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The presence of free water in the concrete slurry significantly influences the crack patterns of concrete. In this study, uniaxial
compression tests were conducted on concrete specimens with varying moisture contents under acoustic emission (AE)
monitoring. Through parametric analysis and machine learning, the cracking process of water-containing concrete was studied,
signal patterns during the cracking process were identified, and the impact of moisture content on the damage evolution and
fracture mechanism of concrete was understood. The results indicate that free water is capable of absorbing high-frequency
signals. With the increase of moisture content, the AE signals decrease. The failure of concrete is mainly of the tensile type, while
the shear-type accounts for a relatively small proportion. The presence of free water decreases the likelihood of diagonal shear
failure in concrete structures. The unsupervised learning was used for various moisture content analyses. Three distinct AE signal
patterns were identified during the concrete compression tests: frictional motion signals of the compression surface, fracture
surface activity signals, and aggregate cracking signals. Based on the moisture content, this study analyzes the variations in signal
responses across different modes. A predictive model was established utilizing the BP neural network to differentiate signals of
various modes, achieving an accuracy rate of 99%.

Keywords: acoustic emission; BP neural network; clustering algorithm; concrete; moisture content; parameter characteristics;
RA-AF

1. Introduction

Various large-scale engineering structures, including but not
limited to piers, sluices, reservoirs, and tunnels, are fre-
quently exposed to high humidity environments during
their service life [1-6]. Prolonged exposure to high humidity
environment significantly impacts the strength, stiffness,
and durability of concrete [7-9]. With the increase in
moisture content, the compressive strength of concrete will
decrease, which can easily lead to failures, such as pier

failure, reservoir collapse, and tunnel collapse. Therefore, it
is imperative to assess and characterize the damage mech-
anisms of concrete under varying moisture conditions. This
evaluation holds significant importance for maintaining
structural integrity and accurately assessing the service life of
the structure.

The moisture content exerts a significant influence on
the mechanical properties of concrete materials. The static
compressive strength of saturated concrete is lower com-
pared to that of dry concrete [8]. As the moisture content
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increases, the cracking stress and compressive strength
initially rise before decreasing. In addition, the presence of
water also reduces the shear strength of concrete [9, 10].
Studies have demonstrated that the compressive strength of
concrete is influenced by the displacement rate when fully
hydrated under axial loading [11]. Compared to dry spec-
imens subjected to the same displacement rate, the strength
of concrete with high moisture exhibits a significant re-
duction. The moisture content significantly influences the
durability of concrete. Specifically, higher moisture content
is directly correlated with increased shrinkage and inversely
correlated with workability [7]. When concrete is subjected
to compressive stress, its elastic modulus increases with
higher moisture content; however, the presence of internal
voids adversely affects the mechanical properties of concrete
[12]. Under fatigue loading, the fatigue life of concrete in
a saturated state is significantly lower compared to that in
a dry state. In addition, both the strain rate and dissipated
energy of concrete during the fatigue stage increase as
moisture content and stress levels rise [13]. From the per-
spective of damage rheological theory, it has been observed
that moisture content exerts a significant influence on
concrete creep [14]. Zhou et al. [15] investigated the coupling
effects of water saturation and dip angle on the mechanical
properties and failure characteristics of the rock-concrete
interface. They discovered that the extent of strength deg-
radation in rock-concrete disc specimens was significantly
correlated with the ratio of shear stress to tensile stress at the
interface. Fahim et al. [16] developed a finite element model
to predict the drying behavior and internal relative humidity
of concrete. These studies have elucidated the impact of
moisture content on various mechanical properties of
concrete. However, the impact of moisture content on
various failure mechanisms of concrete remains poorly
understood, primarily due to the challenges in accurately
identifying these mechanisms.

Acoustic emission (AE) is a real-time and efficient
nondestructive testing technology that has gained wide-
spread application in the damage assessment and health
monitoring of concrete structures. Under the action of
external force or internal force, the internal deformation or
fracture of materials releases energy and generates in-
stantaneous elastic waves, which are called AE [17]. AE
monitoring does not induce any damage to the materials
during the assessment process and possesses the capability
for quantitative evaluation of damage [18]. Evaluating the
damage of engineering structures through AE technology
and promptly proposing corresponding measures for any
detection issues are effective methods to mitigate engi-
neering accidents. Ohno et al. [19], Gao and Sun [20], and
Prem et al. [21] conducted AE monitoring during the
fracture process of concrete and reinforced concrete
structures, revealing a strong correlation between AE pa-
rameters and the fracture process. Yu et al. [22] and Chen
et al. [23] conducted uniaxial compression and AE moni-
toring tests on concrete specimens with varying water—
cement ratios. They developed a concrete damage evaluation
model based on cumulative AE energy and cumulative AE
ringing counts and introduced a combined active-passive
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AE testing method that accounts for the heterogeneity of
concrete. The reliability of the proposed method has been
validated through a step loading test, utilizing AE wave
velocity and amplitude parameters. Chen and Liu [24] in-
vestigated the influence of maximum aggregate particle size
on the fracture properties and fracture process zone at the
crack tip in high-performance concrete, characterizing these
effects through AE hit counts. To investigate the charac-
teristics of AE parameters during the failure process of
underground concrete infrastructure, Lee et al. [25] con-
ducted uniaxial compression tests on concrete specimens
prepared with varying sand ratios. By analyzing both time-
domain parameters (such as ringing counts, energy, and
amplitude) and frequency-domain parameters (including
initial frequency and peak frequency), it was determined that
cumulative energy parameters provide the most effective
characterization of the failure process in the specimens.
Furthermore, AE technology has been utilized for the
classification of shear and tension cracks during the fracture
process of concrete structures [26], as well as for monitoring
various materials and structures including rocks [27], coal
samples [28], and railway substructures [29].

Machine learning (ML) is a subfield of artificial in-
telligence that enables systems to improve and optimize their
performance autonomously by learning from data and
recognizing patterns. ML algorithms leverage extensive
datasets to identify underlying patterns through training and
optimization processes, thereby facilitating accurate pre-
dictions or informed decisions. The training of ML models
necessitates a substantial volume of data. AE technology,
when employed to monitor the material failure process,
generates a dataset comprised of parameters that can be used
in ML. Pattern recognition of AE signals from various
building materials has been made in the application of ML in
structural health monitoring. Liu et al. [30] investigated AE
signals generated during alloy deformation through an in-
tegrated approach that combined supervised and un-
supervised ML techniques. Heidary et al. [31] employed
unsupervised pattern recognition analysis, specifically fuzzy
C-means clustering related to principal component analysis
(PCA), to identify the damage modes of composite materials
at various stages of drilling. Li et al. [32] successfully clas-
sified AE signals during the stress corrosion of 304 stainless
steel using the k-means clustering algorithm, achieving
promising results. Soltangharaei et al. [33] employed a hi-
erarchical clustering algorithm to classify AE signals from
cement mortar column specimens under monotonic loading
conditions and identified the failure modes based on the
characteristics of these signals. Radhika et al. [34] performed
a parametric analysis of AE data obtained from 12 beam
specimens subjected to three-point bending tests. Through
the application of PCA and k-means clustering algorithms,
they identified four distinct damage mechanisms in concrete
under fatigue loading conditions. In conclusion, ML has
been extensively applied in the recognition of material
damage, offering a novel and effective approach for iden-
tifying damage patterns in concrete structures.

It is important to highlight that previous studies on the
identification of concrete damage modes have seldom taken
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into account the influence of water content within internal
voids on the damage mode. As a constituent within the
concrete medium, free water possesses specific functional-
ities and characteristics that play a significant role during the
process of concrete failure. Water exerts a significant in-
fluence on the various damage modes of concrete. As the
moisture content varies, distinct damage modes are expected
to exhibit different patterns. It is viable to determine the
damage modes of concrete structures utilizing ML models.
In this study, the fracture process of concrete specimens with
varying moisture content was monitored using AE tech-
niques, and the influence of free water within voids on the
damage and fracture evolution of concrete was investigated.
The AE signal patterns during the failure process of concrete
are identified using a combination of moisture content
analysis and an unsupervised learning algorithm. Further-
more, the impact of varying moisture content levels on
distinct AE signal patterns is examined. Utilizing the BP
neural network, we have developed prediction models for
various signal patterns. This study offers robust theoretical
support and comprehensive safety guidelines for the health
monitoring of concrete structures operating in aquatic or
heavy rainfall environments.

2. Experiment

2.1. Sample Design. In the tests, 15 concrete specimens with
a water-to-cement ratio of 0.58 were fabricated, and each
specimen had dimensions of 150 x 150 x 150 mm. The spe-
cific mix proportions are detailed in Table 1. The cement
utilized is standard Portland cement, while the fine aggregate
consists of medium sand. The coarse aggregate comprises
macadam with a maximum particle size of 20 mm. Cement,
sand, and gravel are all produced in Guilin Xiangjiu Sand
Field. All samples were fabricated and cured at the same time
period under standard conditions for 28days following
demolding. Upon completion of the curing period, the
specimens were air-dried in a well-ventilated environment
for 1 month, followed by artificial drying.

The test samples were categorized into five groups, with
each group undergoing three replicate trials. Following
natural drying, the samples were placed in a drying oven set
at 105°C for 24h. Subsequently, the dried samples were
labeled and weighed, allowed to equilibrate to room tem-
perature, and sealed with plastic film. Thereafter, the samples
were subjected to soaking.

To control the moisture content of the samples, they
were categorized into five groups, each comprising three
samples. The grouped samples were submerged in water. The
control samples were subjected to soaking durations of 6, 12,
24, and 48h. The samples following each soaking period
were designated as C-6, C-12, C-24, and C-48, respectively.
To compare their damage characteristics, a set of dry
samples, designated as C-0, was reserved. After soaking the
samples, we gently blotted the surface moisture using paper
towels and then weighed them. Subsequently, the samples
were sealed with plastic wrap and allowed to remain in the
room for 3 days to ensure complete water absorption. After
sealing the test piece with cling film, since there is no air

convection and the temperature change is relatively small,
there is basically no loss of moisture. It is worth noting that
the water immersion and sealing maintenance of the con-
crete specimens were all carried out in the laboratory. This
approach basically compensates for the impact of envi-
ronmental changes on the water loss of the concrete spec-
imens. Following this period, a uniaxial compression test
was performed. Assuming that the weight of the specimen
after drying is G,, and the weight of the specimen after
soaking is G, then the moisture content M can be calculated
as

G-G,
G,

(1)

Table 2 presents the pretreatment outcomes for each
sample group.

2.2. Testing System. 'The testing apparatus primarily consists
of a mechanical loading system and an AE monitoring
system, as illustrated in Figure 1. The mechanical loading
system utilized is the Shanghai Sys-Vertical WAW-3000
series electrohydraulic servo universal testing machine, with
a capacity of 3000kN. The testing procedure employs
continuous loading at a rate of 0.1 MPa/s [22, 23]. The AE
monitoring system utilized in the experiment is the Sensor
Highway 3, a third-generation, 16-channel fully digital
system, manufactured by Physical Acoustics Corporation,
USA. This system comprises preamplifiers, filters, signal
acquisition, and processing units, as well as sensors. We set
the preamplifier gain as 40 dB, in order to reduce the impact
of environmental noise. We tested the environmental noise
in the test site, and the test found that the amplitude of
environmental noise is below 35dB. So, the AE instrument
threshold was set at 40dB, which can filter almost all
environmental noise.

2.3. Test Program

(1) Prior to the testing procedure, the concrete speci-
mens were labeled and weighed with the locations
and sequence of the eight sensors clearly marked. As
illustrated in Figure 2, this figure demonstrates the
positioning of the AE sensors on concrete specimens.

(2) The test sample is positioned on the base of the
testing apparatus, after which the sensor is affixed to
the sample surface using a hot melt adhesive. Fol-
lowing the installation of the sensor, the AST
function should be utilized to verify the adequacy of
the adhesive, ensuring optimal contact between the
sensor and the sample surface.

(3) Set the AE system threshold and preamplifier gain to
40 dB. Typically, the hit definition time is twice the
peak definition time, while the hit lock time should
be marginally longer than the hit definition time.
Consequently, the peak definition time, hit definition
time, and hit lock time are configured at 250, 500,
and 600, respectively.
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TaBLE 1: Proportions of concrete mix.
W/C Cement (kg/m®) Water (kg/m®) Sand (kg/m®) Macadam (kg/m>)
0.58 458.72 266.06 534.05 991.80
TaBLE 2: Sample pretreatment result.
The average
Soaking time weight of Thfe average Water content Pl.'oportlon of
Groups (h) the sample weight after (kg) moisture content
after drying soaking (kg) 8 (%)
(kg)
C-0 0 7.15 — — —
C-6 6 7.12 7.42 0.3 4.21
C-12 12 7.1 7.49 0.39 5.49
C-24 24 7.01 7.44 0.43 6.13
C-48 48 7.11 7.56 0.45 6.33
(4) Set the loading rate of the testing system to 0.1 MPa/  of water in the voids, the water adheres to the surface of the
s, activate the AE acquisition device at the onset of  aggregates, forming a water film that reduces the friction
loading, and record the AE activities of the sample  and collisions between the aggregates. Furthermore, the
throughout the loading process. addition of water enhances the continuity of concrete,
leading to increased medium absorption attenuation of AE
3. Results and Analysis waves during propagation. Therefore, it is observed that

3.1. Damage AE Characteristics of Water-Bearing Concrete.
The damage AE characteristics of water-bearing concrete
were investigated on AE time-domain parameters,
frequency-domain parameters, and the number of different
types of cracks. The commonly utilized AE parameters to
quantify the damage extent of concrete include AE energy
[35], AE ringing counts [22], AE hit counts [23], and peak
frequency [36]. By integrating time-domain and frequency-
domain signal characteristic analyses, the failure process of
water-bearing concrete can be accurately quantified.

3.1.1. AE Energy and Ringing Counts Analysis. The AE
ringing counts refer to the number of times the AE signal
waveform exceeds the preset threshold voltage, which can
characterize the activity level of the AE signal. The higher
the AE ringing counts, the higher the frequency of mi-
croscopic damage events occurring within the materials.
The AE energy refers to the area under the envelope line of
the AE time-domain signal, which can reflect the intensity
of the AE events. The higher the energy, the greater the
elastic wave energy released by the internal damage within
the materials. Figure 3 illustrates the variations in AE
ringing counts, cumulative AE ringing counts, AE energy,
and cumulative AE energy for specimens with varying
moisture content under stress. In general, apart from the
C-0 specimen, the remaining specimens exhibited similar
AE characteristics. Dry concrete exhibits a significantly
higher ringing count and energy level. However, for wet
concrete specimens, both their ringing counts and energy
level rapidly decrease to a normal state. On one hand, the
compressive force exacerbates the frictional interactions
between the internal aggregates of dry concrete, leading to
more intense internal activities. Owing to the filling effect

the AE energy and ringing counts of water-containing
concrete are much smaller than those of dry concrete.
On the other hand, a significant number of voids exist
between the aggregates within dry concrete. Despite these
gaps leading to more pronounced scattering, refraction,
and diffraction attenuation of the AE wave before it rea-
ches the sensor (owing to the significantly lower acoustic
impedance of the gas phase compared to the solid and
liquid phases, which hinders the propagation of the AE
wave in the gas phase), the energy released during the
destruction process does not decrease; rather, it increases.
This indicates that dielectric absorption-induced attenu-
ation of AE waves is more substantial than that caused by
scattering, refraction, and diffraction. The presence of
water not only reduces the collision friction between ag-
gregates but also attenuates the energy of AE waves,
thereby diminishing the intensity of AE activity.

Based on the AE energy and ringing count characteristics
associated with concrete compression failure, the failure
process of concrete can be systematically categorized into
three distinct phases: the localized compaction and elastic
deformation stage, the stable crack propagation stage, and
the unstable crack development stage.

Stage I: the localized compaction and elastic deformation
stage (about 0%-10% of peak stress). The concrete specimen
begins to load, the original cracks and voids inside are
compacted, and elastic deformation occurs. The in-
terconnections between the aggregates are robust, and no
new cracks are initiated. The AE signals at this stage pri-
marily originate from the collision friction between aggre-
gates as the internal voids within the concrete close. The
duration for dry concrete at this stage is longer compared to
water-containing concrete, with greater energy release and
more intense aggregate collision and friction. Conversely,
water-containing concrete compacts more easily due to the
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filling effect of water, leading to a shorter duration, reduced
aggregate collision friction, and partial absorption of
collision-generated energy by water, thereby weakening AE
activity.

Stage II: the steady crack propagation stage (about
10%-70% of the peak stress). With the increase of stress, the
initial crack re-initiates propagation, and the mortar and
aggregate start to exhibit slip toward the crack plane. At this
time, the initial crack also started from the interface between
cement mortar and aggregate with the weakest connection
strength, and the crack continued to extend into the cement
mortar matrix. The cement mortar matrix experiences ir-
reversible plastic strain. At this stage, the AE activity is weak,
and the AE energy and AE ringing counts develop steadily.
With the increase of moisture content, the duration of this
stage gradually lengthens. Dry concrete exhibits a higher
number of initial cracks, faster development rates, and
greater energy release, leading to more intense internal
activities.

Stage III: the rapid crack development stage (about
70%-100% of the peak stress). As the stress on the specimen

progressively approaches the peak stress, the rate of
microcrack propagation accelerates. This leads to increased
deformation of the specimen. The microcracks begin to
interact with and eventually coalesce with the main cracks,
resulting in instability and ultimate failure of the specimen.
At this stage, there is a sharp increase in the number of AE
signals, and macroscopic cracks become evident on the
specimen’s surface, accompanied by audible destruction
sounds. Notably, the increase in AE signals between Stage II
and Stage III for specimens in the dry state is relatively
modest, suggesting potential interactions among various
failure modes. This interaction will be discussed in detail in
Section 3.1.3.

By comparison, we observe that the AE activity in dry
concrete is relatively intense across the three stages. How-
ever, after water absorption, the AE activity is significantly
attenuated as a result of the lubricating effect of the water
film and the absorption of AE energy by the medium. With
the increase of moisture content, Stage II gradually
lengthened, Stage III gradually shortened, and tended to be
stable.
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FIGURE 3: Correlation analysis of ringing counts, energy, and pressure: (a) C-0, (b) C-6, (c) C-12, (d) C-24, and (e) C-48.

The aforementioned rules not only demonstrate a signif-
icant correlation between AE parameters and the failure
process of concrete but also indicate that the presence of free
water in concrete has an influence on the failure mode of the
specimens. To comprehensively understand the failure modes
of concrete specimens with various moisture contents, it is
insufficient to solely analyze time-domain parameters.
Therefore, we conducted an analysis of the peak frequency
extracted from the AE signals after performing fast Fourier

transform (FFT) [37]. The peak frequency can effectively
reflect the number of signals in each frequency band and the
changes in high-, medium-, and low-frequency signals, which
is essential for the characterization of concrete damage.

3.1.2. AE Peak Frequency and Hit Counts Analysis. The
characteristics of AE signals cannot be fully obtained only
through the time-domain parameter analysis of AE signals.
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Therefore, this section analyzes the peak frequency of AE
signals by using FFT. The AE peak frequency refers to the
frequency component in the frequency domain where the
energy of the AE signal is most concentrated, that is, the
frequency point with the highest amplitude in the spec-
trogram. When the AE signal exceeds the threshold and is
received by any sensor, a hit occurs. The higher the hit
counts, the more frequent the damage activity. For the
purpose of facilitating analysis, we categorize the peak
frequency into three bands: low, medium, and high. The low-
frequency band encompasses signals ranging from 0 to
100 kHz, the medium-frequency band includes signals from
100 to 200kHz, and the high-frequency band comprises
signals exceeding 200kHz. Figure 4 shows the change
process of peak frequency of five groups of samples with
different moisture content over time. Overall, the AE cu-
mulative hit counts show a turning point at the junctions of
each stage. In different stages of the specimen under dry
conditions, the number of signal distributions in the three
frequency bands is relatively large. Relatively speaking,
partial absorption of high-frequency signals leads to a sharp
reduction in their quantity within the specimen after water
absorption. Figure 5 shows the percentage of low-, medium-,
and high-frequency signals in the total signals of the three
stages in each of the five groups of specimens.

In Stage I, the cumulative AE hit counts have rapidly
increased, indicating that the damage caused by friction and
collision during this stage was significant, and the AE activity
has intensified. As the moisture content increased, the
proportion of low-frequency signals progressively rose.
Upon reaching saturation, the low-frequency signals had
increased by 61.03%. The proportion of intermediate fre-
quency signals exhibited a gradual downward trend, de-
creasing from C-0 to C-48 with a reduction rate of 60.45%.
No substantial variation in the frequency of high-frequency
signals was detected. In other words, at this stage, the signal
is mainly distributed in the middle- and low-frequency
bands. With the increase of moisture content, free water
not only weakens the collision friction between aggregates
but also reduces the energy generated by the collision
friction and absorbs part of the signal in the middle band
[10], so that the dominant frequency band of the signal is
transferred to the low band.

In Stage II, overall, at the junction with Stage I, the
increase in cumulative hit counts suddenly slowed down.
Except for the dry concrete specimens, the cumulative hit
counts of AE in other specimens rose slowly throughout
Stage II. This indicates that after entering Stage II, the
damage activities within the concrete significantly weak-
ened, and the cumulative hit counts of AE can clearly
distinguish between Stage I and Stage II. The frequency band
composition of the signals in Stage II is still dominated by
the medium- and low-frequency bands. In contrast to Stage
I, the frequency band signal of water-containing concrete
remains stable, with no substantial variations observed. As
the concrete transitions from a dry state to one that contains
water, the predominant frequency band shifts from the mid-
frequency range to the low-frequency range. This suggests
that during the steady crack development stage, the free

water occupying the voids within the specimen progressively
accumulates as microcracks expand. The randomness in the
number of these microcracks results in varying degrees of
absorption of the medium-frequency signal by the free
water. Due to the absence of free water in dry concrete, the
energy released during crack propagation is significant,
leading to the direct reception of mid-frequency signals by
the sensor. Therefore, the response of dry concrete speci-
mens primarily relies on mid-frequency signals.

In Stage III, the cumulative AE hit counts rapidly in-
creased, and the internal damage of the concrete intensified
significantly. The activity of AE was significantly enhanced.
The AE signals were distributed in the low-, medium-, and
high-frequency bands, but the low-frequency and medium-
frequency bands were predominant. The difference was that
compared with Stage I and Stage II, the proportion of high-
frequency band signals was larger in Stage III. The pro-
portion of low-frequency and medium-frequency band
signals in dry concrete was comparable, while the high-
frequency band signals were about 4-15 times that of water-
containing concrete. In this stage, as the water content
increased, the AE activity decreased slightly. The high-
frequency signals and some of the medium-frequency sig-
nals were absorbed by water, and the signals shifted from the
high- and medium-frequency bands to the medium- and
low-frequency bands, with a relatively small shift amplitude.

In summary, the cumulative hit counts of AE can ef-
fectively represent the degree of damage activity within the
concrete. Analysis of the peak frequency reveals that the
water’s effect weakens the fracture mechanism of the
concrete and absorbs the AE signals in the medium- and
high-frequency bands. However, when the specimen rea-
ches the saturated water absorption rate, this change may
tend to stabilize. Based on the variations in signal pro-
portions observed during Stages I, II, and III, it is evident
that the free water within the voids of the specimen exhibits
a higher absorption capacity for mid-to-high frequency
signals, whereas low-frequency signals remain relatively
stable.

3.1.3. AE RA-AF Analysis. The cracks in concrete under
uniaxial compression are mainly shear cracks and tension
cracks. Relevant studies have shown that the values of RA
and AF are closely related to the cracking type of concrete
[38-42]. The RA value refers to the ratio of the AE rise time
to the amplitude, which is called the rise angle. AF is the ratio
of the AE ringing counts to its duration. The shear damage
signal exhibits a higher RA value and a lower AF value,
whereas the tension damage signal demonstrates a lower RA
value and a higher AF value. This suggests that these two
types of signals can be effectively differentiated by estab-
lishing an appropriate demarcation line. To facilitate the
comparison of cracking signal characteristics across varying
moisture content states, this study includes all signals from
the five specimen groups. Therefore, using dry-state concrete
specimens as a reference, the slope of the dividing line is set
to 1. Figure 6 shows the classified signals and the proportion
of different types of signals at each stage.
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FIGURE 4: Correlation analysis of AE peak frequency and hit counts: (a) C-0, (b) C-6, (c) C-12, (d) C-24, and (e) C-48.

On the whole, the predominant cracking signal observed
in the specimen is tensile in nature, with the shear signal
comprising only 1.44%-14.09% of the total signals. As the
moisture content increases, the proportion of shear signal
exhibits a gradual decrease. It is noteworthy that the shear
crack signal intensity in dry concrete specimens is signifi-
cantly higher than that in water-containing concrete, sug-
gesting that the presence of water alters the damage
mechanism of concrete. When dry concrete is subjected to

compressive stress, the lack of infill in the voids and the
irregular shape and size of internal aggregate particles result
in interparticle slippage. This slippage can cause a deflection
in the direction of the principal compressive stress acting on
the aggregate particles, thereby increasing the angle between
the aggregate particles and the principal compressive stress.
Consequently, this phenomenon enhances the likelihood of
diagonal shear failure in concrete. After concrete absorbs
water, the free water fills the voids and bears a minor portion
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FIGURE 5: Proportions of signals in different frequency bands at different stages: (a) Stage I, (b) Stage II, and (c) Stage III.

of the pressure. Consequently, the angle between the ag-
gregate particles and the principal compressive stress un-
dergoes a slight alteration. When the internal stress within
the concrete surpasses its bearing capacity, microscopic
damage initiates, ultimately leading to the formation of
macroscopic tensile cracks.

From a stage-by-stage perspective, during Stage I, the
proportion of shear signals progressively diminishes. This
trend suggests that as moisture content increases, the
internal voids within the specimen become increasingly
filled, thereby mitigating the likelihood of inclined shear
failure to some extent. In Stage II, except for the dry
concrete specimens, the other specimens hardly produce
the shear-type signal. This is because the development of
microcracks at this stage is dominated by the main
compressive stress, its direction is almost not deflected,

and due to the pressure and lubrication of free water, the
failure trend of shear cracks in Stage I is not overextended.
In Stage III, the microscopic crack penetration and
macroscopic failure occurred, and the shear signal of
2.76%~22.97% was generated. At this juncture, the shear
failure trend established during Stage I commenced its
influence. The orientation of the principal compressive
stress underwent a shift, leading to an increased angle
between the aggregate particles and the principal com-
pressive stress. Consequently, partial shear failure was
observed. With the increase in moisture content, the
proportion of shear signals exhibits an irregular pattern.
This is attributed to the interaction between shear cracks
and tension cracks during their development, leading to
the formation of composite cracks. Such interactions result
in instability and unpredictability in crack behavior.
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FIGURE 6: The classification of shear and tension cracks and the proportion of cracks in each stage: (a) C-0, (b) C-6, (c) C-12, (d) C-24, and

(e) C-48.
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3.2. Recognition of Cement Slurry Crack Pattern Based on
Unsupervised ML. The aforementioned analysis examines
the characteristics of AE signal time-domain and frequency-
domain parameters, as well as the development mechanisms
of internal cracks in concrete with varying moisture content,
based on changes in time-domain parameters, frequency-
domain parameters, and RA-AF. Accurately identifying
various types of damage signals remains the primary chal-
lenge that needs to be addressed, and it is of critical im-
portance for evaluating the failure modes of concrete. It is
challenging to distinguish between the various types of
damage signals in concrete. The emergence of ML offers
a novel approach for the pattern recognition of damaged
signals. In this section, we incorporate moisture content
analysis, employ ML algorithms, and integrate the method
proposed in literature [34] to identify and predict the signal
pattern of the concrete cracking process. Figure 7 illustrates
the comprehensive methodology employed in this section.
The primary contents encompass the correlation analysis of
AE parameters, feature engineering of high-dimensional
data for ML, concrete cracking signal pattern classifica-
tion based on an unsupervised learning algorithm, cracking
signal pattern identification based on moisture content and
AE parameters, and cracking signal pattern prediction based
on BP neural network.

3.2.1. Correlation Analysis of AE Parameters. The parame-
ters utilized in ML should exhibit low similarity or sub-
stantial dissimilarity to enable the model to more effectively
identify patterns within the data. So, it is necessary to analyze
the correlation of AE parameters. The main parameters used
for AE signal analysis include time-domain parameters and
frequency-domain parameters; the time-domain parameters
mainly include rise time [43], counts, energy, duration [44],
amplitude [45], signal strength [46], and absolute energy
[47], and the frequency-domain parameters mainly include
frequency centroid [48] and peak frequency.

Correlation analysis is a statistical method employed to
quantify the degree of association between two or more
variables. Essentially, correlation analysis is used for spotting
patterns within datasets. A positive correlation result means
that both variables increase in relation to each other, while
a negative correlation means that as one variable decreases,
the other increases In general, the relationship between data
can be categorized into two types: linear correlation and
nonlinear correlation. The relationship between linear data
can frequently be described through the formulation of
a linear equation, wherein an increase or decrease in one
variable corresponds to a proportional increase or decrease
in the other variable. The relationship between nonlinear
data is inherently more intricate and cannot be adequately
represented by a linear model. As one variable undergoes
changes, the corresponding changes in the other variable
occur at varying rates. Pearson [49] correlation analysis is
utilized to quantify the linear relationship between variables,
assuming that the data are normally distributed. Pearson
correlation analysis quantifies the linear relationship be-
tween variables by defining the Pearson correlation
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coefficient “r.” In cases where the data contain outliers or do
not follow a normal distribution, the interpretative power of
the Pearson correlation coefficient may be compromised.

« »

The Pearson correlation coefficient “r” is defined as follows:
I Y (x5 —x) (i - y)

xy n 2yn 2

\/Zz’:l (xi=x)" 2 (i - )

where x; and y, represent 2 groups of variables, and x and y
represent the arithmetic mean of the two sets of variables,
respectively.

Spearman correlation analysis [49] is employed to assess
the nonlinear relationship between variables. This method
evaluates the monotonic association based on the ranks of
the data points, rendering it relatively robust to the distri-
bution shape and less sensitive to deviations from normality.
Spearman correlation analysis measures the degree of cor-
relation between data by defining the Spearman correlation
coeflicient “S,” which is not affected by data distribution and
is not sensitive to outliers. Spearman’s correlation coefficient
“S” is defined as follows:

(2)

n 2
S(X,Y)=1 -762";11)" . (3)
N(N*-1)
where X and Y represent 2 sets of data, D; represents the
difference between the grades of two variables being ob-
served, and N indicates the sample size. The range of Pearson
and Spearman correlation coeflicients is [-1, 1] (correlation
approaching 0 indicates no correlation; approaching 1
represents a positive correlation; approaching —1 means
negative correlation).

Figure 8 presents the Pearson and Spearman correlation
coefficient matrices for 9 AE parameters, specifically rise
time, ringing counts, energy, duration, amplitude, signal
strength, absolute energy, frequency centroid, and peak
frequency. In general, the parameters showed a strong
nonlinear correlation, so the parameters used in the sub-
sequent process were selected according to Spearman cor-
relation coefficient analysis. Spearman correlation analysis
revealed a strong association between energy, absolute en-
ergy, and signal intensity, with correlation coefficients
ranging from 091 to 1.0, and concentrated distribution
around 0.97. Consequently, the selection of energy pa-
rameters can effectively characterize both absolute energy
and signal intensity. The absolute values of the correlation
coefficients between rise time, ringing counts, duration,
amplitude, frequency centroid, and peak frequency are all
below 0.95, indicating that these parameters can be utilized
for subsequent data processing. However, considering that
both the rise time and the duration are defined based on the
time axis, both reflect the time evolution process of the signal
and are related to the energy release characteristics of the
signal. That is, the shorter the rise time, the more concen-
trated the signal energy release is, and the longer the du-
ration, the more persistent the signal energy release process
is. Moreover, the rise time can only represent part of the
characteristics of the AE signal, while the duration can
directly reflect the length of the AE signal in the time
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FiGure 7: Methodological introduction.

domain. Therefore, the rise time is excluded. The final AE
parameters determined for subsequent processes include
ringing counts, energy, duration, amplitude, frequency
centroid, and peak frequency.

3.2.2. Feature Engineering of High-Dimensional Data for ML.
There are 6 parameters selected after Spearman correlation
analysis, which is still difficult for ML models to process.
Feature engineering of high-dimensional data is the focus of
ML. Commonly employed data dimensionality reduction
and feature extraction techniques encompass PCA [50] and
kernel PCA (KPCA) [51]. The traditional PCA algorithm is
primarily designed for linearly separable data, and its ef-
fectiveness is notably constrained when applied to non-
linearly separable data. Specifically, a key limitation of the
PCA algorithm is its inability to effectively separate non-
linearly separable data using a linear classifier in the original
feature space. The KPCA algorithm employs a kernel
function to project the data into a high-dimensional feature
space, thereby enhancing the linear separability of the data
within this space. Subsequently, it applies the PCA algorithm
to the transformed data for dimensionality reduction and
feature extraction. Common kernel functions utilized in
KPCA encompass the linear kernel, polynomial kernel, and
radial basis function (RBF) kernel, among others. Notably,
both the polynomial and RBF kernels fall into the category of
nonlinear kernels. The RBF kernel is one of the most
common and efficient kernel functions, and its expression is
as follows:

_"xi B jj“z i (4)

V(xi,xA) = exp Y

J

where x; and x; represent the input sample, and o is the
width parameter of the function, which controls the radial
range of the function.

As evidenced in the preceding section, AE parameters
exhibit characteristics of nonlinear data. Consequently,
KPCA is applied to these data, utilizing a RBF as the kernel.
In the computation of KPCA, the proportion of variance
explained by each principal component relative to the total
variance can be derived. This proportion serves as an

indicator of the information encapsulated within each
principal component. The formula for calculating co-
variance is as follows:

Cov =13 b (x)o (), 5)
i=1

where 7 is the dimension of the original data, x; is the i-
dimensional raw data, and ¢ is the mapping function. The
characteristic equation is

A-v=Cov-v, (6)

where A is the eigenvalue, and v is the corresponding ei-
genvector. The variance contribution rate is calculated as
follows:

Ai

LA, 7

Figure 9 illustrates the variance interpretation rates of
each principal component for AE parameters. The cumu-
lative interpretation rates for PCl, PC2, PC3, and PC4
reached 95%, effectively capturing the majority of parameter
characteristics. Furthermore, the data transformed by KPCA
are more amenable to visualization and interpretation. The
outcomes of KPCA will subsequently be employed in the
ensuing ML procedures, which will be elaborated upon in
the following section.

Aov

3.2.3. Concrete Cracking Signal Pattern Classification Based
on the Unsupervised Learning Algorithm. To eliminate the
dimensional discrepancies among various principal com-
ponents and facilitate subsequent analysis, PC1, PC2, PC3,
and PC4 were normalized. Unsupervised learning refers to
a type of ML algorithm where the data are not prelabeled,
and the algorithm autonomously identifies features and
patterns within the data. Commonly employed unsupervised
learning algorithms include k-means clustering [52], spec-
tral clustering [53], and density-based clustering [54]. The k-
means clustering algorithm is currently the most widely
utilized unsupervised learning method. It boasts high
computational efficiency, making it particularly suitable for
large-scale datasets. In addition, it can achieve convergence

85US011 SUOWILLIOD BANIERID 3|edt|dde au) Aq pauBA0B 9 SO 1L YO ‘88N JO SN 10} ARiq 1T BUIIUO AB]IM UO (SUOTIPUGO-PUR-SLLBILI0Y" A5 | 1M AReIql1[BuUO//:Sd1Y) SUOIIPUOD PUE SWi 1 aU) 885 *[5202/80/70] U0 AXIq1 8UIUO AB1IM ‘U0pUOT JO AISIBAIN AND Ad 886ES99/0IS/SSTT OT/10p/W00" A8 | I AR IPUIIUO//STIIY Woa) papeojumod ‘T ‘G20z ‘WS



Structural Control and Health Monitoring

C-0 Pearson correlation matrix

Peak frequency |-0.02 0.01 -0.01 0.00 0.3 000 0.00

Frequency centroid [-0.09 -0.04 -0.03 -0.04 -0.08 -0.02 -0.01

Absolute energy  0.09 020 062 036 0.00
Signal strength | 0.18  0.38 . 0.57 -0.02 0.00
Amplitude {035 031 019 024 ~0.08 0.13

Duration } 0.49.

Energy

Ringing counts

Rise time

024 057 036 -0.04 0.00

0.19 . 0.62 -0.03 -0.01

031 038 020 -0.04 0.01

Rise time

.56 032 049 035 0.8 009 -0.09 -0.02
2 sz = )
e F 2 % B %%
g g g = 5 E 1 2
s & 5 & 5 5 § &
w a g zZ g 3 g
£ 2 = 2 3z £
2 5 % 5 %
£ g g 3
& @ 2 §. a
&

()

C-24 Pearson correlation matrix

Peak frequency | 003 0.03

Frequency centroid {-0.07

Absolute energy
Signal strength
Amplitude
Duration

Energy

Ringing counts

o
S
o
3

Rise time

002 002 041

0.54 029 046 027 007 0.03

002 0.01

-0.04 -0.02

Rise time
Energy

Ringing counts

Duration

<
z
E]
£
=2

(d)

C-6 Spearman correlation matrix

Signal strength
Absolute energy
Frequency centroid
Peak frequency

Peak frequency
Frequency centroid
Absolute energy
Signal strength
Amplitude
Duration

Energy

Ringing counts

Rise time.

Rise time
Ringing counts
Energy

FIGURE 8: Pearson and Spearman correlation analysis: (a) C-0 Pearson, (b) C-6 Pearson, (c) C-12 Pearson, (d) C-24 Pearson, (e) C-48

058 042 046 054 046 05

Duration

05

0.46

0.54

0.46

0.42

0.58

Amplitude
Signal strength
Absolute energy
Frequency centroid
Peak frequency

(g)

-0.20

-0.40

-0.60

Frequency centroid

Frequency centroid

Frequency centroid

Frequency centroid

C-6 Pearson correlation matrix

Peak frequency 0.17 002 007 044 003 001 020
Absolute energy
Signal strength
Amplitude 0.56 038
Duration
Energy
Ringing counts

Rise time 027 035 0.8

Signal strength
Absolute energy
Frequency centroid
Peak frequency

(b)

C-48 Pearson correlation matrix

Peak frequency | 0.03 017 002 009 044 002 0.00

Absolute energy
Signal strength
Amplitude
Duration
Energy : 07 0.02
Ringing counts

Rise time

Rise time
Ringing counts
Duration
Amplitude
Signal strength
Absolute energy
Frequency centroid
Peak frequency
| | | aa— | e ——

(e)

C-12 Spearman correlation matrix

041 046 055 046 050 -0.03

Peak frequency

Absolute energy
Signal strength
Amplitude
Duration
Energy
Ringing counts

Rise time. 047 055 047

Energy
Duration
Amplitude

Ringing counts
Signal strength
Absolute energy
Frequency centroid
Peak frequency

(h)

C-48 Spearman correlation matrix

Peak frequency 057 040 050 053 047 049
Absolute energy
Signal strength
Amplitude | 0. 053
Duration 0.50
Energy | 0. 040

Ringing counts

2

Rise time

Rise time
Ringing counts
Duration
Amplitude

Signal strength
Absolute energy
Frequency centroid
Peak frequency

0.6

0.4

0.2

0.0

-02

-0.4

-0.2

-04

-06

C-12 Pearson correlation matrix

Peak frequency £0.02 0.07 002 004 043 003 000 021

-0.07 -0.06 -0.09 -0.09.-0.09

Absolute energy | 0.08 0.6 056 0.5 0.5 0.56

Frequency centroid

-0.02

Signal strength | 0.55 056 -0.09
Amplitude | 028 029 034 030 aJs.
Duration 0.15 009

Energy 056 -0.09

Ringing counts 0.16 006

Rise time 0.08 007

&
5
g

Rise time

R
A £
2

(©

C-0 Spearman correlation matrix

Ringing counts
Signal strength
Absolute energy
Frequency centroid

Peak frequency £ 0.03 019 005 010 017 006 008 042
Frequency centroid

Absolute energy | 0.48

Signal strength | 0.54
Amplitude
Duration
Energy

Ringing counts

Rise time

Duration

Ringing counts | &
Amplitude
Signal strength
Absolute energy
Frequency centroid

()

C-24 Spearman correlation matrix

Peak frequency 057 042 047 054 046 049 -0.05
Frequency centroid
Absolute energy
Signal strength
Amplitude
Duration
Energy
Ringing counts

Rise time 046 055 0.47

Duration
Amplitude

Ringing counts
Signal strength
Absolute energy
Frequency centroid

®

Pearson, (f) C-0 Spearman, (g) C-6 Spearman, (h) C-12 Spearman, (i) C-24 Spearman, and (j) C-48 Spearman.

0.02

0.07

0.02

Peak frequency

Peak frequency

Peak frequency

13

1.00
0.80
0.60
0.40
0.20
0.00
-0.20
-0.40

-0.60

uopuo Jo Aisienun AD Aq 886EE£99/015/SSTT OT/10p/W00 A3 | Afeiq Ul juo//Sdny wiouy pepeo|umoq ‘T ‘SZ0Z ‘WYs

5180117 SUOLLILIOD 9A1IE810 3|01 dde aU) Aq pouBAOB 3.8 DI YO 88N J0 S9N 10} AXRiq 1T 8UIIUO AB]1A O (SUOIPUOD-PUR-SLLLBYWIOD™AB | ARR.q BU U0/ /SA1U) SUORIPUOD PLE SWIS 1 8L 39S *[5202/80/v0] U0 ARIGIT8UIIUO AB1IM



14

Variance explained (%)

Variance explained (%)

100

80

60

40 A

20

100

80

60

40

20

21.34  21.34  20.96

PCl1 PC2 PC3 PC4 PC5 PCé
Principal component

B Variance explained
—o— Cumulative variance explained

(a)

2250 21.92

20.15

PC1 PC2 PC3 PC4 PC5 PCo6
Principal component

B Variance explained
—o— Cumulative variance explained

Structural Control and Health Monitoring

100 - 5 -
80 - o/
60 -

40 A

22.85

Variance explained (%)

22.19 1947
20 -

PCl PC2 PC3 PC4 PC5
Principal component

B Variance explained
—o— Cumulative variance explained

()

PCe6

100 ° v

/
Jo

40

22.52 22.00

Variance explained (%)

20.04
20 -

PC1 PC2 PC3 PC4 PC5
Principal component

B Variance explained
—o— Cumulative variance explained

(d)

(©)

100 - /
80 - 9
S
a=]

L

£ 60 - o
=

oy

5

L

8 40 {3495

8

=

=

0.45 0.00

PC1 PC2 PC3 PC4 PC5 PCo

PCe

Principal component

B Variance explained
—o— Cumulative variance explained

(e)

FIGURE 9: Variance explained rate of each principal component: (a) C-0, (b) C-6, (c) C-12, (d) C-24, and (e) C-48.
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within a finite number of iterations. It has a simple structure
and is highly interpretable. The fundamental principle of the
k-means algorithm is to minimize the within-cluster sum of
squares, thereby ensuring that data points are grouped into
clusters, where the intracluster similarity is maximized.
Through multiple iterations, the algorithm will refine the
distribution of clusters to minimize the distance between
data points and their respective centroids, ultimately
achieving convergence. The sum of squares of the distance
between each point and the center of its cluster is calculated
as follows:

w=3 5 Je-ul ®

i=1 X€N;

where n represents the number of clusters, N; is the point set
of cluster i, x is the data point in N, y; represents the cluster
center of cluster i, and |x — [/li||2 is the square of the Eu-
clidean distance between x and ;. k-means usually uses
Euclidean distance to measure the distance between a point
and the center of a cluster, and its formula is

(9)

Prior to employing the k-means algorithm, it is im-
perative to predetermine the number of clusters, a factor that
significantly influences the clustering outcome. To de-
termine the optimal number of clusters, we concurrently
calculate the silhouette coefficient, Calinski-Harabasz (CH)
index, and Davies-Bouldin (DB) index, with the number of
clusters ranging from 2 to 5. It is worth noting that the
silhouette coeflicient, DB value, and CH value mentioned
here are all evaluation indicators calculated based on the k-
means clustering results. The silhouette coefficient focuses
on the rationality of the assignment of individual samples.
The DB index is used to measure the balance between the
compactness within clusters and the separation between
clusters. The CH index assesses the separation degree of
clusters by comparing the ratio of intercluster dispersion to
intracluster dispersion. A lower DB value, coupled with
a higher contour coeflicient and CH value, indicates a more
effective clustering outcome. Figure 10 presents the calcu-
lated results of the contour coeflicient, CH value, and DB
value for the C-0, C-12, and C-48 specimens. Two clusters
are appropriate for dry concrete, whereas three clusters are
recommended for water-containing concrete. This indicates
that a certain damage mechanism is expanding as the
specimen absorbs water, so we determined the cluster as 3 in
order to explore this damage mechanism.

The k-means clustering algorithm was applied to five
distinct datasets, effectively partitioning the original data
into three distinct clusters. Figure 11 shows the spatial
distribution of the three clusters. Although PC1, PC2, PC3,
and PC4 are utilized for clustering, for the sake of descriptive
simplicity, we have chosen to visualize the data in three-
dimensional space using only PC1, PC2, and PC3. As can be
seen from the figure, although the clustering shapes of other
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samples except C-0 are different, the overall clustering effect
is good. The C-0 specimen generated 2 -3 times more signals
compared to other specimens, as the damage occurred in an
environment devoid of water, thereby eliminating the ab-
sorption of sound signal energy by water. Furthermore, the
substantial energy release has resulted in elevated values of
the measured acoustic parameters, which are identified as
the primary factor contributing to the suboptimal clustering
performance. A viable approach is to evaluate the signal
pattern following clustering based on the variation of
moisture content and AE parameters. In the next section, we
will identify the signal pattern of the whole process of
concrete compression through moisture content and AE
parameter characteristics.

3.24. Cracking Signal Pattern Identification Based on
Moisture Content and AE Parameters. The proportion of
signals from each cluster relative to the total number of
signals is presented in Table 3. We will consider identifying
clustering features with as few AE parameters as possible.
Energy and amplitude can be used to quantify the strength of
the signal, while duration reflects the temporal extent of the
signal. In addition, frequency centroid provides insight into
the signal’s frequency-domain characteristics. Conse-
quently, these four parameters, energy, amplitude, duration,
and frequency centroid, are selected as the key indicators for
identifying damage signal patterns associated with clustering
analysis. Figure 12 illustrates the correlation analysis dia-
gram of AE signal parameters for different clustering seg-
ments. Three distinct types of characteristic signals can be
identified from the figure, detailed as follows:

(1) Cluster 1 exhibits the lowest signal energy, with its
amplitude and duration being marginally higher
than those of Cluster 2, while the frequency centroid
remains comparable. In addition, the proportion of
Cluster 1 among all specimens did not exhibit sig-
nificant variation and was consistently the smallest.
In other words, the damage mode associated with
Cluster 1 is commonly observed in both dry and
water-containing concrete specimens, exhibiting
minimal correlation with their moisture content. The
moisture content will affect the strength of concrete,
so the damage mechanism inside the concrete is
basically related to the moisture content. Owing to
the development and propagation of microcracks
within the concrete, the compressive surface may
experience minor slippage, leading to friction. The
friction is relatively mild, resulting in a low intensity
of the measured AE signal. The low-frequency
centroid suggests that the energy of this signal is
predominantly concentrated in the low-frequency
components. Cluster 1 may be related to the fric-
tional motion signals of the concrete compression
surface.

(2) The signal of Cluster 2 exhibits moderate energy
levels (higher than those of Cluster 1), a moderate
frequency centroid, relatively lower amplitude, and
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FiGgure 10: Selection of cluster number: (a) C-0, (b) C-12, and (c) C-48.

shorter duration. The medium energy and low
amplitude indicate that the signal is not violent. The
proportion of Cluster 2 exhibited a gradual increase
as the moisture content rose. In the process of
concrete fracture, the fracture surface will be active,
including frictional slip, collision, intersection, and
so on. In dry concrete, the movement of the fracture
surface is weak. After the specimen absorbs water,
the free water in the void will concentrate to collect
and fill the microcracks in the cement mortar. The
accumulated free water will produce a “wedging
[10]” effect on the tip of the microcrack, accelerate
the development of microcrack, and produce more
AE signals. Due to the lubrication and wedging
action of water, the movement of the fracture surface
is intensified. Combined with AE parameter features,
it can be determined that these are the fracture
surface activity signals.

(3) The signal distribution range of Cluster 3 is wide, and
the values of signal characteristic parameters are
distributed at all levels. With the increase in moisture
content, the proportion of Cluster 3 progressively
diminishes. The smaller the moisture content, the
more intense this signal pattern is, which may be
related to aggregate cracking. Due to the filling and
lubricating effect of free water on the void inside the
concrete, the friction between the cement mortar and
the particles inside the interfacial transition zone (ITZ)
is reduced, making the aggregate more prone to
cracking. Coarse aggregate is the hardest part of
concrete and releases a lot of energy when broken,
corresponding to a signal with the highest energy and
maximum amplitude. The ITZ is the interface area
between aggregate and cement mortar in concrete,
which has high porosity, is the weak part in concrete,
and is also one of the areas most susceptible to external
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FIGURE 11: Three-dimensional visualization of clustering data: (a) C-0, (b) C-6, (c) C-12, (d) C-24, and (e) C-48.
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TABLE 3: Percentage of signals from each cluster of the total signal.
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Ficure 12: Continued.
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FIGURE 12: Correlation analysis of AE parameters: (a) C-0, (b) C-6, (c) C-12, (d) C-24, and (e) C-48.
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FIGURE 14: Schematic diagram of the BP neural network training process: (a) C-0, (b) C-12, and (c) C-48.
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factors. When ITZ is destroyed, the energy released is
weak and the amplitude is small, corresponding to the
part with the lowest energy and the smallest ampli-
tude. Due to the varying degrees of cracking of cement
mortar, the energy range generated is large, corre-
sponding to the part between the coarse aggregate
cracking signal and the ITZ cracking signal.

Each cluster is divided into the three stages distinguished in
Chapter 3.1.1, and the proportion of clusters in each stage is
shown in Figure 13 It is observed that the three clusters are
predominantly distributed in Stages IT and III, indicating that
the three damage mechanisms primarily occur during the
stable and unstable fracture development stages. In Stage II, the
frictional motion of dry concrete compression surface, fracture
surface activity, and aggregate cracking are predominant. As
moisture content increases, the three signal modes of water-
bearing concrete exhibit a trend of transitioning from domi-
nance in Stage III to dominance in Stage II. This suggests that
increased moisture content may accelerate the development
speed and intensity of microcracks in concrete, leading to
a shortened stable crack development stage, premature
cracking, and ultimately a reduction in strength.

3.2.5. Cracking Signal Pattern Prediction Based on the BP
Neural Network. Although the clustering algorithm is ca-
pable of identifying distinct signal patterns during the

concrete failure process, it fails to achieve real-time pre-
diction of signals generated during the monitoring process.
To address this limitation, a real-time signal category pre-
diction model based on the BP neural network is proposed
for predicting signal patterns in the real-time monitoring
process. The clustering algorithm’s recognition output serves
as the data label for the BP neural network. The BP neural
network [55] is an artificial neural network model that relies
on the backpropagation algorithm, and it stands as one of
the most extensively utilized neural networks in various
applications. The fundamental mechanism of this network
encompasses both the forward propagation of signals and
the backward propagation of errors. Structurally, a BP neural
network consists of three layers: the input layer, hidden
layer, and output layer. It refines its performance by
adjusting weights and thresholds through the back-
propagation algorithm. Specifically, the input layer receives
raw data inputs, the hidden layer processes these inputs
through complex transformations, and the output layer
delivers the final prediction outcomes. Throughout this
process, neurons exert their influence progressively layer by
layer. In cases where the initial predictions do not meet
expected standards, the network initiates the error back-
propagation phase. During this phase, the discrepancies
between predicted and actual results are used to fine-tune
the network’s weights and thresholds, thereby enhancing the
overall accuracy of the BP neural network.
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A substantial volume of training data can prolong the
neural network’s training duration and lead to issues such as
inadequate generalization capability. Consequently, for each
sample category, only 6000 instances are selected for model
training and evaluation. The 6000 sets of data contain 3
signal modes, and each set of signals contains 4 features,
namely, PC1, PC2, PC3, and PC4. The data amount of each
signal mode is 2000 groups, and the data label is provided by
the clustering result. We take 80% of the data for training the
model and 20% for testing the model. In this study, the
number of hidden layers was set at 0.5 to 2 times that of the
input layer. The performance of the test set was monitored as
the number of hidden layers was gradually increased,
thereby determining the optimal number of hidden layers.
Taking specimens C-0 and C-6 as examples, Table 4 shows
the accuracy rates of the test set when the number of hidden
layers was 2—-8. When the number of hidden layers was 7 and
8, the accuracy rate of the test set reached over 99%, so the
number of hidden layers was set to 7. We set the maximum
number of iterations for the model to 1000, the target
training error to 0.001, and the learning rate to 0.01. The
performance variation of the mean square error during the
training process is illustrated in Figure 14. As the number of
iterations increases, the mean square error of the BP neural
network gradually decreases. The model can basically
achieve the set target error within 200 iterations. The result
analysis is represented by a confusion matrix. The confusion
matrix shows how the predicted label compares to the real
label, helping to identify how the model performs in dif-
ferent categories. Figure 15 shows the confusion matrix for
the training set and the test set. As can be seen from Fig-
ure 15, the BP neural network model is fully trained, and the
accuracy rate of the test set is basically above 99%, which can
accurately identify different signal modes in the whole
process of concrete compression. This further demonstrates
the accuracy of the clustering outcomes, as the training of
neural networks inherently demands a high-quality dataset.
When a new signal generated during the compression
process is input to the model, the BP neural network pre-
diction model can give the correct prediction.

4. Conclusions

In this study, uniaxial compression tests and AE monitoring
were conducted on concrete specimens with varying
moisture contents. The temporal and frequency-domain
changes in AE signal parameters were systematically ana-
lyzed. Furthermore, the tension and shear cracks were
distinguished using the AE RA-AF method, allowing for an
in-depth analysis of the crack development mechanisms.
With moisture content as the main line, thee ML algorithm
is used to identify and predict the AE signal pattern of the
whole process of concrete compression. The study has led to
several key conclusions, which are summarized as follows:

(1) The AE activity in dry concrete is more pronounced
and exhibits a gradual reduction as the moisture
content increases. The free water in the void inside
the concrete can absorb the medium- and high-

23

frequency signal above 100kHz. The higher the
moisture content, the stronger the absorption effect,
and it tends to be stable when it reaches saturated
water absorption.

(2) Based on the AE analysis conducted by RA-AF, the
predominant failure mode of concrete is tensile
failure, with shear failure comprising only 1.44%-
14.09% of all failures. The filling of the void in the
concrete and the bearing effect of water reduce the
possibility of diagonal shear failure of the specimen.

(3) The correlation analysis of AE parameters reveals
that the relationship between these parameters is
a strong nonlinear correlation. KPCA was employed
to extract the principal components PC1, PC2, PC3,
and PC4. These components effectively capture the
majority of AE parameters, with a cumulative var-
iance explanation rate exceeding 95%.

(4) Based on variations in moisture content, an un-
supervised learning algorithm was employed to
identify three distinct signal modes during the entire
process of concrete compression fracture: frictional
motion signals of the compression surface, fracture
surface activity signals, and aggregate cracking sig-
nals. These three signal modes predominantly
manifest during the middle and late stages of con-
crete fajlure. With the increase of moisture content,
the activity of the fracture surface is gradually en-
hanced, and the cracking degree of aggregate is
gradually weakened.

(5) The BP neural network was employed to predict the
three signal modes, achieving a test set accuracy
exceeding 99%. This model can reliably distinguish
between different signal patterns throughout the
entire process of concrete compression.
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