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Abstract—Robust electrocardiogram (ECG) denoising is essen-
tial for accurate clinical diagnosis, yet preserving fine morpho-
logical details under non-stationary noise remains a challenge.
This paper proposes a hybrid deep learning framework, LiWave,
which integrates Discrete Wavelet Transform (DWT) into a 1D
Convolutional Autoencoder enhanced by Squeeze-and-Excitation
(SE) blocks. Our architecture explicitly separates signals into low-
and high-frequency components through a multi-level wavelet
decomposition, processing them via residual learning paths to
ensure high-fidelity reconstruction. The model is trained on the
MIT-BIH Arrhythmia Database and NSTDB using the mean
squared error loss function and evaluated across a range of SNRs
(0, 1.25, and 5 dB). Experimental results demonstrate superior
performance, achieving an output SNR of up to 12.33 £ 4.55
dB and reducing RMSE to 0.15 + 0.08 under typical noise
conditions. Furthermore, external validation on the real-world
BKIC dataset confirms the model’s robust generalization and its
ability to preserve critical P-QRS-T waveforms for downstream
arrhythmia detection.

Index Terms—ECG denoising, convolutional autoencoder,
biomedical signal processing, SNR and morphology improvement

I. INTRODUCTION

The electrocardiogram (ECG) is a fundamental non-invasive
tool for monitoring cardiac health and detecting arrhythmias.
However, ECG signals are frequently corrupted by diverse
noise sources, including baseline wander (BW), electromyo-
graphic (EMGQG) interference, and electrode motion artifacts
(MA), which can distort the clinical morphology of P-QRS-
T complexes. While traditional filtering and standard deep
learning models have been employed, they often struggle with
a trade-off between noise suppression and the preservation of
high-frequency components or transient structures.

To address these limitations, we introduce LiWave, a de-
noising framework that leverages the multi-resolution advan-
tages of the Discrete Wavelet Transform (DWT) coupled
with residual convolutional hierarchies. Unlike conventional
autoencoders that rely on lossy pooling layers, our method uti-
lizes wavelet-based downsampling and upsampling to maintain
spectral-temporal integrity throughout the encoding-decoding
process. The integration of Squeeze-and-Excitation (SE) mod-
ules further allows the network to adaptively recalibrate

channel-wise features, focusing on the most informative com-
ponents of the denoised signal.

The main contributions of this study are summarized as
follows: Wavelet-Integrated Architecture - a hybrid design
that embeds DWT/IDWT operators directly into the latent
space as downsampling and upsampling layers to enhance
feature separation while preserving spectral-temporal integrity;
Attention-Driven Recalibration - implementation of Squeeze-
and-Excitation (SE) blocks within the residual bottleneck to
adaptively emphasize informative cardiac features and sup-
press non-stationary noise; Robust Multi-Dataset Validation -
comprehensive testing on the MIT-BIH and NSTDB databases,
covering representative noise levels {0,1.25,5} dB to ensure
stability in severe contamination scenarios [1]; Real-World
Generalization - verification of the model’s efficacy using the
in-house BKIC dataset, demonstrating the system’s readiness
for practical ambulatory monitoring with high morphological
fidelity [2].

II. METHODOLOGY
A. Preprocessing

Segmentation: Following the preprocessing protocol in the
original article, the input ECG signal is not subjected to any
additional normalization, in order to avoid distorting amplitude
information and to preserve the original characteristics of the
ECG waveform. The original ECG recordings are uniformly
segmented into fixed-length windows of 4096 samples, and
these segments are treated as clean ECG signals for the
subsequent noise synthesis stage and model training [3].

Energy-Controlled Noise Injection: From each retained
clean ECG segment, we generate paired clean-noisy training
data via controlled additive noise injection. A noise sequence
n[n] of length N is sampled from the MIT-BIH Noise Stress
Test Database (NSTDB) [1], and the noisy observation is
constructed as

[n] = wo[n] +anln] +0, ey

where a is a gain factor controlling the noise strength (thus
determining the target SNR), and b is a constant DC offset.
The result is discrete-time sequence xz[n| of length N, with
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Fig. 1: Overall architecture of the proposed wavelet-based
ECG denoising network.

n = 0,1,..., N — 1. Under this construction, each segment
corresponds to a single noise environment defined by one noise
type and one SNR level. This formulation is consistent with
the additive noise model in [3].

B. Neural Approximation of the Inverse Mapping

1) Notation and layer definitions:
a) 1D convolution: We denote a 1D convolution by

Q = Conv{ 29 (P), )

where C' and C' are the numbers of input and output channels,
k is the kernel size, and s is the stride. Given an input tensor
P € ROXN | the output is Q € RY *N/s] 1In the proposed
model, all intermediate convolutions use stride s = 1 with
padding chosen to preserve the temporal length.

b) Residual block: Since the dropout rate is set to 0.0 in
the current implementation, each residual block contains only
two convolutional layers with batch normalization and SiLU
activation. Let H € RE*N be an intermediate feature tensor.
A 1D residual block is defined as

Zy = SiLU(BN(Conv§ 7€ (H))) , 3)
Z5 = BN(Conv§ 79(21)) (4)
Res(H) = SiLU(Z, + H), )

where BN(-) denotes batch normalization and SiLU(-) denotes
the sigmoid linear unit activation.

c) Squeeze-and-excitation (SE) block: Given an input
feature tensor X € RE*N | the squeeze-and-excitation block
first compresses the temporal dimension by global average
pooling. For the c-th channel, let . € R'*Y denote the
temporal feature vector of that channel. The pooled descriptor
is computed as

N
1
c = == c 5 :1’2,..., .
2 N;le(t) c c (6)

By stacking all channel descriptors, we obtain

Z=|z,2,...,20]" € RE*L (7

The descriptor is then passed through a pointwise convolution
to reduce the channel dimension, followed by a SiLU activa-
tion:

U= SiLU(ConvaC/(Z)> . UEeRS* (8
where C’ denotes the reduced channel dimension. The com-
pressed representation is then mapped back to the original
channel dimension:

Y=Xo a(convf'rc(U)) . Y eROXN_ (9

This mechanism explicitly models inter-channel dependencies
and adaptively emphasizes informative channels while sup-
pressing less useful ones [4].

d) Wavelet down/up operators.: For an input tensor H €
RE*N " a one-level discrete wavelet transform produces the
low-frequency and high-frequency components:

cA=DWTyw(H) = fL®H |2, cA e REXN/2(10)

cD e RC XN/ 27

(1)
The low-frequency branch is propagated through the en-
coder—decoder pathway, while the high-frequency components
are refined via residual skip branches and later fused through
inverse wavelet reconstruction. The corresponding inverse
wavelet transform reconstructs the higher-resolution represen-
tation from the low- and high-frequency inputs:

H e RE*N.

¢D =DWThigh(H) = fu ® H | 2,

H = IDWT(cA, cD), (12)

The DWT and IDWT layers are implemented as fixed wavelet
filter banks using convolutional and inverse-convolutional op-
erations. Since these operations are differentiable in PyTorch,
gradients can be propagated through the entire network during
backpropagation.

e) Initial convolutional projection: Before entering the
encoder, the noisy ECG signal is first mapped to a higher-
dimensional feature space using a 1D convolutional projection
layer. Let = denote the noisy ECG signal. The initial feature
tensor is computed as

X =SiLU(BN(Convi7%(2))), X e ROV, (13)

where C' denotes the base number of feature channels and
the convolution uses kernel size 3 with stride 1 and appropriate
padding to preserve the temporal length.



2) Encoder 1: Let X € RE*N denote the feature tensor
produced by the initial convolutional projection layer applied
to the noisy ECG input signal, where C' is the base number
of channels. In the current implementation, C' = 32. The first
encoder stage contains two consecutive residual blocks:

E; = Res(Res(X)),  F € RN, (14)
A one-level discrete wavelet transform is then applied to

Ell

CA1 c RCXN/Q,

A1 = DWTioy(Ey), (15)

¢Dy = DWThign(Er), ¢Dy € REN2 0 (16)

The high-frequency branch is refined by the first skip block:

cDy = Res(eDy), cDy e ROXN/Z, 17)

3) Encoder 2: The second encoder stage operates on the
low-frequency branch from Encoder 1 and again contains two
consecutive residual blocks:

Es = Res(Res(c4y)), B, e ROXN/2, (18)
A second wavelet decomposition is then applied:
cAy = DWToy(Es), cAy € RN/ (19)
¢Dgy = DWThign(E2), cDy € REXN/A . (20)
The second skip branch is defined by
cDy = Res(cD3), eDy € REXN/4, 20D

4) Bottleneck: At the bottleneck, the deepest low-frequency
representation is refined by a residual block and then recali-
brated by the squeeze-and-excitation module:

B = SE(Res(cA)),  BeRE*N/M, (22)

5) Decoder 2: The second decoder stage takes the bottle-
neck representation as its low-frequency input and contains
two consecutive residual blocks:

cAy = Res(Res(B)), cAy € REXN/A, (23)

This feature is then combined with the refined high-
frequency branch through inverse wavelet reconstruction:

Dy = IDWT(cAy, cDy), Dy € REXN/2, (24)

6) Decoder 1: The first decoder stage again consists of two
consecutive residual blocks:

cA; = Res(Res(Dy)), cA; e RON/2 (25)

The second inverse wavelet transform restores the original
temporal resolution:

Dy = IDWT(cAy, D), Dy e RN (26)

Finally, the reconstructed feature tensor is mapped back to
a denoised ECG waveform by the output convolution:

i[n] = Conv§ 71 (Dy),  &[n] e RN, (27)

C. Loss Function

The model is trained using the Mean Squared Error (MSE)
loss between the denoised output and the corresponding clean
ECG signal. Given the fact that x¢[n] denotes the clean
reference signal and £[n] denotes the model’s output discrete-
time signal, the loss is defined as:

1 N-1

Lyuse = 5 Z (wo[n] — #[n])”

n=0

(28)

where N denotes the number of samples in the ECG segment.
This objective penalizes reconstruction errors and encourages
the network to recover the underlying cardiac morphology
while reducing noise artifacts.

III. EXPERIMENTS
A. Data Description

To ensure the robustness and reproducibility of the proposed
model across diverse noise conditions, we aggregated data
from two public databases and one locally collected dataset.

MIT-BIH Arrhythmia Database: The MIT-BIH Arrhyth-
mia Database [5], [6] serves as the primary source of clean
ECG signals. In this study, ten specific records (103, 105, 111,
116, 122, 205, 213, 219, 223, and 230) were selected to pro-
vide a balanced representation of various cardiac morphologies
and rhythms. The MLII lead was selected due to its superior
morphological consistency. All signals were resampled to 360
Hz and processed through a bandpass filter (0.67-100 Hz) to
eliminate baseline drift and high-frequency artifacts.

MIT-BIH Noise Stress Test Database (NSTDB): To
simulate real-world contamination, we utilized the MIT-BIH
NSTDB [1], which contains three representative noise types:
baseline wander (BW), muscle artifact (MA), and electrode
motion (EM). These noise profiles were additively injected
with the clean ECG segments to generate synthetic noisy
inputs at SNR levels {0,1.25,5} dB

BKIC Dataset: The BKIC dataset [2], collected at the
BKIC Laboratory, Hanoi University of Science and Tech-
nology, was employed for external validation. This dataset
consists of single-lead (MLII) ECG recordings captured under
non-stationary real-world conditions, including motion and
respiration artifacts. The signals were collected simultaneously
with other physiological modalities such as phonocardiogram
(PCG) and photoplethysmogram (PPG) using a custom non-
invasive wearable acquisition system with non-contact elec-
trodes.

B. Dataset Splitting

The integrated dataset was partitioned at the segment level
within each noisy record, following the protocol described
above, which is consistent with the data partitioning strategy
in [7]. Subject-wise evaluation will be investigated in future
studies to further assess model generalization.

o Training and Validation (90%): For each noise record,

80% of the segments were used for training and 10%
for validation. To ensure stable yet representative noise



conditions, only SNR levels of {0,1.25,5} dB were
considered during these phases.

o Internal testing (10%): The remaining 10% of the
segments from each noise record were reserved for test-
ing. Evaluation was conducted at the same representative
input SNR levels {0, 1.25,5} dB to maintain consistency
with the training conditions.

o External Testing: The entire BKIC dataset was used ex-
clusively for testing to evaluate the model’s performance
on independent, real-world noise distributions that differ
from the synthetic noise used during training.

C. Training Setup

The proposed LiWave model was implemented using the
PyTorch framework and trained on an NVIDIA GPU. The
training process employed a supervised learning approach,
optimizing the network to minimize the Mean Squared Error
(MSE) between the denoised output and the clean ground-truth
signal.

The model was trained for 100 epochs with a batch size of
512. We utilized the Adam optimizer with an initial learning
rate of 1 x 1073, The input ECG segments were fixed at a
length of 4096 samples, sampled at 360 Hz. The architecture
configuration used a base channel width of 32, depth parame-
ters of 2 for the encoder/decoder stages, and a bottleneck depth
of 1. SE blocks were integrated with a reduction ratio of 8 to
enhance feature recalibration. The model was evaluated across
multiple mother wavelets, including haar, db2, db4, db6,
sym2, sym4, sym6, coif2, coif4, and bior3.3. A safe-resume
mechanism was implemented to handle training interruptions
and ensure architectural compatibility between checkpoints
and the model.

D. Evaluation Setup

The evaluation framework was designed to compare the
proposed LiWave against four state-of-the-art baselines: DW-
CNN [7], ModelNetl [7], DNN-DAN [8] and FCN [9]. The
test set remained strictly isolated, consisting of 10% of the
records from the MIT-BIH Arrhythmia Database.

The robustness of each model was tested against three real-
world noise types: baseline wander (BW), electrode motion
(EM), and muscle artifacts (MA) provided by the NSTDB.
Simulations were conducted at input SNR levels of {0, 1.25,5}
dB. The evaluation was performed across all ten trained
wavelets to identify the optimal basis function for ECG
denoising. Before inference, a warmup phase of 5 iterations
was executed to ensure stable latency measurements. Perfor-
mance was aggregated across samples and records to provide
statistical mean and standard deviation for all results.

Figure 2 presents qualitative denoising results on a MIT-
BIH recording under severe noise contamination (SNR;,, = 0
dB). While all baseline methods suppress part of the noise,
residual artifacts and waveform distortions remain visible,
particularly around the P and T waves. FCN and ModelNetl
generate smoother outputs but still exhibit slight amplitude
attenuation and temporal misalignment. In contrast, LiWave
more closely follows the clean reference signal and better
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Fig. 2: Qualitative comparison of ECG denoising results on a
real-world recording from the MIT-BIH noise-injected dataset
under severe noise contamination (MA noise, input SNR = 0
dB). The dashed blue curve denotes the clean reference signal,
while the solid orange curve represents the output of each
model. From top to bottom: contaminated ECG, DNN-DAN,
DW-CNN, FCN, ModelNet1, and the proposed LiWave model
(haar wavelet).

preserves the morphology of the P-QRS-T complexes. Similar
visual trends were consistently observed across BW, EM, and
MA noise types, indicating that the proposed model does
not rely on characteristics specific to a single noise source.
Instead, LiWave demonstrates robust denoising behavior under
different interference patterns while preserving essential ECG
morphology. These observations suggest that the proposed
wavelet-based decomposition effectively separates noise from
clinically relevant ECG structures, resulting in improved re-
construction fidelity under real-world conditions.

Latency was measured on an NVIDIA GeForce RTX 3090
Ti using PyTorch in FP32 mode. After 5 warmup iterations,
each model was evaluated for 100 timed runs with CUDA
synchronization before and after each measurement. The re-
ported latency corresponds to the average per-sample inference
time at batch size 512. Although latency was evaluated on
an RTX 3090 Ti for reproducibility, LiWave contains only
0.07M parameters and achieves millisecond-level inference on
4096-sample ECG segments. This lightweight design suggests
potential suitability for edge and wearable devices. Future



work will evaluate the model on embedded platforms and
wearable SoCs.

E. Evaluation Metrics

To quantitatively assess the proposed LiWave model, RMSE
and SNR are used as objective metrics to evaluate denoising
quality and signal fidelity [7]. To further examine computa-
tional efficiency and real-time applicability, we report End-to-
End time (E2F), including host-to-device data transfer:

tf'in’ish - tstart
FE2F = ———— x 1000 29
Batch_Size x (ms) (29
IV. RESULTS

TABLE I: ECG denoising performance comparison across
models at three input SNR levels. Results are reported as
mean =+ standard deviation for BW, EM, and MA noise types.
Lower RMSE and higher SNR indicate better performance.

Best results are in bold and second-best are underlined.

Metric  SNR;, Model BW EM MA
DW_CNN  0.28+0.11 0.30+0.10 0.30+0.11
ModelNetl  0.30£0.11  0.31+0.10  0.30 4 0.11

0 DNN_DAN 0.23+0.10 0.2940.09  0.25+0.12
FCN 0.24+0.09 0.30£009 0.25+0.12
LiWave 0.184£0.10 0.19+0.09 0.20+0.11
DW_CNN  0.28+0.11  0.2840.09  0.28+0.10

RMSE (1) ModelNetl  0.30 £0.11  0.29+0.09  0.29 + 0.12

125 DNN_DAN 0.20+0.12  0.25+0.09  0.24 4 0.10
FCN 0.194£0.12 0.25+0.08 0.26£0.11
LiWave 0.17+0.09 0.19+0.08 0.18+0.11
DW_CNN  0.23+0.11  0.2340.06  0.23 + 0.09
ModelNetl  0.25+0.11  0.2340.06  0.23 = 0.09

5  DNN_DAN 0.2240.09 0.21£0.07  0.20 + 0.09
FCN 022£0.10 0.21+0.06 0.22%0.09
LiWave 0.15+0.08 0.16+0.06 0.16+0.09
DW_CNN  6.39+3.50 5.65+3.12 598+ 3.50
ModelNetl  5.84+3.79  543+291  5.86+ 3.56

0 DNN_DAN 8414343 5944288 7.60+3.11
FCN 7771402 550+3.10 7.50 £ 3.16
LiWave  10.74+4.54 9.76 £3.84 9.98+4.11
DW_CNN  6.32+3.90 6.36+2.77  6.26 + 3.81

SNR (1) ModelNetl ~ 5.94+4.25 5874299  6.37+3.33

125 DNN_DAN 9.46+3.78 7.31+3.02 7.88+3.58
FCN 10.05+3.81 7.28+£3.18 7.22+3.24
LiWave ~ 11.55+4.77 9.92+3.75 10.66 +4.20
DW_CNN  8.24+4.37 7.85+3.37 8.33=£3.50
ModelNetl ~ 7.78 £4.61  7.73+3.34  8.23 % 3.56

5 DNN_DAN 8.70+4.24 87943.04 9.54+3.48
FCN 8.754+4.02 8.59+3.22 8.57 £ 3.58
LiWave 1233 £4.55 11.32+3.79 11.74 + 4.34

Table I presents the quantitative denoising performance
of the evaluated models under different noise levels and

artifact types. Overall, the proposed LiWave model consis-
tently achieves the lowest RMSE values and the highest
output SNR across all input SNR conditions. The performance
improvement is particularly noticeable under severe noise
contamination (SNR;,, = 0 dB), where LiWave reduces the
reconstruction error by a significant margin compared to the
baseline models. This trend remains consistent across all three
noise types (BW, EM, and MA), suggesting that the proposed
architecture generalizes well to different physiological noise
characteristics. As the input SNR increases, all models show
improved performance; however, LiWave maintains a clear
advantage in both RMSE reduction and SNR improvement.

These results indicate that the wavelet-based feature decompo-
sition effectively enhances noise suppression while preserving
the morphological structure of ECG signals. Notably, the
performance gap becomes more pronounced at lower input
SNR levels, indicating that the proposed LiWave architecture
is particularly effective in challenging denoising scenarios.
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Fig. 3: Comparison of denoising performance across mother
wavelets in LiWave. Each marker shows the average perfor-
mance in terms of output SNR (x-axis) and RMSE (y-axis)
at SNR;,, = 0 dB and 5 dB. Dashed ellipses indicate result
groupings under the two noise conditions.
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Fig. 4: The figure presents a qualitative comparison of ECG
denoising results on the BKIC dataset using five models:
DNN-DAN, DW-CNN, FCN, ModelNetl, and LiWave. In
each subplot, the dashed line denotes the noisy input ECG,
while the solid line denotes the denoised output of the corre-
sponding model.

Figure 3 compares the reconstruction performance obtained
using different mother wavelets within the LiWave framework.



Despite the variation in wavelet bases, most configurations
achieve comparable output SNR values with similar RMSE
levels. This indicates that the proposed architecture is rela-
tively robust to the choice of wavelet family. In particular,
several wavelets such as sym4, coif4, and bior3.3 exhibit
slightly better performance, suggesting a favorable balance
between noise suppression and signal reconstruction fidelity.

Figure 4 clearly shows that LiWave preserves the mor-
phology of the P-QRS-T complexes more effectively while
introducing fewer residual artifacts than the baseline models.
In particular, sharper QRS complexes and smoother baseline
reconstruction are observed under real-world noisy conditions.

Figure 5 illustrates the trade-off between model complexity
and computational efficiency for the evaluated architectures.
While larger models such as FCN contain substantially more
parameters, they do not necessarily achieve lower inference
latency. In contrast, the proposed LiWave model maintains a
relatively small parameter count while providing competitive
end-to-end processing time. This indicates that the integra-
tion of wavelet-based decomposition enables efficient feature
representation without requiring a large number of learnable
parameters.
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Fig. 5: Comparison of evaluated models in terms of parameter
count (horizontal axis) and average end-to-end inference time
(vertical axis). The bubble size represents the variation in
inference time.

V. CONCLUSION

This paper presents LiWave, a lightweight wavelet-residual
framework for robust ECG signal denoising. By integrating
the Discrete Wavelet Transform (DWT) directly into a con-
volutional autoencoder architecture with residual connections
and Squeeze-and-Excitation (SE) attention mechanisms, the
proposed model effectively separates noise components from
clinically relevant ECG morphology. The wavelet-based multi-
resolution representation enables the network to suppress high-
frequency noise while preserving the spectral and structural
characteristics of the P-QRS-T complexes, consistent with the
advantages of wavelet-domain analysis reported in [10], [11].

Experimental results demonstrate that LiWave consistently
achieves lower RMSE and higher output SNR compared to
baseline CNN-based denoising models across evaluated noise
levels (0, 1.25, and 5 dB). The combination of residual learn-
ing and channel-wise feature recalibration allows the model
to focus on informative signal components while reducing

residual noise artifacts. The use of the MSE loss further
promotes stable optimization and encourages the preservation
of global ECG waveform morphology during reconstruction
[3].

Additional validation on the BKIC dataset [2] further indi-
cates that the proposed framework generalizes effectively to
real-world non-stationary noise conditions, including motion
artifacts and muscle interference commonly encountered in
ambulatory monitoring environments, similar to the noise
characteristics described in the NSTDB dataset [1].

Although the current study focuses on single-lead ECG
recordings, the proposed architecture demonstrates promising
potential for practical deployment due to its compact design
and efficient inference capability. Since DWT and residual
feature extraction are channel-agnostic, the framework can
be naturally extended to multi-lead ECG through independent
lead processing or multi-channel feature fusion. Future work
will explore extending the framework to multi-lead clinical
datasets and integrating the denoising module with down-
stream ECG analysis tasks such as arrhythmia classification.
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