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Abstract 

The aim of this thesis was to investigate the deformation of the cytoskeleton in living cells, in 
order to get a better insight in the mechanisms which cause tissue damage due to excessive 
cellular deformation, as, for instance, pressure sores. Since tissue damage starts at the cellular 
level, this study focuses on a component of the cell, namely the cytoskeleton. lt is the internal 
network of the cell which plays an important role in the transmission of farces throughout the 
cell. 

In this study the intermediate filament vimentin was chosen as a representative for cytoskeletal 
deformation, caused by changes in cell shape. In order to visualize the displacements and defor
mations of the cytoskeleton, Chinese Hamster Ovary (CHO) cells were used in which vimentin 
was labelled with the Green Fluorescent Protein (GFP). Images of 'natura!' cytoskeletal defor
mations were taken using confocal microscopy. Since external deformation needs to he related 
to local deformations inside the cell, cytoskeletal deformation needs to he quantified. 

This report presents a methad used to quantify the displacements and deformations of the entire 
vimentin cytoskeleton, using the Hierarchical Feature Vector Matching program (HFVM) from 
the Institute for Digital Image Processing, Joanneum Research. The application of this program 
on the quantification of cytoskeletal deformation is discussed. 

In order to determine the parameter settings for HFVM to achleve optima! matching results 
of the images, a number of tests was performed. The HFVM program was provided with two 
identical images that were matched with different parameter settings. The matching program 
was also given two images of which one was translated, rotated or deformed. Next the program 
was applied on the images of the spontaneous movement of the cytoskeleton of living cells. Seven 
images ( one every five minutes) of a time series of spontaneous movements of the cytoskeleton 
were matched using HFVM. In the first image, points belonging to the cytoskeleton were selected. 
Of these points, 98% could he traeed until the last image. However, due to discretisation errors, 
the structures found after matching were not smooth and did not always coincide with the fibers. 

If the changes in the local characteristics between successive images are too large, a pixel-based 
recognition programs such as HFVM will not he able to find enough matches with high reliability, 
although it seems possible to follow larger structures in the series of images. Therefore the 
development of a more structure-based matching algorithm was started. This algorithm allows 
tracing of corresponding structures, such as filaments of the cytoskeleton, in a series of images. In 
this thesis, a number ofmethods is described that could he applied for structure-based matching. 
Development of such a program could he subject of future investigations. 
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Glossary 

Affine Transformations : A transformation that preserves lines and parallelism (maps par
allel lines to parallel lines). 

Association Graph : Auxiliary graph structure produced from two relational structures to be 
matched. 

Attributed Graph : Graph in which the properties of objects, represented by nocles in the 
graph, can be encoded as node attributes. 

B-Spline : One of the most efficient curve representations, having very attractive properties 
such as spatial uniqueness, boundness and continuity, local shape controllability, and in
variance to affine transformations. 

Bleaching : The reduction of emission intensity, due to the irreversible decomposition of the 
fluorescent molecules because of light intensity in the presence of molecular oxygen. 

Clique : The set of completely connected nocles in a graph. A completely connected subgraph. 

Discrete Relaxation : A way to solve a labelling problem. Each object is assigned a set of 
possible interpretations, after which inconsistent labellings are removed. 

Disparity : During matching, on each pixel of the reference image a corresponding pixel in the 
search image is sought. The translation of the respective coordinates is called disparity. 

Disparity Image : Column and row disparity image, they describe the components of a dis
parity vector on each pixel. 

Feature : Characteristic of the neighbourhood of a pixel. 

Graph : A general object that consists of a set of nodes ( or vertices) and edges ( or arcs) between 
nodes. G(V, E), with V thesetof nodes, and E thesetof edges. 

Graph Isomorphism : The problem of determining whether or not two graphs are isomor
phic. Given two graphs, they are isomorphic if they can both be represented by the same 
diagram. This implies that there is a one-to-one correspondence betweentheir nodes, and 
there is an edge between two nocles of one graph if and only if there is an edge between 
the two corresponding nocles in the other graph. 

Labelling Problem : The general computational problem of consistently assigning modella
bels to objects. 
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Maximal Clique : A clique to which no new nodes may be added without destroying the 
clique properties. 

NP : 'nondeterministic polynomial'. The class of problems for which answers can be verified 
by an algorithm whose runtime is polynomial in the size of the input, i.e. given a guess 
we can check if that guess is correct in polynomial time. 

NP Complete : The class of 'hardest' problems in NP. Every problem in NP can be trans
formed into a problem in NP Complete in polynomial time. 

P : polynomial time, when the execution time of a computation is no more than a polynomial 
function of the problem size. 

Probabilistic Relaxation : A way to solve a labelling problem. See also Discrete Relaxation. 
Allows each scene object to have associated with it not only a set of component labels, 
but also a weight assigned to each component. 

Recursion : Defining a function in such a way that it may call itself, so that use of the function 
may occur again and again during execution. 

(Recursive) Backtracking : A method of solving problems by means of an algorithm which 
is allowed to run forward until a dead end is reached. At this point previous steps are 
retraced and the algorithm is allowed to run forward again. 

Reference Image : See Stereo Matching 

Relaxation labelling : Relaxation labelling uses contextual information to resolve object la
helling ambiguities. The amount of contextual information employed is expanded recur
sively until a unique labelling results. 

Search Image : See Stereo Matching 

Spline : An interpolating polynomial which uses information from neighbouring points to ob
tain a degree of global smoothness. 

Stereo Matching : Used for the reconstruction of a 3D scene from a set of stereo images, 
this involves finding pixels from both images which correspond to the same point in the 
underlying scene. One of the two images is called the reference image and one the search 
image. 

Volume Rendering: The processof obtaining images from three-dimensional volume data. 
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Chapter 1 

Introduetion 

In the human body, various cell types are sensitive to changes in mechanica! loading. On the 
short term physiological mechanica! loading leads to an adequate response. For instanee upon 
increased load in the heart, muscle cells immediately increase their contractile force. In blood 
vessels, increased shear stress on endothelial cells leads to cellular deformation and subsequent 
vasodilation, mediated by chemica! signals from the endothelial cells to the underlying smooth 
muscle cells. On the long term, increased mechanica! loading leads to changes in cellular gene 
expression, resulting in a more adequate function. Prolonged pathological mechanica! loading 
can also be harmful for living cells, which lose their ability to adapt to the changed environmental 
conditions. For instance, severe external mechanica! loading on skeletal muscle can lead to 
pressure sores, characterized by necrosis of the tissue [5]. 

To activate the transcription of genes within the nucleus of the cell, the mechanica! deformation 
signa! has to be transmitted throughout the cell. In living cells, there are essentially two ways by 
which this can be achieved. The first pathway implies the activation of an intracellular cascade 
of molecular transmittors, ultimately leading to the binding of so-called transcription factors to 
the DNA and subsequent transcription of the genes involved. Secondly, external forces can be 
transduced mechanically to the cell nucleus via an intracellular network of proteins, composing 
the cytoskeleton [10]. 

The cytoskeleton is the internal framework of the cell, composed of three different types of 
molecular polymers {Figure 1.1). The first type are the thick filaments or microtubules. They 
are relatively thick structures with one end anchored in the centrosome near the nucleus and 
the other free in the cytosol; this end can lengthen and shorten very quickly. The second type 
of filaments are the thin filaments, composed of actin. They can be found mainly near the cell 
membrane. The third type of filaments are the intermediate filaments which extend from the 
cell nucleus to the cell periphery. Several types of intermediate filaments exist, such as vimentin. 

In order to get a better insight in the mechanisms which actually cause cellular adaptation or 
damage it is necessary to get access to strains and stresses inside the tissue as a whole, and thus 
in its composing cells. The aim of the present study was to investigate in detail the deformation 
of the cytoskeleton in living cells. In this study the intermediate filament vimentinwas chosen 
as a representative for cytoskeletal deformation, caused by changes in cell shape. Vimentin 
filaments were selected because they are in close contact with the cell membrane as well as with 
the nucleus. In order to visualize the displacements and deformations of the vimentin filaments, 
cultured living Chinese Hamster Ovary (CHO) cells were used. In these cells, the vimentin 
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2 CHAPTER 1. INTRODUCTION 

filaments were fiuorescently labelled through the coupling with the Green Fluorescent Protein 
(GFP). Natural spontaneous movements of these cells, and thus of the cytoskeleton inside, were 
foliowed using confocal microscopy (15]. 

Since external deformation needs to he related to local deformations inside the cell, cytoskeletal 
deformation needs to he quantified {Figure 1.2). The aim of this study, which is part of the 
research program that investigates the effects of mechanical loading on cells and tissues, is to 
quantify the deformation of the cytoskeleton. 

The dynamic behaviour of the intermediate filament network in living cells has been studied 
before using GFP (24, 30, 17]. However these studies were limited to the calculation of displace
ments of vimentin dots and end points of vimentin filaments. In contrast, this report presents 
a method used to quantify the deformations of the entire vimentin cytoskeleton. 

To quantify deformations of the cytoskeleton, the applied image analysis should meet certain 
criteria. The most important requirements are that the deformation of the entire cytoskeleton 
should he quantified and that it should he possible to quantify deformations up to maximal phys
iological deformation. In the present study the Hierarchical Feature Vector Matching program 
(HFVM) (25, 22, 20] was applied for the calculation of displacements and deformations of the 
cytoskeleton. This program is based on feature vector matching, which, in general, gives better 
results compared to correlation matching. Applications of such a stereo matching program can 
he found in industry and inspace research, for instanee for the creation of a terrain 3D model 
by processing two 2D images [22]. This report discusses the application of the HFVM program 
on the quantification of cytoskeletal deformation. 

The HFVM program matches pixels in two related images based on local features. These local 
features characterize the surroundings of each pixel. In the search image the matching pixel 
is found by camparing all feature values of the pixels in a certain area of this image with the 
feature values of the pixel in the previous reference image. This procedure is repeated for every 
pixel in the image. Finally, coordinates of a pixel in the reference image and that of its matching 
pixel in the search image provide quantitative information about the displacement. 

In order to select those features leading to optimal matching, a number of tests has been per
formed. Besides choosing which features to use, alsoother parameter settings had to he adjusted. 
To this end, the program was first provided with two identical images that were matched with 
different parameter settings. Next with the best set of features, the original image and an artifi
cially translated, rotated or deformed image were matched. Finally the program was applied on 
images of the spontaneous movement of the cytoskeleton of living cells (15]. To this end, seven 
images (each taken every five minutes) of a time series of the spontaneous movement of the 
cytoskeleton were matched using HFVM. In the first image, points belonging to the cytoskele
ton were selected. Of these points, 98% could he traeed until the last image. However, due to 
discretisation errors, the structures found after matching were not smooth and did not always 
coincide with the fibers. 

If the changes in the local characteristics between successive images were too large, the program 
was not able to find enough matches with high reliability. However, it seems possible to follow 
larger structures in a series of images. Therefore the development of a more structure-based 
matching algorithm was started. This algorithm allows tracing of corresponding structures, such 
as complete cytoskeletal filaments, in a series of images. The last part of this thesis describes 
various methods that could he applied for structure-based matching. This chapter should he 
considered a starting point for follow-up research in this field. 
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Figure 1.2: The cytoskeleton is involved in the transmission of farces throughout the cell. 



Chapter 2 

Materials and methods 

2.1 Cell culture 

In this study living Chinese Hamster Ovary (CHO) cells were used as a model to develop 
the technique for the study of the deformation of the cytoskeleton. Using molecular biologica! 
techniques, the vimentin filaments of the cytoskeleton of these cells were labelled with the Green 
Fluorescent Protein (GFP). These cells were a kind gift of the Department of Molecular Cell 
Biology of theMaastricht University. For the experiments the cells were seeded in small Petri
dishes that could be inserted under the microscope. During the experiments, the living cells 
remained submerged in the medium. Temperature and pH were nat controlled since the cells 
were nat kept alive after the experiments. 

Befare the experiments, the CHO cells were multiplied in culture fiasks (Costar) with HAM's 
F12 medium enriched with I-glutamine (Gibco). This medium was also supplemented with 10% 
fetal calf serum (FCS). Geniticine was used as an antibiotic to select cells transfected with the 
DNA causing GFP-fiuorescence. The cells were incubated at 37 oe in room air, supplemented 
with 5% C02. To subculture, cells were trypsinised after three or four days with a phosphate 
buffered saline (PBS) containing 0.125% trypsine, 0.02% EDTA and 0.02% glucose. Depending 
on the amount of cells, 10 to 25% of the cells were replated. For further details see the master's 
thesis of Ingrid Groenenberg [15]. 

2.2 Experimental protocol 

In a first attempt to visualize the cytoskeleton, only two-dimensional changes of the vimentin 
filaments were registered. To reduce the effects of surrounding fiuorescence, a confocal laser 
scanning microscope (CLSM) was used (Figure 2.1). For these experiments, 31 subsequent 
images were taken at the mid level of the cell. These image were separated one minute from 
each other [15]. From this series seven images were selected, each separated five minutes from the 
previous one (See Appendix A). Theseseven images were used for determining the time-related 
spontaueaus cytoskeletal displacements using image matching. The methad is schematically 
represented in Figure 2.2. 
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2.2. EXPERJMENTAL PROTOCOL 

Figure 2.1, ViiDentin fibers labelled wifh GFP of the cytoskeleton of a living CHO cel! 
(image size 768 x 512 pixels) [15]. 
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Figure 2.2: Method used to visualize and quantify the deformation of the cytoskeleton. The 
vimentin filamentsof the cytoskeleton of CHO cells were labelled with GFP. The cytoskeleton 
was visualized using CLSM. After taking 31 2D-images at the mid level of the cell, matching 
was applied to quantify the displacements of the cytoskeleton. 



6 CHAPTER 2. MATERJALS AND METHODS 

2.3 Confocal microscopy 

To visualize the deformation of the cytoskeleton a Confocal Laser Scanning Microscope ( CLSM) 
was used (Zeiss LSM 510 and Zeiss Axiophot instrumented with a MRC 600 scanner BioRad). 
Two of the most important properties of CLSM are: 

1. the impravement of resolution compared to conventional light microscopy, 

2. the possibility of optically sectioning a (fluorescent) object. After optically sectioning, 
linking the 2D stacks to each other allows reconstruction of the cytoskeleton in three 
dimensions. This option however was not applied in the present thesis. 
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lens beamsplitter 

achromat aperture 
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Figure 2.3: Principle of confocal microscopy. 

In a point scanning confocal system (Figure 2.3), the microscope lenses focus the laser light on 
one point in the specimen at a time (the focal point). The laser moves rapidly from point to 
point to produce the scanned image. Very little laser light falls on other points in the focal 
plane. Both fluorescent and reflected light from the sample pass back through the microscope. 
The microscope and the opties of the scanner campartment focus the fluorescent light emitted 
from the focal point to a second point, called the confocal point. The pinhole aperture, located 
at the confocal point, allows light from the focal point to pass through the detector (solid line). 
Because light emitted from outside the focal point is rejected by the aperture (dashed line), the 
depth-resolution of confocal microscopy is improved compared to conventional microscopy. 
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2.4 Image analysis 

2.4.1 Image analysis requirements 

In order to relate the 'cell's respoiiBe to an external force, it is necessary not only to visualize but 
also to quantify cellular deformation. To this end, the first step is to calculate the displacement 
vector field. To quantify displacements and deformatioiiB of the cytoskeleton, the applied image 
analysis should meet certain criteria. These criteria are: 

1. DeformatioiiB of the entire cytoskeleton need to he quantified. The dynamic behaviour 
of the intermediate filament network in living cells has been stuclied before using GFP 
[24, 30, 17]. However these studies were limited to the calculation of displacements of 
vimentin dots and end points of vimentin filaments. 

2. It should he possible to quantify deformatioiiB up to maximal physiologicalloading. Max
imal physiological deformation in muscle cells has been described to reach 10-15% [13]. 

3. Finally also three-dimeiiBional cytoskeletal deformatioiiB need to he quantified. When a 
cell is subjected to an external deformation, the displacements will not only occur in the 
x-y plane, but also in z direction. Therefore, the problem is inherently three-dimeiiBional. 
The first step is to obtain this three-dimensional information from two three-dimeiiBional 
image stacks. Later on, more image stacks can then he compared to follow also the recovery 
from external loading. 

4. The analysis should not he affected by rotation or traiiBlation of the cell during image 
acquisition. 

In the present study the Hierarchical Feature Vector Matching program {HFVM) from the 
Institute for Digital Image Processing, Joanneum Research [25, 22, 20] was applied for the cal
culation of displacements and deformatioiiB of the cytoskeleton. The following sectioiiB describe 
the algorithm used by the HFVM program and the application on images of the cytoskeleton. 

2.4.2 Matching, the HFVM program 

The HFVM program was used to match two images. Matching meaiiB to identify pixels in a 
search image corresponding with pixels in the reference image. The program uses a matching 
algorithm which relies on a combination of local characteristics of the surrounding of each pixel, 
called features. In Figure 2.4 a schematic representation of Feature Vector Matching is given. 
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reference image 
feature 12 

feature 1 

Figure 2.4: Feature Vector Matching 

Features 

An image is composed of a number of pixels each with a varying intensity on a grey scale. A pixel 
can be characterized by its own grey level, but also by various characteristics of surrounding 
pixels. These characteristics can be described as features. Feature values in images can be 
calculated by applying certain filters. On images such a filter can be seen as a sort of rnaving 
window operator. The operator usually affects one pixel of the image at a time, changing its value 
by some function of alocal region of pixels 'covered' by the window. The operator 'moves' over 
the image to affect all pixels in the image. Filtering is based around a kemel which represents 
the shape and size of the neighbourhood to be sampled when calculating the feature value. In 
Figure 2.5 an example of the application of a filter on an image, and thus the calculation of 
the feature value for every pixel, is given. In this speci:fic case, the filter brings out the edges 
(changes in grey level) in horizontal direction in the image (Figure 2.6). 
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Figure 2.5: Application of a horizontal feature kemel on a hypothetical image. The feature 
value is calculated by multiplying the value in the kemel with the grey level in the image and by 
adding the resultant values to each other. This value is divided by the filter weight and added 
to the filter offset. If the resulting value is negative, the grey level for that pixel is set to zero. 
For the calculation of feature values at the borders of the image a mirrored version of the grey 
levels at the borders of the image is used. The filter kemel is applied to every position in the 
image. 

grey level 

Figure 2.6: Result of the application of a feature kemel on the image given in Figure 2.5. 
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Feature Vector Matching 

From the above can be understood that a pixel feature characterizes the pixel neighbourhood 
as a certain value. Calculating the feature value for all pixels of an image results in the feature 
image. FU.rthermore, each pixel can bedescribed by a number (m) offeatures. All feature values 
for a pixel are put to_9ether in a vector, the feature vector { The lth component of a feature 
vector is denoted by fz. Each feature is also ascribed a certain weight, determining their relative 
importance in the feature vector. 

Finding a match between two related images is performed by comparing each feature vector of 
the reference image to all feature veetors within the search area which is part of the search 
image. 

By comparing the reference vector (which is the feature vector of a pixel in the reference image) 
with the search vector, the feature distance can be computed. In Equation 2.1 the feature 
distance between two feature veetors f and g is given. Each component of the feature vector is 
weighted, with wl the weight of feature l. 

i!- 91 = (2.1) 

For a point p in the reference image the corresponding (matching) pixel is found at q in the 
search area ap where the distance between the reference vector rand the search vector sis 
minimal (2.2). 

jr{p)- s(q)i = ~in jr{p)- fl (2.2) 
/Eu11 

Hierarchical Feature Vector Matching 

To determine the global displacements, the program first matches with low resolution images 
derived from the input images (Figure 2.7). This gives the opportunity todetermine the centers 
of the search areas. 

So, a pyramid of the input images is used of which level 0 is the original image. The next level 
is created by calculating the average grey level of four pixels in a square and storing this as one 
pixel in the new image. For each pyramid level the feature images for both reference and search 
image are computed. Matching starts at the top level of the pyramid with large search areas 
for each pixel. The resulting disparity map ( containing the matching results) is smoothed, and 
undefined disparities are interpolated, before it is used as input initia! disparity map ( defining 
the centers of the search areas) for matching the next lower level of the pyramid (Figure 2.8). 
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Figure 2.7: Pyramid of images, with level 0 the original input image. 
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Figure 2.8: Pyramid of feature images. 
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12 CHAPTER 2. MATERIALS AND METHODS 

The program also matches in the opposite direction, which is called backmatching (Figure 2.9). 
This ensures that the found matches are of good quality. For each point r in the reference image 
the matching pixel in the search image s is computed. Also, for s the matching pixel in the 
reference image is determined which is r'. lfthe distance betweenrand r' exceeds a user defined 
limit, say one pixel, the match can he defined as invalid. 

raferenee image search image 

Figure 2.9: Backmatching. 

2.4.3 Application of HFVM program on images of the cytoskeleton 

For matching, the HFVM program requires two images and a configuration file as input. The 
matching results are stored in so-called disparity images. In order to present the results and to 
execute further calculations a number of C programs has been written. The programs are called 
Compare, Timesequence, Video and Strain, and are described in the following sections. 
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2.5 Computer programs 

2.5.1 Program Gompare 

(program by Nico Kuijpers) 

The program Compare presents results from matching pixels in two related images. Results are 
presented in two images. The matching results of a number of grid points and/ or of a selection of 
points indicated by the user are displayed (points refers to a number of selected image pixels, or 
matched image pixels). Arrows in the first ( reference) image indicate the size and the direction 
of the displacement of the selected points. Arrows in the second (search) image indicate where 
the points came from. Input and matching coordinates are written to file. 

grid of points grid of points 

selection of points selection of points 

Figure 2.10: Example output of Compare. 

A description of program Compare can be found in Appendix D. 
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2.5.2 Program Timesequence 

The program Timesequence presents the results from matching a sequence of several images of 
the input grid points and/or of points helonging toa structure selected hy the user. Results are 
presented in either two or four images, as results of matching of grid points can also he presented 
in separate images. The coordinates of input and matching points per time step are placed in a 
file. Input coordinates are also written to file to he used in the program Video or again in the 
program Timesequence. 

selection of points selection of points 

Figure 2.11: Example output of Timesequence. 

A description of program Timesequence can he found in Appendix D. 
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2.5.3 Program Video 

The program Video presents the results from matching a sequence of several images of points 
which can be selected by the user. Results are presented as a series of images indicating the 
originally selected points and the matching points for every time step. By viewing the result 
images as a movie the displacement of the cytoskeleton can be foliowed in time. The number of 
selected points and the number of matched points per time step are stared in a textfile. Input 
coordinates are also written to file to be used in the program Timesequence or again in the 
program Video. 

Figure 2.12: Example output of Video. 

A description of program Video can be found in Appendix D. 
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2.5.4 Program Strain 

With HFVM it is possible to match pixels in successive images. The step from these matching 
results to a displacement field is trivia!. But this step is also necessary to calculate strains inside 
the cell. Since all image analysis in this study is limited to two-dimensions only plane strain 
components are determined. 

Definitions 

A commonly used measure for strain is the length change of an object divided by its initia! 
length. Another measure which is related to strain is the stretch ratio. The stretch ratio is the 
ratio of the final length of an object divided by its initiallength. 

In this study the Lagrangian strain tensor Eij {Equation 2.3) was used to describe the defor
mations of the cytoskeleton [21, 3]. By dividing the images in small triaugles and using every 
line segment of these triangles, the components of the strain tensor can be determined. Only 
the strain components in horizontal Ex = Exx and vertical direction Ey = Eyy were used. 

with: 

i,j 
dS 
dSo 
Ei i 
dai, dai 

x, y 
deformed length of differential line element 
undeformed length of differential line element 
plane strain components 
coordinates of dS0 

{2.3) 

After the determination of the strain components the stretch ratios and the strains can be 
calculated as follows: 

Stretch ratios À ( ratios of the :final length to initiallength of line elements) are given by: 

{2.4) 

{2.5) 

Strains t: {length change divided by initiallength) are given by: 

Ex= Àx -1 (2.6) 

Ey = Ày -1 {2.7) 
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Program 

For the determination of the strain components by the program Strain a grid is placed over 
the image, thereby dividing the image in a number of squares. Every square contains four 
triangles. In Figure 2.13 one of these squares is presented. One of the four triangles in this 
square is depicted befare and after deformation. By solving Equation 2.3 for every triangle the 
components of the strain tensor can be determined [3]. For every square the average of the 
strain components of the four triangles can be used to represent the local strain undergone by 
the cytoskeleton. 

--------------- --- - -------~-- ----------------
before defo4tion 

c : after deformation 

y --------------·-------

~.' 
A 

Figure 2.13: One of the four triangles per square, befare and after deformation, used to calculate 
the strain components. In the image an example is given of an extreme large deformation, so 
that the intention should be clear. In cells deformation reaches maximalvalues of 10-15%. 

Using finite distances Equation 2.3 can be represented as follows: 

(2.8) 

with: 
z = A, B, C every pair of points of the triangle 
Ex strain component in x-direction 
Exy shear strain components 
Ey strain component in y-direction 
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~a . 

© 0 

• 
~a. • 0 

Figure 2.14: Each of the three pairs of points used to calculate the strain components. 

The strain components follow from Equation 2.8 and Figure 2.14: 

{2.9) 

E - t::,g2 - /::,ay 2 

Y - 2/::,a 2 
y 

{2.10) 

After these strain components have been calculated the program calculates the stretch ratios 
(Equation 2.5). These results are presented by drawing two lines in every square of the image, 
one in horizontal direction and one in vertical direction. The color of each line element indicates 
if the segment has undergone positive (red), negative (yellow) or no (white) strain, the length 
of a line element indicates the relative size of the stretch. 

A description of programStrain can be found in Appendix D. 
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reference image search image 

positive strain negative or no strain 

Figure 2.15: Example output of Strain. The image was stretched 20% in horizontal direction. 
Grey and white lines indicate positive and no strain, respectively. Length of the grey lines 
indicate relative size of stretch. 

2.6 Matching images of cytoskeletal filaments 

Since the application of the stereo matching program on the images of the cytoskeleton is new, 
a number of sample images has been used to adjust the matching parameters for the HFVM 
program. In order to determine those features and parameter settings applicable for optima! 
matching a number of tests has been performed. Two identical images were matched in order 
to determine an optima! set of features (section 2.6.1). Besides choosing which features to use, 
also other parameter settings as for instanee size of the search areas on each pyramid level, the 
number of pyramid levels, backmatching limits and type of disparity filters, had to he adjusted. 
Next with the given set of features, the original image and a translated, rotated or deformed 
image were matched (sections 2.6.2, 2.6.3 and 2.6.4). The matching results forthese tests depend 
mainly on the number of pyramid levels and the size of the search areas. 



20 CHAPTER 2. MATERIALS AND METHODS 

Since the direction and the magnitude of the translation, rotation and deformation was known, 
the results from matching could he verified by calculating the Root Mean Squared Error {RMSE). 
The RMSE is a dispersion measure, being approximately equivalent to the average (absolute) 
deviation between two data sets [29], given by: 

RMSE= 

with: 

'E (Xexp - Xmatch)
2 + (Yexp- Ymatch)

2 

n 

Xexp , Yexp coordinates, expected result 
Xmatch, Ymatch coordinates, result of matching 
n number of points 

{2.11) 

In fact, theRMSEis an indicator of the quality of matching. The lower the value is, the higher 
the quality. For the calculation of the RMSE the program Calc has been written, for description 
of this program see Appendix D. 

2.6.1 Matching two identical images of the cytoskeleton 

One feature The HFVM program was provided with two identical images, the matching of 
which was performed with different parameter settings. In order to compare the results, the 
number of points matched and the Root Mean Squared Error {RMSE) were calculated. 

To evaluate the effect of each feature on the results of the image matching, the images were 
matched using only one feature, and no interpolation or median filtering was applied (for expla
nation of terros see Appendix Cl). In order to compare the effect on different types of images 
this was done with images from two sourees [15, 27]. Both groups of images were taken from the 
GFP-labelled cytoskeleton of living cells. Fundamentally the two sets of images are comparable, 
but were recorded in different labs. The image sizes are 768 x 512 pixels and 435 x 280 pixels, 
respectively. 

The evaluation of the features was repeated using only points of the cytoskeleton, which were 
selected in the images using a grey level threshold. For the selection of image points with certain 
grey levels the program Select has been written, for description of this program see Appendix 
D. 

Multiple features Also the results after matching with standard parameter settings {8 fea
tures) and the parameter settings used for matching of the images of the cytoskeleton (Appendix 
B) were compared. Only one type of image was used [27]. For further explanation of parameters 
see Appendix C. 
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2.6.2 Matching images of the cytoskeleton before and after translation 

The original image was vertically translated over twenty pixels. HFVM was used to determine the 
matches between the original and the translated image using the best set of features (Appendix 
B). The program Campare was used to present the matching results. The results from matching 
were verified, by calculating the Root Mean Squared Error (RMSE). The matching results will 
depend mainly on the number of pyramid levels and the size of the search area on the highest 
pyramid level. The size of the search area on the highest level of the pyramid can he adjusted 
by estimating the maximal displacement that will he found by HFVM. According to the image 
analysis requirements (section 2.4.1), the analysis must not he hampered by translation of the 
cell during the image acquisition. 

2.6.3 Matching images of the cytoskeleton before and after rotation 

The original image was rotated over ten degrees. HFVM was used to determine the matches 
between the original and the rotated image. The program Campare was used to present the 
matching results. The results from matching were verified, by calculating the Root Mean Squared 
Error (RMSE). The matching results will depend mainly on the number of pyramid levels and 
the size of the search area on the highest pyramid level. According to the image analysis 
requirements (section 2.4.1), the analysis must not he hampered by rotation of the cell during 
the image acquisition. 

2.6.4 Matching images of the cytoskeleton before and after artificial two
dimensional deformation 

The original image was stretched 15% in horizontal and vertical directions. HFVM was used to 
determine the matches between the original and the deformed image. The program Campare 
was used to present matching results. The results from matching were verified, by calculating 
the Root Mean Squared Error (RMSE). The matching results will depend mainly on the number 
of pyramid levels and the size of the search area on the highest pyramid level. It must he possible 
to quantify deformations up to maximal physiologicalloading, which is 10-15% (section 2.4.1). 

2.6.5 Analysis of projectionsof the skeleton of the cell nucleus 

In contrast to the previous two-dimensional images, matching of projections of a volume uses 
three-dimensional information. When making projections from different points of view of the 
same volume, some fibers may seem to shorten or lengthen because they are viewed from a 
different angle. This is similar to the effect of the seemingly shortening or lengthening of a 
fiber because it changes its direction with respect to the focal plane of the microscope. To see 
the effect on the matching results of this effect, after volume rendering of an image stack (25 
images, image size 371 x 356 pixels) of the nuclear lamina [6] ten projections (rotation, every 
ten degrees) were made using 3D-Doctor [9]. The images of these projections were matched 
using HFVM. In the first projection lamina filaments were selected. The programs Video and 
Timesequence presented the matching results of these projections. 
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2.6.6 Analysis of a time series of the spontaneons movement of the cytoskele
ton 

Befare quantifying deformations caused by an externalloading, it has to be checked that natura} 
deformations can be quantified. The quantification of these natural deformations is easier than 
the quantification of deformations caused by externalloading, because deformations are smaller 
and it is assumed that there is less displacement in z direction. 

Seven images each separated five minutes from the previous one (no. 1, 6, 11, 16, 21, 26, 31) 
of the total 31 image series were used for matching with HFVM. Using the programs Video 
and Timesequence contours were selected in the first image of the time series and the results 
of matching were stared in seven images, and in two textfiles, one containing the coordinates 
of the input and matched points and one containing the number of points that could be traeed 
after each time step. The HFVM program was also used to match only the first and the last 
image of the time series. 



Chapter 3 

Results and discussion 

To quantify deformations of the cytoskeleton, the applied image analysis had to meet certain 
criteria (section 2.4.1). Limiting the study to only two-dimensions, the most important require
ments were (1) the quantification ofthe deformation ofthe entire cytoskeleton; (2) quantification 
of deformation up to maximal physiological deformation. In this study the Hierarchical Feature 
Vector Matching program HFVM was used from the Institute for Digital Image Processing, 
Joanneum Research. 

In order to determine those features and parameter settings used by HFVM applicable for 
optima} matching a number of tests has been performed. Besides choosing which features to 
use, other parameter settings as for instanee size of the search areas on every level, backmatching 
limits and type of disparity filters, had to be adjusted. 

After the description of the results of these tests, the results will be presented of the matching 
of the image projections of the nuclear lamina and the images of a time series of the natura} 
deformation of the cytoskeleton. ( 

3.1 Matching two identical images of the cytoskeleton 

To determine the optima} feature set, the HFVM program was provided with two identical 
images, that were matched using different configuration files. 

3.1.1 One feature 

To evaluate the effect of each feature on the result of the image matching, the images were 
matched with only one feature. In order to campare the results for different features, no inter
polation or median filtering for the disparity maps was applied (for explanation of used terms 
see Appendix Cl). The results after matching two identical images [27] using only one feature 
is given in Figure 3.1. 

23 
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reference image search image 

Figure 3.1: Results after matching two identical images of the GFP-vimentin cytoskeleton [27] 
(image size 435 x 280 pixels) with only one feature, namely V19 (+ indicates no displacement). 
Only the results of the points of a 10 x 10 grid are shown. When the matchfora grid point is 
not defined the matching result of a point in the image ciosest to this grid point is presented. 
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CHO vimentin 1 (27] CHO vimentin 2 (15] 
12037 4 image pixels 224676 image pixels 

feature matched points % RMSE matched points % RMSE 
Varianee 1718 1.4 0.48 3431 1.5 0.37 
Average 4295 3.6 0.40 4245 1.9 0.37 

V5 3236 2.7 0.35 4946 2.2 0.54 
H5 2307 1.9 0.39 4330 1.9 0.46 
V7 2115 1.8 0.45 4549 2.0 0.52 
H7 1585 1.3 0.48 4463 2.0 0.53 

V13 2880 2.4 0.36 4258 1.9 0.51 
H13 1993 1.6 0.35 3380 1.5 0.46 
V19 5307 4.4 0.30 7278 3.2 0.43 
H19 3985 3.3 0.33 6457 2.8 0.46 

Gauss 4271 3.5 0.37 5565 2.5 0.38 
Real 4440 3.7 0.28 7613 3.4 0.39 
Im 8319 6.9 0.21 12684 5.6 2.13 

Table 3.1: Results after matching two identical images. 

The effect of thirteen features on the matching results was evaluated for two image registrations 
(15, 27]. Of the first registration, the images of which had a size of 435 x 280 pixels, all pixels, 
except for the pixels on the border of the image, were used for the evaluation. Of the second 
image registration with an image size of 768 x 512 pixels an area of 476 x 476 image pixels 
was selected. These pixels were used for the evaluation except for the pixels on the border of 
the image. The number of matched points of the total number of image pixels was determined 
for every feature, and the RMSE was calculated. The larger the RMSE value the larger the 
deviation of the matching results with the expected disparities. The results are presented in 
Table 3.1 and Figures 3.2 and 3.3. The comparison of different features was also clone using only 
pixels belonging to the cytoskeleton. These image pixels were selected by applying a grey level 
threshold. The results for this comparison can be found in Table 3.2 and Figures 3.4 and 3.5. 

It can be observed that the percentage of matched points, applying one feature at a time, was 
very low in both Tables (3.1 and 3.2). Several reasans can be put forward for the low percentage 
of matching. First, no interpolation, median filtering and only one pyramid level was used in 
order to make a fair comparison between the various features. Secondly, all image pixels were 
matched, thus also those outside the cytoskeleton. It can therefore be understood that only a 
few pixels had a unique recognition profile. 

Relatively the features V19, H19, Gauss and Real produced the best results. These features all 
share their relative large kemel sizes. The feature kernels are given in Appendix C2. Obviously 
large kernels are good for the recognition of larger structures. When in small parts of the image 
the succession of grey level is approximately the same, it is difficult to distinguish between the 
different areas when only using a small feature kemel. The feature Im gives a relatively high 
number of matched points, but for the second image type the RMSE is also relatively high. 
Therefore this feature was not used for matching the images in the following sections. 
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Figure 3.2: Histogram of matching results of two identical images [27], applying only one feature 
at a time. 
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Figure 3.3: Histogram of matching results of two identical images [15], applying only one feature 
at a time. 
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CHO vimentin 1 [27] CHO vimentin 2 [15] 
14560 image pixels 11972 image pixels 

belonging to cytoskeleton belonging to cytoskeleton 
feature matched points % RMSE matched points % RMSE 

Varianee 494 3.4 0.32 380 3.2 0.35 
Average 2132 14.6 0.10 880 7.4 0.22 

V5 1224 8.4 0.11 911 7.6 0.16 
H5 875 6.0 0.27 799 6.7 0.18 
V7 887 6.1 0.22 864 7.2 0.16 
H7 628 4.3 0.23 754 6.3 0.27 
V13 1084 7.4 0.16 675 5.6 0.26 
H13 661 4.5 0.22 577 4.8 0.22 
V19 1675 11.5 0.11 954 8.0 0.14 
H19 1164 8.0 0.17 940 7.9 0.19 

Gauss 2327 16.0 0.12 838 7.0 0.17 
Real 1590 10.9 0.11 1240 10.4 0.12 
Im 2029 13.9 0.08 1526 12.7 0.11 

Table 3.2: Results after matching two identical images. For the evaluation only pixels belonging 
to the cytoskeleton were selected. 

When only points belonging to the cytoskeleton were preselected for comparison, the percentages 
of matched points were much higher, as expected. It can also be appreciated that under these 
circumstances the RMSE was significantly lower. Besides, both the percentage of matched points 
and the RMSE of both image types were more camparabie than matching all pixels within an 
image, as shown in Table 3.1. Since HFVM is based upon the recognition of feature values, it is 
obvious that in an area with feature values clearly different from the values in its surrounding 
areas the results for matching will be better. 
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Figure 3.4: Histogram of matching results of two identical images [27], applying only one feature 
at a time. Only image points belonging to cytoskeleton were selected. 
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Figure 3.5: Histogram of matching results of two identical images [15], applying only one feature 
at a time. Only image points belonging to cytoskeleton were selected. 
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3.1.2 Multiple features 

Also the results after matching with standard parameter settings (a combination of 8 features) 
and the parameter settings used for matching of the images of the cytoskeleton (a combination 
of 12 features , see Appendix B) were compared. Only one type of image was used [27]. Again 
all pixels of the image {image size 435 x 280 pixels), except for the pixels on the border of the 
image, were used for the evaluation. The results are presented in Figure 3.6, Table 3.3 and the 
histogram in Figure 3. 7. In the first part of Table 3.3 no mask, median filter and interpolation 
was used. In the following step a mask was used to exclude those pixels with a low value of 
local varianee for matching. In the next steps also median filtering and interpolation were used 
during matching. Finally only points belonging to the cytoskeleton were selected for evaluation. 

reference image search image 

Figure 3.6: Results after matching two identical images using twelve features, four pyramid 
levels, interpolation and median filtering. Only the results of the points of a 10 x 10 grid are 
shown. When the match for a grid point is not defined the matching result of a point in the 
image dosest to this grid point is presented. 
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cfg no. pyramid levels no. image pixels no. matched points % RMSE 

8 features 1 120374 24128 20 0.06 
8 features 4 120374 22089 18 0.05 
12 features 1 120374 31271 26 0.06 
12 features 4 120374 29016 24 0.04 

with mask local varianee 
8 features 1 120374 17420 14 0.00 
8 features 4 120374 16984 14 0.00 
12 features 1 120374 21168 18 0.00 
12 features 4 120374 20625 17 0.00 

with mask and median filtering 
8 features 1 120374 42772 36 0.00 
8 features 4 120374 42752 36 0.00 
12 features 1 120374 46577 39 0.00 
12 features 4 120374 46544 39 0.00 

with mask, median filtering and interpolation 
8 features 1 120374 82897 69 0.00 
8 features 4 120374 82897 69 0.00 
12 features 1 120374 83368 69 0.00 
12 features 4 120374 83368 69 0.00 

only points of cytoskeleton 
with mask, median filtering and interpolation 

8 features 4 14560 14555 100 0.00 
12 features 4 14560 14559 100 0.00 

Table 3.3: Results after matching two identical images, using eight or twelve features. 

In all cases where twelve instead of eight features were used for matching better results were 
obtained. It should be taken into account that matching with twelve features consumes 40% more 
computation time than with eight features {for the combination of features given in Appendix 
B). 
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All matches determined by HFVM corresponded with the expected matching coordinates (see 
histogram in Figure 3.7). 

100 

00 

~ 00 '8. 
-g 40 

i 2) 

~ 0 

0 

2 4 6 8 10 

difference (pixels) 

Figure 3.7: Histogram of difference between actual matching results and expected displacement 
values after matching two identical images. The image matching was performed using the 
parameter settings given in the configuration file in Appendix B. 

The following sections 3.2, 3.3 and 3.4 present the matching results from matching the original 
image and an image which was translated, rotated or deformed. The images were matched using 
the best set of features. The matching results for these tests depend mainly on the number of 
pyramid levels that was used and the size of the search areas. Too small search areas result in 
a smaller percentage of matches and an increase in the number of incorrect matches. 
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3.2 Matching images of the cytoskeleton before and after translatio 

In this setup, the original image was translated over twenty pixels in vertical direction (Figure 
3.8). HFVM was used to determine the matches between the original and the translated im
age. The deviation between the matching results and the expected matching coordinates was 
calculated (Table 3.4, Figure 3.9). The analysis was performed using all image pixels. 

reference image search image 

Figure 3.8: Results after matching the original image (image size 435 x (280 - 20) pixels) and 
the image that was translated over twenty pixels in vertical direction. 
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no. image pixels no. matched points 
111714 76976 

Table 3.4: Results after matching the original image and the image that was translated over 
twenty pixels in vertical direction. 
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Figure 3.9: Histogram of difference between matching results and expected displacements. 

The coordinates found by HFVM and the expected coordinates deviated no more than two pixels 
(Figure 3.9). Large deviation between the results from matching and the expected matches would 
indicate that the search areas were not adjusted correctly. 
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3.3 Matching images of the cytoskeleton before and aft er rotation 

The original image was rotated connterclockwise over ten degrees (Figure 3.10). HFVM was 
used to determine the matches between the original and the rotated image. The deviation 
between the matching results and the expected matching coordinates was calculated (Table 3.5, 
Figure 3.12). The analysis was performed using all image pixels. In Figure 3.11 the disparity 
images from HFVM are given. The column disparity image indicates for every image pixel the 
displacement in horizontal direction, while the row disparity image indicates for every image 
pixel the displacement in vertical direction. The grey levels in the disparity images do not only 
depend on the size of the displacement, but also on the direction. 

reference image search image 

Figure 3.10: Results after matching the original image {image size 435 x 260 pixels) and the 
image that was rotated connterclockwise over ten degrees. 



3.3. MATCHING IMAGES BEFORE AND AFTER ROTATION 35 

no. image pixels no. matched points 
111714 74020 

Table 3.5: Results after matching the original image and the image that was rotated over ten 
degrees. The percentage of points that were matched could be higher, because a fraction of 
image pixels in the first image is not present in the second image because of the rotation. 

column disparities 

row disparities 

Figure 3.11: Column and row disparity images. The column disparity image indicates for every 
image pixel the displacement in horizontal direction, while the row disparity image indicates for 
every image pixel the displacement in vertical direction. The grey levels in the disparity images 
do not only depend on the size of the displacement, but also on the direction. In the column 
disparity image, for instance, white represents the largest horizontal displacement towards the 
right, while black represents the largest horizontal displacement towards the left. 
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Figure 3.12: Histogram of difference between matching results and expected displacements. 

Of the matching coordinates found by HFVM 82% deviated no more than two pixels from the 
expected coordinates (Figure 3.12). That 18% of the matches deviated more than two pixels 
could result from discretisation errors in the estimation of the expected displacements. 

It should be pointed out that the analysis must not be affected by rotation of the cell during 
image acquisition (see section 2.4.1). When using correlation matching, even a small rotation of 
the image hampers the matching greatly. The present results show that when using HFVM the 
quality of the matching results is not affected, when the rotation angle is not too large. 
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3.4 Matching images of the cytoskeleton before and aft er artificial 
two-dimensional deformation 

In this test, the original image was stretched 15% in both horizontal and vertical directions 
(Figure 3.13). HFVM was used todetermine the matches between the original and the deformed 
image. The deviation between the matching results and the expected matching coordinates was 
calculated (Table 3.6, Figure 3.15). The analysis was performed using all image pixels. In Figure 
3.14 the disparity images from HFVM are given. 

reference image search image 

Figure 3.13: Results after matching the original image (image size 435 x 260 pixels) and the 
image that was deformed 15% in both horizontal and vertical directions. 
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no. image pixels no. matched points 
111714 75131 

Table 3.6: Results after matching the original image and the image that was stretched 15% in 
both horizontal and vertical directions. The percentage of points that were matched could be 
higher, because a fraction of image pixels in the first image is not present in the second image 
because of the deformation {zooming in). 

column disparities 

row disparities 

Figure 3.14: Column and row disparity images. The column disparity image indicates for every 
image pixel the displacement in horizontal direction, while the row disparity image indicates for 
every image pixel the displacement in vertical direction. The grey levels in the disparity images 
do not only depend on the size of the displacement, but also on the direction. In the column 
disparity image, for instance, white represents the largest horizontal displacement towards the 
right, while black represents the largest horizontal displacement towards the left. 
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Figure 3.15: Histogram of difference between matching results and expected displacements. 

Of the matching coordinates found by HFVM 66% deviated no more than two pixels from the 
expected coordinates (Figure 3.15). lt has to be pointed out that the deviations of more than two 
pixels could be the result of discretisation errors in the estimation of the expected displacements. 



40 CHAPTER 3. RESULTS AND DISCUSSION 

3.5 Analysis of projections of the skeleton of the cell nucleus 

The images of ten projections of a volume rendering of one image stack of the nuclear lamina [6] 
were matched using HFVM. In the first projection lamina filaments were selected, resulting in 
1827 points. At each projection the nucleus was rotated over ten degrees The pixels belonging 
to these filaments were traeed along all the projections. The results are presented in Figures 
3.16 and 3.17 and Table 3. 7. Also the fust projection and the projection after a rotation of 50° 
were matched. These results can also he found in Figures 3.16 and 3.17 and Table 3.7. 

degrees rotation 0 10 20 30 40 50 60 70 80 90 0-50 
number of points matched 1827 1827 1826 1821 1814 1812 1804 1802 801 202 1758 

% matched points 100 100 100 100 99 99 99 99 44 12 

Table 3.7: Results of matching of various projections of the nuclear lamina of a cell. The 
percentage of matched points is given with respect to the number of points selected in the first 
image. 

with intermediate 

matching 

without intermediate 

matching 

Figure 3.16: Results of matching of projectionsof the cell nucleus. Two imagesshowinga part 
of the results of the image matching of the projections after a oo and 50° rotation, above the final 
results after intermediate matching; below the results after directly matching the first projection 
with the projection after a rotation of 50°. 

96 
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Figure 3.17: Results of matching of projections of the cell nucleus. The angle of rotation is 
indicated in the upper right corner. The blue dots indicate the originally selected 1827 points 
on the nuclear lamina. The yellow dots indicate the matched points. The last image presents 
the results from matching the first image with the image after a rotation of 50°. 
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The number of points that could be traeed from the first image until the image made after a 50° 
rotation is higher when the intermediate projections were also matched. But when camparing the 
images resulting from the direct 0°-50° rotation matching with those resulting after intermediate 
matching to 50° rotation {Figure 3.16), the latter lost their smoothness due to discretisation 
errors. Therefore, these points did not always coincide with the projected filaments. 

The total, horizontal and vertical displacement fields from the first projection until the projection 
made after a 50° rotation are given in Figures 3.18, 3.19 and 3.20. The darker the field is, the 
higher the displacement was. lt can be appreciated that the horizontal (Figure 3.19) was larger 
than the vertical displacement (Figure 3.20). 

44 pixels 

0 

Figure 3.18: Total displacement field (maximum 44 pixels = black). 
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44 pixels 

0 

Figure 3.19: Horizontal displacement field (maximum 44 pixels= black). 

44 pixels 

0 

Figure 3.20: Vertical displacement field (maximum 44 pixels= black). 
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3.6 Analysis of a time series of the spontaneous movement of 
the cytoskeleton 

Seven images (no. 1, 6, 11, 16, 21, 26, 31) of the total series of 31 images [15] were used for 
matching with HFVM. In the first image of the time series cytoskeletal filaments were selected 
by hand, resulting in 2968 points. The pixels belonging to these filaments were traeed during 
the time series. The results are presented in Figures 3.21 and 3.22 and Table 3.8. Also the first 
and the last image of the time series were directly matched skipping the intermediate matching. 
These results can also be found in Figures 3.21 and 3.22 and Table 3.8. 

time (min) 1 6 11 16 21 26 31 1-31 
number of points matched 2968 2945 2932 2920 2916 2913 2908 2900 

% matched points 100 99 99 98 98 98 98 98 

Table 3.8: Results of matching images of the time series. The percentage of matched points is 
given with respect to the number of points selected in the first image. 

with intennediate 

matching 

without intennediate 

matching 

Figure 3.21: Results of matching the fust and the last image of the the time series. Two images 
showing a part of the results of the image matching, above the results after matching also the 
intermediate images and below the results after directly matching the first and the last image. 
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Figure 3.22: Results of matching images of the time series. The numbers indicate the time 
(minutes) the image was recorded. The last image presents the results from matching of the 
first and the last image of the time series. 
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The matching results when matching only the first and the last image are as good as the matching 
results after matching using also the intermedia te images. But when camparing the images of the 
matching results made hy direct matching of the first and last image and the matching results 
made hy also matching the intermediate images {Figure 3.21), it can he ohserved in the latter 
that due to discretisation errors the matched structures lost their smoothness and did not always 
coincide with the filaments. Therefore the development of a more structure-hased matching 
algorithm was started { chapter 4). This algorithm allows tracing of corresponding structures, 
such as filaments of the cytoskeleton, in a series of images as opposed to corresponding pixels. 

The total, horizontal and vertical displacement fields from the first image until the last image are 
given in Figures 3.23, 3.24 and 3.25. On the scale of 42 pixels, hlack represents a displacement of 
2.1 f..Lm {Figure 3.23). The total cell width was ahout 25 f..Lm. Therefore the maximal displace
ment was found to he 8.5%, and which was located in the right site region of the cytoskeleton. 
It can also he appreciated that the largest displacements occurred in the horizontal direction 
(see Figures 3.24 and 3.25). 

42 pixels 

0 

Figure 3.23: Total displacement field {maximum 42 pixels {2.1 f..Lm) = hlack). 
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42 pixels 

0 

Figure 3.24: Horizontal displacement field (maximum 42 pixels (2.1 ~-tm) = black). 

42 pixels 

0 

Figure 3.25: Vertical displacement field (maximum 42 pixels (2.1 ~-tm) = black). 



Chapter 4 

Structure matching 

If the local characteristics between of successive images differ too much, the HFVM program 
will not he able to reliably find su:ffi.cient matches in order to calculate the displacement of total 
structures. Also, due to discretisation errors, the matched structures lose their smoothness and 
do not always coincide with the fibers anymore (see results paragraph 3.6). It should he pointed 
out that individual points of cytoskeletal filaments do belang to a larger structure and that a 
structure-based matching eventually could lead to better results. Therefore the development 
of a more structure-based matching algorithm was started. This algorithm allows tracing of 
corresponding structures, such as filaments of the cytoskeleton, in a series of images as opposed 
to corresponding pixels. This chapter describes various methods that could he applied for 
structure-based matching. This first part on image processing describes possible ways to better 
identify structures from the images, which is the initia! step in structure-based matching. The 
following three sections describe possible matching methods. 

4.1 Image processing 

The first step in structure matching is to find points in the images on which the structures can 
he built. These points of interest can for instanee he pixels which belang to fibers in the image, 
end points of fibers, or points where fibers intersect. Recognition of such points is subjected to 
certain criteria. The most important aspect is that they have to he obtained in the same way 
from every image of a time sequence of images, preferably without user interaction. 
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One approach to find pixels in the image which belang to fibers is to apply a filter kemel. On 
close inspeetion of fibers, it appears that in terms of pixels a fiber can bedescribed as an area 
of 3 x 3 pixels with higher intensity values than the surrounding pixels {Figure 4.1). Therefore 
the following kemel was used to accentuate the fibers: 

name width height weight offset 
fiber 5 5 1 128 
coe:ffi.cients 

0 -2 -2 -2 0 
-2 2 3 2 -2 
-2 3 5 3 -2 
-2 2 3 2 -2 
0 -2 -2 -2 0 

original filtered with 'fiber' 

Figure 4.1: Magnification of a small part of the image {image size 40 x 83 pixels) of the 
cytoskeleton, showing part of a fiber {left) and the result of the application of the kemel fiber 
on this part of the image ( right) . 

The result of the application of the fiber kemel on the total image of the cytoskeleton is given 
in Figure 4.2. The kemel gives the fibers itself a high grey level and its directly surrounding 
areas a low grey level. 

After the selection of endpoints of fibers by the user the points belonging to one fiber can easily 
be found using a recursive backtracking algorithm, on the condition that the fiber is visible on 
the image. The program which makes use of such an algorithm is described in the next section. 
When pixels belonging to a structure are identified they can be used to describe the properties 
of this structure and to fit a curve on the filaments. 
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Figure 4.2: Result after application of kemel fiber on the image of vimentin fibers. 

Another way to find points of interest is to look at the values of the various features used by 
HFVM, since matching is based on these feature values. The idea is that in an area in the 
image with feature values that are clearly different from the values in its surrounding areas, the 
matching results are better. Soit is also possible to use these characteristic points in the images. 
Since matching results for these points are believed to be better than for other points in the 
image, they could also be used in structure matching. 

The program Convolve can be used to apply a filter kemel on an image. And the program Select 
can be used to select image points with a certain grey level. The description of these programs 
can be found in Appendix D. 
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4.1.1 Program Structure 

The program requires the manual input of points on the contour in a black and white image. 
These points are marked with red crosses. The program then uses the recursive function Search 
to find points belonging to the first segment of the contour (from first point selected by user until 
next marked point). The program then continues to call this function until no more segments of 
the contour can be found. Points belonging to the contour are subsequently stared in a textfile. 
It is also possible to select multiple contours in one image. The used recursive algorithm is given 
on the next page. 

+ user 
selected 

Figure 4.3: Example output of Structure. The contour image is made using Matlab (first convert 
image to black and white image by thresholding im2bw, after that create contour plot of image 
data imcontour). 

A description of program Structure can be found Appendix D. 

The function Search The recursive function makes use of two globally defined arrays con
taining the contour points contour _x and contour -Y and a globally declared variabie index_c. 
When a contour point is found its coordinates are placed in the arrays contour_x and contour_y 
on position index_c. The function search uses six subfunctions: 

check_marker ...found : Check if next marker has already been found. 

getpixel : Read pixel value from the image. 

check_point_visited : Check if point has already been visited. 

check_neighbor _red : Check if neighbour of position is marked. 

add_contour _point : Add point to contour. 

remove_contour _point : Remave point from contour and decrease search depth. 
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function search (sx, sy, depth_c, in_x, in_y, nopoints) 
int sx; { x-coordinates } 
int sy; { y-coordinates } 
int depth_c; { search depth} 
int *in_x; { x-coordinates of input points} 
int * in_y; { y-coordinates of input points} 
int nopoints; { number of input points } 

int v, x, y, searchx, searchy, result; 
int on_contour, red_ marker, neighbour _red; 

{ Check if point has been found already } 
redJnarker = check_marker_found (nopoints, in_x, in_y, sx, sy) 
if {redJnarker) return (TRUE); fi; 

{ Check if maximum number of points has been searched } 
if {index_c > MAXPOINTS) return {FALSE); fi; 

{ Check if maximum search depth has been reached } 
if {depth_c > MAXDEPTH) return (FALSE); 
else 

fi· 
' 

result = FALSE; 
for (x = -1; x ~ 1; x = x + 1) 

for (y = -1; y ~ 1; y = y + 1) 
if (x ~ 0 À y ~ 0) 

fi· 
' 

rof; 
rof; 

searchx = sx + x; 
searchy = sy + y; 
v = getpixel (greytype, in, searchx, searchy); 

{ Check if point has not already been visited } 
on_contour = check_point_visited (searchx, searchy); 

{ Check if neighbour is marked } 
neighbour...red = check_neighbour...red (sx, sy, in_x, in_y, nopoints); 
if {neighbour...red) return {TRUE); 

{ Search for next point that can be added to contour } 
if (result = FALSE À v = black À on_contour = FALSE) 

add_contour_point (searchx, searchy); 

fi· 
' 

{ Call function search recursively } 
result = search (contour _x[ index_c - 1], contour -Y[ index_c - 1], 

depth_c + 1, in_x, in_y, nopoints); 
if (result = FALSE) 

remove_contour_point (searchx, searchy); 
fi· 

' 

return (result); 
11 
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4.2 Curve fitting and matching using B-splines 

The use of B-splines [14, 12, 4] stands as one of the most efficient curve representations and 
possesses very attractive properties such as boundness and continuity, local shape controlla
bility, and invariance to affine transformations. Therefore they have been used extensively in 
computer-aided design and computer graphics. Little work has been devoted to them for struc
ture recognition purposes. A possible reason might be that a B-spline curve can not uniquely 
be described by a single set of parameters ( control points), making the curve matching ( recogni
tion) process difficult when the respective parameters of the curves to be matched are compared. 
Despite this limitation attempts have been made to apply B-splines in structure recognition [8]. 
In the next section a brief description of B-splines is given. 

B-Splines B-splines are piecewise polynomial curves. They are defined by the so-called control 
points. In a B-spline each control point is associated with a basis function Ni,k of order k. 

n+l 

P(t) = L Ni,k(t)Pi tmin ~ t < tmax ( 4.1) 
i=l 

There are n+1 control points P1, P2, ... , Pn+l· The choice ofthe control points (t1, t2, ... , tk+(n+I)), 
or knot vector, determines where the pieces of the curve join. The basis functions are defined 
by: 

N.· 1 ( t) = { 1 i f ti ~ t < ti +I 
z, 0 otherw~se 

(4.2) 

t-t · t·+k-t 
Ni,k(t) = t I t Ni,k-l(t) + t I t Ni+l,k-l(t) 

i+k-1 - i i+k - i+l 
(4.3) 

In order to determine parameters from the image data, the first goal is to fit a B-spline on the 
structure, in our case filaments. A possible approach to achieve this, is to try to find such a 
B-spline that the error between the filament in the image and the corresponding B-spline is 
minimaL To this end, two main points need to be specified. First the error distance between 
the filament data and the B-spline curve should be specified. Secondly, the position of the 
control points has to be chosen. In [8] these methods are described extensively. However, a 
major difference between the applications described (identification of aircraft types and writer
identification based on handwritten text) and the problem of matching cytoskeletal filaments 
is that there exists a set of prototype curves. The observed curve data is fitted to prototype 
curves. When descrihing cytoskeletal filaments there is no set of prototype curves. So that the 
observed curve data can not be fitted to prototype curves. 

The advantage of B-splines is that they possess very attractive properties such as local shape 
controllability and continuity. 

However B-spline curves can not uniquely be described by a single set of parameters ( control 
points), which makes curve matching (recognition) processes diffi.cult when the respective pa
rameters of the curves to be matched are compared. 
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4.3 Graph matching using an association graph 

Another approach to structure matching is the graph matching method. Graphs are suitable for 
the description of relational structures. The cytoskeleton, which can be considered as a network 
of related fibers, can therefore also be described using graphs. When applying graph matching 
there are two possible approaches, which are described in this and the following section 4.4. 

Every image of the cytoskeleton can be represented by an attributed graph, where nodes rep
resent the fibers. Each node is characterized by certain attributes and related with other nocles 
via a set of binary relations (edges). In Figure 4.4 the vimentin cytoskeleton of Figure 2.1 is 
represented in a connectivity graph. For instance, fiber H is connected with fibers I,J and K. 
Fiber J has a conneetion with M and H, but not with L. 

cytoskeleton graph representation 

Figure 4.4: Representation of the connectivity of filaments in a graph. 

Examples of node attributes arelengthand orientation of an object (fiber). Examples of binary 
relations between nocles are connectivity, the relative position of one object with respect to 
another, relative size or orientation. 

Matching between graphs is called Graph Isomorphism. The (sub)graph isomorphism problem 
between a (sub)graph and another (sub)graph can be solved using an association graph [2, 23]. 

An association graph is formed by creating nocles from each compatible pair of nocles in a 
reference image and a search image, and inserting edges between nocles if they have equivalent 
relations. 
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An example of the creation of an association graph is given in Figure 4.5. In this example 
matching is not executed between successive images, but between a model and a scene. 

2 f 

6 5 b e 
a 

Model Scene 

Figure 4.5: Example of a model and a scene [2). 

In this example an association node is formed only if the lengths of the two compared lines are 
within plus or minus 10% in terms of pixel numbers. An edge is established between nocles if 
the angular change between the two corresponding segments is the same. 

I r:61 
[§] 

Figure 4.6: Association graph for the example in Figure 4.5. The solution to the clique finding 
problem is given by the black nocles and edges. 
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After the construction of an association graph the solution to the matching problem can be found. 
The 'best match' could well betaken to be the largest set of assignments {node correspondence) 
that were all mutually compatible under the relations. In an association graph this is the largest 
completely connected set of nodes. This is called a clique [18]. A clique to which no new nodes 
may be added without destroying the clique properties is a maximal clique. In other words 
the maximal clique gives the graph in which all nodes are directly connected to each other. In 
this formulation of matching, larger cliques indicate better matches, since they account for more 
nodes. Thus the best matches are determined by the largest maximal cliques in the association 
graph. 

Soa possible solution for the example problem may be {Figure 4.6): {a, 1), {c, 4), (d, 2), {e, 5), (g, 3). 
The nodes and edges representing the solution to the clique problem are black. The other nodes 
and edges in the association graph which do not belong to the clique are grey. 

A recursive algorithm to find cliques is [2]: 

function cliques (X, Y) 
Set X; { a clique } 

I [ 

]I 

Set Y; { a set of nodes } 

Node y; 

if {no Node in Y-X connected to allelementsin X) 
{ X is a clique } 
output X; 

else 

fi· 
' 

select Node y which is connected to allelementsin X 
cliques (X U{y}) U cliques {X,Y-{y}); 

cliques {0,N); { Initial call to recursive procedure } 

When this algorithm starts, the set containing the nodes belonging toa clique {X) is empty (0). 
Y then contains allnodesof the association graph, which is N. The algorithm starts by adding 
one node to the clique set of nodes. It then tries to find out if there is another node in the set 
Y that can be added to the set of clique nodes {X). This node has to satisfy the condition that 
it is connected to every node in X. This is repeated until no other nodes from Y may be added 
to X, and X contains the nodes of the association graph that form a clique. 

The advantage when using an association graph is that it is a simple, pure graph-theoretical 
structure, that allows the use of pure graph-theoretical algorithms such as clique finding. Also 
solving the matching problem using this method is less restricted than general graph isomor
phism, because nodes or edges may be missing from one or the other graph. The disadvantage 
when using an association graph is that the complexity of the clique finding problem is NP
complete. This implies that runtime of such an algorithm increases exponentially with the 
input. 



4.4. GRAPH MATCHING USING RELAXATION LABELLING 57 

4.4 Graph matching using relaxation labelling 

Relaxation labelling also uses the representation of fibers by nocles and edges. Every object 
(fiber) represents a node in the graphand thesetof edges represents relationships betweenthem 
(Figure 4.7). Every object can bedescribed by a number of m1 measurements or attributes. 
Examples of such unary attributes are length and orientation of an object. For each pair of 
objects there are m2 binary measurements. Examples of binary relations are the relative position 
of an object with respect to another, and its relative size or orientation. To each object a label 
is assigned, which indicates which object from the graphof the search image corresponds to the 
object in the reference image. On account of all the information there is for the system, a label 
will be given the most probable value. 

Figure 4. 7: Representation of properties of fibers (A, B, C) and relations between fibers. 

The problem of assigning labels to objects is called the 'labelling problem'. In pro babilistic 
labelling [7] labels may be weighted with probabilities; a {label, weight) pair can indicate some
thing like the 'probability of an object having that label'. The relaxation algorithm [19, 11] 
must find the best labelling. Relaxation labelling uses contextual information to resolve object 
labelling ambiguities. Relaxation labelling has also been used for edge detection [26] and image 
segmentation [16]. 

Given a set of objects a1, .. , an and a set of labels À1, ... , Àm the problem is to assign toeach ob
ject a unique label. Since this is not always possible ( due to, for instance, missing information), 
for each object a set of probabilities for each label needs to be assigned, given the contextual 
information and the measurements. The contextual information can be expressed by compati
bility coefficients. Such a compatibility coefficient is a measure of how compatible it would he for 
object ai+l to have label Àj+l, given that another object ai has label Àj. Relaxation labelling is 
an iterative process. The process is started with an assumption of probabilities. The contextual 
information and measurements are then used to re-calculate the probabilities. This procedure 
is repeated until the probabilities converge to stabie values. 

The advantage when using relaxation labelling in graph matching is that it replaces the NP -
complete problem of the previous paragraph with a problem which is solvable in polynomial 
time [7]. 
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General Discussion 

This is the first report descrihing the application of a hierarchical feature vector matching 
program on the natura! displacement of the cytoskeleton of living cells. Until now, correlation 
matching of two related images has been used on a braad scale. However, correlation matching 
has several disadvantages. First of all, the methad largely depends on camparabie pixel intensity 
levels. The methad most aften used for la helling of the cytoskeleton of living cells, up to now, has 
been the attachment of a fluorescent marker. The visualization of a fluorescent marker in time is 
subjected to bleaching, leading toa general decrease in intensity of the pixels. It is known that 
this physical property largely reduces the accuracy of correlation matching. A secoud drawback 
of correlation matching is that even a small rotation of the image or structures in the image 
negatively affects the precise matching of related pixels. Feature vector matching offers major 
advantages compared to correlation matching. This methad is less affected by differences in 
intensity values since it takes into account the characteristics of a variabie number of pixels in 
the neighbourhood. In our study it has been shown that in a series of 31 images, in which a 
certain degree of bleaching was inevitable, the HFVM program could easily recognize up to 98% 
of all selected original pixels belonging to the cytoskeleton. Furthermore, we show that rotation 
also does not affect the quality of matching, provided that the rotation angle is not too large. 

Another advantage of the HFVM program is that it is basedon multi-resolution image matching 
by using a number of pyramid levels. This offers the possibility to estimate locally the center 
of the search area, which is aften necessary when large differences in size and direction of 
displacement occurs. Furthermore, matching is less affected by image noise when using multi
resolution matching. 

The present results show that a combination of various features establishing the final feature 
vector of a pixel, is superior over only one feature or a combination of a few features. In our 
approach, a combination of twelve features led to the best results. 

Our results also show that a preselection of points belonging to the cytoskeleton in the image 
resulted in significantly better matching results than when selecting all image pixels. This seems 
trivia!, because a large number of points have an identical background grey scale intensity. By 
preselecting points on the cytoskeleton, matching results improve. However, the selection of 
image points belonging to the cytoskeleton by hand is a time-consuming effort. 
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The dynamic behaviour of the intermediate filament network in living cells has been stuclied 
before using GFP [24, 30, 17]. Image analysis was conducted using MetaMorph {Universal 
Imaging Corporation, West Chester [28]). These studies however were limited to the calcula
tion of displacements of vimentin dots and end points of vimentin filaments. This report in 
contrast presented a method used to reliably quantify the displacements of the entire vimentin 
cytoskeleton. 

The ultimate goal of the research project is to relate the cell's response to an external force. 
Therefore strains inside the cell, caused by an external deformation, have to he determined. 
When subjecting a cell to an external force, the changes in local characteristics in the images 
will he larger, when compared to images of natural deformations. Although we developed a 
method to calculate strains in the cell, we did not thoroughly calculate these strains, since the 
registrations of cytoskeletal deformations concerned spontaneous movements of the cell. Future 
experiments with actively stretched cells will provide conclusive evidence for the applicability of 
the HFVM program for these purposes. 

However, when the local characteristics between successive image will differ too much as a 
consequence of stretching, it is our idea that the HFVM program will not he able to find 
sufficient matches with high reliability in order to determine the displacement of total structures. 
Therefore, a more structure-based matching algorithm, that allows tracing of corresponding 
structures, such as complete cytoskeletal filaments, in a series of images, can offer a salution to 
this problem. Such an algorithm can also reduce errors in the local displacement field due to 
discretisation when matching a complete series of successive images. 

A possible approach to structure-based matching is matching using graphs. Graphs are suitable 
for descrihing relational structures. The filaments of the cytoskeleton can he regarcled as a 
relational structure. The main problem in structure-based matching is to obtain the structures 
from the images. Possible approaches to this problem are using a filter to obtain from the images 
important points of the structures, and using points with feature values that are clearly different 
from the values in the surrounding areas of the points because they are easier to trace in a series 
of images. 

An additional advantage when using a more structure-based matching algorithm is the easier 
switch from two to three spatial dimensions. The ultimate goal of this research project will he 
to determine cytoskeletal deformations inside the cell in three dimensions. In the present thesis, 
it was assumed that all cytoskeletal displacements occurred in the x-y plane. However, when a 
cell is subjected to active strain, the displacements will also occur in z direction, the problem is 
inherently three-dimensional. 



Chapter 6 

Conclusions and directions for future 
research 

The aim of this study was to quantify cytoskeletal deformation. The requirements for the 
applied image analysis were: quantify deformations of the entire cytoskeleton with the size of 
the deformations up to maximal physiological loading, the analysis must not be hampered by 
rotation or translation of the cell during the image acquisition, and determine deformations in 
three dimensions, if possible from multiple image stacks. 

The matching results of HFVM are very good w hen matching two images of natural deformations 
of the cytoskeleton. Approximately 98% of the points in the image belonging to the cytoskeleton 
could be matched with points in the last image of a time series of images of the spontaneous 
movement of the cytoskeleton, taken thirty minutes after the first image. 

When matching the complete time series of images, the percentage of points that could be traeed 
is still approximately the same. The global displacement field of the cytoskeleton is correct, 
but locally the matched points start to let go of the filaments. This is due to accuroulating 
discretisation errors. After seven image matching steps the matching results do not coincide 
with the filaments. 

A more structure-based matching algorithm, that allows tracing of corresponding structures, 
such as complete cytoskeletal filaments, in a series of images, can be a salution to this prob
lem. The ultimate goal of this research project will be to determine cytoskeletal deformations 
inside the cell in three dimensions. An additional advantage when using a more structure-based 
matching algorithm is the easier switch from two to three spatial dimensions. A possible aJr 
proach to structure matching is the graph matching method. At the moment, both methods for 
graph matching, as described in sections 4.3 and 4.4, seem equally suitable. The problem when 
using an association graph is the complexity of the clique finding algorithm. Future research on 
actively stretched cells will provide evidence for the most appropriate technique to be applied 
to calculate adequately cytoskeletal displacement and intracellular strains. 
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B Configuration file for HFVM 

(Names] ;livel.ras ;live3l.ras (; = comment) 

;Image narnes are taken from cammand line, but could also be specified here. 

;In that case they would overwrite the narnes specified in the cammand line. 

;Level Range = 0 4 

;12 Features: Var55, Aver5, V5, H5, V7, H7, V13, H13, V19, H19, Gauss, rea17 

;Search Space on lowest level is: 4 4 (size 9 x 9) 

;Search Space on intermediate level is: 4 4 (size 9 x 9) 

;Search Space on highest level is: 8 8 ( size 17 x 17) 

;Interpolation Size on lowest level is : 30 

;Interpolation Size intermediate level is : 30 

;Interpolation Size on highest level is : 10 

;Disparity Filter on lowest level is : Median5 

;Disparity Filter intermediate level is : Median5 

;Disparity Filter on highest level is : Median3 

;Maximum Shifts 2 for alllevels 

Basename = live 

;Basename for output images 

Kemel Path = /homejpajhfvm/Config/Kernels/ 

;Directory where filter kernels are located 

(Pyramid] 

;Kemel = featurel.krn 
Level Range = 0 4 

(Features] 

Feature! = Var55.krn 2 (weight) Feature2 = Average5.krn 2 Feature3 = V5.krn 4 

Feature4 = H5.krn 4 Feature5 = V7.krn 4 Feature6 = H7.krn 2 

Feature7 = V13.krn 2 FeatureS = Hl3.krn 2 Feature9 = Vl9.krn 4 

FeaturelO = Hl9.krn 4 Feature U = Gauss77.krn 4 Feature12 = real7 _3.krn 4 

;Left Image4 = livel.ras 5 ;Right Image4 = live3l.ras 5 



B CONFIGURATION FILE FOR HFVM 

[Lowest Level] 

Col Disparity Filter = Median5.krn 

Row Disparity Filter = Median5.krn 

Interpolation Size = 30 

Search Space = 4 4 

Subpixel Lut = 8.1ut 

;Grid Width = 2 

Consistency = Backmatching 

Backmatching Limits = 0 2 

Mask = Feature1 

;Mask = Image4 

Mask Limits = 5 255 

Maximum Shifts = 2 

[Intermediate Levels] 

Col Disparity Filter = Median5.krn 

Row Disparity Filter= Median5.krn 

Interpolation Size = 30 

;Grid Width = 2 

Search Space = 4 4 

;Mask = Feature1 

Consistency = Backmatching 

Backmatching Limits = 0 17 

Maximum Shifts = 2 

;Mask = Image2 

[Highest Level] 

Col Disparity Filter = Median3.krn 

Row Disparity Filter= Median3.krn 

Interpolation Size = 10 

Search Space = 8 8 

;Mask = Feature1 

;Mask = Image2 

Consistency = Backmatching 

Backmatching Limits = 0 17 

Maximum Shifts= 2 
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C Explanation of used features and parameters 

Cl Explanation of configuration file 

Disparity Filter 
The filename of the disparity filter, preferably a median filter. 

lnterpolation Size 
Size of largest hole in pixels {masked by the consistency "Backmatching") to he interpolated. 

Search Space 
Number of pixels to search in column (scol) and row (srow) direction. The search space must 
he > 0. Therefore the search window size is {2scol2 + 1) * {2srow2 + 1). 

Consistency Backmatching 
If specified, this will force left-right and right-left matching, as wellas the symmetrie output of 
all results. This is recommended at least for Levels > 0. Pixels with backmatching distance not 
between low and high are interpolated. Low should he 0. 

Mask 
Specifies which feature or image is used as mask for matching. 

Mask Limits 
Only pixels are matched whose values on Mask are between low and high Mask Limit. {undefined 
pixels are interpolated afterwards, if specified by the disparity filter and interpolation procedure) 

Maximum Shifts 
Maximum number of search window shifts, if the match found is located at the border of the 
search window. 

C2 Explanation of used features 

local varianee 
Definition Local Average 

1 
average(x, y) = (2sx + 1) * (2sy + 1) L greyvalue(x +i, y + j) 

-sx$_i$_sx,-sy$_j$_sy 

Definition Local Varianee 

1 
varianee = (2sx + 1) * (2s + 1) . L . (greyvalue(x +i, y + j)- average(x, y))2 

Y -sx$_z$_sx,-sy$.J$.sy 

with: 

sx : half kemel width 
sy : half kemel height 
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The feature value is calculated by multiplying the value in the kemel with the grey level in the 
image and by adding the resultant values toeach other. This value is divided by the filter weight 
and added to the filter offset. 

name width height 
5 average 5 

coefficients 

name 
V5 
coe:fficients 

name 
H5 
coefficients 

name 
V7 
coefficients 

1 1 1 1 1 
1 1 1 1 1 
1 1 1 1 1 
1 1 1 1 1 
1 1 1 1 1 

width 
1 

height 
5 

2 1 0 -1 -2 

width 
5 

height 
1 

2 1 0 -1 -2 

width 
1 

height 
7 

weight 
25 

weight 
4 

weight 
4 

weight 
2 

1 0 -1 0 1 0 -1 

name 
H7 
coefficients 

name 
V13 
coefficients 

width 
7 

height 
1 

weight 
2 

1 0 -1 0 1 0 -1 

width 
1 

height 
13 

weight 
8 

offset 
128 

offset 
128 

offset 
128 

offset 
128 

offset 
128 

offset 
128 

2 1 0 -1 -2 -1 0 1 2 1 0 -1 -2 

name 
V13 
coefficients 

width 
13 

height 
1 

weight 
8 

offset 
128 

2 1 0 -1 -2 -1 0 1 2 1 0 -1 -2 
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name width height weight offset 
V19 1 19 8 128 
coefficients 

-3 -2 -1 0 1 2 3 2 1 0 -1 -2 -3 -2 -1 0 1 2 

name width height weight offset 
H19 19 1 8 128 
coefficients 

-3 -2 -1 0 1 2 3 2 1 0 -1 -2 -3 -2 -1 0 1 2 

name width height weight offset 
Gauss 7 7 84 0 
coefficients 

1 1 1 1 1 1 1 
1 1 1 2 1 1 1 
1 1 3 5 3 1 1 
1 2 5 8 5 2 1 
1 1 3 5 3 1 1 
1 1 1 2 1 1 1 
1 1 1 1 1 1 1 

name width height weight offset 
Re al 7 7 100 128 
coefficients 

-5 -5 -5 -7 -7 -6 -6 
-5 -2 3 -4 -12 -9 -6 
-5 3 27 28 -3 -12 -7 
-7 -4 28 59 28 -4 -7 
-7 -12 -3 28 27 3 -5 
-6 -9 -12 -4 3 -2 -5 
-6 -6 -7 -7 -5 -5 -5 

name width height weight offset 
Im 9 9 100 128 
coefficients 

0 -2 -5 -9 -11 -11 -9 -5 -2 
2 0 -5 -10 -15 -17 -15 -10 -5 
5 5 0 -8 -15 -20 -19 -15 -9 
9 10 8 0 -10 -17 -20 -17 -11 

11 15 15 10 0 -10 -15 -15 -11 
11 17 20 17 10 0 -8 -10 -9 
9 15 19 20 15 8 0 -5 -5 
5 10 15 17 15 10 5 0 -2 
2 5 9 11 11 9 5 2 0 



Appendix D Description of programs 

This section describes the main G programs used for the presentation of matching results (Gom
pare, Timesequence, Video, Strain) and the tracing of points which belong to a structure in a 
black and white image (Structure). After a short description of the programs the used data 
structures and functions are discussed. Finally, other programs (Select, Galc, Gonvolve, Setsize) 
are described that were used for the selection of image pixels with certain grey level, calculation 
of the RMSE, applying a filter kemel on an image and changing the size of an image. 

Program Compare 

{program by Nico Kuijpers) 

The program Gompare is implemented in compare.c. 
The program Gompare presents results from matching two related images. Results are presented 
in two images. The matching results of a number of grid points and/or of a selection of points 
indicated by the user are displayed (points refers to a number of selected image pixels, or matched 
image pixels). Arrows in the first {reference) image indicate the size and the direction of the 
displacement of the selected points. Arrows in the second (search) image indicate where the 
points came from. Input and matching coordinates are written to file. 

The program uses the modules: match.c, filter.c, struct.c, square.c, textfile.c, vector.c, xdraw.c, 
util.c and error.c. 

Program Timesequence 

The program Timesequence is implemented in timesequence.c. 
The program Timesequence presents the results from matching a sequence of several images of 
the input grid points and/or of points belonging toa structure selected by the user. Results are 
presented in either two or four images, as results of matching of grid points can also he presented 
separately images. The coordinates of input and matching points per time step are placed in a 
file. Input coordinates are also written to file to he used in the program Video or again in the 
program Timesequence. 

The program uses the modules: coor _ match.c, textfile.c, line.c, grid.c, xdraw.c, util.c and 
error.c. 
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Program Video 

The program Video is implemented in video.c. 
The program Video presents the results from matching a sequence of several images of points 
which can he selected hy the user. Results are presented as a series of images indicating the 
originally selected points and the matching points for every time step. By viewing the result 
images as a movie the displacement of the cytoskeleton can he foliowed in time. The numher of 
selected points and the numher of matched points per time step are stared in a textfile. Input 
coordinates are also written to file to he used in the program Timesequence or again in the 
program Video. 

The program uses the modules: coor _match.c, textfile.c, util.c and error.c. 

Program Strain 

The program Strain is implemented in strain.c. 
The program creates a grid of size given hy the user. It then calculates the average principal 
strains in every square of grid points. After that it calculates the stretch ratios. For definitions 
of strain and stretch ratios see section 2.5.4. The results are presented hy drawing two lines in 
every square of the image, one in horizontal direction and one in vertical direction. The color 
of each line element indicates if the segment has undergone positive (red) or negative (yellow) 
strain, the length of a line element indicates the relative size of the stretch. 

The program uses the modules: calc_strain, draw_strain, coor_match.c, textfile.c, grid.c, 
xdraw.c, util.c and error.c. 

Program Structure 

The program Structure is implemented in structure.c. 
The program asks the user to input points on the contour in a hlack and white image. These 
selected points are marked with red crosses. The program then uses the recursive function 
Search to find points helonging to the first segment of the contour (from first point selected hy 
user until next marked point). The program then continues to call this function until no more 
segments of the contour can he found. After that points helonging to the contour are stared in 
a textfile. It is also possihle to select multiple contours in one image. 

The program uses the modules: contour.c, textfile.c, xdraw.c, util.c and error.c. 
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Data structures 

The data structure for the imagescan be found in image.h. 

The structure type Image2D stores all image information. The fields of Image2D are: width and 
height of the image, depth {number of bits per pixel) and data {address where first image line is 
stored). 

Using the rnacros getpixel or setpixel the grey value of a pixel can be obtained or changed. 

getpixel (type, im, x, y) 
Read pixel value of {x,y) from the image im. type can be GREYTYPE {8 bit pixels) or DISP
TYPE {16 bit pixels). 

setpixel (type, im, x, y) 
Store the pixel value of {x,y) in the image im. type can be GREYTYPE {8 bit pixels) or 
DISPTYPE {16 bit pixels). 

The structure type Filter, which can be found in types.h, stores filter kemel information. The 
fieldsof Filter are: op {kind of filter), width and height of kemel, weight and offset. 

Modules 

CALC_STRAIN 

calc_strain is the module used for calculating strains and stretch ratios from the matching 
results of two images. calc_strain is implemented in calc_strain.c and calc_strain.h. 

functions: 

• iniLcalc {int imagewidth, int imageheight, Image2D *coldispimage, 
Image2D *rowdispimage) 
Initialize width and height. Initialize disparity images. 

• calculate_strain {int *leftxarr, int *leftyarr, int *rightxarr, int *rightyarr, int *nopoints, 
float *strain..E1, float *strain..E2, int *xarr, int *yarr, int gridsize) 
Start calculation of strains in principal directions. leftxjyarr contain the input coordinates. 
rightx/y contain the matching coordinates. xjyarr contain the coordinates of the grid 
points created by fill...strain_grid. 

• calculate_square (int *firstX, int *firstY, int *secondX, int *secondY, float *Ex, 
float *Ey) 
Calculate principallocal strains fora given square. Input: four coordinates of the square 
and their matching coordinates. Output: the principal strains calculated for each triangle 
in the square of points. 

• calculate_average {float *strainE1, float *strainE2, float *Ex, float *Ey) 
Calculate average of four values for strain in principal directions. If the strain for one of 
the triangles could not be determined its value is set to zero, so that it does not influence 
the average. 
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• calculate_stretch {float *strainEl, float *strainE2, int nopoints, float *stretchX, 
float *stretch Y) 
Calculate stretch ratios in x - and y - direction from principal strains. 

• find_maximum (float *stretch_X, float *stretch_Y, int nopoints, float *max_stretch) 
Find the maximum value of two arrays of data. 

CONTOUR 

contour is the module used for the selection of contour points in a black and white image and 
finding back the other points belonging to a structure. contour is implemented in contour.c 
and contour.h. 

functions: 

• iniLcontour {int imagewidth, int imageheight, Image2D *inimage) 
Initialize image. lnitialize width and height. 

• geLBW_coordinates {int *in....x, int *in_y, int *nopoints) 
Get input coordinates. nopoints indicates the number of points given by the user. The 
input coordinates are marked by red crosses. 

• search {int sx, int sy, int depth_c, int *in....x, int *in_y, int nopoints) 
Find pixels belonging to contour starting from one user selected point to another user 
selected point (stored in in....x and in_y). Search stops if the maximum search depth has 
been reached. For further explanation of algorithm see section 4.1.1. 

• check_marker _found {int nopoints, int *in ....x, int *in_y, int sx, int sy) 
Check ü next marker has already been found. 

• check_poinLvisited {int searchx, int searchy) 
Check if point (searchx,searchy) has already been visited. 

• check_neighbour_red {int sx, int sy, int *in....x, int *in_y, int nopoints) 
Check if neighbour of position (sx,sy) is marked. 

• add_contour _point {int searchx, int searchy) 
Add point (searchx,searchy) to contour. 

• remove_contour_point {int searchx, int searchy, int *depth_c) 
Remove point (searchx,searchy) from contour and decrease search depth. 

COOR.MATCH 

coor _match is the module used for selecting image points and presenting the matching results 
of these points. coor _match is implemented in coor _match.c and coor _match.h. 

functions: 

• iniLcoor_match (int imagewidth, int imageheight) 
lnitialize width and height. 
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• iniLdisp (Image2D *coldispimage, Image2D *rowdispimage) 
Initialize disparity images and execute consistency check. 

• geLcoordinates (int *firstxarr, int *firstyarr, int *nopoints, int offx, int offy) 
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Get input coordinates. nopoints indicates the number of points given. The input coordi
nates are marked by blue points. The offset is used toselect the image in which the results 
have to be presented when multiple images aredrawnon the screen. 

• get_match_coordinates (int *m_points, int *firstxarr, int *firstyarr, int *secondxarr, int 
*secondyarr, int offx, int offy) 
Calculate matching coordinates (secondx/yarr) for given input coordinates (firstxjyarr). 
A point for which no match is defined is indicated as a red point in the image. First 
m_points contains the number of input points, at the end of the function the number of 
points that could be matched are stored in m_points. The offset is used to select the image 
in which the results have to be presented when multiple images are drawn on the screen. 

• draw_points (int drawcolor, int *xarr, int *yarr, int nopoints, int offx, int offy) 
The input coordinates are marked by points with color drawcolor. The offset is used to 
select the image in which the results have to be presented when multiple images are drawn 
on the screen. 

DRAW_STRAIN 

draw ....strain is the module used for drawing stretch ratios in the images. draw ....strain is 
implemented in draw..strain.c and draw..strain.h. 

functions: 

• draw_strains (int *xarr, int *yarr, float *stretchX, float *stretch Y, int nopoints, 
int gridsize) 
Draw stretch ratio in x - and y - direction in left image of stereopair for every grid point. 

• draw_negpos_stmins (int *xarr, int *yarr, float *stretchX, float *stretchY, int nopoints, 
int gridsize) 
Draw stretch ratio in x - and y - direction for every grid point. Positive strains are drawn 
in the right image, and negative strains are drawn in the left image. 

ERROR 

error is the module used for error message handling. error is implemented in error.c and 
error s.h. 

functions: 

• error_report (int err) 
Display an error message to the user. 

• warning_report (int warn) 
Display a warning message to the user. 
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FILTER 

filter is the module that eontains all functions needed to apply the various kemels. filter is 
implemented in filter.c and filter.h . 

funetions: 

• convolution_filter (Image2D *in, Image2D *out, int border_width, int borderJieight, Fil
ter *km) 
Apply eonvolution kemel on raw image data. The input image is assumed to be a border 
image with borders of width border_width and height borderJieight. The output image is 
assumed to be a grey level image (depth 8). 

• locaLvariance (Image2D *input, Image2D *output, int border_width, int borderJieight, 
Filter *km) 
Compute varianee image. The input image is assumed to be a border image with borders 
of width border_width and height borderJieight. The output image is assumed to be a 
grey level image (depth 8). 

• border-image (Image2D *in, Image2D *out, int borderwidth, int borderheight) 
Create border image. The output image is a larger eopy of the input image whieh eontains 
a mirrored version of the input image at the borders. 

• median_filter (Image2D *in, Image2D *out, Filter *km) 
Median filter to reduee salt and pepper noise. The input and output images are expeeted 
to be disparity images of depth 16 (dispdepth). 

• locaLmaximum (Image2D *input, Image2D *output, int border_width, int borderJieight, 
Filter *km) 
Compute loeal maximum image. The input and output images are expeeted to be images 
of depth 8 (greydepth). 

• symm_neighbour (Image2D *input, Image2D *output, int border_width, int borderJieight, 
Filter *km) 
Compute symmetrie neighbourhood image. The input and output images are expeeted to 
be images of depth 8 (greydepth). 

• median_filter_greydepth (Image2D *in, Image2D *out, Filter *km) 
Median filter to reduee salt and pepper noise. The input and output images are expeeted 
to be images of depth 8 (greydepth). 

GRID 

grid is the module used for the ereation of grids in images. grid is implemented in grid.c and 
grid.h. 

funetions: 

• iniLgrid (int imagewidth, int imageheight) 
Initialize width and height. 
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• create_grid {int *gridxarr, int *gridyarr, int *g_points, int gridsize) 
Get grid coordinates of a grid of size gridsize. The number of grid points is stored in 
g_points. 

• filLstrain_grid {int *xarr, int *yarr, int *nopoints, int gridsize) 
Fill grid with points for which strains are presented. These points are the centers of the 
squares of points created by create_grid. 

LINE 

line is the module used for the visualization of displacementsof the cytoskeleton duringa series 
of images by drawing lines in the images. line is implemented in line.c and line.h. 

functions: 

• iniUine (int imagewidth, int imageheight) 
Initialize width and height. Create and initialize two-dimensional array linedrawn. This 
array is used todetermine whether a line has already been drawn in the neighbourhood 
of the current position. 

• starUine_image {int *leftxarr, int *leftyarr, int *rightxarr, int *rightyarr, int *firstxarr, 
int *firstyarr, int *secondxarr, int *secondyarr, int mindist, int *v_points, int offx, int offy) 
The coordinates stored in firstxfyarr and secondxfyarr are used to present matching results 
in the images. In the first image of a series, the coordinates in firstxfyarr are always 
separated by a distance which is at least mindist. The offset is used toselect the image in 
which the results have to be presented when multiple images aredrawnon the screen. 

• update_lines {int *firstxarr, int *firstyarr, int *secondxarr, int *secondyarr, int nopoints, 
int offx, int offy) 
Draw a line in the left and right image to indicate a match for the coordinates from 
updateJinejmage. 

MATCH 

match is the module used for matching operations. match is implemented in match.c and 
match.h. 

functions: 

• iniLmatch(int imagewidth, int imageheight, Image2D *coldispimage, Image2D *rowdispim
age) 
Initialize disparity images. Initialize width and height. 

• match(int inx, int iny, int *outx, int *outy, int *matchdefined) 
Compute matching coordinates using column disparity image coldisp and row disparity 
image rowdisp. If a match is defined TRUE is returned for matchdefined, else FALSE. 
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• average_displacement(int xO, int yO, int xl, int yl, int *averdispx, int *averdispy, 
int *averdispdefined, int *quality) 
Compute average displacement in X and Y direction within a rectangle defined by upper 
left corner (xO,yO) and lower right corner (xl,yl). If an average displacement vector can 
be computed, TRUE is returned for averdispdefined, else false. The average displacement 
vector is returned in averdispx and averdispy. FUnction match is used to compute the 
individual matches. Return value quality is a measure for the quality of the matches. 100 
denotes 100% of the matches is defined, 0 denotes no matches defined. 

• geLmatching_points(int *leftx, int *lefty, int *rightx, int *righty) 
Get a pair of matching points through user interaction. Whenever a point is chosen for 
which no match is defined, a red point is drawn in the left image. If a matching point is 
found, the coordinates of the point in the left image and the matching point in the right 
image are returned. Note that the matching pairs are NOT marked. That is left to the 
caller. 

• create_matching_image(char leftname[], char rightname[]) 
Create and save matching images and matchfile. File narnes are constructed from leftname 
and rightname. A stereo pair of images should be drawn on screen. 

SQUARE 

square is the module used the selection of squares in the first image and present matching result 
of this square in the next image. square is implemented in squareh.c and square.h. 

functions: 

• iniLsquare(int imagewidth, int imageheight, int *drawsquareimage) 
Initialize image width and image height. Ask user whether square image should be created. 

• create_square_image( char leftname[ ], char rightname[]) 
Create and save square images and squarefile. File narnes are constructed from leftname 
and rightname. A stereo pair of images should be drawn on screen. 

• create_rectangle_image( char leftname[], char rightname[]) 
Create and save rectangle images and rectfile. File narnes are constructed from leftname 
and rightname. A stereo pair of images should be drawn on screen. 

STRUCT 

struct is the module used for the creation of structure images. struct is implemented in struct.c 
and struct.h. 

functions: 

• iniLstruct(Filter *structfilt, int *createstructim) 
Define structure filter kemel to create structure image. Ask user whether structure images 
should be created. The user is asked to give a filename containing a kemel description. If 
loading the file does not succeed, or a filename is not given a default kemel is defined. 

• create_strucLimage(Image2D *image, char imagename[], Filter structfilt) 
Create and save structure image of input image using convolution kemel structfilt. 
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TEXTFILE 

textfile is the module used for storing results in textfiles. textfile is implemented in textfile.c 
and textfile.h. 

functions: 

• write_header_textjile (char leftname[], char rightname[], char textfilename[], FILE *textfile) 
Write header of textfile using leftname, rightname and textfilename. 

• write_header_timematch (char leftname[], char rightname[], char timematchfilename[], 
FILE *timematch, int nrimages) 
Write header timematch file using leftname, rightname, timematchfilename and the num
ber of images. 

• write_match_textjile (int inx, int iny, int outx, int outy, int matchdefined, FILE *textfile) 
Write coordinates of point in left image and coordinates of matching point in right image 
to textfile. 

• write_coordinates_file (char firstname[], char coorfilename[], FILE *coordinates, 
int nrimages, int nopoints, int *xarr, int *yarr) 
Write input coordinates from program Video to coordinates file using the number of images 
and the number of points. 

• write_results (FILE *results, char imagename[], int nrimages, int nopoints, int m_points) 
Write results of program Video to results file using the image name of the time series, the 
number of images, the number of input points and the number of matched points. 

• close_textjile (FILE *textfile) 
Close textfile. 

• write_time_matchfile (int *xarr, int *yarr, FILE *timematch, int nopoints, int nrimages) 
Write coordinates to timematch file using the number of points and the number of images. 

• read_textfile (char coorfilename[], int *nopoints, int *xarr, int *yarr) 
Read coordinates from coordinates textfile. The number of pointscan be obtained from 
the coordinates file. 

• write_strain_matches (char matchfilename[], int nopoints, int *first.JC, int *first_Y, 
int *second.JC, int *second_Y) 
Write input and matching coordinates to match file using the number of points. 

• write_strain_file (char strainfilename[], int nopoints, float *first.JC, float *first_Y, 
float *second.JC, float *second_ Y) 
Write strains and stretch ratios to strain file using the number of points. 

• read_gridfile (char gridfilename[], int *nopoints, int *xarr, int *yarr, 
int *matchx, int *matchy) 
Read input and matching coordinates from gridfile until the end of the file is reached. The 
number of points read is then stored. 
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UTIL 

util is the module used for images operations. util is implemented in util.c and util.h. This 
module was originally written by Joanneum Research. 

functions: 

• load_image {char *name, Image2D *im) 
Load a sun raster file and return a pointer to the raw data. 

• save_ image ( char *name, Image2D *im) 
Write standard SUN raster file to disk. 

• create_image {Image2D *im, int width, int height, int depth) 
Create a raw image with specified dimensions and depth. 

• free_image {Image2D *im) 
Free the memory occupied by an Image2D structure. 

• load_kernel ( char *filename, Filter *krn) 
Load the description of a kemel for feature generation. 

• copy_image {Image2D *in, Image2D *out) 
Move the contentsof one image into another. 

• copy_region {Image2D *in, int sx, int sy, int rx, int ry, Image2D *out, int dx, int dy) 
Move rectangular region of one image into region of another. (sx,sy) are the start coordi
nates and (rx,ry) is the size of the region to copy. (dx,dy) are the coordinates within the 
destination image. 

• check_imformat (Image2D *im1, Image2D *im2) 
Check if two images have equal size and depth. 

• scale_image (Image2D *in, Image2D *out, int lo, int hi) 
Scale a 16 bit image into 8 bit so that value lo is transformed to 0 and value hi is transformed 
to 255. 

• half_im_size (Image2D *inim, Image2D *outim) 
Divide the size of an 8 or 16 bit image by two. 

• clear _image {Image2D *im) 
Set all pixel values of an image to 0. 

VECTOR 

vector is the module used for the visualization of displacements of the cytoskeleton during a 
series of images by drawing lines in the images. vector is implemented in vector.c and vector.h. 

functions: 
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• iniLvector(int imagewidth, int imageheight, int *drawvectorimage) 
Initialize image width and image height. Define gridsize through user interaction. If user 
interaction does not succeed a default value defined by GRJDSIZE is used instead. Initialize 
the minimum distance between two veetors in the left image through user interaction. If 
user interaction does not succeed a default value defined by VECTORDISTANCE is used 
instead. Create and initialize twcrdimensional array vectordrawn. This array is used to 
determine whether a vector has already been drawn in the neighbourhood of the current 
position. 

• int update_vector_image(int inx, int iny, int outx, int outy) 
Draw a vector in the left and right image to indicate a match. If (inx,iny) is too close to 
a point in the left image for which a vector is already drawn, no vector will he drawn and 
the function returns successfully. Otherwise a vector will he drawn in the left and right 
image. The reference vector ( refx,refy) will he subtracted from the matching vector to he 
drawn. In case the length of the is equal to zero, a marker will he drawn instead of a 
vector. The array vectordrawnis kept up-to-date. 

• create_vector_image(char leftname[], char rightname[]) 
Create and save vector images and gridfile. File narnes are constructed from leftname and 
rightname. A stereo pair of images should he drawn on screen. 

XDRAW 

xdraw is the module used for drawing images and points. xdraw is implemented in xdraw.c 
and xdraw.h. This module uses Graphics support from the Eindhoven Communication Library 
(ECL). 

functions: 

• draw_image (Image2D *im, double gamma) 
Open X-display and draw grey level image on screen. Define grey colors and most common 
colors in color table. If gamma != 1.0, gamma function will he used to define grey colors. 

• draw_inv_image (Image2D *im) 
Open X-display and draw inverted grey level image on screen. 

• draw_BW_image (Image2D *im) 
Open X-display and draw grey level image (black and white) on screen. 

• draw_stereopair (Image2D *left, Image2D *right, double gamma) 
Open X-display and draw stereo pair of images on screen. Define grey colors and most 
common colors in color table. If gamma != 1.0, gamma function will he used to define 
grey colors. 

• draw_four (Image2D *left, Image2D *right, double gamma) 
Open X-display and draw four images (left-right,left-right) on screen. Define grey colors 
and most common colors in color table. If gamma != 1.0, gamma function will he used to 
define grey colors. 

• draw_end ( ) 
Remove graphics window. 
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• draw_marker (int x, int y, int bx, int by, int bw, int bh) 
Draw marker on location {x,y) within a box defined by upper left corner {bx,by), width 
bw and height bh. 

• puLmarker {int x, int y, int bx, int by, int bw, int bh, int marker_width, int marker_height, 
int color_verJine, int color_horJine) 
Draw marker on location {x,y) with marker_width and marker_height, within a box defined 
by upper left corner {bx,by), width bw and height bh. 

• draw_line {int sx, int sy, int fx, int fy, int bx, int by, int bw, int bh, int color) 
Draw line from (sx,sy) to {fx,fy) within a box defined by upper left corner {bx,by), width 
bw and height bh. 

• draw_vector {int sx, int sy, int fx, int fy, int bx, int by, int bw, int bh) 
Draw vector from (sx,sy) to {fx,fy) within a box defined by upper left corner {bx,by), width 
bw and height bh. 

• draw_point {int color, int x, int y, int bx, int by, int bw, int bh) 
Draw point on location {x,y) within a box defined by upper left corner {bx,by), width bw 
and height bh. 

• draw_circle {int x, int y, int bx, int by, int bw, int bh) 
Draw circle with center {x,y) within a box defined by upper left corner {bx,by), width bw 
and height bh. 

• draw_cross {int x, int y, int bx, int by, int bw, int bh) 
Draw cross with cross section (x,y) within a box defined by upper left corner {bx,by), 
width bw and height bh. 

• draw_mouse_input {int *leftpressed, int *rightpressed, int *x, int *y) 
Get state and coordinates {x,y) from mouse input. leftpressed = true when left mouse 
button is pressed, else false. rightpressed = true when right mouse button is pressed, else 
false. Function call will not return befare mouse input. 

• draw_inpuLrectangle {int *xO, int *yO, int *xl, int *yl) 
Get the coordinates of a rectangle from mouse input. {xO,yO) are the coordinates of the 
upper left corner of the square. {xl,yl) are the coordinates of the lower right corner. 
Function call will not return befare mouse input. 

• draw_save_image (int bx, int by, int bw, int bh, char *name) 
Save image within a box defined by upper left corner {bx,by), width bw and height bh as 
SUN rasterfile. 

• draw_save_image_gif {int bx, int by, int bw, int bh, char *name) 
Save image with a box defined by upper left corner {bx,by), width bw and height bh as 
GIF file. 
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Other programs 

Program Select 

The program Select is implemented in select.c. 
Select coordinates in an image with certain grey values. Apply a threshold or select a number 
points in the image with highest grey level. 

The program uses the modules: heapsort.c, selectiosort.c, textfile.c, xdraw.c, util.c and 
error.c. 

Program Calc 

The program Calc is implemented in calc.c. 
Read matching results from gridfile. Calculate RMSE between expected coordinates and coor
dinates from matching. 

The program uses the modules: calc_RMSE.c, textfile.c, util.c and error.c. 

Program Convolve 

The program Convolve is implemented in convolve.c. 
Filter an image using a convolution filter. Input SUN raster file image. Output filtered SUN 
raster file image. 

The program uses the modules: filter.c, util.c and error.c. 

Program Setsize 

The program Setsize is implemented in setsize.c. 
Set image size. Input: a number of SUN raster file images. Output: a number of SUN raster 
file images containing the selected region of corresponding input images. 

The program uses the modules: util.c and error.c. 
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Data structures 

The program Select uses a structure type Featpoint to sort points with high grey levels. lt 
contains three fields, two for x and y position and one for the grey level of a point. 

Modules 

CALC..RMSE 

calc..RMSE is the module used for the calculation of the RMSE between two data sets. 
calc..RMSE is implemented in calc...RMSE.c and calc...RMSE.h. 

functions: 

• init_calc_RMSE {int nopoints, int *xarr, int *yarr, int *matchx, int *matchy) 
Select whether secoud image was the same, translated, rotated or deformed with respect 
to the original image. 

• same_image {int nopoints, int *xarr, int *yarr, int *matchx, int *matchy) 
Calculate expected matches for the input points. And start calculation of RMSE between 
the expected coordinates and coordinates from matching. 

• translated_image (int nopoints, int *xarr, int *yarr, int *matchx, int *matchy) 
Calculate expected matches for the input points. And start calculation of RMSE between 
the expected coordinates and coordinates from matching. 

• rotated_image {int nopoints, int *xarr, int *yarr, int *matchx, int *matchy) 
Calculate expected matches for the input points. And start calculation of RMSE between 
the expected coordinates and coordinates from matching. 

• deformed_image {int nopoints, int *xarr, int *yarr, int *matchx, int *matchy) 
Calculate expected matches for the input points. And start calculation of RMSE between 
the expected coordinates and coordinates from matching. 

• RMSE (int nopoints, int *calcx, int *calcy, int *matchx, int *matchy) 
Calculate RMSE between expected coordinates {calcx,calcy) and matches (matchx,matchy). 

HEAPSORT 

heapsort is the module used to sort feature values of a number of points using heap sort [1]. 
heapsort is implemented in heapsort.c and heapsort.h. 

functions: 

• inserLvalue {int index, int x_coordinate, int y_coordinate, int featvalue, Featpoint *A) 
Insert feature value and coordinates in list on position index. 

• bubble_up {int index, Featpoint *A) 
Push element with position index up the heap. 
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• delete_root {Featpoint *A) 
Delete value with lowest value. 

• bubble_down {int index, Featpoint *A) 
Push element with position index up the heap. 

SELECT! ONSORT 

83 

selectionsort is the module used to sort feature values of a number of points using selection 
sort [1]. selectionsort is implemented in seledionsort.c and selectionsort.h. 

functions: 

• selection_sort {Featpoint *A) 
Sort feature values of a number of points using selection sort. 


