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Abstract: Microseismic monitoring has become a well-known technique for predicting the mecha-
nisms of rock failure in deeply buried energy exploration, in which noise has a great influence on
microseismic monitoring results. We proposed an improved microseismic denoising method based on
different wavelet coefficients of useful signal and noise components. First, according to the selection
of an appropriate wavelet threshold and threshold function, the useful signal part of original micro-
seismic signal was decomposed many times and reconstructed to achieve denoising. Subsequently,
synthetic signals of different types (microseismic noise, microseismic current, microseismic noise
current) and with various signal-to-noise ratios (SNRs, −10~10) were used as test data. Evaluation
indicators (mean absolute error µ and standard deviation error σ) were established to compare the
denoising effect of different denoising methods and verify that the improved method is more effective
than the traditional denoising methods (wavelet global threshold, empirical mode decomposition
and wavelet transform–empirical mode decomposition). Finally, the proposed method was applied
to actual field microseismic data. The results showed that the microseismic signal (with different
types of noise) could be fully denoised (car honk, knock, current and construction noise, etc.) without
losing useful signals (pure microseismic), suggesting that the proposed approach provides a good
basis for the subsequent evaluation and classification of rock burst disasters.

Keywords: microseismic event; rock burst; denoising; wavelet transform; energy exploration

1. Introduction

As the global population continues to grow, the existing energy sources are character-
ized by high pollution levels and small reserves; therefore, the needs of humans cannot be
met. There is an urgent need to expand new energy sources on a larger scale and deeper lev-
els. One need is to continue mining energy sources such as coal, oil and gas in deeply buried
formations [1–4], and another is to explore clean geothermal energy and build hydropower
stations and diversion tunnels [5,6]. These engineering activities are often associated with
complex geological conditions and high engineering difficulty, which could result in major
disasters [7–9] such as collapse, rock burst and water inrush in deep rock masses, posing
a threat to the safety of personnel and equipment, restricting the progress of engineering
construction and increasing the potential for property losses. For example, 21 miners were
killed in a rock burst accident at Longyun Coal Mine in China in October 2018 [10]. The
extremely strong rock burst at the Jinping hydropower station caused considerable losses of
personnel and property [11]. The largest recorded mine pressure was during a magnitude
5.5 event at the Werra River mine in Germany [12]. These accidents are attributed to rock
failure caused by geostress disturbances. Therefore, studies of rock failure are of great
value for energy exploration, and microseismic monitoring technology has been widely
used in rock failure assessment and prediction in recent years [13–15]. Rock failure can
generate microseismic signals, and researchers further analyze the failure characteristics of
deep rocks through collected microseismic data. Since the magnitude of a microseismic
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signal is very weak, the noise generated by the external complex environment may drown
out the original microseismic signal, leading to low-SNR data, which directly affects the
accuracy of estimates of location and moment information for source mechanisms [16,17].
Therefore, finding an effective and reliable denoising method is a key step for assessing
rock failure disasters in deeply buried energy exploration.

In previous denoising methods, the denoising effect of noisy microseismic signals was
found to be affected by many factors, for example, the presence of random noise, low SNRs
and algorithm selection [18,19]. Denoising methods are characterized by low applicability
and are difficult to widely promote, which hinders the development of microseismic moni-
toring technology. Therefore, methods for denoising microseismic signals are constantly
updated. Initially, the Fourier transform was introduced to transform the time domain
into the frequency domain, and the useful information in the original signal was character-
ized by the frequency domain [20,21]. Based on the Fourier transform, filter denoising by
setting a filter-specific frequency band and a short-time Fourier transform method with
window were proposed [22–25]. However, they can only reflect the overall features and
cannot fully reflect the local characteristics of the signal and the limitations of uncertainty;
therefore, the methods based on the Fourier transform are more suitable for analyzing
quasisteady signals. In view of the above defects, wavelet transform (WT) and empirical
mode decomposition (EMD) were proposed to analyze nonstable signals [26–28]. EMD is a
time–frequency analysis method that adaptively decomposes different types of signals into
multiple intrinsic mode functions (IMFs) according to the time scale characteristics of the
signal [29,30]. This approach provides better temporal and spatial resolutions than other
method, but the EMD method is prone to problems such as mode aliasing, end effects and
complicated termination criteria screening [31], which limit the accuracy of decomposition
and the EMD method in microseismic signal processing in some cases.

In recent years, WT has become a powerful method for denoising different signals
due to its time–frequency characteristics and multiresolution analysis characteristics [17,32].
In WT, a signal is decomposed into approximate information (low-frequency signal) and
detailed information (high-frequency signal) through translation and scale extension of the
mother wavelet; then, the information is reconstructed in a time–frequency localization
analysis method with a time window and a frequency window [33–36]. Although the WT
has advantages in decomposing noisy signals, it is difficult to determine the critical value
of useful information and noise, which can lead to useful signals not being fully separated.
Thus, more effective improved wavelet threshold methods were established [37,38]; they
are mainly based on the use of different mother wavelets [39], decreasing empirical wavelet
coefficients to suppress noise [40], and changing the traditional hard-and soft-value threshold
functions [41].

The above methods mainly improve the signal-to-noise ratio (SNR) of specific noisy
signals by improving parameter optimization in the selected denoising method and play a
role in promoting the broad application of WT in shallow coal seams, rock strata and mining
and extraction scenarios. However, in the actual process of deep energy exploration, the
noise contained in the collected microseismic data is complex and disordered. It is difficult
to decompose useful information and noise signals at multiple scales by only improving
a single calculation parameter. Therefore, we study the applicability and effectiveness
of an optimized wavelet threshold denoising method. We propose an improved signal
denoising method based on a wavelet threshold to denoise deeply buried microseismic
signals. According to the characteristics of the WT coefficient of microseismic singles, the
original wavelet threshold function and parameters are optimized to evaluate the denoising
results of different methods for synthetic microseismic data containing noise. The denoising
effect of the improved method is analyzed based on microseismic signals with different
SNRs, and the feasibility of the method in low-SNR cases is proven. Finally, with the
microseismic data collected from an actual deep tunnel as examples, we verity that the
method is more effective than the EDM and wavelet threshold methods and can remove
different types of noise signals without losing useful signal information.
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2. Materials and Methods
2.1. Engineering Background and Data Source
2.1.1. Engineering Background

To solve the major problem of urban and industrial water shortages around Xi’an
City in Shaanxi Province, China (Figure 1a,b), the Hanjiang-to-Weihe River Diversion
project was constructed to divert water from the Hanjiang River into the Weihe River to
adjust the rational allocation of water resources in Shaanxi Province. The project is mainly
composed of four parts: the Huangjinxia water control project, Huangjinxia to Sanhekou
water transfer project, Sanhekou water control project and Qinling water conveyance tunnel.
The Huangjinxia water control project is located 2000 m downstream of the main Hanjiang–
Huangjinxia, and its main task is to retain the water level at the Hanjiang and power
generation and transfer water from Huangjinxia Reservoir to the Huang-San tunnel. The
Huang–Sanhekou water transfer project involves transporting Hanjiang water extracted
from the Huangjinxia Pumping Station to Sanhekou Reservoir. The Sanhekou water control
project is located 2000 m downstream of Sanhekou village, Daheba town, Foping County.
It is mainly used to store water from the Ziwu River, and the main flow of Hanjiang is
pumped into the reservoir by the pumping station. The water intake of the Qinling water
conveyance tunnel is located at the confluence pool of Sanhekou Reservoir, and the water
outlet is the Huangchi Ditch on the east side of Heihe, a tributary of the Weihe River. The
task of the project is to transfer the diverted water from Hanjiang to the Guanzhong plain
in the Weihe River Basin. The length of the Qinling water conveyance tunnel is 81.77 km,
and the maximum burial depth of the tunnel is more than 2500 m. A tunnel boring machine
(TBM) and drilling and blasting methods were employed during construction of the tunnel
for 39.08 km and 42.69 km, respectively.
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Figure 1. (a,b) Geographical location/layout map of the Hanjiang-to-Weihe River diversion
project [42], (c) Microseismic monitoring system of the Engineering Seismology Group.

2.1.2. Dataset Sources

In the exploration of the deeply buried Qinling water conveyance tunnel, safety
problems with large scopes and high concentrations readily occurred. For example, rock
burst is caused by the collapse of the surrounding rock and fault failure. Therefore, the
microseismic monitoring system of the Engineering Seismology Group (ESG) was used
to monitor and prevent surrounding rock stability and deformation failure in real time
(Figure 1c). The system comprises a Paladin digital signal acquisition system, a Hyperion
digital signal processing system, six uniaxial sensors and signal transmission cables. The
sensors were distributed along the axis of the tunnel, with three on the right sidewall
and the other three on the left sidewall. When a seismic event occurs, each sensor collects
different seismic signals, which are transmitted to the processing system through the optical
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fiber and stored as waveforms. In the complex construction environment, the detected
microseismic signals contain different degrees and types of noise. Through signal analysis
and research, it was confirmed that the waveforms of noisy microseismic signals can be
basically divided into three categories: microseismic noise signals (Figure 2b), in the time-
domain, submerged microseismic signals and low-SNR signals. In the obtained spectra,
the main frequency bands of microseismic signals are not always clear, and noise causes
intensive amplitude fluctuation, without clear spectral characteristics. For microseismic
current signals (Figure 2c), in the time-domain, microseismic signals are relatively obvious,
and the current characteristics are clear. In the corresponding spectra, the signal has no
main frequency characteristics. For the current is seriously affected. For microseismic
noise current signals (Figure 2d), in the time-domain, the microseismic information is not
obvious, the SNR is low, and noise is abundant. The main frequency of microseismic event
cannot be identified from a spectrum diagram, and the noise-related spectral features are
obvious and distributed in multiple segments. Therefore, this study randomly selected
300 microseismic events monitored at the Hanjiang-to-Weihe River Diversion project from
June to August 2021 for denoising.
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2.2. The Proposed Method and Principle

Wavelet threshold denoising is a time-scale noise reduction method for signal analysis;
it is a multiresolution analysis technique that can represent the local features of signals in
both the time and frequency domains. It is a time–frequency localization analysis method
based on a fixed window, and the wavelet shape, time window and frequency window
can be changed. The low-frequency part of a signal has a low time resolution and a high
frequency resolution, and the high-frequency part has a high time resolution and a low
frequency resolution. This method is suitable for analyzing nonstationary signals and
extracting the local characteristics of signals such as microseismic signals.
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2.2.1. Principle of Wavelet Threshold Denoising

In general, the observed signal can be considered as follows [39]:

f (t) = s(t) + n(t) (1)

where f (t) is the observed signal, s(t) is the original signal and n(t) is the noise signal.
In most cases, microseismic signals are mainly concentrated at low-frequency bands,

and noise signals are distributed at high-frequency bands. Therefore, after wavelet decom-
position, the WT coefficient of the microseismic signal is larger than that of the noise. In
processing, a suitable threshold is selected, and when the wavelet coefficient is less than the
threshold, the wavelet is generated by the noise signal. If the coefficient is greater than the
threshold, the wavelet is generated by the microseismic signal. After the wavelet coefficient
is quantized based on the threshold for each layer, the high-frequency component and
the low-frequency component of a microseismic signal are reconstructed based on inverse
wavelet transform, thus effectively removing noise signal.

Therefore, the steps of wavelet threshold denoising are as follows:

(1) Decomposition: Select the wavelet and determine the number of layers of wavelet
decomposition.

(2) Threshold processing: Select the threshold value and threshold function for nonlinear
processing of wavelet coefficients.

(3) Reconstruction: Use the new wavelet coefficients to reconstruct the signal and obtain
the filtered signal.

2.2.2. Selection of Wavelet Threshold and Function

Traditional thresholds include fixed-form thresholds, adaptive thresholds, heuristic
thresholds and minimax thresholds. However, these are fixed thresholds, and the corre-
sponding amounts require large quantities of calculations and long operation run times;
moreover, microseismic signal loss often occurs. To overcome these issues, threshold selec-
tion experiments were carried out based on a previously introduced method [39] to develop
an improved threshold determination method:

λ =
σ
√

2ln(N)

ln(j + 1)
(2)

where λ is the wavelet threshold, j is the decomposition scale, σ is the standard deviation
of a noise signal and N is the length of the signal.

Equation (2) can be used to effectively distinguish, noise and microseismic signals.
Notably, the threshold decreases with increasing decomposition scale, and the microseismic
signal is retained to a great extent to remove noise.

Threshold denoising is performed based on the wavelet decomposition of a signal
to obtain the high-frequency coefficients of each layer and the lowest low-frequency co-
efficients. Therefore, it is important to select an appropriate threshold function to filter
the low-frequency coefficients. Donoho proposed traditional threshold function, namely,
the soft threshold function and hard threshold function [43]. However, the soft threshold
function yields a constant deviation between the reconstructed signal and the original
signal, and the hard threshold function produces a step phenomenon.

Considering the above problems, an improved threshold function was designed. The
threshold function, not just the soft threshold function, is continuous; as |x| increases, the
deviation of y(x) and |x| decreases. The new threshold function is as follows:

y(x) =

{
sgn(x)

√
|x|j − λj |x| ≥ λ

0 |x| < λ
(3)
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where j is the decomposition scale. When |x|→λ, y(x)→0, the function is similar to the
soft threshold function, and because the soft threshold function is continuous, there is no
step phenomenon. When |x|→∞, y(x)→x, the function is similar to the hard threshold
function and solving the soft threshold function always yields a certain deviation in results.
In addition, the improved threshold function changes with the decomposition scale j,
and thus, the adaptability to different decomposition levels is enhanced. Moreover, there
are no uncertain parameters in the function; therefore, the stability of signal denoising
is improved.

2.2.3. Improved Denoising Method

The improved denoising method is divided into the following steps. First, the sym4
wavelet is selected to decompose the signal into four levels based on the random nonsta-
tionary characteristics of the microseismic noise signal. Second, the improved threshold
and threshold function are used for the nonlinear processing on the detailed components
at each level of decomposition. Finally, the denoised microseismic signal is reconstructed
based on the new wavelet coefficients.

The method flow is shown in Figure 3:
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2.2.4. Parameter Selection

It is generally known that decomposition levels and the threshold function crucially
influence the effectiveness of improved wavelet threshold denoising. For microseismic
signals with noise [39], the number of decomposition layers is usually be set to 3–6. If
the number of decomposition layers is larger, the effective signal and noise signal will be
easy to separate into different frequency bands, resulting in the high-frequency portion
of the effective signal being mistaken for noise and filtered. If number of decomposition
levels is small, the original effective signal can be saved to a large extent, but the denoising
effect may be poor. Therefore, a synthetic signal with a low SNR is analyzed as an example.
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The mean absolute error (µ) and standard deviation error (σ) are introduced as evaluation
indicators to determine the optimal number of decomposition levels.

µ =
1
N ∑N

i = 1 di − si (4)

σ =

√
1

N − 1 ∑N
i = 1(di − si − λ)2 (5)

λ =
1
N ∑N

i = 1(di − si) (6)

where di is the denoised signal, si is the real signal and N is the number of signal sampling
points. µ is the degree to which the denoised signal matches the real signal, and the smaller
µ is, the better the denoising effect. σ is the degree of dispersion of µ; the smaller σ is, the
more concentrated the distribution of µ.

A comparative analysis of noise reduction is carried out for several groups of signals.
The results show that when the number of decomposition layers is set to 4, µ and σ for
the synthetic signal after denoising are minimized (Table 1), indicating that the noise
reduction effect is good. Therefore, the optimal decomposition level is chosen as 4 in the
denoising method.

Table 1. Comparison of decomposition layers.

Decomposition Layers µ σ

4 0.0237 0.0736

5 0.0346 0.0798

6 0.0482 0.0826

7 0.0688 0.0826

According to the process of the wavelet threshold denoising method, the harmonic
components of the signal with noise are decomposed into an approximate component
dominated by the microseismic signal and a detailed component associated with both
the noisy and useful parts of the signal. Therefore, it is necessary to perform hierarchical
adaptive threshold denoising on the detailed component to filter and remove random noise.
In the hard threshold method, the wavelet coefficients greater than the set threshold are
output, and the coefficients less than the threshold are set to zero. In the soft threshold
method, the wavelet coefficients less than the threshold are set to zero, and the wavelet
coefficients greater than the threshold are reduced. Based on the shortcomings of the
traditional hard threshold function and soft threshold function, the improved threshold
function is adopted (Equation (3)). To verify the effectiveness of this function, the hard
threshold, soft threshold [41] and improved wavelet threshold functions (Equation (3)) are
used to denoise microseismic signals with different SNRs (5 dB, −2 dB and −10 dB), and µ
and σ are calculated (Table 2).

Table 2. Comparison of the denoising effects of hard threshold, soft threshold and improved threshold
functions for signals with different SNRs.

SNR
Hard Threshold Soft Threshold Improved Threshold

µ σ µ σ µ σ

5 0.0109 0.0879 0.0050 0.0544 0.0041 0.0348

−2 0.0127 0.0946 0.0071 0.0602 0.0059 0.0566

−10 0.0137 0.0994 0.0107 0.0745 0.0083 0.0622
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When the SNR = 5, µ and σ for the improved threshold are minimized, and the effect
of the improved threshold denoising method is the best (0.0041 < 0.0050 < 0.0109), as in the
SNR decreases, when the microseismic signal is completely submerged in noise, obtained
with the improved threshold method slightly increases, but it is still lower than those of
the other two methods (0.0083 < 0.0107 < 0.0137). Due to the complex environment of the
Hanjiang-to-Weihe River Diversion project, the SNR of microseismic signals with noise
varies greatly; therefore, it is feasible to use the improved threshold function for denoising.

3. Results

To improve the efficiency of the study, first, the effectiveness of the improved method is
tested by using synthetic data, and then the applicability of the improved method is verified
by using actual microseismic noise data. The wavelet global threshold [44], EMD [30],
EMD-WT [31] and improved wavelet threshold denoising methods are used for denoising
tests with synthetic data.

3.1. Data and Evaluation Indicators

The synthetic data are derived from the superposition of the actual detected pure
microseismic signals and different types of individual noise signals. After denoising, a
denoised signal is compared with the original pure microseismic signal. When identifying
the signal, it was found that the signal synthesized by pure microseismic and noise is
very similar to the real microseismic noise signal. Therefore, the signals used in the
data acquisition process effectively reflect signals in practical applications. That is, the
actual monitored microseismic noise signals are composed of microseismic signal and noise
signals. After removing the noise signals, the remaining signals are the microseismic signals.

Real monitored signals are irregular and nonstationary, and the signal waveforms
are very complex and variable. Therefore, the pure microseismic signal and noise signal
are superimposed to simulate a microseismic signal with noise. This approach can avoid
the disadvantage of wavelet decomposition denoising with simulated signals, for which
denoising can unrealistically effective. As shown in Figure 4, the microseismic noise signal,
microseismic current signal and microseismic noise current signal were synthesized based
on pure microseismic, noise and current signals. The microseismic signal information of
associated with the synthesized signals underwent some changes. With the addition of
noise, the local features were partially fused, the microseismic information was no longer
obvious, and the SNR decreased. The synthesized signals encompass the features of all the
noise signal samples in the monitored data. In most cases, the complex noise will change
with time, and the corresponding frequency band will overlap with the frequency band
of the microseismic signal; in some cases, the noise will completely hide the microseismic
signal. In extreme cases, it is impossible for monitoring personnel to identify whether there
is a real microseismic signal in a noisy signal; therefore, it is practical to reduce the noise in
microseismic signals with low SNRs.

Based on the signal similarity, waveform changes and other factors, the denoised micro-
seismic signal is compared to the pure microseismic signal in the synthetic signal. µ and σ

are used as the evaluation indicators of denoising performance (Equations (4) and (5)). The
smaller the value of µ is, the closer the denoised signal is to the pure microseismic signal.
Additionally, the smaller the value of σ is, the closer the location of the microseismic signal
after denoising is to zero.

3.2. Denoising Effect for Different Types of Synthetic Signals

The wavelet global threshold method, EMD, EMD-WT and improved wavelet thresh-
old method were applied to denoise different synthesized signals. The results are shown in
Figures 5–7, and µ and σ were calculated (Table 3).
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Table 3. Comparison of evaluation indicators for different types of synthetic signals.

Synthesis
Signal Types

Wavelet Global
Threshold EMD EMD-WT g Improved Wavelet

Threshold

µ σ µ σ µ σ µ σ

Microseismic
noise 0.4838 0.6842 0.2420 6.8444 0.0235 0.0892 0.0217 0.0736

Microseismic
current 0.4953 0.6085 0.2522 6.3877 0.0237 0.1031 0.0166 0.0447

Microseismic
noise current 0.4958 0.6534 0.2426 6.4657 0.0246 0.0890 0.0229 0.0791Energies 2023, 16, x FOR PEER REVIEW 9 of 24 
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Figure 5. Comparison of the denoising results of different methods for noise-containing synthetic
microseismic signal: (a,a1) microseismic signal, (b,b1) microseismic noise signal, (c,c1) Wavelet
global threshold denoising signal, (d,d1) EMD denoising signal, (e,e1) EMD-WT denoising signal,
(f,f1) improved wavelet threshold denoising signal.

During the denoising of the microseismic synthetic signals containing noise, part of
the information of in the signals after denoising with the wavelet global threshold and
EMD-WT method is lost. The amplitude and phase of the waveform are attenuated to
different degrees. EMD displays the worst noise reduction effect, and this method is not
effective for denoising; notably, the waveform of the microseismic signal after denoising has
changed. The proposed improved wavelet threshold denoising method can better denoise
and effectively filter the low- and high- voltage signals, and the denoised microseismic
signals display highest similarity with the pure microseismic signals (Figure 5(a1,f1)).

The denoising of the synthesized microseismic signals with current information was
explored (Figure 6), and the wavelet global threshold and EMD denoising methods do
not effectively reduce the noise in these signals. Even the microseismic waveform is re-
moved, resulting in only current interference noise after denoising. The EMD-WT denoising
method can effectively reduce noise, but some microseismic information is not retained
after denoising, and there is a distortion problem. However, the improved wavelet thresh-
old denoising method can effectively remove the current information, retain a denoised
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microseismic signal that is similar to the pure microseismic signal, and highly denoise the
low-voltage signal.
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Figure 6. Comparison of the denoising results of t different methods for microseismic current
synthesis signals: (a,a1) microseismic signal, (b,b1) microseismic current signal, (c,c1) Wavelet
global threshold denoising signal, (d,d1) EMD denoising signal, (e,e1) EMD-WT denoising signal,
(f,f1) improved wavelet threshold denoising signal.

To assess the denoising effect of the synthetic microseismic signals with noise and
current signals (Figure 7), the wavelet global threshold denoising method only removes
the noise and retains the current noise; therefore, the denoising effect has limitations.
EMD displays the worst denoising effect, except the noise is not effectively removed,
and there is a large difference between the signal waveform after denoising and that of
the pure microseismic signal. The EMD-WT method exhibits the phenomenon of the
partial loss of microseismic information, and the size and number of signal amplitudes
are significantly reduced. In addition, the positions without microseismic information are
also incorrectly identified; therefore, useless signals are retained. The improved wavelet
threshold denoising method can effectively retain the microseismic information and remove
the mixed noise and current signals. The denoised microseismic signal displays the highest
similarity with the pure microseismic signal.
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Table 3 shows the values of µ and σ after denoising with different methods and
different synthetic signal types. In each case, the values of the improved wavelet threshold
denoising method are the smallest. µ and σ are 0.0217 and 0.0736, 0.0166 and 0.0447 and
0.0229 and 0.0791, respectively. In general, the improved method yields a high degree of
microseismic information restoration and good integrity and produces a signal close to
the pure microseismic signal. Additionally, this approach is suitable for the denoising of
different types of noise.

3.3. Denoising Effect of Different SNR Synthetic Signals

The SNR is an important measure of signal quality, which is defined as the ratio of
the magnitude of the useful signal to that of the noise signal (Equation (7)). A high SNR
indicates that the real microseismic signal is significant, and the denoising effect is excellent.

SNR = 10log10

{
∑N

i = 1 s2
i

∑N
i = 1

(
s2

i − d2
i
)} (7)
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where si is the original signal with noise, di is the signal after denoising and i is the
sampling length.

The complexity of the environment influences the diversity of noise in an actual
monitored signal. Especially for low-SNR microseismic data, the seismic phase is not
obvious, and the noise waveform accounts for a large proportion of a signal. It is difficult
to distinguish whether the real microseismic signal exists in a monitored signal waveform,
and microseismic data processing may be distorted. We performed a denoising analysis
of synthetic signals with different SNRs by synthesizing pure microseismic signals with
different types of noise, such as construction noise, current interference and mixed noise.
In this study, the SNR of the pure microseismic synthesized signals was set from −10 to
10 (with an interval of 1). There were 20 microseismic signals generated and a total of 60
synthetic signals. Then, the wave global threshold, EMD, EMD-WT and improved wavelet
threshold denoising methods were used to denoise the 60 signals. Due to the similarity
of the results, the certain SNRs (−10, −7, −4, and−2) were selected as examples. A
comparison of the denoising results for synthetic signals processed with different methods
is shown in Figures 8–10.
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Figure 8. Comparison of denoised synthesized microseismic signals with different SNRs: (a) mi-
croseismic noise of SNR = −10, (b) microseismic noise of SNR = −7, (c) microseismic noise of
SNR = −4, (d) microseismic noise of SNR = −2, (a1,b1,c1,d1) Wavelet global threshold denoising
signal, (a2,b2,c2,d2) EMD denoising signal, (a3,b3,c3,d3) EMD-WT denoising signal, (a4,b4,c4,d4) im-
proved wavelet threshold denoising signal.
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Figure 9. Comparison of the denoising of synthesized microseismic current signals with different
SNRs: (a) microseismic current of SNR = −10, (b) microseismic current of SNR = −7, (c) microseismic
current of SNR = −4, (d) microseismic current noise of SNR = −2, (a1,b1,c1,d1) Wavelet global
threshold denoising signal, (a2,b2,c2,d2) EMD denoising signal, (a3,b3,c3,d3) EMD-WT denoising
signal, (a4,b4,c4,d4) improved wavelet threshold denoising signal.
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Figure 10. Comparison of the denoising of synthesized microseismic signals with noise, current
and different SNRs: (a) microseismic noise current of SNR = −10, (b) microseismic noise cur-
rent of SNR = −7, (c) microseismic noise current of SNR = −4, (d) microseismic noise current
of SNR = −2, (a1,b1,c1,d1) Wavelet global threshold denoising signal, (a2,b2,c2,d2) EMD denoising
signal, (a3,b3,c3,d3) EMD-WT denoising signal, (a4,b4,c4,d4) improved wavelet threshold denois-
ing signal.
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For the microseismic noise signals with different SNRs, the wavelet global threshold
method can effectively denoise the high SNR signals; the noise can be completely removed,
and more important microseismic information can be identified. However, signals with
low SNRs retain some noise (Figure 8(a1–d1)). No matter how the SNR changes, the EMD
denoising method cannot effectively denoise signals, and the microseismic information is
removed as noise (Figure 8(a2–d2)). After EMD-WT denoising at different SNRs, some useful
signals are filtered and removed. The phenomenon of transition denoising occurs, resulting in
the loss of parts of the original signal (Figure 8(a3–d3)). The denoising effect of the improved
wavelet threshold method is the best. Notably, in cases with high- SNR signals, more detailed
information from the microseismic signals is retained after denoising, the waveforms are
closer to each other and the amplitude is almost unchanged (Figure 8(a4–d4)).

For microseismic current signals with different SNRs, the wavelet global threshold and
EMD methods cannot effectively denoise the signals, mainly due to current interference;
specifically, the current is not recognized as noise and is removed. In particular, the useful
signal after EMD denoising changes (Figure 9(a2–d2)). EMD-WT can effectively denoise
the synthesized microseismic current signal, and the current-related noise is removed;
however, the recognition of microseismic signal information needs to be improved, and
some details are not retained. The improved wavelet threshold approach can effectively
denoise synthesized microseismic current signals with different SNRs (Figure 9(a3–d3)). If
the current is not effectively removed, different degrees of current interference can affect
the recognition of microseismic information in the synthetic signals, and the denoising
effect is generally poor (Figure 9(a4–d4)).

For microseismic signals with noise, current and different SNRs (Figure 10), as the
SNR increases, the denoising ability of the wavelet global threshold increases; that is, a
synthetic signal with a low SNR cannot be effectively denoised, and the microseismic
information changes after denoising. EMD displays no denoising ability. The EMD-WT
results are similar to those in Figures 8 and 9 and show the phenomenon of transition
denoising; additionally, the original signal cannot be completely preserved. The improved
wavelet threshold method displays the strongest denoising ability and the best denoising
effect; it not only filters out and removes the mixed noise but also retains as much useful
microseismic information as possible.

Based on the denoising of synthetic signals (with construction noise, current interfer-
ence and mixed noise) with different SNRs, we observed that the signals denoised with the
improved wavelet threshold method are the closest to the original signals. Furthermore,
we plot the variations in µ and σ as the SNR decreases, as shown in Figure 11. As the SNR
decreases, µ and σ for the improved wavelet threshold, EMD-WT, EMD and wavelet global
threshold denoising methods increase. Surprisingly, the improved wavelet threshold yields
the smallest µ and σ, and their changes are smoother. In contrast, for the wavelet global
threshold and EMD methods, µ and σ are much larger than those for the improved wavelet
threshold method, and the rate of change is larger when denoising different synthetic
signals. Although the µ value for of EMD-WT is relatively small, the attenuation of σ
is significant with decreasing SNR. It is confirmed that the improved wavelet threshold
method provides sufficient denoising ability to adapt to signals with different SNRs.
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4. Discussion

To verify the effectiveness and reliability of the improved method for deep microseis-
mic noise, engineering and microseismic data with noise recorded at the Qinling water
conveyance tunnel from June to August 2021 were selected. Different methods were used
to denoise the signal, and the denoised signals were converted to the frequency domain by
fast Fourier transform method for comparison [16].

For the actual monitoring data, the improved wavelet threshold method achieved a
better denoising effect than the other three methods (Figures 12–14). In the time domain,
different types of noise were effectively filtered, and the extraction and recognition ability of
microseismic information was strong; notably, the resulting waves displayed shapes similar
to those of the real microseismic waves considered. After denoising, the time domain
waveform was transformed into a spectrogram (Figures 12e, 13e and 14e), and there was
a clear main frequency feature, which was similar to the main frequency feature of the
pure microseismic signals (Figure 2a). EMD-WT displays obvious differences in denoising
ability for different types of noise; it completely removes the current interference noise, but
its ability to remove excessive construction noise was generally poor. The useful signal
after denoising exhibited distortion, and the spectrum characteristics of the waveform
displayed spectrum aliasing effects. Although EMD exhibited a certain denoising ability,
the denoised signal still displayed a certain degree of noise; there were differences in the
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denoising of different types of noisy microseismic wave shapes, and the actual application
of this approach was poor. The wavelet global threshold method could not denoise the
microseismic signal containing current, and the spectrum characteristics did not change
after denoising.

To further assess the obtained microseismic information, the SNR, mean squared error
(MSE) and correlation coefficient (r) were established to evaluate the signal quality before
and after denoising (Table 4).
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MSE is defined as the expected value of the difference between the denoised signal
and the true signal. If the MSE is smaller after denoising than before, the effect of denoising
is good.

MSE =
1
N ∑N

i = 1 (di − si)
2 (8)

where r is defined as a statistical index of the relationship between the denoising signal
and real signal. r reflects the degree of similarity between the time-domain and actual
waveforms. If r is larger after noise reduction, the time-domain waveform similarity of the
signal after denoising is high, and the effect of denoising is satisfactory.

r =
∑N

i = 1(si − s)
(

di − d
)

√
∑N

i = 1 (si − s)2
√

∑N
i = 1 (di − d)

2
(9)
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where si is the true signal, di is the denoised signal, s is the true signal mean, d is the
denoised signal mean and N is the number of sample points.
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As shown in Table 4, compared with other denoising methods, the improved wavelet
threshold method yields SNR and r values after i denoising that are significantly larger
because it can effectively improve the signal quality. The signals before and after denoising
display a strong correlation, and the microseismic information is retained to a large extent.
However, the MSE is small, indicating that the signal after improved wavelet threshold
denoising is similar to the original pure microseismic signal.

Finally, we randomly selected 300 microseismic data with different noise types for
denoising, with 100 data of each type, and the mean value of the SNR after denoising was
calculated for each group of 5. Overall, 20 groups were analyzed and evaluated. As shown
in Figure 15, the actual monitored microseismic signals were denoised using the wavelet
global threshold, EMD and EMD-WT methods. The distribution of the SNR displayed a
gradient distribution. Among them, the SNR with denoising by the improved wavelet
threshold method was the largest, which was in the first echelon of 34~50, 19~37 and 30~43.
This result suggests that the improved wavelet threshold denoising method can effectively
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improve the SNR of signals and further confirms that the improved method has strong
engineering practical application value for actual deep energy exploration.
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Table 4. The SNR MSE and r values after denoising based on an actual microseismic signal.

Denoising Method Evaluation Indicator

Noise Signal

Microseismic Noise Microseismic Current Microseismic Noise
Current

Wavelet global
threshold

SNR 25.3288 5.9592 13.3623

MSE 0.0113 0.0180 0.0997

r 0.5222 0.5789 0.4791

EMD

SNR 10.1585 10.1868 8.2862

MSE 0.0313 0.0942 0.0850

r 0.4036 0.7139 0.6695
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Table 4. Cont.

Denoising Method Evaluation Indicator

Noise Signal

Microseismic Noise Microseismic Current Microseismic Noise
Current

EMD-WT

SNR 31.4134 16.9703 30.1518

MSE 0.0019 0.0206 0.1634

r 0.2681 0.3872 0.1210

Improved wavelet
threshold

SNR 47.9287 22.9659 39.3210

MSE 0.0011 0.0062 0.0547

r 0.6923 0.9163 0.7924
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5. Conclusions

In this paper, an improved denoising method is presented to analyze the different
microseismic signals, and indicators are established to evaluate the relationship between
the denoised signals and pure microseismic signals. The reliability and effectiveness of the
proposed denoising method verified with an actual engineering monitoring data set. The
following conclusions are obtained:

(1) Through a threshold selection test, the improved threshold criterion was used to vary
the wavelet threshold with changes in the decomposition scale, and the microseismic
and noise signal components were effectively distinguished. The new threshold
function overcame the step phenomenon and value deviation issues of the traditional
threshold function. The number of decomposition levels was determined based on an
evaluation index to reduce signal distortion.

(2) Compared with the wavelet global threshold, EMD and EMD-WT methods, the
improved wavelet threshold denoising method displayed better denoising perfor-
mance for different types of synthetic signals with different SNRs. It overcomes or
effectively makes up for the shortcomings of other methods, such as losing some
useful information, retaining noise-related information and yielding invalid denoising
results.

(3) The denoising evaluation of real microseismic signals further shows that the proposed
method can remove different types of noise, significantly improve the SNR of micro-
seismic data, and restore the microseismic information to the greatest extent. The
method proposed in this paper greatly promotes the optimization of microseismic
denoising for complex, deeply buried, energy exploration.
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