3), missed percentage (M4), and mean centroid

difference (M5) are very close to each other in both examples, the two results are

noticeably different. Obviously, the resulting curve in case 1 is smoother than that

in case 2. The value of the mean ratio difference (M6) for case 1 is therefore, larger

since the boundary length is shorter than that in case 2 but with a similar area. It

should be pointed out that the mean ratio difference is meaningful only if the shape

of the detected defect is similar to that of the true one.

By combining the mean centroid difference and mean ratio difference with the

missed and wrong percentages, information about differences in shape, location, and

boundary smoothness of detected defects can be obtained and therefore, the

differences in performance between different algorithms can be compared.

Finally, two measures M7 and Mg were proposed for the nonpaired defects.

Besides the count percentage and paired percentage, these two measures can provide

more detailed information about the size of the incorrectly detected detects and the

size of true defects missed. As mentioned earlier, the measures of clear wood and
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Figure 4.2. Four resulting cases of detected defect shapes versus the real defect
shapes.
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Figure 4.3. The boundaries of two resulting detected defects versus the true defect
shape.

case 1 case 2
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defect accuracy provide some information about incorrectly detected defects and

missed defects. However, if the size of an incorrectly detected defect is not large

enough, the clear wood accuracy would not clearly show this because of the large

value of its denominator. The nonpaired missed defect pixels can not be distinguished

by the defect and clear wood accuracies (M9 and M10) because the two values include

both completely missed defects (nonpaired) and missed portions in the paired defects.

4.2 JUSTIFICATION OF THE PERFORMANCE MEASURES

To test the effectiveness and reliability of the performance measures, ten

veneer images with holes and tight knots as well as five artificial defect images were

used to try to produce a variety of results to be evaluated using the ten measures. For

example, the images contained very dark small and large defect holes with both

comparatively uniform and nonuniform backgrounds. The artificial images were

obtained by changing some pixel values in real veneer images to fit the needs of the

testing process. The Sobel edge operator, Roberts edge operator, and the Otsu

thresholding algorithm were applied to the 15 images.

All ten measures M1, M2, M3, M4, M5, M6, M7, Mg, Mg, and M10 (as shown

in Table 4.1) were calculated based on each image pair (the master image was

classified by a human expert and the test image is the resulting image obtained by

applying an algorithm to the original image). Results showed that these ten measures

were good indicators for comparing algorithm performance. This conclusion is based

on the results obtained with the measures as well as the visual appearance.

Since the algorithms used in the test all located the defects correctly, the

measure of mean centroid difference (M5) values were all very small and the

nonpaired wrong percentage and missed percentage (M7 and M8) were deemed to be

redundant because the count percentage, paired percentage, clear wood accuracy and

defect accuracy gave enough information about the results. However, in the case

where some algorithms inaccurately located defects and some cases where the
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nonpaired measures supplied better information, the three measures M5, M7, and Mg

were still kept for the statistical analysis. It was determined that all ten measures

would be used in the experiment unless some of them were found to be improper or

redundant so that they could be laid aside.

Table 4.1. Performance measures used in the project

Measure Name of the Measure

M1 Count percentage

M2 Paired percentage

M3 Paired wrong percentage

M4 Paired missed percentage

M5 Mean centroid difference

M6 Mean ratio difference

M7 Nonpaired wrong percentage

Mg Nonpaired missed percentage

M9 Clear wood accuracy

M10 Defect accuracy



CHAPTER 5 EXPERIMENTAL PROCEDURES

In this chapter, details about the experimental procedures will be discussed,

which includes the hardware setup for each sample image taken, software used in the

experiment, selection of veneer samples, and the statistical analysis procedure utilized.

5.1 HARDWARE SETUP AND SOFTWARE

The optical video imaging system available in the Oregon State University

Forest Products Department was used for this project. The hardware setup consisted

of four parts: camera, digitizer, lighting, and microcomputer. A three-tube JVC

model BY-110 color camera was used. It was equipped with a prism in the optical

path which separates the optical image into the three primary color components, red,

green, and blue. Each of the three images was sampled by a separate tube to produce

an analog signal. The lens used was a TVC HZ-110 zoom lens with focal distance of

7 mm to 70 mm and the aperture was set to be 4.5. The camera was placed directly

overhead of the sample at a sample-to-lens distance of approximately four feet. The

camera's gamma correction was on at 0.45 and the contour correction and auto-iris

were also on. The camera was black balanced, white balanced, and then registered.

The camera's analog R-G-B signals are fed to an AT&T Truevision

Advanced Raster Graphics Adapter (TARGA-32), which is an image-capture board

plugged into a bus-expansion slot in an IBM-PC clone microcomputer. The TARGA

board converts each of the three R, G, and B analog image signals to 8-bit digital

image signals for each pixel in the 200 by 256 array. The converted R-G-B readings

are then packed into a 32-bit value and stored in the proper row/column position in

a frame buffer. The color images, thereafter, can be manipulated and displayed on

a color monitor.

All the algorithms used in the study were coded in the "C" programming

language using the Microsoft "C" compiler. Basic utility software supplied with the

99



100

TARGA board and extensive image analysis software developed by Department of

Forest Products personnel were used for image acquisition, preprocessing, color

transformation, and enhancement.

Lighting was provided by two centered overhead quartz-halogen (tungsten)

lights equipped with a light scattering diffuser on each side of the item to be imaged

as well as two fluorescent lights. The veneer sample was placed on a horizontal

surface within the field-of-view of the camera. No other light was allowed.

5.2 ALGORITHMS UTILIZED IN THE PROJECT

All algorithms discussed in Chapter 3 were applied to the images of the veneer

samples. Those algorithms are summarized in Table 5.1.

5.3 SAMPLES

About fifty sheets of Douglas-fir [Pseudotsuga menziesii] veneer were used as

samples. The samples were chosen to represent the degrees of variation found in

seven types of features, (tight knot, loose knot, wane, pitch pocket, pitch streak, blue

stain, and clear wood) as well as surface properties (distribution, intensity, color, and

contrast in both defect and clear wood (latewood and earlywood)). No samples with

the same defect type came from the same sheet of veneer but some samples with

different defect types came from the same sheet.

This project primarily considered only single-defect images. However,

because of selection difficulties, nine images had two or more defects. Two images

had two tight knots, one image had two pitch pockets, one image had two streaks of

blue stain, four images had three streaks of blue stain, and one image had four streaks

of blue stain. Using grading rules published by the American Plywood Association

(APA) and the Western Wood Products Association (WWPA), the replicates for each

of the defect types were chosen as shown in Table 5.2 (clear wood excluded). To



Table 5.1. Algorithms used in the project.

101

avoid introducing experimental errors, all seventy images were taken on the same day

under the same lighting and video camera settings.

All sample images were RGB color images with 8-bit camera resolution (each

R, G, and B value could range from 0 to 255). To test the effect of camera

resolution, the corresponding RGB color images with 5-bit camera resolution (pixel

values range from 0 to 31) were obtained by truncating the 8-bit image values (256

levels) to 5-bit levels (32 values). Previous research indicated that the 5-bit images

produced by this conversion process contained less noise than those acquired by an

actual 5-bit frame grabber. However, this was not deemed to be significant to the

project results.

The spatial resolution of the sample images (number of pixels required to

represent an actual real world length) was chosen to be 15 pixels per inch. This

Category Algorithms

edge detection

compass edge detector
entropy edge detector
nonlinear Laplace edge detector

(with window size of 3)
nonlinear Laplace edge detector

(with window size of 5)

region extraction
combined splitting-and-merging

with region growing
combined clustering with region

growing

thresholding

global Otsu method
global entropy method
global moment-preserving method
global transition-matrix method
local Otsu method
local entropy metbod
local moment-prt_rving method
local transition-matrix method



Table 5.2. Number of samples in different grades.
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decision of spatial resolution was based on previous research by Forest Products

Department personnel. That research showed that 15 pixels per inch were optimal on

the basis of offering enough detailed information for defect detection on veneer

surfaces while minimizing the number of pixels and processing time.

To exclude defects so as to consider only single-defect images whenever

possible, the center portion of each sample image was used instead of the full image

(200 rows by 256 columns). The window used for obtaining the center portion was

set at bottom left column 51, bottom left row 36, top right column 201, and top right

row 155. This was done so that the actual field-of-view would match that seen at 25

pixels per inch, which was a spatial resolution used in several other studies.

Defect Type Number of Samples

tight knot
3 small
3 medium
4 large

loose knot
3 small
3 medium
4 large

pitch pocket
4 small
4 medium
2 large

pitch streak
3 small
3 medium
4 large

blue stain
3 light
3 medium
4 heavy

wane 5 small
5 large



5.4 DATA ANALYSIS

For each sample and each algorithm, the performance measures were

calculated according to the formulas described in the Chapter 4. To determine

performance differences, a multifactor factorial analysis of variance (ANOVA) and

Fisher's least-significant-difference (FLSD) test for multiple comparisons were used.

The FLSD was chosen because it is a very effective test for detecting true differences

in means when applied after an F-test if the analysis of variance is significant at the

5% level (Montgomery, 1988). The statistical package SAS, version 6.03,

(SAS/STAT user's guide, 1988) was used to perform the statistical test.

After analyzing the output data, it was noticed that measures M7 and Mg for

nonpaired defects do not offer much additional information regarding algorithm

performance since they are very small for many of the combinations of experimental

treatments. Also, the measure of clear wood accuracy (M9) and the measure of count

percentage (M1) offer similar information. The data also showed that measure M6,

mean ratio difference, had both positive and negative values since some detected

defects have smoother boundaries than those found in the actual images. The

magnitudes of those positive and negative values for some veneer surface features

were very large; for instance, the magnitudes of M6 for most samples of pitch streak

and blue stain as well as some wane were over 50.0. It could be easily seen that the

shape of the detected defect was quite different from the actual shape when the

magnitude of M6 was over 50.0. In such cases, the comparison between values of M6

was meaningless because of the large variability in the smoothness of the actual defect

boundaries. Since comparisons of M6 were meaningless for more than one third of

the data, it was removed from the statistical analysis. Consequently, measures M6,

M7, and Mg were not considered in the statistical analysis.

103



5.5 STATISTICAL ANALYSIS PROCEDURE

In this experiment, the factors used for the statistical analysis were unbalanced.

For instance, the single color channels R, G, and B of the RGB color space and L of

the Lab color space were used in the thresholding algorithms, while the RGB and Lab

tri-parameter color spaces were used in the edge detection and region extraction

algorithms. In addition, the Lab color scale could only be utilized in the 8-bit camera

resolution because the truncation caused a significant loss of information when the

RGB color images were transformed into the Lab color space. Therefore, output data

were separated into four subsets to make the factors balanced:

thresholding algorithms under both 5-bit and 8-bit camera resolution

with single color channels R, G, and B, and gray-scale for all seven

image features (blue stain, clear wood, loose knot, pitch pocket, pitch

streak, tight knot, and wane);

thresholding algorithms with only 8-bit camera resolution with single

color channels R, G, B, gray scale, and L for all seven image features;

edge and region algorithms under both 5-bit and 8-bit camera resolution

with the RGB color space and gray-scale for all seven image features;

edge and region algorithms under only 8-bit camera resolution with the

RGB color space, gray-scale, and the Lab color space for all seven

image features.

Two subsets under the 8-bit resolution had three factors (algorithm, color, and feature)

while the other two subsets under both 5-bit and 8-bit resolutions had four factors

(algorithm, resolution, color, and feature). The purpose of the statistical analysis for

data subsets using the 8-bit resolution was to discover performance differences

between the color spaces RGB and Lab for edge and region algorithms and differences

between L and R, G, or B for thresholding algorithms.

For each of the seven performance measures, an analysis was conducted

basically following the steps for a four-factor experiment (the three factor experiment

follows similar steps):

104



105

Obtain a four-factor ANOVA table, its residual plot, and normal

probability plot;

Check the plots to see if any assumptions of the ANOVA are violated.

If a transformation is required, try one of the transformation methods

and go back to step (1). This step is repeated until the most appropriate

transformation method isfound so that the best possible model is obtained.

Check for interactions. If there are no interactions, summarize the

main effects. If the four-way interaction is significant, none of the

factors is acting independently. In such a case, the results should be

summarized in a four-way table of means in four-factor combinations

along with their standard errors or reported in a one-way ANOVA by

fixing levels of other three factors. If the four-way interaction is not

significant, check the three-way interaction. If the three-way

interaction is significant, report the results using a one-way ANOVA

with fixed levels of the other two factors. If the three-way interaction

is not significant, check the two-way interaction, and go to the next

step; and

Analyze the interactive factors. Use the FLSD multiple comparison

procedure to analyze the effect of one of those two factors at each

fixed level of the other factor.

5.6 ASSUMPTION CHECKING

The error terms in the ANOVA test are assumed to be independent and

normally distributed with constant variance. In general, moderate departures from

normality are of little concern when using a fixed effect ANOVA. Since the F-test

is only slightly affected, the ANOVA (and related procedures such as multiple

comparisons) is robust to the normality assumption (Montgomery, 1988).
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If the assumption of homogeneity of variances is violated, the F test is only

slightly affected in the balanced, fixed effects model. However, if sample sizes are

unequal, the F-tests may be affected considerably.

When the validity of the assumptions made in an ANOVA have been tested and

one or more assumptions are shown to be violated, an appropriate transformation is

usually necessary. The transformation is usually helpful for most applications

(Montgomery, 1988).

In the statistical analysis, different data transformations were used for different

measures and data subsets to meet the assumptions. Although many transformations

were tried, for some of the measures and data sets, the assumptions were still not

completely satisfied. In such cases, common sense was considered; that is, if the

results coincided with the expectation, the results were still accepted.

Table 5.3 is an ANOVA table for the three-factor fixed effects model (factors

A, B, and C with degrees of freedom a, b, and c, respectively). The test statistics for

each main effect and interaction are constructed by dividing the corresponding mean

square for the effect or interaction by the mean square error. The number of degrees

of freedom for any main effect is the number of levels of the factor minus one, and

the number of degrees of freedom for an interaction is the product of the number of

degrees of freedom associated with the individual components of the interaction. If

the Fo is greater than the critical F value (it is determined by the significance level,

degrees of freedom of the denominator and numerator), then the null hypothesis of no

difference in treatment means or no interaction is rejected and significant differences

are reported.



Table 5.3. The ANOVA table for the three-factor fixed effect model.
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CHAPTER 6 EXPERIMENTAL RESULTS

In this chapter, the experimental results for seven comparison tests will be

discussed. The seven comparison tests are:

comparison of veneer surface features;

comparison of camera resolutions;

comparison of color spaces;

comparison of edge detection algorithms;

comparison of global and local thresholding;

comparison of thresholding algorithms; and

comparison of seven prechosen algorithms.

6.1 PARAMETER SETTINGS OF ALGORITHMS

As discussed in Chapter 3, each algorithm has some parameters that are set

heuristically. They are affected by color space (RUB, Lab or gray-scale), camera

resolution, (5-bit or 8-bit), and image characteristics. All parameters were set by trial

and error so that the optimal ones were obtained only for the Douglas-fir (Pseudotsuga

merziesii) image data set taken under the conditions mentioned in Chapter 5. This

section discusses the sensitivity of those optimal parameters.

6.1.1 Thresholding (Global and Local)

Because preliminary research indicated that thresholding algorithms did not

perform well for many sample images when using the a or b components of the Lab

color space, only L was utilized.

The tile size for all four thresholding algorithms (both global and local

versions) was 30 pixels square. None of the thresholding algorithms were sensitive
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to the tile size. Tile sizes of 20 to 40 pixels square resulted in few differences (for

instance, 1% or 2% in the clear wood or defect accuracies). A tile size of 30 seemed

to be the most acceptable tile size in the RGB color space with 8-bit camera

resolution. For better consistency and easier comparison, this tile size was also used

in the Lab color space and 5-bit camera resolution.

Both global and local thresholding algorithms are sensitive to the percentage

of the upper-tail edge strength of a whole image, because this value decides whether

or not a tile is detected as a defective tile. The percentage of the upper-tail edge

strength should be different between camera resolutions, color components of the

RGB color space or L of the Lab color space, and the image characteristics.

However, the different percentage of upper-tail in the edge strength for different

image features is not practical because the information about defect type is generally

not known a priori. Therefore, the values were chosen by a tradeoff among seven

image features (loose knot, tight knot, pitch pocket, pitch streak, wane, clear wood,

and blue stain) so that they work well with all but may not be the best for any

particular one. For simplicity, they were set equally for the three color components

of the RGB color space and gray-scale. A 0.5 difference in these values would cause

significant differences to be indicated. The percentages of upper-tail in edge strength

for different combinations of algorithms and color components of color spaces were

set as in Table 6.1.

6.1.2 Edge Detection

For the entropy edge detector, the weighting factor was set to be 5.0 times the

maximum value of image depth (31 for 5-bit camera resolution and 255 for 8-bit

camera resolution). The entropy edge detector is not sensitive to this weighting factor

and a value in the range of 4.0 to 6.0 would not make more than a 2% defect or clear

wood accuracy difference.



Table 6.1. The percentage of upper-tail in edge strength for thresholding
algorithms.
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Edge detection is sensitive to the threshold value because the threshold

determines whether or not a pixel is accepted as an edge pixel. Threshold values

are affected by camera resolution, color channels of different color spaces, and

image characteristics. Since the image features are usually not known a priori, the

thresholds were chosen by a tradeoff among seven image features (loose knot, tight

knot, pitch pocket, pitch streak, wane, clear wood, and blue stain) so that they

perform well are accepted for all but not necessarily the best for any particular one.

A 0.2 difference in these values would cause significant

6.1.3 A Method Combining Splitting-and-Merging with Region Growing

A 12 pixels square tile size was used for finding tri-parameter clear wood

features. The algorithm is not sensitive to tile size because sizes of 10 to 16 pixels

square would not cause more than a 2% difference in clear wood or defect accuracy).

However, a size of 12 was the best. The parameters for testing the uniformity of a

region were set such that the ratio of standard deviations was 1.25, the lower bound

of the ratio of minimum values was 0.7 and the upper bound was 1.2. The algorithm

is sensitive to these three critical values (a 0.2 change would cause significant

5-bit
(gray, R,
G, or B)

8-bit
(gray, R,
G, or B)

8-bit
(L)

Otsu 2.0 1.0 1.0

entropy 5.0 3.5 6.0

moment-preserving 2.5 3.5 5.0

transition-matrix 2.0 1.25 5.0



Table 6.2. Thresholds for edge detection algorithms.
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differences), and these values vary with different image features. The weighting

factors for determination of whether a pixel was clear wood or a defect pixel were

6.25 for the 5-bit camera resolution with both gray-scale and RGB color spaces, 55

for the 8-bit camera resolution with both gray-scale and RGB color spaces, and 50 for

the 8-bit resolution and Lab color space. The algorithm is not sensitive to the values

of the weighting factors at the 8-bit resolution but it is sensitive at the 5-bit camera

resolution. This is probably due to the fact that the number of levels for 5-bit

resolution is much less than that for 8-bit resolution.

6.1.4 A Method Combining Clustering with Region Growing

The tile size for finding clear wood features was 12 pixels square for both 5-bit

and 8-bit camera resolutions as well as gray-scale, RGB and Lab color spaces. The

algorithm is not sensitive to the tile size. The weighting factors for testing whether

a pixel was clear wood or a defect were 6.7 for the 5-bit camera resolution in both

the gray-scale and RGB color spaces, 400 for the 8-bit resolution in both the gray-

scale and RGB color spaces, and 180 for the 8-bit resolution in the Lab color space.

The algorithm is not sensitive to the value of the weighting factors for the 8-bit

camera resolution but it is sensitive at the 5-bit camera resolution.

5-bit
RGB

5-bit
gray

8-bit
RGB

8-bit
gray

8-bit
Lab

compass 8 6 50 35 30

entropy 3 3 15 8

Laplace (3 x 3) 3 3 20 10 10

Laplace (5 x 5) 3 2 20 15 15



6.2 STATISTICAL ANALYSIS OF PERFORMANCE MEASURES

The statistical analysis procedure was already discussed in Chapter 5.

Additionally, one idea was used in the test procedure to make the data analysis easier.

This idea was to try to remove one factor from the four interacting factors by

breaking down the data set into separate features. For instance, if the data set had no

four or three factor interaction but did have two factor interactions such as A&R,

A&C, R&C, R&F, C&F, and A&F (A&R means algorithm and resolution are

interacted, etc.), then a one-way ANOVA could be utilized. However, if features

were separated into two subsets by trial and error (for instance, clear wood, loose

knot, pitch pocket, pitch streak, tight knot, and wane as one set and blue stain as

another set), then one factor can be removed from the paired interactions. For

example, for the first subset the interacted pairs become AR, RF, AF, and CF so that

in the test about resolution, the color factor is not interacted with resolution. Using

knowledge obtained from previous research and during the course of this study, it was

known that defect detection of some features was not affected significantly by color.

For instance, the defect detection of tight knots, loose knots, and pitch pockets would

not be affected significantly by color, but the defect detection of blue stain and pitch

streaks would be significantly affected. Therefore, the break-down of the data was

not difficult.

6.3 EXPERIMENTAL RESULTS

Before discussing any results and conclusions, the following points need to be

mentioned:

All statistical tests used the 5 % significance level;

The abbreviations of veneer features are:

BS (blue stain);

CL (clear wood);

LK (loose knot);
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PP (pitch pocket);

PS (pitch streak);

TK (tight knot);

WA (wane);

The abbreviation of algorithms are:

CO: Compass edge detection;

ET: Entropy edge detection;

L3: Nonlinear Laplace edge detection with a window size of 3;

LS: Nonlinear Laplace edge detection with a window size of 5;

RC: Algorithm combining clustering with region growing;

SM: Algorithm combining splitting-and-merging with region

growing;

CET: Global entropy thresholding;

CMP: Global moment-preserving thresholding;

COT: Global Otsu thresholding;

CTR: Global transition-matrix thresholding;

LET: Local entropy thresholding;

LMP: Local moment-preserving thresholding;

LOT: Local Otsu thresholding;

LTR: Local transition-matrix thresholding;

The seven performance measures are:

MI: the count percentage (the closer to 100%, the better, except for

the feature clear wood where smaller percentages are better);

paired percentage (the closer to 100%, the better);

wrong percentage (the smaller, the better);

Ma: missed percentage (the smaller, the better);

M5: mean centroid difference (the smaller, the better);

clear wood accuracy (the larger, the better);

defect accuracy (the larger, the better); and
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5. Rules-of-thumb:

During the course of this study, it became clear that some

measures would not show significant differences visually even though

the statistical tests might show significant differences at the 5% level.

By experience, the following rules-of-thumb were made to indicate

no visual and practical difference even though the statistical test

might indicate a significant difference:

less than 10% difference in M2, M3 and M4,

less than 5% difference in M9 and M10,

less than 30% difference in MI,

less than 0.5 pixel difference in M5.

The significant differences in this data analysis will not only use the statistical

test results but also these rules-of-thumb. This means that a significant difference will

be claimed only if the statistical test shows a significant difference at the 5% level and

the difference meets the appropriate rule-of-thumb.

Table 6.3 is an example of the SAS output of the wrong percentage (M3) for

the four thresholding algorithms; the corresponding residual plots are shown in Figure

6.1. After trying different data transformation methods, the logarithm was used even

though the residual plot was still not very satisfactory. The normal probability plot

as well as histogram and box-and-whisker plots showed that the assumption of

normality was met but the plot of residuals versus fitted values showed that the

assumption of similar variance was not met very well. Since no data transformations

could do better and the violation was not too severe, the four-factor factorial ANOVA

was still accepted. As shown in Table 6.3, the number of observations in data set

equals 4480 but only 2698 observations can be used due to missing values. This

missing data (for the measures wrong percentage (M3), missed percentage (M4), and

mean centroid difference (M5)) was because those measures were for paired defects

if an algorithm did not find a defect touching the true one, these measures were not

available and set as missing. The Type III hypothesis test was used because it is not

a function of cell counts. When the data are balanced or each cell has the same
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Table 6.3. The ANOVA table for the four-factor analysis of the wrong percentage
(M3) for thresholding algorithms.

General Linear Models Procedure
Class Level Information

Class Levels Values

ALGO 8 CET CMP COT CTR LET LMP LOT LTR

PESO 2 5-BIT 8-BIT

COLOR 4 BGRY
FEAT 7 BS CL LX PP PS TX WA

Number of observations in data set = 4480

NOTE: Due to missing values, only 2698 observations can be used in this
analysis.

General Linear Models Procedure

Dependent Variable: M3
Sum of Mean

Source DF Squares Square F Value Pr > F

Model 380 4489.9781376 11.8157319 4.55 0.0001

Error 2317 6017.6791206 2.5971856

Corrected Total 2697 10507.6572582

R-Square C.V. Root MSE M3 Mean

0.427305 69.27945 1.6115786 2.3262001

Source DF Type III SS Mean Square F Value Pr > F

ALGO 7 1074.0243299 153.4320471 59.08 0.0001
PESO 1 259.2352496 259.2352496 99.81 0.0001
ALGO*RESO 7 185.5327077 26.5046725 10.21 0.0001
COLOR 3 47.5126643 15.8375548 6.10 0.0004
ALGO*COLOR 21 30.0758872 1.4321851 0.55 0.9498
RESO*COLOR 3 7.0983380 2.3661127 0.91 0.4348
ALGO*RE5O*COLOR 21 23.9177658 1.1389412 0.44 0.9873
FEAT 5 1245.9336377 249.1867275 95.94 0.0001
ALGO*FEAT 35 460.8181010 13.1662315 5.07 0.0001
RESO*FEAT 5 47.6575954 9.5315191 3.67 0.0026
ALGO*RESO*FEAT 35 95.0627176 2.7160776 1.05 0.3956
COLOR*FEAT 15 40.8294965 2.7219664 1.05 0.4015
ALGO*COLOR*FEAT 105 91.0822571 0.8674501 0.33 1.0000
RESO*COLOR*FEAT 15 15.6003456 1.0400230 0.40 0.9795
ALGO*RESO*COLOR*FEAT 102 92.1398153 0.9033315 0.35 1.0000
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numbers of data (no missing values), the Type III test gives the same results as the

Type I test, which is the most commonly used type of test for balanced data.

(Montgomery, 1988). From Table 6.3, we can conclude that the four-factor

interaction and all three-factor interactions are not significant and only some two-

factor interactions [algo*reso (algo stands for algorithm and reso stands for

resolution), algo*feat (feat stands for feature), and reso*feat] are significant (their F

values are greater than mathematically determined F value (4.55) at the 5%

significance level or their pr-values are less than or equal to 0.05). In such cases, we

need to go to step (4) mentioned previously for further statistical testing.

6.3.1 Results for Veneer Surface Features

No matter which algorithm was applied, two of the six veneer surface defects,

blue stain and pitch streak (BS and PS), were always hard to detect compared to the

other four features. The defect accuracies of blue stain and pitch streak did vary by

algorithm applied, but they were always the two lowest accuracies among all features.

Some results are reported in two-way tables because there are interactions

between the algorithm and feature categories. Figures 6.2 to 6.4 show the results of

the paired percentage (M2), missed percentage (M4), and defect accuracy (M10) for

four edge detection and two region extraction algorithms; these are directly related to

the ability to detect defects. All figures show that blue stain is the hardest one to

detect (it had the lowest M2 and M10, as well as the highest M4), and that pitch streak

is the second hardest one to detect (it had the second lowest M2 and M10, as well as

the second highest M4). The detection of other types of defects varied by algorithm

but all were significantly better than blue stain and pitch streak. However, the region

growing/clustering combination and splitting-and-merging/region growing combination

did show significant improvements in pitch streak detection. In contrast, the measures

corresponding to clear wood accuracy for blue stain and pitch streak (the wrong

percentage (M3) and clear wood accuracy (M9)) were either better or not significantly
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different from the other features (Figure 6.5 (M9) and Table 6.5 (M3)). Table 6.4

shows the results for count percentage (MO; blue stain results were still poor except

for the compass edge detector, and pitch streak was almost always the worst (for some

very big pitch streaks, the algorithms found them as a number of smaller pitch streaks

so that the count number increased drastically). Using the mean centroid difference

(M5), the detected centroids of blue stain images were very far from the actual ones

and much worse than any other feature. The mean centroids for pitch streaks always

had the second or third worst performances (Table 6.6). For the other four features,

wane was usually the hardest to detect with lower defect accuracy than the other three

while the loose knot category was almost always the best except in wrong percentage

(M3) which means the defect portion was overestimated. The order of the defect types

from the easiest to the hardest to detect was usually: loose knot, pitch pocket, tight

knot, wane, pitch streak, and blue stain.

In the eight thresholding algorithms (four algorithms each having global and

local versions), the ability of the local moment-preserving thresholding algorithm

(LMP) to detect defects was very low compared to the other seven ones (defect

accuracies: blue stain 6.86%, loose knot 24.51%, pitch pocket 22.02%, pitch streak

12.23%, tight knot 39.20%, and wane 21.96%). Therefore, this algorithm was not

considered in the statistical analysis discussion. The global moment-preserving

algorithm (CMP) really only found the loose knots and tight knots (defect accuracies:

blue stain 10.75%, loose knot 83.15%, pitch pocket 60.24%, pitch streak 43.12%,

tight knot 89.08%, and wane 48.49%). Compared against the better algorithms, it

is the second worst performance following the local moment-preserving thresholding

(LMP). Therefore, it also will not be discussed further in this chapter.

For the veneer surface features, results were similar to those found when

using edge detection and region extraction algorithms. Results are reported in the

two-way table format because the variables "algorithm" and "feature" interacted.

Figure 6.6 to Figure 6.8 show the results for the paired percentage (M2), missed

percentage (M4), and defect accuracy (M30) for six thresholding algorithms. All

figures show that blue stain is the hardest one to detect and pitch streak is the second
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Figure 6.3. Performance results based on the missed percentage (M4) for edge and
region algorithms (arrow points to the ideal value; see text for a discussion of
statistical differences).
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Figure 6.2. Performance results based on the paired percentage (M2) for edge and
region algorithms (arrow points to the ideal value; see text for a discussion of
statistical differences).
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Figure 6.4. Performance results based on the defect accuracy (MO for edge and
region algorithms (arrow points to the ideal value; see text for a discussion of
statistical differences).
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Figure 6.5. Performance results based on the clear wood accuracy (M9) for edge and
region algorithms (arrow points to the ideal value; see text for a discussion of
statistical differences).
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Table 6.4. Performance results based on the count percentage (M1) for edge and
region algorithms.

(the ideal value is 100%; see text for a discussion of statistical differences)

Table 6.5. Performance results based on the wrong percentage (M3) for edge and
region algorithms.

(the ideal value is 0%; see text for a discussion of statistical differences)

CO ET L3 L5 RC SM

BS 182.71 51.25 321.25 298.33 409.79 499.4

PS 620.0 385.0 515.0 455.0 357.5 300.0

WA 327.5 137.5 440.0 550.0 175.0 141.7

LK 125.0 117.5 120.0 187.5 110.0 107.5

PP 216.25 160.0 247.5 191.25 122.5 98.75

TK 255.0 145.0 198.75 176.25 280.0 192.5

CL 92.5 22.5 165.0 32.5 325.0 350.0

CO ET L3 L5 RC SM

BS 2.7 0.5 4.79 9.47 4.81 14.3

PS 44.86 29.07 14.79 27.39 55.17 20.65

WA 49.13 30.09 21.71 32.65 59.7 23.21

LK 116.36 119.53 56.08 61.57 169.61 69.67

PP 60.6 50.26 13.67 21.09 95.05 14.22

TK 96.14 74.19 40.54 57.12 138.3 49.85
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Table 6.6. Performance results based on the mean centroid difference (M5) for edge
and region algorithms.

(the ideal value is 0, see text for a discussion of statistical differences)

hardest one to detect. The measures corresponding to clear wood accuracy for blue

stain and pitch streak (the wrong percentage (M3), and clear wood accuracy (M9))

were better or the same, as those shown in Figure 6.9 (M9) and Table 6.8 (M3). As

shown in the Table 6.7, for the count percentage (M1), blue stain and pitch streak are

neither the worst nor the best. In M5, the detected centroids of blue stain were very

far from the actual ones and extremely worse than those of other features, and the

results for pitch streak were the second worst (Table 6.9) Among the other four

features, tight knots were the worst with the lowest defect accuracy and the other

three were not consistent. The differences between loose knot, pitch pocket, tight

knot and wane were much smaller compared to blue stain and pitch streak, and they

were detected by those six thresholding algorithms with different accuracies.

The overall conclusions regarding detecting veneer surface defects are that blue

stain can not be detected with any better than 62% defect accuracy by any of the

algorithms just discussed; pitch streaks are also hard to detect, but some algorithms

can reach 90% defect accuracy; and the other four defects can be detected with up to

95% defect accuracy by a number of the algorithms.

CO ET L3 L5 RC SM

BS 12.71 50.05 16.85 8.07 6.77 7.08

PS 1.63 2.35 2.3 2.06 2.58 3.26

WA 2.0 1.18 2.32 3.03 2.85 1.91

LK 0.74 0.71 1.31 1.26 1.55 0.67

PP 1.15 0.66 1.09 1.16 1.64 0.6

TK 1.1 1.08 1.36 1.59 1.73 1.33
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algorithms (the arrow points to the ideal value, see text for a discussion of statistical
differences).

10

0

123

CET COT LET LOT1A11,1

:\
',. N

'5\

\
,

1 \,
N ":, N\\
\ s,\ \ \

r--- r--- r- ---
BS PS WALK PP TIC BS PS WA LK PP TK RS PS IA LK PP TK 88 PS IAA LK PP TK RS PS 1.18 LK PP T 8S PS UR LK PP TK

Feature

LTR

r-r-

-NNE

BS PS 146 LK PP TIC 8S PS LIR LK PP TK BS PS 1JA LK PP TK BS PS WI LK PP TK EPS WA LK PP TK BS PS1JA LK PP TK

Feature

Figure 6.7. Performance results based on the missed percentage (M4) for thresholding
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These conclusions coincide with previous research in the Department of Forest

Products and were expected in this study. The reasons can be explained by the

histograms of different defects and their backgrounds (clear wood). The top half of

Figures 6.10 to 6.12 show the histograms for samples graded as medium blue stain,

large pitch streak, and a large loose knot. The bottom half of the Figures are for

their backgrounds (clear wood). Obviously, the histograms for blue stain and its

background in each of the R, G, and B color components are all overlapped, even

Table 6.7. Performance results based on the wrong percentage (1\41) for thresholding
algorithms.

(the ideal value is 100%; see text for a discussion of statistical differences)

for the best component R (Figure 6.10). The phenomenon also happened in pitch

streaks (Figure 6.11). However, the histograms for the loose knot shifted so that the

defect stands out from with only minimal overlapping of pixels (Figure 6.12).

Table 6.8. Performance results based on the wrong percentage (M3) for thresholding

algorithms.

CET COT CTR LET LOT L'TR

BS 229.17 211.25 525.83 623.13 275.63 746.7

PS 410.0 248.75 397.5 848.75 282.5 676.3

WA 128.75 122.08 103.33 524.17 182.92 300.8

LK 123.75 181.25 113.75 677.5 202.5 406.3

PP 115.63 167.5 91.88 640.0 189.38 323.8

TK 126.25 272.5 273.75 722.5 301.88 539.4

CL 220.0 383.75 1142.5 902.5 511.25 1209.



(the ideal value is 100%; see text for a discussion of statistical differences)

Table 6.9. Performance results based on mean centroid difference (M5) for
thresholding algorithms.

(the ideal value is 0; see text for a discussion of statistical differences)

1.26

Table 6.8. Performance results based on the wrong percentage (M3) for thresholding
algorithms.

CET COT CTR LET LOT LTR

BS 48.17 40.6 42.1 79.21 78.28 96.31

PS 6.6 104.92 27.53 12.55 18.89 9.6

WA 17.31 139.13 8.9 27.97 30.76 26.39

LK 32.93 974.3 46.9 1210 153.65 64.35

PP 6.74 198.23 3.17 35.81 21.88 44.19

TK 20.81 443.73 217.82 48.92 118.52 188.5

CET COT CTR LET LOT LTR

BS 30.76 17.43 12.64 25.2 19.21 20.15

PS 8.73 8.87 7.77 4.73 9.34 5.87

WA 1.84 5.1 1.82 2.22 3.16 3.04

LK 0.97 3.08 1.02 3.88 2.57 1.68

PP 0.52 2.58 0.57 2.38 0.99 1.89

TK 1.57 5.05 2.02 1.77 3.46 2.9
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Figure 6.10. Histograms for a sample of blue stain (upper plot) and its
background (clear wood, lower plot) in (a) red, (b) green, and (c) blue
components of the RGB color space.
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Figure 6.12. Histograms for a sample of loose knot (upper plot) and its background
(clear wood, lower plot)) in (a) red, (b) green, and (c) blue components of the RGB
color space.
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As mentioned in Chapter 1, no matter which algorithm is used to perform

segmentation, the information about differences in certain image characteristics must

be used, either the differences between pixels (edge detection) or the differences

between groups of pixels (region extraction and thresholding). This is why the loose

knot could be detected with relatively high defect accuracy while blue stain and pitch

streak could not.

6.3.2 Camera Resolution Effects

6.3.2.1 Edge and region algorithms camera resolution effects

For the edge detection and region extraction algorithms, the two camera

resolutions did not make any statistically significant difference for all combinations

of algorithms, colors, and veneer surface features using any of the seven measures.

This is illustrated in the Table 6.10 where the means and standard deviations are listed

for all algorithms combined. Considering execution speed, the 5-bit camera resolution

is therefore preferable for all edge detection and region extraction algorithms.

This result for camera resolution is related to the mechanisms used by three

of the four edge detection algorithms and two region extraction algorithms. Camera

resolution corresponds to how many bits in a digital computer are used to represent

the range of each color component of a tri-parameter color space (RGB or Lab) or a

single parameter gray-scale space (256 for an 8-bit camera resolution and 32 for a 5-

bit). The parameters that control defect detection in the two region algorithms (the

weighting factors for the method combining the splitting-and-merging with region

growing and the method combining clustering and region growing) were determined

heuristically from the sample images for each color space. Three of the four edge

detection algorithms used a 3 by 3 window. Only the nonlinear Laplace edge detector

was different because it utilized two sizes of windows at once. The compass edge

detector finds the gradient around the central pixel in a window. The gradient is not
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Table 6.10. Results of measures under two camera resolutions for all edge detection
and region extraction algorithms combined.

(no significant differences)

in terms of absolute values of the pixels in the window. Rather, it is a measure of

relative change. The entropy edge detector finds the entropy of the center pixel in the

window but that value is weighted by the average entropies of all other pixels in the

window. The nonlinear Laplace edge detector simply finds the maximum difference

between pixels inside the window as the edge strength of the central pixel. Therefore,

changes in the absolute values in the same window of an image would only change the

absolute edge strength of that central pixel in the window but would not significantly

affect its position in the histogram of the resulting edge strength map. If the edge

strength is large in a 5-bit image, it will still be large in an 8-bit image. The final

Measure Resolution Mean Std. Dev.

M/ 5-bit 250.19% 319.12
8-bit 235.79% 282.13

M2 5-bit 71.42% 43.78
8-bit 73.52% 42.71

M3 5-bit 80.64% 101.59
8-bit 83.71% 109.57

M4 5-bit 13.17% 25.52
8-bit 13.04% 25.56

M5 5-bit 5.10 11.28
8-bit 4.87 10.73

M9 5-bit 97.76% 3.79
8-bit 97.88% 3.58

M10 5-bit 72.59% 37.22
8-bit 73.08% 37.50
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binary edge map was obtained by determining which image pixels had an edge

strength over a threshold value obtained heuristically from sample images.

6.3.2.2 Thresholding algorithms camera resolution effects

The results for camera resolution effects in thresholding algorithms were more

complicated than for the edge detection and region extraction algorithms. None of the

camera resolutions was consistent for all measures. For instance, the resolution that

could help improve defect accuracy would reduce clear wood accuracy in most

experimental treatments.

The results are reported in several two-way tables because the algorithm and

feature factors had interactions. The next four figures (Figures 6.13 to 6.16) and

three tables (Tables 6.10 to 6.13) show the results. The top value in each cell of

tables is the one corresponding to the 5-bit camera resolution and the bottom one

corresponds to the 8-bit resolution. An asterisk in the top-left of a cell in a table or

underneath the two abbreviated feature letters in a figure indicates that the results for

that combination of factors are significantly different by both the statistical test and

the rules-of-thumb criteria. Because there were interactions between algorithms and

features for all measures, all results are reported in two-way tables.

When looking at these figures, it might seem confusing that some performance

measure pairs are not significantly different even though they have even larger

differences in means than those claimed as being significantly different. From a

statistical point of view, this phenomenon is caused by variability of sample values

used to calculate the mean value. For instance, Figure 6.17 shows the box-and-

whisker plots for M10 under 5-bit and 8-bit camera resolutions using the global Otsu

thresholding algorithm (COT) on pitch streaks. In a box-and-whisker plot, the central

]box covers the middle 50% of the data values, the whiskers extend out to the

minimum and maximum values, and the central line is at the median. The ranges of

the two plots in Figure 6.17 are nearly overlapped for both boxes and whiskers.



8S LK PP PS RUA 8S LK PP PS TIC UR EIS LK PP PS NUR BS LK PP P.S TK un BS LK PP PS TK 1JA 8SLKPPPS1KUA

Feature
I5-bit MO 8-bit

Figure 6.13. Performance results based on the paired percentage (M2) for thresholdin-
g algorithms (arrow points to the ideal value, and asterisk indicates a statistically
significant difference at the 5% level and the difference also meets the rules-of-
thumb).
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Figure 6.14. Performance results based on the missed percentage (M4) for
thresholding algorithms (arrow points to the ideal value, and asterisk indicates a
statistically significant difference at the 5% level and the difference also meets the
rules-of-thumb).
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Figure 6.15. Performance results based on the clear wood accuracy (M9) for
thresholding algorithms (arrow points to the ideal value, and asterisk indicates a
statistically significant difference at the 5% level and the difference also meets the
rules-of-thumb).
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Figure 6.16. Performance results based on the defect accuracy (MO for thresholding
algorithms (arrow points to the ideal value, and asterisk indicates a statistically
significant difference at the 5% level and the difference also meets the rules-of-
thumb).
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Figure 6.17. A box-and-whisker plot for defect accuracy (M10) under 5-bit and 8-bit
camera resolutions for pitch streak samples using the global Otsu thresholding
algorithm.

Therefore, they are not considered to be significantly different at the 5% level even

though the median values are quite different.

For the global entropy algorithm (CET), the 8-bit camera resolution was in

general better than the 5-bit resolution. However, the 8-bit resolution was

significantly better in count percentage (M1) for blue stain, paired percentage (M2) for

pitch streaks, as well as missed percentage (M4) and defect accuracy (M10) for pitch

streaks and tight knots.

For the global Otsu thresholding algorithm (COT), the 5-bit resolution results

were in general better than the 8-bit resolution results. However, the results of the

5-bit resolution were better than the 8-bit in count percentage (M1) for clear wood;

wrong percentage (M3) for blue stain, loose knots and tight knots; mean centroid

difference (M5) for loose knots and tight knots; and clear wood accuracy (M9) for blue

stain, clear wood and pitch streaks.

8-BIT

135
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Table 6.11. Performance results based on the count percentage (M1) under two
camera resolutions.

(The top value in each cell is for the 5-bit resolution and the bottom one is for the 8-
bit; an asterisk indicates a statistically significant difference at the 5% level and the
difference also meets the rules-of-thumb.)

For the global transition-matrix algorithm (CTR), the 5-bit resolution was

better than the 8-bit in wrong percentage (M3) for blue stain and loose knot; mean

centroid difference (M5) for blue stain; and clear wood accuracy (M9) for blue stain

and clear wood. The 8-bit resolution results were better than the 5-bit results in

CET COT CTR LET LOT LTR

* * * *

BS 26.9 143.6 484.0 171.9 176.8 812.8
270.6 211.0 285.9 892.6 284.1 427.5

* * * *

CL 5.0 119.7 720.9 30.3 103.2 872.9
160.9 536.8 888.8 1608.0 809.7 1006.

*

LK 126.9 138.7 102.9 208.7 130.8 344.4
109.9 191.7 105.2 1019.2 223.6 320.9

*

PP 109.1 158.1 89.4 245.9 154.8 294.82-
117.3 138.3 86.1 881.3 179.3 04.8

* *

PS 238.4 232.4 408.0 513.3 229.9 808.9
307.8 202.8 201.2 934.3 264.6 361.2

*

TK 115.3 216.4 158.3 270.0 237.7 497.9
125.5 259.4 184.1 1024.5 284.8 401.8

* * *

WA 113.9 119.3 113.6 376.9 197.1 302.3
129.9 107.0 84.3 452.9 136.6 180.9
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Table 6.12. Performance results based on the wrong percentage (M3) under two
camera resolutions.

(The top value in each cell is for the 5-bit resolution and the bottom one is for the 8-
bit; an asterisk indicates a statistically significant difference at the 5% level and the
difference also meets the rules-of-thumb.)

paired percentage (M2) for blue stain and pitch streaks; missed percentage (M4) for

blue stain and tight knots, and defect accuracy (M10) for blue stain, pitch streaks, and

tight knots. From a defect detection point-of-view, it might be appropriate to reduce

clear wood accuracy by 20% in the clear wood feature in order to gain over 25% in

defect accuracy for blue stain, pitch streaks, and tight knots.

For the local entropy thresholding algorithm (LET), the 5-bit resolution results

were better than the 8-bit in count percentage (M1) for all features except wane; in

CET COT CTR LET LOT LTR

* * *

BS 1.73 2.09 1.19 1.34 1.62 0.74
0.61 19.18 19.38 17.53 37.16 20.74

* * * * * *

LK 13.22 75.99 8.91 15.11 20.43 12.84
30.78 304.09 24.51 78.58 51.17 46.94

*

PP 2.1 5.97 0.73 10.88 1.35 1.95
5.26 19.95 1.32 15.11 2.54 5.75

PS 0.62 18.69 9.01 1.99 2.62 1.89
4.62 43.53 10.08 11.06 15.37 8.86

* * * *

TK 3.0 68.67 2.82 3.26 15.22 8.91
10.86 312.68 9.62 27.9 67.51 38.53

*

WA 5.23 9.97 2.56 2.23 3.17 4.8
9.51 18.46 3.06 8.28 16.01 13.66
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Table 6.13. Performance results based on the mean centroid difference (M5) under
two camera resolutions.

(The top value in each cell is for the 5-bit resolution and the bottom one is for the 8-
bit; an asterisk indicates a statistically significant difference at the 5% level and the
difference also meets the rules-of-thumb.)

wrong percentage (M3) for blue stain, loose knots, and tight knots; and in clear wood

accuracy (M9) for all features except pitch pockets. The 8-bit results were better than

the 5-bit in paired percentage (M2) for pitch streaks; missed percentage (M4) for blue

stain, pitch streaks, and tight knots; and in defect accuracy (M30) for all features

except pitch pockets. If the count percentage is very important, then 5-bit resolution

should be used for the local entropy thresholding algorithm (LET). If defect accuracy

is of greater concern than the count percentage, then the 8-bit resolution should be

CET COT CTR LET LOT LTR

*

BS 11.59 8.49 3.4 17.42 7.98 13.648.
8.5 8.18 7.45 11.06 5.85 81

* *
LK 0.48 0.86 0.58 0.67 0.83 0.72

0.71 2.12 0.64 1.03 1.47 0.98

PP 0.42 0.48 0.49 0.9 0.52 0.52
0.46 0.95 0.37 0.56 0.5 0.71

*

PS 7.26 4.45 7.61 2.85 3.69 3.76
2.46 4.77 3.29 2.12 5.26 2.91

* *
TK 0.99 1.48 1.0 0.96 1.08 1.33

1.0 3.61 1.09 1.13 1.8 1.47

* *

WA 1.12 1.74 0.89 0.93 1.1 1.37
1.29 2.07 1.11 1.13 2.2 1.75



139

used for the local entropy thresholding (LET). Because there was no clear tendency,

the resolution decision for this algorithm really depends on the application.

For the local Otsu thresholding algorithm (L01), the 5-bit resolution results

were better than the 8-bit results in count percentage (M1) for blue stain and clear

wood; wrong percentage (M3) for all features except pitch pockets; mean centroid

difference (M5) in loose knots, tight knots, and wane; and in clear wood accuracy

for blue stain and clear wood. The 8-bit resolution results were better than the

5-bit results in count percentage (M1) for wane; paired percentage (M2) for blue stain

and wane; missed percentage (M4) for blue stain and pitch streaks; and defect

accuracy (Mi0 ) for blue stain, pitch streaks, tight knots, and wane. Overall, the 8-bit

resolution results were a little better than the 5-bit results. Therefore, the 8-bit

camera resolution is suggested for the local Otsu thresholding algorithm (LOT).

For the local transition-matrix thresholding algorithm (LTR), the 5-bit

resolution results were better than the 8-bit results in wrong percentage (M3) for blue

stain, loose knots, and tight knots; and in clear wood accuracy (M9) for clear wood

and tight knots. The 8-bit results were better than the 5-bit in count percentage (M1)

for blue stain, pitch streaks, and wane; paired percentage (M2) for blue stain and pitch

streaks; missed percentage (M4) for blue stain and tight knots; and defect accuracy

for blue stain, pitch streaks and tight knots. When comparing the amount

gained to the amount lost using an 8-bit camera resolution, the 8-bit resolution seems

preferable.

The conclusions about camera resolutions for the six thresholding algorithms

are:

for the global entropy thresholding (CET), global transition-matrix

thresholding (Cm), local Otsu thresholding (LOT), and local

transition-matrix thresholding (LTR) algorithms, use an 8-bit camera

resolution;

for the local entropy thresholding (LET) algorithm, if the count

percentage is a key measure, then use a 5-bit camera resolution; if the
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defect accuracy is of greater concern, then use an 8-bit camera

resolution; and

(3) for the global Otsu thresholding (COT) algorithm, use a 5-bit camera

resolution.

These conclusions are not surprising given that the 8-bit camera resolution

gives more detail for an image than the 5-bit resolution. Therefore, more precise

threshold levels can be selected. For instance, it is a common situation in images with

only 32 levels that choosing 10 as a threshold value would under-estimate the defect

but 11 would over-estimate the defect. For the same case, if that image is grabbed

with an 8-bit camera resolution and thus has 256 levels, the 10 in the 5-bit image then

corresponds to about 82 (random noise would affect the value somewhat) in an 8-bit

image while 11 corresponds to 90. Thus, an ideal threshold value can be set as 86.

However, the ideal situation does not always hold true in the automatic threshold

selection algorithms. In these cases, an algorithm's capability of selecting a good

threshold is restricted by certain statistical or mathematical methods.

Overall, the 8-bit camera resolution is best suited for all thresholding

algorithms except the global Otsu thresholding algorithm (COT). For the edge

detection and region extraction algorithms, camera resolution does not make any

significant difference. In order to make all further discussions about data analysis

easier and more consistent, the 8-bit camera resolution results will be used from this

point on in this thesis.

6.3.3 Color Space Effects

6.3.3.1 Comparison of the RGB and Lab color spaces

As discussed in Chapter 5, tests were performed just to determine performance

differences between the RGB color space and Lab color space. For the edge detection

and region extraction algorithms, the RGB and Lab color spaces are to be compared,
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while for the thresholding algorithms, the individual components of the RGB color

space (R, G, and B) and L of the Lab color space are to be compared. All color

space effects are in terms of the 8-bit camera resolution.

6.3.3.1.1. Comparison of the RGB and Lab color spaces for edge detection and
region extraction algorithms

Table 6.14 lists the results of count percentage (M1) under the RGB and Lab

color spaces. The top value in each table cell corresponds to the M1 under the RGB

color space and the bottom one corresponds to the M1 under the Lab color space. The

asterisk indicates that a significant difference existed. In most of cases, the RGB

color space algorithms identified a greater number of false defects so that it was

significantly worse for the following feature and algorithm combinations:

clear wood for compass edge detection (CO) and entropy edge

detection (ET);

tight knots for compass edge detection;

wane for compass edge detection and nonlinear Laplace edge detection

using window sizes of 3 and 5; and

pitch pockets for entropy edge detection.

In contrast, the RGB color space was significantly better for:

blue stain for the compass edge detector and nonlinear Laplace edge

detection with a window size of 3; and

pitch streak for nonlinear Laplace edge detector with a window size of 3.

The RGB and Lab color spaces were not significantly different for the

measures paired percentage (M2) and mean centroid difference (M5). For the wrong

percentage (M3) and missed percentage (M4), only algorithms and colors showed

interactions. Figures 6.18 and 6.19 show the results of M3 and M4 under the RGB

and Lab color spaces, respectively. An asterisk underneath the abbreviated algorithms

names indicates that a significant difference existed. The only significant differences

for both M3 and M4 were the nonlinear Laplace edge detector (with both window sizes
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of 3 and 5), where the RGB color space was significantly better than Lab with about

45% and 110% differences in the wrong percentage (M3), while RGB was

significantly worse than Lab with about 30% and 35% differences in the missed

percentage (M4).

For the measures clear wood accuracy (1\ 49) and defect accuracy (MO, only

algorithms and colors showed interactions. The RGB or Lab color spaces were not

significantly different for any of the algorithms as shown in Figures 6.20 and 6.21.

Combining all of the results, the significant differences occurred in count

percentage, wrong percentage, and missed percentage (M1, M3 and M4). These

results indicate that the RGB color space has better defect detection capabilities than

the Lab color space, especially, for the defects blue stain and pitch streaks. If the

concern of finding all defects is greater than the concern of finding some false defects,

then the RGB color space is better than the Lab color space. Otherwise, Lab can be

used.

6.3.3.1.2. Comparison of the RGB and Lab color spaces for thresholding
algorithms

Table 6.15 lists the results of count percentage (M1) for the color components

L, R, G, and B in order from top to bottom in each cell. The results indicate that L

and Lab color spaces for edge detection and region extraction algorithms (arrow points

to the ideal value).

For the paired percentage measure (M2), only algorithms and colors showed

interactions. Figure 6.22 shows the results of M2 under the RGB and Lab color

spaces, where L was not really any better than R, G, and B for the features blue stain,

pitch streaks and wane.

For the wrong percentage measure (M3), there was no interaction at all. The

result was that L was not significantly different from R, G, and B (10.95% for R,

10.97% for L, 13.3% for gray, 14.93% for G, and 18.31% for B). The missed
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Table 6.14. Performance results based on the count percentage (M1) under the RGB
and Lab color spaces for edge and region algorithms.

(The top value in each cell is for the RGB color space and the bottom one is for the
Lab; an asterisk indicates a statistically significant difference at the 5% level and the
difference also meets the rules-of-thumb.)

percentage (M4) between the color components R, G, B and L were not statistically

significant different.

For the mean centroid different measure (M5), only algorithms and colors

showed interactions. The Table 6.16 lists the results of M5 for L, R, G and B from

CO ET L3 L5 RC SM

BS * *

163.2 19.63 260.9 258.1 330.9 286.1
24.6 4.7 7.2 137.2 330.4 339.2

CL * *

64.4 14.87 39.5 14.9 231.7 268.0
14.9 143.1 0.0 7.2 191.5 272.4

LK
123.2 108.3 108.3 182.2 100.0 100.0
114.4 116.9 108.3 116.9 108.3 100.0

PP *

159.5 137.7 94.0 135.2 140.5 100.0
108.3 99.99 94.3 131.0 94.3 100.0

PS *

418.9 247.8 176.3 299.6 289.2 265.1
270.3 308.4 298.4 366.1 215.0 268.3

TK *

245.7 131.0 106.9 142.1 270.3 187.7
115.5 116.9 120.3 123.2 238.0 187.6

WA * * *

255.5 129.4 190.8 372.9 182.4 126.4
132.5 125.9 105.8 159.5 130.7 108.8
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Figure 6.19. Performance results based on the missed percentage (M4) under the
RGB and Lab color spaces for edge detection and region extraction algorithms (arrow
points to the ideal value).
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Table 6.15. Performance results based on the count percentage (M1) using the RGB
and Lab color spaces for thresholding algorithms.

CET COT CTR LET LOT LTR

* * * *

358.93 328.5 392.2 1792. 655.3 742.3
BS 77.7 165.9 211.4 763.3 218.4 287.1

278.82 227.0 326.0 910.0 328.6 531.1
78.1 239.5 313.3 1060. 277.0 430.9

* * * *

313.7 1039. 1164. 3580. 1426. 1493
CL 195.0 525.2 973.0 1526. 848.8 1088

124.3 562.2 1013. 1684. 717.2 972.5
277.7 507.5 823.3 1817. 793.3 1104

* * *

134.4 266.7 115.9 2423. 298.9 927.5
LK 108.7 242.5 143.1 1100. 259.6 395.3

100.0 222.7 100.0 997.8 254.2 314.6
133.3 125.2 100.0 1066. 152.5 277.1

* * *

158.0 182.8 94.4 2335. 261.2 1004
PP 108.7 139.7 94.4 748.6 189.8 160.1

127.0 150.8 94.4 1114. 168.3 198.1
117.7 143.9 94.4 913.5 176.1 316.2

* * *

504.6 268.7 310.4 2609. 322.1 445.6
PS 162.9 232.6 191.9 958.7 349.0 324.4

315.1 210.1 237.2 937.9 262.0 361.3
388.0 188.2 227.8 1029. 207.4 900.9

* * *

189.7 285.4 186.3 2015. 321.5 961.3
TK 127.0 278.4 292.7 937.9 288.2 524.4

127.0 277.4 156.2 1058. 256.4 367.5
122.7 233.5 162.4 1083. 295.4 354.4

* * *

269.4 109.3 76.7 969.3 167.5 408.9
WA 121.1 118.4 69.1 370.4 153.2 181.1

118.4 100.6 92.1 430.0 133.9 184.2
107.6 113.7 92.1 638.8 143.2 170.0
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Figure 6.23. Performance results based on the defect accuracy (MO under the L, R,
G, and B color components for thresholding algorithms (arrow points to the ideal
value).
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the top to the bottom in each cell. Only the feature blue stain for the three global

thresholding algorithms was significantly different. Therefore,

L and G were not significantly different for global entropy thresholding,

but they were significantly better than R and B; and

L, R, and G were not significantly different for the global Otsu

thresholding and transition-matrix thresholding algorithms, but they were

significantly better than B;

For the clear wood accuracy measure (M9), only algorithms and colors showed

interactions. Figure 6.24 shows the results for clear wood accuracy (M9).

Conclusions are:

color components R, G, and B were not significantly different from L

for all features for global and local entropy thresholding;

L was significantly worse than R, G or B for the global and local

transition-matrix thresholding;

L and R were never significantly different for the global Otsu thresholding

(for blue stain, clear wood, and tight knots, L and R were significantly

better than G and B); and

L was not significantly different from R for the local Otsu thresholding

(they both were significantly better than B for the features blue stain

and clear wood).

For the defect accuracy measure (M10), only algorithms and colors showed

interactions. Figure 6.23 shows the results for defect accuracy. The color

components L and R were not significantly different for pitch streaks, tight knots, and

wane, but they were worse than G and B. L was not significantly different from R

for blue stain but was significantly better than G and B for blue stain.

Combining all the results leads to the conclusion that the color component L

of the Lab color space is not significantly better than R, G, or B of the ROB color

space. Therefore, the color space ROB is suggested for the thresholding algorithms

if it is native to the camera.
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Table 6.16. Performance results based on the mean centroid difference (M5) using
the RGB and Lab color spaces for thresholding algorithms.

(The values for the color components L, R, G, and B are in order from top to bottom
in each cell; an asterisk indicates a statistically significant difference at the 5 % level
and the difference also meets the rules-of-thumb.)

CET COT CTR LET LOT LTR

* * *

3.25 9.54 15.28 7.52 4.2 19.71
BS 15.28 8.79 10.20 13.02 11.59 5.2

4.84 11.65 5.21 30.88 14.3 17.8
59.81 23.26 29.32 24.98 16.06 22.9

0.84 2.67 1.28 0.76 2.82 7.41
LK 1.06 3.75 1.18 5.87 1.70 1.14

1.66 5.41 0.85 7.53 5.35 3.55
0.94 3.69 1.13 3.48 5.0 2.11

0.53 0.88 0.50 1.82 0.59 2.15
PP 0.47 4.31 0.33 2.57 0.71 3.94

0.68 4.29 0.37 2.04 1.97 2.22
0.64 5.56 0.88 1.87 2.09 2.13

2.66 7.92 11.19 4.28 6.02 3.75
PS 12.04 9.76 10.94 5.41 9.65 7.73

3.97 10.81 7.77 6.27 11.12 4.33
5.25 7.97 3.43 2.83 7.55 6.10

1.60 6.60 1.73 1.17 2.24 4.21
TK 1.45 5.07 1.91 3.45 3.48 4.35

1.60 8.31 1.97 2.13 4.84 4.97
1.81 7.92 3.49 1.45 6.15 1.17

1.75 5.43 1.66 4.09 3.76 9.19
WA 1.96 5.53 2.33 3.15 4.81 2.11

2.04 5.57 1.30 1.27 4.57 3.54
2.25 4.95 1.33 2.92 3.94 5.25
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Figure 6.24. Performance results based on the clear wood accuracy (M9) under the
L, R, G, and B color components for thresholding algorithms (arrow points to the !-
ideal value). tn



6.3.3.2 Comparison of the RGB color space to gray-scale

After comparing the ROB color space to the Lab color space, an analysis

between the RGB color space and gray-scale was made for both 5-bit and 8-bit camera

resolutions.

6.3.3.2.1 Comparison of the RGB color space to gray-scale for edge detection
and region extraction algorithms

For the count percentage (M1), color showed interactions with both algorithm

and feature for the data set of clear wood, loose knots, pitch pockets, tight knots, and

wane (CL, LK, PP, TK, and WA). The results are listed in Table 6.17. The

significant differences that occurred were:

for the nonlinear Laplace edge detector with a window size of 3, the

RGB color space was significantly better than the gray-scale in the

features pitch pockets, tight knots, and wane;

for the nonlinear Laplace edge detector with a window size of 5, gray-

scale was significantly better than the RGB color space for the feature

loose knots; and

for the method combining splitting-and-merging with region growing

(SM), gray-scale was significantly better than the RGB color space

for the feature clear wood.

In the data set of blue stain and pitch streaks (BS and PS), color showed an interaction

with camera resolution, but for both camera resolutions, the results for the ROB color

space and gray-scale were not significantly different (for 5-bit: 326% forROB, 259%

for gray; for 8-bit camera resolution: 260% for ROB, 301% for gray).

For the paired percentage measure (M2) and mean centroid difference (M5), the

colors RGB and gray-scale were not statistically different (for count percentage (M2),

the 74.2% value for RGB and 70.8% value for gray-scale are statistically significantly

different but not significantly different under the rules-of-thumb).

151
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Table 6.17. Performance results based on the count percentage (M1) using the RGB
color space and gray scale for edge detection and region extraction algorithms.

(The top value in each cell is the one corresponding to the RGB color space and the
bottom for the gray-scale, while an asterisk indicates the values in the cell are
significantly different.)

For the wrong percentage (M3), color was interacted with algorithm for the

data set of loose knots, pitch pockets, tight knots, and wane (LK, PP, TK, and WA).

The results are shown in Figure 6.25. Gray-scale was significantly better than the

RGB color space for the algorithms nonlinear Laplace edge

detector with a window size of 5 (L5) and the method combining clustering with

region growing (RC). For blue stain, gray-scale was significantly better than the ROB

color space (BS: 349% for RGB, 94% for gray), while for pitch streaks, the two color

spaces were not significantly different (PS: 182% for RGB, 140% for gray-scale).

CO ET L3 L5 RC SM

*

26.9 1.76 75.13 9.77 282.39 364.6
CL 86.41 13.17 60.95 2.71 7.02 133.6

*

126.11 108.7 113.2 214.4 100.0 100.0
LK 15.9 120.5 121.4 126.6 115.9 112.3

*

PP 173.4 140.3 103.8 181.8 127.8 97.2
214.7 160.1 344.9 151.8 106.4 99.5

*

241.7 127.4 107.6 188.2 284.9 204.4
TK 200.1 145.2 238.4 149.9 188.0 136.9

*

306.3 124.4 214.2 482.3 182.7 127.2
W 289.8 139.9 609.8 503.8 133.5 135.5
A
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For the missed percentage (M4), color showed an interaction with the algorithm

factor for the data sets loose knots, pitch pockets, tight knots, and wane (LK, PP, TK,

and WA). The results are shown in Figure 6.26. The RGB color space is

significantly better than the gray-scale only for the nonlinear Laplace edge detector

(both window sizes of 3 and 5). For blue stain, the RGB color space was significantly

better than the gray-scale for the two region extraction algorithms and the nonlinear

Laplace edge detector with a window size of 5 (Figure 6.27). For pitch streaks, there

was no significant difference between the two spaces (Figure 6.28).

For the clear wood accuracy (M9), color showed interactions with both the

algorithm and camera resolution factors for the data sets clear wood, loose knots,

pitch pockets, pitch streaks, tight knots, and wane (CL, LK, PP, PS, TK, and WA).

The results under the 8-bit camera resolution showed no significant difference between

the two spaces (Figure 6.29). As shown in Figure 6.30, the same is true for blue

stain.

For defect accuracy (M10), color showed no interactions with other factors for

the data sets loose knots, pitch pockets, tight knots, and wane (LK, PP, TK, and

WA). The two color spaces were not significantly different (94.6% for the RGB

color space and 92.64% for gray-scale; color was significantly different statistically

but not significantly different by the rules-of-thumb). In the data set for blue stain,

color showed interactions with the algorithm factor, and the results are shown in

Figure 6.31. Though the defect accuracies are all low, the RGB color space is

significantly better than gray-scale for the two region extraction algorithms and the

nonlinear Laplace edge detection algorithm (both window sizes of 3 and 5) but not for

the compass or entropy edge detection algorithms. In the data set of pitch streaks,

color was not interacted with other factors and the RGB color space was significantly

better than gray-scale (49.9% for RGB color space and 40.59% for gray-scale).

Combining all results, the RGB color space was significantly better than gray-

scale for defect detection. The only sacrifices were in Mi and M3 for clear wood.

This coincides with previous research. The color information for some defect types

(e.g., blue stain and pitch streaks) is very important for defect accuracy (M 10) as
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Figure 6.26. Performance results based on the missed percentage (M4) for the data
set of loose knots, pitch pockets, tight knots, and wane using the RGB color space and
gray-scale for edge detection and region extraction algorithms (arrow points to the
ideal value).
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Figure 6.27. Performance results based on the missed percentage (M4) for blue stain
using the RGB color space and gray-scale for edge detection and region extraction
algorithms (arrow points to the ideal value).
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Figure 6.28. Performance results of the missed percentage (M4) for pitch streaks
using the RGB color space and gray-scale for edge detection and region extraction
algorithms (arrow points to the ideal value).

CO ET L3 L5 RC SM

Algorithm

Algorithm

IESI AGIB graY



C
D

C
A

01
1

>
4

a
qt

.
0 

0 "
P

-.
=

C
D

0 
4'

. O
N

oa
r,

'
0

C
I)

°i
ii)

O
C

Do
t.,

{
.e

N
0

01
C

D
o

§
6 st

a.
C

D a
1" 0 

C
D

(T
,

C
>

cT
)

0 0L
.

2
C

D rf 0

0
0'

1
t-

g

ill
 C

r
0 

IE
.

0
M

I"
E

IN
E

M

M
9 

(%
)

0
8

8
8

81

M
9 

(%
)

0
8

8
8

8
'8

8
8



157

shown in Figure 6.31 where the RGB color space had larger defect accuracies in blue

stain and pitch streaks.

6.3.3.2.2 Comparison of the RGB color space to gray-scale for thresholding
algorithms

For the paired percentage measure (M1), the color components R, G, and B

and gray-scale were not significantly different. For the count percentage measure

(M2), the color components R, G, and B and gray-scale were not significantly

different for the data sets loose knots, pitch pockets, pitch streaks, tight knots, and

wane (LK, PP, PS, TK, and WA). For blue stain (BS), color was significantly

different, where the results were 34.12% for R ( the best), 15.57% for B ( the worst),

24.22% for G, and 24.17% for gray-scale.

For the wrong percentage measure (M3), the color showed no interactions with

other factors and the color components R, G, and B and gray-scale were not

significantly different (6.74% for R, 9.14% for G, 9.22% for gray, and 12.73% for

B; they were significantly different statistically but did not meet the rules-of-thumb).

For the missed percentage measure (M4), the color components R, G, and B

and gray-scale were not significantly different for the data sets blue stain, pitch

pockets, pitch streaks, tight knots, and wane (BS, PP, PS, TK, and WA). For loose

knots (LK), color was not significantly different, where the resulting values were

2.98% for B, 3.48% for G, 3.52% for gray-scale, and 4.92% for R (they were

significantly different statistically but did not meet the rules-of-thumb).

For the mean centroid difference measure (M5), the color components R, G,

and B and gray-scale were not significantly different for the data sets loose knots,

pitch pockets, pitch streaks, tight knots, and wane (LK, PP, PS, TK, and WA). For

blue stain (BS), color was significantly different, where R (6.98) and G (7.06) were

the best, gray-scale (9.36) was in the middle, and B (12.8) was the worst.

For the clear wood accuracy measure (M9), the color components R, G, and

B and gray-scale were not significantly difference for the data set of clear wood, loose
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Figure 6.31. Performance results based on the defect accuracy (M10) for blue stain
using the RGB color space and gray-scale for edge detection and region extraction
algorithms (arrow points to the ideal value).

knots, pitch pockets, pitch streaks, tight knots, and wane (CL, LK, PP, PS, TK, and

WA). For blue stain (BS), color had interactions with both algorithm and resolution.

The blue stain results are shown in Figure 6.32. Considering only the 8-bit camera

resolution, the color components were significantly different for the Otsu thresholding

and transition-matrix thresholding algorithms in both their global and local versions.

R was the best, B was the worst, and G and gray-scale were similar.

For the defect accuracy measure (M10), the color components R, G, and B and

gray-scale were significantly different for the data sets loose knots, pitch pockets,

pitch streaks, tight knots, and wane (LK, PP, PS, TK, and WA), where B (75.28%)

was the best, gray-scale (72.89%) and G (71.76%) were similar, and R (68.42%) was

the worst. For blue stain (BS), color showed no interactions with other factors and

color components were significantly different, where R (30.48%) was the best, gray-

scale (21.49%) and G (20.08%) were similar, and B (12.75%) was the worst.
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Figure 6.32. Performance results based on the clear wood accuracy (M9) for blue
stain using the R, G, B and gray-scale with 8-bit camera resolution for thresholding
algorithms (arrow points to the ideal value).

Considering the results, the RGB color space is suggested for the thresholding

algorithms in defect detection. The color information is very important for some

defect types, for instance blue stain. The best single color component of the RGB

color space for the defect detection is R while the worst single color component for

defect detection is B. For some defect types, such as tight knots, loose knots, pitch

pockets, and wane, the performances for these six thresholding algorithms were not

significantly different under both the RGB color space and gray-scale because the

intensity alone can offer enough information for defect detection. One thing that

needs to be mentioned involves pitch streak results. For these thresholding

algorithms, the results did not show significant difference for finding pitch streaks

using the RGB color space or by using gray-scale. The color component B of the

RGB color space is the most significant single color component for the detection of

some light pitch streaks on veneer surfaces. The reason this did not appear in the

experiment with the thresholding algorithms was because either the pitch streak

100

90 II;

80 z

70

60

7:A

50

2
40

4
4

30 N.

\20

;0

0
CET COT CTR LET LOT LTR

Algorithm



160

samples were not representative enough or the information supplied by the primary

color component B was not picked up by these six thresholding algorithms.

For all defect types except blue stain, the performances of each color

component (R, G, or B) did not show significant differences. However, for blue

stain, the R component was significantly better than the other two. Therefore, the R

component of the RGB color space is suggested for the thresholding algorithms.

6.3.4 Algorithms Effects

6.3.4.1 Comparison of edge detection algorithms

In this section, the performances of all three edge detection algorithms

(compass edge detection, entropy edge detection, nonlinear Laplace edge detection

with a window size of 3, and nonlinear Laplace edge detection with a window size of

5) are compared. All comparisons will be made using the 8-bit camera resolution and

RGB color space.

For the count percentage measure (M1), the factor algorithm showed an

interaction with features. The results are listed in Table 6.18. The nonlinear Laplace

edge detector with a window size of 3 (L3) and the entropy edge detector (ET) were

better than the nonlinear Laplace edge detector with a window size of 5 (L5)

and the compass edge detector (CO) for all features except clear wood. For clear

wood, the performances by algorithms were not significantly different.

For the paired percentage measure (M2), the algorithms showed no interactions

with the features and the algorithms were not significantly different. For the wrong

percentage measure (M3), the algorithm showed no interactions with the features, but

the algorithms were significantly different. The nonlinear Laplace edge detector with

a window size of 3 (L3) was the best (21.85 %), nonlinear Laplace edge detector with

a window size of 5 (L5) and the entropy edge detector (ET) were similar (34.38% and

44.58%), and the compass edge detector (CO) was the worst (51.5%).
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For the missed percentage measure (M4), the algorithm showed no interactions

with the features and the algorithms were not significantly different. They were

significantly different statistically but did not meet the rules-of-thumb (1.04% for the

entropy edge detector (ET), 1.94% for the compass edge detector (CO), 5.79% for

the nonlinear Laplace edge detector with a window size of 3 (L3), and 6.67% for the

nonlinear Laplace edge detector with a window size of 5 (L5)).

For the mean centroid difference measure (M5), the factor algorithm showed

no interactions with the factor feature and the algorithms were not significantly

different.

For the clear wood accuracy measure (M9), the algorithm factor was interacted

with the features. The results are listed in Table 6.19 and they were not significantly

different (they were significantly different statistically but did not meet the rules-of-

thumb). For the defect accuracy measure (K)), the algorithm factor showed no

interactions with the features factor and the algorithms were not significantly different.

Combining all results, the three edge detectors performed similarly in finding

defects, but the entropy edge detector and nonlinear Laplace edge detector with a

window size of 3 are better than the compass edge detector and the nonlinear Laplace

edge detector with a window size of 5 because they found fewer false defects.

6.3.4.2 Global thresholding versus local thresholding

In this section, global thresholding algorithms are compared to their

corresponding local thresholding versions. All comparisons were made using the 8-

bit camera resolution and the color component R of the RGB color space.

For the entropy thresholding algorithms, the algorithm factor showed

interactions with the features factor for the count percentage measure (M1) (Figure

6.33). The asterisk indicates the significantly different pairs are clear wood, loose

knots, pitch streaks, and tight knots. The global entropy thresholding algorithm

(CET) was significantly better than the local version (LET) in all significantly

different pairs. For the paired percentage (M2), missed percentage (M4), and clear
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Table 6.18. Performance results based on the count percentage (M1) for edge
detection algorithms.

(The order of the algorithms and corresponding performance values is from the best
to the worst and values in the brackets indicate that they are not significantly
different.)

Table 6.19. Performance results based on the clear wood accuracy (M9) for edge
detection algorithms.

(The order of the algorithms and corresponding performance values is from the best
to the worst and the values in the brackets indicate that they are not significantly
different.)

BS ET (CO L3 L5)
140.72 (846.34 1244.92 1263.771_

CL (LS ET L3 CO)
(112.11 114.57 165.47 352.98)

LK (ET L3) CO L5
(568.73 568.73) 636.02 906.39

PP 13 (L5 ET) CO
509,78 (682.8 696.15) 796.1

PS L3 (I-5 CO) ET
870.22 (1231.03 1436.67) 2066.99

TK (L3 ET L5) CO
(564.22 664.49 714.86) 1180.73

WA ET L3 CO 15
657.89 920.26 1207.43 1779.22

BS (ET CO L3 L5)
(99.98 99.62 99.57 96.79)

CL (ET L5 CO L3)
(99.97 99.84 99.75 98.86)

LK (L3 ET 15 CO)
(99.58 99.21 99.17 99.15)

PP (L3 L5 ET CO)
(99.56 99.02 98.44 97.93)

PS (L3 ET 15 CO)
(99.65 99.15 98.66 97.88)

TK (L3 ET L5 CO)
(99.53 99.18 98.68 98.59)

WA (L3 ET CO L5)
(98.06 97.49 95.89 94.94)
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wood accuracy (M9), the algorithm (global version or local version) showed no

interactions with features, and the two algorithms were not significantly different. For

the wrong percentage (M3), the factor algorithm showed interactions with the factor

features (Figure 6.34). An asterisk indicates the significantly different pairs (blue

stain and pitch streaks). The global entropy thresholding (CET) was significantly

better than the local version (LET) in all significantly different pairs. For the mean

centroid difference (M5), the algorithm did not interact with features, and the global

version (CET) was significantly better than the local version (LET) (1.23 for CET and

1.77 for LET). For the defect accuracy (M10), the algorithm factor did interact with

features (Figure 6.35). An asterisk indicates the significantly different pair for the

feature pitch pockets. The global entropy thresholding (CET) was significantly better

than the local one (LET) for pitch pockets.

Combining the results, the conclusion can be made that global entropy

thresholding is better than local entropy thresholding because it finds fewer false

defects and is more capable at finding defects.

For the Otsu thresholding algorithms, the algorithm factor did not interact with

the factor features for the count percentage measure (M/). The global version was

significantly better than the local one (192.76% for COT and 770.76% for LET).

The algorithms were also not significantly different for the measures paired

percentage, missed percentage, mean centroid difference, and defect accuracy (M2,

M4, M5, and MO. For the measure wrong percentage (M3), the algorithm did not

interact with the factor features and the global version was significantly better than the

local one (8.06% for COT and 19.66% for LET). For the clear wood accuracy

measure (M9), the algorithm did not interact with features and two versions were not

significantly different (94.52% for COT and 19.66% for LET) (they were significantly

different statistically but did not meet the rules-of-thumb).

Combining all results together, the conclusion can be made that the global Otsu

thresholding algorithm is better than the local entropy thresholding algorithm because

it finds fewer false defects with similar defect detection ability.
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Figure 6.33. Performance results based on the count percentage (M1) for global and
local entropy thresholding algorithms (arrow points to the ideal value).
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Figure 6.34. Performance results based on wrong percentage (M3) for global and
local entropy thresholding algorithms (arrow points to the ideal value).

BS CL LK PS TK WA

TK WABS LK



100

90

80

70

60

40

30

20

10

WW1=
N

N

Iwo cer so LET 1

165

Figure 6.35. Performance results based on the defect accuracy (M10) for global and
local entropy thresholding algorithms (arrow points to the ideal value).

For the transition-matrix thresholding algorithms, the algorithms factor did not

interact with the features factor for the count percentage measure (M/), and the local

version was significantly better than the global one (402.88% for LTR and 885.19%

for CTR). The algorithms factor did not interact with the features factor and the two

algorithms were not significantly different for the measures paired percentage, wrong

percentage, missed percentage, mean centroid difference, and defect accuracy (M2,

M3, M4, M5, and MO. For the clear wood accuracy measure (M9), the algorithms

factor did not interact with the features factor, and the local version was significantly

better than the global one (94.66% for LTR and 91.19% for CTR).

Combining all results, the conclusion can be made that the local transition-

matrix thresholding is better than the global transition-matrix thresholding because it

finds fewer false defects and has greater capability for defect detection.

BS LK PP PS TK WA

Feature
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6.3.4.3 Comparison of global entropy thresholding, global Otsu thresholding
and local transition-matrix thresholding algorithms

The better thresholding algorithms found in the last section, namely global

entropy thresholding, global Otsu thresholding, and local transition-matrix thresholdin-

g will be compared in this section. The 8-bit camera resolution and R color

component of the RGB color space are still used.

For the count percentage measure (M1), the algorithms factor did not interact

with the features factor (Table 6.20). Global entropy thresholding was the best for

all features, local transition-matrix thresholding was the worst for all features except

wane, and the global Otsu thresholding was in the middle for all features except wane.

For the measures M2, M3, M4, M5, and M9, the algorithms factor did not interact with

the features factor and the three algorithms were not significantly different. For the

defect accuracy measure (M10), the algorithms factor did not interact with the features

factor and the results are shown in Figure 6.36. The only significant differences were

in the features blue stain and wane. For blue stain, the global Otsu and the local

transition-matrix thresholding algorithms were similar and significantly better than the

global entropy thresholding algorithm. For wane, the global entropy was the best and

the global Otsu was the worst (91.9% for CET, 75.35% for LTR, and 65.12 for

COT) .

Combining all results, the conclusion can be made that global entropy

thresholding is the best because it found the fewest number of false defects and

detected wane with the highest defect accuracy. Although the global entropy

thresholding algorithm was the worst in finding blue stain, the other two algorithms

only found blue stain with less than 62% defect accuracy. The local transition-matrix

thresholding algorithm found too many false defects (with the highest count percentage

for almost all features) but resulted in a 10% higher defect accuracy in wane than the

global Otsu thresholding algorithm. The comparison between these two algorithms

becomes application dependent. If the defect wane is an important concern, then local

transition-matrix thresholding may be a better choice. However, if the number of
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Table 6.20. Performance results based on the count percentage (M1) for global
entropy, global Otsu, and local transition-matrix thresholding algorithms.

(The order of the algorithms and corresponding performance values is from the best
to the worst and the values in the brackets indicate that they are not significantly
different.)

false defects detected is of great concern, then the global Otsu thresholding algorithm

is suggested.

6.3.4.4 Comparison of some prechasen algorithms

In this section, some prechosen algorithms will be compared. These

algorithms are:

the entropy edge detection,

nonlinear Laplace edge detection with a window size of 3,

global entropy thresholding,

global Otsu thresholding,

local transition-matrix thresholding,

a method combining splitting-and-merging with region growing, and

a method combining clustering with region growing.

BS (COT

(174.35
LTR

214.49
CET)

258.28)
CL CET

81.26
(COT

(406.33
LTR)

1027.4)
LK (CET

(106.9
COT)
116.9)

LTR
275.45

PP (CET
(106.9

COT
93.55

LTR)
128.57)

PS (COT
(127.25

CET)
138.1)

LTR
304.63

TK (CET
(122.22

COT)
152.84)

LTR

337.1
WA (CET

(117.62
LTR)

160.06)
COT
66.67
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Figure 6.36. Performance results based on the defect accuracy (MO for global
entropy, global Otsu and local transition-matrix thresholding algorithms (arrow points
to the ideal value).

\\ \ s\\

These seven algorithms will be compared together by fixing camera resolution at a 8-

bits and the color space as RGB for the edge detection and region extraction

algorithms and the single R color component of the RGB color space for the
thresholding algorithms. The results of all measures (M MMMMM-1/ - -2) 3) - -4) - -5,

and M10) are listed in the Tables 6.21 to 6.27, respectively, and the average values

of all features for the seven performance measures are listed in Table 6.28.

The entropy edge detection algorithm had a low ability to detect defects, which

resulted in low values for the paired percentage (M2), missed percentage (M4), mean

centroid difference (M5), and defect accuracy (M10) for the features blue stain and

pitch streak. Conversely, it resulted in higher values of wrong percentage (M3) and

clear wood accuracy (M9).

The nonlinear Laplace edge detection with a window size of 3 performed with

low ability to detect defects, resulting in low values of the paired percentage (M2),

missed percentage (M4), mean centroid difference (M5), and defect accuracy (M10) for
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the features blue stain, pitch streak, and wane. It also resulted in higher values of

wrong percentage (M3) and clear wood accuracy (M9). Its performance was similar

to the entropy edge detector with the only difference coming in the performance for

wane.

The ability to detect defects with the global entropy thresholding algorithm

ranged in the middle of the seven algorithms but resulted in good values of wrong

percentage (M3) and clear wood accuracy (M9). It performed the worst in the mean

centroid difference (M5) as compared to the other six algorithms.

The global Otsu thresholding algorithm showed good results for the measures

paired percentage (M2) and missed percentage (M4). Its performance ranged in the

middle among the seven algorithms for the wrong percentage (M3) and the mean

centroid difference (M5). It did not perform well in count percentage (M1) for clear

wood and wane, and it had a low clear wood accuracy (M9) for clear wood samples.

In defect accuracy (M10 ), it performed well on blue stain and loose knots but did

poorly on pitch pockets and tight knots and was the worst on wane. The global Otsu

thresholding has the tendency to find relatively large numbers of false defects,

especially for tight knots and wane.

The performances of the local transition-matrix thresholding algorithm for all

measures except count percentage (M1) ranged in the middle among the seven

algorithms. It was the worst in the count percentage (M1) for the features clear wood,

loose knots, pitch pockets, pitch streaks, and tight knots, especially for clear wood

where it found extremely large numbers of false defects.

The method combining clustering with region growing had one of the highest

defect detection capabilities, it performed very well for paired percentage (M2),

missed percentage (M4), and defect accuracy (MO. However, it was the worst in

wrong percentage (M3) and the worst in clear wood accuracy (M9) for the features

pitch streaks, tight knots, and wane. It also performed the worst in the mean centroid

difference (M5) for the features loose knots, pitch pockets, and wane. This algorithm

has the tendency to overestimate the defect area (M3) on the features loose knots, pitch

pockets, tight knots, and wane. However, it is the only one that had an overall defect
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accuracy over 90% in conjunction with an overall clear wood accuracy of 95.36%

(Table 6.28).

The method combining splitting-and-merging with region growing had the

second highest defect detection capability, it performed very well for paired

percentage (M2), missed percentage (M4), and defect accuracy (MO. It was in the

middle for count percentage (M1), wrong percentage (M3), and mean centroid

difference (M5). It had the lowest clear wood accuracy (M9) for the feature blue stain,

but it ranged in the middle for the other features. Considering all performance

measures, this method is the best one among all seven algorithms because it had the

highest defect accuracy on blue stain and was second highest on pitch streaks; it had

only one worst case in clear wood accuracy for blue stain (92.69%). It had an overall

defect accuracy of 87.72% and clear wood accuracy of 96.33%.

The two edge detection algorithms could only find defects with distinct

boundaries, such as loose knots, pitch pockets, and wane. It could not find defects

whose boundaries had big transition zones, such as blue stain, pitch streaks, and some

tight knots. The two region extraction algorithms were superior in finding defects

among the three segmentation categories and their parameters can be easily changed

to monitor their performances. The three thresholding algorithms are better than the

edge detection algorithms since they can find some of the difficult defect types (blue

stain and pitch streaks), but there is no simple way to improve their performances like

the region extraction algorithms.

In conclusion, the overall order of performance of the seven algorithms is:

First: the method combining splitting-and-merging with region growing;

Second: the method combining clustering with region growing;

Third: global entropy thresholding, global Otsu thresholding, and local

transition-matrix thresholding; and

Fourth: entropy edge detection and nonlinear Laplace edge detection with

a window size of 3.
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Table 6.21. Performance results based on the count percentage (M1) for seven
algorithms.

(The order of the algorithms and corresponding performance values is from the best
to the worst and the values in the brackets indicate that they are not significantly
different.)

Table 6.22. Performance results based on the paired percentage (M2) for seven
algorithms.

(The order of the algorithms and corresponding performance values is from the best

to the worst and the values in the brackets indicate that they are not significantly

different.)

BS (COT LTR L3 SM CET RC) ET
(198.11 259.27 260.85 286.13 304.67 330.85) 19.96

CL (ET L3) CET (RC SM) (COT LTR)
(14.87 39.54) 165.3 (231.71 268.44) (797.64 1068.84)

LK (SM RC CET L3 ET COT) LTR
(99.99 99.99 108.28 108.28 108.28 132.47) 352.18

PP (SM CET ET RC) (COT L3) LTR
(99.99 108.28 137.71 140.51) (94.33 94.33) 149.15

PS (CET COT L3) (ET SM RC) LTR
(154.77 172.02 176.3) (247.81 265.25 289.23) 349.31

TK L3 (CET ET SM COT) RC LTR
106.93 (125.87 130.97 187.37 222.01) 270.25 460.92

WA (CET SM ET) (LTR RC L3) COT
(120.27 125.58 129.38) (174.4 182.38 190.78) 74.11

BS (COT
(65.83

LTF1

55
RC
52.5

SM)
44.17)

CET
39.17

(ET
(8.33

L3)
5.83)

LK (CET COT ET L3 SM RC LIR)
(100 100 100 100 100 100 90.0)

PP (CET COT ET L3 LTR RC SM)
(90 90 90 90 90 90 90)

PS (SM RC COT) (CET LTR) L3 Er
(90 so 80) (60 60) 30 20

IX (LIR COT ET 13 SM RC CET)
(95 95 95 95 95 90 90)

WA (CET RC SM L3 ET LTR COT)

(90 90 90 80 80 73.33 70)
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Table 6.23. Performance results based on the wrong percentage (M3) for seven
algorithms.

(The order of the algorithms and corresponding performance values is from the best
to the worst and the values in the brackets indicate that they are not significantly
different.)

Table 6.24. Performance results based on the missed percentage (M4) for seven
algorithms.

(The order of the algorithms and corresponding performance values is from the best
to the worst and the values in the brackets indicate that they are not significantly
different.)

BS (ET
(0.2

CET
0.77

RC

2.42
SM
3.53

LTR

6.65
L3

9.45
COT)
17.09)

LK (CET
(19.34

COT
22.15

LTR)

32.96)
(L3

(61.7
SM)

78.42)
(ET

(114.28
RC)

232.71)
PP (COT CET LTR) (-3 SM) ET RC

(1.07 4.69 8.35) (13.77 15.02) 48.97 122.11
PS (CET ET L3 LTR SM COT) RC

(3.87 6.04 6.31 8.48 10.77 12.96) 40.17
TK (CET COT) (L3 LTR SM ET) RC

(8.21 8.34) (33.04 47.99 64.15 72.66) 211.42
WA (COT LTR CET L3) (SM ET RC)

(3.16 6.4 9.88 10.99) (19.5 26.99 66.76)

BS (COT
(17.29

SM
18.71

RC)
27.95)

(LTR
(41.09

CET)

47.78)
(ET

(99.78
L3)

101.95)

LK (ET RC LTR L3 SM CET COT)

(0.0 0.12 0.52 0.6 1.34 1.39 1.41)

PP (ET RC CET L3 SM LTR COT)

(0.03 0.62 3.23 4.84 5.27 5.96 7.6)

PS RC (SM LTR COT) (CET ET L3)

2.66 (12.01 14.82 18.91) (26.81 57.33 64.52)

TK (El RC SM L3 LTR COT) CET

(0.49 1.05 1.69 4.79 6.54 8.12) 12.45

WA (RC ET SM CET COT LTR) L3

, (0.68 1.58 2.77 3.44 8.85 9.74) 12.02



1 7 3

Table 6.25. Performance results based on the mean centroid difference (M5) for seven
algorithms.

(The order of the algorithms and corresponding performance values is from the best
to the worst and the values in the brackets indicate that they are not significantly
different.)

Table 6.26. Performance results based on the clear wood accuracy (M9) for seven
algorithms.

(The order of the algorithms and corresponding performance values is from the best
to the worst and the values in the brackets indicate that they are not significantly

different.)

BS (SM
(7.17

RC

7.25
COT
8.93

CET
11.07

LTR

12.27
L3)

16.32)
ET

50.02
LK (Er

(0.76
CET
0.8

COT
0.88

SM
0.88

LTR
1

L3)
1.07)

RC
1.92

PP (COT
(0.32

CET
0.45

ET)
0.56)

(SM
(0.73

L3)
0.94)

LTR
1.54

RC

2.16
PS RC

2.81
(L3

(4.32
SM

4.95
LTR
5.35

COT
7.01

ET)
8.44)

CET
9.29

TK (CET

(1.23
Er
1.29

L3
1.33

COT
1.38

SM
1.59

RC)
1.98)

LTR

2.95
WA (LTR

(1.58
CET
1.72

L3
1.76

Er
1.76

COT
1.87

SM
2.93

RC)

3.87)

BS (Er
(99.98

L3
99.57

CET
99.41

LTR

97.64

RC

96.07

COT)
95.71)

SM

92.69

CL (Er
(99.97

L3
98.86

RC
98.3

SM)
95.09)

(LTR
(87.3

CET)
86.0)

COT
78.77

LK (CET L3 ET SM COT RC LTR)

(99.83 99.58 99.21 98.87 97.42 97.29 95.72)

' PP (COT CET L3 SM ET LTR RC)

(99.86 99.68 99.56 99.06 98.44 97.84 95.94)

PS (L3 CET Er SM) (COT RC LTR)

(99.65 99.33 99.15 95.25) (93.83 93.13 92.15)

TK (CET L3 Er COT SM) (LTR RC)

(99.63 99.53 99.18 97.45 96.94) (94.83 94.35)

WA (COT CET L3 ET LTR SM) RC

,
(98.63 98.25 98.06 97.49 97.14 96.45) 92.42
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Table 6.27. Performance results based on the defect accuracy (MO for seven
algorithms.

(The order of the algorithms and corresponding performance values is from the best
to the worst and the values in the brackets indicate that they are not significantly
different.)

Table 6.28. Performance results for seven measures for seven algorithms for all
seven features.

(The order of the algorithms and corresponding performance values is from the best
to the worst.)

BS (SM

(61.91

COT
61.52

RC
56.28

LTR)

54.28)
CET
27.99

(L3
(6.23

E)
0.22)

LK (Er RC L3 SM COT LTR CET)
(100 99.79 99.11 97.81 97.02 96.36 94.32)

PP (Er RC CET) (SM L3) (LTR COT)
(99.97 98.53 94.99) (93.28 92.63) (91.39 86.64)

PS RC SM (COT LTR) (CET ET L3)
91.06 82.43 (66.15 63.92) (38.59 24.49 17.29)

TK (ET RC) (SM 13 LTR) COT CET
(98.99 96.9) (95.41 94.5 88.7) 84.38 74.19

WA RC (SM CET) ET (LIR L3 COT)

, 98.52 (95.45 91.9) 87.2 (75.35 68.33 65.12)

M1 ET
128.81

13
166.79

CET
195.03

SM
255.6

RC
283.57

COT
353.21

LTR
487.14

M2 RC
85.42

SM
84.86

COT
83.47

CET
78.19

LTR

77.22
L3

66.81
Er

65.56
M3 CET L3 COT SM ET LTR RC

13.73 42.64 61.55 63.96 84.75 153.45 155.87
M4 RC ET SM LTR COT 13 CET

7.59 9.26 10.21 14.23 15.65 17.86 18.91

M5 13 SM COT RC ET LTR CET
2.98 4.18 4.22 4.35 4.49 4.87 4.96

M9 L3 ET CET SM RC LTR COT

99.26 99.06 97.45 96.33 95.36 94.66 94.52

M10 RC SM LTR COT CET ET L3
90.18 87.72 78.33 77.3 70.33 68.48 63.01



CHAPTER 7 CONCLUSIONS

For defect detection on Douglas-fir (Pseudotsuga menziesii) veneer surfaces,

three existing edge detection algorithms (compass edge detection, entropy edge

detection, and nonlinear Laplace edge detection) were adapted and improved and four

existing automatic thresholding algorithms (entropy, Otsu, moment-preserving, and

transition-matrix) were adapted in both global and local thresholding versions. Two

region extraction algorithms were developed (a method combining splitting-and-

merging with region growing and a method combining clustering with region

growing). The performances of these algorithms under the combinations of 5-bit and

8-bit camera resolutions and three different color spaces (the RGB color space, the

Lab color space, and gray-scale) were compared by multi-factor analysis of variance

(ANOVA). The best color space or color component (for thresholding) and best

camera resolution for each algorithm were obtained and the best algorithms for defect

detection on veneer surfaces were identified. As expected, the two region extraction

algorithms were superior in defect detection (especially for difficult defect types such

as blue stain and pitch streak) and also their parameters can be easily changed to

monitor their performances. The edge detection algorithms could only find defects

having large degrees of abrupt changes compared to the background, that is, loose

knots, pitch pockets, wane, and some tight knots. The thresholding algorithms were

better than the edge detection algorithms in that they could not only find knots, pitch

pockets, and wane but also find some blue stain and pitch streaks.

7.1 CONCLUSIONS REGARDING THE COLOR SPACES

1. For the three edge detection and two region extraction algorithms, the RGB color

space contributed to better defect detection capabilities than the Lab color space,

especially, for blue stain and pitch streaks. However, the use of the RGB color space

resulted in finding more false defects.
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For the three edge detection and two region extraction algorithms, the RGB color

space was significantly better than gray-scale for defect detection but it also resulted

in a higher probability of finding more false defect.

For the three thresholding algorithms (entropy, Otsu, and transition-matrix

thresholding with both global and local versions), the color component L of the Lab

color space was not significantly better than R, G, or B of the RGB color space.

For all defect types except blue stain, the performances of each color component

R, G, and B of the RGB color space did not show significant differences. For blue

stain, the color component R was significantly better than the other two. Therefore,

the R component of the RGB color space is suggested for the three thresholding

algorithms (entropy, Otsu, and transition-matrix).

7.2 CONCLUSIONS REGARDING CAMERA RESOLUTIONS

For three edge detection and two region extraction algorithms, the two camera

resolutions did not make any significant difference for all combinations of algorithms,

colors, and veneer surface features. However, when considering computer speed, the

5-bit camera resolution would be more appropriate.

For the global entropy thresholding, global transition-matrix thresholding, local

Otsu thresholding, and local transition-matrix thresholding algorithms, the 8-bit

camera resolution was better than the 5-bit camera resolution. For the local entropy

thresholding algorithm, if the count percentage is a key point, then a 5-bit camera

resolution should be used. If the concern is more about defect accuracy, then the 8-

bit camera resolution is more appropriate. For the global Otsu thresholding, a 5-bit

camera resolution is significantly better.



7.3 CONCLUSIONS REGARDING FEATURES ON VENEER
SURFACES

The most difficult defect to detect is blue stain, which could not be detected with

over 62% defect accuracy by any of the algorithms discussed.

Pitch streaks are also hard to detect but one of the algorithm did reach 91% defect

accuracy.

Pitch pockets, tight knots, loose knots, and wane can be detected with up to 95 %

defect accuracy by certain algorithms.

7.4 CONCLUSIONS REGARDING THE ALGORITHMS

The three edge detectors performed similarly in finding defects but the entropy

edge detector and nonlinear Laplace edge detector with a window size of 3 were better

at finding fewer false defects.

The moment-preserving algorithm (both global and local versions) performed so

poorly that the global moment-preserving thresholding algorithm could only find tight

knots and loose knots with a defect accuracy over 83% but less than 90% and the

local moment-preserving thresholding could not find defects with a defect accuracy

over 40%. Therefore, the moment-preserving algorithm was excluded from the

experimental analysis and also was not suggested at all for defect detection on veneer

surfaces.

In the global versus local version of the thresholding algorithms, global entropy

thresholding is better than local entropy thresholding because fewer false defects were

found and it has a better capability to detect defects. The global Otsu thresholding

algorithm is better than the local Otsu thresholding algorithm because it finds fewer

false defects while maintaining similar defect detection capability. The local

transition-matrix thresholding algorithm is better than the global transition-matrix

thresholding algorithm because it finds fewer false defects and has better a greater

capability to detect defects. Therefore, there is no tendency regarding adequacy in
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global thresholding and local thresholding for defect detection on veneer surfaces since

performance depends on the algorithm itself.

Among the three prechosen thresholding algorithms (global entropy, global Otsu,

and local transition-matrix thresholding), the global entropy thresholding algorithm is

the best because it found the fewest false defects and found wane with the highest

defect accuracy, though it was the worst at finding blue stain. However, the other

two algorithms only found blue stain with less than 62% defect accuracy. The local

transition-matrix thresholding found too many false defects but resulted in a higher

defect accuracy in wane than the global Otsu thresholding algorithm. Therefore, any

comparison between these two algorithms becomes application dependent. If wane

is important, then the local transition-matrix thresholding algorithm is a better choice.

If the number of false defects detected is of concern, then the global Otsu thresholding

is suggested.

Among the seven prechosen algorithms (entropy edge detector, nonlinear Laplace

edge detector with a window size of 3, a method combining splitting-and-merging with

region growing, a method combining clustering with region growing, global entropy

thresholding, global Otsu thresholding, and local transition-matrix thresholding), the

two region extraction algorithms are superior in finding defects among the three

segmentation categories and also their parameters can be easily changed to monitor

their performances to meet application requirements. The method combining

clustering with region growing does not perform as well as the method combining

splitting-and-merging with region growing because it finds more false defects. Two

of the edge detectors can only find defects with clear boundaries, such as loose knots,

pitch pockets, and wane but not defects whose boundaries have large transition zones,

such as blue stain, pitch streaks, and some tight knots. The three thresholding

algorithms are better than the edge detection algorithms since they can find some of

the more difficult defect types (blue stain and pitch streaks) but they found much more

false defects than edge detection algorithms.



7.5 AREAS FOR FUTURE RESEARCH

Areas for future research include:

Use images taken using a camera that actually has a 5-bit camera resolution and

then with an 8-bit resolution camera to compare the camera resolutions for each

algorithm. This is simply a verification test.

Use other color spaces to see if they are better than the RGB color space; for

instance, the Luv color space, the H-V-S color space, and Ohta's 01-02-03 color

space. Also, try the native Lab color space instead of the transformation to compare

to the RGB color space.

For each algorithm under a proper camera resolution and color space, find the best

parameters for each defect type so that the best performance for each algorithm for

each defect type can be found. Then, the best algorithm for each defect type can be

found by statistical analysis.

Group the images for each feature according to the grading rules or their sizes and

intensities and analyze the performance of algorithms by those groups.

Find a proper region extraction method instead of an edge detection method for

the clear wood test for all thresholding algorithms to improve their performances.

Search for better light sources to enhance the desired features of the veneer

surfaces; for instance, use different camera filters.
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