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Abstract: In acoustic emission tests, the effective signal generated by crack initiation and propagation inside a 6 
sample is easily affected by the testing machine, earth vibration and other external noise, which increases the 7 
difficulty of data processing and analysis. To solve this problem, a gypsum sample under uniaxial compression is 8 
taken as an example to analyze and process the acoustic emission signal during the experiment. The test results 9 
show that these noises generally have the characteristics of acoustic sources far from the probe and signal types 10 
different from the effective signal. Therefore, a series of methods concerning the noise reduction of acoustic 11 
emission signals, including acoustic emission signal preprocessing, acoustic source distance denoising, and acoustic 12 
source type denoising, is proposed. Through three analyses and treatments of acoustic emission parameters, noise 13 
reduction was achieved with good results. According to the principles of these methods, some suggestions have 14 
been put forward for the position of probes in acoustic emission tests; that is, the connection of two probes should 15 
not be perpendicular to a weak plane (bedding, joints, etc.). These results could provide a theoretical reference for 16 
the postprocessing of acoustic emission signals in mechanical tests. 17 
Keywords: Acoustic emission; Noise reduction; Acoustic source distance analysis; Acoustic source type analysis. 18 
Highlights: 19 
 A new method for determining noise signals by acoustic source distances is proposed. 20 
 A new method for determining noise signals by acoustic type is proposed. 21 
 Several suggestions were proposed for the position of the probe in the acoustic emission test. 22 
1. Introduction 23 

The phenomenon of releasing strain energy in the form of elastic waves is called acoustic emission when the 24 
material is deformed or cracked during stress. In mechanical tests, acoustic emission technology can be used to 25 
monitor the initiation, development and penetration of cracks. It is a very useful tool for experimental stress analysis 26 
(Schubnel et al., 2013; Okazaki et al., 2016; Ingraham et al., 2013; Qiao et al., 2022). 27 

Many scholars at home and abroad have carried out many experimental studies using acoustic emission and 28 
analyzed the experimental results through signal processing (Choudhury et al., 2004; Zhang et al., 2015; Zhong et 29 
al., 2022; Hu et al., 2022; Meng et al., 2016; Lotidis et al., 2020; Kong et al., 2017). Harizi et al. (2022) proposed 30 
coupling three multivariate analysis techniques to apply acoustic emission data recorded on glass fiber-reinforced 31 
polymer composites to monitor and identify the damage mechanism in real time. Chai et al. (2022) studied the 32 
identification and prediction of fatigue crack growth in 316 LN stainless steel under different stress ratios by using 33 
acoustic emission technology to extract multiple acoustic emission parameters from acoustic emission waves and 34 
correlate acoustic emission signals with FCG under different load ratios. Van et al. (2022) used acoustic emission 35 
techniques to monitor damage caused by the corrosion of steel in RCs. A hierarchical clustering algorithm based on 36 
cross-correlation was developed and applied to automatically distinguish damage sources during the corrosion 37 
process. The algorithm can distinguish acoustic emission signals caused by corrosion, absorption, hydration and 38 
microcracks from those caused by macroscopic cracks. Gonzalez et al. (2022) proposed a new method based on 39 
deep learning using acoustic emission sensors to monitor grinding wheel wear status. Khazaei et al. (2015) studied 40 
the relationship between the total released acoustic energy and total consumed energy by specimens by analyzing 41 
real data and numerical models. Kudus et al. (2022) applied acoustic emission technology in structural health 42 
monitoring as a damage detection tool in material research and structural monitoring, expanding the ability and 43 
application of acoustic emission in damage detection strategies. 44 

Many other scholars have used acoustic emission data to evaluate the failure characteristics of rocks and have 45 
reached meaningful conclusions (Mogi 1962; Scholz 1968; Liakopoulou et al., 1994; Lei et al., 2000; Thompson et 46 
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al., 2006). Meredith et al. (1990) presented new results from a series of controlled laboratory experiments in which 47 
microseismic event rates and b-values were monitored contemporaneously with stress/time data for all variants of 48 
the stress/time relationship. Lockner et al. (1991, 1993) used a seismic location program to invert AE arrival time 49 
data to obtain the three-dimensional location of a microearthquake. Goebel et al. (2013) studied the change in the 50 
seismic b-value of AE events during stress accumulation and release in laboratory-made fault zones. The b-value 51 
reflects periodic stress changes that occur in a series of stick-slip events and is related to stress during many seismic 52 
cycles. Kwiatek et al. (2014) studied stick-slip events in western wind granite samples, revealing how differences 53 
in fault structure control the kinematics of microseismic activity during different periods of the seismic cycle. Liu 54 
et al. (2020a; 2020b) proposed a new method to estimate the b-value of acoustic emission tests of rocks and applied 55 
it to expansion fracture tests. The results show that the b-value is related to the heterogeneity and stress of the 56 
material. Chen et al. (2022) studied the attenuation effect of composite data generated from a double-truncated 57 
frequency–amplitude distribution and random sampling of known bottom b values on the estimation of b-values 58 
from a statistical point of view. The results showed that the determination of the minimum data size was influenced 59 
by the theoretical b-value of the bottom distribution. 60 

However, in the process of acoustic emission testing, noise signals from the testing machine, the earth and 61 
other external sources are unavoidably detected. Therefore, many scholars have also conducted much research on 62 
noise processing technology during testing (Zhang et al., 2022; Habets et al., 2013; Zafar et al. 2021; Van et al., 63 
2016; Redonnet et al., 2012; Wang et al., 2022b; Hassani et al., 2018). Dubbioso et al. (2022) proposed an active 64 
noise control strategy, which is achieved by limiting the absorbed power, load fluctuations and their combination. 65 
Prajna et al. (2019) proposed a Wiener filter to detect acoustic emission signals from a noisy environment. The 66 
algorithm is evaluated by means of the peak signal-to-noise ratio and mean square error. The performance of the 67 
proposed algorithm was demonstrated using simulated acoustic emission burst signals and acoustic emission signals 68 
acquired from compression tests and drilling tests. Dong et al. (2020a) established a seismic waveform image 69 
recognition model based on a convolutional neural network (CNN) to improve the efficiency and accuracy of 70 
microseismic data processing for monitoring rock instability and seismic activity. Moreover, they proposed a new 71 
acoustic emission location method that can locate microfracture sources and noise sources during uniaxial 72 
compression tests and provide more accurate sound source distance data (Dong et al., 2020b). He et al. (2020) 73 
proposed a new wavelet packet denoising method to weld acoustic emission signals. This method can be used to 74 
select effective acoustic emission functions according to the frequency distribution characteristics of welding crack 75 
acoustic emission signals and can effectively reduce the noise in welding crack acoustic emission signals. 76 
Tischmacher et al. (2011) presented several characteristic case studies of acoustic emission noise and examined the 77 
influence of diverse factors on the total noise level. Nguyen et al. (2015) proposed a robust condition monitoring 78 
methodology for rolling elements, which uses a new method to eliminate high noise in acoustic emission signals. 79 
Hussein et al. (2018) used a novel scheme of noise power spectrum density estimation to examine various types of 80 
acoustic emission signals. Synthetic and real data demonstrate the superiority of the proposed method over the 81 
wavelet shrinkage denoising method since it can more effectively eliminate white noise and preserve signals with a 82 
low signal-to-noise ratio. 83 

Although many researchers have used various methods to reduce the noise of acoustic emission signals, such 84 
as signal filtering based on Fourier transform and signal wave model classification based on statistics (Vilhelm et 85 
al., 2008; Morales-Perez et al., 2022; Herzog et al., 2020), few studies have evaluated denoising methods based on 86 
acoustic source distance and type. In acoustic emission tests, common noise comes from the abnormal vibration 87 
generated during the loading process of the testing machine or from distant sound from the ground. The source of 88 
this noise is far from the probe relative to the sample. The longer propagation distance is far greater than the distance 89 
between the two acoustic emission probes, resulting in the difference in the intensity of the noise signal received by 90 
the two probes being smaller than the effective signal. In addition, the effective signal and noise have different 91 
timbres depending on the material, structure, and vibration mode. The strength of the signal changes the size of each 92 
parameter but does not affect the correlation between them. Therefore, in this paper, two new denoising methods, 93 
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the source distance determination method and the source type determination method, are proposed. The acoustic 94 
emission parameters are denoised twice by using these two methods, and the acoustic emission data after denoising 95 
are obtained. Finally, according to the principle of the source distance determination method, some suggestions on 96 
the location of the probe in the acoustic emission test are proposed. This method has the advantages of simple 97 
operation, good noise reduction effect and no additional hardware equipment. This approach can provide a 98 
theoretical reference for reducing acoustic emission signal noise and determining the exact source location. 99 
2. Acoustic emission signal and preprocessing 100 
2.1 Introduction to acoustic emission signals 101 

Figure 1 shows a schematic diagram of the acoustic emission signal parameters. In Figure 1, the ring-down 102 
count refers to the number of times that the sound wave exceeds the threshold, the energy represents the area between 103 
the signal crest line and the coordinate axis, the risetime represents the time from generation to the peak of the signal, 104 
and the duration indicates the total time needed for the signal to break the threshold voltage. The variable symbols 105 
are shown in Table 1. 106 

Table 1. Acoustic emission parameters 107 

Parameter Time of arrival (s) Risetime (μs) Duration (ms) Amplitude (mV) 
Ring-down 

count 

Energy 

(mV*ms) 

Symbol Ta Tu Ts A N E 

 108 
Figure 1. Schematic diagram of the acoustic emission signal parameters. 109 

2.2 Source of signal 110 
In this paper, we selected Grade A α-high-strength gypsum powder produced by the Sichuan Hongtai Company 111 

to prepare and pour standard cylindrical samples according to a mass ratio of distilled water to gypsum powder of 112 
3:10. The sample size was Φ 50 mm × 100 mm. The specific preparation method of the sample is described 113 
previously (Wang et al., 2022a; 2023). After the sample was prepared, an electrohydraulic servo rock test system 114 
(RMT-150B; Figure 2a) and DS5-8B holographic acoustic emission signal analyzer (Figure 2c) were used to 115 
conduct a uniaxial compression test on the sample, and the acoustic emission data collected during the experiment 116 
were denoised. The displacement loading mode was adopted in the test, and the loading rate was 0.002 mm/s. In the 117 
test, the sampling frequency of the acoustic emission signal is 3 MHz, and the threshold value of the signal 118 
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acquisition is 40 dB. Acoustic emission sensors were arranged on both sides of the bottom of the sample (Figure 119 
2d), and the resonant frequency of the sensors was 150 kHz. 120 
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 121 
(a)                                   (b) 122 

 123 
  (c)                               (d) 124 

Figure 2. Test equipment: (a) Electrohydraulic servo rock test system of RMT-150B. (b) Schematic diagram of uniaxial compression. 125 
(c) DS5-8B holographic acoustic emission signal analyzer. (d) Diagram of the sensor layout. 126 

Figure 3 shows the stress‒strain curve and acoustic emission signal variation curve of the sample under uniaxial 127 
compression. In Figures 3(b) and (c), the purple balls in three-dimensional space represent the ring-down count (N), 128 
while the cyan and pink balls are the projections of "N" on the (Ta, Ts) and (Ts, N) planes, respectively. The (Ta, Ts) 129 
plane extends in the negative direction along the Ts axis, and the graph drawn at Ts =-5 ms is the amplitude (A). 130 
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(a) 132 

  133 
(b)                                                 (c) 134 

Figure 3. Uniaxial compression test results for the gypsum sample: (a) stress‒strain curve. (b) The acoustic emission signal in Channel 135 
1. (c) Acoustic emission signal in Channel 2. {The purple balls in three-dimensional space represent the ring-down count (N), while 136 
the cyan and pink balls are the projections of "N" on the (Ta, Ts) and (Ts, N) planes, respectively.} 137 

In the test, the two acoustic emission probes are placed at different positions (the specific locations of these 138 
two sensors are shown in Figure 1b), and the signals they receive will be different. Because the threshold voltage is 139 
set prior to the test, some minor vibrations may be captured by a single probe only. Therefore, it is necessary to 140 
preprocess the acoustic emission signals so that the signals received by the two probes correspond one by one. 141 

The further away the same acoustic emission signal is from the probe, the lower its intensity will be when it 142 
reaches the probe. A change in the distance from the probe will result in a change in its amplitude, ring-down count, 143 
and other parameters. However, the risetime and duration of the signal wave change synchronously with the strength 144 
of the signal, and their ratios remain roughly unchanged (for isotropic samples, such as the gypsum-like rock used 145 
in this study). Therefore, both the “time of arrival” and “risetime/duration” factors can be used to determine the 146 
signal source. If the risetime/duration and time of arrival values are close to each other, the signals of two probes in 147 
sequence can be the same signal. A flow diagram of the signal preprocessing procedure is shown in Figure 4. 148 

 149 
Figure 4. Flow chart of the signal preprocessing procedure. 150 

2.3 Signal preprocessing 151 
2.3.1 Data grouping 152 

During data processing, the original acoustic signal data matrix was denoted A, and four columns of data, 153 
namely, the time of arrival and risetime/duration, of the two channels were extracted and stored in the new matrix 154 
B. By analyzing the acoustic emission parameters, the time of arrival changed between the two groups of acoustic 155 
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signals (Figure 5), which can be regarded as the demarcation point between the two groups of acoustic signals. 156 

 157 
Figure 5. "Time of arrival" analysis of the two channel signals. 158 

The threshold of the time of arrival was set to 0.5 s (the value must be less than the time difference at the group 159 
boundary point and greater than the time difference between signals in the same group), and the experimental data 160 
were grouped and stored in the 3D matrix s0 after processing. The third dimension of the s0 matrix represents 161 
different groups. By observing the 3D matrix after grouping, the signals whose difference in time of arrival between 162 
the groups was less than the threshold value were regarded as the same group of acoustic signals. The pseudocode 163 
for the data grouping is given in Algorithm 1. 164 

Algorithm 1. Data grouping 
Input: Time of arrival Ta, Risetime/duration Tr, Number of Ta 𝑟𝑟𝑇𝑇 
Output: Grouped matrix s0 
1: α←0 and β←0 
2: for i←0 to 𝑟𝑟𝑇𝑇-1 do 
3:     x1←Ta[i] and y1←Tr[i] 
4:     x2←Ta[i+1] and y2←Tr[i+1] 
5:     if x2-x1<0.5 then 
6:         s0[α, 1, β]←x1 
7:         s0[α, 2, β]←y1 
8:         α←α+1 
9:     else 
10:        β←β+1 
11:        α←0 
12:    end if 
13:    if x2 is null then 
14:        Jump out of this loop 
15:    end if 
16: end for 
17: return s0 

2.3.2 Comparison of the data 165 
The threshold for the risetime/duration difference is set to 0.01, and the threshold for the time of arrival 166 

difference is set to 0.1 s. In the signals received by the two channels, if the difference between the two parameters 167 
is less than the threshold value, the difference is identified as the same acoustic signal. On this basis, matrix s0 is 168 
read sequentially. The first data of the left channel (Channel 1) are read first and compared with all the data of the 169 
right channel (Channel 2). If the above assumptions are met and both sets of data are not empty, this pair of data is 170 
stored in Matrix s1, after which the second data of the left channel are read and compared with all the data of the 171 
right channel. This process continues until all the data are matched. If the assumptions are not met, the algorithm 172 
will enter the next loop. The pseudocode corresponding to the acoustic signal is given in Algorithm 2. 173 

Algorithm 2. Comparison of data 
Input: Grouped matrix s0, Length of the third dimension of matrix s0 𝑙𝑙𝑠𝑠0; Length of the first dimension of matrix s0 𝑟𝑟𝑠𝑠0; 

"Risetime/Duration" of left and right channels (ε=1,2) 𝑟𝑟𝜀𝜀; "Time of arrival" of left and right channels (ε=1,2)𝑡𝑡𝜀𝜀 
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Output: The sound signal corresponds to the preprocessed matrix s1 
1: α←0 and β←0 and γ←0 and i←0 
2: for δ←0 to 𝑙𝑙𝑠𝑠0-1 do 
3:     for α←0 to 𝑟𝑟𝑠𝑠0-1 do 
4:         for γ←0 to 𝑟𝑟𝑠𝑠0-1 do 
5:             t2←s0[γ, 3, δ] and r2←s0[γ, 4, δ] 
6:             t1←s0[α, 1, δ] and r1←s0[α, 2, δ] 
7:             if |𝑟𝑟2 − 𝑟𝑟1|< 0.01 and |𝑡𝑡2 − 𝑡𝑡1|< 0.1 and r1 ≠ 0 and r2 ≠ 0 then 
8:                 if δ+1 ≠ i then 
9:                     β←0 
10:                end if 
11:                n← [t1 r1 t2 r2] 
12:                for η←0 to 3 do 
13:                    s1[β, η, δ]←n[1, η] 
14:                end for 
15:                i←δ+1 
16:                β←β+1 
17:            end if 
18:        end for 
19:    end for 
20: end for 
21: return: s1 

2.3.3 Determination of the time sequence of signals 174 
With the same set of acoustic signals, if the rock failure location is closer to the left channel, the "time of 175 

arrival" of the left channel should be less than that of the right channel for all the data in the set, and vice versa. In 176 
Matrix s1 obtained by the above processing, the above factors are not considered. 177 

We can define the count variables fon=0 and beh=0, traverse the grouping of Matrix s1, and compare the time 178 
of arrival of each pair of data. If the time of arrival of the left channel is longer than that of the right channel and 179 
the data are nonzero, then fon is increased by 1; in other cases, beh is increased by 1. If fon > beh, then all the data 180 
whose time of arrival in the left channel is longer than that in the right channel in this group are retained (as shown 181 
in Algorithm 3); if beh < fon, all the data whose time of arrival in the right channel is longer than that in the left 182 
channel in this group are retained (Reference Algorithm 3). Finally, the processed data are stored in Matrix s2. 183 

Algorithm 3. Determine the chronological order 

Input: The sound signal corresponds to the preprocessed matrix s1; Length of the first dimension of matrix s1 𝑟𝑟𝑠𝑠1; Length 

of the third dimension of matrix s1𝑙𝑙𝑠𝑠1 

Output: Matrix after removing unreasonable chronological data s2 
1: Π←0 
2: for j←0 to 𝑙𝑙𝑠𝑠1 − 1 do 
3:     for i←0 to 𝑟𝑟𝑠𝑠1 − 1 do 
4:         if s1[i, 1, j] > s1[i, 3, j] and s1[i, 1, j] ≠ 0 and s1[i, 3, j] ≠ 0 then 
5:             s2[Π, :]←s1[i, :, j]   //":" represents all data of the dimension 

6:             Π←Π+1 
7:         end if 
8:     end for 
9: end for 
10: return: s2 

2.3.4 Eliminating redundant data 184 
After the above data processing, the signals of the two channels are roughly analyzed and sorted. However, a 185 

one-to-many situation will still occur. In viewing the data of the left channel, there may be multiple corresponding 186 
data points for the right channel after the above comparison. However, in actual situations, each pair of acoustic 187 
signal data should be unique. Therefore, risetime/duration is selected as the identification parameter of the acoustic 188 
signal, and the data corresponding to the "one-to-many" condition are compared. The data with the smallest absolute 189 
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value of the difference between the risetime/duration are retained. We process the right channel data in the same 190 
way. 191 

During the loop, because some data are culled, it is possible to traverse the data beyond the range of the array. 192 
Therefore, we place a zero matrix of the same size as a new s2 matrix under the original s2 matrix, and the new 193 
matrix is still named s2. 194 

Taking the left channel as an example, the s2 matrix is traversed twice. If the left channel data read in the first 195 
traversal are the same as the left channel data read in the second traversal and the two-traversal data are not empty, 196 
the risetime/duration difference values of the two data points are compared, and the set of data with the smallest 197 
absolute value of the risetime/duration difference value is retained. The other set of data is deleted (as shown in 198 
Algorithm 4). The data obtained from the above processing steps are stored in the s3 matrix. Similarly, the right 199 
channel data were processed above, and the processed matrix was stored in the s4 matrix. 200 

Algorithm 4. Eliminate the one-to-many case 

Input: Length of the first dimension of the expanded new matrix s2𝑟𝑟𝑠𝑠2 

Output: Matrix after deleting one to many cases s3 
1: for i←0 to 𝑟𝑟𝑠𝑠2 − 1 do 
2:     for k←0 to 𝑟𝑟𝑠𝑠2 − 1 do 
3:         if i ≠ k and s2[i, 1] = s2[k, 1] and s2[i, 1] ≠ 0 and s2[k, 1] ≠ 0 then 
4:             if |𝑠𝑠2[𝑖𝑖, 2] −  𝑠𝑠2[𝑖𝑖, 4]| >|𝑠𝑠2[𝑘𝑘, 2] −  𝑠𝑠2[𝑘𝑘, 4]| then 
5:                 Delete the data of s2[i,:]   //“ : ” represents all data of the dimension 
6:             else 
7:                 Delete the data in s2[k,:] 
8:             end if 
9:         end if 
10:    end for 
11: end for 
12: s3←s2 
13: return: s3 

2.3.5 Completing the data 201 
The left and right channel data of the sound4 matrix and original data matrix A are traversed. If the data of a 202 

row of the sound4 matrix read are the same as those of a row in Matrix A, the other data of the row in sound4 will 203 
be filled, and the obtained matrix will be stored in the final matrix. 204 
2.3.6 Pretreatment results 205 

The preprocessed data are shown in Figure 5. As shown in Figure 6, after the above steps are preprocessed, the 206 
numbers of acoustic emission signals received by the two channels are completely consistent and can be compared 207 
one by one. This approach can meet the requirements of source distance denoising and source type denoising. 208 

 209 
Figure 6. Preprocessing results of the acoustic emission signals. 210 
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3. Acoustic source distance denoising 211 
3.1 Principle of the method 212 

In acoustic emission tests, common noise comes from the abnormal vibration generated during the loading 213 
process of the testing machine or from distant sound from the ground and air. These noises have common 214 
characteristics; that is, the signal source is far from the probe relative to the sample. A longer propagation distance 215 
exceeds the distance between the two acoustic emission probes, resulting in a small difference in the intensity of the 216 
noise signals received by the two probes. As the acoustic emission probes are closely attached to the sample, the 217 
ratio of the time difference and travel time between the acoustic emission signals generated by the development and 218 
expansion of the new crack in the loading process to those of the two probes will increase (Figure 7). 219 

As shown in Figure 7, it is assumed that the time from the internal signal of the sample to Probe 1 is t1, and 220 
the time to Probe 2 is t2. The time from the external signal to Probe 1 is t1', and the time from the external signal to 221 
Probe 2 is t2'. The relationships among these parameters are as follows: 222 

𝑡𝑡1 − 𝑡𝑡2
𝑡𝑡1

≫
𝑡𝑡1′ − 𝑡𝑡2′
𝑡𝑡1′

 223 

(1) 224 

 225 
Figure 7. Schematic diagram of the noise reduction according to the acoustic source distance and signal intensity. 226 

In addition, the propagation of the signal attenuates, and the attenuation speed is fast during the initial 227 
propagation and gradually decreases with increasing propagation distance. Therefore, signals generated in samples 228 
closer to the probe are more likely to show a difference in strength when they reach the two probes. However, there 229 
is no significant difference in the intensity of the acoustic source at longer distances. 230 

It is assumed that the amplitude of Probe 1 that receives the internal signal of the sample is A1 and that the 231 
amplitude of Probe 2 that receives the internal signal of the sample is A2. Probe 1 receives external signals to 232 
Amplitude A1', and Probe 2 receives external signals to Amplitude A2'. The relationships among these parameters 233 
are as follows: 234 

𝐴𝐴1 − 𝐴𝐴2
𝐴𝐴1

≫
𝐴𝐴1′ − 𝐴𝐴2′

𝐴𝐴1′
 235 

(2) 236 
Therefore, the location of the signal source can be roughly determined according to the difference in the time 237 

and strength of the two probes that receive the signal. In other words, by setting threshold values, we can find the 238 
values of the approximate time of arrival and approximate intensity in the signal, which can be preliminarily 239 
determined as noise. 240 
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3.2 Noise reduction 241 
According to the determination principle of the acoustic source distance in Section 3.1, we set the threshold 242 

value to ŋ =10% to carry out the noise reduction processing of acoustic emission signals. First, the amplitude, ring-243 
down count and energy are used to define the signal strength. The signal strength index λ is introduced and defined 244 
as a function of the amplitude, ringing count and energy: 245 

𝜆𝜆 ∝ 𝑓𝑓(𝐴𝐴,𝑁𝑁,𝐸𝐸) 246 
(3) 247 

In Equation (3), the amplitude is a one-dimensional parameter (length), the energy is a two-dimensional 248 
parameter (area), and the ring-down count is a statistical parameter. To unify the sign of the signal strength index λ, 249 
the energy is treated with the square root, and the imaginary number unit j is introduced to improve Equation (3): 250 

𝜆𝜆 = 𝑝𝑝 + 𝑗𝑗𝑗𝑗 = 𝑓𝑓�𝐴𝐴,√𝐸𝐸� + 𝑗𝑗 · 𝑔𝑔(𝑁𝑁) 251 
(4) 252 

The items in Equation (4) are as follows: 253 

�𝑓𝑓�𝐴𝐴,√𝐸𝐸� = 𝑥𝑥𝐴𝐴 + √𝐸𝐸
𝑔𝑔(𝑁𝑁) = 𝑁𝑁

 254 

(5) 255 
In Equation (5), x is a constant term. Introducing x brings the order of magnitude of A into line with that of 256 

√𝐸𝐸. In this case, x is 0.1. 257 
Then, Equation (4) can be written as: 258 

�
𝜆𝜆 = 0.1𝐴𝐴 + √𝐸𝐸 + 𝑗𝑗 · 𝑁𝑁

|𝜆𝜆| = ��0.1𝐴𝐴 + √𝐸𝐸�
2

+ 𝑁𝑁2
 259 

(6) 260 
According to Equation (6), an image of the difference between the two channel signal intensity indices (△λ) 261 

and (△|λ|) was drawn, as shown in Figures 8 (a) and (b). Moreover, the time difference between the two channels 262 
receiving the same signal (△Ta) was plotted, as shown in Figure 7(c). 263 

  264 
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 266 
(c) 267 

Figure 8. Acoustic emission signal denoising processing based on the acoustic source distance: (a) The difference between the two 268 
channel signal intensity indices (△λ). (b) The difference in the moduli of the two channel signal intensity indices (△ |𝜆𝜆|). (c) The time 269 
difference between the two channels receiving the same signal (△Ta). 270 

In Figure 8, the dotted box represents the fraction below the threshold ŋ. According to Chapter 2.2, if both the 271 
time of arrival and the intensity are close, it can be preliminarily determined to be noise. To find the parts satisfying 272 
the above conditions, △ 𝜆𝜆 and △Ta are plotted on a function graph. The second imaginary number axis (i-axis) is 273 
introduced, and it is obtained by rotating the real number axis 90° around the origin in a plane perpendicular to the 274 
J-axis. Figure 9 (a) can be used as a reference to understand this principle. Thus, the determination function 𝜆𝜆𝑝𝑝 can 275 
be obtained: 276 

𝜆𝜆𝑝𝑝 =△ �0.1𝐴𝐴 + √𝐸𝐸� + 𝑗𝑗 ·△𝑁𝑁 + 𝑖𝑖 ·△ 𝑇𝑇𝑎𝑎 277 
(7) 278 

An image of 𝜆𝜆𝑝𝑝 is shown in Figure 9(b). 279 

   280 
(a)                                             (b) 281 

Figure 9. Acoustic emission signal processing based on the acoustic source distance and intensity: (a) Diagram of the introduction of 282 
the i-axis. (b) Signal selection results. 283 

The acoustic emission signal after noise reduction is shown in Figure 10. 284 
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 285 
Figure 10. Acoustic emission signal processing results based on the acoustic source distance and signal intensity. 286 

4. Acoustic source type denoising 287 
4.1 Principle of the method 288 

The closure and dislocation of the original cracks in the sample and the initiation, expansion and penetration 289 
of new cracks generate acoustic emission signals (Kim et al., 2015). In different stress stages, the evolution states 290 
of the cracks inside the sample differ, and the generated signal strength and duration also differ, which leads to 291 
changes in the amplitude and frequency of the signal wave (Chen et al., 2017; Xu et al., 2021). 292 

However, in the same material, the vibrations produced by crack evolution have similar timbres. Due to the 293 
three factors that determine the timbre, the material, structure, and vibration mode are all similar. Therefore, there 294 
is a certain degree of correlation between the acoustic emission signals from inside rocks (such as the amplitude, 295 
ring-down count, energy, and duration). The strength of the signal changes the size of each parameter but does not 296 
affect the correlation between them. The signals from distant testing machine servo valves or ground vibrations are 297 
different because of the sound material and vibration mode, and the signal characteristics are obviously different 298 
from those of the signals inside the sample. Therefore, the difference between acoustic emission signal parameters 299 
can be used to distinguish signals from inside and outside the rock. 300 
4.2 Noise reduction 301 

According to the principle of determining the acoustic source type described in Chapter 2.3, the relationships 302 
among the duration, amplitude and energy of each acoustic emission signal are explored to define the signal type 303 
and construct a three-dimensional scatter diagram (see Figure 11). 304 
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 305 
(a)                                                   (b) 306 

Figure 11. Acoustic emission signal processing based on the acoustic source type: (a) Acoustic emission signal processing in Channel 307 
1. (b) Acoustic emission signal processing in Channel 2. 308 

As seen from the scatter plot in Figure 11 and its projections on all planes, √𝐸𝐸 and Ts have strong regularity. 309 
With increasing Ts, √𝐸𝐸 gradually increases, but the increase rate gradually decreases. The images in √𝐸𝐸 and A 310 
show the characteristics of a centralized distribution, and the aggregation degree of the scattered points gradually 311 
decreases from zero to a positive direction. To further determine the relationship between the parameters, the scatter 312 
points in Figure 11 were projected on the (√𝐸𝐸, Ts) and (√𝐸𝐸, A) planes, as shown in Figure 12. 313 

As shown in Figure 12(a), √𝐸𝐸 and Ts are roughly exponential. The exponential function 𝑦𝑦 = 𝑎𝑎𝑥𝑥𝑏𝑏 is used to 314 
fit the √𝐸𝐸-Ts curve, and the correlation coefficients of the scatter points of the two channels are both above 0.90. 315 
According to the principle of determining the acoustic source type, error analysis is carried out along the regression 316 
curve, the scattered points deviating from the curve are marked, and their abnormal points (the dots marked with 317 
light blue circular backgrounds in the figure and the same ones in the other figures) are removed. Figure 12(b) shows 318 
that the √𝐸𝐸-A image changes from aggregation to divergence. The image points take (40,0) as the endpoints and 319 
gradually develop and diffuse in the first quadrant in the coordinate system {√𝐸𝐸, A}. According to the principle of 320 
determining the acoustic source type, with (40,0) as the center of the circle, the density circle is drawn on the plane 321 
(√𝐸𝐸, A), and the radius is a multiple of Amax. According to the coverage range of different density circles, the 322 
outliers far from the endpoints can be removed. Figure 13 shows the acoustic emission signal after noise reduction 323 
by source type. 324 
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Figure 12. Acoustic emission signal processing based on the acoustic source type: (a) √𝐸𝐸 − 𝑇𝑇𝑠𝑠  curve. (b) √𝐸𝐸 − 𝐴𝐴 curve. 327 

 328 

Figure 13. Acoustic emission signal processing results based on the acoustic source type. 329 
5. Noise reduction results 330 

By comparing the results in Figure 6, Figure 10 and Figure 13, it can be seen that after noise reduction 331 
processing based on the distance intensity and type of acoustic source, the dispersion degree of the acoustic emission 332 
signals of the sample gradually decreases, and the noise signals and anomalies are greatly reduced. To analyze the 333 
influence of the two noise reductions on the acoustic emission characteristics, a comparison diagram of the stress‒334 
strain curve and acoustic emission signals was drawn, as shown in Figure 14. 335 

In Figure 14, the points circled by the green ellipse are the points eliminated after each noise reduction. Because 336 
of the large amount of data removed, only some obvious scatter points are identified. After the first noise reduction, 337 
455 points were eliminated, and after the second noise reduction, 43 points were eliminated. After two noise 338 
reductions, the amount of acoustic emission noise is significantly reduced, and the recognition degree is greatly 339 
improved. 340 

 341 
(a)                                                   (b) 342 

0

100

200

300

400

0
10

20
30

40
50

0

100

200

300

400

500

600

T s (s)

R
ing-dow

n count

Ta (s)

 Channel 1
 Channel 2

0 2 4 6
0

10

20

30

40

σ 
(M

Pa
)

ε (10-3)

 Stress-strain curve

0

100

200

300

400 Channel 1  Channel 2

R
in

g-
do

w
n 

co
un

t

0 2 4 6
0

10

20

30

40

σ  
(M

Pa
)

ε (10-3)

 Stress-strain curve

0

100

200

300

400 Channel 1  Channel 2

R
in

g-
do

w
n 

co
un

t



15 

  343 

(c) 344 
Figure 14. Analysis of the acoustic emission signal processing results: (a) Primary processing (acoustic source distance denoising). 345 
(b) Secondary processing (acoustic source type denoising). (c) Completion of processing. 346 

By comparing Figures 14(a) and (b), in the compaction stage of the stress‒strain curve, that is, at the beginning 347 
of the experiment, due to the initial unstable operation of the indenter of the testing machine and the preloading of 348 
the sample and the indenter, many “acoustic emission signals not from inside the sample” were generated. However, 349 
because the indenter is connected to the sample and the distance of the acoustic emission probe is close to the sample, 350 
the acoustic source distance processing method cannot be used to effectively identify such signals. Therefore, only 351 
a small part of the noise signal is removed in the first processing. However, the signals generated by the vibration 352 
of the indenter are obviously different from those emitted from the specimen due to the closure, development, and 353 
expansion of cracks. Therefore, the acoustic source type processing method can process the noise signal in this part 354 
well. As shown in Figure 14(c), the acoustic emission signals are relatively stable in the compaction stage, except 355 
that when the strain is 1‰, the sample generates louder emission signals due to internal fracture closure. 356 

In addition to the compaction stage, in the other stages of the stress‒strain curve, the recognition degree of the 357 
acoustic source distance treatment method is much greater than that of the acoustic source type treatment method, 358 
and the number of points removed by the former method is 10.6 times greater than that removed by the latter. This 359 
is because the acoustic source of the noise is generally far away, and the distance of the acoustic source weakens 360 
the difference in the acoustic source types, decreasing the difference in the acoustic emission parameters caused by 361 
different types of signals. 362 
6. Discussion 363 
6.1 Disadvantages and solutions of acoustic source distance denoising 364 

The noise reduction method of the acoustic source distance in Section 2.2 can effectively eliminate acoustic 365 
emission signals that are far away from the sample, but there is a drawback: when the signal comes from the vertical 366 
bisector of the connection between two probes, the time of arrival at the two probes is very close, and this part of 367 
the signal is easily mistakenly deleted. As shown in Figure 15, when the sound point is transferred from Crack 1 to 368 
Crack 2, the distances between x1 and x2 tend to be equal. To avoid the use of the acoustic source distance processing 369 
method to identify these signals as distant noise signals and eliminate them, the analysis of the remaining 370 
characteristics of the signal should be increased. This is why we use source type processing for secondary noise 371 
reduction after source distance processing. 372 
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 373 
Figure 15. Relationship between the acoustic source position and signal travel time. 374 

Figure 16 plots the propagation characteristics of acoustic signals at different times of arrival. As shown in 375 
Figure 16, when the position of the acoustic source is close to the probe, the probe will receive a signal with rapid 376 
amplitude decay. Due to the large amplitude decrease rate, the area (i.e., energy) enclosed by the peak envelope and 377 
threshold voltage is small. When the position of the acoustic source is far from the probe, the probe will receive the 378 
signal of a slow decrease in amplitude, and as the amplitude decrease rate is small, the energy will increase. 379 
Therefore, it is necessary to combine the source distance denoising method with the source type denoising method. 380 
When the sound signal reaches the probe, the acoustic source type processing method can be used to detect whether 381 
the sound signal is in the stage of rapid amplitude decline or slow amplitude decline to determine the position of the 382 
acoustic source and retrieve the signal points mistakenly deleted by the acoustic source distance processing method. 383 

 384 
(a)                                                    (b) 385 

Figure 16. Signal type and signal travel time: (a) Near range. (b) Long range. 386 
6.2 Suitable probe arrangement 387 

The source type denoising method can greatly avoid the error of the source distance denoising method. 388 
However, to further improve the accuracy of noise reduction and simplify the steps of noise reduction, the presence 389 
of too many acoustic sources on the vertical bisector of the line between two probes should be avoided during the 390 
acoustic emission test. 391 

For example, in a mechanical test, when the maximum principal stress is parallel to a weak plane (joint or 392 
bedding), the sample will be destroyed by the lateral expansion of the weak plane. At this time, if the connection 393 
between the probes is perpendicular to the weak plane, the weak plane in the vertical bisector will cause the 394 
production of many signal points, which will be processed by the source distance denoising method. As shown in 395 
Figure 17, taking the cylindrical sample as an example (the same applies to the cubic sample), when the connection 396 
between the two probes is perpendicular to the sample bedding, the signal generated by the sample on the 397 
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intermediate bedding is the same distance from the two probes. These signals are easily identified as noise by the 398 
acoustic source distance processing method, thus increasing the complexity of noise reduction processing. Therefore, 399 
when using this method for noise reduction analysis, we should try to avoid connecting probes perpendicular to the 400 
weak plane. 401 

 402 
Figure 17. Influence of the arrangement of the probe on signal noise reduction. 403 

7. Conclusions 404 
In this paper, a series of methods for acoustic emission signal denoising, such as signal preprocessing, acoustic 405 

source distance denoising and acoustic source type denoising, are proposed and tested with examples. The 406 
conclusions are as follows: 407 

1) In acoustic emission tests, the distance between common noise sources and acoustic emission probes is far 408 
greater than that between two probes, which results in differences in the duration and intensity of noise signals 409 
received by the two probes being smaller than the effective signals in the sample. Therefore, a method that 410 
determines the acoustic source distance is proposed to determine the noise signal by the time and intensity difference 411 
of the acoustic emission signal reaching two probes. 412 

2) The effective signals from the interior of the rock exhibit a high degree of correlation between their 413 
parameters. The strength of the signal changes only the size of the parameters and does not affect the correlation 414 
between them. Due to the differences in the sound material and vibration mode, the signal characteristics of noise 415 
are obviously different from those of the effective signal. Thus, a method for determining noise signals by source 416 
type is proposed. 417 

3) A total of 455 and 43 points were eliminated after noise reduction by acoustic source distance and type 418 
denoising, respectively. After two noise reductions, the number of acoustic emission signals is significantly reduced, 419 
and the recognition degree is greatly improved. The acoustic source distance determination method is the main noise 420 
reduction method, and the acoustic source type determination method is mainly aimed at the initial loading stage. 421 
The latter can complement and validate the former. The combination of the two methods has a good noise reduction 422 
effect. 423 

4) In the acoustic emission test, when the connection of two probes is perpendicular to the specimen bedding, 424 
part of the acoustic emission signals generated by the specimen bedding expansion will be identified as noise signals, 425 
which will increase the complexity and reduce the accuracy of noise reduction processing. Therefore, when using 426 
this method for noise reduction, the connection between the probes should not be perpendicular to the weak surface. 427 
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Captions for figures 589 
1) Figure 1. Schematic diagram of the acoustic emission signal parameters. 590 
2) Figure 2. Test equipment: (a) Electrohydraulic servo rock test system of RMT-150B. (b) Schematic diagram 591 

of uniaxial compression. (c) DS5-8B holographic acoustic emission signal analyzer. (d) Diagram of the sensor 592 
layout. 593 

3) Figure 3. Uniaxial compression test results for the gypsum sample: (a) stress‒strain curve. (b) The acoustic 594 
emission signal in Channel 1. (c) The acoustic emission signal in Channel 2. {The purple balls in three-595 
dimensional space represent the ring-down count (N), while the cyan and pink balls are the projections of "N" 596 
on the (Ta, Ts) and (Ts, N) planes, respectively.} 597 

4) Figure 4. Flow chart of the signal preprocessing procedure. 598 
5) Figure 5. "Time of arrival" analysis of the two channel signals. 599 
6) Figure 6. Preprocessing results of the acoustic emission signals. 600 
7) Figure 7. Schematic diagram of the noise reduction according to the acoustic source distance and signal 601 

intensity. 602 
8) Figure 8. Acoustic emission signal denoising processing based on the acoustic source distance: (a) The 603 

difference between the two channel signal intensity indices (△λ). (b) The difference in moduli between the 604 
two channel signal intensity indices (△|λ|). (c) The time difference between the two channels receiving the 605 
same signal (△Ta). 606 

9) Figure 9. Acoustic emission signal processing based on the acoustic source distance and intensity: (a) 607 
Diagram of the introduction of the i-axis. (b) Signal selection results. 608 

10) Figure 10. Acoustic emission signal processing results based on the acoustic source distance and signal 609 
intensity. 610 

11) Figure 11. Acoustic emission signal processing based on the acoustic source type: (a) Acoustic emission signal 611 
processing in Channel 1. (b) Acoustic emission signal processing in Channel 2. 612 

12) Figure 12. Acoustic emission signal processing based on the acoustic source type: (a) √𝐸𝐸 − 𝑇𝑇𝑠𝑠  curve. (b) 613 
√𝐸𝐸 − 𝐴𝐴 curve. 614 

13) Figure 13. Acoustic emission signal processing results based on the acoustic source type. 615 
14) Figure 14. Analysis of the acoustic emission signal processing results: (a) Primary processing (acoustic 616 

source distance denoising). (b) Secondary processing (acoustic source type denoising). (c) Completion of 617 
processing. 618 

15) Figure 15. Relationship between the acoustic source position and signal travel time. 619 
16) Figure 16. Signal type and signal travel time: (a) Near range. (b) Long range. 620 
17) Figure 17. Influence of the arrangement of the probe on signal noise reduction. 621 

 622 
Captions for tables 623 
1) Table 1: Acoustic emission parameters. 624 

 625 
Captions for algorithms 626 
1) Algorithm 1: Data grouping. 627 
2) Algorithm 2: Comparison of data. 628 
3) Algorithm 3: Determine the chronological order. 629 
4) Algorithm 4: Eliminate the one-to-many case. 630 
 631 
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