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Abstract—Accurate delineation of PQRST complex is essen-
tial for clinical ECG analysis, but remains challenging due to
waveform variability, low amplitude, and polarity inversions.
This work presents PAD-PQRST, a model-free Polarity-Adaptive
Delineation method for PQRST complex. This approach leverages
search windows based on established cardiac physiology. The
Q and S waves are identified by locating the corresponding
extrema relative to the R-peak polarity. Meanwhile, the P and T
waves are determined by finding the extrema with the maximal
absolute deviation from local mean. Because this design inherently
accommodates waves of any polarity, it eliminates the need for
a predictive model. This research uses the Manikandan2012
algorithm for R-peak detection due to its robustness. Validation
on QTDB and LUDB yields F1-scores from 98.5% to 99.8%
for QRS components, 90.97% to 94.57% for P-waves, and 79%
to 91.41% for T-waves, surpassing established wavelet-based
and graph-based methods. The combination of physiologically
informed search windows and polarity-adaptive detection delivers
a simple yet powerful delineation framework suitable for diverse
clinical datasets.

Keywords—ECG signal processing; PQRST detection; model-
free AI; Polarity-Adaptive Delineation method

I. INTRODUCTION

The electrocardiogram (ECG) is a non-invasive diagnostic
tool that records the heart’s electrical activity over time us-
ing cutaneous electrodes [1]. These electrodes detect voltage
fluctuations arising from myocardial depolarization, and repo-
larization during each cardiac cycle [2]. The detected signals
are amplified, and recorded as characteristic waveforms repre-
senting the sequence, timing of atrial, and ventricular electrical
events [2]. The ECG is indispensable for rapid detection, and
diagnosis of cardiovascular pathologies, including arrythmias,
myocardial ischemia, electrolyte imbalances, and structural ab-
normalities [3]–[5]. By providing a visual representation of the
heartbeat and its constituent PQRST complex, the ECG enables
clinicians to assess cardiac function, guide treatment decisions,
and monitor therapeutic efficacy across clinical settings [6],
[7]. Its accessibility, cost-effectiveness, and diagnostic power
render it essential for early identification of life-threatening
conditions, or ongoing cardiac monitoring.

The cardiac cycle encompasses sequential mechanical, and
electrical events facilitating effective blood circulation [8].
Coordinated chamber contraction, and relaxation are controlled
by electrical impulses from the sinoatrial node [9]. The PQRST
complex corresponds directly to the electrical events underly-
ing these mechanical actions [10]. The P-wave signifies atrial
depolarization [10], [11]. The QRS complex corresponds to
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ventricular depolarization [10]. The T-wave represents ven-
tricular repolarization. Each component provides a distinct
electrical signature essential for distinguishing normal from
pathological cardiac function. The PQRST complex adheres
to well-defined physiological timing constraints. In healthy
adults, the P-wave persists for 0.08 to 0.10 seconds, while
QRS complex endures for 0.06 to 0.10 seconds [12]. The PR
interval ranges from 0.12 to 0.20 seconds, and the QT interval
from 0.35 to 0.43 seconds, together they make up the temporal
span of the PQRST complex [12]–[15]. Deviations from these
norms constitute significant markers of cardiac pathology. The
morphology, amplitude, and duration of individual waves sup-
ply essential clinical information regarding cardiac function,
and underlying pathologies, making comprehensive PQRST
analysis fundamental to cardiovascular diagnosis [10], [16]–
[18].

II. BACKGROUND

Several approaches have been developed for automated
delineation of PQRST complexes in ECG signals. One cycle
of the PQRST complex can be visualized in Fig. 1. Marinez
proposed a wavelet-based methodology that exploits the mul-
tiscale properties of the dyadic wavelet transform to robustly
identify characteristic waveform points [19]. Kalyakulina also
developed a wavelet-transform-based delineation method [20].
Bote contributed with low-complexity derivative-based ap-
proach to detect fiducial points [21]. More recently, Emrich
introduced a prominence-based approach that identifies wave-
form features using peak prominence, a measure of a point’s
relative height above its local baseline [22]. Additionally,
Neurokit2 also provided a toolbox for biomedical signal pro-
cessing, which also include PQRST detection [23].

Despite its clinical importance, ECG analysis presents sig-
nificant challenges. Inherent signal variability arises from inter-
individual physiological differences, diverse pathologies, and
varying measurement environments, complicating consistent
feature extraction [24]. ECG signals are frequently contam-
inated by noise sources, including baseline wander, powerline
interference, myoelectric activity, and motion artifacts, which
degrade signal quality, and impede precise detection of low-
amplitude P, and T waves [24]. These complications lead to
detection techniques for P, and T waves not being researched
as intensively as QRS detection [11]. The non-stationary nature
of ECG signals further necessitates sophisticated adaptive
preprocessing. Moreover, machine learning, and deep learning
approaches face limitations, including dependence on large
label datasets, lack of interpretability, and computationally
expensive, constraining real-time clinical applicability [24].
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Fig. 1. PQRST complex

These challenges motivate this research into robust, effi-
cient, and transparent ECG analysis methods. Reliable auto-
matic detection of critical fiducial points, particularly R-peaks,
and other PQRST components, can reduce clinician burden,
minimize human error, and enable continuous monitoring [7].
Algorithms that do not rely heavily on prior training, or
extensive parameter tuning offer broader applicability across
diverse populations, and signal conditions. Such advancements
would enhance clinical decision-making, enable personalized
cardiac care, and ultimately improve patient outcomes.

This work introduces a model-free PQRST delineation
methodology that combines a polarity-adaptive approach with
physiologically grounded search windows to provide compet-
itive performance on QTDB and LUDB without any prior
training.

III. METHODOLOGY

A. Overview

This study proposes the algorithm PAD-PQRST, Polarity-
Adaptive Delineation of PQRST complex, as presented in
Fig. 2. The process starts with the processing of ECG signals
to remove noise, baseline wander and Z-score normalization.
After the signal is preprocessed, the algorithm starts with R-
peak detection, utilizing Manikandan2012’s algorithm. Once
the R-peaks are detected, the algorithm executes a hierarchical
detection cascade on the Z-score normalized signal, which se-
quentially identifies Q, S, P, and T waves using physiologically
constrained search windows anchored to each detected R-peak.
Q and S-waves are located based on R-peak polarity, while P
and T-waves employ adaptive absolute amplitude thresholding
within their respective search windows. Finally, the output
results of the proposed algorithm are the indexes of PQRST
complex waveform components of the original ECG signal.

B. Preprocessing

The preprocessing stage employs a 4th order Chebyshev
type I bandpass filter with a passband of 6-18 Hz, implemented

using both forward and backward filtering to eliminate phase
distortion. This specific filter configuration was selected based
on the spectral characteristics of the QRS complex, which con-
centrates its energy predominantly within this frequency range.
The lower cutoff frequency of 6 Hz effectively reduces baseline
wander, respiratory artifacts, and low-frequency components
of P, and T waves, while the upper cutoff frequency of 18Hz
suppresses high-frequency noise from powerline interference,
muscle contractions, and motion artifacts. This effect can be
observed from the difference between the original signal in
Fig. 3 and the result of the preprocessing filter in Fig. 4,
where the R-peaks amplitude is retained, the baseline becomes
relatively stable. Despite this filter reducing the prominent P
and T waves, it makes the process to detect Q and S waves
easier, which are subsequently used as anchor to detect the
lower frequency waves.

Specifically, for the PQRST delineation process, the algo-
rithm also employs Z-score normalization. This step involves
subtracting the mean ECG amplitude value from each data
point, ensuring consistency, and reinforcing relationship be-
tween the signal value, and its position relative to the baseline.
This is demonstrated by the signal in Fig. 5, where the data
points above the baseline have positive values, and points
below the baseline have negative values.

C. R-Peak Detection

After the ECG signal has been preprocessed, The PQRST
delineation process begins with R-peak detection. In principle,
any reliable R-peak detector can serve as the temporal anchor
for this step [26]–[36] . However, for optimal performance of
subsequent PQRST delineation, a detector with high Positive
Predictive Value (PPV) is preferred, as it limits the number of
false positive R-peaks that would otherwise be used as anchors
to detect non-existent or false PQRST complexes. While the
outlier detection-based MOW-ECG algorithm demonstrated
the highest PPV among compared methods in earlier research,
its overlapping window mechanism may affect the performance
of PQRST detection due to additional complexity [36]. There-
fore, to isolate and focus more directly on the PQRST delin-
eation logic itself, the method presented by Manikandan, and
Soman was utilized for this study [25]. This method employs
a multi-stage signal processing approach that combines digital
filtering, nonlinear transformation, and Hilbert transform-based
peak identification [25]. This chosen method provides excellent
sensitivity, and PPV, allowing a cleaner evaluation of our
polarity-adaptive PQRST framework.

D. PQRST Delineation

1) Initialization of physiological parameters: Following
the detection of R-peaks, the detected peaks serve as reference
landmarks for delineating the complete PQRST complex. The
proposed methodology incorporates established physiological
constraints, and temporal relationships between waveform
components to accurately identify each feature [14], [15],
[37]–[39]. Specifically, search windows are defined based on
clinically observed intervals:

• Q wave: A 120 ms window preceding the R-peak

• S Wave: A 180 ms window following the Q-wave
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Fig. 2. Proposed PQRST delineation algorithm overview.

Fig. 3. QTDB’s original record sele0211.

Fig. 4. Preprocessed record sele0211.

• P Wave: A 300 ms window preceding the Q-wave

• T Wave: A 400ms window following the S-wave, with
a minimum separation of 150 ms

The selection of these search windows is grounded in clini-
cally observed intervals, and is depicted in Fig. 6. Based on the
typical duration between QRS onset, and the R-peak, which
ranges from 50 to 100 ms, a 120 ms search window for the Q-
wave is established prior to the R-peak [14], [15]. The normal
QRS duration is approximately 100 ms, and is considered
abnormal when exceeding 120 ms [14], [38]. Accordingly, a
180 ms search window for the S-wave following the Q-wave is
employed. The P-wave is subsequently searched within a 300
ms window preceding the Q-wave to ensure the PR interval
remains within its normal physiological range of 120-200 ms
[38]. The T-wave is searched within a 400 ms window after
the S-wave, with a minimum separation of 150 ms from the
S-wave to respect cardiac repolarization timing [38], [39]. To
establish physiologically constrained search windows for indi-

Fig. 5. Z-Scored record sele0211.

Fig. 6. Search range of PQRST complex’s features.

vidual PQRST complexes, the detection algorithm utilizes the
temporal relationship between consecutive R-peaks. For each
detected R-peak, the preceding R-peak boundary is defined as
the previous detected R-peak when available. At the beginning
of the recording where no prior peak exists, this boundary
is set to the current R-peak position minus a minimum RR
interval value of 200ms, ensuring the search window does not
extend indefinitely backwards [26]. Similarly, the following
R-peak boundary is defined as the next detected R-peak
when available, or the current R-peak position plus a 200ms
interval when processing the final cardiac cycle. This 200ms
window, corresponding to the physiological refractory period
of the heart, serves as a conservative fallback that prevents
the search algorithm from extending beyond expected cardiac
cycle boundaries while accommodating heart rate variability.
This approach ensures that each PQRST complex is analyzed
within a locally adaptive window that respects the individual
cardiac rhythm. Additionally, a 100 ms buffer interval is
further incorporated to maintain clear isolation between adja-
cent waveform features during search window determination,
therefore minimizing interference, and improving detection
accuracy.

2) Sequential detection of waveform: Following R-peak
detection, the proposed algorithm executes a hierarchical de-
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tection cascade for each identified R-peak to delineate the com-
plete PQRST complex, as illustrated in Fig. 7. This cascade
proceeds sequentially, first identifying the Q, and S waves, then
subsequently locating the P, and T waves based on the detected
Q, and S positions using physiologically constrained search
windows. The process begins by determining the polarity of the
detected R-peak through examination of its Z-score normalized
value, classifying it as either positive, or negative to guide
subsequent wave searches.

For Q-wave detection, the search range is defined to begin
at the maximum value between two boundaries, which are
the previous R-peak location plus a buffer interval, and the
current R-peak location minus the predefined Q-wave search
window. The search range extends up to one sample point
before the current R-peak location. Within this interval, the
algorithm identifies the Q-wave as either a local minimum,
or maximum depending on R-peak polarity based on its Z-
score. Specifically, if the current R-peak is positive, the Q-
wave corresponds to the local minimum, and, conversely, for
a negative R-peak, the Q-wave is found at the local maximum
position.

The S-wave search range commences immediately after
the current R-peak, and continues until the minimum value
between the two constraints of the next R-peak location minus
the buffer interval, and the current Q-wave location plus the
S-wave search window. Applying the same polarity-dependent
logic, the S-wave is identified as the local minimum when the
R-peak is positive, and as the local maximum when the R-peak
is negative.

The P-wave detection employs a more sophisticated ap-
proach within a search range that begins at the maximum value
between two potential starting points of the Q-wave location
minus the P-wave search window, and the buffer interval plus
the previous T-wave location if available, otherwise the previ-
ous R-peaks serve as the reference. The search range concludes
at one sample point before the Q-wave. Within this segment,
the algorithm first computes three key parameters. First, the
dynamic range, which is calculated as the difference between
maximum, minimum values within the segment. Second, the
minimum amplitude threshold, which is defined as 10% of
the dynamic range. Finally, the mean value of the search
segment. Subsequently, the algorithm evaluates all point-to-
point differences within the search segment to identify all
local maximum and minima positions. A point is classified
as local maximum if the current point is larger than both
the previous point, and the next point. The local minimum
satisfies the opposite conditions. From the identified extrema,
the algorithm extracts the ECG amplitudes, selecting the high-
est peak among all local maxima, and recording its position,
and amplitude, while similarly identifying the deepest valley
among all local minima. The algorithm then computes the
absolute deviations of both the maximum peak, and minimum
valley from the segment mean. If the absolute maximum peak
deviation exceeds both the absolute minimum valley deviation,
and the minimum amplitude threshold, the P-wave is assigned
to the maximum peak location, otherwise the minimum valley
location is selected.

The T-wave search range is defined to begin 150 ms after
the detected S-wave, ensuring adequate separation to respect
cardiac repolarization timing, and extends until the minimum

value between the next R-peak location minus the buffer inter-
val, and the detected S-wave location plus the T-wave search
window. The T-wave localization then proceeds using the same
adaptive absolute extrema selection methodology employed
for P-wave detection, as it inherently accommodates bipha-
sic or inverted T-wave, a clinically significant morphological
variation, as observed in Fig. 8. Instead of assuming positive
deflection, the proposed algorithm simultaneously evaluates
both local maxima, minima within the search window and
select the extremum with the greatest absolute value. This
approach combines with the minimum 150ms separation from
the S-wave further prevent confusion with the QRS complex,
ensure that the proposed algorithm can maintain consistent and
physiologically plausible identification of T-waves.

E. Complexity Analysis

The computational complexity of the proposed algorithm
PAD-PQRST is characterized by O(n∗m), where n represents
the number of detected R-peaks in the ECG signal, and m
represents the maximum search window size in samples used
for the delineation of P, Q, S, T waves. The parameter m is
determined as the products of the sampling rate and the fixed
temporal windows defined for each waveform component. This
linear scaling arises because the algorithm processes each
R-peak independently. For each cardiac cycle, PAD-PQRST
executes a fixed number of localized operations confined to
constant-sized windows that are proportional to physiologically
meaning time intervals. All these operations involve only a
bounded number of samples per beat, independent of total
signal length. The overall computational complexity scales
linearly with the number of heartbeat n. The design of the
algorithm allows it to avoid exhaustive search over the entire
ECG record, and focuses processing on the regions of interest
surrounding each cardiac complex. As a result, the algorithm
is well-suited for real-time physiological signal processing
applications, including continuous monitoring on resource-
constrained devices.

IV. RESULTS AND DISCUSSION

A. Datasets

The QT Database (QTDB) comprises 105 fifteen-minute
ECG recordings, each annotated by an expert cardiologist for
the onset, peak, and offset of P waves, QRS complexes, and T
waves of 30 to 50 beats in each recording [40]. It is recorded
at a sampling frequency of 250 Hz, its primary lies in its
detailed manual annotations of key waveform features, making
it a crucial resource for validating delineation algorithms.
The Lobachevsky University ECG Database (LUDB) was
created to provide a comprehensive resource for training, and
validating ECG delineation algorithms [41]. It addresses a key
limitation of QTDB by offering exhaustive manual annotations.
It consists of 200 ten-second, 12-lead ECG recordings digitized
at 500 Hz. For every single beat across all 200 records,
certified cardiologist manually marked the boundaries, and
peaks of P, T, and QRS complexes in all 12 leads. The
database includes recordings from both healthy volunteers, and
patients with various cardiovascular conditions, pacemakers,
and other abnormalities. Its complete annotation set makes
it exceptionally valuable for developing, and testing ECG
delineation algorithms. The Brno University of Technology
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Fig. 7. Search order of PQRST complex’s feature.

Fig. 8. LUDB’s record 7 with inverted T-waves.

ECG Signal Database with Annotations of P Wave (BUT-
PDB) consists of 50 two-minute, two-lead ECG records with
various pathology types [42]. This dataset only contains P-
wave positions, which were manually annotated in each beat
by two experts. The recordings in this dataset were chosen
to include high incidence of cardiac pathologies, resulting in
a dataset that covers 23 different pathological conditions to
challenge P-wave detection under clinically relevant condi-
tions. The MIT-BIH Arrhythmia Database P-Wave Annotations
(MIT-BIH-PDB) provides reference annotations for P-waves
for a curated subset of 12 records from the widely used MIT-
BIH Arrythmia Database [43]. The records were chosen due to
the presence of abnormal cardiac morphologies that complicate
P-wave detection. The annotations were manually made by two
experts.

B. Performance Evaluation

The performance of the proposed PQRST delineation al-
gorithm is evaluated using a tolerance window of 150 ms to
be incompliance with ANSI/AAMI-EC57:1998 standard [44].
A detection is classified as true positive (TP) if its location fell
within the tolerance window around the reference annotation.
Detected points with no matching annotation are counted as
false positives (FP), representing errors where the algorithm
incorrectly identified a waveform component in noise, or non-
QRS features. Conversely, annotated points that the algorithm
failed to detect are recorded as false negatives (FN). Based
on these fundamental counts, the F1 score was computed for
each wave type to provide a balanced assessment of detection
accuracy, as defined by Eq. (1):

F1[%] =
2TP

2TP + FP + FN
(1)

Additionally, to provide further context to the primary
metrics of F1 score, Sensitivity, Positive Predictive Value
(PPV), and Detection Error Rate (DER) were calculated using
the respective formulas from Eq. (2) to Eq. (4):

Sensitivity[%] =
TP

TP + FN
(2)

PPV [%] =
TP

TP + FP
(3)

DER[%] =
FP + FN

TP + FN
(4)

These metrics range from 0% to 100%, with higher values
indicating better overall detection performance.

C. Methods Used for Comparison

To evaluate the performance of the proposed PAD-PQRST
algorithm in PQRST complex delineation, three methods are
selected to be used as benchmarks. These methods are a
dyadic wavelet transformed-based delineation technique by
Martinez2004 [19], a visibility graph, and prominence-based
technique by Emrich2024 [22], and a continuous wavelet
transform-based technique provided by the Neurokit2 toolkit
[23].

D. Comparison Against Established Methods

The results of the comparative experiment on QTDB,
summarized in Table I, demonstrate exceptional performance
of the proposed method. For the detection of Q, R, S waves, the
proposed method achieves near perfect F1 scores of 99.68% for
Q-wave, 99.86% for R-wave, and 99.70% for S-wave. These
values are more than 20% higher than Martinez2004, and
Emrich2024, with the best competitor Neurokit2 CWT, which
reached 96.81% for Q-wave, 98.98% for R-wave, and 92%
for S-wave. The near-perfect F1 score of PAD-PQRST reflects
both extremely high Sensitivity, PPV, as well as the below
1% DER, indicating that the method almost never misses
a true beat nor generates false detections. This performance
validates the combination of a robust R-peak anchor with
the proposed polarity-adaptive approach. On P-wave detection
results, the proposed method achieves an F1 score of 92.33%,
which outperforms Martinez2004 by a margin of 19%, and
Emrich2004 by a margin of 22%. The improvement is driven
by higher FP rate compared to QRS detection is expected
because low-amplitude P-waves can be confused with noise
or baseline fluctuations. The T-wave remains the most chal-
lenging component, with the proposed algorithm reaching an
F1 score of 78.69%. Although PAD-PQRST still outperforms
Martinez2004 by 19%, and Emrich2024 by 29%, the F1 score
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TABLE I. SCORE OF PQRST DELINEATION OF COMPARED METHODS IN QTDB.

Method Metrics P Q R S T

Martinez2004

TP 6956 7832 8039 7305 6656
FP 1100 225 41 752 1401
FN 3994 4521 4323 5049 7768

Sensitivity 63.53% 63.40% 65.03% 59.13% 46.15%
PPV 86.35% 97.21% 99.49% 90.67% 82.61%
DER 46.52% 38.42% 35.30% 46.96% 63.57%
F1 73.20% 76.75% 78.65% 71.58% 59.21%

Emrich2024

TP 9722 10721 10769 10916 7726
FP 6928 5915 5882 5734 8924
FN 1228 1632 1593 1438 6698

Sensitivity 88.79% 86.79% 87.11% 88.36% 53.56%
PPV 58.39% 64.44% 64.67% 65.56% 46.40%
DER 74.48% 61.09% 60.47% 58.05% 108.31%
F1 70.45% 73.97% 74.24% 75.27% 49.73%

Neurokit2 CWT

TP 3407 11903 12175 11312 8747
FP 8726 335 63 926 3386
FN 7543 450 187 1042 5677

Sensitivity 31.11% 96.36% 98.49% 91.57% 60.64%
PPV 28.08% 97.26% 99.49% 92.43% 72.09%
DER 148.58% 6.35% 2.02% 15.93% 62.83%
F1 29.52% 96.81% 98.98% 92.00% 65.87%

Proposed Method

TP 10754 12326 12353 12329 10534
FP 1591 53 26 50 1814
FN 196 27 9 25 3890

Sensitivity 98.21% 99.78% 99.93% 99.80% 73.03%
PPV 87.11% 99.57% 99.79% 99.60% 85.31%
DER 16.32% 0.65% 0.28% 0.61% 39.55%
F1 92.33% 99.68% 99.86% 99.70% 78.69%

is lower than other waves. Further investigation shows that
the sensitivity, at 73.03%, can be the limiting factor as many
T-waves, especially those with low amplitude, or flattened
morphology, are missed. The DER indicates about 39.55% of
detections are either missed or false, which confirms that T-
wave delineation remains a challenge.

The LUDB experiment results, presented in Table II,
provide critical validation of the method’s generalizability
across diverse patient populations, and pathological conditions
with exhaustive annotations. The F1 score of PAD-PQRST
remains very high for all components, despite the increased
morphological variability. The proposed method achieves F1
score of 98.94% for Q-wave, 99.08% for R-peak, and 98.80%
for S-wave. These are consistently 3 to 5 percentage points
higher than the next best method, either Neurokit2 CWT,
or Emrich2024. The slightly lower F1 score of PAD-PQRST
compared to QTDB reflects the wider range of morphologies
present in LUDB. Additionally, the drastically shorter sig-
nal can also explain the sharp rises in performance for the
other methods used for comparison. For P-wave, the proposed
method attains an F1 score of 95.03%, which is 4% higher than
Martinez2004, Emrich2024, and 22% higher than Neurokit2
CWT. Notably, the sensitivity of the PAD-PQRST is slightly
lower than on QTDB, possibly due to LUDB’s exhaustive
annotation includes very low-amplitude P-waves that can be
confused with noise. For T-wave, the proposed method reaches
an F1 score of 91.20% on LUDB, which is 5% higher than
Martinez2004, Emrich2024, and 12% higher than Neurokit2
CWT. This is substantially better than the performance on

the QTDB, likely due to LUDB’s T-waves are annotated
more consistently, including a wide range of morphologies
that the proposed polarity-adaptive selection handles well. The
improvement suggests that PAD-PQRST generalizes well to
diverse morphological patterns, but still leaves room for further
refinement. Nevertheless, the proposed polarity-adaptive ap-
proach still outperforms wavelet-based methods even on lower
amplitude waveforms.

Table III summarizes the result of P-wave detections on
BUT-PDB. The proposed method achieves F1 score of 80.20%,
which is 3% higher than Maritnez2004, Emrich2024, and 40%
higher than Neurokit2 CWT. The sensitivity is very high, but
the PPV, at 69% is moderate. This means many FP occur,
likely due to the shorter, and noisy recording with increased
amount abnormal P-waves.

Table IV shows the result of P-wave detection on MIT-
BIH-PDB. The proposed method achieves F1 score of 88.33%,
essentially tied to Martinez2004, at 88.21%, and substantially
higher than Emrich2024, and Neurokit2 CWT. This indicates
that on this database, the wavelet-based method remains com-
petitive, but PAD-PQRST matches its performance while being
simpler, and parameter-free.

E. Discussion

1) Robustness to morphological and temporal variations:
Unlike traditional rule-based methods that rely on rigid, time-
invariant forward-search intervals, PAD-PQRST introduces a
localized, dynamic coordinate system bounded by piece-wise
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TABLE II. SCORE OF PQRST DELINEATION OF COMPARED METHODS IN LUDB.

Method Metrics P Q R S T

Martinez2004

TP 1333 1659 1695 1610 1455
FP 245 113 90 162 317
FN 56 119 88 165 172
Sensitivity 95.97% 93.31% 95.06% 90.70% 89.43%
PPV 84.47% 93.62% 94.96% 90.86% 82.11%
DER 21.67% 13.05% 9.98% 18.42% 30.06%
F1 89.86% 93.46% 95.01% 90.78% 85.61%

Emrich2024

TP 1350 1702 1698 1686 1489
FP 221 109 116 128 325
FN 39 76 85 89 138
Sensitivity 97.19% 95.73% 95.23% 94.99% 91.52%
PPV 85.93% 93.98% 93.61% 92.94% 82.08%
DER 18.72% 10.40% 11.27% 12.23% 28.46%
F1 91.22% 94.85% 94.41% 93.95% 86.54%

Neurokit2 CWT

TP 994 1669 1697 1610 1246
FP 321 59 31 118 282
FN 395 109 86 165 381
Sensitivity 71.56% 93.87% 95.18% 90.70% 76.58%
PPV 75.59% 96.59% 98.21% 93.17% 81.54%
DER 51.55% 9.45% 6.56% 15.94% 40.75%
F1 73.52% 95.21% 96.67% 91.92% 78.99%

Proposed Method

TP 1376 1773 1778 1769 1549
FP 131 33 28 37 221
FN 13 5 5 6 78
Sensitivity 99.06% 99.72% 99.72% 99.66% 95.21%
PPV 91.31% 98.17% 98.45% 97.95% 87.51%
DER 10.37% 2.14% 1.85% 2.42% 18.38%
F1 95.03% 98.94% 99.08% 98.80% 91.20%

TABLE III. SCORE OF P-WAVE DETECTION OF COMPARED METHODS IN BUT-PDB.

Method TP FP FN Sensitivity PPV DER F1
Martinez2004 4438 1567 993 81.72% 73.91% 47.14% 77.61%

Emrich2024 4833 2305 598 88.99% 67.71% 53.45% 76.90%

Neurokit2 CWT 2627 4829 2804 48.37% 35.23% 140.55% 40.77%

Proposed Method 5186 2315 245 95.49% 69.14% 47.14% 80.20%

TABLE IV. SCORE OF P-WAVE DETECTION OF COMPARED METHODS IN MIT-BIH-PDB.

Method TP FP FN Sensitivity PPV DER F1
Martinez2004 19744 2913 2364 89.31% 87.14% 23.87% 88.21%

Emrich2024 20292 9723 1816 91.79% 67.61% 52.19% 77.86%

Neurokit2 CWT 12337 12703 9771 55.80% 49.27% 101.66% 52.33%

Proposed Method 20895 4307 1213 94.51% 82.91% 24.97% 88.33%

continuous functions of instantaneous R−R intervals (Ωleft and
Ωright). This mathematical adaptation prevents the structural
overlap and false positives common to standard rule-based
heuristic search windows during extreme tachyarrhythmias
or bradyarrhythmias. Furthermore, while wavelet-based delin-
eation methods excel at multi-scale frequency decomposition,
they frequently struggle with morphological transformations
(such as inverted T -waves or wide-complex bundle branch
blocks) because their thresholding and modulus maxima selec-
tion schemes implicitly assume standard directional profiles.
PAD-PQRST overcomes this limitation through its Polarity-
Adaptive Extrema Selection formulation. By optimizing the
absolute deviation from the local segment mean (|f(x)−µS |)
and scaling thresholds dynamically relative to the local range

(∆S), our framework treats upright, inverted, and biphasic
waves with mathematical symmetry. This eliminates the need
for predefined shape templates or complex wavelet phase
tuning, enabling the model to sustain high F1 scores across
severely deformed pathological datasets.

2) Overall performance: The proposed method achieves
superior F1 scores for all PQRST components on four inde-
pendent datasets. This consistent superiority across different
sampling rates, patient populations validate the generaliz-
ability of the polarity-adaptive, physiologically constrained
approach. Notably, the proposed method requires no dataset-
specific tuning, as the established search window are fixed
physiological constraints, and the only hyperparameter is the
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empirically derived minimum RR interval of 200ms. This is
a substantial practical advantage over methods that rely on
optimized thresholds or trained parameters.

The proposed method achieves the near perfect detection of
QRS complex on QTDB, as well as LUDB, despite the greater
morphological diversity. These results have two important
implications. First, when the R-peak anchor is accurate, the
polarity-adaptive extrema search for Q, and S-wave is highly
effective across the full range of QRS morphologies. Secondly,
the QRS delineation accuracy of the proposed method is now
primarily limited by the quality of the R-peak detector.

For P-wave detection, the proposed PAD-PQRST achieves
the highest reported F1 score on all four datasets. The proposed
method maintained high sensitivity throughout, which indi-
cates that the method rarely misses a true P-wave. However, the
PPV exhibits some fluctuations especially with noisier dataset,
which also reflects the inherent difficulty of distinguishing very
low-amplitude amplitude P-waves from baseline noise. Addi-
tionally, PAD-PQRST also demonstrated competitive results
against wavelet-based method while being simpler, parameter-
free, and more interpretable.

T-wave delineation remains the most difficult waveform
components to detect reliably, as evidenced by the lower
F1 scores. Despite this challenge, PAD-PQRST still outper-
forms the selected benchmark methods in both QTDB, and
LUDB. The polarity-adaptive extrema selection, which does
not assume an upright T-wave, is particularly beneficial for
correctly identifying inverted T-waves. The fixed 150ms mini-
mum separation from the S-wave also prevents confusion with
the QRS complex. Nevertheless, the T-wave delineation still
leaves room for improvement, and further refinement. Future
work could explore adaptive sizing based on heart rate, post-
detection morphological classification, or utilization of multi-
lead information to resolve ambiguous repolarization patterns.

3) Limitations: Several limitations of the proposed method
should be acknowledged. First, although the method is
parameter-free, the search window durations for each wave-
form components were fixed based on standard adult physiol-
ogy. These may not be optimal for pediatrics, or extremely
abnormal recordings, where adaptive window scaling could
be more beneficial. Second, as the method processes each
heart independently, it does not leverage inter-beat consistency,
which could be used to correct the occasional outliers. Third,
the current implementation only utilizes single-lead signal,
which leaves the possibility for future work to investigate
the utilization of multiple lead to improve robustness. Fourth,
although our analysis identifies low amplitude as a primary
factor in detection errors, the absence of detailed patient
metadata in the public dataset precludes a comprehensive
morphological sub-analysis.

V. CONCLUSION

This work introduced a PQRST delineation framework
PAD-PQRST built on two foundational principles, physiologi-
cally derived search windows and polarity-adaptive extremum
selection. The method requires only a reliable R-peak detector,
Manikandan2012 for this instance. The search windows are
directly rooted in cardiac physiology, while the selection of

the extremum with maximal absolute deviation from the seg-
ment mean inherently handles upright, inverted, and biphasic
waves without additional heuristics. Evaluated primarily on
QTDB and LUDB, this proposed methodology proved highly
effective with F1-scores over 98.5% for delineation of QRS
components, 90.97% to 94.57% for P-waves, and 79.57% to
91.41% for T-waves, consistently surpassing complex wavelet,
and graph-based alternatives. The result underscores that a
carefully designed, physiologically grounded approach can
achieve competitive accuracy while remaining computationally
lightweight, and easy to implement.

Future work will translate the PAD-PQRST framework
into clinical and consumer-wearable applications by pursu-
ing several key avenues. First, the real-time implementation
of the algorithm on low-power embedded devices (such as
microcontrollers used in wearable ECG patches) must be
explored optimizing the localized mathematics for fixed-point
arithmetic. Second, the extension from single-lead to multi-
lead analysis will be investigated, allowing the system to lever-
age spatial redundancy across channels. Third, the adaptive
window-scaling mechanisms should be explored that dynam-
ically adjust the boundary parameters based on instantaneous
heart rate variability. Finally, this work should incorporate a
lightweight signal-quality index (SQI) module to proactively
identify and flag highly noisy recordings, ensuring high-fidelity
delineation even under severe ambulatory motion artifacts.
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