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Abstract—ECG denoising is crucial for improving signal qual-
ity while preserving clinically important waveform morphology.
Recent DWT/IDWT-based deep wavelet convolutional networks
have shown promising performance by retaining multi-resolution
information during feature compression and reconstruction.
However, the learned approximation- and detail-related fea-
ture channels may contribute unequally to ECG restoration,
while standard convolutional blocks do not explicitly recalibrate
their relative importance. To address this limitation, this paper
proposes DW-SE, a stage-selective enhancement of DW-CNN
that integrates Squeeze-and-Excitation (SE) blocks into selected
stages of a wavelet-assisted 1-D encoder–decoder architecture.
By combining DWT-based multi-resolution representation, skip
connections, and adaptive channel-wise recalibration, DW-SE
adjusts the relative contributions of feature channels during
reconstruction. Experiments under baseline wander, electrode
motion, and muscle artifact noise show that DW-SE consistently
outperforms baseline models across all evaluated input SNR
levels. Averaged over all settings, DW-SE achieves an RMSE
of 0.183 and an output SNR of 10.46 dB, with the best case
reaching an RMSE of 0.15 and an output SNR of 12.37 dB.
Beyond these controlled experiments, a qualitative case study on
real-world BKIC recordings further suggests that DW-SE can
suppress non-stationary disturbances while retaining major ECG
waveform structures.

Index Terms—ECG denoising, discrete wavelet transform,
squeeze-and-excitation, deep learning.

I. INTRODUCTION

Electrocardiogram (ECG) denoising remains challenging
because noise suppression must be achieved without distorting
diagnostically important waveform structures, including the P
wave, QRS complex, and T wave. Traditional wavelet-based
methods are well suited to this task because they provide a
multi-resolution representation of non-stationary ECG signals,
and prior work has shown that different wavelet subbands
should not be treated uniformly during denoising [1]. More
recently, Jin et al. proposed a deep wavelet convolutional
neural network (DW-CNN) that replaces conventional pooling
and up-sampling with DWT- and IDWT-based operations in
an encoder–decoder architecture, thereby reducing information
loss during feature compression and reconstruction [2].

However, retaining multi-resolution features alone may not
fully exploit the information provided by wavelet decom-
position. After each DWT operation, the network preserves

feature channels associated with approximation and detail
components, which capture different aspects of the ECG wave-
form and may contribute unequally to reconstruction under
different noise conditions. In the original DW-CNN architec-
ture, these channels are processed by standard convolutional
blocks without an explicit mechanism to adjust their relative
importance. To address this limitation, we introduce Squeeze-
and-Excitation (SE) blocks, which provide a lightweight mech-
anism for modeling inter-channel dependencies and adaptively
recalibrating channel responses [3]. The relevance of attention-
based feature recalibration to ECG denoising is also supported
by recent multi-resolution attention models such as MrSeNet
[4]. Based on this motivation, we propose DW-SE, a stage-
selective extension of DW-CNN that incorporates SE blocks
into selected stages of a DWT/IDWT-based 1-D encoder–
decoder architecture.

This study makes three main contributions by extending the
DW-CNN architecture with SE blocks at selected encoder, bot-
tleneck, and decoder stages to adaptively recalibrate wavelet-
derived feature channels. Second, we evaluate the effect of SE-
block placement through an ablation study. Third, we compare
the proposed DW-SE model with existing baselines under
baseline wander, electrode motion, and muscle artifact noise
at multiple input SNR levels, and provide a qualitative case
study on real-world BKIC recordings.

II. METHODOLOGY

A. Signal Preprocessing and Noise Synthesis

Segmentation: Following the DW-CNN preprocessing pro-
tocol [2], 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.

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
η[n] of length N is sampled from the MIT-BIH Noise Stress
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Fig. 1. Overview of the proposed DW-SE architecture with
DWT/IDWT-based encoder–decoder stages and SE-enhanced
convolutional blocks.

Test Database (NSTDB) [5], and the noisy observation is
constructed as

x[n] = x0[n] + a η[n] + b. (1)

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 x[n] of length N , with
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 [6].

B. Proposed DW-SE Architecture

1) Notation and layer definitions: This section introduces
the notation and the main building blocks used in the DW-
SE model, including 1D convolution, skip connection, and the
squeeze-and-excitation mechanism.

1D convolution: We denote a 1D convolution by

Q = ConvC→C′

k, s (P ), (2)

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 ∈ RC×N , the output is Q ∈ RC′×⌊N/s⌋. In our
implementation, all intermediate convolutions use kernel size

k = 3 and stride s = 1, with padding chosen to preserve the
temporal length.

Convolution block: Following the DW-CNN design, each
convolution block consists of five consecutive 1D convolutions
[2]. We denote such a block by

Q = ConvBC→C′
(P ), (3)

where P ∈ RC×N and Q ∈ RC′×N . In the first and second
encoder stages, the block outputs 64 channels. In the latent
block and the decoder refinement block, the five-layer block
is followed by one additional convolution so that the final
output is restored to 128 channels, consistent with the original
DW-CNN architecture [2].

Squeeze-and-excitation block: Given an input feature
vector X ∈ RC×N , the squeeze-and-excitation block first
compresses the temporal dimension by global average pooling
(GAP). For the c-th channel, let xc ∈ R1×N denote the
temporal feature vector of that channel. The pooled descriptor
is then computed as

zc =
1

N

N∑
n=1

xc(n), c = 1, 2, . . . , C. (4)

By stacking all channel descriptors, we obtain

Z = [z1, z2, . . . , zC ]
T ∈ RC×1. (5)

The descriptor Z is then passed through a pointwise convo-
lution to reduce the channel dimension, followed by a ReLU
activation:

U = ReLU
(
ConvC→C′

1, 1 (Z)
)
, U ∈ RC′×1. (6)

Next, the compressed representation is mapped back to the
original channel dimension by another pointwise convolution,
and the resulting channel weights are normalized by a sigmoid
function. The final recalibrated output is obtained by channel-
wise scaling:

Y = X ⊙ σ
(
ConvC

′→C
1, 1 (U)

)
, Y ∈ RC×N . (7)

This mechanism explicitly models inter-channel dependencies
and adaptively emphasizes informative channels while sup-
pressing less useful ones [3].

Convolution-SE block: For notational simplicity, we define

CSEC→C′
(H) = SE

(
ConvBC→C′

(H)
)
. (8)

Thus, each intermediate block first extracts features by con-
volution and then applies channel-wise recalibration.

Wavelet down/up operators: In DW-CNN, the DWT-based
pooling layer replaces conventional pooling by decomposing
the input into low-frequency and high-frequency components.
According to [2], the outputs of a one-level DWT are defined
as follows:

cA = DWTlow(H) = fL ⊗H ↓ 2, cA ∈ RC×N/2, (9)

cD = DWThigh(H) = fH ⊗H ↓ 2, cD ∈ RC×N/2,
(10)

where fL and fH are the low-pass and high-pass filters,
respectively, ⊗ denotes convolution, and ↓ 2 denotes down-
sampling by a factor of 2. In the notation of the original paper,
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the low-frequency output corresponds to the approximation
coefficients and the high-frequency output corresponds to the
detail coefficients.

The corresponding inverse transform reconstructs the
higher-resolution representation from the low- and high-
frequency branches:

H = IDWT(cA, cD), H ∈ RC×N . (11)

2) Encoder: Let the noisy ECG segment be represented by
x[n] ∈ R1×N . In the first encoder stage, the signal is processed
by a Convolution block,

E1 = ConvB1→64(x[n]), (12)

producing a 64-channel feature tensor E1 ∈ R64×N . This
tensor is preserved for the first skip connection. A one-level
wavelet decomposition is then applied:

cA1 = DWTlow(E1), cA1 ∈ R64×N/2, (13)

cD1 = DWThigh(E1), cD1 ∈ R64×N/2, (14)

where both cA1 and cD1 lie in R64×N/2. Their stacking along
the channel dimension forms the pooled representation

P1 =

[
cA1

cD1

]
, P1 ∈ R128×N/2. (15)

In the second encoder stage, this pooled representation is
processed by

E2 = CSE128→64(P1), (16)

yielding E2 ∈ R64×N/2. This tensor is preserved for the
second skip connection. A second wavelet decomposition is
then applied:

cA2 = DWTlow(E2), cA2 ∈ R64×N/4, (17)

cD2 = DWThigh(E2), cD2 ∈ R64×N/4. (18)

Their stacking along the channel dimension gives

P2 =

[
cA2

cD2

]
, P2 ∈ R128×N/4. (19)

3) Bottleneck: At the bottleneck, the compressed wavelet-
informed representation P2 ∈ R128×N/4 is refined by a
convolution-SE block whose final output is restored to 128
channels:

B = CSE128→128(P2), B ∈ R128×N/4. (20)

This stage preserves the latent design of DW-CNN while
augmenting it with explicit channel-wise recalibration [2], [3].

4) Decoder: Before the first inverse wavelet transform, the
bottleneck representation B ∈ R128×N/4 is interpreted as the
channel-wise stacking of the reconstructed low- and high-
frequency components at the second wavelet level:

B =

[
cÂ2

cD̂2

]
, cÂ2, cD̂2 ∈ R64×N/4. (21)

Here, cÂ2 and cD̂2 denote the learned approximation and
detail features produced by the bottleneck block, respectively.

The first decoder stage then reconstructs the intermediate-
resolution feature tensor by inverse wavelet transform:

D̃2 = IDWT(cÂ2, cD̂2), D̃2 ∈ R64×N/2. (22)

This tensor is fused with the second encoder output by
element-wise addition:

D̂2 = D̃2 + E2. (23)

The fused representation is then refined by a convolution-SE
block, producing

D2 = CSE64→128(D̂2), D2 ∈ R128×N/2. (24)

Before the second inverse wavelet transform, the tensor D2

is again interpreted as the stacking of a low-frequency branch
and a high-frequency branch:

D2 =

[
cÂ1

cD̂1

]
, cÂ1, cD̂1 ∈ R64×N/2. (25)

Here, cÂ1 and cD̂1 denote the reconstructed approximation
and detail features at the first wavelet level.

The second decoder stage restores the original temporal
resolution:

D̃1 = IDWT(cÂ1, cD̂1), D̃1 ∈ R64×N . (26)

This output is fused with the first encoder output:

D̂1 = D̃1 + E1, D̂1 ∈ R64×N , (27)

Finally, the output block maps the fused representation back
to the denoised ECG waveform:

y[n] = ConvB64→1(D̂1), y[n] ∈ R1×N . (28)

where y[n] ∈ R1×N is the final denoised signal. Here,
ConvB64→1 denotes the final convolution block, whose last
convolution layer projects the 64-channel fused representation
to a single output channel corresponding to the denoised ECG
signal.

III. EXPERIMENTS

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.

A. Data Description

MIT-BIH Arrhythmia Database: The MIT-BIH Arrhyth-
mia Database [7], [8] 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 extracted for analysis due
to its superior morphological consistency compared to V1/V5.
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
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Fig. 2. Output SNR distributions of DW-SE using different
wavelet bases under BW, EM, and MA noise, aggregated
across input SNR levels of 0, 1.25, and 5 dB. The values
above the boxplots denote the mean output SNR.

NSTDB [5], 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 [9], 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

Following the partitioning strategy in [2], the MIT-BIH-
derived dataset was split at the segment level within each noisy
record. For each noise configuration, 80% of the segments
were used for training, 10% for validation, and the remaining
10% for internal testing. The same input SNR levels of
0, 1.25, 5 dB were used across all subsets. The BKIC dataset
was excluded from training and validation and was used only
as a qualitative case study to illustrate model behavior under
independently collected real-world noisy conditions.

C. Training setup

The proposed DW-SE model was implemented in PyTorch
and trained on an NVIDIA GPU using supervised learning
with mean squared error (MSE) loss. Training was performed
for 100 epochs with a batch size of 512 using the Adam
optimizer and an initial learning rate of 1× 10−3. Each input
ECG segment contained 4096 samples at a sampling rate

Fig. 3. Qualitative comparison of ECG waveforms denoised
by different models under EM noise at 0 dB input SNR,
compared with the clean reference signal.

of 360 Hz. Within each SE module, the channel descriptors
are reduced by a factor of 8 before being expanded back
to the original number of feature channels. To examine the
influence of the wavelet basis, DW-SE was independently
trained and evaluated under the same protocol using nine
wavelet functions: sym4, bior3.5, dmey, db8, rbio3.5, db4,
coif3, sym8, and haar.

D. Evaluation setup

The proposed DW-SE model was compared with four
baselines: DW-CNN [2], ModelNet1 [2], DNN-DAN [10],
and FCN [11]. The internal test set consisted of 10% of the
segments generated from the selected MIT-BIH records and
was excluded from training. Model performance was evaluated
under BW, EM, and MA noise synthesized using NSTDB
recordings at input SNR levels of 0, 1.25, 5 dB. The influence
of the wavelet basis on DW-SE was examined using nine
independently trained wavelet configurations, while the main
baseline comparison and SE-block placement ablation were
reported using the Haar wavelet. For latency measurement,
five warm-up iterations were followed by 100 timed runs with
CUDA synchronization. The reported latency is the average
per-sample inference time at a batch size of 512 on an NVIDIA
GeForce RTX 3090 Ti in FP32 mode.
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TABLE I
Performance comparison of denoising models using the Haar
wavelet based on RMSE and output SNR under various
noise conditions.
Metric SNRin Model BW EM MA

RMSE

0

DW-CNN 0.28± 0.11 0.30± 0.10 0.30± 0.11
ModelNet1 0.30± 0.11 0.31± 0.10 0.30± 0.11
DNN DAN 0.23± 0.10 0.29± 0.09 0.25± 0.12
FCN 0.24± 0.09 0.30± 0.09 0.25± 0.12
DW-SE 0.19± 0.10 0.21± 0.08 0.20± 0.11

1.25

DW-CNN 0.28± 0.10 0.28± 0.09 0.28± 0.10
ModelNet1 0.30± 0.11 0.29± 0.09 0.29± 0.12
DNN DAN 0.20± 0.10 0.25± 0.09 0.24± 0.10
FCN 0.19± 0.09 0.25± 0.08 0.26± 0.11
DW-SE 0.18± 0.10 0.20± 0.08 0.19± 0.11

5

DW-CNN 0.23± 0.11 0.23± 0.06 0.23± 0.09
ModelNet1 0.25± 0.11 0.23± 0.06 0.23± 0.09
DNN DAN 0.22± 0.09 0.21± 0.07 0.20± 0.09
FCN 0.22± 0.10 0.21± 0.06 0.22± 0.09
DW-SE 0.15± 0.09 0.16± 0.06 0.17± 0.08

SNR

0

DW-CNN 6.39± 3.50 5.65± 3.12 5.98± 3.50
ModelNet1 5.84± 3.79 5.43± 2.91 5.86± 3.56
DNN DAN 8.41± 3.43 5.94± 2.88 7.60± 3.11
FCN 7.77± 4.02 5.50± 3.10 7.50± 3.16
DW-SE 10.47± 4.40 8.82± 3.74 9.85± 4.19

1.25

DW-CNN 6.32± 3.90 6.36± 2.77 6.26± 3.81
ModelNet1 5.94± 4.25 5.87± 2.99 6.37± 3.33
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
DW-SE 10.84± 4.62 9.19± 3.54 10.39± 4.44

5

DW-CNN 8.25± 4.37 7.85± 3.37 8.33± 3.50
ModelNet1 7.78± 4.61 7.73± 3.34 8.23± 3.48
DNN DAN 8.70± 4.24 8.79± 3.04 9.54± 3.48
FCN 8.75± 4.02 8.59± 3.22 8.57± 3.58
DW-SE 12.37± 4.77 11.01± 3.69 11.23± 4.01

E. Evaluation Metrics

To quantitatively assess the proposed DW-SE model, RMSE
and SNR are used as objective metrics to evaluate denoising
quality and signal fidelity [2]. To further examine computa-
tional efficiency and real-time applicability, we report the End-
to-End time (E2E), including host-to-device data transfer:

E2E =
tfinish − tstart
Batch Size

× 1000 (ms) (29)

IV. RESULTS

As shown in Fig. 2, the choice of wavelet basis affects
the denoising performance of DW-SE. Among the evaluated
wavelets, Haar achieves the highest mean output SNR across
all three noise types, reaching 11.23 dB for BW, 9.67 dB for
EM, and 10.49 dB for MA. EM generally produces lower
output SNR values than BW and MA, indicating that it is
the most challenging evaluated noise condition. Based on
this post-hoc comparison, the subsequent baseline comparison
and SE-block placement ablation are reported using the Haar
wavelet.

Table I shows that the proposed DW-SE model consistently
achieves the lowest RMSE and highest output SNR across
all evaluated noise types (BW, EM, and MA) and input SNR
levels (SNRin = 0, 1.25, and 5 dB). Averaged over the nine
noise configurations, DW-SE obtains a mean RMSE of 0.183

and an average output SNR of 10.46 dB, outperforming the
strongest baseline, DNN-DAN, by approximately 21.1% in
RMSE and 2.28 dB in SNR. Its performance also improves
consistently as the input SNR increases: the average RMSE
decreases from 0.20 at 0 dB to 0.19 at 1.25 dB and 0.16
at 5 dB, while the corresponding output SNR increases from
9.71 dB to 10.14 dB and 11.54 dB, respectively. Among
the evaluated noise types, EM remains the most challenging,
producing higher RMSE and lower output SNR values across
the compared models. Nevertheless, DW-SE maintains a clear
performance advantage under all evaluated conditions.

As illustrated in Fig. 3, the waveform comparison under
EM noise at SNRin = 0 dB shows that DW-SE produces a
denoised signal that more closely follows the clean reference
than the compared baselines. In particular, the model re-
duces residual fluctuations while retaining the major waveform
structures, including the sharp transitions associated with the
QRS complexes. The reconstructed waveform also avoids
excessive smoothing, suggesting a favorable trade-off between
noise suppression and morphology preservation under this
representative condition.

As indicated by Table I and Fig. 2, EM is the most
challenging evaluated noise type. Therefore, the SE-block
placement ablation in Table II is conducted under EM noise
at SNRin = 0 dB. In DW-SE, SE blocks are incorporated
at three stages: the encoder, bottleneck, and decoder. Adding
an SE block at any individual stage improves performance
over the original DW-CNN, with bottleneck placement pro-
viding the strongest single-stage result. The complete DW-
SE configuration achieves the best performance, reducing
RMSE from 0.300 to 0.210 and increasing output SNR from
5.650 dB to 8.820 dB. These results indicate that multi-stage
channel recalibration provides complementary benefits under
challenging noise conditions.

Fig. 4 presents denoising results on representative real ECG
signals from the BKIC dataset. Under BW noise, model
differences are most noticeable in the final 2–3 s segment
where weak ECG activity is affected by baseline drift. Model-
Net1 and DW-CNN retain residual fluctuations, while DW-
SE produces a more stable signal with improved baseline
suppression.

The end-to-end efficiency comparison is shown in Fig. 5.
DNN-DAN is the fastest model with an average latency of 2.11
ms and 0.23M parameters, while FCN requires 2.36 ms despite
having the largest parameter count (0.74M). The proposed
DW-SE model contains 0.37M parameters and requires 7.17
ms for inference, which is the highest latency among the
compared models. Although not the most computationally
efficient, DW-SE provides the best reconstruction quality.

V. DISCUSSION AND CONCLUSION

The results indicate that DW-SE improves ECG denoising
under the evaluated conditions, achieving the lowest RMSE
and highest output SNR among the compared models. Qualita-
tive comparisons also suggest improved preservation of major
waveform structures. This improvement can be attributed to
the combination of DWT/IDWT-based multi-resolution recon-
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Fig. 4. Qualitative comparison of ECG denoising results on
the BKIC dataset. Dashed lines denote noisy inputs, while
solid lines denote the corresponding denoised outputs.

Fig. 5. Comparison of the evaluated models in terms of
parameter count and end-to-end inference time. The boxplots
summarize the distribution of per-sample latency across
repeated runs.

struction, skip connections, and SE-based channel recalibra-
tion. Since wavelet-related features may contribute unequally
to denoising [1], SE modules help adjust their relative impor-
tance by modeling inter-channel dependencies [3]. However,
the improved reconstruction quality comes at the cost of higher
inference latency.

Several limitations remain, as the quantitative evaluation is
based mainly on synthetic NSTDB noise, while the BKIC
dataset is used only as a qualitative case study because clean
reference signals are unavailable. The study also does not
include downstream clinical evaluation or embedded-device
benchmarking. In conclusion, DW-SE provides an effective
stage-selective extension of DW-CNN for improving ECG
reconstruction quality. Future work will focus on broader

TABLE II
Ablation study of SE-block placement at the encoder,
bottleneck, and decoder stages under EM noise at an input
SNR of 0 dB.

Configuration Encd. Bott. Dec. RMSE ↓ SNR (dB) ↑

DW-CNN – – – 0.300 ± 0.100 5.650 ± 3.120
Case 1 ✓ – – 0.245 ± 0.095 7.539 ± 3.715
Case 2 – ✓ – 0.229 ± 0.093 8.165 ± 3.785
Case 3 – – ✓ 0.233 ± 0.093 7.990 ± 3.760
DW-SE ✓ ✓ ✓ 0.210 ± 0.080 8.820 ± 3.740

clinical validation and lightweight implementations for real-
time deployment.
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