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Abstract. In Guided Wave-based Structural Health Monitoring (GWSHM) systems,
the reliability assessment is of utmost importance. The primary focus is the smallest
damage that can be detected with 90 percent probability and 95 percent confidence.
However, the probability of correct damage localization is equally crucial as the
probability of detection. In this view, defining the smallest damage that can be
localized accurately in a statistically meaningful way is quite challenging.

Several localization techniques have been developed in the literature to localize
damage resorting to a GW sensor network, like SAFT and RAPID. This article
investigates the reliability of such SHM systems with these localization techniques
using an experimental data set from the Open Guided Waves (OGW) platform and
compares it with predictions obtained via a simulation model using the EFIT method.
A carbon fibre-reinforced plate-like structure reinforced by an omega stringer and a
GWSHM system employing twelve piezoceramic transducers bonded over the surface
to excite and receive guided waves are used. Pseudo damage of thirteen different sizes
are attached to three different locations using a damping tacky tape. Moreover, the
EFIT modelling tool is used to simulate the experiment with an extensive number of
damage scenarios at the defined three damage locations with a high degree of
consistency with the experimental data, facilitating a more robust analysis. The
outcome concerning the influence and correlation between damage size on
localization accuracy, considering various localization techniques, were explored and
discussed. Finally, the reliability assessment allowed to establish the performance of
the localization approaches in a rigorous way.
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1 Introduction

According to the damage tolerance paradigm, maintaining critical structures require
continuous inspections over the lifespan to verify the presence of any defect. This procedure
is quite critical as well as very demanding, especially for composite structures. However, it
can be enhanced through Structural Health Monitoring (SHM) systems using permanently
distributed sensors to enable continuous inspection and establish a predictive maintenance.
Several approaches are available to predict failures [1]. Among them, wave propagation-
based techniques respond to the requirements for an integrated and self-sensed structure.
They exploit propagation and reflection of elastic ultrasonic waves in solids as they are
affected by any media variation, including damage. Using pitch—catch techniques, damage
presence, location and severity can be estimated through different methods [2], [3].

Rytter and Farrar categorize SHM system into four distinct levels presented in order:
detection, localization, severity assessment, and prognostics [4], [5]. Localization is the
second level, which is engaged once damage has been detected. Within the SHM systems
that based on guided wave propagation, there is a wide variety of localization methods
available [1], [6], [7]. Among them, localization via probability-based approaches is widely
used and has been reported to be effective in detecting damages in complex geometry
structures [8], [9]. Probability-based approaches to localization typically employ damage
indices, which quantify the integrity of paths within a network of transducers in various
forms. This enables the system to infer the likelihood of damage presence and its location
within the structure.

However, having a system for SHM replacing current inspection procedures requires
the reliability to be assessed properly. While a sound background about damage identification
reliability assessment is present in the literature using probability of detection approaches for
NDT and the community is about to adopt these concepts with necessary changes to SHM
[10], there is not much attempt to quantify damage localization. Bayoumi et, al. [11]
presented a quantitative metric to quantify the location accuracy, Probability of Localization
(POL). POL analysis is a cumulative distribution function aiming to shade light on the
smallest detectable defect within a certain distance tolerance of damage location. The main
output of the POL analysis is the damage size Aqg 95, Which is the smallest damage that can

be localized within a certain tolerance with 90 % probability and 95% confidence. This metric
is proposed within this paper to assess the quality of various localization techniques.
Despite the high relevance of a POL for applications, it requires extensive
experimental campaigns to get to a statistically meaningful dataset. However, numerical
simulation can aid the analysis supporting performance assessment [12]. Within this context,
this paper applies the POL approach to two different localization techniques based on
probability diagnostic imaging comparing the performance thereof in correctly estimating
damage position in composite structures. In addition, the dataset is extended via numerical
simulation to explore model assisted approaches. The following section starts by describing
the experimental and simulation datasets. It then follows the two localization techniques and
ends with the main procedures required for the estimation of POL curves and their confidence
interval. Then, the results and discussion section are presented, highlighting
the main comparison of these two localization techniques using the POL approach on the
experimental data as well as the simulation one. Finally, a summary is presented.



1. Description of Data Set and Description of Concepts
1.1 Experimental dataset (OGW platform)

The experimental dataset for testing the concepts can be accessed via the OGW online
platform [13]. The dataset utilizes a 500 mm x 500 mm carbon fibre-reinforced polymer
stiffened by a central omega stringer and equipped with twelve piezoceramic transducers,
(see Figure 1). The excited signal is a Hann-windowed sinusoidal signal with a central
frequency of 40 kHz and five cycles. More detailed information regarding the experimental
layout can be found in [14]. Reversible damage is simulated with elliptical metallic plates of
13 different sizes (ranging from 49.48 mm2 to 2090.53 mm?), attached by vacuum sealant
tape at three defined positions (D1, D2, and D3). Consequently, the dataset consists of 66
actuator-receiver paths, with three distinct damage positions, D1, D2, and D3, for each of the
13 damage sizes. However, this paper mainly focuses on 36 paths that cross the omega
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For the simulations, the stringer and the plate were modelled with homogenised
material properties corresponding to the original stiffness of the composite laminate with
reference to the Equivalent Single Layer (ESL) method. The entire structure discretized using
the grid step size as dx=dy=1 mm for the plane directions and dz=0.5 mm for the thickness
direction, which falls within the 20-40 nodes per wavelength range, thus resulting in nearly
2 million cells to be computed. EFIT simulations use a smaller time step by definition [17],
so a time step of At=3.4x10-8 s was chosen for the 600 us simulation period. The total
computation time for each transient solution was slightly about 2 h and required just 8 GB
RAM in a medium level workstation. A total of 48 simulations were performed and data
collected from transducer points (1 baseline + three different damage scenarios) to evaluate
the SHM system and to assess the localisation performance.

X (m)
Figure 1: Schematic illustration of the experimental design; the location
of transducers and the three different positions of the damage [14].



1.3 Localization techniques
1.3.1 Probability diagnostic imaging using signal correlation
This localization technique is used to determine the localization of the damage [18] by

calculating the intensity factor (1(x,y)) for each location on the plate based on the correlation
coefficient-based damage indicator, Dlcc k ,values, expressed as:
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where k =1,2,..,N, is the maximum number of paths, S is the recorded measurement, H refers

to the recorded measurement at the pristine state, and D for the damaged one. N is the
sampling points of the acquired signal. Then, the 1(x,y) can be expressed as:
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where T = 1.05 is scaling factors controlling the area influenced by the transducer pairs
(i.e., from the it actuator located at (xi,yi) to the ji sensor located at (xi,yi)) and R(x, y) is a
location-specific factor which forms an elliptical shape around the actuator and sensor of a
specific path. This way, each path has an influence on the intensity factor for each pixel
(x,y). The higher the Dlcc value for an actuator-sensor pair, the higher the probability of
damage at the pixels near the ki path. Finally, the location of the damage is estimated as
the center of the area of the highest 5% of I(x,y) values, as shown in Figure 2(a).

1.3.2 Meshless diagnostic imaging using signal energy

The second localization algorithm relies on a meshless approach which defines the damage
location probability from the intersection nodes of actuator-receiver paths most affected by
the damage [19]. To select those paths, an energy-based indicator is used, comparing the
energy of each single actuator receiver path in the pristine state of the structure with the
current condition. For each actuator receiver pair, the generalized energy is obtained as:
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where Q refers to the state of the structure, H for the pristine state and D for the damaged
state. Then, the damage indicator, accounting for the nominal energy difference between
pristine and current structure state, can be calculated as follow:

DI(E) = F221



To reconstruct damage, the (sensitive) paths are selected when exhibiting a damage
indicator higher than the threshold defined by noise level in unsupervised mode. From the
intersection of sensitive paths, few emerging points create a mesh where structural condition
is parameterized according to the average value of the damage indicator exhibited by the
intersecting lines of sight. The coordinates of such resulting nodes, whose weight is the
resulting indicator, are passed to an algorithm which estimates the damage location fitting a
surface on the scattered data and reporting a tomographic representation of damaged area.
Finally, the location of the damage is estimated as the centre of the 95% isoline, as shown in
Figure 2(b).

0 500

O O 0 0 0 o

o o 0.0

0 250 500 0 250 500
x [mm] x [mm]
(a) (b)
Figure 2: Resultant output of the localization techniques (a) probability diagnostic imaging using signal correlation at
damage position D1 (b) meshless diagnostic imaging using signal energy at damage position D3.
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1.4 Probability of Localization (POL)

The POL is calculated based on the method of the classical Probability of Detection (POD)
approach using signal response @, versus damage size A method, as described in
MILHDBK1823 [20]. The main difference is using Ad distance instead of signal response a.

The POL procedure starts from the application of linear regression analysis and
setting the threshold, also known as tolerance, to calculate the POL parameters. Then, using
the maximum likelihood estimator and the Delta method to estimate the covariance matrix
of linear regression parameters and then transform it to the covariance matrix of POL
parameters, upo, and oppy, Using a transformation matrix. Finally, it uses the covariance
matrix of POL parameters to calculate the 95% Wald confidence interval.

The POL curve, is a cumulative distribution function, can be expressed as:

POL = 1—¢>[

damage size A — uPOL]
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where @ is the cummulative distribution function. Finally, the Aqqo5 can be expressed as:

Agojos = Hpor=90% t Z(@) * OpoL = 90%,



where z(a) is 1.645 and represents the 95% confidence bound value. Damage size Aqg)qs IS
the smallest damage size that can be detected with probability 90% and 95% Wald confidence
interval within a certain Ad distance.

The dataset used for the analysis can be either experimental or simulation-based.
Regardless the dataset used, either simulation or experimental, the POL analysis will be
applied. The procedures for application of the simulation-based POL analysis are the same
as for the experimental-based POL analysis.

2 Results

The main point of comparison considered is the output of the POL approach. The threshold
is set at 7 cm for estimating the POL curves and their confidence interval. The generated
POL using the probability diagnostic imaging technique using signal correlation is first
presented. Then, the generated POL curves using the second localization technique follows.

Figure 3 shows the relationship between Ad the damage size A for the experimental
and simulation damage scenario data sets. The results indicate a good agreement between the
two data sets, which suggests the accuracy of the EFIT numerical model in generating a
simulation-based POL. The slope of the dataset decreases until damage size number 5, after
which the trend seems to reach its saturation. This trend is consistent for both datasets, the
experimental and simulation one.
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Figure 3: relation between 4d and damage size A (a) probability diagnostic imaging using signal correlation at D1
damage position (b) using meshless diagnostic imaging using signal energy at D2 damage position.

Figures 4(a) and 4(b) present the experimental-based POL and simulation-based POL
curves of the probability diagnostic imaging using signal correlation. While Figures 5(a) and
5(b) show the results of the meshless diagnostic imaging using signal energy. The
experimental-based POL and simulation-based POL analyses were performed for all three
different damage positions, D1, D2 and D3.
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Figure 4: POL analysis using probability diagnostic imaging (a) experimental-based POL analysis (b) simulation-
based POL analysis for reversible defects at three different positions.
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Figure 5: POL analysis using meshless diagnostic imaging (a) experimental-based POL analysis (b) simulation-based
POL analysis for reversible defects at three different positions.

The results of the simulation-based POL analysis show lower values for the main
output, Aqg|es, COMpared to the experimental-based POL analysis. Additionally, it can be
noticed that the smallest Aqgosvalue either using the probability diagnostic imaging or
meshless diagnostic imaging for three damage positions are in the same sequence as D3,
followed by D1 and D2 positions for both the experimental-based POL and simulation-based

POL analysis.



3 Discussion

The results show the added value of applying the POL approach on the example of two
localization techniques using experimental and simulation-based data. The localization
techniques are probability and meshless diagnostic imaging using signal correlation and
energy.

Figures 3(a) and (b) show the relationship between Ad distance and damage size A
using probability and meshless diagnostic imaging. There is a good agreement between the
simulation and experimental data, which reflects the EFIT effectiveness in modelling wave-
damage interactions.

Figures 4(a) and 5(a) show the POL analysis of both localization techniques using the
experimental dataset. The smallest detectable damage with 90% probability and 95%
confidence interval is much higher when performing meshless diagnostic imaging using
signal energy than performing probability diagnostic imaging using signal correlation. When
performing signal energy, the influence of noise is much higher on signal energy than signal
correlation. Moreover, a major reason for the higher Aqq95 is that the meshless method was
developed for SHM systems, in which the sensors are distributed around the structure at all
edges in the first place. In contrast, only two rows of sensors are a "worst case" scenario for
the described meshless diagnostic. Further investigation is required to explore different
damage indicators for meshless diagnostic imaging localization techniques and determine
whether they will yield a better result.

Figures 4(b) and 5(b) indicate the POL analysis of the two localization techniques
based on simulation data. The Aqq9svalues in the simulation dataset are, especially for the
meshless method, considerably lower compared to the experimental dataset. This is because
the simulation models do not account for system uncertainties. The primary variability in the
dataset is caused by the linear regression model, which defines its parameters. Further
investigation is necessary to assess the feasibility of incorporating system uncertainty in the
simulation dataset and its impact on the simulation-based POL analysis for specific
localization techniques.

The Agg9sValues of experimental-based POL and simulation-based POL analysis at
damage position D1 and D3 are significantly lower than those obtained at damage position
D2. This is because the positions D1 and D3 are situated closer to the vertical central line of
the transducer network and away from the distributed sensors, while this is not the case for
D2 damage position. Such result demonstrates how damage localization reliability strongly
depends upon damage position within the transducer network just like detection algorithm.

4  Conclusion

Within this article, it has been shown that it is necessary to use concepts like probability of
localization approach in order to investigate the performance of localization techniques.
While for both exemplary techniques, it is possible to show prove of concept results, the POL
analysis reveals important additional information. On the one hand, the difference between
experimental-based POL and simulation-based POL differs significantly for the two
localization techniques, while the localization results in the first place give the impression of
similar level of agreement between simulation and experiment. Moreover, the performance
of the localization techniques is highly damage location specific.

The choice of the localization technique is a vital factor in assessing the reliability of
GWSHM systems. According to the results, the probability diagnostic imaging using signal
correlation has a higher localization accuracy than meshless diagnostic imaging using signal
energy using this sensor network setup. Nevertheless, the results are highly setup dependent
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of the transducer network. It is, therefore, absolutely necessary, to investigate the
performance for each use case separately. In conclusion, POL approach helps analysing the
performance accuracy. It is visible that, depending on the chosen damage localization
algorithm, the output information of the POL approach may differ significantly.

The collaboration of the authors was supported by the DFG within the Scientific
Network Towards a holistic quality assessment for guided wave-based SHM (project number
424954879)
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