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A B S T R A C T

Goal: The home monitoring of cardiac time intervals reduces hospitalization and mortality of cardiovascular 
patients. However, a reliable time reference in the electrocardiogram is necessary. Nevertheless, the use of 
different single leads, typical of wearable devices, impacts the repeatability of the time reference and thus the 
accuracy of the time-dependent parameters. This work proposes a simple approach to detect the peak and onset 
of the ventricular depolarization, and demonstrates its lead independence, which makes it suitable for wearable 
devices even with non-standard leads.
Methods: Our method grounds on an energy-based approach, which we applied on a) a publicly available dataset 
with standard 12-lead recordings; b) a proof-of-concept dataset including a custom precordial non-standard lead 
implemented on a wearable device.
Results: Compared against the Pan-Tompkins algorithm, our method reduced the absolute error between each 
lead and the first standard lead by 26 % to 64 % for the peak, and by 70 % to 82 % for the onset detection. The 
achieved consistency across leads is compatible with clinical monitoring. The computational time was also 
reduced by 65 % to 96 %, making the algorithm suitable for use on microcontroller-based wearable devices.
Conclusions: The proposed method enables the identification of a stable reference of the ventricular depolari
zation regardless of the choice of the lead. The presented results open to the implementation on wearable devices 
for chronic disease monitoring purposes.

Introduction

The latest decades have witnessed a growth in the design, develop
ment, and use of wearable technologies in healthcare [1–3]. The 
application of wearables for telemonitoring is promising for the 
long-term management of chronic diseases [4,5]. The management of 
chronic patients at their domicile increases both the quality of care and 
the quality of life for the patients, while reducing the costs and burden 
for the healthcare systems [5,6]. Many chronic conditions consist of a 
long stable phase interrupted by acute episodes. These have the highest 
impact on both hospital admissions and mortality [7].

Wearables provide a solution for personalized monitoring the health 
status of chronic patients and prevent acute episodes: when integrated 
into a telemedicine framework, data from wearables can be used to 
trigger alarms when the patient’s condition deteriorates and timely 
prevent the acute episode. In this sense, they contribute data to systems 
that will implement AccuMedicine, recently identified as one of the 
themes at the interface between engineering and medicine [8].

The monitoring of some cardiovascular chronic conditions relies on 
time-related biomarkers, which can be referred to as Cardiac Time In
tervals (CTI). Examples are the duration of the QRS complex or the QT 
interval, extracted from the ECG alone, and the electromechanical 
activation time or the left ventricular systolic time, when the ECG is 
accompanied by a mechanical signal. When monitoring CTIs, the onset 
or the peak of the ventricular depolarization extracted from the elec
trocardiogram (ECG) are typically used as references. These have been 
associated with respectively the Q-wave and the R-wave. Nevertheless, 
Q- and R-waves have an intrinsic morphological definition but the 
morphology of the ECG strongly depends on the lead [9–11]. Fig. 1
shows the morphology of the same heartbeats over the 12 standard 
leads.

The definition of the Q- and R-waves typically refers to the first 
standard lead (lead-I), which requires the application of the electrodes 
on the limbs [11]. This is often unfeasible in wearables: the design of a 
wearable device must consider many aspects related to the usability, 
portability, and comfort of use, which depend on the location of the 
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electrodes [12]. For this reason, when designing a wearable device, the 
use of non-standard leads is common [13].

The detection of Q- and R-wave peaks, as performed by the Pan- 
Tompkins algorithm [14], results in estimate errors on different leads. 
Since these errors are repeatable, they do not invalidate the estimate of 
the heart rate. However, they could negatively affect the estimate of 
CTIs [13,15]. Grounding the time reference for CTIs estimation on Q- or 
R-waves may result in estimate errors, when non-standard leads are 
employed.

This work shows how to identify the fiducial points corresponding to 
the ventricular depolarization in the ECG using a non-standard lead. Our 
goal is considering a simple method for the identification of the onset 
and peak of the ventricular depolarization and demonstrating its inde
pendence on the lead. To achieve our goal, we compare the indepen
dence of the results obtained using our method against Pan-Tompkins 
algorithm applied to a publicly available 12-lead dataset and a proof-of- 
concept dataset with simultaneous recordings of lead-I and a precordial 
non-standard lead.

Materials and methods

Public dataset including standard 12-leads recordings

We tested our method on a public dataset of standard 12-lead re
cordings created by Zheng et al. in 2022 and available on PhysioNet 
[16]. The dataset includes 45,552 patients: 18 % present a sinus rhythm, 
the remaining present arrhythmias including sinus bradycardia, atrial 
fibrillation, sinus tachycardia, atrial flutter, sinus irregularity, supra
ventricular tachycardia, atrial tachycardia, atrioventricular node reen
trant tachycardia, atrioventricular reentrant tachycardia, and 
wandering atrial pacemaker [17]. Signals were converted with a 32-bit 
resolution and with a sampling frequency of 500 Hz. A 10 s recording 
was performed on each patient at rest and included in the dataset, for a 

total of 589,848 heartbeats.

Custom wearable-based dataset including standard and non-standard 
leads

After assessing our approach on the 12-lead dataset, we tested its 
generalizability to non-standard leads. The identified non-standard lead 
followed the positioning of the electrodes in a real wearable device 
designed to monitor the CTIs from ECG and heart sounds [18]. There
fore, it provides a real-life application scenario.

In our experimental protocol, we enrolled 39 subjects with no history 
of cardiovascular diseases. Subjects were asked to lay supine on an ex
amination table with a bare chest. We performed the ECG recordings 
using a commercial 4-channel system for the recording of biomedical 
signals (ReMotus™ by ItMed, Torino, Italy). Signals were converted 
with a 24-bit resolution and with a sampling frequency of 1 kHz.

Two channels were used to simultaneously acquire two ECG leads. 
The first channel acquired lead-I, the second channel acquired the non- 
standard lead. We placed the first recording electrode over the second 
left intercostal space, 5 cm from the sternal border, and the second one 
11 cm below. The first channel acquired a lead-I ECG. Fig. 2 presents the 
location of the electrodes. For each subject, we performed a 5-minute 
recording: a total number of 13,132 heartbeats was included in the 
dataset. The experimental protocol was approved by the Ethical Com
mittee of Politecnico di Torino (protocol number 27,801/2023).

Pre-processing

For each recording of the two datasets, each lead was analyzed 
separately. First, digital filtering was performed to reduce the effect of 
noise and interferences. The baseline wandering was removed by means 
of a moving median filter with a window duration of 100 ms. The 
resulting signal was then filtered with a FIR low-pass filter (250 

Fig. 1. Sample 5 s ECG segment from the same subject over the 12 standard leads (panels a to l). Sample of 5 s ECG from three different subjects using the same non- 
standard lead (panels m to o).
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coefficients) with a cut-off frequency at 40 Hz, which is the limit of the 
frequency content of the QRS-complex. Realignment of the ECG was 
required to compensate for the FIR delay.

Traditional identification of the Q- and R-waves

Traditionally, the Q-wave peak is used as reference for the onset of 
ventricular depolarization, whereas the R-wave peak is used as reference 
for its maximum. The identification of the standard fiducial points was 
carried out using the Pan-Tompkins algorithm [14]. This algorithm 
demonstrated an accuracy of 99.3 % [14]. Even if a wide number of 
more recent algorithms for the detection of ECG fiducial points exist, 

Pan-Tompkins is still considered a gold standard in the field. Moreover, 
the goal of this work is not to increase the detection accuracy (achieved 
by many previous works), but to study the lead-independence of the 
method. Therefore, given its undeniably high accuracy in detecting the 
Q- and R-wave peaks using the ECG morphological characteristics, 
Pan-Tompkins can be used as a reference for the morphological-based 
detection in this work, as opposed to the proposed energy-based 
detection. Fig. 3 shows the amplitude and energy of a sample heart
beat with the detected Q- and R-waves.

Proposed identification of the peak and onset of the depolarization

In our approach, we detected the ventricular depolarization fiducial 
points on the signal Shannon Energy Envelope (SEE). SEE-based algo
rithms showed excellent detection performances even in noisy re
cordings, at a low computational cost [19]. The SEE of a signal x is 
defined as: 

SEE = real
(
− x2∗log(x2)) (1) 

The envelope was smoothed using a 50 ms median filter. The filter 
window length was optimized to generate clear single peaks considering 
the typical duration of the QRS complex (80 to 120 milliseconds). 
Moreover, the SEE values below the median were set to zero, to decrease 
the probability of noise-related artifacts.

Peak of the depolarization
The peak of depolarization was obtained as the peak of the SEE of 

each heartbeat. The peak identification was performed using a three- 
step double thresholding approach. In each step, amplitude and time 
thresholds were defined. All thresholds were defined in function of the 
maximum SEE value (amplitude thresholds) or in function of the sam
pling frequency (time thresholds), to make the algorithm adaptive to the 
peculiarity of the subject’s cardiac cycle.

Fig. 2. Positioning of the electrodes in our experimental protocol, aimed at 
replicating a lead-I and creating a custom non-standard lead.

Fig. 3. Example of R peak detection and onset detection with Pan Tompkins and the custom algorithm, respectively (a) to (d) for depolarization peaks detection, (e) 
to (h) for depolariziont onset detection.

N. Giordano et al.                                                                                                                                                                                                                              Computer Methods and Programs in Biomedicine Update 8 (2025) 100196 

3 



In the first step, the amplitude threshold value was set to 30 % of the 
maximum SEE value and the time threshold was set to 20 % of the 
sampling interval. The amplitude threshold was used as the minimum 
height for a peak to be considered as a potential QRS complex; the time 
threshold as the minimum distance between consecutive peaks. The 
second step is performed if a heart rate lower than 40 bpm is detected. In 
this case, the amplitude threshold is reduced by 50 % of the 99th 
percentile. The rationale is that the maximum value may be impacted by 
the presence of artifacts, whereas the 99th percentile is more robust. RR 
intervals are scored as differences between identified subsequent peak 
instants. The third step is performed only in heartbeats showing an RR 
interval longer than four times the average RR interval. In this case, a 
further iterative peak search was carried out, whereby the amplitude 
threshold value was reduced to 80 % at each new iteration. The search 
for undetected peaks was terminated at the third iteration or when no 
new peaks were found. No time threshold is used in this phase, but, at 
the end, false positives, i.e., peaks within an interval equal to the 20 % 
from another peak with a higher SEE value, were removed.

Onset of the depolarization
SEE presents positive values in correspondence of the QRS-complex 

segments, and zero values elsewhere. For each heartbeat, the onset of 
the depolarization was defined as the beginning of the SEE positive 
segment.

To find the onset of the depolarization segment, a tangent-based 
approach was designed to detect the most significant rise in the en
ergy contribution. Initially, a search interval was defined by setting an 
amplitude threshold to 30 % of the maximum SEE value and considering 
one hundred samples beforehand. The intersection between the tangent 
of the SEE at the first point of the search interval and the maximum- 
tangent point was used as reference. The Euclidean distance between 
each point of the search interval and the tangent intersection was 
computed and the index of the SEE sample with the minimum Euclidean 
distance from the tangent intersection. The designed tangent-based 
approach enables a robust threshold-independent identification of the 
onset regardless of the morphology of the QRS-complex energy peak.

Fig. 3 shows an example of the detected onset points in the time and 
energy domains on a sample heartbeat.

Analysis of the results

The analysis answered three research questions: 

1. Are the identified points sensitive to the choice of the lead?
2. Does the lead consistency depend on the quality of the recording?
3. Does our method reduce the computational cost of the identification?

The lead-independence was assessed by estimating the error of 
identification of the fiducial points against the same points identified on 
lead-I. In case the number of detected fiducial points was not equal on all 
leads, the fiducial points belonging to the same heartbeat were matched 
by minimizing the Euclidean distance. The lead-specific error was 
determined as the Root Mean Square Error (RMSE) among the reference 
points of lead-I and those of the lead under analysis. The recording- 
specific error was determined as the average value of the lead-specific 
errors.

The quality of each signal was assessed to determine whether the 
identification error depends on the signal quality. We used the Signal-to- 
Noise Ratio (SNR) as quality metrics, defined as the ratio between the 
peak-to-peak amplitude of the QRS-complex and four times the standard 
deviation of noise, estimated between the 70 % and the 85 % of each 
heartbeat, when no electrical event should occur. The SNR was 
computed beat-by-beat and averaged over each recording. Afterwards, 
the correlation between the lead-specific error and the corresponding 
SNR was computed.

The average computational time of the two methods was measured 

to estimate their computational cost, with the algorithms running on a 
notebook computer, Huawei MateBook D, with an 8th Gen Intel(R) Core 
(TM) i3–8130 U CPU and integrated Intel UHD Graphics 620 GPU.

Results

Comparison Pan-Tompkins vs envelope

Table 1 reports the results of the comparison in terms of average 
RMSE between each lead and lead-I.

Our algorithm outperforms Pan-Tompkins in both datasets and for 
both the peak and the onset identification tasks. The significance is even 
higher on the onset, where our approach reduces the error by 82 % on 
PhysioNet dataset and by 70 % on our dataset. All reductions proved 
statistically significant on paired Student t-test (α = 0.05).

The application on the two datasets shows slightly better results on 
our dataset than on the publicly available one. This may be due to a lead- 
dependent difference. To verify this point, we computed the average 
RMSE separately on each lead. Fig. 4 shows the results.

The RMSE obtained using Pan-Tompkins varies significantly 
depending on the lead. This is due to the fact that Pan-Tompkins relies 
on the morphology of the signal: if the lead morphology is similar to 
lead-I (as in the case of lead-V4) then the RMSE is small, and the other 
way round. The results obtained using our approach do not depend on 
the type of lead, since the algorithm relies on the morphology of the 
signal in the energy domain, which is more consistent throughout the 
leads. Therefore, the reduction of the RMSE yielded using an energy- 
based approach is marginal for leads similar to lead-I and more rele
vant in leads where the signal morphology is highly different from lead- 
I. Moreover, the RMSE is on average lower using our approach.

Dependence on the signal quality

First, the SNR of all signals was computed for both datasets to 
investigate if the datasets have consistent quality. The average SNR was 
found as high as 29 dB (stdev: 5.5 dB) for the 12-lead dataset and 37 dB 
(stdev: 6.1 dB) for our dataset. The difference proved to be statistically 
significant at unpaired Student t-test (p-value < 0.001).

Fig. 5 shows the RMSE value in function of the SNR of the recording. 
The error depends on the signal quality, but the dependency is higher for 
Pan-Tompkins algorithm than for our approach. In the case of our pro
posed approach, the error can be considered as clinically acceptable 
(lower than 10 ms) even for reasonably low SNR values (between 5 dB 
and 10 dB).

Computational time

Table 2 shows an evaluation of the computational time of the two 
algorithms for recordings lasting 1 min. The interesting aspect is that our 
approach reduces the computational time by 44 % in case of the peak of 
the depolarization, and by 96 % for the onset.

Key findings

The results presented in Section III show that the use of Q- and R- 
waves detected using their amplitude is affected by the choice of the 
lead. This is valid for both standard and non-standard leads and is in line 
with the knowledge that the morphology of the QRS complex varies 
according to the positions of the electrodes. The energy-based envelope 
is less affected by the lead-specific morphology. This approach signifi
cantly reduces the detection error when other leads are compared to 
lead-I (by 26 % to 82 % depending on the dataset and the fiducial point). 
The resulting average error is equal to 6 ms for the peak and 3 ms for the 
onset of the depolarization, which is clinically acceptable. Consistent 
results were obtained independently on the choice of a standard or non- 
standard lead, on the presence of arrhythmias, and on the signal quality. 
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Moreover, the proposed approach significantly reduced computational 
time, even when compared to an already low-cost algorithm such as Pan- 
Tompkins’. The decrease of the identification error as well as the 
decrease of the computational time are particularly evident on the 
detection of the onset of the depolarization. This is traditionally 
considered a more complex task, but the onset is often more relevant 
from a clinical perspective. This further enhances the potential of our 
approach.

Discussion

Applicability to wearable devices

The detection of the depolarization fiducial points based on ampli
tude is highly susceptible to the choice of a different lead. On the con
trary, the error obtained using an energy-based approach is more 
constant, regardless of the choice of the lead. We highlight that multiple 

algorithms based on energy-based approaches exist in the literature [20,
21] and may produce equally lead-independent performances.

The real advantage of having a lead-independent detector of ven
tricular depolarization is the possibility of using non-standard leads. 
Most existing devices for ECG recording in a non-clinical environment 
ground on the recreation of a lead-I (i.e., KardiaMobile™ by AliveCor 
and Apple Watch™ by Apple [22]). This limits the integration with other 
modalities that sometimes require the device to be located on the sub
ject’s chest (such as heart sounds recording). In these scenarios, the 
possibility of designing custom non-standard leads with high accuracy in 
the identification of the ventricular depolarization opens to novel design 
possibilities.

We furthermore highlight that the proposed method is applicable to 
single heartbeats. This enables the use on potentially real-time recording 
scenarios, and ensures stability even in long-term recordings which may 
be required in monitoring settings under certain circumstances.

Table 1 
Root-mean-square Error.

Reported values are averaged over all the leads.

Fig. 4. Lead-specific RMSE, (a) for peaks detection and (b) for onset detection 
using Pan Tompkins (blue) and our proposed algorithm (red).

Fig. 5. Dependance of the RMSE on the signal quality, for the detection of (a) 
peaks, and (b) onsets. Green bars represent the standard deviation.

N. Giordano et al.                                                                                                                                                                                                                              Computer Methods and Programs in Biomedicine Update 8 (2025) 100196 

5 



Generalizability of the results

Generalizability is a fundamental requirement for real-life 
applicability.

The publicly available dataset includes both healthy and patholog
ical subjects, whereas our wearable-based dataset includes healthy 
subjects only. Given that the same conclusions can be drawn for the two 
datasets, it can be hypothesized that lead-independence of the proposed 
approach is not significantly affected by the presence of ECG abnor
malities. This will be confirmed by future studies with wearable devices 
implementing the tested non-standard lead on pathological subjects.

Previous clinical works explored the variability of time parameters 
(such as the QT interval) over different standard leads [23,24]. To our 
best knowledge, no previous work investigated the dependence of the 
detection of the QRS complex on the lead from a technical perspective. 
Our results on the application of Pan-Tompkins algorithm to different 
leads (standard and non-standard) confirm the need for such analysis. In 
fact, an average error of 8 ms was found for the detection of the peak of 
the depolarization, along with an average error of 17 ms for the detec
tion of the onset of the depolarization. This error can strongly affect the 
absolute value of the estimate of CTIs. We demonstrated that an 
energy-based detection technique reduces the error to a clinically 
acceptable value.

A lead-independent, reliable, time reference of either the peak or the 
onset of the ventricular depolarization, may open to novel tele
monitoring possibilities. For example, it was previously demonstrated 
that monitoring the QT interval can prevent cardiac arrest due to torsade 
de pointes triggered by cardioactive drugs [25], but its clinical use is 
limited by the difficulties in detecting the onset of the QRS-complex and 
by the choice of the lead, according to clinical guidelines [26]. Our work 
solves both issues. A similar use case of interest is the monitoring of the 
duration of the QRS complex, which was proved to predict the occur
rence of major adverse cardiac events [27–29]. The utility of a 
lead-independent time reference is not limited to the use of ECG alone 
but enables the realization of wearable multimodal devices which 
integrate ECG electrodes along other kinds of sensors. An example is the 
monitoring of the CTIs which are index of the electromechanical 
behavior of the heart and proved effective in predicting adverse events 
in HF patients [30–33].

Conclusion

This work deals with the identification of lead-independent time 
references. We employed an energy-based approach and defined the 
onset and peak of the ventricular depolarization with a simple, low-cost 
algorithm suitable for use in microcontroller-based devices. The com
parison between Pan-Tompkins and our approach involved the use of 
both a large publicly available dataset including the 12 standard leads in 

arrhythmic patients and a smaller private dataset including lead-I and a 
non-standard lead. In both cases, our approach proved effective in 
reducing the lead-specific error to clinically acceptable values. Our 
approach also reduced the computational time of the detection by up to 
96 %. This reduction is particularly significant when it comes to onset 
detection, which is traditionally considered a more complex task but has 
a broader clinical interest. We can conclude that an energy-based 
approach can open to novel monitoring applications based on time- 
related biomarkers and wearable devices employing non-standard ECG 
leads.
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