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Abstract

Abstract

Earthquakes are among the most devastating natural hazards worldwide. Accurate
earthquake prediction can significantly reduce disaster losses, yet seismic precursor
identification remains one of the most challenging scientific problems of our time.
Earthquakes result from macroscopic rock fracture in the Earth's crust, and their
preparation process shares profound physical homology with the cross-scale damage
evolution in materials, from microcrack initiation and propagation to macroscopic
instability. Acoustic emission (AE), as stress waves generated by the release of strain
energy during rock microfracturing, offers the potential to capture direct physical
effects of earthquake preparation and to explore physics-based earthquake precursor
identification. However, existing research faces challenges such as unclear precursor
mechanisms, high false-alarm rates of single methods, and difficulties in unifying
laboratory and field observation scales. Addressing these issues, this study takes
fracture mechanics as the theoretical foundation, adopts the novel Method of Critical
Fluctuations-Based (MCF-B) analysis as the core approach, and leverages AE
technique to conduct cross-scale precursor identification research spanning laboratory
experiments and field measurements, while integrating multi-source data and deep
learning techniques to construct an intelligent precursor warning framework. The main
research work and conclusions are as follows:

(1) An AE signal analysis method based on the critical fluctuation (MCF-B)
approach is proposed. Traditional b-value analysis has limitations in describing
nonlinear amplitude distributions. Grounded in critical fluctuation theory, the MCF-B
method is introduced, incorporating a power-law decay exponent (p2) and an
exponential decay exponent (p3). Its potential for cross-scale application, from material
fracture to earthquake preparation, is demonstrated. It quantifies deviations of
amplitude distributions from ideal power-law behavior and captures crossover
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Abstract

phenomena (p> decrease, p3 increase) as systems approach instability, providing a more
physically meaningful and sensitive statistical criterion for precursor identification.

(2) A series of experiments were conducted, including compression tests on steel
fiber-reinforced concrete (SFRC), size effect tests on ultra-high performance concrete
(UHPC), flexural tests on UHPC-strengthened beams, field monitoring of cracks in
steel-UHPC composite decks, and flexural tests on glass fiber-reinforced polymer
(GFRP) bar-reinforced concrete beams. Results indicate: AE parameters (b-value, RA-
AF, etc.) effectively characterize damage evolution and cracking mode transitions; AE
energy follows a fractal scaling law, with fiber toughening increasing the fractal
dimension of the damage domain; Natural time (NT) analysis can serve as an earlier
warning indicator than the b-value method. In the GFRP beam tests, the MCF-B method,
through the synergistic evolution of its parameters, tracked the entire process from
critical state to instability more robustly and persistently than the traditional bh-value
method. Its identification results were consistent with NT analysis and AE information
entropy analysis, validating the effectiveness and superiority of the MCF-B method in
identifying failure precursors across scales.

(3) Synchronous monitoring of AE and seismicity was conducted in a granite
mountain tunnel. Significant correlations were found between intense AE bursts and
regional earthquakes. AE characteristic parameters, b-value, and NT analysis
effectively identified pre-seismic anomalies. Multimodal statistical analysis showed
that temporal variations in AE distribution precede those of seismicity, serving as
earthquake precursors capable of identifying seismic events approximately 17 hours in
advance. The MCF-B method was applied to field AE data, revealing significant
synergistic anomalies in p»> and p; parameters before earthquakes. Simultaneous
electromagnetic emission (EME) monitoring cross-validated the reliability of AE
precursors, revealing a strict temporal sequence of "EME precursor first, AE precursor
second" before earthquakes, with signal strength positively correlated with subsequent
magnitude.

(4) A physics-data driven deep learning model for earthquake precursor
identification was constructed, achieving real-time warning with high accuracy. Based
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on fundamental features (AE count, count rate, frequency, amplitude), a deep neural
network model was designed. Through cross-validation and hyperparameter
optimization, the baseline model achieved 97.6% accuracy on the test set, significantly
outperforming traditional machine learning methods. Validation using 180-day long-
term time-series data showed an average warning lead time of 20.5 hours for four major
seismic events, with 97.1% accuracy and 97.8% recall, indicating good generalization
ability and stability in long-term practical applications. By further incorporating higher-
order physical features, namely MCF-B parameters (p2, p3) and NT variance (1), into
the model, a physics-data hybrid-driven framework was constructed, improving
accuracy and extending warning lead time. SHAP analysis confirmed the key
contribution of these physical feature parameters (p2, p3, x1) to model decisions,
demonstrating the effectiveness of the physics-data synergistic-driven approach.

In summary, through theoretical innovation, methodological development, and
multi-scale empirical validation, this study establishes a set of theories and methods for
cross-scale precursor identification, from microfracture to macro-earthquake. The
research findings can provide new scientific basis and technical pathways for

earthquake early warning.

Keywords: Earthquake precursor; Acoustic emission (AE); Fracture mechanics;
Method of critical fluctuations-based (MCF-B); Natural time (NT) analysis; Cross-

scale; Deep learning; Physics-data synergistic driving.
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1 Introduction

Chapter 1

1 Introduction

1.1 Research background and significance

1.1.1 Earthquake disasters

Earthquakes are extremely destructive and have caused immense suffering to
human societies. In 2001, the magnitude 7.6 earthquake in Gujarat, India, resulted in
35,000 deaths, 67,000 injuries, and economic losses exceeding USD 10 billion. On
December 26, 2003, the magnitude 6.6 earthquake in Bam, Iran, killed 31,000 people
and injured 30,000, destroying the ancient city of Bam. On December 26, 2004, the
magnitude 9.1 Sumatra-Andaman earthquake and the ensuing Indian Ocean tsunami
led to 283,000 deaths and disappearances. On October 8, 2005, a magnitude 7.6
earthquake in Pakistan caused 86,000 deaths, over 10,000 injuries, and more than 9,000
disappearances. According to statistics, earthquake-related deaths account for 54% of
the total deaths from all natural disasters worldwide, making earthquakes the deadliest
of all natural hazards.

China, located at the intersection of the Circum-Pacific and Eurasian seismic belts,
is one of the countries most severely affected by earthquake disasters worldwide. On
March 8, 1966, a magnitude 6.7 earthquake in Xingtai killed over 8,000 people. On
July 28, 1976, the magnitude 7.8 Tangshan earthquake caused over 240,000 deaths,
severely affecting Beijing and Tianjin and causing widespread destruction of residential
and public infrastructure. On May 12, 2008, the magnitude 8.0 Wenchuan earthquake,

which is the most destructive, widest-reaching, and most disastrous earthquake in
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1 Introduction

China's history, resulted in 69,227 deaths, 17,923 disappearances, 46.255 million
people affected, and direct economic losses of CNY 845.14 billion. The magnitude 7.1
earthquake in Yushu, Qinghai, in 2014 and the magnitude 6.5 earthquake in Ludian,
Yunnan, in August of the same year also caused significant casualties and substantial
property damage. According to the 2022 China Statistical Yearbook, a total of 230
earthquake disasters occurred in China between 2000 and 2021, resulting in 489,000
casualties and direct economic losses of CNY 1,158.259 billion.

Guangdong Province is located in the coastal seismic belt of southeastern China
and has experienced multiple moderate-to-strong earthquakes throughout history, with
particularly notable seismic activity in the eastern region (eastern Guangdong). In 1600,
a magnitude 7.0 earthquake struck Nan'ao, Shantou, causing severe damage to coastal
areas. In 1918, a magnitude 7.3 earthquake in Nan'ao, Shantou, the largest and most
destructive earthquake in Guangdong's history, with an epicentral intensity of X, killed
over 1,000 people. Although its epicenter was at sea, the 1994 magnitude 7.3 earthquake
in the Taiwan Strait still caused significant ground shaking and social panic in the
coastal areas of eastern Guangdong. In recent years, seismic activity in eastern
Guangdong has remained relatively active. For example, a magnitude 5.0 earthquake
occurred in the Nan'ao sea area in 2023, indicating that this region still possesses the
tectonic setting capable of generating moderate-to-strong earthquakes. These historical
events fully demonstrate that the earthquake disaster risk in Guangdong Province,
especially in its eastern region, cannot be ignored. Conducting region-specific research
on seismic precursor identification is therefore of great practical significance and
urgency.

According to the Seismic Ground Motion Parameters Zonation Map of China (GB
18306-2015), approximately 57% of China's population, 51% of its cities, and 58% of
its land area are located in regions with a seismic fortification intensity of VII or above.
About 10% of the population and more than 14% of the value of fixed assets are located
in regions with a fortification intensity of VIII or above. It should be noted that
earthquakes are characterized by high frequency, high intensity, wide distribution,
severe losses, profound social impacts, and great difficulty in prediction and mitigation.
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Moreover, due to population and wealth concentration driven by social development,
the risk of catastrophic earthquakes is increasing. Earthquakes also trigger various
secondary disasters, particularly geological hazards such as rockfalls, landslides, and
debris flows in mountainous areas, which exacerbate the impact of the earthquake.
Furthermore, earthquakes not only cause severe casualties and economic losses but also
damage infrastructure, leading to long-term social and economic consequences.
Therefore, the ability to predict earthquakes would enable the timely implementation
of appropriate preventive measures, thereby minimizing their adverse effects.
Conducting scientific observation and research on seismic precursors and exploring
precursor identification methods have long been a practical societal need. The
prevention and mitigation of earthquake disasters is not only a scientific problem but
also a major political, social, and economic issue. Accurate earthquake prediction is
extremely challenging. The successful and timely identification of seismic precursors
would significantly reduce property damage and casualties, yielding substantial
economic and social benefits, and has thus motivated continued exploration into the
causes and prediction of earthquakes. Since the founding of modern seismology in the
1870s, earthquake prediction has been one of its principal research questions.
Especially since the 1950s, it has been a major scientific focus of governments and
seismologists worldwide. Through the efforts of several generations of seismologists,
meaningful progress has been made, particularly in medium- to long-term earthquake
prediction. However, the overall level of prediction capability remains low, and the
current state of short-term and imminent prediction falls far short of societal needs.
The core of earthquake forecasting is the early identification of the time, location,
and intensity of an impending earthquake, thereby providing early warning for disaster
prevention and mitigation. Current earthquake prediction relies on the observation and
analysis of seismic precursors, namely various signs that precede an earthquake, such
as anomalous animal behavior, ground deformation, changes in groundwater levels,
crustal stress variations, geoelectric changes, gravity anomalies, geoacoustic and
geomagnetic field variations, and environmental radioactivity changes. These precursor
signals are often subject to significant uncertainty in complex geological environments,
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1 Introduction

can automatically analyze and process vast amounts of AE data, uncover hidden seismic
precursor features, improve the generalization ability and robustness of the
identification model, and achieve efficient recognition of seismic precursor signals.
Notably, deep learning models can be applied to real-time data streams after training,
continuously monitoring AE signal variations and instantly identifying precursor
anomalies, offering the potential for imminent earthquake precursor identification.

Furthermore, the reliability and effectiveness of AE based precursor identification
need to be validated by other methods to enhance the credibility of seismic precursor
detection. To this end, this study will integrate observation methods of other precursor
parameters. In seismic precursor research, electromagnetic emission (EME) is often
associated with crustal movement and stress changes. When crustal rocks are subjected
to compressive stress and fracture, they release electromagnetic waves. These
electromagnetic waves can also serve as seismic precursors, providing cross validation
for earthquake precursor identification and revealing the imminent earthquake
monitoring and prediction capabilities of different methods.

It should be noted that seismic precursor identification is a complex and
challenging topic. By introducing advanced AE technique and deep learning methods,
this study will provide a new technical approach for seismic precursor identification.
Through the analysis and modeling of large volumes of AE signal data, and by
integrating AE and EME precursor observation methods, this study will overcome the
limitations of traditional earthquake observation methods, construct a reliable seismic
precursor identification model, and achieve imminent earthquake precursor
identification. This research integrates knowledge from multiple disciplines, including
geophysics, fracture mechanics, statistics, and computer science, to conduct cross
disciplinary research. The study will be based on actual field seismic monitoring, and
through long-term observation and analysis, validate the practicality and stability of the
proposed model. This research provides a methodological and scientific basis for
developing reliable earthquake early warning systems, and offers important guidance

for disaster prevention and mitigation efforts.



























1 Introduction

1.2.5 Summary of the current research status

At present, seismic precursor identification, especially for short-term and imminent
precursors, remains in the early stages of scientific exploration. Due to the extreme
complexity of the physical mechanisms underlying earthquakes and their precursors,
which are not yet fully understood, existing research still lacks a representative model
that can comprehensively address the problem of seismic precursor identification. On
one hand, the seismic data currently accessible to humanity remain limited, constraining
the conduct of in depth and systematic research. On the other hand, the high complexity
of the earthquake physical process itself makes it difficult for existing models to fully
characterize the regularities of earthquake occurrence. Furthermore, the causal
relationship between seismic precursors and earthquake occurrence has not yet been
clearly established by the academic community. However, with the continuous
development of monitoring technologies such as AE and EME, as well as deep learning
algorithms, research on seismic precursor identification is encountering new
opportunities and is expected to respond to the urgent public demand for accurate
earthquake prediction.

It should be pointed out that understanding seismic precursors must be built upon
a cross-scale unified framework of fracture mechanics, linking microscopic material
damage to large scale seismic events. In this process, AE technique has significant
potential as a key link connecting different scales and identifying precursor events.
However, comprehensive studies that systematically integrate theoretical analysis,
laboratory experiments, and field measurements are still lacking. Currently, the
application of AE technique to field seismic monitoring remains in an exploratory stage.
As a precursor identification tool, it still lacks long-term historical data and case study
support, and its reliability in practical applications requires further validation through

more cross regional field observation data.
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Rock can more directly reflect stress changes in the deep crust, is sensitive to
microseismic activity, and exhibits slower signal attenuation for stress waves
propagating through it. By monitoring AE signals in rock, more accurate seismic
precursor information can be captured with reduced noise interference. Existing
research faces problems such as background noise interference, difficulty in identifying
precursor signals, high false alarm rates, and challenges in integrating real-time data.
There is an urgent need to develop accurate and efficient methods for seismic precursor

identification.

1.3 Research content and technical roadmap

This research integrates a novel signal processing method (MCF-B), laboratory
fracture monitoring tests on concrete structures, field measurement of rock AE, and
deep learning based intelligent identification technology. It establishes a cross-scale,
multimodal precursor identification system spanning from microscopic material
fracture to macroscopic seismic events, and systematically investigates methods for
seismic precursor identification. The aim is to improve the reliability and timeliness of
seismic precursor identification and to advance the transition from empirical methods
to real time, intelligent, physics based precursor identification.

Based on the above research objectives, the main research contents of this thesis
are organized as follows:

Chapter 1 is the introduction. This chapter systematically elaborates the
background and significance of seismic precursor identification, reviews the current
applications of AE technique, electromagnetic emission, and Al in seismic precursor
identification, identifies the limitations of existing research, and clarifies the research
content and technical roadmap of this thesis.

Chapter 2 presents fracture mechanics and the MCF-B signal analysis theory for
AE. Starting from fracture mechanics theory, this chapter introduces AE signal

processing and analysis methods, with a focus on the theoretical basis of the novel
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MCF-B method and its potential for cross-scale application in material fracture and
earthquake faulting, thereby laying the theoretical foundation for subsequent research.

Chapter 3 elaborates on the application of fracture monitoring in concrete structures
and the validation of the MCF-B method. Through multiple AE monitoring tests on
concrete specimens and structural components, this chapter systematically analyzes the
evolution of AE signals under different sizes, materials, and loading conditions, and
validates the precursor identification capability of the MCF-B method at the laboratory
scale. The study further reveals the fractal scaling law of energy emission, the crack
mode transition mechanism, and the robustness and superiority of the MCF-B method
over the traditional h-value method in critical precursor identification.

Chapter 4 presents seismic precursor identification research based on field
measurement of rock AE. Relying on monitoring stations located in a mountain tunnel
in eastern Guangdong, rock AE and earthquake catalog data were synchronously
collected. The correlation between AE activity and regional seismicity is analyzed, and
multi-precursor cross validation is performed by incorporating electromagnetic
emission (EME) signals. The MCF-B method is applied to field AE data to explore the
anomalous evolution characteristics of its parameters before actual earthquakes.

Chapter 5 conducts research on intelligent identification of AE-based seismic
precursors using deep learning. A deep learning based AE precursor identification
model is constructed. Field monitoring data are used to train and optimize the network
structure to achieve real-time identification and early warning of seismic events. The
model is compared with traditional methods to demonstrate its advantages in high
dimensional feature extraction and generalization capability. Furthermore, MCF-B
parameters and NT variance are introduced as higher order physical features to
construct a physics-data hybrid driven model, which significantly improves early
warning accuracy and timeliness.

Chapter 6 presents the conclusions and future work. The research findings are
summarized, the effectiveness and applicability of the proposed method in cross-scale
precursor identification are clarified, research limitations are identified, and
suggestions for future research and engineering applications are provided.

20
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Figure 1.5 shows the technical roadmap of this thesis. Starting from theoretical and
improved methods, this research adopts a dual validation approach through "laboratory
experiments and field measurements" to progressively enhance the reliability of the
methods. Finally, Al technology is integrated to form a complete methodology for
seismic precursor identification that integrates AE physical models and multi-source

data, spanning from microfracture activity to macroscopic earthquakes.

Phase 1: Research status, challenges, and theory

Chapter 1 Introduction

Literature review, research status, and gap analysis

+

Chapter 2 Fracture mechanics and MCF-B signal analysis theory for AE

Theoretical basis and introduction of novel MCF-B method

Theoretical basis

Phase 2: cross-scale method development and validation

Chapter 3 Fracture monitoring of concrete structures and validation of MCF-B method

evolution across different sizes and materials; precursor identification capability of MCF-B

Experimental validation including concrete specimens, beams, bridge decks, etc.; AE signal |
method at laboratory scale |

Phase 3: Field measurement and application

Chapter 4 Seismic precursor identification based on field measurement of rock AE

Field measurement including rock AF monitoring, correlation between AE and regional
seismicity, field application of MCF-B method, and cross-validation of multiple precursors

Phase 4: Intelligent identification and synergistic driving

Chapter 5 Deep learning—hased intelligent identification of AF seismic precursor

Deep learning model construction and training, experimental analysis, long-term data
validation, physical feature fusion, and real-time early warming

Phase 5: Summary of achievements

Research summary, comparative analysis, and application suggestions

i Chapter 6 Conclusions and Future Work

______________________________________________________________________________________________

Figure 1.5 Schematic diagram of the technical approach.
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2 Fracture mechanics and MCF-B signal analysis theory for AE

AE technique, as a key means of detecting transient stress waves released by
internal microfracturing in materials, provides indispensable data support for studying
fracture physics at the laboratory scale and linking it to field observations. AE events
are the direct physical responses of microfracturing activity, and their characteristic
parameters, such as waveform, energy, and frequency, carry rich information about the
fracture source mechanism.

This chapter aims to construct a systematic theoretical system that bridges fracture
physics and seismic precursor signals. First, the fundamental theories of fracture
mechanics are systematically elaborated to establish a mechanical description of crack
behavior. Subsequently, AE theory and the novel MCF-B signal analysis technique are
introduced to build a bridge from fracture physics to observed signals, thereby
establishing the theoretical foundation for the research paradigm of this thesis, which

is "integrating AE physical models with multi-source data."

2.2 Fundamental theory of fracture mechanics

Fracture mechanics is the science that studies the initiation and propagation of
cracks in solid materials containing defects. It provides a solid foundation for
understanding the failure mechanisms of quasi brittle materials such as rock. Unlike
traditional strength theory, which focuses only on the stress level within a continuum,
fracture mechanics introduces crack size as a key variable and reveals that macroscopic
fracture originates from the evolution and coalescence of microscopic defects. This
section elaborates the basic framework of fracture mechanics, discusses the connection
between brittle fracture and damage mechanics, and analyzes the inherent cross-scale
characteristics of the fracture process, thereby building a theoretical bridge linking AE

signals to the physical process of rock fracture.
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2 Fracture mechanics and MCF-B signal analysis theory for AE

From the perspective of stress field, analytical analysis of the crack tip stress field
reveals that each stress component exhibits an 72 singularity in the vicinity of the
crack tip, where r is the distance from the crack tip. Taking the Mode I (opening mode)

crack as an example, its crack tip stress field can be expressed as:

K
0 (1,6) = =1} (0) + - @3

where fiE.I)(B) is a known function characterizing the angular distribution of stresses.

The dominant term, K7, is the stress intensity factor. K7 is a function of the far field load,
crack geometry, and dimensions. For an infinite plate containing a center crack of

length 2a, K; = gvma. The corresponding fracture criterion is:
K, > K¢ (2.4)

where Kjc is the plane strain fracture toughness of the material, another material
constant. The energy criterion and the stress criterion are unified through the following

relationship:

Kit = E'Gyc (2.5)

where E' = E (for plane stress) or E' = E / (1—V?) (for plane strain), and v is Poisson's

ratio. This relationship profoundly reveals the intrinsic connection between
macroscopic fracture toughness and energy dissipation during the microfracturing

process.

2.2.2 Brittle fracture and damage mechanics

Although LEFM has achieved great success, the stress singularity at the crack tip

it predicts does not exist in real materials. In actual materials, especially quasi brittle
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2 Fracture mechanics and MCF-B signal analysis theory for AE

2.2.3 Cross-scale characteristics of the fracture process

Rock fracture is an evolutionary process spanning the micro, meso, and macro
scales. The preparation of an earthquake is the ultimate manifestation of this cross-scale
damage evolution.

Fracture mechanics itself inherently exhibits a strong size effect. The Griffith
criterion o, o 1/+/a indicates that the nominal strength of a structure decreases as the
size of the initial defect increases. This characteristic can be quantified by the brittleness

number S

K
g = Kic
oyVL

2.7)

where L is the characteristic dimension of the structure. The smaller the S value, the
more brittle the structural behavior. This explains why large rock masses (with large L)
are more prone to sudden unstable fracture when subjected to stress. By analogy, at the
crustal scale, the brittleness number of large-scale rock masses is extremely small. Once
the elastic strain energy accumulated under tectonic stress reaches a critical value, it is
released suddenly and violently in the form of an earthquake. Therefore, from the
perspective of the size effect in fracture mechanics, an earthquake can be regarded as a
"sudden unstable fracture" phenomenon at the crustal scale.

The cross-scale evolution of fracture follows certain regularities. At the
microscopic scale, stress concentration leads to mineral grain boundary sliding and
microcrack initiation. This stage corresponds to low-energy, high-frequency AE signals.
At the meso scale, microcracks interact and coalesce into dominant cracks. The
amplitude and energy of AE signals increase significantly, and the b-value may
decrease. At the macro scale, the dominant crack propagates unstably, penetrating
through to form the main fault and releasing enormous energy. Fracture mechanics,
particularly meso scale damage mechanics combined with statistical methods, provides
quantitative tools for describing the correlation and evolution of damage events across
these different scales. The macroscopic fracture toughness Kic and fracture energy Gy
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2 Fracture mechanics and MCF-B signal analysis theory for AE

a) At the weakest point where stress concentration is most significant, atomic or
molecular bonds break, leading to microcrack nucleation. This corresponds to initial
instability at the microscopic scale.

b) Once nucleated, the microcrack begins to open, and the stress field ahead of its
tip undergoes a drastic redistribution. The load carried by the failed bonds is suddenly
released, and this stress is instantaneously redistributed to the surrounding material
matrix through propagating stress waves. This process is a key step in converting elastic
strain energy into wave energy.

¢) When the stress redistribution reaches a new local mechanical equilibrium, crack

propagation stops. At this point, a complete AE source event is completed.

¥

(a) (b) (c)
Figure 2.1 Schematic diagram of the three stages of AE generation during microcrack

formation: (a) Stage I; (b) Stage II; (c) Stage III.

From the perspective of energy conservation, the formation of microcracks causes
a portion of the elastic strain energy stored within the material to be emitted in the form
of stress waves, which is known as AE energy. These stress waves propagate within the
material in multiple modes, including longitudinal waves (P waves, or compressional
waves), where the particle vibration direction is parallel to the wave propagation
direction; transverse waves (S waves, or shear waves), where the particle vibration
direction is perpendicular to the wave propagation direction; and Rayleigh waves
(surface waves), which propagate along the material surface, as shown in Fig. 2.2. P

waves have the fastest velocity, followed by S waves, while Rayleigh waves are the
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2 Fracture mechanics and MCF-B signal analysis theory for AE

slowest but often exhibit the largest amplitude. These differences in velocity and
amplitude arise from the distinct physical mechanisms of the wave propagation modes.
P waves involve volume compression and expansion of the medium; the medium has a
strong resistance to volume deformation, resulting in the fastest propagation velocity.
S waves involve shear deformation of the medium; the medium typically has a weaker
resistance to shear deformation than to volume deformation, resulting in a slower
velocity. Rayleigh waves propagate along the medium surface, with energy confined to
a near surface two dimensional plane. Their geometric attenuation (< 1/+/r) is much
slower than the three dimensional attenuation of body waves (« 1/r). Additionally, they
tend to form elliptical particle trajectories near the surface (see Fig. 2.2), leading to the

largest amplitude and slowest attenuation.

P Wave

r Compressions g Undisturbed medium

D 7 2 s sy sy s S o 2 ] 5 G — — 4 45 25 7 | 5 S S S S 1 1 0 1 1 T T T 1 1 I 1

Double Amplitude

-——Wavelength —
I

[ >

Rayleigh Wave

1 117
L 1 | T

Figure 2.2 Wave propagation modes of AE in an elastic medium.

During propagation, AE waves are attenuated and distorted by factors such as
material heterogeneity, internal friction, scattering, and geometric spreading. For
heterogeneous materials like concrete, the attenuation characteristics can be

approximately described by Eq. (2.8):
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2 Fracture mechanics and MCF-B signal analysis theory for AE

4) Arrival time: the moment when the signal first exceeds the threshold, serving as
key information for source localization.

5) Amplitude: the maximum peak voltage of the signal waveform, which is a direct
measure of event intensity.

6) Duration: the time interval between the first and last threshold crossings of the
signal.

7) Rise time: the time from the first threshold crossing to the attainment of the
maximum signal amplitude.

8) Energy: the area under the signal envelope, which is related to the elastic strain

energy released by the event.

Voltage Duraion -
R - Ringing
o |Rise /N Energy | counts
S |time/ i
Bh - Threshold

AW |
V\/\/ Timms

Figure 2.3 Example of typical AE waveform parameters.

By analyzing the trends of these parameters over time or with increasing load, the
activity level, accumulation, and evolution stage of damage can be assessed. For
example, during the linear stage of a load-displacement curve, AE activity is typically
low. As the peak load is approached, the event rate, cumulative event count, and energy
often exhibit an accelerating growth trend, signaling the approach of macroscopic

fracture instability.
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2 Fracture mechanics and MCF-B signal analysis theory for AE

where x1 and x; are the sensor coordinates, #1 and #, are the signal arrival times, and v is
the wave velocity. If the source is located outside the sensor array, additional

information (such as the emission time) is required to uniquely determine its position.

O Sl S Sz
—{® @) [ . N
X1 X X2

Figure 2.5 One-dimensional AE source localization (Si: AE sensor; S: AE source).

In two dimensional localization, a minimum of three sensors is required.
Determining a point requires two coordinates, and each sensor pair provides an equation
based on the difference in arrival times. As shown in Fig. 2.6, for sensor pair S: and Sa,
the time difference An1 = 2 — t1 defines the locus of points where the difference in
distances to the two points is constant, which is a hyperbola with foci at S: and S..
Similarly, sensor pair S: and Ss defines another hyperbola. The intersection of the two
hyperbolas is the potential AE source location. Its mathematical expression involves

solving a system of nonlinear equations, as shown in Equations (2.12) and (2.13).
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Figure 2.6 Two-dimensional AE source localization (polar coordinates).
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2 Fracture mechanics and MCF-B signal analysis theory for AE

N = (i)ﬁt (2.24)

ta

It is worth noting that Nq and 74 do not necessarily correspond to the final failure of
the structure; they are merely observed values within a specific monitoring window. By
applying a logarithmic transformation logio(N/Ng) versus logio(t/td) to the N-t data
obtained during monitoring and performing linear regression, the slope provides an
estimate of the temporal scaling exponent f:. The magnitude of f; directly reflects
whether the damage evolution process is stable or not, providing a dynamic criterion
for structural health status. When f; < 1, the cumulative number of AE events grows
slower than linearly with time, indicating that the energy dissipation rate is slowing
down and the damage process is tending toward stability. When f; > 1, the cumulative
number of AE events accelerates with time, which is a clear signal of imminent damage
instability and macroscopic failure. This acceleration implies that the interaction,
nucleation, propagation, and coalescence of microcracks are intensifying, and the
elastic strain energy within the structure is being rapidly released through an increasing
number of AE events.

[ranalysis complements the b-value analysis and fractal analysis described earlier,
collectively forming a multi-dimensional damage assessment system. b-value analysis
focuses on the evolution of amplitude distribution to reveal the transition of damage
mechanisms from microscopic to macroscopic fracture. f; analysis directly quantifies
the dynamic stability of the damage process from the perspective of temporal evolution
rate. Fractal energy density addresses the size effect of damage parameters, while f; and
b-value analyses provide information on temporal evolution and event intensity
distribution. In practical applications, the combined use of these methods, namely
monitoring the decrease of the h-value (indicating damage localization) and the increase
of the S value (indicating damage acceleration), can more reliably capture the complete
evolutionary path of a structure from stable damage accumulation to unstable failure,

greatly improving the accuracy and timeliness of early warnings.
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2 Fracture mechanics and MCF-B signal analysis theory for AE

Figure 2.11 presents the results of fitting AE amplitude frequency data from an
experimental test using Eq. (2.31). It compares the power law distribution (linear fitting
of the b-value method, blue dashed line) with the MCF-B fitting result (red solid line).
The black circles represent the amplitude distribution results of the AE signals. Fig.
2.11(a) and (b) show significant deviations of this new method from the power law,
where a positive ps value indicates a downward exponential tail, while a negative p3
value indicates an upward exponential tail relative to the power law. The MCF-B
method captures the scarcity or abundance of larger amplitude events in the distribution.
In Fig. 2.11(c), when the distribution is characterized by p> > 1 and p3 = 0, a strong
correlation is observed between the power law distribution and the curve fitted by the

MCF-B method.
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Figure 2.11 Example of fitting AE signal amplitude distribution using the MCF-B method:
(@) p2>1,p3>0;(b) p2> 1, p3 < 0; (¢) p2> 1, p3 = 0.

The advantage of the MCF-B method is that it is suitable for nonlinear amplitude
distributions and can better capture damage evolution. It can also achieve real-time
monitoring through sliding event windows or time windows.

The evolution of the fitting parameters p> and ps; can reveal the system state.
When p2>1 and p; = 0, the distribution is close to an ideal power law, and the system
is in a self organized critical state. When the system approaches instability, a "crossover
phenomenon" often occurs, characterized by a decrease in p> and a monotonic increase

in p3. This signals that the system is deviating from the critical state and is about to
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deviates from this scale invariance. When p3 = 0, the system enters a critical self
organized state (pure power law). Therefore, the synergistic evolution of p; and p3 may
serve as a cross-scale critical precursor identifier that is more sensitive and physically
meaningful than a single b-value.

At the laboratory scale, AE data from the entire material fracture process can be
acquired with a high signal to noise ratio, allowing for the precise establishment of the
relationship between the evolution of MCF-B parameters and the ultimate failure time,
thus constructing a typical "critical precursor fingerprint." If a similar MCF-B
parameter evolution pattern to the laboratory fingerprint can be found in field crustal
microearthquake activity sequences, it could provide a new statistically based, cross-
scale validated indicator for imminent earthquake early warning.

This study adopts the MCF-B method as a core analytical tool and applies it
sequentially to the following: laboratory concrete fracture tests in Chapter 3, field rock
AE data in Chapter 4, and the construction of a deep learning based intelligent
identification model in Chapter 5. Through this research path of "a single method
applied across multiple scales," the universality and effectiveness of MCF-B
characteristics in revealing system criticality are directly tested, thereby circumventing
complex direct scale conversion and achieving the integrated driving of physical

models and multi-source data.

2.6 Chapter Summary

This chapter systematically constructs a theoretical framework from fracture
mechanics to AE analysis methods, laying the theoretical foundation for the physics
based seismic precursor identification research in this thesis. First, from the perspective
of fracture mechanics, it elaborates on the cross-scale evolution law of materials from
microscopic damage to macroscopic fracture, clarifying the essence of AE signals as
the direct physical response of microfracturing. Subsequently, it introduces the

generation mechanism, propagation characteristics, feature parameter extraction, and
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source localization methods of AE signals, as well as various signal processing
techniques such as b-value analysis, NT analysis, and information entropy analysis.
Finally, it focuses on the theoretical basis, implementation path, and unique advantages
of the MCF-B method in identifying the critical state of systems, providing a physical
basis for its cross-scale application. The specific summaries are as follows:

(1) Fracture mechanics theory reveals the cross-scale unity of material failure,
indicating that the earthquake preparation process shares physical homology with
laboratory material damage. This provides a solid physical foundation for using AE
technique to capture seismic precursors and offers a systematic theoretical framework
for understanding the complete process from microcrack initiation to macroscopic
fracture.

(2) AE technique can effectively monitor internal microfracturing activity in
materials. Its waveform parameters (such as energy, amplitude, duration, and RA-AF
values) can reflect crack propagation modes and damage levels, while statistical
characteristic parameters (such as b-value and fractal dimension) can quantify the stage
characteristics of damage evolution, providing multi-dimensional indicators for
damage assessment.

(3) Although the traditional b-value analysis method is widely used in seismology
and material failure analysis, its assumption based on a linear power law has obvious
shortcomings in describing the fracture process of complex heterogeneous materials.
Data deviations are prone to occur especially in the high-amplitude and low-amplitude
regions. Moreover, it is sensitive to the fitting method and data selection, and its
robustness needs improvement.

(4) By introducing a fitting function that includes a power law term and an
exponential decay term, the MCF-B method can more accurately describe the nonlinear
characteristics of the AE amplitude distribution. The p> parameter reflects the
underlying power law characteristics of the system, while the p; parameter
characterizes the degree of deviation from an ideal power law distribution. The

synergistic evolution of these two parameters provides a more sensitive and physically
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meaningful statistical physics criterion for identifying the critical stage before
instability in materials or crustal systems.

(5) The critical fluctuation theory on which the MCF-B method is based has
universality in statistical physics. The principle of identifying system criticality by
quantifying the deviation of the amplitude distribution from an ideal power law is
transferable across systems of different scales. This provides theoretical support for
extending its application from laboratory material fracture analysis to crustal
earthquake precursor identification, making it a unified methodology that runs through
subsequent experimental validation, field monitoring analysis, and deep learning

models.
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Chapter 3

3 Fracture monitoring of concrete
structures and validation of MCF-B
method

3.1 Introduction

Concrete, as a typical quasi brittle heterogeneous material, undergoes a fracture
process that is essentially a cross-scale damage evolution process involving the
initiation, propagation, and coalescence of internal microdefects under load, ultimately
leading to the formation of macroscopic cracks. This process shares profound physical
homology with the mechanism of earthquake preparation in crustal rocks under tectonic
stress. AE technique, as an effective means of capturing transient stress waves released
by internal microfracturing, has been widely used to study damage evolution and
fracture precursors in concrete materials. However, existing research has largely
focused on the AE characteristics of specimens with specific sizes or single materials
under simple loading conditions. Systematic validation of AE response patterns, the
universality of cross-scale precursor features, and novel analysis methods for concrete
structures under the coupled influence of multiple complex factors, such as specimen
size and slenderness ratio, long-term loading history, fiber reinforcement, strengthening
and repair, and real structural service environments, remains insufficient.

The MCF-B method, introduced as a novel signal analysis tool based on critical
fluctuation theory in Chapter 2, quantifies the degree to which a system deviates from

a self organized critical state by fitting the competition between power law and
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exponential decay in the AE amplitude distribution (parameters p> and p3), thereby
identifying statistical physics precursors of impending failure. Although this method
has demonstrated potential for cross-scale identification of critical states, its
effectiveness and robustness in the fracture process of real, complex concrete materials
and structures urgently require systematic experimental validation.

Concrete and rock are both quasi brittle heterogeneous materials and share profound
physical homology at the level of fracture mechanics. Both follow the cross-scale
damage evolution law from microcrack initiation and propagation to macroscopic
instability. Compared with natural rock, concrete, as a manufactured material, allows
for effective control of its mix proportion, curing conditions, and initial defect
distribution through standardized processes. Therefore, it offers advantages in
laboratory research such as controllable composition and strong experimental
repeatability, making it an ideal laboratory model material for validating precursor
identification methods. Based on this, this chapter aims to construct a complete
experimental validation system, ranging from intrinsic material fracture behavior to
damage evolution in engineering structures, through a series of rigorous and multi-
factor fracture monitoring tests on concrete materials and structures. This will provide
controllable and repeatable laboratory evidence for the effectiveness of precursor
identification methods such as MCF-B in cross-scale systems. The research content of
this chapter progresses sequentially. First, through compression tests on steel fiber
reinforced concrete (SFRC), the influence of loading rate on damage mode transition
and the precursor characteristics of AE parameters is investigated (Section 3.2).
Subsequently, by systematically varying specimen size and slenderness ratio, the fractal
domain nature of energy emission and the size effect in concrete fracture are revealed
(Section 3.3). Next, the research perspective is extended to structural components.
Through flexural tests on reinforced concrete beams strengthened with ultra high
performance concrete (UHPC) after long-term loading, the AE evolution laws and NT
analysis precursors under the influence of existing damage and strengthening interface
behavior are explored (Section 3.4). Furthermore, through field measurement of cracks
in a steel UHPC composite bridge deck, the capability of AE technique to monitor and
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3.2.1 Experimental setup and mechanical response characteristics

The SFRC material was mainly composed of P.O 42.5 ordinary Portland cement,
manufactured sand with a fineness modulus of 3.0, granite crushed stone of 5 30 mm,
and a high performance polycarboxylate superplasticizer at a concentration of 10.8%.
The specimens were made of C50 SFRC with dimensions of 100 mm % 100 mm % 100
mm. The steel fibers were shear wave shaped, with a length of 28 mm, an aspect ratio
of 60, and a volume fraction of 1%. The mix proportion is shown in Table 3.1, and the

mechanical properties are shown in Table 3.2.

Table 3.1 SFRC mix proportion (kg/m?).

Component Cement Sand  Stone  Water Steel Fibre Carboxylate Water Reducer

Dosage 480 713 1032 155 75 9.6

Table 3.2 SFRC mechanical properties.

Compression Elastic Modulus Flexural Strength Splitting Strength
Strength (MPa) (GPa) (MPa) (MPa)

SFRC 64.8 39.0 6.8 4.6

Material

As shown in Fig. 3.1(a), a 200 t electro hydraulic servo system was used to conduct
uniaxial compression tests on SFRC specimens. The AE system was the Italian
AMISSION® device, with sensors having a frequency range of 10 kHz to 1 MHz. The
acquisition system featured independent threshold triggering for each channel and
automatically extracted AE signal parameters. The AE waves captured by the sensors
were amplified with a gain of 60 dB before processing, and the acquisition threshold
was set to 2 mV. As shown in Fig. 3.1(b), AE sensors were arranged on the side faces
of the specimens. The sensors were coupled and fixed to the specimens using vacuum
grease as a coupling agent. During the experiments, Teflon pads were placed on the

contact surfaces between the servo system and the two ends of the specimens to
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R relationship (Eq. 2.20 in Section 2.4.1). The data were processed using a sliding
window of 100 events, and the results are shown in Fig. 3.3. The point at which the b-
value decreases to its minimum is denoted as t bmin, corresponding to the transition
from microcracks to macrocracks. Under different loading rates, at time t_bmin, Hmin =
1.0, and ;> 1, indicating extensive microcrack accumulation and coalescence. A higher
loading rate leads to a faster decrease in the b-value, indicating an accelerated damage
localization process. The f; curve shows an overall decreasing trend and falls below the
fSi=1 line. The critical point is marked as t f. This critical moment corresponds to the
occurrence of the unstable fracture process, where all microcracks coalesce into a single
main fracture surface. These results confirm that before the critical point t_f;, the AE
signal sequence exhibits f;> 1, indicating unstable crack propagation. After the critical
point t S, the AE sequence exhibits f; < 1, indicating that energy dissipation has been

exhausted and AE activity remains stable.
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Figure 3.3 f; and b-values at different loading rates.

Figure 3.4 shows the cumulative AE events and load curves under different loading
rates. The values of t fiand t bmin determined by f; and the b-value are also marked in
Fig. 3.4. In Stage I, the cumulative AE curve increases linearly. In Stage II, when the
concrete matrix first cracks, steel fibers play a bridging role between the crack surfaces.
As the load increases, extensive crack propagation occurs in the specimen near the peak
load. Entering Stage III, the load bearing capacity of the specimen begins to decrease,

and the cumulative AE in this stage gradually diminishes, eventually ceasing entirely.
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At lower loading rates, the total number of AE events increases significantly,
indicating that a large number of microcracks have initiated within the SFRC.
Conversely, as the loading rate increases, SFRC exhibits stronger brittle behavior,
leading to sudden crack propagation and an increase in AE events, indicating the
formation of wider cracks in the SFRC. The critical moment t S marks the occurrence
of the unstable fracture process, and the corresponding cumulative AE curve shows a
significant inflection point, indicating that the growth rate of AE events begins to
decrease. As the loading rate increases, the post-peak softening segment becomes

steeper, indicating a transition of material behavior from ductile to relatively brittle.
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Figure 3.4 Cumulated AE and loading history at loading rates of (a) 0.4 mm/min, (b) 0.8
mm/min, and (¢) 1.2 mm/min.

Figure 3.5 shows the DIC results for SFRC under different loading rates. Under low
speed loading (0.4 mm/min), the cracks in SFRC are fine and predominantly tensile.
Under high speed loading (1.2 mm/min), the degree of strain localization intensifies,
and an obvious shear band appears, indicating that the proportion of shear cracks
increases with loading rate. In contrast, normal concrete (NC) under high speed loading
exhibits only a single vertical tensile crack on the right side (Fig. 3.5d), displaying

typical brittle fracture characteristics, while SFRC (Fig. 3.5¢) shows better integrity and

ductility.

|

(a) SFRC—0.4 mm/min  (b) SFRC—0.8 mm/min  (c¢) SFRC 1.2 mm/min (d) NC—1.2 mm/min

Figure 3.5 DIC strain analysis at fracturing with different loading rates.
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The AF and RA values were calculated according to Eq. (2.9) and Eq. (2.10) in
Section 2.3.3 to identify the crack modes. The results are shown in Fig. 3.6 and 3.7. The
RA-AF analysis results indicate that as loading progresses, the crack type gradually
transitions from tensile dominated to shear dominated. In Stage I, newly generated
cracks are mainly tensile cracks. For example, at a loading rate of 0.4 mm/min, the ratio
of tensile to shear cracks is approximately 7:3, which may correspond to cracking at
the aggregate matrix interface. In Stage II, a large number of new cracks appear, and
the most significant change is the shift in the ratio of tensile to shear cracks, with the
number of shear and tensile cracks approaching 1:1. In Stage III, shear cracks begin to

dominate, with the ratio of tensile to shear cracks approximately 1:2.
100
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Figure 3.6 Shear cracks in each damage stage and at different loading rates.
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Figure 3.7 Variation of RA-AF with loading rate at different damage stages: (a) SFRC - 0.4
mm/min; (b) SFRC - 0.8 mm/min; (¢) SFRC - 1.2 mm/min.
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The loading rate has a significant effect on the number of shear cracks. The
proportion of shear cracks increases notably at high loading rates (68% at 0.4 mm/min
versus 82% at 1.2 mm/min), indicating a decrease in material ductility. Conversely,
lower loading rates lead to tensile cracks dominating, allowing the fiber bridging effect
to be fully utilized, absorbing more energy and thus enhancing the ductility and
toughness of the material. The loading rate effect can be explained from the perspective
of fracture mechanics. Under low speed loading, microcracks have sufficient time to
initiate and stably propagate in weak regions of the matrix, and the fiber bridging effect
is fully exerted, promoting energy dissipation over a larger range. The damage exhibits
diffuse characteristics, manifesting macroscopically as tensile crack dominance and
enhanced ductility. Under high speed loading, strain energy accumulates rapidly. The
propagation speed of microcracks exceeds the response capability of fiber bridging, and
stress concentration does not have time to disperse across multiple weak points. This
leads to rapid localization of damage to the main crack plane, where interfacial shear
slip becomes the dominant mechanism, resulting in an increased proportion of shear

cracks and intensified macroscopic brittle behavior.

3.2.3 Failure mechanism and AE precursors

As shown in Fig. 3.8, in the early Stage I, initial damage mainly originates from
tensile cracks, marking the beginning of matrix cracking. Subsequently, in Stage 11, as
cracks propagate, fibers inhibit the propagation of tensile cracks through bridging
action, and the number of shear cracks gradually increases. Finally, in Stage 111, due to
the relatively low shear stiffness of the fibers, as the load continues to increase, the
matrix fractures along the shear plane, and the number of shear cracks begins to
dominate. The failure mechanism analysis indicates that fiber bridging effectively

delays crack propagation and promotes the transition of cracks from tensile mode to
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during compressive failure of concrete. By combining AE and DIC techniques, real-
time monitoring and analysis of damage evolution were conducted on normal concrete
(NC) and ultra high performance concrete (UHPC) specimens under uniaxial

compression.

3.3.1 Experimental overview

The experiment designed specimen groups with three base dimensions (b =75, 150,
300 mm) and three slenderness ratios (A = 0.5, 1.0, 2.0), covering three specimen
geometries: "short and thick" (A = 0.5), "square" (A = 1.0), and "slender" (A = 2.0). As
shown in Fig. 3.9, there were nine NC specimens. Due to limitations of the loading
equipment, only six UHPC specimens were tested. In terms of materials, NC adopted
the C25 strength grade with a mix ratio of cement:sand:stone:water = 1:2.24:2.97:0.48.
The compressive strength of NC after 28 days of curing was 33.2 MPa, and its mix
proportion is shown in Table 3.4. UHPC incorporated steel fibers with a volume fraction
of 2% (length 12 mm, diameter 0.2 mm, tensile strength > 3000 MPa), achieving a 28

day compressive strength of 131.1 MPa. Its mix proportion is listed in Table 3.5.
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Figure 3.9 Dimensional layout of specimens for two materials (unit: mm)
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Table 3.4 NC strength and mix ratio

Water-  Sand Material usage (kg/m?)
Concrete .
binder rate Fly Slag
grade ) Cement Sand  Stone  Water
ratio (%) ash  powder
C25 0.48 43 201 100 50 785 1044 170
Table 3.5 UHPC mix (kg/m?)
. Steel
Component Cement  Silicaash  Flyash  Quartzsand Water fibre
Dosage 850 137.5 112.5 1100 198 234

AE monitoring was performed using the Italian AMISSION® system, with sensors
having a frequency range of 10 kHz to 1 MHz and an acquisition threshold of 2 mV.
The sensors were attached to the specimen surface using a coupling agent (see Fig.
3.10a). The test adopted displacement controlled loading at a rate of 0.01 mm/s. To
reduce end friction, Teflon pads were placed between the testing machine platens and
the specimen ends, as shown in Fig. 3.10(b). DIC technology was used to obtain the
full field strain distribution on the specimen surface. Before testing, the specimen

surfaces were sprayed with matte black paint to form a speckle pattern.
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Figure 3.10 Experimental setup for AE testing: (a) specimens with three slenderness ratios;

(b) AE sensor arrangement.

3.3.2 Analysis of slenderness ratio and size effect

Taking the NC specimen with a base dimension of 150 mm as an example, the

influence of slenderness ratio was analyzed. Figure 3.11 shows the final failure modes
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of specimens with different slenderness ratios. As the slenderness ratio increased from
0.5 to 2.0, the failure mode showed a clear transition from "crushing dominated" to
"cracking dominated". The stubby specimen (A = 0.5) exhibited significant crushing
failure, while the slender specimen (A = 2.0) exhibited a nearly vertical crack.

The corresponding load-displacement curves and cumulative AE event counts are
shown in Fig. 3.12. The stubby specimen (A = 0.5) exhibited ductile post-peak softening
behavior, with local load drops (snap-back instabilities) in the curve, accompanied by
corresponding stepwise increases in the cumulative AE curve. The square specimen (A
= 1.0) exhibited a single global snap-back instability after the peak load, corresponding
to a single increase in the cumulative AE curve. The slender specimen (A = 2.0)
exhibited completely brittle behavior, with the post-peak curve dropping almost
vertically, indicating global instability, accompanied by intense AE energy emission.

Quantitative analysis in Table 3.6 shows that as the slenderness ratio increased from
0.5 to 2.0, the compressive strength decreased by 16.7% (from 36.4 MPa to 30.3 MPa),
while the cumulative number of AE events increased by 81.4% (from 982 to 1781).
This trend confirms that although slender specimens have lower strength, they release
higher energy through AE activity, which is consistent with the transition from ductile
crushing to brittle cracking.

Although Teflon pads were placed at the specimen ends to reduce friction, the
slenderness ratio effect remained significant. Its physical mechanism can be attributed
to the controlling effect of geometry on the damage evolution path. The stubby
specimen, constrained by its geometry, does not allow the main crack to easily penetrate
the entire specimen, and damage develops diffusely in multiple regions, manifesting as
crushing failure. As the slenderness ratio increases, the central region of the specimen
moves away from end constraints, the stress distribution becomes more uniform, and
cracks can freely propagate vertically. Once a main crack forms, it quickly penetrates,
manifesting as brittle cracking failure. This mechanism is consistent with the
observation that the number of AE events increases significantly with slenderness ratio,
indicating that crack propagation is more fully developed and energy release is more
concentrated in slender specimens.
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Figure 3.11 Failure modes of NC specimens with a base dimension of 150 mm under

different slenderness ratios: (a) A =0.5; (b) A=1.0; (¢) A =2.0.
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Figure 3.12 Load history and cumulative AE curves of NC specimens with a base dimension

of 150 mm under different slenderness ratios: (a) A =0.5; (b) A =1.0; (c) A =2.0.

Table 3.6 Compressive strength and AE signals for different slenderness ratios (size = 150 mm)

Slenderness Compressive Strength AE signals )
] . Failure mode
ratio (1) strength (MPa) reduction (%) (Nmax)
0.5 36.4 - 982 Crushing-dominated
1 333 8.5 1406 Mixed
' ’ crushing/cracking
2 30.3 16.7 1781 Cracking-dominated

To investigate the influence of base dimension, the mechanical behavior of
specimens with different base dimensions was analyzed while keeping the slenderness
ratio constant (A = 1.0), as shown in Fig. 3.13. Figure 3.14 shows the load-displacement
and cumulative AE curves for NC specimens of different sizes. The smallest specimen
(b =75 mm) exhibited a stable softening response, with the post-peak stage affected
only by local snap-back instability. The medium sized specimen (b = 150 mm) exhibited

a single global snap-back instability after the peak load. The largest specimen (b = 300
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mm) exhibited completely brittle catastrophic instability, with the post-peak curve
dropping almost vertically, accompanied by intense bursts of AE energy.

The data in Table 3.7 show that as the specimen size increased from 75 mm to 300
mm (a 64 fold increase in volume), the compressive strength decreased only slightly by
2.7%, but the cumulative number of AE events surged from 264 to 6742, an increase of
approximately 25 times. This disproportionate sharp increase in the number of AE

events indicates that damage evolution exhibits a significant size effect, and that AE

energy emission does not increase linearly with volume.

Figure 3.13 Loading conditions of specimens with different base dimensions at a slenderness
ratio of A= 1.0: (a) b= 75 mm; (b) b= 150 mm; (c) b =300 mm.
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Figure 3.14 Load history and cumulative AE curves of NC specimens with different

dimensions at a slenderness ratio of A = 1.0: (a) b= 75 mm; (b) b= 150 mm; (c) b =300 mm
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Table 3.7 Comparison of compressive strength and AE signals for different sizes (4 =1)

) Compressive Strength AE signals )
Size (mm) i Failure mode
strength (MPa)  reduction (%) (Nmax)
75 33.8 - 264 Softening
150 33.3 1.5 1406 Snap-back instability
300 32.9 2.7 6742 Catastrophic snap-back

DIC technology provided intuitive evidence of surface strain evolution during the

failure process. Figure 3.15 shows the final DIC strain contours of NC specimens with

a base dimension of 300 mm under different slenderness ratios. The short thick
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(Eq. 2.17). In AE monitoring, the emitted energy E is proportional to the cumulative

number of AE events Nmax. Therefore, the fractal density of AE signals can be defined

N

YE) (Eq. 2.19), where I'ag is also a size independent damage indicator.

as Iyp =

Figure 3.16 shows the relationship between the cumulative number of AE events
Nmax and the specimen volume V for NC and UHPC specimens on a log-log scale. By
fitting the experimental data, the slope D/3, which characterizes the fractal feature of
the AE energy emission domain, can be obtained.

The fitted slope for NC specimens was 0.73, corresponding to a fractal dimension
D = 2.19 (Fig. 3.16b), while the fitted slope for UHPC specimens was 0.92,
corresponding to a fractal dimension D = 2.76 (Fig. 3.16a). Thus, the experimental
fractal dimension of NC is closer to 2, indicating that AE energy emission upon failure
occurs in a fractal domain close to a two dimensional plane. The fractal dimension of
UHPC is significantly closer to 3, indicating that due to the bridging effect of steel
fibers, the damage evolution of UHPC occurs in a domain closer to a volume (three
dimensional space). This confirms that fiber bridging effectively inhibits damage
localization and the formation of macroscopic cracks, allowing the material to
withstand more extensive microcrack damage before failure, thereby exhibiting higher

toughness and ductility.
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Figure 3.16 Fractal domain analysis of AE energy emission: (a) UHPC; (b) NC.

From the perspective of statistical physics of energy emission, this study

quantitatively elucidates the microscopic mechanisms of size effects and fiber
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reinforcement, providing an important basis for size effect analysis and performance

optimization design of concrete structures.

3.4 AE characteristics of bending failure in long-term loaded

concrete beams strengthened with UHPC

Existing concrete structures under long-term loading and environmental actions
may experience concrete carbonation, cracking, and steel reinforcement corrosion,
leading to a reduction in load bearing capacity and necessitating strengthening to
improve their capacity. This section presents the UHPC strengthening of notched
reinforced concrete (RC) beams that had been subjected to long-term loading for
approximately 24 years. Four point bending tests were conducted, and the flexural

failure mechanism of strengthened beams was analyzed using AE technique.

3.4.1 Experimental overview

The long-term loaded RC beams were made of C30 concrete and HRB335 steel
reinforcement. The concrete mix proportion is shown in Table 3.8. The dimensions and
reinforcement details of the RC beam cross section are shown in Fig. 3.17. Two ®10
steel bars were placed in the tensile zone, two ®6 steel bars were placed in the
compressive zone, and stirrups were arranged along the entire beam at equal spacing of
150 mm. The notch was symmetric about the longitudinal axis of the beam. The
longitudinal length of the notch was 900 mm, and the depth was either 60 mm or 90
mm to simulate different existing damage states. Before strengthening, the notch
surface was cleaned with high pressure air and a wire brush, and then pre wetted for 24
hours. Subsequently, UHPC was cast. Figure 3.18 shows the UHPC strengthening
process of the notched beams. The UHPC strengthened beams were named U60 and
U90, where the letter U represents the strengthened beam, and the numbers 60 and 90

indicate the depth of the strengthened notch as 60 mm or 90 mm. UHPC was prepared
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using grade 52.5 ordinary Portland cement and incorporated straight round steel fibers
with a volume fraction of 2% (length 12 mm, diameter 0.2 mm). The mix proportion

and mechanical properties of UHPC are shown in Tables 3.9 and 3.10.
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Figure 3.17 Dimensions of RC notched beams. (a) Schematic diagram; (b)
Reinforcement conditions (unit: mm)

Table 3.8 RC strength and mix design

Concrete feu Water- Sand Dosage/(kg/m?)
grade /MPa cement ratio ratio

Cement Sand Stone  Water

C30 28.1 0.44 38% 445 676 1071 196

(b) - (d)
Figure 3.18 UHPC strengthening process of notched beams: (a) interface treatment; (b)

formwork erection; (¢) UHPC casting; (d) curing.

Table 3.9 UHPC mix /(kg/m?)

Silica Quartz Steel Polycarboxylate
Component Cement ash Fly ash sand Water Fibre water reducer
Dosage 850 137.5 112.5 1100 198 234 17.1

Table 3.10 UHPC mechanical properties

Material Compression Elastic Flexural Uniaxial tensile  Tensile strain
ateria
strength (MPa) Modulus (GPa)  strength (MPa)  strength (MPa) capacity
UHPC 131.1 443 10.8 8.5 0.25%
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As shown in Fig. 3.19, a 50 t MTS actuator was used to perform four point bending
loading on the UHPC strengthened beams. A distribution beam ensured uniform loading
at the two points. The loading process first adopted force controlled loading, with a load
increment of 2.5 = 0.25 kN per step and a loading rate of 0.1 kN/s. After the steel
reinforcement yielded, the test switched to displacement controlled loading at a rate of
0.02 mm/s until the load dropped to 85% of the ultimate load, at which point loading
was stopped. The vertical deflection at midspan of the beam was measured using
displacement transducers, and concrete and steel reinforcement strains were
simultaneously measured using resistance strain gauges. The AE monitoring system
was the Italian ZMISSION® system, with sensors having a frequency range of 10 kHz
to 1 MHz. Four sensors (CH1 to CH4) were symmetrically arranged on the same side
of the shear bending region at midspan of the beam (Fig. 3.17). The acquisition
threshold was set to 2 mV, and the signals were amplified with a gain of 60 dB.
Calibration was performed before the test using the pencil lead break test. The sensors

were coupled and fixed to the beam using silicone resin.

x Load . ¢
a Displacement Displacement
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Figure 3.19 Loading test and AE sensor layout: (a) schematic diagram; (b) loading site.
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3.4.2 Relationship between damage evolution and AE

Based on crack observations during the flexural process, the load midspan
deflection curve of the strengthened beams can be divided into four stages, as shown in
Fig. 3.20. Stage I is the elastic stage, where damage within the beam is minor,
microcracks are in the initial stage of initiation, and the midspan deflection increases
approximately linearly. Stage Il is the crack propagation stage. When the load increases
to the initial cracking load F_cr, the load deflection curve deviates from linearity, local
macroscopic cracks begin to appear until the steel reinforcement yields, corresponding
to the stable crack propagation stage. Stage IlI is the strengthening stage. After the steel
reinforcement yields, the fiber bridging effect of UHPC significantly enhances the
fracture resistance. As the load increases to the ultimate load F,, the load deflection
curve reaches its peak point. Stage IV is the failure stage, where cracks propagate
rapidly and the concrete at the top of the beam crushes, corresponding to unstable crack
growth and structural failure. As shown in Fig. 3.20, the curve for beam U60 decreases
rapidly after the ultimate load, exhibiting low ductility. Beam U90 exhibits a relatively
longer plastic plateau, indicating larger plastic deformation and more pronounced
ductility characteristics.

The load deflection results in Table 3.11 show that the ductility coefficient of beam
U90 is 18% higher than that of beam U60, indicating that deeper UHPC strengthening
effectively improves the overall ductility of the strengthened beams. Both beams
exhibit a "staircase" phenomenon in the load deflection curves during Stages I and II,
indicating that the influence of long-term loading is comprehensive and that local
UHPC strengthening cannot completely eliminate the internal changes it induces.

The relationship between load deflection and AE is shown in Fig. 3.20(d) and (e).
Peaks in AE rate correspond to yield load Fy and ultimate load Fy on load deflection
curves. After reaching the yield point, multiple load drops (snap-back instabilities) are
detected in load deflection curves, corresponding to AE energy emissions, indicating

local snap-back instabilities caused by sudden increases in crack width.
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Figure 3.20 Load-deflection curves (a—c) and AE results (d, e). F_bmin denotes the critical

load determined by the b-value method.

Table 3.11 Main load-deflection values and ductility

First fracturing  Steel-rebar ~ Ultimate Deflection at Ultimate Ductility
Beam load F_cr yield load load F, yield load Ay  deflection Au coefficient
(kN) F, (kN) (kN) (mm) (mm) p=Au/ Ay
u60 16.4 254 314 9.6 42.1 4.4
U0 15.9 21.2 26.4 5.6 29.2 52

. ‘ Obhqu c_rack . H Main flexural crack

(b) U9
Figure 3.21 Failure modes of strengthened beams: (a) Beam U60; (b) Beam U90

Figure 3.21 shows the failure modes of the strengthened beams. The analysis
indicates that debonding occurred at the UHPC RC notch vertical interface in both

beams U60 and U90, while the horizontal interface remained intact. In beam U60, the
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main flexural crack penetrated the horizontal interface and propagated into the RC layer.
In beam U90, the flexural cracks were mainly confined to the UHPC layer, and the
critical failure was dominated by diagonal cracks initiated at the vertical interface. This
indicates that the UHPC RC vertical interface is a key meso scale fracture process zone,
and its behavior dominates the failure mode.

AE monitoring provided a unique perspective for real-time understanding of
damage evolution. Based on the methods in Chapter 2, the AE events detected by the
system during the test were grouped into sets of 100 events, and the exponent f; (Eq.
2.24) and the b-value (Eq. 2.20) were calculated. Fig. 3.22(a) and (b) show the i and
b-value results from AE, with the dashed line representing the b-value regression curve.
The b-value regression curve for beam U60 shows a decreasing trend, declining from
1.5 to 1, revealing unstable crack propagation. In contrast, beam U90 exhibited

relatively stable crack propagation, with the b-value remaining nearly constant

throughout the test.
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Figure 3.22 Evolution of §; and b-value of AE for strengthened beams: (a) Beam U60; (b)

Beam U90. t_crit denotes the critical time determined by NT analysis.

Table 3.12 Comparison of first fracturing load

Strengthened Loading history b-value Deviation
beam F cr (kN) F bumin (kN)
u60 16.4 16.7 1.8%
u90 15.9 16.1 1.3%

Beam U60 reached the critical condition for macroscopic crack propagation at 42
minutes (t bmin, bmin = 0.9, fi = 1.2 >1), corresponding to the initiation of the main

flexural crack at the bottom of the strengthened zone, as shown in Fig. 3.21(a). The
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critical point for beam U90 occurred at 39 minutes (t bmins bmin= 1.0, fi= 2.5 >1),
corresponding to the cracking of the left UHPC-RC vertical interface, as shown in Fig.
3.21(b). As shown in Table 3.12 and Fig. 3.20, the b-value method agreed well with the
initial cracking load determined from the load-displacement curve, and t bmin
accurately identified the initial cracking point of the beams.

Furthermore, NT analysis (see Section 2.4.3) was further applied, and the evolution
of the NT variance x1, entropy S, and its time reversed entropy Swev Over time was
extracted. The results are shown in Fig. 3.23. According to the critical conditions of NT
analysis, namely x1 approaching 0.07, and S and Sty falling below the uniform noise
entropy Su= 0.0966, the critical time t_crit was determined, as indicated by the vertical
dashed line in Fig. 3.23. The results in Fig. 3.22 and 3.23 show that t crit identified by
NT analysis is consistently slightly earlier than ¢ _bmin determined by the b-value method,
with a deviation within 3% between the two (see Table 3.13). This validates the
consistency of the methods and indicates that the critical point of the NT variance can

serve as an earlier warning indicator of impending failure.
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Figure 3.23 NT analysis results of AE for strengthened beams: (a) Beam U60; (b) Beam U90.

Table 3.13 Comparison between the natural time and b-value

Time of first fracturing (minutes)

AE analysis method
u60 U0
b-value (t_bmin) 42 39
Natural time (t_crit) 41 38
Deviation 2.3% 2.5%
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3.4.3 Damage and fracture mechanisms based on AE

The crack mode analysis based on AE adopted the RA-AF method, as described in
Section 2.3.3, Equations (2.9) and (2.10). This method can effectively distinguish
between tensile (Mode I) and shear (Mode II) crack modes. The initial cracking point
t bmin of the beams was obtained from the b-value method as described earlier. Around
t bmin, cracks transition from global microcracks to local macrocracks. As annotated in
Fig. 3.22, the flexural process was divided into two stages. In Stage 1, microcracks
diffuse globally within the beam. In Stage 2, macrocracks form and propagate. RA-AF
analysis was performed separately for the two stages. Figure 3.24 shows the RA-AF
analysis results for beams U60 and U90 at different damage stages.
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Figure 3.24 RA-AF analysis of strengthened beams: (a) calculation results at different stages;
(b) proportions of crack types.

The analysis indicates that in the initial stage, shear cracks dominate the structural
response. However, in Stage 2, for beam U90, tensile cracks gradually become the
dominant failure mechanism, highlighting the ductility enhancement achieved through
deeper notch UHPC strengthening. This transition of failure mode from shear
dominated to flexural dominated is consistent with the post-peak ductile behavior
observed in the load-displacement relationship (Fig. 3.20) and aligns with the
fundamental transition of the energy dissipation mechanism from Mode II to Mode I

fracture. The deeper strengthening layer effectively reduces the overall brittleness of
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the structure while decreasing the number of shear cracks. The proportions of crack
modes at different stages are shown in Fig. 3.24(b). In the final failure stage, the
proportion of tensile cracks in beam U90 increased by approximately 25% compared
to beam U60, confirming its transition to a more ductile fracture mode.

Synthesizing the above AE analysis, it is evident that the UHPC layer
fundamentally alters the damage evolution process. For beam U90, the stable b-value
and the transition from shear to tensile cracking mode identified by RA-AF analysis
provide quantitative characteristics of its enhanced ductility before its macroscopic
manifestation. Conversely, the decreasing b-value and the critical point identified by
NT analysis for beam U60 provide early warning of its impending brittle failure.

This section demonstrates that AE technique is not merely a passive recording tool
for the fracture process but also an active diagnostic tool, under the framework of
fracture mechanics, for revealing the entire process from microscopic damage
accumulation and meso scale interface debonding to macroscopic structural instability.
Through comprehensive analysis of the b-value, NT parameters, and RA-AF patterns,
it is possible to reliably identify precursors of macroscopic fracture and quantify the
transition of cracking modes. This provides profound insights beyond traditional
macroscopic measurements for performance evaluation and health monitoring of

UHPC strengthened RC components under long-term loading.

3.5 Field AE measurement of UHPC crack propagation in a
Steel-UHPC composite bridge deck

The orthotropic steel deck (OSD) offers advantages such as light self weight, good
load bearing capacity, large span capability, and fast assembly. With the development
of UHPC technology, steel UHPC composite bridge decks have been widely used in
long span cable stayed bridges. This composite structure can significantly increase the
stiffness of the steel deck, reduce local stress effects under wheel loads, and effectively

inhibit OSD fatigue cracking. However, due to the low water to binder ratio, the UHPC
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deck layer exhibits large drying shrinkage during curing, which can easily induce
shrinkage cracks and potentially reduce material durability. This potential issue poses a
challenge to the application of UHPC material.

This section presents field AE measurement and data analysis work addressing the
drying shrinkage cracking that occurred during the construction of a steel-UHPC
composite bridge deck of a long-span cable-stayed bridge. The study aims to reveal the
dynamic propagation behavior of cracks in the actual UHPC layer and to validate the
applicability and reliability of AE technique for health monitoring of major bridge
structures, thereby providing a reference for construction quality control and the

avoidance of early cracking in steel-UHPC composite bridge decks.

3.5.1 Bridge overview and monitoring system layout

The research object is a twin tower cable stayed bridge located in South China. The
bridge elevation layout is shown in Fig. 3.25. The main girder is a plate truss structure
combining a steel truss and an OSD, with its cross section shown in Fig. 3.26. The upper
deck carries highway traffic, featuring bidirectional three lanes with emergency lanes
on both sides. The lower deck accommodates an urban rail transit line. As shown in Fig.
3.27, the steel deck adopts a steel UHPC composite structural system. The specific
construction of this system is as follows: short shear studs are welded onto a 16 mm
thick steel deck plate, followed by casting a 50 mm thick UHPC structural layer, and
finally surfacing with a 40 mm thick SMA 13 asphalt wearing course. Figure 3.28
shows the construction process of the UHPC deck layer. Steam curing can enhance the
final strength of the UHPC layer in a short period. At the time of testing, the UHPC
deck layer had been cured, but the wearing course was yet to be constructed.

A finite element model of the bridge was established using ANSYS (Fig. 3.25). The
model coordinate system was set according to the bridge longitudinal (x), transverse (),
and vertical (z) directions. Beam elements were used to model the steel truss, towers,
and piers. Cable elements were used to model the stay cables. Shell elements were used
to model the steel deck plate and the UHPC layer. The elastic moduli of steel and
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concrete were taken as 2.06 x 10° MPa and 3.4 x 10* MPa, respectively, and Poisson's
ratios were taken as 0.3 and 0.2, respectively. Soil structure interaction was not
considered, and all degrees of freedom of the piers and towers were constrained.
Constant load stress analysis indicated that the UHPC deck layer near the midspan was

in a tensile state; therefore, this area was selected as the test monitoring zone.
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Figure 3.25 Bridge elevation layout and finite element model.
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Figure 3.28 UHPC construction process: welded shear studs (a); steel mesh (b); pouring (c);

steam curing (d).

After the construction of the UHPC deck layer was completed, a new transverse
crack was found on the south side of the bridge deck at the midspan of the main span,
as shown in Fig. 3.29(b). The crack was visible to the naked eye. Field measurements
showed that the initial length of the crack was approximately 30 mm, distributed
transversely across the bridge deck. It was speculated that the crack was caused by early
age drying shrinkage of the UHPC. The monitoring area was selected at the location of
the crack, as shown in Fig. 3.29(a) and (c). This area is located between two transverse
diaphragms of the main girder and belongs to a stress sensitive region of the deck
system. The crack could potentially further propagate due to subsequent construction

vehicle traffic and temperature variations.

Transverse direction
of the bridge  §

Midspan transverse crack

Figure 3.29 UHPC cracking location and testing area on bridge deck: (a) 3D schematic of
main bridge and testing location; (b) local morphology of UHPC crack; (c) monitoring site.

83



3 Fracture monitoring of concrete structures and validation of MCF-B method

To monitor crack activity, the study employed the AMISSION® monitoring system,
as shown in Fig. 3.30(a) and (b). This system integrates data acquisition and wireless
transmission functions, with sensors having a frequency range of 10 kHz to 1 MHz. In
the selected monitoring area, four AE sensors were arranged in a quadrilateral array on
the UHPC deck layer (Fig. 3.30c), bonded with silicone resin and fixed with tape to
achieve effective spatial localization of the crack source. To effectively extract crack
signals from complex field environmental noise, a three hour background noise
acquisition and analysis was completed before monitoring began. Statistical analysis
showed that the background noise amplitude approximately followed a normal
distribution with a mean of 1.2 mV and a standard deviation of 0.3 mV. Based on the
3o principle, the acquisition threshold was set to 2 mV. Verification showed that this
threshold could effectively suppress approximately 99% of the environmental noise,
with a signal false alarm rate of only 0.5%. In addition, during post processing, short
duration pulse signals (potentially from electromagnetic interference) with a duration
of less than 3 ps and low frequency vibration signals (mainly from wind loads and
global structural vibration) below 20 kHz were further filtered out to improve the

correlation between AE signals and crack activity.

Vs i ). Yo X i > g
Figure 3.30 AE monitoring system layout on the UHPC deck layer: (a, b) AE acquisition

devices; (c) sensor arrangement on the bridge deck.
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3.5.2 AE damage evolution analysis and crack source localization

Data recording began at 3:00 PM on October 23, 2023, in the UHPC deck layer test
area, with continuous monitoring until 9:00 PM that evening. During the selected time
period (3:00 AM to 6:45 AM), crack propagation and arrest in the monitoring area were
clearly observed. The evolution curves of the AE event rate (events per minute) and the
cumulative number of AE events during the entire monitoring period are shown in Fig.
3.31(a) and (b). It can be seen that around the 73rd and 183rd minutes of monitoring,
two significant bursts of AE signals occurred, and the cumulative event curve exhibited

stepwise growth, indicating that the crack experienced two major propagation stages.
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Figure 3.31 AE time series results: AE signals rate (a); Cumulated AE (b); AE p coefficient
and b-value (c), (d).

To quantitatively characterize the damage evolution state, S and h-value analyses
were performed on the AE time series using the methods described in Sections 2.4.1
and 2.4.2. The data were processed using a sliding window of 50 events, and the b-
value and f: exponent were calculated, with the results shown in Fig. 3.31(c) and (d).
In the early stage of monitoring (first 50 minutes), the b-value remained between 1.4
and 1.5, and the f; value was approximately 0.5. This stage corresponds to a damage
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state of microcrack initiation and stable propagation. During the two bursts of AE
signals at the 73rd and 183rd minutes, the b-value rapidly decreased to around the
critical value of 1.0, while the f; value jumped to approximately 1.5. A b-value drop to
1.0 typically indicates the coalescence of microcracks into macrocracks, while f; > 1
indicates that the damage process is in an unstable accelerating state. The synchronous
changes of these two AE parameters confirmed, from a statistical physics perspective,
the occurrence of two significant unstable macroscopic crack propagation events during
the monitoring period.

To verify the reliability of the AE monitoring results, the width and length of the
crack in the monitoring area were also measured periodically (every 20 minutes) using
a crack gauge. The results are shown in Fig. 3.32. Comparison shows that the two
sudden increases (jumps) in crack width and length measured in the field coincided in
time with the two major AE signal bursts detected by the monitoring system.
Furthermore, the peak AE event rate showed a positive correlation with the magnitude
of the crack jumps, indicating that more intense AE activity corresponds to a larger
increase in crack dimensions. This spatiotemporal correlation confirms that the AE
signals originate from the crack propagation process and also indicates that AE
parameters can sensitively reflect the intensity of crack propagation. The precise
temporal correspondence between the two peaks in AE event rate and the two jumps in
crack width and length, along with the positive correlation in their magnitudes,

demonstrates the reliability of AE activity as a direct acoustic signature of dynamic

crack propagatlon.
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Figure 3.32 Crack morphology measured in field: (a) crack image; (b) crack growth curve.
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Based on the AE source localization principle described in Section 2.3.4, the time
differences of arrival of signals received by the four sensors were used to solve the
triangulation equations using the least squares method and the Gauss Newton iterative
algorithm, inverting the spatial coordinates of each AE source event. The AE source

localization results (represented by red dots) are shown in Fig. 3.33.
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Figure 3.33 Crack tip propagation trajectory from AE source localization.

The distribution of red dots in Fig. 3.33 clearly outlines the propagation trajectory
of the crack tip. The upward movement trend of the red dots indicates that the crack tip
propagated progressively. This evidence is consistent with the crack morphology
measured in the field (Fig. 3.32). Additionally, the group of AE source points in Fig.
3.33 shows two large spatial gaps, corresponding to the two major AE events at the
73rd and 183rd minutes, respectively. This confirms the two crack tip propagations
from a spatial localization perspective. As shown in Fig. 3.33, the crack eventually
entered an arrest stage.

The agreement between the AE source localization results and the manually
measured crack propagation morphology demonstrates that AE technique possesses the

capability to dynamically and accurately track the position of a crack tip.
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3.5.3 Analysis and discussion of crack propagation triggers

During the monitoring period, the bridge deck had not yet been paved with asphalt,
allowing construction vehicles to pass. To investigate the triggers of crack propagation,
the cumulative AE event curve was analyzed in correspondence with vehicle records
on the bridge during the same period (provided by the bridge management authority).
The results are shown in Fig. 3.34(a). The analysis found that the timing of the two
major AE event bursts closely corresponded to the periods when traffic volume on the
bridge peaked. Furthermore, the cumulative AE curve exhibited a rapid increase
immediately after the traffic peaks. This strong correlation indicates that the cyclic
bending deformation of the deck structure induced by construction vehicle passage and
vehicle bridge coupling vibrations were the main external load sources driving the

further propagation of existing drying shrinkage cracks in the UHPC deck layer.

2.4 T T T T T 400 10 T T T T 400
I Magnitude - | M Troffic flow , I
—— AE evenis : Peak in 350 =t ]  Event.] Event.2 350
2.0 i earthquake . 84 I
o - 300 o Traffic peak 300
2 Event.] ! | Event.2 > ‘B —! -
E 16 I | s0 S = ] k250 i
) J J 2 % o
= | I F200 L =1 F200 L
g 121 ! ! E 2., E
. = E F150 5
3 | I ] 5 e
i | | | =] = =]
0% | = ) 100
’ 1 1 |
30
I I I
0.4 R : 0 Lo
0 50 100 150 ] 50 100 150 200 250
t/min (a) t/min (b)

Figure 3.34 AE and environmental effects: AE and earthquakes (a); AE and vehicle traffic (b).

It should be noted that at 3:20 AM on the monitoring day (October 23, 2023), a
magnitude 5.0 earthquake occurred in the sea area several tens of kilometers from the
bridge site, and aftershocks were present during the monitoring period. To clarify the
influence of the earthquake on crack propagation, the AE activity time series was
compared with the earthquake catalog within a 20 km radius of the monitoring point,
as shown in Fig. 3.34(b). Statistical analysis showed that there was no clear temporal
correlation between the bursts of AE signals and the occurrence of seismic events, and

AE activity did not increase after every earthquake. Therefore, during the specific
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monitoring period of this case, seismic activity had a negligible influence on the
propagation of cracks in the UHPC deck layer, and the cracking was primarily attributed
to traffic vehicles.

This field measurement case fully demonstrates the unique advantages of AE
technique in structural health monitoring, especially in dynamic crack monitoring: 1) it
can capture the initiation of microcracks and internal propagation activities invisible to
the naked eye online, enabling early detection; 2) through sensor arrays, it can achieve
planar or even spatial localization of damage sources, accurately tracking the crack tip;
3) combined with parameters such as the b-value and f, it can quantitatively judge the
damage stage and stability. However, challenges also exist in practical applications:
field wind, rain, traffic vibrations, etc., generate substantial environmental noise,
requiring reasonable threshold settings, filtering techniques, and signal processing
algorithms to ensure the signal to noise ratio; the massive amount of AE data requires
professional algorithms for interpretation to distinguish structural damage signals from
other non damage related signals. This study demonstrates that AE technique is an
effective tool for real-time identification, localization, and state assessment of hidden
damage in in service bridge structures, providing important technical means and
practical references for construction quality control during construction and long-term
health monitoring during operation of new bridge systems such as steel UHPC

composite structures.

3.6 Precursor identification and validation of flexural failure

in GFRP bar reinforced concrete beams

This section presents four point bending tests on glass fiber reinforced polymer
(GFRP) bar reinforced concrete beams. Combined with AE and DIC techniques, the
damage evolution during flexural failure and the bond-slip behavior between the GFRP
bars and concrete were investigated. The tests aimed to validate the effectiveness of the

MCF-B method proposed in Chapter 2 for identifying critical failure precursors in
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structures and to compare its performance with traditional b-value analysis, NT analysis,

AE entropy analysis, and the DPH index.

3.6.1 Experimental overview and mechanical response results

The GFRP bar reinforced concrete beams had a cross section of 200 mm % 200 mm
and a total length of 1800 mm. Detailed information is shown in Fig. 3.35. A notch was
reserved at midspan of the beam, and the top of the notch was connected by a steel
hinge (see Fig. 3.35). Two ribbed sand coated GFRP bars with a diameter of 12 mm
were placed at the bottom of the beam as the main tensile reinforcement (morphology
shown in Fig. 3.36). Under four point bending, the bottom of the midspan region is the
pure bending segment, subjected to the maximum tensile stress. Therefore, the high
tensile strength GFRP bars were arranged here to fully utilize their tensile performance.
Additionally, two longitudinal bars with a diameter of 10 mm were placed at the top
and bottom of the beam, serving as compression reinforcement (top) and mounting bars
(bottom), respectively, to ensure the integrity of the beam. The longitudinal bars were
fixed by HPB300 stirrups with a diameter of 8 mm spaced at 200 mm, collectively
forming the overall reinforcement cage.
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Figure 3.35 Beam geometry and reinforcement (Unit: mm): (a) GFRP bars; (b)Steel

reinforcement.
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To induce local damage and study the bond-slip mechanism, a notch was created at
the midspan of the beam, as indicated in Fig. 3.35(a). In the pure bending segment on
the right side of midspan, the GFRP bar had a 50 mm unbonded segment to prevent
premature failure of the concrete at the edge of the compression zone in the pure
bending segment. On the left side of midspan, the reinforcement in the pure bending
segment had a 150 mm unbonded segment, and the free end was also in an unbonded
state. The concrete strength grade was C100, with a mix proportion shown in Table 3.14.
The measured 28 day cubic compressive strength was 110.4 MPa, and the elastic
modulus was 44.8 GPa. The mechanical properties of the GFRP bars were determined
through tensile tests, yielding an average ultimate tensile strength of 1164 MPa and an
elastic modulus of 56.4 GPa. Specific characteristics are shown in Table 3.15. The tests

monitored the mechanical behavior and crack evolution patterns of three beams.

d to

Et

Figure 3.36 Characterization of the GFRP bars: (a),(b) overall view; (c) close-up view of the

sand-coated ribbed surface; (d) representative tensile stress-strain curve.

Table 3.14 Concrete mix proportion (kg/m?*)

Silica Fly River  Coarse Polycarboxylate
Component  Cement Water
fume ash sand aggregate water reducer
Dosage 1.0 020 0.05 1.15 1.85 0.18 0.035

Table 3.15 Mechanical properties of GFRP bars

Type of bar Cross- Rib spacing  Bar diameter Ultimate Elastic
surface section type (mm) (mm) strength (MPa) modulus (GPa)
Ribs Round 10 12 1164 56.4

Four point bending loading was adopted. The short distance of 267 mm between

the loading points and supports was designed to create high shear stress conditions,
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thereby inducing a bond-slip failure mode at the GFRP bar concrete interface. A crack
mouth opening displacement (CMOD) gauge was installed at the notch in the midspan
of the beam, and four vertical displacement transducers were arranged along the bottom
edge of the beam. Additionally, two AE sensors were placed along the GFRP bar
arrangement direction, as shown in Fig. 3.37(a). The AE system was manufactured by
Lunitek, Italy, equipped with piezoelectric sensors (frequency range 10 kHz to 1 MHz),
which were bonded and fixed to the beam surface using silicone resin (see Fig. 3.37b).
The acquisition threshold was set to 2 mV. As shown in Fig. 3.37(c), the strain
distribution in the notch region on the front face of the beam was captured and
quantified using a DIC system, with the analysis focusing on the strain evolution in the
vicinity of the GFRP bars. The test employed a 100 kN MTS loading system controlled
by CMOD. The initial loading rate was 0.05 mm/min, which was increased to 0.2
mm/min after the crack opening reached 0.1 mm, until the load dropped to 85% of the
peak load, at which point loading was stopped.
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Figure 3.37 Schematic of experimental setup and instrumentation. (a) Overall testing setup,

(b) detail of AE sensor, (¢) DIC measurement scheme, and (d) DIC monitoring equipment.
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Figure 3.38 shows the load time curves for the three test beams from the same batch,
where normalized time 1 corresponds to the peak load. The average peak load of the
three beams was 101.4 kN, with little variability in the experimental peak loads
(coefficient of variation 2.30%). AE monitoring focused on beam #1, whose peak load
was closest to the average value, to conduct an in depth multi-technique fusion analysis
of the damage process. The asterisks in Fig. 3.38 mark the time points for DIC image
analysis of the three test beams, which will be discussed later.

As shown in Fig. 3.38, all beams exhibited a "saw-tooth" load drop pattern before
reaching the peak load, indicating the occurrence of stick-slip behavior between the
GFRP bars and the concrete. In the initial stage, the bond force was mainly maintained
by the interlocking action and friction provided by the ribbed surface of the GFRP bars.
As the load increased, local debonding occurred between the GFRP bars and the
concrete, leading to sudden load drops. Each drop corresponded to a slip event,
followed by re bonding as the load redistributed. This process was accompanied by

shear dominated cracking near the GFRP bar concrete interface.
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Figure 3.38 Global behaviours of the test beams.

Figure 3.39 shows the final failure modes of the test beams, characterized by
horizontal shear cracks distributed on the beam surface. The beams ultimately failed by
GFRP bar pullout. The sand coated layer on the surface of the GFRP bars underwent
shear peeling over the entire embedded length, and obvious bond-slip was observed at
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the GFRP bar concrete interface. Due to the CMOD controlled loading, the load only
reached the conventional compressive strength of the material, and the beams did not
completely collapse. Based on this, subsequent analyses focus on the critical failure
state of the beams near the peak load. It is worth noting that the failure of all three
beams in Fig. 3.39 was caused by horizontal shear cracks near the GFRP bars at the
notch, which is consistent with the sharp drop trend after the peak load in Fig. 3.38.
Figure 3.40 shows the DIC results for the three test beams. The crack morphology
was predominantly horizontal. Figure 3.40 presents the equivalent strain field and the
horizontal strain field. The equivalent strain field results show that cracks were mainly
concentrated near the GFRP bars in the notch region. Furthermore, the horizontal strain
field results in Fig. 3.40 reveal the morphology of the horizontal cracks, which is

consistent with the final failure modes shown in Fig. 3.39.

Figure 3.39 Final failure configuration and details. (a) Final failure of Specimen 1; (b) Failure

of the GFRP bars in Specimen 1; (c-e) Details of Specimens.
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elastic strain energy inside the specimen. The results in Fig. 3.42 show that the maxima
of the DPH index are closely related to local cracking during the test (such as the stick-
slip behavior shown in Fig. 3.38). This study employs the DPH index as a characteristic
indicator capable of detecting both local and global instabilities. As shown in Fig.
3.42(a c), local maxima of the index (highlighted by yellow areas) have predictive
capability for subsequent changes in the mechanical response of the specimen
(highlighted by yellow circles). The temporal evolution of this index shows a consistent
pattern: after each local maximum, the index value undergoes a transient decrease

followed by a substantial increase.

(a) 0.25 120
— d(E,)/d(t) - Maximum
0.20 Load = - 100
5 Specimen 1 L 30
0.15
2o
2 Z
& : 60
= 0.10- e e
() -40
0.05 - 7 20
0.00 T T T T 0
0.0 02 04 0.6 0.8 1.0
Normalized Time
1.0 120
(b) ] d(E/d(t) | ——= Maximum
0.8 Toad - 100
] - 80
2 0.6
£ | o5 @
E 0.4 o -
& 0. < L 40
02 20
1 -0
0.0 T — T T T
0.0 0.2 04 0.6 0.8 1.0
Normalized Time
(¢ ' ! - - . 120
| — d(Ec)/d(t)i — Maximum
Load - 100
129 Specimen 3 = <0
- <
Y
i 0.8 5 L 60 é
= G [
= 1 - 40
0.4 ||
-20
0.0 . T T T 0
0.0 0.2 04 0.6 0.8 1.0

Normalized Time

Figure 3.42 Results for Specimens in terms of DPH index evolution.
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3.6.2 AE time series analysis and fracture precursor identification

Figure 3.43 shows the evolution of load, cumulative number of AE events, and
normalized AE amplitude during the loading of test beam #1. The AE amplitude and
number of signals from sensor 1 on the left side were significantly higher than those
from sensor 2 on the right side, indicating that AE activity was more intense on the left
side and that damage to the beam occurred mainly on the left. The load time curve
exhibits "saw-tooth" fluctuations, which are characteristic of the bond-slip behavior
between the GFRP bar and the concrete. Notably, each load drop (slip event)
corresponds to a peak in AE amplitude, indicating that AE signals are sensitive to local
interface instability. The results show that AE signals effectively identify the stick-slip
phenomenon between the GFRP bar and concrete, and each amplitude peak signifies

elastic energy emission caused by a slip event, generating high-amplitude AE signals.
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Figure 3.43 Comparison of AE signals on the left and right sides of the test beam. (a)
Sensor 1 on the left side; (b) Sensor 2 on the right side (c) Both Sensors 1 and 2.
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The RA-AF method described in Section 2.3.3 was used to analyze the evolution of
crack types. As shown in Fig. 3.44, windows with a normalized time span of 0.15 were
selected (Stages SS1 and SS2), and RA-AF analysis was performed separately to
identify stick-slip behavior. Furthermore, using the stick-slip points as boundaries, the
damage process was divided into three stages (TS1, TS2, TS3), and RA-AF analysis
was conducted for these three stages.

Figure 3.45 shows the percentage distribution (%) of shear cracks (Mode II) and
tensile cracks (Mode I) at different stages. As shown in Fig. 3.45(a), shear cracks
dominate in both stick-slip stages, accounting for 62% and 70% of total cracks,
respectively, indicating shear dominated cracking behavior in these stages. As shown
in Fig. 3.45(b), the damage evolution process divided by the stick-slip points reveals
different cracking modes in each stage. In the initial stage TS1, tensile cracks dominate,
accounting for approximately 80%. In stage TS2, the proportion of shear cracks
increases significantly, and the damage mechanism transitions from tensile dominated
to shear dominated. In stage TS3, the proportion of shear cracks reaches approximately
80%, indicating that failure is ultimately dominated by interface shear slip and shear
cracking. The results track the gradual evolution from tensile cracking to shear cracking
(see Fig. 3.45b), which is highly consistent with the "sawtooth" fluctuations in the load
curve and the strain concentration observed by DIC, confirming the effectiveness of AE

in 1dentifying changes in damage mechanisms.
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Figure 3.44 Damage stage divisions for AF-RA analysis. (a) Two divisions for
identifying the stick-slip and (b) Three divisions for damage process.
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Figure 3.45 Mode I and Mode II crack openings during the damage process. (a) Results
for two stick-slip stages; (b,c) Results for three different damage stages.

To comprehensively capture the failure precursor characteristics during beam
loading, NT analysis, AE information entropy analysis, and MCF-B analysis were
jointly applied. NT analysis can derive important features related to the damage process,
as detailed in Section 2.4.3. The evolution of the NT variance xi, entropy S, and its time
reversed entropy Srev Over time was extracted. The NT analysis used a window size of
100 events, and the NT parameter O was taken as the AE energy. The results are shown
in Fig. 3.46(a). The two horizontal dashed lines represent the critical value for the
variance x1 = 0.07 and the critical value for the entropy Su = 0.0966. When &
approaches 0.07 and the entropy S falls below 0.0966, the system enters a critical state.
For the NT analysis results, Figure 3.46(a) shows that a critical region can be identified,
highlighted by a grey background, located near a normalized time of 0.65 and appearing
before the peak load.

Each AE waveform generated during the damage evolution process has a unique
degree of disorder. The probability distribution of the discrete voltage values of the
waveform can be quantified as information entropy. By analyzing the evolution curve
of AE information entropy, different failure stages of the beam during bending can be
identified. The information entropy of the AE time series was calculated using a

cumulative window, and the results are shown in Fig. 3.46(b). In the early stage, loading
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