:' frontiers ‘ Frontiers in Earth Science

‘ @ Check for updates

OPEN ACCESS

EDITED BY
Yan Du,

University of Science and Technology
Beijing, China

REVIEWED BY
Linwei Li,

Guizhou University, China

Jia Yanchang,

North China University of water
resources and hydropower, China

*CORRESPONDENCE
Xing Zhu,
zhuxing330@163.com

SPECIALTY SECTION

This article was submitted to
Geohazards and Georisks,

a section of the journal
Frontiers in Earth Science

RECEIVED 02 May 2022
ACCEPTED 29 June 2022
PUBLISHED 05 August 2022

CITATION
Tang Y, Zhu X, He C, Hu J and Fan J
(2022), Critical slowing down theory
provides early warning signals for
sandstone failure.

Front. Earth Sci. 10:934498.

doi: 10.3389/feart.2022.934498

COPYRIGHT

© 2022 Tang, Zhu, He, Hu and Fan. This
is an open-access article distributed
under the terms of the Creative
Commons Attribution License (CC BY).
The use, distribution or reproduction in
other forums is permitted, provided the
original author(s) and the copyright
owner(s) are credited and that the
original publication in this journal is
cited, in accordance with accepted
academic practice. No use, distribution
or reproduction is permitted which does
not comply with these terms.

Frontiers in Earth Science

Tvpe Original Research
PUBLISHED 05 August 2022
po! 10.3389/feart.2022.934498

Critical slowing down theory
provides early warning signals for
sandstone failure

Yao Tang'?, Xing Zhu'**, Chunlei He'?, Jiewei Hu'? and
Jie Fan'?

IState Key Laboratory of Geohazard Prevention and Geological Environmental Protection, Chengdu
University of Technology, Chengdu, China, ?School of Environment and Civil Engineering, Chengdu
University of Technology, Chengdu, China, *College of Computer Science and Technology (Oxford
Brookes Institute), Chengdu University of Technology, Chengdu, China

The critical point of rock mass transition from stable to unstable states is
significant for the prevention and control of rock engineering hazards. This
study explored the precursor characteristics of instability in sandstone
containing prefabricated fractures and intact sandstone based on the critical
slowing down (CSD) theory. The results demonstrated that as the input energy
drove the dissipation energy dynamic system toward the critical point of two
states, the CSD phenomenon appeared, which was manifested by the sudden
increase in CSD time series metrics (skewness, kurtosis, and coefficient of
variation) and autoregressive model metrics (variance and autocorrelation
coefficient). The CSD characteristics of different dissipation energy
dynamical systems were different, resulting in different times of CSD
phenomena for distinct systems. In addition, the angle of the sandstone
fracture affected the characteristics of the dissipation energy dynamical
system and hence the appearance time of the precursor information. The
precursor time of the sandstone containing 45° parallel fractures appeared
earliest among all rock samples, and the ratio of the appearance time of the
precursor point to the failure time of all rock samples reached more than 80%,
which had good timeliness. The stress at the precursor point reached more than
80% of the peak stress, which corresponded to the plastic stage in the loading
process, indicating that the CSD indicators constitute an effective monitoring
index, which can provide an important reference for the stability monitoring and
early warning of the field rock project.
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Introduction

In general, the destruction of rock bridges causes the rock to
change from a stable to an unstable state, which may bring
catastrophic consequences and pose a huge threat to the safety of
people’s lives (Du et al., 2021). Therefore, the crucial point of
phase change during rock destruction can be exploited for
monitoring and early warning in geotechnical engineering.

For complex dynamical systems in nature, the transition of a
system from one state to another is a common phenomenon,
which can be produced by external large-scale shocks or by
minor perturbations (van de Leemput et al., 2014). The critical
slowing down (CSD) theory is a concept in statistical physics that
demonstrates that CSD phenomena occur near critical points
when systems undergo phase transitions, which is manifested by
the slowing down of the recovery of the dynamical system to its
original state after a forced perturbation, which is typically
observed in terms of variance and autocorrelation coefficients
(Wu et al,, 2021). The CSD theory has been shown to be a good
predictor of the precursor information for the collapse of
dynamical systems through several studies. For example, CSD
occurs before the collapse of community dynamical systems
(Dakos and Bascompte, 2014); before epilepsy, depression,
and heart attack (Wichers et al.,, 2016; Maturana et al., 2020;
Nannes et al., 2020); before financial and cryptocurrency crises
(Diks et al., 2019; Tu et al., 2020); and before a flood disaster
(Syed Musa et al., 2021). The main challenge for the analysis of
early warning signals in time series data is to accurately “detrend”
them to maintain the statistical properties of the fluctuations
(Gama Dessavre et al, 2019). CSD precursor indicators can
generally be classified into two categories: 1) time series-based
indicators, which usually use different metrics to quantify
changes in the statistical characteristics of the time series, and
2) model-based indicators, which fit data to a model to quantify
the characteristics of the changes in the time series. The ultimate
goal of both types of indicators is to capture the characteristics of
the changes in the time series to find the change in the state of the
dynamical system (Dakos et al., 2012).

A few scholars have conducted precursor studies on rock
damage based on the CSD theory and have found that the
acoustic emission count variance and autocorrelation
coefficient increase when a rock sample enters the damage
critical state, with more fluctuations and spurious signals in
the autocorrelation coefficient than in the variance (Wei et al,,
2018). High-water-content rock samples have earlier and more
visible antecedent data (Li et al., 2021). The earlier onset of
electric potential precursors compared to acoustic emission
counts (Zhang et al, 2019). The acoustic emission energy
precursor information appears later and closer to the damage
point compared with acoustic emission counting, RA, and the
critical points appear from long to short under several loading
methods: compression test, Brazil test, and direct tension test
(Zhang et al., 2021).
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In summary, although all of the above studies yielded good
results when approaching the critical point, skewness changes
because of the slower recovery of the system near the critical point,
and when the system state is close to the critical point, strong
perturbations can drive the system across the boundary between
the two states, a phenomenon known as flickering, which tends to
increase kurtosis. Reduced robustness and flashing increase the
coefficient of variance (Dakos and Bascompte, 2014; Nazarimehr
et al., 2020). Current research on CSD of acoustic emission
parameters during rock collapse uses variance and
autocorrelation as precursors. In addition, owing to the high
fluctuation of autocorrelation coefficients and the presence of
spurious signals, the main CSD indicator is only one variance,
which poses a challenge to the accuracy of early warning, and there
is no explanation for the formation mechanism of the CSD
phenomenon of rock damage during loading, as well as the
effect of fractures on the appearance of the critical point.
Therefore, in this study, tests were conducted on intact
sandstone and sandstone containing parallel prefabricated
fractures under uniaxial conditions. The purpose of this study is
to examine the potential of multi-CSD indicators of acoustic
emission parameters as early warning indicators during
sandstone damage. In addition, the effect of the fracture dip on
the critical slowing phenomena and the mechanism of emergence

of the CSD phenomena during sandstone damage will be studied.

Test program

According to the findings of research that studied 70 large
landslides in China, rocky landslide ratios made up 53% of the total
and earthylandslide ratios made up 47%. Among those lithologies,
sandstone and mudstone are the types of rock that are most prone
to rocky landslides (Wen et al., 2004). In addition, joints in rock
masses are characterized collectively as opposed to individually.
The composition containsan element of random chanceinit (Yang
etal.,2017). Asaresult, during this pilot test, the sandstone with this
particular combination of parallel fractures was investigated. A
standard specimen of 100 mm in height and 50 mm in diameter
was created, and prefabricated fractures were cut using a
hydrodynamic cutting system. The upper and lower fractures of
the prefabricated fractures each measured 1.5 mm in width and
20 mm inlength, and the vertical distance between the two parallel
fractures measured 20 mm. The two ends of the rock sample are
finely polished using machinery. In this study, the breadth, length,
and perpendicular distance of the cracks were taken as constant
values. The rock samples were numbered as shown in Figure 1,and
the intact rock samples were numbered w1 to w3. Rock samples
having 30° parallel cracks were assigned numbers such as 30-1 to
30-3,45° parallel cracks were assigned numbers such as 45-1 to 45-
3,60° parallel cracks were assigned numbers such as as 60-1 to 60-3,
and 75° parallel cracks were assigned numbers such as 75-1 to 75-3.
Each group contained three rock samples, for a total of 15 rocks.
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FIGURE 1

Load cont

Micro-l[ digital AE system

FIGURE 2
Test equipment.

As shown in Figure 2, the testing apparatus consists of a
loading system and an acoustic emission acquisition system.
The loading system adopts an MTS815.03 rigid press
manufactured by MTS USA with the following main
technical specifications: frame stiffness of 10.5 x 10° N/m,
maximum axial pressure of 4,600 kN, and compatibility with
rock sample sizes of 50 mm x 100 mm and 100 mm x 200 mm.
During this test, the loading rate of all rock samples was set to
0.2 mm/min.

Acoustic emission uses a Micro-II Digital AE System
produced by American Physical Acoustics. The acoustic
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Test rock samples. (A) specimen number and (B) rock fracture pattern.
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emission signal acquisition threshold is set to 45dB, the
sampling interval is set to 1 us, the number of probes is 2,
and petroleum jelly is applied to the contact surface of the
rock sample and the acoustic emission probe. Before the test,
the performance of all equipment was evaluated to ensure that
the test was conducted without errors.

Theory and indicators of critical
slowing down

In natural dynamic systems, when a system is subjected to
external perturbations and shocks that result in a change in the
phase state (the system changes from an old phase state to a new
phase state), the recovery rate becomes slower after the
perturbation when the system state is close to the critical point.
Near the critical point, the action of small or large perturbations
may drive the system to breach the boundary between two distinct
states, a phenomenon known as flicker. Both slow recovery and
flicker are characteristics of CSD phenomena (Scheffer et al., 2009).
In general, the CSD indicator is used to describe the CSD
phenomenon that occurs in a system, where the CSD indicators
increase abruptly as the system approaches a critical point. CSD
indicators are generally classified into two categories: metric-based
indicators and model-based indicators, both of which reflect the
changes in the characteristics of the system time series (Dakos
et al.,, 2012), with the difference that the CSD indicators in the
autoregressive model have the effect of window length and lag step
whereas the metric indicators have the effect of window
length only.
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Metric-based critical slowing down
indicators

System dynamics suggest that the slowing down of flicker and
recovery near a critical point can lead to divergence in the
variability of system fluctuations. As a result, the coefficient of
variation might serve as an indicator of CSD throughout system
phase transition (Chen et al., 2014). The variation coefficient can
be expressed as Eq. 1.

Ly C— X
CV — nzi:I (xj x) (1)
X

where CV denotes the coefficient of variation, x; denotes the it
data point, ¥ denotes the mean, and n represents the total number
of data.

As a system approaches a critical point due to an increase in
the magnitude of the perturbation, the distribution of the values
in the time series becomes uneven and leads to an increase in
skewness. Of note, skewness may increase or decrease depending
on whether the new state to be formed is in a direction greater or
less than the current state (Guttal and Jayaprakash, 2008; Rozek
et al., 2017). Skewness is a normalized third-order moment
distributed around the mean, as shown in Eq. 2.

iz:l:l (xi - x)?)
\ iz:lzl (xi - 2)2

where SK denotes the skewness.

SK = )

Small perturbations or strong perturbations may also cause
the state of the system to reach extremes closer to the transition
or to cross a critical point, and this effect may lead to an increase
in the kurtosis of the time series (Biggs et al., 2009; Mehrabbeik
et al., 2021). Kurtosis is a normalized fourth-order moment
distributed around the mean, as shown in Eq. 3.

%ZL (x: — %)°
(\ezr e -o7)

where KU denotes the kurtosis.

KU = (3)

Based on autoregressive model
critical slowing down indicators

As a system approaches the critical point, recovery slows
down because of perturbations, which would imply that there is a
long-term correlation between the present perturbations and the
past, leading to an increase in the autocorrelation coefficient.
Near the critical point, the variance increases because the system
takes longer to recover from stochastic shock (Tan and Cheong,
2014). In the autoregression model, the CSD phenomenon can be
observed through the variance and autocorrelation coefficient
(Ma G et al,, 2018; Zhang et al., 2021).
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Variance is a characteristic quantity that describes the degree
to which the sample data deviate from the mean in the sample
and can be expressed as Eq. 4.

1on
2 _ L o2
$ =3 - %) (4)
where §? denotes the variance.
The autocorrelation coefficient is a statistic that describes the
correlation between distinct moments of the same variable, and
its expression with a lag length of j can be found in Eq. 5.

ey ()

s

where S denotes the standard deviation, Suppose the state
variable has a forced disturbance with a period of At and is
approximately exponential during the perturbation process with
a recovery rate of L. In the autoregressive model, it can be
expressed as Eq. 6.

Yo = e/lAt n + séy (6)
where y, is the deviation of the system variables to the
equilibrium state and &, is a random quantity that conforms

to the normal distribution. If A does not depend on y,, then the
process can be simplified as Eq. 7.

Yn+1 = Ryn + s&y (7)

where R is the autocorrelation coefficient, R = **, and variance
can be analyzed by the autoregressive model expressed as Eq. 8.

sZ
1-R?

Var(y,,,) = E(y,) + (E(3,))" = ©)

where E is the mathematical expectation (Li et al., 2021).

Mechanical characteristics

During the deformation and failure of the rock, assuming
that there is no heat exchange with the outside world during this
physical process, the energy generated by the work done by the
external force can be expressed according to the conservation of
energy and the laws of thermodynamics (Peng et al., 2020) as
Eq. 9.

U=U"+U" ©9)

where U is the total energy input, U? is the dissipation energy
consumed by rock damage rupture, and U® is the elastic energy
stored inside the rock. Under uniaxial compression, the work
done by the loading system on the rock sample can be expressed
as in Eq. 10.

U= jO'ds = ZLI% (€11 — &) (041 +0;) (10)
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FIGURE 3
Mechanical characteristics. (A) stress—strain characteristics, (B) total energy characteristics, (C) elastic energy characteristics, (D) dissipation
energy characteristics, and (E,F) average mechanical and energy values for each group of rock samples.
where ¢ is the axial strain and o is the axial stress. From Hooke’s Ue = o’ a2 (1)
law, the elastic energy of the rock under uniaxial compression is 2E, 2E,
expressed as Eq. 11. where E, is the initial elastic modulus.
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Acoustic emission parameters and the effect of window length on the metrics of the critical slowing down (CSD) phenomenon in wl. (A) rise
time and RA of acoustic emission, (B) effect of window length on the coefficient of variation, (C) effect of window length on skewness, and (D) effect

of window length on kurtosis.

After calculating the statistics for the data in Figures 3A-D, as
shown in Figures 3E, F, during the loading process, the peak
stress, total energy, dissipation energy, and elastic energy of intact
rock samples are the largest and 45° is the smallest, 45° parallel
fracture is the turning point of the mechanics and energy of rock
samples, and the energy and mechanical properties show a
decreasing trend from intact rock samples to rock samples
containing 45° parallel fracture and an increasing trend from
45° to 75°, consistent with the findings of several scholars (Yang
and Jing, 2011; Zhou et al., 2019; Lin et al., 2021), and the reason
for the above phenomenon is that 45° dip joints are the most
fracture-prone angle (Su et al., 2015). Moreover, the study shows
that the elastic modulus reaches the minimum value when the
dip angle of bedding is 45° (Zhang et al., 2022).

Effect of window length on the
critical slowing down indicators

Acoustic emission rise time (Figure 4A) is time interval
experienced when the potential signal triggering threshold

Frontiers in Earth Science

voltage reaches the maximum amplitude value (Ali et al.,
2019), RA (Figure 4A) is the acoustic emission rise time
divided by the amplitude of the acoustic emission signal
(Ohno and Ohtsu, 2010), and the

parameters are closely associated with

aforementioned

rock damage
rupture. In this article, using the acoustic emission rise
time of the wl rock sample as an illustration, the influence
of window length on the CSD index of the time series is
explored. As shown in Figure 4B, the coefficient of variation
fluctuates more after the precursor point when the window
length is 500, the second after the precursor point when the
window length is 1,000, and the smallest when the window
length is 2,000. However, the precursor point is consistent,
and the fluctuation of the coefficient of variation before the
precursor point is nearly identical, so the window length will
produce only the impression of the coefficient of variation
after the precursor point. The effect of window length on the
coefficient of variation can be disregarded during the
precursor investigation. In Figures 4C, D, the longer the
window length is, the smaller are the fluctuations of
skewness and kurtosis, which tend to be smooth, and the
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volatility of kurtosis is smaller than that of skewness. At the
precursors, the size of the window length has no effect on the
time of precursor appearance, but the larger the window
length is, the greater are the values of skewness and
kurtosis. In summary, the window size influences the
volatility of the CSD index of the time series and has a
negligible effect on the appearance of the precursor point.
The coefficient of variation and kurtosis are superior
observables compared with skewness.

Effect of window length and lag step
length on the critical slowing down
indicators of the autoregressive
model

This subsection focuses on the effects of the lag step length
and window length on the CSD indicators of the autoregressive
model. First, we explore the impact of a window length of 500 and
lag steps of 500, 1,000, and 2,000 on acoustic emission variance
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and autocorrelation. Second, we discuss the effects of a lag step of
500 and window lengths of 500, 1,000, and 2,000 on the variance
of the rise time of the acoustic emission and the autocorrelation
coefficient. Figure 5A demonstrates that the variance almost
overlaps with different lag steps, indicating that the lag step
has almost no effect on the variance. As shown in Figure 5B, the
autocorrelation coefficient shows a chaotic behavior, since time
series with different lag steps have different correlations with the
original time series (Zhang et al., 2019). Figure 5C reveals that
under the condition of a constant lag step, the larger the window
length is, the greater is the tendency of the variance indicator to
be stable, and the same phenomenon is observed for the
autocorrelation coefficient (Figure 5D). The autocorrelation
indicator is less resilient to short time or low-resolution time
series. Therefore, it varies more and creates more spurious signals
compared with variance, but the autocorrelation coefficient
is more robust to signals containing noise
(Mehrabbeik et al, 2021). Although autocorrelation has the
disadvantage of being affected by the lag step, the rise in the

indicator

variance of the autocorrelation coefficient at the critical point is
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The CSD indicator of acoustic emission of rock sample w1. (A)
variation coefficient characteristics of RA and rise time, (B)
skewness characteristics of RA and rise time, and (C) kurtosis
characteristics of RA and rise time.

observed in all cases. Hence, the effect of window size and lag step
on the critical slowing characteristics can be ignored.

Critical slowing down phenomenon
of sandstone acoustic emission
parameters

The characteristics of the CSD metric indicators for the
rising time and RA parameters of the wl rock sample are
depicted in Figure 6. During the loading process, the CSD
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Characteristics of the CSD indicators of the autoregression
model of the w-1 rock sample. (A) variance characteristics of RA
and rise time and (B) autocorrelation coefficient characteristics of
RA and rise time.

metric indicators for the same time series of rising time and RA
values almost overlap in the curve before the precursor point,
indicating a high degree of similarity in fluctuation. In
addition, the coefficient of variation, skewness, and kurtosis
of the rise time and RA value at 298.29 s have a significant
increase in turning point, which is easily identifiable, making it
possible to use the metric indicators as the CSD indicators for
the acoustic emission parameters in the sandstone damage
process.

As shown in Figures 7A, B, the CSD autoregression model
indicators for the acoustic emission rising time and RA
parameters exhibit remarkably comparable fluctuations, with
the variance almost overlapping before the precursor point.
After the precursor point, the variance of the acoustic
emission rise time fluctuates much more. Throughout the
whole loading process, the autocorrelation coefficients show
multiple increases and drops, indicating that there were more
false precursor signals and that the increasing trend at the
precursor point was not as evident as the variance. Because
the variance is readily identifiable as a critical point indicator,
it can be employed as the primary reference indicator of the
critical point in the autoregressive model for short time periods

and time series with low time resolution.
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Statistics of time characteristics (failure time, early warning

time, and precursor point time). (A) wl~75-1, (B) w2~75-2, and (C)

w3~75-3.

Statistics of precursors and
mechanical characteristics

The window length and lag step can be selected according to
the fluctuation of the data, with greater values being selected for
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A statistical analysis of the time ratio, the stress ratio, and the
features of stress. (A) wl~75-1, (B) w2~75-2, and (C) w3~75-3.

the more fluctuating data and smaller values being selected for
the less fluctuating data. The analysis of the window length and
lag step in the above section reveals that the calculation results
fluctuate less when the window length and lag step are 2,000.
Therefore, in this study, both the lag step and the window length
are set to 2,000. In practical applications, the window length and
the lag step should be selected according to the fluctuation of the
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FIGURE 10
Statistics of the mean characteristics of precursors and
mechanics. (A) temporal characteristics of each group of rock
samples and (B) mechanical characteristics of each group of rock
samples.

data. As depicted in Figure 8, under the condition of a constant
loading rate, the damage times of all rock samples from longest to
shortest are as follows: intact rock sample, 75° rock sample, 60°
rock sample, 30° rock sample, and 45° rock sample, and the
appearance time of the precursor point follows the same trend.
However, there is no certain pattern regarding the duration of
early warning time (the early warning time is the time difference
between the damage time and the precursor time). As illustrated
in Figure 9, the peak stress and the stress at the precursor point
are as follows (from the greatest to the smallest): intact rock
samples, 75° rock samples, 60° rock samples, 30° rock samples,
and 45° rock samples. This is because 45° dip angle joints are the
most fracture-prone angle. In other words, rock samples close to
this angle have low strength and are susceptible to damage. In all
tests, the ratio of the stress at the precursor point to the peak
stress exceeded 80% in most cases, which roughly corresponds to
the plastic deformation stage of new fracture formation,
indicating that the precursor has a clear physical meaning. In
addition, the ratio of precursor point time to failure time
exceeded 80%, demonstrating that the precursors have good
timeliness. In a set of rock samples, differences in mechanical
and CSD properties are linked to the arrangement of crystals
inside the rock mass as well as the distribution of microscopic

Frontiers in Earth Science

10

10.3389/feart.2022.934498

holes and fissures. That is, there is anisotropy in the rock
which leads
characteristics and CSD characteristics of the same group of
tests (Zhang et al, 2021), which may also be caused by the
difference in the degree of damage caused to the rock mass

material, to variances in the mechanical

during fracture formation.

In this study, after the mean statistics of mechanical and
precursor characteristics of all rock samples, the damage time,
time of precursor point appearance, peak stress, and precursor
point stress showed a decreasing trend from intact rock samples
to 45° rock samples and an increasing trend from 45° rock
samples to 75 rock samples, and the trend of early warning
time showed an inverse relationship to the ratio of precursor time
and damage time (Figure 10).

Critical slowing down phenomenon
of the sandstone damage process

Driven slowly by environmental factors, systems are pushed
to evolve at a critical point where regime shifts occur and such
shifts will be permanent (Dakos et al., 2015). The blue balls in
Figure 11 represent the current state of the system, which varies
from system to system. The red balls represent thresholds, and
the slope of the basin represents resilience. Driven by external
factors, the system is pushed toward the threshold (critical point),
which will cause the resilience system to slow down (less slope
near the threshold point), creating a CSD phenomenon and
making the CSD indicators increase. In addition, small
perturbations can drive the system across the boundary
between two basins of attraction, leading to a large shift in
the system state into another state (van de Leemput et al., 2014).

During rock damage, dissipation energy is dissipated mostly
by friction between structural surfaces and by breaking the
original structural surface inside the rock to form a new
surface. Therefore, the dissipation energy can indicate the
damage to the rock (Jin et al., 2017), and acoustic emission is
a transient elastic wave formed by the quick release of local strain
energy within or on the surface of the material (Vahaviolos,
1999). Thus, in this study, the dynamic evolution of dissipation
energy during loading is seen as a systematic change process, and
its change characteristics are employed to attempt to explain why
the CSD phenomenon exists during loading.

Figure 12 the mechanism of the formation of two typical CSD
phenomena in this experiment. Figure 12A depicts a relatively
simple kinetic system of the sandstone, in which the system
undergoes only two states during the entire process: state A and
state B. Throughout the loading process, the mechanical
equipment continuously injects energy into the sandstone,
which acts as a driving force to alter the dissipation energy
system, thereby altering the state of the sandstone. When the
dissipation energy system is driven to move from state A to near
the threshold, the critical slowdown phenomenon appears and
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Schematic diagram of the CSD phenomenon (Dakos et al., 2015). (A) close to the threshold and (B) far from the threshold.
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FIGURE 12
Mechanism of the CSD phenomenon in sandstone. (A,C) first typical kinetic system of sandstone and (B,D) second typical kinetic system of
sandstone.
the CSD indicators rise because of a diminished ability to recover the continuous increase in energy during loading, the dissipation
to the original state (Figure 12C). Figure 12B is a more complex energy system crosses the boundary of state B and state C again,
dynamic system, as shown in Figure 12D, in which the system is the CSD phenomenon reappears close to the second threshold,
driven to cross the boundary between two basins of attraction by and the variance appears to steadily increase. The reason for the
an external (mechanical input of energy to the sandstone) smaller increase in variance near the second threshold rather
perturbation, the system state is changed into state B, and the than the first threshold is closely related to the characteristics of
first CSD phenomenon (flickering) appears near the threshold, the CSD phenomenon, as can be seen from Figure 12D, where the
which is manifested by an increase in the CSD indicators. With slope of the first threshold point is less than the slope of the
Frontiers in Earth Science 1
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second threshold point, ie., the dissipation energy system
recovers much more slowly near the first threshold point than
the second threshold point. In the time domain, the dissipation
energy system takes much more time to go from the starting
point of state A (unloaded state) to the endpoint of state A than
from the starting point of state B to the endpoint of state B. In a
similar way, the time required from the beginning of state B to its
end is longer than the time required from the beginning of state C
to its end. As shown in Figure 3B, the input energy is a gradually
growing process, and therefore, it will be irrecoverable after
causing a change in the system state.

Discussion

Previous methods for studying the rock fracture acoustic
emission precursors include singular spectrum analysis, fast
Fourier transform, frequency center of mass, fractal
characteristics, and wave velocity (Gong et al, 2017; Li et al,
2019; Mei et al, 2019; Zhao et al, 2020; Dong et al, 2021).
However, the precursors are difficult to identify. In this study,
we proposed the CSD theory and added time series indicators to
the autoregressive model indicators. Through the combination of
multiple CSD indicators, the probability of false alarms and missed
alarms in the warning process is reduced. In addition, the
formation mechanism of the CSD phenomenon of rock sample
destruction is explained by energy. In actuality, the CSD
phenomenon does not occur in all systems changing states;
rather, it typically occurs in the following situations (Dakos
et al, 2015): 1) a slow environmental change toward a tipping
point, 2) slow—fast cyclic transitions, 3) a combination of random
perturbations and periodic changes in the environment, and 4)
strong perturbations that cause the system to cross into a new state.
External drivers in practical engineering are more complex. For
instance, driven by rainfall, earthquakes, and human activities,
changes in temperature fields may trigger geological hazards (Roje-
Bonacci et al., 2009; Ma J et al., 2018; Oswald et al., 2021; Li et al.,
2022). Several studies have indicated that geological hazards such
as earthquakes exhibit critical slowing phenomena (Qiao et al.,
2022). However, since landslides and collapses may be caused by a
combinations of multiple driving factors, this makes it challenging
for detecting CSD phenomena in practical engineering. As a result,

this will be our next major research emphasis.

Conclusion

In this study, uniaxial loading tests were conducted on
parallel-fractured sandstone with different angles and intact
sandstone, and acoustic emission was used to monitor the
entire sandstone loading process in real time. On the basis of
the study of the characteristics of CSD indicators of acoustic
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emission parameters during sandstone damage, the effect of
prefabricated fracture angles on CSD phenomena, and the
mechanism of CSD formation in sandstone, the following

conclusion was drawn.

(1) For the autoregressive model CSD indicators, the lag step
and window length have essentially no effect on the
appearance time of precursor points, and the longer
the window length is, the less is the fluctuation of the
autoregressive model CSD indicators. Compared to the

the

influenced by the lag step length. In addition, the

variance, autocorrelation coefficient is more

autocorrelation coefficient fluctuates greatly
throughout the process, making it difficult to identify
the precursor points as the variance. The size of the
window affects the degree of fluctuation of the CSD
metric; the longer the window is, the smoother is the
metric.
(2) Under the conditions of constant fracture length, width,
and fracture spacing, the time of the precursor point,
stress at the precursor point, peak stress, and damage
time decreased from intact rock samples to 45° rock
samples and had an increasing trend from 45° to 75°
rock samples.
(3) In the process of sandstone failure, the total energy input to
the sandstone from the loading equipment is a slowly
increasing process, which, as a driving force, will drive the
dissipation energy system to transfer from one state to
another, and the CSD phenomenon will appear near the
critical point of the two states, thus leading to the
development of the state of the sandstone from a stable
state to an unstable state, which is manifested by the increase
in the CSD indicators. In addition, near the critical point, a
small perturbation of the total energy to the dissipation
energy system causes the dissipation energy to flicker
across the boundary between the two states. For such a
slowly developing and abruptly changing system, the change
of state is permanent, which means that the rupture of the

rock mass is irreparable.
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