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Abstract 

Motion artefacts in digital subtraction angiography can be reduced by compensating for the patient 
motion. For techniques like DSA Spatial alignment of the frame content in digital X-ray angio
graphic image sequences must be guaranteed. The fiTst step in motion compensation is motion 
estimation. 

In this report several motion estimating schemes were studied on their performance and accu
racy. The first category consisted of the gradient based algorithm of optie flow, while the second 
category were pattem matching techniques like; Sum of absolute value differences (SAVD), sum of 
square error (SSQRE), deterministic sign change criterium (DSC) and the entropy of the difference 
histogram. Also a modified pattem matching methods were tested. These involved the comparison 
of more than two frames per match. 

Results showed that optie flow with a standard deviation of 0.75 pxl/frame in the motion es
timate is not as accurate as the methods based on pattem matching. For matching of 16 x 16 
pxl image windows, the techniques of SAVD and SSQRE showed standard deviations of only 0.1 
pxllframe. 

The techniques like DSC and entropy are invariant to partial acelusion of one matebed window. 
And although they are less accurate with standard deviations of 0.5 pxl/frame, they should probably 
be preferred in motion compensation for angiography. 

The use of more windows per match yields no impravement for the motion estimate if the 
amount of acceleration is unknown. The used model of rectilinear motion is to restrictive in the 
case of angiography. 

Experiments showed that the accuracy of a motion estimate fora certain pixel position is largely 
dependent on the structure content of the match window. Only highly structured areas within an 
image can be tracked reliably. 
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Chapter 1 

Introduetion 

This report forms a description of the research, which I carried out at the Imaging Sciences In
stitute of the Utrecht University Hospital. This research project was part of my curriculum at the 
University of Technology Eindhoven, department of Applied Physics. 

In this chapter, a description will be given of the project. The research assignment involved a 
study into algorithms for estimating motion in digital image sequences, of which the output can 
be used to correct for motion artefacts in medical angiographic sequences. Spatial alignment must 
be guaranteed before temporal integration can be performed, like digital subtraction. Motion cor
rection should therefore form the first taskof post-processing, before any information is extracted 
from angiographic sequences. 

In this report several motion estimating schemes are compared. These include gradient based 
optie flow and pattem matching with the match measures: sum of absolute value differences 
(SAVD), sum of square error (SSQRE), deterministic sign change criterion (DSC) and entropy of 
the difference-histogram (DE). These measures have been evaluated on their accuracy and the rela
tion between this accuracy and the information content of the image. Furthermore, modified match 
measures were implemented which incorporate more than the standard two pattem patches in one 
match. Their performance and accuracy was compared with the standard matching techniques. 

The work described in this thesis was a introductory investigation of an !OP-project which will 
be carried out by the Ph.D. studentErik Meijering who has been assigned to the Imaging Sciences 
Institute last July 1996. 

1 



2 CHAPTER 1. INTRODUCTION 

1.1 Description of the IOP 

In order to improve the cooperation with and accessibility of the industry to research institutes, 
the Dutch Ministry of Economie Affairs 1 initiated the Innovatie gericht Onderzoeks Programma 
(IOP) in which universities and other non-profit institutes are stimulated to perform technological 
research in collaboration with the industry. One of the research areas funded is the field of Image 
Processing, a field that has made tremendous progress the last decades and has a large variety of 
applications. 

1.2 Description of the I OP-project 

The work presented in this thesis is part of the !OP-project, entitled: 

Optimization of Information Extraction from Digital X-ray Image Sequences2 

which forms a collaboration between the University of Utrecht, department of Image Sciences and 
Philips Medica} Systems, department of X-ray Diagnostics/Predevelopment. 

1.2.1 The objectives of the research assignment and the project 

During angiographic imaging, sequences of images are recorded which show the flow of contrast 
through vessels. This temporal sequence of images contains information about the dynamic behav
ior and characteristics of the objects being imaged and of the camera acquiring the images. The 
precise knowledge of the dynamics can be used to improve the quality of individual images in the 
sequence. Integration of the images can improve the signal to noise ratio. 

Patient movement causes artefacts in functional images. These artefacts can be reduced if the 
motion is compensated for prior to information extraction. In order to compensate for the motion, 
it first has to be estimated. 
The overall objectives of the !OP-project are: 

The development of new image processing techniques which optimize the infor
mation extraction from digital image sequences. This information will be used to 
improve the quality of the images in the sequence, and to generate functional images, 
in which the dynamic behavior of the scene being imaged is represented. 

The objective ofthis research assignment is: 

The comparison of several motion estimating algorithms with respect to their per
formance and accuracy. This is done in order to draw up the requirements for the 
motion estimation in digital angiography. 

The research is focused on angiographic sequences, although the techniques can also be of 
potential interest to other imaging areas like; enhancement of digital video campressing for tele
conferencing and efficient data storage. 

1 Ministerie van Economische Zaken 
2IOP-project IBV96004 cluster Optimization of image information by explicit model-knowledge 



Chapter 2 

Introduetion in angiographic imaging 

Angiography is a special X-ray imaging technique in which a contrast medium is injected into 
the human vascular system to visualize the vessels (William R. Brody 1982, Verhoeven 1985, ter 
Haar Romeny 1996). This contrast medium must be injected very rapidly and at high concentration 
to prevent dilution by the circulating blood flow. 

In the technique of arterial angiography, a catheter is introduced through the artery at a position 
as close as possible to the vessels under examination, this to prevent the dilution of the contrast 
medium. Arterial angiography involves the risk of dislodge pieces of artherosclerotic plaque which 
in turn may cause embolization in for instanee cerebral arteries of the patient. 

An alternative imaging technique uses intravenous angiography. The injection of contrast ma
terial into peripheral veins is much less inconvenient for the patient than injection into an artery. 
With intravenous angiography, the contrast dilution becomes so high that special techniques must 
be employed to produce useful images. The images are usually recorded in digital form with the 
specialized metbod of fluoroscopy which largely amplifies the contrast of the image, and allows 
for low radiation dose per image and fast acquisition times. The vasculature can be further en
hanced by use of temporal post-processing techniques like digital subtraction angiography (DSA) 
and chamfer matching. 

Figure 2.1 shows an example of a fluoro
scopic system which is used in angiographic 
imaging. This device is mounted on an are, 
with on one side the X-ray souree and on the 
other a detector. 

The images produced in angiography are 
called angiograms. During contrast injection, 
several angiograms are acquired at small time 
intervals, producing a cinegraphic sequence. 
The cinematic display of these time frames vi
sualizes the blood flow through the vasculature 
of the patient, giving the physician a powerful 
diagnostic tooi. 

Angiography makes use of X-ray projec-
tion imaging. X-rays were discovered, exactly Figure 2.1: X-ray system used in angiographicimaging 

one hundred and one years ago, by the German physicist Wilhelm Röntgen, while he was exper
imenting with gas discharge tubes (Feldman 1984). He showed that radiation readily penetrated 
the soft tissues of the human body, but was absorbed by the denser mass of the bones, producing a 

3 



4 CHAPTER 2. INTRODUCTION IN ANGIOGRAPHIC IMAGING 

photographic image with the contour of the bones. His findings meant the birth of a new science, 
called medical imaging. 

In the next sections a description will be given of X-ray projection imaging, the basic technique 
behind angiography, as well as a more elaborate explanation of digital angiography, ftuoroscopy 
and digital subtraction angiography (DSA). Subtraction angiography and similar temporal inte
gration techniques are subject to image artefacts caused by patient motion. In the next chapter 
techniques will be developed to remove this patient motion and hence reduce the motion artefacts. 

2.1 Production of X-rays 

X-radiation arises whenever electrons, at high speed, collide with matterand are suddenly retarded 
(van der Plaats 1980). The X-rays emitted in this process are known as Bremsstrahlung. This 
radiation can be produced artificially in an apparatus called an X-ray tube. In this tube, electrans 
are liberated from a heated filament and are accelerated by a high voltage field which is applied 
between a cathode and an anode. On the anode the electrans impact. 

Figure 2.2: A open cut model of an medica! X
ray souree used in radiology 

trum. 

Figure 2.2 shows an X-ray tube as used in medica} 
radiology which consist of a filament, cathode, anode, 
motor and housing. The anode on the right side of this 
tube is a rotating disc, because a stationary target would 
disintegrate due to the heat liberated by the impact of the 
electron beam. 

When an accelerated electron impacts with an orbital 
electron of an atom in the anode, it can lose all or part of 
its energy by producing an X-ray photon. The energy of 
this photon depends on the manner in which the energy 
transfer takes place, forming a continuous X-ray spec-

High-energy accelerated electrans can create yet another kind of radiation, with particular 
wavelengths that are characteristic of the material with which it collides. In this process elec
trans in the atoms of the material of the anode are lifted out of their orbits producing a vacancy, 
which is shortly later tilled up by an other electron along with the emission of a photon of a char
acteristic wavelength. The characteristic radiation is superimposed upon the continuous spectrum 
as one or several spectrum lines. 

2.2 Attenuation of X-rays 

In medica} imaging the X-radiation is projected through the patient onto a detector. The intensity 
of an X-ray beam that penetrates the body is reduced by attenuation. While X-ray quanta pass 
through matter, they eject electrans out of the orbits of molecules and atoms with which they 
interact (collide). Because X-radiation can fragment molecules and atoms into ions, it is often 
termed ionizing radiation. In this paragraph the focus will be on the attenuation process. 
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The intensity of a pboton beam, also known as energy-ftux 'lf, is measured by the energy passing 
through an unit area per unit time [Jm- 2 s-1] and depends on the speetral distribution of the pboton 
flux <j> [m-2s- 1] . 

EIMX EIMX 

'I'= J '!'EdE= J <I>E ·EdE (2.1) 

0 0 

Attenuation of X-ray intensity in ftuoroscopic angiography is caused by the following types of 
interaction between the radiation and human tissue (van der Plaats 1980, Krane 1988): 

Photo-electric effect (True absorption) In this process, an X-ray quanturn collides with an or
bital electron and ejects it from the atom. The pboton is completely absorbed and the 
ejected photo-electron receives all the remaining energy as kinetic energy. Through colli
sions, photo-electrons cao liberate even more electroos in surrounding matter. 

Compton scatter (The main effect) In this process the X-ray quanturn collides with the outer 
orbital electron liberating it and also giving it some additional kinetic energy. The pboton 
leaves the collision site with a lowered energy and hence a higher wavelength. Because of 
conservation of moment the new pboton is also deftected from its original path. 

There are two other attenuation processes, known as classica! scatter and pair production, which 
take place at pboton energies higher than the levels used in ftuoroscopic imaging. These are not 
considered in this report. 

The probability per unit length of pboton removal from a beam is called the linear attenua
tion coefficient p. It is simply the sum of probabilities for photo-electric absorption and Compton 
scattering. The attenuation of radiation in a body depends on various factors such as (van der 
Plaats 1980, Krane 1988, Chr. J. Huyskens 1993): 

• Nature of the substance Wh en consictering photo-electric absorption exclusively, the attenu
ation is proportional to the atomie number. 

• Density of the substance Because radiation is attenuated by the atoms, the attenuation is 
largely dependent on the density. Air-containing organs (lungs and intestinal track) have 
little attenuation per unit volume compared to high density bone. 

• Thickness of the substance A eertaio percentage of the intensity is filtered out while pass
ing through a smalllayer of material, causing an exponential decrease of the intensity over 
distance. 

• Spectrum ofthe radiation (hardness) Attenuation is directly proportional to the third power 
of the wavelength. This difference in attenuation causes the spectrum distribution to change 
while the beam moves through the body, because soft radiation is filtered out more than the 
hard radiation. This effect is known as beam hardening. 
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In the case of mono-energetic radiation, the fractional loss in intensity in crossing a slap of 
material with thickness dx is equal to: 

Jl=-
d\VE/\VE 

dx 

integrated over distance, this amounts to a change in intensity equal to: 

\Ir _ \Ir e- f p(Z,N,E) dx yE- yEo 

(2.2) 

(2.3) 

J1 is a function of Z(x), N(x) and E which represent respectively the atomie number, number of 
atoms per unit volume and energy of the radiation. 

In most textbooks the energy levels are regarded as being independent of each other. The 
attenuation of one energy level does not influence the other. This is not absolutely true, Compton 
scatter will produce photons in lower energy levels. However, the orientation of these lowered 
photons are unlikely to be in the straight line towards the imaging plane, so contributions are low. 
We will therefore disregard the effect of interaction between energy levels. 

2.3 Projection imaging 

In medical radiography, the area of the patient's body to be imagedis placed between an X-ray 
souree and a detector. These are mounted at opposite sides of an are frame, as is shown in tigure 
2.1. In tigure 2.3, a schematics layout is given of a fluoroscopic imaging system as is used in 
angiography. 

The detector consists of an image intensifier and a digital camera. Photons that travel from the 
souree through the patient are projected onto the image intensifier, which contains a fluorescent 
screen that emits light when bombarded with X-rays. A special coating is present on the back 
of the fluoroscopic screen, which liberates electrons. The 'light image' with all its variations in 
luminanee is converted into an 'electron image' with similar variations in density. With the aid 
of an electric field the released electroos are accelerated, converged and focused by an electro
magnetic lens system onto a viewing screen. This new image is then captured by a digital camera, 
and undergoes further electrooie amplification, finally producing a digital computer image. 

In fluoroscopic projection imaging, the grey value (Image Intensity) !(x) at position x in the 
two-dimensional computer image is (almost) directly proportional to the transmitted energy flux 
through the object, incident on the detector matrix at the corresponding position: 

Emax 

!(x) = C · J \VEe-.L(i,E) dE 

0 

(2.4) 

where 'V E ( E) is the spectrum of the rays emanating from the souree and C is a proportion al constant 
which maps incident energy flux to image intensity. L(x, E) is the line integral of the attenuation J1 
along the path of the ray from the 'source' to point x located on the detector matrix: 

i 

L(x, E) = j Jl(x' , E)dl (2.5) 

souree 
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a 

I \ 
I \ 

I \ 

b 

c h 

d 

Figure 2.3: Schematic diagram of X-ray fluoroscopic imaging. a)X-ray tube, b)patient, c)fluoroscopic screen with a layer of 
photo cathodic material, d)electro-magnetic field , e)phosphor viewing screen, f)digital camera, g)electronic amplifier 
and h)imaging screen. 
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In the case of a mono-energetic ray distribution at energy level Er. for which 'I'E(E) = \jfoÖ(E- Er), 
equation 2.4 reduces to 

!(x) = c. 'l'oe-L(x,E,) (2.6) 

In order to obtain a linear relationship between the image values and the total attenuation, the 
image can be processed logarithmically. This done by either electrooie intensifiers or explicit post
processing. After calibration to the souree intensity Io = C · \jfo, an image is obtained in which the 
image values are line integrals of attenuation between the souree and the detector. 

lcatibrated =In[~~~)] = J p(x•,y•, z•)dl (2.7) 
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2.4 Digital angiographic imaging 

Angiography is the visualization of blood vessels after the injection of radiopague (radiation 
opaque) contrast material (Stedman 1995). The adjective digitalis added when referring to modem 
angiographic techniques in which the angiograms are digital recordings. The radiopague material 
is a chemica! salution of several components, of which iodine is responsible for the opacification. 
Various contrast agents are in use, a quantitative comparison of which has been given by (Burbank 
et al. 1982). 

Once the contrast agent is injected, it moves along with the blood flow and gradually the bolus 
will dilute. The bolus concentration C as function of the time t is aften modeled by the Gamma 
variate function (Thompson et al. 1964 ), 

{
0 , t<To 

C(t) = K · (t- ToY · e-b(t-1()) , t?: To (2.8) 

In which K, T0 , r and b are parameters to be estimated. 
Because of a bolus widening effect, the contrast needs to be injected near the position of the 

vessels under study, in order to obtain maximum opacification. At the same time, the minimiza
tion of the patient laad requires the catheter to be insected from a position that causes minimal 
damage. Angiographic intervention usually requires percutaneous (through the skin) insection of 
a radiopague catheter and positioning it under fluoroscopic controL The injection can be usually 
done Intra Venous because this is less dangerous than Intra Arterial. A camman site of insection is 
in a vein of groin. 

During the injection of the contrast fluid, usually several images are recorded at equidistant time 
steps, to make dynamic flow analysis possible. A series of 2D angiographic projections tagether 
farm a time sequence also known as a cinegram. The rate of imaging, number of image frames, 
X-ray dose used and amount of contrast fluid injected depend on the types of organs and vessels to 
be imaged. Rates of one frame per second and duration of 15 seconds are aften used in cerebral 
studies. More frames can be captured, but this means an increase of radiation exposure for the 
patient. 

2.4.1 Motion artefacts 

Although, during the acquisition run, the patient is asked to remaio as immobile as possible, many 
of them are unable to do so (Verhoeven 1985). Involuntary movement is aften initiated by the fright 
reaction to the sudden sensation of heat caused by the injection of contrast medium. Many patients 
feel inclined to swallow and have involuntary chest movements. The probability of a movement 
accuring of course increases with the length of the time interval between two acquisitions. 
The motion in the angiographic image sequence can be divided in several categories: 

• Patient motion 

• Contrast fluid movement 

• Camera motion 

The physician is usually only interested in the flow of contrast fluid which visualizes the vas
culature. Movements that the patient and camera produce are only inconvenient since, in post
processing techniques like subtraction imaging, they will produce artefacts. In this thesis, any 
possible motion by the camera is disregarded. 
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The motion of the patient can be further divided into several categoties such as, voluntary, 
involuntary, oscillatory, non-oscillatory, abrupt and slow (Robert A. Kruger et al. 1982). When 
viewing the image sequence, one can discem between global motion of the entire scene within the 
image plane, which is typically caused by camera movement, and local motion of smaller structures 
or regions within the image plane, such as shifting of bowel gas in the intestinal track. 
In table 2.1 a smal! summary of possible patient motions is given. 

oscillatory non-oscillatory 
involuntary cardiac pulsation pain reftexes 
semi-voluntary breathing swallowing 
voluntary - sudden muscle movement 

Table 2.1: Patient motion categorized 

Movements by the patient cause the tissue structures in the subsequent acquired frames to 
become spatially misaligned. Wh en integrating these images (in temporal direction) for the purpose 
of diagnostic analysis, this misalignment will result in a decreased quality of the diagnostic image. 
This decreased quality is apparent in; the generation of motion artefacts and the disappearance of 
diagnostic relevant features . 

A typical (integral) post-processing technique used in diagnostic analysis is digital subtraction. 
DSA is the lowest level of temporal integration, as is explained in (Kerkeiakes et al. 1986). With 
digital subtraction, structural information about the body tissues is removed from the image by the 
complementary grey values in both frames. This allows the radiologist to better visualize blood 
vessels and use less contrast ftuid than in normal X-ray images. 

Figures 2.4.1 a and b show the mask and live angiograms of a cerebral angio study. The subtrac
tion of a mask-image without contrast ftuid from a live-image with contrast ftuid ideally produces 
an image which only shows the blood vessels. 

Due to motion, structures within the frames may become misaligned causing severe artefacts 
in the difference image, known as motion artefacts. A typical motion artefact is shown in tigure 
2.5. Occlusion of vessels by such artefacts may cause wrong diagnosis of the patient. 
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(a) (b) 

Figure 2.4: Angiogramsof a cerebral image sequence; a) Mask frame without contrast fluid , b) Live frame with contrast fluid 

(a) (b) 

Figure 2.5: Subtracted image with a) severe motion artefacts, b) (almost) no motion artefacts 
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2.5 Rednetion of motion artefacts 

As discussed in the previous paragraph, it is of the upmost importance to remove motion artefacts 
before any diagnostic information is extracted from the sequence by use of temporal integration. 

The problem of image misalignment is tackled by 
motion compensation. In tigure 2.6 the schematics are 
given of a modular approach. This approach consists of 
separate modules for motion estimation, motion correc
tion and information analysis. There is a large freedom 
in choosing the implementation of each subunit 

Motion algorithms involving segmentation of con
tours, like for instanee bone contours, are avoided, be
cause the motion analysis bas to be applicable for all 
possible x-ray angiographic examinations. Segmenta
tion procedures are most often dedicated to segment
ing certain anatomical features like organ shape or tissue 

--
t 

Figure 2.6: Schematic diagram for reducing 
motion artefacts 

grey-level (Waxman and Wohn 1985). However, image content is not known, and segmentation 
using anatomie shape information is therefore not desirable. 

The introduetion of definite model constrictions like modeling motion with rigid objects 
(Broida et al. 1990, Bruss and Hom 1983) is also avoided. These models work well for robot 
guidance, but are to restrictive for estimating human tissue motion. 

This research is focused on local motion detection, which monitors the motion of small image 
regions. The algorithms used, will be discussed in the next chapters. 
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Chapter 3 

Motion analysis in image sequences 

Motion analysis is the first step in an attempt to obtain spatial alignment of images in a sequence, 
motion correction being the second, as was shown in tigure 2.6. Numerous studies have been pub
lisbed on motion analysis in various fields of application ranging from data compression, medica! 
imaging, robot vision to license plate recognition. The methods used for estimating motion can be 
divided in several categories: 

• Matching of pattem windows 

• Optica} flow of image intensities 

• Tracking of image features 

• Morphologic deformation of contours and images (snakes and eigenvalue images) 

The first two categones are studied in this research, and will be discussed in the next two 
paragraphs. The implemented algorithms, were evaluated on their accuracy, speed, and conditions 
under which they perform (best). Also, modified implementations of the match techniques were 
studied. This modification was done in the hope to improve the accuracy of the motion estimate. 

The third category, the tracking of features, involves a selection of points in an image which 
are to be tracked through subsequent frames. Feature tracking is basically the combination of two 
techniques; matching and a feature selection. In the research it was avoided to select of features by 
anatomical information, for instanee by modeling for organ shape ortissue grey-level. However, 
a selection of features bas been made with the aid of a structure measure. The structure measure 
yields a value for the structure content within a small local region of the image. This structure 
measure bas in the experiments been related to the accuracy of the motion detecting algorithms. 

In the following paragraphs the theory bebind the various motion estimating algorithms is pre
sented, starting withoptie flowinsection 3.1. Matching is considered next insection 3.2 and finally 
the theory bebind the structure measure will be given insection 3.3 

3.1 Optie flow 

When there is relative motion between the observer and the imaged object, a changing pattem of 
light will be detected. This temporal variation in the brightness carries rich information about the 
motion. Optie flow forms the dis tribution of apparent veloeities of brightness pattems in an image. 
This technique bas been a subject of study by various research groups (Liou and J ain 1989, Watson 

13 
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and A. J. Ahumada 1985, Niessen, Duncao and Viergever 1995, Anandan 1989, Heeger 1987, 
Proesmans et al. 1993). 

The grey value landscape (distribution) in digital angiographic images originates from the x
ray brightness pattem that was incident on the detector during acquisition. The pattem is spatially 
dependent on the amount of attenuation encountered by the beam along its path. The amount of 
attenuation encountered by a certain ray, changes due to motion of a body shifting undemeath the 
detector. It is the shift of this pattem that is measured by motion estimating algorithms. 

3.1.1 The optie flow model 

It was Gibson who in 1950 first introduced the concept of optie flow (Gibson 1950). Optie flow 
was in 1981 used by Hom and Schunck in 1981 under the modeling assumption that; 

movements of objectsin the imaged only eau se a change in position of the correspond
ing brightness pattems, while the brightness pattems themselves remain unchanged. 

This implies a shift of the intensity I according to; I( x, t) =I( x+ öx, t + öt), where öx and Öt 
indicate small changes in position and time. Expanding the right-hand side of this equation, divid
ing by öt, taking the limit Öt -7 0 and assuming that the second and higher order terms converge to 
zero this produces the Optie Flow Constraint Equation (OFCE) (Hom and Schunck 1981 ). 

dl 
dt = 0 = lxu + ly v +Ir (3 .1) 

which holds at every pixel position. For a pixel position, u and v are the two velocity components 
in x and y direction and /i the gradient values in direction i. 

This theory can be compared with fluid dynamics. The OFCE equation is equivalent with the 
physicallaw of mass conservation in incompressible fluid, as is deduced below. 
The total mass m within a volume V at a given time is equal to 

m(t) = j j j p(x,t)d-r: (3 .2) 

V 

in which mass density p is dependent on the time t and the position x. 
The total mass within a volume changes with the mass in and outflow through the surface S. Mass 
conservation states: 

:tJJJ pd-r:+ jj pn·vda=O= jjj [~ +V · (pv)J d-r: 
V S V 

(3.3) 

in which ii is the normal, outward to the surface. The second expression is obtained, using the 2nd 

Gauss theorem. Written in differential form this is known as the continuity equation. Using vector 
rnathematics the divergence can be rewritten as: 

v. (pv) = pV ·v+v · Vp (3.4) 

With the assumption that the velocity field is divergent free (incompressible). 

V·v=o, (3.5) 
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this reduces the continuity equation to 

ap _ ap dx dp 
-+v ·Vp=O= -+-·Vp=-
dt dt dt dt' 
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(3 .6) 

which in the two dimensional case is similar to the optie flow constraint equation, if the density p 
is replaced by the intensity /. 

Better optie flow assumptions, consictering higher order derivatives for the velocity have been 
studied by our research group (Niessen, Duncan and Viergever 1995, Niessen, Duncan, Florack, 
ter Haar Romeny and Viergever 1995). These methods are better, but also computationally more 
demanding. This research was aimed at a primary evaluation of basic motion estimating techniques, 
so the focus was only on oth order optie flow. 

The OFCE yields one equation in the two unknowns u and v which forms an incomplete system. 
This means, the velocity component tangent to the isophote direction can not be solved, because 
the brightness pattem does not change with motion in this direction. This problem is called the 
aperture problem or key hole problem, and will be discussed later in the section 3.3. 

In order to obtain a single solution for u and v, a second equation has to be introduced to 
complete a linear system. The restrietion imposed on the velocity field by this second equation 
has to be in agreement with the physieal nature of the image motion. A widely used restrietion is 
the normal flow constraint, whieh restricts the motion to be perpendicular to isophotes (Niessen, 
Duncan and Viergever 1995). This restrietion might not be correct to model the motion of a human 
body undemeath an X-ray are. 

Tissues in the body are in contact with each other, and movement of one tissue structure will 
displace also the neighboring tissues, producing a smooth motion field. A restrietion is therefore 
chosen, that tencts to smooth the velocity field. This constraint can be expressed as minimizing the 
sum of the magnitudes of the gradients of u and v (Hom and Schunck 1981 ). The sum is expressed 
as an error Es: 

(3 .7) 

The OFCE can also be expressed as an error. Wh en substituting the velocity field, a deviation from 
the value zero is also called an error E0 : 

(3 .8) 

The combination can now be expressed as a minimization the total error 'E. 

(3 .9) 

Factor a. is a weight factor which can be used to alter the smoothing of the velocity field. 
Using the calculus of variation and the approximated Laplacian, this yields two equations: 

(a.2 +I; +l;)(u- ü) 

( a.2 + 1; + 1;) ( v- v) 

-lx [Ixü + lyv + 11], 

-ly [lxü+lyv+lr] . (3.10) 

in whieh ü and v represent the mean velocity. These can in digital imaging be estimated by a nearest 
neighbor averaging. 
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Üi,j ,k 
1 
6(Ui-l ,j ,k + Ui,j+l ,k + Ui,j-l ,k + Ui,j+I ,k) 

1 
+ 12 (ui-l ,j-l ,k + Ui+ l ,j-l ,k + Ui-l,j+ l ,k + Ui+l ,j+I ,k), 

1 
Vi ,j ,k 6( Vi-l ,j ,k + Vi ,j+l ,k + Vi ,j-l ,k + Vi,j+l ,k) 

1 
+ 

12 
(vi-l ,j-l,k + Vi+l ,j-l ,k + Vi-l,j+l ,k + Vi+ l ,j+l ,k)· (3 .11) 

Average veloeities of points that lie near the edge of the image are calculated by mirroring the 
veloeities over the edge before averaging. 

For an image sequence of n x n x m pixels, the metbod of Hom and Schunck yields 2 x n x n x m 
equations. In such large systems an iterative metbod like Gauss-Seidel (Hom and Schunck 1981) 
should be used. Gauss-Seidel gives us two iterative equations per pixel position with which a new 
set of velocity estimates ( un+ 1, 0 + 1) can be computed from the intensity gradient images I x, Iy and 
Ir and the average ofthe velocity estimates (ün, vn): 

ü - I x [Ixün + Iy vn +Ir l I ( a 2 +i; +I;) ' 

v- Iy [Ixün + Iyvn +Ir] j(a2 + I1 +I;) . 

3.1.2 Calculation of gradient images 

(3.12) 

A digital angiographic sequence is a 3D dataset, 2D spatially and 1D in time. Digital data-setscan 
be thought of as collections of values on a grid. Such a data-set can not be differentiated like a 
continuous field. 

Linear scale space tackles the problem of differentiation by first constructing a new image at 
a certain scale. For every pixel position the image is averaged over a neighborhood, producing 
a blurred image. Averaging is done with a weight function of a certain extend in all possible 
directions x, y and t . Scale space produces thus a family of images with the scale in x, y and t as 
parameter. 

In linear scale-space theory averaging is done by convolution of the original (lowest scale) 
image I with a Gaussian aperture function G which maps I to a scaled image L, in which the width 
cr of the Gaussian filter defines the image scale. For three dimensional images the scales in each 
direction can be set at a different value. Here, only a distinction is made between the spatial crs and 
the temporal cr1 scale. This produces the following family of scale-space images: 

(3 .13) 

Differentiation can now be defined in a well-posed manner by differentiating the smooth Gaus
sian aperture function rather than the image distribution itself. By use of partial integration the 
differential operant is moved from the image I to the Gaussian convolution. Derivatives of the 
Gaussian are well defined and known. 
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The scaled gradient images L:xk,y' ,rm are then given by: 

(:x)k (~Y (~)mL(x,t,crs,cr1)~ (-)k+L+m(:x)k (~Y (~)mG(x,t,crs,cr1 )®I(x,t) 
(3.14) 

The factor (- )k+L+m is the result of partial integration. The second term, normally present in the 
result of a partial integration, vanished because it tends to zero. 

The scale space set of multi-scale convolution filters (kemels) provides the framework for de
scribing local movement in an image with optie flow. In the iterative optie flow equations, the 
non-scaled derivatives lx, ly and /1 are replaced by the scaled gradient images Lx, Ly and Lr. 
Spatio-temporal Scale Space Kemel: 

1 l(x2 i_ '2) -ï :r+:r+ G(x t cr cr1) = e "" "·' ";;'[ ,,s, ~ 
2ncr2 2ncr2 

s t 

(3 .15) 

Although, these scale-space derivatives are mathematica! sound, the Gaussian weight function 
bas a temporal extend of several frames, which is nat always wanted. 

Therefore a much simpler approximated temporal derivative is introduced with a temporal ex
tend of only two frames. This frame-ta-frame derivative calculates the difference between two 
spatially blurred image frames: 

4-frame to frame(x, t, crs) = L(x, t + 1, crs)- L(x, t, crs) (3.16) 

Because this derivative is produced from a blurred image, it can be thought of, as the change in 
time of luminanee within a spatial patch of diameter of ~ cr;. 
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3.2 Matching of pattern windows 

Pattem tracking or matching is a motion estimating technique quite different from optie flow. In 
this technique small image patches (pattems) are tracked by aid of a match measure, while they shift 
spatially from frame to frame. A measure of match, between two images patches, is considered to 
be a metric that indicates the degree of similarity or dissimilarity. Measures of match and matching 
are topics that have been investigated by researchers from many different fields like for instanee 
radar signal processing, medica} imaging, remote sensing and astronomy. 

3.2.1 The matching technique 

In the tracking, the similarity is measured between a patch at a certain pixel position in one frame 
of sequence and several other patches around that location in a subsequent frame. This procedure 
is shown in tigure 3.1, and could be compared with fitting a puzzle piece into a puzzle, shifting it 
until it fits perfectly. 

From frame to frame the patch is allowed to shift spatially, within a chosen range of translations 
parameters a = öx and b = Öy. In estimating the motion for a pixel position, a patch is selected 
surrounding this position. This patch is then translated over integer shifts of (a, b). For every 
shift, a the measure of match is calculated with the content of the subsequent frame. This yields 
a collection of match measures which forms a match surface M (a, b) as function of the translation 
parameters a and b. 

Figure 3.2 shows a typical match surface for several integer translations. The optimum match 
on this discrete parameter surface denotes an integer estimate of the translation that occured from 
one frame to the other. 

I( x + o x , y + o y , t + o t ) 

l(x,y,t) 

Figure 3.1: The standard match technique of shifting a patch in a subsequent frame 

Figure 3.2: Typical match surface showing an optimum in the match 

The motion estimate is refined to sub-pixel precision by the use of quadratic fitting (Cox and 
de Jager 1994 ). A parabolic function is fitted through the match val u es surrounding the integer shift 
corresponding with the optimum match. The maximum of this parabolic fit then gives an estimate 
of the translation at sub-pixel precision. 
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The parabalie fitting is done by: 

ä 
1 M(ao,ho) -M(ao -1,ho) ao - - + --:--~-'---:-'-------'=~--'----:-'------,--
2 2M(ao,ho) -M(ao -1,ho) -M(ao + 1,ho) 

h 
1 M ( ao, ho) - M ( ao, ho - 1) 

0 - - + --:--:-~-'----'--:-'------'=--:'---'--,....:-------,-
2 2M(ao,ho) -M(ao,ho -1) -M(ao,ho -1) 

(3.17) 

in which (a0 ,h0 ) denotes the optimum match on the discrete parameter grid and (ä,b) the coordi
nates on a continuous parameter space. 

Of course the matching itself, could have been done at sub-pixel precision instead of fitting 
the match surface. This would have been a more sound approach. In that case, one patch would 
have to be sampled at inter-pixel positions from the image sequence, by use of some technique of 
interpolation. This is of course computationally expensive. In this primary investigation into the 
matching algorithms, the simpler match surface fitting is satisfactory. 

The matching has two degrees of freedom, a and h. More elaborate methods involving pa
rameters for rotation and deformation have been studied by (Pickens et al. 1986, Fitzpatrick et 
al. 1987, Fitzpatrick et al. 1989, Venot and Ledere 1984 ). In this research the tracking is restricted 
to the translation of small patches, because rotations of larger bodies within the image can be 
approximated by several translations of smaller patches. 

In order for tracking to work, the patch has to contain enough pixel information, for input in the 
match measures. This sets a lower limit to the size of the patches. Typical dimensions of patches 
used in tracking are 16 x 16 square windows (Pickens et al. 1986, Cox and de Jager 1994). 

The movement of an object is typically persistent over several frames of the image sequence. In 
order to make use of this extra time information, the matching technique was modified to incorpo
rate more then two frames per match. This extension of the match measures in temporal direction 
will be discussed in paragraph 3.2.3. This modification mimics the scale extend of a temporal 
Gaussian derivative. 

3.2.2 The measures of match 

The dissimilarity between two patches of the same size can be expressedas a mettic distance d, 
which is a function of the difference image diJ of two patches JiJ and giJ· Index i and j indicate 
the pixel position within a patch window. If the information in the two patches is identical, this 
distance value will be zero. A measure of match M expresses similarity between the two patches. 

1 
M=---,--------,-

1 +d(f,g) 
(3.18) 

For a perfect match M = 1 and for a total mismatch M -t 0. 
Four types of match measures were incorporated in the motion estimation. The performance 

and accuracy of these techniques were studied with respecttoeach other and the technique of optie 
flow. 
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Sum of absolute valued ditTerences 

The first match measure to be discussed is the sum of absolute valued difference, abbreviated as 
SAVD. In this measure the distance is given by: 

dsAvo(f,g) = LIJiJ - gijl (3.19) 
A 

in which A is the area of the patches indexed by i and j . 

Sum of squared ditTerences 

The second match measure is the sum of squared error differences or more commonly known as 
sum of squared error. This metric distance is expressed by the formula 

dssQRE(f, g) = _L(fij- gij )2 

A 

Deterministic sign change criterion 

(3.20) 

The third measure, the deterministic sign change criterion has been proposed by Venot and Leclerc 
in 1984 (Venot and Leclerc 1984). 

Consider two patches f and g which differ only by additive noise. The mean value of the 
difference patch dij =JiJ- giJ will then be approximately zero. There will be a large count of sign 
changes within the difference patch due to fluctuations of the noise. 

However, if the patches f and g have an image content that is significantly different, they will 
produce a difference patch with a mean value offset. This patch will then contain a smaller count 
of sign changes. 

The amount of sign changes farms a measure of match, which is known as the stochastic sign 
criterium. 

If the images f and g do nat contain additive noise this technique will nat work. In this case, 
an extra patch s is introduced which artificially produces sign changes. This third patch is known 
as a checkerboard pattern, and is generated as follows: 

s·. = { +q i+ j even (3.21 ) 
11 -q i+ j odd 

where q is a value which greatly influences the sensitivity of the match. This value may nat be 
chosen to large or otherwise the difference signal will be lost in the sign pattern. A new 'difference' 
image J is produced by adding s tod. 

We define a sign function by 

sgn(x) = { o
1 

x 2 0 positive 
x < 0 negative 

The deterministic sign change criterion is now expressed by 

M (f ) 
_ LÎ-1 I'} sgn(diJ' tL+l ,J) 

DSC ,g - 2 
1 n -

(3.22) 

(3.23) 

The sum of sign changes is divided by n(n- 1) which is the maximum number of sign changes 
possible for an n x n pixel patch. 

Figure 3.2.2 illustrates the technique for one dimension. 
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Figure 3.3: Detenninistic Sign-change Criterion in one dimension, in the case of match and mismatch 

Entropy of the difference histogram 
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The last match technique, is a new technique developed by Philips Research, Technica! Systems, 
Hamburg in Germany, which makes use of the entropy of the dif.ference histogram (Buzug et al. 
1996). It measures the varlation in the values of the difference patch. 

The distance measure d is equal to the entropy E of the normalized histogram of the difference 
patch dij, which is expressed as: 

max 

dEo = E =- L Pglogpg (3.24) 
g=min 

where Pg is the histogram distribution of the patch grey values g, normalized according to: 

max 

L Pg=1 (3 .25) 
g=min 

For the 'good' match between two patches, the difference values will yield a histogram with a 
very 'sharp' peak at zero, as is shown in tigure 3.4a. A peaked distribution corresponds to a low 
entropy value. 

In the case of misregistration, a broad histogram of difference values is expected, as is shown 
in tigure 3.4b. Such a broad distribution corresponds toa high entropy value. 

This matching algorithm is rather invariant to projection of contrasted vessel over one of the 
patches. In angiographic imaging contrast ftuid is noted as a decrease in grey value at the site of 
the vessel. In the histogram of the patch, this produces a second well detined peak, as is shown in 
tigure 3.4a 
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Figure 3.4: Histogram of a) good match showing definite peaks, b) mismatch showinga broad base 

3.2.3 Extension of the time kemel 

So far the standard matching methods, camparing the content of two patches, have been descri bed. 
These methods calculate the displacement J, which in that case is equal to the velocity v = dj't, 
because the time interval 't between two frames is defined as 1. 

The movement of an object in an image sequence typically persist over several frames. This 
notion encouraged us to modify the standard match measures to make use of this extra time infor
mation. The scope ofthe match measure was extended in temporal direction by taking more frames 
into account. Per match the measure now looked at a larger temporal neighborhood surrounding 
the pixel position. The output of the matching is velocity estimate for the pixel position. 

To measure the velocity it first had to be 
modeled. The local velocity vis calculated un
der the assumption that the patch content has 
moved rectilinear over the temporal neighbor
hood. Fora match invalving three frames this 
can be expressed by: 

I(x- v't, t -'t) ~ I(x,t) ~ I(x+v't, t +r,) 

I( x+lix, y+liy, t +lit) 

l(x,y,t) 

I( x- 1i x, y- 1i y, t - 1i t ) 

(3.26) 
This equation is similar to the optie flow 
constraint equation 3.1. Figure 3.5 gives a 
schematic representation of this three window 
(patch) match. In the experiments the match L::========:_ ___________ _j 

measures were extended up to five windows. Figure 3.5: Match technique using three frames 
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The three, four and five window match were implemented as metric distances in the following 
manner: 

d d(e,j) +d(f,g) 
3windows = 2 ' (3.27) 

d 2d(f,g) +d(e,h) 
4windows = 3 

(3.28) 

and 
d 2d(e,j) + 2d(f,g) +d(d,j) +d(f,h) 

5windows = 6 (3.29) 

in which d, e,j,g and h successively represent patches in the pre-preceding, preceding, present, 
subsequent and sub-subsequent frames. In the matching more weight is put on the central frames, 
mimicking the Gaussian weight function in linear scale-space. 

The match value is calculated for all possible 'integer' veloeities v. The optimal match denotes 
the integer velocity estimate. Sub-pixel velocity is again estimated by parabolic fitting. 

Comparison of scales between optie flow and matching 

The temporal extend of the match techniques introduces a scale behavior, which is similar to the 
scale factors of the Gaussian time-derivatives in scale space theory. 

The scales of linear scale-space can be compared to the scales in matching. The scale in 
matching involve the window size and the temporal extend of the match technique. The diameter 
of a window is represented as a normalized block function with a width of 2w and a height of 2~. 
We bring this width is accordance with the Gaussian scale cr by comparing the varianee of this 
block function with the varianee of the scaled Gaussian function. The comparison is given by: 

w 

2~ J :xldx 
-w 

2w 
2v'3 

00 1 _.2 
- 1- J :xle-2;;2 dx 
v'2ro -oo 

co 1 x2 

- 1- J (:xl- cr2)e -2 ;;r dx + 
.J21tcr -oo 

0 + 
0' 

(3.30) 

A window scale of 16 x 16 pixelscan be compared with a scale-space scale of O'x = O'y = 2~. 
Of course, this is not restricted to the spatial domain. In temporal space a two-frame match kemel 
can be compared toa scale O't = z7J, a three frame kemel to O't = 2~ and so on. This enables us 
to roughly compare the results of the optie flow with those of the matching techniques. 

In motion estimation, larger time scales tend to be more receptive for slow accelerating move
ments, while small scales respond better to fast accelerating movements. This effect is due to the 
model assumption of rectilinear motion, which is better satisfied for movement with small or no 
acceleration. 

3.3 Good features to track 

Estimating the motion is one thing, but having a notion of the accuracy of this estimate is an other. 
Tracking of patches can only be done accurate if these patches contain enough pixel varlation and 
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details. lt is the grey levellandscape within a patch that is fitted and compared with that of an other 
patch. 

Windows containing features can be selected by using a measure of texturedness, cornerness 
or number of zero crossings of the Laplacian of the intensity image. All of these techniques are 
widely used and excepted. Features within an image can however also be identified by use of a 
measure which is more closely related to the problem of tracking as will be explained below (Shi 
and Tornasi 1994, Tornasi and Kanade 1991, Tornasi and Kanade 1992). 

The match measures and optie flow are based on the assumption that image content moves from 
frame to frame according to 

I(x,t) ~ I(x+v. öt, t + ot) = I(x+ ox, t + ot) (3.31) 

in which I denotes the image intensity, x pixel position, v the velocity and J = ox the displacement 
of the image structure and ot the time interval between the frames. 

The problem of determining the displacement parameter J can be expressed as a minimization 
of the dissimilarity, 

'E= j j [I(x+ox,t+öt) -I(x,t)] 2 ro(x)dx (3.32) 

A 

in which A is the area ofthe patch and ro(x) is a spatial weight function. Taylor expansion for I (x, t) 
up to 1 st order yields a two dimensionallinear system for motion tracking: 

in which a is given by; 

a= p [!Ci,t)- I(X,t +IJt)] x [ ~; l rodX, 

and Z, known as the structure matrix, contains the spatial image variation. 

Regardless of the metbod used for tracking, the motion can not be es
timated accurately for all points in an image. For instance, only the verti
cal component of motion can be determined for a horizontal edge structure. 
This inevitable problem is known as the aperture or keyhole problem, and 
is imposed by the finite spatial size of the interest region. In tigure 3.6, it is 
impossible to detect whether the line structure bebind the keyhole is moving 
in horizontal direction. 

To 'avoid' this problem researchers have proposed to track corners, areas 
with high frequency content, etc. The problem with these interest operators 
is that they are often based on a preconceived and arbitrary idea of what a 
good feature looks like. 

(3 .33) 

(3.34) 

(3.35) 

Figure 3.6: Keyhole 
Problem 
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Here, a definition of feature quality is used, which was proposed by Shi and Tornasi in their 
report series entitled 'Shape and Motion from Image Streams' (Shi and Tornasi 1994). 

A good feature is one that can be tracked well , so that the selection is optimal by 
construction. 

A window can be tracked well, if the linear system of equations 3.33 can be solved reliably. 
This means that the system must be above noise level and the symmetrie matrix Z must be well
conditioned. In order to check the conditions of this system, the eigenvalues 1..1 and 1..2 are calcu
lated. 

• Two small eigenvalues corresponds to a roughly constant homogeneaus intensity profile 
within a window. 

• One large and one small eigenvalue correspond to a uni-directional texture pattem (line 
definite). 

• Two large eigenvalues can represent corners, salt-and-pepper structures, or any other patterns 
that can be tracked reliably (point definite). 

The two eigenvalues are bundled into one measure, which will denoted as the structure value À; 

(3 .36) 

This is similar to the replacement resistance in a parallel circuit. Only if both eigenvalues are large 
will this give a large output, corresponding to the third item in the list. 
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Chapter 4 

Experiments I Results 

The motion estimating algorithms which were discussed in the previous chapter have been eval
uated with respect to their accuracy and performance. This study was done to get a basic under
standing of which techniques are best suited for motion analysis in radiologkal images. As stated 
in chapter 3, motion analysis is one of the key elements in the process of artefact reduction in 
imaging techniques like DSA. 

This chapter will describe the experiments which were used to study the characteristics of the 
algorithms. 

All the routines for the experiments were written in the programming language C++, and used 
the imaging software libraties developed at our research group. 

4.1 Artificial sequences 

Motion artefacts can be reduced by compensating for this motion. The first step in this process is 
the estimation of the motion that occurred between frames of the sequence. X-ray angiographic 
sequences typically consist of 10 to 15 frames, with dimensions 1024 x 1024 pixels and integer 
grey levels 0 through 800 (10 bit). 

In order to study the characteristics of the motion estimating algorithms, a sequence is needed 
of which the movements for every pixel in every frame are exactly known (golden standard). This 
golden standard allows a comparison between induced velocity and the estimated results. For 
this purpose, two artificial sequences were created each consisting of 16 frames, with dimensions 
256 x 256 pixels. 

Philips Medica} Systems Best, supplied several sequences of cerebral angiographic examina
tions. From all of these sequences two frames of representable data were selected. 

First an artificial sequence was produced, which contained simple global translating motion. 
With every time frame the content translated 1 pixel horizontally and 2 pixels vertically. The 
produced image sequence was clipped downtoa size of 256 x 256 x 16 pixels. 

A second artificial sequence was created with an accelerating displacement component, this 
to study the performance of the modified matching techniques under the condition of accelera
tion 3.2.3. For this sequence, the induced global translation from frame to frame (velocity) was 
respectively 1,2,4,2,1,-1,-2,-4,-2,-1,1,2,4,2,1,-1 pixels/frame for both the x and y direction. This 
produced an oscillatory motion, within the sequence, that was directed diagonal. This sequence 
was also clipped toa size of 256 x 256 x 16 pixels. Figures 4.1a and b show respectively the fifth 
slice from the translation and oscillation sequence. 

27 
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(a) (b) 

Figure 4.1: Frame from a) translating image sequence, c) oscillating image sequence 

The sequences should represent angiographic X-ray data. The noise level was measured in 
several angiograms. To do this, two frames from a cerebral sequence with hardly any movement 
were subtracted. The varianee of this subtracted image is representable for the noise variance. 

The artificial sequences were deteriorated with Gaussian noise of varianee 25.0 grey levels, 
which is roughly equal to the noise level. The noise in fluoroscopic images is not simply Gaussian, 
but rnadeling it would be a problem in itself and not relevant here. 

The only component missing from the artificial sequences is the flow of contrast fluid through 
the vessels. The experiments were focused on studying the basic behavior of the motion estimating 
algorithms in detecting patient motion, without disturbance by the contrast. The in-flow can be 
thought of as an additional movement in the sequence, which should not be measured. Although 
not experimented extensively, the expected influence of contrast in-flow on the experiments will be 
discussed. 

The motion estimating algorithms were quantitatively tested with the artificial sequences. The 
motion estimators were used to measure local velocity for every pixel position in the image se
quence. Per technique, this produced two new sequences; one containing an estimate of horizontal 
velocity field, and the other containing an es ti mate of the vertical velocity field. The amount of data 
produced allows a statistically approach of calculating standard deviations. The standard deviation 
gives information about the accuracy of the motion estimates. A 'large' standard deviation means 
a 'wide' error distribution in reproducing the induced velocity values. 
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4.2 Optie flow 

For optie flow technique, it's overall performance as motion estimator was studied. The influence 
was tested of the various spatial crs and temporal scales crt on the accuracy of the motion estimate. 

The input for the optie flow equations consistedof gradient images lx, ly and lt. These gradient 
images were calculated by use of scate-space theory as was discussed in section 3.1.2. The scale
space images and their gradient images were calculated by the Tools of Ge ometry for Vision (TGV) 
software package which was developed at our research group. 

Experiments showed the iterative metbod proposed in 3.12 afterafast start to converge rather 
slow. Because of this slow convergence, iteration was stopped after 1000 iteration steps. In the 
experiments, it took several test runs with much smaller number of iterations befare the slow con
vergence of this technique was noticed. 

The computation time was approximately 1 hour for a sequence of size 256 x 256 x 16 pixels, 
when calculation was done on one processor of a Silicon Graphics, Onyx workstation. Iterating 
further is not desirable, because of computation time involved. It should be noted that the software 
in the experiments was not optimized for speed. 

4.2.1 Spatial window-size 

The motion estimate totally depends on information within a 'small' neighborhood window. For 
very small spatial scales, less than 1 to 4 pixels, the motion estimate is expected to become un
reliable, because the signal/noise ratio is too small for such small scale. In that case, the sampled 
region within the data is simply to small to make any motion predictions. 

In order to study the influence of the spatial (window) scale, the experiments were done using 
various spatial scales crs in calculating the gradient images Lx and Ly. These scaled gradient images 
were used as input for the optie flow equations. 
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according to equation 3.30 correspond to patch scales of approximately 4, 8, 16 and 32 pixels wide. 
In the experiment the temporal derivative lt was given by a frame-ta-frame derivative, see equation 
3.16. 

The induced velocity in the translation se
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mate velocity would yield these values. How-
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zero velocity. In the experiments the induced Figure 4.2: Offset in the motion estimate versus spatial scale, 

horizontal velocity was 1 pixel/frame. Th is ve- with optie flow 

locity estimate approaches this value from below. Notice that for larger spatial scales the conver
genee has proceeded further, because here less deviation is present. 
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The mean value was an average over all pixels positions in estimated velocity sequences u and 
v. Only the pixels in a 16 pixel wide border of the velocity images were discarded. This border 
was discarded because it contains erroneous information. 

This can be explained as follows; gaussian derivatives have a spatial prohing extend (width) 
which near the edge of an image, reaches over this image boundary. No information can be found 
over the boundary and hence the values of Lx, Ly and L1 near the border are wrong. 

Experiments showed that, a spatial scale crs ~ 2~ pixels produced the best results, with a mean 
velocity deviation of less then 0.1 pixels/frame. This value for the spatial scale is used throughout 
the rest of the experiments. 

4.2.2 Temporal scale 

The displacement of objects is typically a movement that persists over several time frames. This 
additional temporal information can be used to get a better estimate the displacement The optie 
flow at a large temporal scale, makes use of a larger sampling region surrounding the pixel position. 
This increase in input information is expected to improve the motion estimate. 

First order optie flow, incorporates the assumption of linear motion over the region. This means 
that the algorithm works best if rectilinear motion occurred over the extend of the temporal scale. 
Optie flow will work best for non-accelerated (rectilinear) motion. 

In order to study the effect of the temporal scale, optie flow was calculated at various temporal 
scales. The scales corresponded respectively to temporal extends of 2, 3 and 4 frames. Also a 
frame-to-frame (scale 1) temporal derivative has been tested. As was mentioned earlier the spatial 
scale was chosen equivalent to approximately 16 pixels. 

Figure 4.3 shows the mean motion estimate as function of the frame number in the sequence. 
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Figure 4.3: Mean velocity estimate fortranslation sequence with optie flow 

The motion estimate presented bere is the u-component of the translation sequence, which 
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should yield exactly 1 pixel/frame. As can be seen in the figure, the algorithm indeed produces this 
value near the middle of the image sequence. However, near the begin and end the sequences the 
estimated values remarkably deteriorate. 

This is due to the temporal scale extend of the Gaussian which is used in calculating the gradient 
images. Near the begin and end of the sequence, this function reaches over the time-edge and hence 
produces erroneous values. For larger temporal scales, this effect will further penetrate in temporal 
direction into the estimated motion field. It clearly visible that for a temporal scale of 4 pixels 
the effect penetrates up to 3-4 frames. The frame-to-frame derivative does not experience such an 
effect, because it has a temporal extend of 1. In that case, only the last frame can not yield any 
velocity estimate. 

Figure 4.4 shows the standard deviation in the motion estimate which is used as a measure of 
accuracy. 
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Figure 4.4: Standard deviation in the velocity estimate fortranslation sequence with optie flow 

A distribution of estimate values with a small spread (standard deviation) is considered to be 
accurate. The various temporal scales have almost the same accuracy, which is approximately 
0.75 pixels/frame. For calculations with the frame-to-frame gradient, the standard deviations are 
approximately 1.5 pixels/frame. 

The standard deviation in the begin and end frame are not discussed, because there the velocity 
estimate can not be done. It is unknown what caused the larger outliers of standard deviations in 
frame 9 and 10. Visual inspeetion ofthe image sequence provided no clues. 



32 CHAPTER4. EXPER~ENTSIRESULTS 

4.2.3 Discussion 

The use of optie flow in measuring the motion in X-ray angiographie sequences is troublesome. 
Optie flow bas the following problems; 

First of all, to 'remove' the motion artefacts the motion analysis bas to be done with greater 
accuracy than is provide by optie flow. The typieal difference in grey-level caused by contrast 
within an X-ray image is approximately in the order of 50/pixel-distance. In the technique of 
digital subtraction angiography, a misalignment of distance 112 pixel will produce a subtracted 
image in whieh motion artefacts will show up as regions with grey-values of 25. The noise level 
bas a varianee of approximately 25.0. Misaligned structures have a shape and are clearly visible on 
top of the noise background for this grey-level. 

For motion correction the accuracy must be much better than the 0.5 pixels/frame, or otherwise 
artefacts will not be removed to a great extend. Accuracies of approximately 0.1 pixel/frame should 
be sufficient. 

Secondly, optie flow will not work properly if contrast fluid is injected into the patient. Contrast 
fluid is visible as a decrease in image grey value in a vessel. One of the assumptions of the optie 
flow model is the conservation of luminance. This assumption is no longer satisfied if contrast 
fluid suddenly appears within a frame. A simple test of optie flow on an abdominal angiographie 
sequence indeed showed erroneous values in the motion field. In the velocity field, contrasted 
arteries act as drains (or valleys) that collect intensity from their neighborhood. The motion field 
was directed towards these arteries. This effect would seriously degrade the performance of the 
motion analysis. 

4.2.4 Summary 

The characteristics of optie flow, as used in the experimentscan be summarized as: 

• A 'theoretieally' sound approach, except for inflow of contrast fluid in which case the model 
is no longer satisfied 

• Computationally expensive 

• An offset in the motion estimate, due to early termination of the iterative process 

• Standard deviation of the velocity estimate is too large for use in DSA 

It can thus, be concluded that this implementation of optie flow is not suitable for motion 
analysis in X-ray angiographic image sequences. With these results, effort shifted towards the 
techniques of pattem or patch matching. 
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4.3 Matching techniques 

Matching (tracking) formed the second category of motion estimating techniques. The overall 
performances of several matching measures were studied in estimating the velocity. The influence 
on the accuracy was tested of factors like, the time kemel and image content. The match techniques 
used, were those discussed in paragraph 3.2.2, consisting of; SAVD, SSQRE, DSC, CC, and the 
histogram entropy. 

These standard techniques were modified to use extra frames in temporal direction 3.2.3. In 
the experiments the performance of these modified measures was compared to the standard match 
measures between two frames. 

4.3.1 Match characteristics 

To estimate the motion at a certain pixel position, a neighborhood window is selected. This window 
is matebed with several nearby windows (patches) in the subsequentframe. The window is allowed 
to spatially shift integer displacements from frame to frame. In the experiment, a search range of 
six pixels in all directions was used. 

In estimating local motion the size of the match patches should not be chosen to large. How
ever, a window that is to smalt will not contain enough information for the match measure to work. 
Therefore a campromise is drawn at a window size of 16 x 16 pixels. 

In the DSC measure a sign pattem s;1 had to be supplied, see equation 3.21. For this, q = 10 
was chosen which approaches half the noise-level of the image-sequence, as is recommended by 
(Venot and Ledere 1984). Values of q = 1 and q = 25 were also tested but yielded less accurate 
motion estimates. 

Searching in a range of shift values produces a match surface, as was discussed in paragraph 
3.2.1. The shape of the match surface determines how accurate a match can be performed. A 
match surface with one sharp optimum gives a good match. If the match surface is rather flat 
or more optima exists this indicates a bad match. The match surface is dependent on the match 
measure and also on the image content being matched. 

In a simple experiment two identical frames were chosen. A patch selected in the first frame 
was matebed in the second frame. This produced a match surface as function of all shifts in the 
search range. Figures 4.5a, b, c and d. show the typical match surfaces for the various measures. 
This experiment was done for several patches within an image. 

(a) (b) (c) (d) 

Figure 4.5: Typical match surfaces fora) SAVD b) SSQRE c) DSC and d) Cross Correlation 
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No movement was present between the frames, corresponding toa velocity of 0 pixels/frame. 
Hence, the optimum should lie in the middle of the matching region. As can be deduced from 
the fiat match surfaces of the cross correlation measure in the experiments, this method is not as 
accurate as the others ( tigure 4.5d). The other methods show definite peak values for the optimum 
match. Cross correlation is therefore discarded from further study. 

4.3.2 Enlargement of the temporal extend 

After these first experiments with the standard two-frame match measures the time kemel was 
enlarged by taking more frames into account. Improved performance was expected with the use of 
these multi-window match measures, especially in the case of non-accelerated (rectilinear) motion. 
A three- and four-window match were developed as described in equations 3.27 and 3.28. In 
paragraph 3.2.3 it was shown how the temporal extend of a match measure can be compared with 
a Gaussian scale. 

4.3.3 Non-accelerating (rectilinear) motion 

The modified match measures were modeled with the assumption of rectilinear motion between the 
frames. Therefore, all match techniques were first studied on a translating image sequence. The 
study looked at the performance in reproducing the velocity and at the accuracy in relation to the 
temporal scale. 

The induced veloeities were respectively 1 pixel/frame horizontally and 2 pixels/frame verti
cally. The mean values ofthe estimated motion showed no offset error (less than 0.001 pixel/frame) 
from the expected velocities. 

Accuracy of the motion estimate was again measured by the standard deviation. For the various 
methods, the standard deviation in the motion estimates as function of the frame number is shown 
in figures 4.6, 4.7 and 4.8. 

Similar to optie flow the estimation can not be done if the temporal scale extend reaches beyond 
the border. In this case erroneous values are produced. 

The accuracy reached with the standard matching like SAVD and SSQRE (0.1 pxl/frame) is 
much better than that of optie flow (0.75 pxl/frame). Order 1/10 pixel/frame are the accuracies 
needed to correct for motion artefacts. 

As is shown in the graphs the velocity estimate has an improved accuracy with multi-window 
matching for this translation sequence. For the three-window match measures the standard devi
ation decreases with factor two compared to the two-window match. For the SAVD and SSQRE 
technique this leads to standard deviation of only 0.12 pixels/frame. However, extension of the 
time kemel to more than three windows shows no further significant increase in accuracy. 

From these experiments it can be concluded that multi window matching improves motion 
estimation if the motion is rectilinear. 
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4.3.4 Accelerated motion 

Multi-window matching is basedon a model of rectilinear motion which is, of course, perfectly 
satisfied in a translating sequence. Therefore this experiment considers the case of accelerated 
motion. 

loftuenee was studied of acceleration/deceleration on the motion estimates. This was done by 
measuring the velocity in an artificially oscillated sequence. 

The technique Of estimating With multiple Osci llatory Image Sequence, lmposed Translation In X and Y direction 

windows is illustrated in tigure 4.9. Veloci- Displacemerittromfrari'>etqframeinXandYdirection -

ties are estimated using the patch displacement - z-win :, \ , 

information from within a temporal neighbor- j 3
-win ' ' : ' 

~ 4-Win : :\ hood & . The velocity cao be regarded as an ~ 
~ 

'average' displacement over this temporal re- ~ 
?. gion & . The value of the estimate is dependent 

on the time kemel used. 
Figures 4.10, 4.12 and 4.14 show the mean 

estimated velocity values as function of the 
frame number. These estimates show the ex
pected periodic pattem. 
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The experiments showed that matching Figure 4.9: mustration of 2, 3 and 4 window velocity estima-

with more frames filters out the fast changes tion in displacement plot 

in motion. This can be noticed by the height of the velocity plots. Only for the standard match 
measures in which & = 1 does the estimated velocity v equal the displacement J between two 
frames. Estimating velocity at larger match scales, filters out the fast motion changes. 

Problems will arise if the multi-window velocity estimates are directly used in motion correc
tion. Due to the filtering, these velocity estimates do oot directly map to displacement between two 
frames. Acceleration should also be measured to find the displacement 

The accuracy of the motion estimate was also evaluated. For the multi-window match measure 
this accuracy is dependent on the amount of acceleration in the sequence, as is shown in figures 
4.11, 4.13 and 4.15. Standard deviation is smallest for the frames 4, 5, 9 and 10 in which the 
velocity is nearly non-accelerating (rectilinear) over several frames. However, for the frames 2 and 
7, in which the acceleration is larger, the standard deviation is increases. 
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Figure 4.10: Mean motion estimate for SAVD based methods 
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Figure 4.11: Standard deviation in motion estimate for SAVD based methods 
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Figure 4.12: Mean motion estimate for SSQRE based methods 
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Figure 4.13: Standard deviation in motion estimate for SSQRE based methods 
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Figure 4.14: Mean motion estimate for DSC based metbods 
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Figure 4.15: Standard deviation in motion estimate for DSC based methods 
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4.3.5 Discussion 

Standard matching algorithms like SAVD, SSQRE and DSC have an accuracy that is far better than 
the gradient based metbod of optie flow. With this accuracy artefacts can be greatly reduced. 

Th modified matching techniques are not modelled well. The rectilinear model used in the 
multi-window metbod is not useful in the case of accelerated motion. Besides this, calculation of 
displacement from the velocity information will not be straight forward like intwo-frame matching. 

In the SAVD and SSQRE techniques the multi-window methods perform worse for all frames 
of the oscillating sequence. Only the DSC technique, shows an increase in accuracy with 3-window 
matching for small accelerations. 

It can therefore be concluded that multi-window matching can only improve the matching for 
sequences withoutor with only small accelerations. 

4.3.6 Summary 

The characteristics of the matching techniques as used in the experimentscan be summarized as: 

• The standard matching techniques have accuracies of approximately 0.1 to 0.5 pxl/frame. 

• With multi-window approach, there is an increased accuracy in the motion estimate for non
accelerating motion, and a decreased accuracy for accelerated motion. 

It is therefore concluded, that the standard matching techniques are best suited for motion anal
ysis in X-ray image sequences. Matching with patch sizes of 16 x 16 pixels provide accuracies in 
the range of 0.1 pxl/frame for summation based methods like SAVD and SSQRE and 0.5 pxl/frame 
for distribution based methods like DSC. Modification of match measures to larger scales is not 
actvisabie for situations in which the acceleration is unknown. The acceleration in the angiographic 
image sequences is not known a priori, so multi-window matching should not be used. 



4.4. TRACKING OF STRUCTURES 

4.4 Tracldng of structures 

In the experiments which measured the ac
curacy, the velocity was estimated for each 
pixel position in the sequence. This is a very 
brute force approach. To increase the speed of 
the calculations less points of the scene should 
be monitored. 

An often used monitoring technique is the 
selection of control points on a grid in the im
age, see tigure 4.16. The motion fieldcanthen 
be formed by bilinear interpolation of the mo
tion estimates at the grid points. 
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' 
Figure 4.16: Motion analysis with common grid versus se

lected structure points 

The selection of grid points is rather arbitrary. Selection can be based on more sensible as
sumptions. In section 3.3 it was stressed that motion can not be estimated accurately unless the 
image contains trackable structured areas. 

In this last experiment, the trackability of image 'patches' was tested. The accuracy of the 
motion estimate was studied as function of the structure content À, given by equation 3.36. The 
structure value À is a combination of the eigenvalnes of the structure matrix. 

(During early experiments we tried to use structure in a spatia-temporal sense, with a 3 di
mensional matrix, yielding 3 eigenvalues. However, decoupling of the temporal dimension was 
necessary to produce eigenval u es which we could interpret) 

The structure was calculated using the gradient images lx and ly at Gaussian scales of cr5 = 
2/2..;3. Blurring I I rodx was done with a Gaussian of scale crs = 16/2..;3. The temporal scale 
cr1 = 0 is not used and set equal to zero. 

Figure 4.17 a shows the structure within a slice of the translation sequence. The corresponding 
souree image is given in tigure 4.1 a. In tigure 4.17b the histogram distribution of the structure 
values is given. 
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Figure 4.17: a) Structure content of a slice from the translation sequence and b) corresponding histogram ofthe structure values 

This dis tribution is a sharply declining graph. There is an abundance of low structured regions 
in the image, but only a few regions where the structure content is well defined. 
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The accuracy of the motion estimate was studied versus this structure content. We expected the 
motion accuracy to be highly depend on the structure value. 
Figure 4.18 shows the standard deviation of the motion estimate versus the structure value. 
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Figure 4.18: Standard deviation in motion estimate versus image structure 

Indeed, the standard deviation is strongly dependent on the image structure. This result favors a 
selection of monitoring points based on this measure. Improvements in accuracy up to a factor 7 can 
be achieved for DSC and Entropy methods by mere selection of appropriate points. Improvements 
for SAVD and SSQRE are factor 3, yielding standard deviations of less than 0.05 pixels/frame. This 
result suggests the use of the structure measure in the selection of points which will be monitored 
for displacement 

As can be seen, the performance of the entropy measure for 16 x 16 windows is comparable 
with methods like DSC. Both these methods look at distributions in the difference image. DSC 
looks at regions in the difference image that are near zero, and the entropy looks at the histogram 
spread. SAVD and SSQRE use a simpter approach of summing the difference values. 



Chapter 5 

Discussion I Conclusions 

In the experiments several methods were studied for determining local motion. These were tested 
on their performance and accuracy. 

5.1 Optie flow 

Optie flow is a gradient based technique, which make use of local derivatives. The tested implemen
tation of optie flow presents the following problems ifused for motion estimation in angiograhy; 

• First of all the accuracy of 1.5 pixel/frame achieved by optie flow is not sufficient to perform 
motion correction up to sub-pixelleveL This metbod is hence not suitable to reduce motion 
artefacts. The crude estimation may be ascribed to the fact that per image coordinate , input 
to the motion estimate is limited to only three values; Lx, Ly and L1 which are the spatia
temporal derivatives at scale as and a1• One way to improve the estimate is to integrate 
over a number of scale-space scales, thereby increasing the input. How this integration 
should be doneis still a hot research topic in image sciences (Anandan 1989, Proesmans et 
al. 1993, Bieding and Thoma 1986) 

• Secondly, the implementation using scale-space theory is subject to distortions near the bor
der of the image, because derivatives are calculated using a sampling with a certain width. 

• The biggest problem presentedis the injected contrast fluid. The model assumption of lumi
nanee conservation is no longer satisfied, as shown in a simplein-flow experiment. 

lt can thus be conclude that, the technique of optie flow as implemented bere, should not be 
used in the motion correction up to sub-pixelleveL Especially not if contrast fluid is involved. 

Optie flow bas been used with success in other studies, like for instanee the monitoring of heart 
motion in a canine heart (Niessen, Duncan, ter Haar Romeny and Viergever 1995). In that study the 
moving heart was located in the middle of the image, the border pixel hardly moved, the motion of 
the heart was periadie and no contrast fluid was injected. These conditions favour the calculation 
of gradient images by the technique of fast fourier transformation. The optie flow equations are 
also satisfied because luminanee is conserved. 

Our implementation only calculated the velocity upto zero-tb order, corresponding to rectilinear 
velocity. Components like accelerations can however also be included into the optie flow model 
giving the velocity up to first order, allowing better estimations of the velocity field. 

v= v+a·t (5.1) 
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This of course increases computation casts. However, rectilinear motion is unlikely to be satisfied 
for larger temporal scales. The larger the scale the more likely a change occurs in the motion. So 
acceleration will more probabibly occur over larger scales. 

Only in the case of frame-ta-frame calculations can the acceleration component be discarded. 
From frame to frame only displacements can have occured. 

5.2 Matching 

The second category of motion estimators was formed by matching techniques. Five kinds of match 
measures were studied (SAVD, SSQRE, DSC, CC and entropy). 

5.2.1 Standard matching 

The experiments revealed the following characteristics for the motion es tirnation using the standard 
matching measures. 

• In the case of X-ray fluoroscopic images with no contrast fluid in-flow, the SAVD and 
SSQRE measures, perfarm best. They have accuracies in the motion estimate of approxi
mately 0.1 pixel/frame, if 16 x 16 pixel areas are matched. 

• Techniques like DSC and Entropy are less accurate in estimating the velocity, with standard 
deviations of 0.5 pixel/frame. 

For the techniques of DSC and entropy, the patch size of 16 x 16 pixels is probably toa small, 
because they are largely dependent on the size of the matebed windows (Venot and Ledere 1984). 
The DSC measure counts the number of sign changes from going pixel to pixel in the difference 
image. And the entropy measure is a histogram based technique, which of course needs enough 
pixel information to build the histogram. Patch sizes of 32 x 32 pixels are expected to work better. 

The DSC and entropy measures are relatively invarient to projection of contrasted vessels over 
the patches that are matched. In the case of contast in-flow it is expected that these measures will 
produce more reliable estimates for the velocity, and hence should be favored above the SAVD and 
SSQRE measures. 

5.2.2 Modified matching 

The techniques of SAVD, SSQRE and DSC were modified to include more frames per match. The 
tests performed on these modified techniques presented the following results: 

• Modification improved the accuracy of the motion estimate for pure rectilinear motion by 
factor 2, going from standard two-window to three-window matching. Further extension of 
the temporal scale to four-windows yielded only slight improvements. 

• For accelerated motion the modified techniques perfarm worse than the standard techniques. 
This is due to the rnadeling assumption of rectilinear motion. 

• Only the three-window match with the DSC measure produced a slight impravement in the 
estimate in the case of small accelerations. The extra number of sign changes probabibly 
made the criterion more reliable. 
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lt can be concluded that the modified matching techniques do nat imprave the motion analysis. 
Improvements can only be expected in the hypothetical situation of non-accelerated motion, which 
willalmast certainly nat occur in X-ray image sequences. 

For the modified techniques, it is still uncertain how the velocity information should be mapped 
to the displacement between frames. For this, the amount of acceleration has to be known. In the 
standard two-window matching techniques the velocity is simply equal to the displacement and 
thus represents no problem, but with extended time scales this problem has to be tackled. 

5.3 Structure 

The structure measure was introduced to select those points from an image that are worth tracking. 
This selection should yield monitor points in a deformable mesh. 

In the experiments the motion estimates of the SAVD, SSQRE, DSC and Entropy measures 
were studied as a function of the structure content. These experiments showed the following cor
relations with respect to the structure content: 

• All measures showed remarkable improvements in the accuracy of the estimates for higher 
sturcture values. For DSC and Entropy the standard deviation was a factor 7 smaller for high 
structure areas as compared to low structure areas. For SAVD and SSQRE the improvements 
are a factor 3. 

• The high structure areasin the image correspond to point shaped objects, that can be easily 
tracked. Low structures correspond with homogeneaus areas which contain no information 
that can be tracked. 

These results favor a selection of monitoring points by use of the structure value. Motion 
should not be estimated at arbitrary grid positions, but a feature selection should be used to select 
only those image areas which can be tracked with great accuracy. 

These monitor points will no langer lie on a regular grid. Interpolation of the grid value with 
aid of bilinear interpolation can no langer be done. This means that new interpolation methods 
should be used to calculate the velocity for the entire field from the monitor values. 

5.4 Requirements for motion estimation 

The requirements for robust motion estimation in X-ray ftuoroscopic image sequences are summa
rized below. 

• The algorithm should be based on the technique of pattem matching. 

• The motion estimation should be done from frame to frame, only camparing two frames at 
a time. Extra information from previous frames could be incorporated as an initial guess for 
the motion field. 

• The match measure should be invariant to inftow of contrast ftuid. Partial acelusion of one 
of the frames should nat yield different motion estimates. 

• A selection should be made of those points which are worth tracking. This selection of 
monitoring points could be based on the structure value. 



46 CHAPTER 5. DISCUSSION I CONCLUSIONS 

5.5 Forther study 

The inftuence of contrast ftuid on the motion estimates was not studied. Contrast ftuid injected into 
a patient may cause the matching algorithms to produce erroneous values for the patient motion. 
Optima of some match measures like SAVD and SSQRE can change due to projection of contrasted 
vessel over a window that is matched. It may introduce multiple maxima, which interfere with the 
accurate estimate of the displacement between the frames. 

However, the DSC and the entropy measure are relatively invariant to the acelusion of a 'small' 
area of the compared patches (Zuiderveld et al. 1992, Cox 1995, Buzug et al. 1996). These mea
sures can produce definite peaks even if acelusion occurs, and will probably work better in angio
graphic sequences, see equations 3.23 and 3.24. 

These last two measures are largely dependent on the area of the patch used in the matching, 
because they must 'count' the number of sign changes or 'construct' a histogram. This sarnething 
which can not be done with a small number of input pixels. So, if the DSC en entropy measure are 
used care must be taken in choosing the patch area. 
Future work should therefore he, the study of; 

• the relation between the motion estimate and the projection of contrasted vessels over a 
match window. 

• the inftuence of the windowsize on the motion estimate for the techniques like the entropy 
measure. 

When the motion analysis can be done with enough precision, the output can be used in motion 
correction of the image sequence. The spatially aligned image sequence can be used to produce 
functional images by use of temporal integration. The most commonly used techniques is DSA, 
but other techniques like chamfer matching (Kerkeiakes et al. 1986) can be used to further increase 
the signal/noise ratio. 

The AIO, Erik Meijering will work on the implementation of a robust motion correction and 
the extraction of functional images. 

Hopefully, I have provide him and others with results, that can help in removing the motion 
artefacts from imaging techniques like digital subtraction angiography. 
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