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Automatic detection of arrival time
for noisy microseismic data using

a transformed difference between
multiwindow energy ratios method
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Detection of arrival times of microseismic events is one of the most fundamental steps in the
application of microseismic monitoring. However, accurately determining arrival time remains
challenging due to low signal-to-noise ratio and the complexity of geological structures in microseismic
monitoring. To address this, we propose a new arrival time detection strategy, which is implemented
by using a transformed difference between multiwindow energy ratios method (TDER). First, we use

a modified difference between multiwindow energy ratios (DER’) to characterize microseismic traces.
Then, we introduce a detection method for detecting arrival times using a transformed DER’, i.e.,
TDER. The transforming process can extract the feature of arrival points in manual picking. To establish
and validate the TDER method, we use pseudo-synthetic and field data. The method’s sensitivity

to varying noise levels was tested using pseudo-synthetic data combined with real noise. Two field
datasets were collected from a microseismic monitoring system deployed on an unstable rock face

and an active tomography survey on a mountain, respectively. This method demonstrated good
performance in low signal-to-noise ratio (SNR) scenarios and outperformed traditional STA/LTA and
the original DER picking methods with superior accuracy and fewer failed detection. We also examined
how changes in parameters affect the TDER picking results. The developed method is an adaptive and
nearly parameter-free method, which can be easily implemented.

Keywords Automatic picking, Microseismic monitoring, Multiwindow energy ratios, Detection method,
Unstable rock face

Arrival picking of microseismic signals in engineering geology investigations is a fundamental step in data
processing. Using arrival times, we can locate seismic events, analyze moment tensors and generate velocity
models of investigated media!~”. Microseismic monitoring methods can be used as a useful tool to diagnose
geological and engineering problems and are being increasingly applied in a wide range of fields®, such as CO,
storage in subsurface reservoirs”!?, rock burst in underground engineering!'2, hydraulic fracturing!*', slope
engineering!>!¢, hydropower stations'”"'%, and geological hazards'*%.

Traditionally, the arrival picking work was carried out manually by human operators to ensure the
picking accuracy. However, manual picking is time-consuming and lacks the efficiency. Moreover, due to the
different expertise, picking results obtained by different experts are inconsistent?!. Therefore, development
of automatic picking methods is quite necessary in reality. A number of approaches have been developed in
recent decades to address varied practical demands, including Akaike information criteria (AIC) method??%,
cross-correlation method?%°, machine learning method?®(for example, PhaseNet?’, FilterPicker?®, PSpicker?,
CubeNet*, EdgePhase’!, polarization analysis method??, autoregressive method??, higher-order statistics*,
(time-)frequency decomposition®, and energy-based method***”. However, these methods still face two main
challenges in automatic picking. One is from the low signal to noise ratio (SNR) data. Noise can obscure arrivals
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and reduce algorithm accuracy. The other is from complex wavefields in microseismic monitoring process.
Multipathing, diffraction, and varying amplitudes complicate arrival detection.

Among these methods, energy-based method is simple and computationally efficient, which leads it to be
a widely used method. This method covers a group of variations, such as short- and long-term average ratio
(STA/LTA)*%, modified energy ratio (MER)*’, improved MER (IMER)*!, the multi-nested windows method*?
and difference between multiwindow energy ratios (DER)*%. Although DER method improves the accuracy by
reducing the effect of noise, the picking strategy of thresholding is not accurate enough and always shows a delay
compared with the manual picking time. Therefore, the pick error is still too large for microseismic data and the
detection algorithms need to be improved.

In this paper, a new arrival time detection strategy, based on an energy analysis approach, was developed
and implemented. The developed method exhibits high accuracy, even under low SNR conditions. Specifically,
we initially use a modified DER (DER) to mitigate the deviations of picking induced by random noise and to
accurately extract the transition from noise-dominated to signal-dominated segments. Then, we apply the new
arrival time detection strategy by performing a transformation on DER' (TDER) to accurately identify arrival
points. Both pseudo-synthetic and field data were applied to evaluate the approach. Sensitivity analysis was
conducted on the TDER parameters, and the method was compared with the traditional STA/LTA and the
original DER picking approaches.

Methodology

Multiwindow-based characteristic function

Multiwindow-based characteristic function is based on energy ratio method and uses more than two windows.
In this study, we use a modified version of DER*? (DER’) with three windows to characterize microseismic data.
The first window (W) is designed to be short to effectively capture the energy associated with the signal onset,
whereas the second and third windows (W, and W, respectively) are configured with longer durations to better
characterize the energy of pre-onset noise. Here we assume that ¢ is any calculating point of a microseismic trace
(Fig. 1a). W, starts at this point, while W, is placed before this point and is adjacent to the first window. W, is
of equal length to W, but positioned ahead of the calculating point by a distance equal to the duration of W,.
We use the average energy in DER’ instead of total energy applied in the original DER, in order to eliminate the
effect of window length in the comparison of energies calculated by three windows. First, we define the average
energies in W, W, and W, (E,, E, and E, respectively) as follows:

r2
By(t) =) 1 (6) /Lo (1)
By(t) =) iin10° () /Law @)
By (1) =) 12wty 410° (0) /L 3)

where a(i) represents the amplitude of trace at a time i, L represents the duration of W, and L,  represents
the duration of W, and W, The Ei, E3 and E3 were calculated from the starting point to the ending point
of the trace (Fig. 1b). Then, two energy ratios between W, and W, (ER1,2) and W, and W, (ER1)3) are defined
respectively as follows:

ERi2 (t) = E1 (t) /E2 (t) (4)
ERi1,3(t) = E1 (t) /Es (t) (5)

The ERi2 and ERj 3 were calculated from the starting point to the ending point of the trace (Fig. 1c). Next,
we simplify the original DER by setting the parameter o to 1. Then, DER is calculated by using the difference
between ERL3 and ERI,Z’ as follows:

DER/ (t) = ER1,3 (t) — ERLQ (t) (6)

The DER’ was calculated from the starting point to the ending point of the trace (Fig. 1d).

The DER’ shows similar variations across different trace positions compared with the original DER*. It is
assumed that £, is the real arrival time and noise is random. If the calculating point is before the time f-L_, E,,
E, and E; indicate noise energy and they have similar values (Fig. 1b). In this situation, energy ratios ER | , and
ER, ; converge to 1 and the DER tends to zero (Fig. lc, d). When the calculating point lies within the interval
from t, - L to to, the energy E, increases and attains higher values due to the presence of signal energy, whereas
the values of E, and E; remain comparatively low because they are still representative of noise energy. Therefore,
both ERy,, and ERy,s exhibit an increase and maintain comparable values. As a result, the DER’ should not
change too much and remains approximately zero if the noise is random. But for the case illustrated in Fig. 1d,
the DER’ exhibits a marginal increase above zero (with values of about 20) at 1800 ms due to the fluctuation of
noise (Fig. 1a). If the calculating point advances beyond t,, E, has a relatively large value because the associated
window fully covers the signal. W, partially captures signal energy and E, increases, whereas W, continues to
exclusively capture noise energy and E; value remains small. Thus, ERy,; becomes significantly greater than
ERjy,,, resulting in a rapid increase in DER’ values. The DER’ not only effectively reduces the impact of noise,
but also obviously enhances the presence of the arrival time. Because of the distinct and observable feature of a
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Fig. 1. Process of generating DER and TDER. (a) A microseismic trace and the three windows used to
calculate DER’ (L = 0.3s,L, = 1.2 5). (b) Energies in three windows (E,, E, and E, are energies in W, W,

and W, respectlvely) (c) Energy ratios (ER, ,, energy ratio between W and W ; ER1 5 energy ratio between
W, and W.,). (d) DER; difference of energy ratio between ER, , and ER1 ,- () TDER, transformed characteristic
function for detecting arrival time. The red vertical line indicates the aufomatic pick at minimum of TDER and
blue vertical dashed line indicates the manual pick.

rapid increase in the DER at the arrival time, the proposed function is able to enhance picking accuracy. Next,
we describe the detection approach of the arrival time at the beginning of the rapid increase of DER.

Detection of arrival time

Besides the generation of characteristic function for the seismic trace in energy-based picking methods, another
critical aspect is how to determine the arrival times of signals*. Different from the thresholding used by the
original DER to detect the arrival time, we propose a new detection strategy by performing a transformation
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to the abovementioned DER. If the automatic pick coincides with the start of the sharp rise in DER; prior to
reaching its highest point, the optimal matching with manual picks can be achieved, based on the experience
derived from manual picking practices. Considering that there are no straightforward mathematical techniques
available to directly identify this shift, the transformation of DER’ (TDER) aims to achieve this function and
effectively pinpoint the arrival time.

The transformation removes a linear trend from DER’ in the window of length 2L_before the maximum
point of DER; as a result, the window’s initial and final values turn to be zero. Meanwhile let other values out
of the window be zero (Fig. 1e). In this way, the arrival time becomes global minimum of the TDER. TDER is
defined as follows:

DERy (t) — t— (tm — 2Lsw b, t € [tm — 2Lsw, tm
TDER (t) = { (t) [a( ( ) )+ ] othérs ]

7)

{ = DER!/ (tn) —DER/ (tym —2Lsw)
with -

2L sw
b= DER/ (tn, — 2Ley)

where ¢, is the time when DER’ is highest. Picking the minimum of TDER gives a good estimate of arrivals
(Fig. le).

We illustrate the processing implementation of using the window from ¢, -2L_ to t, for the transformation.
A synthetic example showing the significance and implications of the transformation is presented in Fig. 2.
A stationary noise segment and a stationary signal segment are depicted in Fig. 2a-b, respectively and the
superposition of the signal in Fig. 2a and the noise Fig. 2b is shown in Fig. 2c. Figure 2d-e show the DER’ graph
and TDER when L__and L, are set to 0.3 s and 1.2 s, respectively. Ideally, if a seismic recording is segmented
into stationary signal and noise, based on the analysis of the previsou section ‘Multiwindow-based characteristic
function] DER’ reaches its maximum at time ¢,+L__ (Fig. 2d). By using the transformation window of 2L_, ¢,
is at the middle point of the window between ¢, -2L__and ¢, . And the DER’ value at ¢, is transformed to be the
minimum, i.e. the minimum TDER (Fig. 2e). The minimum TDER is the middle point of 2L_ corresponding
to the very starting point of DER. Figure 2f-g show the DER’ graph and TDER when L_ and L, are setto 0.5
and 0.8 s, respectively. As the windows of L_ and L, vary, the automatic pick using TDER in Fig. 2g maintains
optimal accuracy. In reality, seismic recordings are not stationary signal and noise and the recognized picking
points are not at the middle points of the transformed window, but these points are still located in the window
from¢ 2L tot,.

Results and discussion

Verification and experiments using pseudo-synthetic data

In this section, we investigated the accuracy of TDER by using pseudo-synthetic data with different noise levels.
The pseudo-synthetic data were generated by adding different levels of noise to a field waveform. First, we
selected a microseismic trace exhibiting a high SNR. Before adding noise and arrival time picking, a zero-phase
10 Hz high-pass filter was applied on this trace to remove low frequency fluctuations. The SNR of each signal
was calculated as follows:

SNR(to) =10 x logw% (8)

where to was the manual pick of arrival time; E1 and E2 were the average energies in W, and W, respectively,
defined by Egs. (1) and (2). The selected high-SNR microseismic trace is shown in Fig. 3a. Then we extracted
a section of real noise from field data that were used in the following section ‘Microseismic data. In order to
simulate different levels of noise, the real noise was artificially adjusted to be with different standard deviations
(STDs) corresponding to 5%, 10%, and 20% of the maximum amplitudes of the selected microseismic trace.
Next three levels of noise were subsequently added to the microseismic trace (Fig. 3e, i, m).

In order to show the improvement of picking accuracy, TDER method was compared with the traditional
STA/LTA and the original DER methods. For STA/LTA method®®, L and L, were used to calculate the STA
and LTA, respectively. The threshold of STA/LTA was snr, which is a constant parameter set by the user as the
signal-to-noise ratio corresponding to the minimum-energy signal that can be identified by using the specified
threshold. The DER is defined by Eqs. (9)-(14), and the threshold of the arrival time is defined by Eq. (15)**:

By(i)=)  iteva ©)

Bs(i) = 2i"%, 1,9 ()
ER1z (i) = E1 (i) /B2 (4) (12)
ERus (i) = E1 (i) /B3 () (13)
ER
DER (i) = ;3 @ _ BRy, (4) (14)
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Fig. 2. Process of generating stationary signals and noise and the performance of TDER picking. (a) Synthetic
stationary noise. (b) Synthetic stationary signal. (c) Superposition of (a) and (b). (d)-(e) Computed DER and
TDER when L =0.3 s and L, =1.2 5. (f)-(g) Computed DER’ and TDER when L_ =0.5 s and L, =0.8 s. The
sample frequency is 1000 Hz. Red vertical lines in (e) and (g) show the automatic picking points at minimum
of TDER.
. 1 1
Threshold : DER (’L) Z snre R E - m (15)
where o is a parameter that stabilizes the DER and is slightly larger than 1; R is the ratio of L to L, (R=L_ /L, ).
In comparison, the parameters L., L, snr and o were assigned values to 0.3 s, 1.2 s, 1.5 and 1.05, respectively,
for the above-mentioned methods.
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Fig. 3. Picking performance of three methods at different noise levels. (a)-(d) A microseismic trace followed
by the associated STA/LTA, DER and TDER. (e)-(h), (i)-(1) and (m)-(p) Seismic recordings incorporating
adjusted noise with STDs corresponding to 5%, 10%, and 20% of the maximum amplitudes of the original
trace, respectively, followed by the associated STA/LTA, DER and TDER. The manual, STA/LTA, DER, and
TDER picks are represented by the vertical lines that are blue dashed, green solid, yellow solid and red solid,
respectively (L =035, L, =125).

The original trace, its STA/LTA, DER and TDER are presented in Fig. 3a-d. In this case, the arrival time of
the seismic recording is clear, both STA/LTA and DER values increase after passing through the arrival time.
However, the thresholds of the two methods cannot capture the beginning of the increase and work only when
the STA/LTA and DER increase enough to meet the thresholds. Therefore, STA/LTA and DER detect the arrival
time a few milliseconds later than the manual pick due to the drawback of the threshold strategy. Conversely,
TDER overcomes the drawback of the threshold strategies and has a good adaptability by transforming the
beginning of the increase at the arrival time to the minimum and then detecting it easily. Thus, the TDER picks
a marked minimum that coinsides with the manual pick.

Figure 3e-h show the data including the adjusted noise with a STD of 5% of the highest amplitude of the
original data, followed by its STA/LTA, DER and TDER. Due to the presence of noise, the increase of STA/LTA is
much slower and so is that of DER. Based on the threshold strategy, both STA/LTA and DER picks perform worse
with a larger delay of around 20 ms. For TDER, the picking time is just slightly delayed compared to the manual
pick with the picking error of 3 ms. The datasets containing the adjusted noise with STDs corresponding to 10%
and 20% of the greatest amplitudes of the original data, respectively, are as shown in Fig. 3i-1 and Fig. 3m-p. With
the rise of noise level, the arrival time of the signal becomes more obscured and the detection of arrival time is
more difficult. The picking errors of STA/LTA and DER increase more quickly than that of TDER. Nevertheless,
the TDER shows the best performance with the minimum error among three methods.

In order to assess the results’ statistical robustness, we applied a total number of seven noise levels and three
high-SNR microseismic traces. The three selected microseismic traces, including the one used in the previous
test, had the SNR of 28.9 dB, 25.6 dB and 21.5 dB, respectively. We extracted the real noise from microseismic
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data that were used in the following section ‘Microseismic data’ and the number of real noise is 500. Seven
noise-level tests (Test1-Test7) were performed by using the real noise and six adjusted real noise with STDs
corresponding to 5%, 10%, 20%, 30%, 40% and 50% of the maximum amplitudes of each microseismic trace. For
each microseismic trace, the test at each noise level was repeated 500 times by using the 500 noise. The picking
accuracy was evaluated by computing the mean absolute difference (MAD) between each method’s pick and
manual pick, the STD of the difference and the average SNR of the microseismic trace with noise.

The comparison of picking results with different noise levels was shown in Fig. 4. As the noise level increases,
the average SNR of data decreases correspondingly for three traces, and the picking performance of all three
methods deteriorates. In the case of Tracel (Fig. 4a), both MAD and STD of STA/LTA and TDER picks show
the increasing trend as the noise level increases. However, for DER picks, MAD and STD fluctuate first and then
increase with the noise levels from low to high. Moreover, MAD of DER picks is larger than MAD of STA/LTA
when SNR is over 18 dB. The reason would be that DER method is highly sensitive to the irregular noise and
small fluctuations could be recognized as the arrival time when SNR is relatively large (Fig. 4b-e). When the
SNR is lower than 5 dB, the picking error increases rapidly for all three methods, especially for STA/LTA and
DER methods.

For Trace2 and Trace3 (Fig. 4f-g), the variations of MAD and STD show similar results compared with those
for Tracel. Since the original Trace2 and Trace3 have relatively lower SNR compared with the original Tracel,
the performance of DER method gets worse when SNR is relatively large. By comparison, we can see that TDER
method always gives the lowest MAD and STD at different noise levels.

It should be mentioned that noise levels were tested up to 50% of the greatest amplitude of the original data
for Tracel and Trace2, but only up to 30% for Trace3. Beyond this level, the signal was effectively concealed (SNR
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Fig. 4. Comparison of picking results with different noise levels. MAD and STD of three methods by using (a)
Tracel. Zoomed windows are displayed to show the detailed differences. (b)-(e) Example of Seismic recording
(Tracel) incorporating adjusted noise with STD corresponding to 5% of the maximum amplitudes of the
original trace, respectively, followed by the associated STA/LTA, DER and TDER. MAD and STD of three
methods by using (f) Trace2 and (g) Trace3. Zoomed windows are displayed to show the detailed differences.
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is around 1 dB), resulting in unacceptably low picking accuracy where manual identification of arrival times
became impossible.

The influence of noise on picking accuracy can also be evaluated by the ratio of delayed picks compared with
manual picks. Here we use the results of TDER method in previous tests due to its best picking performance
among three methods (Fig. 5). Overall, the ratio of delayed picks first increases and then decreases when the
SNR decreases. The results could be caused by the noise level with respect to the onset signal.

For Tracel, in Testl using real noise, the noise that is added to the signal is quite small and its influence on
the first crest of the onset can be ignored. Thus, TDER picks can be almost equally located before or after the
manual pick, and the ratio of delayed picks is around 50%. When the noise level is 5% of the original data’s
highest amplitude in Test 2, the noise that is added to the signal is relatively small and could not totally obscure
the first crest of the onset as seen in Fig. 3e. Therefore, most of TDER picks are just a little after the manual pick
but still before the first crest of the onset. In Test3, the noise level increases and the added noise could nearly
obscure the first crest of the onset as seen in Fig. 3i. Thus, TDER picks are mostly after the first crest of the onset
and most of them are stopped at the beginning of the first trough of the onset because of the large amplitude of
the first trough compared to this noise level. Similar analysis can be done for Test4 to Test7 by comparing the
noise and the onset signal. With increasing noise level, the tests result in relatively lower ratios of delayed picks.
Because the high noise level is, the more of the onset signal can be obscured by noise so that the noised signal
is less likely to be recognized successfully and more possible to be recognized as noise. Trace2 and Trace3 show
similar results and the differences could be caused by different onset signals of three traces.

The picking accuracy is an important parameter for seismic event localization to evaluate and explain the
location accuracy in future data processing and analysis>*>. By using the tests of noise sensitivity, we can give
an estimation of picking accuracy using TDER for traces with different noise levels. One available way would be
using the SNR for estimating the picking uncertainty. First, based on the pseudo-synthetic tests, we can obtain
the relationship between SNR and STD of picking error by fitting the picking data. Then we calculate the SNR
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Fig. 5. Ratio of delayed picks of TDER method with different SNRs for three traces.
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for field data, and each SNR corresponds to an STD of picking error. Thus, the STD of picking error can be used
as an estimate of the picking uncertainty. To justify this method, a broader quantitative evaluation in future
research would be necessary.

Verification and experiments using field data

Overview of field data

Microseismic data Mount San Martino is located in northern Italy with an unstable limestone rock face, meas-
uring around 330 m in height, on its southern side. A microseismic system including five 3-component (3 C)
geophones has been monitoring the rock face since 2013 (Fig. 6a-b). Using a predetermined triggering tech-
nique, each geophone has the ability to capture microseismic events at a sampling frequency of 1 kHz. Addition-
al details regarding the data acquisition process are available in the referenced literature>"*’. In this paper, we
used the data monitored during 2013 to 2016 with 155 microseismic events, which were related to rockfalls or
fracture propagation’. Before arrival time picking, a zero-phase 10 Hz high-pass filter was performed on the da-
taset to remove low frequency fluctuations. Then the arrival times of the events were manually picked. Given that
each geophone records 3 C seismic traces, all components were separately picked. In the end, 1275 traces from 85
events were able to be manually picked and these traces were utilized in the proposed automatic picking meth-
od. The range of SNR of the 1275 microseismic traces is 1.0 to 48.4 dB with the mean of 13.2 dB. The dominant
frequencies of the used microseismic data have a mean of 40.6 Hz and an STD of 11.2 Hz. The distribution of
microseismic data is shown in Fig. 6¢. The microseismic data were used for the following sections ‘Comparative
analysis with STA/LTA and DER methods’ and ‘Sensitivity analysis and parameter selection’

Active tomography data The active tomography survey was performed on the top of a mountain (Fig. 7a). A
24-channel Geode recording system was used for data acquisition. Twenty-four vertical geophones were de-
ployed and 26 shots were performed on nine source positions. The sampling frequency is 4000 Hz. The data were
picked manually and, and we were able to manually pick 503 arrival times from 624 seismograms. The range
of SNR of the 503 tomographic traces is 5.4 to 57.5 dB with the mean of 29.5 dB. The dominant frequencies of
tomographic data have a mean of 71.2 Hz and an STD of 13.2 Hz. The distribution of tomographic data is shown
in Fig. 7b. The active tomography data were used in the following section ‘Sensitivity analysis and parameter
selection’

Comparative analysis with STA/LTA and DER methods
The TDER method not only benefits from DER to mitigate the influence of noise, but also enhances picking
accuracy through the implementation of the novel detection strategy compared to other energy-based picking
techniques. The improvement in picking accuracy was also demonstrated for the microseismic data by comparing
the TDER picking results with those of the traditional STA/LTA and the original DER methods. In comparison,
the parameters L_, L, , snrand o were assigned values to 0.3 s, 1.2 s, 1.5 and 1.05, respectively, for the above-
mentioned methods (Fig. 8).

Figure 8a shows a signal with high SNR and its picking results. The arrival time of the seismic recording is
clear, both STA/LTA and DER values increase after passing through the arrival time. However, the thresholds
of the two methods cannot capture the beginning of the increase and work only when the STA/LTA and DER
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Fig. 6. (a) Mount San Martino’s unstable rock face, viewed from the south. (b) Microseismic system deployed
on the rock face. White square indicates the base station’s position and red circles show the positions of five 3 C
geophones. (c) Distribution of dominant frequency of microseismic data.
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Distribution of dominant frequency of active tomographic data.

increase larger enough to meet the thresholds. Therefore, STA/LTA and DER detect the arrival time later than
the manual pick due to the drawback of the threshold strategy (Fig. 8b-c). This issue frequently occurs when the
arrival times are picked. Conversely, TDER overcomes the drawback of the threshold strategies and has a good
adaptability by transforming the beginning of the increase at the arrival time to the minimum and then detecting
it easily. Thus, the TDER picking result remain at a similar level to that of the manual picking (Fig. 8d).

This TDER also works well for noisy data. Figure 8e shows a signal with relatively low SNR and its picking
results. Figure 8f-g show that the increase of STA/LTA is much slower and so is that of DER. Based on the
threshold strategy, both STA/LTA and DER picks are later than the manual picks. In contrast, the TDER captures
the transition point from noise to the signal and its picking is very similar to the manual one (Fig. 8h).

Figure 8i shows a signal with fluctuations in noise and its picking results. STA/LTA cannot pick the arrival
time correctly due to significant fluctuations in the presence of noise (Fig. 8j). A similar result is observed with
DER method (Fig. 8k). TDER got the picking result similar to the manual one and showed the flexibility and
adaptivity for the signal with fluctuation noise (Fig. 81). Therefore, regardless of the noise level, TDER performs
better than STA/LTA and DER.

We use more data to show the statistical comparison between the results of the three methods. In total, 1275
microseismic traces that were picked manually were used for the comparison. The results are shown in Table 1,
that lists MAD and STD between each method and manual picking results. For STA/LTA and DER methods,
since the greatest value of the STA/LTA and DER did not surpass the threshold, several picks were not identified.
In contrast, TDER method detected all the picks. Also, TDER method gives the lowest MAD and STD compared
to the other two methods.

Sensitivity analysis and parameter selection

Parameter setting is crucial in the arrival picking procedure*®**. In this section, we test the effects of L,
L, as well as the length of transformation window. In the TDER method, the first window with the length
of L is used to estimate the energy of the signal in microseismic recordings. Reducing the window length
enhances sensitivity to transient signals and noise spikes, improving the accuracy of arrival time picking while
simultaneously increasing the probability of false detections. As such, selecting the value of L_ entails a trade-
off between increasing picking accuracy and reducing false alarms. The intended signal’s frequency determines
the optimal value of L . In practice, L, needs to span a minimum of one period and be sufficient to encompass
the onset energy.

We proposed a method to determine the short window length (L_,) by analyzing how the onset energy
changes with L . For each trace, we calculate the energy in the L_ -length window just before the peak amplitude.
As L increases, the window initially captures mostly signal energy, but after a certain point, it starts including
noise. This is reflected by a sharp drop in energy followed by a gradual decline. We interpret the inflection point
in this energy curve as the appropriate L__ that captures only the onset. For our microseismic data, variations of
the average onset energy with different L_ are calculated and shown in Fig. 9a. When L___is 0.1 to 0.3 s, onset
energy decreases rapidly and linearly, which shows that the onset energy mainly locates in these window lengths
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Fig. 8. Examples of picking results for comparison. (a), (e) and (i) Three raw microseismic recordings with
manual, STA/LTA, DER and TDER picks. (b), (f) and (j) STA/LTA threshold and picks of (a), (e) and (i),
respectively. (c), (g) and (k) DER picks of (a), (e) and (i), respectively. (d), (h) and (1) TDER picks of (a), (e)
and (j), respectively. The manual, STA/LTA, DER, and TDER picks are represented by the vertical lines that are
blue dashed, green solid, yellow solid and red solid, respectively (L, =0.3s, L, =1.25s).
Method | Number of success detections | Number of failed detections | MAD (ms) | STD (ms)
STA/LTA | 1268 7 155.0 148.6
DER 1271 4 142.2 102.2
TDER | 1275 0 68.2 915
Table 1. Comparison for STA/LTA, DER and TDER picks for the microseismic dataset.
before peak amplitude. As L increases from 0.4 to 0.7s, the onset energy decreases slowly, which indicates that
as the window increases, the calculated energy includes not only the onset energy, but also the noise energy. The
inflection point in Fig. 9b is corresponding to the window length that can cover onset energy. Thus, this optimal
L, was set to 0.3 s in experiments using microseismic data.

The selection of the window length (L ) on arrival time picking was further evaluated through the
microseismic data. We have tested the variations of STD and MAD between TDER and manual picks for
different values of L, for a range of L_ . In the end, the results of MAD and STD with varying L_, from 0.1 s to
0.7s and L  equal to 1.2 s, were used to illustrate the parameter selection (Fig. 9c-d). Due to the small window
length caused by setting L_ of 0.1 s, there is a higher occurrence of outliers and both MAD and STD give high
values. When L increases to 0.2 s, both STD and MAD go down. Then with increasing the window length from
0.2 sto 0.7 s, STD and MAD show different trends. The STD falls and tends to be a relatively stable level as the
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number of outliers declines with increasing L_ . However, the MAD rises as the seismogram energy variations
become less sensitive to the TDER as L, increases. Therefore, setting L to be 0.3 s, both MAD and STD give
relatively low values.

The proposed method to determine L was also validated on active tomography data (Fig. 10). Variations
of the average onset energy of tomography data with different L_ are shown in Fig. 10a. In each trace, the onset
energy is calculated using the section of signal with the length of LS before peak amplitude. When L__ is 0.05 s to
0.2 s with the step of 0.05 s, onset energy decreases rapidly, which shows that the onset energy malnly locates in
these window lengths before peak amplitude. As L_ increases from 0.2 to 0.7s, the onset energy decreases slowly,
which indicates that as the window increases, the calculated energy includes not only the onset energy, but also
the noise energy. The inflection point in Fig. 10b is corresponding to the window length that can cover onset
energy. Thus, L is proper to be set at around 0.2 s in TDER method for this tomography data. The selection of
L, was proved by the MAD and STD of picking results (Fig. 10c-d). When L__ is around 0.2 s, both MAD and
STD give relatively low values.

The two datasets have different optimal L_ and it suggests that L_ is a data-based parameter. By comparing
the dominant frequency of two datasets provided in the previous section ‘Overview of field data, the data show
that the data with higher dominant frequency results in shorter L_. For microseismic data, the optimal L___ is
about 12 times of dominant period; for tomography data, the optimal L_ is about 14 times of dominant period.
The number of times of dominant period for two datasets has similar value. Thus, the parameter L should be
related to the frequency content of the signals.
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The noise energy is assessed using the second and third windows with the same length of L . It is suggested
that, for microseismic data picking, L, needs to be several times greater than L_ **->°. With the increase of L.,
E, and E, tend to be more similar, resultmg in the DER approaching zero in n01sy areas. The MAD and STD are
illustrated in Fig. 11a-b with L, progressively rises from 0.3 s, which is equivalent to L_, to 1.5 s. If L, _ stays at
excessively small values, noise cannot be adequately suppressed, resulting in noticeable DER’ variations within
noise-dominant regions and TDER misidentification of seismic onset. When L, _ is less than 1.2 s, many outliers
appear, resulting in high MAD and STD values. However, as L, _increases from 1.2 s to 1.5 s, both MAD and STD
rise rapidly. Therefore, the graphs indicate that L, _ with four times of L produces the best results and we use L, |
=1.2s in experiments using microseismic data.

Next, we evaluated the sensitivity of the transformation window length used in the TDER computation. As
introduced in the previous section ‘Detection of arrival time, the transformation removes a linear trend from
the DER’ over a window of length 2L_ located before the maximum point of DER. This is done to make the
DER values at both ends of the window zero, transforming the onset point into a global minimum. To assess the
robustness of this choice, we varied the scaling coefficient N such that the window length becomes N x 2Lsw, and
examined how this affects the picking accuracy in terms of MAD and STD. The test range for N was set between
0.6 and 1.4 with a step size of 0.2 to evaluate its impact on the results (Fig. 11¢c-d). This test was conducted using
afixed L =0.3sand L, =1.2s. Different from the window length settings, 2L _ carries intrinsic meaning, and
the results showed that the sensitivity to variations in N is relatively low.

Future research on improvement of TDER method

False alarms are often due to irregular noise, such as spikes, before the target event’s onset, since the multiwindow
method of DER is based on the assumption of random noise®3. Therefore, TDER method also faces this
limitation, because both methods use the same characteristic function to extract the feature of data. To mitigate
this limitation, a proper method should be proposed to remove spikes. Here we have performed an initial test by
using the Hampel filter®! to remove spikes before picking. The Hampel filter is a robust statistical technique used
to identify and remove outliers in data. It operates by comparing each data point to the median of a surrounding
window, with a threshold set by the Median Absolute Deviation (MADV), a robust measure of variability.
Data points that deviate from the local median by more than a predefined number of MADV's are classified as
outliers. Spike noise manifests as sudden, short-duration deviations from the surrounding signal. The Hampel
filter is effective at removing such spikes because it directly targets these statistically anomalous points without
distorting the underlying trend. Figure 12 shows an example of picking improvement using Hampel filter for the
case when spikes appear in the recording. Using this filtering, the onset of the signal does not show noticeable
difference compared to the original trace (Fig. 12a-b). After removing the spikes, the picking error of TDER
decreases, from 278.9 ms down to 44.1 ms. However, the STA/LTA and DER picks remain at a similar level to the
ones before filtering, and do not show any improvement on picking (Fig. 12¢c-j). The comparison further proves
the adaptivity and advantage of TDER picking strategy. Therefore, the initial test with Hampel filtering suggests
potential for improvement when combined with appropriate preprocessing strategies. In future research, the
Hampel filter can be consistently applied across the experiments and a broader quantitative evaluation would be
necessary to justify its effectiveness.

Conclusion

This study proposes a detection strategy for determining arrival times of noisy microseismic data. An energy-
based method was used to implement the detection strategy. The algorithm minimizes the effect of noise and
accurately detects the arrival time using a transformation function. The DER, derived from DER, extracts the
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Fig. 12. An example of picking improvement using Hampel filter. (a) Comparison of an original seismic trace
(black) and filtered seismic trace (red). (b) Difference of amplitude between original seismic trace and filtered
seismic trace in (a). (¢) Original seismic trace with manual, STA/LTA, DER and TDER picks and (d)-(f) its
STA/LTA, DER and TDER values, respectively. (g) Filtered seismic trace with manual, STA/LTA, DER and
TDER picks and (h)-(j) its STA/LTA, DER and TDER values, respectively.

change from noise to signal and TDER mimic the human operator to transform the point of the noise-signal
change to the minimum and easily detect it.

The TDER algorithm’s accuracy was demonstrated qualitatively and quantitatively by implementing it to both
pseudo-synthetic and field data. The pseudo-synthetic data were generated by adding adjusted real noise to the
field data with high SNR. The results confirmed that the TDER algorithm performs better than STA/LTA and
DER methods for noisy scenarios. The noise effect on picking was also analyzed by using the ratio of delayed
picks between TDER picks and the manual picks and the results suggested that the ratio of delayed picks did not
decrease linearly with increasing the noise level. Based on the noise tests, the STD of picking error could be used
as an estimate of the picking uncertainty. Future research should be done to validate this estimation. Estimation
of picking accuracy is useful for future location of seismic event, which would benefit the evaluation and analysis
of location results. For the tests on field data obtained in microseismic monitoring on an unstable rock face, we
compared TDER’s performance with that of the STA/LTA and DER methods. The comparison results show the
improvement of picking accuracy and the reduction of failure detections by using the TDER algorithm, due to
the adaptive feature of the detection strategy.

Sensitivity analysis and parameter selection have also been performed. The short window’s length needs to
represent the onset energy of target signal, as revealed by the calculation of onset energy; the lengths of the two
long windows should represent the energy of background noise and be set to fourfold that of the short window;
the transformation window’s length should be twofold that of the short window and be located just before the
peak point of TDER. The initial test using Hampel filter to remove spikes suggests potential for improvement on
picking accuracy of TDER, and future work on a broader quantitative evaluation would be necessary. Further
improvement in future work can be done by combining our method with other techniques to distinguish between
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P- and S-waves and comparing our method with other picking methods, such as AIC method. Therefore, the
developed algorithm features a relatively simple parameterization and is expected to be easily adaptable across
various microseismic monitoring networks. Moreover, the proposed arrival time detection strategy could be
applied to other picking methods instead of thresholding strategy.

Data availability
The datasets generated during and/or analysed during the current study are available from the corresponding
author on reasonable request.
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