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Abstract

Ji, Zhou. MS. The University of Memphis. August, 2000. Quantitative
Analysis of Biofilm Images Using Fractal Dimensions. Majerofessor: Giri

Narasimhan, Ph.D.

As one of the important ways to quantify biofilm images, fradadensions
of pixel-based images are studied. Several algorithms and riy@gmentations are
discussed in detail through the introduction of software BIP. An imagergier
called KochGen is developed to make standard fractal imagbskwiwn fractal
dimensions. It can generate diverse images in TIFF or BMPatorflarge set of
such standard images is generated to test fractal dimensitysisrend used to

evaluate the 11 algorithms implemented in BIP.



Table of Contents

I [ 01 (o o [8 T 1o o PO 1
1.1 BIOfiIM r@SEAICH ... 1
1.2 Fractal and fractal dimenSION ...........cooiiiiiiiiiiiiii e 3
1.3 Demonstration Of JUIE SEtS.........uuuuiiiiii s 5

2. Fractal Dimensions of Pixel Image and Biofilm Image Processing...........cccccceeeeenn... 7
2.1 Fractal dimensions of PiXel IMAJE ........coooeiiiiiiiiii e 7
2.2 BIP and its algorithmsS .......c.oooi e 8

3. Generating Images with Known Fractal DImenSion ..............uuuveiiiiiiniineeeeeeeeeeeeeeeianns 17
3.1 Purpose of generating standard IMagES ..........uuuuiiiiieiiee et 17
3.2 Fractal generator KOCNGEN .........ouiiiiiiiiiiiii et 17
3.3 Discussion of IMPlemMENtation ..............uuuiiiiieiie e 21

4. Computational EXPeriMENTS. ......ccoiii it e e e 23
4.1 Experiments on biofilm IMagES........coo i 23
4.2 Experiments on generated IMAgES . ......uuuuu i eeeeeeeeeeeeeeiiiiiiieaa e e e e e e e e e eeeeeeeenens 23

5. Simulation of Biofilm Growth.............ooooii e 36

@0 g Tod [0 1] (0] o PP PP 39

VYo ] O] (=] IR 41



1. Introduction

1.1 Biofilm Research

In most natural, clinical and industrial settings, bacteria oftew gttached to
surfaces in communities; this form of growth is known as biofilofiBn-associated
organisms are able to adapt to environmental changes by altivéig gene
expression and general performance, of which increased nesigtaantibiotics is an
example (Costerton et al. 1999). One of the ways microbial comnuuatigist to
environmental change is by changing the structural organizafiotie biofilm.
However, the underlying mechanisms behind initiation of biofilm foromatnd
development of structural organization are only just beginning to be observe
(Costerton et al. 1999).

Biofilms occur in a large variety of physical situations - fte an aquatic
environment. These occurrences are very important. Biofilms eantdéean increase
in friction and heat transfer resistance. They can causeiahateterioration through
microbial corrosion, and they can contaminate artificial organscatiteters. They
are also an important factor to be dealt with in wastewatatnrent. The side and
bottom of most water navigation vessels are covered by biofderstal plaque is yet
another example of biofilms. The understanding of biofilm therefoae isbject of a
large and increasing amount of research activity, both in the &riiological
experiments and in the form of numerical modeling (Wimpenny 1991or€anu
1998) and analysis.

One aspect of this research has focused on the structurmfiiins. An

important goal of either experimentation or modeling is to find whiat factors



influence the structure of biofilms and how. Some believe that thghualogy or
structure of biofilms is mainly connected to the transport of nusrienthe surface of
the biofilm as well as to the interior of the colonies on theilmofAn alternative
view is that some kind of inter-cellular communication takes pillaaecontrols the
structure of the biofilm. (Meyer 1999). Quantitative description ofiloio$tructure
thus becomes the fundamental problem (Lewandowski et al. 1999, Yan@@d@).
Various attempts of analyses include computing parameters sudhickness,
roughness, density, specific surface area, mean pore radius, ltexttiopy, area
porosity, fractal dimension and maximum diffusion distance. The dastvariables
were shown to reach steady state as the biofilm thicknesberkasteady state
(Lewandowski et al 1999).

Fractal dimension is the topic of this thesis. The objects aathlyrere
thousands of biofilm images taken by Arne Heydorn and Sgren Molin &athish
Technical University. Four strains of a
bacterium known asPseudomonas
aeruginosawere analyzed. Each strain
was grown in two separate channels and
from each channel, images were
acquired at different time points (24h,
48h, 96h, 168h, 240h after inoculation).
Fig. 1 shows a typical image. The goal
of this thesis is to study and establish

Figure 1. Photograph of Biofilm

any possible relationship between the



fractal dimension of images and the strains of bacteria and oxperirmental
parameters. Also, because of the large number of images, ipatant to automate

the quantification and analysis.

1.2 Fractal and fractal dimension

The concept of &actal was developed by the Franco-Polish mathematician
Benoit B. Mandelbrot. He used the term to refer to structurescthatd not be
described by the usual geometric shapes such as lines, surface, or solids.

Around 1983, a research group in dynamical systems was founded arBrem
University. In 1984, results from their own computer graphicsriboy were made
public and caused a great sensation — what they exhibited werdéfudeaatored
computer graphics reminiscent of artistic paintings. Since these tireages of
fractals have appeared almost everywhere. It led to a paradignge from the
scientific viewpoint and resulted in a new theory, the so-called dhaosy, which
has shattered the scientific worldview. New techniques are ciwatige traditional
methods of work of mathematics and led to the field of experamhemathematics
(Becker et al. 1989).

One example of a fractal image is that of the famous Koch snowflakei¢gsee F
2). While the curve may seem ragged, it is of interest. Thé lKKnowflake is neither
a line nor a surface. If you consider the Koch snowflake after amtenhumber of
iterations, unlike say a circle, its length cannot be determinedmbhe we magnify
— that is, the more closely we look, the longer the boundary becamathier words,
it is infinitely long and has zero width. Two closely relatedbparties are

characteristics of all fractals: 1) self-similaritiiat is, in each tiny piece we observe



the form of the entire shape; 2) irregularity, that is, tle@eeno smooth boundaries —
lengths or areas cannot be determined. Once this concept had beentalrthe
attention of researchers, they sought many examples of itunendthe coastline of
an island is a fractal. It is possible to read off the legth coastline from a map
with a given scale. But if we used a map with a differentesd¢aht can change the
result. The smaller the scale of the map, the longer the ogasdems to be. By the
same principle, many natural boundaries are fractal. The consequénthis
discovery for biology was explained previously (Becker et al. 1989).

The line is a 1-dimensinal structure and a surface is a 2adiorel structure.
To quantify the complexity of a fractal, the concepfrattal dimension (FD) was
introduced. The FD is defined so that FD of a line is always ltfatdof a plane
surface is always 2. The FD of a fractal curve is soraemember between 1 and 2.
Similarly a fractal surface has fractal dimension betw2eand 3. If we plot the
measured length of a fractal curve versus its stride lengtbn a log-log scale, it can
be observed that the slope is constant. This is true for a vafidiprders, both
natural and man-made (e.g. coastline) (Russ 1992). Such a plded Radhardson
plot. If the slope of this plot is denoted by the fractal dimensional can be defined
asD = 1-m. To understand it more precisely, we consider the Koch curve, which is
generated by the recursive relation shown in Fig. 2. The Koch @utlie result after
an infinite number of iterations (the first few steps are shiowiig. 2(b)). In each
step of the recursion, the middle third of each line segment iseonaind replaced by
two segments forming a tent-like angle (Peitgen et al. 1998adh iteration a line

segment is actually divided infd = 4 equal pieces, each scaled down by a factor



s =1/3. The formula of fractal dimension beconies logN / log(1/s) = log 4/log3 =

1.26186.
(a) Iteration relation
AN
AN
Y
s W,
s \‘\
A N,
A 1Y
£ ,
s Y
4 Ay
step O step 1 step2 step 3 step 4

(b) Steps to generate a Koch Snowflake
Figure 2 Generation of Koch curve

In generalN andr could be numbers other than 4 and 3. More generally, FD
can be defined for recursively generated curves a$/itag(1/s), wheres is the size
of the smallest unit in the definition amdis the number of the smallest units. The
above formula provides as a way of generating images with gigetaff dimension
as discussed in section 4. The algorithms to calculate FDXel-lpased images are

also based on the same general formula.

1.3 Demonstration of Julia Sets

A program is developed in Java to visually demonstrate the jpagerties of
fractals, such as self-similarity and irregularity. Wie Julia Sets to illustrate it. The
iterative function implemented currently is of the fornf(@f = Z + (c; +i ¢,), where
zis the complex number corresponding to a point on the complex planasiéxtéo
other functions is straightforward. The coefficieatsandc, can be set from the user
interface to generate various patterns. The size (in pixetkeatesulting image, and

the coordinate range can also be set.



Color map is set through three coefficients, each controlling otleedRGB
components. The red component changes periodically from 0 to 255 when depth
changes an interval that is 64 divided by the first coefficlétite coefficient is zero,
red component is fully included (255). The other two coefficients wionkasly on
green and blue components. The depth at each pamtdefined as the level of
recursion for the iterative functidiz) to reach the value 100. If it is larger than 64,
black color is always used. It works very well to generateutiell combination of
colors. As pointed out by Becker et al (1989), Julia sets and oth@utengenerated
fractals are interesting both for research and for their aestppial

The mouse can be used to magnify a selected part of the dispymage
scale can be reduced to one millionth of the starting scale, sthilshowing similar
structures. Fig. 3(a) is the display with default initigtisgs. Fig. 3(b) is a display

with a different color map and a much smaller scale.

(a) Default initial setting (b) A much smaller scale
Figure 3. Demonstration of Julia Sets



2. Fractal Dimension of Pixel Image and Biofilm Ima  ge
Processing

From the geometric point of view, the fractal dimension of a curva or
surface can be used as measure of its “roughness”. Consequemthkes sense to
study biofilms using this measure. For some applications, it lpeagufficient to
determine an approximate value of FD by visually comparingahghness of a real
object with that of generated objects having known fractal dimendRuss(1992).
However, determination of the dimension using a Richardson-type plotois
precise and desirable since it also provides confirmation ofelhsimiilarity of the

object’s outline, established by the linearity of the plot.

2.1 Fractal dimensions of pixel images

For a pixel-based image, some distinct problems arise in detagnihe
fractal dimension. Firstly, objects or features (such as the bogndeed to be
detected from the image — and the algorithms and parametersoudedst would
affect the result in one way or the other. Secondly, a pixttleidower limit of the
scale in which the image is considered. While a true fractplies an infinitely
recursive structure, the slope of the Richardson plot for real slgeatd be different
in a different range of scale. The pixel image only makes al sange of the plot
available. Thirdly, the boundary must be considered either as a semqfepigels or
as boundaries between groups of pixels. The former involves choiceocohn@ctivity
or 4-connectivity. In other words, pixels that share only one corner vertex mayor m

not be considered adjacent. The latter, i.e., boundary between pixgtsses to the



original boundary in the sense of no width. However, most algorithrasthes

sequence of pixels as the description of the boundary.

2.2 BIP and its algorithms

A software packageBiofilm Image Processing (BIP) was developed to
compute fractal dimension of biofilm images. Of course it can bd aseimages
from other areas too when fractal dimension is of interest. \BiiRe is not an
individual work of this authdr it is the basic tool used in the analyses presented in
this thesis.

There are no accepted definitions or algorithms for computing FDguagh
many have been proposed in the literature. BIP implements Etetiffalgorithms to
calculate fractal dimension from pixel-based images. Nine aof there mainly based
on those discussed and implemented by Warfel ([10]). While Warfel’
implementations are in the form of macros of a popular imageegsony software
NIH Image, BIP is a standalone software written in Visual At is noteworthy that
for computing FD, the specific implementations of an algorithenless significant,
and not likely to be exactly that same in any two. The last two algoritrenreesv and
were designed by BIP’s major contributor, Qichang Li.

The processing in BIP includes two stages:

1) Preprocessing (shown in Fig. 4):

(a) make the original grayscale or color image a binary image,;

(b) delete small objects from the image,;

! The major developer of BIP is Qichang Li, anotsierdent advised by Dr. Giri Narasimhan. Zhou Ji
is honorably listed as the second author.



(c) fill small holes;
(d) find the one-pixel border of the connected objects (the bacterial

colonies in this image).

(c) Small holes filled from (b) (d) One-pixel borders found fom (c)
Figure 4. Preprocessing Stage

2) Calculating fractal dimension (with one of the eleven FD algorithms):
(e) calculate two variables iteratively;

(f) plot on log-log scale;
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(g) calculate slope by least square regression;
(h) determine fractal dimension.

Before applying a FD algorithm, the actual pictures of biofillen®
preprocessed with the four necessary steps (a) through (d), asseédsdonsthe
previous section: Steps (b) and (c) are applied to eliminatesntbigeare unlikely to
represent inherent geometric properties of the shapes in the pictures.

After preprocessing, one of the eleven algorithms can be usecttbatalthe
fractal dimension of the image. Individual objects (bacteria colomee image are
not considered separately because it is assumed that the diiantalsion is related
with the global condition of the whole picture. The algorithms areafterebriefly
explained.

1) Dilation Method

This method is also popularly known as the Minkowski Sausage Method. It
“dilates” the one-pixel outline of the objects iteratively. Faxeith neighbor(s) on
the boundary are added to the boundary area in each step. The logaitiioe ahe
dilation count (iteration steps) is plotted against the logarithimefresulting area
(count of pixels) divided by twice the dilation count. For fraatages, the plot is a
linear relation. The slopen is calculated by least square regression. The fractal
dimensionD is calculated using the formula =1 —m. We presented a general
description of the algorithm; there could be differences in spaaifitementation.
For example, the dilation used by Warfel is based on the neighboofralee pixel.
In other words, as long as a pixel has one neighbor in the boundarit &@eaded in

the next step. BIP on the other hand only adds pixel with neighbayoadlicate
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directions, resulting from the method of choosing neighbor in ciace default
radius 1.

The red area in Fig. 5 is the resulting area of the outline showigi 4(d)
after several steps of dilation. BIP also has an animation optjlenmented to show

the algorithm as it iterates.

Figure 5. Dilated outline Figure 6. EDM of the outline

2) EDM (Euclidean Distance Mapping) Method
This method is an improvement over the dilation technique in that it avoids

some effects of different neighbor rules and the directional Imlsrent in the
dilation technique. The algorithm sums the Euclidean Distance Mapgl)(Bf the
object and its inverse. For increasing grayscale levelsethdting thresholded areas
are then plotted on a log-log scale. The fractal dimensionaslatéd from the slope
m using the formuld = 2-m. The EDM of the inverse of the object describes the
inside distance to the outline. So the local brightness of the sageins actually
defined by the distance to the outline from both outside and inside6 kgythe

displayed EDM of Fig 4(d) in BIP.
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3) Box-counting method

This algorithm counts the number of boxes of an increasing sizeatbat
needed to cover the one-pixel object boundary. The box size and the rairhbres
necessary to cover the boundary are then plotted on a log-log pldherichctal
dimension is determined from the slopeasD = - m. Fig. 7 shows the boxes

covering the boundary.

Figure 7. Box-counting method Figure 8. Parallel-lines method
4) Fast Method

This involves obtaining the coordinates of centers of all the pixelthen
particular boundary in a consecutive list and calculating the trang distance
between pairs of consecutive points with increasing number of inteouals. The
fractal dimension is calculated from the slopef the log of interval length versus
the log of the perimeter of the resulting polygbre= 1 -m.
5) Fast (Hybrid) Method

This method obtains the coordinates of all the points on the particle drgund

in a consecutive list and calculates the straight-line distaeteebn pairs of
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coordinates with increasing interval distance. The differermoa the previous one is
to increase interval distance instead of the number of intervalspdddth this

method and the Fast method seem very close to the original idea Rfchardson’s
plot.

6) Parallel-Lines Method

The method uses parallel lines drawn horizontally over the image a
increasing lengths of separation. The intersections of firese and the outlines of
objects are used to draw polygons. The log of the separation legigtken parallel
lines and the log of the polygon perimeter are plotted to determin®bjeets
boundary fractal aB = 1 -m, wherem is the slope. Fig. 8 is the display in BIP using
the Parallel-lines Method.

7) Cumulative-Intersection Method

This method and the next two are different from the previous onesvilVe
refer to them as the area-based methods. The subject of thehahgors the area
instead of the boundary of the shapes. In the case of biofilm imagesillvconsider
the fractal dimension of the outline of the bacteria colonies. Solbjleet mentioned
in the three area-based algorithms is the one-pixel outlinenebt&iom the original
image.

The Cumulative-Intersection method involves placing a circle cehteréhe
centroid of the object with a radiusofThe number of object pixels (border pixel for
the biofilm image) is then counted. The radius is increased anddbesprrepeated
until r is equal to the radius of gyration (calculated using area ascphynass). The

regression routine uses a value of 1 instead of zero when noipbeetect the circle
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to avoid errors with the natural log
function, since this is very likely the case
when a small radius is used on a near
circular border. The fractal dimension is
calculated from the slopm of the log-
log plot of r versus the resulting number

of cumulative intersecting pixels, using

the formulaD = m. Fig. 9 is the
Figure 9. Cumulative-Intersection method

screenshot from BIP using this method.
8) Mass Radius (Long) Method

This method places circles of radiusentered on all points within the object
or the object’s radius of gyration. The average of the objeat avéhin each of these
circles is denoted (r). The value of is increased and the process repeated. The
slope of the log-log plot d¥A(r) versus is the mass fractal dimension. Fig. 10 is the
display of this method in progress.
9) Mass Radius (Short) Method

This method places circles of radius r centered on a user-defumeder of
random points within the object or the object’s radius of gyrationfférdifrom the
previous one only in that not all the points are considered to improve the
performance. The slopa of the log-log plot of the average object areas within each
of these circles versus radiuss the fractal dimension. Fig. 11 is the display in BIP

with the default parameter. The similarity with the Fig. 10 suggimt the results

from the two methods be close to each other.



15

Figure 10. Mass Radius (long) method Figure 11. Mass Radius (short) method
10) Corner (Count) Method

A corner is defined as the first point that is farther thanvangheight in the
perpendicular direction from the segment connecting a referencegmund point
following in the consecutive point list on the outline. The corner igl e the
reference point to find the next corner. If the slope of thedggplot of the number
of corners versus the corner heightnighe fractal dimension is calculatedixs -m.
11) Corner (Perimeter) Method

Using the above definition of corner, the perimeter can be edéclias the
sum of the distance between consecutive corner points. Plot the |pptogf this
perimeter versus corner height. The fractal dimension is obtaiogdthe slopem
using the formul® = 1-m.

Besides the algorithms described above, BIP has additional fetdunsprove

the flexibility and efficiency of determining fractal dimensifmom pixel-based

images. Included among them are:
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1) Parameter setting: While default parameters are providedcariseset many
control parameters, like the threshold used to binarize, the sizmadf gbject or
small hole to be removed. Corresponding parameters for a spegdidtain show up
when that algorithm is chosen.

2) Project mode: The user can choose to process individual image wi
manually set parameter or to batch process a large quantihagés automatically,
which is important when literally tens of thousands of images need to be analyzed.

3) Display of plot: The log-log plot is displayed with the reswgjtifractal
dimension. The deviation from linear relation or linear relationr @extain scale
range can be seen visually.

BIP accepts TIFF or BMP as input image file format. As noaed earlier, the

computation process of different algorithms can be shown with animation.
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3. Generating of Images with Known Fractal Dimensio  n

3.1 Purpose of generating standard images

With BIP or with other tools, it is possible to calculate fmaatimensions
from pixel-based images and use the result to establish relativvedre the
calculated fractal dimension and other variables in question, aibagtrains, time,
or nutrient concentration in the case of biofilms. But whether kdparithm or the
implementation captures the properties of fractals or not, and whétheriginal
images are fractals, are questions that remain unanswered.

One way to test any existing or new methods to compute FDuset@ixel-
based images generated using fixed and simple recursive rulestlakeiown fractal
dimensions. For this purpose, a piece of software is developed tagemeages of
shapes with required FD. It is named KochGen because the sirepeased on the
classic fractal Koch curve. It is designed to be able to genémnages with enough
variety so that properties other than the fractal dimension wilkfiect the testing
result. In spite of the limitations of image resolution, the sisgoelld have known
fractal dimension over any scale range. In the other wordsstimyd be fractal in
the strict sense of the term. It is also desirable thafj¢herated image be, to some

extent, similar to the real image analyzed.

3.2 Fractal generator KochGen
The shapes in the images are generated by KochGen wiifsire relation as

described in Section 1.2 and Fig. 2. In order to achieve diversity, itdesogeveral
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options to choose. To generate closed fractal boundary, regular polygarsedras

the starting shape, which we will set as the initial polygdhe number of sides in
the initial polygon can be set by the user. Theoretically anybeumbove 3 can be
used. Since the length of a side become very small if the nustwer large, we used
a triangle, a square, a pentagon and a hexagon. The curotwvatows number of
sides from 3 to 10. Figs. 12(a) and (b) are generated from aa tningle and an

initial pentagon, respectively, both with the fractal dimension 1.26186.

(@) Initial number of sides = 3 (b) Initial number of sides =5
Figure 12. Snowflake, FD=1.26186

Another important choice is between the snowflake shape shown and the so
called random Koch curve. The former is generated by always makiag
replacement with the tent-like angle be outside of the polygon. Tiee taves the
angle 50% probability to be on the other side the original segmengéR et al.
1992). Fig. 13 is a corresponding random Koch curve of Figure 12(a), whah is
general snowflake, both starting with an initial triangle and having same FD

KochGen also supports generating a group of fractals in the imstgad of a

single shape. The individual object in the group has a random size phated at



Figure 13. Random curve, FD=1.26186,
with initial number of sides = 3
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random positions in the image. In the
image with a default size of 500x500
pixels, the size of an individual object
(defined as the radius of the
circumscribed circle of the initial

polygon) is between 0 and 100. A size
of 100 was used when a single object
was generated. The number of objects

within the image is randomly chosen

between 0 and 20. Both choices are

selected with uniform probability. In the current version, the ing@lgons in the

group have the same number of edges. Fig. 14(a) shows an imagetalf group

(snowflakes based on initial square with fractal dimension 1.26186Y1&ig) shows

a group of random curves (same initial polygon and fractal dimensibiga$4(a)).

It looks rather like a binarized biofilm image, as shown in Fig. 4(a).

(a) Snowflake

(b) Random curve

Figure 14. Group of shapes, FD=1.26186, initial number of sides = 4
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The most important parameter, the fractal dimension, is set thrthey
scaling factors, which is defined as the ratio of the new segment to the origieal
In the standard example shown in Figure 2&b)s 1/3. The numbeN is always 4
here. As discussed in Section 1.2, the formula for FD s logN / log(1/s) = log
4/log(1/s). Figs. 15(a) and (b) are two images that are different frgniZ(a) only

in the value of the fractal dimension.

(a) FD=1.17327 (b) FD=1.59803,
Figure 15 Snowflake with initial number of sides = 3

KochGen generates quadratic Koch islands too. The recursiagomel
replaces a segment with the seven smaller segments perpantdidhka neighboring
segments, as shown in Fig. 16 (Peitgen et al. 1992).

Fig. 17 shows a single quadratic Koch island. In KochGen, itnergézed to
starting with various initial polygons other than a square, and randolaceenent
direction. It can also be used to generate a group of islands, bradted dimension

cannot be changed. In the current version, diheeB, s = 0.25, the fractal dimension
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is alwaysD = logN / log(1/s) = log 8/log4 = 1.5. The scaling factor setting in the user

interface is ignored.

Figure 16. Recursive relation Figure 17. Quadratic Koch island, FD=1.5
for quadratic Koch island

Using combination of these variables, this software can make $mailke more

diverse appearance.

3.3 Discussion on Implementation

Output format of the image files can be TIFF or BMP. The progimm
developed in Java. Java Advanced Image (JAI) package is used, and veung is
convenient to extend to most widely used image file formats.

Some implementation details need to be discussed more. The boundary of
each object is implemented with a Pathlterator in Java 2D, wh&ltonsecutive list
of points. When the distance between two consecutive points is smaller than one pixel

in the image, the recursion need not continue or else unexpected results couldl occur a
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that point. In KochGen recursion is terminated if the segmestiager than the size
of pixel.

Theoretically the fractal dimension of a curve could be any meatber
between 1 and 2. The corresponding scaling factisrrespectively 0.25 and 0.5 for
the recursive relation of the tent-like angle. In the adimalementation, whes is
over 0.4 the generating process becomes very slow. Depending ortihenumber
of sides or the size, the scaling factoscf 0.37 works well for most cases.

KochGen supports choice of background color and object color. It can
demonstrate the recursion process step by step for a standdrdskmaflake. For
convenience, batch generation is also implemented in order to make a set oftomages
test software packages like BIP. When using batch generation, the ugigahamber
and scaling factor in the user interface are ignored. Allirtteges for initial edge
number 3, 4, 5, 6 are generated. Each group includes images of fivendiffeang
factors 0.25, 0.3, 1/3, 0.35, 0.37, except in the case of quadratic Koch isladkl, whi
has only one possible fractal dimension. Since a random process igethvaD

images are generated for each setting of the parameters.
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4. Computational Experiments

4.1 Experiments on biofilm images

Computational experiments were carried out on about 11,000 biofilm $mage
of P. aeruginosa These pictures were taken at five time points and included four
different strains. Figs. 18(a) and (b) are the results obtaindsvdyf the eleven
algorithms on 311 images, which were chosen as having sufficientlyrtaogebial
colonies in them from about 600 images. Not every algorithm can réneeabvious

difference shown in these results.

(a) EDM method (b) Box-counting method
Figure 18. Results for different strains of bacteria
4.2 Experiments on generated images
Using the KochGen, a set of standard images with known fractahgiomewere

generated. Totally 730 images are summarized as following.
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Single snowflake: 21 images (6 scaling factor 0.25, 0.3, 1/3, 0.35, 0.37, 0.42
based on triangle; 5 scaling factor 0.25, 0.3, 1/3, 0.35, 0.37 on square, pentagon,
hexagon respectively.)

Single random curve: 200 images (10 random images for each of thkng sc
factor 0.25, 0.3, 1/3, 0.35, 0.37 on four different initial polygons.)

Group of snowflakes: 200 images (same parameters as above.)

Group of random curves: 200 images (same parameters as above.)

Quadratic Koch island: 124 images (4 single snowflake for differenal
polygons; 100 random images for each of the three categories sarglenr
curve/group of snowflakes/group of random curves on four different initial polygons.)

The fractal dimensions with the corresponding scaling factoristedl the

following table.

Scaling factors 0.25 0.3 1/3 0.35 0.37 0.42 0.5

Fractal DimensioD | 1 1.1514] 1.2618 1.3205 1.3943 1.598Q3

All the eleven algorithms in BIP are tested with these imaugée will not
differentiate between the algorithm and its implementation B Bhen discussing
the results.

The results shown in Figs. 19(a)~(k) are from the 21 single snasftld&ach
figure is for one algorithm. The red curve in the graphs ishtberetical value of the

fractal dimension. The blue bars show the calculated valued from BIP.
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Figure 19. Results on single snowflakes

The results shown in Figs. 20(a)~(k) are from the 200 random curaek. E
figure is using a single algorithm. The curve in the graphiseigtteoretical value of
the fractal dimension. Since there are too many values, theyndieated as a

shadowed area.
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Figure 20. Results on random curves

The results shown in Figs. 21(a)~(k) are from the analysis of 20 @iu

snowflakes. Same convention is used as for random curves.
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edge numbers
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Figure 21. Results on groups of snowflakes

The results shown in Figs. 22(a)~(k) are from the 200 images containing

groups of random curves.
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(k) Corner (perimeter) method
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The results shown in Figs. 23(a)~(k) are from the 124 quadratic Kaeidisl

The theoretical fractal dimensions for all of them are 1.5.
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Figure 23. Results on quadratic Koch island

The Dilation method only predicts the relative magnitude of thetafrac
dimension correctly. It overestimates for low fractal dimensgitgges, especially for
those that are supposed to be one. For higher fractal dimension iniages,

underestimates. In cases where the initial polygons have more, sibde
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underestimations are a little more obvious; this is not unexpectadiseethese can
be thought of as being less “rough”.

The EDM method catches the relative magnitude too, but it undeagstim
more for images with high FD, especially for the groups of random curves.

The same is true of the Box-counting method. However, the error looks
smaller than the EDM method, but is not as consistent for seveagles with the
same parameters.

The Fast (hybrid) method is good except that it does not evdhigher
fractal dimension high enough. Parallel-lines method is simildhathigh fractal
dimension end, but overestimates 1-dimensional images for the group cases.

The two mass radius methods are generally good, but they also have the
problem of underestimation with high fractal dimension cases. Tloely very well
for quadratic Koch island for which Dilation, EDM, and Box-counting skranation
depending on the number of sides of initial polygons, and Fast (hybddparallel-
lines underestimate. Another problem is that the Mass radiug) (isrslower than
other methods, so the similar results from Mass radius (shayjests that it is a
good alternative of the other method.

The Corner (perimeter) method does not work very well at the fragial
dimension either, but is close to the Fast (hybrid) and Paraléd-Imethods. Its
outstanding merit is that it is consistently accurate for 1-dimensioagleisn

The Fast, Cumulative-intersection and Corner (count) methods Ihas$zhl
Most results by Fast method are very close to 2, almost can$tatCumulative-

intersection method obtained result not obviously correlated withafractother
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parameters and is out of any reasonable range. The Corner (catintdnobtained
values much smaller than 1 for those with theoretical 1-dimensidvagdes and
results for all other images have no obvious difference from each other.

The common problem in these 11 algorithms is that they cannot preelict t
high fractal dimensions well enough. But this could be due to the |lovluties
compared to the sizes of the shapes in the image — smallgustris not represented
enough. Whether it is true or not can be revealed from further studyages with
more pixels.

The Mass radius methods are the best although they do not ovetltteme
common problem either. Except for the three bad methods (it isbfskat the
problem comes from implementation), all the other six methods hamnlarsgeneral

performance.
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5. Simulation of Biofilm Growth

Another important direction of biofilm research is to model the troof
biofilm. The ultimate goal is also to analyze what and how thews factors affect
the structure of biofilms. This thesis has taken a step in this direction as well.

A piece of software based on the work of Meyer (1999) was developled w
Visual C++ to simulate the growth of biofilms. A 2-dimensiondluta automata
model was used.

It can demonstrate the growth process starting with inoculatidracteria.
There is one or zero cell (bacterium) in each automata waly,awvhich contains
nutrient state of the bacteria if a bacterium is present, ankhlaeanutrient units. In
each step of iteration, the cell array is updated in three steps:

1) nutrient consumption;

2) cell (bacteria) division;

3) nutrient diffusion.

Corresponding rules for these steps constitute the transition rulleeo€ellular
automata.

Various control parameters, including the initial nutrient conceotrand the
initial number of bacteria can be set up interactively. The displathods include
growing the biofilm in time steps, starting and stopping growimg mouse click, or
growing until a given time step. The number of bacteria and tmenturme step are
displayed on the status bar. The local nutrient concentratidrowsnswith different

brightness.
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If smaller cells are used in the simulation, the display couliédh¢o BIP as
images to analyze their fractal dimension. From the observaliere ts an obvious
difference of boundary roughness for different nutrient concentrations.

Fig. 24(a) shows the display when initial nutrient is 6000 units aidlin
number of bacteria is 50. Fig. 24(b) is the display when initialenitrs 20,000 and
initial number of bacteria is 25. The numbers of iterations (time steps) are 233 and 46,
while the current numbers of bacteria are close to each other, 2062087,
respectively. More nutrient concentration generates smoother sésiciEwen when
smaller initial number of bacteria has opposite influence, tHerdifce is obvious.
Meyer’s implementation in MATLAB has the same conclusion.

The links between mathematical models of biofilm development and wel
controlled, reproducible biofilm experiments still need to be estaddi. Although
this model is very simplified from the biological point of view, Mey1999) did an
informative discussion relating the simulation to the corresponding tcamdf
actual biofilm.

From the computer science point of view, it is also interestingestt is a
typical cellular automata - the global behavior is controlled doyrésulted from)
some simple local rules. Peitegn et al. (1992) discussed gegefedctals with
cellular automata, so this software is related to other topittss thesis from another
direction.

Direct improvement of this simulation could be a continuous diffusion mode

(Picioreanu et al. 1998) or a 3-dimensional model. The 3-dimensionalkmxtenhas
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the problem of how to visualize and how to compare with biofilm expeatiméich

usually takes 2-dimensional images.

(a) Initial bacteria: 50, nutrient: 6000 (b) Initial bacteria: 25, nutrient: 20000
Figure 24. Simulation of biofilm growth
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6. Conclusion

(1) The fractal dimension calculated with BIP is clearly idggtished for
different bacterial strains. But no correlation was found betweess of growth and
the fractal dimension. Quantifying experimental images byrnaras like BIP or
COMSTAT (Heydorn 2000), accompanied by numerical model generatadisiain
important way to improve the understanding of microbial biofilm development.

(2) A powerful tool called KochGen was developed to evaluate algorithms
calculating fractal dimensions of pixel images and thepl@mentation. Results from
the algorithm are supposed to conform to the known fractal dimensiohesé t
standard images. The method proved to be effective. It is valuabfi@nt and
future study of fractal dimension from pixel-based images.

(3) Eleven algorithms implemented in BIP were tested thorougWiss
radius methods obtained the best results. At higher fractal dimemsioa, of the
algorithms are satisfactory.

(4) Many factors influencing the computational result of fradialension of
pixel-based image are still not clear. For example, fratitaension that are only
valid in a certain scale range may be lost by the low resoluthe inaccuracy of the
algorithms in BIP at high fractal dimension may be related to this.

(5) Simulation using a cellular automata model suggests that nmtutrie
concentration and initial density of bacteria influences the tsmeicof resulting
biofilms.

(6) There are many interesting topics deserving further eaqpbor in this

area. For example, how to analyze the image with more than amne atrbacteria,
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guantitatively deciding the deviation of those log-log plots frontebaear relation
or finding out the ranges where linear relation holds, obtaining pgctiaeen at
different times but at a fixed spot, extending the analysis tonghional case with
pictures taken at layers distancing with each other at the ofdeagnitude of a

pixel, and studying the influence of image resolution, etc., are all worth iifiore e



41

Works Cited

[1] Becker, K.-H., Dorfler, M., Dynamical System and Fractals — Computer geaphic
Experiments in Pascal, Cambridge University Press, 1989.

[2] Costerton, J. W., Stewart, O. S. & Greenberg, E. P., Bacteria BioAll@@mmon
Cause of Persistence Infection, Science 284, 1318-1322, 1999.

[3] Heydorn, Arne, Alex Toftgaard Nielsen, Morten Hentzer, Clatsrn®erg,
Michael Givskov, Bjarne Kjcer Ersbgll, and Sgren Molin, Effects otiegddentity

and Nutrient Concentration on Pseudomonas spp. Biofilm Development: Autbmate
Image Analysis for Analysis for Quantification of Biofiimr&tture, Biofilm 2000
Conference, Big Sky, Montana, 2000.

[4] Lewandowski, Z., D. Webb, M. Hamilton, and G. Harkin, Quantifying Biofilm
Structure, Wat. Sci. Tech. Vo. 39, No.7, pp. 71-76, 1999.

[5] Meyer, Carsten, Simulation of Biofilm, Pre-project at Ingét of Physics and
Institute of Microbiology, Technical University of Denmark, 1999.

[6] Peitgen, H.-O., H. Jurgens, D. Saupe and E. M. Maletsky, Fractal for the
Classroom, Part Two Complex Systems and Mandelbrot Set, Springer-Verlag, 1992.
[7] Picioreanu, C., M. C. M. van Loosdrecht, and J. J. Heijnen, A New Cothbine
Differential-Discrete Cellular Automaton Approach for BiofilnModeling:
Application for Growth in Gel Beads, Biotechnology and BioengineeMuy, 57,

No. 6, March 20, 1998.

[8] Russ, J. C., Computer Assisted Microscopy, Plenum Press, 1992.



42

[9] Sheu, John, Mike Turvey and Luke Shulenburger, Fantastic Fractal,

http://library.advanced.org/1274@bn-line} June 25, 2000.

[10] Warfel, Matthew, Fractal Analysis Macro,

http://www.cee.cornell.edu/~mdw/fractech.htgadnline} June 25, 2000.

[11] Wimpenny, J. W. T., Colasanti, R., A Unifying Hypothesis for thei@are of
Microbial Biofilms Based on Cellular Automaton Models, FEMS Micobbgy
Ecology 22 (1997) 1-16.

[12] Yang, X., H. Beyenal, G. Harkin, and Z. Lewandowski, Quantifying Biofilm
Structure using Image Analysis, Journal of Microbiological Methods 39 (2000) 109-
110.

[13] Zahid, W. M., and Ganzarczyk, J. J., Fractal Dimension of the RBC Biofilm

Structure, Wat. Sci. Tech., Vol. 29, No. 10-11, pp. 271-279, 1994.



To the Graduate Council:

I am submitting herewith a thesis written by Zhou J i entitled
"Quantitative Analysis of Biofilm Images Using Frac tal Dimensions." |
have examined the final copy of this thesis for for m and content and
recommend that it be accepted in partial fulfillmen t of the requirements
for the degree of Master of Science with a major in Computer Science.

Giri Narasimhan, Ph.D.
Major Professor

We have read this dissertation and
recommend its acceptance:

Dipankar Dasgupta, Ph.D.

David Lin, Ph.D.

Accepted for the Council:

Linda L. Brinkley, Ph.D.
Vice Provost for Research
& Dean of the Graduate School



