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Abstract

Early warning signals of critical transitions in the piping process are essential for predicting
dike hazards. This study proposes a new approach that combines Critical Slowing Down
(CSD) theory with electrical signals analysis to identify precursor characteristics during
the evolution of piping in a dual-layer dike foundation. A laboratory experiment was
conducted to simulate the piping process while monitoring electrical signals in real-time.
Ensemble Empirical Mode Decomposition (EEMD) was employed to analyze the time-series
characteristics of the electrical signals from multiple perspectives. The results demonstrate
that low-frequency components effectively track the gradual development of piping, while
high-frequency components are sensitive to abrupt transitions near the critical point of
failure. Statistical analysis reveals that the variance of the low-frequency components
increases suddenly 5.09 min before the formation of the piping outlet and 5.53 min before
piping occurs, providing a clear early warning capability. In contrast, the variance of the
high-frequency components increases suddenly only 0.26 min and 0.45 min in advance,
offering a short-term warning. These sudden increases serve as the effective precursory
characteristics of critical transitions in the piping process. These findings confirm the
presence of CSD characteristics in electrical signals and establish variance-based indicators
as reliable precursors for different stages of piping evolution. The proposed methodology
offers both theoretical insight and practical guidance for enhancing early warning strategies
for dike failure.

Keywords: piping; electrical signals; critical slowing down theory; effective precursory
characteristics; early warning; piping hazards prediction

1. Introduction
Complex dynamical systems are widespread in nature, including ecosystems [1],

climate systems [2], and seismic systems [3]. A broad class of dynamical systems undergoes
critical transitions at a tipping point, where the system abruptly transforms from one stable
state to a contrasting state. This sudden transition is generally substantial and catastrophic.
This phenomenon is recognized as Critical Slowing Down (CSD) [4,5]. The phenomenon of
critical slowing has significant potential for explaining mutation events and identifying
precursor information before these events, which is essential for predicting catastrophic
occurrences [6,7].

As a common failure mechanism observed in dike structures [8], piping hazards
demonstrate significant dynamic and complex nonlinear characteristics across both spatial
and temporal scales. As seepage pressure and hydraulic load increase, both pore water
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pressure and soil stress within the dike gradually build up. When these internal stresses
approach a critical threshold, a sudden change occurs that may trigger piping hazards.
The accumulation and release of pressure during the piping process can be viewed as
two distinct states of the dike structure, displaying complex dynamic behavior and CSD
characteristics. Piping damage not only triggers dike landslides and increased seepage
but may also result in breaches, posing a significant threat to dike safety [9–11]. Therefore,
based on CSD theory, identifying early warning signals during the piping process is crucial
for the timely prediction of piping hazards and safeguarding dike integrity.

Electrical resistivity measurements have been widely used to monitor leakage in
dikes [12,13]. In the context of piping detection, it serves two primary functions: identifying
low-resistivity zones caused by abnormal seepage [14] and tracking the evolution of the
soil pore structure due to internal erosion [15]. Shin et al. [16] conducted physical model
experiments to monitor changes in resistivity during seepage in dike engineering. Their
results showed that as water from upstream infiltrated the dike, the water saturation in
the pipe gradually increased. Correspondingly, resistivity decreased from its initial high
value to its lowest point at the time of dike failure. Moffat [17] employed a high-resolution
resistivity monitoring system to investigate the resistivity response associated with internal
soil erosion. Their study demonstrated that particle transport within the soil altered the
pore structure, resulting in noticeable changes in resistivity. Although electrical signals
can reflect changes in soil permeability and pore structure during the piping process, no
study has yet applied CSD theory to analyze the signals in this context. Thus, investigating
the phenomenon of CSD in electrical signals during piping evolution could provide a new
method for early warning of dike piping hazards.

The force conditions of the dike project are more complex, and the piping process
shows distinct dynamic change characteristics [18]. As a result, the unprocessed moni-
toring data collected from sensors may be affected by noise. The presence of noise can
impact the effectiveness of the predictive model. Therefore, it is crucial to choose an ap-
propriate denoising technique to eliminate noise from the measurement sequence [19].
To address this, techniques such as Singular Spectrum Analysis (SSA), Wavelet Analysis
(WA), and Empirical Mode Decomposition (EMD) have been widely applied in hydraulic
engineering [20–22]. However, these methods have several limitations. Specifically, WA
can manage some level of nonlinearity and non-stationarity, but its effectiveness is limited
by the need for predefined wavelet bases and its sensitivity to shifts and directionality [23].
SSA is generally more flexible than wavelet analysis, but it still encounters challenges
with non-stationary signals due to its reliance on predefined component numbers and
the stationarity assumptions in some variants [24]. Traditional EMD is sensitive to noise
and often encounters mode mixing, which impacts the robustness and reliability of signal
interpretation, especially in complex dynamic processes such as piping evolution. To
address the challenges mentioned above, this study uses Ensemble Empirical Mode De-
composition (EEMD) to preprocess the electrical signals during the piping process. As an
adaptive denoising technique, EEMD shows great potential in extracting both trend and
detailed features from long-term, nonlinear, and non-stationary signals [25]. Effective data
preprocessing is essential for identifying critical dynamic features in piping evolution. It
establishes a reliable data foundation for early warning systems informed by CSD theory.

This study is the first to apply CSD theory to the statistical analysis of electrical signals
during the piping process, aiming to reveal the precursors to piping failure in dual-layer
dike foundations. While previous studies have monitored electrical signal changes to
infer seepage behavior or internal erosion, they have not explored the underlying early
warning dynamics using CSD indicators. A novel approach is introduced by combining the
EEMD algorithm with statistical feature extraction techniques to effectively capture critical
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transitions during the piping process. Specifically, the piping process is simulated through
physical model experiments, while electrical signals are collected in real-time. To reduce
noise interference and enhance the accuracy of statistical analysis, the EEMD algorithm
is employed to decompose electrical resistance sequences, along with Sample Entropy
(SampEn) and Wavelet Denoising (WD) functions to identify and eliminate noise. Based on
CSD theory, the reconstructed component sequences of the eliminated noise are analyzed to
identify critical transition moments during the piping process. The results reveal effective
precursory characteristics closely associated with the formation of the piping outlet and
the occurrence of piping, demonstrating the potential of the proposed method for early
warning of piping hazards in dike foundations.

2. Materials and Methods
To explore the CSD characteristics of electrical signals during the piping process, this

study designed a series of controlled laboratory experiments. The objective was to simulate
piping development in a dual-layer dike foundation under variable hydraulic loading and
to monitor the real-time response of the electrical signals from the system. The experimental
setup and signal processing methods are described below.

2.1. Experimental Study

The experimental study was conducted using a sandbox model specifically designed
to replicate the hydraulic and structural characteristics of a dual-layer dike foundation. The
goal was to simulate key stages of piping development under controlled conditions and to
collect sensor data for analysis.

2.1.1. Design of Experimental Model

A sandbox is used to simulate the piping process of the dike foundation. The founda-
tion of the dike is characterized by a dual-layer structure: the upper layer is clay, and the
lower layer is fine sand. The sandbox device is a small-scale model measuring 500 mm in
length, 10 mm in width, and 100 mm in height, as illustrated in Figure 1. Based on previous
studies, it is evident that small-scale models effectively capture the essential features of
internal erosion and piping [26,27]. The sample in the setup includes a 15 mm clay cover
layer and an 85 mm sand layer. The setup is enclosed with a transparent cover that has
a pre-set circular outlet simulating a weak point in the overlying clay layer. The exit has
a diameter of 5 mm and is located 400 mm from the upstream inlet chamber. Nine fixed
circular holes are arranged on one side of the setup for embedding resistance sensors. The
specific locations of the sensors are R1 to R9, as shown in Figure 1b.

 
(a) 

(b) 

Figure 1. Schematic figure of the test model with dimensions. (a) Sandbox model for piping
simulation; (b) dimensions of the test model.
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As shown in Figure 2, during the experiment, a variable head control system applies
hydraulic head. Cameras record the process, with camera A capturing phenomenological
changes at the piping outlet and camera B capturing the formation and development of the
pipe. Resistance sensors embedded in the model box are used to track changes in electrical
signals during erosion. These sensors have a measurement range of 10 µΩ to 200 kΩ, an
AC frequency of 10 Hz, an accuracy of 0.05%, and a sampling frequency of 1 Hz. The data
acquisition and recording system performs continuous measurement, enabling real-time
data collection throughout the experiment.

Figure 2. Schematic figure of the test setup.

2.1.2. Materials

Before conducting the sandbox model experiment, particle analysis and permeability
deformation tests are performed to determine the properties of the experimental ma-
terials. The test results indicate that the basic parameters of the clay sample are spe-
cific gravity (Gs) = 2.60, liquid limit (ωL) = 37.46, plastic limit (ωp) = 17.89, and plasticity
index (Ip) = 19.57. Table 1 displays the distinctive characteristics of the sand sample.

Table 1. The distinctive characteristics of the sand sample.

Grain Composition Characteristics
Dry

Density/g·cm−3
Relative
Density

Porosity
Permeability
Coefficient

/cm·s−1
Grain Size
Range/mm Percentage 30 d50/mm

0.075–0.25 25%
15 1.52 2.62 0.32 0.040.25–0.5 25%

0.5–1 50%

2.2. Denoising Method
2.2.1. EEMD

EEMD is a powerful tool for analyzing nonlinear and non-stationary signals, as it
extracts the multi-scale features of the signals through the introduction of white noise-
assisted decomposition. The implementation steps of EEMD are as follows:

(1) Add a noise sequence nk(t) with an amplitude of α to the original data sequence x(t)
of various signals, resulting in a new sequence xk(t), as shown in Equation (1).

xk(t) = x(t) + nk(t) (1)
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(2) Apply Empirical Mode Decomposition (EMD) to xk(t) in order to extract several
intrinsic mode function (IMF) components at different time scales, along with a
residual sequence rn(t).

(3) Repeat steps (1) and (2) N times, adding a distinct white noise sequence each time.
This process generates N sets of IMF components and residual sequences, where the
jth-order IMF of the ith set is denoted as IMFij, and the residual sequence of the ith set
is denoted as rni(t), where i ≤ N.

(4) Independently compute the average of the N sets of corresponding IMF components
and residual sequences to derive the final EEMD decomposition result, as presented
in Equation (2).

IMFj =
1
N

N

∑
i=1

IMFij, rn =
1
N

N

∑
i=1

rni (2)

EEMD can decompose electrical signals into several IMF components and a resid-
ual component.

2.2.2. Grouping Calculation of IMF Components

To demonstrate the evolution of piping at multiple scales, significance testing is con-
ducted on the IMF components to group the frequency components [28,29]. The procedure
consists of the following steps: first, IMF1 is designated as indicator 1, IMF1 + IMF2 as
indicator 2, and so forth, with the sum of the first i IMF components serving as indicator i.
Next, the mean of each indicator is calculated. Finally, t-tests are conducted to determine
whether the means of each indicator are significantly different from 0. The calculation
proceeds as follows:

t = (Xi − µ)/
σi√

n − 1
(3)

where Xi is the mean of indicator i, σi is the standard deviation of indicator i, and n is the
sample size of indicator i. If Xi of the IMF components is significantly different from 0 at
indicator i, IMF1, IMF2, . . ., IMF(i−1) are categorized as higher frequency components,
while IMFi, IMF(i + 1), . . ., IMFn are classified as lower frequency components.

2.2.3. Sample Entropy

To evaluate the complexity of the decomposed sequence, the Sample Entropy (Sam-
pEn) of each IMF component is computed to identify whether it contains noise. Sample
entropy effectively measures the complexity of time series by quantifying the probability
of new pattern occurrences in the data sequence [30]. A higher probability of new pattern
occurrences signifies greater sequence complexity. Assuming the length of the measured
sequence is N, the calculation procedure for sample entropy is as follows:

The measured sequence x(i) is represented as a set of vector sequences X(i) of dimen-
sion m.

(i) = [x(i), x(i + 1), ..., x(i + m − 1)] (4)

where i = 1, 2, ..., N − m + 1
Compute the absolute values of the maximum differences between corresponding

elements in two vector sequences X(i) and X(j), and represented as D(i, j):

D(i, j) = maxk=0,1,...,m−1
∣∣x(i + k)− x(j + k)| (5)
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For the vector sequences X(i), count the number of times is less than the given
similarity tolerance s, denote this count as Ci. Then, calculate the ratio of Ci and N − m + 1,
and define the ratio as Cm

i (s):

Cm
i (s) =

1
N − m + 1

Ci (6)

Further, define Cm(s)

Cm(s) =
1

N − m + 1

N−m+1

∑
i=1

Cm
i (s) (7)

Increase the dimension of X(i) to m + 1 and repeat the above steps to compute Cm+1(s).
The SampEn formula is as follows:

SampEn(m, s, N) = −ln
Cm+1(s)

Cm(s)
(8)

2.2.4. Wavelet Denoising

The complexity of the piping evolution process, a multi-scale coupled phenomenon
with uncertainties, leads to the possibility of noise contamination of the signal sequence
monitored in real time. Wavelet Denoising (WD) is the process of decomposing and
reconstructing the signal to reduce noise using wavelet transformation. The signal usually
shows the low-frequency part or the part with relatively stable fluctuations, while the noise
appears as the high-frequency part, which is uncertain. Therefore, based on separating
high and low frequencies, the WD is used to reconstruct the attenuated high-frequency
part, resulting in the denoised signal [31]. In this study, the WD method is used to process
each IMF component requiring noise reduction, aiming to eliminate the noise concentrated
in the high-frequency part.

2.3. Critical Slowing Down Theory

When a dynamic system transitions from the prior phase to the new phase state, it
typically exhibits a range of fluctuation phenomena, such as increased amplitude, longer
fluctuation periods, slower recovery from disturbances, and a reduced ability to return to
its previous state. This phenomenon is known as critical slowing down. When a parameter
within the system nears the CSD point, its variance and autocorrelation coefficient both
increase [32,33].

Variance (sample variance) is a metric that quantifies the degree of deviation of data
from the mean in a sample, as shown in Equation (9).

S2 =
1
n

n

∑
i
(xi − x)2 (9)

where S2 is the variance, xi is the i-th data, x is the mean.
The autocorrelation coefficient is a statistical metric that quantifies the correlation

between different time points of the same variable, as shown in Equation (10).

a(j) =
n−j

∑
i=1

(
xi − x

s

)( xi+j − x
s

)
(10)

where j is the lag step of variable xi.
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Assume the state variable has a forced disturbance within a time range ∆t. During
the perturbation process, the recovery rate is λ. The relationship between the variables
approximates an exponential function, as given by Equation (11).

yn+1 = eλ∆tyn + sεn (11)

where yn denotes the deviation of the system variable from the equilibrium state, and εn

is a normally distributed random variable. If λ is independent of yn, this process can be
simplified to Equation (12).

yn+1 = ayn + sεn (12)

where a is the autocorrelation coefficient, a = eλ∆t.
Analysis of Equation (12) with variance.

Var(yn+1) = E
(

y2
n

)
+ [E(yn)]

2 =
S2

1 − a2 (13)

As the system approaches the critical point, the recovery rate induced by disturbances
progressively slows down. The recovery rate λ tends to 0, the autocorrelation coefficient a
tends to 1, and the variance tends to infinity.

3. Results
3.1. Analysis of Experimental Data for Piping

After conducting a detailed analysis of some sets of piping physical model experiments,
this research observed some regular and similar phenomena during the development of
the piping process. From the perspective of visual observation of the entire piping process,
the phenomenon can be described through the following stages, as illustrated in Figure 3.
The analysis is as follows: during the initial stable stage (I), no anomalies are observed.
As the water level gradually rises, the clay layer at the exit experiences uplift, and turbid
water slowly seeps out, marking the transition to the overlying clay layer rupture stage
(II). When the hydraulic head exceeds the weight of the clay, the clay layer is punctured,
causing slurry to erupt and form a piping outlet. The process then transitions into the
seepage stage (III), where the clay near the outlet undergoes continuous erosion, forming a
cavity within the clay. As the water level rises further, the sand layer near the piping outlet
becomes loose, entering the initiation stage of piping (IV). In this stage, the sand particles
gradually heave and fill the piping outlet. If the flow exceeds a critical rate, sand particles
are transported and accumulate at the piping outlet, marking the onset of the piping stage
(V). The erosion gradually progresses upstream, forming a piping channel at the interface
between the clay and sand layers, eventually connecting with the upstream.

To ensure the operability of the experiments and the reliability of the results, this
study conducted several groups of repeated experiments. To illustrate the electrical signal
response characteristics of the piping process more clearly, a representative experiment is
selected for detailed analysis. Figure 4 summarizes the changes in electrical signals during
the piping process. The following provides a thorough analysis of the changes in resistance
data based on the piping phenomenon. As shown by the curves, the electrical signals
experience two distinct sudden changes during the piping process. The first sudden change
occurs when the piping outlet forms (Stage II). At this point, the resistance at measurement
point R8 decreases as the clay fully ruptures at the outlet. During the seepage stage (Stage
III), the resistance at each measurement point increases sequentially. Subsequently, the
electrical signals experience a second sudden change as they enter the piping initiation
(Stage IV) and piping occurrence stage (Stage V). During these stages, the resistance at
measurement point R8 increases, and the resistance at measurement point R7 decreases.
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Figure 3. The phenomenon of the piping experiment. Subgraphs (a–f) show different stages of the
piping process: Subgraph (a) is Stage I; Subgraph (b) is Stage II; Subgraph (c) is Stage III; Subgraph
(d) is Stage IV; and Subgraphs (e,f) are Stage V. Subgraphs (A–H) give detailed schematic illustrations
of the piping phenomena: Subgraph (A) is Stage I; Subgraphs (B,C) are Stage II; Subgraph (D) is
Stage III; Subgraphs (E,F) are Stage IV; and Subgraphs (G,H) are Stage V.

Figure 4. The time-series curves of electrical signals during the piping process.

3.2. Decomposition and Reconstruction of Electrical Signal Sequences for Piping Processes

As shown in Figure 5, the electrical signals exhibit pronounced oscillatory character-
istics. However, noise interference complicates the accurate extraction of detailed char-
acteristics from the signal sequence. This limitation hinders the identification of critical
transition moments in the piping process and significantly affects the reliability of iden-
tifying precursory characteristics related to piping hazards. Therefore, preprocessing the
monitoring data is necessary. A representative dataset should be chosen for this purpose.
Therefore, preprocessing the monitoring data is crucial. Based on the temporal and spatial
response characteristics of electrical signals during the piping process, the time series
from measurement point R8 is further examined to investigate the evolution of the piping
process comprehensively.

Studies show that monitoring data frequently display significant non-stationary and
nonlinear properties [34]. Similarly, the electrical signals during the piping process also
display non-stationary and nonlinear characteristics. To better reveal the intrinsic structure
and evolutionary patterns of these sequences, Ensemble Empirical Mode Decomposition
(EEMD) is an effective method. The measured electrical signal sequence is decomposed into
IMF components with different time scales using the EEMD algorithm. After the decompo-
sition, 11 IMF components and 1 residual component are obtained, as shown in Figure 5.
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Each IMF component represents a specific feature of the original signal, arranged in order
of decreasing frequency from top to bottom. This hierarchical arrangement helps visualize
and understand the frequency characteristics, with high-frequency components at the top
and low-frequency components at the bottom. The high-frequency components display
random oscillations around a mean of zero, reflecting detailed variations in the original
sequence. These fluctuations correspond to the critical time points of the original data
curve, indicating abrupt changes during the piping process. In contrast, the low-frequency
components capture the overall trend, clearly illustrating the staged characteristics of the
piping evolution.

Figure 5. EEMD results of electrical signals.
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Equation (3) is used to calculate the IMF components, with the results shown in
Table 2. IMF1 to IMF8 are high-frequency components, while IMF9 to IMF11 are low-
frequency components.

Table 2. Significance test results for the IMF components in electrical signals.

Index Calculation Results

IMF 1 0.7677
IMF 2 0.8854
IMF 3 0.9298
IMF 4 0.9859
IMF 5 0.6247
IMF 6 0.5158
IMF 7 0.7925
IMF 8 0.7332
IMF 9 0
IMF 10 0
IMF 11 0
IMF 12 /

The SampEn is calculated to evaluate the complexity of each IMF component in se-
quence. The SampEn values, obtained using the default maximum epoch length m = 2 and
the default tolerance s = 0.2, are presented in Figure 6. As shown in Figure 7, the SampEn
value decreases sequentially for each IMF component, indicating a gradual reduction in
complexity. The SampEn value for the original data sequence at measurement point R8 is
0.0757. Based on this comparison, it is evident that IMF1 to IMF5 contain noise and need
further processing for noise reduction.

Figure 6. The SampEn of IMF components obtained from the decomposition of electrical signals.

 

Figure 7. Reconstructed component curves of the electrical signals.
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Adaptive wavelet denoising was applied to IMF1 through IMF5 for noise reduction [35,36].
The denoised IMF components were then summed with the remaining original IMF compo-
nents according to the grouping results. The resulting reconstructed sequence, obtained by
summing, is shown in Figure 7.

Figure 7 shows how the low- and high-frequency parts of the reconstructed electrical
signals change over time. Specifically, t1 marks the moment when the piping outlet forms,
while l1 and h1 indicate the sudden changes in the low- and high-frequency parts related
to this event. Likewise, t2 signals the occurrence of piping, with l2 and h2 marking the
corresponding sudden changes in these frequency components. At t1 = 42.85 min, the piping
outlet forms, leading to concentrated seepage. Based on the resistivity model of saturated
sandy soil [37], the sand layer loosens at this stage due to increased porosity, resulting
in a sharp decrease in the resistance value of R8. Notably, the low- and high-frequency
component values exhibit distinct sudden change patterns before this moment. The low-
frequency component decreases at l1 = 37.76 min, while the high-frequency component
increases at h1 = 37.76 min, with these changes occurring 5.09 min before the observed
phenomenon. At t2 = 93.95 min, piping occurs, and the erosion of fine sand particles near
the piping outlet alters the pore structure, resulting in a sudden increase in the resistance
data of R8. At l2 = h2 = 88.42 min, the low- and high-frequency component values exhibit
sudden changes simultaneously, with the low-frequency component increasing and the
high-frequency component decreasing. These sudden changes happen 5.53 min before the
observed event.

4. Discussion
During different stages of the piping process, the reconstructed components show

significant sudden changes, although their critical transition patterns vary. To standardize
the critical transition patterns of the reconstructed components, we use Critical Slowing
Down (CSD) theory to analyze the characteristics of sudden changes quantitatively.

The process of piping evolution shows CSD characteristics. Before the formation of
the piping outlet, the gradual accumulation of hydraulic head characterizes the old phase.
The pressure release upon the complete rupture of the clay layer indicates the first phase
transition. As the hydraulic head continues to rise, the accumulation of pressure in the
sand layer characterizes the old phase. The second phase transition is characterized by
a sudden pressure change caused by seepage forces, which lead to the outflow of sand
particles from the outlet.

During each phase transition of the piping process, as the system approaches the
critical point of failure, its ability to recover to the original state diminishes. Sudden
changes in the electrical signals accompany this. At the moment of the piping outlet
formation, the system undergoes its first phase transition as seepage becomes concentrated
at the outlet. This causes a rapid buildup of charge. At the moment of the piping occurrence,
the system undergoes its second phase transition. The movement of sand particles causes
an immediate change in the pore structure of the sand layer, resulting in sudden variations
in the electrical signals.

4.1. Determination of Window Length and Lag Length

The autocorrelation coefficient and variance are crucial indicators for identifying CSD
characteristics. The choice of window length and lag length influences the values of the
autocorrelation coefficient and variance [38]. The relationship between window length and
lag length is illustrated in Figure 8.
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Figure 8. Schematic diagram of the relationship between window length and lag length.

To examine how window length and lag length affect variance and autocorrelation
coefficients, the CSD characteristics of the original sequences are calculated, as shown in
Figures 9 and 10. With the lag length set at 40, the impacts of different window lengths
(100, 200, and 300) on variance (Figure 9a) and autocorrelation coefficient (Figure 9b) are
examined. The results indicate that as the window length increases, the amplitude of curve
fluctuations decreases, and the timing of local extrema shows a lagging effect. When the
window length is fixed at 200, the effects of different lag lengths (20, 40, and 60) on variance
(Figure 10a) and autocorrelation coefficient (Figure 10b) are analyzed. The results show that
the variance curves for different lag lengths show similar overall trends and fluctuations,
while the autocorrelation coefficient curves exhibit comparable fluctuations only at specific
time points. Overall, adjustments to the window and lag lengths have a smaller impact on
variance than on the autocorrelation coefficient.

 
(a) (b) 

Figure 9. CSD characteristics of electrical signals with different window lengths and the same lag
length. (a) Variance curve; (b) autocorrelation coefficient curve.

  
(a) (b) 

Figure 10. CSD characteristics of electrical signals with different lag lengths and the same window
length. (a) Variance curve; (b) autocorrelation coefficient curve.
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At the moments of piping outlet formation and piping occurrence, the variance and
autocorrelation coefficient curves of the electrical signals exhibit a sharp increase. The
autocorrelation coefficient curve often shows an oscillatory trend, while the variance curve
contains fewer pseudo-signals and demonstrates a more straightforward trend. This may
be attributed to the weak correlation between data from the old and new phases [39].
Short window lengths offer richer precursory information within the sequence. However,
when noise affects the signal, the underlying trend becomes hidden. In such cases, sudden
changes in the variance curve are not visible anymore, making it challenging to identify the
stages of piping evolution. This highlights the need to apply noise reduction to the original
sequence. In this study, a window length of 200 and a lag length of 40 are used to conduct
CSD analysis on the reconstructed components of the electrical signals.

4.2. Effective Precursory Characteristics of the Piping Process

The variance curves of the reconstructed components are calculated based on CSD
theory, as shown in Figure 11.

 
Figure 11. CSD characteristics of the reconstructed components.

As shown in Figure 11, the variance curves of the reconstructed low- and high-
frequency components exhibit significant sharp increases before the piping outlet formation
and the piping occurrence. Specifically, for the piping outlet formation, the variance of
both the low- and high-frequency components shows sharp increases at 37.76 min and
42.59 min, occurring 5.09 min and 0.26 min earlier, respectively. For the piping occur-
rence, the variance of the low- and high-frequency components shows sudden increases
at 88.42 min and 93.5 min, happening 5.53 min and 0.45 min earlier, respectively. These
sharply increasing points are precursory points to piping outlet formation and piping
occurrence, demonstrating significant predictive value. Specifically, the sudden increases
in the variance of the low- and high-frequency components act as effective precursory
characteristics for piping outlet formation and piping occurrence. These findings provide a
critical basis for the early warning of piping.

The above analysis focuses on the sudden changes in the variance curves of recon-
structed components, which provide a certain degree of early warning for the piping
evolution process. In engineering applications, identifying an optimal early warning time
is essential for hazard prevention and the timely implementation of mitigation measures. As
shown in Figure 11, the precursor points of the variance of the reconstructed low-frequency



Appl. Sci. 2025, 15, 8814 14 of 17

components occur earlier than those of the high-frequency components. Therefore, the
variance of the low-frequency components can offer early warnings for piping hazards,
allowing more time for emergency responses and enhancing the efficiency of mitigation
efforts. Conversely, the variance of the high-frequency components offers a short-term
warning, indicating that the hazard is imminent and necessitating the immediate cessation
of operations and the evacuation of downstream areas.

Based on previous research, piping is typically identified by the presence of sand
boiling at the outlet [40]. However, the concealed nature and variable location of outlets
make sand boiling difficult to detect promptly [41]. Consequently, relying on sand boiling
as an early warning indicator for piping failure is highly unreliable and often results in
delayed responses [42]. In this study, an electrical signal monitoring technique is introduced
to identify the internal structural changes of dikes caused by seepage and particle migration.
Meanwhile, by applying CSD theory to analyze electrical signals during the piping process
and combining it with the EEMD algorithm for signal preprocessing, the proposed method
shows greater advantages in terms of timeliness of early warning and sensitivity to early
signals. Although CSD theory has proven effective in detecting critical transitions in
complex dynamic systems [43,44], this study extends its application to predicting piping
failures in dikes. By identifying stage-wise transitions during the piping process, the
effectiveness of statistical indicators such as variance is validated. These findings provide
theoretical support and practical guidance for the development of on-site monitoring and
intelligent early warning systems.

5. Conclusions
This study investigates the effective precursory characteristics of the piping process

by analyzing the time-series characteristics of the electrical signals and incorporating the
critical slowing down theory. The major conclusions can be drawn as follows:

(1) The evolution of the piping process exhibited distinct phase characteristics. At the
moments of piping outlet formation and piping occurrence, the electrical signals
showed critical transition features, further validating the universality of the critical
slowing down phenomenon.

(2) The time-series characteristics of the electrical signals were analyzed using Ensemble
Empirical Mode Decomposition (EEMD), which decomposed the signals into low-
and high-frequency components. The low-frequency component reflects the staged
characteristics of the piping process, while the high-frequency component captures
the abrupt variations. Together, these components offer a multi-scale perspective on
the evolution of piping.

(3) The original sequences of the electrical signals displayed a sharp increase in critical
slowing down indicators (variance and autocorrelation coefficient) at the critical
transition points of the piping process, with the variance curve providing a more
intuitive depiction of abrupt variations.

(4) The reconstructed components of the electrical signals exhibited CSD characteristics.
At the moment of piping outlet formation and piping occurrence, the sharp increase
in the variance of the reconstructed low- and high-frequency components of electrical
signals served as effective precursory characteristics. Quantitatively, the variance of
the low-frequency component increased sharply 5.09 min before the formation of
the piping outlet and 5.53 min before piping occurrence. In contrast, the variance of
the high-frequency component increased 0.26 min and 0.45 min earlier, respectively.
The precursory point of low-frequency variance appears earlier than that of high-
frequency variance. The low-frequency variance provides an early warning for piping
hazards, while the high-frequency variance offers a short-term warning.
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These results validate the feasibility of using multi-scale electrical signals analysis
under the CSD framework to provide real-time early warning of piping hazards in dike
foundations. However, several limitations should be recognized. The relatively small
size of the sandbox model may lead to scale effects, particularly regarding boundary
conditions, hydraulic gradients, and the representation of soil structures. Therefore, the
small-scale laboratory model may not completely replicate the stress fields or seepage
dynamics present in field-scale dike foundations. Nevertheless, the model provides a
well-controlled environment for observing piping evolution and extracting early warning
features based on CSD theory. Future work should focus on scaling up the experimental
setup, investigating a broader range of soil compositions, and integrating additional sensor
types, such as pore pressure and temperature sensors, to enhance the generalizability and
field applicability of the proposed method. Moreover, a detailed statistical analysis of
inter-experimental reproducibility is planned to further support the generalizability and
reliability of the proposed method under varied experimental conditions.
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