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Abstract 
 

 In this paper, SOM neural network was used to identify the AE signal waveforms of aircraft 
fatigue test, which produced a group of suspected crack signals. Three peaks of relatively large 
energy appear simultaneously in frequency spectra. The frequency of peak 3 (168.5 kHz) was 
consistent with previous result (175.8 kHz), showing characteristics of crack AE signal. 
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1. Introduction 
 

Use of acoustic emission (AE) technology for the monitoring of aircraft fatigue crack initia-
tion and growth has important practical significance [1-4]. In the past, due to the limited ability 
of waveform recording and storage of AE instrument, people made the judgment of crack gener-
ation dependent on AE parameters analysis [5-7]. However, AE waveforms contain more infor-
mation than parameters [8-9]. Therefore, a full waveform AE system was used to monitor the 
aircraft fatigue-crack initiation and propagation with waveform analysis. 

 
Some references point out that the automatic processing of AE signals can be achieved by 

methods of artificial neural network pattern recognition [10-11]. However, the traditional neural 
network methods (supervised neural network) need to determine the input vector and output vec-
tor. It means that the typical crack signal should be obtained first as an input vector, but this is 
difficult to achieve due to the interference of noise, which comes from the fatigue test itself. 
Therefore, in this paper, SOM neural network (Self-Organizing Feature Map, unsupervised neu-
ral network) was used to identify the AE waveforms of aircraft fatigue test. A group of suspected 
crack signals and their characteristics were obtained.  Due to the serious interference of noise, 
which comes from both the aircraft structure itself and the surrounding environment in the pro-
cess of fatigue test, the filtering process of collected signal is necessary. 

 
2. Test Equipment and the Acquisition of AE Signals 
 

In this study, SEAU2S full waveform AE system, which was provided by Beijing Soundwel 
Technology Co Ltd., was used to monitor the airfoil AE signals. The sampling frequency is 10 
Ms/s. The sensor model is SR150, with 150-kHz resonant frequency, and the arrangement is 
shown in Fig. 1.  Before the start of the fatigue test, the airfoil was inspected by normal NDT 
methods and no defect was found. Therefore, the collected AE signals in the early stages of test 
can be defined as noise signal (pure noise). By the same token, in the middle and late stages of 
the fatigue test, it can be considered that the collected AE signals containing both crack and 
noise signals, since the crack was found at this time and eventually broken. The extraction of 
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these two types of signal has important implications to the accuracy of the SOM algorithm clas-
sification results. 

 
 

Fig. 1 Fatigue test device and sensor arrangement. 
 
3. Wavelet Packet Noise Reduction Processing Method 
 

Due to the existence of large amplitude and broad frequency band noise, individually detect-
ing the weak crack AE signal is difficult. The interference of noise was mainly reflected in the 
following two aspects: 

(1) More noise, low percentage of the useful crack signal, which accounted for the total sig-
nal; 
(2) In the useful crack AE signals, noise component occupied a very high percentage of the 
total waveform energy. 

Therefore, the selection of the useful crack AE signal from the noise faces the following two 
problems:  

(1) Since the useful crack AE signals appear at low percentage, an approach to consider sig-
nals to be crack signals over an entire period is not likely to be realistic. 
(2) Even in the useful crack signal, noise occupied greater proportion of energy, which leads 
to the serious distortion of the original crack signal, and it is difficult to distinguish a crack 
AE signal from noise subjectively. 
 
Based on previous experiences that although the frequency distribution of noise is broad, but 

its energy is mainly concentrated at low frequency; although the frequency of crack AE signal is 
high, but affected by the signal attenuation and the frequency response of the sensor. The high 
frequency always means serious signal attenuation and waveform distortion. Therefore, the se-
lection the appropriate filter range can reduce the interference of noise on crack AE signals, 
while increasing the classification accuracy of SOM. 

 

 
Fig. 2 Wavelet packet noise reduction processing. 
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According to Wang et al. [12], the center frequency of cracking in a similar test on an aircraft 
component was around 175 kHz. Therefore, the filtering program of 7-layer wavelet packet de-
composition was selected and 117-234 kHz band-pass filtering effect was achieved by the recon-
struction of its 4, 5 and 6 layers. As shown in Fig. 2, the use of wavelet packet decomposition 
and reconstruction reduced the low-frequency part of the original signal (usually large ampli-
tude), making the filtered signal “simpler”. 
 
4. SOM Neural Network Pattern Recognition Methods 
 

SOM neural network is a competitive neural network, proposed by Finnish scholar Kohonen 
in 1981, and a network structure is shown in Fig. 3. SOM neural network, also known as “Unsu-
pervised” neural network, has obvious differences from commonly used methods, can classify 
input patterns automatically according to learning rules. It means that, in the case of no expected 
output vector, SOM can capture the mode characteristics of each input vector through repeated 
learning, and finally show the classification results in the competition layer.  Based on the char-
acteristics that SOM can classify automatically, two AE signals from different periods, one from 
the initial signal (pure noise, called Set A) and the other from a certain period after a crack was 
discovered (a mixture of crack and noise, called Set B), are fed to the SOM. Set A and Set B 
have the following characteristics. 

Set A  
a) Set A contains noise only; 
b) Because of the diversity and uncertainty of noise, the noise signal in Set A may contain 
signals similar to the crack AE. 
Set B 
a) Set B certainly contains crack AE signals; 
b) Set B also contains noise. 

 

 
Fig. 3 SOM neural network structure. 

 

 
Fig. 4 SOM ideal classifications (two categories). 



 

 

Ideally, SOM algorithm is capable of classifying the signal with similar characteristics auto-
matically when Set A and Set B are randomly mixed and combined. The classification may result 
in two categories, for example, as shown in Fig. 4.  However, due to the lack of such capability, 
SOM can only classify but not distinguish the crack AE signal. Therefore, additional “criteria” 
are needed to enhance the classification results and identify the possible crack AE signals: 

Criterion 1: If all the signals in a set come from set B, then define it as Set C, which repre-
sents a potential set of crack AE signals; 
Criterion 2: When all the signals come from Set A, then define it as Set D, which represents a 
set of noise samples; 
Criterion 3: If a large percentage (80%, for example) of the signals in a set come from set B, 
also regard it as Set C. 

 
5. AE Signals Classification and Characterization 
 
(1) SOM network training and classification 
The construction of SOM network was achieved by the function called “newsom”. Among the 
parameters provided are the numbers of neurons in competitive layer set to 6 × 8 = 40, with the 
remaining parameters using the default values. 2454 waveform signals were selected randomly 
as noise (set A) in the initial test, and 4416 waveform signals were selected continuously as the 
collection of crack and noise (Set B) taken after the detection of a crack. After randomly mixing 
Set A and B, the mixture was used as the input vector of the network, which was trained for 100 
cycles and the classification results are shown in Table 1. 
 

Table 1. The classification results from Set A and Set B and ratio B/(A+B). 
 

Classification Total amount From Set A  
(pure noise) 

From Set B  
(crack + noise) B / (A + B) 

1* 1344 1 1343 99.92% 
2 581 492 89  
3 269 174 95  

4* 1237 9 1228 99.27% 
5* 373 73 300 80.42% 
6 198 44 154  
7 1086 812 274  

8* 109 1 108 99.08% 
9 227 219 8  

10 1181 568 613  
11* 10 0 10 100% 
12 245 51 194  
13 10 10 0  

 
From Table 1, it can be found that the categories of 1, 4, 5, 8 and 11 have a high percentage 

of signals coming from Set B. These could be respectively considered as potential crack AE sets. 
Subsequently, all the waveforms in categories, especially c1, c4, c5, c8 and c11, were analyzed 
for their spectra. 
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(2) Spectrum analysis of the potential crack AE signals 
From the spectrum analysis, most of the waveforms do not have obviously features, and their 
energy is not high and is concentrated in the low-frequency parts (<60kHz), as shown in Fig. 5. 
 

 
Fig. 5 A waveform from c1 set with its FFT spectrum. 

 

 
Fig. 6 A waveform from c5 set with its FFT spectrum with three distinct peaks. 

 
In the potential set of crack AE signals (c1, c4, c5, c8 and c11), only 300 waveforms from c5 

sample set showed 3 distinct peaks on the FFT spectrum. Such peaks were absent in the wave-
forms of the remaining four sample sets. The three peaks in the c5 set appear in the frequency 
range of 0 - 20 kHz, 20 - 120 kHz, 120 - 240 kHz, and called peak 1, 2 and 3, respectively, as 
shown in Fig. 6. Further statistical analysis found that these 3 peaks have the following rules.  

The 300 waveforms in c5 set come from Set B were judged to have 3 distinct peaks in the 
spectrum, because the peak energy is much greater than the average band energy. The ratio 
of the peak energy to average band energy is shown in Fig. 7. The average values of the ratio 
for each peak are 4.5, 4.6 and 5.3, as indicated in the figure. 

 
Frequency of the three peaks is plotted against sample number for 300 waveforms in c5 set in 

Fig. 8. The position of the three peaks is relatively fixed, and the mean frequency was, respec-
tively: 13.4 kHz, 46.2 kHz and 168.5 kHz. The frequency of peak 3 (168.5 kHz) was consistent 
with the previous result (175.8 kHz), and reflects that of the sensor used.  It was previously at-
tributed to crack AE signal [12].  Relative peak energies of the three peaks are shown in Fig. 9.  



 

 

 
Fig. 7 Ratio of peak energy to average band energy vs. sample number for 300 waveforms in c5 
set. 
 

 
Fig. 8 The distribution of peak frequency for 300 waveforms in c5 set. 

 

 
Fig. 9 Ratio of peak energy among 3 peaks for 300 waveforms in c5 set. 

 

 
Fig. 10 A waveform from category of 12 with its FFT spectrum. 

 
These appear simultaneously in a frequency spectrum and it is the obvious difference be-

tween these 300 waveforms and others that show no peaks. Therefore, it can be assumed that  
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these ratios of peak energies are another important basis for the identification of these 300 wave-
forms. The mean values of the ratios (3/1, 3/2, and 2/1) are 0.26, 0.49 and 0.53 (Fig. 9). 
 

 Outside of these five sample sets, the existence of the peak of around 168.5 kHz also can be 
found on the FFT spectrum in the category of 12 (194 waveforms). All these waveforms are 
"overflowing" signals as their signal amplitude is greater than 100 dB, exceeding the instrument's 
maximum dynamic range, as indicated in the Fig. 10. 
 
 (3) Possible origins of these frequency peaks 
AE signals generated under large cyclic load were often accompanied by noise due to collision 
and mechanical friction. Therefore, the crack AE signals collected were actually the combination 
of pure crack signals and noise. They have the characteristics of both crack AE signals and noise, 
which are likely to be reflected in the frequency spectrum. We can expect both frequency peaks 
due to cracking and noise. 
 

According to Kaiser Effect, AE signals from the same crack cannot be obtained again until 
the stress exceeds its highest previous value. That is, the generation of crack AE signals is often 
accompanied by the larger load. However, larger load usually means larger low-frequency me-
chanical noise and this is the mainly cause of peak 1 and peak 2 in the spectrum in the two low 
frequency ranges. In the c5 sample set (300 waveforms), the appearance of peak 3 is always ac-
companied by peak 1 and peak 2 simultaneously. That may be interpreted as that the large load 
not only produces crack AE signals of specific frequency (168.5 kHz), but also generate noise, 
which may be caused by friction. These noise waveforms were easy to identify and concentrated 
in the low frequency part (13.4 kHz, 46.2 kHz). Thus, the ratio of 3 peaks energy can be consid-
ered as an important feature to identify crack AE signals. 

 
Similar to the peak 3 in c5, the peak in the category of 12 may also be generated by cracks. 

As mentioned earlier, a larger load (large amplitude) usually means larger noise, and the crack 
signals may be annihilated in the noise, leading to the incorrectly classification results because of 
the relatively weak contribution of crack characteristics to the entire waveform. Due to the ran-
dom distribution of large load, the overflow signals may appear at any period during the entire 
experiment, not only at the time of cracking. That is why the waveforms of category 12 are dis-
tributed both in Set A and Set B. 
 
6. Conclusions 
 

(1) Utilizing an SOM neural network with the use of reasonable choice of data sample, and 
the support of some selection “criteria”, the useful crack AE signals can be extracted from a 
large number of waveforms. These methods are feasible and confirmed by spectrum analysis. 

(2) The classification results of SOM algorithm could be more reliable after applying wavelet 
packet noise reduction processing method. 

(3) Currently, it is unable to meet the requirements of real-time monitoring of crack, since the 
calculation of SOM algorithm needs post-processing. 

(4) The waveform characteristics of fatigue crack signals, such as the frequency, energy and 
ratios of three peaks, can become an important basis for the identification of crack. 

(5) It is very possible that some of the crack signals in Set B (4416 waveforms) may appear 
outside c5, for example, the category of 12. The main reason is the noise. Therefore, the further 
study of denoising algorithm is very necessary. 



 

 

(6) With the progress of the test, if the crack depth analyses can become feasible using wave-
form characteristics of fatigue crack AE signals, a special AE system would be developed for AE 
real-time monitoring of aircraft fatigue. 
 
Acknowledgement 
 

This study was financially supported by Chinese 11th five-year project 2009BAK58802-03. 
 
References 
 
[1] Matthew G, Baxter R, Pullin K, et al. Detection of Fatigue Crack Growth in Aircraft Landing 

Gear [C]. Proceedings of the 26th EWGAE, Berlin, 2004.  
[2] A. N. Ser'eznov, A. V. Mal'tsev, L. N. Stepanova, et al. Inspection of Fatigue Defects in En-

durance Testing of Half-Axles of Maneuverable Aircraft’s Stabilizers by Means of Acoustic 
Emission and Tensometry [J]. Russian J. Nondestructive Testing, 2004, 40(9) 573-579. 

[3] Geng Rong-sheng, Jing Peng. The State Monitoring for Aircraft Structure Using Trend Anal-
ysis Technique [C]. The 7th National Acoustic Emission Symposium. Shanghai: The AE 
Committee of Chinese Society for NDT, 1997: 142- 145.  

[4] Zhang Feng-lin, Han Wei, Hu Guo-cai, et al. Research on the Application of AE in the Field 
of Aviation [ J ]. Nondestructive Testing, 2000, 22 (4): 157-161. 

[5] Wu Ke-qin, Geng Ron-sheng, Xie Li-yang, Wu Ning-xiang. Acoustic Emission Real - Time 
Monitoring for Fatigue Damage to Horizontal Tails of a Certain Plane During Functional 
Test [J]. Journal of Northeastern University (Natural Science), 2007, 28(8): 1167-1170. 

[6] Feng Jian-fei, Geng Rong-sheng, Wu Guan-hua, Wu Wei. AE Characteristic Analysis in Air-
craft Fatigue Test under Flight Loading Condition [J]. J. Mechanical Engineering, 2010, 
46(8): 6-11. 

[7] Wang Bing-yang, Geng Rong-sheng, Wu Guan-hua. The Application of Acoustic Emission 
Technology in Aircraft Main Landing Gear Fatigue Test [J]. Nondestructive Testing, 2011, 
33(4): 22-25. 

[8] Liu Shi-feng, Geng Rong-sheng. Analysis of Acoustic Emission Monitoring Crack in Aircraft 
Fatigue Test [C]. The 11th National Acoustic Emission Symposium. Hangzhou: The AE 
Committee of Chinese Society for NDT. 2006, 7: 86-89. 

[9] Geng Rong-sheng, Shen G.T., Liu Shi-feng. Acoustic Emission Signal Processing Technique 
Based on Waveform Analysis [J]. Nondestructive Testing, 2002, 24(6): 257-261. 

[10] Shen G.T., Duan Qing-ru, Zhou Yu-feng, Li Bang-xian, et al. Investigation of Artificial 
Neural Network Pattern Recognition of Acoustic Emission Signals for Pressure Vessels [J]. 
Nondestructive Testing, 2001, 23(4): 144-149. 

[11] Luo jijun, Hou Suxia, Xu Jun, Li Juanjuan. Study on Acoustic Emission Signal Identifica-
tion Based on Neural Network Technology [J]. Chinese Journal of Scientific Instrument, 
2007, 28(4): 678-680. 

[12] Wang Xin-jian, Wu Ke-qin, Wang Ben-zhi, Geng Rong-sheng. The Real-Time Monitoring 
for Axle Condition to Horizontal Tails of a Certain Plane using Acoustic Emission Technol-
ogy [C]. The 11th National Acoustic Emission Symposium. Hangzhou: The AE Committee of 
Chinese Society for NDT, 2006, 7: 90- 96. 

[13] S. H. Lee and D. Lee. In-process Monitoring of Drilling Burr Formation Using Acoustic 
Emission and a Wavelet-based Artificial Neural Network [J]. International Journal of Pro-
duction Research, 46, (17), 2008, 4871–4888. 

[14] R. de Oliveira, A.T. Marques. Health Monitoring of FRP Using Acoustic Emission and Ar-
tificial Neural Networks [J]. Computers and Structures 86 (2008) 367–373. 


