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Abstract. Distributed Optical Fiber Sensors (DOFS) show several inherent
benefits with respect to conventional strain-sensing technologies and represent a
key technology for Structural Health Monitoring (SHM). Despite the solid mo-
tivation behind DOFS-based SHM systems, their implementation for real-time
structural assessment is still unsatisfactory outside academia. One of the main
reasons is the lack of rigorous methodologies for uncertainty quantification,
which hinders the performance assessment of the monitoring system. The con-
cept of Probability of Detection (POD) should function as the guiding light in
this process, but precautions must be taken to apply this concept to SHM, as it
has been originally developed for Non-Destructive Evaluation techniques. Alt-
hough DOFS have been the object of numerous studies, a well-established
methodology for their performance evaluation in terms of PODs is still missing.
In the present work, the concept of Probability of Delamination Detection
(POD?) is proposed for a DOFS network; Carbon Fiber-Reinforced Polymers
(CFRP) Double-Cantilever Beam (DCB) specimens equipped with DOFS have
been tested under static loading, and the strain patterns along with the relative
observed delamination size have been collected to generate an adequate data-
base for the POD analysis, suggesting a reference methodology to quantify the
performance of DOFS for delamination detection.

Keywords: structural health monitoring, probability of detection, delamination,
distributed optical fiber sensors, carbon fiber-reinforced polymers.

1 Introduction

Over the last decades, composite laminates have become the predominant structural
material in a variety of different engineering applications. Nowadays, the quest to
develop safer and lighter structures is still fostering the scientific community to inves-
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tigate different damage mechanisms in composite materials and their reciprocal inter-
action. Despite this impressive amount of research, open questions are still present,
and the gap toward a complete understanding of the physics behind failure modes in
composites has not been bridged yet [1]. The use of large safety factors mitigates the
risks of structural failure but often is not deemed sufficient to guarantee safety. There-
fore, the development of Structural Health Monitoring (SHM) strategies capable to
assess the health status of a particular structural component becomes relevant. More-
over, the considerable amount of information generated by SHM can contribute to
deepening the understanding of several damage mechanisms and promote the intro-
duction of innovative composite materials and structures [2].

Despite the interest in the field of SHM has been constantly increasing in the last
decades, its industrial implementation is still confined to a restricted number of appli-
cations [3]. The lack of well-established methodologies for performance evaluation in
terms of damage detection is considered one of the main reasons for this slow transi-
tion from academia towards the industry. In NDE the performance of a certain in-
specting technique can be evaluated following the guidelines provided in the MIL-
HKBK-1823A [4]. Specifically, damage detection capability is quantified using Prob-
ability of Detection (POD) curves and Probability of False Alarm (PFA).

However, the naive application of the POD definition in SHM would lead to un-
trustworthy results. One of the most important differences between NDE and SHM is
their variability sources. In NDE the human factor represents the highest variability
contribution. On the other hand, SHM is affected by both temporal and spatial sources
of variability, which require more sophisticated statistical tools to generate reliable
POD curves.

In a recent literature review carried out by the authors [5], it is shown that a gradu-
al transition towards the use of these specific statistical methods for SHM, such as the
Length at Detection (LaD) and the REpeated Measures Random Effects Model
(REM?), is occurring. However, these advancements are not equally distributed
among the different sensing technologies available in SHM.

There are several Guided Lamb Waves (GLW) studies that employ model-assisted
POD curves to assess the capability of the system in terms of damage detection for
different types of structures and damage mechanisms [6-11]. Moreover, GLW based
on the time-reversal methodologies [12] can provide POD maps without a data base-
line. The performance of Comparative Vacuum Monitoring (CVM) was evaluated
using the LaD method [13]. On the other hand, there is a little amount of literature
regarding the performance evaluation of systems based on Optical Fiber Sensors
(OFS) using POD curves. Grooteman developed a numerical model of a 3-stringer
thermoplastic composite panel with fiber Bragg gratings (FBGs) installed on it and
computed the frequency shift in the eigenmodes. They developed a POD curve using
the hit/miss approach and the modal strain energy as damage indicator [14]. Sharufatti
et al developed POD curves to quantify the performance of FBGs bonded onto an
aluminum stiffened panel in terms of minimum detectable crack length [15].

OFS can be embedded in composites and also in 3D printed structures [16]. They
have been successfully used in several SHM applications and recently they proved to
be a valid alternative to accelerometers for modal analysis [17]. In particular, distrib-



uted sensing based on Raman, Brillouin [18], and Rayleigh backscattering, is particu-
larly promising since it allows to collect a larger amount of data and increases the
sensor network density on the structure. At the current state of the art, to the best of
the authors’ knowledge, there are no studies qualifying DOFS using statistical tools
such as POD curves [5]. It is reasonable to expect that DOFS might be more sensitive
to certain kinds of damage and less sensitive to others. Therefore, for composite lami-
nates different POD curves are expected depending on the damage mechanism in-
volved, suggesting that DOFS performance should be evaluated referring to each
specific failure mode. For example, delamination is a very common interlaminar
damage mechanism and can also occur in adhesive bonds [19].

This study aims to make a first step towards the qualification of DFOS installed in
composite structures. In this perspective, DOFS are applied to Carbon Fiber-
reinforced polymers (CFRP) double cantilever beam (DCB) specimens under Mode |
quasi-static loading. Probability of Delamination Detection (POD?) curves are devel-
oped and then used as metrics to evaluate the performance of the monitoring system.

2 Methodology

2.1  Specimens Manufacturing

The manufacturing of five DCB coupons was carried out following the guidelines
described in the ASTM D5528 standard [20]. A square panel with a side length of 300
mm was manufactured by hand layup, laminating AS4 HexPly 8552® unidirectional
carbon prepregs with [024] stacking sequence. The initiation site for delamination was
created by inserting a Teflon™ film at the midplane of the panel such that an initial
crack length of 50 mm was obtained. Specimens of width equal to 25 mm were cut
from the laminate panel using an automated Proth® cutting machine. The loading
blocks were produced matching the specimen width of 25 mm. Potential surface im-
purities were removed by sandblasting, whereas the surface of the specimen was
rubbed with conventional sandpaper. After cleaning with an alcoholic solution, bond-
ing was realized using the 3M™ Scotch-Weld™ EC-9323 structural epoxy adhesive.

2.2 Optical Fiber Sensors

Single mode optical fibers, with ORMOCER® coating developed by FBGS Technol-
ogies GmbH, were employed. The fibers were connected through LC/APC connectors
to an ODISI-B interrogator from Luna Innovations Inc. The optical data acquisition
system leverages swept-wavelength interferometry to measure the Rayleigh backscat-
ter originating along the fiber due to random fluctuations in the refractive index [21].
When a certain region of the optical fiber experiences strain or temperature variations
there is a shift in the reflected spectrum. Analogously to FBGs, this shift can be relat-
ed back to strain and temperature variations through proper calibration constants. On
the other hand, in contrast to FBGs, the spectral shift is computed for each gauge
interval, thus allowing distributed sensing. The interrogator was set up with gauge
intervals of 0.65 mm and a sampling rate of 23.8 Hz.



2.3 Experimental Setup

Fig. 1la shows the expected (analytical and experimental) strain profiles. Fig. 1b
shows how DOFS were applied on the specimen skin to measure strains along their
longitudinal direction. Bonding was realized using the ThreeBond 1742® cyanoacry-
late adhesive.
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Fig. 1. DCB specimen geometry and the optical fiber layout.

One side of the specimens was coated with white paint and tick marks were made
to allow the estimation of the true crack length. Due to the large number of pictures to
be visually analyzed it was decided to estimate the true crack length by computing the
compliance value C, which is defined as the ratio between the displacement and the
applied load in the DCB specimen. Specifically, it was exploited the linear relation-
ship existing between the cube root of compliance, C*, and the delamination length.
The true delamination length at different time steps was estimated for each specimen
from a subset of the pictures taken from the camera during the whole test and a least
square regression was used to fit the data. This procedure allowed to obtain from the
compliance value, which is available at every time step, the crack length, avoiding the
expensive task of assessing manually hundreds of images. Photos were made using a
9 Megapixel camera placed in front of the tensile test machine (Zwick - 20 kN),
which is visible in Fig. 2. The Zwick software was configured with a displacement
rate of 1mm/min to synchronize both the LUNA system and the camera car with the
tensile test machine. Data acquisition was made with a sampling frequency of 0.5 Hz.



A total of five DCB specimens was tested in the experimental campaign ASTM
D5528 standard [20], but considering that every specimen has three optical fiber seg-
ments, this allows to multiply by three the number of linear regressions used to gener-
ate POD curves.

Fig. 2. DCB testing setup.

3 Results

For every segment of each specimen, the ODiSI-B acquired data can be organized in a
matrix, Sx, where each row represents the strain evolution along the fiber direction at
a certain time-step, t, and each column represents the strain evolution over time at a
certain location, x. The plot in Fig. 3 displays several rows of the Sy matrix, to show
the typical shapes of the measured strain profiles. The black dots are placed at the
lower peaks of each strain profile to highlight the crack tip movement as delamination
grows. In every POD study, it is crucial to identify a damage index that is correlated
with damage severity. Referring to Fig. 3 it is reasonable to assume that delamination
detection can be detected after a few millimeters of crack length. Therefore, for POD?
purposes, only the first strain profiles are relevant (the others may be useful for the
monitoring of crack propagation once detection has been made). A reasonable dam-
age index (DI) is the strain value measured at the crack location (black dots in Fig. 3).



However, experimental data showed that the strain values measured from DOFS at
the crack location and the crack length have a non-linear relationship.
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Fig. 3. Measured strain profiles at several delamination lengths.

The linearity between the DI and the crack length is a requirement for the LaD
method. A solution is to adopt as DI the natural logarithm of the absolute value of the
strain profile measured at the crack tip, as described by Eq. (1):

DI = In(jmin(e)|) 1)

where gx denotes the strain value along the x-direction, which is the longitudinal di-
rection (see Fig. 1a). The multiple linear regressions performed for each specimen
segment using the abovementioned DI are shown in Fig. 4. The x-axis has its zero
value in correspondence with the onset of the bonding region of the DOFS segments.
Thus, negative crack length values represent crack lengths that have not reached the
bonded segment yet. In the literature, there is not a well-established methodology to
choose the right threshold line for the LaD method. In this study, the threshold value
was determined by adding three standard deviations of the noise level (measured pre-
viously from preliminary experiments) to the highest intercept of the regression lines
in Fig. 4. This is a conservative approach to determining the detection threshold. An
alternative is to select other intercepts with a lower value. However, this would result
in several lengths at detection with negative values and is not reasonable from an
experimental point of view. Assuming a normal distribution of the various length at
detection it is possible to develop the corresponding POD? by applying Eq. 2:



POD(a) = Pr(X < a) = ®norm((a — X)/s) 2
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Fig. 4. Length at Detection method applied to DFOS data for crack detection.

where ®norm is the standard normal cumulative distribution function, X is the estimated
mean and s is the estimated standard deviation from the lengths at detection. The
result is shown in Fig. 5. The critical ago value represents the crack length whose
probability of detection equals 90%. However, to qualify the detection performance of
DOFS it is more important to refer to the ages value. The ages denotes the crack
length values which can be detected with 90% of probability and 95% of confidence.
In other words, agoes is the abscissa value where the lower bound hits 0.9. It is possi-
ble to compute the lower confidence bound of the POD? curve using the One-Sided
Tolerance Interval (OSTI) approach, which translates in Eq. 3:

T=X+k(n, vy, a)s 3)

where T is the upper bound for a certain quantile of a normally distributed population
and k represents the tolerance factor, which in turn depends on the n, v, and o parame-



ters. Specifically, n denotes the number of samples (in this case the number of DOFS
segments), vy is the desired level of confidence (commonly set to 95%) and a is the
coverage level (set to 90%).

oy ===
0.8 1
o 061 — pop
8 --- Lower 95% confidence bound ,
0.4 /
0.2 1
- a a
0.0 : i : . 990 9095 ‘ .
0 1 2 3 4 5 6 7 8

Crack Length [mm]

Fig. 5. POD and its lower 95% confidence bound.

The ago and the agoes shown in Fig. 5 have values of 4.93 mm and 5.56 mm respec-
tively. The difference between ago and asoes can be considered a measure of the uncer-
tainty involved in the experimental campaign since the lower bound is directly pro-
portional to s. To reduce the agoes One can increase the number of specimens because
k decreases as n increases. On the other hand, increasing n means higher costs and
time required to perform the experimental campaign. Therefore, if it is impossible to
test more specimens, the only possibility to lower agoss is to redesign the experimental
setup and reduce the involved variability sources to obtain a lower s.

4 Conclusions

In this study, the LaD method has been applied to quantify the performance of DOFS
for Mode | delamination detection in CFRP DCB coupons. Once the lower bound of
the POD? is determined, the agyes value can be used as a performance metric for
DOFS. Its value depends on many factors such as the damage type, number of speci-
mens, specimen material, DOFS interrogator, DOFS coating layers, and the adhesive
mechanical properties, which determine the strain transfer properties of the optical
fiber [22]. This study showed a first attempt at developing a qualification methodolo-
gy that can be easily reproduced in other laboratories. While the results obtained in
this study are specific to the experimental setup which have been used, the validity of
the proposed methodology is general. The transposition of the POD? curves to other
structures is only possible if the variability sources, the manufacturing process, the
applied loads, and the damage mechanisms are the same. For instance, ongoing exper-
imental activity seems to suggest that delamination occurring in Mode | (which was



the subject of this study) has a different POD? with respect to Mode Il delamination or
a mixture between the two modes. This happens because the loading and the bounda-
ry conditions are different. Larger structures may be characterized by delamination
related to different loading modes. Future research activities would be devoted to the
study of damage localization and characterization metrics and to understanding the
implications of upscaling the POD? curves obtained from simple coupons to more
complex geometries. This would be particularly useful since the direct development
of POD curves from real structures would be unfeasible due to the huge cost of manu-
facturing and testing large structures.
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