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Abstract

Detecting the onsets and offsets of the P, QRS, and T
waves in electrocardiogram (ECG) signals is essential for
clinical applications. However, ECG segmentation re-
mains challenging due to noise and artefacts. Our pre-
vious ConvLSTM4 pipeline outperformed state-of-the-art
methods but lacked explainability and had high computa-
tional complexity. This study presents a lightweight and
explainable ECG segmentation method based on time-
frequency representations and ECG physiology. The
method combines: i) a time-frequency representation of a
band-filtered ECG signal, ii) sample-wise onset/offset de-
tection using a lightweight linear MLP, and iii) adaptive
soft-thresholding to suppress low-confidence responses.
Forward causal and backward anti-causal estimations
are used to improve robustness. Using two Phys-
ioNet databases (QT for training and LU for testing), a
database-independent evaluation strategy was employed
to compare our method our method with three supervised
methods (UNet, ConvLSTMgs,, and ConvLSTMy;4) and two
unsupervised methods (ECGDeli and ECGKit). The pro-
posed method achieves linear computational complexity
compared with the quadratic complexity of ConvLSTM .
These results demonstrate its potential for accurate seg-
mentation and generalization to unseen data.

1. Introduction

Early detection of abnormalities and automated in-
terpretation of electrocardiogram (ECG) signals are es-
sential for clinical applications. Accurate segmentation
of the P, QRS, and T waves is a key step in reliable
ECG analysis. However, this task remains challenging
due to noise and artefacts. ECG segmentation meth-
ods fall into two main categories: unsupervised and su-
pervised. Unsupervised methods mainly based on sig-
nal processing techniques [1,2]. Among supervised ap-
proaches, Deep Learning (DL) methods have achieved re-
markable performance in ECG segmentation by learning

complex representations from large datasets. Convolu-
tional Neural Networks (CNNs), Recurrent Neural Net-
works (RNNs), Long Short-Term Memory (LSTM) net-
works, ConvLSTM architectures, and UNet-based frame-
works have achieved state-of-the-art performance across
several public databases [3,4]. In previous work [5], we
proposed a three-stage ConvLSTMya ECG segmentation
pipeline combining preprocessing, a CNN-LSTM model
with multi-head attention, and physiology-informed post-
processing.

Although outperforming state-of-the-art supervised and
unsupervised methods [5], this approach has high compu-
tational cost and operates as a black-box system. This lack
of explainability limits the understanding of model predic-
tions and reduces clinical trust. Additionally, these highly
expressive models have limited interpretability, as their
predictions are difficult to relate to input features compared
with simpler models such as linear regression. Their large
number of parameters also increases computational com-
plexity, limiting deployment on resource-constrained de-
vices. Moreover, most DL models are evaluated on a single
ECG database, limiting their generalizability. These limi-
tations highlight the need for ECG segmentation methods
that combine transparent decision-making, interpretable
feature representations, low model complexity, and strong
generalization performance while maintaining high seg-
mentation accuracy.

To address these limitations, we propose SPWVDgip in,
a lightweight and explainable ECG segmentation method
that uses ECG physiology and formulates segmentation
as a linear regression problem. The method consists of
three main steps: (i) SPWVD-based Time-Frequency
Representation, which captures the spectral and local
temporal characteristics of the ECG signal; (ii) Bidirec-
tional Linear Delineation,which estimates continuous de-
lineation scores from frequency features within a sliding
window using two linear branches: a forward (causal)
branch based on preceding samples and a backward (anti-
causal) branch based on future samples; and (iii) Adaptive
Soft-Thresholding, which identifies wave onsets and off-
sets. This physiologically grounded method provides in-



terpretable decisions with low computational complexity
and good generalization.

Finally, a database-independent evaluation strategy, us-
ing two databases from PhysioNet (QT [6] for train-
ing and LU [7] for testing) was exploited to com-
pare our pipeline with with three supervised methods
(ConvLSTMpa [5],ConvLSTMga [3], and UNet [4]) and
two commonly used unsupervised ones (ECGDeli [8] and
ECGK:it [9]).

2. Methodology

2.1. The proposed SPWVDg;;in method

SPWVD-based Time-Frequency Representation: In
this step, the raw ECG signals were normalized using
absolute-value normalization and filtered with 50-Hz notch
and 0.5-Hz high-pass filters to reduce power-line inter-
ference and baseline drift, as shown in Figure 1. But-
terworth bandpass filters were then applied to empha-
sise the dominant frequency ranges of the P, QRS and
T waves[10] (3—11 Hz, 8-50 Hz and 1-10 Hz, respec-
tively). The filtered signals were then transformed us-
ing the Smoothed Pseudo Wigner—Ville Distribution (SP-
WVD) [11], which provides a balanced time—frequency
representation while reducing interference terms through
time and frequency smoothing. The SPWVD is defined as
SPWVD,(t, f) = /Z /i g(w)h(r)z (t+u+ %) ot (t+uf %) eI dr du
where g(u) and h(7) denote the time- and frequency-
smoothing windows, respectively. Hanning and Hamming
windows were used for temporal and frequency smooth-
ing. The window lengths were adapted to each ECG com-
ponent: (L;, L) = (161,7) and (111, 7) for P-wave on-
set and offset detection, (99,11) for QRS detection, and
(61,9) for T-wave detection. The resulting SPWVD pro-
vides local time—frequency features used in the next step.

Bidirectional Linear Delineation: At this stage, a sep-
arate model is trained for each of the six ECG bound-
aries: P-onset, P-offset, QRS-onset, QRS-offset, T-onset,
and T-offset. For each candidate sample (see Figure 1),
two complementary linear regressors process the local SP-
WVD representation: a causal branch using preceding
samples and an anti-causal branch using following sam-
ples. For an input window X € RN¢*L both branches are
expressed using a unified formulation. Let r € c,a de-
note the branch, where ¢ and a represent the causal and
anti-causal branches, respectively. The corresponding lin-
ear score is given by: a” = Z}V:fl w}(z,{;l v, +
bY) + b5 r € c,a where 2" f, ¢ denotes the SPWVD
value at frequency bin f and temporal position ¢ for branch
r. Here, Ny = 256 is the number of frequency bins and
L = 31 is the temporal window length. The parameters
w’ and vy are the learned frequency and temporal weights,

while b7 and b5 are the inner and outer biases, respectively.
Thus, a¢ and a® denote the linear scores from the causal
and anti-causal branches. Each branch performs linear re-
gression on the SPWVD features. Their outputs are then
combined linearly and passed through a sigmoid activa-
tion: § = o (a.a® + agza® + b,) where o, and «, weight
the causal and anti-causal contributions, respectively. The
model has only 581 trainable parameters, with no non-
linear hidden layers. Since the original delineation tar-
get is binary (i.e., one for the presence of the correspond-
ing landmark and zero otherwise), it is converted into a
continuous target by convolving each annotation with a

2
Gaussian-shaped window g(n) = exp <ln(k’) (%) )

Here, N denotes the window length and k£ € (0,1) con-
trols the boundary attenuation. The window peaks at 1
for n = 0 and is equivalent to a Gaussian function with
o =1/y/—21n(k). In this study, ¥ = 0.005 and N = 21
were empirically selected for optimal delineation perfor-
mance.

Adaptive Soft-Thresholding: This stage applies adap-
tive soft-thresholding to the continuous delineation scores
to suppress low-confidence responses while preserv-
ing high-confidence onset and offset landmarks. For
ECG wave v € {P,QRS,T} and landmark j €
{onset, offset}, the refined score §\7) is computed as
§ld) = §sd) o (o (|9"9)| — B)) where o(-) is the sig-
moid function, 8 is a learnable threshold, and « controls
the transition sharpness. The landmark is selected as the
highest-scoring sample above the learned threshold. This
suppresses spurious responses and improves delineation
robustness, particularly for weak or absent waves. Finally,
the detected onset and offset landmarks are paired to re-
construct the P, QRS, and T waves.

2.2. Dataset and training strategy

In this study, a database-independent evaluation strategy
is adopted. The proposed SPWVDg; ;, method is trained
on the QT Database (QTDB) [6] and evaluated on the LU
Database (LUDB) [7]. QTDB contains 105 15-min record-
ings sampled at 250 Hz, while LUDB comprises 200 10-
s, 12-lead recordings sampled at 500 Hz. The method is
trained using 80% of QTDB, with the remaining 20% used
for validation. It consists of two stages: first, six bidi-
rectional linear regressors are trained to estimate the on-
set and offset scores of the P, QRS, and T waves; second,
six adaptive soft-thresholding functions are independently
optimized on the validation set using MSE loss with early
stopping. The learned thresholds are then fixed during in-
ference. Finally, SPWVDg; i, is evaluated on the entire
LUDB without retraining, fine-tuning, or parameter adap-
tation. All supervised and unsupervised methods are eval-
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Figure 1. Proposed SPWVDg;1 i, method for ECG waves segmentation.

uated on LUDB for fair comparison.

3. Experiments and results

ECG segmentation performance is evaluated using Sen-
sitivity, Precision, and F1-score, collectively referred to as
Criterion 1. To assess incorrect wave detections, Cri-
terion 2 measures the False Detection Rate (FDR) as:
FDR = ("”_Zﬂ, where n,, and n; denote the num-
bers of detected and expert-annotated waves, respectively.
Computational complexity is assessed using two metrics:
the number of trainable parameters (Criterion 3) and
Floating-Point Operations (FLOPs, Criterion 4), with one
FLOP defined as a multiplication followed by an addition.

The results for Criteria 1 and 2 are presented in Table 1.
According to Criterion 1, supervised methods outperform
unsupervised methods. The best F1-scores achieved by un-
supervised methods are 79.2%, 80.6%, and 77.6% for the
P, QRS, and T waves, respectively, while supervised meth-
ods achieve 84-89%. The proposed SPWVDgy i, achieves
the best performance across all waves, with Fl-scores of
88.5%, 88.9%, and 88.9% for the P, QRS, and T waves, re-
spectively. Regarding Criterion 2, the DL-based methods
ConvLSTMg, and UNet tend to overdetect the P, QRS,
and T waves, while the unsupervised ECGKit underde-
tects the P and T waves. Note that, SPWVDg;1i, consis-
tently achieves lower over/underdetection than other DL-
based methods without requiring a postprocessing stage,
such as ConvLSTMys. Table 2 compares the com-
putational complexity of the DL-based methods. The
proposed SPWVDgj i, is substantially more lightweight,
with only 3,486 trainable parameters, representing over
97% fewer parameters than the other methods. It also
has linear computational complexity, requiring 104490 N

FLOPs, where N is the number of ECG samples, com-
pared with the quadratic complexity of ConvLSTMya and
ConvLSTMga. These results demonstrate the computa-
tional efficiency of SPWVDg;; i, while maintaining strong
segmentation performance.

The proposed method provides an interpretable linear
representation of the causal and anti-causal windows. Each
branch independently estimates the contribution of tempo-
ral samples, which are combined with frequency informa-
tion to produce a scalar score, a® and a®. The final predic-
tion combines both scores using learned weights, allowing
the contribution of each temporal direction to be directly
interpreted. To improve explainability, saliency maps are
used to identify the temporal regions contributing most to
the predictions. As shown in Fig. 2. For P-wave onset and
offset detection, the method mainly relies on the region
surrounding the target event. QRS-onset detection consid-
ers the region around the QRS onset, P-wave peak, and
QRS end, while QRS-offset detection relies mainly on the
R peak and ST segment. T-wave onset and offset detection,
the methodmainly relies on the regions around the S point
of the QRS complex and the T-wave peak.

4. Conclusion

In this study, we propose a lightweight, efficient, and
fully explainable method for ECG wave segmentation. The
method combines SPWVD-based Time-Frequency Repre-
sentation, Bidirectional Linear Delineation, and Adaptive
Soft-Thresholding to suppress low-confidence responses.
Experiments under a database-independent evaluation pro-
tocol demonstrated that the proposed method outperforms
existing methods. In addition, SPWVDg;;, is more com-
putationally efficient, requiring fewer FLOPs while main-
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Figure 2. Saliency maps highlighting the temporal regions
contributing most to the method predictions.

Table 1. Criteria 1 and 2 of the six testedeSethods.
R T

Criteria Metric Model P
ECGDeli 96.30 95.42 84.29
Sensifivity __ECOKI 7842 82.59 7372
UNet 83.53 81.39 86.40
ConvLSTMgA 8539 9537 90.92
ComLSTMpA 8245 8821 87.04
SPWVDRII in 83.17 88.12 87.85
= ECGDeli 67.31 69.76 7115
£ Precision ECGKit 7236 59.09 8183
2 UNet 84.69 92.89 82.70
S ConvLSTMg A 90.16 78.79 83.68
ConvLSTMjA 9471 8821 88.50
SPWVDRi i1 9446 89.74 90.06
ECGDeli 7924 80.60 77.16
Flascore ECGkit 7527 68.89 77.56
ONet 8411 86.76 8451
ConvLSTMgA 8771 86.29 87.15
ConvLSTMjA 88.15 8834 87.76
SPWVDR in 8846 8892 88.97
ECGDeli 2477 2304 0.987
= FDR [%] ECGKit 3633 12757 -18.106
£ UNet 2477219423 244H
2 ConvLSTMgA 16597 11.604 18930
S ComLSTMys _ -1816 0.164 0246
SPWVDRiLin 0740 0247 1316
Table 2. Performances of the DL-based approaches in
terms of complexity.
Number of FLOPs FLOPs
Model Parameters (N time samples) (N = 1 time sample)
Unet 167,748 212162 X N 212162
ConvLSTMg 364,100 256 x N2 4 213504 x N 213760
ConvLSTMp\jA 461,188 544 X N2 + 361728 X N 362272
SPWVDgiLin 3,486 104490 x N 104490

taining robust segmentation performance. The proposed
method provides an interpretable linear representation of
the causal and anti-causal windows, allowing the contri-
bution of each temporal direction to the delineation deci-
sion to be directly analysed. This study also uses saliency
maps to enhance explainability by identifying the tempo-
ral regions that most influence the model’s predictions.
The study’s findings show that the proposed lightweight
and fully explainable method improves the interpretabil-
ity, computational efficiency, and cross-database general-
ization of ECG segmentation.
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