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ABSTRACT

The reconstruction algorithm for probabilistic inspection of defects (RAPID) is widely
employed to localize damage in thin-walled structures using guided waves. This method
constructs probabilistic damage maps using damage indices (DIs) of the sensing paths in
a sensor network and associated weight distribution functions (WDFs). Accurate weight
distribution function (WDF) estimation is crucial for determining the probability of dam-
age at a given point. Several WDFs have been proposed, including linear, Gaussian, and
inverse power law functions, but they rely on assumptions without any experimental val-
idation. We experimentally determine the WDF as the ratio of the DIs of a sensing path
due to damage at a given point to its value when the damage is situated on the sensing
path orthogonal to that point. Results reveal that the experimentally obtained variation
of the damage index ratio does not conform to any of the existing WDF models for ei-
ther baseline-based or baseline-free methods. Based on experimental data, we propose a
simple exponential decay-type WDF, which is shown to be applicable for baseline-based
methods and baseline-free refined time reversal method (RTRM) (developed by the sec-
ond authors group). Thus, the newly proposed WDF provides an accurate estimate of
damage probability for both baseline-based methods and the baseline-free RTRM.

INTRODUCTION

Structural Health Monitoring (SHM) relies critically on accurate damage localization
to ensure timely maintenance and structural integrity across engineering applications.
Among various SHM techniques, guided wave-based methods have gained substantial
attention due to their capability to inspect large areas with minimal sensor instrumen-
tation and high sensitivity to small-scale defects [1]. Among the various damage lo-
calization algorithm, the reconstruction algorithm for probabilistic inspection of defects
(RAPID) is widely employed to localize damage in thin-walled structures using guided
waves [2]. This method constructs probabilistic damage maps using damage indices
(DIs) of the sensing paths in a sensor network and associated weight distribution func-
tions (WDFs).

A critical factor influencing the performance of RAPID is the selection of the weight
distribution function (WDF), which governs how the contribution from each sensing path
is spatially distributed across the monitored region. Early implementations typically as-
sumed a linear WDF that decreases proportionally with the normalized relative distance
from the sensing path [3-5], or employed Gaussian WDF [6—8]. These functions, how-
ever, were primarily formulated based on assumptions without any experimental vali-
dation and were originally designed for baseline-based methods that rely on comparing
signals with those from an undamaged reference state. Subsequent studies attempted to
improve localization accuracy by adjusting the scaling factor (8) [9], or proposing a new
WDF based on assumptions which follows an inverse power law function that account
for the relationship between the damage index (DI) and the relative normalized distance
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of damage from the sensing path with the weight values [10]. Recent developments,
such as the non-linear exponential WDF proposed by Luo et al. [11], aimed to address
non-uniformities in sensor networks and to enhance localization accuracy. Despite these
advancements, the fundamental behavior of DI variation with respect to damage loca-
tion has not been experimentally studied across different guided wave-based damage
detection methods.

A major challenge associated with the baseline-based techniques is the potential
alteration of the sensory response due to variations in environmental and operational
conditions, even in the absence of damage. Therefore, the dependence on the baseline
signals may unnecessarily lead to false-positive situations [12]. Because of this, there
has been an enormous quest among researchers for developing baseline signal-free SHM
techniques. Among the various baseline-free methods, the time-reversal method (TRM)
has emerged as a particularly popular and effective technique [13]. In this method, the DI
is computed using the correlation between the main mode of reconstructed signal after
the time-reversal process (TRP) and the original input signal. However, reported inad-
equate sensitivity of the TRM to the presence of damage prompted the second author‘s
group [14] to develop a refined time reversal method (RTRM), wherein the structure is
excited at best reconstruction frequency (BRF) [15] to minimize amplitude dispersion
and the DI is computed using an extended signal length around the main mode up to
the side bands. So far, the WDFs originally developed for baseline-based methods have
been applied to the baseline-free methods without verifying their suitability.

In this study, we experimentally determine the WDF as the ratio of the DI of a sens-
ing path due to damage at a given point to its value when the damage is situated on the
sensing path orthogonal to that point. The experiments are conducted on an aluminium
plate with piezoelectric wafer active senors (PWAS) bonded its top surface for actuating
and sensing ultrasonic guided waves. Based on the results, we propose a simple expo-
nential decay-type WDF for baseline-based guided wave methods. Next, we examine
the applicability of the proposed WDF for the baseline-free methods, TRM and RTRM,
by conducting further experiments.

DAMAGE LOCALIZATION ALGORITHM

The RAPID is a widely adopted method for localizing damage in thin-walled struc-
tures using guided waves. In this approach, a probabilistic image indicating the like-
lihood of damage at a given point (z,y) is generated by summing the weighted signal
features across elliptical patterns formed by various pitch-catch transducer pairs. Con-
sidering a sensor network comprising n sensing paths, the probability of damage at a
location (z,y) is expressed as,

P(z,y) = Y0 Wylri(z,y)] DI (1)

where W, [r;(x,y)] represents the probabilistic WDF associated with the ;% sensing
path at point (z,y), and r;(z, y) denotes the normalized relative distance of (x,y) from
the corresponding sensing path, defined as,
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where d; ., is the distance between the actuator a and sensor b for the j path, and
d;qp and d;, are the distances from the point (z,y) to the actuator and sensor, respec-
tively (Fig. 1). The term DI; denotes the damage index for the j** sensing path. In this
study, the damage index is computed based on the Ls-norm error, defined as,
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For baseline-based methods, I;(t) refers to the forward response obtained from the
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Figure 1. Illustration of the relative distance for a single actuator-sensor pair.

j™ sensing path in the undamaged state, and V;(t) corresponds to the response after
damage has occurred. For baseline-free methods, /;(¢) represents the normalized input
signal, and Vj(t) is the reconstructed signal obtained through the time-reversal process.
The time limits ¢; and ¢; denote the start and end instants for the signal analysis: for
baseline-based methods, these correspond to the forward response; for the conventional
TRM, they refer to the main mode of the reconstructed signal [16], and for the RTRM,
they correspond to the extended mode of the reconstructed signal [14].

EXISTING WEIGHT DISTRIBUTION FUNCTIONS
The linear WDF, commonly used in damage localization, is expressed as [5]
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where [ is a scaling parameter that controls the extent of the influence area associated
with each sensing path.
Another widely adopted model is the Gaussian WDF, defined as [9]
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These WDFs have been extensively employed in both baseline-based and baseline-free
guided wave damage localization methods without thorough experimental validation of



their applicability. In the following section, we present a newly obtained weight distri-
bution function based on experimental observations.

PROPOSED EXPONENTIAL WEIGHT DISTRIBUTION FUNCTION

To experimentally determine the WDF, we performed a series of experiments with
varying normalized relative distances of damage from the sensing paths. For each dam-
age position, we assessed the impact of the damage on the corresponding sensing path
by calculating the DI. The WDF is defined as the ratio of the DI of a sensing path due to
damage at a given location to the DI value when the damage is directly aligned with the
sensing path. Thus, a maximum weight of unity is assigned when the damage is situated
directly on the sensing path, and the weight decreases as the relative distance increases.
Therefore, the weight value (W;) for a damage position at (z, y) for the j* sensing path
is computed as

DI;
T (D)o’

(6)

where (DI;), is the damage index for j' sensing path when the damage is situated
directly on the sensing path.

We calculated the weight value W for baseline-based and baseline-free methods
and find that for both methods it follows a simple exponential decaying curve with the
relative normalized distance, which can be expressed as

W [rj(z,y)] = exp (— (@) (7)

EXPERIMENTAL SETUP

Experiments are performed on an aluminum (Al) plate with dimensions 2438 mm x
1220 mm x 3 mm (Fig. 2). Three square-shaped PWAS (SP-5H type, Sparkler Ceramics
Pvt. Ltd., India), each measuring 10 mm x 10 mm with a thickness of 0.25 mm, are
bonded to the top surface of the plate using a two-component Araldite-epoxy adhesive.
The thickness of the adhesive layer is measured using a Micro-Epsilon ILD-1400-10
laser displacement sensor with a resolution of 1 y/m, following the methodology outlined
in [17]. The average measured thickness of the adhesive layer is 52+ 1 ym. The damage
is placed at an arbitrary location between the actuator-sensor pair to observe its influence
on the corresponding sensing path (Fig. 3).

Signal generation and data acquisition are performed using the QDAM772E18 sys-
tem (Quazar Technologies Pvt. Ltd., India), which integrates a high-frequency, high-
voltage signal generator with data acquisition capabilities. The system includes a func-
tion generator capable of delivering signals up to 80 V peak-to-peak at frequencies up
to 1 MHz and a 14-bit DAQ unit operating at sampling rates up to 80 mega samples
per second (MSPS). A charge amplifier with adjustable gain is also incorporated. Signal
processing and data acquisition are visualized using the iQ software developed by the
same company. Data are acquired at a sampling rate of 72 MSPS, and each signal is
averaged over 20 repetitions to improve the signal-to-noise ratio.
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Figure 2. Experimental setup for Lamb wave generation and sensing with PZT transduc-
ers in an aluminium plate.
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Figure 3. Schematic illustration of damage located at an arbitrary position between two
transducers.

RESULTS AND DISCUSSION

The DI ratio and the corresponding weight value is experimentally determined for
the baseline-based method, the conventional TRM, and the baseline-free RTRM us-
ing Eqgs. (3) and (6).

BASELINE-BASED METHOD

Figure 1 shows the variation of weight values, for different damage positions corre-
sponding to varying normalized relative distances at excitation frequencies of 100 kHz,



200 kHz, 300 kHz, and 400 kHz in baseline-based methods. For comparison, the exist-
ing WDF models, namely the linear and Gaussian models, are also plotted along with
the proposed exponential decay-type WDF, using a common scaling parameter 5 = 0.02.
The results clearly show that the experimentally obtained weight values do not conform
to the existing WDF models across all tested frequencies. In contrast, the experimental
data closely fit the proposed exponential decay-type WDF, demonstrating its superior
suitability for representing the spatial variation of the weight value in baseline-based
guided wave methods.
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Figure 4. Variation of experimentally obtained weights (w) with normalized relative
distance for the baseline-based method. [, o, A\, and ¢ shape represent 100 kHz, 200
kHz, 300 kHz, and 400 kHz respectively. Blue Hollow marker and red solid marker
represents the damage present at + = 0 mm (mid line between two transducers), and
x = 40 mm (away from mid line). Dashed, dash-dotted, solid line represent linear,
Gaussian, and proposed exponential decay-type WDF curve.

BASELINE-FREE METHODS

Figure 2 presents the variation of weight values obtained for conventional TRM,
where the DI is determined by correlating the main mode of the reconstructed signal
with the original input signal. Unlike the baseline-based methods, the experimentally
obtained weight values in conventional TRM do not exhibit a monotonic decrease with
normalized relative distance but instead show oscillatory behavior. This non-monotonic
trend is attributed to amplitude dispersion in the main mode of the reconstructed signal,
which results in significant non-zero DI values even in the absence of damage. Thus,
none of the WDFs work for the TRM. To address this issue, the RTRM is examined,
wherein the structure is excited at the BRF to minimize amplitude dispersion. In this
study, the BRF is identified as 150 kHz following the procedure outlined in [15]. In
Figure 3, we have plotted the different weight values obtained for different normalized



relative distances at BRF. It is observed that the experimentally measured weight val-
ues closely follow the proposed exponential decay-type WDF, confirming its validity
for baseline-free RTRM as well. Overall, these findings demonstrate that the proposed
WDF provides an accurate and experimentally validated model for estimating damage
probability for both baseline-based guided wave methods and the baseline-free RTRM.
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Figure 5. Variation of experimentally obtained weights (w) with normalized relative
distance for the baseline-free methods, (a) [J, o, /A, and ¢ shape represent 100 kHz, 200
kHz, 300 kHz, and 400 kHz respectively. Blue Hollow marker and red solid marker
represents the damage present at + = 0 mm (mid line between two transducers), and
x = 40 mm (away from mid line). Dashed and dash-dotted line represent linear and
Gaussian WDF curve respectively, (b) *, and x marker represents the damage present at
x = 0 mm (mid line between two transducers), and = 40 mm (away from mid line) at
BRF (150 kHz). Solid line represents proposed exponential decay-type WDF curve.

CONCLUSION

This study systematically determines through experiments the WDF for probabilistic
damage imaging using guided waves. A series of experiments is conducted to evaluate
the variation of the weight value (DI ratio) with the normalized relative distance be-
tween the damage and sensing paths. It is observed that the existing WDF models, such
as linear and Gaussian functions, do not accurately capture the experimentally obtained
variation of DI ratio for both baseline-based methods and baseline-free conventional
TRM. A new exponential decay-type WDF is proposed based on experimental observa-
tions, which assigns the maximum weight when the damage lies directly on the sensing
path and exhibits a gradual decrease as the relative distance increases. The proposed
WDF accurately models the experimentally obtained DI variations for both baseline-
based method and the baseline-free RTRM.

This advancement will significantly enhance the precision of guided wave-based
damage localization, making structural health monitoring more reliable and effective.
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