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Abstract. Wood is an anisotropic composite material, whose variation can make it difficult to locate surface 
damage using non-destructive testing. In order to solve the problem of sound source localization on the surface 
of wood, this study used a first localization method combining grid-based feature mapping and machine learning. 
Chinese fir boards (Cunninghamia lanceolata) were divided into a grid and acoustic emission signals were 
generated through a pencil-lead break test. These signals were processed using wavelet packet decomposition 
(WPD) to create a database of energy feature vectors. Localization was then achieved by applying support vector 
regression (SVR), which compared the feature vectors from the experimental points with those in the database 
to determine the sound source location. The average absolute error of this localization method was 7.51 mm, 
the average relative error was 3.79%, and the positioning accuracy was 91.84%, which can effectively locate 
the sound source on the wood surface.
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Introduction
The evaluation of wooden members is crucial for the proper 
functioning of the entire wooden structure (Lamy et al. 2015; 
Han et al. 2022). Although many methods for structural non-
destructive testing (NDT) exist (Nocetti et al. 2023; López et 
al. 2023; Xu et al. 2023; Guo et al. 2017), few can achieve 
real-time dynamic assessment (Ji et al. 2023), i.e., structural 
damage monitoring and localization under normal working 
conditions. In particular, wood exhibits varying moduli of 
elasticity in different directions (Dinçkal 2011), which affects 
sound source localization. Low localization accuracy remains a 
key challenge for using acoustic emission as a non-destructive 
testing technology.

Sound source localization refers to the process of determining 
the origin of acoustic emissions by analyzing the characteristics 
of sound waves (Qin et al. 2024; Zhou et al. 2023; He and Zhu 
2024; Li et al. 2018). In the context of wooden structures, this 
technique is particularly valuable for detecting damage, such as 
cracks or voids (Aicher et al. 2001; Pan et al. 2024; Boccacci 
et al. 2022). It plays a critical role in ensuring the structural 

integrity and safety of wooden components, especially in ap-
plications such as wooden buildings (Rescalvo et al. 2018), 
furniture (Ai et al. 2024), and cultural heritage preservation 
(Cruz et al. 2022; Xu et al. 2021). The ability to accurately 
locate sound sources in wood is essential for real-time struc-
tural health monitoring and damage assessment. Despite its 
potential, the anisotropic nature of wood poses significant 
challenges to achieving high localization accuracy, which 
limits the widespread adoption of this technology.

At present, there are two main research methods for sound 
source localization: signal arrival time-based research and 
signal processing-based research. In arrival time-based sound 
source localization, Kundu et al. (2007) used multiple sensors 
to obtain the arrival time differences of sound source signals 
and used additional information, such as the angle between the 
sensors and the sound source, to determine signal location. Yin 
et al. (2021) improved the relative positioning of the sensors to 
further enhance the accuracy of the arrival time-based localiza-
tion method. They also constructed a composite material model 
through finite element simulation to verify the effectiveness of 
the proposed method. Park et al. (2012) used four sensors to 
collect signals, construct arrival time differences, and build a 
neural network database to predict signal position. However, 
propagation speed of the stress wave signals in anisotropic 
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materials varies depending on the direction, so it is difficult to 
accurately detect the arrival time of the signals in each direc-
tion, and ultimately making it difficult to determine the exact 
location of the sound source generation. Therefore, research-
ers proposed a sound source localization method based on 
stress wave signal processing. In the research of sound source 
localization based on stress wave signal processing: Shrestha 
et al. (2015) constructed a signal database by processing the 
signals collected by traversing each sound source point, and 
then determining the location of the sound source by compar-
ing the correlation coefficients; Zhao et al. (2017) proposed a 
wood energy attenuation model to determine the location of 
damage to the wood structure; Su et al. (2012) constructed 
a support vector regression (SVR) model based on acoustic 
emission signal features for the spatial 3D structural localiza-
tion of anisotropic materials; Ebrahimkhanlou and Salamone 
(2018) proposed a method that combined dispersion and modal 
characteristics of signals with a neural network. In this ap-
proach, only a single transducer was used to locate the sound 
source region. This method effectively overcame the effects 
of wave velocity attenuation and reduced the number of sen-
sors required. However, the localized object was structurally 
simple, limiting the method’s generalizability.

Since wood is an orthogonal anisotropic material (Bucur 
2023), the performance differences were smaller when struc-
tural neighboring positions were closer. Therefore, this paper 
proposes a grid localization method for wood sound sources. 

This method leverages the fact that as the distance between the 
acoustic emission source positions decreases, the influence of 
wood texture diminishes, and the frequency-domain features 
of the signals received by the sensors become more similar. 
It employs wavelet packet decomposition (WPD) for energy 
feature extraction and combines it with SVR to achieve accurate 
sound source localization. The main process of the research 
is as follows (Figure 1): ① Divide a limited number of grids 
into sample points on the wood. Break the lead at these sample 
points and extract the energy of each frequency band from 
the signals collected by the acoustic emission sensors using 
wavelet packet noise reduction and transformation. ② Apply 
principal component analysis (PCA) for dimensionality reduc-
tion to enhance feature vector differentiation, then input the 
low-dimensional feature vectors into a SVR to build a model. 
③ Break the lead at various positions on another board, col-
lect acoustic emission signals, and perform WPD to extract 
the wavelet packet energy feature vector. ④ Use the SVR to 
complete the localization of the acoustic emission source. The 
main advantage of this method is that grid division reduces the 
influence of wood anisotropy within a local range, and when 
combined with wavelet packet feature extraction, it further 
minimizes the impact of wood anisotropy on positioning ac-
curacy. At the same time, using only a single sensor avoids the 
problems of multi-sensor signal interference and wave veloc-
ity attenuation, thereby significantly improving the accuracy 
and practicality of positioning. This method provides a new 

Figure 1. Sound source localization flowchart.
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solution for non-destructive testing of wood, with potential 
applications in real-time structural health monitoring, quality 
control in wood processing, and cultural heritage preservation.

Material and methods
Test system

The acoustic emission signal acquisition system consisted of a 
DS2 acoustic emission analyzer, an RS-2A acoustic emission 
sensor, and a front amplifier with adjustable gain (40 dB, 5 V 
output). According to the Shannon-Nyquist sampling theorem, 
the sampling frequency was set to 500 kHz (Li et al. 2020). 
When the acoustic emission signal propagates in the wood, the 
value of its energy decreases with increased distance from the 
source; the distance between the sound source and the acoustic 
emission sensor was 0–200 mm (Zhao et al. 2017). Therefore, 
the maximum distance between the transducer and the excita-

tion point should not be more than 200 mm from the surface 
of the wood. High temperature vacuum grease was used to 
connect the transducer to the wood sample.

Two rectangular defect-free boards of Chinese fir (Cunninghamia 
lanceolata) from adjacent areas of the same parent board 
(named “fir board 1” and “fir board 2”). The boards had similar 
ratios of sapwood and heartwood, and were used to construct 
the training samples and test samples, respectively. The ex-
periment used a rectangular board with fixed support on all 
four sides, which measured 185 mm × 140 mm × 20 mm 
(length × width × thickness) with a density of 0.306 g/cm3. 
A 140 mm × 140 mm square was used for the lead-breaking 
experiments (Figure 2). Taking 7 × 7 grids as an example, 
the coordinate system was established (Figure 2b), and the 
planks were aligned with the y-axis and x-axis directions in the 
down-grain direction and cross-grain direction, respectively. 

b

c

a

Figure 2. (a) Grid division, (b) sensor layout, and (c) lead breakage point location of fir boards.
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In accordance with the ASTM standard (American Society for 
Testing and Materials), the geometric center of each grid area 
was broken with a Hsu-Nisisen quill (2H/0.5 mm), and a signal 
excitation was applied to generate an acoustic source, i.e., the 
signal generated by the simulated crack. The coordinates of 
the geometric center point of a single transducer were 70 mm 
by 175 mm. The minimum distance between the transducer 
and the signal excitation point was 35 mm, and the maximum 
distance was 175.57 mm.

Wavelet packet energy feature vector extraction

The wavelet packet method decomposes both high-frequency 
and low-frequency components of the signal layer by layer 
until reaching the predetermined decomposition level. A 3-level 
WPD of the original signal S yielded the signal components 
S3–0, and S3–1 … S3–7 (Figure 3).

The Daubechies (db) wavelet has the advantages of orthogo-
nality, tight support, approximate symmetry, and the ability 
to perform discrete wavelet transform, which can be fully 
reconstructed. Through layer-wise decomposition, acoustic 
emission signals yield increasingly detailed wavelet packet 
energy feature vectors; however, beyond a certain number of 
layers, the increase in sensitivity to the acoustic emission signal 
of wood is not obvious. For comprehensive consideration, this 
paper adopted the db5 wavelet to calculate the energy feature 
vectors of each frequency band of the wavelet packet in the 
9th layer, which was used as the input index of the SVR:

Where: E9,j stands for the energy of the 9th component of the 
9th layer wavelet packet j. In addition, the energy ratio of the 
wavelet packet is characterized as:

[𝜆𝜆1, 𝜆𝜆2, 𝜆𝜆3, 𝜆𝜆4, 𝜆𝜆5, 𝜆𝜆6,⋯ ] 

𝜆𝜆𝑗𝑗 =
𝐸𝐸9,𝑗𝑗

∑ 𝐸𝐸9,𝑗𝑗𝑛𝑛
𝑖𝑖=1

 

Figure 3. 3-level Wavelet packet decomposition.

Where: WTχ (a,b) is the wavelet packet coefficients; CΨ is the 
coefficient that converts the wavelet packet energy to the time 
domain energy; Ψ(ω) is the wavelet tolerance condition; ω is 
the frequency.

The energy of each wavelet packet component is the sum of 
the squares of the coefficients of that wavelet packet, i.e.:

∫ 𝑑𝑑𝑑𝑑
𝑎𝑎2

+∞

0
∫ |𝑊𝑊𝑇𝑇𝑥𝑥(𝑎𝑎, 𝑏𝑏)|
+∞

−∞

2
𝑑𝑑𝑑𝑑 = 𝐶𝐶𝛹𝛹 ∫ |𝑥𝑥(𝑡𝑡)|2𝑑𝑑𝑑𝑑

+∞

−∞
 

𝐶𝐶𝛹𝛹 = ∫
|𝛹𝛹(𝜔𝜔)|2
𝜔𝜔

+∞

−∞
𝑑𝑑𝑑𝑑 

𝐸𝐸 =∑(𝑑𝑑𝑖𝑖)
2

 

Where: di is the coefficient of the wavelet packet in which it 
is located.

For every λ there is:

(1)

(2)

(3)

(4)

(5)
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So, the wavelet packet energy E9,j  can also be expressed as: 

(6)

Where: d9,j,i represents the S9–j coefficient.

Support vector regression principle

Acoustic emission signals were decomposed into energy feature 
vectors by wavelet packet methods, and the feature dimen-
sions were usually between tens and hundreds, which needed 
to be reduced to be used as inputs to the localization model. 
Considering the number of samples and feature dimensions, 
this paper chose the SVR algorithm to construct the acoustic 
emission localization model.

The SVR algorithm was a supervised learning algorithm used 
to predict discrete values. The samples were assumed to be 
(x,y); f(x) was the output; y was the desired outcome; ω and 
b were the parameters to be determined; ε was the maximum 
permissible deviation; the solid and hollow circles denoted 
the samples with no loss computed and the samples with loss 
computed (Figure 4). The objective function of SVR is:

𝐸𝐸9,𝑗𝑗 = ∑(𝑑𝑑9,𝑗𝑗,𝑖𝑖)
2
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𝑚𝑚
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s.t. 𝑓𝑓(𝑥𝑥𝑖𝑖)− 𝑦𝑦𝑖𝑖 ≤ 𝜀𝜀 + 𝜉𝜉𝑖𝑖 

𝑦𝑦𝑖𝑖 − 𝑓𝑓(𝑥𝑥𝑖𝑖) ≤ 𝜀𝜀 + 𝜉𝜉𝑖𝑖 

(10)

𝜅𝜅(𝑥𝑥𝑖𝑖, 𝑥𝑥𝑗𝑗) = 𝜑𝜑(𝑥𝑥𝑖𝑖)𝑇𝑇(𝑥𝑥𝑗𝑗) 
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Figure 4. Schematic diagram of support vector regression.

The SVR function is obtained according to the KKT condition:

C is the regularization parameter and lε is the ε-insensitive 
loss function:

Introducing the slack variables ξi  and  ξ̂  i  yields:

Where:                                                is the kernel function.

Grid localization method

The principle of SVR method for Chinese fir board sound-
source grid localization was as follows: firstly, a suitable SVR 
model was selected according to the prediction object, and the 
regression model was trained by training samples. According 
to the training samples in the delineated grid, a regression 
function was expressed as  

𝑓𝑓(𝑥𝑥𝑥 𝑥𝑥𝑥𝛼𝛼𝛼𝑖𝑖 − 𝛼𝛼𝑖𝑖)𝜅𝜅𝜅𝜅𝜅𝜅 𝜅𝜅𝑖𝑖) + 𝑏𝑏
𝑚𝑚

𝑖𝑖=1
 

The SVR training model based on radial basis kernel function 
was obtained, at this time, the predicted value of the sample 
points was determined by the regression function and loss 
function.

Constructing an energy feature vector localization 
model

Wavelet packet denoising was implemented using a MATLAB-
based signal processing program. The original signal under-
went 4-level decomposition using the db5 wavelet, followed 
by removal of the noise-dominated low-frequency band. The 
remaining frequency components, free from fundamental 
frequency interference, were then reconstructed, resulting in 
a denoised signal with enhanced robustness for source local-
ization. The original acoustic emission signal in grid region 
1 was given (Figure 5a), as well as the signal after noise re-
duction by removing disturbances such as environmental and 
electromagnetic noise (Figure 5b).

Each signal after the noise reduction process was subjected to 
a 9-layer WPD of db5 wavelets to obtain a 512-dimensional 
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times, for a total of 196 lead breaks to construct the training 
sample; and each sample point on fir board 2 was applied 1 
time, for a total of 49 lead breaks to construct the test sample. 
This resulted in 245 lead break signals, which constituted the 
sample matrix [t1, t2, t3, ⋯, t245], where the samples ti = [λ1′, 
λ2′, λ3′, ⋯, λ244′]i . The normalized feature vectors are used to 
train the SVR model. In the process of SVR modeling, the best 
penalty coefficient c and kernel function g can be determined 
by using the cross-validation method, and the final result 
obtained by the SVR prediction was the localization result. 
Assuming that the sound source location was li, i = 1, 2 ... n, 
when using the SVR for sound source localization, the sound 
source location was expressed as:

energy feature vector [λ1, λ2, λ3, ⋯, λ512]. However, the larger the 
dimension of the energy feature vector, the more complicated 
the data calculation when machine learning is performed. This 
paper utilized the PCA method for dimensionality reduction 
to obtain the feature vector [λ1′, λ2′, λ3′, ⋯, λ244′]. In this paper, 
the first 8-dimensional feature vectors with a cumulative 
contribution rate of more than 99% were selected as the input 
data for the SVR.

Experimental localization

In order to verify the effectiveness of the SVR method for 
sound source grid localization on wood boards, localization 
tests were conducted on thin Chinese fir boards. Forty-nine 
sample points were used for lead break training on each board, 
as follows: each sample point on fir board 1 was applied 4 

Figure 5. The original signal and denoised signal in grid area 1: (a) Original 
signal (b) Noise reduction signal.

a

b

(12)

(11)

Results and discussion
Because of differences in wavelet packet energy amplitude 
of each sub-band of the acoustic emission signals at different 
locations, the similarity between the signals at each location 
differed, and similarity was calculated by the formula (Guo 
et al. 2017) as:

Where: n is the dimension of the feature vector; x̄, and ȳ is the 
mean value of vector x, y. The feature vector of the acoustic 
emission signal at the coordinates 70 mm, 130 mm in the 
training set database, i.e., the signal vector of this sample 
point, was compared with the vector of the acoustic emission 
signal at each position in the database in terms of similarity. 
The results (Figure 6) showed that the signal had a high degree 
of similarity to the feature vector of the nearby signal with a 
maximum of 1 with this point, and a low degree of similarity 
to the feature vectors of signals farther away. The signal vector 
at the coordinates 70 mm, 130 mm was compared with the test 
signal vectors at each location for similarity (Figure 7) and 
also showed that the signal had a high degree of similarity 
with the nearby test signal.  The test signal was a maximum 
of 0.99 at that point, with a low degree of similarity with the 
more distant test signal. These results suggest that the closer 
the relative distance between the sound sources, the smaller 
the difference produced by their signal energy distribution. 
These results support the premise that the closer the distance 

𝑙𝑙 = 𝑎𝑎𝑎𝑎𝑎𝑎 𝑚𝑚𝑚𝑚𝑚𝑚
𝑙𝑙𝑖𝑖

2
∥ 𝑤𝑤 ∥ 

𝑅𝑅 =
∑ (𝑥𝑥𝑖𝑖 − 𝑥𝑥)𝑛𝑛
𝑖𝑖=1 (𝑦𝑦𝑖𝑖 − 𝑦𝑦)

√∑ (𝑥𝑥𝑖𝑖 − 𝑥𝑥)2𝑛𝑛
𝑖𝑖=1 ∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦)2𝑛𝑛

𝑖𝑖=1
 



Wang and Zhao—Support vector regression-based grid localization method for acoustic emission sources from Chinese fir boards 107

between the locations of the acoustic emission sources, the 
more similar the frequency domain characteristics of the signal 
received by the sensor. These results suggest that machine 
learning methods can be used to train the sound source loca-
tion using the differences in vectors of wood panels in different 
grid regions to recognize and evaluate the acoustic emission 
source location of wood.

The dimension-reduced feature vectors of training samples 
were used to train an SVR-based sound source localization 
model that predicted both the coordinates and grid regions of 
test samples (Figures 8a and 8b). The prediction errors were 
quantified using the following metrics:			 

Figure 7. Similarity of feature vectors between the sample point signal and 
each test point signal at coordinates (70mm, 130mm).

Figure 6. Similarity of feature vectors between the sample point signals and 
each point signal at coordinates (70mm, 130mm).

(13)

(14)

𝑆𝑆 = √(𝑥𝑥 − 𝑥𝑥0)2 + (𝑦𝑦 − 𝑦𝑦0)2 

𝑃𝑃 = √(𝑥𝑥 − 𝑥𝑥0)2 + (𝑦𝑦 − 𝑦𝑦0)2
140√2

× 100% 

where: s denotes absolute error; p denotes relative error; x, 
y denotes the position coordinates of the center point of the 
predicted grid region in x- and y-directions, respectively; x0, y0 
denotes the position coordinates of the x- and y-directions of 
the center point of the predetermined grid region, respectively.

Taking the sound source grid size of 20 mm × 20 mm as an 
example, the sound source localization resolution was 20 mm, 
and the pencil-lead break test was performed sequentially at 
49 positions on the fir board. The average absolute error of 
the predicted values for all grid areas was 7.51 mm, with an 
average relative error of 3.79%. Table 1 presents a comparison 
between the actual and predicted coordinates of the sound 
source. It is evident that if the x or y values of the predicted 
sound source location differ from the actual values by more 
than 10 mm, or if the relative error exceeds 6.5%, it can be 
determined that the predicted sound source is not in the correct 
grid area. The incorrectly predicted grids were 2, 4, 14, and 
17. Grids 2, 4, and 14 were incorrectly predicted to adjacent 
grids along the x-direction due to substantial deviation in the 
x-coordinate, while grid 17 was incorrectly predicted to an 
adjacent grid along the y-direction due to a large deviation in 
the y-coordinate (Figure 8 and Table 1). Comparing the incor-
rect predictions with the locations of the acoustic emission 
sensors in Figure 1 indicated that the incorrect sound source 
grids were all located far from the sensors. This indicated that 
the distance between the sound source and the sensors affected 
the localization accuracy. Using the SVR-based sound source 
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Table 1. Comparison between actual sound source location and predicted values.

Actual Grid Actual value 
x0 /mm

Actual value y0/
mm

Projected value 
x/mm

Predicted value 
y/mm Absolute error/mm Relative error/% Prediction grids

1 10 10 16.3 5.7 7.63 3.85 1
2 30 10 18.5 16.6 13.26 6.70 1
3 50 10 47.2 12.9 4.03 2.04 3
4 70 10 83.8 8.2 13.92 7.03 5
5 90 10 85.0 16.0 7.81 3.94 5
6 110 10 114.2 14.3 6.01 3.04 6
7 130 10 137.3 16.1 9.51 4.80 7
8 10 30 7.0 22.8 7.80 3.94 8
9 30 30 22.8 38.7 11.29 5.70 9
10 50 30 54.7 28.2 5.03 2.54 10
11 70 30 77.8 23.7 10.03 5.06 11
12 90 30 93.3 23.0 7.74 3.91 12
13 110 30 114.1 35.1 6.54 3.31 13
14 130 30 117.6 24.6 13.52 6.83 13
15 10 50 17.8 52.6 8.22 4.15 15
16 30 50 23.4 44.5 8.59 4.34 16
17 50 50 57.9 62.8 15.04 7.60 24
18 70 50 64.1 51.6 6.11 3.09 18
19 90 50 95.8 52.9 6.48 3.28 19
20 110 50 101.7 55.2 9.79 4.95 20
21 130 50 133.5 53.1 4.68 2.36 21
22 10 70 6.2 66.6 5.10 2.58 22
23 30 70 27.3 71.7 3.19 1.61 23
24 50 70 55.6 76.1 8.28 4.18 24
25 70 70 62.1 71.7 8.08 4.08 25
26 90 70 92.6 64.4 6.17 3.12 26
27 110 70 112.6 68.1 3.22 1.63 27
28 130 70 137.7 61.5 11.47 5.79 28
29 10 90 2.0 81.8 11.46 5.79 29
30 30 90 26.7 82.5 8.19 4.14 30
31 50 90 41.9 91.4 8.22 4.15 31
32 70 90 66.8 96.2 6.98 3.52 32
33 90 90 92.9 87.7 3.70 1.87 33
34 110 90 118.4 85.1 9.72 4.91 34
35 130 90 132.9 93.0 4.17 2.11 35
36 10 110 14.4 117.8 8.96 4.52 36
37 30 110 33.5 112.5 4.30 2.17 37
38 50 110 46.8 106.3 4.89 2.47 38
39 70 110 76.5 103.4 9.26 4.68 39
40 90 110 84.0 113.1 6.75 3.41 40
41 110 110 105.7 112.3 4.88 2.46 41
42 130 110 124.6 114.4 6.97 3.52 42
43 10 130 12.9 124.3 6.40 3.23 43
44 30 130 32.5 128.2 3.08 1.56 44
45 50 130 44.9 135.6 7.57 3.83 45
46 70 130 63.6 127.9 6.74 3.40 46
47 90 130 92.9 128.1 3.47 1.75 47
48 110 130 113.3 136.7 7.47 3.77 48
49 130 130 124.0 128.4 6.21 3.14 49
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Figure 8. Prediction results of sound source location (a) Prediction of sound source location coordinates (b) Prediction of sound source location grid area.

localization method proposed in this study, the localization ac-
curacy was 91.84%, demonstrating that this method achieved 
high accuracy. Additionally, based on previous research by Kim 
and Lee (2014), it can be speculated that further increasing 
the grid resolution, i.e., making the grid divisions finer, will 
lead to higher localization accuracy.

Conclusion

The acoustic emission acquisition system used to carry out 
the fir board pencil-lead break test showed that the closer the 
location of the acoustic emission source, the higher the simi-
larity of the amplitude-frequency characteristics of the signals 
collected, and the farther the location of the source, the lower 
the similarity of the amplitude-frequency characteristics of 
the signals collected. After the signal noise reduction process, 
the energy feature vector was obtained by 9-layer WPD based 
on the db5 wavelet, and the first 8-dimensional feature vector 
was obtained by PCA to do the normalization process. The 
model of the SVR was constructed, and then the localization 
calculation was completed according to the SVR model. The 
average absolute error of the method was 7.51 mm, the average 
relative error was 3.79%, and the localization accuracy rate 
was 91.84%, which was obtained through the experiments of 
lead breakage localization of 140 mm × 140 mm fir boards. 
The research results show that the grid localization method of 
acoustic emission source based on SVR is feasible.
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