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ABSTRACT Ventricular tachycardia (VT) is a life-threatening arrhythmia, which can be treated by catheter 

intervention. Accurate identification of the underlying reentrant circuit is often challenging, yet it is key to 

successful ablation of the VT. In practice, the cardiologist often uses electrocardiography (ECG) data 

provided by various catheter mapping techniques, including parameters acquired during sinus rhythm 

(voltage maps, presence of fragmented/late potentials) and during controlled pacing from different sites of 

the ventricle, so-called pace-mapping. A novel method is presented here to automatically extract the key 

information from pace-mapping data with automated detection of paced heartbeats from the surface ECG 

signals, using wavelet detection of pacing spikes and combined time/energy criteria, and automated 

delineation of paced beats, QRS peak, and QRS onset. This allows the generation of correlation gradient 

maps (indicating QRS morphology changes as the catheter is moved) and stimulus-to-QRS maps (sQRS, 

indicating the delay between pacing and activation of the healthy myocardium). The delineator is shown to 

be in good agreement with manual annotations from experts in a retrospective study of 18 VT ablation 

procedures. Paced-QRS detection had 95.2% sensitivity and 98.4% positive predictive value. Resulting sQRS 

maps had a mean absolute error of 11.1 ms, which was in the same range as the inter-observer errors (9.7 

ms). The automatic processing drastically reduces the need for manual annotations. Therefore it makes it 

feasible to process and visualize, during the procedure, all the relevant parametric maps, which can be 

analyzed jointly to identify VT circuits and corresponding ablation targets. 

INDEX TERMS Arrhythmia, cardiac interventional electrophysiology, electrocardiography, 

radiofrequency catheter ablation

I.  INTRODUCTION 

After myocardial infarction, the presence of damaged tissue 

can modify the electrical propagation within the 

myocardium. Some areas do not conduct anymore and are 

responsible for directional block, whereas intermediate areas 

with sparse surviving myocardial fibers are responsible for 

slow conducting zones. The coupling of these two elements 

form the basis for reentrant ventricular tachycardia (VT) [1]. 

A reentrant VT circuit may indeed exist if there is a slow 

conducting zone from which the electrical influx exits with 

a delay greater than the myocyte refractory period, thus 

exciting healthy tissue again. VT is a life-threatening 

arrhythmia, which can be treated by catheter intervention 

provided the core zone of the underlying reentrant circuit can 

be identified accurately and ablated.  

The most direct technique to identify the circuit is 

activation mapping [2]. It consists of creating a 3D map of 

the activation pathway during VT by moving the electrodes 

of a catheter and measuring the activation times from the 

intra-cardiac signals. Automatic activation mapping has 

been aided by the development of algorithmic delineation 

tools to automatically assess the local activation time of 
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intracardiac atrial [3] as well as ventricular signals [4].  

Unfortunately, in practice, activation mapping can only be 

performed in the small proportion of patients who can 

tolerate VT long enough for the duration of the mapping.  

Noninvasive methods have also been developed to 

reconstruct the electrical activation sequences of the 

ventricle. These techniques are based on analyzing the ECG 

morphology during tachycardia to help the physician 

determine the area of interest [5]. This information can 

therefore help reduce the searching area, thus leading to 

shorter procedure times. However, some technical 

challenges remain especially as some features seem to be 

inaccurately captured [6]. Further clinical benefit remains to 

be shown for the widespread adoption of this technique [7]. 

Alternative indirect methods consist of collecting data 

during sinus rhythm and during catheter-controlled pacing 

from different sites of the ventricle (so-called pace-mapping) 

to study the local electrical characteristics of the ventricle 

and attempt to identify the critical components of the VT 

circuit. 

Sinus rhythm measurements include voltage mapping, 

which maps the amplitude of the intracardiac electrical 

signals (electrograms). High voltage measurements 

correspond to viable myocardial fibers and low voltage to 

tissues with impaired electrical conductivity. Intermediate 

voltage characterized by abnormal electrograms correspond 

to surviving myocardial fibers [8][9]. The recent 

development of high-density mapping catheters enables the 

detection of late or fragmented potentials. The elimination of 

such electrograms has been assessed as a procedural 

endpoint [10]. Unfortunately, a disadvantage of such a 

technique is that it induces larger tissue destruction than 

would be required if the actual VT circuits could be 

accurately identified.  

Pace-mapping data include surface electrocardiography 

(ECG) signals collected during pacing from many sites of the 

ventricle. They can be used to determine the VT circuit. 

Indeed, the exit site of the VT circuit is identified when the 

paced QRS morphology best matches that of the clinical VT 

[11], as assessed by a VT correlation map. A drawback of 

VT correlation mapping is that it requires a reference ECG 

recording during VT (spontaneous or induced at the 

beginning of the procedure). However secondary VT circuits 

may also exist and are not mapped by this technique. 

Reference-less pace mapping has also been proposed to 

identify critical slow conducting zones, independently of any 

VT recording (i.e. potentially core zones of several VT 

circuits) [12]. It uses correlation gradient maps, indicating 

zones of abrupt changes on the surface ECG as the catheter 

is moved to neighboring ventricular sites. Additionally, the 

entrance of the circuit has been shown to be associated with 

long (or longer) intervals between pacing and the resulting 

QRS complex (sQRS intervals) [13]. A combined analysis of 

these multi-parametric pace-mapping data may therefore 

help better identify all likely VT circuits for one patient and 

determine the minimal surface where tissue destruction 

needs to be applied. 

Currently, the use of pace-mapping data is coupled with 

time-consuming manual steps. Firstly, it is important to 

quickly identify a correctly paced QRS. For example, bad 

catheter to tissue contact and poor local electrical activity can 

lead to defaults in tissue capture. The subsequent non-paced 

QRS complexes must not be analyzed. As illustrated in Fig. 1, 

a paced beat can be easily identified by a constant delay 

between the stimulation spike and the QRS onset, i.e. a 

constant sQRS interval, as well as a constant QRS morphology 

(same overall electrical depolarization induced by the 

stimulation). The spike as well as the start of the QRS need to 

be detected in order to determine the valuable sQRS intervals. 

The lack of already implemented detection techniques hinder 

the current use of pace-mapping data in clinical practice. 
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FIGURE 1. Illustration of the 6 precordial leads of two different 
pacing sites. The green circle represents the pacing spike. In A, 
the black line represents the beginning of the QRS and the red 
arrow is the sQRS interval, the time interval between both 
features. The three QRS present the same morphology as well as 
the same sQRS interval, therefore they can be identified as three 
correctly paced QRS. In B, this is not the case, the beats cannot 
be considered as paced and mustn't be analyzed.  

sQRS sQRS sQRS 
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Pacing spike detection in patients with pacemakers has 

already been developed using slope based [14]–[16] and 

power envelopes with moving statistical windows [17] 

detection algorithms but to our knowledge these methods have 

not been used for catheter pacing. Convolution with a spike 

template has already been used in [12] for catheter induced 

pacing detection but the application of this method is 

complicated by the varying amplitude of the stimulus as well 

as the great diversity in localization of the pacing. The spike 

frequency range being higher than the frequency of the other 

features present on the ECG, we propose a new wavelet-based 

method for detecting pacing spikes in a catheter-induced 

pacing environment. Moreover, conventional ECG signal 

processing techniques are developed for natural recordings 

(sinus rhythm or spontaneous arrhythmia) and have not been 

applied to detect and delineate catheter-paced beats [18]–[20]. 

Therefore in this work we propose a specific and innovative 

method for catheter paced-ECG data, combining a wavelet-

based detection of stimulation spikes and a delineation of the 

subsequent QRS complex (peak and onset).  

The objective of the study is to evaluate the performance of 

the proposed paced-ECG detection and delineation and to 

demonstrate its potential for multi-parametric catheter 

mapping of VT in the clinical setting. The overall goal is to 

provide the interventional cardiologist with a software tool to 

rapidly visualize the relevant maps (voltage, correlation and 

sQRS) and identify the potential VT circuit(s) to be ablated.  

 
II.  METHODS 
A.  PATIENT DATA ACQUISITION 

Thirteen patients (9 men, mean age = 59 ± 12 years) 

consecutively referred for post-infarct VT catheter ablation 

between March 2016 and October 2017 were included in this 

retrospective, non-interventional study. Inclusion criteria 

were: (i) spontaneous sustained monomorphic VT inducible 

during the electrophysiological study; (ii) identification of the 

VT isthmus by the pace-mapping technique and (iii) 

radiofrequency catheter ablation lesions along the isthmus 

prevented VT induction. The study complied with the 

declaration of Helsinki and all procedures complied with the 

CHRU-Nancy guidelines. All 18 procedures were performed 

with the CARTO3® (Biosense Webster, Inc., Irvine, USA) 

and the Niobe® system (Stereotaxis Inc., St. Louis, USA). 

Anonymized data were exported from the CARTO3® 

workstation and were then processed using an in-house 

software written in MATLAB language (The Mathworks, 

Natick, USA), version R2020a. Electro-anatomic data were 

first loaded into the software, including: catheter positions and 

2.5 s of 12-lead ECG data acquired for each pace-mapping 

site; high-resolution vendor-generated 3D meshes of the 

ventricular cavity, as well as bipolar and unipolar voltage 

maps acquired in sinus rhythm. All other maps used in this 

study were generated offline with the MATLAB software, as 

described henceforth. 

B.  AUTOMATED DETECTION AND DELINEATION OF 
PACE-ECG DATA 

To analyze pace-mapping ECG data, an automatic detection 

and delineation of paced beats was proposed in order to only 

select one paced QRS for analysis at a given pacing site. This 

detection is necessary because some QRS complexes at a 

given site are not paced. The cardiac electric potentials can be 

expressed in vector quantities that varies over time in 

magnitude and direction. The overall projection of the human 

equivalent heart dipole in three orthogonal axes is the 

vectorcardiogram [21]. The maximum of its module 

correspond to the peak of depolarization of cardiac cells, thus 

useful to detect the QRS complex. 

Moreover, the stimulation spike does not always induce a 

paced beat, especially in low-voltage hard to capture areas. 

Finally, mechanically induced premature beats must not be 

taken into account. 

Figure 2 presents the different steps of the automated 

detection and delineation (i.e. determination of QRS peak and 

onset): 

1. Detection of pacing spikes by using the continuous 

wavelet transform (CWT). The bump wavelet was 

selected as the mother wavelet for its frequency 

localization properties. The CWT was computed 

numerically using Matlab’s 𝑐𝑤𝑡 function, which uses 

L1 normalization of the coefficients, instead of L2 

normalization in the integral definition of the CWT. 

This makes the time-frequency analysis easier as 

oscillatory components with the same amplitude in the 

signal always have the same magnitude in the CWT 

(independent of the scale). The wavelet coefficients 

𝑐𝑖(. ) for each lead 𝑖 corresponding to frequencies 

between 𝑓1 = 125 Hz and 𝑓2 = 166 Hz were summed 

in a signal 𝑆: 

FIGURE 2.  Flow diagram presenting the different steps of the 
detection algorithm. 
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 𝑆 = ∑ ∑ |𝑐𝑖(𝑓)|

𝑓∈{𝑓1,…,𝑓2}

12

𝑖=1

 (1) 

The local maxima of S were extracted using Matlab’s 

findpeaks function, with the following constrains: local 

maxima should reach at least 33% of the maximum of 

𝑆, and two peaks should be separated by at least 350 ms. 

Overall 5138 spikes were analyzed. 

2. Detection of QRS complexes present after each spike 𝑛 

using a maximum search of the vectorcardiogram. The 

synthetic vectorcardiogram 𝑉𝐶𝐺(𝑡), for a given time 𝑡, 

was reconstructed by inverse Dower transformation 𝑇 

from the available (independent) leads 𝐿(𝑡) [22] as 

already used in [12]: 

 𝑉𝐶𝐺(𝑡) = 𝑇 ∗ 𝐿(𝑡)𝑇 , 

𝐿(𝑡) = [𝑉1(𝑡) 𝑉2(𝑡) 𝑉3(𝑡) 𝑉4(𝑡) 𝑉5(𝑡) 𝑉6(𝑡) 𝐼(𝑡) 𝐼𝐼(𝑡)], 
𝑇 = 

(2) 

[
−0.172 −0.074 0.122 0.231 0.236 0.194 0.156 −0.010
0.057 −0.019 −0.106 −0.022 0.041 0.048 −0.227 0.887

−0.229 −0.310 −0.246 −0.063 0.055 0.108 0.022 0.102
] 

 

The time 𝑡𝑄𝑅𝑆,𝑛 of the QRS complex after spike 𝑛 was 

determined by the maximum of the module of the 

vectorcardiogram  ‖𝑉𝐶𝐺(𝑡)‖ between time 𝑡n of 

spike 𝑛 and time 𝑡n+1 of spike 𝑛 + 1: 

 𝑡𝑄𝑅𝑆,𝑛 = arg max
𝑡 

𝑓𝑜𝑟 𝑡∈[𝑡𝑛,𝑡𝑛+1[

‖𝑉𝐶𝐺(𝑡)‖ 
(3) 

3. Determination of a paced-QRS flag by analysis of the 

previous QRS. A QRS was considered to be a paced 

QRS if similar to the previous one; similarity was 

defined by a distance-to-spike variation lower than 35 

ms and a variation in the module of the 

vectorcardiogram below 33%. Overall 5176 QRS were 

present, of whom 2991 were paced. 

4. Detection of the onset of a QRS by using the module of 

the vectorcardiogram. The QRS start was determined 

by backward search from the maximum of the VCG 

amplitude, until the module reached 5% of the 

maximum module.  

 

The time interval between pacing and the start of the 

resulting QRS complex, the sQRS interval, was finally 

determined. The dataset was split between a training set 

consisting of the first 5 patients and a test set with the data 

from the remaining 13 patients. The optimization process was 

performed on the training set by tuning the 4 parameters (33% 

for pacing spike detection, the similarity criteria of 35 ms and 

33% for paced beat detection and 5% for onset delineation) 

using a grid search. The parameters were chosen only based 

on the training set and then evaluated once on the test set.  

Overall, bipolar pace-mapping was performed at 1160 

different sites. It should be noted that several QRS complexes 

are present in each 2.5 s recording (i.e. at one given pacing 

site). For each site, the second QRS in the sequence of QRS 

identified as paced by the algorithm was studied. 

C.  VALIDATION AGAINST EXPERT ANOTATIONS 

The software tool allowed visualization of all the 

automatically detected QRS signals. An experienced 

interventional cardiologist (N.H.) was asked to review the 

ECG signals (pacing spike, whether a QRS was paced or not). 

The efficiency of the automated processing was assessed by 

common statistics for binary classifiers (using the cardiologist 

input as the ground truth), including the positive predictive 

value (PPV) and the sensitivity (Se). The position of the QRS 

onset varies slightly between cardiologists. To quantify this 

inter-observer variation, two experts were asked to mark the 

QRS onset: a clinical support specialist (P.H) defined as expert 

1 and an interventional cardiologist (N.H.) defined as expert 

2. We also introduced a virtual delineation represented by the 

mean of both experts. Mean, standard deviation, median and 

mean absolute errors were calculated for the definition of the 

QRS onset time. The agreement between expert and 

automated S-QRS maps was also assessed by correlation 

analysis (using both Spearman's and Lin's definitions) and by 

Bland-Altman analysis. 

D.  RECONSTRUCTION OF MULTI-PARAMETRIC MAPS 

Multiple 3D maps were generated to visualize the information. 

The bipolar voltage map was directly derived from the 

vendor’s CARTO3® software. Additionally, a 3D surface 

mesh was generated from the pacemapping sites and used to 

create the following maps: (i) a sQRS interval map was 

generated by color-coding the sQRS interval induced by the 

pacing stimuli; (ii) a reference-less correlation gradient map 

was generated as described in [12] by calculating the local 

change in Pearson correlation coefficient 𝑐(. , . ) between each 

lead of QRS complexes from two neighboring pacing sites, 𝑥1  

and 𝑥2, 𝑆𝑃𝑎𝑐𝑒𝑑𝑄𝑅𝑆
𝑙𝑒𝑎𝑑 (𝑥1) and 𝑆𝑃𝑎𝑐𝑒𝑑𝑄𝑅𝑆

𝑙𝑒𝑎𝑑 (𝑥2) normalized by the 

distance between the two sites ||𝑥1 − 𝑥2||: 

 

1
12

∑ 𝑐 (𝑆𝑃𝑎𝑐𝑒𝑑𝑄𝑅𝑆
𝑙𝑒𝑎𝑑 (𝑥1) − 𝑆𝑃𝑎𝑐𝑒𝑑𝑄𝑅𝑆

𝑙𝑒𝑎𝑑 (𝑥2))12
𝑙𝑒𝑎𝑑=1

||𝑥1 − 𝑥2||
 (4) 

The target for the clinician was to collect points with a 

distance of 10 mm in areas of low voltage. The distance 

between two points was higher in healthy areas.    Correlation 

gradient values were considered to be defined only when the 

site-to-site distance was less than 20 mm. The rationale for 

computing these three maps is that sQRS maps are expected 

to highlight VT circuit entrance sites [13] and correlation 

gradient maps are expected to highlight VT circuit core zones 

[12]. Finally, voltage maps are expected to help identify the 

exit of the VT circuit, which should be at the border between 

scar and healthy tissue.   

For better visualization purpose, the maps were finally 

projected from the coarse mesh formed by pacing sites onto 

the high-resolution anatomical mesh (distance between the 
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vertices was 0.8mm) provided by the vendor (using nearest-

neighbor interpolation). For final visualization of the 3D 

maps, the rendering engine (still within MATLAB in this 

study) was set to use interpolation of values defined at each 

vertex of the high resolution mesh, similarly to the vendor’s 

CARTO3® software. 

III.  RESULTS 

A. PACED-QRS DETECTION AND DELINEATION  

Quantitative results for the automatic detection of pacing 

spikes and paced QRS complexes are summarized in Table I. 

The performance was very similar between the training set, the 

test set and the entire study population (training and test). The 

overall results for the entire population show excellent 

agreement between the algorithm and the cardiologist, with 

Se>95% and PPV>98%. 

Regarding the detection of the QRS onset, quantitative 

results on the training, test and entire population set are 

summarized in Table II. The onset algorithm performed better 

on the test set than on the training set. For 94% of QRS onset 

detections, a difference lower than 30 ms was found between 

expert 2 and the algorithm inputs. The difficulty of defining an 

objective location for the beginning of the QRS complex is 

highlighted by the relatively large mean absolute error 

between the two experts (9.73 ms). When compared to the 

delineation represented by the mean of both experts, the 

proposed algorithm performed well (mean of -0.21 ms, a SD 

of 16.54 ms, a MED of -2 ms and a MAE of 10.96 ms) and 

demonstrated only a slightly higher difference than between 

both experts. 

TABLE I 

PERFORMANCE OF THE PROPOSED DETECTION OF STIMULATION SPIKES AND PACED QRS COMPLEXES 

 Training set Test set Training and Test set 

 Sensitivity Positive Predictive value Sensitivity Positive Predictive value Sensitivity Positive Predictive value 

Spike detector 97.64% 98.86% 97.48% 99.61% 97.51% 99.46% 
Paced QRS detector 94.99% 97.69% 95.23% 98.63% 95.19% 98.44% 

 

TABLE II  

ONSET PERFORMANCE RESULTS 

 

TABLE III 

 FINAL VISUALIZATION VERTEX RESULTS BETWEEN S-QRS MAPS GENERATED BY ALGORITHM AND PHYSICIAN INPUTS OF THE TEST SET 

 Mean 
Standard 

deviation 
Median 

Mean Absolute 

Error 

Spearman's 

correlation 

Lin’s 

correlation 

Between algorithm and expert 1 -1.95ms 14.80ms -2ms 10.06ms 0.71 0.86 

Between algorithm and expert 2 0.15ms 15.46ms -1ms 10.64ms 0.72 0.86 

Between the two experts 2.10ms 13.92ms 1ms 9.26ms 0.75 0.88 

 Training set Test set Training and Test set 

 Mean 
Standard 
Deviation 

Median 

Mean 

Absolute 

Error 

Mean 
Standard 
Deviation 

Median 

Mean 

Absolute 

Error 

Mean 
Standard 
Deviation 

Median 

Mean 

Absolute 

Error 

Between algorithm and 
expert 1 

-2.36ms 21.99ms -4ms 15.71ms -1.19ms 16.14ms -2ms 10.89ms -1.42ms 17.43ms -3ms 11.82ms 

Between algorithm and 

expert 2 
4.65ms 21.37ms 3ms 14.34ms 0.13ms 17.12ms -2ms 11.30ms 1.01ms 18.11ms -1ms 11.88ms 

Between algorithm and 

mean delineation of both 

experts 

1.15ms 20.65ms -0.5ms 13.71ms -0.53ms 15.37ms -2ms 10.30ms -0.21ms 16.54ms -2ms 10.96ms 

Between the two experts 7.01ms 13.21ms 7ms 11.77ms 1.32ms 12.74ms 1ms 9.25ms 2.42ms 13.03ms +2ms 9.73ms 

FIGURE 3. Comparison of left ventricle SQRS maps 
determined between (A) the physician (N.H) and (B) the 
algorithm. For each patient, both maps indicate the same 
interesting zones with longer SQRS intervals.     
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B. RECONSTRUCTION OF MULTIPARAMETRIC MAPS 

The delay between the stimulation spike and the QRS onset, 

the sQRS interval, was calculated for each pacing site and 

projected onto the high-resolution anatomical mesh. Figure 3 

shows examples of sQRS interval maps generated by values 

determined by the physician N.H. in comparison with values 

determined by the proposed algorithm. 

The resulting QRS maps using the physician and the 

algorithm inputs looked very similar. Both versions of the 

maps enabled the quick identification of areas of interest 

marked by long sQRS intervals.   

Quantitative differences between the detector-generated 

sQRS maps and the physician-generated sQRS maps, as 

assessed by vertex-wise differences and by correlation 

analysis between the final visualization meshes from the test 

set are summarized in Table III. Bland-Altman plots (figure 4) 

show a good agreement between experts and the algorithm. 

The linear interpolation, which was used to reconstruct the 

final high resolution meshes, further decreased the impact of 

the difference between the algorithm and the experts’ 

annotations.   

Figure 5 shows an example of multi-parametric mapping (3 

maps) of the same patient. The sQRS interval map (A) and the 

correlation gradient map (B) were generated using the 

algorithm generated values. The bipolar voltage map (C) was 

derived from the CARTO3® software. The visualization of 

this multi-parametric mapping may help to determine the 

localization of the entrance, core and exit of the VT circuit.  

FIGURE 5. Illustration of the possible identification steps 
using maps calculated by the algorithm to determine the 
location of the critical section of the VT circuit or isthmus:  
(A) sQRS intervals, with longest values in red; the yellow circle 
includes the highest sQRS values and is likely located at the 
entrance of the isthmus 
(B) correlation gradient map indicating in red zones a high 
morphology mismatch; the red circle includes the highest 
values, likely located in the mid-isthmus section  
(C) bipolar voltage map, with low voltage in red representing 
the scar region and purple representing the healthy area; the 
blue circle includes the border between scar and healthy 
tissue, likely located at the exit of the isthmus. 

FIGURE 4. Bland Altman plot of agreement between methods. 
The lower red line represent the average difference -1,96 times 
the standard deviation of the difference, the middle red line 
the average difference and the upper red line the average 
difference +1,96 times the standard deviation of the difference. 
(A) between inputs from expert 1 and algorithm 
(B) between inputs from expert 2 and algorithm 

(C) between inputs from expert 2 and expert 1  
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IV.  DISCUSSION 

The objective of a VT ablation procedure is to identify the 

main components of all the fast reentrant circuits the patient is 

capable of sustaining. Activation mapping during tachycardia 

is the most direct technique but can only be performed in the 

small proportion of patients who can tolerate VT long enough 

for the duration of the mapping. Furthermore it only identifies 

the principal VT circuit, i.e. it does not identify secondary VT 

circuits that may occur after ablation of the principal one. The 

analysis of data collected during sinus rhythm and pace-

mapping enables the detailed study of the local electrical 

characteristics of the ventricle. Currently, this type of analysis 

is limited because of the high number and time-consuming 

steps that the physician needs to do. Once the physician is 

stable in a position and starts pacing, a point is taken. The 

necessary manual steps are the following: selecting a correctly 

paced beat, determining the position of the pacing spike and 

onset of the QRS, calculating the difference to establish the 

sQRS interval, aligning the QRS morphology of the point 

regarding the QRS morphology of its closest neighbors. In 

order to integrate this full workflow and take full advantage of 

pace map data, we have estimated that the physician currently 

needs 30 seconds per point, adding up to 50 minutes for 100 

pace map points. The added value of an automated algorithm 

is to facilitate the use of the data. Out of 100 pace map points, 

the proposed method correctly identifies 99 paced QRS. If we 

consider a tolerance threshold of 30 ms for the start of the 

QRS, only 6% of points will be incorrectly marked. All in all, 

for a 100 pace map points, 7 points will need to be corrected 

and 93 would be rapidly visualized for validation leading to a 

total time of less than 5 minutes. This time is short compared 

to the total procedure time of several hours and will help by 

making the time allocated to analyzing the data more 

predictable, leading to an increased standardization of the 

physician’s approach to ischemic VT. Reviewing data is 

standard in clinical practice as it helps the physician determine 

the most effective ablation strategy. It is also important that 

the physician reviews all points because, in certain cases, 

although the algorithm performed well, the result will need to 

be modified. For example, after reviewing the surrounding 

paced beat morphologies, the physician might consider a beat 

as being correctly paced even if the recording does not have 

two consecutive beats with the same morphology.  

The pace-mapping based method described here has the main 

advantage of being feasible in all patients, regardless of being 

able to induce a VT episode. Once the likely circuits are 

identified, ablation targets can be determined in order to 

eliminate the critical slow-conducting zones. Once ablated, 

these areas will not conduct anymore, thus preventing the 

reentrant circuit from forming and curing the patient. 

The proposed software tool automatically creates voltage, 

correlation and sQRS maps. The creation of these multipara-

metric maps help determine the different characteristics of the 

VT isthmus. Previous articles have shown the importance of 

these parameters in identifying the isthmus. The isthmus is a 

complex structure and the visualization of a single parameter 

is not enough to be able to reconstruct the VT circuit. For each 

map, the global patterns with the highest and the lowest group 

of values are useful. Indeed it is important to know whether a 

sQRS is long (over 100 ms) or short (under 50 ms), thus the 

mean absolute error of 11.1 ms is low enough for the 

automatic sQRS maps to be analyzed. It is important to have 

a global approach and take into account all the relevant 

information before establishing a diagnosis. In this study only 

a qualitative analysis of the maps is presented, which is meant 

to show the added value of visualizing the maps together, 

rather than to provide a full clinical validation of the method.     

The combination of the multi-parametric maps can bring to 

light multiple slow-conducting zones in the ventricle. These 

zones can then result in the creation of multiple tachycardia 

circuits. Highlighting the multiple isthmuses is of interest 

when elaborating a VT ablation strategy. 

An increased understanding of VT circuits will lead to 

increased VT ablation results. The proposed study enables to 

automatically extract the relevant data. This data is acquired 

during sinus rhythm or pacing from the catheter and thus has 

the advantage of not requiring any tachycardia during 

acquisition. The data can therefore be easily obtained, not 

requiring any stimulating maneuvers with unpredictable 

results. If the VT can be induced and is well tolerated, 

activation data can also be automatically extracted and could 

further increase our understanding of the VT circuits. 

 Large datasets can now more easily be used as inputs for 

the development of future algorithms. These algorithms need 

to automatically determine all likely VT circuits, further 

facilitating the diagnosis and improving long-term ablation 

outcomes.  

V.  CONCLUSION  

We developed a paced-ECG detector and delineator that is 

useful for multi-parametric catheter mapping. This automated 

method facilitates the creation and visualization of the relevant 

maps, which can be analyzed jointly to identify VT circuits 

and the corresponding ablation targets. 
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