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Abstract: Diversified noise sources pose great challenges in the engineering of an ANC (active
noise control) system design. To solve this problem, this paper proposes an ANC method based
on VMD (variational mode decomposition) and Ensemble Learning. VMD is used to extract IMFs
(Intrinsic Model Functions) of different types of noise and obtain the approximate entropy of each
IMF. Clustering analysis on the output of VMD is conducted based on the PCA (principal component
analysis) dimension reduction method and k-means++ method to get classification results for different
noises. On the basis of the clustering results, different GBDT (gradient boosting decision tree)
regressors are constructed for different noise types, in order to create a high-performance ANC
system for multiple noise sources. To verify the effectiveness of the proposed method, this paper
designed four simulation schemes for the ANC: obstacle-free rectangular enclosed space, rectangular
enclosed space with obstacle, obstacle-free trapezoidal enclosed space and trapezoidal enclosed space
with obstacle. When machine gun noise is used as an example, noise attenuation by the proposed
method in four simulation schemes is −23.27 dB, −21.6 dB, −19.08 dB and −15.48 dB respectively.

Keywords: active noise control; variational mode decomposition; gradient boosting decision tree;
principal component analysis; k-means++

1. Introduction

Active noise control (ANC) is a technology used to reduce noise in the target area
by actively generating a sound field with an external sound source and overlaying the
existing noise sound field. ANC technology takes the noise signal as input and adjusts the
controller, to generate a secondary noise signal, thereby achieving noise control. However,
when the noise signal changes with time and the noise type can not be predicted in advance,
it difficult to track the noise in real time. The noise type in a real environment is usually
unknown; therefore, multiple groups of control filter banks should be designed in an ANC
system to achieve the noise suppression effect with higher precision. This study paper
attempted to solve these two problems using feature extraction and regression algorithm
with ensemble learning.

Variational mode decomposition (VMD), proposed by Dragomiretskiy in 2014 [1],
is an adaptive and completely non-recursive mode variation signal processing method.
VMD decomposes the signal into several signals of different frequency scales. VMD can
determine the number of modes decomposed from the signal based on the actual situation,
adaptively match the best central frequency and finite bandwidth of each mode in the search
and solution process and achieve the effective separation and frequency domain division
of the intrinsic mode components in the signal. Recently, VMD has been widely used in
noise feature extraction. Li combined VMD with k-nearest neighbor mutual information
to extract features of ship-radiated noise [2]. Yang proposed a secondary decomposition
de-noising method for underwater acoustic signals with VMD [3]. Zhang applied VMD to
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obtain the noise intensity in intrinsic mode functions (IMFs) [4]. Wu applied the mini-batch
multivariate VMD to achieve the de-noising of random seismic noise [5]. Wu and Zhang
proposed a new method using VMD and a convolutional neural network to attenuate the
white noise of a seismic trace [6]. Wei conducted a comparative investigation of VMD and
empirical mode decomposition for the noise reduction of transient electromagnetic signals.
The research suggests that VMD is expected to be used for signal interference suppression
in the field of transient electromagnetic detection in the future [7].

Ensemble learning is a growing topic of interest in the field of pattern recognition
and machine learning. It has attracted great attention, as it can significantly improve the
accuracy and generalizability of learning systems [8,9]. In general, ensemble learning is
divided into bagging, boosting and stacking and each of these three stages use algorithm
designs based on the tree model. Advantages of a random forest are mainly reflected in
two characteristics: It can process high-dimensional feature data without feature extrac-
tion [10,11] (the importance of each feature would be evident after training) and it is
conducive to fast speed parallel computation. Therefore, this paper reports on designs of an
ANC system based on an ensemble learning algorithm of random forest. Bagging ensemble
learning algorithms attain the optimal prediction model by training multiple classifiers in
parallel and then taking the average value [12,13]. The influence of the number of trees
on prediction precision, however, should be taken into consideration when designing the
bagging method. In theory, the effect should improve with an increase in the number of
trees. The number of trees would not, however, affect the prediction precision greatly when
it reaches a certain level. Stacking ensemble learning algorithms improve the prediction
precision of the classifier by stacking individual learners together, but they are not suitable
for online running due to their long computation time. In comparison with bagging and
stacking ensemble learning algorithms, a boosting ensemble learning algorithm has a lower
computation cost and higher prediction precision [14,15]. Therefore, a boosting ensemble
learning method was adopted in this paper for the design of an ANC system.

Common boosting ensemble algorithms include adaptive boosting machine (AdaBM),
gradient boosting decision tree (GBDT) [16], histogram-based gradient boosting machine
(Hist-GBM) [17] and light gradient boosting machine (Light-GBM) [18]. Among these,
GBM optimizes the loss function in the direction of the fastest gradient decline through
orderly iteration. The Hist-GBM and Light-GBM algorithms are derived from GBDT. GBDT
is widely used because it is easy to achieve high regression accuracy and generalizability.
The GBDT is a decision tree with the introduction of two ideas, gradual lifting and shrink,
which improve the generalizability of ordinary decision trees. The core point of GBDT is
the accumulation of the predicted values from multiple decision trees, with the residual as
the learning goal of each decision tree. Through the above analysis and discussion, this
paper uses GBDT to design an ANC method for different noise types. Lu predicted airfoil
self-noise using a GBDT with random forest [19]. Li proposed a new GBDT algorithm
based on a Kalman filter to tackle time series prediction problems [20]. Based on GBDT and
principal component analysis, Wu proposed a novel seismic trace interpolation method for
irregularly sampled spatial data [21].

To address situations where the noise type is unknown, this paper designed an ANC
based on VMD and GBDT algorithms with high real-time performance. To identify noise
type automatically, a PCA dimensionality reduction algorithm and VMD algorithm were
used to extract characteristics of input noise, in order to reduce data size. Then, a k-means
clustering algorithm was applied to classify the extracted noise characteristics. Finally,
GBDT regressors were constructed for different types of noise, to acheive the objective of
an ANC system with high real-time performance and better noise reduction.

The rest of this paper is organized as follows: Section 2 presents the noise feature
extraction based on VMD, noise type clustering based on PCA and k-meas++ and the ANC
method based on GBDT. Section 3 illustrates the pre-processing of a noise dataset and
numerical simulation of the ANC. Section 4 presents the results of analyses. The paper’s
conclusions are in Section 5.
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2. ANC Method Based on VMD and GBDT
2.1. Preliminaries

The schematic diagram of the proposed ANC method based on VMD and integrated
learning algorithm is shown in Figure 1. The proposed ANC method includes an ac-
tive noise control module, feature extraction module and gradient boosting decision tree
module.
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The ANC is a modular feedback control system, where x(n) represents the reference
signal, y(n) represents the secondary path output (control output), p(n) represents the
primary noise, e(n) = p(n)− y(n) represents the error signal, s = [s0, s1, · · · , sM−1] rep-

resents the secondary path. In this model
^
s represents the estimated secondary path, and

generally
^
s = s. w(n) = [w0(n), w1(n), · · · , wN−1(n)]

T represents the adaptive controller.
The feature extraction module includes two parts: a noise feature extraction based on

VMD and noise clustering analysis based on PCA and k-means++. The module extracts
the IMFs of noise data through VMD and gets the AE for each IMF of noise. The VMD
processing result is taken as the input for the PCA and k-means to classify the noises. On
the basis of the feature extraction and cluster analysis of noise data, the GBDT module
generates different GBDT regressors for different noises, thereby creating an ANC for noise
of different types.

2.2. Feature Extraction with VMD

The variational mode decomposition (VMD) decomposes the noise data x(i) into
intrinsic mode functions (IMFs) uk(i) with the number of K [1]:

x(i) =
K

∑
k=1

uk(i) = Ak(i) cos[φk(i)] (1)

where K = 6 in this paper, φk(i) is mode phase and Ak(i) is the envelope. To obtain the IMFs
and central frequency, the optimum of the augmented Lagrangian is performed as following:

L(uk(t), fk, λt) = α
K
∑

k=1
‖ d

dt

[(
δ(t) + j

πt

)
∗ uk(t)

]
e−j2π fkt‖

2

2

+‖x(t)−
K
∑

k=1
uk(t)‖

2

2
+ 〈λt, xt −

K
∑

k=1
uk(t)〉

(2)
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where λt is the Lagrangian coefficient, α is the scale factor, δ is the Fermi–Dirac distribution, ‖·‖2
2

is the 2-norm and 〈·〉 is the inner product. The VMD method captures the mode waveforms
and central frequencies of the raw rolling bearing vibration signal in the frequency domain.

Furthermore, the approximate entropy (AE) [22] is used to transform the IMF se-
quences into six feature values for each noise dataset. A window with length of m was
set for the noise convolution signals Xc(1), Xc(2), . . . , Xc(N) with length of N. A set of
vectors with dimension of m was thus obtained:

Xc(i) = {Xc(i), Xc(i + 1), . . . , Xc(i + m− 1)}, i = 1, 2, . . . , N −m + 1. (3)

The distance between Xc(i) and Xc(j) is defined as the largest difference between the
two corresponding elements and is calculated as:

d[Xc(i), Xc(j)] = max
k=0∼m−1

[|Xc(i + k)− Xc(j + k)|]. (4)

Cm
i (r), the ratio of {d[Xc(i), Xc(j)] < r} to the total number of N −m, is calculated as:

Cm
i (r) =

1
N −m

{d[Xc(i), Xc(j)] < r}, (5)

where the statistical distance, d[Xc(i), Xc(j)], is smaller than the given threshold r. Take the
logarithm of Cm

i (r) and calculate the average value:

φm(r) =
1

N −m + 1

N−m+1

∑
i=1

ln Cm
i (r). (6)

Then, the approximate entropy of the signal can be obtained by the following formula:

AE(m, r, N) = φm(r)− φm+1(r) (7)

where m = 2, r = 0.1 ∼ 0.25× stdXc and stdXc is the standard deviation of the original
signal. This paper assumed r = 0.2× stdXc .

We used PCA [23] to further extract features of AE in datasets of different types of
noise. Then, the k-means++ cluster [24] algorithm was used to classify different types of
noise. Taking the analysis of white noise as an example, the feature extraction based on
VMD, PCA and k-means++ is shown in Figure 2.
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It should be noted that PCA and k-means++ algorithm are only used to classify
multiple noise sources. Then, according to the classification results, the raw noise dataset
of each type is sent to the corresponding GBDT regressor.

2.3. Construction of GBDT for ANC

As shown in Figure 3, different GBDT regressors were constructed and regressors
corresponded with a single type of noise. GBDT is an iterative decision tree algorithm.
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Each individual regressor is realized from a decision tree. The mathematical equation of
GBDT can be written as:

Fx(x) = Fm−1(x) + argminhL(yi, Fm−1(xi) + h(xi)) (8)

where F represents the decision regression tree function, L represents the Lagrange mul-
tiplier and h represents a weak regressor. The core idea of GBDT is to optimize the weak
regressor step by step according to Equation (8) with input and output data. In this paper,
the input and output data of Equation (8) are raw noise data and secondary output data
(see Figure 1), respectively. Then, the error signal, e(n), is sent into the loss function to
obtain update the GBDT adaptive controller.
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The noise dataset used in this paper is NOISEX-92 [25], which contains 15 different
types of noise, such as white noise, pink noise, interior noise, mechanical noise and factory
noise. K-means++ cluster algorithm will map different noise into different regional data
sets. As shown in Figure 3, for 10 kinds of noise data in NOISEX-92, k-means++ divides
it into nine regions and the noise type in each region is not unique. According to the
clustering results, 10 different types of noise are classified into 9 types. For this problem,
the processing idea is to construct several GBDT regressors without considering whether
the noise types in the divided regions are consistent.

The performance of the GBDT (Gradient Boosting Decision Tree) regressor is mainly
affected by the loss function, number of estimators and maximum depth of the individual
regression estimators. For different noise data sets, the optimal GBDT structure parameters
are different. To simplify the GBDT structure optimization, this paper assumes that GBDTs
with different noise types share the same structure. On the basis of the study in Section 4.2,
the optimal GBDT structure parameters for NOISEX-92 noise data set are shown in Table 1.

Table 1. The optimal GBDT structure parameters for NOISEX-92 noise dataset.

Structure Parameters Loss Function Estimators Number Maximum Depth

Optimal Parameters Huber 500 4

3. Numerical Simulation

For the noise dataset, the random step increment slip method [26] was applied to
classify each noise type into 200 groups as shown in Figure 4. The length of each intercepted
signal is 512. In addition, the min-max normalization method was used to map the noise
signal into intervals [0, 1]. The separated noise signals were taken as reference signals x(n)
for ANC system.
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To verify the effectiveness of the proposed method, the simulation environment
was built for the ANC system using the Python-based Pyromacoustics software v.1.1
package [27]. Pyromacoustics software package could easily create an enclosed space
acoustic simulation. Then, the sound source signal and microphone signal can be designed
conveniently, and the room impulse response (RIR) of the enclosed space can be obtained.
As shown in Figure 5, a rectangular space of 2.2 m × 1.1 m × 1.2 m was designed. The
noise source and error microphone were located at two ends of the enclosed space, and the
control output was located near the error microphone.

Appl. Sci. 2023, 13, x FOR PEER REVIEW 6 of 15 
 

3. Numerical Simulation 
For the noise dataset, the random step increment slip method [26] was applied to 

classify each noise type into 200 groups as shown in Figure 4. The length of each inter-
cepted signal is 512. In addition, the min-max normalization method was used to map the 
noise signal into intervals [0, 1]. The separated noise signals were taken as reference sig-
nals 𝑥ሺ𝑛ሻ for ANC system. 

 
Figure 4. The partition method for different types of noise data. 

To verify the effectiveness of the proposed method, the simulation environment was 
built for the ANC system using the Python-based Pyromacoustics software v.1.1 package 
[27]. Pyromacoustics software package could easily create an enclosed space acoustic sim-
ulation. Then, the sound source signal and microphone signal can be designed conven-
iently, and the room impulse response (RIR) of the enclosed space can be obtained. As 
shown in Figure 5, a rectangular space of 2.2 m ൈ 1.1 m ൈ 1.2 m was designed. The noise 
source and error microphone were located at two ends of the enclosed space, and the con-
trol output was located near the error microphone. 

 
Figure 5. ANC simulation schematic diagram. 

To make the simulation better resemble real scenarios, the ray tracing algorithm was 
used to simulate the transmission and reflection of noise in the enclosed space. Air ab-
sorption was set as 0.0015. The wall surface of the enclosed space was set as rough con-
crete, with its material absorption and material scattering changing with center frequency, 
as shown in Table 2. 

Table 2. The parallel table of material absorption, material scattering and center frequency. 

Center Frequency (Hz) 125 250 500 1000 2000 4000 8000 
Absorption 0.02 0.03 0.03 0.03 0.004 0.07 0.07 
Scattering 0.2 0.3 0.4 0.5 0.6 0.6 0.7 

Figure 5. ANC simulation schematic diagram.

To make the simulation better resemble real scenarios, the ray tracing algorithm was
used to simulate the transmission and reflection of noise in the enclosed space. Air absorp-
tion was set as 0.0015. The wall surface of the enclosed space was set as rough concrete,
with its material absorption and material scattering changing with center frequency, as
shown in Table 2.

Table 2. The parallel table of material absorption, material scattering and center frequency.

Center
Frequency (Hz) 125 250 500 1000 2000 4000 8000

Absorption 0.02 0.03 0.03 0.03 0.004 0.07 0.07
Scattering 0.2 0.3 0.4 0.5 0.6 0.6 0.7

According to the simulation process shown in Figure 5, four simulation schemes were
designed to verify the universality of the proposed methods. As shown in Figure 6, the
four simulation schemes designed in this paper include rectangular enclosed space without
obstacles, rectangular enclosed space with obstacles, trapezoidal enclosed space without
obstacles and trapezoidal enclosed space with obstacles.
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A key point of ANC simulation is to obtain the impulse response (IR) of the primary
path, which is the basis of ANC algorithm design. The IR of the primary path is affected
by different environments and different noise types, so the IR of the primary path must
be obtained under four simulation schemes for each noise type as shown in Figure 7.
The shape of the enclosed space has an important impact on the IR of the primary path.
However, the impact of noise type on IR is not obvious. After obtaining the IR of different
noise types in different simulation situations, it can get the primary noise by convolution
operation between IR and the input noise. Then, the design and analysis of ANC algorithm
can be carried out on the basis of the simulation results.
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4. Results and Discussion
4.1. Clustering Result of Noise Data Set

The k-means++ cluster method was adopted to classify a noise dataset into different
noise types. As the clustering algorithm is unsupervised learning, there is too much
uncertainty for it to attain class labels. To evaluate the performance of the clustering
algorithm used in this paper, class labels were assigned for different noise types. In this
way, the effect of the clustering algorithm could be evaluated based on the following
five indicators:

• V-measure indicates the harmonic mean of completeness and homogeneity. It is used
to express the linear dependency between the cluster number and the sample number;

• Rand Index (RI) is the indicator to evaluate the similarity of two clusters;
• Adjusted Rand Index (ARI) is the improved version of RI, which is used to eliminate

the influences of random label on RI;
• Normalized Mutual Information (NMI) is the normalized evaluation indicator to

quantify the similarity between two clusters;
• Adjust Mutual Information (AMI) reflects the correlation between the cluster label and

the ground truth label. It can be used for the consistency test of the clustering algorithm.

The values of five clustering evaluation indicators fall within the range of 0 to 1. Better
performing clustering algorithms have larger indicator values.

This paper mainly studies the influence of noise data sampling length and decom-
posed IMF numbers on clustering performance. As shown by Figure 8a, the optimal noise
sampling length is 512 from the perspective of noise clustering performance and computa-
tion. Before using the clustering algorithm to classify different types of noise, the raw noise
data set was processed with VMD. A key factor affecting VMD feature extraction is the
numbers of decomposed IMF. The clustering evaluation indicator values and computation
times for different numbers of decomposed IMF are shown as Figure 8b. As shown in this
figure, the optimal number of IMF was 6.
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Figure 9 shows the superiority of the noise clustering algorithm based on the combi-
nation of VMD algorithm, PCA and K-means++; four groups of clustering results were
determined as follows:

• (a) K-means++ for raw noise data: the k-means++ algorithm was directly performed
on the raw noise dataset;

• (b) K-means++ for raw noise data with PCA: clustering analysis was performed with
K-means++ algorithm for the noise data after PCA dimension reduction;

• (c) K-means++ for raw noise data with VMD: clustering analysis was performed with
K-means++ algorithm for noise data after VMD feature extraction;

• (d) K-means++ for raw noise data with VMD/PCA: features of original noise data
were extracted with VMD and PCA first and the clustering analysis was performed
with K-means++.
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As shown in Figure 9a, the result of noise classification clustering with raw data directly
was not ideal. In comparison, as shown by Figure 9b, the clustering result was clearly
improved when the noise data were initially processed with PCA dimension reduction.
As shown by Figure 9c, the clustering result could also be improved significantly if noise
classification clustering is performed after VMD noise feature extraction. Finally, the
clustering algorithm based on the combination of VMD and PCA dimension reduction
method delivers good performance in noise classification.

4.2. Architecture Determination and Regression Performance of GBDT

To compare the influences of different structural parameters on GBDT performance, the
mean-square error (MSE), defined as ψMSE = 10 log10

{
e2(n)

}
, was used. The performance

of the GBDT (Gradient Boosting Decision Tree) regressor was mainly affected by the
loss function, maximum depth and number of estimators of the individual regression
estimators.The regression loss functions commonly used by GBDT include Mean Squared
Error (MSE), Mean Absolute Error (MAE) and Huber error. The mean de-noise effects for
three different loss functions in the 10 types of noise datasets are shown in Figure 10.
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It can be seen from Figure 10 that the GBDT regressor with Huber loss function yields
the smallest MSE ψMSE for each of the 10 types of noise datasets. The MSE loss function
curve is smooth and continuous and is, therefore, conducive to the iterative optimization
through gradient descent method. However, it is sensitive to discrete points. In comparison,
the MAE loss function is tolerant to discrete points, but it has high complexity in solving
the gradient. As the fusion of MSE and MAE functions, Huber error can not only reduce
the sensitivity to discrete points, but also allows differentiability in all situations. Therefore,
the Huber error loss function is selected as the loss function of GBDT.

Influences of maximum depth and number of estimators on the regression performance
of GBDT were examined. In order to simplify the determination architecture of GBDT,
it was assumed that different noise types have the same GBDT structure. Using a trial-
and-error method, the regression performance indicator MSE ψMSE corresponding the
maximum depth ranging from one to six and the number of estimators ranging from 100
to 700 were studied. Using factory noise as an example, the influence of maximum depth
and number of estimators on the GBDT regression performance is shown in Figure 11.
Therefore, the optimal maximum depth and number of estimators of GBDT used in this
paper were four and 500, respectively.
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4.3. Comparison between Proposed Method with Several Other Methods

The proposed method is compared against several other algorithms: least mean square
(LMS) [28], recursive least square (RLS) [29], random forest (RF), support vector machine
(SVM) and artificial neural network (ANN), in terms of the ANC performance. Generally,
the LMS algorithm is simple and easy to implement with low complexity. But it has the
disadvantages of a slow convergence rate and poor tracing performance. Recursive least
square (RLS) algorithm has better convergence speed and tracing performance with higher
computation complexity compared with LMS algorithm. Figure 12 shows the de-noising
learning curves of proposed method, LMS, RLS, RF, SVM and ANN for 10 types of noise
datasets with 500 steps iteration.

It can be seen from Figure 12 that the learning curve of the method proposed in this
paper begins to converge at iteration step 75 which is much smaller than that of LMS
algorithm. For the RLS algorithm, the convergence iteration step is 48. Although the
convergence speed of the proposed method is not as fast as that of RLS, its maximum
value of the learning curve is 8.08 dB, which is much less than that of RLS, 29.66 dB.
This demonstrates that the proposed method has better stability compared with LMS and
RLS. In addition, the convergence iteration steps for the learning curve of RF, SVM and
ANN methods are 145, 58 and 80 respectively, which are not very different than that of
the proposed method. However, the maximum value of the learning curve of RF, SVM
and ANN methods is 26.23 dB, 29.51 dB and 28.25 dB respectively, which is much larger
than the value of the proposed method. In addition, the steady-state attenuation result
of the proposed method is −25.6 dB~−27.25 dB, and results of the LMS, RLS, RF, SVM
and ANN methods are −17.8 dB~−24.08 dB, −17.5 dB~−24.52 dB, −22.47 dB~−26.57 dB,
−22.05 dB~−25.83 dB and−23.37 dB~−26.61 dB, respectively. This shows that the proposed
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method has better noise attenuation using the 10 types of noise datasets. The reason for this is
that the proposed method constructs a corresponding regressor according to the clustering
results of different noise types, which greatly improves the noise attenuation effect.
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4.4. Simulation Validation of Proposed Method

In order to further verify the effectiveness of the proposed method for ANC, the
noise attenuation effect of machine gun noise is analyzed with the proposed method by
formulating four simulation schemes shown in Figure 6 and using the sound pressure level
(SPL) as the evaluation index. The noise attenuation effects of ANC in an obstacle-free
rectangular enclosed space are shown in Figure 13a,b. It reveals that the SPL in the enclosed
space is between 29.75 and 56.31 dB without ANC as shown in Figure 13a. However, with
ANC based on proposed method, the SPL in the space is approximately −23.27 dB, as
shown in Figure 13b.
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Rectangular Enclosed Space with Obstacle.
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For the simulation condition of rectangular enclosed space with obstacle, the SPL
without ANC in the enclosed space is between 2.76 and 39.3 dB, as shown in Figure 13c.
With ANC based on proposed method, the SPL at the noise control point is basically around
−21.6 dB as shown Figure 13d. It demonstrates that the method proposed in this paper can
well achieve the noise attenuation for rectangular enclosed space.

The simulation results of trapezoidal enclosed space are shown in Figure 14. The noise
attenuation effects of ANC in an obstacle-free trapezoidal enclosed space are shown in
Figure 14a,b. It reveals that the SPL in the enclosed space is basically between −7.49 and
27.28 dB without ANC as shown in Figure 14a. However, after the ANC using the proposed
method, the SPL in the space is approximately −19.08 dB, as shown in Figure 14b.
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For the simulation condition of trapezoidal enclosed space with obstacle, the SPL in
the enclosed space is between −4.71 and 27.6 dB without ANC as shown in Figure 14c.
With ANC based on proposed method, the SPL at the noise control point is approximately
−15.48 dB, as shown Figure 14d. It also demonstrates that the method proposed in this
paper can achieve the noise attenuation for trapezoidal enclosed space.

In another example, LMS, RLS, RF, SVM and ANN algorithms were used for ANC of
machine gun noise using the four simulation schemes as above. Their noise attenuation
effects are shown in Figure 15. The noise attenuation effect of the LMS algorithm for four
simulation schemes are −13.47 dB, −10.9 dB, −7.78 dB and −2.75 dB respectively. The
noise attenuation effect of the RLS algorithm for the four simulation schemes are−14.93 dB,
−12.72 dB, −9.46 dB and −4.53 dB respectively. The noise attenuation effect of the RF
algorithm for four simulation schemes are −16.96 dB, −14.5 dB, −11.06 dB and −6.59 dB
respectively. The noise attenuation effect of the SVM algorithm for four simulation schemes
are −17.86 dB, −14.77 dB, −11.72 dB and −7.54 dB respectively. The noise attenuation
effect of ANN algorithm for four simulation schemes are −19.03 dB, −16.54 dB, −13.18 dB
and −8.26 dB respectively. Therefore, it can be found that the noise attenuation effect of the
proposed method is much better than that of algorithms of LMS, RLS, RF, SVM and ANN.

From the simulation results of the above four cases, it can be seen that with increasing
spatial irregularity, it would be more difficult to achieve ANC, but the algorithm proposed
in this paper can meet the actual needs of practical engineering applications on the whole.
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In future research, we will focus on algorithm research of ANC for a more irregular space
and a more complex environment.
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5. Conclusions

This paper proposes a novel method based VMD and GBDT for ANC. The proposed
method decomposes different types of noise data by VMD and obtains the approximate
entropy of each IMF. The clustering analysis is carried out on the output of VMD, based
on the PCA dimension reduction method and k-means++ method. Then, different GBDT
regression learners are built for different noise types and their structural parameters are
optimized to achieve high-performance active noise control for different noise types. As
shown by the simulation analysis, the result shows the VMD method could extract the
inherent characteristics of different noises and greatly improve the clustering effect of
different noise types. Meanwhile, the PCA is also used to extract the features of each IMF
of noise, thereby further enhancing the clustering effect of k-means++. In addition, since
the GBDT regression learner is built for every IMF of noise separately, high-performance
ANC for different types of noise is acheived. Compared with ANC methods using a LMS
algorithm and RLS algorithm, the proposed method has a better noise reduction effect. Four
simulation schemes were conducted to verify the effectiveness of the proposed method
for ANC. The simulation results revealed that the algorithm proposed in this paper can
meet the actual needs of practical engineering applications on the whole. Therefore, the
proposed method provides sound technical support for ANC of multiple noise sources.
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