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Abstract 
This study explores the use of Acoustic Emission (AE) monitoring to evaluate the structural reliability 
of existing concrete structures during load testing. AE data were processed probabilistically to estimate 
crack locations and, combined with the strut-and-tie model, were used to assess shear resistance. Based 
on the processed AE data, a probabilistic framework was implemented to assess the structural reliabil-
ity. The results demonstrate that incorporating AE significantly reduces the required load levels for 
indicating specific reliability index while maintaining safety during load testing. This research high-
lights the potential of AE as an efficient tool for reliability assessment of existing concrete structures. 
Keywords 
concrete structures, reliability assessment, structural resistance, Acoustic Emission monitoring 

1 Introduction 
Many existing concrete structures are approaching the end of their service life [1], raising concerns 
about their safety [2]. Structural reliability assessment is important to ensure safety and provides useful 
information for decision making such as maintenance [3]. However, in existing concrete structures, 
many design parameters are unknown, and material properties and load conditions may change over 
time [4, 5]. These uncertainties and incomplete information challenge the reliability assessment.  

Structural health monitoring (SHM) can provide up-to-date information for structural reliability 
analysis. Various sensing technologies—including linear variable differential transformers (LVDTs), 
digital image correlation (DIC), fibre optic sensors (FOS), acoustic emission (AE) sensors, and accel-
erometers—can capture important structural parameters such as deflection, strain, stress, crack location, 
and crack width [6]. 

In SHM, various sources of uncertainty must be considered, including sensor placement, data re-
cording, and signal processing algorithms [7]. Aleatory uncertainties (e.g., random noise) are irreduci-
ble but can be mitigated using statistical techniques, while epistemic uncertainties (e.g., biases due to 
model error) are reducible through proper calibration and validation [8]. Understanding and incorpo-
rating these uncertainties into the monitoring framework would improve the reliability of structural 
assessments. 

With SHM information, the load and resistance models can be updated to predict the structural 
performance under different load scenarios [9]. Load models describe forces acting on the structure 
(dead loads, live loads, environmental loads such as wind or seismic), while resistance models estimate 
the capacity of a structure or its components to withstand loads without failure [10]. The resistance of 
structural components is influenced by factors such as material strength, member dimensions, and deg-
radation due to environmental exposure or mechanical wear. These parameters exhibit variability, ne-
cessitating a probabilistic treatment. 

By integrating monitoring-informed resistance and load distributions, the reliability index (β) can 
be dynamically calculated [11]. Time-dependent reliability analysis projects future risks by combining 
degradation models (e.g., carbonation progression) with anticipated load changes (such as increased 
traffic or climate-driven extremes) [4]. A Bayesian framework can be implemented to systematically 
combine prior knowledge with new SHM data. The process begins with a prior analysis using existing 
data as a baseline for reliability assessment. Monitoring data are then incorporated through a likelihood 
function, quantifying discrepancies between observed and predicted performance. This ensures model 
predictions are aligned with real-world observations. Posterior updating refines the model parameters 
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based on the combined prior information and new data. This iterative process enables continuous im-
provement of the reliability index, making it more representative of the actual structural condition.  

A Bayesian framework has been developed to incorporate DIC crack width measurement in the 
structural reliability assessment [12]. Compared to DIC, AE monitoring has a different underlying phys-
ics, resulting in more sensitive crack detection [13] and the ability to detect the internal damages [14]. 
Therefore, incorporating AE information for the structural reliability assessment can be beneficial. 

This paper extends the Bayesian framework originally developed for DIC-based reliability assess-
ments to incorporate AE data. It accounts for uncertainties across the load and resistance models, in-
cluding the AE-based shear failure indicators. During load testing of a full-scale reinforced concrete 
beam without shear reinforcement, the minimum annual reliability for disapproval of existing structures 
(β = 4.0) can be demonstrated at a lower load level when AE information is incorporated. This approach 
reduces the need for excessive loading, enhancing both cost efficiency and safety in load testing. 

2 Using acoustic emission to calculate the structural reliability 

2.1 From data to information: probability density of AE events 
Sudden changes in concrete (such as cracking) release energy in the form of acoustic emissions, which 
propagate as elastic waves through the concrete and can be detected by AE sensors [15]. Based on the 
arrival times of the AE signals at multiple sensors and the sensor locations, AE source localization 
methods can estimate the position of the source event [16].  

Uncertainties in the localization process can cause errors in the identified source position [17]. 
These uncertainties arise from factors such as arrival-time picking errors, wave propagation variations 
(e.g. the presence of cracks between source and sensors), or sensors missing weak signals due to large 
spacing. Through numerical and experimental studies, the source localization error was found to follow 
a chi distribution. Based on the quantified error, a probabilistic source localization method was devel-
oped in a previous paper [18]. A parameter called probability density of AE events (pdAE) is computed, 
which incorporates the localization uncertainties and represents the probability that an AE event origi-
nated at a given location in the structure: 

𝑝𝑝𝐀𝐀(𝐱𝐱) = �𝑓𝑓�𝒙𝒙,𝒙𝒙𝑔𝑔,𝑎𝑎�
𝑎𝑎∈𝐀𝐀

= �
1

�√2𝜋𝜋�
𝑘𝑘

1
𝜎𝜎𝑘𝑘 𝑒𝑒

−�𝒙𝒙−𝒙𝒙𝑔𝑔,𝑎𝑎�
2 2𝜎𝜎2�

𝑎𝑎∈𝐀𝐀

,𝑘𝑘 ∈ {1,2,3} (1) 

where A is a set of all AE events that occurred in the measuring time and space range, xg,a is the 
estimated location of event a, x is a random point in the space of k dimensions (in this paper, 2D source 
localization is performed, thus k = 2) and σ is the standard deviation of the source localization error 
component (this paper takes σ = 55mm [18]). By including the source localization errors, the computed 
parameter pdAE can more clearly identify the location of cracks. 

Figure 1a shows an example of AE source locations estimated using a conventional localization 
method, in comparison with the actual crack pattern (the real crack is indicated by the white line). Each 
dot represents a localized AE source. Due to localization errors, many AE source points deviate signif-
icantly from the actual crack, resulting in an unclear indication of the crack path. 

Figure 1b shows the pdAE field for a single AE event. The estimated source location for this event 
is at (2.48, 0.35) m, and points closer to that location have a higher probability of being the true source. 
By superimposing the pdAE fields of multiple events. Figure 1c shows the pdAE field for all AE events 
from Figure 1a. By accounting for the source localization uncertainty, the crack location is more clearly 
identified; even a secondary crack near the main crack becomes distinguishable. 
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Figure 1 From 0 to 200 kN (excluding AE events during unloading) in test I123A: (a) 
estimated source locations with marked actual crack pattern, (b) the pdAE field of one 
AE event, (c) the pdAE field of all AE events with marked actual crack pattern [18]. 

2.2 From information to structural resistance: AE-based shear failure indicators 
During the shear failure of reinforced concrete beams without shear reinforcement, the integrity of the 
concrete strut (the diagonal compression region) is found closely linked to the remaining shear re-
sistance. In a previous paper [19], a set of indicators have been proposed which use pdAE data to eval-
uate the integrity of this strut region. Three levels of structural damage in a beam under shear are iden-
tified (illustrated in Figure 2). 

• Initial flexural cracking – Green light: When the pdAE in the tie region first reaches the 
predefined threshold, a flexural crack has been opened; this is the green-light criterion.  

• First strut cracking – Yellow light: When the pdAE in the strut region reaches the same 
level as that recorded at the green-light criterion, a crack has reached the strut; this is defined 
as the yellow-light criterion.  

• Critical shear crack – Red light: When the pdAE in the strut exceeds the maximum accu-
mulated pdAE observed in the tie region, the strut is considered heavily damaged (approach-
ing failure). This condition, caused by a significant increase in shear crack opening/displace-
ment, is defined as the red-light criterion. 

 
Figure 2 The traffic light system for shear failure indication: (a) cracking behaviour at 
the criteria and (b) determination of the criteria by comparing the maximum pdAE in 
the strut and the reference region. 
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The proposed traffic-light system was validated with shear tests on reinforced concrete beams under 
various configurations. Description on the test series can be found in [19]. One of these tests, i.e. I123A, 
was used in this paper to demonstrate the reliability assessment as described in Section 3. 

For a traffic light criterion i, the shear resistance factor XAE,i, which is the ratio between the shear 
resistance and the shear effect of applied load and self-weight, is computed for the cross section at a 
distance of 1 m from the supporting line. Table 1 shows the shear resistance factor XAE,i in the six texts. 
At the green-light criterion (i = 1), the shear resistance factor was between 1.50 and 1.88. At the yellow-
light criterion (i = 2), the shear resistance factor was between 1.13 and 1.75. At the red-light criterion 
(i = 3), the shear resistance factor is between 1.00 and 1.65, which is close to structural failure. Figure 
3 shows that the shear resistance factor may increase with the shear span ratio. 
Table 1 Shear resistance factor at the three criteria in the beam tests. 

Beam test Shear 
span ra-
tio a/d 

Shear resistance fac-
tor at green light  

XAE,1  

Shear resistance factor 
at yellow light XAE,2  

Shear resistance fac-
tor at red light XAE,3  

I123A 2,61 1.54 1.13 1.07 

H601A 3,89 1.83 1.58 1.18 

H602A 3,89 1.88 1.75 1.65 

H603A 2,59 1.87 1.29 1.15 

H604A 3,02 1.50 1.25 1.00 

H853A 2,61 1.63 1.30 1.30 

 
Figure 3 Shear resistance factors at different shear span ratio. 

2.3 Reliability calculation 
A Bayesian framework was applied, which facilitates the computation of limit state functions and sys-
tematically incorporates AE data. The method was originally developed to incorporate DIC crack width 
measurement [12]. This paper uses this framework to integrate AE-based indicators in the reliability 
assessment. 

2.3.1 Limit state functions at different stages 
The limit state function plays a central role in structural reliability assessment. The general format of 
limit state function is: 

𝑍𝑍 = 𝜃𝜃𝑅𝑅𝑅𝑅 − 𝜃𝜃𝐸𝐸𝐸𝐸 (2) 
where θR is the uncertainty associated with resistance calculation, R is the resistance, θE is the model 

uncertainty of the load effect calculation, E is the load effect. For concrete bridges in service, the load 
effect is  
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𝐸𝐸 = 𝐺𝐺DL + 𝐺𝐺SDL + 𝐶𝐶0𝑄𝑄𝑄𝑄 (3) 
where GDL is the dead load effect, GSDL is the superimposed dead load effect, C0Q is the time-

invariant part of the live load effect, and Q is the time variant part of the traffic load effect.  
The resistance of existing structures R may have high uncertainty due to limited available infor-

mation. Instead of using a purely theoretical resistance model, the resistance R is estimated by integrat-
ing in-situ measurements with insights from laboratory experiments and analytical modelling. This 
data-informed approach also influences the estimation of θR (since the uncertainty in the resistance 
prediction is reduced by testing information). 

Without any AE monitoring information, one can assume that the resistance of the tested structure 
must be at least sufficient to carry the dead load and the applied test load. The corresponding limit state 
function (including model uncertainties) only based on the applied load (baseline) can be written as: 

𝑍𝑍LT,baseline = 𝜃𝜃𝑅𝑅�𝜃𝜃𝐸𝐸𝐺𝐺DL + 𝜃𝜃𝐸𝐸,LT𝑄𝑄LT� − 𝜃𝜃𝐸𝐸�𝐺𝐺DL + 𝐺𝐺SDL + 𝐶𝐶0𝑄𝑄𝑄𝑄� (4) 
where QLT is the effect of the applied load, θE,LT is the model uncertainty of the load effect pertain-

ing to the load testing situation. Model uncertainty in the load test (θE,LT) is likely correlated to that in 
the regular load, due to similar load application methods, test configurations, and failure modes. 

With AE monitoring information, the resistance is estimated as the load effect (of applied load and 
self-weight) multiplied by the factor XAE. The corresponding limit state function after load testing with 
the information from AE is then: 

𝑍𝑍LT, AE = 𝜃𝜃𝑅𝑅𝑋𝑋AE�𝜃𝜃𝐸𝐸𝐺𝐺DL + 𝜃𝜃𝐸𝐸 ,LT𝑄𝑄LT� − 𝜃𝜃𝐸𝐸�𝐺𝐺DL + 𝐺𝐺SDL + 𝐶𝐶0𝑄𝑄𝑄𝑄� (5) 

2.3.2 AE-based shear resistance factor in the load testing 
The shear resistance factor XAE,p for an applied load p is computed as: 

 𝑋𝑋AE,𝑝𝑝 = �
𝑋𝑋AE,1 𝑝𝑝 ≤ 𝑃𝑃1
𝑋𝑋AE,2 𝑃𝑃1 < 𝑝𝑝 ≤ 𝑃𝑃2
𝑋𝑋AE,3 𝑃𝑃2 < 𝑝𝑝 ≤ 𝑃𝑃3

 (6) 

where the load Pi corresponds to when the traffic light i is observed, i = 1 represents green light, 
i = 2 represents the yellow light, and i = 3 represents the red light.  

In this approach, the resistance factor for any applied load is set to the value of the next traffic-light 
criterion. For example, before reaching the green-light criterion, no acoustic emissions (AE) from 
cracking are detected, indicating that the load effect is lower than at the green-light level. Consequently, 
the actual resistance factor would be higher than the one assigned at the green-light criterion. 

In other words, Equation (7) generally assigns a lower resistance factor across most load levels. A 
lower resistance factor leads to an underestimation of shear resistance, with the effect being more pro-
nounced when the load level is significantly lower than the upcoming traffic-light criterion. Notably, 
once the red-light criterion is reached, the shear resistance factor is no longer computed, as the structure 
is considered near failure. 

2.3.3 Bayesian update 
During testing, information of successful carrying an applied load is incorporated into a Bayesian up-
dating scheme to refine the joint posterior distribution θ (θR, XAE): 

𝑝𝑝�𝛉𝛉�𝑍𝑍LT,during test > 0� ∝ 𝑝𝑝�𝑍𝑍LT,during test > 0�𝛉𝛉�𝑝𝑝(𝛉𝛉) (7) 
where 𝑍𝑍LT,during test = 𝜃𝜃𝑅𝑅𝑋𝑋AE�𝜃𝜃𝐸𝐸𝐺𝐺DL + 𝜃𝜃𝐸𝐸,LT𝑄𝑄LT� − �𝜃𝜃𝐸𝐸𝐺𝐺DL + 𝜃𝜃𝐸𝐸,LT𝑄𝑄LT� ∝ 𝜃𝜃𝑅𝑅𝑋𝑋AE − 1 , which is 

the limit state function during loading.  
In mathematical terms, the likelihood of survival 𝑝𝑝�𝑍𝑍LT,during test > 0�𝛉𝛉� serves as an indicator 

function that filters the prior distribution 𝑝𝑝(𝛉𝛉). In a Monte Carlo simulation, this involves discarding 
samples that do not satisfy 𝑍𝑍LT,during test > 0, effectively distinguishing between parameter realizations 
that would fail and those that would survive the applied load. Then the Markov Chain Monte Carlo 
sampling [20] is used to efficiently draw samples from the posterior distribution of θ given this survival 
event. In Bayesian inference, the factor XAE is described by a Student’s t-distribution which is mathe-
matically equivalent to assuming a non-informative prior on the parameters of normal distribution. This 
approach provides a convenient way to update the distribution of XAE (and θR) without introducing bias, 
reflecting only the information gained from the successful load test.  

Once updating is performed, the revised parameters 𝜃𝜃𝑅𝑅′  and 𝑋𝑋AE
′  are used in the limit state function 

𝑍𝑍LT, AE in Equation (6). 
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3 Case study 

3.1 Test description 
The case study focuses on evaluating structural reliability in shear for a typical reinforced concrete slab 
bridge constructed in the 1960s. This type of structure has limited shear reinforcement and is thus vul-
nerable to shear failure. To simulate such a bridge, a concrete beam (a slab strip) of 0.3 m width, 10 m 
length, and 1.2 m height was cast in the laboratory. Figure 4 shows the beam configuration, including 
dimensions, reinforcement layout, supports, and loading points. The concrete strength class was C65, 
assuming that bridges originally built with C35 concrete in 1960s have increased in strength over time. 
In total, six beams were tested, names as I123A, H601A, H602A, H603A, H604A and H853A. Details 
of the test setup can be found in a previous paper [19].The test I123A is used in this paper to demonstrate 
the reliability assessment in the load testing. 

The beam was loaded in the lab until shear failure occurred. The ultimate load capacity (Pu) was 
300 kN. AE monitoring was conducted throughout the load test. According to the defined AE-based 
indicators (the maximum pdAE in the strut region), the green-light, yellow-light, and red-light criteria 
were reached at load levels of 180 kN, 250 kN, and 290 kN respectively. These load levels indicate the 
points at which the first flexural crack formed (green), the first shear crack reached the strut (yellow), 
and the strut was critically damaged (red) during the test. 

 
Figure 4 A sketch of beam configuration including beam dimension, reinforcement 
layout and locations of supports and load [21]. 

3.2 Probabilistic models 
To perform the reliability update, a probabilistic model tailored to the test structure was developed. The 
mean values and coefficients of variation (COV) of the random variables (see Table 2) are taken from 
a previous study [12] which were based on recommendations from the JCSS Probabilistic Model Code 
[22], fib Bulletin 80 [10], and specifications on the Weigh-In-Motion (WIM) traffic loads [23].  

The load effect is assessed at a cross-section located 1 m from the support line. It should be noted 
that the mean values for dead load effect GDL, superimposed load effect GSDL and traffic load effect Q 
are estimated to be one twelfth of the load effect applied in the previous study [12], considering that 
the slab width in the previous study (3.6 m) is twelve times the strip width in this paper (0.3 m). Here 
the load effect is assumed to be uniformly distributed in the width direction. 

The mean value and covariance of XAE take the values in Table 1. For yellow-light criterion, the 
mean and covariance of XAE,2 at the a/d = 2.61 is used (which is the shear span to depth ratio of the 
investigated beam I123A). 

 
Table 2 Overview of random variables in the limit state function 
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Random variables in the limit state function Distribution Mean  Covariance 

θR Model uncertainty of the resistance Lognormal 1 0,15 

XAE,p Resistance factor for green light XAE,1 (when the 
applied load p  ≤ = 180 kN) 

Student’s t 1.64 0,11 

Resistance factor for yellow light XAE,2 (when the 
applied load 180 kN < p ≤ 250 kN) 

Student’s t 1.22 0.10 

Resistance factor for red light XAE,3 (when the ap-
plied load 250 kN < p ≤ 290 kN) 

Student’s t 1.13 0,22 

GDL Dead load effect Normal 29.7kN 0,05 

GSDL Superimposed load effect Normal 4.9kN 0,1 

Q Traffic load effect Gumbel 32.5kN 0,035 

C0Q Time-independent uncertainty of traffic load ef-
fect, including dynamic effect 

Lognormal 1,1 0,1 

QLT Load effect by the load testing Normal  varies 0.02 

θE Model uncertainty of load effect Lognormal 1 0,1 

θE,LT Model uncertainty of load test effect; correlation 
ρ(θE, θE,LT)=0.7 

Lognormal 1 0,1 

 

3.3 Reliability calculation results 
Figure 5 compares the distribution of shear resistance with and without AE information when loaded 
to 90 kN. The results show that resistance estimated using AE data was approximately 1.65 times higher 
(146.87/88.78) than without AE, with a wider distribution. This corresponds to the applied resistance 
factor at the green-light criterion. The incorporation of AE data confirmed a greater structural re-
sistance, leading to a higher reliability index. 

Figure 6 shows the reliability index at all load levels, including results with and without AE infor-
mation after successful loading, as well as results during the loading process. The minimum annual 
reliability index for disapproval of existing bridges is β = 4.0, according to NEN 8700 [24]. With AE 
monitoring data, the bridge was informed to reach the required reliability index of 4.0 when loaded to 
90 kN. Without incorporating AE data, the same level of reliability would only be confirmed after 
loaded to 170 kN. Using AE allowed the load test to be stopped at a lower load while still confirming 
that the structure met the reliability requirement. 

The reliability index during the load testing itself provides insight into the risk associated with 
applying the load. At 110 kN when AE results showed sufficient structural reliability level (β > 4.0), 
the reliability index during the load testing was around 2, corresponding to a failure probability of 2.3%. 
This relatively high probability of survival confirms that the structure was likely to endure the applied 
load without failure. At 170 kN when the baseline showed same level of structural reliability, the reli-
ability during the load testing was a bit lower, around 1, meaning a higher failure probability of 16%. 
The reliability index during load testing was updated at each increment of the load, enabling continuous 
assessment of risk as the load increased. 
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Figure 5 The distribution of the load effect, estimated resistance without AE (base-
line), and estimate resistance updated by AE at the load level of 90 kN. 

 
Figure 6 Comparison of reliability index after load testing updated by AE, during load 
testing updated by AE and without AE information. 

4 Discussions 
This study extends the probabilistic framework which was developed to incorporate DIC crack width 
data for reliability assessment [12] to the AE application. By integrating AE monitoring into the prob-
abilistic approach, this study shows the potential of AE to provide early warning indicators of structural 
reliability while reducing reliance on high-load testing.  

Compared to the previous research on using DIC crack width as information, a key advantage of 
AE monitoring is its ability to detect fine cracking, particularly microcracking, before it becomes visu-
ally apparent. However, AE data interpretation remains a challenge due to inherent uncertainties in 
source localization and noise influence. Future improvements can focus on improving uncertainty quan-
tification methods to increase the robustness of AE-based assessments. 

Moreover, the extension to incorporate AE data highlights the flexibility of the probabilistic frame-
work. Future work could incorporate data from various sources (e.g., traffic-induced vibrations, tem-
perature effects). And multiple structural resistance models could be used such as finite element model 
(FEM). To properly incorporate them into the reliability framework, uncertainties and correlations 
among various data/models need to be quantified. 
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Furthermore, the current study is based on controlled laboratory experiments, which provide a well-
defined environment for evaluating monitoring-based reliability assessment. However, practical imple-
mentation on in-service structures requires further validation. Factors such as environmental noise and 
variable boundary conditions in real bridge slabs must be accounted for.  

5 Conclusions 
This study extends an existing crack width-based framework for structural reliability assessment to AE 
application. The introduction of the probability density field of AE events (pdAE) allows for more 
accurate crack identification, while the AE-based ‘traffic light’ failure indicators provide a computa-
tionally efficient structural resistance model. 

The case study highlights the significant value of AE information in reliability updating. The results 
indicate that incorporating AE data allows structural reliability to be verified at lower load levels com-
pared to traditional load testing, thereby reducing the risk of unnecessary overloading. Moreover, 
Bayesian updating techniques enable continuous reliability assessments during loading. 

Despite the promising results, further research is needed to validate the framework under real-world 
conditions. Future work should focus on refining AE monitoring plans and data processing, integrating 
complementary SHM techniques, and improving probabilistic models for reliability updating. 
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