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ABSTRACT

We have developed a software system that takes standatdelec
cardiogram (ECG) input and interprets this input along wisier-
defined and automatically defined markers to diagnose mgiadar
infarctions (MI). These pathologies are then automatjcedbre-
sented within a volumetric model of the heart. Over a periogho
months 30 patients were monitored using a digital ECG sysimin
this information was used to test and develop our system.a#t w
found that the STEMIs (ST segment Elevation MI) were succes-
fully diagnosed, however NSTEMIs (Non-STEMI), althoughr-co
rectly interpreted, were more ambiguous due to the facflthedve
inversions are sometimes seen on normal ECGs. Control EEGs o
normal hearts were also taken. The system correctly irggggithis
data as being normal. A standard voxel-count metric wasloped

so that future work in MI monitoring will be possible. The thib
was found to be beneficial for three possible uses, as a ditigno
tool for clinicians, as a teaching tool for students and @san
information tool for the patient.

Keywords: myocardial infarction, volume graphics, ST elevation,
ecg

1 INTRODUCTION

Myocardial infarction (MI) is the medical term for “hearttatk”

and is one of the leading causes of death in the world. EC@-(ele
trocardiography) is used in the diagnosis of MI and the cian has

a time-consuming job in the interpretation of electrocagdaphic
data. Although the inverse ECG problem is a popular research
area, there are very few tools available to cardiology ciamis that
give visual 3D representations of cardiac abnormalitigs [&ich
representation of physiological phenomena through gcaphkibe-
coming increasingly easier and also more realistic becafusgpid
technological advances along with ongoing research. We tav
veloped a software system that utilizes these graphicahtques

to display Ml information derived from ECG input. Real-tinel-
umetric interaction is one of the key features of our systarhy-

brid of polygonal mesh graphics and slice-based volunopais

the basis of our heart model. Our ECG system reads in the rel-
atively new SCP (Standard Communications Protocol) filenfdr
and uses existing ECG waveform analysis algorithms as wellia
own techniques. This paper builds upon the various geoasati

of a system that has been undergoing development over the pas
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three years [16] [17] [8]. The software incorporates an atiom
system that displays the electrical propagation througtimiheart
muscle in synchrony with an inputted ECG file. This choreegra
phy between the model and the ECG is done by assigning st&ps th
are defined either manually or automatically. The myocéidia
farction interpretation system was built into the existsajtware
which mainly uses user-defined ECG markers. In the evaluatio
and to some extent the development, of this stage we needkd re
ECGs from patients with MIls. Over a six month period we per-
formed ECGs on patients in one of the main national Cardiplog
centers. This allowed us to monitor the progress and get dtta
relevant to the study.

In Section 2 we give a brief background to our research. This i
cludes information about the basic anatomical/physiaalgprinci-
ples, graphical techniques and interpretation technigelesant to
our research. Section 3 describes our data collection rdetand
the methods for acquisition of ECG data. In section 4 thewnis
overview of the current and previous software systems withe
project. The results are presented and discussed in Sécaoa
finally we conclude with a discussion of future possibiltie

2 BACKGROUND

2.1 Anatomical and Physiological Principles

The heart is an organ mainly consisting of muscle that purigaxib
around the body. It is situated in a chest cavity calledtiedi-
astinum. The heart itself is supplied by blood vessels called the
coronary arteries. Figure 1 demonstrates the main components
within the heart.
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Figure 1: Diagram of the heart.



The heart muscle is triggered by a complex nervous system ness as well as not compromising patient safety [1]. Int&rac

which produces a strong electrical pulse. This pulse can e m
itored from the outside by attaching sensors/leads to vanparts

of the body. This form of monitoring is called Electrocargtia-
phy (ECG). The 12 lead configuration is the standard in dinic
practice, and consists of 3 standard leads (1,1l and Il),eeprdial
leads(V1-V6) and 3 augmented leads(aVR,aVL and aVF). ECG
was invented in 1902 by a Dutch physician and physicist dalle
Williem Einthoven. In many areas it is called EKG due to its€hu
heritage. Figure 2 shows a sample ECG from lead Il with wave
markers. These wave classifications are used in the diagynbsi
abnormalities and are normally measured by a physiciargalda
gridded paper. In our software this is achieved using thaahct
electrical values.

Figure 2: Sample ECG.

Myocardial infarction means the death of cells within the-my
ocardium i.e., the heart muscle. Clinically, myocardidhintion is
considered more of a process than a final condition. Thertheze
steps in this process: Firstly, an occlusion or blockageaised
within a blood vessel supplying the heart. This causesemia,
which is basically a lack of oxygen to the tissue normallysigal
by this blood vessel. Through time, this ischemia turns torin
of the tissue and finally, the last step is infarction whewee ¢hlls
actually die. Figure 3 shows this process. An infarctior likis
is called an antero-lateral infarction and is caused by a&tusion
(e.g. bloodclot) to the left circumflex coronary artery, giaal
branch of the left circumflex artery or the diagonal branchhef
left anterior descending artery.
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Figure 3: MI Process.

2.2 Graphicsand ECG

With the advent of virtual reality and modern graphical w@ghes,
simulations of physiological phenomena have become isargly
realistic. As computer specifications improve, so too dhestcu-
racy and realism of these simulations. There are many aagest
with using virtual reality as a method for medical and sumbitain-
ing. The student/physician gains a greater sense of spat&le-

ity, volumetric representation and 3D animation are obsfipmore
beneficial in the learning process compared with 2D imagésxbr
Incorporating all of these features brings some problemstife
developer if real-time rendering is required. Howeverpwog rep-
resentation techniques such as slice-based renderings&irgrthe
developer’s job much easier [5]. Cardiac simulation is @&aaich

in research, however, there is still a lot of scope for neveaesh
and development. In accurate simulation projects the maatal is
often vast due to the large amount of cellular informatiobréiori-
entation, ionic information). Also, simulations often uée long
processing periods or supercomputers [6]. We are intetéstie
inverse ECG problem i.e., deriving model information frol8 &
input, and one of our main interests is to have a system thaton

a commodity PC in real-time rather than a large-scale soperc
puter. CESLab is a project that has similar aims regardistesy
specifications [13], but is concerned with the opposite femol.e.,
the forward ECG problem, deriving ECG information from a-cel
lular model. The modeling of electrical propagation thriooigt the
heart is a common research are [18]. The inverse ECG proldem i
considered ill-posed because there are several assopratdéms.
The main problem is that, unless the actual shape, size a&ad lo
tion of the heart is known, it is almost impossible to trulpresent
the inputted ECG. Therefore, assumptions or shortcuts take
made. Some forward ECG researchers have experimentednwith i
troducing abnormalities such as myocardial infarctionprtmduce
ECG information then testing inverse ECG methods by rengrsi
the process [3].

Automatic ECG interpretation and pattern recognition igef
importance to this project and has been an actively resedratea
for the last 50 years [22]. In general, the ultimate aim of tfg-
search area is to speed up the process of ECG diagnosis and als
make diagnoses more accurate. Theoretical concepts, boveee
more complicated in real-life. A typical example of thismsarfer-
ence due to muscle noise. The processes of pattern reacogaitd
parameter measurement produce information that can beutiesh
in the detection of any abnormalities. Pattern recognitibthe
ECG waveforms is a problematic area. The most important wave
form within the ECG is that of the QRS complex. This is the most
predominant element of the ECG and is used for the measutemen
of heart-rate. The QRS complex is also used as the startiimj po
for many wave detection algorithms. There are many QRS detec
tion algorithms, but most are designed for different pugsoshere-
fore it is difficult to select an “ideal” algorithm [7]. We foul that
the most viable option for our project was the So and Chan-algo
rithm [19]. This algorithm was designed for ambulatory ECGm
itors, therefore suiting the real-time specifications of prpject.
There were many algorithm options from the fields of artifinku-
ral networks [24], genetic algorithms [11], wavelet tramsis [4]
and syntactic pattern recognition [22]. While some aldwni$ used
several methods, for example Tatara and Cinar designedteothet
of interpreting ECG data by integrating statistical andfiaral in-
telligence tools [21].

When a patient suffers a myocardial infarction, their ECG
changes along with the physiological changes within thethda
the first few minutes of myocardial infarction (known as Hyper-
acute phase) the first indicative change is a tall and more symmet-
rical T wave. Then, as time progresses, the ST segment become
elevated. Subsequently there may be other noticeable ebang
cluding T wave inversion and also what is known as a pathologi
Q wave. Although all these changes are indicative of MI, timey
also be present in other pathologies and sometimes evenahorm
hearts. ST segment elevation, however, is considered reblso
indicative of Ml and therefore is the strongest ECG eviddnc¢he
early recognition of MI [10]. Within the standard 12 lead figo-
ration, each lead corresponds to a certain area of the M¢aen a



Table 1: MI Changes

Location of theInfarct Site | Corresponding Leads
Anterior V3 and V4
Antero-lateral V5,V6,l and AVL
Septal V1and V2
Inferior ILII and AVF

lead displays indicative changes of MI, this normally metias the
area corresponding to that specific lead is infarcted. Thauatrof
ST change is also considered proportional to the extentfafdn
tion in that area. Table 1 displays the types of infarctissoaiated
with specific leads.

3 DATA COLLECTION

Over a six month period we have performed ECGs on patients tha
satisfy our criteria. We performed the ECGs on-site with @un
equipment to ensure that human error was minimized. To date w
have performed ECGs on more than 30 patients presenting with
signs and symptoms of MI. We have been selective about wht ki
of Ml patient we choose. Patients with strong ST and T waveabn
malities have been chosen. We have worked alongside caggfiol
consultants to attain a good knowledge of the area and taveece
training in performing ECGs. The hospital that we work witlr-c
rently uses paper-tracings rather than digital ECG. Farrison,

we had to use our own digital ECG equipment. We use a Cardio-
line Delta 3 12-lead ECG console linked to a laptop via seriddle.

The provided software records the ECG and then allows thetaise
export it as an SCP (Standard Communication Protocol) filee T
SCP file format is a relatively new file format and is aimed atyun

ing several ECG manufacturers so that inter-operabilipossible.
Huffman encoding is used to minimise the file-size. Withimr ou
database we recorded the following patient informatior, &gXx,
diagnosis, general history, history of Ml, history of CABGdro-
nary Artery Bypass Graft), smoking status, high blood-gues,
diabetes, high cholesterol, time of onset, time of presematime

of ECG. Along with these we tracked the patient’s blood asegy
from time A to time B. These levels included WCC (White Cell
Count), HB (Hemoglobin) and troponin levels.

4 SYSTEM OVERVIEW

In the first year of this project we developed a volumetric siad

the heart. We acquired a polygonal heart model from the Nesk Yo
School of Medicine, which was designed by consultant céreio
gists and graphics designers. The sino-atrial and atmrieeilar
nodes were added to the model and were represented withespher

Figure 4: Slice-based texture volumization technique.

ent cell-types using different colors. This was done usimpma-
mercial editor. In the previous versions of the softwaredheas
an artefact produced when the camera was directly paralléiet
slices. This has now been rectified by creating a lattice ioésl
with slices on two planes. The final volume lattice has a resol
tion of 256X256X100. This type of texture-based volumiaatis
becoming increasingly popular due to the speed of rendeong
pared to other forms of volume representation [23] [5]. Theel
datastructure has two main components, the pixel infoonatnd
the cellular information. The pixel component holds colafor-
mation and cell-type information and the cellular compdriernds
information regarding specific cell information and aniiatin-
formation such as frame indices and timings.

Our software uses a GUI library called FLTK [14]. This has

The bundle-branches were also added. This model was then vo-OpenGL [15] capabilities allowing us to display the moddbin

lumized using a technique involving an octree-based ragsings
algorithm [8]. This was later found to be very processoefisive
and unsuitable for our real-time interactivity goals. Thias mainly
because it used points to represent cells, which requir@épro-
cessing. We then devised a method of representing the ndiooar
with a slice-based volume [17]. Slices were attained byaisin
very thin viewing field and outputting the resulting imageatéle.
The color information was then extracted from these filegufré
4 shows this process, where the white represents myocasdlal
and the black is ignored.
These slices were reconstructed along the same axis togaodu

a volumetric effect. The slices were then classified intdedif

mation and the ECG information at the same time. The ECG reade
can read our own format or SCP format. If the ECG informat®n i
encoded we use the default SCP Huffman table as describbd in t
SCP specifications [2]. Figure 5 demonstrates lead Il of gofam
ECG within the SCP window.

In one of our earlier papers we describe the animation system
used in our software [16]. This animation system has beengsth
in various ways. Firstly, the 3D cross-shaped propagatasnideen
changed to a spherical shape. Also, now if there are infdrcte
cells they are considered by the system as being non-caneluct
The animation of the electrical propagation is automdijaztiore-
ographed with markers that are selected by the user or atit@iha



files/patient6 scp

Figure 5: SCP ECG Window.

selected using the automatic wave classifier. This wavesifikas
uses the So and Chan QRS detection algorithm [19]. There were
other examples of suitable QRS detection algorithm, sucinats
of Pan and Tompkins [9], however Tan et al found, this to be in-
ferior to So and Chan’s algorithm [20]. Once the QRS compéex i
found the other waveforms are found by traversing backwandis
forwards from that point. This is not always accurate, so auah
wave classification tool is incorporated into the software.
Myocardial infarctions are now represented within our eystas
areas around central voxels that correspond to the leadrgett/e
introduced voxels within our model by aligning them to axeysre-
senting the lead vectors. Figure 6 shows the axes from thierogin
the heart. The voxels are inputted into the volume where xBs a
intersect with the model. The electrical propagation atiomarec-
ognizes the infarcted cells and cannot pass these celtstriueling
around them. The MI detection system measures the paramaster

Figure 6: Vector Axes.

found by either the automatic or manual markers system.e@Gtlyr

rectly correspond with the actual values as read from the BEEG
Figure 7 demonstrates the results of this process.

Figure 7: Surface representation on outer mesh.

In order to bring an extra sense of immersion to the software w
implemented both stereoscopic viewing features and hégid-
back. We tested our model using a haptic Phantom device & ca
to the conclusion that it was of no great advantage to theeptogs
visual feedback was adequate. On the other hand, on imptemen
ing stereoscopic viewing conditions, it was found that thiculd
be a very useful feature for a teaching tool version of thfsxsre.
Rather than using dual-screen goggles we used a systenythat s
chronizes polarized 3D glasses to a CRT monitor [12]. Thexeew
several reasons for choosing this method. Firstly, thezriped
glasses are relatively inexpensive, and therefore easi@piement
in a teaching environment. They also work at driver levelanieg
that little programming effort was needed to incorporagtinto
our software.

It was advised that it would be worthwhile incorporating gom
kind of standard metric for Ml into our system. Currentlyrdia
ologists use chemical measurements from blood analysisttr-d
mine the extent and progress of infarction within the mydian.
Although ECG is used to firstly diagnose an infarct, chemicah-
surements are the standard for monitoring the progress.ptike
pose of a metric within our system would be to see if these ata@m
measurements correlate with the measurements within stergy
At the moment we use a voxel counter that counts the number of
infarcted voxels once the interpretation process is corapl€his

the system measures the difference between the ST segmint aniS Of key importance to the next stage of the project whictois t

the iso-electric line for each lead, thus giving an exteirany, of
infarction. These measurements are then used as refefentes
radius around that specific lead’s model-representatioelvd he
T waves are also checked for inversion.

We experimented with a method of displaying the electriepet
tial on the outer surface of the heart in real-time. A simélpproach
was used to classify the outer texture of the heart mesh. & us
the axes of the lead vectors in relation to the texture. Wel ase
reference texture with obvious landmarks so that pixeldccbe
assigned different leads. Then, during each frame of the pOG
gression the electric values on the texture would be alteyedi-

compare this voxel count with the blood chemical measurésnen

5 RESULTS

Out of 30 patients, approximately 15 had recognizable Steeg
elevations. These types of MI are known in clinical practise
STEMI (ST segment elevation MI). However, quite a large pro-
portion of patients that go through the coronary care urét cr

the NSTEMI group (Non ST segment elevation MI). These types
of MIs are more common because most Mls that start as STEMIs
end up this way either through time or treatment. A probleat th



we noticed was that by the time we would perform an ECG on a
specific patient any signs of ST segment elevation may haapdi
peared. The next stage of the project will involve more engies-
ence when a patient arrives at the trauma department. Imtée i
preter system, we used the common assumption that an STsegme
change is only abnormal if it deviates from the iso-eledine more
than 1mm on limb leads and 2mm on chest leads. This is a stan-
dard that cardiology clinicians use. The software was destnated

to several cardiology clinicians and it was seen as very fi@ake

for several reasons. Firstly, as a potential diagnostit; tboould
save the clinician time on measuring the extent of STEMIsva$
also recognised as an invaluable teaching tool giving theéestt a
greater spatial awareness of these kinds of conditiongeTihalso
potential in the area of patient awareness. The softwaoavalh
patient to see that an Ml is not just readable on graph-pdpei-
uation is of key importance in the next steps of the projeigufes

8, 9 and 10 demonstrate different STEMIs as diagnosed and dis
played by our software. T wave abnormalities were also edtfar
within the interpreter. All T wave abnormalities were imgested
and diagnosed correctly. Most of the NSTEMIs had at leastTone
wave inversion. However, this is an area that is quite anthigu
and abides by the principle of "rubbish in - rubbish out”. Tireb-

lem is that, although T wave inversions may represent Ml & th
later stages, this not the only reason for this phenomendrezen

in some cases this may not even be an abnormality. This T wave
inversion system can only be reliable if the clinician knavese
limitations and the patient has an already diagnosed Mk Gbiild

be of potential importance in the next stage of the projedciwh
involves the monitoring of a patient's Ml through time. Figull
demonstrates an example where the system produced thiokind
conflicting information. We took some control ECGs on paten
that had no Ml or had recovered from MIs and interestinglyséhe
ECGs showed the correct results, no pathologies.

As an extra feature, the animation system was altered ta-inco
porate infarction. This is of little interest to the cliréei as a di-
agnostic tool. It is more relevant for a teaching tool to tigghe
electrical propagation around the defined infarcted cEligure 12
demonstrates a screen shot of this process.
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6 CONCLUSIONSAND FUTURE WORK

A system that interprets ECG information and user-definetkma
ers to diagnose Mls and represent them automatically wétviol-
umetric model of the heart was successfully developed. We-mo
itored over 30 MI patients that were being treated in the carp
care ward at St James hospital Dublin using a digital ECG moni
toring system. These ECGs were then used to test our system. |
was found that the STEMIs were succesfully diagnosed. Hewev
NSTEMIls, although correctly interpreted, were impossiblprove
legitimate due to the fact that T wave inversions are sonmestiseen
on normal ECGs. Control ECGs of normal hearts were also taken
The system correctly interpreted this data as being norritae
toolkit was found to have potential as a diagnostic tool fiamic
cians, as a teaching tool for students and also as an inframrtabl
for the patient.

The next steps in the project involve the monitoring of ag#ti
with a known STEMI to see if the diagnosed size of MI (voxel-
count) correlates with chemical measurements within tloedl
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Figure 11: Example of conflict between T wave inversion and ST
change, blue represents T wave inversion and green ST change.

These chemical measurements are currently the only mettatd t

most clinicians use to monitor the progress of an MI. Thid ald
low us to evaluate our system more thoroughly. There aresa¢o
eral improvements that should be made with the current soéw
For example, the voxel-count does not take into accountttiet
central lead voxels are not at equal distances.
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