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Abstract 

 
Though acoustic emission (AE) is becoming a popular non-destructive testing (NDT) tech-

nique for structural health monitoring (SHM) of civil, mechanical and aerospace structures, 
challenge of effective analysis of recorded data still exists. This paper explores various tools for 
analysis of recorded AE data to address two primary challenges: discriminating signals from dif-
ferent sources and quantifying damage levels for severity assessment. It is believed such analysis 
will help in better understanding of mechanisms of AE generation and help enhance the moni-
toring capability of AE technique. 
 
1. Introduction 
 

Acoustic emission (AE) technique is one of the several diagnostic techniques used for struc-
tural health monitoring (SHM) applications. AE technique involves recording the stress waves 
by means of sensors and appropriate data acquisition system and subsequent analysis of the re-
corded signals to gather information about the nature of the source of emission [1]. AE technique 
is highly sensitive to crack activity (active cracks generate while dormant ones do not) and can 
provide continuous in-situ monitoring. Despite the advantages, successful use of AE technique 
for structural health monitoring applications has several challenges. A number of spurious sour-
ces can also produce AE signals, which can mask genuine damage related signals; hence, it is 
important to accurately sort extraneous noise from crack based AE [2]. Another important chal-
lenge is quantifying the level of damage to assess severity of sources. 

 
Recording and analysis of the complete AE signal waveforms is now common. Though the 

signals captured by sensors are affected by the medium of propagation and the sensor character-
istics, the signals still contain some information about the nature of the source [3]. Hence, com-
plete waveform based analysis approach is believed to yield better results than traditional ap-
proach of using parameters alone in source discrimination. To analyse the recorded waveforms, 
frequency analysis using Fourier transform and time-frequency analysis using short-time Fourier 
transform (STFT) and wavelet analysis are popular tools. Ratios of energy distribution in differ-
ent frequency bands from wavelet analysis has been used to identify different potential failure 
modes in composites [4]. Further, as similar source mechanisms emit similar signals, search for 
similarity also helps in source discrimination. Cross-correlation coefficients in time domain and 
magnitude squared coherence (MSC) in frequency domain can be used to check if signals are 
similar or not [3, 5, 6].  Quantifying damage level is usually attempted using different AE sig-
nal parameters or a combination of these. A traditional approach is the b-value analysis, see [7, 
8]. It has been found to change during different stages of damage, for example when microcracks 
occur in the early stages of damage, the b-value is high but becomes low when macrocracks be-
gin to occur [8], making the b-value a candidate to judge damage progress [9].  The b-value has 
been recently modified by using statistical values of amplitude distribution (mean and standard 
deviation) and the newer method is referred as improved b-value (Ib- value) [10]. Ib value im-
proves calculation by selecting the amplitude limits of the linear range of the cumulative 
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frequency distribution data of AE [11]. Ib-value is usually calculated for a certain number of 
events (generally ranging from 50 to 100) during the test. 

 
This paper aims to explore different data analysis approaches for source discrimination and 

severity assessment, by analysing AE data recorded from testing in laboratory. 
 

2. EXPERIMENTATION 
 
2.1 Source differentiation 
For source differentiation experiments, two sources of AE signals were generated by (a) breaking 
0.5-mm pencil leads (Hsu-Nielsen source) and (b) dropping steel balls (6-mm diameter) from a 
height of 15 cm on a 4 m long steel beam. Ten sets of each test were carried out. A four-channel 
µ-disp PAC (Physical Acoustics Corporation) system along with two R15α sensors (made by 
PAC, resonant at 150 kHz) placed at distances of 1.5 m (Sensor S1) and 3 m (Sensor S2) from 
the source were used for data acquisition. The sensors were coupled using vacuum grease and 
magnetic holders. Preamplifiers were used with gain set at 40 dB. The signals were bandpass fil-
tered between 20-400 kHz, as most signals were expected in this range. For each hit, data was 
acquired at a sampling rate of 1 MHz and recorded for 15-ms duration.  
 

Recorded signals were analysed, first by calculating energy distributions in different fre-
quency bands from STFT analysis. Next, cross-correlation coefficient and magnitude-squared 
coherence were calculated using Matlab commands ‘xcorr’ and ‘mscohere’ to check signal simi-
larity in time and frequency domains, respectively. The command ‘xcorr’ gives the value of 1 for 
two identical signals. Similarly, ‘mscohere’ gives values lying between 0 and 1, which indicate 
how well two signals correspond to each other at each frequency; with the value of 1 indicating 
exact match [12]. 

 
2.2 Severity assessment 
For damage quantification experiment, three-point bending tests were carried on steel pieces 
(300-mm long, 25-mm wide and 10-mm thick, with a small 45o V-notch in the middle to initiate 
the crack growth). Instron tensile machine with 100 kN load-cell was used to apply loads to three 
specimens at loading rates of 1, 2 and 3 mm/min each. To set the threshold value for recording 
and ensure sensors were performing correctly, pencil-lead breaks (0.5-mm diameter HB leads) 
were carried out near the crack tip. The value of 60 dB was used as the threshold value in each 
case, as this value was found to prevent the recording of lower amplitude reflected signals from 
the pencil-lead break tests.  Same system and settings were used for AE data acquisition. Two 
R15α resonant sensors were placed at the ends of the specimens equidistant from the crack in 
order to record signals.    

3. Results and Discussion 

3.1 Source differentiation 
Typical pencil-lead break (PLB) and ball-drop (BD) signals recorded by sensor S1 along with 
their time-frequency STFT representation calculated using Time-frequency toolbox [13] are 
shown in Figs. 1 and 2, respectively. Only initial 2 ms of data were used for analysis purposes.   
The BD signal shows higher energy levels but at lower frequency bands compared to the PLB 
signal. To study energy distribution with frequency, energies across the total time were summed 
and the values normalized with respect to total energy across all times and frequencies. Values of 
these energy ratios against frequencies for ten PLBs and ten BDs are shown in Fig. 3. 
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Fig. 1. PLB signal (upper) along with its STFT representation (below).  

 

 
Fig. 2. BD signal (upper) along with its STFT representation (below). 

 
Fig. 3 Distribution of energy against frequencies for PLB and BD signals. 
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For PLB signals, most energy lies around two peak frequencies of 70 kHz and 170 kHz and 
small peak at 300 kHz. For BD signals energy is distributed around 70 kHz only. This distinct 
distribution of energy can differentiate sources.  

Cross-correlation analysis: Using the PLB signal (Fig. 1) as the template signal, 
cross-correlation was performed with the remaining nine PLB signals recorded by S1 and with 
the ten BD signals, also recorded by S1. A sample result is shown in Fig. 4. 

 
Fig. 4(a) Cross-correlation between two PLB signals (b) Cross-correlation between PLB and BD 

signals 
 

High cross-correlation (maximum value 0.86) is seen for two PLB signals in Fig. 4a while in 
Fig. 4b the maximum value is only about 0.5. Cross-correlation of the template PLB signal with 
remaining nine PLB tests gave an average maximum value of 0.87 (actual: 0.80-0.91) while that 
for PLB-BD correlation was 0.48 (actual: 0.38-0.54). This difference in maximum 
cross-correlation values can be used as a criterion for signal discrimination. 

 
Magnitude squared coherence analysis: Magnitude-squared coherence (MSC) analysis was per-
formed using the same template PLB (Fig. 1) and rest of the signals recorded by the sensor S1. A 
typical plot of MSC values versus frequencies with a PLB signal is shown in Fig. 5a and that 
with a BD signal is shown in Fig. 5b. Figure 5a indicates closer match of frequencies between 
the PLB signals in the range 20 - 400 kHz (bandpass range), with an average value of 0.73. On 
the other hand, Fig. 5b indicates less coherence in that range, with an average MSC value of 
0.27. 

 
Fig. 5. MSC values versus frequencies. (a) two PLB signals, (b) PLB and BD signals. 
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 While calculating MSC values of the template PLB with the other PLB signals, mean values 
lie in the range 0.71–0.75, while mean MSC values of the PLB signal with other ten BD signals 
lie in the much smaller range of 0.25–0.35 with a mean value of 0.29. Again, this distinct differ-
ence shows the usefulness of MSC values in signal discrimination. 

 
It is noted that while performing cross-correlation and MSC between the template PLB-S1 

signal (Fig. 1) and ten PLBs of sensor S2, very low values were obtained (less than the values 
obtained in earlier analysis between the PLB and BD signals recorded by the same sensor S1). 
Nevertheless, cross-correlation and MSC could identify same sources from same distance and 
this has significant advantage in SHM applications. For example, while monitoring the activity 
of a crack (finding it is active or benign) in gusset plate of a bridge in real time, being able to 
automatically filter out AE signals due to traffic using a template signal will significantly reduce 
the data load. 

 
3.2 Severity assessment 
The variation of load with time (to 500 s) for a three-point bending test along with the ampli-
tudes of the hits for one sensor is shown in Fig. 6. When yielding starts, a large number of AE 
signals with higher amplitudes and energies were recorded in the region of transition between the 
elastic and plastic deformation. The first visual signs of crack occurred after most of the AE hits, 
generally when the load reached the peak value. After this, the load decreased and the crack con-
tinued to grow but few new AE hits occurred. It is noted that these findings have been well 
known and have been reported previously. 

 
time(s) 

Fig. 6. Variation of force and AE amplitude with time for 1 mm/min loading. 
 
b and Ib value analysis: The cumulative amplitude distribution (number of events vs. amplitude), 
showed that the linearity exists only in the earlier to middle portion of the distribution. For ex-
ample, the distribution of amplitudes for 1 mm/min loading case is shown in Fig. 7. 
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Fig. 7. Frequency (linear, dashed line) and cumulative frequency (logarithmic, solid line) of AE 
hits against amplitude. 

Ib-value was utilized to calculate the slope in this linear region [10] using sets of 100 events 
with a lag of 20 events as done in [14], that is, the Ib value is first calculated for the group of the 
events 1-100, then 21-120, followed by 41-140 and so on. A sample Ib value calculation for first 
set of 1 mm/loading case is shown in Fig. 8. The results showing the variation in Ib-value (mul-
tiplied by 20 as suggested) with time for the three loading cases are shown in Fig. 9. 

 
 

Fig. 8. Ib value calculation for first set of 100 events for 1 mm/min loading. 
 

The plots in Fig. 9 show that the lowest Ib values are around 0.5 and occur at the yielding re-
gion (marked by an ellipse). As this region is known to be the areas of significant AE generation 
[15, 16], the occurrence of lowest Ib value has provided an accurate indication of damage occur-
rence. Further, higher activity (large number of AE event rates) and higher intensity events 
(events with higher amplitude) are also seen at the same time. These observations indicate that 
the instance of damage initiation is predicted by the lowest Ib-value. 

µ = 70.72 dB, mean of amplitude 
values 
σ = 8.69 dB, standard deviation of 
amplitude values 
a2 = 71 dB, amplitude just higher 
than µ 
a1 = 62 dB, amplitude just below 
µ-σ 
N2 = 43, total number of events 
with amplitude ≥ a2 
N1 = 90, total number of events 
with amplitude ≥ a1  
Ib' = (log10 (N1) - log10 (N2))/(a2-a1)  
= 0.0356 
Ib = Ib' x 20 = 0.7128 

Slope of this line gives Ib 
value 
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(a) 

(b) 

(c) 

Fig. 9. Ib-values for three loading conditions. 
 
Conclusions 
 

The main aims of this study were to study some aspects of two important issues in applica-
tion of AE technique for SHM of engineering structures, namely source differentiation and 
damage quantification. The results from the tests indicate that energy distribution in different 
frequency bands can be a suitable tool for differentiating signals from different sources. Further, 
if a template signal from a known source is available, it can be compared with subsequently ob-
tained experimental signals using maximum cross-correlation value and average magnitude co-
herence values to judge signal similarity, thus performing source differentiation. 
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Regarding damage quantification, use of Ib-value to analyse recorded AE data from 
three-point bending load gave promising results. The studies on the use of Ib-value in brittle ma-
terials such as concrete and rock have found the value of around 1 at around the fracture point.  
The observations in the study show that the onset of plasticity, indicating the instance of damage 
initiation, was predicted by the lowest Ib-value. 

 
More study on data analysis tools for source differentiation and damage quantification will 

further increase the effectiveness of AE technique for SHM of engineering structures. 
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