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Abstract—Variational mode decomposition (VMD) is a widely
used method for analyzing and denoising temporal and non-
stationary signals. Several extensions of VMD, such as the wavelet
transform with VMD (VMD-DWT), non-local means with VMD
(VMD-NLM), and their combination (VMD-DWT-NLM), have
demonstrated satisfactory performance. However, these VMD-
based methods often require substantial online computation
due to the non-linear decomposition process, especially when
processing large datasets. To address this challenge, this study
proposes a novel approach called neural VMD (NVMD), which
integrates VMD’s decomposition capabilities with the powerful
feature extraction of neural networks (NN), while adaptively se-
lecting the optimal number of intrinsic mode functions (IMFs) for
temporal signal analysis and denoising. Two systems, NVMD(A)
and NVMD(P), were developed, incorporating autoencoder-based
NN and progressive NN, respectively. We evaluated the proposed
NVMD framework on the task of ECG signal denoising using
the MIT-BIH dataset, contaminated with various noise types
and different signal-to-noise ratio (SNR) levels. Experimental
results show that the proposed method significantly improves the
SNR, reduces computational complexity, and adaptively selects
the optimal number of IMFs for effective ECG denoising.

Index Terms—variational mode decomposition, ECG denoising,
signal decomposition, progressive neural network

I. INTRODUCTION

Electrocardiogram (ECG) signals are crucial for medical di-
agnostics. In real-world scenarios, the accuracy of ECG signal
analysis may be significantly compromised when ECG signals
are contaminated by various types of noise, such as white
Gaussian noise (WGN), baseline wander (BW), powerline
interference (PLI), and muscle artifacts (MA) [1]. Therefore,
an effective ECG denoising algorithm is essential for reliable
diagnostics. Several mathematical frameworks for ECG de-
noising have been proposed in the literature. State-of-the-art
methods rely on the discrete wavelet transform (DWT) [2-5],
non-local means (NLM) [6, 7], empirical mode decomposition
(EMD) [8, 9], and variational mode decomposition (VMD)
[10-12]. Among them, EMD, introduced by Huang et al. [13],
is an algorithm that decomposes a signal into principal modes
and has also been used for ECG denoising. Although EMD is
very effective, its robustness in ECG denoising against mixed
modes and various types of noise can be further improved.

VMD has been proposed recently as an effective approach
for signal decomposition [10]. Unlike EMD, VMD uses a
non-recursive, optimization-based approach for more robust

performance. It decomposes the input signal into a prior set
of narrow-band intrinsic mode functions (IMFs) without any
effect from the sampling frequency, thus well avoiding mode
mixing. Motivated by VMD, several ECG denoising methods
were proposed to maximally utilize the efficacy of both DWT-
filtering and NLM estimation approaches [14, 15]. However,
VMD is inherently iterative and its number of IMFs should be
known in advance. This non-recursive process involves multi-
ple Fourier transforms, making it computationally demanding
and requiring high computational resources. Another notable
limitation of these filtering techniques is that they fail to effec-
tively denoise both high- and low-frequency noise components
simultaneously when subjected to strong noise interference.
For instance, thresholding the low-frequency DWT coefficients
generally results in the loss of significant morphological
contents [16, 17]. In the meanwhile, although NLM effectively
removes noise from the low-frequency regions of ECG signals
due to larger non-local similarities [18], it suffers from the
rare-patch effect [6, 18] caused by abrupt amplitude variations
in the high-frequency regions.

In this study, we propose a novel Neural VMD (NVMD) ap-
proach, which combines the outstanding signal decomposition
capabilities of VMD for analysis with the powerful feature
extraction abilities of neural networks (NNs). This is the first
work that applies neural networks to perform VMD. In other
works [19, 20], they only applied the deep neural network in
the postprocessing task such as classification but still used the
conventional way for VMD, which cost lots of time. Based on
the type of NN models, we developed two NVMD systems:
NVMD(A), which utilizes an autoencoder-based NN model
[21-26], and NVMD(P), which employs a progressive NN
(PNN) model [27]. The NVMD models are trained to output
the denoised decomposed IMFs directly from the input noisy
signal. Compared to the autoencoder, the PNN connects a
certain column with other columns between layer and layer di-
rectly, enabling the PNN to learn current parameters based on
experience from previous tasks, thereby avoiding catastrophic
forgetting when creating a new neural network (a column) for a
new task. The proposed NVMD(A) and NVMD(P) effectively
improve signal-to-noise ratios (SNR) and significantly reduce
the computational complexity compared to the conventional
VMD denoising method by adaptively selecting the optimal
parameters under various noise types and SNR levels.



II. PROPOSED NEURAL VMD (NVMD) FRAMEWORK

In this section, we first review the nonlinear signal de-
composition process using the conventional VMD. Then, we
introduce the proposed NVMD, which integrates VMD with
the deep learning techniques.

A. Conventional VMD

The VMD algorithm decomposes a signal z(¢) into k sub-
signals u,,(t), where each sub-signal is compact around its
respective center frequency, wy,(t) [10]. To determine the
optimal u,, (t) and w,, (), it is required to solve the following
constrained optimized problem:
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where * denotes convolutlon. The solution to the optimiza-
tion problem is obtained by finding the saddle point of
the augmented Lagrangian through a series of iterative sub-
optimizations using the alternating direction method of multi-
pliers (ADMM).

B. Architecture of the NVMD System

We implemented the proposed NVMD system using two
types of neural network (NN) models as shown in Fig. 1.
NVMD(A) employs a convolutional neural network (CNN)-
based autoencoder (encoder-decoder) structure as illustrated
in Fig. 1a, while NVMD(P) adopts a PNN structure as shown
in Fig. 1b. Unlike typical autoencoders used for denoising,
which take noisy signals as the input and clean signals as the
output target, we use the number of IMFs as the output target
during the training phase. The rationale behind this approach
is that while CNNs can effectively capture single-frequency
signals, they struggle to capture multiple frequency signals
simultaneously. Further details are provided in Section III and
Table 2.

In the test stage, the noisy ECG signals are first processed by
the encoder to obtain low-dimensional feature representations,
which are then transformed to obtain enhanced IMFs by the
linear transformation estimated in the training stage. More
details will be given in the following subsections.

C. The Training Stage

The proposed NVMD framework, as shown in Fig. 1,
consists of a encoder and a decoder. Both are CNN-based and
have of 7 layers. The encoder converts the input signal into
low-dimensional features, while the decoder reconstructs the
IMFs (trained from clean signals) using these low-dimensional
features. Leaky Rectified Linear Units (Leaky-ReLU) [28] are
employed as the activation functions for the hidden layers,
with no activation function used in the output layer. Addition-
ally, each hidden layer is equipped with batch normalization
to improve training stability and performance [29].

The proposed NVMD(P) model is based on the PNN and
follows the encoder-decoder structure in Fig. 1b. The PNN
starts with the 1°¢ column (k = 1) with training one IMF,
the 2"? column with training two IMFs, and so on. When
switching to the 2" column (k = 2), layer h§2> receives the
inputs from both hg)l and hgi)l via lateral connections. The
input of all columns (k = 1, 2, ..., K) is noisy signals and the
corresponding k outputs are the denoised IMFs. This process
can be generalized to K tasks as follows:

WM =z, AP =a®), 3)
W = W ST uERD | @
i<k
i=2,3,..,0, k=12_.K m=12..k (5

where n; denotes the number of units at the i*" layer, Z(t)
is the m*" denoised IMF of
is the ith layer of column £k,
R™*™i-1 g the welght matrix of the i*" layer of

is the noisy input signal, ugrlf)
column k (the k' task), h
W(k)
column k, Ui(k:j ) € R™>*" are the lateral connections from
the (i — 1)*" layer of column j to the i*" layer of column #,
ho is the network input, and f (-) is an activation function.

The other proposed NVMD(A) follows the structure in Fig.
la. It consists of K models with each model trained from one
IMF to K IMFs, respectively. In fact, NVMD(A) is trained
without lateral connections, which means that NVMD(A) is
a special case of NVMD(P) where the weight matrix of
layer connections U*7) equals zero. Finally, the best IMF
number Ky, 5, D(a) Was selected after K’ models were trained
completely. The process can be expressed in (6).

In this study, to avoid overfitting caused by combining K
columns into one PNN in the training phase, we combined 3
columns into a group of PNN for training with the 15¢ column
training one IMF, the 2" column training two IMFs, the 37¢
column training three IMFs, and so on. Each group of the PNN
would be trained for 100 epochs, and we selected the best SNR
improvement at each epoch until all epochs were complete.
Finally, the best IMF number K;,V MD(p) Was selected from
{%} groups of the PNN to achieve the best SNR improvement.
The process can be expressed in (7).
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where SNRi(rgn)p is the SNR improvement at the g*" group and
K* is the optimal number of IMFs.
Moreover, the parameters 6 are determined by optimizing
the following objective function:
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where u( )5 is the m!" clean IMF for the target of task k, and
ugn) is the m'" denoised IMFs for the NN output of task k.
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D. The Test Stage

At the test stage, we feed noisy data to the proposed NVMD
framework. At last, we sum up all denoised IMFs to obtain
the final denoised signal as follows:
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where Z(t) is the noisy signal, F'(-) is the mapping function
trained by our proposed NN, Z(t) is the denoised signal, and
177(7{( ) is the m*" denoised IMF of testing dataset for the NN

output of the optimal task K* .

(10)

III. EXPERIMENTS
A. Experimental Setup

We tested the performance of the proposed NVMDs on the
ECG signals from the MIT-BIH arrhythmia database [30]. It
consists of 48 ECG records with sampling frequency 360Hz.
These ECG signals were segmented into 24,000 fragments.
Among these fragments, 18,000 (75%) were treated as the
training set, 2,400 (10%) were for validation, and the remain-
ing 3,600 fragments (15%) were used as the test set to evaluate
the denoising performance. All training data were corrupted
by the Gaussian white noise with SNR -2.5, 0, 2.5, 5, 7.5, 10,
and 12.5 dB. Both training and validation sets shared the same
SNR levels, and the testing set consisted of 4 different levels
of SNRs: -1, 0, 5, and 10 dB. All signals were normalized so
that the amplitudes laid between 0 and 1.

B. Performance Evaluation Criteria

In this study, the average improvement in the SNR
(SNRiimp) and the average computation time per data (Tryirs)
over all numbers of IMFs are used as quantitative performance
estimators. A greater SNRyy,, means that better denoising
performance is achieved. SNRy,;, can be calculated from:

i=1
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x;, Z;, and Z; are the values of the i*" sampling points in the
clean ECG, the noisy ECG, and the denoised ECG signals,
respectively, and N is the length of the ECG signal.

Tivrs is the average computation time of all numbers
of IMFs. A small T;pps indicates that the model can be
performed in an efficient way. TimFs is obtained by:
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Fig. 1: The training phase of the proposed NVMD framework.

where K is the number of IMFs and 7'*) is computation time
of the k*" task to perform IMF decomposition in the test stage.

C. Experimental Results

The denoising performances of the proposed learning-based
VMD models, including NVMD(A) and NVMD(P), are com-
pared to that of conventional VMD models, including VMD-
DWT, VMD-NLM and VMD-DWT-NLM. For fair compari-
son, the input and output ECG signals with size of 1024 x 1
are taken throughout these five methods.

The SNR improvement and the computation time under
different numbers of IMFs for each method are shown in
Figs. 2 and 3, respectively. Fig. 2(a)-(d) plots the SNRijn,
scores versus the number of IMFs over the test data at the
specific input SNRs of 10 dB, 5 dB, 0dB, -1dB, respectively.
Note that, for VMD-DWT, VMD-NLM, and VMD-DWT-
NLM, the values of SNRi,;, are usually lower because ECG
signals consist of both low and frequency components. These
methods would cut some important information when filtering
the IMFs of noisy ECG singals. The proposed NVMD(A)
and NVMD(P) models have better average SNR improvements
than other non-learning-based methods. Moreover, the average
SNR improvement of the NVMD(P) model is even better
than that of NVMD(A) because it uses the PNN to share the
experience of each task.

Fig. 3 shows the computation time 7*) over the test data
for different numbers of IMFs. One can see that (%) increases
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with the number of IMFs K for non-learning-based methods,
while T(*) of the proposed NVMD(A) and NVMD(P) models
remain unchanged even if K increases because the computa-
tion times of the proposed models depend only on the number
of model layers.

To determine the optimal number K* of IMFs, one can
apply the results of Fig. 2. Table I shows the average improved
SNR (SNRimp) at the optimal number K* of IMFs and the
average computation time (T ;s r5) of different methods.

From Table I, one can see that SNRyy, of the proposed
NVMD(P) model is better than that of other methods at any
noise level because NVMD(P) uses the PNN to share the
experience between layers and layers. Its T p is slightly
more than the other proposed model, NVMD(A), because the
overall size of NVMD(P) is larger than that of NVMD(A). In
brief, NVMD(A) and NVMD(P) obtains better average SNR
improvement and faster computation than VMD-DWT, VMD-
NLM and VMD-DWT-NLM.

Next, we investigate the denoising effect by analyzing the
decomposition process used in NVMD. For comparison, we
test the deep denoising autoencoder (DDAE) [23], which
directly converts noisy ECG signals into enhanced ones. From

TABLE I: Average improved SNR (SNRiyy,) at the optimal
number K* of IMFs, average computation time (Tryps) of
different methods in the test stage.

SNRipmp (dB) T
Method 7aB T 0dB | 5dB [ 1048 | (mshiata)
VMDDWT [11] | 1025 | 9.38 | 8.60 | 6.06 70
VMD-NLM [7] 902 | 857 | 725 | 5.16 10T
VMD-DWTNLM [14] | 954 | 9.04 | 783 | 567 23
Proposed NVMD(A) | 1086 | 954 | 893 | 672 | 470
Proposed NVMD(P) 11.73 | 10.90 | 9.16 6.83 9.70

TABLE II: Average improved SNR (mimp) for each de-
noised IMF ., and the overall denoised ECG signal & using
the proposed NVMD(A) and NVMD(P) methods. The results
of DDAE [23] is reported for comparison. The input noisy
ECG signal has the SNR of —1dB.

IMF components | SNRimp (Um,um)(dB) | SNRimp(Z,z) (dB)
DDAE [23] = 901
R=T | IME; 332 912
- T™F, 281
K=2 —1Mr, 361 10.83
T™F, 1323
K=3 IMFo 3.83 11.30
MF, 0.89
T™F, 2.02
~ ™MF, 261
K= —1mr, 0.76 10.58
MF, 1353

Table II, one can see that, compared to DDAE, the proposed
NVMD(A) and NVMD(P) models decompose the noisy sig-
nals into several denoised and obtain better performance. The
reason is that CNNs can accurately capture single-frequency
signals but struggle to extract multiple frequency components
simultaneously. VMD performs the decomposition of a uni-
lateral frequency component and thus CNN can learn each
unilateral frequency component well. Table II also shows the
detailed average improved SNR (SNRjyy,;,) for each denoised
IMF 4, and the overall denoised ECG signal . Note that
the performance in learning the low frequency waveform (the
first IMF) is much better because low-frequency waveforms
are relatively smoother and easy to learn.

IV. CONCLUSION

This paper proposes a novel learning-based approach,
NVMD, for denoising ECG signals contaminated by white
Gaussian noise, baseline wander, muscle artifacts, and elec-
trode motion. We demonstrate that NVMD significantly im-
proves the SNR while reducing decomposition complexity
across various noisy conditions. As a result, NVMD proves to
be more efficient and effective than the original VMD method
for signal analysis and denoising. Additionally, NVMD can
adaptively select the optimal number of IMFs during the
training process, offering advantages over purely end-to-end
deep learning methods by providing explainable reasoning
within the signal processing workflow.
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