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PREFACE

-

'In the recent years, the applications of digital image
processing in medicine have increased at a tremendous rate.
Some well known diagnostid imaging modalitieé based upon di-
gital computer technology for data acguisition and image
production are computer tombgraphy, nuclear. magnetic reso-
nance and ultrasound. Recently, the ﬁechnique'of Digital
Subtractive Angiography (DSA) is finding widespread applica-

tion in "intravenous angiography".

Prior to its development, all visualization of‘arteries
in the body was performed with a high risk, time consuming
procedure involving "intra-arterial injection“ of contrast
medium. DSA enables the performance of a real time, less
dangerous procedure utilizing the image enhancement tech-
nique of subtraﬁtion where unwanted background information
from an x-ray image is removed with the subtraction of two
images taken before (mask) and after (live) a contrast agent
has been introduced. For meaningful subtraction, the tech-
nigue requires that patient motion does nét occur and that
the iodinated vessels themselves do not move during or be-
tween the acquisition of the images. However, neither of
these is universally true in glinical DSA practice. Pres-

ently, the solution to this motion problem is to repeat the
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image aquisition procedure. In so doing, both patient,and
physician will be exposed to rédiatiqn which would not have
been necessary. . It is, therefore, tﬁe purpose of this dis-
sertation to develop a real time approach to counteract the

" effect of motion and to study its effectiveness.

In this thesis, a new algorithm called "the overall con-
trast of -the.difference image (OCD)" is described and ex-
plored analyticaily and_experimentally. In Chapter 1, there
'is a general introduction to DSA covering the basic princi-
ple of x-ray sﬁbtraction and the engineéring aspect of the
DSA system. The presentaﬁidn provides the réader with an

dierstanding of thé general physical and techqical require-
menté of DSA and the problem of patient motion.  Chapter 2
consists of a brief analysis of motions that could occur in
a clinical examination and an overview of various modifica-

tions to DSA.

Chapter.3 presents a real time remasking scheme which re-
quires only an additional motion detector unit to the DSA
system. With this approach, motion artifacts are minimi;%d
by updating the mask image whenever a significant motion 1is
detected such that the adverse effects of patient motioﬁ can’
be reduced or eliminated. Also included in this chapter is
an overview and analysis of various. image processing .ap-
proaches to motion estimation. Based on a mathematical

analysis, a new approach to motion estimation wusing image

r— vi —



sté%fbtips which could be obtained in real time is developed
ih Chapter 4. In Chapter S,»the,apprgéﬁh presented 1is ﬁer—
formed upon clinically acquired angiogrém images and final-
lf, in Chapter ' 6, comments related to the test and conclu-

sions are given.

- vii -
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Chapter I
DIGITAL SUBTRACTIVE ANGIOGRAPHY (DSA)

The field of medical imaging has been grgwing rapidly
since the discovery of x-rays in the late l19-century and has
had a great impact uﬁon the practice of medicine, With the
advances in digital computer ;gchQé}ogy, new diagnostic im-
‘aéing modalities are be}ng developed. Some well—known‘exam-
ples are computer tomégraphy, ultrasound and nuclear magnet-

i¢c resonance.

Recently, digital subtractive angiography is emerging as
a useful tool for blood vessel imaging. The iméging of
blood vessels, especially the arteries that supply blood to
vital organs such as the brain and the hearg, provides im-
portant information for patient diagnosis. Ocglusions of
the arterial system cause heart attacks, strokes and other
serious medical problems. Together, these represent the ma-
jor cause of mortaiity in our adult population.‘ The discov-
ery of vessel’blockage or narrowing, associated with the ex-
act location of the disorder, therefore, constitute vital

parts of medical diagnosis.



1.1 BLOOD VESSEL IMAGING (ANGIOGRAPHY)

In conventional Radiography, X-Rays are directed through
the examined body to produce images on photograghic plates
or fluoresent screens. Due to the difference in X-ray at-
tenuation of diffefent organs and tissues, X-ray images out- .
line the anatomical details in discernible contrast. Unfor-
tunately, because the differential X-ray attenu;tion between
blood and the surrounding soft tissues is so small, blood

vessels are generally not visible.

1.1.1 Contrast Medium Inijections

In order to visualize blood vessels, it is necessary to
introduce a radio-opaque contrast agent or dye (a water so-.
luble compound containing iodine). In conventional angibg-
raphy (X-ray examination of blocd vessels), a small polyeth- |
ylene tube (catheter} 1is inserted directly into the vessel
of interest. A high concentration of contrast agent is then
injected. The resulting images display a vessel contrast
large enough to be seen without further processing. How-
ever, 1in the cage;of arteriography (visualization of ar-
teries), the requirement that the catheter be inserted into
the artery increases the risk of the procedure, and hospi-

talization of patient is necessary [6,46].

If the injection is made into a vein (intravenous injec-

tion), and the images taken when the bolus of contrast agent



has traversed the circulation‘system to the artery, .the-ar-
tery would be poorly visualized. ,rThis is because by the
time the contrast agent reaches the artery of interest, it

will be so dilute that the contrast is too small for visual-
ization. However, such a procedure would be of great ben-
efit because of the relative safety of iﬁtravenous injec-
tion. 1t remains therefore to find ways df enhancing the

low vessel contrast.

S

Subtraction 1is an imaging technique that'provides low
contrast signal enhancement, by removing the high contrast
background structure (eg. soft-tissue, bone} from the im-
ages. In the process, X-ray images taken before and after
the contrast injection are subtracted so that any change in
the images (such as the opacification of vessels from con-
trast agent) is enhanced. Clinically, valuable images of
arteries can therefore be obtained with a diluted iodine
concentration (2%-3% contrast in the blood as op?osed to
that of 40%-50% in arterial catheter angiograms [12]). In
this connection, intravenous angiography is ma&e possible
" avoiding certain risks, much cost and hospitalization of pa-

tient.



1.2 . THE PRINCIPLES OF IMAGE SUBTRACTION

1.2.1 The Classical Method

_ In a raaiographic system, the K*réy energy available to
the recording medium is attenuated exponentially as it pass-
es th:ough tﬁe patient body or specimen of interest (Figure
1). Assuming that X-rays propagate in the z—direction,.ahd
neglecting.scattering and diffraction, the transmitted in-

tensity available to the recording medium [10] is given by

I(x,y)=Iaexp[-La(x,y,z)dz]
=1, exp[-B(x,y)] : (1)

where I. is the spatially uniform incident radiation
L is the thickness of the specimen
p(x,y) is defined as the attenuation projection
and «(x,y,z) is the linear attenuafion coefficient

at point (x,y,z) of the object

The process for low contrast enhancement involves the
subtraction of two radiographic images taken before {mask)
and after (live) a suitable contrast ggent has been intro-
duced. I1f the mask image is denoted by I.(x,y), the attenu-
ation coefficient of contrast agent by Ao iodine concentra-
tion by c(x,y) and the spatial distribution of vessel
thickness by t(x,y}, then the intensity of the image con-

taining opacified contrast agent 1is given by

I, (x,y)=In{x,ylexpl-pct(x,y)] (2)

—
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Figure 1: Exponential attenuation of Radiation
through Matter, The absorption of x-rays in a thin
layer of substance is proportional to the thickness of
the layer and the amount i1ncident on that layer.
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where ¢ is assumed to be space invariant.

The difference projection, which is the primary function

of interest, can be obtained as

ln[It(x,y)/Im(x,y)]fﬁct(x,y) (3)

Hence, I, and I, must undergo logarithmic compression before,

simple subtraction is performed.
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.This technigque of subtraction for removing unwanted back-
ground information from X-ray images was established about
40-ygars ago. It was conventionally implemented with phoFo-
grapé?gﬂﬁethods, utilizing the linear portion of the charac™
. teristic curve of X-ray film and the‘féuperposition of neg-
ative and positive transparencies f10). Digital subtraction
achieves the same objectives as photographic subtraction but

of fers far more advantages.

1.2.2 The Digital Approach

With the development of Digital Radiographic Systems, X-
ray images are represented in computer readable form with
each image'brokén into spatially discrete blocks,'or pixels.
According to the transmitted x-ray inténsity, each pixel is
assigned a corresponding grey tone value. -Subtraction 1s
then performed, pixelwise, between the mask and the live im-
ages. While temporal subtraction isolates the low contrast
iodinated signal from the background structure, contrast en-
hancement is achieved by applying a post-subtraction gain to
the image to fill the dynamic range'(ie. the brightness
range) of the display system. Aé opposed to photographic
processing, digital subtraction is not limited by the linear
region of the film charateristics curve, and is thus able tc
make use of a greater x-ray exposure range. Méreover, with
the technical advance in x-ray imaging and processing sys-
tems,” subtraction can be made in real-time and with improved

ability to detect low contrast changes.
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‘By using a digital system,' the angiogram prpéedure is
fairly simple. A sm?11 intravenous catheter 1is inserted
into ei;hér the basilic or the cephalic Qein (an arm veih),
and then positioned near the superior vena cava (a major
vein going to the righf heart) to achieve higher arterial
iodine .ﬁoncentration. The position of the catheter is
checked fluoroscopically to ensure that it is in the correct
position._ The appropriate anatomic area of interest is then
centered for imaging, and the injection is made. The volume
of contrast agent to be injected varies with the anatomic
area of interest and the site of injection. Typically, 30
to 50 cc are injeﬁted at a rate of 10 to 20 cc/sec using a
power injector [34]. Since iodinatea’contrast agents are
toxic and present some risk of serious complication [34],
reducing the amount needed for the procedure would be an ad-

Fay

vantage.

The data processing segqguence varies from system to sys-
tem. In‘most cases, an image before the arrival of dye is
acquired (either electronically or manually) as the mask.
Subtraction is then performed between this mask and the sub-
sequent live video images. The difference images, which en-
hance the iodine signal, are displayed on the video monitor
during the actual processing and stored concurrently using
an auxillary storage device. After the maximum concentra-
tion of contrast has passed through the area of intefest,

the process is terminated. The stored difference images may
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then be reviewed and further processed or analyzed if neces-

sary.

Intravenous injection, which was once abandoned because
of its low contrast sensitivit&, is once again gainin§ at-
tention through the use of digital subtraction. The ability
to enhance low contrast signals, coupled with the conven-
ience and flexibility of digital systems make digital sub-
traction clinically attractive, With Digital Radiogrphy,
intravenous arteribgraphy has shown great bromise as a means
of assisting‘radiologists in patient diagnosis. The tech-
nigue could lead to a major change i the way arterigraphy
is praticed, and have a significan;‘$mgg5t on the medical

management of vascular disease. various factors contribute

to the success and can be tabulated as shown in Table 1.

TABLE 1

Potential of Digital Subtractive angiography

HOSPITAL DSA offers 1low risk, out-patient based
FACILITY examination with reduced examination and f
ULTILIZATION physician time, thus increasing the effi-
ciency of hospital facility ultilization.
No x-ray film is consumed.

‘DIAGNOSTIC The necessary information is obtained, in

INFORMATION real-time, at a reduced amount of dose
and with a less invasive process.

SIGNAL The use of digital processing pfovides

PROCESSING considerable flexibility in the method of

subtraction and can be more accurate anda
sensitive than the conventional film
based system.




1.3 ELEMENTS OF THE IMAGING SYSTEM : - ’

!

' Because the subtraction is performed between two very
large numbers to extract the small biood vessel signal, the
imaging system must have low noise and wide dynamic range to
record this small diffédence accurately. In its most basic
form, the imaging system féf DSA consists ‘of an X-ray
source, X-ray image intensifier,_ video camera, electronic
amplifier, andalog to digital converter and image storage de-
vice (Figure 2), The image intensifiér converts the trans-
mitted X-ray to light flux. The video camera then converts™
the light signal into an electronic (video) signal, which is
then amplified. The amplification may occur before or after
the digitization of data, and may be linear or logarithmic.
After amplification,‘the images must be converted to digital
form and processed. ﬂhen processing is done, the result is
ready to be displayed, and may be stored either in analog or
in digital form. The relative merits - of some of these op-—

tions will be discussed below. .
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1.3.1. X-ray source

Medical x-rays are produced by bombardihg a tungsten tar-
get'ﬁith high energy electrons and have wavelengths ranging
from 10 to 50 pm. ‘The low-énérgy x-ray photons which are
less able to penertrate the body, would only increase the
patient dose and are thus removed by filtering. . The remain-
ing higher energy x-rays are collimated and then directed
towards the patient. As the radiation passes through the
patient, most is absorbed and only 1 to 4% is transmitted to
the detector [68].

Due to the random nature of photon emission, the number
bf photons incident on any particular area ‘'a' during a
fixed time period 't' fluctuates and follows a Poisson dis-

ution. . One generally defines the signal from the mean
number N, of x-ray‘photons incident Qn'the area 'a' and de—:
fines the guantum noise from its standard deviation accord-—,
ing to the Poisson'statistics. The signal to noise ratio

{SNR) is therefore "
SNR = ===- = [ Ny (2)

In order to achieve optimum performancetgnd not waste x-ray
dose, quantum noise should dominate the system noise of the
imaging system, such ‘ that the SNR of the final image will

» not be further degraded.

!
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"1.3.2 Image Intensifier

The X-ray image intensifier performs‘the function of X-
ray: detector and light amplifier in a unit (Figuref3) X-
rays entering the detector tube stimulate the input phosphor
‘which emits 1ight photons, and each photon can stimulate at
most one electron from the photo- -cathode. The electrons are
then accelerated through a-strong electric field and focused
onto the anode. When the electrons strike the fluoreé;nt an-
ode, ‘they excite and ionize the atoms of the material.
Light photons are released when these excited atoms return
to their usual state. As a result, a smaller but brighter
imag; is proauced with the brightness gain equal to the
“product of the geometric gain (ratio of the area of the in-
put and output phosphors} and the electronic gain (the prod-

uct of input guantum efficiency, photocathode efficiency,

kinetic energy gain and the output phosphor efficiency).
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PHOTOCATHODE

FLUOROSENT SEREEN

ELECTRON -
EMITTED

LIGHT

PATH
INCIDENT
RAY

Figure 3:-Image Intensifier exploits the photoelec-
tronic effect, whereby the energy of incident photons
is converted into the energy of moving electrons. Be-
cause electrons, unlike photons, are electrically
charged particles, their energy can be increased by
acceleration. in an electric field. When photons
strike a photosensitive metal plate, electrons are
ejected into an evacuated region. The electrons are
accelerated toward a postively charged fluoroscent
plate, where their energy is converted again into en-
ergy of visible light. '

1.3.3 Video Camera

The camera converts the light flux on the output phosphor
of the image intensifier into an electronic signal which

will eventually be digitized. Since the video camera system
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is a major source of noise, many researchers believe that
this is the most crucial element in the image chain. It
shpuld add little noise to the image, and a high performance

TV link is necessary.

A specific example with typical values illustrates that a
high SNR, state of the art video camera is required in order
to be dose efficient [37,34]. with standard fluoroscopy
where the dose! per frame requifement is lﬂ-R/frame, a cam—
era with a SNR of 100:1 1is quite appropriate (Figure® 4).
Hqﬁ%ver, in order to reduce quantum noise to the desired
lével for DSA, an exposure rate of 1 mR/frame is needed and
dedicated video camera (SNR in thé order of 1000:1) is de-
sirable to keep the intrinsic system noise lower than the

x-ray quantum noise [34].

1 The unit of radiation is Roentgen (R) which is the amount
of X-radiation that will produce 2.08 x 10’ ion pairs per
cubic centimeter of air at standard temperature and pres-
sure.

2 A thorough in-depth analysis of image noise,is not the
purpose of this chapter, a brief udy is included in Ap-
pendix A. Interested reader stould refer-to Appendix A
for a derivation of the image noise statistics which con-
tributes to the plot of Figure 4.
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PLOT OF VIDEO AND"X-FIAY STATISTICAL NOISE
COMPONENTS !N A LOGARITHMIC IMAGE

{Noise levels are plotted as the standard deviation)

Additions| dynamic range
achlavad with 1000:1 SNR

Video Noise for SNR of 20001

025

Video Noisae for
SN of SO0t

020

%-ray Noise lor
1 mR detecied

A\

015

- Signal level
for 1% Contrast

Video Noise lor
SNR of 10001
010

Noise Equivalent Attenuation (1x units)

Tissue attenuations coelficient
c= 24 cm-

1 mAR = 2.5 x 10" photoma/cm?

Pixel size = .0016 cm*

g

U

o 4 6 8 10 12 14
TISSUE THICKNESS (cm) -
1 16 26 42 65 110 178 287

" DYNAMIC RANGE

Figure 4: Noise components in a digital Radiograph-
ic image. A number of points are illustrated: 1) x-
ray exposure must be high for the detection of small
contrasts. 2) video SNR must be high to ensure that
image noise is dominated by x-ray statistics. 3) with
increased object thickness, the video noise component

increases more rapidly than the x-ray component. (From .

Reference 34)
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1.3.4 Amglifier

As derived earlier, logarithmic processing 1is required

_for the complete removal of the background structure. It
can be shown that withou£ such compression, an artery trav-
ersing regions of varying thickness appears in the subtract-
ed image with 'non uniform density [34]. In some systems,
this constraint is relaxed, and the choice of ampllflcat1on
can be linear or logarithmic. - While linear ampllflcatlon is
implemented directly, logarithmic amplification can be im-
plemented either in an analog fashion using a logarithmic
amplifier or in the d1gltal form using a look- up table tech-
nique.

1.3.5 Analog to Digital converter (A/D converter)

The analog data, which has been broken into an array of
spatially discrete chunks called pixels, must be converted
to digital form for further processing. This conversion
step 1is performed by an A/D converter with performénce de-
fined by the rate of digitization and the number of guanti-
zation levels. It must operate at sufficient speed to ac-
commodate real-time video signal digitization (one sample
every 70 ns for the North American NTSC system). The number
of grey levels is determined by the dynamic range and the
noise level of the analog signal, and the step size must be

small enough so that the uncertainty associated with the di-



17
_ gitization process (quantization noise), does not add sig-

nificantly to the overall image noise.

As an 1illustration, with a dynamic range® of 12 and a
minimum noise (quantum + video) standard deviation of 0.007;
(corresponding to the 1 mR exposure and a video SNR of
1000:1 in Figure 4), the number of grey levels required can

be computed [37] by
No. levels = ———=——==-= = 178 ' (5)

where the numerator represents the maximum logarithmic dif-
ference which must be accommodated by the digitizer and the
denominator is the grey level spacing represented by the rms
measure of the image noise after_digitization. An B-bit
(256 levels) A/D converter is therefore adequate for this
example.

’

1.3.6 Imagé:Storage

After the digital images are processed, they are stored
in auxillary memory devices to be ready for further examina-
tion. Because digital data is the basis for all image ma-
nipulation, it would be an advantage to store all data in

digital form. Due to the high cost and low operating speed

3 This is computed by the ratio of the maximum video signal
to the minimum video signal and can be written as
R = 5/S¢’ = ef
where P is some attenuation coefficient
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of available digit§1 storage devices, the digitél nature of
the data is preserved usually with a decrease in the amount
of information present (eé. a decrease in spatial resolution
or frame rate) in an angiogram study. With enough high
speed digital storage devices in parallel, the required
speed can be achieved but at a very high cost. Because of
these factors, analog devices continue to be commonly used
for the real-time storage of high frame rate, high resolu-

tion image sequences.

Analog storage devices can operate at real-time video
rate, but typically have a maximum SNR [34] of 100:1 to
200:1. This would seem unusually low compared to the TV
camera SNR requirement of 1000:1l. The key can be to store
only the amplified difference images. If the difference im-
ages are stored with the iodine signal amplified to occupy a
large portion of the video dynamic range, the resulting SNR
is effectively increased by a factor equal to the brightness
gain which is 'applied to the difference images prior to
storage (Figure 5). Typically, the difference can be ampli-
fied by a gain of 8 and still not exceed the dynamic range

[58].

1t may be of advantage to save all unsubtracted raw im-
ages and post-process them to achieve low contrast enhance-
ment, at a later time. Post-processing of data has the ad-

vantage that sophisticatd image processing and analysis
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Figure 5: A temporal subtraction sequence showing

the effect of amplifing a difference image. The dif-
ference obtained from a simple subtraction 1is often
imperceptible, Amplifing the difference to fill the

brightness range of the display helps to improve the
vessel contrast, but at the expense of increasing the
background noise. (From reference 34)

technigues which are not

feasible for real-time implementa-

tion can be applied at a later time after the data is ac-

quired and the patient procedure is completed.

However,

the
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relatively low SNR of analog storage devices and the limited

space of digital storagé do not make this feasible.

Te—

1.4 LIMITATIONS: IN DSA

1.4.1 Patient Motion

The primary limitation to successful intraﬁenous DSA is.
the patient motion that occurs between the mask exposure and
the contrast exposures. Very often, motion of less than 1
mm. of a high contrast interface {(soft-tissue/bone) will
produce significant distortion and artifact in the subtract-
ed images [61 (Figure 6). The effects of motion are gener-
ally blurring of vessels, or streak artifacts consisting of
light and dark bands at opposite edges of a high contrast
object, such as bone. In general, the lower the concentra-
tion of iodine, the more susceptible the image will be to
motion artifact. Motion artifacts are difficult{ if not im-
possible, to correct. Once a.rud'is started, no£hing can be
moved. The effects ahd remedies for patient motion are con-

sidered in detail in chapter 2.
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s ' by

Figure 6: Bffect of Patient motion in DSA. a) An
intravenous arteriogram demonstrating lowlcontrast en-
hancement of DSA. b) Temporal subtractive iinage dem-
onstrating artifacts caused by swallowing. Artifacts

_as such destroy much of the diagnostic information
available.

1.4.2 Noise

In DSA, the signai is determined by the amount of iodinated
contrast agent in the blood vessel and by the average energy
of the x—r;y beam. Unlike conventional ‘radiogfaphy where
image contrast determines how well structures can be seen,
the visibility in DSA is determined by the SﬁR of the sub-
tracted images. The SNR in DSA is theoreticallf iimited [6]

by the iodine concentration [1] and the x-ray dose D accord-

ing to the equation
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SNR = k[I}/D o (6)

-

where k is a constant of propoftionality determined by the

noise level of the imaging system.

Although‘fhe equation suggests that it is more efficient
to increase the SKNR by increasing iodine concentration than
x-ray dose, due to the toxicity of iodinated agent, radia-
tion dose remains the only parémeter used to improve vessel
vi§ibility. Furthermore, if the noise level is not properly

controlled, the visibility will be significantly impaired.

The subtraction technique is fundamentally limited by the
noise 1e4el of the subtracted images which. can be catagor-
ized into the_structured and the stochastic components. The
structured portion is mainly caused by image tube distortion
and patient motion, wvhich has been discussed. The stochas-
tic portion consists of "the dose dependent X-ray quantum
noise and fhe additive electronic noise. The dose dependent
noise is fixed by the number of photons passing through the
patient (proportional to dose) and by the efficiency of the
X-ray detector (percentage of incident photons actually ab-
sbrbed-éy the detector). The additive noisé component is
the electronic noise introduced by the electronic, system

(eg. camera).

0f the four sources mentioned, only x-ray quantum noise

is normially under the control of the operator. In order to
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be dose effective, the dose dependent x-ray quantum noise
should dominate the others, so that the sigﬂal_to noise ra-
_tié can be improved by increasing the radiation exposure,
and decreased by lowering the dose. With high additive and
. structured noise, the subtracted images will fail to demon-
strate blood vessels. In such cases, an increase in X-ray
dose, however, will not necessarily improve the quality of

the subtraction.

—



Chapter II

PATIENT MOTION IN DSA

¥ o
_ Although digital subtraction has been shown to be an ef-

fective technigque for contrast enhancement in medicine, it
is primarily limited by sudden patient motion. Due to pa-
tient discomfort caused by the iodinated contrast material
and o the amount o%;time requiréd for the injected contrast
agent to travel to the artery under examination (>3 sec),
patient motion artifacts are present, to a certain degree,
in almost all digital intravenous angiograms. All too cof-
ten, such artifacts destroy much of the diagnostic informa-

tion available.

-

There have .been several modifications to DSA since its
implementation in 1980. Based on different processing
schemes, .éach modification attempts toO address the problems
in DSA differently.  Their relative abilities to handle pa-
tient motion 1is still an unknown, and a definitive study
hcomparing conventional DSA with the various integration
technigues on the basis of motion artrifact, 1is yet to be

performed. [6,36,60]
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2.1 MOTION ANALYSIS

All structures in the human body are subjected to tempo-
ral chanpges. Although the huﬁan visual system has an out-
standing capabilitf to recognize complex .spatial patterns,
automated recognizafion of complex motion patterns as they

occur in an x-ray image sequence is often very difficult.

Classification‘schemes for patient motion have been pro-
posed [27,36]. 1In general, the kinds of motion that usually
occur during imaging can be classified as either oscillatory
or non-oscillatory. Oscillatory motion includes cardiac
pulsation, breathing and swallowing, and produce image arti-
facts that repetitively appear, disappear and reappear with
reverse phase, Non-oscillatory motion is usually unpredic-
table and is the most troublesome to handle, Sudden patient
motion falls into this second catagory and is caused mainly
by the subtle movement of rigid objects such as the head and
the limbs. Table 2 is a list of the temporal frequency
ranges associated with the various temporal changes. Notice
that physiological events that vary rapidly (eg. cardiac
pulsation) have higher temporal frequencies than events that
vary more slowlf (eg. the arrival and washout of contrast
material). It will be shown in later sections how physical
phenomena and a priori knowledge as such may be used in the

handling of patient motion.
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TABLE 2

Temporal frequency range of

Various Motion Type [36,27]

r

‘Breathing

-

10-20 cyc/min

Swallowing

<40 cyc/min | Nﬁ\‘\\

rCéfdiac
Pulsation

>60 cyc/min

Contrast

Opacification 3-10 sec

a duration of

2.1.1 cardiac Pulsation

.In arterial pulsation, the

at or near its end-diastolic

artery spends most of the time

position with sharp periodic

systolic impulses and at a rate of more than 60 cycles/min.

It is associated with the expansion and contraction of the

heart chamber.  Because the pulsation is periodic and is at

a rate higher than that associated with the rate of change

of the iodine bolus, a satisfactory results can be obtained

with a subtraction in which only images of the same cardiac

phase are subtracted. This
among imagesi

(/

2.1.2 Breathing

provides a better registration

The temporal variation associated with breathing most re-

sembles that of iodine bolus.

1t ranges from 20 cycles/min.

for fast breathing down to 10 cycles/min. for slow breath-



.. o 27
ing. Although patients are generaiI;J;sked to hold their
breath during imaging, for a severely ill patient this is
not generally successful. A way of redﬁcing the effect of
breathing is. through temporal filtering. Instead of.sﬁb—
traction, the image sequence may be bandpass filtered to re-
move the sfationary background and the temporal variation of
high rate. A single frame from the filtered image sequence

may then be captured with less breathing artifact and yet

showing good arterial opacification.

2.1.3 Swallowing

"Swallow{ng occurs in about 30% of most intravenous caro-
tid arteriograms [5]. It presents complicated dynamic vari-
ations and covers a wide domain of freguency range. Though
the motion is not periodic, an image area corresponding to
the larynx region undergoes oscillatory behavior during
swallowing. As in the handling of breathing, a video frame
with reduced artifact may be captured from the bandpass fil-
tered image Ssequence, If such is not possible, swallowing
artifact can also Be removed by choosing a new ‘mask, and
hopefully some images of the sequence will be adeguately

registered.
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2.1.4 Sudden Patient Motion

This refers to abrupt patient movement from position A to
position B and occurs in’ approximately 10% of all angiogfam
examinations [34]. Becauée‘of patient discomfort caused by
the iodinated contrast material, this type of motion is not
uncommon. At a pixel level, its motion artifact can be mod-
elled by a step functien chaﬁging the pixel intensity from
one level to another. The best .way to handle this problem
is, perhaps, by reselecting the mask image, as in the case
of swallowing, so that tﬁe succeeding subtraction will be

registered.

2.2 MOTION COMPENSATED TECHNIQUES

in order to render solutions to the limitations in DSA, a
number of investigations [5,35,18] have been made to study'
various DSA related phenomena, such as bolus dynamigﬁ and
alternative DSA image acquisition and processing schemes.
Among these are motion compensation schemes including re-
masking, energy subtraction, temporal bandpass filtering and

image matching.

2.2.1 Remasking

Motion artifacts caused by misregistration between the
mask and the live images can be suppresssed by allowing the

selection of an alternate mask that better matches the ori-
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entation of the background anatomy. Clinical study [34] has
shown that 30-60% of temporal subtaction studies can be im-
proved by remasking. "If live wunsubtracted images are
stored, this is a'straightfbrward procedure. Subtraction i§r
simply performed retrospectively betweem the contrast-filled

live image and the alternate mask image, producing a differ-

. ence with minimum motion artifact. In the case when only

the difference images are stored, remasking can be done in a

similar way. Let the original - mask image be designated M,

and the unsubtracted live images L1, ﬁ2,.....Ld. The origi-

nal differences are then given by

L1 - M

Dl =
D2 = L2 - M
Dn = Ln - M (7)

Suppose D10 has the maximum iodine contrast, but has sig-
nificant misregistration artifact due to motion. "And sup-
pose L5 has little iodine contrast but better matches the
orientation of anatomic structure of L10. The desired imagé
is, the}efore, the difference between L10 and L5. With only
D1,D2,...Dn available after image storage, fhe desired dif-
ference can be obtained if D5 1is subtracted from D10, pro-

ducing
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D10 - D5

(L10-M) - (L5-M)
L10 - L5 _ (8)

As mentioed in the last chapter, this poét-proéessing-method
requires a high SNR in both D10 and D5, Bécause the differ-
ence images are amplified beforé storing and because the x-
ray statistics noise ih the original mask M cancels out det-
erministically during the subtraction, no increase in x-ray
statistics noise 1is introduced. However, 1if the dynamic
range in either of the amplified difference images 1is ex-
ceeded in the region of motion, thére is a danger that the
iodinated véssel signal, " which may be in the region of mo-

tion, may not bé retained.

2.2.2 Energy Subtraction

Whereaé, temporal subtraction dependé on the change of
iodine concentration with time, energy subtraction utilizes
the difference in attenuation properties between contrast
agent and the surrounding soft tissdg;for bones at different

x-ray photon energies.

Energy subtraction 1is based on the fact that the x-ray
attenuation of matter is energy dependent and that the vari-
ation is different for materials having different average

atomic numbers (Figure 7).
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Figure 7: Energy dependence of the attenuation
coefficients of iodine and anatomic structure. Images
made at energies E1l and E2 are subtracted from each
other. Because the attenuation coefficients of soft
tissue and bone change only slightly for the two ener-
gies while that of 1iodine changes significantly, the
relative ratio of contrast (iodine/soft-tissue) is in-
creased by using the difference. (From Reference 13)

In this process, images are acquired at x-ray energies El
and E2 slightly below and above the large discontinuity (K-
edge) in the attenuation curve of i1odine at 33 KeV. Because
the high and the low energy images can be obtained within a
few milliseconds interval, the subtraction is relatively in-

sensitive to motion. However, the imaging system for energy
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‘subtracéign is more complex than that reguired for temporal
subtraction. A second drawback to the approach is that the
difference image obtained generally contains non-zero back-
ground anatomy. In other words, not all of the background
anatomy can 5e removed. | In tissue cancellatibn, there are
residual signals from bones present in the object and vice

versa.

Suppose the object to be imaged consists of only iodine
and a non-iodinated soft-tissue material. And further, sup-
pose that each x-ray beam is monoenergetic, the transmitted

intensity of the two beams would be

I,(x,y)=Tio exp{—[pktlzt(x,yh ,LLL.Z;(x,y)]}

and

Iy (x,¥y)=I,o EKP{‘[/MuZ{(X.y)'*}*L;ZL(x,y)]} ' (9)

where u.and u, are the attenuation coefficients of each
) / material,
Z, and Z; are the projected thickness,
1, ,I, and I, ,I.0 are the transmitted and incident
rays of the high and low energy beams

respectively
By defining

L,

In(I.e /11) = e, Ze *Jo 2o

L, = 1In{I,o/T;) =y, e +}Lg Z; (10)



[ . 33
a weighted subtraction which enhances the iodine contrast

can be obtained as

D=K, L =KyL2= pe,00 = fe Ty
={e, i, ~HME M, )20+ N v L Uy,)
i BT ® (s e e ) |
=(}L+_1}m. — P i ) 25 (11)

where only the iodine contrast contributes,

In general, to cancel out contrast from an arbitrary ma-

terial, the weight factors k, , k: must satisfy

s (12)

where subscript m refers to the material to be cancelled.

The assumption that only one noniodinated material |is
present is not true in general. Therefore, with bone and
soft tissue both present, only one material can be can-
celled, leaving all other materials to cause residual sig-

nals.

2.2.3 Temporal Bandpass Filtering

The bandpass filtering technigue is based on the theory
that the time varing contrast flow signal can be isolated
through a bandpass filter if the passband of the filter ov-
erlaps, as much as possible, the temporal frequency compo-

nents associated with the contrast bholus. The response to
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signals with frequencies outside the filter passband will

.

therefore be minimized. _ N . /,,\\\

1f the filter's input and output signal are denoted as,
s(i) and s'(i), respectively, and the impulse response of
the filter is denoted as f(i), then the output s'(i) can be
obtained as the convolution of s(i) and £(i)

i .
s'(i) = _Z: s{j§)E(i-j) = s(i)*£(i) {13)
j=i-M
with £(i) defined in the integer range 0<i<M and s(i) de-
fined. in the integer range 0<i<N. {Note that * denotes con-
volution, N is the number of samples and M is the filter

length)

Denoting £(i-3j} as.k-JL s'(i) 1is simply a weighted sum of
all the M previous input samples ending with the i-th sam-
ple.” Equation 13 therefore becomes

i

s'(i)= = k s(3) {14)
j=i-M ]

As a rule of thumb, to ensure that the stationary back-
ground anatomy in the i-th output is cancelled, an addition-

al constraint 4s added so ‘that

Tk =0 : . (15)
]
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One can -easily see that conventional temporal subtraction

is, in fact, a special case where.

+] yJj=1
Kk ={-1 ,j=m (16)
0 (all other j values

with 1 corresponding to the time of maximum opacification

and m to a time of low opacification.

The technique can also be implemented using a recursive
digital filter. With reference to filter 1 in Figure 8, the
filtered image at time kn is a weighted sum of many preceed-
ing video frames with decréasing emphasis‘ further in the
pas; frames. Filter 1 principally adds together video
frames of the previous 2 seconds. Filter 2 has a much longer
decays but with the integrated area under it equal to that
of filter 1. The actual resulting image observed at time
t:, is then the difference between the output of filters 1
ang 2. Since the area under filters 1 and 2 are equal, the
sum of all weights is zero. This ensures complete background

subtraction.

The implementation is made using the formulas given by

s, '(j)=n,s,'(j-1)+(1-n, )s{j-1)
s,"(j)=n,s;"(j-1)+(1-n, }s(3-1) : (17)
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FILTER | RECURSIVE
) FILTERING

VIDED ol anc ENMANCT [ DAC FogoT.
Figure 8: Recursive -filtering. a) weighting coef-

ficients: The resulting image is obtained by multiply-
ing each original 1image by the respective weight and
adding all weighted image together. b) block diagram
of an implementation scheme employing two separate
memory units. (From Reference 38)

v

where s,'(j) 1is the measured output of memory M, at time ]

and s{j) is the new input pixel value at time j.

The quantity s, '(j)-s;'{(j)=s'(j) is the bandpass filtered
output. The frequency response H{(z) for this filter is giv-

en as
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(z-n,){(z-n; ) . | (18)

H(z) has one zerc at z=1 (w=0)} and two poles, one at z=n,

and the other at z=n,. The impulse response is therefore

given by )

-t -t
hitr=N.e -- "¢ (19)
which starts at =zero, rises to a maximum and decay with a
long exponential tail. (note: 1. gnd N1 are the time con-
" stants of filter 1 and filter 2 respectively) This is simi-

lar to the contrast flow curve.

In recursive bandpass filtering, the filter's time con—
stanpgkﬂ. and “\» are selectedqbefore the DSA run. In other
words, the filter is prospective. Therefore, only if the
frequency range of motion lies outside of the passband of
the‘predetermined filter characteristics willnmotion effects
be removed. Trade-offs between having a narrow passband for
motion removal and having a wide passband for contrast en-

hancement thus exist.

2.2.4 Image Matching

Correction for rigid translational motion between images
can be accomplished by maximizing the two dimensional cross-

correlation function and repositioning the images before



38
- subtraction. In fact, tﬁis has been a standard image pro-
cessing technique. Assuming that the misalignment is caused
by rigid translational motion, the two dimensional transla-
tional shift between the(E;B\\iﬁages are computed by image
matching. Correction is then made by subtracting the corre-

sponding pixels of the two images after realignment.

Let the mask image be given by a matrix m{i,j) of grey
values with integer subscripts. From m, a normalized matrix
m' is computed by subtracting from each vialue the mean grey
value of m and then dividing by the standard deviation of
the grey value of m. Next, the normalized matrix m' is used
to define a function m'(x,y) for real number X and y through
interpolation. The cross-correlation function between the

live image c(i,j) and the mask m'(x,y) is then

C(ﬂ,V)= 21; c(i,jIm' (i+p, 3+¥) (20)
13
where the summation is carried out for a small image region

or block.

-

The location of the maximum correlation coeficient then
provides a measure of the amount of the translational misa-
lignment. The images can then be realigned by unshifting

the mask image by this amount prior to subtraction.

Unless a priori knowledge of the estimated shift 1is

available, the above correlation process requires hours of

-’
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CPU time even for a dedicated minicomputer, and is therefore

not éppropriate for real time purposes.

2.3 OTHER MODIFICATIONS TO CONVENTIONAL DSA

There are many othef modifications to the conventional DSA
system, They are, in.oné way or another, traﬁsngEEFions"or
combinations of the above versions, and,theif abilifies to
remove motion artifact are sometimes uncertain. Some impor4
tant techniques include matched filtering, vascular tracing
and hybrid subtraction.
1. MATCHED FILTERING
The métched filtering technigue is based on the prin-
ciple that the highest SNR possible is attained if
the filter response is matched to the shaﬁé of the
signal of interest. The mﬁtched filter response to a
sudden patient motion, therefore, will be less thaﬁ
‘to a contrast boius (Figure 9). However, the process
relies on the ability to obtain the filter welght
coefficients from the contrast dilution curve. This
can be done by placing a region-of-interest cursor on
, the image region of the artery and measuring the lo-

cal contrast dilution curve. However, because the

contrast dilution curve varies £from place to place.

and from artery to artery, the process has to be per-
formed locally. Furthermore, misalignment of the im-

age due to motion will cause a problem in obtaining

&
;\,/')-
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the contrast dilution curve and hence the filter

coefficents. G~
‘ CONTRAST
A BOLUS
TIME (sec)
: MATCHED
B

FILTERING

L

Figure 9: Matched filtering. a) a plot of
typical contrast bolus flow curve following in-
‘travenous injection. b) a plot of the weight-
ing coefficients for matched filtering. Be-
cause the weights are made to match with the
bolus flow curve, the filter response is maxi-
mum for the contrast bolus and lower for unde-
sired patient motion. -

2.4 VASCULAR TRACING [40]
| Because contanf,polus,is,cf\g\§hort duration, only a
small segment of vasular anatomy would normally be
shown at any .given moment. The vascular tracing
technique,ljowever, records maximum opac}ficati;n of

vascular structures as they occur and leaves . them

stored, pixelwise, in thskmemory of the video proces-

—_
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S0r. Therefofe, after the contrast bolus has passed
through all imaging s;ructures; ~ a’'single image is
formed which displays all the vascular anatomy with

max imum opacification, independent of when maximum

.opacification occurs. It basically stores, for each

pixel, the most negative difference over time. How-~
ever, tﬁe technique fails when_any slight motion oc-
curs, In the case of motion, the technique would
store the dark streak caused by motion instead of the
maximum iodine opacification.

HYBRID SUBTRACTION

This is a technigue involving both the temporal and
energy subfraction.techniques (Figure 10). It com-
bines dual-energy subtfaction for the removal of soft
tissue structures and temporal subtraction for thé
elimination of residual bone structure. The pre- and
post-contrast dual energy image pai}s are obtained
with each 'high and low .energy pair subtracted to re-
move soft tissue structure. Then, the resulting tis-
sue cancelled pre- and post- contrast. images are suS-
tracted to remove the residual bone étru;ture. As a
result, soft tissue motion can be eliminated. How-
ever, when both soft-tissue and bone are involved in
the motion process, only one type of motion can be

4
removed.
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Figure 10: Relationship of hybrid subtrac-
tion to temporal and energy subtraction. a)l
Temporal subtraction. b)- Energy subtraction
- producing a soft-tissue-cancelled 1mage. c)

Hybrid “subtraction: Pre- and Post- contrast
dual-energy image pairs are obtained. First,
each pair is subtracted to remove soft-tissue
variations. Then the resultant tissue-can-
celled pre-and post contrast images are sSub-
tracted to remove the residual bone structure.
(From Reference 5)




2.4 SUMMARY

Patient motion is the primary limitation to intravenous
angiography. But because of its complexity, it is difffi- -
cult to describe and handle analytically. Unless one is
able to stop the physical mqtion.bf,the patient,‘ the motion

" problem cannot be ignored.

Various methods showing improvement over direct DSA have
been investigated during the past few years. Remasking, en-
ergy subtraction, image'matching and bandpass filtering each
seems to respond to the motion problem in a different fash-
~ion. The bandpass filtering approach tends to remove peri-
odic motion éf high frequency (>30 cyc/min}. Energy sub-‘
traction is immune to patient motion, but leaves bone
structure as residual signél in the difference image. Re-
masking and image matching téchniques seem to address them-
selves to sudden patient motion but Eé; be time consuming.
Each technique has 1its own advantage and drawback.  More-
over, clinical cdnsiderations such as safety, cost, facility

ultilization and speed must alsc be consideration.



Chapter I1T

REAL TIME REMASKING AND MOTION ESTIMATION

Due to all the difficulties that motion imposes, there is
no easy way to the development of automated systems which
will handle the motion problem effici;ntly. Presently, 1in
order to ensure that_clinically valuablé data is obtained in
an .examination, the angiogram procedure is repeaEgd whenever
the effect of motion is thought to be significant..t,ln the
process, both patient and physician will be exposed to radi-

ation which would not have been necessary if patient motion

" did not occur.

Although some motion combensated- techniques for motion

correction do exist, very little clinical pratice has been

gained to date because of the lack of technical personnel
and the time reguired for the post-processing of the image

sequence [6,62].

It would, therefore, be an advantage to have a real-time
automated technigue for removing motion artifacts thus free-
ing both patient and physician from exposure to excessive

radiation by reducing the need to repeat procedures.
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3.1 REAL-TIME REMASKING (A PROPOSED NEW TECHNIQUE)
) ‘ i .

L

Because of the time it takes for the contrast bolus to
travel to the artery of interest, there is usually a few
seconds delay in the arrival of contrast bolus after the in-
jection. ; As a result, patient motion occuring during this
time interval is common. Therefore, it is theoretically be-
nefical to have the mask frame acquired as close to the con-
trast arrival as possible, in order to reduce the possibili-
ty that the subtraction be affecfed by sudden patient‘.

motion.

Real time automated remasking is a technique proposed in
this dissertation to achieve this éoal. The technigue at-
tempts to implement the previously studied remasking scheme
in real time during data acquisition. As a result, motion
correction is done as data is being collected and neither
off-line post-processing nor re-exposure is needed. In the
process, a simple real-time motion detector is incorporated
into the DSA system (Figure 11). During the process of data
.acquisition, a new mask is acquired whenever significant pa-
tient motion is detected. Thus the image misregistration in

the succeeding subtraction is minimized.

As an illustration, consider the different cases shown in
Figure 12 . While patient motion results in motion arti-
facts and a decrease in iodine contrast in the original sub-

traction, real—-time selection of a new mask leaves the iod-
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Figure 11: Block diagram of a real-time remasking
system. The motion detector analyses the mask and the
difference images. A decision is then made whether to
update the mask. The control line is shown as a dash
line in the diagram.

ine caqntrast signal unaffected. More ihportantly, the high
contrast, non-zero background that is present in the origi-
nal difference image 1is removed through this automated re-
masking technigue. Misregistration is ,therefore, complete—
ly Q%Fided if mqfion occurs well before or after the dye
arrives. I1f, however,  motion occurs during the arrival of
dye, a decrease 1n dye contrast may result due to the fact
that the new mask may contain some contrast agent. Fortu-
nately, the flow of dye appears as a wavefront washing out
of one segment of the vessel and moving on to the next.

Thus, only a small section of the vessel is affected, while
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misalignment is being corrected for the succeeding subtrac-

tions.

However, this real time automated remasking apprdaéh is
not apprdprigte for the handling of cardiac phlsation mo-
tion. with the process described, regular motion as such
would lead to freqﬁent changes of the mask and would thus
significantly reduce the iodine contrast signal. Satisfac-
tory results can therefore only be obtained when improvement
is expected with the post-processed remasking technique de-

scribed in the previous chapter.

In addition, because the success of the automated remask-
ing system relies very much on the correct detection of mo-
tion, the detection or estimation of motion is a critical
function in the process. in geneégl, if a particular dif-
ference image resulting from thexsubtraction of ‘two angio-
gram images is considered, three pqssible Eypotheses may be
concluded: Either the two images are the same and differ
only due to random noise, the images are ‘different due to
the arrival of contrast agent or the images are different
due to motion. Since the arrival of dye is a desired‘signal
while patient motion is not, the detection criterion must be
able to discriminate-significant motion from dye arrival and
must be simple enough for real-time implementation. The de-
tection problem.in the context of DSA will be discussed in

chapter four. 1In the remainder of this chapter, the problem
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Figure 12: The effect of real-time remasking. With
A as the mask, {C-A) shows vessel opacification asso-
ciated with motion artifacts. With B as the mask,
(C-B) shows a clean vessel opacificatlion signal.
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of motion estimation is studied from a general image pro-
cessing point of- view. The same principle applies in the

angiogram case.

3.2 ESTIMATION OF IMAGE TRANSLATION

Translational motion is often assumed 1in many image pro-
cessing applications involving motion. Strictly speaking,
it is not correct to describe r;;l—world motion with two di-
mensional translafion.motion, but the_%isumption can be con-
sidered valid when the seguence of imgges are acquired at a
high rate, so that the relat;ve motion between any two con-
secltive image frames is essentially translational. In the
DSA application, the translational model of motion is per-
haps the only practicai way to the analytical study of real-
time remasking/and it shall be assummed that patient motion
can ’be adequately described by the t;anslational motion.
The three major approaches to the estimation of two dimen-
sional image translation are: Fourier method, image matching

and the method of differentials.

3.2.1 Fourier Method

In the Fourier transform domain, translation due to a
shift in the spatial coordinate is known to introduce a cor-
responding linear, frequency dependent phase shift 1in the

frequency domain, With (x,y) denoting the spatial coordi-
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nate, (u,v) the spatial frequency and F(u,v} the Fourier
tfansform of £{x,y); the Fourier transform G(u,v) of glx,y),

a translation of f(x,y) is given by

G(u,v)=F(u,v)exp[-27j{uax+vay)

with -
g(x,y)=f(x—sx,yvﬁy)4"/ ' {21)
Furthermore, the difference between the phase angles of
F{u,v) and G(u,v) is obtained as ’
-G(U.v)=[G(u,v)—LF(u,v)=-2W(uax+v4y) (22}

Therefore, by calculating & at two frequency pairs (u,v), 1t

is possible to solve for ax and sy.

However, the phase angles of F(u,v) and G(u,v) are not
unique. In order to prevent any ambiguity, one can 'add the

constraint

o< ' | (23)

Wwith the assumption that the amount of translation
(ax,Ay) is less than half of the frame size (that is L/2)},
one can obtain a unique estimate of (2x,sy) by calculating ©

at frequencies u<l/2L, v<l/2L.

A major limitation to the Fourier method is when the mo-

tion is not that of a simple image translation but of an ob-
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* ject moving in a stationary non-uniform.background. In éuch
a case, g(x,y) is no longer a shifted version of £(x,y), and 
the Fourier metbod breaks down. Therefore, in the estima-
tion of object motion with a stationary background, it is
required to first segment the imagés into stationary and
nén—stationary areas. This segmentation requirement is, in
fact, common in applications such as coding and computer vi-
sion. Because of these complications, the Fourier method is

not widely used.

On the other hand, with the convolution theorem of Fouri-
er analysis, the Fourier transform technique can be used in
conjunction with the correlaton method, a technigue to be

described in the next section.

3.2.2 Image Matching
: £

-

In the matching method, a search procedure is implemented
to find the relative translation between images. By shift-
ing a small region (block) of an image; £f(i,j), over a large
temporally different image g(i,j), the translational shift

is located at the point where a maximum of a similarity

measure is found. In mathematical form, this can be shown
as

S(sx,cy) = C{f(x,y),glx,y)} ' (24)
where

C is a cost function
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glx,yy=f(x-ax,y-4y)

and f(x,y);repreéents a small image block {(window)

'Perhaps the most commonly used cost function 1is cross-
correlation. It is based on the statistical property that
the autocorrelaﬁion function, R(%), of a stationary process
x(t) is maximum at T=0 [55]. For a stationary process x(t),

1ts autocorrrelatibn\functioq is giveﬁ by
R(t) = B{x(t+D)x(1)} - (25)
It can easily be seen ,by sguaring the function, that
E{x(t+T)xx(t)}? = 2[R(O)i£(f)] : (26)
Since the left hand side is obviously non-negative, hence

R(0)xR(T)20

that is R(0)>R(T)>-R(T) : (27)
Thus R(%) is a maximum at the origin C>>q
|R(Y)|<R(0)} for all ' (28)

In terms of a discrete two dimensional image domain (Figure
13), the c¢ross-correlation surface R{i,j) is defined as
o~ I3 ﬂ M
R(1,3j)»R(i,]j)= - = £(1,m)g{l+i,m+7)} (29)
m=1 1=1

for 1<i,j<L-M+1
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whee g is the search area of size LxL, f is the MxM window
témplate representing a small image "block and (3,?) is the

lécation of maximum R{i,]).

o _+‘—L-!M+.1L—.=»iemj

ALLOWED
RANGE OF
REFERENCE

>
| "1 POINTS Giuj — M —
°

SEARCH AREA-g

—.

- Ay w—
t

= M

%
- WINDOW-F

Figure 13: Image Matching. As 1 and j are varied,
the window * f moves around the image area g and the
function R(i,j) is obtained. The maximum value of
R(i,j) then indicates the position where f best match-
es g.

The motion estimation procedure, therefore, involves ob-
taining the cross-correlation surface R(i,j) and searching
for the peak value. However, the stationary assumption of

correlation is violated [3] even for a simple case where
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g(l+i,m+j)=max £(l,m)=fn=constant
l,m

for all (1,m) (30)

With the actual location of match being.located at shift
L3 - ' .

(i',j'), it is clear that

"V\

M M

R(1,$)=fa T - £(1,mI2R(i',3") ' (31)°

l:l’-«mz.l . ' . -

L]
4

Therefore, the searcAFdOes not neceésarily yield the.cor~
rect registration point. In order to improve the perform-

ance -of the search, the correlation surface is normalized as

% & ( )
‘ 7 E(L,m)g(1+1,3+m .
: 1=1 m=1 . | “\K\“\
R (i,j) = —====-—=mmo-mmmmm D e i S § {32)
n M M M M %
\ {[.= T £Amll~ T g*(l+i,m+j)l}
1=1 m=1 1=1 m=1 S N

for 1<i,j<L-M+1

By the .Cauchy~Schwartz inequality, this takes on the maximﬁm'

value when f£(1,m)=g(l+i,m+j). THe normalization factor in

the denominator, therefore, has a tendency to sharpen the

true peak of the cross-correlation surface.

Besid?s the correlation function, other similarity meas-
3\

ures existw, gnd two commonly used measures can be found in
Table 3. A comparison [64] shows that the use of correla-

tion coefficient and sum of absolute difference both yield

-
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_results superior to those using the unnormalized correlation

{3].

-

TABLE 3

Similarity Measure Expressions

-

~o

Correlation Coefficient

MM | :
T Y [E(l,m)- f][g(l+1 j+m) gl
'1=1 m=1 =

irj M M ) M 1 . v
(I T T {f(1,m): fi it E‘ L {g(l+i,m+j)-4}1}
1=1 m=1 1=1 m=1

Sum of Absolute Difference
' M M
a = T E:Lf(l,m)—g(lfiuj+m}l
i,j 1=1 m=1l

lr

Furthermore, 1if ‘some image preproce551ng is *performed
prior*to the search, addltlonal 1mprovement can be obtained. [
The preprocessing step tends to tailor the .images to better
suit the similarity model. Among all breéfocessing schemes’,
it has been found [64] that the highest performance is ob=
tained when ‘the seafch is done on the image gtadient ingtead
of the o}iginal‘image.l -

-

An alternate approach to the computation of the image

cross-correlation function is through the use of the Fourier
'

transform [3]. The well known convolution theorm of Fourier

P



~analysis states that convolution in the time or- space domainn

Fal
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is equivalent to multiplicatioh in the freguency domain.

Since correlation 1is.a form of convolution, an alternate

method of computing the correlation function exists and can
be implemented wusing the fast Fourier, transform involving

much less computation.

!

3.2.3 The Method of Differentials

3

The basis of this method is to relate the spatial and

temporal information of an image sequence. In mathematical
terms, it is nothing more than a truncated version of the
Taylor series. If the intensity function of an image se-

quence is assumed to be continuous, its Taylor serles expan-
sion about a point' {(x,y,t), taking only the linear terms,

will be given by
1(x+dx,y+dy,t+dt)=I1{(x,y,t)+I,dx+I, dy+I,dt (33)

The higher order terms have been ignored because dx, dy and

dt are small.

I1f after a time duration dt, a ttanslation (dx,dy) of the

image is observed, the above equation will yield

-

I 1 o I it (34.)
dt Ydt

A
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imated by.the temporal difference. Similarly, Ix andlly can

be approximated by'the horizopntal and thé vertical. image
gradient respectively. A suminé that the images are ac-

quired at unit time intervals,, the above'equatioh reduces to
T Ca s

AT (x,y)=—axI, (x,y)-ayIy(x,y) u(35)

"Thus, by calcula??hg aI.and (I4,Iy) at two spatially nearby

points, a unique solution to (ax,ay) will be obtained.

However, image noise will cause estimaéion of the gradi-
ent function to be in error. Let the error i the gradient
estimation I., Iy and I: be'ex, ey and ey Then, for'a true
displacement of v={Xq,¥q), the minimum distance (see Figure
14) from v to the estimated constréint line is

\

g = mmmmmem——mmmoo——hosTo—s—o e (36)

Since it 1is known that xIx+yIT+It=O, the minimum distance 1s

therefore

@ = TUSTTTTTTTT T T R T (37)

From the equation, it 1is noticed that

1. the perturbation increases with- the magnitude of the

displacement vector v. / In other words, the accuracy

i
|

of the estimation decfeases as the actual displace-
!

ment or shift increases.

—

/

x
£

In a discrete real-time image sequence, I can be épprox*/,,———/
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Figure 14: The effect of gradient estimation error

on the method of differentials. In a noiseless situ-

ation, the constraimt line should pass through the

point Q. However, with estimation error in the gradi-
ent terms, the line has a minimum distance from Q giv-

en by PQ. »

N ‘

2. the perturbation decreases 2as the magnitude of the
spatial gradients 1increase but is unaffected by the
magnitude of the temporal gradient I., and

3. the mag%itude of the perturbation is bounded - by the
ratio of the error in the temporal difference to the

magnitudé of the spatial gradient.
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The solution obtained using only two neighbourhood points

is therefore not reliable. 'In practice, the solution to

equation 35 is obtained through linear regression using more

than two neighbouring points. For each pixel, a point
(Ix,Iy,1¢) in the 3 dimensional space is defined. The ledSt

square estimate to equation 35 1is therefore obtained by

finding the equatibnlbf the geofmetric piane which best fits

the ééta peints. In Appendix B: it is shown that the least

square estimate can be derived as

(C1y ) (BI«Ip) (21, I,)(E1, I, )
(EIK I\f):_(Ele)(aIyl)
_ZL L L)Ly ) BT (38)
(BIcIy) - (TIx ) (8I,-7)
where P and ¥ are the horizontal, and vertical displacement

estimates, respectively.

It should be noted that the linéar relationship of eqda-
tion 35 is not always satisfied in real 1images. At'sharp
transitional edge regions éi the image where the grey levels
change rapidly {ie. very large gradients) and the transition
zone is narrow, a shift ‘larger Ehan the width éf Fhe tran-
sition zone will result in a violation of equation 35.(see
Fig 15). A solution to the problem is by pre-émoothing the
images before the calculation of the gradient and the frame-.

difference. In this pre-smoothing step, each pixel is re-

placed by the local neighbourhood average ,thus reducing the
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error terms ey, e, € and preventing narrow transition
zones. However, because of the amount-of computation re-

quired to smooth an image digitally, the ‘process is often

slow,

-~

‘ - TRANSITION
fa F—TRA'}%FE’WH——% f T —| je— ZONE

Figure 15: Effect of edge sharpness on motion esti-
mation. a) Sharp edge: with the shift greater than
the width of the transition =zone, the amount of dis-
placement cannot be measured using the gradient func-
tion. b) Smooth edge: with the shift much less than
the width of the transtion zone,. there is a direct re-

lationship between the difference and the gradient
.values.

An alternative to image smoothing is to perform the dis-
placement estimation upon the previous frame estimate. With
the fact that the perturbation decreases as the magnitude of

the displacement vector v decreases, -8 recursive approach

-
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can be adopted to refine the estimation through finite itér—
ations. For example, if the true shift between the (k-1)-th
and the k-th frames is 4 pixel;_and the first estimation is
3 pixels, then by shifting back the k-th frame 3 pixels, a
second interation may be, say, 0.9 pixel. The final estima-
tion is Ehen equals to 3+0.9 = 3.9 pixels. This iterative
process converges to the true value but eventually the error
in the temporal difference (such as the presence of quantum
aﬁd video noise in the difference image of DSA) dominates

the expression 35 and no further improvement is expected.

Limb and Murphy [42,41] have proposed an algorithm for
estimating the speed of a moving objects in television sig-
nals. (This is similar to the case of imége displacement
with the exception that both m&ving and stationarffareas are
always present in a single frame.) In the algorithm, the
scene is first segmented into stationary and moving'areas.
within the moving area, the horizontal component of the vé—
locity is estimated by dividing the sum of the absolute tem-
poral differences by the sum of the ab§glute horizontal gra-
dients. An intuitive illustration of the idea is shown in
Figure 16 where the area and the heights of the shaded re¥
gions atre correspondingly.measured by the sum of the tempo-
ral] differences and the sum of the horizontal gradients. By
dividing these two values, a displacement estimation is ob-

tained as shown in egquation 39.
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|a] = ----- (39)

S

GREY LEVEL
OREY LEVEL

N RN
~ b ~ b

DISPLACEMENT . DISPLACEMENT

Y
|

Figure 16: Illustratﬁon to the approach adopted by
Limb and Murphy. The dashed line represents the one-
dimensional luminance function of a moving object, the
solid line shows the function in the succeeding frame.
The frame difference are summed over the - shaded area
and represents approximately a measure of the.area of
a parallelogram. Dividing this value by the height of
the parallelogram (ie. the sum over the horizontal el-
ement differences), a displacement estimation is ob-
tained. . The height and area of the parallelogram in
b) are doulbe that of a) and, therefore, yield the
same estimate.

Cafforro and Rocca [9] have proposed another displacement
estimate algorithm for small image segments by simplifying
the least square estimate solution. Assuming that the ap-

proximation
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______ JBIe 2D | . (a0)

is valid and neglecting Zl.Iy terms, cafforro and Rocca fur-

ther simplify equation 38 to

£I, sign{l«) .A

po= omtassie- - S (41)

so that the program or hardware realization can be simpli-
fied. The term ZIcI, is neglected is because many edges in
real-world images are oriented along either the vertical or

the horizontal axis, thus Ix and Iy are uncorrelated.

Both Limb and Cafforro have reported satisfactory result
up to a displacement of 2.5 pixels per frame. Above this
rate, the accuracy of the estimation decreases tremendously.
Image pre-smoothing is required in order to imprové the es-

timation for larger displacements.

Netravali and Robbins [51] studied the recursive estima-.
tion approach and obtained the following‘recursive formula:
D =D =~e DFD VI (m-p ,n=y ) (42)
i i-1 m,n k-1 i-1 i-1
where D; and D, are the displa%gment estimates at the i-th
and {i-1)-th iteration respectively, DFDm,, is the displaced
frame difference obtained by subtracting from frame k the

shifted version of: frame k-1, vI is the spatial gradient,

and e is a convergence control paremeter.
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The method of differentials can also be studied from a
vector point of view. In terms of vector space, Al can be

considered as a dot product of the displacement vector v and

the gradient vector G . -~
Y
AT =‘- y_og
= -|v||G|cos(® -8 ) (43)
. G v

where

v=(ax,ay)

G=(Ix.,Iy)

© ,8 are the phase.of v and G respectively
v G ol ‘

For each image point, A1 and G can be used to trace a
curve through the (|v]|,8,) space corresponding to possible
displacement vectors. 1f the direction and magnitude of the
gradient varies at different points of the image, the inter-
section of these curves wifT¥'£hen uniq&ely specify v (see

Fiq 17). i

Fennema and Thom?son [16] have proposed an algorithm, in
the vector space approach, for determining velocities of
moving ébjects in image seguences. Instead of solving the
intersection problem analytically, a Hough transform = ap-
proach is used where the traced curve is digitized onto an
accumulator grid in which each accumulator corresponding to

a point on the curve is incremented. When the curves corre-

N
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Figure 17: Geometrical solution to the method of
differentials. a) solution obtained by plotting data
points on the (41/|G|,8¢) space. b) solution obtained
by tracing different curves on the (|v],ey) space and
finding the intersection.

sponding to all the pointé in the picture have been entered,
a peak in the accumulator array corresponds to a velocity.
In the process, the imag;s are first low pass filtered and
only points for which the frame difference is sufficiently
large and the gradients at frame k and k+1} satisfy the rer

strictions
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{16(k+1)|-|G(k) |} < al |
|e@ (k+1)-86 (k}| < a2’ - (44)
G G . '

al,a2 are some constants

are considered. Their results have shown that éccuracy
within about 1 pixel/frame can be obtained for a velocity up

to 4 pixels/frame.

3.3 SUMMARY

The ability to correct motion artifact in real time can
greatly improve the motion limitation of Digital Subtractive
Angiography. For this purpose, a real time automated re-
masking écheme is proposed here consisting of a real-time
motion detectpr_which updates the mask frame whenever sig-
nificant motion is detected. In addition, for the proper
functioning of the real time automated Femasking scheme some
criteria must be set to distinguish significant motion from

L]

other temporal changes such as vascular opacification.

The problem of. motion detection has been studied from a
signal processing poin£ of view and the three most commonly
used techniques are: the Fourier Method, Image Matching and
the method of differentials. - The Fourier method makes use
of the phase information of the Fourier transform. Horever,

coherent analysis of the technique is difficult 1in all but

the most straightforward examples. - In image matching, the
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position of maximum similarity is searched for- between an
image template and another fémporally different image. Be-
cause of the amount of computation required to cémpleté the
search, the process is slow, In many applicationé, trade-
offs between accurarcy and complexity exiét. The method of
differentials is of particular interest .in our DSA applica-
tion because 1in most cases, image transforms or matching

procedures are too compléx for real-time hardware implemen*
tation. This aigorithm relates the spatial and temporal in-
formation of an 1image-sequence and gives_ best results when
the objects have smooth edges and contain no prbmineht tex-
ture (to minimize error in the gradient terms}. This‘graai—
ent based method may be applied for the displacement esti-
mate of individual pixels, small 1image segments, or the
entire moving area and may be recursive or non-recursive.
The error analysis presented in this chapter ‘explains how
the performance of the method o¢f differentials can be im-
proved through weighting (eg. thresholding) the spatial gra-

dients and image presmocothing.



K Chapter IV

o, A NEW APPROACH: OVERALL CONTRAST OF THE
DIFFERENCE IMAGE (OCD):

&

In orﬂer_to separate patient motion artifacts frfom vascu-

lar opac1f1cat1on in DSA images, . some a priori knowledge 1is

.

‘requ1red. In chap§Er 2, it was shown how energy subtraction

makes use of ‘the un1que energy dependence property of the

e
-

x-raycettenuatkgn characteristics of iodine. In the last
chapter ~oa pfiorg knowledge-about'-the image (such as the

magnﬁ?ude of the grad1ents) 1s used to estimate the emount

of 1¥ege dlsplacement In thisnch;ptéy, image statistics

_related to - the dlfference;operator and vascular. opacifica-

tion are studied in order td develop a pratical motfqn de-

tection approach *to be applied in the automated remasking’

process in DSA,

4.1 IMAGE STATISTICS

’ @ B .
4,1.1 First Order Statistics

15 general, first order statﬁstics cOmputed.from.an ihage
provides information about its gref level population. It is
basically -a measuré of how.often each grey level occuré in
an iﬁage, and the histegram provides an estimate of the grey

level probability densin?~function'of the image. A unigue-
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ness theorem states that if the histogram p(z) of an imége £
is piecewise conﬁinﬁous and has non-zero value only in a fi;
nite number of z, then.moments of all orders exist and the
moment‘sequence (mn) 1is uniquely determined by p(z). Con-

versely, (m,) uniguely determines p(z). The n-th .moment and

-

its corresponding central moment are defined respectively a

%
%

o .
m =Xz p(n)dz -+ . o
o |

; n ' '
% =£(z-%) p(nldz . (45)

n

where z=m, /m,
ad

figure 18 shows that the é?ﬁy scale distribution of a
typiéal x-ray image does not generally approximaté a Gaus-
sian process. Moreovér,"cergain fextural"propertiés\§né
statistical measures can be obtained frbm_the histogram
function using the different hordérvmomehﬁéc. The following
;re a few statistical measures.of_an image. |

1. Measure of Overall Bfightness

The_mean grey levei of f,zz=(l/N)Zzp(n), were N=Zp(z)
;is the number,of'points in f, 1is a measure of the
overall brightness of f. It'?s a calculation of the
‘a;éiage grey level that most of the pixel values oc-
. cupy. \Another-such measure is the median grey level
M; which is definéd such that half of thelpﬁints of f
are‘BrighFer than Mj and ‘half are darker. The mode
Y
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Figure 18: Histogram of a typical x-ray image. Ex-

amination of the histogram (right) from the x-ray im-
age (left) reveals that the probability density of the

image is not Gaussian. The various peaks correspond

~to the dark and bright regions of the image.

is a slightly different measure that 1indicates the

grey value which occurs with the''greatest freduency.

The mode may not always exist, and even if it does

exist, may not be unique.
2. Measure of Overall Contrast,

The grey value variance of f, g 2=(1/N)Z(z-z)*plz)

is

' a measure of the overall contrast of f.. While a

small value indicates that the grey levels of f are

~all close to the mean, a large valueligdicates a wide

range of . grey levels. From the above expression,

A}

|

. .
"3
. '
-,



71
grey values far frém the mean value are given more
weight in the computation. This may be of interest
to the method of differentials where imérovéd per-
formance can be obtained through the weightingﬂof the
spatial gradient function, Another contrast measure -
is the interquartile, which is defined as |P75-P25|
where P25 and P75 are the 25-th and the‘75—th peréen-
tile for the data. Other QErcentj}es’can also be.
used. - - :
Degree of asymmetry of tﬁe histogram distribution
Skewness is a measure of the degree of asymmetry of a
distribution. If the histogram has a longer tail to
the right.of the central maximum than to the left, it
1s said to be skewed to the right or to haye a posi-
tive skewness., ‘ff the ,reverse is true, it is said to
be skewed to the left or havé negative skewness. ®
This measure is evaluated by [(mean-mode)/standard
deviation]. If the distribution is unimodal (having
only one mode), the valueJis a measure of the ratio
of the occurance of brigﬁt and dark points. Another
measuég of skewness using‘the'fﬁird central moment is

given by

[N

- = a ’  (46)

Degree~nof peakness of the histogram distribution

t
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The degree of-peakneSs, termed kertosis, of a distri-
bution measures the distribution of grey level.around
the peak. One measure of kertosis using the fourth
central moment is given by |

g :
a = --f- -3 Y

4 g’
which 1is ‘taken relative.to the normal distribution.
For a normal distribution, which is not very peaked
nor very flat-topped (ie. mesokurtic) a,=0. There-
fore, a distribution having relatively high peak (ie.
leptokurtic) has a,>0 whereas, the curve which is

flat-topped (platykurtic) has a measure a, <0.

S 4.1.2 Second Order grey level statistics

Although some textural information can'be described using
first order grey level statistics, nothing is known about
the grey level arrangement of the image. The histogram pl(z)
remains the same no matter how the pixels are‘é}ranged. An
image of hglf black and half white, or of checkboard, or of
salt and pepper noise may have the same histogram p(z).
“More spatial information can be obtained Dby studying, for
example, hoﬁ often the possible paifs of grey level occurs

in a given relative position.
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The secppd order statistics are studied by formiﬁgié kxk
matrix Ms.whose (i,j) element is 'a measure of the frequen-
cies of occurance that a point haQing grey level Z; occurs
in positidn 5=(Ax,a~y)a relative to another point having grey
level 2;, 1l<i,j<k . 'Elemeqts near the diagonal of M; there-
fore correspond to pairs of grey iébels that are nearly
eqﬁal, while elements far from the diagonal correspond to
pairs that are quite different. Studies [50,64] of the sec-
ond ‘order statistics show that the neighbouring gixels are
- highly correlated (equivalently, video energy of an image 1is
concentrated in the low frequencies). As a result, the his:

togram of the adjacent element difference signal (eg.

[f(x,y)-£f(x-1,y)} for §=(1,0) ) is highly peaked at zero.

4.2 STATISTICAL ANALYSIS OF TEMPORAL DIFFERNCE
\

Because temporal changes are enhanced using 1image sub-

traction, the difference image 1is of particular importance
in studying the temporal changes of an image sequénce. In
-this secﬁion, ‘Statistics of the image obtained by the sub-
traction of two images are studied under the assumption that
patient motion 1is éssentially translational., As 'in other
motion estimation tecﬁniques, this 1is a weak assumption.
However, we . shall adopt the model so that an analytical

study is possible.
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4.2.1 Difference of two images

¥
The difference z;(x,y) that results from a temporal sub-

traction can be defined as

z3(x,y) = z,(x,y) -z, {x,y)

=[Iz(x,y)+n1(x,y)]-[1.(x,y)+n‘(x,y)] (48)

where I, ,I, and n,,n, are the information and the noise por-

tion of the images“%;,'and z,, respectively. 1f n, and 1,
7

are uncorrelated white noise, the mean {(brightness) and var-

iance {(contrast) of z; (x,y) can be obtained as

Y Blzy (x,y)1 = B[Ii(x,y)] - B[, (x,y)]

and .

varl[z,(x,y))=var[I; (x,y)l+var(l. (x,y)]
-2cov[I,Yx,y),I;(x,y)]

+var[n‘(x,y)]+var[n;(x,y)] (49) .

With respect to DSA images, the assumption is, however, ill-
conditioned. According  .to the Poisson nature of guantum
statistics, the uncertainty-in the noise Qariance related to
x-ray detection is signal dependent (Refer to Appendix A for
the derivation of the output noise in DSA) and modifications

to equation 49 would have to be made. -

In order to avoid the the handling of . signal dependent
noise, let us combine the informationgand the noise portion

of the image together and rewrite equation 49 as



g 75
Ryy =R,, +Raa —2“12,'x ; , (50)
‘where R;; 1is the variance of z;: forjiél,Z,B
and Ryij is the gEWariance between z; and z;
with i,3=1,2,3
With ;he simplified expression, the statistical relationship
between z,, z, and z, is made expliéit. It can be depicted
geometrically by plotting z; against z, for each pixel. Be-
cause 2z, and z, are highly correlated, most samples orient
along thd line z,=z, whereas the distributior of z;(x,y) can
be obtained as a projection of data along the line z,=z, as
shown in Figure 19 . 1In DSA, if z, (mask) and z4 {(live) are
registered correctly, the difference should have éssantially
zero mean with variance contributed only from the noise por-
tion of the two images. With the contrast‘ggent present, z,
and z, will be highly correlated except at_locations‘wﬁere
the dye appears. However, if the two imageé‘gre not a{}ghed
properly, the correlation between zs and z, will decréaée,

. . . . . )
resulting in an increase in the variance of z3(x,y).:
o

In addition, the covariance function between the mask and

. the-difference can be expressed as
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(a) (b) : (¢
Figure 19: Image statistics involved. in subtrac-
tion. Data pointg' (z,;z4) projected along the line
z, =z, contribute to the formation of the histogram of
the difference image. a), b) and c) correspond to
typical difference histograms resulting from noise,

dye and motion respectively. . '

coviz, (x,y),z, (x,y)}=E{lz, (x,y)-2, 1z, (x,y)-2; 1}
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=cov{z, ,z;}-var{z,}

;[(1?2)(var{2.}+var{21i-var{za})]
~var{z,}

=(1/2) (var{z,}-var{z, }-var{z;})
=(1/2)[(Ry -R,, )-Ry, ] (51)

In a similar fashion, the other covariance functions can be

obtained and the simplified results are as follows:

-

R, =(1/2)[(R,, +Ry,)-R;, ]
R|3 =Rz =R, =(1/2)[(Rn ;Rll )_RJS ]

Ry =Raa -Ryp =(1/2) [ (Raz-Ry ) +Ryy | (52)

. | -\ T a

One can see that, with the ab:;i/sguations, the covari-
ance between z, and z, can be meastred using the variance of
the difference image {(ie. Rz ). The same is true for the
cross-correlation functions if R?represents the cross-corre-

H )
lation function instead of the covariance function.
!

/ 4,2,2 Translational difference )

? o ) .
Now i1f one further assumes that the image change between

z, and z, can be modelled by translational motion (ax, ay),
then z, will be related to z by the relation:

- :
z,(x,y) = z,(x+2x,y+8y) " (53)
Of course one may question that with complex patient motion

and with quantum and video noise inherent in both z, and z,,
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the translational relationship no longer holds. |, However,
for an analytical study, we shall assume the ideal case

vhere the translational model for motion is valid.

It can then be shown that the covariance function R,» be-

tween z; and z, c¢an be computed using the autocovariance

function R,, {ax,ay) so that

R,, =El(z, (x,y)-2Z,)(z,(x,y)-23)}
=E{z, (x,y)z, (x,y)}-2,2;
=E{z.(x,y)z,(x+Ax,y+§y)}—E.i.
=R, (-Ax,—Ay)

=R, (&x,ay) ' | " . (54)

Combining ‘equation 54 and equation 52 yields

-

Riy =Ry (8%,8y)=(1/2)[(Ry *R22 ) "Ry ]

=R|l_(1/2)R33 : . (55)

- -

i1t is clear, from equatieon 55, that if the spatial statis-
tics of image 2z, (the mask) are available, the amount of
.translational shift between z, and =z, can be- computed di-
recéiy using the variance of the difference image.  This is
of particular benefit in the DSA problem. Since the differ-
ence image is readily accessible in DSA and statistical pa-
rameters of an image can be directly obtained from its his-

togram, the hardware implementation is greatly simplifiedv

AN
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4.3 SPATIAL STATISTICS

Should the image autocovariance function of z, be known
for all points of the plane, to get‘a'.ﬁeasure of relative
displacement would be an easy task through the use of equa-
tion'gs . Howevér, the measuring of such a function is a

very long procedure. A feaéible alternative to the estima--

tion of the function through image modelling is outlined in

this secti®n. - - o

- CEEL . o e L. -

4.3.1 + Exponential model

The spatial autocovariance function of an 1mage depends
highly upon the detail in the picture. In general, it is
maximum at zero pixel shift and decreases with increasing
shift. The rate of decrease is large for shifts ¢lose to
zero, but becomes smaller for 'larger'shifts. Various re-
‘ports [50,64)] have suggested that the autocovariance func-
"tion (and similarly the autoﬁorreiation.function) can be
satisfactorily appr?ximated by an expoential funspion of the

form
R(ax,ay)=A expl{-«|ax|-Play]|} (56)

where ox and Ay are the spatial displacement and o ,p and A
are positive constants determined by the image texture. In
general, an image . of coarse texture will exhibit a higheT

neighbourhood correlation (hence a smaller «,g values) than

-
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an image of fine texture. The spread of the autocovariance
X kS '
function is therefore larger for an image of higher textural

coarseness. 5

34.3.2 Quadratic Function Modelling

1f Ax,Ay are small, one can approximate the autocovari-
ance function R{4x,ay) by the Taylor series expansion about
the origin such that by neglecting " terms higher than the

second order, .the following expression is obtained:

da - d. 6'
R(Ax,Ay)=R(0,0)+Ax-—R(0,0)+Ay-bR( ,0)

dx . dy
4z ] 4?2 2 _ .
+(1/2)[Ax’-——R(0,0)+2Axﬁy-—-—R(0,0)+Ay’-~—R(0,0)] (57)
dx? ~ dxdy dy?

\

The first order terms néturally become zero, because of
the peak of R{&x,Ay) at Ax=by=0. ‘This can be shown mathe-
matically'by defining the (i,j)-th order moment of the spec-
tral density S(f, ,fy) as P ' |

o s0 i 3
m(i,j)=_.]_f_s(f,<,f7)fx £y df, afy (58)

-

Since the power spectral density S of a real process 1is
even, m{i,j) is zero for {i+7) odd. Thus the first deriva-

tive terms in eguation 57 is zero. When (i+j) is even
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3 .
—————— R(0,0)=

(i+j)/2 = =

(-1) - I

_B - =

(i+3)/2

(-1) m{i,j)

[S(fy, £y ) Eu

i ] .
£, dt.afy

because R and S are Fourier transform pair.

The second order terms can be obtained by the

therefore

a:
_—— R(OtO)
dx’ N

]

2

-=" }R(OIO)
dy?

1

dz

—~i- R(0,0) =

dxdy

Equation 57 now

i 3
d z(0,0) d z{(0,0)

reduces to

d1

) .dl
R{Ax, ay)=R(0,0)-(1/2) {ax?*E{(=--)?}+ay*E{(--).*}

Q

dx
dl di

+2Ax AyE{--.--1]}
dxdy

‘m'i

dy

o

L
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(59)

equation

{60)

(62)

ST T Y
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.1f all the covariance terms on the right hand side of equa-
tion 62 are defined, an approximation of the im&ge‘autoco-
variance func;ion is obtained for the main lobe where'qu‘Ay
are small. Outside of this range, the remaining higher or-
der terms in.the Taylor series contribute to a large degree
and the corresponding portion of the curve described by
equation 62 deviates from the actqal covariance function.
Poor description is therefore expected for 1ar§e values of

AX, Ay (Figufe 202;

Rl Rm

—R=TRUE AUTOCOYARTANCE
@ Ra=MODELED AUTOCOVARIANCE

/ \ — X

Figure 20: One dimensional estimate of - the "image
autocovariance function. The quadratic model yields
close description for the main lobe, Outside of this
range, poor description is observed. ’

Relating to our DSA case, the quadratic function suggests‘

that the autocovariance function of the mask, z,, can be ob-
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tained simply with measures of the variance of 'ité'gradi-
ents. Since the gradient operator can be implemented in
real time using only-a delay circuit and a sﬁbtraction oper-
ation, with the model the autocovariance function of the
mask images can be obtained as soon as the mask is acquired.

»

4.4 MOTION ESTIMATION

In the previous seétion, it is shown that the image auto?
covariance function can be described by the quadratic expan-
sion model whose parameters are obtained by measuring the
variance of the horizontal and the vertical.lhmiﬁance gradi-
ents. The same médel, but for a spatial translation, can
also be assumed for the covariance function between two tem-
porally different images z, and z, and 1s shown explicitly

in equation 54.

»

(It equation 62 is combined with eguation 55, the variance
of the difference image resulting from translational motion

can be related to the spatial statistics of z, by

Ry; =2[R,, -R., (ax,ay)]
=2[Rn -R,, ‘
+(l/2)(nx’var{1,}+Ay’var{17}+2axAycov{I“,IY})]

=Ax’var(Ix)+Ay’var(I7)+2AxAycov(Ix,Iy) - (63)
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In fact, this result can be derived from the Taylor ex-

pression of the method of differentials where

.

al(x,y)=—{axI, +4AyI,} ' (64)

so that the mean and variance of the difference,' which de-

scribes the overall brightness and contrast, can be computgd

as

Efal (x.y_) }=-[AxE{Ix}+AyE{Iy}]

and

var{AI(x,y)=Ax‘var{I,}+Ay‘var{Iy}+2AxAycov{Ix,I7} (65)

In order to obtain a displacement estimate (ax,ay), one
would have to solve at least two simultanous .equations. - In
the automated remasking séheme, however, the direction.of
motion is not of concern and, unlike the image métching
technique, no image re-registration is required. The esti-
mation problem may therefore be simplified. If we assume
that the covariance term cov{Ix,IY}‘is orders of magnitude
lower than the others, and that the variance of the vertical
gradient and the horizontal gradient are approximately
équal, thén a measure of the amount of displacement d can be
obtained with ‘

var{aI}=(Ax?+ay?)var{ly}
d2=(ax?+ay?)=[var{a1}]l/[var{ix}] .
d =[6{a1}]/{S{Ix}] : (66)
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. [42,41], except that the summing

"estimate is expected
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This is s%miiar to the approach proposéd by Limb and Murphj
| K\Qperator i; replaced by the

standard deviation, Since the témporal difference and the
gradient are weighted according to their magnitude, a better

with the OCD approach.

A\

The algorithm for the OCD approach to motion estimation

can be summarized as follows:

1. A quadraticlexpansion model is as;uméﬁ for the image
autocovariance function,

2. The parameters for the model are obtained by measur-
ing the wvariance and and covariance factors of the
horizontal and vertical gradients,

3. The same model, but for a spatial translation, is as-
sumed for the covariance function between the-two im-
ages.

4. The displacement estimation 1is calculated using egua-

tion 66.

Having derived an approach for motion estimation to be
applied to DSA, there remains a signal detection probleh of -
separating the difference effects due to motion and that due
to the changes in vessel opacification. As studied in Chap-
ter 2, the degree and orientation of mo£ion varies from case
to case. It generally produces in the difference image high
contrast artifact consisting of bright and dark streaks.

From a medical information point of view, the amount of mo-
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‘tion is considered significant if the- refulting artifact

)
A

 severly impairs the diagnostic information

fore, in the -examination of fine artery branches, even a

slight motion 'is not to be toleratéq; A simple‘exémple may

help to illustrate the point. For ekamplé, suppose that the.

maximum allowable motion in the ‘subtraction is 20% of the
smallest vgssel yhich is to be visua}iged. Then, for an im-
age intensifier of 20 cm ihput and a matrix size of 512x512,
a motion of 1 pixel is the maximum allowable if a 2mm artery
is to be visualized ciearly (This . 1s computed by

512/2/200x20%). Motion of more than 1 pixel will, there-

fore, result in significant artifact. This measure can be

relaxed a bit if the vessel of concern has a diameter largef’

thanlzmm;

»

~
!

4.5 CONTRAST AGENT IN DETECTION

The principal concept developed in the OCD approach is
that by assuming a translation model of motion, an estimate

of the amount of displacement can be obtained by measuring

the variance of the difference and the mask image. One then

considers motion to be significant if the estimate exceeds a
predetermined threshold. However, in the case of image
change due to contrast opacification, the translational mod-
el will noE_be appropriate to describe the change. Statis-
tical change due to contrast agent may cause an increase in

the contrast, and thus the variance, ‘of the difference im-

v

resent. ~There- -

-
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age. és a result, a large es;imatea displacement maﬁ be ob-
tained:accofding to equation 66, - even<-though no motion is
present. This is,;ih particular, true for a high contrast
vessel opacification' image. Therefore, if the defection
proﬁlem is not handled properly;.\~false de;gction*of‘motion
may fesult. ' Ip order to prevent this, more a pridri knowl-

edge of fhe effecgabf dye on images will be reguired.

Consider image change due to_Qessel opacification. Since
the live image kﬁith iodinated agent usually contains lower
intensity (ie. wiﬁh dy¢ in a vessel) than the coffésponding
mask image, the subtraction of the ‘mask froh the live frame
will generally yield more negative pixels than positive pix-
els. The grey scale histogram of the difference image will
therefore exhibif_ an asymmetric distribution with a longer
tail on the negative side. The .skewnes ’";% the.histogram
depends upon the concentration of contrast :6;;£ and the
amount of area opacified-. For example, if the histogram of
the difference image has a large spread or variance due. to
the large value of negative numbers coupled with tﬁe sub-
traction of a high concentration of dyet,a large skewness to
the left or negative skewness will be expected. The amoun£
of skewness decreases as the concentration of contrast agent
and the-area of oﬁacification decreases. On the other hand,
as the concentrafion of contrast agent or the areé of opaci-
fication decrease, the variance of the difference also de-

creases and a small estimation of displaceément will result.
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For stardard misregistrationiartifacté, however, movement
of a high'contrést.object is generally associated with bdlh
pbsitive énd?hegative differences, and a histogram showing
symmetry is expected. Thereforé, assumihg éhat.a large mo-.
. tion estimation.apcording'to equation 66 is caused by either
lagée moFion or contrast of high concentration, an addition-
‘al constraint to ensure that a large variance of the differ-
. ence is caused by motion and not by contrast .agent is that
the histogram of the difference image‘exhibits a symmetrical
property. There remains a question, however, concerning the
level of iodine contrast and the amount of 'gpacifica ion
area requiréd in order that a reasonable 'negative sge;Zess
is obtained in the case of low contrast vesse opacifica-
tion. fn the next chapter, simulation results on the per-
formance of the OCD approach are shown and different statis-
tical measures ‘are studied in order to minimize the

possibility of false detection of motion.

4.6 SUMMARY

In this chapter, image sfatistics associated with the
mask and the difference image are studied and a statistical
approach to motion detection.is presented. A model for the
image autocovariance function of the mask is studied. The
cross covariance function between the mask and the live im-
ages are then assumed fo act according to this model.. The

amount of motion is computed using the variance of the dif-
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rference image and is ¢onsiaered to be'significant if the
variance is greater than a fhreshold whose value depends on
the parameters of the model. In order to prevent false de-
tection due to contrast agent, the skewness of the differ-
ence image is computed, A final decision is made according
to the skewness and the variance of the difference image and
the hypothesis of significant motion is accepted if the var-
iance exceeds the threshold and no significant negative
skewness is observed. Otherwise, the hypothesis that sig-
nificant motion has occured is rejected. The acceptance of
the above hypothesis would result in an update of the mask

‘image in the proposed automatic re-masking algorithm.
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Chapter V

RESULTS

5.1 NATURE‘QE‘THE TESTED IMAGES

The gxperiments throughout this chépﬁer were carried out
on sequences of angidgram'images prepared by the CGR company
of France. Each image sequence is carefully sampled to ac-
commodate the arrival -and the wash out 6£ iodine agent and
each image is sampled in an array of 512 by 512 pixels, and
guantized ﬁith 8 bits/pixel (corresponding to a grey level
range from 0 to 255}. "Image seguence BROWN consists of sev-
en frames of images obtained from an intravenoﬁs carotid an-
giogram examination with the patient swallowing occuring be-
tween frame 1 and frame 2. Image seguences GREY, WHITE and
BLACK aré examinations of the aortic arch, coronary ar-
teries, and intracranial vessels, respectively,' and were
used in the study of the effect of iodine contrast on the
detection algorithm. The amount of patient motion-in each
of these three sequences is minimal, but the levei of con- ..

trast opacification is different in each case.

The effect of patient swallowing is shown in Fiéure 21,
which was obtained from segquence BROWN by subtracting frame

1 (the mask) from frame 6 (maximum opacification} using
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Figure 21: Motion Artifacts from BROWN. Due to the

swallowing artifacts, carotid arteries are not percep-
tible . .

FORTRAN programs developed as part of this research and us-
ing the University of Ottawa, Department of Electrical Engi-
neering VAX timesharing computer system. The -difference
signals have been offset By a constant value in order to
avoid hegative grey vaiues on the'disbléy. As can be seen,
due to the high contrast artifact caused by swallowing, car-
otid arteries which supply blood to the cerebral organs are
not perceptible. Figure 22 shows the result obtained
throﬁgh image‘re-registration using the normalized correla-
tion coefficienﬁ. In the process, a search procedure was
performed prior to the subtraction to realign frame 1 with

frame 6 and a maximum coefficient was found at a displace-
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ment of (2,-1). In spite of the attempt, Qery little im-
-provement was obtained since the change that had occured was
not homogene€ous. Image re-registration would only reduce
artifacts in certain pafts of the image and introduce; on

the other hand, additional artifacts in some other areas.

Figure 22: Motion Artifacts after image re-regis-
tration. The swallowing artifacts are still present
and the opacification of vessels is poor.

A better solution through the use of the remasking tech-
nigue is demonstrated in Figure 23 which was obtained by
subtracting frame 2 from frame 6. One can see that diagnés-
tic guality has been significantly improved and the swallow-
ing artifacts are removed. Detection of occulsion or nar-

rowing of blood vessel would therefore be possible.



93

Figure 23: Improvement of image quality obtained
through remasking. Motion artifacts have been signif-
icantly reduced and diagnostic quality have improved.

T

A similar result 1is expected if this mask updating pro-
cess is done in real-time with the additional motion detec-
tion unit. The effect of various factors related to the
performance of the motion detection algorithm are presented

later in this chapter.’

5.2 IMAGE STATISTICS

In the derivation of equation 66, it has been assumed
that the covariance between the horizontal and vertical gra-
dients are sma;l and that the variances of the horizontal
and vertical gradient are comparable in magnitude. The va-

lidity of the assumption is examined in this section.
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Figure 24: Intravenous angiograms before temporal
subtraction. a) BROWN: the neck area before the iod-
ine opacification of carotid arteries, b} GREY: chest
region of a patient before the opacification of the
aortic arch, ¢) WHITE: image of the left ventrical, d)
BLACK: image of the skull before the opacification of
intracranial vessels.

C .
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The simulgfibns ﬁere pefformed on the varioﬁg images
shown in. Figure 24. Bach image represents the ffﬁ%f frame_
of the angiogram seguences mentioned earlier. The horizon-
tal and the vertical gradients are then computed respective-

ly using-the expressions:

1(i+l,3j)-1(i-1,7) 1(i,5+1)-1(i,3-1)
Iy —===-t====---==Z~ and Iy= ----S--oomommIoos (67)

The centered gradient operator prevehts the current pixel
from being used in both the coqputation of the vertical and
the horizontal gradient (eq., I(i+1,3)-1(i,3) and
I(i,3+1)-1{(i,j)-) and thus avoids a biased gradient estima-
tion. The variance and covariance of the gradient functions
are computed for an arbitrary central region of size 256x256
and the results are shown in Table 4. The results show that
the covariance terms are indeed an order of magnitude small-
er than the variance terms. The variances of the vertical
and the horizontal _gradients, however, differ by some
amount. Furthermore, it appears that the variance of the
horizontal gradient is smaller than the variance of the ver-

tical gradient for each of the tested images.
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TABLE 4

Jygriance and Covariance of gradients

_ var(Ix) var(Iy)’ cov(lc,Iy)
BROWN 2.68 3.09 _ -0.13
GREY 3.37 4.34 -0.24
WHITE 0.48 0.58 © 0.06
BLACK 1.73 ' 3.53 0.13

5.3 A COMPARISON OF DIFFERENT MOTION ESTIMATION ALGORITHMS

In order -to study the performance of the OCD approach,
the least square estimate (LSE) (see Appendix B) is tested
as a comparison. The experiments were carried out with im-
ages generated on the computer by.shifting frame 1 of BROWN®*
one pixel at a time. The temporal difference images were
obtaiﬁgz.by subtracting frame 1_(BROWN1l) from its shifted
versions and the centered grédient' operation was used for
the estimation of the spatial gradients. Image statistics
were then measured or a block of 256 by 256 pixels, corre-
sponding to the centtal area of the difference image and the.
displacement estiamtes weré computed, a&according to the LSE,

using equation 38.

* Frame 1 of BROWN is referred as BROWNl for simplicity

o

"
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Figure 25 shbws the result of the estimation wusing the
'LSE method._ _The true displacements are the grid points of
the rectangulér gfid and the estimates are the superimposed
pattern connected with dotted lines. The result shows that
for a displacement larger than 2 pixeis, the algorithm
breaks down due to the effect of a sharp edge and th? error

in the estimation of the spatial and temporal gradienis.
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Figure 25: Performance of the LSE aprroach to mo-
tion estimation. The rectangular grid shows the true
displacement and the intersections of the dotted lines
are the estimated displacement. Good estimate can
only be obtained for a 1 pixel displacement.
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A compafison of the LSE, the Limb.and Hurpﬁy's approach
(LIMB) and the OCD approach-is shown in Figure 26, where the
displacement estimates are shown for a purely hq?izontal mo-
tion. 1In the figure, the horizontal axis reprééents the ac-
tual shift values and the’ vertical'ﬁxfs-the_eSfimated shift
" valyes. The.fesult shows that both the ﬁiMB and the OCD ap-
proach are superior to the theorectical LSE of equation 38.
The poor performance of the LSE is due to thehgreat number
of image points that do not satisfy the linear relationship
of equation 35 in practice. In the LIMB and the OCD ap-
proach, the estimate is obtained -using the overall statis-
tics of the images instead of a pixel based algorithm, and

better estimates are obtained.



99

? . m 0cD
L)
iy Lse
m/‘
=] o
a3
«
-
w
handi
x
“g
c‘-
T
—
< |
b =
—c
-0 .
Na N i M P |
w00 2.00 . 00 6.00
KNOWN SHIFT (PIXELS)

Figure 26: A comparison of the LSE, LIMB and the
OCD approach in a purely horizontal d1splacement case,
LIMB and OCD measure the overall statistics of the
difference 1mages and yield superior results to LSE.

5.4. PERFORMANCE OF THE OCD APPROACH

There exist various practical factors such as noise, edge
details and textural information, which affect the perform-
ance of the OCD approach. In this section, simulations of
the OCD approach to motion estimation is done to illustrate
the effect of each factor. A block was taken from images
generated from BROWNl and the variances of the gradients
were computed. The temporal difference images were obtained
by subtracting the images from their shifted versions as

mentioned above, Motion estimation was then performed by
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dividing the variance of the temporal difference by the var-
iance of the horizon#al gradient.

5.4.1 Noise

The effect of image noise was studied by adding random
Gaussian noise to BROWNl before image shifting and then ap-

plying the estimation algorithm described above. It is ex-

pected that the estimation error will increase as the amount

of noise increases. Image noise introduces an inérease in
the variance of both the difference image and the gradients.
AS a result, as the amount of noise increases the sensitivi-
ty of the algorithm to ‘'motion decreages. Figure 27a shows
the results for different amounts of lnoise in the image.
The block used corresponds to the central area of the imagé
with a block size of 256 by 256 pixels.l The standard devia-
tions of the noise used were 4, 8 and 12. The increased
noise was shown to cause a decrease in the accuracy of esti-
mation. The over-estimation at i pixel shift is due to the
use of. a centered gradient operator which yields the best
estimate at the 2 pixel shift with Iy =
{1(i+1,9)-1(i-1,3)]1/2. - An alternative presentation of the
result is given in Figure 27b where the vertical axis repre-
sents the relative estimation computed by the ratio of esti-
mated shift (Se) over a known shift (Sk). With the 4 pixel
shift case, it 1is illustrated how even-a slight amount of

noise can greatly affect the accuracy at large shifts. How-

?
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ever, this can be improved through image pre-smoothing.  As
the quality of the imaging systems for DSA improves, the ef-
fect of‘image noise will only“ play an insignificant"role in

the OCD approach.
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Figure 27: Effect of image noise on OCD. a) and
b): The curves illustrate how image noise can greatly
affect the accurary of the motion estimate.

“

5.4.2 Image Pre-Smoothing

By low-pass filtering the image before the use of equa-
‘tion 66, the performance for a large displacemegt can be im-
proved and the result is shown in Figure 28 for the central
block of 256x256. The smoothing process was performed by

replacing eash pixel of BROWN1 by its neighbourhood average
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T,
" before the calculation of the gradient and the frame differ-
‘gnce; For examplé, the updated value of pixél Po using a

3x3 window can be computed as

1o
o
W

1l 8 ' '
P =- &P for a heighbourhood B B B (68)
0 8 i=0 i
5 B E

Low pass filtering or smoothing reduces noise spikes, local
irreqularity and widens the narrow transition region of
'sharp edges. From the curves of Figure 28, it can be seen
that the error of estimation decreases as the smoothing win-
dow size increases. 'The result also shows that in this case
of relatively low noise, a good éstimates can be obtained

even with the original (1x1 smoothing) image.



103

S SHOOTHING WINDOW SIZE
@
- m =l
gﬂ ! o 5x3
o 9x9

-l
=
W
— L
o
g
O
w}
—
<
x
-
=0 . :
na y 1 y 1 . |
w™9.00 2.00 . 4.00 6.00

KNOWN SHIFT (PIXELS)

Figure 28: Effect of Smoothing Window Size on OCD.
The accurary of the estimate can be improved through
the use of a large smoothing window size. In this
case of a low noise image, good estimate can be ob-
tained even with the original (1x1 smoothing) image.

5.4.3 Block-size

In general, the distributio& of edges and the amount of
detail in an image 1is df?fgrent from one.part of the image
to another. As a result, the performance of the OCD ap-
proach is,.influenced by the texture of the image area in-
volved in the computation. For a small block, the loﬁal im-
age statistics may include no edge information or may be
full of details so that the estimated values of shifts difl
fer considerably from the true values. However, for a large

block the effect of the variation in local image statistics
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may be reduced and a better estimate ﬁay result. In this
simulation, displacement -estimates éré obtained with' the
central area of BROWNl using a block size of 256x256, 64x64

and B8x8, and the results are shown in'Figure 29,
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Figure 29: Effect of Block-size on OCD. The curves
illustrate how the effect of the variation of local
image StatlSthS can be reduced through the use of a
large block size and thus provide a better estimate.

~

5.5 HISTOGRAM SKEWNESS OF THE DIFFERENCE IMAGE: VESSEL .
QOPACIFICATION

In order to study the statistics of the difference image
due to vessel opacification, the various angiogram seqguences
described were studied and procedures similar to the previ-

ous studies were performed. The results are shown in Table -
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5 with measurements computed for an arbitrary central
(256x256) reaibn from the maximum opacification difference

image obtainable in each sequence (Figure 30).

TABLE 5

Effect of Dye

measure of displacement
skewness estimate
BROWN -0.79 2.16
GREY -2,91 7.02
WHITE -0.46 7.29
BLACK ' ~2.65 . 6.32

The two columns listed are the histogram skewness of the

~

difference images and the prospective estimate of motion for
each of the image sequences. The result shows that GREY and
BLACK have a large prospectivg false estimate of motion but
are associated with a large negative skewness. BROWN has a
smaller prospective estimate and negative skewness due to a
lower contrast opacification. WHITE, however, has a large
prospective displacement estimate but does not show a sig-
nificant negative skewness since the central region of WHITE
does not correspond to the opacificatian region. It must

therefore be assumed that the large prospective displacement

estimate is caused by the effect of image noise instead.
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With regard to these observations, it is clear that there
exists a limit to the amount of displacement that can relia-
bly be détected without increasing the risk of a false de*
tection of motion céused by vessel opacification. For exam-
ple, if the amount of motion allo%able in the case of BROWN
is 1 pixel, it would not be possible to correctly detect pa-
tient motion without a false alarm. However, for a low con-
tfast difference which generaliy exhibits opacified vessel

of large diameter, the allowable motion is larger.

o
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te)d Kd,

Figure 30: Intravenous angiogram performed with
temporal subtraction. a) BROWN: carotid arteries dn
the neck of a patient, b) GREY: aortic arch examina-
tion, c¢) WHITE: coronary arteries supplying blood to
the heart, d) BLACK: intracranial vessels within the
skull.
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5.6 DETECTION CRITERION

a

In this section, the entire BRbWN_sequencé is analyzed in
order to study the practicality of the OCD approach in a
typical angiogram sequenbe involving mofion. Image statis-
tics were computed using the cént;al area of 256x256 pixels
and the results are shown in Table 6. The first row of the
table corresponds to data collected for the diffefence image
obtained by subtracting frame 1 from frame 2, so that the
first entry in the bracket corresponds to the live image and
the second entry is‘the mask. The motion case of frame 2 -
fréme 1 illustrates the u;ique characteristics of a large
displacehent with no significant negative skewness of the
difference histogram. , That is, there is a large displace-
ment estimate with no negative skewness,

T TABLE\6 o~

B
~

=N
Case of angiogram ¢ith motion$ BROWN

~

measure of displacement
Frame skewness - estimate
(2 - 1) 0.14 4,21
(3 - 2) -0.20 1.51
(¢ - 2) -1.78 1.90 @ )
(5 - 2) -1.12 2.64
(6~ 2) ~0.79 ) 2.16
(7 - 2) -0.73 2.49
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The resé of the table corresponds to the results obtéined.
after the reselection of a new mask (ie., frame 2), follow-
ihé the detection of a significant motion estimate 1in the
p;egeeding' ubtfacti&nl It can be seen that the displace-
ment esff;;qujare_éignificantl§ reduced and negative skew-
ness can be observed. . Iﬁ'certain casés, such as.the case ‘of
(5-2) and (7-2), larger displacement ;stimates are observed
in association, in general,  with allafge negative skewness.

This is consistent with expectation since it corresponds to

changes in vessel opacification.



Chapter VI

CONCLUSION AND FUTURE RESEARCH POSSIBILITIES

This dissertation descfibes investigations which were
made to étudy the problem of automated patient motion detec-
tion in DSA. A solution is proposed using a real-time re-
masking scheme which minimizes the effect of motion by rese-
lecting the mask image whenever a significant motion 1is
detécted. The problem of motion estimation is.analyzed from
an image processing peint of view and a.statistical approach .
for real time.motion detection is proposed. Instead of re-
lying on the spatial-temporal relationship of individual
pixels, ‘the overall contrast of the difference image 15 ex-
'plored and translational motion is adopted for an analytical
study of motion._  Motions-caused by rotation and occulsion
have not been considered. Such effects are not expected to
éffect the performance of the detection process since a
large motion of this type will also cause an increase in the

overall contrast of the difference image.

The. approach is simulated on clinical angiogram images fo
ascertain its usefulness. The performance of the O0CD ap-
proach to motion detection is studied on simulated motion
generated by a translation of the image and results better

than the LSE are observed. The results show that in a

- 110 -
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noiseless situation, good results are obtained even without
the use of pre-smoothing. 1t has been observed that large
block size should be used in order to reduce the effect of
the variation éf local statistics. However, image noiselis
a limitation to the approach and image smoothing would- be

regquired in a noisy enviroment.

A

Of central {mportance to this research is the fact that
it has not always been possible to clearly distinguish be-
tween chaﬁges due to the arrival of dye and those due to
significant motion. To redtce the chance of a false detec-
tion of motion cause by vessel opacification, the skewness
of the histogram of the difference 'image is studiéd. The
results suggest that such image change is generally associ-
ated with a large skewness of the difference image histogragxxyl
if the block size includes as much of the opécified area aé‘

possible. As the contrast level decreases, the correct de-

tection of a slight motion would not be possible.

Tﬁis research work contributes to a beginning-'of én in-
terdisplinary work of applying image sequence analysis in
mgdicine. Fundamental knowledge such as the principlés of‘
Digital Radiology and the analysis of image sequences formed
the basis of this work which would not be complete without
both. Throughout the presentation, an analytical approach
was taken and a new algorithm for the detection of motion is

developed. 1In order to improve the effectiveness of the al-
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gorithm, it is expected that more a priori knowledge and
modelling of the iodine opacification characteristics such
as the exponential attenuation properfy,of‘x-fay, the pois?
son property of photon detection and temporal va;iation of
contrast flow will be required. = Thus far, .an analytic or
numerical analysig describing the probability of detection
has not been obtained. With further improvement using more
a priori . knowledge and w;th the availability of clinical
data, a numerice} value indicating the probabilities of'ge-

tection and of false detection may be obtained.



Appendix A

ANALYSIS OF NOISE LEVEL IN DIGITAL RADIOGRAPHIC

IMAGES

A derivation of the noise levels of x-ray statistical and

electrical components as a functiom of signal level is given

here and the following notation is used.

v =

- Tmax

Z
nn

video signal voltage when the maximum useable
signal current is read from the camera terget.

the rms additive noise voltage 1in the video
signal due to a source other than x-ray statis-
tics (eg. video noise).

video signal to noise ratio = Vne/G

the detected x~rays per pixel corresponding to
Vinax
a gain, such as video camera aperture, which
maps Ng to V..

detected x-rays in the pixel of interest,
N exp(-px) where x is the incremental object
thickness.

The video signal read from the camera is given by:

V=oN +m

(A.1)

where m represents the video noise.

When the signal 1is passed through a logarithmic compres-

sion, the log signal, §, is given by:

s{v)

1

1

log (V)

S(V) + s (V) (v-V) + s"(V) V; )

... (A.2)

- 113 -
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With the Taylor expangion, the followirig equations can be

deriyed: .
E[S(V)] = S(¥) + S"(MF + ... : (A.3)
E2[S(V)] = §* (V) + S(VIS" (VIS + ....  (A.8)
- S:(T) + [S'(T)? + S(WIS(MIS + .... (A.5)

E{s2(V)]
Using the equations (A.4) and (A.5) yields

g2 = EB[S*{Vv)])-E*[S(V)]

= [§'(¥)?] + higher order terms
¥ Sho-—o- | (A.6)

since the x-ray photon counts exceeds 10° and N and m are

independént.

It has been assumed that electronic and quantum noise are
independent, and that the average value of m 1is zero,
With suitable substitutions, §* can be reexpressed as:

'
o~

g =TI +oommmos (a.7)

The first term is the noise contributed by x-ray statis-
‘tics and the second term is the contribution due to video

noise.



Appendix B
DERIVATION OF THE LEAST SQUARE ESTIMATE

With a set of points {x(i),¥(i),T(i)}, the problem of
fitting a plane to the data can be solved through the use of

linear regression., If T(i) of the data is estimated by
Te (1) = -{aX(i)+b¥(i)}

where a and b are constants, the error e{i) in estimating

T(i) for a given i 1is
T(i)-Te (i) = e(i)

To provide the best fit, the constants a and b are deter-
mined so that the estimated errors are minimized according

to the criterion:

n
D oe?(i) is minimized

i=1

In other words, the constants a and b are chosen such that

n
£ {T(i)+aX(i)+b¥(i)}? = min
i=1 \

Since a necessary condition for a relative minimum 1s the
vanishing of the partial derivatives with respect to a and
b,

- 115 -



2 .Z'{-T(-i);-aX(i)+bY(i)} {X(i)} = 0~

2 & {T(i)+aX(i)+b¥(i)} {¥(i)} = 0

Solving the two equations simultanously yields

(ZTx) (2Y*) - (EXY) (ZTY)

(ZX¥)?* - (ZTy?)(EX?)
and ‘

(2TY)(EX?) - (TXY)(8TX)

(Bxy)? - (&y?*)(Ex?*)

where the subscript have been omitted for clearity.

fore, with a given set of points (X,Y,T),

the plane

116

There-

of best

fit can be defined by obtaining the constants a and b using

the above solution,

S
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