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ABSTRACT

Acoustic emission (AE) plays an important role in Structural Health Monitoring (SHM) applications by providing
the early-stage damage assessment of composite materials. However, the collection of AE signals is challenging
due to complex noise arising from the mechanical equipment, temperature, vibration, friction as well as external
and internal environments of the structure. In order to overcome this challenge, even though many denoising
methods have been introduced to acquire the denoised AE signals, there is still a lack of effectiveness in denoising
without degrading the originality of the AE signals. Therefore, this paper adopts an efficient denoising method
named Empirical Mode Decomposition (EMD) to remove most of the noises of the acquired AE signals by keeping
its original properties. The adopted method is initially utilised on synthetic datasets which are randomly generated
inducing various levels of Gaussian white noise. The obtained results are then compared to the original properties
of the randomly generated clean dataset to evaluate the effectiveness of the EMD method. Experiments have been
carried out to acquire the AE signals added with friction and vibration noises and then the EMD method is applied
to them to eliminate the noises. The performance of the EMD method has been evaluated based on different
performance metrics. Results show that the EMD method effectively removes most of the noises without disrupting
original properties of the AE signals.

INTRODUCTION

Acoustic emission (AE) has recently received significant interest in the area of structural health monitoring, especially
for corrosion and crack detection, damage, and leakage monitoring. Acoustic emission is a transitory elastic wave
phenomena generated by the change of some outer conditions such as temperature, stress, and so on (Joseph &
Giurgiutiu, 2020). Acoustic emission signals generate a variety of monitoring characteristics, including amplitude,
rising time, energy, and hit count, that can be utilised to inspect existing micro-cracks in concrete. These parameters
are also utilised for determining the location of the micro-crack. Due to the fact that the AE signal is produced by a
variety of other causes, including temperature, friction, and vibration, the collected AE signal has weak characteristics
and overlapping frequency bands when compared to the complex noise background (Kharrat et al, 201 6).To enable
online structural damage identification, it is important to obtain a clear AE signal from a damage source against a
noise background. Thus, noise reduction of AE signals is necessary in SHM applications when assessing the welded
structure's damage.

Numerous denoising techniques have been introduced and implemented in the literature as a pre-processing
tool outside of the data collecting system (Liu et al,, 2018; Khamedi et al, 2019; He et al,, 2020; Ji et al, 2018). Fast
Fourier Transform (FFT) is a widely used denoising algorithm that is typically included into commercial AE data
collecting systems.The FFT converts a time-domain signal to a time-frequency domain signal in order to obtain the
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signal's frequency information and suppress non-essential aspects.While FFT is an excellent method for denoising, it
produces a signal with a poor resolution and is incapable of doing time and frequency domain analysis concurrently
(Liu et al, 2018). Additionally, FFT is inefficient when dealing with non-stationary and transient inputs (Liu et al,
2018). In comparison, wavelet transform (WT) is another renowned denoising technique which is based on the
linear transformation. In WT, the basic functions are modified by following the scaling function of a“mother wavelet”
(Satour et al, 2014). Discrete Wavelet Transform (DWT) (Ramos et al., 2017), Wavelet Packet Transform (WPT)
(Khamedi et al,, 2019) and Stationary Wavelet Transform (SWT) (Nason & Silverman, 1995) are some of the most
utilised denoising methods in the WT family that eliminate the various types of the noise of AE signal coming from
the damage portions of the weld materials. The expanded DWT models such asWPT and SWT provide the details
resolution for the AE signal. An eye-catching noise reduction has been gained for the non-stationary AE signals
through its multi-resolution properties (He et al, 2020). However, the obtained AE signal is sensitive to the nature
of the application, which may include random noise. Several sources of noise are typically added to the AE signals
during collecting, including ambient and internal noise, mechanical equipment, vibration, friction, and white noise.
These noises may serve as a misleading means of deriving required knowledge from the signals. Thus, these noises
of the AE signal should be suppressed before performing the knowledge-discovery methods.We use the Empirical
Mode Decomposition (EMD) approach in this research to decompose the AE signal into multiple components
based on the signal’s frequency information and magnitude. To achieve gain in denoising, unwanted components
are removed using Euclidean distance calculations and then the transformed signal is reconstructed to provide the
denoised AE signal.

The remainder of this article is structured as follows: The materials and methods section discusses the data
acquisition system and the denoising method used, as well as many evaluation criteria. The following section analyses
the results and discussions. The article ends with the conclusion.

MATERIALS AND METHODS

This section discusses different characteristics along with some parameters of the test specimens. The AE data
acquisition system'’s experimental details are provided.

Acoustic emission signal acquisition

Continuous AE signals were recorded during the hydrogen evolution process.The signals were analysed using a four-
channels data collection system equipped with an integrated low-noise preamplifier:In this study, a piezoelectric sensor
with an acquisition threshold set to a specific decibel level was used. The sensors and coupling agent are attached
to the specimen and fixed with a magnetic holder in

a four-clock position (12, 3, 6,9 o'clock) on a carbon-

steel pipe. Physical Acoustics Corporation supplies PARAMETER VALUE
th§ entire systerTw, including “Fhe AE selnlsgrs (USA). Hit definition time (HDT) 2000 s
Prior to the tensile test, the signal acquisition system

was calibrated using the pencil lead break technique. Peak definition time (PDT) 1000 ps
Numerous acquisition software parameters, such as

hit definition time (HDT), peak definition time (PDT), Hit lockout value (HLT) 500 ps
and hit lockout time (HLT), have been given in Table

. Setting these values is dependent on the material's Threshold value 40dB
type and nature, positioning of the active region and

the AE sensors. In our data collecting system, each sample rate | bs per sample

AE strike generates 1024 discrete data points. AEwin
software (Express-8 and version V5.92) manufactured
by MISTRAS was used to capture AE signals.

Table I.Acoustic emission parameters.
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Figure |. Schematic diagram for (a) cathodic hydrogen charging setup and (b) cross section pipe with location of sensors.

Denoising signal based on EMD

Huang (2014) created Empirical Mode Decomposition (EMD), an adaptive time-frequency decomposition method
that makes use of the Hilbert-Huang Transform (HHT) for time-frequency analysis. The EMD method's primary
characteristic is that it converts a given signal z(t) into a total of oscillatory functions dubbed the Intrinsic Mode
Function (IMF). The shifting process is carried out to obtain the IMF. The EMD technique requires that an IMF
should satisfy two conditions: firstly, the sum of the maxima and minima, and the zero-crossing number must be |;
secondly, the local average must be 0. The signal is split into numerous IMFs based on its time scale properties. EMD
decomposes the given original signal z(¢) as shown in Equation I:

x(1) =Y IMF (1) + (1) 0

i=1

where IMFi(t) and mn(t) denote the IMF components’ sequence and residual component, respectively. The first
IMF shows an impact of high frequency, while the impact of subsequent IMFs declines proportionately until a non-
smooth signal gained. By choosing the best IMFs which has residual components and high frequency, the signal may
be reconstructed. The true IMFs are determined by determining the Euclidean distance, d, between the first IMF and
the remaining IMF components, as shown in Equation 2.

@
where ; and y; are the i respective samples of the observed signal and the extracted IMF. The redundant IMFs

have shape and frequency content different than those of the original signal. So, the value of d for redundant IMFs
will be maximal.When IMFs are not appropriate, the value of d presents a maximum value.

The EMD method's efficacy in denoising signals is evaluated using a variety of performance indicators, including
Signal-to-Noise Ratio (SNR), Root Mean Square Error (RMSE), and cross-correlation. The explanations with the
mathematical equations are presented as follows:
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SNR: It is a comparison between the levels of signal noise in original signal x(1) and desired denoised signal (1). SNR
is the ratio of original mean signal power and mean noise power, and it is represented by the following equations.

> (1)
SNR =10log,, | —~

Z[;(z)_x(z)]z ®

RMSE: It is applied to calculate the error of reconstruction generally after denoising a signal. This may be estimated
by taking the root of the ratio between the total number of samples in the signal and the mean-square difference
between the original signal x(1) and the denoised signal z(1). The following definition applies to the RMSE:

RMSE =1+ @

Cross-Correlation (zcorr): It is used to determine the similarity between two discrete time sequences. If the cross-
correlation value zcorr is near to |, the cleaned signal and the signal with noise have a high degree of similarity. The
cross-correlation can be stated in the following way:

xcorr = E< :x )gx A ) (5)

where iz and i, represent the mean values of the denoised signal z(n) and the noisy signal x(n), respectively, and
0z and 0, signify the two signals’ corresponding standard deviations. The statistical expectation or mean function is
denoted by the operator E().

RESULTS AND DISCUSSION

This section describes the simulation environment, datasets, and parameters used in the experimentation.

Simulation setup and datasets

Experimental AE data are gathered during hydrogen evolution and artificially generated friction and vibration noises
on the carbon steel pipeline (May et al, 2020). Additionally, the synthetic datasets are created at random using
varying degrees of Gaussian white noise. Following that, the adopted EMD approach is applied to both types of
datasets to evaluate the denoising performance of our denoising method. In AE datasets, there is just one type of
measurement (AE signal amplitude in mV), which is captured as waveforms at each microsecond sampling interval
and consists of 1024 measurements. The EMD approach was applied to the first 1000 waveforms of a single AE
sensor, resulting in a total of 1,024,000 discrete time points being measured. In comparison, the synthetic datasets
are generated algorithmically and include signal-to-noise ratios (SNR) of 5 dB, 10 dB, 15 dB, 20 dB, and 25 dB.The
datasets are one second in length and sampled at a rate of one millisecond. Additionally, simulations on the datasets
are run in the MATLAB environment to evaluate the EMD denoising method’s performance.

Scope: (Work-based Learning), 4,2022



Denoising of synthetic datasets using Gaussian white noise in accordance with EMD

The  algorithmically  created
sinusoidal clean signal is displayed
in Figure 2, along with artificially
inserted Gaussian white noise
signals at various levels of SNR,
including 5 dB, 10 dB, I5 dB, 20
dB, and 25 dB.The vertical axis of
the graphic represents the signal’'s
amplitude, while the horizontal
axis  represents time. The
synthetic clean signal is utilised
as a reference signal, and the
EMD-based denoising approach
is applied to randomly produced
noisy signals to evaluate its
performance in terms of denoising
accuracy  without  affecting
the reference signal's essential
features. In Figure 3, we compare
simulated clean signals to EMD-
based denoised signals in order
to measure the EMD method's
efficacy in removing various
amounts of Gaussian white noise.
Additionally, the performance of
the EMD approach in denoising
severe level noisy signals s
evaluated using three criteria
(SNR, root mean square error,
and cross-correlation) and the
resulting results are compared
to those of noisy signals. As
illustrated in Figure 3, even if
there is a modest effect on the
amplitude of the de-noised signals
only in the case of extremely
noisy signals, the remaining
attributes of the de-noised signals
are nearly identical to those
of the clean signal. Additionally,
the SNR and cross-correlation
values obtained for EMD-based
de-noised signals are higher with
a smaller reconstruction error
than the values obtained for noisy
signals. Table 2 compares the
performance of the clean signal,
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Figure 2. Synthetic clean signal and the signals
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Figure 3. Comparison between synthetic clean signal
and the EMD-based denoised signals.
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the properties of various levels of
noisy signals, and the properties
of EMD-based de-noised signals.
According to Table 2, all attributes
of the clean signal except the
"Max Peak Frequency" feature are
altered by the various degrees of
Gaussian white noise. However,
the EMD denoising approach
effectively removes multiple levels
of noise, and the denoised signals
have essentially identical qualities
to the clean signal. Thus, it can be
asserted that EMD is an effective
method for denoising extremely
noisy signals without impairing
the signal's core features.

Denoising of frictional noisy
AE signal using EMD method

By rubbing a steel plate against
the same test specimen and
adjusting the other settings as
indicated in the Materials and
Methods section the frictional
noisy AE signal was captured.
Then, using the proposed EMD
approach, frictional noise s
removed from the recorded AE
signal, and the noise reduction
performance is evaluated. The
frictional noisy AE signal, the
EMD-based de-noised signal, and
estimated noise are all depicted
in Figure 4. The de-noised EMD
signal demonstrates how the
EMD approach effectively lowers
frictional noise while retaining
critical AE information.
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Figure 4. Comparison among frictional noisy AE signal,
the AE signal after EMD-based denoising and estimated noise.
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Figure 5. Comparison among frictional and vibrational noisy AE signal,
the signal after EMD-based denoising and estimated noise.



Denoising of frictional and vibrational noisy AE signal using EMD method

As mentioned previously, frictional and vibrational noise were determined by rubbing and pounding on the same
object during the experiment. To remove both noises from the collected noisy AE signal, the EMD denoising
method is used and the denoising performance is compared to the original noisy AE signal. The frictional and
vibrational noisy AE signals, the EMD-based de-noised signal, and predicted noise are all shown in Figure 5. The de-
noised EMD signal in Figure 5 demonstrates that the EMD approach effectively eliminates both noise and critical AE
information. Thus, the EMD denoising method can be used to decrease not only frictional noise, but also vibrational

noise in AE data obtained from SHM applications.

Properties Clean Signal | 25 dB 20 dB 15 dB 10 dB 5dB
Number of Peaks 21.00 209.00 209.00 209.00 273.00 338.00
Max Peak Frequency (Hz) 19.53 19.53 19.53 19.53 19.53 19.53
Mean Frequency (Hz) 19.80 2053 2201 26.58 41.27 71.47
Angular Frequency (Hz) 12554 129141 129141 169043 1970.83 2082.04
RMS Bandwidth (kHz) 0.87 60.24 60.24 110.20 107.47 101.97
Mean Frequency Power (dB) | -6.01 -597 -5.86 -5.80 -5.30 -4.26
RMSE 0.00 0.04 0.07 0.12 0.23 0.38
SNR (dBc) 2449 2091 15.66 9.29 6.04
xcorr (%) 100.00 99.84 99.52 98.48 95.17 87.76
EMD-Based denoised signals

Number of Peaks 21.00 21.00 21.00 21.00 22.00 29.00
Max Peak Frequency (Hz) 19.53 19.53 19.53 19.53 19.53 19.53
Mean Frequency (Hz) 19.80 19.88 20.01 19.94 20.02 20.39
Angular Frequency (Hz) 125.54 125.92 13221 125.79 131.82 176.11
RMS Bandwidth (kHz) 087 087 0.84 0.84 0.86 1.53
Mean Power (dB) -6.01 -5.96 -6.12 -6.19 -6.01 -5.21
RMSE 0.00 0.03 0.04 0.06 0.10 0.17
SNR (dB) 3254 26.52 23.06 19.76 16.98
xcorr (%) 100.00 99.94 99.82 99.68 99.09 97.34

Table 2. Comparison among the properties of synthetic clean signal,
different degrees of noisy signals and the EMD-based denoised signals.
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Hilbert frequency spectrum of the noisy AE signals and EMD-based denoised signals

According to Wu et al. (2015), the usual frequency spectrum of the generated AE signal is focused between 20
and 80 kHz during hydrogen evolution activity. This frequency range is mostly determined by bubble formation
during hydrogen evolution activity and the level of induced potential. The Hilbert frequency spectrum of the
original frictional and vibrational noisy AE signals is compared to the frequency spectrum of the de-noised AE
signals generated using EMD in Figure 6. As seen in the plot, the frictional and vibrational noisy signals produce
primarily overlapping frequency bands and have a negligible effect on the magnitude. The EMD method eliminates
superfluous frequency components while retaining the useful frequency spectrum, as seen in Figure 6 by the EMD-
based denoised Hilbert spectrum.
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Figure. 6. Comparison among Hilbert spectrum of the Original noisy AE signals and EMD-based denoised AE signals.
CONCLUSION

According to the findings and analyses of this work, the denoising method is critical in a variety of applications
in SHM for the gathering of cleaned AE signals to increase the effectiveness of early-stage damage assessments.
By minimising the reconstruction error, the adopted EMD approach significantly reduces the noise in AE signals
gathered during tests, making it effective for extremely noisy AE signals recovered from a variety of monitoring
applications in SHM.The simulation results produced using the EMD method demonstrate that the properties of
the EMD-based de-noised signal are nearly identical to those of the original clean signal. Additionally, the outcomes
of evaluation criteria such as SNR, RMSE, and cross-correlation are improved when using de-noised signals as
opposed to noisy signals. The EMD denoising technique may be used to effectively capture AE clean signals during
SHM inspection in real-world situations. However, preparatory study should be undertaken to determine the
acquisition parameters based on the wavelength, threshold value, the accuracy of the AE sensor; and the wave
velocity for a particular structure. Appropriate parameter selection can aid in the removal of reflected waves and
other unwanted noise. This study can be expanded to include real-world SHM applications for the gathering of
cleaned AE signals to evaluate the EMD method's denoising performance.
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