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Dirt counting and dirt particle characterisation of pulp samples is an important part of quality
control in pulp and paper production. The need for an automatic image analysis system to
consider dirt particle characterisation in various pulp samples is also very critical. However,
existent image analysis systems utilise a single threshold to segment the dirt particles in
different pulp samples. This limits their precision. Based on evidence, designing an automatic
image analysis system that could overcome this deficiency is very useful. In this study, the
developed Niblack thresholding method is proposed. The method defines the threshold based
on the number of segmented particles. In addition, the Kittler thresholding is utilised. Both of
these thresholding methods can determine the dirt count of the different pulp samples
accurately as compared to visual inspection and the Digital Optical Measuring and Analysis
System (DOMAS). In addition, the minimum resolution needed for acquiring a scanner image
is defined. By considering the variation in dirt particle features, the curl shows acceptable
difference to discriminate the bark and the fibre bundles in different pulp samples. Three
classifiers, called k-Nearest Neighbour, Linear Discriminant Analysis and Multi-layer
Perceptron are utilised to categorize the dirt particles. Linear Discriminant Analysis and
Multi-layer Perceptron are the most accurate in classifying the segmented dirt particles by the
Kittler thresholding with morphological processing. The result shows that the dirt particles
are successfully categorized for bark and for fibre bundles.
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1 Introduction

1.1 Background

Testing, a very important part of all industrial activities, includes the common features of the
testing raw materials, intermediate and end products of a manufacturing process. Nowadays,
the amount of testing that occurs directly on-line during the production process is increasing
[1]. On-line measurements can enhance the possibility for efficient process and product
quality control. Therefore, the industry uses on-line process and product control as much as

possible.

One of the most important quality factors in pulp production is dirt counting. Dirt counting
describes the content of any foreign materials in the pulp. Depending on the raw material and
process, the final product can have different amounts of dirt counts that influence the
product’s quality, and it can be used for different applications [2].

Visual inspection from transmitted images is the way of carrying out traditional inspection of
pulp. It is based on samples, which contain only a tiny fraction of the whole surface area.
Visual inspection of the samples is time consuming and error prone and results vary from one
inspector to another. Based on evidence, an automated on-line inspection system based on an

advance machine vision system can inspect the entire surface area with consistent results [1].

Nowadays, dirt counting methods include both visual and automatic inspections [1].
Traditional visual inspection compares dirt particles in sample sheets with example dots on a
transparent sheet. Automatic inspection is based on scanner or camera image analysis
methods in which dirt particles are computed from pulp sample images or a full moving paper
web. Both these methods unfortunately give the result after the final product is produced.
Knowing the dirt count of the pulp before it enters the paper machine would be highly useful.
Most of the image analysis systems use only a single threshold for different sample sheets for
extracting the dirt particles. This is one of the most important deficiencies of these systems.
Because the background colour of the sample sheets from different phases of manufacturing
is not constant, the precision of the system becomes limited. In addition, different

illumination changes the contrast and characterisation of the dirt particles.



1.2 Objectives and restrictions

Dirt counting is a significant quality criterion for pulp inspection, which is commonly defined
offline in the laboratories with specific equipment [1]. However, dirt counting based on image
analysis can be performed faster, more easily and be repeated more often. Thus, the need for
automatic analysis has become important in recent years. However, its shortcomings do not

allow utilising it completely instead of manual inspection [3].

The goal in this study is to solve research problems to develop better image analysis systems.
As a result, the visual inspection could be replaced completely by automatic dirt particle

counting because of its increased capability over traditional inspection.

The objectives in this study are listed as follows:

1. Guidelines for image acquisition: There is no standard that defines the best approach
for capturing images with a scanner or camera and the setting for acquiring the
images. In this study, the camera and scanner images will be provided and the

minimum resolution for images based on dirt counting standards will be defined.

2. Correcting non-uniformity of illumination in camera imaging: The non-uniform
illumination field affects image contrast, dirt particle characterisation and dirt
counting. Therefore, illumination correction can be utilised to obtain a uniform

illumination field.

3. Multi-level thresholding methods in dirt counting: A different background colour of
the pulp sample sheets affects the dirt counting result, especially when utilising a
single threshold. Therefore, multilevel thresholding and cluster-based thresholding,

such as Kittler thresholding, can improve the result of dirt counting.

4. Recognizing overlapped dirt particles: In cases where dirt particles overlap, the
system counts them as the same dirt particle. Therefore, morphological processing can



be utilised as a post processing approach to extract overlapped particles as two

separate particles.

5. Feature extraction for dirt particles: The size of a dirt particle is the only feature
utilised to categorize the dirt particles related to standards. Geometry and colour
features can be extracted in image analysis systems to achieve more information about

the characteristics of the dirt particles.

6. Dirt particle classification into fibre bundles and bark: Experts can classify dirt
particles into at least two main groups: uncooked wood materials (such as knots,
shives and fibre bundles) and bark. By utilising new extracted features, which include
more information about the dirt particle, it is possible to perform this categorization in

an automated image analysis system.

1.3 Structure of the thesis

The thesis consists of six chapters. Chapter 1 includes the introduction and the objectives of
the study. Chapter 2 discusses the main ideas of dirt counting, relevant standards, literature
review and deficiencies of the available image analysis systems for dirt counting. Chapter 3
discusses the materials and methods which are utilised in this study. Chapter 4 includes the
experiments which indicate the results of utilising the methods. Finally, Chapters 5 and 6

include the discussions and conclusions of the study.



2 Automatic dirt counting

2.1 Testing pulp and paper products

Testing is used to describe numerically certain properties of the end and intermediate
products. A relevant testing procedure measures a parameter that correlates with the property
of the product under consideration. One of the reasons for testing is quality control of the
product corresponding with relevant quality specification [1]. On the other hand, testing may
try to obtain value properties for use in marketing the product. Generally, proper selection of

a relevant test is important for the success of testing.

The papermaking process consists of numerous sub-processes which have a substantial
influence on paper properties. Therefore, developing a suitable testing procedure has an
important role to provide a sufficient basis to estimate the quality and usability of pulp [1].
Pulp quality has no general definition and always depends on paper grade. The design of a
paper evaluation system makes it possible to define paper grade and manufacturing process,

since the optimum pulp quality depends on specific product requirements.

Nowadays, the use of recovered paper as a raw material has increased considerably and will
continue in the future [3]. However, no generally valid standards for testing methods exit that
consider the nature of recovered paper including the heterogeneity and impurities associated
with it.

The most important tests in the pulp making industry for deinked pulp include cleanliness and
freedom from dirt specks, residual ink particles or mottled fibres [1]. Depending on the raw
materials, chemicals and mechanical processes, the final product can have different degrees of
cleanliness that highly affect the quality of the product and can be used for different
applications [2]. To determine the degree of cleanliness, dirt counting methods and relevant

standards have been defined.

2.1.1 Dirt counting standards

The number of dirt particles and the size of produced pulp according to the standards measure

the pulp cleanliness. To ensure the highest manufacturing quality, the pulp drops must each
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correspond to specific standards, 1SO (International Organization for Standardization) and
TAPPI (Technical Association of the Pulp and Paper Industry), which define the dirt count
measurements [1]. TAPPI and ISO standards have published evaluations of dirt specks, e.g.
TAPPI T 213 “Dirt in Pulp”, TAPPI T 437 “Dirt in Paper and Paperboard”, DIN 54362-1
“Evaluation of Dirt and Shives in Chemical Pulp 7, ISO 5350 “Estimation of Dirt and
Shives”, and TAPPI T 537 “Dirt Count in Paper and Paperboard”. 1SO 5350 describes the
“estimate of dirt and shives”, the “amount of specks per unit area” in various size classes, in

which the smallest dirt spot must be greater than 0.04 mm? [1].

2.1.2 Visual dirt counting

Dirt counting is commonly determined in the laboratory by visual inspection [1, 4] i.e. the
measurement of impurities is performed manually. In all TAPPI methods, a printed chart of
dirt particles in different sizes, shown in Fig. 1, is used [1]. In visual dirt counting, the dirt
particles contained in the test pulp sheet are visually compared to the dot size estimation chart
and thereafter categorized according to their size. The minimum size of the dirt particle to be

detected is 0.04 mm?, which is at the limit of human visual acuity.

EN I1SO 5350
ESTIMATION OF DIRT AND SHIVES
ESTIMATION DES IMPURETES ET BUCHETTES

Contrast (%) Aspect ratio Area
Contraste (%) Facteur de forme Surface

80 100

50
n . - 2 5 20 mm?

30

& =D = — 5.00
© e - e 1.00
- - = 0.40
g = 0.15
0.04

Scale/ Echelle

0 10 20 mm

Fig. 1. Estimation chart of dirt particle size [5].



2.1.3 Image analysis systems

After four years of research and planning, the TAPPI joint subcommittee on image analysis
released a replacement for the visual test standard [4]. This new method is entitled “Effective
Black Area and Count of Visible Dirt in Pulp/Paper/Paperboard by image Analysis”. The new

standard allows various dirt count instruments and technologies to achieve the same result.

The Effective Black Area includes the analysis of intensities, contrast, and threshold [4]. In
this standard, if the difference between the speck and its background is not at least 10% of the
contrast, it is not categorized as speck. However, if it contains more than 10% contrast
differences, then it has visual impact and is worthy of consideration. On the other hand, the
minimum level of dirt classification has been reduced from the original visual method under
the old standards (T437 and T213) in which the smallest dirt registered was the 0.04 mm?
speck. Therefore, in the new standard the minimum speck size is 0.02 mm?, which is much
closer to the lowest visible region [1, 4]. This causes an increase in dirt count because the
smaller specks that were ignored in the earlier test, are considered in this standard.

According to evidence, the use of scanner-based image analysis systems presents as a good
replacement for visual dirt particle recognition [1]. However, the measured results of various
scanner-based image analysis systems can vastly differ based on differing calibration

procedures, light sources, pixel resolution, and software.

The 0.02-3.0 mm? measuring range with scanner-based image analysis corresponds to a dirt
particle with about 160 pm to 2 mm diameter [1]. As deinked pulp contains many dirt
particles with the diameter less than 160 um, therefore the small particles are evaluated which

can be very interesting for certain applications.

2.2 Background of automatic dirt counting

A few automatic dirt counting systems have been proposed and tested to replace visual
inspection, one of which is described by Tornianen et al. [5]. This system is an off-line
procedure in which the inspection time yields such a poor sample rate that it prevents
detection of big dirt particles, which is both rare and important for determining the dirt count
of the product [2].



Popil et al. from MacMillan Boeded Research propose another system which is an on-line
inspector of pulp by utilising a CCD camera [6]. However, the system uses only front
illumination and the pulp thickness prevents the use of transmitted light by backlighting.
Therefore, it does not comply with the mentioned international UNE-ISO 5350-2 standard for
pulp inspection [2].

Campoy et al. from DALSA have developed InsPulp by using Time Delay Integration (TDI)
technology [2]. The acquisition system is made up of several parallel CCD lines in order to
meet the requirements of the UNE-ISO 5350-2 standard, are includes high-speed

displacement of product, very high resolution and backlight.

An on-line automated dirt count system, presented by Metso Company, uses transmitted light
and a CCD camera. To allow light enough intensity of transmitted light to arrive through the
camera sensor, the system takes the images from wet sheets [2]. Three sample sheets from the

process are moisturized before the images are taken.

2.3 General image processing steps in dirt counting and characterisation

The general steps of image processing are defined in [7]. Based on automated dirt counting
applications, the general image processing steps are shown in Fig. 2. The input of the system

is pulp sheets or paper board web and the output is dirt count and characterized dirt particles.

The automated dirt count system generally includes seven major parts (Fig. 2): 1) image
acquisition: a suitable method for acquiring the images is utilised; 2) image enhancement:
improves the image quality; 3) image restoration: prepares better segmentation; 4)
segmentation and 5) morphological processing: in these two steps, the dirt particles are
distinguished from the background; 6) feature extraction and 7) classification: appropriate
features are extracted from the dirt particles and utilised for categorization. In the next
chapter, the imaging processing methods, which are utilised in this study to design an

automated machine vision system, will be discussed.

10



Pulp Sheet .
:>[ Image Acquisition ]|:‘>[ Image Enhancement ]I:>[ Image Restoration ]

[ Feature Extraction ] <:: Morphological Processing ] <:: Segmentation

[0}

Dirt Particles

Classification Analysis

Fig. 2. General steps in the automated image analysis dirt count and dirt particle

characterisation.
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3 Automated machine vision system

3.1 Image processing steps for automatic dirt counting and characterisation

The general steps of automated dirt counting have been mentioned in the previous chapter. In
this part, the methods for automatic dirt counting will be considered. Fig. 3 shows the selected

approaches for each step in this study.

Two different imaging systems, scanner and camera are utilised to provide the data for the
automated machine vision system. Correcting illumination field and noise filtering are pre-
processes to improve the image quality. Thresholding along with morphological operation
result in better segmentation of the dirt particles which has an important effect on the dirt
count. In the part of feature extraction, intensity and geometric features are utilised to
categorize the dirt particles. Finally, three different classification approaches are considered
in this study to classify the particles based on their characteristics.

[ Scanner- and Camera-

based Imaging 1 '::>[ Illumination Correction ] |::>[ Noise Filtering ]

Shape Features h Thresholding
N

p
Colour, Intensity, <—1 Morphological Operators ]<: Global J

Multilayer Perceptron (MLP)
Linear Discriminant Analysis (LDA)

K Nearest Neighbour (k-NN)

Fig. 3. The methods are utilised in the automated image analysis dirt count and dirt particle

characterisation.

3.2 Interaction of paper and light

The meeting between the light and the paper surface is shown in Fig. 4. Some incident light
immediately reflects back from the surface with the reflection angle identical to the incidence

angle. This is called specular reflection. Some incident light penetrates through the paper
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depending on the thickness and light scattering properties of the paper (transmission). The
paper industry sometimes measures the transmitted light to determine opacity, which is the

opposite of transmission [1].

Specular Transmission Scattering Absorption
reflection (heat)
(gloss)

Fig. 4. Interaction of light and paper [1].

Some part of the light falling on the paper surface penetrates to a certain depth and emits on
the entry side after reflecting from the boundary surfaces of the particles, called scattering.
Such light is diffusely reflected light and causes visual impression. Therefore, measuring the
diffusely reflected light determines the lightness or brightness and colour of the object. In
addition, some incident light absorbs into the paper which is liberated as heat, depending on
the light wavelength (absorption) [1].

3.3 Image acquisition methods

Digitized imaging is the first step in any image processing application. It means that once the
image signal is sensed, it must be converted into a computer readable format. Digitization
means that the signal is defined in a discrete domain and takes value from a discrete set of
possibility [7, 8]. Therefore, the process of analog-to-digital conversion must be done in two
sub-processes: sampling and quantization. Sampling converts a continues signal into a
discrete one and quantization converts a continues-valued image into discrete-valued which is
done by processes such as rounding or truncation. Since the image intensities must be
presented with finite precision, quantization has an important role in image digitization.

Digital cameras and scanners are the common devices for acquiring the digital images.

3.3.1 Imaging with a digital camera

Digital cameras use a solid-state device called an image sensor. In these cameras, the image
sensor is a Charge-Coupled Device (CCD) or a Complementary Metal-Oxide-Semiconductor

(CMOS) sensor [9, 10]. On the surface of the image sensor are millions of photosensitive
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diodes that function as light buckets. In addition, each of them captures a single pixel in the
image. When taking an image, the shutter opens briefly and the light enters the semiconductor
to raise electrons from the valence to the conduction band. The number of electrons is a
measure of the light intensity [10]. Therefore, each pixel records the brightness of the light
fallen on it by accumulating an electrical charge. After closing the shutter, the charge from
each pixel is measured and converted into a digital number. Since, the photosites are colour-
blind; sensors in the camera can only filter the three primary colours (red, green and blue).
The other colours are produced by mixing these three colours. In the most cameras these three
colours are recorded by using interpolation or a Bayer filter. In addition, costlier cameras

generally utilise a spinning disk or a beam splitter [10, 11].

The device that has been utilised in this study to provide the camera images consists of a
camera with optics, a robot, and a configurable side lighting illumination arrangement,
including eight LEDs; the illumination direction and the angle of illumination can be
adjusted. The applied camera is an AVT Oscar 5 Mpix, with a 12-bit 2/3” RGB sensor. The
attached optics is a Motritex ML-Z0108 0.1x — 0.8x zoom lens and the robot is a Sony Cast
Pro Il desktop robot. The lenses and lens holders have been attached in the LEDs in order to
increase intensity on the measurement area. A Velleman USB interface card, which has eight
analog/digital input channels and analog/digital output channels, has been used to control the
illumination. Based on these characteristics, different models of the illumination field

(uniform/non-uniform) can be tested with this setup.

One of the important issues in digital image acquisition is image noise. Image noise is defined
as a random variation of intensity or colour information in images produced by the sensor and
circuitry of a scanner or digital camera. It comes from a variety of sources. There is no
imaging method which is free of noise. One unavoidable source of noise is counting statistics
in the image detector due to the small number of photons or electrons. In addition, noisy
images may occur due to instability in the light source or detector during scanning or
digitizing an image. Thus, different kinds of filtering are used to decrease the noise in an
image [7, 10].
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3.3.2 Imaging with a scanner

The basic principle of a scanner is to analyze an image. It allows a computer to convert an
object into digital code to display and use an image. Inside the scanner is a linear array of
CCD which is composed of millions of photosensitive cells. For scanning an object, a light
bar moves across the object and the light is reflected to the CCD by a system of mirrors. Each
cell produces an electrical signal based on the strength of the reflected light. Each signal
presents one pixel of the image which is converted into a binary number. Usually colour
scanners utilise three separate versions of the image (red, green and blue) by passing the

reflected light through red, green and blue filters to record each component.

Reflection and transmission images of the samples in this study were taken by using a high-
quality scanner with all automatic setting disabled. The images were captured with spatial
resolutions of 1250 and 2500 dpi, and each pixel was represented by 48-bit RGB colour
information. A separate ICC profile was generated for both imaging modes, and the digitised

images were saved using lossless compression.

3.4 Pulp samples

In this study, the samples were dry laboratory sheets of chemical pulp of different wood
pieces from different mills. The various pulp samples include different kinds of dirt particles
such as bark, shives, knots and sand. That gives an overview of varying pulp used in the
produced paper and board. The samples are according to the all steps of pulp making, e.g. the

first sample is from the first step, etc. All eight samples are shown in Fig. 5.

3.5 Correcting imaging illumination

Removal of non-uniform illumination has very important effects for later processing stages,
such as image restoration based on correlation and segmentation based on intensity
thresholding. As in this study, thresholding has a main role in segmentation, and uniformity
of the image illumination field can affect the improvement of the thresholding operation. For
this reason, an illumination correction method is considered which results in the uniform

illumination field.
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1 2
. .
3 4
. .
5 6
. .
7 8

Fig. 5. Eight samples according to the all steps of pulp making which are used in
this study defined as Pulp samples 1-8.
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3.5.1 Illumination model

The imaging model is
f=sU+¢e)+e Q)

where f is the observed image, s is the radiometric response function of the imaging system,
1 is the scene radiance corrupted by &; (shot and thermal noise) and &, (quantization error,
amplifier noise, D/A and A/D noise) [12]. By assuming a small noise level compared to the
signal, the terms &; and &, can be ignored. Also, I can be written as I - ¢, where ¢ is the
combined vignetting and illumination factor. Therefore I.¢ represents pixel-wise
multiplication. In the end, the imaging model is simplified to f =1-s, where s is the
distortion free image and I is the combination of vignetting and the illumination factor which
varies slowly over the image and does not have a high frequency content. Five different

models of estimating the illumination field are considered as follows,

3.5.1.1 Cosine model

The cosine model is utilised for simple lenses. The cosine law of illumination approximates

natural vignetting [13]. The cosine law for pixel i is defined as
C; = L cos ™(tan(r;/f)) (2)

where 7; is the pixel (x;, y;) distance from the image centre, f is the effective local length and

L is the (maximum) irradiance in the image centre.

3.5.1.2 Radial polynomial model

The radial polynomial model approximates symmetrical radial falloff of intensity with

increasing distance from the image centre [13]. The radial falloff for pixel i is defined as

Ri=ag+ aiti + ayr? + -+ a1’ 3)
where r; is the pixel (x;,y;) distance from the image centre and «y ... a,, are the estimated

parameters.
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3.5.1.3 Polynomial model

The polynomial model is the more general approach for estimating the illumination field,
especially in the cases that the intensity falloff is not necessarily concentric with the image

centre [10]. The second order polynomial for the pixel (x;, y;) is defined as
P =ag + ayx; + ayy; + azx? + anyf + asx;y; (4)

where «; ... a,are the estimated parameters.

3.5.1.4 Kang-weiss model

The Pang-Weiss model is based more on physical considerations in comparison to the
previous models. In addition to radial falloff G;, it includes the off-axis illumination A; and

the observed object tilt T; [14]. Therefore, the model for the pixel (x;, y;) is defined as

K; = A;G;T; (5)
where
a——r (6)
QA+ (r/)B?

Gi=(1—ar) (7)

tant

3
T; = COS‘L’<1 + (xisinx —, sinx)) ©

f is the effective local length, « is the radial vignetting factor coefficient, t is the rotation of
the observed planar object around the axis parallel to the optical axis and y is the rotation of

the observed planar object around the axis.

3.5.1.5 Elliptic paraboloid model

The model approximates vignetting and non-uniform illumination with elliptic paraboloids

which allow shift, scale and rotate [15]. The model for the pixel (x;,y;) is defined as
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o< =<

X
= Ry (Po)Rx (pg)R, (p7) [le] (©)
Zj

N

where
(10)

Xi=Xi—P1, Yi=Yi—Pn Z :Pe(

(xi—p1)? n (yi—p2)*

P4 Ps )+p3

Ry, Ry, R, are the rotation metrics around the corresponding coordinate axis and py, ..., pg are

the estimated parameters.

As mentioned above, the general approach for finding the illumination field is to approximate
the background of the image by fitting a polynomial model to it through the selection of a
number of points in the image and a list of their brightness and locations [16]. The general

model of the polynomial of degree N is defined as

:OJ

R i=N j=i S
|(X, y;r):eXp[ ]/ij,jXIJyJJ (11)
0

where I" is the vector of model parameters y . The exponential term is used to guarantee that

the illumination model will always evaluate to a non-negative number in parameter

estimation.

By fixing the degree N of the polynomial model, the estimation of the non-uniform

illumination field is reduced to the estimation of the parameters y . The illumination field | is

constant over local neighbourhoods, which is valid for the images in this study.

Then the observed image is convolved with a Gaussian kernel K_ . If the standard deviation

o is made large enough, the noise process n in the filtered signal is negligible as
f,=(sD, +n, =~ (sD), (12)

where f_ is the 2D convolution of image f with a Gaussian kernel of standard deviation &

pixels. Since | is slowly varying, it is approximately constant in the Gaussian kernel’s

region. Then Eq. 12 is simplified as
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f,(x) = fs(x +u)I(x+u) K,(u) du = I(x) f s(x—u) K,(u) du = I(x) s, (x) (13)

where x denotes the image coordinates. To transform the multiplicative nature of the

illumination field into an additive one, the logarithm of the filtered signal is calculated as
log £, (x) = logI(x) + log s, (x). (14)
The energy function is set up as
E(D) = g(x) = LX)I? (15)

where g(x) = log f,; (x) and L(x,y) = logI(x). The parameters of the illumination model are
found by minimizing the energy E(F). The estimation of the illumination field and image

correction are illustrated in Algorithm 1.

Algorithm 1: Illumination correction

1. Calculate M(x), the matrix of the monomial terms as (e.g. for N = 4)
M) =1 x y x> xy y?> x2 x%y xy? y3 x* x3y x%y? xy3 y*) (16)

2. Calculate g(x) = logf, (x), the matrix of the logarithm of the Gaussian filtered image

as

g(x)=(g(x1) gx2) .. Q(Xp)) 17)

which is reshaped to a vector of P (total number of pixels) members.

3. Minimize the energy function E (T") by calculating T as follows
r=mM"M)=MTg. (18)
4. Calculate the illumination field by
T = exp(MT) (19)

which must be reshaped to the original image size.
5. Calculate the corrected image by dividing the original image by the estimated

illumination field.
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3.6 Segmentation

Segmentation is described by an analogy to visual processes as a foreground/background
separation. This is a process of reducing the information of an image by dividing it into two
regions which corresponds to the scene or the object. Selecting a feature within an image is an
important prerequisite to segment desired objects from the scene. In many applications of
image processing, the intensities of pixels belonging to the object are substantially different
from intensities of the background pixels. Therefore, one simple way is to threshold by
selecting a range of the brightness values in the image. The pixels within this range belong to
the objects and the other pixels to the background. The output is a binary image to distinguish

the regions (object/background) [7, 17].

3.6.1 Thresholding

The common thresholding methods are categorized into six major classes in [17] according to

the information they are exploiting. These categories are as follows:

1. Shape-based methods are based on the shape properties of the histogram. Therefore,
the peaks, valleys and curvature of the smoothed histogram are considered. For
example, Rosenfeld’s method in [18] considered the distance from the convex hull of
the histogram. In addition, Sezan’s method in [19] carried out the peak analysis by
convolving the histogram function with a smoothing and differencing kernel.

2. Cluster-based methods are based on clustering the gray-level samples into two parts
as background and foreground (object) or are modelled as a mixture of two
Gaussians. For example, Otsu’s method [20] minimized the weight within-class
variance of the foreground and background pixels. The Kittler and Illingworth

method [21] optimised the cost function based on the Bayesian classification rule.

3. Entropy-based methods define the threshold by utilising the entropy of the
foreground and background regions. For example, Kapur et al.’s method [22]
maximized the class entropies that interpret the measure of class separability.
Shanbag’s method [23] utilised fuzzy memberships as a measure to indicate how

strongly a intensity value belongs to the background or foreground.
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4. Attribute-based methods select the threshold based on some attribute quality or
similarity measure between the intensity and binarized image. Pikaz et al.’s method
[24] creates stability in the threshold when the foreground object reaches its correct
size. By Leung et al ‘s method [25], the optimum threshold is established as the
generating map which maximizes the average residual uncertainty to which class a

pixel belongs after image segmenting.

5. Spatial-based methods utilise the intensity distribution and dependency of pixels in a
neighbourhood. Chang et al.’s method [26] determined the threshold in such a way
that the co-occurrence probabilities of the original image and the binary image are

minimally divergent.

6. Local-based methods determine the threshold of each pixel compared to the local
image characteristics. Niblack’s method [27] estimated the threshold based on the
local mean and standard deviation. White’s method [28] compared the intensity of
the pixel to average of the intensities in some neighbourhood.

Two major application areas of thresholding, namely document binarizaition and
segmentation of images Non-Destructive Testing (NDT) were utilised for considering the
accuracy of the methods in [17]. In addition, threshold performance criteria were defined for
comparing the result. This criteria proposed that the clustering-based method of Kittler and
Illingworth and the entropy-based method of Kapur are best for performing thresholding
algorithms in the case of NDT images. Similarly, the Kittler thresholding and the local-based
method of Niblack are best for performing the document binarization algorithms [17].

Based evidence, the Niblack, Kittler and Kapur methods will be considered in this study as
parametric and non-parametric thresholding methods. Niblack thresholding utilises a
parameter to define the proper threshold. On the other hand, the Kittler and Kapur
thresholding methods are non-parametric thresholding methods. Firstly, the preliminaries of

the thresholding methods are described.

The histogram and the Probability Mass Function (PMF) of an image are indicated,
respectively, by h(g) and by p(g), g = 0...G, where G is the maximum intensity value in

the image [17]. The cumulative probability function is defined as
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9
P(9) = ) (. (20)
i=0

The object (foreground) and the background PMFs are expressed as ps(g),0 < g < T and

pr(g), T+ 1< g < G respectively, where T is the threshold value. The foreground and
background area probabilities are calculated as

T G
R =F =) plo) BT =P= Y po. @)
g=0

g=T+1

The Shannon entropy, parametrically dependent on the threshold value T for the foreground

and background, is defined as

T G (22)
HM == p@logp o) HM == ) p(logn(g).
g=0 g=T+1
The sum of these is expressed as
H(T) = Hp(T) + Hy (T). (23)

The mean and variance of the foreground and background as functions of threshold T is

defined as
T T
me =) gp(g), oM = o= mM'po) (24)
g=0 g=0
G G
my= > gp(o) FM= ) lg—m@Ppo) 25)
g=T+1 g=T+1

3.6.1.1 Parametric thresholding methods

By the Niblack method, a threshold is calculated at each pixel depending on the same local
statistical mean and variance of the pixel neighbourhood [27]. The threshold T(i, ;) is

indicated as a function of the coordinates (i, j) at each pixel. Niblack thresholding adapts the
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threshold according to the local mean m(i, j) and standard deviation o (i, j) and calculates a

window size b x b for each pixel as follows
T(j)=m@j)+k-o(j) (26)

where k is a bias setting. The steps of the method are mentioned in Algorithm 2.

Algorithm 2: Niblack thresholding

1. Initialize parameters k and b

2. for all pixels in an image
3 Calculate the threshold for each pixel by Eq. 26, within window size b X b
4. Apply the threshold to the pixel to binarize itto 0 or 1
5

. end

Niblack thresholding has been proposed as local thresholding. However, in this study, the
defined equation is utilised to determine the threshold based on global thresholding.
Depending on the variation of the background intensity of the different pulp samples and dirt
particles, including non-uniformity of the background especially in the first samples, a
number of segments have valuable information for defining the level of thresholding. Based
on Eqg. 26, k increases step by step until a very large change happens in the number of
segmented parts by increasing one step of k which means that the background is segmented
(in this study case —5 < k < —1.5). Algorithm 2 shows the steps of defining the threshold by
developed the Niblack approach.

Algorithm 3: Developed Niblack thresholding
1. Initialize parameters k , step and a
2. dok « k + step
3 Calculate the threshold by Eq. 26
4. Apply the threshold and define the number of segmented parts N,
5. while N, < a-N,_4
6. Select the threshold belonging to N;,_;

Fig. 6 shows an example of applying Algorithm 3 for Pulp sample 1.
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Fig. 6. The threshold determined by developed Niblack based on the number of segmented parts for
Pulp Sample 1. The black star indicates the threshold. The pink stars show the number of segmented
particles based on the threshold.

3.6.1.2 Non-parametic thresholding methods

The clustering-based methods can be assumed as non-parametric thresholding methods in
which the gray samples are clustered in two parts as background and foreground or modelled
as a mixture of two Gaussians. These methods assume that the image can be characterized by
a mixture distribution of foreground and background pixels. Kittler thresholding in [21]
optimizes the cost function based on the Bayesian classification rule. Based on this model the

optimum threshold can be estimated as follows

Tope = min{P(T) log o;(T) + [1 — P(T)] log 6,(T) — P(T) log P(T) (27)
—[1=P(D)]log[1 — P(T)]}

where {af(T),ab(T)} are the foreground and background standard deviation. Algorithm 3
briefly shows the steps of producing the binarized image by Kittler thresholding.

Algorithm 3: Kittler thresholding
1. Calculate the threshold of an image by Eq. 27.
2. Apply the threshold to all pixels of the image to binarize it.

On the other hand, entropy-based methods result in algorithms that use the entropy of the
foreground and background regions, the cross entropy between the original and binarized
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image, etc [17]. This class of algorithms exploits the entropy of the distribution of the
intensities in a scene. The maximization of the entropy of the thresholded image is interpreted
as indicating the maximum information transfer. Kapur thresholding considered the image
foreground and background as two different signal sources so that when the sum of the two
class entropies reach their maximum, the image is said to be at the optimally threshold [22].

Kapur thresholding defines the threshold as

Tope = max[Hy(T) + H,, (T)] (28)
where
T
_ r(g)., pr(9)
Hy(T) = —gzom 85Ty (29)
H, (T) = — r(g) p(g) (30)

——log——.
4t P 5P(T)

Algorithm 4 shows the steps of producing the binarized image by Kapur thresholding.

Algorithm 4: Kapur thresholding
1. Calculate the threshold of an image by Eq. 28.
2. Apply the threshold to all pixels of the image to binarize it.

3.7 Morphological processing

The binary image, which is the result of thresholding, consists of groups of pixels selected on
the basis of some properties. The goal of this binarization is to separate objects from the
background. The result of thresholding is rarely perfect which causes misclassification of
some pixels as foreground or background. Morphological operators are one of the major tools
for working with binary images [7, 10]. Therefore, three algorithms of morphological
operators will be used in this study: region filling, closing and boundary extractions. These
three morphological operators are utilised to improve the segmentation result.

3.7.1 Region filling

This is the method to fill holes within objects. Any pixel that is part of a hole belongs to the
background and is surrounded by foreground. A simple method for region filling is based on
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set dilations, complementation and intersections [7, 10]. A denotes a set containing a subset
whose elements are 8-connected boundary points of a region [7]. Therefore, the following

procedure fills the region:
Xe = Xeoy ®B)UAS, k=123, (31)

where X, is a starting point which is inside the boundary and is assigned as a background
pixel (labelled 0) and then after the first iteration, the value of X, is 1. B is the symmetric
structure element. A @ B defines the dilation of A by B, and A€ is the complement of A. The
algorithm terminates at iteration step k if X, = X, _;. Therefore, the dilation process fills the

entire areas and the intersection of each step with A limits the result inside the region.

3.7.2 Closing

Closing is a morphological operator defined as dilation followed by erosion [7, 10]. Dilation
expands an object and erosion shrinks it. Therefore, closing can be utilised to smoothen the
boundary of an object, i.e. fuses narrow breaks, eliminate small holes and fill gaps in the

contours. The closing of set A with structuring elements B is defined as

A-B=(A®B)OB. (32)

3.7.3 Boundary extraction

A region’s boundary is a set of pixels in the region that have one or more neighbours that do
not belong to the region [7]. A boundary can be useful in determining the geometrical features

for classifying the dirt particles. The boundary of a set 4, B(A), can be defined as

BA) =A-(AOB) (33)

where B is a suitable structuring element and A © B defines the erosion of A by B. Therefore,
the boundary of the set A can be obtained by first eroding A by Band then defining the
differences between A and its erosion by using B. Fig. 7 shows the example of boundary

extraction.
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Fig. 7. A binary image of an object is on the left and its boundary is shown on the right [7].

3.8 Feature extraction

After the images have been segmented into objects and background regions, the segmented
object is usually described in a suitable form for further computer processing. Presenting a
region have two alternatives, in term of its external characteristics or internal characteristics.
An external representation focuses on shape characteristic such as length and internal
representation is based on regional property such as colour. Sometimes it may be necessary to
use both types of representation. The problem is to decide which of the measured parameters
are most useful. In the next step, different features will be considered [7, 10]. One important
part of studying the dirt particles is to distinguish two types of dirt particles, fibre bundles and
bark, which can appear in pulp sheets in any stage of the process. Therefore, classifying the
dirt particles at least to these two groups could give additional information about the dirt
particles.

3.8.1 Colour and intensity features

The RGB (red, green, blue) model for the colour and intensity value of the dirt particles
involves basic characteristics which are utilised visually to make the fibre bundles and bark
separate. Therefore, these two features are also extracted from the dirt particles in the pulp
sample sheets. These features should be normalized, because of the variation of the pulp
sheets’ colour from different stages of the process. Therefore, the mean intensity and colour

of the dirt particle is normalized by the means of intensity and colour of the pulp sheets.

3.8.2 Geometrical features

The geometrical features describe shape and boundary characteristics. Simple geometric

features can be understood by human vision but most of them can be extracted by computer
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vision which can highly affect the classification results. The geometrical features, which are

utilised in this study are defined as follows:

Area is the most basic measure of the size of the features in an image. The area is defined as

number of pixels located within the boundary of a segmented dirt particle.

Major axis of an ellipse is its longest diameter which crosses through the centre and its ends
are located at the widest points of the shape. In addition, Minor axis crosses the major axis at

the centre and its ends are located at the narrowest points of the ellipse.

Eccentricity of the ellipse is the ratio of the distance between the foci of the ellipse and its

major axis length.

As the dirt particle shape is not completely ellipse-like, the ellipse that has the same
normalized second centre moments as the region are utilised to calculate all the above
features. All these three characteristics will give information about the elongation of the dirt
particles, which is normally larger for fibre bundles than bark. Based on these parameters,

two other features are defined as follows [10]:

4. Area
Roundness = - — (34)
- Major Axis
Major Axis (35)
A t Ratio = ———
Spect ratto Minor Axis

Convex hull: a set A can be defined as a convex if a straight line segment joining any two
points of A lies entirely in A [7]. Therefore, the convex hull H is the smallest convex set
containing A. The morphological algorithm for obtaining the convex hull C(A) of set A is

determined by using
Xe=X1 ®BYUA , i=1234 , k=123,.. (36)

where B!, i = 1,2,3,4 represent four structuring elements, and X}, = A. Also, A ® B indicates
the hit-or-miss transform of A by B. D' = X} is defined if X} = X\ _;. Then the convex hull of
Ais
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C(A) =ul, DL, (37)

Therefore, defining the convex hull consists of iteratively applying the hit-or-miss transform
till no changes occur (XL = Xi_,), which determines D'. This procedure is repeated four

times. Finally, the union of the four sets D; constitutes the convex hull of A.

The features that can be defined based on the convex hull for each of the dirt particle regions
are as follows:
1. Convex hull area is determined by the number of pixels which are included in the
convex hull.

2. Solidity is the ratio of area and convex hull area (Fig. 8).

B 0.584 0.782
C 0.447 0.592
D 0.589 0.714

Shape Roundness Solidity
A 0.587 0.731

Fig. 8. Roundness and solidity parameters are calculated for four different shapes [10].

Boundary box is the smallest rectangle, which surrounds the whole region of the segmented

dirt particle (Fig. 9.a).

Perimeter is the path that surrounds an area (Fig. 9.b). In an image processing application, it
can be estimated as the length of the boundary around the object by counting the pixels that

touch the background.

Sum of Edges = 28 units Sum of Edges = 36 units
Chain code peximeter = 28.0 vnits  Chain code perimeter = 20+/2 = 28.28

Fiter Length—

@ ®

Fig. 9. Parameters: (a) indicates fibre length, fibre width and the Boundary box; (b) indicates
difference between perimeter of tow shapes [10].
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Based on the perimeter value, other features can be calculated which are defined as follows [10]:

41 - Area
Form Factor = —— (38)
Perimeter?
) Perimeter — VPerimeter? — 16 - Area (39)
Fibre length = 7
) . _ Area (40)
Fibre width = Fibre Length
Fibre lenght (41)
E jon = ——m8M8—
longation = o idth
Major axis
Curl = ]— (42)
Fibre Length
Area 4
Extent = (43)

Boundary box Area

Fig. 10 shows two sets of shapes and the numeric values of some of the parameter-based

features.
* * Shape Formfactor Aspect ratio  curi=0.92 Curl=0.582
A 0.257 1.339
B 0.256 2.005
c 0.459 1.294 W
D 0.457 2.017
Curl=0.3 Curl=0.411

Fig. 10. Two sets of shapes and the numeric value of their form factor and aspect ratio (left set), and
curl (right set) [10].

3.9 Classification

Classification is concerned with identifying or distinguishing different populations of objects
that may appear in an image based on their features. In this part, three different classifiers,
Multilayer Perceptron (MLP), Linear Discriminant Analysing (LDA) and k-Nearest
Neighbour (k-NN), are considered. MLP is utilised as an example of neural network

classifiers. LDA classifies data based on the statistical information and k-NN is a very simple
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classifier, which is useful when there is no priori information about data. These classifiers

will be utilised to classify fibre bundles and bark as dirt particles in the two groups.

3.9.1 Multi Layer Perceptron

An important class of neural networks is referred to as multilayer perceptron (MLP).
Typically, the network consists of a set of source nodes that constitute layers [29]. Different
neural network models are algorithms for cognitive tasks such as learning and optimisation.
The neural network is a mathematical model that tries to simulate the structure of a biological
network. It consists of an interaction group of nodes, called neurons. The neural network is an
adaptive system that change its structure based on external and internal information which
flow through the networks during the learning phase. Thus, it can be used to model complex
relationships between inputs and outputs. In the case of classification, the neural network
models the relation between the features vector as an input and the output is the class which

the features belong to (Fig. 11).

Input Neural Output
(Features) Network (Classes)

Fig. 11. A neural network models the relationships between the input vector
(features) and outputs (classes).

In the Multi-layer perceptrons, the input signal distributes through the network in the forward
direction layer by layer to solve pattern classification problems in a supervised manner. A set
of data with their appropriate output are utilised as a training data set with a popular algorithm
known as error back-propagation which is based on the error-correction learning rule. The
error back-propagation process consists of forward and backward passes through the different
layers of the network. In the forward pass, an input vector is applied to the source nodes of
the network and propagated through the network to produce a set of outputs as the actual
response of the network. During this process, the network synaptic weights are fixed. On the
other hand, during the backward pass the synaptic weights are adjusted, based on the error-
correction rule which is specifically the subtraction of the actual and desired response of the
network. Then, the error signals are propagated backward against the direction of synaptic
correction to adjust the synaptic weights to make the actual response closer to the desired
response [29, 30].
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3.9.1.1 A neuron model

A neuron is the fundamental unit of a neural network for information processing. Fig. 12
shows the model of a neuron which consists of three basic elements [30]:

1. A set of synapses or connecting links, each of which is characterized by its own
weight. For example, a signal x; at the input of synapse j connected to neuron k is
multiplied by wy;, so the first subscript refers to the neuron and the second one refers
to synapse.

2. An adder is for summing the weighted signals.

3. An activation function is for limiting the amplitude of the neuron’s output. Fig. 12
includes an applied threshold 6, that decreases the net input of the activation

function. On the other hand, it may be increased by a bias term.

Activation
function

Input

Output
signals {

(20) Vi

Summing
junction

0

K

Threshold

Synaptic
weights

Fig. 12. The neuron’s model [30].

Therefore, the functionality of a neuron k is described by the following equations:

Wkj Xj (44)

g
Il
Nl

j=1

Vi = ¢ — 6k) (45)

where x4, x, ..., x,, are the input signals, wyq, wy, ..., Wy, are weights belonging to each
input signal of neuron k, u; is the summing junction output, 6, is the threshold, ¢(+) is the

activation function and y, is the output signal of the neuron k.

The model of each neuron in the network includes a smooth nonlinearity at the output end.

The network contains one or more hidden layers which enable the network to learn complex
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tasks by extracting more meaningful features from the input vector. In the next step, the

operation of a neuron and MLP will be considered
3.9.1.2 Multi Layer Perceptron algorithm

Fig. 13 shows the architectural graph of the multilayer perceptron with one hidden layer. The
network is fully connected which means that a neuron in any layer of the network is
connected to all neurons in the next layer. The normalized feature vector is presented to the
input layer. The input layer distributes the values to each of the neurons in the hidden layer.

The value of each input neuron is multiplied by w;;, and the resulting weighted values are
added together producing a combined value w; . The weighted sum is fed into a transfer
function o whose output is h;. Then, the outputs from the hidden layer are distributed to the
output layer which is multiplied by weight w,;. The resulting values are added together to

produce value v; which is fed to transfer function o. Finally, the network output is y, [31].

' S 17
Input Layer | Hidden Layer | we Ourput Layer

L} L Lo

Fig 13. Three layer perceptron network [31].

The training process is required to find the set of weights that causes the network output to
match to the actual output target values as closely as possible. Several issues, which are
important in designing a multilayer perceptron network, are selecting the number of hidden
layers and the number of neurons in each hidden layer. The number of neurons in the input
and output layers can be defined based on the number of features and the number of target
groups [20, 30, 32]. The mentioned weights are defined during the following procedures.
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3.9.1.3 Forward pass

Set the weight randomly and define each layer output as follows:

e The hidden layer output is defined as

Nhy

u;(n) = z w; (Mx;(n) +b;(n) , j=12,..,Nh
i=0

h](n) = O'j (U}(n)) , ] = 1,2, ...,Nhl

(46)

(47)

in which Nhy is the number of neurons of the first hidden layer and o is the transfer

function. w;; is the weight between neuron j and input i, b; is the bias of neuron j

and x; is the input i.

e The output layer output is defined as

N,
v,(n) = z wy (e () +by(n)  1=12,..,N,
i=0

y,(m) = a;(v;(n)) 1=12,..,N,

in which N, is the number of neurons of the output layer.

e Erroris defined as
e(n) =d;(n) —y,(n) l=12,..,N,

NO
1 2
e(n) = EZ e (n) l=12,..,N,
i=1

in which e;(n) is the error of iteration n of output neuron [, d;(n) is the desire

output and y,; (n) is the real output. £(n) is the cost function which should be

minimized.

3.9.1.4 Backward Pass

Define the weights of output layers neurons as:

Wik (Tl + 1) = Wy (n) - AWlk (n) l= 1,2, ..
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0 3
AWlk (n) =-n amiirézl) k 1,2, ..,th (5 )
b(n+1) = b(n) — Ab(n) (54)
Ab(n) = — de(n)
= () (55)

n is the learning rate parameter in the output layer.

For all the hidden layers, the weights are corrected in each iteration as shown above. The
number of neurons in the input layer is the same as the number of features of the input vector
and the output layer neurons are same as the number of classes. The basic stochastic protocols

of backpropagation are shown in Algorithm 5 [32].

Algorithm 5: Multi-layer Perceptron training phase
1. Initialize network topology (#hidden units), W, criterion 8, 7, m « 0
domem+1

x™ « randomly chosen pattern

2
3
4, Wi < Wi +N0jx; Wi < Wi +Nogy;
5. until /(W) < 6

6. return W

In Algorithm 5, W represents all the weights in the network, VJ (W) is the training error, 1 is

the learing rate parameter and o is the transfer function.

Table 1 shows the accuracy of an MLP network for 60 epochs with a different number of
layers and functions. Non-linear, tansig and logsig, and linear transfer functions, pureline, are
utilised in different configurations as input, output and hidden layer. Fig. 14 shows the
transfer functions. The learning rate parameter is 0.001. The MLPs are tested by two
approaches: half-train half-test and leave one out. In the first, the set of samples is divided to
two equal sets one for training and the other one as a test. In the second approach, each time
one sample is used as a test sample and the rest as a training set, the same test should be done

for all samples.
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Table 1. The accuracy of classification by a MLP Network for 60 epochs for different
numbers of layers and transfer functions. The sample set was Fisheriris from the MATLAB
library and includes three groups of 50 samples and 4 features for each sample.

MLP Specification Accuracy%

Layer Layer Function Layer’s neurons Half-Train Half-Test Leave One Out
# Gl G2 G3 Gl G2 | G3
3 purelin, purelin, purelin 4,12,3 96 64 84 98 68 82
3 tansig, tansig, tansig 4,12,3 100 100 0 72 70 76
3 logsig, logsig, logsig 4,12,3 100 96 84 76 62 76
3 purelin, tansig, purelin 4,12,3 100 96 76 98 86 84
3 purelin, logsig, purelin 4,12,3 100 96 88 96 94 96
4 purelin, tansig, tansig, purelin 4,12,12,3 100 100 76 98 94 96
4 purelin, logsig, logsig, purelin 4,12,12,3 100 100 68 98 92 96

Based on the number of features the input layers have 4 neurons and 3 neurons in the output
layers because of the three group samples. The hidden layer neurons were defined by
multiplying the input and output layer neurons. The same configurations of the layers and

functions are utilised to classify the dirt particles.

a = purelinfn) a = tansig(n) a = logsig(n)

Linear Transfer Function Tan-Sigmoid Transfer Function | og-Sigmoid Transfer Function

Fig. 14. The MLP transfer function, Linear transfer function, Hyperbolic tangent sigmoid transfer
function, Logarithm sigmoid transfer function [33].

3.9.2 Linear Discriminant Analysis

Linear Discriminant Analysis was proposed by Fisher in 1936. It works properly especially in
cases where the within-class frequencies are unequal. In this method, the ratio of between-
class variance to the within-class variance is maximized to define the maximum separation

between classes [34].
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3.9.2.1 Fisher Linear Discriminant

Suppose a set of n d-dimensional samples x4, ..., x,,, ny in the subset D, labelled w;and n, in

the subset D, labelled w, [32]. By forming a linear combination of the components x as
y =wix (56)

a corresponding set of n samples vy, ...,y, is divided into the subsets ¥; and Y, .
Geometrically, if ||w]|| = 1, each y; is the projection of the corresponding x; onto a line in the
direction of w. The direction of w is more important than its magnitude. The aim is the
projection falling onto the line to be well separated. As an example, Fig. 15 illustrates the

affects of choosing two different values for w for two-dimensional samples.
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Fig. 15. Projection of samples onto two different lines. The right figure shows greater
separation between the red and black projected points [32].

For finding the best direction of w, a measure of the separation between the projected points

is the difference of the sample means. m;, the d-dimensional sample mean is defined as

1
Y (57)
XeD;

and the sample mean of the projected points is defined as
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~ 1 1
m; = n—izyeyi y= n—izyeyi wix =w'm; (58)
and the distance between the projected means is
ity — 3| = [w'(my — my)]. (59)

To obtain good separation of the projected data, the difference between the means to be
enlarged based on a measure of the standard deviation for each class is needed. Therefore, the

scatter for the projected samples labelled w; is defined as
57 = Tyer, (y — M2 (60)

Thus, (1/n) (87 + §2) is an estimate of the variance of the pooled data. In addition, §7 + 32 is
the within-class scatter of the projected samples. The Fisher linear discriminant utilises the
linear function w’x for which function

= |2
is maximum and independent of [|w||. The best separation between two projected sets is
achieved while w maximizes J(-). To define J(-) as a function of w, the scatter matrices S;

and Sy are defined as

Si= Y (x—m) (x—m) (62)

in which Syy is the within-class scatter matrix which is symmetric and positive semi-definite,

and usually non-singular if n > d . Then,

§2 = Z (wtx —wim;)? = Z wi(x—my)(x —m)'w = wiS;w (64)

xeD; xeD;
and the sum of these scatters is
§7 + 52 = wi's,w. (65)

Similarly, the separation of the projected means is
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(fiy — Mz)* = (W'my — wimy)? = wf(my — my)(my — my)'w = wiSpw (66)

where
Sg = (m; — my)(m; — my)* (67)

which is the between-class scatter matrix. It is also symmetric and positive semi-definite and

its rank is mostly one. Therefore, J(w) can be written as

Jw) = 22 s

wiS,w '’
It can be shown that a vector w that maximizes J(-) must satisfy
Spw = 1S, w (69)

in which A is constant, due to the fact that Spw is always in direction of m; — m,. Therefore,

the solution for w to optimize J(-) is
w = S5!(my —my). (70)

Thus, w is obtained for Fisher’s linear discriminant. Then based on Eq. 55, y is defined as the

projected samples. Finally, the optimal decision boundary is defined by
gx) = wix+ w (71)

where wy is constant. Therefore, the samples will be classified into class 1 if g(x) > 0 and
class 2 if g(x) < 0. Algorithm 6 [35] briefly shows the steps of the Fisher Linear

discriminant for a two-class sample.

Algorithm 6: Linear discriminant analysis
1. Sample projection: y = w'x into two subsets ¥; Y,
2. Maximize the Fisher linear discriminant J(w) by calculating Eg. 70
3. Define the boundary by Eqg. 71
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3.9.2.2 Multi Discriminant Analysis

Similarly for the c-class problem, Fisher’s linear discriminant has ¢ — 1 discriminant
functions. Therefore, the projection is from a d-dimensional space to a (¢ — 1)- dimensional

space (d = c) [35]. Algorithm 7 shows the steps of multi discriminant analysis.

Algorithm 7: Multi Discriminant Analysis
1. Sample projection: y; =wfx,i=1,..,c—1

2. Maximize the Fisher linear discriminant

W) = (WESgW| (72)
J o |wes, W
where
[
SW = ZS" , Si = 2 (,X - ml‘)(x - mi)t (73)
i=1 xeD;
c 1 1 ¢
Sp=).  (m—m)(m —m), m==>x% m=-> am (4
=1 i xeD; n i=1

The solution is to solve the generalized eigenvector problem,
Spw; = A; Sy w;. (75)
3. Define the boundaries by
g =wix+wy, i=1,..,c (76)
Assign to class i if g;(x) > g; (x) forall i # j.

Table 2 shows the accuracy of the classification by three different types of discriminant
analysis, linear, diaglinear and diagquadratic. Table 3 illustrates the definition of each type.
The same configurations of discriminant analysis are utilised to classify the dirt particle

samples.
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Table 2. The accuracy of classification by three different discriminant analyses. The sample
set was Fisheriris from MATLAB library and includes three groups of 50 samples and 4
features for each sample.

Accuracy%
Discriminat Analysis Specification Half-Train Half-Test Leave One Out
Gl G2 G3 Gl G2 G3
Linear 100 96 92 100 9 96
Diaglinear 100 96 92 100 96 92
Diagquadratic 100 96 96 100 96 96

Table 3. The three different discriminant analysis definitions [36].

Linear Fits a multivariate normal density to each group, with a pooled estimate of
covariance.
Diaglinear | Similar to Linear, but with a diagonal covariance matrix estimate (naive Bayes
classifiers).
Diagquadratic | Fits multivariate normal densities with covariance estimates stratified by group, but
with a diagonal covariance matrix estimate (naive Bayes classifiers).

3.9.3 k-Nearest Neighbour

The k-nearest neighbour classification is one of the most fundamental and simple methods
which should be considered as a classification method, especially when there is no prior
knowledge of the data distribution [10]. In this method, an object is classified by the majority
vote of its neighbours with the object being assigned to the class most common among its k
nearest neighbours where k is user-defined constant. An unlabeled sample is classified by

assigning the most frequent label among the k nearest training samples.

The nearest-neighbour classifier relies on a metric or “distance” function between patterns.
Metric D(-,-) is a function that gives a scalar distance between two argument patterns [32].
The metric must have the following properties for all vectors a, b and c:

1. Non-negativity: D(a,b) = 0

2. Reflexivity: D(a,b) = 0ifandonlyifa=Db

3. Symmetry: D(a,b) = D(b,a)

4. Triangle inequality: D(a,b) + D(b,c) = D(a,c).

Euclidean distance is the common metric which is utilised by k-NN. The Euclidean formula

for distance in d dimensions is
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d 77
D(a,b) = (Zk=1(ak — b)H2, (77

One general class of metrics for d-dimensional patterns is Minkowski which is defined as

LG@w = la - bl9Y- (7%)

It is referred to as the L, norm. Therefore, Euclidean distance is the L,norm. The L; norm is
Manhattan distance which is the shortest pass between a and b. Algorithm 8 shows the steps
of the k-NN classifier.

Algorithm 8: k-Nearest neighbour classifier
1. Compute the metric, e.g. Euclidean distance, for each sample from other samples
2. Order the samples based on the calculated distances.
3. Choose parameter k
4

Classify the sample, based on the majority of the k nearest neighbour samples.

Table 4 shows an example of classification by k-NN for one, three and five nearest
neighbours of the sample. The same number of neighbours is utilised to classify the dirt

particle samples.

Table 4. The accuracy of classification by k-nearest neighbour with k as 1, 3 and 5. The
sample set was Fisheriris from MATLAB library and includes three groups of 50 samples
and 4 features for each sample.

Accuracy%
K-NN Specification Half-Train Half-Test Leave One Out
Gl G2 G3 Gl G2 G3
1 NN 100 100 100 100 94 94
3 NN 100 100 88 100 9 9
5NN 100 100 92 100 9 96
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4 Experiments

In this part, the results using the described data and methods are considered. The illumination
correction was done to achieve the uniform illumination field in camera images. Then, the dirt
particles were segmented from different pulp samples by two thresholding methods with
morphological processing. The morphological processing was used to improve the
thresholding results and the boundary extraction to define the aforementioned features for
each dirt particle. The dirt count was determined in comparison to the dirt count of DOMAS
and visual inspection to consider the accuracy of the segmentation methods and define the
minimum resolution for image acquisition. Finally, the geometry and intensity features were
categorized by three classifiers. The accuracy of the classification determined the
performance of the whole pipeline.

4.1 lllumination correction of camera images

Algorithm 1 corrected the non-uniform illumination field of camera images. Fig. 16 shows
the original camera images, the estimated illumination fields of the original images, and the

images with the corrected illumination.

The difference between the scanner and camera images is determined to define the accuracy
of the illumination correction method. The Mean Square Error (MSE) of the scanner image
and corrected camera image is calculated to define the performance of the illumination
correction. Based on the high resolution of the camera image, down sampling was done to get
equal resolution to the scanner image. In addition, the mean and variance were normalized.
Then, alignment was made to define the exact pixel-wise differences. Thus, the MSE for Pulp
sample 2 of corrected camera image and scanner image is 6.5336x 10~*, which shows a
smaller difference in comparison to 7.814x 10™*, which is the MSE of the same scanner

image and camera image with non-uniform illumination field.

4.2 Dirt particle segmentation

The goal of the study is to determine automatically the number and characteristics of the dirt
particles of different pulp samples. Therefore, segmentation is the most important part of the

process to efficiently affect the quality of the result.
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Fig. 16. The illumination correction of Pulp samples 3, 5 and 6: (a) The original camera images of
Pulp samples 3, 5 and 6; (b) the estimated illumination field; and (c) illumination corrected images.

Dirt particle segmentation includes thresholding with morphological segmentation. The
segmented dirt particles of scanner images of the pulp samples, based on defined thresholds,

are considered. Fig. 17 shows the result of Kapur thresholding for Pulp sample 4.

Fig. 17. The scanner image of Pulp sample 4 and the segmented dirt particles using the Kapur
thresholding method.
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As Fig. 17 shows, the performance of the Kapur thresholding method to segment the dirt
particles is unacceptable. Therefore, this method will not be used in the further parts.

The Kittler and developed Niblack thresholding methods with morphological processing are
utilised to segment the dirt particles of all pulp samples. Figs 18-20 show the results of
segmentation for Pulp samples 1, 4 and 8 which are from the first, middle and last steps of

Fig. 18. Segmented dirt partlcles are defined by black boundaries in Pulp sample 1 from the first
step of pulp making: (a) Kittler thresholding; (b) Kittler thresholding with morphological
processing; (c) Developed Niblack thresholding; and (d) Developed Niblack thresholding with
morphological processing.

pulp making.

As it can be seen in Fig. 18a, by using Kittler thresholding a large number of dirt particles
have been segmented in Pulp sample 1, because of the non-uniform background when
compared to developed Niblack thresholding (Fig. 18c). Therefore, some of the segmented
regions might not be dirt particles. On the other hand, by utilising morphological processing,
especially with Kittler thresholding (Fig. 18b), some of the small dirt particles have been
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removed. However, morphological processing does not affect the number of segmented dirt

particles by developed Niblack thresholding.
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Fig. 19. Segmented dirt particles sare defined by black boundaries in Pulp sample 4 from the middle
step of pulp making: (a) Kittler thresholding; (b) Kittler thresholding with morphological processing;
(c) Developed Niblack thresholding; and (d) Developed Niblack thresholding with morphological
processing.

When comparing the images in Fig. 19, the difference is obvious. Some of the dirt particles,
which were partially detected in Fig. 19a and 19c, are adjoined or completely disappear in

Fig. 19b and 19d by utilising the morphological processing after both thresholding methods.

In addition, Fig. 20 shows the segmentation result in Pulp sample 8. In Fig. 20c some of the
dirt particles are segmented by the developed Niblack. They are not segmented by the Kittler
thresholding in Fig. 20a because of the small intensity differences between the dirt particles

and the background.
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(@) (b)

(©) (d)
Fig. 20. Segmented dirt particles are defined by black boundaries in Pulp sample 8 from the last
step of pulp making: (a) Kittler thresholding; (b) Kittler thresholding with morphological
processing; (c) Developed Niblack thresholding; and (d) Developed Niblack thresholding with
morphological processing.

When comparing the developed Niblack and Kittler thresholding, the results indicate that in
initial Pulp samples 1 to 4, the Kittler threshold is closer to the background than the
developed Niblack. Therefore, the number of segmented dirt particles was larger. On the
other hand, in the last Pulp samples 5 to 8, the number of segmented dirt particles is larger
than the Kittler results. In most pulp samples, some of the dirt particles are partially
segmented. Therefore, to connect them and smoothing the border of dirt particles, the
described morphological processing, closing and image filling, are utilised. Comparison of
the thresholded images is shown in Fig. 21. It indicates the differences between the threshold
for all pulp samples. Fig. 22 shows the comparison of the Kittler and developed Niblack after
utilising morphological processing. As the comparison indicates, the number of dirt particles
which have higher intensity, close to the background, are segmented by the developed
Niblack. However, in some cases, it causes the background to be segmented as a dirt particle,
for example, in Pulp sample 4 which included lots of yellowish pixels. On the other hand,
Pulp sample 2 included more bluish pixels because the Kittler threshold is higher than

developed Niblack.
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Fig. 21. The comparison results of the Kittler and developed Niblack thresholding methods for all
pulp samples. The black areas indicate the parts segmented by both methods, the yellow areas indicate
the parts segmented only by the developed Niblack and the white colour indicates the parts segmented
only by Kittler thresholding.

49



7 8

Fig. 22. The comparison results of the Kittler and developed Niblack thresholding methods with
morphological processing for all pulp samples. The black areas indicate the parts segmented by
both methods, the yellow areas indicate the parts segmented only by the developed Niblack and the
white colour indicates the parts segmented only by Kittler thresholding.
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Fig. 23 shows the comparison of the threshold of the Kittler and developed Niblack methods.
In addition, it indicates the number of segmented dirt particles by increasing the threshold in

the developed Niblack method to determine the threshold.

In the next steps, the segmented dirt particles of the pulp samples are utilised for dirt counting

and dirt particle classification.

4.3 Dirt counting

The important outcome after dirt particle segmentation, especially in the field of pulp and
paper making, is dirt counting and categorizing dirt particles based on their size, which is
defined by the TAPPI and ISO standards. Therefore, the results of dirt counting based on the
four sets of dirt particle segmentation (Kittler thresholding, Kittler thresholding and
morphology processing, developed Niblack thresholding and developed Niblack thresholding
with morphology processing) are shown in Tables 5 and 6. As mentioned by the standards,

the smallest dirt particles that should be counted automatically are 0.02 mm>.

Table 5. The number of dirt particles categorized based on their size for the eight pulp samples. The
dirt particles are segmented by developed Niblack (DN) and Kittler (KT) thresholding.

Sample | Number of dirt particles/Size class Total
# 0.02mm20.04 mm? | 0.04mm%0.15 mm? | 0.15mm*0.4 mm® | 0.4mm?-1 mm? >1 mm? Dirt Count
DN KT DN KT DN KT DN KT DN KT DN KT
1. 92 138 184 146 54 41 9 9 7 6 346 340
2. 173 290 207 222 82 67 18 5 3 3 483 597
3. 168 242 218 194 67 55 13 10 3 2 469 503
4., 80 172 237 138 99 45 48 22 33 17 497 394
5. 108 45 100 30 13 5) 3 0 0 0 224 80
6. 11 2 10 1 2 2 0 0 0 0 23 5
7. 1 1 2 2 0 0 0 0 0 0 3 3
8. 16 3 16 3 1 0 1 0 0 0 34 6

The comparisons of the dirt count which have been achieved by the segmentation methods in
this study and the visual inspection by exports are considered in Table 7. Because the smallest
size of dirt particle which can be inspected by the human eye is approximately 0.04mm?

(based on standards), the size categories start from 0.04mm?.
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Fig. 23. Comparison of the Kittler and developed Niblack threshold for eight different pulp samples.
The black curves show the number of segmented dirt particles by each threshold of the developed
Niblack method and the black bars show the selected thresholds by the developed Niblack. The gray
bars indicate the Kittler threshold.
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Table 6. The number of categorized dirt particles based on their size for the eight pulp samples. The
dirt particles are segmented by developed Niblack (DN) and Kittler (KT) thresholding with
morphological processing.

Sample | Number of dirt particles/Size class Total
# 0.02mm>-0.04 | 0.04mm*-0.15 | 0.15mm*-0.4 0.4mm*-1 >1 mm* Dirt
mm? mm? mm? mm? Count
DN KT DN KT DN KT DN KT DN KT |[DN [ KT
1. 89 134 176 145 59 4 9 9 7 6 340 | 335
2. 171 270 201 211 85 76 18 14 3 3 478 | 574
3. 163 231 210 192 69 57 14 1 3 2 459 | 493
4. 79 151 218 138 101 41 48 23 35 18 481 | 371
5. 105 41 98 33 14 5 3 0 0 0 220 | 79
6. 10 2 10 1 2 2 0 0 0 0 22 5
7. 1 1 2 2 0 0 0 0 0 0 3 3
8. 15 3 16 3 1 0 0 0 1 0 33 6

Table 7. The number of categorized dirt particles based on their size for the eight pulp samples. The
dirt particles are segmented only by developed Niblack (DN) and Kittler (KT) thresholding in

comparison with visual inspection (VS) and DOMAS (DO).

Number of dirt particles/Size class
% 0.04mm*-0.15 mm* | 0.15mm*-0.4 mm* | 0.4mm*-1 mm* >1 mm® Total Dirt Count
E VS DO DN KT VS DO DN KT | VS | DO | DN KT | VS | DO | DN KT VS DO DN KT
1. | >200 | 213 | 184 | 145 | 33 | 49 | 54 |41 10| 19| 9 | 9 | 6 | 6 | 7 | 6 | >200 | 287 | 245 | 201
2. | >200 [ 309|207 211 |48 | 81 | 82|76 |23] 201814 0] 22] 3| 3 |>200]441]310]304
3. [>200] 65 [218 192 |48 [ 16 | 67 [ 57 [12| 9 [ 13|11 [ 2 | 3 | 3 | 2 [ >200] 93 | 301 | 262
4. | ~200 | 232 | 237 | 138 | 46 | 56 | 99 | 41 | 29 | 27 | 48 | 23 | 5 | 26 | 33 | 18 | ~297 | 341 | 417 | 220
5. | >200 {111 100|333 1018|135 0| 1|3 |]o]o|o]| o] o]|>00]13]|116]| 38
6. | 10 | 4 10| 1 |o0o|1|2]2|0o|l0o|o|o|lo|]o0o|o0o]|]O]| 10 |5 |12 3
7 5 2|2 2]o|lo]oflo|lo|of]o|o|[o|]o0]|]oO0O]|O]| 5 2 | 2| 2
8. 3 2 |13 ]oflof1]oflolo|1]|oflof|o0o|o0o]|o0] 3 2 |18 3

Defining the minimum required resolution for the scanner images to define the dirt count is

important for developing an application. Based on the result, the dirt count by utilising the
Kittler thresholding is much closer to the DOMAS dirt count. Therefore, Kittler thresholding

is used for segmenting to define the minimum resolution in the next step.

The resolution of the scanner images is reduced by re-sampling the image according to a

lower-resolution imaging process step by step. This can affect the size and the number of dirt

particles belonging to each of the pulp samples. Therefore, based on those resolutions, the
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minimum resolution can be defined. Table 8 shows the dirt count result for the different

amount of re-sampling and all pulp samples.

The dirt count of each size class based on different resolutions indicates that in the first pulp

samples (with a large number of dirt particles), the first and second step of decreasing the

resolution did not affect the dirt count. The reason can be because of changing the size of the

dirt particles; they move between the size categories which can be easily understood from the

last three pulp sample sheets. Finally, by comparing the results in the two last columns, by

choosing resolution 571dpi, the dirt count is approximately constant for all the samples.

Table 8. The number of categorized dirt particles based on their size for eight pulp samples based on
different resolutions. The dirt particle segmentation is done by Kittler thresholding.

Sample# | Resolution Number of dirt particles/Size class
dpi 0.04mm?®-0.15 mm? | 0.15mm?-0.4 mm’® | 0.4mm°-1 >1 mm?
mm?
1. 571 151 37 7 6
546 140 35 6 5
500 110 30 4 5
2. 571 239 74 10 3
546 212 61 9 3
500 171 54 7 2
3. 571 236 67 12 2
546 208 60 8 2
500 176 47 5 2
4. 571 159 45 21 20
546 162 37 108 82
500 130 35 17 14
5. 571 35 5 1 0
546 33 5 0 0
500 27 3 0 0
6. 571 1 2 0 0
546 1 2 0 0
500 3 0 0 0
7. 571 1 0 0 0
546 1 0 0 0
500 0 0 0 0
8. 571 3 0 0 0
546 2 0 0 0
500 1 0 0 0
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4.4 Categories of features

The different types of colour and geometry features were discussed in the previous chapter. In
this section, they are categorized into two separate sets based on their complexity in order to
classify the dirt particles into at least two groups, i.e. fibre bundles and bark. The feature sets
are defined as follows:
e Feature Set 1: area, minor axis length, major axis length, mean intensity, solidity,
eccentricity and convex area.
e Feature Set 2: form factor, roundness, aspect ratio, solidity, extent, elongation, curl,

normalized mean intensity, and normalized mean colour.

The variation of the mean value of the features belonging to fibre bundles and bark in
different pulp samples (the samples which have both kinds of dirt particles) are indicated in
Fig. 24.

As it is indicated, most of the features belonging to one pulp sample sheet have different
values for the fibre bundles and bark. However, to utilise the features for all pulp sample
sheets, the bark and fibre bundle features should be clearly separated in order to distinguish
accurately these two groups. As it can be seen, the curl value of fibre bundles is larger than
for the bark. In the next step, both sets of features will be utilised to classify the segmented
dirt particles.

45 Classification

In this part, three different classifiers, Multi layer perceptron (MLP), k-nearest neighbourhood
(k-NN) and Linear discriminant Analysing (LDA), are utilised to classify the segmented dirt
particles based on their features. Table 9 indicates the configuration of segmentation
approaches, features sets and classifier specifications to categorize the dirt particles of all the
pulp samples. The dirt particles include 11 bark and 56 fibre bundles which have been marked
by an expert. In addition, Figs. 25 and 26 show the comparison of LDA and k-NN classifiers
and the comparison of MLP and k-NN.
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Fig. 24. The variation of different features of bark (black) and fibre bundles (gray) in pulp samples
which include both dirt particles (Pulp samples 1,3,4,6 and7). The star shows the mean value and the
vertical line represents the range between the minimum and maximum value of that feature. The
samples which include only one bark or fibre bundle is indicated only by a star.
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Table 9. Different configurations to compare the accuracy of k-NN, LDA and MLP.

Configuration | Feature Segmentation Classifier specifications

set set approach k-NN LDA MLP

1 1NN Linear (7, 14,2), (purelin, purelin, purelin)
2 Kittler thresholding | 3 NN DiagL.inear (7, 14,2), (purelin, tansig, purelin)
3 5NN | DiagQuadratic | (7, 14,2), (purelin, logsig, purelin)
4 Developed Niblack | 1 NN Linear (7, 14,2), (purelin, purelin, purelin)
5 thresholding 3NN DiagL.inear (7, 14,2), (purelin, tansig, purelin)
6 Feature 5NN | DiagQuadratic | (7, 14,2), (purelin, logsig, purelin)
7 setl [ Kittler thresholding | 1 NN Linear (7, 14,2), (purelin, purelin, purelin)
8 with morphological | 3 NN DiagLinear (7, 14,2), (purelin, tansig, purelin)
9 segmentation 5NN | DiagQuadratic | (7, 14,2), (purelin, logsig, purelin)
10 Developed Niblack | 1 NN Linear (7, 14,2), (purelin, purelin, purelin)
11 thresholding with | 3 NN DiagLinear (7, 14,2), (purelin, tansig, purelin)
12 morphological 5NN | DiagQuadratic | (7, 14,2), (purelin, logsig, purelin)

segmentation
13 1NN Linear (9, 18,2), (purelin, purelin, purelin)
14 Kittler thresholding | 3 NN DiagL.inear (9, 18,2), (purelin, tansig, purelin)
15 5NN | DiagQuadratic | (9, 18,2), (purelin, logsig, purelin)
16 Developed Niblack | 1 NN Linear (9, 18,2), (purelin, purelin, purelin)
17 thresholding 3 NN DiagLinear (9, 18,2), (purelin, tansig, purelin),
18 Feature 5NN | DiagQuadratic | (9, 18,2), (purelin, logsig, purelin)
19 set2 [ Kittler thresholding | 1 NN Linear (9, 18,2), (purelin, purelin, purelin)
20 with morphological | 3 NN DiagL.inear (9, 18,2), (purelin, tansig, purelin)
21 segmentation 5NN | DiagQuadratic | (9, 18,2), (purelin, logsig, purelin)
22 Developed Niblack | 1 NN Linear (9, 18,2), (purelin, purelin, purelin)
23 thresholding with | 3 NN DiagL.inear (9, 18,2), (purelin, tansig, purelin)
24 morphological 5NN | DiagQuadratic | (9, 18,2), (purelin, logsig, purelin)
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Fig. 25. The accuracy of the k-NN and LDA classifiers in 24 different configurations (based on Table
9) with the leave one out testing approach (Appendices A and B).
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Fig. 26. The accuracy of the k-NN and MLP classifiers in 24 different configurations (based on Table
9) with the half-train half-test approach (Appendices B and C).

Based on the performance evaluation of the classifiers, the LDA with DiagLinear
specification and the MLP ((9, 18, 2), (purelin, logsig, purelin)) showed their best accuracy
with Feature set 2 of Kittler thresholding with morphological processing in each testing

approach.

4.6 Dirt particle marking

Based on the performance evaluation of classifiers, both selected configurations are utilised to
classify the segmented dirt particles in all of the pulp sample sheets. This is done by using the
67 marked dirt particle samples as training data and the segmented dirt particles belonging to
each of the pulp samples as test data. Tables 10 and 11 indicate the accuracy of the results of
dirt particle marking when compared to the 67 dirt particles marked by an expert. In addition,
the two features, curl and normalized mean intensity, are utilised separately as the best
features for the classification of dirt particles. The run time for applying the whole pipeline to

a pulp sample in order to classify the dirt particles takes less than 5 seconds.
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Table 10. The accuracy of the result of dirt particle marking compared to the 67 dirt particles marked
by an expert. The applied methods are the Linear Discriminant Analysis (DiagLinear) and Kittler
thresholding with morphological processing. Based on the few numbers of the marked samples in each
pulp sample the accuracy is defined by the correctly classified dirt particle out of the all marked
samples in the mentioned group.

Samples # Feature set 2 Curl and Normalized Mean Intensity Value
Accuracy% Accuracy%

Bark Fibre bundles Bark Fibre bundles
1. 3outof4 12 out of 12 4 outof4 9 out of 12
2. - 7 out of 7 - 7 outof 7
3. loutofl 11 out of 11 Ooutofl 10 out of 11
4, 3outof4 5outof 11 4 outof4 8out of 11
5. - 9 out of 9 - 9 out of 9
6. loutofl Ooutofl loutofl Ooutofl
7. loutofl 2 out of 2 Ooutofl 2 out of 2
8. - 0 out of 2 - 1 out of 2

Table 11. The accuracy of the result of the dirt particle marking to compare with the 67 dirt particles
marked by an expert The applied methods are MLP ((9, 18, 2), (purelin, logsig, purelin)) and Kittler
thresholding with morphological processing. Based on the few numbers of the marked samples in each
pulp sample the accuracy is defined by the correctly classified dirt particles out of all the marked
samples in the mentioned group.

Sample Feature set 2 Curl and Normalized Mean Intensity Value

# Accuracy% Accuracy%

Bark Fibre bundles Bark Fibre bundles
1. 3outof4 12 out of 12 1outof4 12 out of 12
2. - 7outof 7 - 7 outof 7
3. Ooutof 1 11 out of 11 Ooutofl 11 out of 11
4, loutof 4 8outof 1l 3outof4 10 out of 11
5. - 9 out of 9 - 9 out of 9
6. Ooutofl loutofl Ooutofl loutofl
7. Ooutofl 2 outof 2 Ooutofl 2 outof 2
8. - 1 out of 2 - 1 out of 2
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5 Discussion

Kittler thresholding showed a better performance in dirt particle segmentation in different
pulp sample sheets. However, it is slightly sensitive to the uniformity of the background and
dirt particles intensity. For instance, a large number of dirt particles in Pulp samples 1 to 4
were segmented because of non-uniformity of the background. Moreover, it worked weakly
in Pulp sample 8 in which the intensity of the dirt particles had smaller differences from the
background intensity. In addition, Pulp sample 4 which included large bark with very low
intensity affected the threshold. Then, some other dirt particles which have intensity close to
the background are not segmented. Thus, morphological processing improved the

thresholding results, especially in the cases that the dirt particles were partially segmented.

The developed Niblack thresholding is based on the number of segmented dirt particles.
Despite the fact that the method is not sensitive to background uniformity, in some cases it
connected the dirt particles which were very close to each other and segmented them as one
dirt particle which did not happen by Kittler thresholding. In addition, in Pulp sample 8, the
number of segmented dirt particles was very high which showed that the developed Niblack
thresholding was sensitive to very small differences between the object and background in a

more uniform background.

The comparison of the two thresholding methods was shown in Figs. 21-22. In Pulp sample 2,
more white segmented objects showed that Kittler thresholding is more sensitive to
background, especially in the case of dirt particles that had intensity close to the background
intensity. On the other hand, by the developed Niblack thresholding, a high number of
yellowish segmented objects in Pulp sample 4 showed the connection between the dirt
particles. In addition, Pulp sample 8 showed the sensitivity of the developed Niblack to small
differences of intensities in more uniform background and the insufficiency of Kittler
thresholding. The comparison of the threshold, which has been defined by the developed
Niblack and Kittler, showed in the initial pulp samples that both defined levels were close to
each other. However, in the last samples, the Kittler thresholds were smaller than the

developed Niblack tresholds.
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In the case of dirt count, the Kittler and developed Niblack thresholdings performed
acceptably in comparison to visual inspection, except for the dirt count for Pulp sample 8 by
the developed Niblack thresholding. There were differences, which caused difficulty in
defining one as the best method in comparison to visual inspection. On the other hand, the
DOMAS dirt counts, which were accepted by the expert, were not equal to visual inspection.

In addition, only a few the small number of samples were available for consideration.

The dirt count of scanner images at three different resolutions was defined to determine the
minimum. This was needed to insure the images would not change in the dirt counting result.
In the first pulp samples with a large number of dirt particles, decreasing the resolution did
not indicate specific effects. However, the last sample was different. The Kittler thresholding
method was utilised as the segmentation method to define the minimum resolution, because it

had the same number of dirt count in the last sample in compared to visual inspection.

The variation of the extracted features for the fibre bundles and bark were compared. The curl
which is the proportion of major axis to fibre length showed the best differences among all
features. Finally, three common classifiers, MLP, LDA and k-NN, were utilised to classify
the dirt particles. At the end, MLP produced the better result in the half-train and half-test and
LDA in the leave one out approaches. The performance of both classifiers compared to k-NN.
The highest accuracy belonged to the Kittler with morphological processing segmentation
method and Feature set 2. Thus, it can be concluded that the Kittler had the better
performance for segmentation with morphological processing improving the thresholding
result. In addition, the geometrical features had better information for classification of the dirt
particles.
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6 Conclusion

The goal of this study was to automate dirt counting and dirt particle characterisation. It is an
important part of quality control in the pulp and paper production. Existing image analysis
systems generally use a single threshold for dirt particle segmentation meaning that they use a
threshold for different pulp samples. Therefore, if the background colour of the sample sheet
is not uniform, the precision of the system becomes limited. In this study, two thresholding
methods have been utilised to determine threshold for different pulp samples. By comparing,
the dirt count utilising segmentation methods and visual inspection, it is indicated that the
segmentation approach produced acceptable results. However, there were differences which
were also seen in DOMAS dirt count. Thus, the best thresholding method could not be

determined from the results of the dirt counts.

Different features were studied to classify the dirt particles into at least to two groups, fibre
bundles and bark. In addition, the minimum resolution of scanner images, which can be
utilised by the proposed approaches, were defined. Based on the results of feature evaluation
and classification, the preferred features were curl and mean intensity. Therefore, it can be
concluded that the intensity images have enough information and the colour images do not
affect the result of classification. The illumination correction method performed well in order
to distinguish the illumination field of camera images. Therefore, the problem of non-
uniformity of illumination field was solved. In general, the objectives of the thesis were

achieved except for determining the overlapped dirt particles.

In the future, the effects of the morphological features of dirt particles will be considered in
order to find the solution for distinguishing the overlapped dirt particles. In addition, the
accuracy of segmented parts will be improved to remove background segmented as part of a
dirt particle or a partly segmented particle or incorrect background segmentation. Finally, the
most important part will be utilising the back illuminated images in combination with front-

illuminated images to achieve more information about a dirt particle.
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Appendix A. Accuracy of LDA classifier

Table Al. LDA classifier, approach: Kittler thresholding, Features set 1 (67 samples include 11 bark

and 56 coloured fibres).

Accuracy %

Discriminat Analysis Specification

Half-Train Half-Test

Leave One Out

Bark Fibre bundle Bark Fibre bundle
Linear 71.42 84.61 81.81 89.09
Diaglinear 71.42 92.30 72.72 94.54
Diagquadratic 57.14 84.61 63.63 96.36

Table A2. LDA classifier, approach: developed Niblack thresholding, Features set 1 (67 samples

include 11 bark and 56 coloured fibres).

Accuracy %

Discriminat Analysis Specification

Half-Train Half-Test

Leave One Out

Bark Fibre bundle Bark Fibre bundle
Linear 57.14 84.62 90.91 85.71
Diaglinear 57.14 92.31 63.63 92.86
Diagquadratic 57.14 84.62 36.36 94.64

Table A3. LDA classifier, approach: Kittler thresholding with morphological processing, Features set

1 (67 samples include 11 bark and 56 coloured fibres).

Accuracy %

Discriminat Analysis Specification

Half-Train Half-Test

Leave One Out

Bark Fibre bundle Bark Fibre bundle
Linear 71.42 80.77 72.72 89.09
Diaglinear 71.42 88.46 81.81 96.36
Diagquadratic 57.14 84.61 45.45 96.36

Table A4. LDA classifier, approach: dveloped Niblack thresholding with morphological processing,
Features set 1 (67 samples include 11 bark and 56 coloured fibres).

Accuracy%

Discriminat Analysis Specification

Half-Train Half-Test

Leave One Out

Bark Fibre bundle Bark Fibre bundle
Linear 85.71 69.23 72.72 85.81
Diaglinear 57.14 84.62 63.63 92.85
Diagquadratic 57.14 84.62 18.18 92.85

(to be continued)




Appendix A. (continued)

Table A5. LDA classifier, approach: Kittler thresholding, Features set 2 (67 samples include 11 bark

and 56 coloured fibres).

Accuracy %
Discriminat Analysis Specification Half-Train Half-Test Leave One Out
Bark Fibre bundle Bark Fibre bundle
Linear 57.14 92.30 81.81 87.27
Diaglinear 71.42 92.30 90.90 89.29
Diagquadratic 71.42 96.15 81.81 85.45

Table A6. LDA classifier, approach: developed Niblack thresholding, Features set 2 (67 samples

include 11 bark and 56 coloured fibres).

Accuracy %
Discriminat Analysis Specification Half-Train Half-Test Leave One Out
Bark Fibre bundle Bark Fibre bundle
Linear 57.14 92.31 54.54 91.07
Diaglinear 57.14 92.31 81.81 89.29
Diagquadratic 100 85.71 81.81 85.71

Table A7. LDA classifier, approach: Kittler thresholding with morphological processing, Features set
2 (67 samples include 11 bark and 56 coloured fibres).

Accuracy %
Discriminat Analysis Specification Half-Train Half-Test Leave One Out
Bark Fibre bundle Bark Fibre bundle
Linear 72.73 89.29 72.72 90.90
Diaglinear 72.73 87.5 90.90 92.72
Diagquadratic 72.73 92.86 90.90 89.09

Table A8. LDA classifier, approach: developd Niblack thresholding with morphological processing,
Features set 2 (67 samples include 11 bark and 56 coloured fibres).

Accuracy %
Discriminat Analysis Specification Half-Train Half-Test Leave One Out
Bark Fibre bundle Bark Fibre bundle
Linear 57.14 91.67 63.63 91.07
Diaglinear 57.14 92.30 81.81 89.29
Diagquadratic 100 84.61 81.81 87.5




Appendix B. k-NN Classification

Table B1. k-NN classifier, approach: Kittler thresholding, Features set 1 (67 samples include 11 bark

and 56 coloured fibres).

Accuracy %
k-NN Specification Half-Train Half-Test Leave One Out
Bark Fibre bundle Bark Fibre bundle
1NN 57.14 76.92 45.45 87.5
3NN 42.86 76.92 18.18 91.07
5NN 42.86 88.46 0 100

Table B2. k-NN classifier, approach: developed Niblack thresholding, Features set 1 (67 samples

include 11 bark and 56 coloured fibres).

Accuracy %

k-NN Specification

Half-Train Half-Test

Leave One Out

Bark Fibre bundle Bark Fibre bundle
1NN 42.86 80.77 27.27 91.07
3NN 42.86 73.08 27.27 91.07
5NN 42.86 88.46 0 92.86

Table B3. k-NN classifier, approach: Kittler thresholding with morphological processing, Features set
1 (67 samples include 11 bark and 56 coloured fibres).

Accuracy %

k-NN Specification

Half-Train Half-Test

Leave One Out

Bark Fibre bundle Bark Fibre bundle
1 NN 71.43 65.38 45.45 85.71
3NN 42.86 57.69 18.18 87.5
5NN 42.86 88.46 0 92.86

Table B4. k-NN classifier, approach: developed Niblack thresholding with morphological processing,
Features set 1 (67 samples include 11 bark and 56 coloured fibres).

Accuracy %

k-NN Specification

Half-Train Half-Test

Leave One Out

Bark Fibre bundle Bark Fibre bundle
1 NN 42.86 73.08 27.27 91.07
3NN 42.86 65.38 27.27 89.29
5NN 42.86 88.46 0 94.64

(to be continued)




Appendix B. (continued)

Table B5. k-NN classifier, approach: Kittler thresholding, Features set 2 (67 samples include 11 bark

and 56 coloured fibres).

Accuracy %
k-NN Specification Half-Train Half-Test Leave One Out
Bark Fibre bundle Bark Fibre bundle
1 NN 71.43 9231 81.82 87.5
3NN 57.14 84.62 63.64 85.71
5NN 57.14 84.62 72.73 91.07

Table B6. k-NN classifier, approach: developed Niblack thresholding, Features set 2 (67 samples

include 11 bark and 56 coloured fibres).

Accuracy %
k-NN Specification Half-Train Half-Test Leave One Out
Bark Fibre bundle Bark Fibre bundle
1NN 57.14 84.62 45.45 87.5
3NN 57.14 88.46 54.55 89.29
5NN 57.14 92.31 54.55 92.86

Table B7. k-NN classifier, approach: Kittler thresholding with morphological processing, Features set
2 (67 samples include 11 barks and 56 coloured fibres).

Accuracy %
k-NN Specification Half-Train Half-Test Leave One Out
Bark Fibre bundle Bark Fibre bundle
1NN 71.43 88.46 72.73 91.07
3 NN 57.14 84.62 72.73 89.29
5NN 57.14 84.62 72.73 94.64

Table B8. k-NN classifier, approach: developed Niblack thresholding with morphological processing,
Features set 2 (67 samples include 11 bark and 56 coloured fibres).

Accuracy %
k-NN Specification Half-Train Half-Test Leave One Out
Bark Fibre bundle Bark Fibre bundle
1 NN 71.43 80.77 45.45 89.29
3 NN 57.14 88.64 54.55 91.07
5NN 57.14 88.64 45.45 92.86




Appendix C. MLP classification

Table C1. MLP classifier, approach: Kittler thresholding, Features set 1 (67 samples include 11 bark
and 56 coloured fibres).

MLP Specification Accuracy %
Layer# Layer Function Layer’s neurons Half-Train Half-Test Leave One Out
Bark Fibre bundle Bark Fibre bundle
3 purelin, purelin, purelin 7,14,2 85.71 76.92 63.64 94.64
3 tansig, tansig, tansig 7,14,2 85.71 7.69 63.64 94.64
3 logsig, logsig, logsig 7,14,2 57.14 80.77 63.64 94.64
3 purelin, tansig, purelin 7,14,2 57.14 57.69 63.64 94.64
3 purelin, logsig, purelin 7,14,2 57.14 88.46 100 57.14
4 purelin, tansig, tansig, purelin 7,14,14,2 57.14 57.69 63.64 94.64
4 purelin, logsig, logsig, purelin 7,14,14,2 57.14 69.23 63.64 94.64

Table C2. MLP classifier, approach: developed Niblack thresholding, Features set 1 (67 samples

include 11 bark and 56 coloured fibres).

MLP Specification Accuracy %
Layer# Layer Function Layer’s neurons Half-Train Half-Test Leave One Out
Bark Fibre bundle Bark Fibre bundle
3 purelin, purelin, purelin 7,14,2 57.14 80.77 63.64 94.64
3 tansig, tansig, tansig 7,14,2 57.14 84.62 100 53.57
3 logsig, logsig, logsig 7,14,2 42.86 88.46 63.64 94.64
3 purelin, tansig, purelin 7,14,2 57.14 76.92 63.64 94.64
3 purelin, logsig, purelin 7,14,2 57.14 88.46 63.64 94.64
4 purelin, tansig, tansig, purelin 7,14,14,2 42.86 88.46 63.64 94.64
4 purelin, logsig, logsig, purelin 7,14,14,2 42.86 88.46 63.64 94.64

(to be continued)




Appendix C. (continued)

Table C3. MLP classifier, approach: Kittler thresholding with morphological processing, Features set
1 (67 samples include 11 bark and 56 coloured fibres).

MLP Specification

Accuracy %

Layer# Layer Function Layer’s neurons Half-Train Half-Test Leave One Out
Bark Fibre bundle Bark Fibre bundle
3 purelin, purelin, purelin 7,14,2 71.43 76.92 63.64 94.64
3 tansig, tansig, tansig 7,14,2 42.86 88.46 100 55.36
3 logsig, logsig, logsig 7,14,2 42.86 88.46 63.64 94.64
3 purelin, tansig, purelin 7,14,2 42.86 69.23 63.64 94.64
3 purelin, logsig, purelin 7,14,2 71.43 88.46 63.64 94.64
4 purelin, tansig, tansig, purelin 7,1414,2 42.86 84.62 63.64 94.64
4 purelin, logsig, logsig, purelin 7,14,14,2 42.86 88.46 63.64 94.64

Table C4. MLP classifier, approach: developed Niblack thresholding with morphological processing,

Features set 1 (67 samples include 11 bark and 56 coloured fibres).

MLP Specification Accuracy %
Layer# Layer Function Layer’s neurons Half-Train Half-Test Leave One Out
Bark Fibre bundle Bark Fibre bundle
3 purelin, purelin, purelin 7,14,2 71.43 73.08 63.64 94.64
3 tansig, tansig, tansig 7,14,2 86.71 26.92 100 53.57
3 logsig, logsig, logsig 7,14,2 57.14 88.46 63.64 94.64
3 purelin, tansig, purelin 7,14,2 42.86 88.46 63.64 94.64
3 purelin, logsig, purelin 7,14,2 42.86 88.46 63.64 94.64
4 purelin, tansig, tansig, purelin 7,14,14,2 42.86 88.46 63.64 94.64
4 purelin, logsig, logsig, purelin 7,14,14,2 42.86 96.15 63.64 94.64

(to be continued)




Appendix C. (continued)

Table C5. MLP classifier, approach: Kittler thresholding, Features set 2 (67 samples include 11 bark
and 56 coloured fibres).

MLP Specification Accuracy %
Layer# Layer Function Layer’s neurons Half-Train Half-Test Leave One Out
Bark Fibre bundle Bark Fibre bundle
3 purelin, purelin, purelin 9,18,2 71.43 88.46 63.64 94.64
3 tansig, tansig, tansig 9,18,2 42.86 88.46 100 55.36
3 logsig, logsig, logsig 9,18,2 71.43 92.31 63.64 94.64
3 purelin, tansig, purelin 9,18,2 71.43 92.31 63.64 94.64
3 purelin, logsig, purelin 9,18,2 71.43 92.31 63.64 94.64
4 purelin, tansig, tansig, purelin 9,18,18,2 71.43 88.46 63.64 94.64
4 purelin, logsig, logsig, purelin 9,18,18,2 42.86 88.46 63.64 94.64

Table C6. MLP classifier, approach: developed Niblack thresholding, Features set 2 (67 samples

include 11 bark and 56 coloured fibres).

MLP Specification

Accuracy %

Layer# Layer Function Layer’s neurons Half-Train Half-Test Leave One Out
Bark Fibre bundle Bark Fibre bundle
3 purelin, purelin, purelin 9,18,2 71.43 88.46 63.64 93.64
3 tansig, tansig, tansig 9,18,2 57.14 88.46 63.64 94.64
3 logsig, logsig, logsig 9,18,2 71.43 92.31 63.64 94.64
3 purelin, tansig, purelin 9,18,2 85.71 92.31 63.64 94.64
3 purelin, logsig, purelin 9,18,2 71.43 88.46 63.64 94.64
4 purelin, tansig, tansig, purelin 9,18,18,2 57.14 92.31 63.64 94.64
4 purelin, logsig, logsig, purelin 9,18,18,2 71.43 88.46 63.64 94.64

(to be continued)




Appendix C. (continued)

Table C7. MLP classifier, approach: Kittler thresholding with morphological processing, Features set
2 (67 samples include 11 bark and 56 coloured fibres).

MLP Specification Accuracy %
Layer# Layer Function Layer’s neurons Half-Train Half-Test Leave One Out
Bark Fibre bundle Bark Fibre bundle
3 purelin, purelin, purelin 9,18,2 86.71 88.46 63.64 93.64
3 tansig, tansig, tansig 9,18,2 86.71 11.54 63.64 94.64
3 logsig, logsig, logsig 9,18,2 86.71 88.46 63.64 94.64
3 purelin, tansig, purelin 9,18,2 42.86 88.46 63.64 94.64
3 purelin, logsig, purelin 9,18,2 86.71 88.46 63.64 94.64
4 purelin, tansig, tansig, purelin 9,18,18,2 100 84.62 63.64 94.64
4 purelin, logsig, logsig, purelin 9,18,18,2 100 80.77 63.64 94.64

Table C8. MLP classifier, approach: developed Niblack thresholding with morphological processing,
Features set 2 (67 samples include 11 bark and 56 coloured fibres).

MLP Specification Accuracy %
Layer# Layer Function Layer’s neurons Half-Train Half-Test Leave One Out
Bark Fibre bundle Bark Fibre bundle
3 purelin, purelin, purelin 9,18,2 71.43 88.46 63.64 94.64
3 tansig, tansig, tansig 9,18,2 42.86 92.31 100 53.57
3 logsig, logsig, logsig 9,18,2 57.14 88.46 63.64 94.64
3 purelin, tansig, purelin 9,18,2 71.43 88.46 63.64 94.64
3 purelin, logsig, purelin 9,18,2 57.14 92.31 63.64 94.64
4 purelin, tansig, tansig, purelin 9,18,18,2 71.43 92.31 63.64 94.64
4 purelin, logsig, logsig, purelin 9,18,18,2 71.43 92.31 63.64 94.64




