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ChapterChapter 6 

Detection,, Classification, 
andd Localization of Ectopic 
Ventricularr  Beats 

Thiss chapter discusses (literature on) automatic detection and classification 
off  QRS complexes, and localization of VT and VES by body surface map-
ping.. The idea of an integrated automatic guidance system for catheter 
ablationn of ventricular arrhythmias is introduced. — Presented in part at 
thee NFSI symposium, September 2001 [198]. 

6.11 Introductio n 

6.1.11 Automated ECG analysis 

Thee surface ECG can be used for localization of the exit site of cardiac ar-
rhythmias.. In case of ventricular arrhythmias, such as vr or ventricular 
extrasystoless (VES), this is done by inspection of the part of the ECG that 
representss ventricular activation, the QRS complex (figure 6.1). For cardiol-
ogists,, it is in most cases a trivial matter to recognize a QRS complex in a 
singlee ECG tracing, and it is a simple task to find its onset and offset (begin 
andd end) with moderate accuracy. Classification of the QRS complex is per-
formedd by inspecting the sequence and relative amplitudes of positive and 
negativee peaks in the different leads. 

Forr a computer algorithm, the tasks of QRS detection and especially de-
lineationn are surprisingly difficult. Although a simple thresholding algo-
rithmm is able to detect most QRS complexes in sinus rhythm in a recording 
withh a good signal-to-noise ratio (SNR), the construction of a robust algo-
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Figuree 6.1: Part of the nomenclature for electrocardiograms. Indicated are the 
PP wave, Q, R, and S peaks as well as the QRS complex and the T wave. The P wave 
representsrepresents atrial depolarization, the QRS complex ventricular depolarization, and 
thethe T wave ventricular repolarization. Atrial repolarization results in a very small 
signalsignal that is obscured by the QRS complex. 

rithmm that detects and delineates all QRS complexes, either normal or ec-
topic,, is much more involved. On the other hand, computers can be helpful 
inn cases where humans encounter problems. In rapid ventricular tachycar-
diaa (VT), it is often difficult to see the difference between QRS and T wave 
inn a single lead, while different leads seem to give contradictory results. 
Thee problem can be solved by combining many leads, e.g. all leads from a 
bodyy surface map, and quantitatively analyzing the slope of the leads [123]. 
Computerss are much better equipped for these tasks than humans, and are 
capablee of producing a signal that has different values in QRS complexes 
andd T waves of a rapid VT. For the final decision, however, contextual infor-
mationn can be helpful, making human supervision preferable. Therefore 
suchh arrhythmias can be most successfully analyzed if a computer pro-
cessess the data from many leads into one or a few signals that can be in-
terpretedd by a human expert. An example is presented below in section 6.2 
onn page 100. 

Localizationn of exit sites by computer programs is done by entirely dif-
ferentt criteria than those used by human experts. This is partly due to the 
factt that some properties that are easily perceived by humans are hard to 
expresss formally, a prerequisite for implementation in a computer program. 
Onn the other hand, computers can accurately inspect relations between sig-
nals,, such as the relative timing of peaks and relative amplitudes; this type 
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off  analysis is hard to perform for a human observer making use of ECG trac-
ings.. Another reason for the different criteria is that computers are often 
appliedd for the analysis of multilead ECGS, which, due to the size and re-
dundancyy of the data, are characterized in a way different from standard 
12- leadd ECGS. 

Detectionn of ectopic ventricular beats requires not only detection of QRS 
complexes,, i.e., recognizing the part of the signal that results from ventric-
ularr depolarization, but also classification as corresponding to an abnormal 
activationn sequence. These are partially related subjects because classifica-
tionn can, in most cases, only be performed after detection and because they 
aree sometimes implemented in the same algorithm [55]. Implementation 
inn a single algorithm is theoretically advantageous because normal and ar-
rhythmicc QRS complexes are characterized by different, possibly disjunct, 
featuree sets, which makes the tasks of detecting them all and subsequently 
discriminatingg them relatively inefficient. 

6.1.22 Automated arrhythmi a monitorin g in the 
catheterizationn laborator y 

Detectionn and classification of QRS complexes are important in automatic 
patientt monitoring, for example in the coronary care unit (ecu) [33,168, 
189,283],, during surgery [87], in automatic (implantable) defibrillators [33, 
174],, and for analysis of very long recordings, such as Holter recordings 
[189,231,232]]  and continuous recordings made during electrophysiologic 
studyy as described in chapter 4. This chapter focuses on a fifth application, 
whichh is less covered in the existent literature: automatic analysis of record-
ingss made during electrophysiologic study, especially during endocardial 
catheter-mappingg procedures for localization and radiofrequency ablation 
off  VT. 

Bodyy surface mapping (BSM) systems are used during catheter mapping 
forr accurate localization of VT exit sites and pacing sites [194]. Currently, 
BSMM systems used in this setting make a recording on demand, after which 
thee operator has to identify a QRS complex of interest as well as isoelectric 
instantss that can be used for removal of baseline drift and DC offset. A 
computerr algorithm then delineates the QRS complex [123], but the result 
sometimess needs to be corrected by the operator. Provided with an accurate 
QRSS delineation, the computer can estimate the exit site of the complex [212, 
236,237]. . 
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6.1.33 Outlin e of this chapter 

Ideally,, an automatic arrhythmia monitoring system should record contin-
uously,, and detect, delineate, and localize QRS complexes of VT and paced 
beatss without any operator intervention. In section 6.2 to 6.5, an overview 
iss given of methods that can be used for these purposes. Section 6.2 is a re-
vieww of the literature on complex detection and delineation. The next step, 
classificationn of complexes, is discussed in section 6.3. The overview ends 
withh sections 6.4 and 6.5, which provide a general discussion of arrhythmia-
localizationn methods. 

Sectionn 6.5 introduces the methods of localization that are used in this 
thesis.. Localization of VT using pacemap databases, the method that is used 
byy our research group, is introduced in sections 6.6 andd 6.7. Specific prob-
lemss of the traditional method of comparing maps using correlation coef-
ficientss are also discussed. Section 6.8 introduces an improved method for 
thee estimation of distances between pacing sites, and the concept of relative 
localization.. Finally, sections 6.9 and 6.10 introduce the new continuous lo-
calizationn method, which is discussed more comprehensively in chapters 7 
andd 8. 

6.22 QRS Detection and Delineation 

6.2.11 Literatur e overview 

QRSS detection is a popular and long-lasting topic in the signal-processing 
andd biomedical engineering literature. Several trends in signal-processing 
methodss can be recognized. For example, syntactic algorithms, popular in 
thee 1960s and 1970s, and wavelet transforms, popular in the 1990s, were 
appliedd to the problem of QRS detection and delineation [2,39,120,145,259, 
283].. Most published algorithms are aimed at long records, often to be 
analyzedd in real-time, of single lead electrocardiograms. 

Thee success of a QRS detection or delineation algorithm depends on 
thee quality of the recording and the selected lead(s). When comparing al-
gorithms,, it is therefore necessary to use the same data to evaluate their 
performance.. For this purpose, annotated ECG databases were developed. 
Theyy consist of several long recordings, annotated by experienced cardiol-
ogistss with wave or complex types (P, QRS, T), classes (normal, VT, etc.) and 
sometimess onsets and offsets of waves or complexes. Unfortunately, differ-
entt authors tested their algorithms on different databases; therefore there is 
stilll  some uncertainty in the comparison. Some well-known databases are: 

 The CSE database, produced by the Common Standards for Quantita-
tivee Electrocardiography project (CSE). This database contains record-
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ingss with relatively good SNR [273,274]. These 250 recordings contain 
aa total of approximately 1.6  104 beats, sampled at 500 Hz. 

 The MiT-BiH database, which contains approximately 105 beats, sam-
pledd at 360 Hz [87,105]. 

 The American Heart Association (AHA) ECG database, which contains 
approximatelyy 1.5  105 beats sampled at 250 Hz [255]. 

Inn contrast to the CSE database, the latter two databases contain "real-life" 
data,, including very noisy records, which makes them more suitable for 
robustnesss tests. All databases are annotated by expert reviewers. 

syntacticc algorithms Perhaps the oldest class of cms-detection algorithms 
iss the class of syntactic algorithms. In the 1960s, computers had become 
powerfull  enough to allow programming in high-level languages, i.e., pro-
grammingg languages with abstraction levels higher than single machine 
instructions.. In contrast to human language, programming languages, be-
ingg completely and formally specified, can be interpreted by computer pro-
gramss [66]. Algorithms to perform this task are termed syntactic algorithms, 
orr parsers. There has been much interest in this topic, perhaps due to the 
prospectt of interpreting human language by computer, and consequently 
attemptss have been made to use parsers also for some kinds of signal pro-
cessing,, notably speech recognition and ECG analysis. 

Ann important characteristic of parsers is that they have to be fed with a 
limitedd set of elementary language parts, which are known as tokens [144]. 
Inn ECG analysis, tokens might be signal samples. However, in a typical sig-
nall  recorded with 12-bits accuracy there would be 4096 tokens, presented 
too the parser in long sequences, and thus a great number of parsing rules 
wouldd be needed to reduce them to the level of "v wave" or "QRS complex." 
AA reduction of both the token set and the sequence length was obtained 
byy the AZTEC algorithm, which encodes a single-channel ECG in terms of 
straightt line segments [38]. This and similar algorithms were used with 
somee success for QRS detection and classification [39, 262, 283]. Another 
reductionn of the token set was reported by Belforte et al. [20] who used 
variable-widthh peaks characterized by height classes as tokens; only three 
tokenss were needed for QRS detection. Recent syntactic methods use at-
tributee grammars, i.e., grammars for tokens with one or more properties 
("attributes")) whose values are taken into account by the parser [71]. This 
reducess the required number of tokens and parsing rules. Syntactic meth-
odss have been shown to be capable also of accurately determining onset 
andd offset of QRS, P wave, and T wave [259] in CSE database records. 



io22 Chapter 6. Detection, Classification, and Localization 

Syntacticc algorithms may be considered promising, but more work is 
neededd to obtain the same accuracy as some simpler algorithms [273]. A 
rationalee for using syntactic algorithms is that syntactic reasoning is also 
usedd by human experts analyzing an ECG [20]. Rules like "a sinus beat con-
sistss of a P wave followed in about 150 ms by a normal QRS complex" are 
usefull  to obtain a macroscopic understanding of an ECG, and may also be 
usedd to infer the type of an ambiguous wave. However, most syntactic al-
gorithmss reported in the literature apply rules at a lower level, in order to 
assemblee waves from short lines or mere samples [39,259,262,283]. Macro-
scopicc rules are generally applied in a more recent method: the hidden 
Markovv model (HMM) . 

hiddenn Marko v models A method related to syntactic algorithms is the 
hiddenhidden Markov model (HMM) [36,137,216,257]. With this approach, the ECG 
iss assumed to be the output of a hidden point process. The qualification 
"hidden""  implies that the process is not observed directly, but through a 
probabilisticc relationship. The hidden process is at any time in one of a fi-
nitee set of states. States might correspond to features like a QRS complex or 
pp wave. For each state, there is a probability function defined which spec-
ifiess the likelihood of all possible outputs if the system is in this state. In 
addition,, for each state there are probabilities defined for moving to other 
statess or remaining in the current state. The process is called a Markov pro-
cesscess if the transition probabilities depend only on the current state and the 
neww state, i.e., not on previous states. Commonly, the transition probabili-
tiess have fixed values. 

Decompositionn of an ECG signal is done by determining the state se-
quencee that is most likely to underly the signal, given a set of transition 
probabilitiess and output functions. The characterization and delineation of 
thee ECG parts follow from the state sequence found to be the most probable. 
Thee Markov property makes it possible to do this in a number of steps that 
iss linearly, rather than exponentially, dependent on the number of states 
andd length of the signal. 

Evaluationn of detection and delineation accuracy of these methods with 
aa public ECG database has not yet been reported. 

thresholdingg algorithms The most widely applied algorithms are those 
basedd on peak searching in a suitably processed ECG signal. These algo-
rithmss have several elements in common: 1) a low-pass filter for noise 
suppression,, 2) a high-pass filter for removal of baseline drift, 3) a differ-
entiatorr for enhancement of the QRS complex (which is characterized by 
highh slope values), 4) computation of an "energy signal" by squaring and 
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moving-averagee filtering [147,255], and 5) simple or adaptive thresholding, 
includingg refractory-period blanking and backsearching [87]. Ligtenberg 
andd Kunt describe an algorithm for detection only, of this type [147]. This 
algorithmm also works for abnormal beats and is not sensitive to baseline 
offset.. It was reported to be highly accurate with an error rate of only 0.2 %. 
However,, the testing data set was limited, consisting of only 1172 com-
plexess from three patients, and no public database was used. Pan and 
Tompkinss [189] described a similar method which differs only in the de-
signn of the band-pass filter and the threshold computation. They report an 
errorr rate of 0.68 % on the MIT-BI H database. Hamilton and Tompkins [87] 
improvedd the algorithm and achieved 0.54 % error (0.23 % false positives 
andd 0.31 % false negatives) on the MIT-BI H database. 

Thee CSE database was used, immediately after its creation, for a com-
parisonn of 11 commercial and non-commercial algorithms for delineation 
off  p waves, QRS complexes, and T waves [273]. This study showed that 
somee algorithms estimated QRS onset and offset deviating less than 5 ms 
fromm the timings established by a group of reviewers, in relatively "clean" 
recordings.. Falsely detected complexes are not reported. 

Especiallyy for analysis of continuous recordings, sensitivity to noise and 
baselinee wander is an important issue. Friesen et al. compared the noise 
sensitivitiess of nine algorithms for detection and determination of QRS onset 
usingg single-lead ECGS contaminated with artificial noise of several types 
[70].. Although the ranking depends on the type of noise presented, it may 
bee concluded that "digital-filter" type algorithms (simplified energy-signal 
typee algorithms) perform best, and that 100 % accuracy, i.e. detection of all 
QRSS complexes and no false positives, is attainable with several algorithms 
forr realistic noise levels. Descriptions of the algorithms are included, which 
makess their paper suitable as a cookbook. These authors did not evaluate 
delineationn accuracy. 

Suppappolaa and Sun [255] compared two earlier algorithms [87,185] to 
theirr own. They tested on the AHA ECG database (see page 101). Of these, 
thee Hamilton-Tompkins algorithm [87] performs best with 1.9 % false pos-
itivess and 2.0 % false negatives. This performance is less accurate than that 
reportedd by Hamilton and Tompkins themselves, who tested on the MIT-
BIHH database [87]. The results are also less accurate than those reported by 
Friesenn et al. [70]. This is not surprising since the latter authors used only 
aa short recording from a normal subject, contaminated with artificial noise, 
whilee most other authors tested on one of the public ECG databases which 
containn real patient data. 

Manyy thresholding algorithms depend on peak detection. Todd et al. 
recentlyy developed a formal definition of a peak and an algorithm for peak 
detectionn that is somewhat robust to baseline drift and artifacts [258]. 
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otherr methods Artificial neural networks (ANN) are used for adaptive 
templatee matching, noise management, and classification of beats [105,281]. 
Huu et al. reported testing on the MIT-BI H database (see page 101). The 
QRS-detectionn error for a relatively noisy record of the database was only 
0.22 %. Two other methods were tested and they showed error rates above 
22 % [105], Hamilton and Tompkins earlier reported 3 % error for this par-
ticularr record [87]. 

Recently,, more complicated methods were developed that are still ulti-
matelyy based on the work of Pan, Hamilton and Tompkins [87,189]. Li et 
al.. [145] use wavelet transforms and complicated decision rules for thresh-
oldingg in combination with the well-known blanking and backsearching 
strategyy [87]. Afonso et al. [2] adapted the Hamilton-Tompkins method 
[87]]  by first decomposing the ECG in several frequency bands, combining 
thesee to signals, and using these in decision rules for QRS detection. With 
0.88 % error on the MIT-BI H database, the results are not as good as those 
reportedd earlier by Hamilton and Tompkins [87]. 

6.2.22 Multilead electrocardiograms 

Relativelyy littl e has been published on QRS detection in multilead electro-
cardiograms.. The availability of leads on all sides of the thorax may facili-
tatee detection of ectopic beats. On the other hand, multilead algorithms are 
generallyy used for more difficult tasks. If QRS delineation is to be used for 
automaticc localization of VT, it has to be able to find QRS complexes in VT, 
orr even polymorphic VT (PVT), which is a difficult task even for a human 
expert. . 

Kemmelingss et al. described a QRS-detection and delineation algorithm 
forr use with 64-lead surface ECG recordings [123]. It was created primarily 
too find and delineate QRS complexes in rapid VT. A later implementation 
byy Linnenbank allows the user to select a QRS complex, and does only de-
lineation.. This implementation is used in the MA^AB package [207,208,210] 
(chapterr 10). These algorithms are based on three signals, derived from a 
multichannell  ECG recording: 

SAA the sum of the absolute values of all channels. It can be shown that this 
signall  has the same characteristics as the better-known vector ampli-
tudetude (R): the square root of the sum of the squares of all channels. The 
SAA signal, however, is computationally cheaper to an extent that was 
importantt at the time Kemmelings and Linnenbank created their al-
gorithmss [123,210]. In addition, the SA signal is less sensitive to large 
baselinee offsets. This property is important since the SA signal is used 
inn Kemmelings' algorithm without prior baseline correction. Like R, 
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thiss signal generally has a large peak in the QRS complex, and smaller 
peakss in the T wave and p wave. 

SADD the sum of the absolute values of the first derivatives of all channels. 
Thiss signal has a number of sharp peaks in the QRS complex. For 
sinuss rhythm these peaks are concentrated in the middle of the QRS 
complex,, while in ectopic beats (ventricularly paced beats and vr) 
theyy are more dispersed. 

DDSAA  the second derivative of the sum of the absolute values of all chan-
nels.. This signal has several peaks in the QRS complex, some of which 
coincidee with the onset and offset of the QRS complex. This signal is 
veryy sensitive to noise. However, the implicit low-pass filtering due 
too the definition employed by Kemmelings [123], 

DDSA(t)) = SA(t + 8) - 2SA(t) + SA(t - 8) 

wheree t is in milliseconds, works very well even in relatively noisy 
recordings. . 

Inn the MA^AB package [207-209], these leads are not only used in the QRS-

detectionn algorithm but can also be visualized directly, together with the 
originall  signals, as "special channels" (chapter 10). Examples of the signals 
SA,, SAD, DDSA, R, and the Ligtenberg-Kunt "energy signal" ELK for a VES, a 
sinuss beat, and VT are shown together with precordial lead V in figure 6.2. 

Inn sinus rhythm, as well as in relatively slow arrhythmias, the QRS onset 
andd offset are often determined as the first/last instants where the signal 
exceedss a given limit , such as 0.2 mV. When body surface mapping is used, 
thee first and last instants where any signal exceeds the limit may be used 
insteadd [236]. 

Inn VT, however, it can happen that the signal exceeds the limit during 
thee entire QRST interval. A simple solution is to determine the lowest point 
betweenn the assumed QRS complex and T wave. A more elaborate and per-
hapss more accurate approach, created specifically for body surface map 
data,, was presented by Sun et al. [254]. This algorithm finds the instants 
wheree the global extrema of the map, whose positions change only grad-
uallyy during the QRS interval, appear and disappear. The algorithm needs 
priorr QRS detection and baseline correction. Results on (presumably) sinus 
rhythmm show SD errors of 2 and 4 ms in the QRS onset and offset detection, 
respectively.. Although results on VT were not reported, this is a potentially 
veryy accurate technique for the analysis of VT recordings. 
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Figuree 6.2: Lead V , SumAbs (SA) signal, SumAbsDiff (SAD) signal, second 
derivativederivative of SumAbs (DDSA) signal, vector amplitude R, and the Ligtenberg-
KuntKunt energy signal ELK [147], of three different heart beats. On the left, the first 
complexcomplex is a ventricular extrasystole, immediately followed by a normal "sinus" 
beat.beat. A separate interval of ventricular tachycardia (VT),from a different patient, 
isis shown on the right. Operator-determined QRS onsets and offsets are indicated. 
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6.2.33 Interactio n wit h basel ine correction 

Manyy QRS-detection algorithms depend on some kind of baseline correction 
forr removal of non-physiologic DC offset and drift in the signal. Robust 
detectionn algorithms usually include a simple baseline correction such as 
subtractionn of the mean value over some interval. For very accurate QRS 
detection,, a more accurate baseline correction is also necessary. 

Onee method for accurate baseline correction is to indicate one or more 
instantss where the physiological signal is expected to be nearly zero, and 
thenn to adapt the signal in such a way that it becomes zero at these instants. 
Dependingg on the number of indicated zero points, this may be done by 
zero-orderr (offset correction), first-order (linear trend correction), or higher-
orderr methods. 

Instantss where the signal should be zero can be found relative to the QRS 
complex.. Obviously, this method cannot be employed to correct the signal 
beforee QRS detection. A solution for fully automatic systems is first to apply 
aa robust method for coarse QRS detection, then to correct the baseline, and 
finallyy to delineate the QRS complex accurately. 

6.2.44 Conclusions 

Reportedd accuracies for the detection of normal QRS complexes in single-
channell  electrocardiograms vary from 0.54 % to 4 % [87,255]. An overview 
paperr using the CSE database suggests that a zero error rate is attainable, 
butt this is not stated explicitly [273]. 

AA detection system in the catheterization laboratory has two advantages 
overr most systems reported in the literature: it can make use of more leads 
andd the ECG quality is controlled by the medical personnel. We may there-
foree expect the error rate in this situation to be relatively low. Detection of 
VTT QRS complexes, our main target, is less certain since most authors do not 
reportt on detection of arrhythmic complexes. 

Onsett and offset of the QRS complex during VT can be determined using 
Kemmelings'' algorithm with about 20 ms standard deviation when com-
paringg algorithm results with those of a human observer. The algorithm 
resultss are therefore not always accurate enough for VT localization. In its 
currentt implementation in online BSM software and in the MAJJAB package 
thee algorithm can be used for convenience: when an operator points at a 
QRSS complex, the algorithm gives initial estimates of the onset and offset, 
whichh the operator operator may subsequently correct [154,208]. Higher 
accuraciess were reported by Sun et al. for normal beats using multilead ECG 
dataa [254], but their method has not yet been tested on VT recordings. 

Inn conclusion, results reported in the literature show that automatic de-
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tectionn and delineation of VT QRS complexes are possible and can be used 
eitherr under human supervision, or for tasks that allow a certain error rate, 
suchh as the detection of many paced complexes reported in chapter 4. In 
addition,, results suggest that the creation of an unsupervised system for 
QRSS detection and delineation, accurate enough for VT localization and sub-
sequentt catheter guidance, is also possible. However, to date such a system 
hass not been reported. 

6.33 QRS Classification 

Automatedd ECG-based classification of heart beats has been investigated for 
severall  decades, but the problem has still not been solved well enough for 
mostt purposes. Although a gold standard is usually not available, it is 
believedd that computer algorithms for this purpose perform considerably 
lesss accurate than human experts. An overview of the literature on this 
subjectt is presented here. 

templatee matching QRS complexes can be classified by comparing them 
too a set of examples representing the classes. In the time domain, template 
matchingmatching is used. This entails selection of ECG fragments of limited length, 
andd estimating the correlation with a given template signal. When the cor-
relationn exceeds a limit , the template is said to match, and a complex of 
thee template's class is found. If onset and offset values were assigned to 
thee template, which can be done manually by a cardiologist, this process 
performss implicit QRS onset and offset determination. 

Templatee matching with a single template is done for the purpose of 
signalsignal alignment. Alignment of complexes is a prerequisite for signal averag-
inging where normal beats are be extracted from a record of several minutes 
lengthh [25,169], and for other analyses where many complexes of the same 
kindd are to be located or extracted for analysis of subtle differences, such as 
heart-ratee variability and "alternans" [223,243]. 

Templatee matching with multiple templates can be done to recognize 
normall  and arrhythmic beats, for example to summarize Holter recordings. 
Thiss kind of template matching was performed with nonlinear, rather than 
linear,, methods of comparison [65]. 

neurall  networks A promising range of techniques for classification is 
formedd by artificial neural networks (ANN) [34,35,43,55,65,105,152,153, 
174,268].. Several network architectures and variants have been applied to 
severall  classification problems. 
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Linnenbankk et al. applied neural networks for localization of ectopic 
ventricularr beats by the classification of VT QRS integral maps [152,153]. The 
vastt majority of papers deals with single-channel or few-channel record-
ingss and pattern recognition in the time domain, rather than the spatial 
domain. . 

Thee most obvious way to apply an ANN to a single lead is first to de-
tectt the QRS complex, and then to feed the values of N samples around the 
onsett or the peak of the complex to the N inputs of a perceptron (see fig-
uree 6.3). For a complete discussion, see a textbook on neural networks such 
ass Rumelhart and Zipser [226] or the original work by Rosenblatt [224]. The 
outputss of the perceptron correspond to the classes to be distinguished. The 
optimall  parameters of the network (such as the number of layers and the 
numberr of neurons in each layer) depend on the problem involved, and 
cann be determined experimentally. Hu et al. [105] reported QRS detection 
andd classification of normal heart beats and 12 arrhythmia types using two-
layerr perceptrons. With a separate network for normal/abnormal discrim-
ination,, 84.5 % correct classifications was obtained. If normal beats were to 
bee identified by the same network as all classes of abnormal beats, the clas-
sificationn rate was only 65 %. The networks used 51 samples, centred on the 
databasee fiducial points, as input; the sampling rate (MIT-BI H database, see 
pagee 101) was 360 Hz. 

Ass with the syntactic methods and hidden Markov models discussed 
above,, there is again a similarity between ECG analysis and speech recog-
nitionn in the field of neural networks. Particularly several kinds of delay-
basedd neural networks have been reported as methods for both kinds of 
signall  analysis [35,43,55,65,268]. 

Severall  papers deal with the identification of arrhythmias, usually VT 
andd VF, in continuous recordings. Clayton and coworkers applied two neu-
rall  networks to the problem of discriminating VF from VF-like signals, such 
ass resulting from bad electrode contact [34]. These authors compared the 
performancee of the two networks to those of 4 other algorithms. Among 
these,, the neural network had the best sensitivity (84 %), but not the best 
specificity:: 59 %, versus 93 % for the most specific algorithm, which on the 
otherr hand had a poor sensitivity of 53 %. 

generall  nonlinear  mapping An overview of nonlinear mapping and clas-
sificationn methods, including neural networks, that may be applicable to 
severall  ECG-related problems is given by Maglaveras et al. [167]. The same 
authorss report classification of ST-segment abnormalities using nonlinear 
mappingg and neural-networks based shrinking classification, as well as dis-
criminationn between normal and premature ventricular beats using bidirec-
tionall  associative memories (BAM) [164]. Another study by the same group 
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Figuree 6.3: An artificial neural network consisting of seven neurons. An artificial 
neuronneuron computes a weighted sum of its inputs and "fires" if the sum exceeds a 
threshold.threshold. The network learns by adapting the weights w^. A network is called a 
"perceptron""perceptron" if it is subdivided into layers, where neurons only connect to neurons 
inin the next layer. Generally, there are n(n — 1) connections possible between n 
neurons.neurons. The subdivision into layers reduces the number of allowed connections, 
andand more importantly, it enables (supervised) learning by backpropagation. The 
depicteddepicted network is a three-layer perceptron. The input layer consists of neurons 
11 and 2, the hidden layer of neurons 3-5, and the output layer of neurons 6 and 7. 
DueDue to the subdivision into layers, the depicted network has only 12 of the 4.2 pos-
siblesible connections; in other words, only 12 of the weights w  ̂ can be nonzero. 

describess ischaemia detection using an adaptive backpropagation neural 
networkk [168]. A method that may be applicable to many purposes, nonlin-
earr principal components analysis (NLPCA), is employed by Stamkopoulos 
ett al. [253] for ischaemia detection. 

6.3.11 Conclusions 

AA system for unsupervised detection and localization of ventricular beats 
duringg electrophysiologic study prior to catheter ablation of VT requires ac-
curatee classification of ventricular versus non-ventricular beats. The system 
shouldd not annoy the operators with many "false alarms," which means 
thatt detection of ventricular beats should be specific. On the other hand, 
highh sensitivity may be necessary if arrhythmias must be analyzed that are 
hardd to induce, or are badly tolerated by the patient. The results obtained 
withh single-lead electrocardiograms [174], and the general observation that 
multileadd ECGS increase accuracy of analysis, suggest that detection with 
999 to 100 % sensitivity and specificity is attainable. However, a system that 
performss this specific task has not yet been reported. 
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6.44 Localization of Arrhythmias : An Overview 

Oncee a P wave or QRS complex has been selected, identified as arrhythmic, 
andd accurately delineated, the site of origin can be determined from the 
morphologyy of the signal. There are many methods by which a computer 
cann determine the site of origin of a complex from the surface ECG. These 
methodss may be globally categorized as follows: 

solutionss of the inverse problem The so-called "inverse problem of elec-
trocardiography""  is the computation of epicardial or even endocar-
diall  potentials from the body surface potentials. By applying these 
methodss to the QRS potentials one can observe the spreading of the 
activationn front, which is characterized by a large gradient, and thus 
findd the site of origin of a heart beat. It is now possible to compute 
thee epicardial potential distribution with satisfactory accuracy if the 
cardiacc and torso geometry of the subject are known, e.g. from an MRI 
scann [77,108,113,187]. Even without accurate knowledge of the indi-
viduall  geometry, activation patterns can be determined [218]. How-
ever,, the problem is in principle ill-posed: there is always an infinit e 
numberr of solutions from which the most likely one must be selected. 
Thiss requires assumptions about the solution, such as the assumption 
off  a single activation wave. Notwithstanding its importance, this cat-
egoryy wil l not be discussed here in further detail. Reviews on this 
subjectt were published, for example, by Van Oosterom [186], Gulra-
janii  [83,84], and Smith [244]. 

simulationn Using a model of the heart that simulates the intracardial ac-
tivation,, embedded in a volume-conductor model of the thorax, it is 
possiblee to estimate the body surface potentials corresponding to a 
givenn activation sequence [141,158,173,217]. This is known as the 
"forwardd problem of electrocardiography." If activation propagation 
iss also modelled, it is possible to compute the surface potentials that 
resultt from activation originating from a given focus. By repeating 
thiss procedure for several foci, one can estimate the location of the fo-
cuss corresponding to a given set of body surface potential maps [104]. 
Itt is then important to know how these body surface maps should 
bee compared, that is, what features of the multichannel ECG (MECG) 
aree characteristic of the focus. For example, the 40-ms map [90], the 
initiall  minimum position [121], and the QRS integral map [236,237] 
aree used for localization of VT exit sites, delta-wave maps for local-
izationn of accessory pathways in Wolff-Parkinson-White (WPW) syn-
dromee [54,180], and p-wave integral maps for localization of atrial 
arrhythmiass [234,238,240]. 
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empiricall  methods A relatively simple and clinically practical method for 
localizationn is to link the MECG pattern directly to the site of origin. 
Byy recording the body surface potentials corresponding to a known 
focus,, one may set up a database that maps the MECG to a location 
[54,236,237].. A known focus is created by pacing with an endocar-
diall  catheter at a known location. As with simulation methods, it is 
importantt to know what features of a given MECG are to be compared 
withh the MECG patterns listed in the database. Because the number of 
locationss in a database is typically limited, it is also necessary to use 
somee kind of interpolation algorithm to obtain a precise estimate of 
thee location corresponding to a recorded MECG. This can be done by 
aa neural network that is trained with the database [152,153], or by an 
approximatee functional relationship between MECG and site of origin 
(chapterr 7) [199, 212]. Such a relationship can be verified using the 
database e 

Inn the remainder of this chapter, as well as in chapters 7 and 8, empirical 
methodss for localization of VT exit sites are discussed. These methods are 
alll  based on the use of QRS integral maps. 

6.55 Empirica l Methods of Localization 

6.5.11 The QRS integral map 

Thee QRS complex in the ECG (figure 6.1) represents the electrical activation 
off  the ventricles, and is therefore used to find the exit site of VT. For exit-
sitee localization using body surface mapping, the relation between exit site 
andd MECG has to be known. Sippens Groenewegen et al. established this re-
lationn by pacing the heart at known locations with an endocardial catheter 
insertedd into the ventricle [235-237,242]. They showed that the QRS integral 
mapp (QRSI), defined as the summation of the MECG over the QRS complex, is 
highlyy specific for the pacing site (figure 6.4). 

Inn order to minimize inter-patient variability, they grouped paced QRS 
integrall  maps with similar patterns; to each group corresponds an endocar-
diall  segment, defined by the pacing positions, and a mean map, computed as 
thee mean of the contributing QRS integral maps. The set of segments and 
correspondingg mean maps is referred to as a pace-map database. Using a 
pace-mapp database, the exit site of a given QRSI is estimated by finding the 
best-matchingg mean map in the database. 

Inn these studies, QRS integral maps x and y were compared using the 
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Figuree 6.4: The database of 25 mean paced QRS integral maps obtained from the 
structurallystructurally normal left ventricle [236]. The maps are represented in the format 
introducedintroduced in figure 1.2 on page 16. Each map corresponds to a mean segment 
positionposition in a schematic diagram of the left ventricle (encircled numbers). The maps 
areare arranged in a way that approximates the corresponding positions in the left 
ventricle. ventricle. 

electrocardiographicc correlation coefficient (5.2): 

wheree the summations are over all leads i. If the maps are considered geo-
metricallyy as vectors in a multidimensional space, the electrocardiographic 
correlationn coefficient is equivalent to the normalized inner product 

x-y y (6.1) ) 

Insteadd of using p directly, one may compute the angle between the two 
vectorss as the inverse cosine of p, which may have a more linear relation 
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too the distance between ectopic foci than the inner product itself. This is 
evaluatedd in section 6.8. 

Ann advantage of the geometrical interpretation is that it permits the for-
mulationn of a continuous subspace of the signal space, that contains the QRS 
integrall  maps. This leads to the continuous localization methods outlined 
inn section 6.io. 

6.5.22 Early QRS patterns 

Iff  an exit site is determined with endocardial electrograms, the analysis 
concentratess on the initial activation. This approach has also been tested 
withh multichannel surface ECGS. Examples are the position of the initial 
minimumm of a MECG [121], and the potential map at 40 ms after QRS onset 
[90].. SippensGroenewegen and coworkers reported that the QRSI performs 
betterr than these measures [236]. The superior performance of the QRSI 

mayy be due to the noise reduction inherent with temporal averaging, and 
too normal non-specific variability in the initial potential patterns observed 
inn the early part of the QRS complex ("initial pattern instability" [236]). 

6.5.33 "TBSM correlation"  and the correlation curve 

Forr MECGS of equal length, a correlation can be computed between poten-
tiall  maps at each time instant. Plotting the correlations as a function of time 
yieldss a correlation curve [54]. The information can be summarized in a sin-
glee number by computing the mean value of the correlation over all time 
instants s 

TT -, 

f£ £ '' II I IVY 
-ti ll  11U-t I 

(6 .2) ) 

wheree T is the number of samples and xt, yt are the samples at time t from 
t w oo MECGS. 

Alternatively,, the entire MECG can be interpreted as a vector, and the so-
calledd "total body surface map (TBSM) correlation" between MECGS X and Y 
bee computed as 

X - Y Y 
Ptt = — — — (6.3) 

l|X|!l|Y| | | 
Notee that pm and pt are generally not equal: using 

TNN T N T 

X-YY = £ x i Y i = 2 2 L x t n y t n = L x t - y l (64) 
i -- 1 t -  1 n - 1 t - 1 
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lineline segm. distance p pm pt 

thinn 2 21 mm 0.86 0.78 0.65 

thickk 13 47mm —0.37 —0.36 —0.19 

greyy 22 61 mm —0.51 —0.51 —0.45 

00 20 40 60 80 100 120 ms 

Figuree 6.5: Examples of correlation curves between a QRS complex obtained by 
pacingpacing in left-ventricular (IV) segment 11 (figure 6.4 or figure 6.y) and three other 
pacedpaced QRS complexes, which were all obtained from the same patient, by pacing 
inin LV segments 2,23, and 22. In the table on the right, the distances between the 
pairedpaired pacing sites as well as the ordinary correlation between QRSIs, p, the mean 
correlationcorrelation pm, and the TBSM correlation pt are given. 

wee have 
T T 

l|X||||Y||ptt = £ x t - y t (6.5) 
tt  -1 

Byy comparison with (6.2) we see that the right-hand side of (6.5) cannot be 
expressedd in terms of pm. Only if all ||xt|| and ||yt|| are normalized, the 
twoo are equal. This can be seen by substituting ||xt|| = ||yt|| = 1, and 
consequentlyy ||X|| = ||Y|| = \ff, in (6.5), and dividing by T, which yields 

T T 

Ptt = j Y- *t •«t = Pm 

Somee examples of correlation curves and the corresponding values of 
pmm and pt are shown in figure 6.5. Applications of theTBSM correlation are 
discussedd in section 6.7. 

6.66 Correlation in the Left Ventricle 

Thee pace-mapping database created by SippensGroenewegen et al. for the 
structurallyy normal left ventricle, the "NLV database," consists of 25 endo
cardiall segments (figure 6.4), created from a total of 99 pace maps obtained 
fromm 8 patients [236]. The NLV database has been presented in a polar dia
gram,, illustrated in figures 6.6 and 6.7. The other two databases they cre-

0.5 5 

-0.5 5 
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Figuree 6.6: Schematic anatomic diagram (left) [32,119] and polar projection of 
thethe left ventricle (right) [236]. The polar projection can best be understood by 
imaginingimagining that one is looking at the ventricle from apex to base. This corresponds 
approximatelyapproximately to a left anterior oblique (LAO) view of the left ventricle. The cir-
cumferencecumference of the diagram represents the mitral valve ring (MVR); the position 
ofof the aortic valve ring (AVR) is also indicated. The positions of the anterior and 
posteriorposterior papillary muscles (APM and PPM) and endocardial quadrants (septum, 
anterior,anterior, lateral, and posterior) are indicated in both diagrams. 

atedd for the left ventricle, i.e., those for patients with previous infarction, 
aree discussed in the context of continuous localization in chapter 8. 

Inn figure 6.8, correlations between selected mean maps and all other 
meann maps of the NLV database are shown graphically. To facilitate inter
pretation,, the data in this figure were interpolated over the diagram be
tweenn the mean segment positions. Extrapolation to the borders of the di
agramm was achieved by adding data points at the border which were as
signedd values determined by nearest neighbour interpolation. Data were 
thenn interpolated and smoothed by bicubic spline interpolation, and iso-
correlationn lines were computed from the smoothed data. 

Correlationss between segment mean maps range from —0.98 to +0.96. 
Forr each segment, approximately three quarters of the endocardial surface 
havee low correlations, ranging from —0.98 to +0.50. The smooth monopo
larr patterns shown in figure 6.8 are representative for the entire database. 
Twoo minor deviations can be discerned, however. They are illustrated in 
figuree 6.9 and figure 6.10. 

Inn figure 6.9 the correlations with segment 25, in the vicinity of seg
mentss 6 and 10, are depicted. Segment 10 correlates better with segment 25 
thann segment 6, although segment 6 is closer to segment 25. This may be 
duee to the elongated shape of segment 10 (figure 6.7) [236]. This segment 
consistss of three pace maps, two of which are located between segments 
66 and 25, while the third is situated near the aortic valve ring (AVR). The 
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Figuree 6.7: Database segments and pacing positions of the QRSI database for 
thethe structurally normal left ventricle [236], indicated in a left-ventricular polar 
projectionprojection as explained in figure 6.6. Individual pacing positions are shown with 
dots.dots. Segments, created by grouping positions with similar QRSI patterns, are 
indicatedindicated with white patches and labelled with encircled numbers. 

meann position of the segment was estimated as the geometric middle of the 
threee pacing positions. A position more proximal to the first two pacing 
positionss would have agreed better to the data of segments 6 and 25. 

Figuree 6.10 shows that the high correlation of segment 12 to segments 18 
andd 19 suggests that its position should be more proximal to the latter 
two.. The explanation is the same as for segment 10 discussed above: seg
mentt 12 also consists of three pace maps, two of which are located between 
segmentss 16 and 17 (figure 6.7), the third close to segment 13 [236]. The 
meann position of the segment was again estimated by SippensGroenewe-
genn et al. as the geometric middle of these three pacing positions, while a 
positionn near the first two would have been in better agreement with the 
dataa from neighbouring segments. 
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Figuree 6.8: Correlations of selected database mean maps in the normal left ventri-
cle.cle. In each of the 4 diagrams, the correlation of one database mean map M with 
allall  other mean maps in the database is shown graphically with greyshade coding 
andand iso-correlation lines. The position corresponding to M is indicated with a dot 
andand its segment number is indicated. Iso-correlation lines are drawn for correlation 
valuesvalues of 0.5, 0.6, ..., 0.9. All correlations below 0.5 are indicated with a single 
shade. shade. 

6.77 Correlation in the Right Ventricle 

Thee pace-mapping database created by SippensGroenewegen et al. for the 
structurallyy normal right ventricle (NRV), further referred to as "the NRV 

database,"" consists of 13 segments and corresponding segment mean maps, 
ass illustrated in figure 6.11. The NRV database was created from a total of 
833 pace maps obtained from six patients [236]. The positions of the pace 
mapss and extent of the database segments are shown in figure 6.13 using a 
right-ventricularr polar diagram, as illustrated in figure 6.12. 

Correlationss between segment mean maps of the NRV database range 
fromm —0.40 to +0.97, a smaller interval than in the NLV database (—0.98 to 
0.96)) [236]. In figure 6.14, correlations between selected mean maps and all 
otherr mean maps of the right-ventricular database are shown graphically. 
Whenn comparing these results to the data shown in figure 6.8, it is also clear 
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Figuree 6.9: Correlation with segment 2$ in the normal left ventricle. The posi-
tionstions of segments 6 and 10 appear to be interchanged. The correlation distribution 
ofof segment 25 is used to illustrate this. The correlation with segment 6 is 0.83. 
AlthoughAlthough segment 10 is located further away from segment 2$, its correlation 
isis higher (0.86). This results in a local maximum in the correlation distribution 
aroundaround segment 10. The positions of segments 6, 10, and 25 are indicated with 
dots.dots. Iso-correlation lines are drawn for correlation values of 0.80, 0.82,..., 0.98. 
AllAll  correlations below 0.8 are indicated with a single shade. 

thatt the inter-segment correlations occupy a smaller range than for the NLV 
database.. While approximately three quarters of the left-ventricular endo
cardiumm are covered by the darkest colour, i.e., have correlations lower than 
+0.5,, this area is only approximately one quarter of the right-ventricular 
endocardiumm for the NRV database (figure 6.8). This difference cannot be 
explainedd from differences in LV and RV area; on the contrary, the RV en
docardiumm has a larger area than the LV endocardium. Our conclusion is, 
therefore,, that the localizing sensitivity of the QRSI is lower in the RV than 
inn the LV. This may be due to the relatively thin wall of the RV, which, with 
itss small muscular mass, contributes relatively little to the surface ECG. 

Inn addition, figure 6.14 demonstrates that there are two distant areas, 
thee anterior side of the lateral wall (segment 9) and the anterior side of the 
interventricularr septum (segment 13), which have a higher QRSI correlation 
withh each other than with areas in between, such as the apex and the ante
riorr wall [236]. 

L L 
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Figur ee 6.10: This figure illustrates the non-conformant position of segment 12 in 
thethe NLV database. Correlations with segment 18 (left panel) and segment 19 (right 
panel)panel) are depicted. The higher correlation values around segment 12 suggest that 
itit  should lie closer to segments 18 and 19. Note that the (cubic) interpolation 
algorithmalgorithm predicts a higher correlation in the area next to the mean position of seg-
mentment 12, than the correlation of the segment mean map itself. In both diagrams, 
thethe positions of segments 12, 18, and 19 are indicated with black dots. The posi-
tionstions of the other segments are indicated with open circles. Iso-correlation lines are 
drawndrawn for correlation values of 0.50, 0.55, ..., 0.95. All correlations below 0.50 
areare indicated with a single shade. 

Ann explanation for this phenomenon is that the thin lateral wall of the 
rightt ventricle has a very small contribution to the QRSI pattern. Activation 
startingg in the lateral wall will spread towards the septum and activate the 
relativelyy thick left-ventricular wall in approximately the same way as sep
tall activation would. The lateral wall activation itself, in addition to gener
atingg less current, may look similar on the body surface to septal activation 
originatingg in an opposed position. 

Thus,, other criteria than the QRSI alone are to be introduced to differenti
atee between ectopic ventricular beats of septal and lateral origin. It appears 
thatt the negative QRSI extreme can be used to discriminate between RV seg
mentss 9 and 13. Given the inter-patient differences in ECG amplitudes, it 
iss preferable to use the ratio of the positive and negative QRSI extrema in
stead.. The ratio q of the negative content and positive content of the map 
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Figuree 6.11: The database of 13 mean paced QRS integral maps obtained from the 
structurallystructurally normal right ventricle [236]. The maps are represented in the format 
introducedintroduced in figure 1.2 on page 16. Each map corresponds to a mean segment posi-
tiontion in the right ventricle (encircled numbers), represented in a schematic diagram. 
TheThe maps are arranged in a way that approximates the corresponding positions in 
thethe ventricle. 

wass computed as 

(6.6) ) 

wheree vt are the elements of the QRSI, {inj are the indices of the elements 
vvii < o and {i } are the indices of the elements vi > o. The distribution of q 
overr the RV, which was estimated from the database maps and interpolated 
(cubic),, is shown in figure 6.15. 
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Figuree 6.12: Schematic anatomic diagram of the right ventricle (left) [119,236] 
andand polar projection of the same (right) [236]. The polar projection can best be 
understoodunderstood by imagining that one is looking at the ventricle from apex to base. 
TheThe circumference of the diagram represents the tricuspid valve ring (TVR); the 
wedge-shapedwedge-shaped part on top is the right-ventricular outflow tract, which is shown in 
anan unwrapped format and ends in the pulmonary valve ring (PVR). The positions 
ofof the apex and endocardial quadrants (septum, anterior, lateral, and posterior) are 
indicatedindicated in both diagrams. 

Fromm this figure it appears that high q values are very specific for the 
anteriorr septum of the RV; the value of 11.6 in segment 13 is much larger 
thann in the other segments. Intermediate values are found in the anterolat
erall area, i.e., the area that also resembles segment 13 most in terms of QRSI 

pattern.. However, the difference in q value is large enough to differentiate 
betweenn the two. The negativity can therefore be used as an adjunct to the 
correlationn coefficient in order to discriminate between the regions around 
segmentss 9 and 13. 

Thee performance of q and the map minimum itself are compared in fig
uree 6.16. It is apparent from this figure that there is considerable overlap 
inn minimum value between maps from segment 13 and maps from other 
segments.. There is almost no overlap in q values between maps from seg
mentt 13 and maps from other segments, although maps from segment 2 
alsoo have high q values. 

Alsoo shown in figure 6.16 are 

•• the correlations between all paced QRSIS underlying the RV database 
andd the mean QRSI of segment 13, as well as 

•• the "TBSM correlations" (section 6.5.3) between a QRS complex ob-
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Figuree 6.13: Database segments and pacing positions of the QRSI database for the 
structurallystructurally normal right ventricle [236], indicated in a right-ventricular polar 
projectionprojection as explained in figure 6.12. Individual pacing positions are shown with 
dots.dots. Segments, created by grouping positions with similar QRSI patterns, are 
indicatedindicated with white patches and labelled with encircled numbers. 

tainedd by pacing in segment 13 and all other paced QRS complexes 
belongingg to the database. 

Insteadd of the correlation itself, its inverse cosine is shown; the rationale 
forr this conversion will be discussed in section 6.8. It appears that the QRSI 

correlationn can separate segment 13 completely, while the TBSM correlation 
cannot. . 
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Figuree 6.14: Correlations of selected database mean maps in the right ventricle. 
InIn each of the 6 diagrams, the correlation of one database mean map M with all 
otherother mean maps in the database is shown graphically, with greyshade coding and 
iso-correlationiso-correlation lines. The position corresponding to M is shown with a dot, and its 
segmentsegment number is indicated. Iso-correlation lines are drawn for correlation values 
ofof 0.5, 0.6,..., 0.9. All correlations beloxo 0.5 are represented with a single shade. 
TheThe upper three diagrams are examples of 'normal' cases, where the correlation 
decreasesdecreases with increasing distance from the map. The lower three diagrams show 
problematicproblematic cases, where distant areas show larger correlations than more proximal 
areas.areas. The two most notable areas with high mutual correlations are the anterior 
sideside of the lateral wall (segment 9) and the anterior side of the interventricular 
septumseptum (segment 13). 
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Figuree 6.15: Distribution of the QRSI negativity q (equation 6.6) over the right 
ventricle,ventricle, computed from the values of the individual pace maps. The dimensionless 
quantityquantity q ranges from 1.1 to 11.6 for mean segment positions, and from 1.0 to 
11.811.8 for individual pace maps. Contours are drawn at unit intervals; in addition, 
valuesvalues are indicated with shades of grey. The positions of the data points (pacing 
positions)positions) are indicated with dots. The cross sign indicates the right-ventricular 
apex. apex. 

6.88 Relative Localization: Distance Between Exit 
Sites s 

Thee relation between (normalized) QRS integral map and location is a con
tinuouss one; that is, an infinitesimal change to a map always corresponds 
too an infinitesimal change in location. Knowledge of this relation is useful 
forr diagnosis and pace mapping procedures, as it allows the estimation of 
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Figuree 6.16: Four measures to compare maps in segment 13 with segments in 
thethe lateral wall: the minimum of the map, negativity q, correlation to the mean 
mapmap of segment 13, and TBSM correlation to a MECG from segment 13, respec-
tively.tively. Each dot indicates the value for one pace map. A total of 80 pace maps 
waswas analyzed. The negativity index separates segment 13 better from the free-wall 
segmentssegments 8 and 9 than the minimum value itself and the two correlations, but 
segmentsegment 2 also has a remarkably large negativity. Segments 3, 8, 9, and 10 also 
havehave a high negativity, but not so high as to make them indistinguishable from 
segmentsegment 13. Large negativity is not a characteristic of the entire septum: all maps 
inin segment 12 have a very small negativity, so that the boundary runs through the 
middlemiddle of the septum as can be seen in figure 6.13. QRSI correlation and TBSM 
correlationcorrelation give comparable results, except that one of the maps from segment 13 
hashas a relatively low TBSM correlation with the other maps in this segment. The 
QRSIsQRSIs of segment 13, in contrast, correlate very well. Instead of the correlation 
itself,itself, the inverse cosine of the correlation was shown, in order to make differences 
atat high correlation values more clear. 
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distancess between different exit sites of an arrhythmia, or between the exit 
sitee of the target arrhythmia and a pacing position. In the following sec
tions,, the term "distance between exit sites" is sometimes used to denote 
alll such distances; also if pacing sites are involved. 

6.8.11 A linear  distance estimator 

Thee traditional statistic to compare QRS integral maps is the electrocardio
graphicc correlation coefficient p (5.2). However, it is known that the re
lationn between distance and p is not linear. In particular, for short dis
tances,, highly similar p values are found (0.98-0.99) while values near — 1 
aree found for the most distant sites. Sometimes correlation coefficients for 
pairss of near sites has to be compared using tenths of percents, while large 
distancess are compared in terms of tens of percents. This means that the 
softwaree used for pace-mapping procedures must display correlation co
efficientss with 3 or 4 digits of which the last one or two should often be 
ignored.. The nonlinearity between distance and p is also inconvenient be
causee it is difficult to estimate the distance between exit sites from p values. 

Wee assessed the relation between distance and correlation coefficient 
forr the pace maps in the NLV database. For each patient, on average 13 pace 
mapss are available (range 8-21) [236]. With n pace maps, l,ri(n — 1) dis
tancess and correlation coefficients can be computed. Obviously these are 
nott all independent. A total of 669 map pairs was analyzed. Distances 
aree straight-line distances in 3-D (for larger distances, these may differ con
siderablyy from the distance along the wall). The correlations p between 
thee maps are plotted against the distance between the pacing positions in 
figuree 6.17. It is evident from this figure that there is a large spread in dis
tancess found for approximately the same correlation coefficient. This may 
bee expected, since it was shown before that the "electrocardiographic sen
sitivity"" is not the same in all regions of the heart. In addition, each pacing 
positionn is subject to a measurement error of up to 7 mm [88]. 

Meann and standard deviation of p were estimated as functions of the 
distancee by dividing data in intervals of 20 mm. Fisher's 2 was computed 
forr the p values to obtain more normally distributed data. Mean p.z and 
standardd deviation <rz were estimated from the z values. Values of \iz - crz, 
\i\i zz,, and \\.z +  <T2 were transformed back to the p domain in order to make 
appreciationn of confidence intervals possible. This analysis was performed 
forr bins centred at 2, 4, . . . , 80 mm; the results are shown with lines in fig
uree 6.17. The back-transformed value of uz itself was approximately con
stantt at a level of 0.55. 

Itt is also evident from figure 6.17 that the relation between distance and 
correlationn is nonlinear. For distances up to 20 mm, the correlation coef-
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Figuree 6.17: Correlation coefficient p of pairs of paced QRS integral maps (upper 
panel)panel) and inverse cosine <x = arccos p (lower panel), each plotted as a function of 
thethe distance d between the measured pacing positions. The distance was normal-
izedized by dividing yD distances by the individual ventricular length and multiply-
inging them by a typical ventricular length of 80 mm. Data were taken from the 99 
pacepace maps and corresponding pacing positions of the NLV database. Estimates of 
meanmean p and mean oc as well as their standard deviations, are indicated with curves 
inin the diagrams. One observes that the relation p(d) is a nonlinear function, resem-
blingbling a cosine on the interval \o,n]. Accordingly, the relation a(d) = arccos p(d) 
iss more linear. In both graphs, the value for identical maps fd = o, p = 1, a = oj 
isis indicated with a cross. On the right side of the lower plot, a scale for the quantity 
ss (equation (6.9) on page 130) is plotted. 
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ficientt decreases very slowly, while it decreases rapidly and with a larger 
spreadd for distances of about 40mm. The relation between distance and 
correlationn resembles an inverse cosine rather than a straight line. This is 
nott surprising: the pace-mapping studies by SippensGroenewegen et al. 
showedd that QRS integral maps paced at opposite sides of the left ventricle 
hadd opposite patterns [236,237], In the geometrical interpretation of QRS 
integrall maps, this means that the map vectors from such sites have oppo
sitee directions. Given the continuous relation between map pattern and exit 
site,, it may be expected that the angle between QRSI vectors (in the multidi
mensionall signal space) is linearly related to the spatial angle defined by a 
centrall point somewhere in the LV cavity and the positions on the LV endo
cardium,, which is in turn, by a crude approximation, linearly related to the 
distance.. In that case, a linear relation exists between the distance and the 
inversee cosine of the correlation coefficient, 

aa = arccos p (6.7) 

Thee relation of a to the distance is depicted in the lower panel of figure 6.17. 
Despitee the large variation between patients and endocardial areas, it is 
discerniblee from this plot that the relation between a and distance is ap
proximatelyy linear. Mean and standard deviation of a are shown with lines 
inn the same plot. The standard deviation is constant for distances above 
200 mm and decreases for distances close to zero. 

Whenn the mean line in figure 6.17 is extrapolated to distance zero, it 
crossess the vertical axis at a nonzero level. This offset can also be assessed 
byy fitting a straight line to the data. Using a least-squares fit, we find 

aa — 0.087 + °-°35 (rad/mm) d (6.8) 

wheree d is the distance between pacing sites, in millimeters. The offset of 
0.0877 radians suggests that two QRSIS paced at exactly the same location in 
thee same respiratory phase are not exactly the same. In order to exclude all 
otherr variability, this was verified using series of beats paced at the same 
sitee while the patient was holding his breath. Values of ct were computed 
forr all possible pairs of maps from this series, yielding a = 0.07  0.04 
(meann  standard deviation), which is well in agreement with the offset 
valuee of 0.087 obtained above. The origin of this dissimilarity in maps is 
nott clear. If we assume that it results from white noise (random errors) in 
thee integral maps, adding noise to measured maps allows us to estimate 
thatt the amplitude of the noise would have to be approximately 5 % of the 
normm of the map, i.e., approximately 6uVs. For the data used here, the 
totall noise level of a QRSI due to 3 uV measurement noise, and additional 
noisee due to baseline correction [154] is approximately 1 uVs. Physiological 
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variabilityy may therefore provide the largest contribution to the difference 
althoughh errors in QRS onset and offset detection may also play a role. 

Duee to its approximately linear relation with the distance between exit 
sites,, a is useful for presentation of map differences during catheterization 
procedures.. For convenience, a can be scaled; for example, the quantity 

(X X 
ss = — • 80 mm (6.9) 

7T T 

iss be approximately equal to, and linear with, the distance between exit 
sitess in the left ventricle. Therefore it would be a highly intuitive estimate 
forr the distance. Since o < s < 80, and sub-millimeter accuracy is neither 
neededd nor attainable, s can always be represented with two digits. The 
constantt 80 mm/71 was obtained from equation (6.8), ignoring the small off
set. . 

6.8.22 Correlation between maps paced at short distances 

Thee data presented in figure 6.17 have a broad distribution. This has at 
leastt two causes: 1) errors of up to 7 mm are made in the determination of 
individuall pacing positions, leading to even larger errors for the distances 
betweenn pairs of positions, and 2) the relation between distance and corre
lationn varies in different regions of the heart. Both causes can be excluded 
whenn pacing is performed with a single multi-electrode catheter, placed in 
aa stable position. Results from a pilot experiment of this kind are shown in 
figuree 6.18. 

Thee data in figure 6.18 were obtained by unipolar pacing via all elec
trodess of a decapolar catheter which was kept at a stable position in the 
rightt ventricle. The interelectrode distance of this particular catheter was 
22 mm. Since only one patient was involved and the pacing positions are 
relativelyy close, there is less variability in these data than in those shown in 
figuree 6.17. 

Usingg these data it is possible to demonstrate that p is not a linear func
tionn of the distance, while the linearity of a cannot be disproved. For each 
distancee between pairs of pacing positions, a mean value (referred to as y t) 
andd standard deviation (referred to as u{) were computed. A straight line 
wass fitted through the data points by minimizing 

i - ii  ^  l 

wheree x{ is the distance, yt stands for either p or a, and the constants a 
andd b specify the line y — ax + b. For a "good" fit, x2 should be smaller 

(6.10) ) 
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Figuree 6.18: Correlation coefficient p of pairs of paced QRS integral maps (upper 
panel)panel) and inverse cosine a. = arccos p (lower panel), each plotted as a function 
ofof the known distance d between the measured pacing positions. Pacing was per-
formedformed via all electrodes of a single decapolar catheter with 2 mm interelectrode 
spacing,spacing, which was kept in a stable position. Correlation with a map paced at the 
firstfirst electrode was computed for each paced map. For every pacing electrode, the 
meanmean correlation is shown with a dot; minimum and maximum are indicated with 
T-shapedT-shaped lines. Note that the relation p(d) is a nonlinear function. A straight-line 
fitfit  of these data has x2 = 23.6, ivhich can be considered as a bad fit given that there 
areare 10 data points and 2 fitting parameters. In addition, the deviations of the data 
pointspoints with respect to the line are systematic: the first six points are located above 
thethe line and the last three points below it. The relation a(d) z's more linear with 
XX22 = 97 and without systematic deviations. 
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thann the number of data points N minus the number of parameters [215], 
i.e.. x2 ~ 8. As shown in the figure, x2 = 23.6 for p, indicating a bad fit; while 
X22 = 9.7 for a, indicating a reasonably good fit. The variability in the data is 
causedd primarily by respiration, and to a lesser extent by noise. This effect 
cann be reduced either by using only maps paced in a similar respiratory 
phase,, or by averaging over at least one complete respiratory cycle. For the 
dataa shown in figure 6.18, the respiratory phase was unknown and there 
weree not always enough paced complexes available for averaging over a 
completee cycle. This may have led to an underestimation of some of the a{ 

andd bias in the averages y t. 

Forr a, the line parameters were a = 0.058 and b = 0.048. Thus, com
paringg to equation (6.8), it seems that the offset was somewhat smaller and 
thee line steeper. However, the offset value lies in the range of 0.07  0.04 
obtainedd for pacing at a single site. The difference is probably not signifi
cant.. Otherwise, the smaller offset may be due to the shorter interval over 
whichh the maps were obtained (a few minutes in total, compared to a pace-
mappingg session which may have taken several hours). The larger slope b 
mayy be explained by the position of the catheter, which had its distal elec
trodee in the RV outflow tract and its proximal electrode in the RV lateral wall, 
therebyy covering an area with relatively high electrocardiographic sensitiv
ityy (figure 6.14 on page 124). 

6.99 Interpolation 

Thee pace-mapping databases created by SippensGroenewegen et al. [236, 
237]] and the data presented in section 6.8 suggest that there is a unique re
lationn between exit site and QRS integral map pattern. Since this relation 
shouldd also be continuous, i.e., any infinitesimal change in map results in 
ann infinitesimal change in pattern, it follows that localization is in princi
plee possible with unlimited resolution—albeit not with unlimited accuracy, 
duee to measurement errors and biological variability. This continuous rela
tionshipp can be exploited essentially in two ways: by "continuous localiza
tion,"" introduced in section 6.10, and by interpolation. 

Interpolationn of maps was investigated by La tour et al. [139,140]. If two 
orr more QRS integral maps have been created by pacing at known positions, 
anyy QRSI M can be approximated by a weighted sum of these maps. The 
approximationn is better if more maps are used. Since QRSIS have a low 
nondipolarr content (chapter 5) a good representation is possible with only 
threee maps. The position corresponding to M is then predicted as the same 
weightedd sum of the positions. 

Thiss method is primarily useful for pacing positions that are not far 
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apart.. It is applicable in the final phase of a pace-mapping procedure [194] 
whenn several paced maps have been created in the vicinity of the exit site 
inn order to predict the position of the exit site itself. 

6.100 Continuous Localization 

Iff we consider a QRS integral map as a vector in a multidimensional space 
wheree each dimension corresponds to a lead, there must be a continuous 2-
DD subspace in which all QRS integral maps with left-ventricular endocardial 
exitt sites lie. If the continuous relation between QRSI and exit-site location, 
discussedd in section 6.8, holds in all directions, then not only the distance 
betweenn exit sites can be estimated in a continuous way, but also the direc
tionn of their difference. If that is true, the location corresponding to a map 
thatt does not perfectly match any of the database maps, can be estimated 
byy interpolating between several maps that correlate well. 

Alternativelyy a well-behaved surface S could be fitted to the database 
mapss and a mapping could be created from S to the endocardial location. 
Whatt "well-behaved" means, is not clear in advance. It can be determined 
byy observing the difference in maps originating from relatively close posi
tions.. An advantage of this approach is that it reduces the effect of errors in 
thee database locations and maps because many database entries contribute 
too each single point of S. A surface with a simple description also enables 
fastt computation of location estimates with arbitrary precision (but not ar
bitraryy accuracy, because the accuracy is limited by the accuracy of the da
tabase).. A precise estimate can prove useful when an advice on catheter 
positioningg must be generated. 

AA method to obtain a description of a surface is a self-organizing map 
(SOM).. A well-known implementation of a SOM is the Kohonen network 
[133,134]:: a set of interconnected points that are attracted by a set of train
ingg points, and where each point also tries to stay close to its pre-specified 
neighbours,, so that a continuous mapping can develop. 

AA more simple method is described in chapters 7 and 8 [212]. This 
methodd makes use of the fact that QRS integral maps can, by normalization 
andd Karhunen-Loève (KL) transformation, be described to a large extent 
withh only two parameters. In this case, the surface S is a sphere in the first 
threee dimensions determined by the KL transformation. 

Inn chapter 7, the continuous localization method is developed and eval
uatedd with the data underlying the NLV database. Adaptation to infarction-
specificc databases, which allows the method to be used more efficiently in 
patientss with chronic infarction, is discussed in chapter 8. In addition, chap
terr 8 presents an application of the method for the estimation of deviation 



1344 Chapter 6. Detection, Classification, and Localization 

inn body surface map patterns due to chronic infarction. 

6.111 Discussion 

Thee creation of an automatic system for complete arrhythmia monitoring, 
i.e.,, detection, delineation, classification, and localization of arrhythmias, 
forr use in the catheterization laboratory, is technically feasible. A review 
off the literature on detection, delineation and classification (sections 6.2 
andd 6.3) indicatess that these problems can be solved, especially BSM data are 
available.. Localization of VT using databases of paced body surface maps 
(sectionn 6.4) provides improved accuracy for initial catheter positioning. 

Usingg the correlation between a VT map and paced maps, or preferably 
thee distance estimate presented in section 6.8, the catheter can be directed 
quicklyy to the exit site of the VT. The continuous localization method, fur
therr discussed in chapters 7 and 8, can additionally estimate the direction in 
whichh the catheter should be moved, thereby possibly reducing the number 
off pace maps that must be made before the exit site is found. 

AA remaining problem is how to present the catheter positioning advice. 
Currently,, polar diagrams as described in this chapter are used for clini
call tests, but they are difficult to interpret and to relate to the other imag
ingg modalities that are used during catheterization. An improved method, 
whichh can display localization results obtained with the methods described 
heree in a friendlier way, is described in chapter 9. 


