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Abstract

To reduce random errors effectively and improve measurement precision in MEMS gyro-
scopes, we establish a dual-layer noise suppression method named EMD-SSA-VMD. The
algorithm is grounded in empirical mode decomposition (EMD) and variational mode
decomposition (VMD), incorporating the sparrow search algorithm (SSA) and entropy
theory. The process starts by breaking down the signal into a series of intrinsic mode func-
tions (IMFs) and a residual via EMD. By calculating the power spectral entropy (PSE) of
IMFs, we can sort the signal components into three categories: noise signals, mixed sig-
nals, and effective signals. The mixed signals then undergo VMD processing, where SSA
optimizes the key decomposition parameters. The sample entropy (SE) of the IMFs from
VMD is computed to distinguish between actual signal components and noise. Finally,
we combine all valuable signals to reconstruct the denoising signal. MATLAB(R2024b)
simulation results show that this algorithm improves both the Signal-to-Noise Ratio
(SNR) and the Root Mean Square Error (RMSE), demonstrating a more efficient removal
of noise. Experiments on actual gyroscope data confirm these improvements, yielding
higher SNR and a waveform that closely matches the original signal. This proves the al-
gorithm’s practical value in engineering applications.

Keywords: MEMS gyroscope; empirical mode decomposition; sparrow search algorithm;
variational mode decomposition; power spectrum entropy

1. Introduction

In recent years, micro-electro-mechanical systems (MEMS) have developed rapidly
owing to their compact size, high cost-effectiveness, low power consumption, large-scale
production, and easy integration. As a result, these sensors have become core devices in
inertial navigation systems. They are widely used in fields like navigation, aerospace, the
military, and autonomous driving [1,2]. However, the inherent physical structure and
manufacturing precision of MEMS sensors lead to large output errors. The main sources
are random errors and deterministic errors. We can compensate deterministic errors, such
as constant bias, mounting misalignment, and alignment issues, through calibration. In
contrast, random errors include bias instability, random drift, and high-frequency noise.
These are easily affected by the structure, operational environment, and system circuitry.
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The strong nonlinear and random nature of MEMS sensors limits their accuracy. There-
fore, using denoising algorithms to reduce random errors is crucial for improving the
measurement precision of MEMS gyroscopes [3,4].

Researchers have proposed various methods to address random errors in MEMS gy-
roscopes. The most commonly used approaches can be broadly categorized into modeling
compensation, wavelet threshold denoising (WTD), and modal decomposition.

Traditional denoising methods eliminate noise by employing digital filters with dif-
ferent frequency bands. Zhang [5] utilized a low-pass filter to reduce measurement noise
in MEMS sensors. Li [6] designed a finite impulse response low-pass digital filter for the
measurement and denoising of gyroscopes. These methods are based on classical filtering
theory, which relies on the premise that the signal and noise spectra do not overlap. Pa-
rameters such as the filter cutoff frequency, passband, and stopband are typically deter-
mined on the basis of requirements or empirical knowledge. Consequently, when the sig-
nal and noise spectra severely overlap, the denoising effectiveness is often compromised.
Modeling compensation methods use prior knowledge of signals and noise to establish
stochastic error models, which are then filtered and compensated through techniques
such as Wiener filtering or Kalman filtering [3]. However, the efficacy of these approaches
is highly sensitive to the precision of the established error model. Random errors are char-
acterized by their non-stationarity, weak linearity, and slow time-varying behavior, which
may lead to differences between the error model and the actual system, ultimately impair-
ing the effectiveness of filtering and compensation [7].

WTD suppresses noisy signals by using appropriate wavelet bases and setting ap-
propriate threshold and decomposition scales. The multiscale analysis enabled by the
wavelet transform allows for the effective separation of signals across distinct frequency
bands [8]. Zhang [9] proposed a MEMS gyroscope denoising method that combined WTD
with an improved Elman neural network to eliminate random errors. Hu [10] introduced
a technique that used a wavelet transform to remove high-frequency noise. Subsequently,
he applied a time series model integrated with a Sage-Husa adaptive Kalman filter to
eliminate low-frequency components. However, the dependence of denoising outcomes
on the choice of decomposition parameters introduces substantial difficulty in signal pro-
cessing applications [11,12]. In complex real-world scenarios, WTD lacks applicability.

Modal decomposition provides an adaptive approach for handling nonlinear and
nonstationary signals. It does not require establishing an error model or selecting decom-
position parameters on the basis of signal characteristics. The commonly used methods
include EMD and VMD [13-16]. Zhang [17] used EMD to reveal the intrinsic frequencies
of fiber optic sensors, thereby enhancing the sensors” anti-interference capability and data
accuracy. Guo [18] combined adaptive sliding averaging with EMD to achieve rapid sig-
nal denoising for MEMS gyroscopes. However, EMD is susceptible to issues such as
modal aliasing [19]. To address modal aliasing, researchers have proposed several im-
proved methods [20-24], such as EEMD and CEEMD. Nevertheless, these methods cannot
entirely eliminate the white noise and aliasing phenomena generated during decomposi-
tion, failing to resolve the inherent limitations of EMD. Building upon EMD, K. Drago-
miretskiy proposed a quasi-orthogonal and adaptive signal processing method known as
VMD. VMD decomposes signals into noniterative variational modes with strong robust-
ness [25]. VMD features a more rigorous mathematical model, effectively suppressing
modal aliasing [26]. Xu and Lei [27] applied VMD to ground-penetrating radar (GPR) sig-
nals with nonstationary characteristics and reported that VMD could effectively remove
noise from GPR signals embedded in strong noise backgrounds, effectively overcoming
the influences of modal aliasing and endpoint effects. Cao [28] implemented VMD for
denoising MEMS high-G shock accelerometers, achieving favorable noise reduction out-
comes. However, VMD requires presetting the number of decomposition modes K and
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the penalty parameter a on the basis of experience. These two parameters directly impact
the VMD processing results. However, the effectiveness of VMD is highly dependent on
the manual configuration of the mode number K and penalty parameter «, both of which
critically influence the outcome and speed. Consequently, the selection of VMD parame-
ters is often combined with optimization algorithms. To address the parameter selection
in VMD, the slime mold algorithm (SMA) was employed in [29] for its optimization, fol-
lowed by wavelet denoising of the decomposed IMFs, achieving effective noise identifi-
cation and elimination. The authors in [30-33] also applied optimization algorithms to the
adaptive search of VMD parameters. The denoising performance of the VMD algorithm
is effectively improved after parameter optimization. Therefore, current research focuses
primarily on suppressing modal aliasing in EMD and optimizing the parameters of VMD.

To address the above issues, we introduce a gyroscope signal denoising algorithm
that integrates EMD, VMD, and the sparrow search algorithm (SSA). This approach first
employs EMD to decompose the original signal into its constituent IMF components and
then calculates the power spectrum entropy (PSE) of each IMF. On the basis of their PSE
values, the IMFs are categorized into noise signals, mixed signals containing both noise
and useful information, and useful signals. The mixed components are further decom-
posed via VMD, where the SSA optimizes its key parameters (K and «a), with envelope
entropy (EE) serving as the objective function. The sample entropy (SE) of the resulting
IMFs from VMD is subsequently computed to screen and eliminate the noise components.
Finally, all useful IMFs obtained from both the EMD and VMD stages are used for signal
reconstruction. The proposed method focuses on maximizing denoising accuracy. Due to
the iterative nature of the optimization algorithm, the computational cost is relatively high.
Therefore, the primary scope of this method is offline post-processing, such as high-pre-
cision mapping and post-mission trajectory analysis, rather than real-time positioning.
This paper presents the main contributions as follows:

1. A dual-layer decomposition architecture combining EMD and VMD. Adding VMD
after EMD compensates for the drawbacks of EMD modal aliasing. By applying VMD
only to the mixed signals after EMD, the optimization target for VMD is reduced.
This combined EMD-VMD structure significantly enhances both the accuracy and
speed of the overall signal processing procedure.

2. A dual screening mechanism for IMFs based on entropy theory. The first screening
uses PSE to classify the IMFs obtained from EMD, whereas the second screening em-
ploys SE to evaluate the IMFs obtained from VMD. This dual screening mechanism
effectively separates noise components from the IMFs.

3. Parameter optimization for VMD based on the SSA. The VMD parameters are deter-
mined by the SSA, with the objective of minimizing the EE. This method not only
eliminates the reliance on manual parameter tuning but also refines the overall de-
noising process, significantly enhancing the algorithm’s practical applicability.

The organization of this paper is summarized below: Section 2 offers a description of
related methods for gyroscope denoising. Section 3 details the design of the EMD-SSA-
VMD algorithm. Section 4 presents and analyzes the results of the experiment. Finally,
Section 5 presents the concluding remarks.

2. Related Works
2.1. Gyroscope Signal Output Model

The errors of the MEMS gyroscope mainly include scale factor errors, axis deviations,
gyroscope zero drift, and measurement errors. According to the basic characteristics of
the MEMS gyroscope, its measurement model can be expressed as follows [34]:
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Wmeas () = (A+B)- Wreqr(t) + Wreqi(t) + by + b(t) + €. 1)

Here, wpeqs(t) is the measurement signal and w;qq(t) is the true signal. A is the
scaling factor error coefficient, B is the nonorthogonal error coefficient caused by axis
deviation, and b, is the constant zero bias error. These are deterministic errors that can
be compensated through calibration. b(t) is the random walk error, and ¢ is the ran-
dom noise during measurement. This type of error is random and is the main factor lim-
iting the performance of MEMS gyroscopes. The calibrated model can be expressed as

Wmeas(£) = Wreqi(t) + b(E) + &. 2)

Physically, wpeqs(t) represents the measured angular velocity (typically in units
of °/s or rad/s). This signal is composed of the true angular velocity and the noise. It is
important to note that while the internal sensing element generates a capacitive signal
proportional to the Coriolis force, the output wpeqs(t) processed here is the digital se-
quence converted from that physical quantity. In modeling compensation methods, b(t)
is typically modeled by a first-order Gaussian-Markov process, and ¢ is commonly rep-
resented by Gaussian white noise. Javad Abbas [34] proposed a method that applied an
autoregressive model of long-term errors in MEMS gyroscopes to Kalman filtering, which
reduced the output error of gyroscope signals. Furthermore, Li [35] achieved noise sup-
pression by integrating a Kalman filter with an adaptive sliding window filter. Although
these methods reduce the dependence on the error model, the precision of the model itself
continues to be critical. In complex practical application scenarios, accurately constructing
a mathematical model for noisy gyroscope signals poses significant challenges.

2.2. Empirical Mode Decomposition

EMD overcomes the limitations of modeling compensation and WTD by employing
a fully data-driven decomposition process. Traditional EMD uses iterations of extreme
points and envelope lines to decompose signals, as shown in Algorithm 1.

Algorithm 1. EMD steps.

1. Initialization parameters: Ry, = X(t),i =1

2. Repeat:

(a). Initialization: hy = R;_1(t),j = 1;

(b). Search for all maximum and minimum values of h;_;(t) and form their respective
envelope lines: U, L.

(c). Calculate the mean of U and L: m;_,(t) = (U+L)/2;

(d). (1) = hy_y () — my_y (V)

(e). If h;(t) satisfies the IMF condition, IMF;(t) = h;(t). Otherwise, j = j + 1, return (b).
3. Ri(t) = Ri_1(t) — IMF;(t). If R;(t) satisfies the residual condition, the decomposition
is over, and R;(t) is the residual. Otherwise, i =i + 1, return step2.

The IMF represents a scale of the original signal, revealing its physical nature. It is
not a simple superposition but rather a generalized harmonic with a time-varying ampli-
tude and frequency. The original signal can be perfectly reconstructed without loss by
summing all the IMF components along with the residual. Consequently, the signal after
EMD can be expressed as

X() = Zica IMF;(8) + R(®). ®)

Here, IMF;(t) is the i-th IMF, reflecting the local characteristics of different frequen-
cies in the original signal; I is the number of IMFs; and R(t) is the residual after decom-
position, representing both the signal’s trend error and its low-frequency error.
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2.3. Variational Mode Decomposition

VMD solves decomposition problems through a variational process that incorporates
Wiener filtering, the Hilbert transform, and frequency mixing theory. By introducing a
mathematical optimization model with a regularization term, it suppresses modal aliasing
and enhances decomposition accuracy and robustness [36]. The signal is separated into a
collection of IMFs, each possessing a specific frequency and a limited bandwidth.

VMD separates the signal S(t) into a collection of K IMFs. On the basis of the mod-
ulation criterion, the IMF is redefined as a harmonic signal u(t), as shown in Equation (4):

we(t) = A (t)cos (g, (0))- (4)

Here, uy(t) isthek-thIMF, A,(t) isthe amplitude of u(t), and @,(t) isthe phase
function of u;(t). u,(t) modulates its spectrum to the specific baseband w,, via the Hil-
bert transform. The bandwidth is limited by the L? norm of the time derivative and its
gradient. With the constraint that the sum of all u,(t) equals the original signal S(t), the
model is expressed as follows:

min {zf,gzl 9. [(5(0 + #) « uk(t)] e—jwkrﬁi},

{ugh{wk}
s. t leg=1 uk =S

©)

Here, 0, is the gradient; w,, is the center frequency of each IMF; and §(t) is a Di-
richlet function.

The constrained problem is difficult to solve directly. Thus, a punishment parameter
a and an augmented Lagrange operator A(t) with strong constraint-handling capability
are introduced to convert it into an unconstrained formulation, as shown in Equation (6).

LI{w (O} {0}, AO)] = a ZE_19,[(6() + j/mt) X w (£)]e J@wt > +
IS(®) — Ty wi (OII2 + (D), S(E) — Thoy wye (©)).

Here, a regulates the modal bandwidth and ensures constraint fulfillment. The VMD

(6)

operates as described in Algorithm 2.

Algorithm 2. VMD steps.
Initialization parameters: n =0, {ut}, {wi}, {/\1}= 0;

Iterative process:
n = n+l
For k = 1:K

Update uy, in the inner loop:

~An+1 _ (@) =T Ti(@)+2(w)/2
Wi (w) - 1+2a(w-wg)? (7)

e} ~
ne1 _ e wlt@)?

Update o, :wj

I g ()]
8)
End
Update A(t) by dual ascent:
I w) = 1Mw) + 1(3(w) — T @ (w)) )
Until the condition is met: Zk”uﬂ” — u{:”z/lluﬂllg <eg (10)

The VMD process requires optimization of all the modes. Several scholars have em-
ployed optimization algorithms, including the grasshopper optimization algorithm [30],
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the rime optimization algorithm [31], the gray wolf optimizer [35], and multi-objective
particle swarm optimization [33], to optimize VMD parameters. The denoising perfor-
mance of VMD significantly improves after parameter optimization, but these algorithms
have greater complexity and are not suitable for real-time decomposition.

EMD and VMD provide denoising ideas through signal decomposition, but there are
still some problems. EMD rapidly decomposes signals through an iterative sifting process,
which can easily lead to modal aliasing. Modal aliasing manifests in two forms, as shown
in Figure 1: modes with different frequencies appearing in the same IMF, and modes with
similar frequencies appearing in different IMFs. This phenomenon causes the IMF to lose
its unique scale characteristics, directly undermining the accuracy of signal analysis. Alt-
hough VMD suppresses modal aliasing by introducing regularization terms, it has short-
comings in real-time decomposition. Therefore, this paper proposes a dual-layer decom-
position algorithm named EMD-SSA-VMD. It has a dual-layer decomposition and screen-
ing mechanism, which can efficiently and accurately denoise gyroscope signals.

g 10 The results of EMD. 5 Corresponding spectrum. % 10 The results of EMD. 5 Corresponding spectrum.
g° R ke
£ ) 0 0 b
20 obu 5 o 0.5 1 0 200 400
© o 0.5 1 0 200 400 - 8
1 WWWWW w 0 L Y lll"l " IIIII o.o1t !“WMI!”“'H‘
E 0 A5 E -0.3 0
= I 0 0.5 10 20 400
-1 (i} ~ 0.5 0.2
0 0.5 1 0 200 400 L o MMMMMM 0.1
1 0.5 g o5 g
o~ .
w0 \ / L 0 0.5 1 0 200 400
s
0 0.5 1 0 200 400 £ 0. 0
- 1 1 0 0.5 1 0 200 400
0.5 0.4
BN L £ siF AT 5
-0.5 0 = 0. -0
0 0.5 1 0 200 400 "o 05 1 0 200 400
(a) (b)

Figure 1. The manifestation of modal aliasing: (a) The first type: modes with different frequen-
cies appearing in the same IMF. (b) The second type: modes with similar frequencies ap-
pearing in different IMFs.

3. Methodology

In this section, we introduce the details of the EMD-SSA-VMD algorithm. The algo-
rithm consists of four main components: EMD, IMF screening based on PSE, signal de-
composition based on SSA-VMD, and IMF screening based on SE. Traditional modal de-
composition approaches typically assume that noise is primarily concentrated in high-
frequency IMFs and thus removes it directly. However, as analyzed in Section 2.2, EMD
suffers from significant modal aliasing. Consequently, certain IMFs may simultaneously
contain both noise and useful components. The mixed IMFs are complicated to handle. If
they are retained, the noise will also be retained; if they are discarded directly, some valid
information will be lost. In contrast, as discussed in Section 2.3, VMD effectively separates
modes of different frequencies by limiting the bandwidth, thereby suppressing modal ali-
asing. To leverage these complementary strengths, we design a dual-layer structure using
EMD in conjunction with VMD. The SSA is employed for optimization. Furthermore, PSE
and SE are introduced as criteria for IMF screening at their respective layers. The raw
MEMS gyroscope signal contains wide-band noise and complex trends. Directly applying
SSA-VMD to the raw signal faces two challenges. First, the optimization search space is
too large. The SSA may fall into local optima. Second, the computational cost is excessive.
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We use EMD as a pre-filter. EMD is parameter-free and fast. It decomposes the raw signal.
We use entropy to identify the mixed component. We apply the optimized SSA-VMD only
to this mixed component. In this framework, EMD simplifies the target signal for VMD.
VMD then focuses on resolving the specific mode-mixing problem within the mixed com-
ponent. This combination improves both efficiency and decomposition accuracy.

3.1. IMF Screening Based on PSE

As analyzed in Section 2.2, PSE can be used to screen the IMFs obtained from EMD.
PSE obtains the energy distribution of signals from the frequency domain without setting
parameters, demonstrating strong representational capability. Compared with other
types of information entropy, PSE requires fewer computations and can better reflect the
distribution of signal energy. Furthermore, the PSE is directly related to the SNR and the
spectral complexity of the signal. High-noise power signals have a relatively scattered
spectral distribution, with the PSE approaching 1. Pure component signals have a spectral
distribution concentrated at a few frequency points, with the PSE approaching 0. The nor-
malized PSE of a signal with length N is expressed as

PSE = =Y. P, - In(P, + 6)/InN. (11)

Here, P; is the normalized power spectral and 0 is a small positive constant. This
study adaptively determines thresholds according to the PSE’s statistical characteristics.
Specifically, the noise threshold is derived by adding one standard deviation to the mean,
whereas the useful signal threshold is obtained by subtracting it. There are three types of
IMFs: noise IMFs, mixed IMFs, and useful IMFs. This classification enables targeted pro-
cessing for each type. We directly eliminate the noise IMFs. For the mixed IMFs, we per-
form further VMD to separate noise from useful components. The useful IMFs are re-
tained for subsequent signal reconstruction. This IMF screening mechanism allows for
accurate discrimination between noise and useful signaling components.

3.2. Mixed Signal Decomposition Based on the SSA-VMD

When performing VMD on mixed signals, this study employs the SSA to automati-
cally determine K and a. The SSA is adopted as an efficient swarm intelligence technique
developed by Xue et al. [37] and benefits from fewer optimization parameters, rapid con-
vergence, low complexity, and ease of real-time implementation. The SSA classifies the
sparrow population with the aid of a fitness function to achieve a synergy of global and
local optimization. In this work, EE is adopted as the fitness function. We set the minimi-
zation of EE as the optimization objective. EE is a measurement method for evaluating
signal complexity and uncertainty. It is particularly suitable for handling nonstationary
signals. Compared with other information entropies, the EE and SSA have a higher degree
of compatibility, along with enhanced noise resistance and robustness. Moreover, EE re-
quires no prior knowledge and offers higher computational efficiency.

The IMF components u(t) obtained from the VMD of the signal are subjected to the
Hilbert transform to derive their analytic signals Uy (t). The envelope function and EE are
then extracted and normalized as follows:

Ui (® = we(®) + i H{wg(H)} (12)
a ()= uE (O H{u o)) (13)
Py() =ar(0)/ Ly ax(0). (14)
Ep=-YN, Put)-In(Py(t)). (15)
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Here, ai(t) is the amplitude envelope, Pi(t) is the normalized expression, and Ej is
the EE of the k-th IMF. The large K leads to over-decomposition, resulting in the genera-
tion of spurious modes. Conversely, the small K causes under-decomposition, failing to
effectively separate essential signal information. A large a restricts the bandwidth of the
modes too tightly, potentially causing the loss of signal details, whereas a small « results
in an excessively wide bandwidth, which may introduce noise or artifacts. Therefore, we
define the search ranges for these parameters prior to the optimization process. K€[3,12],
a€[100,3000]. The optimization steps for VMD parameters are shown in Algorithm 3.

Algorithm 3. VMD parameter optimization algorithm steps.

Initialization parameters:
K: Number of decomposition mode; a: The penalty parameter
IC: TIteration count; PN: Number of discoverers; SN: Number of Scouts;
R;: Early-warning value; N: Number of sparrows
1: The VMD is performed according to K and a.
2: While (t <IC)
Rank the fitness to identify the optimal and poorest individuals.
R, =rand (1)
Fori=1:PN
Adjust each sparrow’s position by Equation (16).

-
X1 = {xit'f " exXp (E)'RZ <ST (16)
i,j ¢
xi’j + Q 'L,Rz > ST
End
Fori=(PN+1):N
Adjust each sparrow’s position by Equation (17).

t t
Xworst_Xi,j . N
Q - exp (1—2 > ;

Xt = (17)
X5+ |Xf; — X5 - AT - L otherwise
End for
Fori=1:5SN
Adjust each sparrow’s position by Equation (18).
Xlgest + .8 : |Xit,j - Xlﬁest' ’ fl > fg
Xt = (18)

xt.—xt

e (B55). n=n
End
Get the current new location;
If the new location is better than before, update it;
t=t+1

End while
3: Return K and a

The SSA-optimized VMD can adaptively determine the optimal configuration of K
and a. Using envelope entropy as a fitness function allows the algorithm to handle non-
stationary signals better. The SSA has a simple structure and few parameters. It requires
less computing power for optimization. Therefore, it completes the process quickly. As
illustrated in Figure 2, the convergence behaviors of genetic algorithm (GA), particle
swarm optimization (PSO), and SSA were compared under identical experimental condi-
tions.

GA (green line) exhibits the slowest convergence rate, with a significant lag period
during the first 40 iterations, indicating low search efficiency in the early stages. PSO (blue
line) demonstrates a faster initial descent but exhibits a characteristic “staircase”
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convergence pattern. As shown in the intervals of iterations 10-15 and 22-30, the algo-
rithm frequently stagnates in local optima (premature convergence) and struggles to es-
cape, re-quiring significantly more iterations to match the accuracy of SSA.

In contrast, the SSA (red line) demonstrates the most superior performance. It
achieves a sharp, near-vertical descent in the first 5 iterations, reaching the global opti-
mum without stagnation. This indicates that SSA possesses extremely strong global opti-
mization capabilities and high convergence speed.

Optimization Algorithm Convergence Comparison
P T = T |g 4)_

e T T
GA
3 ——PSO
- ——ssA|7

=y
o

-
=]

=
S

N
T
1

o
T
1

o
T
1

=]
T
1

Min Envelope Entropy (Log_§ca|g2
»

L)

L

30 .40
Iteration

Figure 2. Convergence comparison of GA, PSO, and SSA.

3.3. IMF Screening on the Basis of SE

This work uses SE to screen the IMFs obtained after VMD to separate the noise sig-
nals. SE serves as a quantitative metric for assessing signal complexity and predictability,
with the advantage of being less parameter-dependent while providing high estimation
accuracy. It is particularly well suited for handling nonstationary signals. Noise primarily
affects signals by disrupting their regularity and increasing their complexity. Conse-
quently, the noise content in a signal is positively correlated with its SE. A lower SE indi-
cates stronger signal regularity, whereas a higher SE reflects greater structural complexity
and stronger randomness in the sequence. For a given signal X = [xy,x;,--,xy] of length
N, the SE calculation process is as follows.

Step 1: Construct an m-dimensional vector X; = [Xj,Xj4+1, ", Xj+m-1] from the original
signal and calculate the Chebyshev distance between two vectors X; and X;.

d[Xi, X;] = max([|xier — x4 |])- (19)

Here, k=0,1,2---,m—1,i,j = 1,2,---,N—m + 1,i # j. m is usually taken as 2.

Step 2: Calculate the matching counts. Set the similarity tolerance r. A small r (near
0) leads to almost no vector matches. The results become unstable. They are also sensitive
to noise. In contrast, a large r causes almost all vectors to match. This process loses the
detailed information of the sequence. Usually, it is taken as 0.1 to 0.25 times the standard
deviation of the original sequence. For a given vector X;, the number of vectors X; whose
distance to X; is less than or equal to r is denoted as B]".

Step 3: Calculate the probability estimation. In the m-dimensional space, compute the
average of B{" for all i, denoting the probability estimate of similarity between any two
vectors as B™(r).

mp — ZiBPO o 4y = ZiBlM _
B™(r) = (N_m+1)/(M m+1-1)= (N_m+1)/(M m). (20)
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Here, N —m + 1 represents the number of d[Xl-,X j]. Similarly, we can calculate the
probability estimate for the m — 1 dimension by Equation (21). The calculation formula
for SE is shown in Equation (22). This paper implements an automatic threshold based on
the statistical distribution of SE, with the threshold T calculated as Equation (23)

m _ niAltim)
AMH(r) = By /(M —m—1). (21)
SE = —In[A™*'(r)/B™(r)]. (22)
T = SEmean + B - SEgq. (23)

Here, SE eqn and SEg; represent the mean and standard deviation of all SEs, and
B € [0.5,2]. A smaller B leads to more aggressive denoising. In contrast, a larger f re-
sults in more conservative denoising. f is usually set to 1.

The noise-dominant IMFs increase the overall mean of the SE. Consequently, IMF
components exhibiting values significantly higher than this average are identified as noise.
SE screening cooperates with the PSE screening method described in Section 3.2, forming
a comprehensive IMF screening framework. The PSE screening mechanism performs pre-
liminary classification of IMFs from a frequency domain perspective, whereas SE screen-
ing conducts secondary filtration on the basis of signal complexity and predictability. This
complementary approach enables a more thorough and accurate classification of IMF
components. Such an integrated methodology is crucial for enhancing the quality and sta-
bility of MEMS gyroscope signals, thereby better satisfying precision requirements in
practical applications. Finally, the algorithm reconstructs the signal by combining useful
signals obtained from EMD and VMD.

4. Experiments and Results

In this study, the validation is performed using a vibratory MEMS gyroscope based
on the Coriolis force. However, the proposed algorithm is data-driven. It relies on the
statistical characteristics of the signal (such as entropy and mode decomposition) rather
than the specific mechanical structure of the sensor. Therefore, the proposed method is
theoretically applicable to other gyroscope architectures that exhibit similar noise patterns.

4.1. Experimental Processing of Simulation Signals

We generate a pure simulated gyroscope signal. Then, we add Gaussian noise, quan-
tization noise, and colored noise to create the test data. We conducted algorithm tests on
the simulated data in the MATLAB environment at a sampling rate of 1000 Hz for 10 min.
The original signal undergoes first-layer decomposition via EMD. The results are in Figure
3. The high-frequency IMFs exhibit more pronounced fluctuations and may contain more
noise components. The low-frequency IMFs exhibit relatively gentle changes and are more
likely to contain useful information from the original signal.

https://doi.org/10.3390/s26041367
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Figure 3. The EMD results of the signal: (a) IMF1~IMF6; (b) IMF7~IMF10, residual, and original
signal.

We calculate the PSE of each IMF for classification. The results are in Figure 4. EMD-
IMF1~IMF2 exhibit high PSE and vibration frequency, indicating that they are noise IMFs.
EMD-IMF3 and EMD-IMF6 are identified as mixed signals containing both noise and use-
ful information. EMD-IMF4~IMF5 and EMD-IMF7~IMF10 are pure and their PSE are reg-
ular, classifying them as useful IMFs.
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Figure 4. The classification results of IMFs after EMD of simulated signal. (a) Normalized power
spectrum entropy of each IMF; (b) IMF classification results.

Following Section 3.2, the mixed signals are subjected to a secondary decomposition,
with the results presented in Figure 5. Signals are further decomposed into four new IMFs.
Among these, VMD-IMF1 exhibits disordered waveforms, significant amplitude varia-
tions, and higher frequencies, indicating that they are likely noise. In contrast, VMD-
IMF2~IMF4 are concentrated in the low-frequency band with stable waveforms, showing
strong agreement with the trend variations of the original signal.
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Figure 5. The VMD results of the signals: (a) IMF time domain diagram; (b) IMF spectrum diagram.

Following Section 3. 3, the SEs of the four new IMFs are calculated for classification,
with the results shown in Figure 6. The SEs of VMD-IMF1 surpasses the established
threshold, confirming that they are noise. Conversely, the SEs of VMD-IMF2~IMF4 are
below the threshold, confirming that they are valid signals. This secondary decomposition
effectively achieves the separation of noise from useful signals within the mixed compo-
nent, thereby further enhancing the accuracy of signal reconstruction. After the classifica-
tion of IMFs and separation of noise components, the gyroscope signal is reconstructed.

12 VMD component SampEn

.
I sampEn

— — = -Threshold

02

Figure 6. The sample entropy of IMFs after VMD of the mixed signals(Simulated signal).

To validate the proposed method, we compare it with EMD-Wavelet, SSA-VMD,
KALMAN, and WTD, as shown in Figure 7. The signal waveform processed by our algo-
rithm more closely aligns with the original signal. The error signals graph shows that the
reconstruction error of the algorithm in this paper is also minimal.
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(a) (b)

Figure 7. The denoising results of different methods for signals: (a) The local comparison of the

denoising signals. (b) The local comparison of error signals.

To quantitatively evaluate the performance of the five algorithms, we conducted a
quantitative analysis using the SNR and RMSE, as shown in Table 1. Parameter settings
and optimization strategies for all methods are in Table 2. The results show that our algo-
rithm is more advantageous, indicating that the algorithm in this article can better sup-
press noise in the signal. Meanwhile, it can also preserve useful information in the original
signal as much as possible. We analyze the computational efficiency. The EMD-Wavelet,
KALMAN, and WTD are fast. However, the proposed method takes a relatively long time.
This is due to the multiple iterations required by the SSA to find optimal parameters. Alt-
hough it consumes more time, it achieves the highest accuracy. This trade-off is acceptable
for offline engineering applications where precision is the priority.

Table 1. The test results of five experimental schemes for simulating signals.

Method SNR (dB) RMSE Runtime(s)
Original Signal 17.24 0.6486 -
EMD-Wavelet 27.92 0.3508 0.9875
SSA-VMD 24.21 0.4343 75.6395
KALMAN 34.81 0.2359 0.485
Wavelet Threshold 18.83 0.5917 0.738
EMD-SSA-VMD 48.16 0.1094 49.15

Table 2. Parameter settings and optimization strategies for all methods.

Method Key Parameter Value Selection Justification
IMF Selection IMF 1~IMF 3 Based on energy spectral density
EMD-Wavelet
avele Denoising Strategy Soft threshold Only the noise-dominant IMFs
SSA-VMD Population/Iteration 30/20 Search capability, computational cost
Search Range Ke[3,12], a€[100,3000]  Finds the global optimum for the signal
State Model (A,H) A= IZZXZ, H=[1,1] Stfanc‘lard randon.l wa%k mod.el .
KALMAN Covariance (QR) R~ 04 4tic R is fixed by static noise variance; Q is
’ Q/R=1072 manually tuned to balance
Wavelet Threshold Wavelet Ba}s.ls sym8 High 51.m11ar1’fy tq gyro signal features
Decomposition Level 5 determined via trial-and-error

Standard noise analysis methods, such as the Allan variance, are widely used to de-
couple different error sources [38,39]. We use the Allan variance to evaluate the effective-
ness of the algorithm in suppressing random errors, as shown in Figure 8. The curve of
the proposed method is consistently located at the bottom, indicating the lowest overall
noise level across all time clusters. In the short cluster time region, the slope of the pro-
posed method aligns with —0.5 but with a significantly lower magnitude compared to
other methods. This demonstrates the superior capability of the proposed dual-layer strat-
egy in suppressing high-frequency quantization noise. Specifically, the bias instability is
reduced significantly, proving that our method effectively minimizes random drift with-
out distorting the underlying signal trend. The specific quantitative parameters extracted
from this plot are listed in Table 3.
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Figure 8. Comparison of Allan variances of different algorithms(Simulated signal).
Table 3. Allen variance quantitative error analysis results.
Aleorithm ARW Bias Instability RRW
8 (deg/sqrt(h)) (deg/h) deg/h/sqrt(h)
Signal 0.2915 5.3965 0.7130
EMD 0.1761 3.8733 0.7194
SSA-VMD 0.1471 3.4097 0.5880
Wavelet Threshold 0.1154 3.0119 0.7491
KALMAN 0.1026 2.6538 0.6375
EMD-SSA-VMD 0.0446 1.2376 0.3950

4.2. Experimental Processing of Real Gyroscopic Signals

To validate the practical performance of our algorithm, we gathered actual gyroscope
signal data to conduct experiments. The experimental device used for gyroscope data ac-
quisition is shown in Figure 9. The experiment utilized an MG-201H MEMS inertial meas-
urement(Manufacturer name: Shaanxi Xinrong Jiaye Technology Co., Ltd; Mei County,
Baoji City, Shaanxi Province, China) unit mounted on a three-axis rotation platform for
data acquisition. Our research object is the angular velocity measured by IMU during
platform motion. After initializing the gyroscope, we set the data output rate to 1000 Hz
and collected 1 h of gyroscope data as a sample.

Figure 9. Experimental device for gyroscope data acquisition.
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The angular velocity variation trajectory of the platform motion is a sine wave. The
same experiment was conducted as in Section 4.1. The EMD results of the gyroscopic sig-
nal are shown in Figure 10.
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Figure 10. The EMD results of the gyroscope signal: (a) IMF1~IMF6; (b) IMF7~IMF10, residual.

Similarly, the IMFs were separated according to the screening mechanism in Section
3.2, as shown in Figure 11. IMF1~IME3 were identified as noise signals, IMF4~IMF6 were

classified as mixed signals, and IMF7 to IMF10 were determined to be useful signals.
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Figure 11. The classification results of IMF after EMD of gyroscope signals: (a) Normalized power
spectrum entropy of each IMF. (b) IMF classification results.

Then, the mixed signals were further decomposed via VMD, and the results are dis-

played in Figure 12. The mixed signals undergo decomposition, yielding several new
IMFs, which are then used for further signal analysis.
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Figure 12. The VMD results of the mixed signals: (a) Time domain diagram. (b) Spectrum diagram.

The IMFs obtained from VMD are classified as shown in Figure 13. VMD-IMF1~IMF3
are classified as noise, whereas VMD-IMF4~IMF10 are classified as useful signals. After
completing the IMF classification and noise separation, the signal is reconstructed.

25

-SampEn
- - - -Threshold

IMF SampEn

0.5

1 2 3 4 5 6 7 8 9 10

Figure 13. The sample entropy of IMFs after VMD of the mixed signals(Gyroscope signal).

The comparison of the denoising performance across the five algorithms is provided
in Figure 14. The signal processed by our method closely matches the original signal in
terms of waveform, with fluctuation patterns that more closely approximate the true char-
acteristics of the original signal. It indicates superior preservation of the primary infor-
mation contained in the original signal, thereby minimizing reconstruction errors. In con-
trast, the other methods suffer from excessive smoothing processing, resulting in signifi-
cant deviations from the original waveform. This indicates that there is too much infor-
mation loss in the original signal, resulting in significant reconstruction errors. The resid-
ual signal graph indicates that our algorithm does not have excessive smoothing.
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Figure 14. Comparison of five denoising methods on the gyroscope signal: (a) The local comparison

of the denoising signals. (b) The local comparison of residual signals.

Since the true angular velocity is unknown for the real experiments, the standard
time domain SNR cannot be calculated directly. To rigorously evaluate the noise suppres-
sion performance, we adopt a Spectral Power Integration method based on the physical
bandwidth of the gyroscope signal. The proposed method is based on two fundamental
premises. First, the effective motion signals of MEMS gyroscopes are typically concen-
trated in the low-frequency band. Second, sensor noise is generally distributed across the
entire frequency spectrum or predominantly in the high-frequency range. Therefore, this
approach relies on the inherent physical characteristics of the signal rather than the output
of the denoising algorithm. We define the effective signal bandwidth using a cutoff fre-
quency, f..ltisbased on the spectral energy distribution of the original signal (where 99%
of the energy is concentrated below f.). The signal power P4, and noise power
Ppoise are estimated by integrating the power spectral density (PSD) over separate fre-
quency bands. The SNR is calculated as follows:

SNReSt = 1010g10(Psignal/Pnoise) (24)
fe
Pagna = | PSD(DAf 25)
0
fNyq
Proise = f PSD(f)df (26)
fe

Here, PSD(f) is the PSD of the signal, f. is the cutoff frequency, and fy,, is the
Nyquist Frequency. This metric strictly separates the low-frequency motion components
from the high-frequency sensor noise in the frequency domain, avoiding the assumption
that the removed components are pure noise. The calculation results are in Table 4.

Table 4. The test results of four experimental schemes for gyroscope signals.

Method SNR(dB)
Original Signal 5.4653
EMD-WTD 8.7513
SSA-VMD 7.0717
KALMAN 7.2487
Wavelet threshold denoising 9.1971
EMD-SSA-VMD 15.5771
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We also calculated the Allan variance of the actual signal, as shown in Figure 15. The
specific quantitative parameters extracted from this plot are listed in Table 5. The analysis
confirms that the proposed method not only suppresses high-frequency noise but also
improves mid-term bias stability.

Allan Variance Analysis Comparison

Allan Deviation o(7) (/s)

4 Raw Signal
107F]- - EmMD

VMD
—==-Wavelet
= = Kalman
Proposed

L 1
102 107 10° 10 102 10°
Cluster Time 7 (s)

Figure 15. Comparison of Allan variances of different algorithms(Gyroscope measurement signal).

Table 5. Allan variance quantitative error analysis results.

Algorithm ARW Bias Instability RRW
(deg/sqrt(h)) (deg/h) deg/h/sqrt(h)

Signal 0.4633 6.6808 0.8535

EMD 0.2806 4.9487 0.6462

SSA-VMD 0.2325 4.4253 0.6498

Wavelet Threshold 0.1860 3.6525 0.5542

KALMAN 0.1638 3.3164 0.6131

EMD-SSA-VMD 0.0699 1.5710 0.3993

The results of simulation experiments and real signal experiments show that the pro-
posed EMD-SSA-VMD denoising algorithm achieves excellent performance in terms of
both noise reduction effectiveness and signal reconstruction accuracy.

5. Conclusions

This paper presents a denoising method based on EMD-SSA-VMD to remove ran-
dom noise from MEMS gyroscope signals and improve accuracy. We compared this
method with traditional EMD, VMD, and WTD. It performs better in terms of SNR and
RMSE. The algorithm relies on a dual-layer decomposition structure using EMD and
VMD. It also employs a dual-level screening process with PSE and SE, along with SSA for
optimization. This approach combines the speed of EMD with the ability of VMD to stop
modal aliasing. We use SSA to achieve adaptive optimization of modal decomposition
parameters. The dual-level screening effectively separates the noise. The results of the ex-
periment confirm that our algorithm is effective and superior for denoising gyroscope
signals. It separates noise from useful information accurately. It also preserves the features
of the original signal during reconstruction. The algorithm significantly improves the
spectral SNR and reduces the Noise Floor in dynamic conditions, which directly translates
to better signal quality for motion tracking applications. This offers a valuable reference
for high-precision offline measurements in practical engineering.
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Abbreviations

The following abbreviations are used in this manuscript:

MEMS Microelectromechanical systems
EMD Empirical mode decomposition
VMD Variational mode decomposition
SSA Sparrow search algorithm

IMFs Intrinsic mode functions

PSE Power spectral entropy

SE Sample entropy

WTD Wavelet threshold denoising

EE Envelope entropy

SNR Signal-to-noise ratio

RMSE Root mean square error

PSD Power spectral density
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