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Abstract: Raman spectroscopy has been widely applied in numerous fields including bioanalysis,
disease diagnosis, and molecular recognition, owing to its unique advantages of being non-invasive,
rapid, and highly specific. However, the acquisition of Raman spectral data is often susceptible to
various noise interferences, such as shot noise from the internal detector and dark current noise
from the instrument. As a result, the weak Raman signals typically become arduous to discern,
which affects the localization and identification of characteristic spectral peaks. This study investi-
gates variational mode decomposition (VMD), empirical wavelet transform (EWT), and integrated
encoder-bidirectional long short-term memory (EBiLSTM) modules to propose a neural network
algorithm for adaptive denoising of Raman spectra. By combining VMD and EWT, the Raman spectra
are decomposed into several sub-sequences, which solves the problem of mode mixing between
high-frequency signals and noise in empirical mode decomposition, and significantly reduces the
complexity of the original Raman spectral lines. The correlation coefficient between each modal
component and the original signal is calculated along with the zero-crossing rate index to categorize
the noise and signal sequences. Leveraging the linear differences between the ideal spectral lines
and the noisy spectral curves, an encoder-bidirectional long short-term memory (EBiLSTM) denois-
ing network is constructed for hierarchical denoising to extract valid spectral feature information
from the high-frequency components, realizing refined adaptive denoising of the Raman spectra.
Industry standard objective evaluation metrics on the signal-to-noise ratio and root mean square
error are utilized to conduct simulation experiments comparing state-of-the-art algorithms, including
empirical mode decomposition, VMD, sliding window averaging, and wavelet thresholding. The
experimental results demonstrate that the Raman spectral denoising algorithm combining variational
mode decomposition and neural networks improves the denoising performance by 13.38% to 72%,
exhibiting higher accuracy and reliability.

Keywords: variational mode decomposition; empirical wavelet transform; Raman spectroscopy;
hierarchical denoising

1. Introduction

As a typical optical detection technique, Raman spectroscopy has been widely applied
across numerous fields, including bioanalysis, disease diagnosis, and molecular recogni-
tion [1–4]. However, the acquisition of Raman spectral data is often subject to various types
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of noise interference, such as CCD detector shot noise and dark current noise within the
instrument, as well as the influence of the fluorescence background from the material. Es-
pecially under the stringent requirements for the on-site detection of special samples, such
as a short exposure time and low power excitation lasers, the characteristic information
carried in the Raman spectra can even be overwhelmed by the abundant noise. The weak
Raman spectral signals usually become difficult to discern, thereby affecting the localization
and identification of characteristic spectral peaks [5,6]. Researchers have made abundant
efforts and attempts in recent years to minimize the influence of noise, baseline drift, and
other interfering factors on the analysis of Raman spectral data during subsequent data
processing [7]. Existing Raman spectral denoising methods include fast Fourier transform,
wavelet transform, and polynomial fitting, which can effectively eliminate noise in Raman
spectra under specific conditions. However, there exist issues related to the empirical
selection of filtering parameters, where different cut-off frequencies, filter window lengths,
basis functions, thresholds, decomposition levels, and fitting orders can greatly influence
the denoising effects [8–10]. Liu et al. [11] employed the Savitzky–Golay convolutional
smoothing (SG smoothing) method for further optimization processing of citrus leaf chloro-
phyll content Raman spectra after background interference subtraction, providing a simple
analytical approach for quantitative analysis of citrus leaf chlorophyll content. However, it
can cause issues of over smoothing the signal peaks. To address the current challenge of
unsatisfactory denoising effects on confocal Raman microscopic images, Fang et al. [12]
proposed an omnidirectional denoising algorithm for Raman microscopic images based
on wavelet analysis. It first performs wavelet transform on the Raman spectral images,
followed by bilateral filtering of the Raman images, thereby suppressing noise interference
in the Raman spectral microscopic images, and effectively improving the signal-to-noise
ratio and accuracy of compositional analysis. However, when scanning new samples,
suitable parameters need to be empirically selected based on human experience to achieve
ideal outcomes, lacking flexibility and adaptivity. Li et al. [13] decomposed Raman spectra
using empirical mode decomposition and realized adaptive denoising of Raman spectra
through low-pass thresholding. However, for biological Raman spectra, the EMD method
suffers from mode mixing issues, while low-pass thresholding fails to differentiate between
high-amplitude noise and high-frequency Raman signals. Konstantin Dragomiretskiy, Do-
minique Zosso et al. [14] proposed the variational mode decomposition (VMD) algorithm,
which can adaptively decompose a signal into a finite number of band-limited intrinsic
mode functions with their own center frequencies. Compared to other methods, the VMD
algorithm has more accurate and stable feature extraction capabilities for the low-frequency
band of signals. Since the primary features of most signals are contained in the low frequen-
cies, this filtering approach can perform denoising of noisy signals more effectively. Zhang
et al. [15] proposed a cherry quality inspection model based on VMD–SVD–MSR, which
utilizes VMD to decompose near-infrared reflectance spectra into multiple IMF components
and realizes multimodal layer decomposition. The correlation coefficient between each IMF
component signal and SSC, as well as the moisture content is calculated separately, with
larger correlation coefficients indicating that the corresponding IMF layers are more suitable
as feature signals. Subsequently, Si-PLS wavelength selection is applied to further extract
optimal spectral bands of the IMF layers, and singular entropy is obtained through singular
value decomposition to establish a multivariate stepwise regression prediction model.
The above processing based on VMD targets near-infrared spectra, rather than Raman
spectra. Near-infrared spectra have smooth characteristic bands and less noise interference,
with valid feature information concentrated in the low frequencies. Thus, near-infrared
spectral denoising should focus on removing high-frequency noise. In contrast, Raman
spectra have more useful information in high or even extremely high frequencies due to
their sharp characteristic peaks. Raman spectral denoising should pay more attention to
separating feature information from noise in the high frequencies. The high-frequency
characteristic information of Raman spectra is often mixed with high-frequency noise.
Operating on a low-frequency IMF can easily lead to the loss of high-frequency charac-
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teristic information and signal distortion, failing to obtain favorable experimental results.
With the development of intelligent optimization algorithms, Zhang et al. [16] searched
for the optimal solution for the two parameters of VMD using the fruit fly optimization
algorithm (FOA) and selected a corresponding fitness function as the optimization indicator.
However, genetic optimization algorithms are relatively complex, with slower iteration
and solution processes.

In summary, some common issues in Raman spectral denoising are listed as follows:

• Mode mixing problem: The use of empirical mode decomposition results in mode
mixing problems, where high-amplitude noise cannot be differentiated from high-
frequency Raman signals. The variational mode decomposition method can resolve
the issue of mode mixing in Raman spectral lines, but the residual sequence af-
ter VMD decomposition still has complex high-frequency variations that cannot be
effectively utilized.

• Complicated and low efficiency: The use of swarm intelligence algorithms, such as
genetic algorithms and fruit fly optimization, relies on complex iterative optimization
algorithms for parameter tuning, which is time consuming due to the extensive
iterations for optimization and the algorithms are difficult to construct.

• Lack of intelligent neural network algorithms: The goal of Raman spectral line de-
noising is to improve the quality of Raman spectral curves. Therefore, the noise
residual between the original signal and the reconstructed spectral curve contains
high-amplitude noise and high-frequency Raman signals, which can lead to bias errors
in noise estimation. Currently, there are scarce practical applications of neural network
models for Raman spectral denoising.

To address the aforementioned issues, this study investigates variational mode decom-
position (VMD), empirical wavelet transform (EWT), and integrated encoder-bidirectional
long short-term memory (EBiLSTM) modules to propose a neural network algorithm for
adaptive denoising of Raman spectra. This enhances the denoising capabilities, while
greatly simplifying the complex optimization of the parameters, making it more suitable
for automated implementation.

In summary, the main contributions from this work are:

• To address the mode mixing problem in EMD decomposition and the complexity of
decomposing high-frequency features in VMD, VMD is utilized to decompose the
original load signal into several sub-sequences and a residual sequence, resolving the
signal mode mixing issue. EWT is then leveraged to further decompose the residual
sequence, significantly reducing the complexity of the original Raman spectral lines.
The correlation coefficient between each modal component and the original signal is
computed, along with the zero-crossing rate index, to categorize the noise and signal
sequences.

• Capitalizing on the linear differences between the ideal spectral lines and noisy spectral
curves, a bidirectional LSTM denoising network is constructed for hierarchical denois-
ing, extracting valid spectral feature information from the high-frequency components
to accomplish refined adaptive denoising of the Raman spectra.

2. Materials
2.1. Variational Mode Decomposition

VMD can decompose a complex signal into a series of sub-signals with specific band-
widths in the frequency domain, thereby excavating the features of complex nonlinear
signals [17]. Assuming the frequency components of each modal component obtained from
the VMD decomposition process are concentrated around the center frequency wk, the sig-
nal decomposition problem using VMD can be transformed into an optimization problem.
The goal of the optimization is to find the optimal number of modal decompositions K that
minimizes the total bandwidth of the decomposed modal sequences, while satisfying the
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constraint that the sum of all the decomposed sequences recovers the original signal f (t).
The mathematical modeling of this optimization problem can be expressed as:

min
uk ,wk
{

K
∑

k=1
||∂t[(δ(t) +

j
πt ) ∗ uk(t)]e−jwkt||22}

s.t.
K
∑

k=1
uk = f (t)

(1)

In Equation (1): f (t) represents the original load signal; δ(t) is the Fermi–Dirac
distribution function; t is time; uk and wk are the modal component and corresponding
center frequency for the kth decomposition; K is the number of modal decompositions; j
represents the imaginary unit. By introducing a quadratic penalty and Lagrange multipliers
into Equation (1), the above constrained variational problem can be transformed into an
unconstrained optimization problem, as follows:

L(uk, wk, λ) = α
K
∑

k=1
||∂t[(δ(t) +

j
πt ) ∗ uk(t)]e−jwkt||22

+|| f (t)−
K
∑

k=1
uk||22+ < λ(t), f (t)−

K
∑

k=1
uk >

(2)

In Equation (2): λ(t) represents the Lagrangian multipliers, α is the balancing pa-

rameter of the data-fidelity constraint, || f (t)−
K
∑

k=1
uk||22 is the quadratic penalty term to

accelerate the convergence rate. The optimization problem can be solved by finding the
minimum of the augmented Lagrangian equation, using the alternating direction method
of multipliers.

2.2. Empirical Wavelet Transform

The main steps to further decompose the residual sequence using empirical wavelet
transform (EWT) [18] are as follows:

(1) Segment the Fourier spectrum of the residual sequence into N continuous segments;
(2) Construct bandpass filters based on empirical wavelets, where the empirical scaling

function ϕn(w) and wavelet function ψn(w) for each segment are defined as:

ϕn(w) =


1, |w|≤ (1− ζ)wn

cos[π
2 β( 1

2ζwn
(|w| − (1− ζ)wn))],

(1− ζ)wn ≤|w|≤ (1 + ζ)wn
0, otherwise

(3)

ψn(w) =



1, (1 + ζ)wn ≤|w|≤ (1− ζ)wn+1

cos[π
2 β( 1

2ζwn+1
(|w| − (1− ζ)wn+1))],

(1− ζ)wn+1 ≤|w|≤ (1 + ζ)wn+1

sin[π
2 β( 1

2ζwn
(|w| − (1− ζ)wn))],

(1− ζ)wn ≤|w|≤ (1 + ζ)wn
0, otherwise

(4)

In the equation: ζ represents the translation factor. The function β(x) is defined as [19]:

β(x) =


0, x ≤ 0
x4(35− 84x + 70x2 − 20x3), 0 < x < 1
1, x ≥ 1

(5)

(3) Calculate the approximation coefficients W f (0, t) and detail coefficients W f (n, t),
where the approximation coefficients are obtained by taking the inner product of the
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original signal with the empirical scaling functions, and the detail coefficients are
obtained by taking the inner product of the original signal with the wavelet functions,
defined as:

W f (0, t) =
∫

f (τ)ϕ1(τ − t)dτ (6)

W f (n, t) =
∫

f (τ)ψn(τ − t)dτ (7)

(4) The sub-signals (empirical modes) are calculated, where the first sub-signal f1(t) and
the nth sub-signal fn(t) are defined as:

f1(t) = W f (0, t)× ϕ1(t) (8)

fn(t) = W f (n, t)× ψn(t) (9)

2.3. Encoder-Bidirectional Long Short-Term Memory

To address the problem of Raman spectral denoising, an EBiLSTM architecture with
a temporal dependency capture module is proposed to consider the contextual sequence
information, extract features from the modal components, and determine the types of noise
and signal. This enhances the denoising capabilities, while greatly simplifying the complex
optimization of the parameters, making it more suitable for automated implementation.

The EBiLSTM structure receives the original Raman spectral signal and continuously
learns the multi-dimensional short-term, medium-term, and long-term temporal informa-
tion and feature information of the spectral data, through the integrated bidirectional input,
forget, and output gate structures and memory units [20]. Meanwhile, to address potential
overfitting issues during model training, dropout layers [21] and batch normalization
layers [22] are designed to reasonably reduce overfitting and improve model robustness.
The specific EBiLSTM architecture is illustrated in Figure 1.
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Figure 1. EBiLSTM network architecture.

It can be seen that the EBiLSTM structure contains two BiLSTM layers to capture
the long-term dependencies in the sample data, through short-term and long-term neural
structures. Each layer uses 32 short-term and long-term neural structures, which are
coupled through gate operations, forget layers, learning layers, output layers, and other
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structures to output the Raman shift feature information based on the cell state. The weights
W1

0 , W2
1 , W3

2 , . . . , Wm
n are initialized (where n is the total number of hidden nodes and m

is the total number of neural structures). Through two consecutive BiLSTM layers, the
feature information is captured and processed via dropout for overfitting. Finally, two
additional BiLSTM layers are added to incorporate context from the time series information,
further integrating the extracted time series information from the shallow network layers.
This effectively captures the spectral features from different time series, validly associating
short-term, medium-term, and long-term correlations between data of different dimensions,
thereby distinguishing the spectral signals from noise.

3. The Proposed Method
3.1. Data Decomposition and Parameter Setting

Before decomposing the original Raman spectral sequence using VMD, the penalty
factor α and the number of modal decompositions K need to be pre-determined. They
decide the bandwidth size of each modal component. When α increases, the bandwidth of
each modal component decreases, and vice versa. Similarly, the value of K directly affects
the decomposition results. When K is small, the original signal cannot be fully decomposed,
resulting in large decomposition errors and low prediction accuracy. When K is too large,
the original signal is over decomposed. The accumulation of errors from excessive decom-
positions leads to decreased prediction accuracy and increased computational burden.

The number of modal decompositions K is adaptively optimized based on the mean
squared error loss function [23], which is specifically defined as:

Ede =

T
∑

i=1
( f (t)−

∧
f (t))2

T
(10)

In Equation (10): f (t) represents the original signal,
∧
f (t) denotes the sum of the modal

signals from each decomposition, T is the total time. Specifically,
∧
f (t) is mathematically

defined as:
∧
f (t) =

K

∑
k=1

uk(t) (11)

In Equation (11): uk(t) represents the kth modal component. After defining the loss
function, the iterative optimization of the VMD decomposition is performed. The smaller
the Ede is, the more thorough the VMD decomposition.

After VMD decomposition, the residual sequence is further decomposed using EWT
to reduce the complexity of the load sequence. Having too few or too many modal decom-
positions in the EWT will affect the decomposition results. Considering the convergence
characteristics of the center frequencies in VMD, the boundaries and center frequencies
of the modal components can be adaptively detected. Therefore, before decomposing the
residual sequence using ETW, VMD is first utilized to decompose the residual sequence
and the number of ETW modal decompositions is adaptively determined based on the
convergence of the center frequencies.

3.2. A Raman Spectral Denoising Model Using VMD–EWT–EBiLSTM

To improve the denoising accuracy of Raman spectra, this paper proposes a Raman
denoising model based on VMD, EWT, and EBiLSTM modules. The prediction flowchart
of the model is shown in Figure 2 below. The signal components decomposed from the
original signal by VMD are called intrinsic mode functions, abbreviated as IMF.
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First, VMD is utilized to decompose the original Raman spectral sequence into several
sub-sequences and a residual sequence. EWT is then used to further decompose the residual
sequence. The sub-sequences from the VMD decomposition are categorized into spectral
signals and noise signals using the zero-crossing rate and correlation coefficient. The
zero-crossing rate [24] is specifically defined as:

Z0 =
z0

N
(12)

In Equation (12): Z0 denotes the zero-crossing rate, z0 is the number of zero crossings,
N is the total number of load samples.

The correlation coefficient [25] between the modal sequences from the VMD decompo-
sition and the original signal is calculated as specifically defined below:

coor =

n
∑

i=1
(xi −

−
x)(vi −

−
v)√

n
∑

i=1
(xi −

−
x)2

n
∑

i=1
(vi −

−
v)2

(13)

where: x represents the original signal, v represents the modal sequence.
Next, the categorized spectral signal sub-sequences are input into a network structure

with a small number of stacked EBiLSTM modules, termed EBiLSTM_Low, to capture the
long-term dependencies of the spectral sequence features and extract the features with low
noise interference. The categorized noise sequences are input into a stack of high-frequency
EBiLSTM modules, termed EBiLSTM_High, for further feature extraction and noise identi-
fication to eliminate additional noise. Finally, the signal and noise identification results for
each sub-sequence are superimposed to reconstruct the overall denoised spectral result.

The designed Raman spectral prediction model based on VMD–EWT–EBiLSTM is
illustrated in Figure 3. The backbone network for the spectral signal components captures
the feature temporal correlations and extracts information through stacked EBiLSTM
modules, with 1, 2, 4, 2 layers stacked. The backbone network for the noise signals extracts
local Raman spectral features and noise signals through high-frequency stacked IASSP
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structures with 2, 2, 2, 4, 4, 2 modules stacked, jointly forming a dual-channel spectral signal
and noise feature extraction and denoising model. The extracted feature information from
the dual-channel links is superimposed for reconstruction, and input into 64 short-term and
long-term neural structures to learn the fused features and noise characteristics from both
paths. The features captured by the short-term and long-term neurons are then connected
through a skip structure. After concat layer processing, it is input into the fully connected
layer, and dropout layers are utilized to avoid overfitting. Finally, spectral signal and
interference noise discrimination is performed through a sigmoid activation function.
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4. Results and Analysis
4.1. Dataset and Raman Spectral Sequence Decomposition

The experiments utilized a Senterra Raman spectrometer to scan plant leaf samples,
with a laser power of 0.5 mW, a wavelength of 785 nm, and a spectral scanning range of
252–2909 cm−1. The training dataset was acquired from Raman spectra collected over a
period of time, with a length L = 2000. The spectral dataset was evenly segmented into
m= 10 sections, with n = 200 data points per segment, giving a total of mn = L points. The
originally collected spectral data are denoted as Spi

j , and the noisy datasets with randomly

added 20 dB and 30 dB noise are denoted as Xpi
j , where p indicates the pth spectrum in

the training set, i indicates the segment number, and j indicates the data point within the
segment. The noisy data and labels were fed into the neural network for training to obtain
the Raman spectral denoising model.

An example segment of the noisy plant leaf spectra is shown in Figure 4 below.
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The VMD algorithm decomposes the Raman spectral sequences with initial parameters
set as: α value is set to 4000 to adjust the bandwidth of each modal component to a proper
level, τ is set to 0.00001, λ is set to 0, K is initialized as 1, and the threshold of Ede is set to
0.03. The parameters are then iteratively updated using the VMD decomposition algorithm,
calculating the decomposition error Ede each time.

After iterative updates to the VMD algorithm decomposing the Raman sequences, the
iterations terminate when the number of modal decompositions K = 5, with a decomposition
error of 0.0267. Therefore, K = 5 is taken as the number of variational modal decompositions,
and the specific decomposition results are shown in Figure 5. The number of modal
decompositions in the EWT is determined by the convergence of the center frequency
values when decomposing the VMD residual sequence. Finally, when the number of modes
N = 4, the center frequency values converge, so the number of modal decompositions in
the EWT is taken as N = 4. The specific decomposition results are shown in Figure 6.
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The decomposed sequences are categorized into spectral and noise components using
the zero-crossing rate and correlation coefficient. The zero-crossing rate of each modal
component are calculated as shown in Table 1. The modal components with zero-crossing
rates greater than 0.05 and the correlation coefficients less than 0.5 are taken as noise
sequences, and the remaining are taken as spectral energy components.

Table 1. Zero-crossing rate of different modal components.

Intrinsic Mode Functions IMF1 IMF2 IMF3 IMF4 IMF5

Z0 0 0.0080 0.0268 0.065 0.498

4.2. Loss Function and Evaluation Metrics

During network training, in order to obtain optimal Raman spectral prediction results,
there are two stages. In the first stage, only the backbone noise signal component feature
and spectral temporal dependency capture branches are trained. In the second stage, the
overall network structure is trained based on the weights from the first stage training. The
Adam optimization algorithm [26] is utilized to find the global optimum during training.
The loss function of the neural network prediction model is defined as:

Lγ(y, yP) = ∑
i:yi<yp

i

(1− γ)
∣∣∣yi − yp

i

∣∣∣+ ∑
i:yi>=yp

i

γ
∣∣∣yi − yp

i

∣∣∣ (14)

In Equation (14): γ is the desired quantile, between 0 and 1, y represents the original
signal value of the model, referring to the signal before the addition of noise, yp

i is the
predicted value of the model. By minimizing the loss function, the parameters of the neural
network model are iteratively updated.

The mean squared error (MSE) [27] and signal-to-noise ratio (SNR) [28] are utilized, as
two common objective evaluation metrics, to comparatively analyze the performance of
different denoising algorithms.

The mean squared error can measure the deviation between the denoised signal and
the original signal, effectively reflecting the denoising accuracy. It is defined as:

MSE =
L

∑
i=1

(X(i)−Y(i))2

L
(15)

where: X(i) represents the original signal, which refers to the signal before the addition of
noise, Y(i) represents the denoised signal.

The signal-to-noise ratio is the ratio of signal power to noise power, which can objec-
tively indicate the presence of noise in the signal. It is defined as:

SNR = 10 log10(
Esignal

Enoise
) (16)

Esignal =
L

∑
n=1

(Sori(n)−
−

Sori)

2

(17)

Enoise =
L

∑
n=1

(Sori(n)− S′(n))
2

(18)

where: Esignal represents the signal energy, Enoise represents the noise energy, Sori is the

ideal spectrum, S′ is the denoised Raman spectral signal,
−

Sori is the mean of the original
spectral signal, n is the Raman shift, L is the length of the Raman spectrum.
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4.3. Experimental Results from Comparative Study on Different Decomposition Algorithms

To verify the effectiveness of the VMD–EWT algorithm in decomposing Raman spec-
tral sequences for spectral denoising, comparative experiments are conducted using the
EMD [29], VMD [30], and EBiLSTM network only, and the VMD–EWT–EBiLSTM network
structure. The Raman spectral curves from the test set are randomly selected for validation,
with the results shown in Figures 7 and 8.
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Gaussian noise at 20 dB and 30 dB is added to the collected Raman spectral sequences.
Under low noise interference, all denoising methods achieve the Raman spectral denoising
task relatively well. However, with increasing noise, the denoising performance by the
EMD and VMD methods decreases markedly. Using only the EBiLSTM method leads
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to larger fluctuations in denoising and some errors compared to the ideal spectral curve
around the peaks. The VMD–EWT–EBiLSTM network structure used in this paper provides
denoising results closer to the true values, and better denoising performance.

Objective metrics on the signal-to-noise ratio (SNR) and mean squared error (MSE)
are further utilized to evaluate the performance of different modal decomposition methods.
The specific results are shown in Table 2 below. As shown in Table 2, the modal decom-
position method proposed in this paper achieves a lower MSE and a higher SNR, with
the MSE reduced by 23–56% and the SNR improved by 10–66% during denoising. This
further verifies that under interference from different noise levels, using the VMD–EWT
decomposition method to extract feature components helps improve the denoising accuracy
for the Raman model.

Table 2. Comparison of various decomposition methods for MSE and SNR.

Raman Spectral
Sequence with Noise EMD VMD EBiLSTM VMD–EWT–

EBiLSTM

20 dB
MSE 14.5969 5.7591 3.8723 3.2742 2.5137
SNR 11.7945 15.7468 20.3494 23.6497 26.1491

30 dB
MSE 24.1763 9.4766 5.6714 3.7818 2.9173
SNR 4.6342 10.3823 14.1918 18.6463 24.7691

4.4. Experimental Results Comparing Different Raman Spectral Denoising Algorithms

To further validate the performance of the VMD–EWT–EBiLSTM network architecture
for Raman spectral denoising, comparative experiments are conducted with four state-of-
the-art denoising methods, including Fourier transform [31], Savitzky–Golay filtering [11],
sliding window averaging [32], and wavelet thresholding [33].

A Gaussian noise of 20 dB and 30 dB is added to the collected Raman spectral se-
quences. The prediction results are shown in Figures 9 and 10. It can be seen that for the Ra-
man spectra with 20 dB of Gaussian noise, the denoising results for the VMD–EWT–EBiLSTM,
wavelet thresholding, and sliding window averaging are consistent with the ideal Raman
spectra trend, while Fourier transform and S-G filtering result in little deviation from the
ideal values. As the noise increases, processing Raman spectra with 30 dB of Gaussian
noise, the denoising effects of sliding window averaging and wavelet thresholding fluctuate
more, with some deviation around the peaks compared to the ideal spectrum. Fourier
transform and Savitzky–Golay filtering do not provide satisfactory denoising effects. The
VMD–EWT–EBiLSTM used in this paper maintains stable denoising performance.

Objective metrics on the signal-to-noise ratio (SNR) and mean squared error (MSE) are
further utilized to evaluate the performance of different denoising methods. The specific
results are shown in Table 3. It can be intuitively seen that the denoising model proposed
in this paper has relatively lower errors. Compared to existing mainstream prediction
algorithms, the denoising performance is improved by 13.38% to 72%, better demonstrating
the superior denoising effects of the VMD–EWT–EBiLSTM network architecture on Raman
spectral curves.

Table 3. Comparison of various denoising methods for MSE and SNR.

Raman Spectral
Sequence with Noise

Fourier
Transform

Sliding Window
Averaging

Savitzky–
Golay

Wavelet
Thresholding

VMD–EWT–
EBiLSTM

20 dB
MSE 15.1737 8.3794 2.9908 6.3724 2.6177 2.1164
SNR 8.4739 14.4940 21.8077 18.7647 22.0222 24.9691

30 dB
MSE 29.3914 16.8756 6.1258 13.0745 4.1837 3.2727
SNR 4.7192 8.3827 13.4691 10.7281 16.6238 20.7194
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4.5. Raman Denoising Experimental Results

To thoroughly validate the denoising performance of the VMD–EWT–EBiLSTM net-
work architecture, comprehensive performance analysis is carried out on the test set under
20 dB and 30 dB random noise conditions, by examining the denoising outcomes from each
algorithm. The MSE and SNR objective metrics are utilized to quantify the results, which
are presented in Figures 11 and 12.
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It can be observed from Figures 11 and 12 that for both 20 dB and 30 dB Raman
spectra, the VMD–EWT–EBiLSTM network architecture has a lower MSE and a higher SNR
compared to other benchmark denoising algorithms, demonstrating superior denoising
performance. Table 4 summarizes the average MSE and average SNR over the entire Raman
spectral test set. Here, MSE_Mean denotes the average MSE across all the spectral test
samples, and SNR_Mean denotes the average SNR across the spectral test set. Based on
these metrics, it is evident that the VMD–EWT–EBiLSTM network proposed in this paper
provides better denoising results.

Table 4. Comparison of various methods for MSE and SNR for different noise levels.

Fourier
Transform

Sliding Window
Averaging

Savitzky–
Golay

Wavelet
Thresholding

VMD–EWT–
EBiLSTM

20 dB
MSE_Mean 8.3024 3.1983 6.4614 2.7001 2.1186
SNR_Mean 14.7124 21.9335 18.5184 21.8740 24.8642

30 dB
MSE_Mean 16.8328 6.1053 12.9709 4.3261 3.225
SNR_Mean 8.4663 13.5375 10.3586 16.6832 19.8631
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5. Discussion

To verify the effectiveness of the VMD–EWT algorithm in decomposing Raman spectral
sequences for spectral denoising, comparative experiments were conducted with different
modal decomposition-based spectral denoising algorithms. The results demonstrate that
utilizing VMD to decompose the original sequence into several sub-sequences and a
residual sequence, followed by further decomposition of the residual sequence using EWT,
and categorizing the noise and signal sequences based on the correlation coefficient and
zero-crossing rate index, can resolve the signal mode mixing problem and maintain good
denoising performance.

In the comparative denoising experiments, different state-of-the-art denoising algo-
rithms are evaluated using MSE and SNR as objective metrics. The proposed neural
network model demonstrates superior denoising performance over other methods, validat-
ing the efficacy of the EBiLSTM architecture design. The incorporation of two short-term
and long-term neural structures captures the correlations and spectral features in the
Raman data.

To thoroughly validate the denoising performance of the VMD–EWT–EBiLSTM net-
work architecture, comprehensive performance analysis is carried out on the test set under
20 dB and 30 dB of random noise conditions, by examining the denoising outcomes from
each algorithm. It is evident from the results that the VMD–EWT–EBiLSTM network archi-
tecture achieves a lower MSE and a higher SNR compared to other benchmark denoising
algorithms, demonstrating superior denoising performance. Furthermore, the analysis
of the average MSE and average SNR metrics over the Raman spectral test set provides
further evidence that the network architecture yields improved denoising results.

The proposed method in this paper does not always perform ideally. As the noise level
increases, the MSE and SNR metrics for noise estimation deteriorate, as shown in Table 4.
Under 30 dB of Gaussian noise, the denoising performance of the VMD–EWT–EBiLSTM
network declines, mainly due to the following reasons: at high noise levels, the noise
intensity becomes comparable to the signal, making it difficult to differentiate between the
signal and the noise.

The proposed method in this paper adopts a VMD–EWT–EBiLSTM network architec-
ture for denoising Raman spectral signals. Since it involves relatively complex algorithms,
the neural network-based denoising process requires a certain amount of training time and
computational resources. To reduce the subsequent time and computation costs, future
research could focus on model compression and pruning of the structure and parameters,
as well as leveraging GPUs to accelerate model training and inference procedures, in order
to further improve the denoising performance for Raman spectra.

6. Conclusions

Aiming to address the issue of noise interference, such as shot noise and dark current
noise from the instrument, negatively affecting the localization and identification of spectral
characteristic peaks, this paper proposes a new Raman spectral denoising method. VMD
is utilized to decompose the original sequence into several sub-sequences and a residual
sequence, followed by further decomposition of the residual sequence using EWT. The
zero-crossing rate and correlation coefficient are used to categorize spectral and noise
signals, and an EBiLSTM network architecture is constructed for spectral feature extraction
and noise identification. Through different experimental validations, the proposed new
method outperforms comparative algorithms.

(1) Using the VMD–EWT decomposition algorithm achieves higher denoising accuracy
compared to other modal decomposition methods, with the MSE reduced by 23–56%
and the SNR improved by 10–66%.

(2) The constructed neural network Raman spectral denoising model demonstrates
13.38–72% enhanced denoising performance over state-of-the-art neural networks,
reflecting the more stable denoising capabilities of the VMD–EWT–EBiLSTM net-
work structure.
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(3) Future improvements to the network model should focus on optimizing the computa-
tional efficiency and processing speed.
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