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Paperin pinnan karheus on yksi paperin laatukriteere®&ité. mitataan fyysisesti paperin
pintaa mittaavien laitteiden ja optisten laitteiden aaulMittaukset vaativat laboratorio-
olosuhteita, mutta nopeammille, suoraan linjalla tapalieumittauksilla olisi tarvetta
paperiteollisuudessa. Paperin pinnan karheus voidaanstenyhtena naytteelle kohdis-
tuvana karheusarvona. Tassa tytsséa nayte on jaettu neerlitalueisiin, ja jokaiselle
alueelle on laskettu erillinen karheusarvo.

Karheuden mittaukseen on kaytetty useita menetelmias&stihyvaksyttya tilastollista
menetelm&a on kaytetty tassa tyossa etaisyysmuunnokéésili Paperin pinnan karheu-
den mittauksessa on ollut tarvetta jakaa analysoitavark@yheuden perusteella alueisiin.
Aluejaon avulla voidaan rajata naytteesta selvasti kanpama esiintyvét alueet. Etai-
syysmuunnos tuottaa alueita, joita on analysoitu. Naiktéista on muodostettu yhte-
naisia alueita erilaisilla segmentointimenetelmilla.NPhnenetelmé&éan (Pairwise Nearest
Neighbor) ja naapurialueiden yhdistamiseen perustugiaraimeja on kaytetty. Alueiden
jakamiseen ja yhdistdmiseen perustuvaa lahestymistapaeyos tarkasteltu.

Segmentoitujen kuvien validointi on yleensa tapahtunotigen tarkastelemana. Taman
tyon lahestymistapa on verrata yleisesti hyvaksyttygtadista menetelmaa segmentoin-
nin tuloksiin. Korkea korrelaatio ndiden tulosten valiioittaa onnistunutta segmentoin-
tia. Eri kokeiden tuloksia on verrattu keskenaan hypoteesstauksella.

Ty6ssé on analysoitu kahta ndytesarjaa, joiden mittawksgtioritettu OptiTopolla ja pro-
filometrilla. Etaisyysmuunnoksen aloitusparametrittgonuutettiin kokeiden aikana, oli-
vat aloituspisteiden méara ja sijainti. Samat parameubwkset tehtiin kaikille algorit-
meille, joita kaytettiin alueiden yhdistamiseen. Etamyypiunnoksen jalkeen korrelaatio
oli voimakkaampaa profilometrilla mitatuille naytteilleik OptiTopolla mitatuille nayt-
teille. Segmentoiduilla OptiTopo -naytteilla korrelaaparantui voimakkaammin kuin
profilometrinaytteilla. PNN -menetelman tuottamilla tkédla korrelaatio oli paras.
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Paper surface roughness is one of the paper quality meastugesieasured with devices
that measure a paper surface physically and with opticakoresy devices. Measure-
ments require laboratory conditions, but there is a needafster on-line measurements
in the paper industry. Paper surface roughness can be sgpras one roughness value
per sample. In this work, a processed image is divided intammgful regions and a
separate roughness value is calculated for each of thenggio

There are several methods used for roughness measure@entstally accepted statisti-
cal methods are applied in this work, as well as a recentmtistransformation method.
In the paper surface roughness measurement, there has heed # divide an analyzed
sample into regions that are based on their roughness. Ras#te division, rough ar-
eas can be extracted from a sample. The distance transfompmbduces regions that
are further analyzed. These regions are used to form honeogsiregions with differ-
ent segmentation techniques. Pairwise Nearest Neighlsedoaethods and the method
based on merging neighboring regions are used for the sagti@n The split and merge
approach of the regions is also studied.

Validation of the segmented image is generally done vigu@the approach of this work
is to compare a generally accepted statistical method wélségmentation results. High
correlation between the results of these two methods iteBcsuccessful segmentation.
The results of different experiments are further comparsgdgihypothesis testing.

Two sets of images of cardboard surfaces, which were medsuite a profilometer and

OptiTopo measuring devices, were analyzed in this work. ditenged starting parame-
ters for the distance transform were the amount and locatidghe starting points. The

same starting parameter changes were applied on all reggogimg algorithms. The cor-

relation for the profilometer samples was generally stronigen for the OptiTopo sam-

ples after the distance transform. The segmentation sestithe OptiTopo images had
higher improvement in correlation than the profilometer gms. The Pairwise Nearest
Neighbor transform based algorithm produced results viighstrongest correlation.
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1 Introduction

Paper roughness is an important quality measure in the pagestry. Equality of the
paper roughness during the production process ensuregghgyity of produced paper.
High paper quality guarantees paper usability in the puepios made for.

At the moment paper roughness measurements require labp@inditions. There is

a need for faster implementations of roughness measuremet automatic, on-line

roughness measurement during the production process caus@ significant economical
savings. Immediate detection of change in paper qualitydcdacrease the amount of
low quality paper that is produced every time quality profdeoccur. On the way to

this goal, optical measuring devices must be improved, asicdlgorithms for processing
measurement data must be developed.

In roughness measurement, the total roughness of the saaplbe expressed by one
roughness parameter. However, it may occur that the saspilestly smooth, containing
only relatively small rough areas. Those features may hgifdbe sample is considered
as a whole. To find those features as well, there is a need tdeditie sample into
meaningful regions according to their qualities.

Paper surface can be considered as a texture. A selectiorthiods exists to extract
different texture features from the image. In paper rougsmeeasurement, these methods
can be used to categorize the paper surface. Statistichloaethave been applied to
paper roughness measurement as well as distance transkttmas. These methods are
employed in this thesis for the roughness measurements stiimples. The segmentation
of the distance transformation results for the paper sasnate the main focus in this
work. It is not known to be studied in any other research leetbis work. Several region
growing methods are applied for post processing of the imagbese methods are PNN
(Pairwise Nearest Neighbor) based thresholding methodsaaralgorithm for merging
neighboring regions. The split and merge approach is applsewell.

This thesis is divided into eight chapters. Chapter twooitices used roughness mea-
surement methods, chapter three describes roughnessianalkgthods and chapter four
explains used segmentation methods. In chapter five thdateln of achieved results
is discussed. Chapter six presents implemented expersménd results are discussed
briefly in chapter seven and drawn conclusions are presemithpter eight.



2 Roughness Measurements

There are a couple of ways to measure paper surface roughirtesse methods are used
to find a characterization of the paper surface that is nat Raughness can be seen as
a deviation from a flat reference plane, where all surfacmetds are in one plane in the
ideal case [1]. Comparing a flat surface to the paper surfacedeneral a starting point
for measuring devices.

At the moment there are three different paper surface roeghmeasurement approaches
in the paper industry. They are air leak, optical and profétmy methods. They will be
introduced shortly.

In air leak methods, the general principle is to measure liigyaof the paper surface to
resist an air stream flowing between the paper surface antiemsurface or measuring
head. The measures affecting the results are air pressessyve of pressing the mea-
suring head against the paper surface and the area of theinmgglsead [2]. This paper
roughness measurement method is standardized [3].

The idea of a profilometer is to actually measure the surfacaton. There is either a
real stylus moved along the surface or a laser beam usedlas styptical profilometers.
Movements of stylus are based on actual surface variatitmeipath it is moved. Opti-
cal methods have reported [4] higher roughness values tlemamical. In mechanical
methods the stylus size restricts the resolutiorOtpm at the smallest. Therefore smaller
variations on the surface are "low pass filtered" due to thieissize.

A laser profilometer works in the following way. Laser light focused on the paper
surface. Light reflected from the surface is analyzed by adet. An analyzer measures
deviation from the ideal focus position [4].

The functioning principle of OptiTopo, described in [5],dgferent than in the previous
methods. If position, direction and illumination of theHigsource are known, the topog-
raphy of an image can be calculated. The charge coupledel@®€D) camera captures
two images of the sample. A measured surface is illuminat@u two opposite direc-

tions by grazing light. Paper is assumed to scatter diffigde.| Shadows and highlights
caused by illumination are measured. The partial derieatifvthe surface results from
the measurements, which is then integrated in the frequdanyain to achieve the 3D
topography image.



3 Computational Methods for Roughness Analysis

There are several methods for analyzing paper textures.ioRod [6] found a corre-
spondence between optical and physical roughness measuienin his Master Thesis,
laser specle patterns and microscopic images were comp#nggolarinen [7] has stud-
ied 2D (two dimensional) roughness analysis methods in hastét Thesis work. He
compared statistical processing methods and fractal dimmeranalysis methods. These
methods were applied on LWC (Light weight coated papers)(Sfpercalendered pa-
pers), coated cardboard and base board. Significant ciooredavere found between the
different methods, but there was no clear evidence whicthefmiethods produced the
best results.

Ikonen [8] suggests the DTOCS (Distance Transform on Cufieaice) method to be
applied for paper roughness measurement. DTOCS and isi@tistethods have been
compared for anisotropic grids in [9]. In that research relation has been found be-
tween DTOCS and statistical methods. In this work approadbased on that method.
Both statistical methods and DTOCS are applied to the tdst da this chapter, these
roughness analysis methods are described in detail.

3.1 Distance Transforms

In the image, subject to the analysis, the height values ansidered as gray levels.
The DTOCS method calculates distances along the imagecsurféotal distances are
formed by summing local distances. Local distance meanardie between two adjacent
pixels. The distance consists of a horizontal componengarettical component, which

are summed. The horizontal component is the height difterdretween values, and the
vertical component is always 1 because of the adjacencyal thstance calculation. The
calculation of the local distances is given by:

d(pi,pi-1) = |G(pi) — G(pi—1)| + 1, pic1 € Ng(p:) 1)

wherep is pixel coordinates and(p) is gray level of the pixel. As explained in [10], there
are other local distance calculation methods, which img@mecuracy in both horizontal
and vertical component calculations. WDTOCS calculates3B (three dimensional)



Euclidean distance between adjacent pixels. The optim&®CS, introduced in [11],
uses weighting factors for the horizontal local distanceaponents, which improve the
approximations of global distance values.

To calculate the global distances, local distances are fasezptimal path construction
from seed points to every pixel in the image. Seed points &g where calculations
are started. Their location and the amount is defined manuadtept in the split and
merge approach, which is introduced in the next chapterufldHy, their distance values
are 0 because the distance from a pixel to itself is 0. Theipripixel queue algorithm,
presented in [10] is used in this work. It is used to calculgltshal distances for all
pixels in the image. These distances are stored in the distamage. The algorithm is
the following:

1. Putall seed pixels with distance value 0 to priority queue
2. Initialize every other pixel than seed pixel to infinity.
3.  While queue is not empty.
3.1. Dequeue pixel with the smallest distance.
3.2. If dequeued value is higher than the value currentlhat pixel, continue
from 3.
3.3. Distance valué(p, s) of a pixelp from a seed pixet becomes final value in
the distance image
3.4. Calculate distana&p, s) + d(p, x) to the adjacent pixels and enqueue them.

The distance image results from the calculation. The neamghbor transform is cal-
culated simultaneously with the DTOCS. The distance imageains the distances from
all the pixels to the nearest possible seed points. In omknow where the distance of
each pixel originates from, a tessellation image is credtegthg the calculations. In the
tessellation image, each seed pixel has a label, and thaltillgiven also to all those
pixels that are closest to the seed pixel. Thus pixels labeith the same label form a
region.

The next step in roughness calculation is to calculate thghoess value for each of
the regions. Values in the distance image are cumulativeacheeve the average height
variation along the path, the distance image is normalifsth pixel is divided by the
distance along a flat surface, using exactly the same patig akbich shortest path cal-
culations were made. From the normalized image, mean valesalculated for each
region. This value is considered as the roughness valueeofetfion in the image. By
calculating the mean value for all regions in the image, @wughness value is given to



the analyzed image.

3.2 Statistical Methods

The most common roughness measure is the root mean squéaatatesf surface height.
In 1D case itis given in discrete form by

2 1 2
R =5 D (2(w;) — )?, o)

whereR, is RMS-roughness of a profiléy is the amount of values considered in rough-
ness calculationz(x) the local height value and, the mean height value for given
area [12]. This equation has the same form as the mean squarduwnction (Equa-
tion (8)), introduced later with the PNN based method. In2Becase, the roughness
measure is

Se = Nley DD (D) — 7). 3

i=1 j=1

wheresS, is RMS-roughness of a surface and Z(x,y) is the local heighteson a surface.

To measure only the roughness, waviness must be extracedthre sample by using
Gaussian filtering. The filter is calculated by a direct cdation with the Gaussian
weighting function, and it is given by

mone A6 e

wherex andy are the positions from the center of the functiams the cutoff wavelength,
which is 50% of the attenuation ratio agd= [n2/7r [13]. Recommended wavelengths
are 0.2mm, 0.8nm and 2.5nm [14]. These wavelengths are also used in [9] to the
paper roughness measurement.

S(x,y) =

To estimate the results of the methods applied in this woderaerally accepted method

9



is needed for comparison. As suggested in [7], the statisticighness parameter, which
is the arithmetic mean deviation of the surface, is useddwate sample roughness. The
statistical roughness parameter is calle®),aoughness parameter. The calculation of the
parameter in discrete form is given by

5= ow S 20 ©)

21]1

In Equation (5),V, and N, are the number of data points:irandy direction andZ(z, y)
is the height value from the reference surface plane.

Above is explained how to calculate one roughness value. sBnee method can be
applied within the sample as well, calculating the rougBnesdue for each pixel. It is

done by using a moving kernel. If usirigx 5 kernel for example, as in this work, the
equation would look like

Sen) =552 3 12t = o= ©

The pixel is the centroid of the kernel. The calculation agess the roughness in the
neighborhood of a pixel. If the used kernel is enlarged, tgeiicance of a single height
value decreases. More exceptional values are lost witratiged kernel.

When the roughness value is calculated for all of the pixalsiwvan image, these values
can be further used for roughness parameter calculatiom.eXample, for one region
within an image one moving, roughness value can be calculated. It is the mean value
of the roughness values within a region.

10



4 Segmentation Methods

Image segmentation is a technique used to improve imagegsow results. According
to the definition in [15], the segmentation process meanstipaing of the image into
non-intersecting, homogeneous regions. In the segmemimgl, there are no two regions
that would form a homogeneous region, if they were merged.

Image segmentation is based on gray levels, textures osedlyéhis work, only texture
based methods are used. Thisis due to the fact that thd reijians are produced by used
roughness measurement method (DTOCS). From the resudgigns different features
are calculated, and these features can be used to find sigams. This approach
naturally leads to use texture based methods. Anothermdaseelected approach is that
no single pixel values can be used but rather regions thatideshe surface roughness
of the area.

4.1 Region merging

The amount of seed points determines how many resultingmsgire achieved by using
the DTOCS method. However, it is not clear how many regiomsikhbe set to achieve
the best results. There are two possible approaches to tiidepn: to automatize the
setting of seed points or to compose the result from theiagiségions.

In this work both approaches mentioned above are used. DT@@iSns are used to
initialize region merging algorithms. The split and mergg@ach tries to determine
automatically, how many seed points are needed. Regionimgegused to improve the
results achieved by the DTOCS method. It is assumed thatadesimilar regions are
produced by that method. However, the regions that reptésersimilar data should be
grouped into one region. Methods for grouping the regioraiafty as well as methods
which are not using spatial information are used in this work

4.1.1 PNN based multiple thresholding

Gray [16] describes vector quantization as encoding of afséata into a vector. Com-
pression of data is achieved in the encoding process. Datdbeaeproduced later by

11



decoding a vector. These vectors are called code vectoret Afghese vectors forms
a codebook. As given in [17], the codebook initializatiowgass starts by minimizing
error within a cluster, which means finding the centroid ofwster. If there areV data
sets andV corresponding code vectors in the initial state, the dataen be reduced to
N — 1 data sets by merging two regions. Regions to be merged ase that cause the
minimal increase in the total error. A new code vector is @mo® minimize the error
caused by encoding the new area into one code vector. Thusetheode vector is the
centroid of two vectors representing merged regions.

As in [17], the increase in error when merging two clustergiven by

nin;
n; + n;

cost(i, j) = llci — CjHQ. ()

In the equationy is the number of pixelg,and; are merged clusters aids the centroid
of the cluster. As in [18], the total error of the clusterecage is given by

2 (8)

X
cOStir = N Z ||xi — cp,
i—1

In the equation)V is the number of clusterg,represents input vectors in the image and
defines mapping of an input vector to the nearest code vdaotother words, calculating

the total cost before and after merging of two clusters peedwalues that differ as much
ascost(i, j).

In the PNN based method, a code book is needed for merge mpexaData is encoded to
code vectors. There is no need to decode vector data, siecete book is used only for
merging decisions. Encoding is also the initializatiorgstaf the PNN based algorithm.
Merge decisions are made according to quantization ertaesaln every merge step are
merged a pair of clusters that gives the smallest error valis approach makes value
differences smoother. Each merge step causes the range ofdan values to become
smaller.

The fast pairwise nearest neighbor based algorithm intrediy [18], is a 1D multilevel
thresholding algorithm. The initialization stage of thgaithm is based on the histogram,
where values are divided to as many categories as there laesyd he fact that only 1D

12



thresholding is needed, makes it possible to design a mbegeet algorithm than is the
case with more dimensions. In 1D case, it is possible to daesalong a line segment,
instead of a matrix, which is the case for 2D data. Instead@ifiging pixels with same
value according to the histogram, DTOCS formed regions avepged and sorted from
the lowest mean value to the highest, as is visualized inrEiguAfter the initialization,
the regions must be linked to each other to form a linked [[©®te linked list structure
looks like in Figure 1. Every region must have link to prevs@and to next region, except
the first and the last regions. The mean value must be savedlhasithe cost value to
the next region.

When all the regions are put and linked in the list, regiongmey can be started. An
example that contains five regions is presented in FigureeglidR merging can be seen
as the removal of the threshold between two regions in theHigery time two regions are
merged, one threshold is removed. In the example, it woultbar T4, if the regions had
equal amount of pixels. Merging is complete, when the amotipixels in two regions
is summed, links are updated and new mean value is calculdesd cost values must be
calculated for the previous region and the new region. Thewarhof pixels is needed to
calculate the new cost value (Equation (7)) and the new meke which is given by

n;c; + n;Cj
n; + n;

c(i,j) = 9)

The maximum value field is needed to define the range of valutbsvone region. In
the implementation with DTOCS method, there is no use forvhke field (maximum
gray level in Figure 1), since all pixels are marked in thesé#istion image to belong to a
certain region.

Index Index of the | Index of the | Mean gray | Maximal gray | Distance to theNumber of
previous next cluster | level level next cluster | pixels
cluster

i prev next c t d n

Figure 1: Fields in the linked list [18]

101} 1.03| 1.04 | 1.09 | 1.10

Tl T2 T3 T4

Figure 2: Thresholding the pixel range

13



The algorithm used in this research is the following. Priptocessing the image, the
number of resulting regions must be set.

1. Form initial regions by using the DTOCS method.
2. Setregions to a linked list from the lowest mean value éotighest. Set initial
values.
3. Calculate merge costs for each region to the next regitimeifist.
4. Putindexes into a minimum heap according to the cost value
5.  While the amount of regions is higher than defined,
5.1. Remove region(i), region(prev(i)) and region(ngxffiom the minimum
heap.
5.2. Give region(i) and region(next(i)) the same label i tbssellation image.
5.3. Calculate the new mean for the merged region.
5.4. Calculate the new cost for the merged region and regiewn(i)) and put
them into the heap.

The complexity of the algorithm is considered by dividingnto three steps. The ini-
tialization of the algorithm take®(NlogN) time, because there is only the 1D list of
thresholds to be considered, and each of these values arg@@beap. As stated in [19],
all basic operations of the heap structure take less #eg7V comparisons. Because
of the minimum heap structure, finding cluster pair to be radrtakes onlyO(1) time.
Updating already known indexes in the linked list and thephstaucture take®)(logN)
time. The total complexity of the algorithm {3( NlogN).

The approach in this work consisted of an additional stegtferPNN based algorithm.
Before initialization, regions must be sorted from the Istwalue to the highest (sorting
required for step 2 in the algorithm presented above). Hgshe heapsort algorithm, for
example, the complexity of sorting regions becor@é&/logN) [19]. The update of dif-
ferent images takes constant time with different amoungegians, since the complexity
of updating images is only dependent on the sizes of prodesssges. Therefore, also
modified algorithm used in this work has total complexityNlogN).

The working principle of the PNN method is shown in Figure ackimage shows each
merge step. The labels of the regions are shown as well. Tagarand the regions rep-
resent the lower left corner of the Figure 15, which is présémater in the Experiments
chapter.

14



Original image DTOCS regions 3 and 8 merged

13 and 12 merged 6 and 10 merged 3 and 13 merged

5 and 3 merged 14 and 1 merged 11 and 4 merged

11 and 7 merged 5and 2 merged 6 and 5 merged

6 and 9 merged

Figure 3: A PNN based merge procedure, step by step.

4.1.2 Lazy PNN

The PNN method becomes more complex, if the approachedgirotén not be consid-
ered as 1D data. In the 2D case, merging regions can not b&eoed as removing a
threshold between two regions in the list, as was describguidvious section. Instead,
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the distance matrix is used to restore distances from albnsgo all other regions. In the
matrix distances are symmetrical. Therefore, a triangmiatrix is sufficient to present
all distance values [20]. Virmajoki presents a few improesis to the PNN method. The
fast exact PNN saves a pointer to the nearest neighbor fdr eggon. Only the new
region and those regions that had pointers to the old regiweed to have their distance
values and nearest neighbor pointers updated, when twonggre merged. The method
can be even further developed by introducing lazy updataekns that after each merge
step old values are marked as out of date, and updated only iwlsenecessary. There-
fore immediately after merging two regions, only the neanesghbor of the new region
must be updated. Pointers pointing to old regions are magkenlit of date. As proved
by Kaukoranta [21], the new merge cost can never be lowerttienld merge costs. For
example, consider 3 regions b andc, which have their merge cost calculated accord-
ing to their mean values. If cost valué&:, b) < d(a,c) < d(b,c), and regions, andb
are merged, for resulting regio$a, c) < d(a + b, c) is always true. Other methods to
improve PNN algorithm exists, but they are not discussetiswork.

In this work, the PNN based multiple threshold algorithm wasdified to handle more
than 1D data with some minor changes. The algorithm predentne previous section
would look like the following after the changes:

Form initial regions by using the DTOCS method.

Set regions to a list. Set initial values.

Calculate merge costs from each region to all other reggion

Choose the minimum cost.

Put indexes into a minimum heap according to the cost value

While the amount of regions is higher than defined,

6.1. Remove region(i), from the minimum heap.

6.2. Ifregion(i) has cost value that is "out of date", updgtput it into the heap
and go to 5.Else continue

6.3. Give region(i) and region(next(i)) the same label ia tbssellation image.

6.4. Calculate the new values for the merged region.

6.5. Calculate the new cost for the merged region, mark regfilbat point to
region(i) and region(next(i)) as out of date. Put the newaregnto the heap.

ook wbdPE

The modification of the algorithm for 2D data increases itmptexity. In the initial
stage, for every region must be calculated the distancedry@ther region. This makes
the complexity of the initialization to b&(N?). The heap initialization takes the same
amount as in the 1D casé@(NlogN). The update of the regions takes in the worst case
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O(N) time. Therefore, the total complexity of the algorithm ieases t@(N?) in the
2D case.

4.1.3 Splitand merge

To be able to better evaluate the DTOCS method, an alteenapigroach for region grow-
ing was chosen. The algorithm presented by [22] was useddatmparable results. It
is called the split and merge algorithm (SPM) in this work.cdinsists of a split phase
and a merge phase. The algorithm is also modified by replabmgplit phase with the
DTOCS, which is called the split DTOCS (SDTOCS) algorithnthirs work.

Splitting of the image is very straightforward. The imagsiraply divided into four equal
sized squares. Each of these squares is split again to falit ia continued recursively as
long as they fulfill the split criterion. The split criteriaran be variance within the region,
or as presented by [22], it can be the difference betweenigiieebt and the smallest value
in the region. A square region is split as long as its varissaeds a certain value or as
long as the value difference exceeds preset value.

If a single value difference is used as a split criterionye¢he a risk of doing the wrong

split decision, if there is only one distorted pixel valuattiffers significantly from other

pixels in the region. However, splitting should form a snralfjion around that pixel,

and if the merge phase works well, other regions nearby shimeire-merged, if they are
similar. The disadvantage of using variance for splittigidions is the loss of small
features within a large region, because in large areas thayotlincrease the variance
enough.

The SDTOCS algorithm starts with calculating initial DTO@&Sgions. It is reasonable to
choose relatively large regions to save processing timdedrie algorithm decide when
there is a need for further attention within an area. Onégiinegion at a time is taken into
consideration, and 4 new seed points are placed on it by tisengame grid type as was
used in the initial stage, if the split criterion was met. dtnot always possible to place
all 4 seed points, if the region is very irregular. After plagthe seed points, new regions
are calculated using the DTOCS within a region. New regioiishave their boundaries
inside the original old region. This approach is continusdoag as the split criterion is
met and the region is not too small.

Both algorithms (SDTOCS, SPM) are dependent on some statistethod, for example
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S, roughness. Split decisions are based on it rather than oDT@CS normalized
image. The value comparison #), roughness map is a reliable way to find variation
within a certain area.

The split phase in both algorithms is manual, which meansphiecriterion must be set
manually. They require human interaction: one has to et@lnaw many initial regions
are chosen before entering to the merge phase. The exachaofonitial regions is not
known beforehand, since splitting is based on exceedingtaicehreshold.

The merge phase of the algorithm is called the Region Merglggrithm (RGM). In the
merge phase the neighborhood criterion is followed: regidrand B are neighbors, if
there exists at least one pixel in region A and one pixel inoe@ that are adjacent to
each other. Adjacent pixels for a pixel are all the pixeld haround it, so there are 8
adjacent pixels at most. To find out all neighborhood retetifor all regions, the whole
image is scanned using a kernel, which is presented in Figundth that kernel scanning
of the image is started from the upper left corner. The blapkase is the starting pixel
that is compared to its neighbors, which are white squaré@sdrigure.

Sun

Figure 4: Scanning directions.

The result of the scanning is the neighborhood list that istesf all neighborhood rela-
tions to all regions. The next task is to determine the paregfons to be merged. There
are several approaches to the problem. One straightforwaydis to start from the be-
ginning of the regions until the end. If a pair of regions isifid that have a lower merge
cost than the threshold, the regions are merged and the $i&tited again from the begin-
ning. After the merge operation, the necessary structueeg@dated and the scanning of
the list is started from the beginning. The approach in thaskws to find the minimum
in every round, so the closest possible pair of regions imgdwmerged. Willebeck [22]
mentioned another approach, where the threshold valuersased in stages, to prevent
wrong order of region merging.

In Figure 5 an example of merging order in region merging ®ah In image a) and b)
are presented 3 merge stages: initial stage, the first meryaion and the second merge
operation. Image c) presents labeling for three steps ig&a@ and image d) presents the
labeling for three steps in image b). Values in the imagesyaan values. The regions
have the same size in initial stage. Threshold is 2.1, andengperation is done, if the
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difference between mean values of the regions is under tieshbld. In image a) the
merge order is always from the beginning of the list. Firs$ ikhecked if regions labeled
with 1 and 2 can be merged. As their difference is lower thanttiveshold, they are
merged. Combined region will have label 1, and the new me&revafter the merge

operation checking of the regions is started from the bagmagain. Regions 1 and 4
are merged next. After the update no more regions are merged.

In the figure, in image b) regions with the smallest differeiace chosen. Regions with
labels 3 and 4 are chosen, and after update 2 and 3. This examg@lvs how merging
order does matter in some cases. The merging threshold tkearfrmuman guided param-
eter in the approach that is used in this work. To achieverel@sesults, the appropriate
threshold value needs to be found.

10 12 11 10 12 10 12
13.9 13 13.9 13 139 | 13 13.5
11.7 10
13.9 13
(a) Merge order, starting always (b) Merge order, choosing always
from the beginning the minimum difference
1 2 1 1 2 1 2
3 4 3 4 3 4 3
1 1
3 3
(c) Merge order, starting always (d) Merge order, choosing always
from the beginning, labels the minimum difference,labels

Figure 5: An example of different merge order.
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The split algorithm used in this work is the following:

1. Calculate &, roughness map.
2. Splitinto four regions.

2.1. |If the difference between the highest and the lowestevakceeds the
threshold, and the size of the region is larger than the mininallowed
size for regions, go to 2. Else relabel region, calculatentlean value of
the region and update the roughness map.

Merge algorithm (RGM) used in this work is the following:

1. Scan the tessellation image.
If (z,y)and(z+ 1,y —1), (z+ 1,y), (z,y —1)or(z —1,y —1)
have different labels, the regions indicated by the labels a
neighbors. Add to the
neighborhood list, if not yet there.
2. For each pair in the neighborhood list, calculate the=dsffice
of the mean values.
3. Sort values according to the difference, from the loweshée
highest.
3.1. Ifthe lowest value is lower than the present threshalerge regions that
have the lowest value. Else finish.
3.2. Update neighbors, update the tessellation image atilyhness map.
Goto 3.

For the merge phase, initialization of the neighborhooduged in the form presented
here has complexit® (N?), since preventing the redundant neighbors in the list regui
scanning of the complete list every time a neighbor is ad8edting of regions would take
no more thanViog N as was with the PNN based algorithm. Update of the neighloatho
list takes the length of neighborhood list in the worst cagkich has the complexity
O(N). Since neighbor pairs are not stored into heap structuesriimimum value must
be found in every round. This takég ) time. The total complexity of the merge phase
is O(N?).

In Figure 6, an example of RGM is shown. Each image show eacjens¢ep. The labels
of the regions are shown as well. The image and the regiomesept the lower left corner
of Figure 15. It is the same original image as in Figure 3. is tase it produces very
similar result to the PNN based method, when there are 3tmnegukgions for the PNN
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and 4 resulting regions for the RGM algorithm. The only diffiece is the mean value,
which is considered as the roughness value for the regiasmdifferent for regions 1 and

14, whereas it is the same in PNN for those regions, sincefidgorithm united them

as one region.

Original image DTOCS regions 8 and 12 merged

6 and 10 merged 5 and 8 merged 4 and 7 merged

4 and 11 merged 2 and 3 merged 2 and 5 merged

i

6 and 13 merged 2 and 6 merged 2 and 9 merged

Figure 6: A RGM based merge procedure, step by step.



5 Result Validation

In many segmentation problems, the results are evaluaseadNy, comparing them to the
original image. In roughness measurement, in many occagiimpossible to compare
the results and to decide which of the results are betterar ¢he result is good enough.
Therefore some method is needed to evaluate the resultsislwork statistical methods
are used in validation of the results.

The Pearson coefficient of correlation, marked withs used to evaluate two pairs of
values. For any random pair of valued < p < 1 is always true. Values near 1 mean
strong positive correlation, values near -1 mean strongrge/correlation. The value pf

IS given by

= Seoy—n-X-Y
VE2—n X (Dy2—n-7)

(10)

wherex andy are the values of the different samplég,andY” are the mean values of
the samples, and is the number of value pairs. Pearson’s coefficient of catieh is
used to indicate correlation between samples. As stateéZBinif is not able to show that
no correlation exists. There can always be found some kirabw€lation for dependent
samples. Therefore the compared samples should be independ

Plotting all value pairs tay plane shows to human observer, if there is a trend with value
pairs. If a value increase in the first value of value pair ibofeed by the increase in
the second value as well, strong positive correlation has lbeund. If there is a strong
correlation between the values in each pair, a regressierchn be drawn on the xy plane
to visualize the trend. The equation of the regression Brexpressed in the form

y=m-x+b. (11)

For that equation, the slope is found by
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and the constaritby

b=Y —m- X. (13)

Itis not sufficient to calculate the correlation betweengke® It must be evaluated, if the
correlation is significant. For this purpose, hypothessting is used, as described in [24].
The correlation increases, when the sample size increasksgagiation of sample pairs
decreases. The first step is to make a null hypothégjs:p = 0, which means there is no
correlation between samples. If the null hypothesis carhbers to be wrong, significant
correlation has been proved between samples, and theaikdmpothesi#!; : p # 0 is
accepted. The null hypothesis can be proved to be wrongeiétlaluated valug is not
between the significant confidence levelsiyf Usually a95 % confidence level is high
enough.

The confidence interval calculation requires some additiaperations compared to a
normally distributed set of data. The calculation of cormficke intervals for Pearson’s
correlation described in [25] is introduced in detail neRefore starting the calculation,
Pearson’s correlation must be converted to normal distribution. It is done by Fishe
conversion, which is given by

2 =0.5-[In(1+p) —In(1 - p)]. (14)

After the conversion, the hypothesis testing is done assgritie peak of the used t-
distribution is in the converted correlation value. Witkistributionn — 2 degrees of
freedom is used, whereis the number of data pairs. With sample sizes greater than 30
normal distribution is assumed. The calculation of confageimtervals is given by

/

Zo=7 %z 0., (15)

wherez tells how many standard deviations it is below the mean ovaltoe mean: is
calculated by

P (16)



wherey is the mean value of the used distribution, x is a data poiavalr below the
center of the distribution and is the standard deviation of the used distribution. The
standard deviation of the correlation data is not knownjtigtapproximated by

(17)

After the calculation o/, , inverse conversion must be done to have confidence interval
in Pearson’s scale. By solvingrrom the Equation (14) the inverse operation is done. The
resulting equation is given by

!
e?” —1
e2? —1°

p= (18)

For example, th@5 % confidence level for correlation 0.4716 with 184 sampleslsic
lated the following way:

1. Convert the correlation tg (Equation (14))z" = 0.5121.

2. Calculate: (Equation (16)). For example, for a normal distributiens
1.96 when coverind)5 % of the distribution.

3. Calculater., (Equation (17))g., = 0.036

4. Calculate confidence interval$ andz’ (Equation (15))z" = 0.3664
andz/, = 0.6578.

5. Convert the results_ andz/ back to Pearson’s scale (Equation (18)),
which results to confidence interval, where lower end papti= 0.35
and upper end point ig, = 0.58.

As explained in [23], the results are evaluated for exampledmparing two sets of
data with each other. Again, Fisher's transform is needepug@ion (14)). For both of
the compared correlations is calculated. After that value is calculated according to
equation

, , 1 1
= G- AN 5 v (19)

The result gives probability to the question: "Does these samples have the same
correlation”. And again, null hypothesis is rejected if tiegection probability exceeds
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the 95 % confidence level.

For example, if comparing correlation in the previous exbnip set of 760 pairs with
correlation 0.4876 the hypothesis testing would look like tollowing:

1. Calculate’’ to the other data set, the same way as in the first example.
2h = 0.5329.

2. Calculate: (Equation (19))z = 0.2512.

3. Finally z is put to the normal distribution, which results 80% of theat@rea of
the probability density function. It is the probability fure data sets to have the
same correlation.

There are some restrictions for using correlation in thevesion of measure of similarity
between two samples. In the split and merge approach thésesun not be verified
by using the Pearson’s correlation coefficient. Comparisth S, roughness would
be misleading, since both split and merge algorithms (SPM[@&CS) already use the
Gaussian filtered roughness map to make split decisions. SH# algorithm uses it
also for merge decisions. As stated in [23], samplgsroughness and split and merge
results) have causal relationship: results are partlyddrby certain operations from
S, roughness map. Therefore the results for SPM and SDTOCSareafidated by
correlation coefficients.
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6 Experiments

The results of the experiments that were carried out by ugmegiously introduced al-
gorithms are presented in this chapter. The purpose of tleste was to find out i,
roughness correlates with the results of different alponi. S, roughness is a generally
accepted method to measure surface roughness. High c¢mmeldth S, roughness is
considered to prove that used method is able to measuresudaghness.

All the necessary conditions of different experiments ateoduced first. They are such
as the amount of seed points used to calculate the DTOCSs{ga}l grid type (how seed
points are placed on the image). A detailed study of the ggtwmeduced by the DTOCS
method is needed to better understand the results. Anatbee iis to choose a type of
a statistical method for comparison. There were a few sidismethods, introduced
previously in this work, and they may correlate differentlith DTOCS roughness.

After the introduction to the experiments there is an exomrso the normalization pro-
cess of the DTOCS algorithm. Experiments are started by sxagdifferentS, rough-
ness values of the samples. The next step is to examine th€Bhaethod, which is also
an initialization stage for the segmentation methods. Expnts continue with segmen-
tation methods. First is tested merge operations and thesght and merge approach.
Finally, certain comparisons between different test setglane.

6.1 Introduction

This section has the following structure. First is desatibeow the test data was mea-
sured. Material and test area sizes as well as differenhpeteas that were used in the
experiments are described. The manner of representatitreatsults is introduced as
well.

6.1.1 Measuring devices

The profilometer used to measure the samples in this work vememstock RM-600
3-D/C laser profilometer. The topography was measured lgr Issnsor LS-10. The
wavelength of the laser beam was0 nm. In the measurement method, a collimated
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beam of light, coupled to an optical microscope, is split fowlised on the test surface.
Height differences are seen as light and dark fringes on @ovidimera or in a detection
system.

Unlike in a normal configuration, OptiTopo images preserntethis work have been
illuminated with four lights. The topology is calculateding these four images. The
achieved resolution 8048 x 2048 pixels for15 x 15 mm? area.

6.1.2 Testsamples

Two sets of test data are used in all of the tests. In both #edse are 8 images. The
material for both of the sets was base cardboard. Exactlgdhee test areas are measured
by using two different measuring devices. The first set issuezd using the profilometer.
The measurement area wigsx 16 mm. The distance between pixels wisym in x and

y -directions. In other words, a sample image is a 3D matrixictv has a height value
everyl0 um.

The second data set is measured using OptiTopo. The mea=uraraa wass x 15 mm.
The distance between pixels wasg2 pm (15000 pm/2048) in x and y -directions. An
example of both measured data sets is seen in Figure 7. Ingime fihe same sample is
measured with OptiTopo and profilometer.

Original image Original image

£ 2500F,
=3

L i il PR Y dis s ki (b
0 1000 2000 3000 4000 1000 2000 3000 4000
pm um

(a) Profilometer (b) OptiTopo

Figure 7: Samples from the used data sets.

The sample images were not used as a whole in the experimAntgrtain area was
cut from the center of the used images. In Table 1 are showerelift test area sizes
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for different tests presented. Gaussian filtering redubessize of the area. Two test
sets contain different resolution, therefore the amourgieéls is also different for the
given test area. For more complex algorithms, smaller tesisaare used to reduce the
processing time.

Table 1: The sizes of the test areas.

| 250 pm
Profilometer
Tables 2- 17| 4.76 x 4.76 mm?,
476 x 476 pixels
Tables 18- 19 2.26 x 2.26 mm?,
226 x 226 pixels

OptiTopo
Tables 2- 5 | 4.75 x 4.75 mm?,
649 x 649 pixels
Tables 18- 19 2.25 x 2.25mm?,
307 x 307 pixels

6.1.3 Test parameters

The grid sizes vary betweénx 5 to 41 x 41 seed point grids, which results 100 um

- 1904 um distance between the seed points. In the grid definition thualedistance
between the seed points was preserved. Therefore, thd aoctoant of seed points varies
due to rounding of the distance between two points. For e¥amgest image side is 476
pixels. When it is divided by 3@( x 30 grid), the resultid5.87. It is rounded to 16, but
each row can have only 29 seed points, bec&0s&0 = 480.

In Figure 8 are presented three different test grids, whrehcalled a net grid, a tile grid
and a hexagon grid in this work. These grids show three diffeways that were used
to set the seed points for the DTOCS method on an image. Ifuwsitile grid, regions
will most likely be scattered in such way, that the grid istabie for those methods that
take adjacency into account, like the RGM algorithm. Fomepke, if using a net grid,
regions formed by the DTOCS method become regular in flaiasad, because there
are no obstacles causing irregularities. In that case tiiens would look almost like
squares. Those regions that are the closest to the cornansgfon, are adjacent with it
in many cases. But if those regions are regular having a fdrensguare or some other
geometrical shape, sometimes some minor irregularitighencorner area could make
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them not to be adjacent. In that case, quite often it is up epxel that two regions are
not adjacent.

In Figure 9 is presented an example that shows a corner afearatgions. Each square
represents one pixel, and all pixels are numbered with d tsiteeregion they belong to.

If the regions are completely regular, the corner area |didkesin image a). But if some

minor irregularity in the original image causes labelingimsmage b), where region 1
has one pixel more than the other regions, adjacency aitesi not met with all of the

regions. In image b) only region one is adjacent with thrémptegions, while in image
a) all the regions were adjacent to each other. With largeonsg one pixel can have
too much significance, if it is situated in the corner of otheggions. That is most likely

avoided by setting the seed points as a tile grid, where aglyubormed regions have two
adjacent regions above and below, and one on both sides. fderareas of one or two
pixels are formed, if regions are close to regular.
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(a) Tile grid (b) Net grid (c) Hexagon grid

Figure 8: Used grids.

10122 1122
10122 101]2] 2
33| 4] 4 3 1|4 4
3 /3|4 4 3 3|4 4

(@) Completely regular (b) Minor irregularity in
regions the corner

Figure 9: A corner area of four regions that have a square.form
There is a different distance between the seed points ierdiit grid types. In the hexagon
grid there are areas, where the seed points are more dehgeddghan in the other areas.

In the tile grid the distance between the seed points is aoitter than in the net grid,
and on the sides of images there are larger areas.
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The wavelength of the Gaussian filter was chosen t@ioeum, since it is one of the
recommended wavelengths. Measured material was rougeittie normal paper sam-
ples. Therefore slightly greater variations were presgweh the chosen wavelength in
the S, roughness map than would have been preserved with the shatelength, such
as80 pum.

6.1.4 Presenting the correlation of the test data

Two ways to calculate the correlation were used in this wdrke first way was to cal-
culate the DTOCS roughness value and$heoughness value for the entire image. The
second approach was to have the regional correlation. Ihsy¢hat there are two values
per region: theS, roughness value and the DTOCS roughness value. The regiens a
defined by the results. For example, if the PNN based methoduges 5 regions and
the DTOCS roughness value for each of them,fheoughness value is calculated as the
mean value from thé&, roughness map for the corresponding pixels.

Two types of tables are used to present the results. Thedbi type lists the correlation
data for different tests. Besides the correlation valuseyet are presented the confidence
intervals for95 % confidence level. The amount of used seed points is givenv@ttieal
and the horizontal distances between the seed points argiatn, and the amount of
sample pairs, if it is not easily derived from the results &odh the sample size.

The second table type consists of one value per sample. istax that contains com-
parisons between all of the samples in the table. For eacle yalir, the hypothesis testing
is done. A null hypothesis is an assumption that the valuehze the same correlation.
As a result, the probability for the null hypothesis is agleid For example, if comparing
samples 1 and 2, row 1 is chosen, and from that row the firstmolicolumns start always
from sample 2) is chosen to find out the probability of the saoreelation in samples 1
and 2. Therefore, in the experiments following expresssonsed: "Sample A correlates
better than sample B", if the correlation coefficient of sé&is higher than of sample
B, and the pairwise hypothesis testing shows that the pilityadf A and B to have the
same correlation is below 5%. These tables are presentepgpemdix I.
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6.1.5 Test structure

Tests are divided into three phases. The first phase is theatw of the initial stage,
which means the formation of regions by the DTOCS method. D$Qegions were
formed with different parameters, and the results were @megbto each other. The way
to compare the results was the pairwise hypothesis testatgitas explained above.

In the second phase, different segmentation results wetaaed. It was done by chang-
ing exactly the same parameters as was changed in the firsé pliethe results do not

change similarly as in the first phase, it may give informatabout the quality of the

algorithm. Change in the results is detected by compariagtirelation coefficients the
same way as in phase one.

The last phase is to compare different segmentation resithgach other and with initial

regions. The goal is to find out, which of the methods gived#s results. An objective
of this study is also to find out, how much the results changgr #ie segmentation, and
does initial regions and final segmented regions both ceelithS, roughness.

The split and merge algorithms are not evaluated the sameawdlye other algorithms.
As was explained earlier, those methods are not indepemdent compared t§, rough-
ness, because they use theroughness map for the split decisions and the SPM uses it
also for the merge decisions. These algorithms are judgaehily from the processed
images after the split operations and after the merge dpagt

6.2 Emphasizing properties of the DTOCS algorithm

A small example of the DTOCS roughness map calculation isgarEé 10 and in Fig-
ure 11. In this example, in both tables there are four imagesva: an original image,
projection distance image, distance image and normalinage. One seed point is situ-
ated in the lower right corner and it is marked with P in theg@s The calculation starts
from pixel P. The resolution of the examplelis x 10 (the distance between neighboring
pixels is10). The same height pattern is set right next to the seed valtreiupper table
and to the left corner in the lower table. The resulting ndrpea image shows how much
higher values are achieved in case of seed value being ddbke pattern and in case of
seed value being more distant. The mean value for the upparafized image i4.07
and for the lower image.01. Thus, the location of seed points affects the final restlt. |
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is obvious that the method emphasizes the values that ase twseed points. Therefore
even after the normalization, pixel values are not comganaith each other.

a) Original image b) Distance image
0 0 0 0 0 42 42 42 42 42
0 0 0 0 0 42 32 32 32 32
0 0 0 0 0 42 32 22 22 22
0 0 0 1 1 42 32 22 11 11
0 0 0 1 P 42 32 22 11 P
c) Projection distance image d) Normalized image

40 40 40 40 40 1.05 1.05 1.05 1.05 1.05
40 30 30 30 30 1.05 1.07 1.07 1.07 1.07
40 30 20 20 20 1.05 1.07 1.1 1.1 1.1
40 30 20 10 10 1.05 1.07 11 1.1 1.1
40 30 20 10 P 1.0 107 11 11 P

Figure 10: An example of DTOCS calculation

a) Original image b) Distance image
0 0 0 0 0 40 40 40 40 40
0 0 0 0 0 40 30 30 30 30
0 0 0 0 0 40 30 20 20 20
1 1 0 0 0 41 31 20 10 10
0 1 0 0 P 42 31 20 10 P
c) Projection distance image d) Normalized image

40 40 40 40 40 1.00 1.00 1.00 1.00 1.00
40 30 30 30 30 1.00 1.00 1.00 1.00 1.00
40 30 20 20 20 1.00 1.00 1.00 1.00 1.00
40 30 20 10 10 1.03 1.03 1.00 1.00 1.00
40 30 20 10 P 1.05 1.03 1.00 1.00 P

Figure 11: An example of the DTOCS calculation.

The DTOCS method overestimates the diagonal values in thealzed image. This
results from the calculation method of the distances. Thihatecalculates the diagonal
distances exactly the same way as the horizontal and thealesbmponents. However,
in the normalization process there is the same denominatoch would be greater if
using Euclidean distances. If there is a continuing slopaénimage, a height value in
a pixel is a diagonal distance away. More distance in theestepults to higher or lower
value, and as it finally gets divided by lower than the realigathe final value gets overes-
timated. This results to the higher normalization values.example of overestimation is
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in Figure 12. A normalized image (Distance image divided Dyd#stances) is presented
in the figure. Gray levels represent the pixel values, highasare light gray levels and
dark values are low values. In the figure, the seed pointsese s the middle of "the
white X letters". In the normalization process, the highedties are always close to the
seed points, and they are in 45 degree angle of the horizZentllto four directions.

pum

Figure 12: Values of the normalized image

6.3 Comparison of statistical methods

Three statistical methods to calculate the roughnesseurfeere compared on regional
basis to DTOCS regions. The results are in Table 2. They wenang S, roughness
after the Gaussian filtering, only an image after the filtgriand a moving, roughness
map without Gaussian filtering. Moving}, roughness was calculated usihg 5 kernel.

Gaussian filtering turned out to be crucial for the correlatbetween DTOCS ané,
roughness. Without the removal of waviness surface thesenwacorrelation detected
(the correlation coefficients were low for both data set$)veen DTOCS roughness and
moving S, roughness. In the pairwise hypothesis testing probal§dityhe Gaussian fil-
tered (both a moving, roughness map and only an original image after the Gaussian
filtering) and unfiltered data to have the same correlation el@arly belows %. It proves
that DTOCS roughness and statistically processed imagelates only after the Gaus-
sian filtering. Therefore it can be concluded that largetescaughness is not detected
with the DTOCS. There was no difference between two differesults after the filter-
ing. This experiment directs to use movifg roughness after the Gaussian filtering in
the following experiments.
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Table 2: The correlation coefficients between DTOCS andregiS, roughness ir30 x
30 tile grid for the cardboard data sets.

Grid, Corr. Conf. Conf. Seed Distance Total
interval, | interval, | points between sample
lower upper seedpoints, size

rofilometer, wavelengths0 um
Moving S, | 0.6876 | 0.6751 0.6997 885 | 160 — 320um | 7080
Gauss. only 0.6795 | 0.6667 0.6918 885 | 160 — 320um | 7080
Gauss. off | 0.1890 | 0.1659 0.2119 841 170 — 340pum | 6728
ptiTopo, wavelengtB50 pm
Moving S, | 0.5155 | 0.4977 0.5328 841 | 161 —322um | 6728
Gauss. only 0.5060 | 0.4880 0.5236 841 | 161 —322um | 6728
Gauss. off | 0.0095 | —0.0138 | 0.0328 885 | 168 — 336um | 7080
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6.4 Comparison of DTOCS roughness and, roughness

In order to be able to evaluate different segmentation nusththey must be compared
to the initial stage of the segmentation procedure. Théirstage means that there are
regions formed by the DTOCS method, and those regions argatdurther processed.
As the result of the DTOCS method may be affected by diffeseanting parameters, tests
are applied by changing them. The changed parameters drsigeiand grid type.

When calculating one roughness value for an image, thetrdeak not give sufficient
information on regions within an image. Therefore the sarpeements applied for the
entire images are repeated by using the regional approatihanresults are presented
later in this section. In the regional approach each regogzm$ a value pair: DTOCS
roughness and moving, roughness is calculated for it, the same way as was donerearli
in the statistical methods testing. The regional approashlts to the high amount of
value pairs that can be used in the hypothesis testing.

6.4.1 Grid type comparison for a whole image

In this experiment, moving, roughness is calculated for the entire image. Itis compared
with the DTOCS roughness value, calculated for the entiegeas well. The experiment
resulted to 8 value pairs. Due to the small sample size, tpethgsis testing does not
produce reliable results and it is not used for the compardohe correlation coefficients.
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Instead, the value pairs are placed imtoplane, where the DTOCS roughness values are
in y axis and the moving, roughness values inaxis. A regression line is drawn on the
plane on the basis of the value pairs.

In Figure 13 are drawn values resulting from the grid type parison. In each of the
images there are 3 grid types represented. In image a) aserissl the results for pro-
filometer and in image b) for OptiTopo. In both images the draegression lines are
almost identical for different grid types. In the hexagord@TOCS values differ slightly
from the other grid types, but its regression line has alrtfustsame slope as the others.
That is most likely caused by the smaller amount of seed poWlthen there are less seed
points, there are less high values, which cause also the vadaes to be lower.
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Figure 13: The comparison of different grid types (grid sizex 41) between DTOCS
roughness and, roughness for the cardboard data sets.

According to these tests it looks quite obvious, that défergrid types do not correlate
differently with movingS, roughness. For tile and net grid, DTOCS roughness value
range is almost identical. According to these tests, thaTOpb samples can not be
shown to correlate witlba roughness, since lower bound of the confidence intervals in
all of the samples is below 0 (Table 14, Appendix II).

6.4.2 Grid size comparison for a whole image

In Figure 14 are shown scatter plots for different grid siz&kso in this experiment, the
slopes are near the same for all grid sizes. In both of thes#dsahigher grid size results
to higher DTOCS roughness value. Increase in the amounteaf geints increase also
the correlation coefficient. However, the test sample s2eo small to be able to see the
significance of the difference. Excluding the results3orx 30 grid size, correlation of
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OptiTopo data was not shown to exist. (Table 15, Appendix Il)
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Figure 14: The comparison of the different grid sizes (né&)dosetween DTOCS rough-
ness and, roughness for the cardboard data sets.

6.4.3 Regional grid type comparison

In Table 3 are listed the correlation coefficients from thiel gype comparisons. In addi-
tion to previously introduced grid types, a tile grid thasheeen shifted 4 pixels right and
4 pixels down along x and y axis was used. There is no signifaiffierence between the
values, but with the profilometer data the hypothesis tgsthrows that the hexagon grid
has weaker correlation than the other samples (probabilitifferent correlation is over
95 %). As was in the previous experiments, there are less regwamsn the hexagon grid
is used. That may also cause the lower correlation. The s#feestice is not found in
the OptiTopo results. Therefore, according to this expertit may be suggested that
the hexagon grid has slightly weaker correlation. Unlikéhe previous experiments, the
DTOCS results from OptiTopo data was proved to correlaté Wjtroughness, although
the correlation is not very strong.

6.4.4 Regional grid size comparison

In Table 4 the correlation coefficients from the grid size pamson are shown. The
pairwise hypothesis testing for the correlation coeffitsesf the profilometer data shows
that for40 x 40 grid the correlation is higher than for all the other samples the other
grid sizes, the same trend is seen when comparing it to tvps i@ x 30 to 10 x 10 etc.)
smaller grid. The results of OptiTopo does not support amchlesions about the effect of
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Table 3: The correlation coefficients between DTOCS grigttgpmparison and regional
moving S, roughness ir30 x 30 grid for the cardboard data sets.

Grid, Corr. Conf. Conf. Seed Distance Total

interval, | interval, | points between sample
lower upper seedpoints, size
Profilometer, wavelengt®s0 um
Net 0.6894 | 0.6770 0.7013 900 160um 7200

Tile 0.6876 | 0.6751 0.6997 885 | 160 — 320um | 7080
Hex 0.6651 | 0.6498 0.6799 660 | 160 — 320um | 5280
Tile, shift | 0.6949 | 0.6823 0.7070 841 | 160 — 320um | 6728
ptiTopo, wavelengt50 um
Net 0.5139 | 0.4961 0.5313 841 161um 6728
Tile 0.5155 | 0.4977 0.5328 841 | 161 —322um | 6728
Hex 0.5127 | 0.4926 0.5322 663 | 161 —322um | 5304
Tile,shift | 0.5091 | 0.4912 0.5266 841 | 161 — 322um | 6728
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the grid size or the grid type changes to the results. Gdggetiad¢ correlation coefficients
for OptiTopo data are not very high in this experiment.

Table 4: The correlation coefficients between DTOCS grid sizmparison and regional
moving S, roughness in tile grid for the cardboard data sets.

Corr. Conf. Conf. Seed Distance Total
interval, | interval, | points between sample
lower upper seedpoints, size
Profilometer, wavelengt®s0 pum
1 | 40x40| 0.7105 | 0.7018 0.7190 1580 | 120 — 240um | 12640
2 | 30x30| 0.6876 | 0.6751 0.6997 885 160 — 320pum 7080
3 | 20x20| 0.6662 | 0.6462 0.6852 390 240 — 480um 3120
4 | 10x10| 0.6414 | 0.5975 0.6814 95 480 — 960m 760
5| 5x5 | 0.5418 | 0.4358 0.6330 25 950 — 1900um 200
OptiTopo, wavelengtR50 um
6 | 40x40| 0.4971 | 0.4840 0.5099 1620 | 117 — 234um | 12960
7 | 30x30| 0.5155 | 0.4977 0.5328 841 161 — 322um 6728
8 | 20x20| 0.5047 | 0.4785 0.5301 400 234 — 468um 3200
9 | 10x10| 0.4876 | 0.4315 0.5400 95 476 — 952um 760
10| 5x5 |0.4716 | 0.3508 0.5769 23 952 — 1904um 184
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6.5 PNN based method

In this section, the roughness values are calculated faetjiens resulting from the PNN
based method. The first task was to evaluate the segmentasalis with a different
amount of final regions. ldentical experiments with the ppas section were applied to
the samples in order to compare the segmented images witlhéges in the initial stage
(regions that are formed by DTOCS algorithm). If the gridesthanges or the grid type
changes do not produce similar results as was in the intagks it means that PNN based
regions either improve or weaken the result.

6.5.1 Different amount of final regions

The PNN based algorithm was tested by using example texageasell as using the
test data sets. The first experiment was done for differerttuantnof resulting regions.
The method was applied to the example texture to visualiae, the method works in
combination with the DTOCS. In Figure 15 in image a) the exianexture has been
divided into the regions according to their roughness \&@ludich in this example means
mostly vertical stripes, which are seen in the figure. Thenela texture consists of 255
gray levels, which are interpreted as height values by th@ O method. Initialization is
done settingl0 x 40 seed points to the original image as tile grid. The size obtinginal
image wa$12 x 512 pixels. The first step is to form DTOCS regions, which is vige

in image b). The division into 5 resulting regions is shownnrage c) and the division
into 3 resulting regions in image d). It is quite clear in irrag) and d), how more dense
areas with vertical lines belong to the white area and thasangth less variation belong
to the black area. In the resulting images rough areas arkemhavith lighter gray level
in image c) and white color in image d).

PNN based method was applied to the cardboard data sets lagme3, 5 and 10 re-
sulting regions were compared. The experiment did not predignificantly different
correlation values. The detailed results are in Table 16ppekdix II.

6.5.2 Different grid types

Figure 16 shows visually the effect of different grids usethie selection of DTOCS seed
points and how it affects on the final result of the PNN baseymeperation. Three grid
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(c) 5 resulting regions by PNN (d) 3 resulting regions by PNN

Figure 15: The PNN based method for 3 and 5 resulting regions.

types and the shifted tile grid can be visually compared b¥ilog at these images. In the
figure it is notable that the light and dark areas are not simiHowever, there are still

connection with the flat areas and light gray levels in alhaf images. It must be pointed
out that the value range is not the same in these images. fohetbe dark areas have
different DTOCS roughness values in different images. &the final values are formed
by the quantization process, they may produce not easilypeoable results. If the final

roughness value of the roughest area in one of the images teeneame as in the other
image, it naturally means, that those regions are not reptag) exactly the same feature.

Although different grid types do not produce identical loakresults, they do not differ
significantly according to the test sets. It is notable, thate is no difference in the
correlation with the hexagon grid and the other grid typelsilevthere was a difference
in the initial regions. For both profilometer and OptiTopdadtne correlation coefficients
were significantly high. The values can be seen in Table 17ojpefdix I1.
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down

Figure 16: The PNN based method with different grid typegl gize40 x 40.

6.5.3 Different grid sizes

The effect of the grid size change did not look very signiftceor the results of the
profilometer data. If comparing0 x 40 grid size t020 x 20 grid size in Table 5, the
correlation coefficient is lower for the latter in the profib@ter results. As can be seen in
the table, the correlation coefficients of OptiTopo data dodiffer significantly.

6.6 RGM

The method to evaluate the segmentation results of the RGdémdical to the previous
section. Grid types and grid sizes are changed, and theresiodts are compared. Two
thresholds are applied to some of the grid sizes to see theteff the threshold change as
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Table 5: The correlation coefficients between differenddyipes in PNN (3 resulting
regions) and regional moving, roughness in tile grid for the cardboard data sets.

Grid, | Corr. Conf. Conf. Seed Distance
250 um interval, | interval, | points between
lower upper seedpoints,
Profilometer, wavelengt®s0 um
40 x 40 | 0.9710 | 0.9331 0.9876 1580 | 120 — 240um
30 x 30 | 0.9392 | 0.8626 0.9737 885 | 160 — 320um
20 x 20 | 0.8853 | 0.7497 0.9496 390 | 120 — 240pum
ptiTopo, wavelengtB50 um
40 x 40 | 0.9789 | 0.9510 0.9910 1620 | 117 — 234um
30 x 30 | 0.9731 | 0.9379 0.9885 841 | 161 — 322um
20 x 20 | 0.9536 | 0.8942 0.9800 400 | 234 — 468um
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well. The size of the test area is smaller than in the prevesyperiments, but the distance
between the seed points is preserved.

6.6.1 Different thresholds

In Figure 17 is shown an example texture that was split ingpores by the DTOCS
method, and the formed regions were further merged usindrtBM algorithm. The
results are shown with different thresholds. The threskalde is the mean value differ-
ence between a pair of regions. The texture has 255 heigtsaln the figure the spatial
criterion is obviously visible: there are no scattered oeg, because each pair of the
merged regions must be connected. Therefore the regiormmezannected throughout
the merging process.

When comparing the results to the original image, it is easydtice that increasing the
threshold results to larger areas. Unfortunately, thedatlge areas are, the rougher areas
are merged into them, and the distortion is increased wittierregion. In image d) there
IS no very clear connection between the dark areas and tlghrareas in the original
image. Unlike image d), image b) is not so much distorted amsl @asier to find the
connection between the original image and the segmentagsuit in image b).
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Figure 17: The RGM algorithm with different thresholds,dysize20 x 20, image size
250 x 250 pixels.

6.6.2 Different grid types

In Figure 18 grid types are changed. The RGM algorithm is &bletect only some of

the vertical plane areas (regions with dark gray levelse mugh areas (light gray levels)
are quite significantly affected by the grid type changeythee scattered differently in
every image. According to the texture, the final regions &nengly affected by the grid

type change.

Cardboard samples were compared with these grid types as®@esierally, the correla-
tion coefficients were low, especially for the profilometeraiges. The grid type changes
did not affect the results significantly. The detailed resafe in Table 18 in Appendix II.
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Figure 18: The RGM algorithm with different grid types, tehold 1, grid siz0 x 20,
image size256 x 256 pixels.

6.6.3 Different grid sizes

The experiment procedure was more complicated than befanding the suitable thresh-
olds required manual work, and even in the final results stiwkls were not necessarily
suitable for all of the images. The same threshold produdésteht amounts of regions.
To have the best possible results, the threshold shouldiiese set for each image sepa-
rately. The threshold had to be increased for a smaller abafuegions. Otherwise not
enough merged regions would have resulted from the tests.

For the profilometer data, grid siz8 x 20 and15 x 15 produced better results with lower
threshold (more resulting regions). The best results welneesed withl5x 15 and10x 10
grid, which both had one result that showed better cor@tettian20 x 20 and5 x 5 grids.
The experiments with the OptiTopo data produced the higtwstlation coefficients for
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10 x 10 grid, where both of the results had higher correlation th@rx 20 grid, and one
of them had higher correlation tha# x 15 grid. The results of the experiments are listed
in Table 19 in Appendix II.

6.7 Comparison of different samples

In this section the difference between the used algoritlsmssualized by presenting one
cut of the image from both data sets. All the algorithms arglieg to both images.
The algorithms, excluding the SDTOCS and the SPM, are alsgpeaced by using the
pairwise hypothesis testing between different resulthefgrevious experiments. This
testing is done in order to compare different methods wittheather. These tests may
suggest which of the methods do not distort the result toormdtthe correlation is
significantly lower after the segmentation process thaorga it, the algorithm may not
provide enough information from the original image.

6.7.1 Splitand Merge

In Figure 19 is presented one profilometer image and in Fi@r@ne OptiTopo im-
age. They had thé x 5 tile grid that was further split by using the SDTOCS and SPM
algorithms, and thé0 x 10 tile grid that was segmented by using the PNN and RGM
algorithms. The results can be estimated by comparing haWtkeesareas in the original
picture with a lot of variation correspond with the areassprged with light gray levels or
white color, and how well the areas with less variation cgpend with the darker areas
in the segmented images. The SDTOCS algorithm itself shiouddthe suitable amount
of seed points, and the amount of initial regions defines tagimum size of a region.
The SPM algorithm starts splitting from 4 equal sized sgsiare

In Figure 19 single lines in image a), which are base cardbdéibers, are lost inside
regions in image c). For a region to be further split theredset® be several fibers in
the small area. Significant value variations are isolategitting the areas containing
high values, which can be seen as clusters of small white anghe image. In Figure 20
in image a) fibers can not be see so clearly. Therefore thelgvay variations must be
observed. Areas with a lot of variation in image a) are seasiesders of small regions in
image c).
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The algorithms can be compared through an example. In Fiire image a) there is a
black circular spot in the centetrZ50 pm right and1300 pm up from the lower left corner

of image a)). The dark gray levels represent the low valuesthe light gray levels the

high values inimage a). In the image, the black round arearrsgnded with white color.

In image c) its border regions are white, indicating the aveh rough values. The same
circular area is easily detected also in image d). Both RG#RINN algorithms found the
black spot as well, but they did not consider it as the rougae=a in the image. When
comparing the images, it is seen that not all clusters of lsreglons in the SDTOCS

image and in the SPM image match with the light gray levelhenRGM image and in

the PNN image.

The main difference between the SDTOCS and SPM algorithresisdo be in large
areas, which are more dependent on the merge phase, sineeathemost likely not so
much difference between the mean values of the large araashiere is with the small
areas. Unlike large regions, clusters of small regions sedme almost identical for both
of the algorithms.
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Figure 19: The profilometer data set.
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Figure 20: The OptiTopo data set.
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6.7.2 Comparison of correlations

In Table 13 in Appendix | are presented comparisons betwégreht experiments that
were presented earlier. From each table certain data setdlkan chosen to be compared.
All the significant differences are pointed out.

In the profilometer data it is shown that there is a differeheeveen the PNN based
method, the RGM and original regions. The correlation iieigor the PNN than for the
original regions and the same or lower for the RGM. The PNNdigsificantly higher
correlation than the RGM. Equivalent correlations36rx 30 grid, grid type tile are).94
for the PNN (3 resulting regions),69 for initial regions and).55 (20 — 41regions) and
0.70 (60 — 94 regions) for the RGM.

For the OptiTopo data the results are almost equal. Thetnegukgions formed by the
PNN have significantly higher correlation than the origiregions. It is even higher than
in the profilometer images for 5 and 10 resulting regions. R&M method has weaker
correlation values than the PNN and slightly better cotretethan the initial regions. The
equivalent correlations for th&) x 30 tile grid are0.97 for the PNN (3 resulting regions),
0.52 for initial regions, and0.57 (100 — 119 regions) and).63 (43 — 58 regions) for
the RGM. The regional correlation coefficients for the segted OptiTopo images were
higher or on the same level than for the segmented profilarmatges. The correlation in
the initial DTOCS images was weaker for the OptiTopo images for the profilometer
images.

In Figure 21 on the left are shown histogram plots of DTOCSamesg; formed by using
the 40 x 40 tile grid. The DTOCS roughness values are on one axis and tvengSa
roughness values on the other. All values are set intdbthe 50 2D histogram, and
they are presented in the 3D image. In other wordandy axes are divided intG0
categories, and each value falling in to a certain categwreases the histogram value
by one. It is seen as increase draxis, which represents the amount of values in one
category. The most distant single high values from both axesemoved to show the
dense areas clearly. On the right side there is a 2D repsamf scatter plots and a
regression line, having the sameandy axis as a 3D representations on the left side.
Images b) and d) show values after the PNN based algorithmmbeeged original regions
into 3 resulting regions. The corresponding correlatioefioients are).97 for PNN and
0.71 for the initial regions for the profilometer data set anél8 and0.50 for the initial
regions for the OptiTopo data set. These two images showdemsely or widely values
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are scattered along the plane. The values follow surpigeggurately the regression line
in images on the right. The hypothesis testing prove thedifice that is seen between
the left side images and the right side images. The prolybali them to have the same
correlation is less that. 1% for both OptiTopo and profilometer images.

Movsa - DTOCS, wavelengths=250 correlation = 0.971
T T T T

1.1

1'035 2 215 3 315 4
(a) Profilometer, initial stage (b) Profilometer, PNN, 3 resulting regions

Movsa - DTOCS, wavelengths=250 correlation = 0.9789
1.12 T T T T

1.11r

1.15 7 1.06}
1.1

1.05¢

' 0.5 . : ‘ ‘ ‘
DTOCS Sa L 06.8 0.9 1 1.1 1.2 1.3

(c) OptiTopo, initial stage (d) OptiTopo, PNN, 3 resulting regions

Figure 21: The comparison of the value range before and gifeePNN based segmenta-
tion.Regional DTOCS roughness is presenteglaxis and regional movin§, roughness
in z axis.
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7 Discussion

In the experiments it was shown by detailed examples, hoferéifit placing of seed
points results to different DTOCS roughness values. Howéve comparison of different
grid types did not produce significantly different resuttsthhe initial stage. If there are
enough equally distributed seed points, they represenihge surface well. In rough
surfaces there is a higher probability to place a seed paitat the extremely high or low
value and emphasize it than in flat surfaces. Increasingrtfueiat of seed points seemed
to improve the results. When there are more seed points,al@@ad values are higher, but
the difference between the highest and the lowest valuedses, and the neighborhoods
of seed points are less emphasized.

In the RGM method, there was no difference in correlatiopratie grid changes. How-
ever, in the example texture the segmentation results igmdisantly different. The grid
type change affects to the neighborhood list, and differegibns are merged. Regions to
be merged are chosen relatively well, and although diffiéydooking, the results are not
weaker in any of the grid types.

The threshold selection determines the amount of resulégopns in the RGM method.
In order to achieve acceptable results, there should begén@gions to avoid the loss of
important features. However, if there are too many regiangmage can not be consid-
ered fully segmented, and most probably there are regias fedt that could be merged
into one homogeneous region.

The PNN based method adapted to the grid changes bettert@d&®GM. When apply-
ing the PNN based method, achieved good results may sudgggshe roughness does
not show up differently in different areas of the image. Appd the spatial criteria for
merging DTOCS formed regions does not improve the resultssame of the searched
features may even be distorted.

The split and merge approach had disadvantages, which welieed during the exper-
iments. Achieving the optimal results is impossible, bseaof the complexity reasons,
but achieving reasonably good results requires also a lbuafan work in finding the

right thresholds. If thresholding is not optimal in the SDI® and SPM algorithms, the
large areas may be erroneously merged much easier than Hieaseas. In these algo-
rithms, small areas usually have the high mean values. Treaepts them from being
easily merged with other regions.
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8 Conclusions

In this work, cardboard samples were analyzed. There wersedtta sets, each contain-
ing 8 images. The material was base cardboard, and the neeasats were done with

two devices from the same test area. The images in the fitsséesvere profilometer

measurements and in the second test set OptiTopo measusemen

This work concentrated on forming meaningful areas withiraaalyzed image. An ap-
plied method to form the initial regions was the DTOCS algon. These regions were
further manipulated by the PNN based algorithm and anotgion merging algorithm.

Split and merge algorithms were also applied to the samflbs. split phase was done
either by the DTOCS algorithm or by simply recursively divig the image in each step
to 4 squares. The region merging algorithm was used for thgeghase.

Generally accepted method was used to compare and to ev#heaquality of the results.
Used methods were comparediproughness to find the linear correlation between them.
Correlations were analyzed by hypothesis testing. Diffesamples were set as pairs and
it was tested, if they had the same correlation. For theaptitmerge approach correlation
was not used for the estimation of the results, because thetteods were based on the
S, roughness map, and therefore had causal relationshipSyitbughness.

Correlation was found for almost all of the samples. Cotretawas generally higher
in DTOCS formed regions for the profilometer images than fptipo images. The
DTOCS algorithm produced the strongest correlations ferttiggest grid sizes. No cor-
relation was found between the statistical methods and @5 roughness calculation,
when the Gaussian filtering was not used. The result was a&cq) since it proves that
the DTOCS method measures only smaller scale roughnessharmarrelation withS,,
roughness is distorted, if waviness is not extracted froensiirface before thé&, rough-
ness calculation.

Good results were achieved in this work, when using the PN§édalgorithm in combi-
nation with the DTOCS method. The PNN based method seemetptove the correla-
tion in both data sets, when compared to the correlationibdiidd TOCS formed regions.
These results were better for OptiTopo data. Also for thdilpmeter images the results
were good. The PNN based method does not form large regiah®uwtithe initial re-
gions, which also define the minimum size for the regions. Objective to divide an
image into meaningful regions would not be met without th&ahzation that is done
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with the DTOCS algorithm.

The RGM algorithm produced mixed results. The strongesetation was achieved in
the middle size grids, unlike in the other experiments. #mss that the RGM is highly
dependent on the correct threshold selection. The resulis DptiTopo images had
higher correlation than the results from profilometer inmg&enerally, the correlation
for the RGM algorithm was lower than for the PNN.

It is likely, that the used split and merge algorithms detegh variations on a surface
relatively well. However, they may leave unrecognized naighe variation below the
threshold value. The RGM and PNN algorithms are able to iflaatso smaller scale
roughness to the separate regions, but they hide small eanapfeatures within the
regions, unlike split and merge algorithms.

The results of the RGM algorithm were too volatile, and gafterthe correlation was
not very strong. As being more complex algorithm than the PNi¢ not suggested as
such to be used for merging DTOCS formed regions. All the sagation algorithms
that included manually guided parameters should be fudbeeloped to automatize the
segmentation process. Usability of these algorithms inir@measurement is highly
dependent on the size of the analyzed area, the frequentye shéasurements and the
computing power of the used equipments. The results of th&lQgo, which is the only
possible measurement device in on-line mesurement, wetly pat in the satisfying
level. Further reasearch is needed to improve the accufdbhg ©@ptiTopo measurements.
The future work of the studied segmentation methods mayatostibjects that are based
on the PNN algorithms, since the PNN based method provideohtist promising results
in this work. Efficiency of the PNN based method can be furdtadied by using code
vectors, which contain multiple values. Detection of rongés according to the test sam-
ples that have been used to train the implemented systemecatublied. These topics
may be the steps on the way to the on-line roughness measutrsgstem, which is the
ultimate objective of the research project.
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Appendix |

Table 6: The comparison of the correlation in the statistisethods and DTOCS rough-
ness in Table 2.

| 2 | 3 ] 4 | 5 | 6

Profilometer

1. Moving S, | 0.366 | 0.000 | 0.000 | 0.000 | 0.000
2. Gauss. only 0.000 | 0.000 | 0.000 | 0.000
3. Gauss. off 0.000 | 0.000 | 0.000
OptiTopo

4. Moving S, 0.456 | 0.000
5. Gauss. only 0.000
6. Gauss. off

Table 7: The comparison of the correlation in different gyides in Table 4.

| 2 | 3 [ 4 | 5 ] 6 | 7 ] 8

Profilometer

1. Net 0.838 | 0.013 | 0.534 | 0.000 | 0.000 | 0.000 | 0.000
2. Tile 0.023 | 0.412 | 0.000 | 0.000 | 0.000 | 0.000
3. Hex 0.003 | 0.000 | 0.000 | 0.000 | 0.000
4. Tile, shift 0.000 | 0.000 | 0.000 | 0.000
OptiTopo

5. Net 0.900 | 0.929 | 0.706
6. Tile 0.836 | 0.615
7. Hex 0.791
8. Tile, shift




Table 8: The comparison of the correlation in different grizes, in Table 3.

| 2 [ 3 ] 4 | 5 | 6 | 7 ] 8 [ 9 | 10

Profilometer

1.40 x 40 | 0.003 | 0.000 | 0.001 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000
2.30 x 30 0.066 | 0.030 | 0.001 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000
3.20 x 20 0.285 | 0.007 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000
4.10 x 10 0.054 | 0.000 | 0.000 | 0.000 | 0.000 | 0.003
5.5x5 0.394 | 0.614 | 0.486 | 0.356 | 0.358
OptiTopo

6.40 x 40 0.100 | 0.607 | 0.737 | 0.656
7.30 x 30 0.497 | 0.331 | 0.441
8.20 x 20 0.575 | 0.569
9.10 x 10 0.802
10.5 x5

Table 9: The comparison of the correlation in different giyges in the PNN based
method, in Table 17.

| 2 | 3 | 4 | 5 | 6
Profilometer
1. Net | 0.903 | 0.384 | 0.180 | 0.141 | 0.153
2. Tile 0.321 | 0.222 | 0.177 | 0.191
3. Hex 0.027 | 0.019 | 0.021
OptiTopo
4. Net 0.897 | 0.931
5. Tile 0.966
6. Hex

Table 10: The comparison of the correlation in different amtoof resulting regions in
the PNN based method, in Table 16.

O3 | P5 | P10 O5 | O10
Profilometer, 3 regions| 0.177 | 0.154 | 0.088 | 0.386 | 0.652

Optitopo 3, regions 0.003 | 0.001 | 0.511 | 0.215
Profilometer, 5 regions 0.882 | 0.007 | 0.012
Profilometer, 10 regions 0.001 | 0.001
OptiTopo, 5 regions 0.529

OptiTopo, 10 regions




Table 11: The comparison of the correlation in differendgsizes in the PNN based
method (3 resulting regions), in Table 5.

O 30230 | P 40240 | P 20220 | O 40240 | O 20220
Profilometer 30x3Q 0.177 0.220 0.283 0.081 0.653
OptiTopo 30x30 0.902 0.015 0.690 0.368
Profilometer 40x4Q 0.021 0.602 0.438
Profilometer 20x20 0.005 0.128
OptiTopo 40x40 0.194

Table 12: The comparison of different grid sizes in the RGlbathm, in Table 19.

2 [ 31 4] 5 [6 [ 7 ]38

Profilometer

1.20 x 20, Th.0.075 | 0.002 | 0.492 | 0.000 | 0.113 | 0.000 | 0.835 | 0.307
2.20 x 20, Th.0.05 0.023 | 0.294 | 0.847 | 0.145 | 0.190 | 0.253
3.15 x 15, Th. 0.05 0.001 | 0.261 | 0.001 | 0.868 | 0.629
4.15 x 15, Th.0.025 0.489 | 0.482 | 0.084 | 0.077
5.10 x 10, Th. 0.05 0.300 | 0.349 | 0.530
6. 10 x 10, Th.0.025 0.049 | 0.042
7.5 x5, Th.0.025 0.641

Profilometer

1.20 x 20, Th.0.075 | 0.134 | 0.034 | 0.020 | 0.191 | 0.001 | 0.001 | 0.316
2.20 x 20, Th.0.05 0.178 | 0.098 | 0.373 | 0.007 | 0.263 | 0.663 | 0.406
3.15 x 15, Th.0.05 0.428 | 0.234 | 0.134 | 0.682 | 0.005 | 0.012 | 0.589
4.15 x 15, Th.0.025 | 0.026 | 0.003 | 0.051 | 0.000 | 0.677 | 0.619 | 0.178
5.10 x 10, Th.0.05 0.552 | 0.589 | 0.796 | 0.321 | 0.385 | 0.676 | 0.634
6.10 x 10, Th.0.025 | 0.016 | 0.005 | 0.033 | 0.000 | 0.848 | 0.304 | 0.101
7.5 x5, Th.0.025 0.544 | 0.463 | 0.351 | 0.713 | 0.071 | 0.139 | 0.602
8.5 x5, Th.0.01 0.891 | 0.772 | 0.556 | 0.794 | 0.073 | 0.168 | 0.913
OptiTopo

9. 20 x 20, Th.0.025 0.850 | 0.553 | 0.555 | 0.040 | 0.102 | 0.996
10.20 x 20, Th. 0.01 0.558 | 0.223 | 0.021 | 0.049 | 0.916
11.15 x 15, Th.0.01 0.117 | 0.080 | 0.213 | 0.714
12.15 x 15, Th. 0.005 0.003 | 0.004 | 0.724
13.10 x 10, Th. 0.01 0.458 | 0.147
14.10 x 10, Th. 0.005 0.297

15.5 x 5, Th. 0.005




Table 13: The comparison of different experiments. Eachevaépresents the probability
of a pair of correlations (a row and a column) to have the saoneiation.

1. 2. 3. 4. 5. 6.
Profilometer T17:2| T16:1| T16:2| T19:3 | T 194
1. DTOCS,30 x 30, tile,
Table 4:2 0.000 | 0.003 | 0.000 | 0.001 0.458
2. PNN,30 x 30, tile,
3 regions, Table 17:2 0.154 | 0.088 | 0.000 0.000
3. PNN,30 x 30, tile,
5 regions, Table 16:2 0.882 | 0.000 0.006
4. PNN,30 x 30, tile,
10 regions, Table 16:3 0.000 0.000
5. RGM,15 x 15, tile,
th. 0.05, Table 19:3 0.001
7. 8. 9. 10. 11. 12.
Profilometer T3:2|T175|T16:3| T16:4| T19:11| T 19:12
1. DTOCS,30 x 30, tile,
Table 4:2 0.000 | 0.000 | 0.000 | 0.000 | 0.064 0.000

2. PNN,30 x 30, tile,
3 regions, Table 17:2| 0.000 | 0.177 | 0.386 | 0.652 | 0.000 0.000
3. PNN,30 x 30, tile,
5 regions, Table 16:2| 0.000 | 0.003 | 0.007 | 0.012 | 0.001 0.000
4. PNN,30 x 30, tile,
10 regions, Table 16:30.000 | 0.001 | 0.001 | 0.001 | 0.000 0.000
5. RGM,15 x 15, tile,
th. 0.05, Table 19:3 | 0.455 | 0.000 | 0.000 | 0.000 | 0.134 0.682
6. RGM,15 x 15, tile,
th. 0.025, Table 19:4 | 0.000 | 0.000 | 0.000 | 0.000 | 0.051 0.000

OptiTopo
7. DTOCS,30 x 30, tile
Table 4:7 0.000 | 0.000 | 0.000 | 0.001 0.023
8. PNN,30 x 30, tile,
3 regions, Table 17:5 0.511 | 0.215 | 0.000 0.000
9. PNN,30 x 30, tile,
5 regions, Table 16:5 0.529 | 0.000 0.000
10. PNN,30 x 30, tile,
10 regions, Table 16:6 0.000 0.000
11. RGM,15 x 15, tile,
th. 0.01, Table 19:11 0.117

12. RGM,15 x 15, tile
th. 0.005, Table 19:12




Appendix Il

Table 14: The correlation coefficients of the grid type conygum for the cardboard data
sets, Figure 13.

Corr. | Conf. Conf. Seed Distance
interval, | interval, | points between
lower upper seedpoints,

Profilometer, wavelengt®s0 pum
Net41 x 41 | 0.987 0.93 1.00 1600 120 pm
Tile 41 x 41 | 0.990 0.94 1.00 1580 | 120 — 240 pum
Hex41 x 41 | 0.974 0.86 1.00 1192 | 120 — 240 pum
OptiTopo,wavelengtB50 um
Net41 x 41 | 0.580 | —0.21 0.91 1681 117 pm
Tile41 x 41 | 0.574 | —0.22 0.91 1661 | 117 — 234 um
Hex41l x 41 | 0.603 | —0.18 0.92 1242 | 117 — 234 uym

Table 15: The correlation coefficients of the grid size congaa for the cardboard data
sets, Figure 14.

Corr. | Conf. Conf. Seed | Distance
interval, | interval, | points between
lower upper seedpoints,
Profilometer, wavelengt®s0 um
30 x 30 | 0.963 0.81 0.99 900 160 um
20 x 20 | 0.960 0.79 0.99 400 240 um
10 x 10 | 0.949 0.74 0.99 200 480 pum
5x5 | 0.874 0.44 0.98 100 950 um
OptiTopo, wavelengtR50 um
30 x 30 | 0.762 0.12 0.95 900 161 pum
20 x 20 | 0.693 —0.02 0.94 400 234 um
10 x 10 | 0.625 —0.14 0.92 200 476 pm
5x5 |0.147 | —0.62 0.77 100 952 um




Table 16: The correlation coefficients between differenbant of resulting regions (3 -
10) of PNN and regional moving§, roughness ir30 x 30 tile grid for the cardboard data
sets.

Grid, Corr. Conf. Conf. Seed Distance
interval, | interval, | points between
lower upper seedpoints,
rofilometer, wavelengths0 um
3regions | 0.9392 | 0.8626 0.9737 885 | 160 — 320 um
5regions | 0.8720 | 0.7695 0.9307 885 | 160 — 320 um
10 regions| 0.8647 | 0.7962 0.9113 885 | 160 — 320 um
ptiTopo, wavelengtB50 um
3regions | 0.9731 | 0.9379 0.9885 841 | 161 — 322 um
5regions | 0.9617 | 0.9282 0.9797 841 | 161 — 322 um
10 regions| 0.9510 | 0.9244 0.9684 841 | 161 — 322 um

o U MO wN KT

Table 17: The correlation coefficients between differemtl gypes in PNN (3 resulting
regions)and regional movingj, roughness ir30 x 30 grid for the cardboard data sets.

Grid, | Corr. Conf. | Conf. | Seed Distance

interval, | interval, | points between
lower upper seedpoints,
Profilometer, wavelengt®s0 um
Net | 0.9346 0.8528 | 0.9717 | 900 160 pum

Tile | 0.9392 0.8626 | 0.9737 | 885 | 160 — 320 um
Hex | 0.8906 0.7604 | 0.9520 | 660 | 160 — 320 um
ptiTopo, wavelengt50 um
Net | 0.9709 0.9328 | 0.9875 | 841 161 um

Tile | 0.9731 0.9379 | 0.9885 | 841 | 161 — 322 um
Hex | 0.9724 0.9362 | 0.9882 | 663 | 161 — 322 um
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Table 18: The correlation coefficients between grid typeganson in RGM and regional
moving S, roughness iri5 x 15 grid for the cardboard data sets.

Type| Corr. | Conf. | Conf. Dist. Samples, | Regions,
int. int. seed total final
low high | points, um

rofilometer, wavelengt®s0 pm, threshold 0.05
Tile | 0.5522 | 0.4535 | 0.6375 | 150 — 300 222 20 — 40
Net | 0.5773 | 0.4745 | 0.6646 150 192 16 — 32
Hex | 0.5351 | 0.4086 | 0.6414 | 150 — 300 147 4—24

ptiTopo, wavelengtB50 pm, threshold 0.01
Tile | 0.6338 | 0.5712 | 0.6891 | 146 — 292 399 42 — 55
Net | 0.6672 | 0.6093 | 0.7180 146 404 43 — 58
Hex | 0.6299 | 0.5522 | 0.6967 | 146 — 292 271 26 — 42
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Table 19: The correlation coefficients between grid sizegamson in RGM and regional
moving S, roughness in tile grid for the cardboard data sets.

Grid, | Corr. | Conf. | Conf. Dist. Samples, | Th. | Regions,
250um int. int. seed total final
low high | points, um
Profilometer, wavelengt®s0 um

1 | 20x20 | 0.5061 | 0.4067 | 0.5936 | 110 — 220 246 0.075 | 22-40
2 | 20x20 | 0.6692 | 0.6146 | 0.7174 | 110 — 220 448 0.06 | 41-81
3 | 15x15 | 0.5522 | 0.4535 | 0.6375 | 150 — 300 222 0.05 21 —-41
4 | 15x15 | 0.7043 | 0.6603 | 0.7434 | 150 — 300 270 0.025 | 60—94
5 | 10x10 | 0.6545 | 0.4887 | 0.7748 | 230 — 460 65 0.05 6 —15
6 | 10x10 | 0.7325 | 0.6607 | 0.7910 | 230 — 460 199 0.025 | 22-—-41
7 5x5 | 0.5321 | 0.2758 | 0.7177 | 450 — 900 43 0.025| 3-12
8 5x5 | 0.5920 | 0.4469 | 0.7068 | 450 — 900 99 0.01 7—19

OptiTopo, wavelengtR50 um
9 | 20x20 | 0.6028 | 0.5110 | 0.6809 | 110 — 220 219 0.025 | 23 —-36
10| 20x20 | 0.6119 | 0.5674 | 0.6528 | 110 — 220 828 0.01 | 96 — 123
11| 15x15 | 0.6338 | 0.5712 | 0.6891 | 146 — 292 399 0.01 43 — 58
12| 15x15 | 0.5734 | 0.5267 | 0.6166 | 146 — 292 860 0.005 | 100 — 119
13| 10x10 | 0.7228 | 0.6390 | 0.7896 | 227 — 454 159 0.01 17—-23
14| 10x10 | 0.6864 | 0.6245 | 0.7398 | 227 — 454 327 0.005 | 34 —45
15 5x5 0.6033 | 0.4246 | 0.7368 | 447 — 894 67 0.005 6—11




