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Abstract 
A acoustic signal feature extraction method based on manifold learning was proposed 
and its application was explored. The purpose of this study was to extract accurately the 
acoustic features of low signal-to-noise ratio noise sources under noisy background, and 
also to improve the accuracy of sound source recognition. The short-time Fourier 
transform was used to locally linearize the signal, and singular value decomposition was 
used to eliminate the noise component, improving the effectiveness of the source signal 
in the acoustic signal. The adaptive local linear embedding was presented and used to 
construct the manifold learning high-dimensional matrix, and the adaptive algorithm 
was proposed to optimize the selection of adjacent points. Finally, the implementation 
process and simulation results of this method are given, and the method is successfully 
applied to the sound frequency feature extraction of compressor in oxygen plant under 
strong background noise. Furthermore, the validity of method has been tested by results 
of sound source classification feature recognition and the comparison of other manifold 
methods. 
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1. Introduction 

The acoustic signal of noise sources in noisy environments has the characteristics of wide frequency 
band, low signal-to-noise ratio, prominent noise components and significant non-linear characteristics 
[1]. This makes the acoustic radiation field of the target noise source highly complex, with high data 
redundancy and dimensionality, little effective source information, difficult acoustic signal feature 
extraction, and low accuracy of target source identification. To this end, an efficient noise reduction 
and dimensionality reduction acoustic signal feature extraction method is urgently sought to solve the 
problem of feature extraction and recognition of target sound sources in noisy environments. 

Currently, stream shape learning, as an emerging and efficient data dimensionality reduction method 
in machine learning, is widely used in the fields of image processing [2] and computer vision [3]. It 
achieves data dimensionality reduction by maintaining relative relationships between data and mining 
the inherent low-dimensional stream structure of data to be represented in low dimensions. In recent 
years, stream shape learning methods have been gradually introduced into acoustic signal analysis 
and processing. Xu Yugong [4] et al. applied stream shape learning to speech recognition and 
proposed a new method for extracting speech feature parameters. Xu W [5] et al. used stream shape 
learning methods to describe the continuously changing characteristics of speech signals, 
transforming high-dimensional speech information to low-dimensional stream shapes, preserving 
speech features while reducing signal dimensionality. Guan Luyang [6] et al, extracted the stream 
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shape structure from the acoustic signal features of helicopter take-off and landing process, and 
effectively identified the specific targets mixed in multiple targets with good recognition rate and 
robustness. Wang Li [7] et al. proposed a neighbourhood-holding embedding algorithm, and verified 
through experiments that the algorithm has high recognition rate and computational efficiency. Sun 
LJ [8] et al, applied stream shape learning to acoustic feature extraction of underwater acoustic targets. 
Wang Wankai [9-10], and Su Yuanliang [11], combined the short-time Fourier transform and stream 
shape learning algorithm to extract the frequency and amplitude acoustic features of moving sound 
sources, and the experimental results showed that the method worked well. 

In summary, stream shape learning can be effectively used for feature extraction of noisy signals such 
as speech, underwater acoustic targets and moving sound sources, and has shown high computational 
efficiency and good robustness. However, for feature extraction of target acoustic signals in noisy 
environments, the following problems remain to be solved: ① The effectiveness of low signal-to-
noise ratio target acoustic signals in strong background noise is insufficient. This will lead to a high 
proportion of noise components in the high-dimensional data set of the constructed stream shape and 
a high complexity of the stream shape structure; ② the difficulty of constructing a high-dimensional 
data matrix and the limitation of selecting the nearest neighbour points, which not only makes it 
difficult to reduce the dimensionality of the target acoustic signal data, but also makes it difficult to 
express the physical meaning of the resulting stream shape. 

This paper proposes a combined singular value decomposition (SVD) and adaptive local linear 
embedding optimization algorithm (ALLE) for stream shape learning acoustic signal feature 
extraction method. By introducing singular value decomposition to deal with high-dimensional data 
sets, redundant data and noise components are eliminated to enhance the validity of the target acoustic 
information and reduce the complexity of the stream shape structure; the adaptive local linear 
embedding optimisation algorithm is proposed to improve the accuracy of constructing the high-
dimensional matrix of the stream shape and optimise the selection of nearest neighbour points, which 
clearly expresses the physical meaning of the stream shape. Finally, the effectiveness of the method 
is verified by simulation and practical application. 

2. Singular value decomposition 

Singular value decomposition is an important method of data decomposition. It decomposes the signal 
into two subspaces, the pure signal and the noisy signal, and the corresponding vector spaces are the 
"signal subspace" and the "noise subspace". In this paper, it is applied to the processing of noise 
components of high-dimensional data. 

First, a streamlined high-dimensional data set M is initially constructed from the short-time spectrum 
of the time-frequency analysis, and the frequency characteristics of the signal can be fully reflected 
in the short-time spectrum, as shown in Figure 1. 
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Fig. 1 Short-term spectral high-dimensional data set 

M is a matrix of m×n with rank r ( min{ , }r m n ).Its SVD decomposition: 
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Among them, m mU   and T
n nV   are orthogonal matrices, and only the diagonal is a non-zero element. 

The diagonal elements of matrix 
0

0 0
r

 
  
  

  are arranged from large to small. These diagonal 

elements are called singular values, where 1( , )rr
diag    , 10 r     and r  are singular 

values. 

Secondly, the singular value decomposition is performed on matrices TM M  and TMM  to obtain a 

set of vectors  j 1 r j=    ，  and the corresponding orthogonal matrices jV  and jU . At this point, 

the orthogonal matrices jV  and jU  are the feature vectors corresponding to the singular values in 

the corresponding vector j , which contain the main acoustic feature information of the target 
acoustic signal. The feature information is combined to obtain the SVD-processed high-dimensional 
data set   H

1 2, , , nX X X X R  , where frequency is used as the dimension and time as the number 

of samples. 

3. ALLE algorithm 

The Local Linear Embedding Algorithm [14] (LLE) is an unsupervised non-linear dimensionality 
reduction algorithm, the idea of which is to maintain the linear relationship between the local nearest 
neighbour points of the data and the local intrinsic manifold of the sample data, while mapping the 
sample data from the high-dimensional space to the low-dimensional space. Where the location of 
the nearest neighbour points varies, the complexity of the manifold structure varies and the 
corresponding difficulty of expressing the physical meaning of the manifold varies. However, this 
method of selecting nearest neighbour points is highly limited, with prominent arbitrariness, high 
computational complexity, and prominent variation of nearest neighbour points with the 
dimensionality of the data set. 

This paper proposes an adaptive local linear embedding algorithm for nearest neighbour optimisation 
(ALLE), which adaptively performs nearest neighbour determination based on the dimensional 
variability of the data. The method is effective in avoiding too large and too small a range of nearest 
neighbour k selection, and in increasing the connection between nearest neighbours and enhancing 
the local structural features of the manifold. 

The specific implementation of the ALLE algorithm is given below: 

(1) Select any two points iX  and jX  from the high-dimensional data set   H
1 2, , , nX X X X R  . 

Since distance is used between sample points to determine the nearest neighbours, construct an 
association function. 

1
( , )

( , )i j
i j

G X X
X X


                              (2) 

Equation 2 is used to calculate the correlation between two points, with ( , )i jX X  denoting the 

distance between sample points, the smaller the ( , )i jX X  and the larger the ( , )i jG X X , the better 
the correlation of the sample points. 

For any chosen point ( 1 2 3iX i N 、、 ）, its average correlation: 
n

A
j=1

1 1
( )

n-1 ( , )i
i j

G X
X X


 ,                            (3) 

A ( )iG X  denotes the average correlation, which is used as the reference variable for the nearest 
neighbour selection. 



International Core Journal of Engineering Volume 7 Issue 12, 2021
ISSN: 2414-1895 DOI: 10.6919/ICJE.202112_7(12).0061

 

449 

(2) Evaluate the correlation between iX  and jX  by finding the linear relationship between the k 

nearest neighbours  12jX j k ，，，  of iX  through the distance between sample points. 

A( , ) ( )i j iG X X G X , Sample points iX  and jX  are well correlated with each other and were selected 

as close neighbours. The k nearest neighbours of sample point iX  that satisfy the evaluation 

condition are denoted as   H
1 2, , ,i i i ikX X X X R  ,and the adaptive high-dimensional dataset iX  is 

obtained. 

(3) Take ikX  and jkX  in iX  and find the weight coefficients ijw . The weight matrix W is composed 

based on the weight coefficients and is optimized by linear reconstruction with the optimal loss 
function : 

 
2

1 1

min
k k

ik ij jk
i j

W X w X
 

                               (4) 

This is followed by normalisation and simplification to obtain the weight coefficients 
-1

-1
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(4) Assume that the dimensionality reduction data is L-dimensional data A. Optimisation is carried 
out with the minimum mean squared loss function as the optimisation condition. 
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   ,                              (5) 

iy  is a low-dimensional mapping of iX  and jy  is the k nearest neighbours of iy . 

After normalizing the low level data set LY R , the derivative is solved for:  

MY Y                                      (6) 
The first eigenvalue of the matrix cannot be zero, as zero does not reflect the characteristics of the 
matrix. Therefore, the M corresponding to the smallest eigenvalue from the 2nd to the L+1st is chosen 
as the desired low-dimensional manifold Y. 

3.1 ALLE algorithm dataset dimensionality reduction experiments and analysis 

To verify the effectiveness of the Adaptive Local Linear Embedded Algorithm (ALLE), experiments 
on the ALLE algorithm were carried out from a circular spiral dataset as in Figure 2, and the results 
were compared with those of the Local Linear Embedded Algorithm (LLE). 

Firstly, the samples of the toroidal spiral dataset are sparsely sampled with 800 sampling points and 
the adaptive nearest neighbour LLE algorithm values are automatically optimised for selection. k = 8 
points of nearest neighbours are selected by the LLE algorithm, and the two-dimensional stream 
shapes are derived from the LLE and ALLE algorithms respectively, and the results are shown in 
Figure 3 (a) and (b). 

Since the toroidal spiral data is composed of circles distributed in three dimensions with cyclic 
properties, its low-dimensional flow shape feature structure is a circle in two dimensions. As seen in 
Figures 2 and 3, the reduced-dimensional manifold feature structure is a one-dimensional curve, 
indicating that the ALLE algorithm better represents the smooth circular manifold structure of the 
toroidal spiral dataset than the LLE algorithm, and the obtained two-dimensional manifold can better 
restore the embedded manifold features of the dataset, and the ALLE algorithm has uniform and 
continuous colour changes on the dataset, indicating that the neighbourhood relationship of the 
original dataset is better preserved. 
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Fig. 2 toroidal helix data set 

 
(a) LLE                      (b) ALLE 

Fig. 3 Two-dimensional manifold 

4. Simulation and Experimentation 

4.1 Subjects measured 

The oxygen plant shop is arranged with several pieces of equipment, as shown in Figure 4.The sound 
signal is the superimposition of several different working conditions of equipment radiation sound at 
the same time, with wide frequency band, high sound pressure level, non-linear, equipment noise 
signal to noise ratio is low. The target sound sources are STC-GV (2-0-4-H) booster and RIKT-140 
air compressor, located in the north and south of the workshop respectively. The sound frequencies 
were extracted and the results of the time-frequency analysis are shown in Figure 5. The frequency 
of the booster was mainly concentrated in the low frequency band below 1000Hz, with a wide 
frequency band; the air compressor was mainly in the high frequency band above 2000Hz, with 
outstanding single frequency characteristics; both had obvious sound radiation at 1000Hz. To verify 
the validity of the method, the sound signals of the target equipment working alone, the background 
sound of the workshop with the target sound source switched off and the sound signals of the 
workshop under normal working conditions were collected respectively. 
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Fig. 4 Noise source distribution in oxygen plant 

The acquisition frequency of the acoustic signal is 24000Hz, the sampling time is 20s, the signal-to-
noise ratio is measured to be 10dB-5dB [15], and 300 sets of sample data, 150 sets for training and 
150 sets for testing, are shown in Table 1. 

Table 1. Sample data 
Type of sample Number of training Number of tests Type of feature 
Air compressors 150 150 

Time and frequency characteristics 
Pressurizers 150 150 

 

 
(a) Air compressors     (b) Pressurizers 

Fig. 5 Short time spectrum 

4.2 Simulation analysis 

Based on the short-time spectra of the air compressor and booster in Fig.6, a streamlined high-
dimensional data matrix was constructed and SVD was applied to reject it; a hamming window was 
used, setting the window width to 256 and the window overlap to 100.just by square brackets.  

The results of the frequency acoustic feature extraction by ALLE, with a range of 20-50 nearest 
neighbour points, are shown in Fig. 7. In the figure, any data point corresponds to a frequency in the 
acoustic signal, and the colour uniformity and distribution sparsity characterise the degree of 
maintenance of the proximity data relationship, i.e. the stability of the flow structure and the sparsity 
of the frequency distribution, respectively.  

Figure 6(a) shows the low-dimensional flow pattern of the booster and Figure 6(b) shows the low-
dimensional flow pattern of the air compressor, and there is a significant difference between the two 
low-dimensional flow structures. This difference in frequency and its distribution is well 
demonstrated because of the different characteristic frequency distributions of the two; the low-
dimensional manifold structure is densely distributed as in position a in Figure 6(a) and position c in 
Figure 6(b), characterising the continuity of the frequency distribution, i.e. the broad frequency 
characteristic; position b in Figure 6(a) and position d in Figure 6(b), where sparsity is prominent, 
characterising the single frequency component of the acoustic signal. This shows that the single 
frequency of the air compressor is prominent and the broad frequency of the booster is obvious, which 
is consistent with the results of its time-frequency analysis; to further characterise the physical 
meaning of the streamer, the streamer structures of the booster and air compressor noise signals are 
embedded into the same coordinate system as in Figure 6(c), and it is found that the streamer 
structures of the air compressor and booster are independent of each other in three-dimensional space 
and can be clearly distinguished; and there is an overlap at position e of the streamer structure, which 
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is consistent with the This is consistent with the presence of significant acoustic radiation 
characteristics of both at 1000 Hz. 

 
(a) Air compressors 

             
(b) Pressurizers       

 
(c) Same coordinate embedding 

Fig. 6 Three-dimensional manifold structure 

4.3 Experimental validation 

To characterise the SVD noise rejection effect, two approaches were chosen for the construction of 
the high-dimensional data: first, retaining the strong background noise and constructing it directly 
using the short-time spectrum; second, performing SVD decomposition on top of the short-time 
spectrum to remove the noise component. In order to clarify the efficiency of ALLE streamform 
algorithm, and commonly used streamform algorithms LLE, Isomap [16], LTSA [17] and LE [18], 
for recognition comparison, forming 2 sound sources, 6 different ways, the classification experiment 
of support vector machine (SVM) [21] was selected, the dimensionality reduction d=3, to obtain the 
recognition rate of air compressor and booster signals in different modes, the results Table 2. 
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Table 2. Different method recognition rate 

Numble Algorithms k-value 
Recognition rate (%) 

Air compressors Pressurisers 
1 STFT+LLE 15 50.7 52.0 
2 STFT+ALLE 15-25 72.6 69.3 
3 SVD+ALLE 15-25 96.0 93.3 
4 SVD+Isomap 15 74.6 74.0 
5 SVD+LTSA 15 71.3 70.0 
6 SVD+LE 15 68.0 66.0 

As shown in Table 2, the recognition rate of the acoustic signals of the air compressor and the booster 
is different due to the different characteristic frequency distribution and the obvious difference in the 
flow structure of the two. When STFT was used to construct a high-dimensional data set and the value 
of k was 15: the recognition rate of the sound signal of the air compressor was 50.7% by the LLE 
algorithm and 52% by the booster; the recognition rate of the sound signal of the air compressor was 
72.6% by the ALLE algorithm and 69.3% by the booster, the recognition rate of the latter being higher, 
which illustrates the efficiency of the ALLE algorithm. Secondly, when SVD was used to remove the 
noise component and the k values were the same, the ALLE algorithm calculated the recognition rate 
of 96% for the sound signal of the air compressor and 93.3.% for the sound signal of the booster; the 
Isomap algorithm obtained the recognition rates of 74.6% and 74% for the sound signals of the two 
machines respectively; the LTSA and LE algorithms obtained the recognition rates of 71.3% for the 
sound signals of the air compressor and the booster respectively , 70% and 68%, 66%. It can be seen 
that compared with other algorithms, the recognition rate of the acoustic signals processed by the 
SVD+ALLE algorithm is the highest, which indicates that it can better extract the flow structure of 
the acoustic signals and reduce the noise component, illustrating the effectiveness and practicality of 
the joint SVD-ALLE flow shape learning method. 

5. Conclusion 

This paper combines the singular value decomposition and local adaptive linear embedding algorithm 
of the stream shape learning method, and proposes a joint SVD-ALLE stream shape learning acoustic 
signal feature extraction method, which effectively solves the problems of low accuracy of high-
dimensional matrix construction and unclean noise rejection, and further verifies the efficiency of the 
method by comparing the support vector feature classification recognition of the measured target 
sound sources and the results of different stream shape methods. This study not only extends the 
sound source identification method, but also provides a new idea for target sound feature extraction 
in complex sound field environment. 
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