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Abstract

Real-time structural health monitoring system (SHM) to monitor low velocity impact on composite structure,
which can cause barely visible impact damage, can ensure the safety and structural integrity of civil/military
aircraft structure. In this dissertation, a novel error outlier method for localizing impact was proposed and several
algorithms using this concept were developed. Impact localization study using 1D array fiber Bragg grating
(FBG) sensor configuration were performed on a full scale composite wing of Jabiru UL-D aircraft. Impact
signals were sampled using a high speed FBG interrogator at a frequency of 100 kHz. Furthermore, soft and
hard-impact classification technique was developed and validated by localizing impacts delivered using trained
and non-trained hammer with varying impactor hardness. The proposed method successfully classified and
localized the trained hard-impacts with average error of 18.5 mm and maximum error of 41.5 mm, and the
trained soft-impacts were localized with average error of 48.5 mm and maximum error of 111.0 mm. Whereas,
the various non-trained impact cases were localized with average error of 80.7 mm and the maximum error
ranged from 217.2 mm to 303.1 mm. The present study demonstrates the suitability of the proposed novel error
outlier method based low velocity impact monitoring of trained or non-trained impact cases.

Keywords: Composite Wing, FBG Sensors, Impact Localization, Error Outlier, SHM
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Chapter 1. Introduction

1.1 Research Background

Composite materials, consisting of fibrous material in resin matrix, are widely being used as an
alternative to conventional materials for primary structures in aerospace structures because of their superior
material properties, namely higher specific strength and stiffness, and low weight properties [1]. Development
of improved manufacturing technology and reduction in operational costs have also helped in increasing the
applicability of composites in aircraft structures. Various research have shown that the usage of composite
materials in both civil and military aircrafts have been rising and is expected to continue increasing [2], [3].
Figure 1.1 shows the content of composites in percentage from 1960 to 2015. 50% of the structure of B787
Dreamliner, latest addition to Boeing airliner family, is constructed using composite materials and similarly
Airbus’s latest aircraft, A350 XWB, constitutes more than 50% composite materials.

Although the composite materials have numerous advantages making them highly desirable for various
applications, one of the serious drawback of composite materials is that they are subjected to complex damage
characteristics [4], [5] in comparison to isotropic materials. Low velocity impact [6], [7] on composite structure
may result in damages which are not easily visible to naked eye. Such kind of damage, known as the Barely
Invisible Impact Damage (BVID) [8], [9], can cause degradation of structural properties. Furthermore, failing to
identify such kind of damage in time can result in structural failure due to fatigue loading caused by continuous
operation of the structure [10]. Aircraft structure can be subjected to BVID as a result of tool-drop, ground
vehicles hitting the aircraft, runway debris at take-off etc. One such incident in which the horizontal stabilizer of
Airbus A330 collided with ground unit resulting in sub-surface damage, shown in Figure 1.2, was returned to
service as the damage was not apparent from the skin surface [11]. This incident highlights the danger of BVID
on composite structures. With tremendous growth in the use of composite materials, BVID possess a huge threat
to the safety and integrity of aircraft manufactured using composite materials.

Conventionally, aircraft safety and efficiency are ensured through periodic non-destructive testing (NDT)
[12]; such as ultrasonic technique [13], infrared thermography [14], X-ray radiography [15]. Though this
method is effective for assessing the state of isotropic material such as aluminum it may not be as suitable for
composite materials which are subjected to complex damage characteristics. Additionally, NDT of large scale
components is a huge challenge, since it requires assembly and disassembly of the structural components for
inspection in a lab environment. Occurrence of accidental damage is one of the major drawback of such
inspection technique which can occur during the assembly and disassembly procedure. Furthermore, because
BVID can occur prior to the scheduled maintenance, a real-time health assessment of the composite structure is

needed to monitor low velocity impacts and detect the occurrence of damage due to low velocity impacts.
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Figure 1.1 Trend in the usage of composites in aircraft designs [2].
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Figure 1.2 Illustration of damage occurrence in Airbus 330 horizontal stabilizer [11].



Smart structure [16], [17] development is the next necessary technological step for a key solution to
overcome the challenges faced when using composite materials for aircraft structures. A smart structure can be
designed to detect changes in mechanical properties, impacts, damage occurrence, etc. Furthermore, smart
structures concept would also be capable of self-repairing any damage that might occur [18], [19]. Preliminary
step in realizing such smart structure is the development of a structural health monitoring (SHM) [20], [21]
system which consists of attached or embedded sensors in the composite structure to continuously monitor the
health state of the structure using an automated system, in contrast to conventional NDT techniques. Application
of SHM in aircraft involves operational load monitoring and impact/damage detection and quantification [22].
The key motivations for SHM are optimal use of the structure, performance based maintenance instead of
scheduled or periodic maintenance inspection, consequently, reduced labor and human errors since assembly
and disassembly of components can be avoided for components with no defect, and constant maintenance costs
and reliability compared to conventional structures without SHM [23]. Moreover, SHM can aid in global
reduction of accidents.

SHM can be classified into passive or active SHM systems. Passive SHM system involves structure
monitoring using embedded or attached sensors. Whereas, active SHM system consists of actuators which can
induce structural excitation and sensors which can monitor the structural response. For instance, use of sensors
for acoustic emission detection falls into the passive SHM system, and an active SHM system involves use of
actuator such as a PZT for ultrasonic wave generation and sensors for monitoring the response signals. Several
different types of sensors, such as lead zirconate titanate (PZT), strain gage, fiber optic sensors (FOSs), etc., can
be used for aircraft SHM applications [24]-[26]. There is a high interest in FOSs for SHM since they can be
embedded in the composite materials. Among the many different FOSs available for SHM, fiber Bragg grating
(FBG) sensors have large scale multiplexing capability. FBG sensors are also immune to electromagnetic
interference therefore, making them highly desirable for aerospace applications.

In case of composite structures, SHM system needs to be developed in order to detect and localize any
impact which can potentially cause BVID damages. It can tremendously help in detecting the impact and the
location of the impact, and an automated system can then alert the ground engineers and the pilot of such events
for immediate inspection on the specific impact area. Thereby, such SHM system can aid the maintenance
engineers in reducing the risk of structure failures. Detecting BVID damage is of utmost concern for composite
aircraft structures. Therefore, the overall focus of the present research is on the use of sensing devices for SHM
of aircraft structure for low velocity impact detection and localization which can result in damage. The
following section presents the researches which have been done on impact/damage detection and damage

quantification.



1.2 Literature Survey
1.2.1 SHM of Composite Structure

Key aspects of the aircraft SHM are operational load monitoring and impact/damage detection. Several
research on load monitoring have been done. Steve et al. developed a fully autonomous, platform independent,
quick and easy to calibrate, mount and remove system which is able to record strain and temperature or
acceleration and temperature for a small number of flights using accelerometer, semiconductor gauge, electrical
resistance foil gauge, pressure sensor and thermistor [27]. Schmidt et al. performed strain monitoring of Cessha
C207A wing spar using fiber optic interferometric strain gauges [28]. Kim et al. [29] implemented and verified
FBG based aircraft health and usage monitoring system on Jabiru UL-D light weight aircraft for fatigue life
estimation and usage monitoring application through in-flight strain measurement.

Numerous research on impact/damage detection and quantification on composite structures have been
done. Sung et al. [30] used wavelet transform to decompose the acoustic emission signal acquired using PZT in
time and wavelet scale domain to detect damage due to impact. An et al. [31] presented Integrated Impedance
and Guided wave (I1G) damage detection technique using permanently embedded PZT transducers for online
monitoring of critical hot spots within a composite airplane wing structure. Applicability of the IIG damage
detection technique has been shown on the bolt loosening and debonding in the wing segment under varying
temperature and loading conditions. Chul et al. [32] proposed a new damage detection technique using PZT
network for detection of delamination in composite plate by comparing pitch catch Lamb wave signals. The
proposed damage detection technique extracts the anti-symmetric mode, which slows down when it passes
through delamination area, in order to identify any delamination occurrence in the composite structure. Ogisu et
al. [33] developed a hybrid sensor system that can detect the elastic waves launched from the PZT actuator using
a high-speed and high-accuracy FBG sensor for damage monitoring. They demonstrated data acquisition of
elastic wave generated by PZT with a frequency of 300 kHz using a fiber sensor bonded 5 cm apart from the

PZT on an aluminum sheet and CFRP cross-ply laminate for damage monitoring purpose.

1.2.2 SHM using FBG sensors

Although there are several types of sensors available for SHM application, FOSs have emerged as the
sensor of choice. In the late 1960’s, grid of optical fibers embedded in the structure for damage detection was
proposed by Kinard et al. [34]. A grid of optical fibers embedded in the structure detects damage due to crack
opening or delamination which breaks the light path through the optical fiber. Subsequently, several research
demonstrated the structural damage detection capability of optical fibers based SHM system [35]-[37]. Since
then many different optical fiber sensors, such as FBG, intensity-based optical fibers, interferometric sensors

based on Fabry-Perot, Mach-Zehnder, etc., have been developed [38]-[40] for SHM applications. Optical fiber
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sensors can be used for SHM of composite structures for application such as low velocity impact damage
detection [41], impact localization [42], delamination detection [43]-[45], load monitoring [46], transverse
cracks detection [47], [48], fatigue induced damage detection [49], etc. PZT actuator/FBG sensor hybrid system
was developed by Ogisu et al. for damage monitoring of aircraft structure [33].

FBG sensors due to their inherent signal stability and multiplexibility are highly desirable for SHM
applications. Several studies have been performed to demonstrate the feasibility of using FBG sensors for SHM
application. Takahashi et al. [50] proposed and tested SHM technology based on strain mapping of composite
airframe structures throughout their life cycle using FBG sensors. They investigated detection of debonding
using FBG sensors through the strain monitoring test of CFRP skin-stiffener panel and showed that 5 mm
debonding damage on the stiffener can be detected using FBG sensors. Similarly, Kang et al. [51] presented
strain monitoring of a filament wound composite tank using FBG sensors during hydrostatic pressurization and
demonstrated the use of FBG sensor system for large structures which require large number of sensor arrays.
Mrad et al. [52] performed load monitoring and damage detection using FBG sensors and found that the results
were similar compared to the conventional resistive strain gages.

Furthermore, the FBG sensor was able to detect acoustic waves generated by the PZT, 1.32 m away from
the FBG. Panopoulou et al. [53] presented SHM of aerospace composite structure using real-time dynamic strain
measurements from FBG sensors. Wavelet transform was used for feature extraction and artificial neural
network for identifying the damage size and location. Lee et al. used a re-coated FBG connected in an FBG
sensor system as a longitudinal strain sensor for the measurement of dynamic strain [54]. They experimentally
demonstrated the capability of FBG to detect flutter through the wind tunnel test of the subscale smart wing.
Chandler et al. presented an FBG sensors based on-line SHM and fire detection system [55]. Kressel et al.
presented load monitoring based SHM system for the composite tail booms of a UAV using an array of
embedded FBG sensors to reduce periodic grounding of airborne platforms and to develop condition-based
maintenance [56]. Lee et al. [57] applied strain-free mobile FBG ultrasonic receiver, which can detect acousto-
ultrasonic wave without any complex feedback controlling technique to follow up the strain-induced Bragg

wavelength change, to detect damage on CFRP plate.

1.2.3 Impact Localization on Composite Structures

As mentioned in the Section 1.1, despite of several advantages of composite materials, rising trend in
composite materials usage is also of concern since, upon impact, these materials are subjected to complex
damage characteristics [4], [5] which occur internally. Composite structures’ transverse damage resistance is
weak due to a lack of through thickness reinforcement. Consequently, barely visible impact damage (BVID),

matrix cracking and delamination can be caused by a low velocity impact, resulting in significant reduction in
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the strength of the structure [58]-[60]. Aircraft structures are vulnerable to BVID from low velocity impact
events, which can occur from unexpected impact loads as a result of mishandling during ground operation, or
foreign object impact during operation and maintenance. Therefore, automated detection and localization of low
velocity impact occurrence on aircraft structure can detect and localize low velocity impacts, and attract the
attention of aircraft engineers to conduct a detailed inspection of impact regions for possible BVID due to the
impact.

Many research on impact localization techniques have also been done. In general, for anisotropic
material the time of impact detected by different sensors has been used to estimate the impact point through
triangulation method [61]. However, in case of composite material, in which the wave propagation varies
according to the fiber direction, alternative techniques have to be used to localize the impact location; these
include the time reversal method [62], [63], stress waves analysis using wavelet transforms [64]-[66],
minimization of a non-linear objective function or error function [67], and reference database methods [68]—[70].
Maseras et al. [71] collected impulse strain response using PZT sensor and localized impact using neural
network which used standard multi-layer perceptron trained with backpropagation learning rule. Ruiz et al. [72]
proposed and successfully demonstrated the partial/least square projection to latent structures to predict the
impact location on aircraft structures. Park et al. [73] computed the correlations between the impact response
and the impulse response function in the training data using time reversal concept to localize impact on
composite wing structure. Yuan et al. [74] proposed a near-field multiple signal classification impact
localization algorithm and used it to localize impact on aircraft composite oil tank.

Several impact localization studies have reported the use of FBG sensors for low velocity impact
monitoring. Park et al. [75] estimated the impact location on composite panel using neural network algorithm
and strain signals from FBG sensors. Frieden et al. approximated the impact location through interpolation of a
reference data set consisting of arrays of arrival time delays and known location [76]. Impact localization
algorithm developed by Kirkby et al. [77] calculated the difference in time-of-flight of ultrasonic Lamb waves at
three surface-mounted sensors to estimate the impact location. Cristobal et. al., performed localization of low
velocity impact using strain amplitude information from FBG sensors [78], [79]. Park et al. used neural network
algorithm to estimate the location of impact on stiffened composite plate [80]. Jang et al. demonstrated the
possibility of using RMS based impact localization algorithm and 2D array FBG sensors for impact detection
under dynamic loading [81]. Kim [82] utilized cross-correlation based impact localization technique to localize
impacts on testbed aircraft wing structure, and also investigated the effect of sensor configuration and grid size
on impact localization performance.

Most of the impact localization research have been done using SHM system with sensors arranged in 2D

array configuration. Utilizing such systems on large scale structure such as an aircraft will require large number
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of sensors. As a result, the data acquisition process for aircraft SHM will become complex and costly. Therefore,
a versatile approach to simplify the impact localization procedure is needed to enable real world application of

such SHM system.

1.3 Research Objective and Scope

The background and literature study presented in the earlier sections shows that there is high interest in
SHM of composite structure in order to ensure its integrity and reliability. Such interest in SHM of composite
material can be attributed to; a) considerable increase in the use of composite material in the aerospace industry
which is expected to continue as such in the future and b) composite materials susceptibility to BVID due to low
velocity impact. Based on the literature survey, the following areas of research can be determined to be of high
interest for SHM of composite material; a) development of a quick and effective real-time impact detection and
localization technique which can help to localize impacts on the composite component of the aircraft and alert
the pilot and engineers of such impact for further detailed inspections, b) identify solutions to one of the major
challenge related with SHM of large scale structures, such as an aircraft, i.e. it requires a sizeable number of
sensors in order to perform SHM leading to higher cost and increased complexities in acquisition and processing
of the data, and c) classification and localization of low velocity soft and hard-impacts.

Therefore, the objective of this research is to develop and demonstrate a novel error outlier based impact
localization method to localize low velocity impact on complex composite structures. The present research
focuses on application of 1D array FBG sensor configuration and novel impact localization technique based on
error outliers for impact monitoring of complex composite aircraft wing structure. Furthermore, the present
research also focuses on classification and localization of impacts with varying impactor hardness using error
outlier based impact localization algorithm consisting of soft and hard-impact reference databases. The scope of
this dissertation is organized in the following order:

Chapter 1: The research background, related literature studies and the objective and scope of the present
research are introduced.

Chapter 2: Overview of fiber optic sensors, FBG theory and its fabrication techniques, and its
temperature and strain sensing principles are presented. Subsequently, the low velocity impact response signals
are compared for varying impact force. Finally, overview of the real-time impact localization using the FBG
sensor, high-speed interrogator and the impact localization GUI developed using MATLAB are introduced.

Chapter 3: In this chapter, the 1-dimensional (1D) array FBG sensor configuration together with
correlation and root mean squared (RMS) error based reference database impact localization algorithms is
proposed for impact localization of impact test points on composite wing using high speed FBG interrogator.

Firstly, the RMS and correlation based impact localization algorithms were used to compare the localization
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results between 1D array sensor configuration and 2D array sensor configuration. Then the impact localization
on the upper surface of the composite wing is done by attaching the FBG sensors on the composite wing in 1D
array configuration. Additionally, parametric study of 1D array FBG sensor configuration is performed to
realize the possibility of using optimized number of FBG sensors, and optimal sensor location to localize the
impact on the Jabiru UL-D composite wing.

Chapter 4: Novel impact localization technique based on error outlier assessment is proposed for impact
signal data processing and localization application on composite wing structure. Firstly, the error outlier based
impact localization algorithms were developed and used to localize impact on composite plate. The key
parameters such as error threshold value were studied to determine their effect on the localization performance.
Subsequently, user-set distance threshold method and statistically determined threshold methods for selecting
the likely impact locations were investigated. In case of user set distance threshold, the error outlier based
impact localization algorithm with Euclidean distance threshold was used. Then, three different statistical
threshold methods for likely impact location selection were investigated; 1) Standard Deviation threshold
method, 2) Median Absolute Deviation threshold method and 3) weighted Median Absolute Deviation threshold
method. The proposed error outlier based impact localization methods were validated by localizing impacts on
composite wing structure. Additionally, impact localization was also done for impact delivered on wing under
simulated wing loading condition. Finally, single sensor impact localization parametric study was performed to
determine the feasibility of using the proposed error outlier based impact localization algorithms to localize low
velocity impact using a single FBG sensor.

Chapter 5: Firstly, the feasibility study of localizing soft-impacts using the error outlier based impact
localization algorithm was done. Subsequently, soft and hard-impact classification technique was proposed and
integrated into the error outlier based impact localization algorithm. Finally, the proposed method’s classifying
and localizing capability were examined by localizing trained and non-trained impact delivered using several
impact hammers with varying impactor hardness.

Chapter 6: Conclusions are presented.



Chapter 2. Data Acquisition and Localization

2.1 Overview of Fiber Optic Sensors

FOS are highly favorable for SHM purposes as they are light in weight, small in size, require low-power,
free from electromagnetic interference and have high sensitivity. FOS can be divided into two categories; a)
intrinsic sensors and b) extrinsic sensors [39], [40], [83]. In extrinsic sensors the interaction between the light
and the measurement quantity takes place outside the fiber. Whereas, FOS in which the sensor action takes place
within the fiber is known as the intrinsic fiber optic sensor. FOS can also be categorized into three groups,
namely interferometric sensors, distributed sensors and grating based sensors. Figure 2.1 shows the sensors
which fall into these three categories.

Interferometer involves the superposition of two or more beams or modes which can be configured using
two single-mode fibers, one single-mode fiber, one multimode fiber or one elliptical-core highly birefringent
fiber [84]. Fabry-Perot and SOFO interferometric sensors are the two widely used interferometric sensors.
SOFO interferometric sensor have been widely implemented for SHM of many different civil structures because
of their temperature insensitivity, high precision and stability. However, they are not suitable for impact damage
detection because of their slow response time. Fabry-Perot sensor has high resolution and is compact. Therefore,
it is suitable for embedding into composite structure to monitor temperature, strain and pressure. However, it
lacks in multiplexing capability.

Distributed optical fiber sensor utilizes the properties of optical fiber to make simultaneous measurement
of both the spatial and temporal behavior of a measurand field [85]. Optical time-domain reflectometry (OTDR)
is the most typical intrinsic distributed fiber optic sensor based on Rayleigh scattering [86]. Second kind of
distributed optical fiber sensor is based on the Raman scattering and therefore it is known as the Raman optical
time-domain reflectometry (ROTDR) [87]. Lastly, Brillouin optical time-domain reflectometry (BOTDR) is the
Brillouin scattering based fiber optic distributed sensor [88].

Finally, grating based sensors consists of UV-inscribed in-fiber gratings. Grating based sensors are
inexpensive to manufacture, immune to EM interference, lightweight, small in size and self-referent with a
linear response. FBG is one of the widely used grating-based sensors. Among various FOS available, there is
high interest in the use of FBG for SHM due to several advantages over other FOS [89]. FBG sensors have
inherent signal stability and are suitable for multiplexing. Furthermore, since FBGs are immune to power
fluctuations since its sensing procedure relies on monitoring shifts in the optical wavelength, FBG has quasi-
point sensing and non-uniform strain field measurement capability. FBG sensors were used for the present

research, therefore, the working principle of FBG is discussed in the subsequent section.
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Figure 2.1 Classification of fiber optic sensor technology [90].

2.1.1 Fiber Bragg Grating Sensors

Hill et al. reported the photosensitive mechanism in a germanium doped silica fiber leading to the
development of fiber grating by exposing the photosensitive core using a single-mode argon-ion laser source at
488 nm or 514.5 nm [91], [92]. Meltz et al. further improved the grating fabrication technique by exposing the
core through the side of the cladding to a coherent UV two-beam interference pattern with a wavelength selected
to lie in the oxygen-vacancy defect band of Germania near 244 nm [93]. FBG sensors consists of grating photo-
inscribed into a silica fiber with periodic variation in the refractive index. The periodic modulation of the
grating’s refractive index can be done using the free-space two-beam holographic method or the diffractive
phase mask technique [40], [91]-[94].

Holographic method [40] fabricates FBG using UV laser beam, from a UV source with good temporal
and spatial coherence, split into two components which are recombined at the fiber to create interference pattern.
Major challenge of holographic technique is its interference fringe spacing and placement is highly sensitive to
the system’s optical alignment. Therefore, it requires the system to be highly stable and free from external
vibrations. The diffractive phase mask method [40] for FBG fabrication can overcome the limitation posed by
holographic technique. Refractive index modulation can be photo-imprinted using a phase mask, a diffraction
element that can be used to form an interference pattern laterally with the light beams which are spatially phase
modulated and diffracted [95]. Furthermore, phase-mask method is good for mass FBG production at low cost
and this technique works with inexpensive low spatial and temporal coherence lasers. In general, the grating

lengths are within the range of 1~20 mm and can provide peak reflectivity near 100%.
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2.1.2 FBG Strain Temperature and Sensing Principle
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Figure 2.2 Fundamentals of FBG sensor.

When light source is transmitted from the spectral broadband source through the fiber, the grating acts as
a wavelength filter which reflects certain wavelengths of light and allows the remaining wavelengths to pass
through. Figure 2.2 shows the fundamental working principle of the FBG sensor. The reflected wavelength can

be calculated using the Bragg wavelength
Ag =2nA 1)
where, N, is the grating’s effective refractive index and A is the grating period.

Bragg wavelength is sensitive to any changes in strain or temperature as a result of physical elongation
of the FBG sensor which causes changes in the grating pitch and the fiber index due to photoelastic effects.
Utilizing the Bragg wavelength sensitivity, the strain response can be obtained using FBG sensor.

The changes in temperature or strain shift can be measured using the shift in Bragg wavelength
Mg = Jg[lar+ EAT +(1- peJe] @
where, « is the coefficient of thermal expansion, & is the thermal-optic coefficient, T is the temperature, &

is the strain value, and Py is the photo-elastic constant. The photo-elastic constant is calculated using

Pe = (%J[ Pr, _V( P + P )] 3)
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where, v is the Poisson’s ratio and, P;; and P, are the strain-optic constants.

Finally, the strain can be calculated using Equation 4, assuming there is no change in the temperature.

Similarly, changes in the temperature can be obtained using Equation 5, assuming no strain is applied to the

FBG sensor.
_ 1 Ak (4)
1- pe /18
AT -1 Ak )
a+é& A

One major limitation of FBG sensors is that they are sensitive to both temperature and strain. This
limitation can be overcome by using reference gratings along the gratings that are in thermal contact with the
structure and free from local strain changes for compensating the changes in Bragg wavelength due to changes

in temperature.

2.2 Low Velocity Impact

In this research, the impacts on the composite structures were delivered using impact hammer. Although,
the impact force for each impact case can vary, it was found that only the amplitude of the impact response
signal changes with changes in the impact velocity/force. Figure 2.3 shows the impact response signals acquired
when a 45.42 g spherical mass was repeatedly dropped eight times from heights ranging from 50 mm to 400 mm,
with 50 mm interval, on the upper surface of the composite wing. For impact velocity ranging from 0.99 m/s to
2.8 m/s, it can be observed that the overall impact response signal remains the same while the amplitude

increases with increase in the drop height.
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Figure 2.3 Impact response signal for mass dropped from 50~400 mm.

-12 -



Such difference in the response signal due to changes in impact force can be overcome by normalizing
the response signal. In Figure 2.4 the time-shifted normalized response signals, of all eight impact cases, which
resulted in the maximum correlation coefficient are presented. In Figure 2.4, it can be seen that the normalized
impact response signal obtained by dropping the spherical mass from 50 mm compared to each of the
normalized impact response signals obtained by dropping the spherical mass from 100 mm to 400 mm signals
are similar. The correlation values computed for each of the drop height are tabulated in Table 2.1. Moreover,
even though the impact velocities are different, the resulting average correlation coefficient was 0.92. Therefore,

the signal normalization process can help to minimize the variance in obtained impact signal due to varying

impact force.
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Figure 2.4 Normalized impact response signals obtained
for mass dropped from height of 50~400 mm.
Table 2.1 Impact signal comparison for varying drop heights.
Signal Similarity Comparison with 50 mm Drop Height Impact Response Signal
Drop Height (mm) 50 100 150 200 250 300 350 400
Impact Velocity (m/s)  0.99 1.4 1.71 1.98 2.21 242 2.62 2.8
Correlation Value 1.00 0.92 0.93 0.92 0.93 0.93 0.92 0.91
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2.3 Real-Time Impact Localization

The real-time impact localization is achieved in three stages:

1) continuous impact monitoring,

2) impact data detection and data acquisition, and

3) data processing in order to predict the impact location.

The real-time impact localization procedure is illustrated in Figure 2.5. Continuous impact monitoring is
done using attached/embedded optical fiber line, consisting of multiplexed FBG sensors, on the structure which
is connected to the FBG interrogator. For the experiments presented in this dissertation, a high speed FBG
interrogator SFI-710 (FIBERPRO Inc., Korea) [96] was used for continuous impact monitoring, impact
detection, data acquisition and impact localization. The SFI-1710 consists of a superluminescent laser diode
(SLD) broadband light source, and with wavelength accuracy of 40 pm. This high-speed interrogator has a
single channel with FC/APC type connector through which it can sample the signals from the FBG sensors at
maximum sampling rate of 100 kHz. It can detect wavelength ranging from 1530 nm ~ 1560 nm, its operating
temperature ranges from -5°C to 50°C. If an impact is detected during the continuous monitoring process, then
0.20 s long data is acquired at 100 kHz frequency. The acquired data consists of 0.05 s data before the impact
event and 0.15 s data after the impact event.

The third stage of the real-time impact localization, impact location prediction, is done using the impact
localization algorithm developed using MATLAB software. Additionally, a GUI software was developed to get
the signals acquired using the high speed interrogator, SFI-710, to the impact localization algorithm and then
visualize the predicted impact location. The real-time impact localization visualization GUI software is
presented in Figure 2.6. The real-time impact localization is done through the GUI in four steps. Firstly in Step 1
shown in Figure 2.6, the folder location where the impact signals are stored by the FBG interrogator is selected.
Then the continuous monitoring can be started by clicking on the ‘Start’ button, Step 2 is shown in Figure 2.6.
In Step 3, as long as there is no any impact on the structure being monitored, ‘In Progress’ status will be shown
in the status window inside the ‘Output Panel’. When an impact occurs, the status window inside the ‘Output
Panel’ will change to ‘Impact Detected’ and the impact signals acquired by the FBG interrogator are fed to the
impact localization algorithm. Finally, in Step 4, the signals acquired by the FBG interrogator will be processed
using the impact localization algorithm and the predicted impact location, ‘x-coordinate’ and ‘y-coordinate’,
will be shown in the ‘Output Panel’ > ‘Impact Location’, and simultaneously the impact location will be
visualized in the graph. After the low velocity impact localization is completed the software will resume to
continue monitoring for impact on the structure; the status will be changed to ‘In Progress’. This process will be

repeated by the software until the ‘Stop’ button is pressed.
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Figure 2.5 Real-time impact localization.
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Figure 2.6 Real-time impact visualization GUI program.
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Chapter 3. 1D Array FBG Sensor Configuration and

RMS/Correlation Based Impact Localization

In this chapter, low velocity impacts were localized using 1D array FBG sensor configuration, and
correlation and RMS [97] impact localization algorithms based on reference database impact localization
concept. A reference database based impact localization algorithm utilizes training data, which are the pre-
acquired reference signals, containing the information of the impact signals at training grid points to estimate the
location of any impact point. The working principle of correlation and RMS based impact localization algorithm
is based on comparison of the random impact signal with all the reference signals available in the database and
finally estimating the location of the impact by determining the reference signal which is most similar to the

impact signal.

3.1 Correlation Based Reference Database Impact Localization Algorithm

In the case of correlation based impact localization algorithm, the correlation coefficient between the
reference signal, Srr, and the random impact signal, San, Were calculated using Equation (6). The correlation
method used for the reference database impact localization algorithm compares the two signals, reference signal
and the random impact signal, and outputs the correlation value from -1 to 1. If the signals are similar to each
other the correlation value tends to be closer to 1 and dissimilar signals will have low or negative correlation
value.

Z(Sref _g)(sran - ?an)

Corr = —
\/z(sref - Sref )2 (Sran - Sran)2

(6)

Figure 3.1 shows the correlation based impact localization algorithm flow chart. In this algorithm firstly
the data normalization of the reference signal, Sref(n,i), acquired by FBG sensor ‘i’ at training reference grid point
‘n’ and random impact signal, Spng), acquired by FBG sensor ‘i’ were done using min-max normalization
method [98] to scale the signal data between 0 and 1. Subsequently, the correlation coefficient was calculated
between the random impact signal, Srang), and all the reference impact signals, Sref(n,iy, Of the test specimen. In
order to improve the localization results the normalized reference signal was time-shifted, Sr(tni), by altering
the index of the signal starting point from t=1 to t=200 in increments of t=1, and the correlation value between
each of the time-shifted reference impact signal and the random impact signal, Sranc), was computed. Among all
the correlation value computed at each reference point, between the time-shifted reference impact signals and
the random impact signal, the maximum correlation coefficient was used for further impact localization

procedure. Finally, for each sensor the impact location was determined to be the location of the reference point

-16 -



whose reference impact signal was most similar to the random impact signal, corresponding to the maximum
correlation value. Finally, the location of the impact was estimated by calculating the mean of the impact

locations detected by each FBG sensor.

( Ref. Signal: Sretn,i) ] ( Random Impact Signal: Syan) )

Correlation Value Calculation
Corval (t,;)= correlation(Syef (ni), Sraniy)

Ref. Signal

Value, Cormax(n,i)= max (Corval )

Shift: Srer(tns) : [

Determination of Maximum Correlation ]

Search for Impact Location by
Identifying Max. Correlation
=

( Impact Location Estimation Using Mean Values from Each Sensor )

¥

Impact Location

Figure 3.1 Correlation based reference database impact localization algorithm flow chart.

3.2 RMS Based Reference Database Impact Localization Algorithm

Impact location estimation procedure using RMS based reference database impact localization algorithm
is illustrated using flow chart shown in Figure 3.2. RMS based 1D array impact localization algorithm works
similarly as the correlation based impact localization algorithm discussed in Section 3.1. In contrast to
correlation method, the normalization of reference signal, Srfni, acquired by FBG sensor ‘i’ at training
reference grid point ‘n’ and random impact signal, Srang), acquired by FBG sensor ‘i’ were done by dividing by

maximum value [98] of signal Srefn,jy and Sran(), respectively.

n

Z (Sref kT Sran,k )2

(7

RMS based impact localization algorithm calculates the RMS error between the reference and random
impact signal using Equation (7). Similar to the correlation based impact localization algorithm, RMS error was
calculated between each of the time-shifted reference impact signal, Ser(tni), by altering the index of the
reference signal starting point from t=1 to t=600 in increments of t=1, and the random impact signal, Srang). Then
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the minimum RMS error value among all the RMS errors calculated between the time-shifted reference impact
signal for each reference point and the random impact signal was used to determine the impact location. The
algorithm searches for the location of the grid point with minimum mean RMS error results and the impact
location detected by each FBG sensor corresponds to the grid point location which has the most similar impact
waveform as that of the random impact signal. Lastly, the algorithm approximates the impact location by

calculating the mean of the location found by each FBG sensor.

( Ref. Signal: Srefn,i) ) ( RandomImpact Signal: Srani) )

[ RMS Calculation )
Ref. Signal Shift: RMS (tn,i) = RMs(sref (tn,i); Sran(i))

Sref(tn,) i
e : Determination of Minimum RMS Value | :
RMSin(n,i) = min (RMS) :

Search for Impact Location by
Identifying Min. RMS
I

( Impact Location Estimation Using Mean Values from Each Sensor)

¥

Impact Location

Figure 3.2 RMS based reference database impact localization algorithm flow chart.

3.3 Composite Plate Impact Localization
3.3.1 Materials and Methods

The impact localization performance comparison between the 2D and 1D array FBG sensor
configuration was performed using a 690 mm x 690 mm composite plate structure. The test specimen is a quasi-
isotropic composite with stacking sequence [45/90/-45/0,/-45/0/90/0/-45/0/45/90/-45/0]s and with a thickness of
4.7 mm. The two edges of the composite plate were bounded by a total of 10 point clamps. 2D and 1D FBG
array configuration impact localization experiments were performed in 500 mm x 500 mm test section of the
composite flat plate. Figure 3.3 shows the experimental set-up of the present experiment.

Present impact localization experiment on the composite plate was performed using acrylic coated FBG
sensors (FIBERPRO Inc., Korea [96]) with 10 mm grating length attached to the surface of the composite using

cyanoacrylate adhesive. The 2D array FBG sensor configuration consists of four multiplexed FBG sensors, with
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center wavelength of about 1532 nm, 1536 nm, 1538 nm and 1552 nm, attached on the bottom surface of the
composite plate, one FBG at each of the four corners of the impact coverage area, as shown in Figure 3.4 (a).
The grating of FBG sensors were aligned at 45°angle facing towards the center of the composite plate.
The 1D array FBG sensor configuration used for the impact localization experiment consists of two multiplexed
FBG sensors, with center wavelength of about 1535 nm and 1541 nm, attached at the bottom surface of the
composite plate, one FBG at each of the two mid-sections of the edges of the coverage area. Figure 3.4 (b)
shows the 1D array FBG sensor configuration used for the present experiment. Both of the FBG sensors used

for the 1D array FBG configuration set-up were oriented at 45°angle.

b P |

a) Composite plate test specimen b) Data acquisition system

Figure 3.3 Experimental set-up.

————— 500 mm———> “————— 500 MM—————>
FBG 50 mm FBG 2 mm

IS = 1S =
£ E = E FBG 1 FBG2

g |3 g |8

A y
{ , |FBG4 FBG 1 { A

690 mm > 690 mm >

X X
a) 2D FBG array, 4 sensors configuration b) 1D FBG array, 2 sensors configuration

Figure 3.4 Illustration of 2D and 1D array FBG configurations on composite plate.
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Table 3.1 Impact test point coordinates.

Impact Test Point Location on Composite Plate

N. x(mm) y (mm) N. x(mm) y (mm)
1 25 25 11 325 275
2 25 325 12 325 425
3 25 475 13 375 475
4 75 275 14 425 175
5 100 75 15 475 125
6 125 325 16 475 275
7 225 275 17 450 225
8 250 475 18 500 25
9 250 125 19 500 125
10 325 225 20 500 225

The training data for the reference database impact localization algorithms were acquired from 121
training points, which are 50 mm apart from each other. FBG sensor signal acquisition was done using high
speed FBG interrogator, SFI-710 (FIBERPRO Inc., Korea) consisting of a superluminescent laser diode (SLD)
broadband light source, and with wavelength accuracy of 40 pm [96]. The impact on the composite structure
was induced using impact hammer and the signals from all the sensors were sampled at frequency of 100 kHz.
Table 3.1 shows the coordinates of the 20 impact test points on the composite plate used for impact localization

performance comparison between 2D and1D array FBG sensor configurations.

3.3.2 Composite Plate 1D and 2D Array Localization Results

Using the training data collected from the composite plate, impact location of 20 different random
impacts were localized by means of RMS and correlation based reference database impact localization
algorithms. Comparison between the results obtained between 1D and 2D array FBG sensors are tabulated in
Table 3.2 and visualized in Figure 3.5 and Figure 3.6.

Table 3.2 shows the maximum localization error, average localization error and its standard deviation
(SD). In the case of RMS based impact localization, the difference between 1D and 2D array FBG sensor
configuration average localization error was found to be less than 4.0 mm, whereas using correlation based
impact detection technique resulted in a difference of about 6.0 mm. Both of the impact localization method
estimated the impact test points within the range of 35.4 mm for 1D array FBG configuration and 28.0 mm for

2D array FBG configuration, respectively.
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Table 3.2 Comparison between 1D and 2D array FBG sensor configuration for
impact localization using RMS and Correlation based reference database algorithms.

RMS Method Correlation Method

1D Array FBG 2D Array FBG 1D Array FBG 2D Array FBG
Maximum Error (mm) 354 28.0 354 28.0
Average Error (mm) 22.8 19.2 26.3 20.1
SD (mm) 10.2 7.2 7.5 7.1

From the present results, it can be observed that the impact location of the impact test point detected by
RMS and correlation based impact localization algorithms are very similar to each other. Therefore, it can be
concluded that the obtained results are reliable and either of the algorithms can be used for impact location
detection purpose for simple composite structure SHM purposes. Furthermore, the experimental results
demonstrate that 1D array FBG configuration is as effective as the 2D array FBG configuration for impact
localization.

Utilizing the 1D array configuration coupled with the reference database based impact localization
algorithm can help reduce the number of sensors required for SHM purpose. Thereby, this configuration also
helps to lessen the complexity involved in data acquisition process and decreases the related costs. Therefore,
there is a great scope for the implementation of 1D array sensor for SHM of large scale structures such as

aircraft, spacecraft, bridges, etc.
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3.4 Composite Wing Impact Localization
3.4.1 Materials and Methods

Jabiru UL-D aircraft’s (Jabiru Aircraft Pty Ltd, Australia) composite wing, shown in Figure 3.7, was
used to implement and test the 1D array FBG sensor configuration SHM system for impact localization
experiment. The schematics of the composite wing specimen and the experiment set-up used for the 1D array

impact localization are shown in Figure 3.8.

a) Jabiru UL-D aircraft

;
j Top View

b) Jabiru UL-D half-span wing structure illustration
Figure 3.7 Jabiru UL-D aircraft.

The wing structure of Jabiru UL-D consists of a strut, therefore the wing section is categorized into two
regions which are separated along by the cross-section fixed with strut: inner region, from the fuselage to the
cross-section of the wing where one end of the strut is attached, and the outer region, from the cross-section of
the wing where the strut is joined till the tip of the wing.

Six multiplexed acrylic coated FBG sensors (FIBERPRO Inc., Korea), with center wavelength of about
1532 nm, 1535 nm, 1538 nm, 1541 nm, 1544 nm and 1547 nm, were attached 600 mm apart from each other on
the upper surface of the composite wing using cyanoacrylate adhesive. All of the FBG sensors were attached on
the wing surface with 45°angle orientation. Impact localization was performed on a 600 mm by 600 mm test

area on the upper surface of the inner and outer wing region in order to investigate the differences in impact
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localization performance in these two regions. In case of the inner wing region the impact test was performed
from 600 mm to 1200 mm from the root and for the outer wing region the impact test was done from 2400 mm

to 3000 mm from the root.

~FBG2
a) Composite wing b) Data acquisition d) Outer wing impact
system localization test area
Inner Wing Region Outer Wing Region /
f A \f / A

\ T
| |
FBG 6 FBG 5 FBG 4 FBG 3 FBG 2 FBG 1

Strut fixed |
region

“— 600 mM—»<— 600 mm—><— 600 mm—»<— 600 Mm—&— 600 Mm—»&— 600 Mm—»<— 600 mm—>»"

«— 600 mm—>

< 4200 mm >

Top View
¢) 1D array FBG configuration on composite wing structure

Figure 3.8 Experimental set-up.

Training data for the RMS and correlation based reference database localization algorithms were
collected from 169 reference points from both the inner and outer wing section. The reference points used for
obtaining the training data are 50 mm apart from each other. Impact localization of 22 random impact cases, 11
impact test points on each inner and outer wing section were performed. Impact signals obtained using the FBG
sensor were sampled at 100 kHz using high speed FBG interrogator, SFI-710 (FIBERPRO Inc., Korea). The
coordinates of the impact test points used for the impact localization test is shown in Table 3.3.

In the subsequent section, the baseline impact localization study done using 1D array FBG sensor
configuration with six FBG sensors to localize the impact location on composite wing structure is presented.
Next, the impact localization capability of 1D array FBG sensor configuration with reduced number of FBG
sensors along with reference database impact localization algorithm is demonstrated through parametric study of
1D array FBG sensor configuration done by varying the number of FBG sensors from three FBG sensors to two

FBG sensors, respectively.
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Table 3.3 Impact test points on upper surface of the composite wing.

a) Inner Wing Section

Impact Test Point X (mm) y (mm)
1 625 25
2 625 225
3 725 425
4 850 275
5 875 575
6 975 175
7 975 375
8 1000 125
9 1050 325
10 1125 150
11 1175 375

b) Outer Wing Section

Impact Test Point X (mm) y (mm)
1 2425 25
2 2425 225
3 2525 425
4 2650 275
5 2675 575
6 2775 175
7 2775 375
8 2800 125
9 2850 325
10 2925 150
11 2975 375
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3.4.2 Baseline 1D Array FBG Sensor Configuration Impact Localization

Baseline impact location detection of 22 random points, tabulated in Table 3.3, was done using the
impact signals obtained from all six FBG sensors of the 1D array FBG sensor configuration attached on the
upper surface of the composite wing. The impact localization results are visualized in Figure 3.9 and the
localization errors are presented in Figure 3.10.

Despite of the complex structure form of the composite wing, using the impact signal obtained from the
1D array FBG configuration, the RMS and correlation based impact localization algorithms estimated the
location of all the random points with localization error less than the training grid size of 50.0 mm. The
localization error of the estimated location of the impact test points are presented in Table 3.4. Similar trend
among inner and outer wing average localization error can be observed i.e., the larger localization error values
can be seen for the outer wing case than for the inner wing case, when either RMS or correlation based impact
localization method was used for impact location prediction.

The localization error for both inner and outer wing impact tests was estimated to about 35 mm from the
actual impact point. For the inner wing region, the RMS and correlation based impact localization result had an
average localization error of 18.0 mm and 14.8 mm with standard deviation of 12.0 mm and 10.3 mm,
respectively. Whereas, the outer wing region had average localization error of 14.8 mm and 22.5 mm with

standard deviation of 10.7 mm and 12.8 mm, respectively.

Table 3.4 RMS and correlation based impact localization results.

RMS Based Localization Correlation Based Localization
Inner Wing Outer Wing Inner Wing Outer Wing
Maximum Error (mm) 354 354 354 373
Average Error (mm) 18.0 19.5 14.8 22.5
SD (mm) 12.0 10.3 10.7 12.8
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Figure 3.9 Visualization of impact localization results on composite wing.
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3.4.3 Parametric Study of 1D Array FBG Sensor by Varying the Number of FBG Sensors

The present parametric study was done to demonstrate the possibility of localizing impact test points
using fewer number of FBG sensors for 1D array FBG sensor configuration together with reference database
impact localization algorithm. Among the six sensors attached on the upper surface of the wing, parametric
study was performed firstly by using a combination of two FBG sensors and followed by three FBG sensors.
The optimal sensor combination was determined based on the localization results of the impact test points listed
in Table 3.3.

Parametric study of 1D array configuration with two FBG sensors was done using combinations of FBG
sensors shown in Table 3.5. Similarly, for impact localization with 1D array configuration with three FBG
sensors, parametric study was done using combinations of FBG sensors shown in Table 3.6. Localization results
of the parametric study done using 1D array configuration with two and three FBG sensor combination cases are
shown in Figure 3.11 and Figure 3.12, respectively. Optimal sensor combination was determined by searching
for sensor combinations which gives the location of all the 22 impact test points with localization error of less
than the grid size of 50.0 mm.

In case of parametric study of 1D array configuration with two FBG sensors, it was found that using
RMS based impact localization technique, 6 different sensor combinations could localize all the 22 impact test
points with localization error of less than 50.0 mm. Using sensor combination number 3, 4, 10 or 11 resulted in
the maximum localization error of 35.4 mm, and 50.0 mm when combination number 7 and 8 were used.
Optimal sensor combinations for the 1D array configuration with two FBG sensors are shown in Table 3.7.
However, correlation based localization resulted in maximum localization error larger than the grid size. For the
22 random impact cases, among the 15 different combinations of FBG sensors, combination number 1 and 14
were found to be the best combination cases with maximum localization error of 55.9 mm.

1D array configuration with three FBG sensor parametric study shows that the number of optimal sensor
combination increases to 14 combinations out of 20 cases for RMS based reference database localization. The
best sensor combinations are 8, 9, 14 and 17 with maximum localization error of 35.4 mm. The other 10 optimal
combinations cases resulted in maximum localization error of 48.6 mm. The optimal three sensor combinations
found through the parametric study for 1D array configuration with three FBG sensors are tabulated in Table 3.8.

Correlation method based impact localization performed better with three FBG sensors based parametric
study. At least 2 optimal combinations cases of FBG sensors were determined, case n., 3 and 4 respectively.
Using either of these two combination cases, the maximum localization errors of all the random impact tests

were limited to 48.6 mm.
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Table 3.5 Two FBG sensors combination cases.

Case N.  Sensor Combination (FBG)

1 1 2
2 1 3
3 1 4
4 1 5
5 1 6
6 2 3
7 2 4
8 2 5
9 2 6
10 3 4
11 3 5
12 3 6
13 4 5
14 4 6
15 5 6

Table 3.6 Three FBG sensors combination cases.

Case N.  Sensor Combination (FBG) | Case N. Sensor Combination (FBG)
1 1 2 3 11 2 3 4
2 1 2 4 12 2 3 5
3 1 2 5 13 2 3 6
4 1 2 6 14 2 4 5
5 1 3 4 15 2 4 6
6 1 3 5 16 2 5 6
7 1 3 6 17 3 4 5
8 1 4 5 18 3 4 6
9 1 4 6 19 3 5 6
10 1 5 6 20 4 5 6
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Figure 3.11 Parametric study results of 1D array configuration with two FBG sensors.
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Figure 3.12 Parametric study results of 1D array configuration with three FBG sensors.
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Table 3.7 Two FBG sensors parametric study optimal sensor combinations.

RMS Based Two Sensor Optimal Combinations

Sensor Combination Case N. Sensor Combination (FBG) Maximum Error (mm)
3 [1,4] 354
4 [1,5] 354
7 [2,4] 50.0
8 [2,5] 50.0
10 [3.4] 354
11 [3.5] 354

From the present results, it can be observed that RMS based impact localization technique performs
better than the correlation based method for estimating the impact location when fewer than 6 FBG sensors are
used on 1D array FBG configuration. Furthermore, from the present results it has been demonstrated that RMS
based reference database impact localization technique along with 1D array configuration SHM system with
only two FBG sensor combination cases such as case n., 3, 4, 10 or 11, shown in Table 3.7, can deliver similar
impact localization performance as shown by 1D array configuration with six FBG sensors, and 1D array
configuration with three sensors combination case n., 8, 9, 14 or 17. Therefore, it can be concluded that using
1D array FBG configuration SHM system with reference database based impact localization algorithm can help
to significantly reduce the number of FBG sensors while maintaining the impact localization performance.

The main aim of this parametric study was to demonstrate that impact localization using 1D array FBG
sensor configuration and reference database algorithm can be performed using fewer number of sensors to
obtain localization error similar to that when all six FBG sensors were used. Additionally, from the present
parametric results it was possible to determine the suitable number of sensors and its locations in order to
monitor large surface area of a strut based composite wing structure.

It was found that attaching multiple FBG sensors at the same region of the wing did not provide the
optimal localization result. Based on the three FBG sensor parametric study, we can conclude that at least one
FBG sensor at the outer wing section, one FBG sensor at the strut fixed region and one FBG sensor at the inner
wing region results in the impact location predicted with the least localization error. Furthermore, from the two
FBG sensor parametric study it was seen that there should be at least one FBG sensor attached to the outer wing
region and one FBG sensor attached either in the inner wing region near to the strut fixed region or at the strut
fixed region in order to estimate the impact location with the lowest possible overall localization error.

The results not only showed the possibility of using very few number of FBG sensors for monitoring

impacts on large area but also showed that the sensor attachment area is dependent on the location of the region
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of the wing where the strut was fixed. However, more flexibility in terms of the sensor attachment location is
expected for wing structures without the strut. Further research is needed to study the optimal sensor location for

varying types of wing structures.

Table 3.8 Three FBG sensors parametric study optimal sensor combinations.

a) Correlation Based Three Optimal Sensor Configurations

Sensor Combination Case N. Sensor Combination (FBG) Maximum Error (mm)
3 [1,2,5] 48.6
4 [1,2,6] 48.6

b) RMS Based Three Optimal Sensor Configurations

Sensor Combination Case N. Sensor Combination (FBG) Maximum Error (mm)
2 [1,2,4] 48.6
3 [1,2,5] 48.6
4 [1,2,6] 48.6
5 [1,3,4] 48.6
6 [1,3,5] 48.6
8 [1,4,5] 354
9 [1,4,6] 354
10 [1,5,6] 48.6
11 [2,3,4] 48.6
12 [2,3,5] 48.6
14 [2,4,5] 354
15 [2,4,6] 48.6
17 [3.4,5] 35.4
18 [3.,4,6] 48.6
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Chapter 4. Novel Error Outlier Method

Based Low Velocity Impact Localization

4.1 Introduction

In this chapter, a novel impact localization technique is developed and its feasibility is demonstrated by
detecting and localizing test impact locations on composite plate [99], as well as on aircraft wing structure [100].
The basis of the novel impact localization technique concept is the assessment of error outlier to determine the
location of low velocity impact. In the data mining and statistics literature, the term outliers is also used to refer
to abnormalities or anomalies [101]. The detection of outliers has a wide range of applications such as medical
diagnosis, credit card fraud, etc. Additionally, outlier analysis has also been used for damage detection

applications [32], [102].

Medical diagnosis

®

Credit card fraud

Outlier

»

’s.‘
\}. C)’ Speech recognition
"

Loy =

P Damage detection

Detection

Figure 4.1 Applications of outlier detection.

Error outlier based impact localization concept is illustrated in Figure 4.2. As in the case of the other
signal similarity comparing algorithms, when two signals are compared, if the signals are similar then it is
highly likely that the computed error values will be low and likewise dissimilar signal will have larger error
values. In the RMS and correlation algorithm, the signals comparison between reference points near to the
impact location will have lower RMS error values and high correlation coefficients, respectively, and vice versa.
Similarly, it can be assumed that the signals comparison between reference points near to the impact location
will result in fewer number of error outliers and large number of error outliers when the reference point is
farther away from the actual impact location, as illustrated in Figure 4.2 (b). Figure 4.2 (c) shows the
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comparison of the error values computed between dissimilar and similar signals. It is clearly evident that
dissimilar signals have larger error peak values in comparison to the similar signals error values. Therefore, by
setting an error threshold, error value which is larger than the error threshold can be classified as an error outlier
as shown in Figure 4.2 (c). It is evident from Figure 4.2 (c) that error values computed between dissimilar

signals results in large number of outliers.
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Figure 4.2 Illustration of error outlier based impact localization concept.
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Although the detection of outliers is useful for various different applications, in the present literature
review it was found that there is no existing literature available on outlier detection for impact localization
application. Therefore, in this chapter, development and demonstration of novel impact localization technique
based on error outlier assessment, which operates on the basis that the impact point is most likely to be located
near the reference points corresponding to the minimum number of error outliers, is presented. Moreover, the

feasibility to localize impact on composite plate and complex composite wing structure was investigated.

4.2 Development of Outlier Method Based Impact Localization Algorithm

The outlier method (OM) developed for localizing the location of the impact is also based on the
reference database algorithm. Whereby, set of reference signals required to train the localization algorithm are
pre-acquired from the test structure and stored in a database. The reference signal corresponds to the impact
signal acquired from the selected reference points on the structure. During impact monitoring, if an impact

occurs, then the impact signal is acquired and processed according to the steps shown in Figure 4.3.

Ref. Signal, Sref(ni) Test Signal, Seest)

Step 1 ——I ______ -I__l

I C Subtraction of Usable Signal Portion ) |
I — =

l ( Data Normalization ) I
— |

Step2 (=TT T TTTTTTT T T mm T :

|
Error Calculation and : ( Error: e(tn) = |Srer(tn,) - Seest)| ) :
Outliers Search 1 |
Between Time-Shifted | C Outlier: OL(t,;) = e(t,,) > limit ) !
) ) | ' ' |
Sref(’[n,l) and Stest(l) | |
: ( Minimum Outlier: OLyin(n,i) = min(OL) ) :
| |

Impact Location Search
Detected Location:
N = n(OL(i) < min(OLx(i)) + 3)

A 4

Step 4 Impact Localization

Mean of the Locations Detected
by Each Sensor

Figure 4.3 Outlier based impact localization algorithm flow chart.
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The error outlier based impact localization algorithm flow chart is presented in Figure 4.3. The outlier
based impact localization algorithm developed to predict the location of the low velocity impact is based on the
reference database algorithm, in which a set of reference signals corresponding to the selected reference points
on the structure are pre-acquired. The position of an impact on the test structure is determined by comparing the
impact signal with the reference signals. Prior to the signal comparison, the reference signals, Sref(n,i,
corresponding to the signal obtained using the FBG sensor ‘i’ from the reference coordinate point ‘n” and the
test signal, Sesti), obtained using FBG sensor ‘i’, are normalized using the standard deviation [103].

®)

e(tn,i ) =

Sref (tn,i) - Slest(i)

After the normalization procedure, the errors between the test signal and the reference signals are
calculated using Equation (8). Additionally, the reference signals are time-shifted to improve the localization
results. The normalized reference signals are time-shifted, Srr(tn,), by altering the index of the signal starting
point from t=1 to t=200 in increments of t=1; then, the errors, e(t,), between each of the time-shifted reference
impact signal and the random impact signal, San(i), are computed. In order to determine the error outliers, the
absolute error values are compared with the error threshold limit and, subsequently, for each reference grid point,
‘n’, the minimum outlier, OLmin(n,i), among all the time shifted reference signals and the test signals, is
determined. This process is repeated for the signals obtained using all the sensors involved in impact monitoring.

In the next step, the impact locations ‘N’ detected by the FBG sensor ‘i’ are determined by selecting the
reference point ‘n’ with the least number of error outliers or any reference point ‘n’ with less than or equal to
minimum number of outliers plus three Number of Additional Outliers (NAO). Finally, by calculating the mean

of the locations detected by all the FBG sensors, the location of the impact on the test structure is determined.

4.2.1 Impact Localization on Composite Plate using Outlier Method

The error outlier based impact localization experiment was performed on a 690 mm x 690 mm x 4.7 mm
quasi-isotropic composite structure with a stacking sequence of [45/90/-45/0,/-45/0/90/0/-45/0/45/90/-45/0]s. A
high speed FBG interrogator, an SFI-710 (FIBERPRO Inc., Korea) [96], was used to acquire the impact signals
from four multiplexed FBG sensors, with center wavelengths of 1532, 1536, 1539, and 1552 nm, respectively, at
a 100 kHz sampling frequency. The FBG sensors, with grating lengths of 10 mm, were attached to the bottom
surface of the composite plate covering the test area with dimensions of 500 mm x 500 mm. The composite
plate was bounded using five point clamps on each of its two edges. The experimental-setup for the impact
localization test is shown in Figure 3.3 and the sensor configuration is illustrated in Figure 3.4 (a).

The reference grid was created in the 500 mm x 500 mm test area with 50 mm spacing, resulting in 121
reference points. Impact on the composite structure was simulated using an impact hammer. Validation of the
outlier based impact localization algorithm was performed using the 20 different impact test points shown in
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Table 3.1 and illustrated in Figure 4.4; subsequently, the obtained results were compared with the RMS results

and the correlation based impact localization results [69].
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Figure 4.4 Illustration of impact test points on the composite plate.

4.2.2 Error Threshold Set-up

First, in order to determine the error threshold for the outlier based impact localization algorithm, a
parametric study of impact localization performance for an error threshold from 0.5 nm to 3.0 nm with interval
of 0.5 nm was performed using the impact test points from 1 to 10 shown in Figure 4.4. The results of the error
threshold value parametric study are tabulated in Table 4.1. For the purpose of analyzing the error threshold
parametric study results presented in Table 4.1, the N. of Outliers obtained using FBG1 for reference points 1 to
121 when an impact is given on Impact Test Point 4 is shown in Figure 4.5.

It can be observed that the N. of Outliers is highly sensitive to the error threshold value. A low threshold
value results in a large N. of Outliers counted at each of the reference points. Whereas a high threshold value
results in significant decrease in the N. of Outliers counted at each of the reference points. The results show that
the outlier based reference database impact localization algorithm is effective at localizing low velocity impacts
on the composite plate for thresholds between 0.5 nm and 2.0 nm. From Table 4.1 it is seen that error threshold
values larger than 2.0 nm result in average localization error values above 100 mm, whereas small threshold

values, i.e., equal to or less than 2.0 nm, give better localization performance.
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Table 4.1 Impact localization under varying error threshold parameter.

Impact Test Point Impact Localization Results (mm)

Error Threshold Parameter

0.5 nm 1.0 nm 1.5 nm 2.0 nm 2.5nm 3.0 nm

1 25.5 28.0 16.7 12.5 160.2 272.8
2 354 25.0 20.8 2.7 106.2 188.4
3 28.0 28.0 15.8 8.8 178.1 272.5
4 354 354 25.5 18.8 78.1 143.5
5 37.5 12.5 28.0 37.2 121.2 211.8
6 12.5 12.5 8.8 8.6 84.4 121.1
7 17.7 0.0 15.8 13.2 48.8 29.1

8 25.0 25.0 8.3 0.0 114.6 126.4
9 0.0 0.0 0.0 3.6 133.4 210.4
10 25.0 28.0 15.8 22.5 56.6 63.9

Average Error 24.2 19.4 15.5 12.8 108.2 164.0
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Figure 4.5 N. of Outliers counted at each of the reference point for Impact Test Point 4.
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Average localization error improves when the error threshold is increased from 0.5 nm to 2.0 nm, from
24.2 mm to 12.8 mm, respectively. This is due to the fixed value of the NAO used to determine the impact
location, i.e., in the current localization algorithm any reference points that have three, or fewer than three
addition outliers compared to the reference point with the least N. of Outliers are selected. The criteria for the
additional three outliers are found to be suitable because they result in average localization results of about 15.0
mm or less when using the error outlier thresholds of 1.5 nm or 2.0 nm.

A similar trend in the number of outlier results plotted against the reference point n. for error threshold
values of 0.5 nm, 1.0 nm, 1.5 nm, and 2.0 nm can be observed in Figure 4.5. However, it can be seen that the
difference in the number of outlier between similar reference points becomes larger as the threshold value is
decreased. Therefore, NAO parameter, set to 3, plus the minimum N. of Outliers used in the present localization
algorithm for determining possible impact locations is not suitable for obtaining further improved localization
results for error thresholds below 1.5 nm.

Nonetheless, it is also possible to obtain better results when an error threshold of less than 1.5 nm is
used by fine tuning the criteria of the NAO used to determine additional reference points that may be located
near the actual point. Moreover, for the present algorithm, satisfactory overall localization error was achieved by
setting the error threshold criteria to 2.0 nm; therefore, in the subsequent section, localization using the OM is

performed by setting the error threshold criteria to 2.0 nm.

4.2.3 Results and Discussions

The proposed error outlier based impact localization algorithm was used for impact localization of all the
20 impact test points shown in Figure 4.4 and the results were compared with the RMS and correlation based
localization results [69], shown in Table 4.2. In comparison to the RMS and correlation based algorithm, the
outlier based algorithm also predicted the location of all the impact test points with localization errors less than
50.0 mm, the grid size used for training the reference database algorithm.

The average impact localization error obtained using the OM is found to be improved in comparison to
the results obtained using the RMS and correlation methods. However, at impact test points n. 5, 15, 16, and 19,
localization errors were larger than the maximum localization error of 28.0 mm obtained using the RMS and
correlation methods. In order to determine the reason for the increase in the localization error that occurred at
these impact test points, color-mapped figures corresponding to the N. of Outliers for Impact Test Point 19, with

the maximum localization error of 39.9 mm, were studied.
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Table 4.2 RMS, correlation, and OM localization results comparison.

Impact Test Point Impact Localization Results (mm)

RMS [69] Correlation [69] OM
1 25.0 28.0 12.5
2 28.0 25.0 2.7
3 25.0 25.0 8.8
4 28.0 12.5 18.8
5 17.7 0.0 37.2
6 12.5 17.7 8.6
7 0.0 25.0 13.2
8 25.0 12.5 0.0
9 25.0 12.5 3.6
10 17.7 17.7 22.5
11 17.7 25.0 3.6
12 25.0 28.0 7.2
13 12.5 17.7 14.0
14 28.0 25.0 6.7
15 17.7 25.0 335
16 17.7 12.5 37.6
17 12.5 17.7 2.7
18 25.0 25.0 14.0
19 12.5 25.0 39.9
20 12.5 25.0 25.0
Maximum Error 28.0 28.0 39.9
Average Error 19.2 20.1 15.6
SD 7.2 7.1 12.9

In Figure 4.6, the error outliers for FBGs 1~4 are color-mapped with respect to the N. of Outliers at each
of the reference points in the composite plate. The color map ranges from dark blue to dark red, with those
respective colors corresponding to a lower N. of Outliers and a larger N. of Outliers. The reference points closer
to the actual impact point colored dark blue. Furthermore, comparing all four FBG color-mapped figures, it can
be seen that FBGL, located closest to the actual impact point, detected the impact location most accurately,

whereas the FBGs that were located farther from the impact location showed large areas of the composite plate
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with fewer numbers of outliers. The location selected by the OM for the final impact location estimation is

visualized in Figure 4.7. At Impact Test Point 19, a large localization error occurred due to the selected

reference location spreading out by about 100 mm from the actual impact location.

Moreover, the present results show the feasibility of using the error OM to localize the impact test points

on a composite plate. All 20 impact test points were localized with average error of 15.6 mm using the OM, 3.6

mm, and 4.5 mm less than the RMS and correlation average localization errors, respectively. Although a better

overall localization error was achieved, it was found that the localization errors at some of the impact test points

were larger than, 28.0 mm, the maximum location error obtained using RMS and the correlation method.

Therefore, in the subsequent section, further improvement in the localization performance is sought by including

the Euclidean distance threshold criteria in the present outlier based impact localization algorithm.
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4.3 Enhanced Outlier Method using Euclidean Distance Threshold
4.3.1 Overview

In order to narrow down the range of locations detected by the outlier algorithm, the Euclidean distance
threshold criteria was integrated into the outlier based impact localization algorithm. Figure 4.8 illustrates the
flowchart for the improved outlier based impact localization algorithm. The OM presented in Section 4.2 will be
referred to as OML,; the outlier based impact localization algorithm with the Euclidean threshold will be referred
to as OM2.

The response signals obtained from the sensors, used for monitoring the structure, are processed by OM2
algorithm in a procedure similar to those used in the OM1 algorithm. The improved outlier localization
algorithm follows Step 1, Step 2, and Step 3, as shown in Figure 4.3, for normalization, error outlier assessment
and impact location determination. The impact localization algorithm in OM2 differs from that in OM1 after
Step 3 is completed. Once all the possible location points ‘N’ are identified in Step 3, in the next step the OM2
algorithm evaluates whether to include any possible detected location that can be used to determine the final
impact location. Selection of the most likely impact locations are done by following two additional steps.

Firstly, comparison of the Euclidean distances between the x-coordinate and the y-coordinate of each of
the detected locations with the mean of the x-coordinate and the y-coordinate, ‘Dx’ and ‘Dy’, respectively, for

all the detected locations, is performed. To estimate the impact location, the x-coordinate or the y-coordinate
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that is farther than Threshold1, 100 mm, from the mean is rejected from the possible location points ‘N’. In the
second step, the mean of the locations selected after the first step is calculated; then, the distances ‘Dx’ and ‘Dy’
between the x-coordinate and the y-coordinate are compared. If the distance is more than Threshold2, 60 mm
from the mean, then the location is excluded from the final location calculation procedure. Finally, the location
of the impact is estimated by calculating the mean of the reference points; this mean value is selected through

the Euclidean distance threshold comparison.
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Figure 4.8 OM2 impact localization algorithm flowchart.
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4.3.2 Impact Localization on Composite Plate

The impact test points illustrated in Figure 4.4 were used to evaluate the OM2 impact localization
algorithm. The 20 impact test points were localized using OMZ2; the results are compared with the results for
OML1, shown in Figure 4.9, and with the RMS and the correlation based impact localization results, shown in

Table 4.3.
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Figure 4.9 Comparison results of OM1 and OM2.

Using the improved OM, a significant improvement in the localization results for the composite plate is
obtained. The maximum localization error of 39.9 mm using OM1 at Impact Test Point 19 is reduced to 20.5
mm. Figure 4.10 shows the range of locations, selected for final impact location prediction, obtained using the
OM2 impact localization algorithm. The use of the Euclidean threshold resulted in the detection of possible
impact locations closer to the actual impact location. Moreover, the maximum error using the OM2 is reduced to
26.2 mm, 1.6 mm less than that of the RMS and Correlation based impact localization methods.

Furthermore, the localization results show that the impact on the composite structure is better localized
using OM2 than it is using the RMS, correlation, or OM1 localization algorithms. In comparison to the RMS
and correlation results, an approximately 45% reduction was achieved for the average localization error when
using the OM2 method. Most of the impact test points were localized within about 10.7 mm of the actual impact
point, whereas the average impact localization errors when using the RMS, correlation, and OM1 methods are

19.2 mm, 20.1 mm, and 15.6 mm, respectively.
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Table 4.3 Localization results comparison.

Impact Test Point

Localization Results (mm)

RMS [69] Correlation [69] OM1 OM2
1 25.0 28.0 12.5 12.5
2 28.0 25.0 2.7 2.7
3 25.0 25.0 8.8 8.8
4 28.0 12.5 18.8 2.8
5 17.7 0.0 37.2 26.2
6 12.5 17.7 8.6 3.1
7 0.0 25.0 13.2 8.0
8 25.0 12.5 0.0 0.0
9 25.0 12.5 3.6 3.6
10 17.7 17.7 22.5 14.8
11 17.7 25.0 3.6 3.6
12 25.0 28.0 7.2 7.2
13 12.5 17.7 14.0 14.0
14 28.0 25.0 6.7 2.8
15 17.7 25.0 335 24.6
16 17.7 12.5 37.6 18.0
17 12.5 17.7 2.7 2.7
18 25.0 25.0 14.0 14.0
19 12.5 25.0 39.9 20.5
20 12.5 25.0 25.0 25.0
Maximum Error 28.0 28.0 39.9 26.2
Average Error 19.2 20.1 15.6 10.7
SD 7.2 7.1 12.9 8.5
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Table 4.4 Impact localization on composite panel results comparison.

Ref. N. Dimension Impact Test Sensor Type N. of Avg. Error  Max.
(mm) X (mm) x Region Sensors (mm) Error
(mm) (mm) x (mm) (mm)
Present 690 x 690 x 4.7 500 x 500 FBG 4 10.7 26.2
[79] 305 x305 % 1.5 -- FBG 5 14.5 --
[79] 305 x305 % 1.5 -- FBG 4 36.1 --
[76] 300 x 300 x 4.2 150 x 180 FBG 4 10.0 16.0
[76] 300 x 300 x 4.2 180 x 260 Accelerometer 4 6.0 32.0
[71] 340 x 340 x 2.5 -- PZT 4 17.0 --
[68] 690 x 690 250 x 250 FBG 4 8.2 24.6
[75] 700 x 700 x 5.0 250 x 250 FBG 4 4.5 16.1

panel are presented. Overall, it can be observed that the localization result is highly dependent on the impact test
region, types of sensor, number of sensors used for the localization and the localization technigue. Nonetheless,
despite of the varying experimental parameters, it is seen that the average errors and the maximum errors ranges
from 4.5 mm to 36.1 mm and from 16.0 mm to 32.0 mm, respectively. In this study, the average localization

error and the maximum localization error of 10.7 mm and 26.2 mm, respectively, obtained using the novel
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In Table 4.4, localization results of several impact localization experimental studies done on composite



localization method based on error outliers assessment are found to be satisfactory and reasonable in comparison
to various other experimental results presented in Table 4.4.

Furthermore, using the OM algorithm with similar setting used in this study, it is possible to estimate the
location of the impact test points on the composite plate with less computation time. Running the algorithm on a
computer system with an Intel(R) Core(TM) i7-4770 CPU @ 3.40GHz with 16GB RAM memory, it took on
average about 7.4 s to estimate each of the impact test point, whereas the average time taken to estimate an

impact point using the correlation and RMS methods were 20.0 s and 17.3 s [69], respectively.
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Figure 4.11 Improved processing time by pre-processing the reference signals.

The algorithm processing time can be further improved by pre-processing and storing the reference
signals in the database. As a result, when the algorithm performs the localization, it will only be required to
process the test signal and then compare the pre-processed reference signals with the normalized test signal, as
illustrated in Figure 4.11. Using the updated algorithm presented in Figure 4.11, the average time taken to

calculate the impact point was significantly reduced to 3.2 s.
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In conclusion, the present OM2 localization algorithm shows significant improvement in the localization
performance compared to the OM1 localization algorithm for the detection of impact location on composite
plate structures; similar or improved results were obtained in comparison to the RMS and the correlation based
localization methods. In the subsequent sections, further validation of the proposed OM based impact

localization algorithms are demonstrated on composite wing structure.

4.3.3 Impact Localization on Composite Wing

Impact localization of impacts on complex composite structures such as the aircraft’s wing is highly
desirable for real-time SHM applications. In this section, the OM1 and OM2 impact localization algorithms are
further examined by localizing impact test points on the composite wing of Jabiru UL-D, presented in section
3.4, to determine whether such localization techniques can be effective in detecting impact test points on
complex composite structure. The experimental set-up used for the verification of OM1 and OM2 to localize
impact test points on the composite wing is the same as the figure shown in Figure 3.8. The inner section of the

wing is used for impact localization test.
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Figure 4.12 Visualization of impact test points on the inner wing section.

Signals acquired from the six FBG sensors, with center wavelength ranging from 1532 nm to 1547 nm,
attached on the upper surface of the composite wing are processed using the OM1 and OM2 impact localization
algorithms to monitor impacts on the wing surface. The 11 impact test points on the wing’s upper surface,
visualized in Figure 4.12, are localized and compared with baseline RMS and correlation results [69] presented
in section 3.4. The impact test points on the composite wing were localized using the OM1 and OM2 impact
localization algorithms with same parameters used for localizing impacts on the composite plate, i.e., error
threshold value of 2.0 nm and NAO = 3 were used, and the results are tabulated in Table 4.5 and visualized in

Figure 4.13.
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Table 4.5 OM1 and OM2 inner wing localization.

a) OM1 Inner Wing Localization Results

Impact Test Point Detected Location Localization Error (mm)
X (mm) y (mm)
1 726.6 103.1 128.1
2 660.0 252.5 44.5
3 780.9 460.3 66.1
4 835.2 277.8 15.1
5 899.5 499.1 79.8
6 966.7 160.0 17.2
7 981.5 443.5 68.8
8 935.7 117.1 64.8
9 1073.6 412.6 90.8
10 1114.3 145.2 11.7
11 1086.7 4443 112.3
Maximum Error 128.1
Average Error 63.6
SD 37.1

b) OM2 Inner Wing Localization Results

Impact Test Point Detected Location Localization Error (mm)
x(mm) y(mm)
1 686.7 67.6 75.0
2 650.0 252.5 37.2
3 773.0 474.2 68.8
4 825.0 275.0 25.0
5 874.0 503.1 71.9
6 977.3 160.0 15.2
7 973.3 426.6 51.6
8 925.0 106.5 77.3
9 1075.0 421.4 99.6
10 1125.0 145.2 4.8
11 1107.5 427.5 85.5
Maximum Error 99.6
Average Error 55.6
SD 29.6
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Figure 4.13 OM1 and OM2 inner wing predicted impact location visualization.
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The impact localization performed using OM1 resulted in average localization error of 63.6 mm and
maximum localization error of 128.1 mm, as shown in Table 4.5. Whereas, using the OM2 the average
localization error of 55.6 mm and maximum localization error of 99.6 mm were obtained. As in the case of the
composite plate impact localization results, better results using OM2 than OM1 were obtained. However, the
results presented in Table 4.5 are not as accurate as the impact localization results obtained when impact tests
were performed on the composite plate. The composite plate localization results and the composite wing

localization results are compared in Table 4.6.

Table 4.6 Comparison of composite plate and composite wing OM impact localization results.

Localization Results Comparison

Composite Plate Composite Wing

OM1 oM2 OM1 OoM2
Average Error (mm) 15.6 10.7 63.6 55.6
Maximum Error (mm) 39.9 26.2 128.1 99.6

Error threshold parametric study was done to investigate the cause of the significant increase in
localization error using the OM1 and OM2 algorithms for the composite wing impact test signals. Figure 4.14
shows the N. of QOutliers calculated between the test signal, obtained by delivering impact at Impact Test Point 1,
and the reference signals, reference points 1 to 169, for error threshold parameters from 0.5 nm ~ 3.0 nm. It can
be seen that the total N. of Outliers is significantly reduced for error threshold limit from 2.0 nm ~ 3.0 nm.
Figure 4.15 shows the N. of Outliers obtained at each of the reference points using error threshold values of 1.5
nm, 2.0 nm, 2.5 nm, and 3.0 nm. High error threshold value of 2.0 nm used in OM1 and OM2 results in several
reference points, which are farther from the actual impact location, having zero N. of Outliers.

Similarly, the N. of Outliers decreases drastically when the error threshold limit is set to 2.5 nm and 3.0
nm. High error threshold limit causes the OM impact localization algorithm to falsely identify several reference
points as the impact location as these reference points are found to have low N. of Outliers or no outlier at all.
As a result, this led to increase in the localization error for the composite wing impact localization test cases.
Although the error threshold value of 2.0 nm enables the OM1 and OMZ2 algorithms to obtain satisfactory results
for composite plate case, it is found to result in larger localization error for complex composite structure. It can
be concluded that the parameters that results in good localization performance in one structure may not
necessarily result in similar result when implemented directly on a different structure. Therefore, it is required to
determine suitable error threshold value to improve the localization performance of OM1 and OM2 when the
structure is changed. Firstly, the localization tests for Impact Test Point 1 case were conducted by varying error

threshold limit, from 0.5 nm ~ 3.0 nm, and the localization results are tabulated in Table 4.7.
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Table 4.7 OM1 and OM2 localization performance comparison.

Impact Test Point 1 Localization Error (mm)

Error Threshold Value

0.5 nm 1.0 nm 1.5 nm 2.0 nm 2.5 nm 3.0 nm
OM1 30.7 13.3 224 128.1 349.7 372.2
oM2 30.7 13.3 16.3 75.0 353.9 353.8
Computation time (s) 15.1 10.2 7.9 6.6 6.0 5.8

Table 4.7 shows the localization results for error threshold parametric study conducted when impact was
given at Impact Test Point 1. Decreasing the error threshold limit significantly improved the localization result
of Impact Test Point 1 on the composite wing. When the error threshold value was set to 1.5 nm, the impact
location was detected within the range of 22.4 mm and 16.3 mm using the OM1 and OM2 impact localization
algorithms. Similarly, the impact location is more accurately predicted when the error threshold value was set to
1.0 nm. Both the algorithms, OM1 and OM2, detected the location with localization error of 13.3 mm. Finally,
when the impact was localized with error threshold value of 0.5 nm, the impact location was detected to be 30.7
mm from the actual impact location by both of the OM1 and OM2 algorithms.

Therefore, the present results show that for complex composite structure the impact location can be
detected accurately by decreasing the error threshold limit below 2.0 nm. The improved localization results were
possible due to the increased N. of Outliers that are obtained when the error threshold limit is lowered, as shown
in Figure 4.14. In Figure 4.14, the N. of Outliers are significantly low at only some of the reference points when
the error threshold value of less than 2.0 nm was used, in comparison to the results obtained when error
threshold value of 2.0 nm or higher was used.

Additionally, the time taken to predict the impact location of impact delivered at Impact Test Point 1 for
varying error threshold parameters are presented in Table 4.7. The results show that the computation time is
highly sensitive to the selected error threshold limit. It took 15.1 s, 10.2's,7.9s, 6.6 5, 6.0 s and 5.8 s to compute
the impact location using error threshold value of 0.5 nm, 1.0 nm, 1.5 nm, 2.0 nm, 2.5 nm and 3.0 nm,
respectively. A high error threshold value results in quicker computation time and a low error threshold value
increases the time it takes to compute the impact location. The computation time sensitivity to the error
threshold value is a result of the N. of Outliers that is obtained when the test signals and reference signals are
compared. High error threshold value corresponds to lower number of N. of Outliers resulting in low
computation time to assess these outliers for impact localization and low threshold corresponds to more N. of

Outliers which require more time to be assessed by the computer system.
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From the parametric results it was found that the best impact localization results were obtained using the
OM1 and OM2 when the error threshold value was set to 1.0 nm. Therefore, the remaining 10 impact test points
were localized using error threshold value of 1.0 nm. The impact localization results for the 11 impact test
points on the composite wing were localized and the results are visualized in Figure 4.16. Furthermore, the
localization results are compared with the RMS and correlation based impact localization results in Table 4.8.

In Figure 4.16, all the impact test points are shown to be detected close to the actual impact location
using the two different outlier based impact localization algorithms. Changing the error threshold parameter
from 2.0 nm to 1.0 nm has resulted in significant improvement in the localization results. Results presented in
Table 4.8, shows that all of the 11 impact test points were localized with maximum localization error of 35.4
mm using the OM1 and OM2 algorithms. Similarly, the average localization error was also drastically decreased
to 20.8 mm and 21.1 mm using the OM1 and OM2 algorithms. These results demonstrate that the feasibility of
using outlier based impact localization algorithm to detect impact test points on complex composite structures
such as wing structure as well.

The localization results of OM1 and OM2 compared with RMS and correlation method shows that the
outlier based impact localization performs similar to the RMS and correlation impact localization algorithms.
Although OM1 and OM2 determined all the impact locations within 35.4 mm localization error, same as the
RMS and correlation results, the average localization performance can be seen to be slightly less accurate than
the RMS and correlation methods. Even though the outlier based algorithm performed satisfactorily further
investigation to improve the present outlier algorithms in order to achieve similar or better performance

compared to RMS and correlation based impact localization algorithm was done.

0.6 ‘c t t t t t t
* * Actual Target
0.55+  + + + + + 5+ + +| O om1 4
O omz
05+ + + + 4+ o+ 4+ 4+ o+ 4+ o+ o+ A

0.45+ + + @r + + + + + + + + +

041 +

_.0.351 + + + + + + +

Q) 9
9]
g 0.3+ + + + + + + + + + + 4
< X4
0_25-—@ o+ o+ o+ e o+ o+ o+ o+ o+ 4
Y2
02+ + + o+ o+ o+ o+ 4+ o+ o+ o+ o+ 4

6,
10
0.15t + + + + + + + + + + o+
8
0.1t + + + + + + + + + + + o+
0.051 4 + + + + + + + + + + + o+

),

0 \ ; ; \ ; ; ; ; ; ;
0.6 065 0.7 075 0.8 085 09 095 1 105 11 115 12
x (meters)

Figure 4.16 Predicted impact location using OM1 and OM2 using error threshold value of 1.0 nm.
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Table 4.8 Comparison of impact localization results obtained using various localization methods.

Impact Test Point Localization Results Comparison (mm)

RMS [69] Correlation [69] OMI1 OM2
1 8.3 8.3 13.3 13.3
2 354 354 253 26.4
3 11.8 18.6 22.5 19.1
4 16.7 25.0 25.0 25.0
5 18.6 30.1 23.9 23.9
6 354 354 354 354
7 8.3 0.0 11.3 11.3
8 8.3 11.8 28.8 343
9 11.8 16.7 26.4 26.4
10 8.3 16.7 83 8.3
11 0.0 0.0 8.3 8.3
Maximum Error 354 354 354 354
Average Error 14.8 18.0 20.8 21.1
SD 10.7 12.0 8.6 9.3

4.3.4 NAO Parametric Study

In this section, the effect of varying additional number of outlier for impact location selection is
examined using the impact test signals from the composite wing. In the previous sections, three NAO were used
in the OM1 and OM2 algorithms. The NAO parametric study was conducted by varying the NAO parameter
from 10 to 180 with an interval of 10. The changes in the localization error were studied for both of the OM1
and OM2 impact localization algorithms by performing the localization tests using the same 11 impact test
points on the upper surface of the composite wing as visualized in Figure 4.12.

Figure 4.17 shows the OM1 maximum and average localization error for the NAO parametric study
results when the NAO were varied from 10 to 180. Additionally, for comparison, it also includes the localization
results when three NAO parameter (baseline) were used to localize impacts, as presented in the previous
sections. When the NAO parameter is increased from 10 to 30, both the maximum and average localization
errors are found to be similar to the baseline results, i.e., the maximum localization error falls within the range
of about 40 mm and the average error too falls within the range of about 20 mm. However, further increase in
the NAO from 40 to 180 results in drastic increase in the maximum localization error result. Though there is a

significant increase in the maximum localization error, the average error value increases gradually from about
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20.0 mm to 50.0 mm as the NAO is increased from 40 to 180. This shows that the large localization error occurs

at only few of the impact test points.
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Figure 4.17 OM1 impact localization results for varying NAO.
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Figure 4.18 OM1 impact localization visualization for varying NAO cases.
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The impact localization results for the 11 impact test points for OM1 with 20, 60, 80 and 120 NAO are
visualized in Figure 4.18 (a-d). Overall, Figure 4.18 shows that most of the impact test points are well localized.
The maximum error localization error occurs at Impact Test Point 8 when the NAO parameter is higher than 20.
Whereas, the only other point with localization error larger than 50.0 mm occurrence can be seen in Figure 4.18
(d) at Impact Test Point 2. Thus, it can be concluded that increasing the NAO parameter is suitable for impact
localization, however there are some exceptions when the OM1 may not accurately predict the impact location
as presented in Figure 4.17 and Figure 4.18.

Similar parametric study to determine the localization performance of OM2 algorithm was done by
varying the NAO from 10 to 180. The maximum and average localization errors of the 11 impact test points are
presented in Figure 4.19. In comparison to the OM1 results shown in Figure 4.17, OM2 results are found to be
relatively better. The maximum localization error is estimated to approximately 40.0 mm from the actual impact
location for the 10, 20, and 40 NAO. Whereas for 30 NAO, the maximum localization error increase to 54.2 mm.
The Euclidean distance threshold minimizes the maximum localization error below 100.0 mm for NAO values
between 50 to 100. Similarly, the algorithm also helps to reduce the localization error when more than 130 NAO

are used to determine the impact location.
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Figure 4.19 OM2 impact localization results for varying NAO.

As a result of the reduction in maximum localization error, the OM2 average localization error is found
to be considerably improved in comparison to the OM1 results. From 10 to 120 additional outliers, the average
localization errors are calculated to be about or less than 20.0 mm. The overall average localization error is less
than 40.0 mm and the maximum occurs when NAO is set to 180. OM2 has successfully estimated most of the
impact location for varying NAO cases close to the actual impact location. The results for the 11 impact test
points for OM1 with 20, 60, 80 and 120 NAO are visualized in Figure 4.20 (a-d). It is observed that except for

Impact Test Point 8, increasing the NAO results in better impact localization performance.
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Figure 4.20 OM2 impact localization visualization for varying NAO cases.
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Consequently, from present parametric study results for OM2 algorithm it can be concluded that
increasing the NAO parameter can further enhance the impact localization results and, furthermore, the
Euclidean distance threshold can narrow down the selected locations closer to the actual impact location.
Although the Euclidean distance threshold minimizes the localization error, the present technique employed to
reject location farther from the actual impact location may not be as effective for some impact test points when
the NAO parameter is set to more than 20. However, through the parametric study the optimal No. of Additional
Outlier values have been determined for OM1 and OM2 algorithm. The optimal results determined based on
maximum localization error and average localization error are tabulated in Table 4.9.

Using 10 additional outliers, it is possible to lower the average localization error to 17.6 mm and 16.7
mm corresponding to OM1 and OM2 localization algorithms, while maintaining the maximum localization error
results, as shown in Table 4.9 (a). Moreover, by further increasing the NAO parameter to 30 in the OM1
algorithm and 40 in the OM2 algorithm, the impact locations can be predicted more accurately as the average
localization error is decreased to 17.3 mm and 14.2 mm, respectively, as shown in Table 4.9 (b). OM2 with 40
additional number of outlier parameter setting shows better average localization result than the RMS results [69]

presented in Table 4.8.

Table 4.9 Optimal localization results based on the NAO parametric study.

a) Optimal Results Based on Maximum Localization Error

OM1: NAO =10 OM2: NAO =10
Maximum Error (mm) 354 354
Average Error (mm) 17.6 16.7

b) Optimal Results Based on Average Localization Error

OM1: NAO =30 OM2: NAO =40
Maximum Error (mm) 39.9 43.5
Average Error (mm) 17.3 14.2

OM2 is found to be highly effective in localizing impact test points on composite wing structure.
Though the maximum error is 8.1 mm higher than the RMS localization result [69], the overall localization
performance is considerably better than RMS and correlation method. The present parametric study has
demonstrated that increasing the NAO parameter for impact location selection can help to more accurately
predict the Impact Test Point. Furthermore, the OM with increased NAO parameter which results in overall
improved localization performance is highly desired. Hence, further investigation done to lower the maximum

localization error when increased NAO parameter was used is presented in the subsequent section.
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4.3.5 OM1 and OM2 Localization with ‘k’> Limit

In the previous section, the NAO parametric study showed that increasing the NAO parameter can give
better localization performance. Hence, using the 40 NAO resulted in significant reduction in average
localization error. However, larger maximum error was obtained for Impact Test Point 8 using higher NAO
values compared to the result obtained using 3 NAO. Therefore, the cause of the increase in localization error
was investigated and is presented in this section.

Firstly, the number of detected locations for FBG1~6 were examined for 3 and 120 NAO cases using
OM2 and the results are tabulated in Table 4.10. Using 3 NAO, two possible impact locations were selected for
FBG1 and one location for FBG2~6 were selected. In total 7 possible impact locations were detected. Whereas,
120 NAO resulted in selection of 122 locations for impact location estimation; 7, 4, 6, 16, 23 and 66 locations
by FBG1, FBG2, FBG3, FBG4, FBG5 and FBG6, respectively. The detected locations for the two cases of
NAO are visualized in Figure 4.21.

Figure 4.21 (a) shows the detected impact locations when 3 NAO were used. The visualization shows
that most of the detected points are located close to the actual impact location. Figure 4.21 (b) shows the
detected impact location obtained using 120 NAO. It can be seen that the detected locations are spread
throughout the impact test region, and therefore the large localization error can be attributed to the large number
of detected location which covers the entire impact region. In order to determine the variation in the number of
detected location by FBG1 and FBG6, the N. of Outliers from reference point 1 to 169 for FBG1 and FBGS6,

shown in Figure 4.22, are examined.

Table 4.10 N. of detected locations for 3 and 120 NAO.

N. of Detected Locations

NAO 3 120
FBGI 2 7
FBG2 1 4
FBG3 1 6
FBG4 1 16
FBGS5 1 23
FBG6 1 66
Total 7 122
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Figure 4.21 Visualization of detected impact locations.
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Figure 4.22 (a) and (b) show that the N. of Outliers counted for FBG1 compared to FBG6 is found to
have large variations, from about 100 to 700 outliers, for varying reference point. Whereas the variation for
FBGS6 is not as significant. Consequently, for both of these sensors when the NAO is set to low values, such as 3,
gives better localization results in comparison to using large NAO value. For FBG6, the N. of Outliers counted
at varying reference point ranges between about 350 to 600. Therefore, large NAO, such as 120, leads to false

detection of reference points farther away from the actual impact location as possible impact locations.
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Figure 4.22 N. of Qutliers computed for signals from FBG1 and FBG6 at various Reference Point N.

Furthermore, Table 4.10 shows that increasing the N. of Outliers parameter does not necessarily lead to
significant increase in the number of detected location for all of the sensors. For instance, FBG1, FBG2 and
FBG3 each detect less than eight impact locations. For that reason, if the OM is modified such that when the
NAO parameter is increased, restricting the number of detected locations per sensor can help to improve the
localization performance. Therefore, the OM1 and OM2 are modified such that each sensor is allowed to detect
only seven number of possible impact locations as shown in Figure 4.23.

Step 3

Impact Location Search
Detected Location:

N, = n (OL() £ min (OLmn(i)) + NAO)

Figure 4.23 Modified Step 3 for limited number of detected location per FBG sensor.

In Step 3, the outliers obtained using sensor, ‘i’, at reference point, ‘n’, is compared with the location
detection criteria: minimum N. of Outliers obtained using sensor, ‘i’, plus NAO. The modified Step 3, shown in
Figure 4.23, ensures the number of detected location, ‘Ny’, by each sensor, ‘i’, does not exceed the limit, k. The

OM1 and OM2 algorithms were updated with the modified Step 3, as shown in Figure 4.24, and using limit, k =
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7, the 11 impact test points on the composite wing were localized using these algorithms. The localization

results obtained using the modified OM1 and OM2 are presented in Figure 4.25 and Figure 4.26.
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Figure 4.24 Modified OM1 and OM2 algorithm flowchart.
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The NAO parametric study performed using the modified OM1 with number of allowed impact location

limit, k = 7, shows improved impact localization performance. In comparison to the OM1 results shown in

Figure 4.17, a decrease in the maximum localization error was achieved as the NAO was increased. The

maximum localization error of about 84.0 mm occurred when 50 and 60 NAO were used, compared to about

160.0 mm error using the OM1 algorithm. Whereas, for other cases of NAO the maximum location error of

about 40.0 mm was obtained. Similarly, the average localization error of less than 20.0 mm was obtained for all

the parametric study cases of NAO from 10 to 180. Incorporating the allowable impact location limit, k, in the

OM1 algorithm shows significant improvement in the localization results.
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Figure 4.25 OM1 with k number of selected location impact localization results for varying NAQO.

N w B [4)) (2]
o o o o o

Localization Error (mm)

-
o

T T T T T T T T T T T

#Maximum Error |-
—H&— Average Error

Il 1
10 20

30 40 5

Il Il
0 60

70 80 90 100 110 120 130 140 150 160 170 180
N. of Additional Outliers

Figure 4.26 OM2 with k number of selected location impact localization results for varying NAO.

Likewise, localization of the 11 impact test points using the modified OM2 resulted in sharp decrease in

maximum localization error value compared to the OM2 results shown in Figure 4.19. The maximum

localization error peak of 54.2 mm occurs when 30 NAO was used for detecting the impact location. The

maximum localization error of about 40.0 mm was obtained when the NAO parameter used ranged from 10 to

100. Increasing the NAO parameter beyond 100 leads to further decrease in the obtained maximum localization

error, to about 25.0 mm.
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Similarly, significant decrease in the maximum localization error also resulted in considerable decrease
in the average localization error, from 21.1 mm to 7.8 mm, by varying the number of additional outlier from 3 to
130, correspondingly. Average localization error of about 15.0 mm was obtained when 10 to 70 NAO were used.
Whereas, when 80 to 180 NAO were used the average localization error of about 10 mm was achieved.
Moreover, the modified OM1 and OM2 localization result compared to OM1 and OM2 algorithms presented in

section 4.3.4 shows improved results.

Table 4.11 OM with limited number of selected location based impact localization
results comparison with RMS and Correlation localization results.

Impact Test Point ~ Inner Wing Localization Results Comparison (mm)

RMS [69] Correlation [69] OMI1:NAO=10 OM2:NAO=130
1 8.3 8.3 11.2 1.8
2 354 354 31.7 21.3
3 11.8 18.6 15.8 1.7
4 16.7 25.0 17.9 3.3
5 18.6 30.1 14.7 6.9
6 354 35.4 354 18.4
7 8.3 0.0 8.2 0.8
8 8.3 11.8 28.8 24.6
9 11.8 16.7 19.8 5.0
10 8.3 16.7 3.6 0.0
11 0.0 0.0 7.2 1.6
Maximum Error 354 35.4 354 24.6
Average Error 14.8 18.0 17.6 7.8
SD 10.7 12.0 10.0 8.7
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Figure 4.27 Visualization of OM with limited number of selected location based localization results.
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The optimal maximum localization error results of 35.4 mm and 24.6 mm, and average localization error
of 17.6 mm and 7.8 mm, using the modified OM1 and OM2 were obtained when 10 and 130 NAO were selected,
respectively. The optimal localization results are compared with the RMS and correlation impact location results
[69] in Table 4.11, and the estimated impact locations of the 11 impact test points are visualized in Figure 4.27.
The modified OM2 maximum localization error was 10.8 mm less than the results obtained using RMS,
correlation and OM1 impact localization algorithm, respectively. Whereas, the modified OM2 average
localization error was 7.0 mm, 10.2 mm and 9.8 mm less than the results obtained using RMS, correlation and
OM1 impact localization algorithms, respectively. Significant decrease in the localization error was achieved
using the modified OM2 algorithm.

In conclusion, improved results were obtained for more complex structures such as composite wings.
The OM1 and OM2 algorithms which were modified to limit the number of selected location detected by each
sensor provided better impact localization performance. Furthermore, the modified OM2 significantly improved
the localization results compared to the RMS and correlation method. In the subsequent section, the impact

localization test performed on the upper and lower wing structure is presented.

4.3.6 Application of OM1 and OM2 Algorithm with k Limit on Complex Wing Surface

The OM based impact localization algorithms presented in the earlier sections are further validated by
localizing impact test points on a more complex structural geometry, such as the leading edge, and also for
monitoring impacts on the upper and lower surface of a composite wing of Jabiru UL-D aircraft (Jabiru Aircraft
Pty Ltd, Australia), shown in Figure 3.7, using 1D array sensors configuration attached near the leading edge
section of the wing. The impact localization experiment was performed on the upper and lower surface of the
composite wing. The experimental set-up is presented in Figure 4.28. The test section is divided into upper
surface test section and the lower surface test section from the leading edge of the wing and covers an area of
1000 mm x 1400 mm. The schematics of the upper and lower wing surface test section is shown in Figure 4.29.
Additionally, the spar region is represented by shaded region between the dash-dot lines shown in Figure 4.30.

Three multiplexed acrylic coated FBG sensors, with center wavelength of 1544.6 nm, 1547.6 nm and
1550.6 nm, were attached close to the leading edge on the upper surface of the wing in 45° angle. As in the
previous sections, the signals from the FBG sensors were sampled at 100 kHz using the high speed interrogator,
SFI-710 (FIBERPRO Inc., Korea). The impact test region on the upper and lower surface consists of training
signals from 609 reference points, which were located 50.0 mm apart from each other. It takes over 6 hours to
acquire all of the training signals. These training signals were used to estimate the locations of 10 impact test
points on the upper surface and 10 impact test points on the lower surface of the composite wings. The impact

test points coordinates are tabulated in Table 4.12 and visualized in Figure 4.30.
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b) Wing test section

Figure 4.28 Experimental set-up.
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Figure 4.29 Schematics of the upper and lower wing surface impact test section.
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Table 4.12 Upper and lower surface impact test point coordinates.

Impact Test Points on the Wing Surface

Wing’s Upper Surface Wing’s Lower Surface
N. x(mm) y (mm) N. x(mm) y (mm)
1 75 1125 11 70 80
2 179 729 12 171 424
3 228 801 13 224 625
4 330 1078 14 479 525
5 575 925 15 575 425
6 725 1375 16 726 275
7 800 675 17 800 570
8 875 1175 18 876 374
9 925 1275 19 935 470
10 1000 925 20 999 621
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Figure 4.30 Visualization of upper and lower surface impact test points.
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4.3.7 Results and Discussion

The localization on the upper and lower surface of the composite wing were done using the OM1 and
OM2 algorithms presented in 4.3.5, and illustrated in Figure 4.24. The impact localization of the 20 impact test
points, shown in Figure 4.30, on the upper and lower surface of the wing were done by setting the error
threshold value to 1.5 nm, NAO to 100 and number of detected location by each sensor, k = 4. The location of
the impacts detected using OM1 and OM2 are shown in Table 4.13 and the detected points are visualized in
Figure 4.31. The localization error results obtained using OM1 and OMZ2 algorithms for the 20 impact cases are

tabulated in Table 4.14.

Table 4.13 OM1 and OM2 based predicted impact location coordinates.

Impact Test Point Actual Location OMI1 Results OM2 Results
X (mm) y(mm) X (mm) y (mm) X(mm) y(mm)
1 75.0 1125.0 83.3 11333 70.0 11333
2 179.0 729.0 245.8 733.3 178.6 733.3
3 228.0 801.0 227.8 800.0 228.6 800.0
. 4 330.0 1078.0 3333 1070.8 327.3 1070.8
ﬂé 5 575.0 925.0 637.5 9333 610.0 9333
E 6 725.0 1375.0 733.3 1375.0 727.3 1375.0
=) 7 800.0 675.0 822.7 704.5 825.0 704.5
8 875.0 1175.0 875.0 1183.3 875.0 1183.3
9 925.0 1275.0 925.0 1266.7 925.0 1266.7
10 1000.0 925.0 904.2 900.0 962.5 944 .4
11 70.0 80.0 62.5 83.3 75.0 83.3
12 171.0 424.0 154.5 436.4 154.5 436.4
13 224.0 625.0 170.8 595.8 206.3 595.8
. 14 479.0 525.0 490.9 518.2 490.9 518.2
‘é 15 575.0 425.0 587.5 445.8 583.3 436.4
E; 16 726.0 275.0 745.5 263.6 745.5 263.6
2 17 800.0 570.0 754.2 579.2 778.6 579.2
18 876.0 374.0 875.0 350.0 875.0 350.0
19 935.0 470.0 925.0 470.0 935.7 470.0
20 999.0 621.0 918.2 645.5 981.3 600.0
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Figure 4.31 Visualization of impact location detected on wings’ upper and lower surface.
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Table 4.14 Impact localization on upper and lower surface using 1D array sensor configuration.

Upper Surface Localization Results (mm), k = 4 Lower Surface Localization Results (mm), k = 4
Impact Test Point OM1 OoM2 Impact Test Point OM1 OM2
1 11.8 9.7 11 8.2 6.0

2 67.0 4.4 12 20.6 20.6
3 1.0 1.2 13 60.6 34.1
4 7.9 7.7 14 13.7 13.7
5 63.1 36.0 15 243 14.1
6 8.3 2.3 16 22.5 22.5
7 37.3 38.7 17 46.7 233
8 8.3 8.3 18 24.0 24.0
9 8.3 8.3 19 10.0 0.7
10 99.0 42.2 20 84.4 27.5
Maximum Error 99.0 422 Maximum Error 84.4 34.1
Average Error 31.2 15.9 Average Error 31.5 18.7
SD 32.1 15.4 SD 23.5 9.6

Overall localization error using OM1 were found to be satisfactory except for Impact Test Point 2, 5, 10,
13 and 20. These five impact cases were localized over 50.0 mm away from the actual impact locations. Figure
4.31 (a) shows that most of these impact test points, Impact Test Point 2, 13, 20 with large errors are located in
the leading edge region. Also, two of these impact test points, Impact Test Point 10 and 20, are located at the
edge of the impact test region.

Impact that takes place on the edge of the impact test region are more prone to large error, since the
number of selected locations are more likely to be located farther out from the actual impact location due to lack
of reference points surrounding the impact location at the edge of the test region. As illustrated in Figure 4.32,
Impact Test Point 10 is located at the edge of the impact test region, therefore the selected location spans farther
out, towards the left side of the impact, from the actual impact location. Based on the outlier assessment, 12
impact locations were selected, however, among these 12 locations only 5 of them were located within 50.0 mm
from the actual impact location. Since the impact location is on the edge, the remaining selected location spans
out farther from the actual impact location.

Consequently, the localization errors are considerably higher at Impact Test Point 10 and 20, 99.0 mm
and 84.4 mm, respectively. Regardless of some impact test points being estimated with large localization error,

the modified OM1 was able to effectively localize most of the impact test points with localization error below

-75 -



25.0 mm, and overall with average localization error of 31.2 mm and 31.5 mm for the upper and lower surface

of the wing, respectively.
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Figure 4.32 Locations selected for Impact Test Point 10 by OM1 algorithm.

Nevertheless, using the modified OM2 algorithm presented in Figure 4.24 (b) all of the 20 impact test
points were localized with localization error of less than 50.0 mm. Moreover, using the OM2 algorithm, the
impact test points located at the edge of the impact test region were detected closer to the actual impact location;
the localization error at Impact Test Point 10 and 20 were considerably reduced to 42.2 mm and 27.5 mm,
respectively. Moreover, OM2 impact localization results show that the Impact Test Point 10 is also the location
with the maximum localization error. However, significant improvement was achieved using the OM2 algorithm;
the 20 impact test points were estimated with a total average error of 17.3 mm. The results show that the impact
test points located at the upper surface of the wing were better localized than the ones located on the bottom
surface of the wing; impact test points on the upper surface were localized with an average error of 15.9 mm,
whereas on the lower surface the impact test points were localized with an average error of 18.7 mm

The localization results obtained using OM algorithms presented in this section and in the previous
section demonstrates the effectiveness of utilizing outliers approach to localize impact location on composite
structure. Additionally, one of the other main advantage of using the outlier based impact localization algorithm
is the time the OM algorithm takes to localize an impact point. For instance, using a computer system with an
Intel(R) Core(TM) i7-4770 CPU @ 3.40GHz with 16GB RAM memory, on average it took about 13.2 s, to
process and analyze the test signal and the 609 reference signals, with three FBG sensor signals each, to localize
an impact point on the wing’s upper/lower surface.

The present results are compared with reference results [82] obtained using cross-correlation based
impact localization algorithm. Kim [82] performed three sensor configuration parametric study and showed that

the average of all maximum localization error was 52.6 mm and average error was 16.8 mm, whereas the best
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case sensor configuration results showed 26.2 mm maximum localization error and 14.6 mm average error.
Comparison of the present results shows similar performance when three FBG sensors are used for impact
localization algorithm. Furthermore, using three FBG sensors and the cross-correlation based impact
localization technique took 33.8 s to estimate the impact location [82], whereas the present outlier method took
13.2 s to localize the impact point on the composite wing. Therefore, the present outlier method demonstrates it

is an effective technique to localize low velocity impact on complex composite structures such as aircraft wing.

Table 4.15 Localization results comparison.

Three FBG Sensor OM2 Cross-Correlation [82]:

Configuration
Average Result [82] Optimal FBG Configuration [82]

Maximum Error (mm) 42.2 52.6 26.2
Average Error (mm) 17.3 16.8 14.6
Time (s) 13.2 33.8 33.8

4.4 OMa3: Simplified Error Outlier Based Localization Algorithm

In this section, the error outlier based impact localization algorithm was developed to localize impact on
complex composite structures. The novel method developed to localize impact location based on error outlier
assessment demonstrates quick and effective localization of impact test points on composite plate and composite
wing structures. The OM algorithms presented in earlier section, although they show good localization results,
consists of several parameters which significantly influence the localization results; such as NAO parameter, k
parameter and error threshold parameter. The values of those parameters are required to be determined manually,
therefore it can be time consuming to determine the suitable values for each of those parameters. OM impact
localization algorithm with fewer parameters requiring manual input is desirable so that it can be used flexibly
for localizing impact on various different type of structures. Therefore, the OM3 impact localization algorithm
using statistically determined distance threshold to reduce the number of such parameters were investigated and
the proposed methods are presented in this section.

In the previously developed OM algorithm, the possible impact location, ‘I’, is selected if the N. of
Outliers at reference point, ‘n’, is the lowest or if it is within the range below the minimum N. of Outliers plus
NAO criteria, set in Step 3. The NAO criteria provides a good measure to select the possible impact location
region, however the previous results have shown that by setting allowable number of selected detected location,
k number of reference points with least N. of Outliers, can give good localization results as well. Therefore, Step
4 of the OM is modified to select the location based on the latter method and not to consider the NAO.

Furthermore, in Step 4 of previously developed OM2 the Euclidean distance threshold was used to select likely
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impact locations from the list of impact locations identified by the algorithm in Step 3 of OM1. In this section,
several different statistically determined distance threshold used for filtering likely impact locations in Step 4
are listed below:

—  Standard Deviation threshold,

— Median Absolute Deviation threshold, and

— weighted Median Absolute Deviation threshold.

4.4.1 Overview of OM3 Based Impact Localization Algorithms

4.4.1.1 OM3 Algorithm

This method is a variation of the OM2 algorithm, in which at Step 3 the outlier location with minimum
number of outlier is first selected, and subsequently ‘k’ number of additional locations with minimum N. of
Outliers plus NAO criteria is used for location selection. The OM3 algorithm differs from OM1 and OM2
algorithms, as the NAO criteria is not taken into consideration, i.e., in this method the location selection is no
longer based on minimum N. of Outliers plus NAO condition. Instead it directly selects k number of location

with least N. of Outliers.
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|

I

I
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| | ( Data Normalization )I
( Data Normalization ) e |
Step2 [T TTTTTTTTTTTT T TS 'I
: ( Error: e(tn‘i) = |Sref(tn‘i) - Stest(i)| ) :
Error Calculation and Outliers Search ! :
Between Time- Shifted Sier(tn,)) and Seesigiy ] ( Outlier: OL(ty;) = e(tn,) > limit ) |
! 1
! 1
: ( Minimum Outlier: OLin(n,i) = min(OL) ) |
|
b e | B 1
Step 3 Impact Location Search
Detected Location:
N = min; (OLin(i))
Step 4

Impact Localization

Mean of the
Selected Locations

Figure 4.33 OM3 impact localization flowchart.
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The k minimum outlier criteria for impact location detection without the NAO criteria is illustrated in
Figure 4.33. In Step 3, the outliers obtained using sensor, ‘i’, at reference point, ‘n’, is compared with the
location detection criteria: minimum N. of Outliers obtained using sensor, ‘i’. After the first location with the
minimum number is found, this process is repeated until the number of detected location ‘Nj = Ni’. Therefore,

from each sensor ‘k’ number of locations will be chosen, and the total number of impact location selected by

Step 3 will be equal to number of sensors, ‘i’, times the number of allowed location limit, ‘k’.

4.4.1.2 OM3 with SD Threshold

In the OM3 with SD threshold based impact localization method, once the possible impact locations are
determined using Step 3 these locations are filtered using the Standard Deviation (SD) threshold in Step 4 to
determine whether to select or reject the location for estimating the impact location. The overview of the OM3

with SD threshold based impact localization algorithm is presented in Figure 4.34.
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Figure 4.34 OM3 with SD threshold impact localization algorithm flowchart.

In Step 4 of the OM3 with SD threshold algorithm, firstly the standard deviation, o, of the impact

locations ‘N’ detected by all the FBG sensor are determined and then the location selection SD threshold is
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calculated by multiplying the standard deviation, o, times 1.5. In order to select or reject the detected location
‘N’, the absolute zero-mean values, ‘| No|’, of the detected locations ‘N’ are calculated and each of the detect
location is compared with the standard deviation threshold. If the absolute zero-mean value of the detected
location is less than or equal to the SD threshold then the location will be selected, otherwise the location will be
discarded. This process of zero-mean value comparison with the SD threshold is done for all of the selected
locations ‘N’. The selected locations ‘N’ are once more filtered using this process. Finally, the locations that are
selected after completing the comparison process of all the detected locations, the impact location is estimated

by calculating the mean of the selected locations in the final Step 5.

N, =N-N 9)

o= %(i(m,—m)2 (10)
=3

Orhes =1.5 X (11)

4.4.1.3 OM3 with MAD Threshold

An alternative to the Euclidean distance threshold and the standard deviation threshold is the Median
Absolute Deviation (MAD) threshold [104]. In comparison with the SD threshold which uses the mean of the
detected locations, ‘N;’, the MAD threshold takes the median location calculated from the set of detected
locations, ‘Ny’, into consideration for the impact location selection. The MAD value is computed by subtracting
the median from each detected location and then taking absolute values. Then the MAD threshold, MADryres, iS
computed by dividing the MAD value by 0.6745 and then multiplying it by 1.5. The MAD threshold is applied
for filtering the detected location if the standard deviation of the detected locations is greater than 30.0 mm and

this process is repeated at most three times in Step 4.

MAD = median (|N, —median (N,)| ) (12)
MAD;, .. _15x MAD (13)
0.6745

Once the possible impact locations, ‘N’, are determined using Step 3, these locations are filtered in Step
4 using MAD threshold criteria. The Step 4 with MAD threshold based location selection criteria is illustrated in
Figure 4.35. The detected location, ‘Ny’, is selected if the absolute value of the impact location, ‘Ny’, subtracted
by median of all the detected locations, median(N,), [Nk — Nj|, is less than or equal to the MAD threshold. The
filtering process is repeated for all the detected locations. All the locations that fulfill the MAD threshold are
then used to finally estimate the impact location in Step 5.

| N, —median (N,)| < MADy,.. (14)
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Figure 4.35 OM3 with MAD threshold impact localization algorithm flowchart.

4.4.1.4 OM3 with Weighted MAD Threshold

In order to obtain similar localization results for varying k values, weight based location selection
criteria is incorporated in the OM with MAD threshold impact localization algorithm presented in Section
4.4.1.3. Since, the first location detected by the OM is the reference point with the least number of outliers, it is
assigned the maximum weight and the subsequently detected locations are assigned less weight. The weight, W,
for detected location number ‘1’ is set to the maximum number of allowed location as follows:

W)=k-1+1, (15)

where ‘1’ is the detected location order from 1 to k. Thus, for the first detected location 1 = 1 the weight
is maximum, W1 = k. For instance, if k is set to 10, the first location will be considered 10 times, second
detected location will be considered 9 times and so on until the last location, 1 = 10, which will only be
considered once. As a result, when the number of allowed location, k = 10, is used a total of 55 locations will be
used to filter and select the impact location for the final impact location in Step 5. The OM3 algorithm with the

weighted MAD threshold is illustrated in Figure 4.36.
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Figure 4.36 OM3 with weighted MAD threshold impact localization algorithm.

4.4.2 Application of OM3 Algorithms on Complex Wing Test Region

Impact localization algorithms based on OM3 algorithm with SD, MAD threshold and weighted MAD
threshold were used to localize impact test points on the upper and lower surface of the composite wing for the
test configuration presented in Section 4.3.6. The 20 impact locations, tabulated in Table 4.12, were used to
verify the OM3 algorithms localization performance. Impact localization of the 20 impact test points on the
upper and lower wing surface were done using the OM3 algorithm, OM3 algorithms with SD, MAD threshold

and weighted MAD threshold, and the obtained localization results are presented in this section.

4.4.2.1 Localization Using OM3 Algorithm

The OMS3 localization results presented in Table 4.16 shows that the 20 impact test points were well
localized. Lower values of number of allowed location, k, yields better localization performance than higher
value of k. For instance, using k = 2, the error value of the maximum localization error was the lowest, 71.2 mm,
and similarly using k value of 1, 3 and 4, limits the maximum localization error to less than 100.0 mm. Whereas,

for higher k values, the maximum error value is found to be larger than 100.0 mm. The largest localization error
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of 191.3 mm occurs at Impact Test Point 10, when the k value is set to 10. Moreover, such poor localization
performance occurs typically at impact test points near the leading edge and on the edge of the test region.

These locations were previously identified as locations vulnerable to large localization errors in Section 4.3.6.

Table 4.16 OM3 impact localization results.

Impact Test OM3 Algorithm Localization Results for Varying k Value (mm)

Point
10 9 8 7 6 5 4 3 2 1

1 359 41.9 429 355 27.4 19.0 11.8 16.2 373 11.8
2 38.1 37.7 31.5 16.4 35.2 543 67.0 65.6 37.9 71.1

3 213 16.4 22.0 12.4 11.3 7.3 15.5 5.9 3.2 11.4
. 4 20.5 22.8 16.7 15.2 15.6 10.1 7.9 10.6 12.0 11.8
t‘é 5 83.6 73.9 68.9 72.9 66.9 55.2 63.1 66.8 71.2 63.5
(:é 6 10.7 15.8 7.5 13.1 16.7 53 8.3 14.2 26.4 11.8
o) 7 29.2 29.0 54.1 59.1 53.6 26.1 41.2 25.0 26.4 25.0
8 254 26.4 25.3 15.9 25.2 8.5 8.3 11.8 18.6 26.4
9 18.0 14.4 8.8 6.9 8.3 7.1 8.3 3.9 18.6 26.4
10 191.3 187.6 174.0 158.6 160.3 152.5 99.0 85.6 68.7 87.0
11 28.5 22.8 23.9 8.7 34 33 8.2 4.7 12.7 4.7
12 26.0 22.7 19.8 23.4 21.6 28.7 24.4 10.3 18.2 23.0
13 689 74.3 65.6 58.4 63.1 72.9 60.6 28.1 25.0 26.1
. 14 328 433 523 47.3 29.9 17.7 21.4 12.9 20.9 25.4
‘é 15 433 42.2 344 31.6 22.2 20.1 243 19.6 8.3 11.8
E 16 17.0 15.0 11.3 9.4 14.0 19.2 17.7 26.8 25.0 26.1
3 17 523 70.7 62.3 30.6 29.7 40.6 46.7 46.4 58.5 335

18 398 41.5 35.1 9.3 17.0 26.0 240 258 419  49.0
19 390 29.2 15.2 18.7 25.1 12.1 59 5.1 7.5 25.0
20 159.8 170.8 148.7 113.9 97.0 97.5 88.9 72.3 31.9 21.0

Max. Error 191.3 187.6 174.0 158.6 160.3 152.5 99.0 85.6 71.2 87.0
Avg. Error 49.1 49.9 46.0 37.9 37.2 342 32.6 27.9 28.5 29.6

Nevertheless, besides the impact location prone to large error, the algorithm predicts the impact location
with reasonable accuracy for most of the other impact test points. Overall, by using any value of k between 1 to
10, the 20 impact test points on the upper and lower surface of the wing were localized with average localization
error of less than 50.0 mm. Better results were obtained by setting the k value to less than 7, as the overall
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localization error is reduced to less than 40.0 mm. Similarly, by further decreasing the k value to less than 4, the
impact test points were localized with average localization error of less than 30.0 mm. Among the 10 sets of
average localization results for 10 different k values, the lowest localization error of 27.9 mm was obtained
using k = 3.

Considering the lowest maximum localization error value, k value of 2, all 20 impacts were localized
with average localization error of 28.5 mm and maximum localization error of 71.2 mm. In comparison to the
localization results obtained using OM2 algorithm, shown in Table 4.15, the results obtained using OM3 does
not show good localization performance, mostly because it is not very effective in accurately localizing the

impact on the region near the leading edge or on the edge section of the impact test region.

4.4.2.2 OM3: SD Threshold Based Impact Localization

Impact localization results of the 20 impact test points obtained using the OM3 with SD threshold is
tabulated in Table 4.17. Use of the threshold method to filter out locations which are farther from the mean of
the detected location shows improved localization results than directly using the detected locations to predict the
impact location using OM3. Out of the ten cases of k values used for impact localization, the use of the first
seven k values shows that using either of these k value can predict the impact location with localization error of
less than 100.0 mm.

Furthermore, in comparison with the OM3 results, using k value of 10, the SD threshold lowers the
largest maximum localization error at Impact Test Point 10, from 191.3 mm to 106.8 mm. Similarly, using k
value of 8 and 9, the impact locations were detected with maximum error being slightly over 100.0 mm.
Moreover, by increasing the k value from 1 to 3, the maximum localization error decreased from 87.0 mm to the
lowest obtained localization error of 49.6 mm. Increasing the k value from 4 to 7 resulted in the rise in obtained
maximum localization error from 53.6 mm to 78.3 mm.

Likewise, corresponding to the reduction in maximum localization error for varying k values, significant
improvement in the overall localization performance using the SD threshold is observed in Table 4.17. The
largest average localization value obtained using OM3 with k = 9 is lowered by approximately 20.0 mm; as a
result, it is seen that using any of the k values between 1 and 10, the impact test points on the composite wing
were predicted with average localization error of 33.0 mm or less. The average localization error decreases as
the k value is increased from 1, and at k = 3 the impact test points were localized with lowest average
localization error of 17.1 mm compared to the results obtained using other k values. Using k value from 4 to 8
results in prediction of the impact test points with average localization error from 18.2 mm to 27.9 mm.

Using the OM3 with SD threshold with k = 3, the 20 impact test points on the composite wing were

localized with average localization error of 17.1 mm and maximum localization error of 49.6 mm; 0.2 mm less
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error and 7.4 mm higher than the OM2 localization results, respectively. In conclusion, the results are found to
be considerably similar to each other. Moreover, by incorporating the SD threshold with the OM3 algorithm,
significant improvement in the impact localization performance was achieved. The lowest maximum
localization error obtained using the OM3 with SD threshold is reduced by 21.6 mm and the average

localization error by about 11.0 mm in comparison with the impact localization results obtained using OM3 with

k value of 2.

Table 4.17 OM3 with SD threshold impact localization results.
Impact Test OM3 with SD Threshold Localization Results for Varying k Value (mm)
Point

10 9 8 7 6 5 4 3 2 1

1 273 29.4 29.8 25.0 25.2 7.1 9.7 9.1 51.5 11.8
2 19.2 16.2 4.6 2.2 17.1 1.0 4.5 4.4 9.8 71.1
3 31.2 13.0 28.2 25.1 28.9 242 1.0 6.6 3.2 11.4
4 20.0 20.2 17.9 20.2 14.9 5.2 7.7 59 3.0 11.8

0
Lé 5 37.5 40.2 39.1 38.8 36.1 16.7 36.0 354 25.0 63.5
E 6 0.9 3.7 1.1 22.1 22.1 1.7 23 6.8 26.4 11.8
=) 7 54.7 53.2 413 32.0 34.0 34.0 25.0 25.0 32.0 25.0

8 27.6 30.1 253 19.1 18.5 2.8 8.3 8.3 26.4 26.4
9 33 25.1 34 3.6 18.7 5.0 8.3 4.5 9.7 26.4
10 106.8 105.0 85.5 73.4 73.1 73.0 53.6 49.6 354 87.0
11 0.8 34 7.8 8.7 17.0 12.8 6.0 6.0 20.6 4.7
12 29.8 21.0 235 242 20.2 47.0 334 10.3 26.4 23.0
13 47.7 80.0 29.0 26.8 29.8 34.7 30.7 25.0 25.0 26.1
. 14 41.8 21.0 24.0 27.5 25.0 17.2 43 8.6 25.0 25.4
“§ 15 12.1 25.5 259 15.6 9.4 25.5 26.4 25.8 8.3 11.8
ﬁ 16 1.9 2.9 21.6 6.1 18.2 8.4 17.7 25.1 25.0 26.1
é 17 8.0 24.6 19.7 273 15.6 21.1 233 15.1 20.6 335
18 325 32.8 17.0 35.4 54.6 52.6 24.0 354 79.7 49.0
19 6.8 13.6 12.9 9.5 10.6 11.0 3.8 5.0 15.4 25.0
20 100.2 99.9 101.3 78.3 56.6 57.2 38.6 29.3 31.9 21.0
Max. Error 106.8 105.0 101.3 78.3 73.1 73.0 53.6 49.6 79.7 87.0
Avg. Error 30.5 33.0 27.9 26.0 27.3 22.9 18.2 17.1 25.0 29.6
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4.4.2.3 OM3: MAD Threshold Based Impact Localization

The MAD threshold based detected location selection criteria based impact localization results of the 20
impact test points are presented in Table 4.18. Using OM3 with MAD threshold also results in improvement in
the obtained localization results in comparison with the OM3 results. When k is set to 10, the maximum
localization error at Impact Test Point 10 is reduced from 191.3 mm to 106.8 mm. The maximum error value is
limited to less than 100.0 mm with k value less than 5. The lowest maximum localization error of 43.3 mm is

obtained using k = 2. Whereas for k = 1 and k = 4~10, the maximum localization errors are over 50.0 mm.

Table 4.18 OM3 with MAD threshold impact localization results.

Impact Test OM3 with MAD Threshold Localization Results for Varying k Value (mm)
Point

10 9 8 7 6 5 4 3 2 1

1 37.9 38.5 31.5 26.4 274 19.0 9.7 16.2 373 11.8
2 19.8 16.2 11.6 13.5 17.1 16.0 9.5 4.4 9.8 29.3
3 30.4 23.5 25.1 25.4 259 24.8 10.1 15.5 3.2 11.4
4 20.5 22.8 20.0 20.0 14.9 10.1 7.9 10.6 12.0 11.8

©
“§ 5 25.7 29.8 27.8 25.7 21.6 16.7 15.0 20.1 25.0 63.5
E 6 14.5 15.8 6.3 13.1 22.1 10.8 8.3 14.2 26.4 11.8
S 7 60.1 53.2 49.9 60.6 57.4 31.9 344 25.0 26.4 25.0
8 29.9 26.4 253 15.9 18.5 14.4 8.3 11.8 18.6 26.4
9 18.0 14.4 8.8 6.9 18.7 11.8 8.3 12.8 18.6 26.4
10 106.8 105.0 110.0 103.0 97.5 101.1 97.8 47.1 433 87.0
11 9.3 7.2 7.3 8.7 17.0 12.8 8.2 4.7 12.7 4.7
12 29.8 27.9 27.8 30.2 27.2 334 24.4 10.3 18.2 23.0
13 71.9 78.6 68.5 63.7 63.1 373 34.1 26.8 25.0 26.1
N 14 32.6 253 33.0 27.5 25.0 17.2 12.6 12.9 20.9 25.4
‘g 15 26.5 259 233 18.1 9.4 19.8 23.4 14.0 8.3 11.8
(:é 16 17.0 15.0 11.3 9.4 14.0 18.3 17.7 26.8 25.0 26.1
3 17 54 15.1 11.6 13.5 15.6 15.2 15.5 15.7 20.6 335

18 36.1 35.2 33.0 343 17.0 343 24.0 354 41.9 79.7
19 19.3 17.0 12.9 18.3 25.1 11.0 10.0 5.1 7.5 25.0
20 533 79.3 66.1 97.6 53.0 36.2 27.5 29.3 31.9 21.0

Max. Error 106.8 105.0 110.0 103.0 97.5 101.1 97.8 47.1 433 87.0
Avg. Error 332 33.6 30.6 31.6 29.4 24.6 20.4 17.9 21.6 29.0
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Overall improvement in the localization performance is obtained using the OM3 with MAD threshold
compared to the OM3 localization performance. Using any value of k from 1 to 10 results in average
localization error below 35.0 mm. Using k value between 6 to 10 results in the prediction of the impact location
with average localization error above 30.0 mm. By using lower k values, k = 2~5, the impact test points were
localized with average localization error of less than 25.0 mm. In case of the OM3 with MAD threshold
algorithm, the lowest average localization error is obtained when k is set to 3, resulting in average localization
error of 17.9 mm.

Overall, these results are considerably similar to the results obtained using the OM2 algorithm.
Therefore, the OM3 with MAD threshold based impact localization algorithm is found to be a good impact
localization technique as well. Furthermore, the lowest maximum localization error obtained using the OM3
with MAD threshold is found to be less than the lowest maximum error obtained using OM3 with SD threshold
by over 6.0 mm. Nevertheless, overall results obtained using the MAD threshold are similar to the results

obtained using the SD threshold for varying k values.

4.4.2.4 OM3: Weighted MAD Threshold Based Impact Localization

The localization results of the 20 impact test points on the upper and lower surface localized using the
OM3 with weighted MAD threshold are shown in Table 4.19 and the overall results are compared with the
results obtained using the other OM3 methods in Figure 4.37. In comparison with the OM3 results, significant
improvement in the localization results for varying k values are obtained using the weighted MAD threshold.
Additionally, the localization results presented in Table 4.19, show better overall localization performance for
varying range of k values than the results obtained using SD threshold and MAD threshold.

The improvement is evident since, out of ten k values used for the localization, all of the k values were
successful in lowering the maximum localization error at Impact Test Point 10 to about 100.0 mm or less.
Furthermore, using k values between 3 to 7 the maximum localization error of less than 60.0 mm was obtained,
and the lowest maximum localization error of 41.5 mm was obtained using k = 5.

Similarly, the weighted MAD threshold results in better prediction of impact location for most of the
impact test points. For varying k values, the impact locations were localized with average localization error of
less than 29.0 mm. Overall, the average localization error for k value between 1 to 10 was found to be in the
range of 23.0 mm. Furthermore, selecting k value from 3 to 6 enabled the impact test points to be localized with
average localization error of 20.0 mm or less.

The lowest average localization error of 18.3 mm was obtained with k = 4, corresponding to maximum
localization error of 43.3 mm. Whereas, the lowest maximum localization error of 41.5 mm was obtained using

k =5, corresponding to average localization error of 18.5 mm. Using OM3 with weighted MAD threshold, the
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maximum localization error obtained by setting k = 5 results in more accurate results than using the other OM3
based impact localization algorithms and similar results were obtained compared to OM2 algorithm results. In
summary, the OM3 with weight MAD threshold shows improved localization results for varying range of k
values than the OM3 with SD and MAD threshold. Moreover, it is demonstrated that OM3 algorithm with
various different threshold techniques to filter the detected locations results in effective localization performance,

and it can give similar localization results compared to the OM2 based localization algorithm.

Table 4.19 OM3 with weighted MAD threshold based impact localization results.

Impact Test OM3 with Weighted MAD Threshold Localization Results for Varying k value (mm)
Point

10 9 8 7 6 5 4 3 2 1

1 26.6 254 239 22.0 20.8 18.3 18.0 22.4 28.6 11.8
2 13.0 10.7 8.5 7.4 5.8 4.4 9.0 7.7 14.8 293
3 21.4 20.8 20.6 19.9 17.9 14.7 9.8 10.4 59 11.4

. 4 15.6 14.4 13.0 12.3 10.6 9.1 9.2 10.6 10.6 11.8
Lé 5 27.8 21.3 20.5 18.7 17.1 16.5 18.3 223 25.0 63.5
Zgi 6 19.2 18.4 17.3 16.7 15.2 12.6 13.4 16.9 21.2 11.8
»% 7 45.2 433 29.2 27.6 27.5 25.0 26.7 25.2 25.6 25.0
8 19.5 18.0 15.2 12.9 11.6 10.4 12.8 14.6 21.2 26.4
9 19.1 17.3 15.1 13.0 11.3 12.0 14.2 17.1 21.2 26.4
10 100.4 99.3 98.2 57.0 535 41.5 43.3 43.8 40.7 87.0
11 13.7 12.0 10.8 10.2 9.7 7.5 6.0 6.1 9.2 4.7
12 26.8 26.3 259 25.5 24.1 27.1 18.1 14.0 17.9 23.0
13 63.8 28.9 39.9 36.3 332 31.2 28.3 25.5 25.1 26.1
. 14 20.3 20.2 20.0 19.2 17.1 14.6 14.6 17.0 21.8 254
Qg 15 19.2 17.9 16.7 16.3 15.9 16.6 15.3 5.7 8.8 11.8
2 16 15.2 20.2 19.4 18.8 18.5 19.4 20.7 24.4 25.1 26.1
._%1 17 14.2 14.7 15.0 16.0 16.5 17.0 18.0 19.5 25.1 335
18 345 34.1 33.9 324 342 339 34.1 39.9 79.7 79.7
19 10.5 10.0 9.3 8.7 8.5 8.8 8.5 9.0 13.0 25.0
20 44.9 44.8 43.6 32.0 313 30.1 27.5 27.5 26.2 21.0
Max. Error 100.4 99.3 98.2 57.0 53.5 41.5 433 43.8 79.7 87.0
Avg. Error 28.5 259 24.8 21.1 20.0 18.5 18.3 19.0 233 29.0
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4.4.2.5 Results Comparison and Discussions

The error outlier based impact localization algorithms were validated by localizing the impact test points
on composite wing of Jabiru UL-D aircraft. The optimal localization results for the complex wing test region
obtained using OM2, OM3, OM3 with SD threshold, OM3 with MAD threshold and OM3 with weighted MAD
threshold are summarized in Table 4.20. Using various OM algorithms presented in this dissertation, the impact
test points were well localized. Considering the complexity of the structure, the results can be observed to be

well localized using the error outlier based impact localization algorithms.

Table 4.20 OM localization results summary.

Impact Localization Results of Impact Test Points on Complex Wing Surface Region

Algorithm Average Error (mm) Maximum Error (mm)
oM2 17.3 422
oMmM3 28.5 71.2
OM3: SD 17.1 49.6
OM3: MAD 21.6 433
OM3: Weighted MAD 18.5 41.5

Overall, the error outlier based impact localization algorithms with location selection thresholds, OM2,
OM3 with SD threshold and OM3 with MAD threshold, shows similar localization performance. The impact
test points were predicted with error of less than 50.0 mm. Nevertheless, algorithm without location filtering
criteria, OM3, also show good localization performance as it localized the impact location with an average error
of 28.5, but the maximum error of 71.2 mm occurred using this method. OM2 and OM3 algorithms shows
similar localization results. Using OM2 the impact test points were localized with maximum error of 42.2 mm
and average error of 17.3 mm. Similarly, using OM3 with weighted MAD threshold, most of the impact test
points were localized within 18.5 mm from the actual impact location and the maximum localization error was
41.5 mm.

In addition to the good localization performance, the OM also shows less computation time required to
process the signal from the FBG sensors to predict the location of the impact. The computation time was
compared with the localization results obtained using cross-correlation method using three FBG sensors in
Table 4.15; the OM algorithm settings presented in this dissertation was able to determine the impact location

approximately 60% faster in comparison with the cross-correlation method [82].
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4.4.3 Impact Localization Under Simulated Wing Loading Condition

4.4.3.1 Experimental Setup

The impact localization under simulated wing loading was performed on Jabiru UL-D aircraft’s (Jabiru
Aircraft Pty Ltd, Australia) composite wing, shown in Figure 3.7. The localization tests under the simulated
wing loading conditions were performed by localizing the impact test points on the complex wing surface region,
shown in Figure 4.28. The experimental set-up configuration of the wing and the sensors are the same as
presented in 4.3.6. The impacts delivered to the wing surface were monitored using three FBG sensors, with
center wavelength of 1544.6 nm, 1547.6 nm and 1550.6 nm and the signals from these sensors were sampled at
100 kHz using the high speed interrogator, SFI-710.

The FBG signals acquired from the 609 reference points were used to estimate the locations of 20 impact
test points located within the test region. The impact test points coordinates are shown in Figure 4.30. The wing
loading was simulated by using weights to bend the wing in the upward direction, as shown in Figure 4.38. A
total mass of 104 kg was used to bend the wing upward, resulting in tip deflection of approximately 70 mm. The
FBG response signal, acquired at 500 Hz frequency, as the weight was applied is presented in Figure 4.39. The
impact localization under simulated wing loading condition was done using OM3 with weighted MAD threshold

algorithm. The algorithm was run by setting the error threshold parameter to 1.5 nm and using k = 5.

Figure 4.38 Experimental set-up.
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4.4.3.2 Results and Discussion

The test points on the upper and lower surface of the composite wing under simulated wing loading
conditions were localized using the OM3 with weighted MAD threshold impact localization algorithm. The
localization results obtained using this algorithm are visualized as shown in Figure 4.40 and tabulated in Table
4.21. The 20 impact test points were well localized using the OM3 with weighted MAD threshold impact
localization algorithm. The impact test points were localized with average localization error of 22.1 mm and

Impact Test Point 10 located on the edge of the impact test region of the upper wing surface was localized with

maximum error of 50.8 mm.
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Figure 4.40 Visualization of impact localization under simulated wing loading condition.

Moreover, the localization results of impacts delivered on wing subjected to simulated wing loading

were found to be similar to the localization results of impact delivered on wing structure without any simulated

x (meters)
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wing loading condition using OM2 and OM3 with weighted MAD threshold algorithms presented in the earlier
section. Even for the impact localization done on composite wing without simulated loading condition, the same
Impact Test Point 10 was the impact case which was localized with maximum error of 42.2 mm and 41.5 mm

using the OM2 and OM3 with weighted MAD threshold algorithms, respectively.

Table 4.21 Impact localization under simulated wing loading.

Upper Surface Lower Surface
Impact Test Point Localization Error (mm) Impact Test Point Localization Error (mm)
1 8.1 11 13.7
2 24.3 12 22.6
3 331 13 37.9
4 125 14 10.8
5 19.9 15 7.5
6 114 16 10.2
7 29.8 17 21.7
8 16.0 18 37.7
9 31.2 19 3.3
10 50.8 20 33.7
Maximum Error 50.8
Average Error 22.1

The reason for larger error at Impact Test Point 10 compared to other impact location was discussed in
detail in Section 4.3.7. In brief, the impact delivered at Impact Test Point 10 was localized with larger error due
to the fact that this test point lies at the edge of the impact test region, as a result the training points only exist on
the left-side of the impact test point. Additionally, OM3 with weighted MAD threshold algorithm, which was
set to select five possible impact locations for final impact location prediction, selects five possible impact
locations only on the left-side of the actual Impact Test Point 10 resulting in larger localization error for impacts
located at the edge of the impact test region.

Nevertheless, using the OM3 with weighted MAD threshold algorithm, all of the impacts delivered
under simulated loading condition were localized with similar average localization error compared to OM2 and
OM3 with weighted MAD threshold algorithm which were used to localize impacts on the wing without any
simulated wing loading condition; 22.1 mm, 17.3 mm and 18.5 mm respectively. Therefore, from the present
study it can be concluded that the OM can effectively localize impacts under simulated wing loading condition

as well.
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4.5 Single Sensor Impact Localization Parametric Study
The parametric study to demonstrate the feasibility of localizing impact using the OM2 and OM3 with

weighted MAD threshold based impact localization algorithms using impact signals from a single FBG sensor
were performed. The parametric study was done on the upper and lower surface test region of 1000 mm x 1400
mm, monitored using 3 FBG sensors presented in Section 4.3.6. The 20 impact test points presented in Section
4.3.6 and visualized in Figure 4.30 were used for the single sensor parametric study. Subsequently, in Section
4.5.3, the present single sensor parametric study results were compared with the impact localization done using

cross-correlation based impact localization algorithm [82].

4.5.1 OM2: Single Sensor Parametric Study

Impact localization performance using one FBG sensor covering the upper and lower surface of the
composite wing, illustrated in Figure 4.28, was examined using the OM2 impact localization algorithm. Firstly,
OM2 algorithm with same parameters used in Section 4.3.6 were selected for the parametric study, i.e., the error
threshold value of 1.5 nm, NAO = 100 and k = 4 were used. The impact localization results obtained using the
individual FBG sensor are tabulated in Table 4.22 and the predicted location by each sensor is visualized in
Figure 4.41. Using individual FBG sensors, impact locations are found to be predicted close to the actual impact
location for most of the impact point cases. Better localization results were obtained for the upper wing surface
than the lower wing surface; on the upper surface the average localization error of 29.9 mm, 13.8 mm and 61.5
mm were obtained using FBG1, FBG2, FBG3, whereas, on the lower surface of the wing the impact test points
were localized with average localization error of 31.5 mm, 48.3 mm and 45.9 mm, with FBG1, FBG2 and FBG3,
respectively. Considering both of the wing surfaces, the use of FBG1, FBG2 and FBG3 for impact localization
resulted in average localization error of 30.7 mm, 31.1 mm and 53.7 mm, respectively.

Overall, use of either of the FBG1 and FBG2 shows similar localization performance, while more
number of impact test points were localized with larger localization error using FBG3. The maximum
localization error using FBG1 occurred at Impact Test Point 5, 142.2 mm, and error larger than 50.0 mm
occurred at three impact test points, at Impact Test Point 10, 18 and 19, 55.9 mm, 50.6 mm and 54.6 mm,
respectively. FBG2 shows good localization performance on the upper surface of the wing; with all impact test
points predicted with error of less than 30.0 mm. Whereas, on the lower surface, using FBG1, the maximum
error of 179.4 mm error occurs at Impact Test Point 20, and localization error of 58.7 mm and 56.4 mm occurs
at Impact Test Point 16 and 18, respectively. FBG3 localization results shows larger localization error value at
several impact test points. Compared with the other two sensors, the largest maximum error of 246.9 mm
occurred using FBG3 at Impact Test Point 2. Furthermore, error of over 100.0 mm occurred for three other

impact test points; at Impact Test Point 10, 13, and 17.
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Table 4.22 Single FBG sensor parametric study based impact localization results using OM?2 algorithm.

Impact Localization Error (mm)

Impact Test Point FBG1 FBG2 FBG3
1 15.0 0.0 15.0
2 29.3 21.4 246.9
3 54 3.2 22.0
4 5.8 5.8 253
. 5 142.2 0.0 28.0
35; 6 0.0 0.0 25.0
ﬁ 7 45.1 25.0 25.0
2,
S8 0.0 25.0 0.0
9 0.0 28.0 28.0
10 55.9 30.0 200.2
Maximum Error 142.2 30.0 246.9
Average Error 29.9 13.8 61.5
11 15.3 214 7.1
12 25.0 10.3 25.0
13 34.7 44.5 102.1
14 22.6 24.4 4.0
. 15 28.0 28.0 26.4
‘é 16 34.7 58.7 1.0
g 17 50.6 37.6 200.8
E 18 54.6 56.4 24.0
19 17.6 22.4 15.8
20 31.9 179.4 533
Maximum Error 54.6 179.4 200.8
Average Error 31.5 48.3 45.9
Maximum Error 142.2 179.4 246.9
Average Error 30.7 31.1 53.7

As observed in the previous section, most of the large error, over 100.0 mm, occurs at impact point
which are located near by the leading edge of the wing. Similarly, the predicted error also increases when the
impact point is located at the edge of the impact test region. However, from the parametric study results it can
be concluded that using several sensors can significantly improve the localization results since more data are

-05 -



available for more accurate impact location prediction. Nonetheless, the OM algorithm to predict the impact
location is found to be robust in detecting most of the impact locations using just one FBG sensor. The results
presented in Table 4.22 were obtained using OM2 with error threshold of 1.5 nm. By setting error threshold
value to 1.5 nm and using one FBG sensor for impact signal acquisition and data processing, the OM2 algorithm
took only 4.5 s to predict an impact location. The localization speed was reduced by over 50% compared with

the time it took to compute an impact point using OM2 with six FBG sensors.
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Figure 4.41 Visualization of single FBG sensor parametric study based predicted impact locations.

In Table 4.7, it is shown that reducing the error threshold can result in improved localization result.
Therefore, for improved results, the error threshold value was reduced to 1.0 nm, while same NAO of 100 and
allowed number of detected location, k = 4, were used in the OM2 impact localization algorithm. The impact
localization results obtained using the individual FBG sensor are tabulated in Table 4.23 and the predicted
impact locations are visualized in Figure 4.42. The parametric study results of impact localization done using
one FBG sensor are tabulated in Table 4.23. Better localization performance was obtained with error threshold
value of 1.0 nm when using one FBG sensor to predict the location of the impact on the upper and lower surface
of the composite wing. Overall, the average localization error for each of the FBG sensor was decreased; using

FBG1, FBG2 and FBG3, in case of the impacts on the upper surface were localized with average localization
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error of 22.1 mm, 25.0 mm and 36.0 mm, respectively, and impact test points on the lower surface were

localized with average error of 26.5 mm, 27.6 mm and 22.5 mm, respectively.

Table 4.23 OM2 impact localization parametric study using error threshold value of 1.0 nm.

Impact Localization Error (mm)

Impact Test Point ~ FBGI1 FBG2 FBG3
1 25.0 15.0 11.8
2 5.7 21.4 22.7
3 32 28.0 22.0
4 5.8 11.8 253
5 100.0 25.0 28.0

(]

Q

£ 6 0.0 0.0 25.0

A

5 7 25.0 25.0 25.0

9

a

) 8 0.0 25.0 0.0
9 0.0 42.5 0.0
10 55.9 55.9 200.4
Maximum Error 100.0 55.9 200.4
Average Error 22.1 25.0 36.0
11 20.6 4.7 7.1
12 10.3 334 21.0
13 38.6 25.0 70.0
14 32.6 253 4.0
15 11.8 15.0 11.8

S

£ 16 34.7 34.7 11.1

A

5 17 7.5 133 7.5

B

318 74.9 56.4 35.4
19 13.4 35.8 25.0
20 21.0 31.9 31.9
Maximum Error 74.9 56.4 70.0
Average Error 26.5 27.6 22.5

Maximum Error 100.0 56.4 200.4
Average Error 243 26.3 293
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Compared with the results obtained using error threshold value of 1.5 nm, the localization performed
using error threshold value of 1.0 nm shows improved localization results in terms of the maximum localization
error values obtained when using a single sensor to predict the impact location. The maximum localization error
for each of the sensor, FBG1, FBG2 and FBG3, were decreased to 100.0 mm, 56.4 mm and 200.4 mm,
respectively. The number of localization error larger than 100.0 mm are reduced from 6 to 2. The maximum
error occurred at Impact Test Point 5 for FBGL, at Impact Test Point 18 for FBG2 and at Impact Test Point 10
using FBG3. Occurrence of localization error of over 50.0 mm for all three FBG sensors occurred only at
Impact Test Point 10. Whereas, for the other impact cases most of these points were localized with error of less
than 50.0 mm by all of the FBG sensors. For some impact test points, such as Impact Test Point 5, only one of

the FBG sensor resulted in large localization error.
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Figure 4.42 OM2: single sensor based predicted impact location visualization.
Moreover, it can be seen that using a single FBG sensor, FBG2, all of the 20 impact test points on the
upper and lower surface of the wing were localized with maximum localization error of 56.4 mm and average

localization error of 26.3 mm. The obtained results further demonstrate the effectiveness of the OM to

successfully localize the impact test points on complex composite structures.
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4.5.2 OM3 with Weighted MAD Threshold Algorithm: Single Sensor Parametric Study

As in the previous section, the single sensor parametric study using OM3 with weighted MAD threshold
algorithm were performed for error threshold limit of 1.5 nm and 1.0 nm. The single sensor impact localization
results obtained using error threshold limit of 1.5 nm and 1.0 nm are tabulated in Table 4.24 and Table 4.25 and
the predicted impact locations are visualized in Figure 4.43 and Figure 4.44, respectively.

Overall, the localization results obtained using OM3 with weighted MAD threshold algorithm are found
to be similar to the results obtained using OM2 algorithms. Additionally, similar impact test points which were
localized with larger location using OM2 algorithm, were localized with large localization error using OM3 with
weighted MAD threshold algorithm as well; such as Impact Test Point 2, 10, 13, 17. These locations with large
error are located close to the leading edge or close to the spar region. However, it can be observed that using
OM3 with weighted MAD threshold algorithm overall better results, as shown in Table 4.24 and Figure 4.43,
were obtained compared with OM2 algorithm when the error outlier threshold was set to 1.5 nm. For instance,
for FBG1 and FBG2 the maximum localization error obtained using the OM3 with weighted MAD threshold
algorithm decreased by 61.8 mm and 93.2 mm. As a result, using the OM3 with weighed MAD threshold with
1.5 nm error threshold value, the impact test points were localized with average error of 23.4 mm, 24.5 mm and
47.0 mm using the FBG1, FBG2 and FBG3 sensor.

As in the case of the OM2 based localization results, setting error threshold value to 1.0 nm in OM3 with
weighted MAD threshold algorithm improved localization results compared to the results obtained using error
threshold value of 1.5 nm, as shown in Table 4.25 and Figure 4.44. Furthermore, it can be observed that by
decreasing the error threshold parameter improves the localization results for most of the impact test points
except for the impacts located at the edge of the impact test region; such as Impact Test Point 10 and 20. Overall,
using FBG1, FBG2 and FBG3, the 20 impact test points were localized with average error of 23.8 mm, 23.9 mm
and 33.2 mm, and maximum localization error of 78.5 mm, 78.8 mm and 197.3 mm. Using either FBG1 or
FBG2 sensors resulted in similar localization performance for the localization of the 20 impact cases visualized
in Figure 4.30. Whereas, using FBG1 and FBG2, the OM2 algorithm localized the impact test points with
average error of 24.3 mm and 26.3 mm and maximum error of 100.0 mm and 56.4 mm.

Although using FBG2 in case of OM2 algorithm shows optimal localization performance since the
maximum error is limited to 56.4 mm, it can be seen that the overall localization performance of OM3 with
weighted MAD threshold algorithm is slightly better than OM2 case. Moreover, both of these error outlier
assessment approach for impact localization demonstrates the feasibility of predicting low velocity impact
location on complex composite structures using just a single FBG sensor. The single sensor parametric study
results obtained using the OM based impact localization algorithms are compared with cross-correlation based

impact localization results in the subsequent section.
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Table 4.24 OM3 with weighted MAD threshold: parametric study using error threshold value of 1.5 nm.

Impact Localization Error (mm)

Impact Test Point FBG1 FBG2 FBG3
1 3.9 3.9 24.6
2 16.1 16.1 276.8
3 19.3 19.3 17.9
4 4.7 4.7 27.6
5 9.1 9.1 23.7

8

£ 6 8.5 8.5 29.5

5

A

5 7 26.2 26.2 26.9

=%

1=y

=) 8 27.7 27.7 7.1
9 33.7 33.7 26.4
10 41.5 41.5 163.5
Maximum Error 41.5 41.5 276.8
Average Error 19.1 19.1 62.4
11 17.7 22.4 12.0
12 24.5 25.2 21.2
13 32.5 37.4 54.9
14 24.9 18.2 6.6
15 19.7 14.3 16.4

Q

Q

~§ 16 20.5 30.2 8.7

%)

) 17 12.0 16.7 111.8

2

318 34.9 86.2 35.4
19 10.0 22.7 15.1
20 80.4 26.2 349
Maximum Error 80.4 86.2 111.8
Average Error 27.7 29.9 31.7

Maximum Error 80.4 86.2 276.8
Average Error 23.4 24.5 47.0
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Table 4.25 OM3 with weighted MAD threshold: parametric study using error threshold value of 1.0 nm.

Impact Localization Error (mm)

Impact Test Point FBG1 FBG2 FBG3
1 11.8 11.8 14.3
2 12.4 18.6 25.5
3 34.5 16.7 18.3
4 5.3 4.7 27.6
5 78.5 14.1 21.2

[

Q

£ 6 12.7 7.1 18.4

3

%)

5 7 31.9 253 25.0

o

&

- 8 5.3 27.7 7.1
9 9.7 33.7 8.5
10 46.7 24.4 197.3
Maximum Error 78.5 33.7 197.3
Average Error 24.9 18.4 36.3
11 17.7 20.3 13.7
12 21.7 21.2 24.9
13 40.5 27.2 57.5
14 15.2 20.4 9.2
15 20.2 19.0 16.5

(]

Q

£ 16 9.2 31.9 10.8

&

5 17 12.0 17.0 6.7

2

318 43.0 78.8 41.9
19 10.0 332 1.7
20 37.0 25.5 117.6
Maximum Error 43.0 78.8 117.6
Average Error 22.7 29.4 30.0

Maximum Error 78.5 78.8 197.3
Average Error 23.8 239 332
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Figure 4.43 OM3 with weighted MAD threshold: single sensor based predicted impact location
visualization using error threshold value of 1.5 nm.
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Figure 4.44 OM3 with weighted MAD threshold: single sensor based predicted impact location
visualization using error threshold value of 1.0 nm.
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4.5.3 Results Comparison and Discussions

From the single sensor parametric study, it can be concluded that the error outlier based impact
localization algorithm is capable of determining the location of the impact on complex composite structure using
a single FBG sensor. Moreover, using a single FBG sensor, and OM2 and OM3 with weighted MAD threshold
algorithms, most of the low velocity impacts on the wing surface were localized about 27.0 mm from the actual
impact location. The overall impact localization results obtained using all of the sensors are summarized and
compared with single sensor localization results obtained using cross correlation method in Table 4.26. Overall,
for a single sensor impact monitoring system, error outlier based impact localization algorithm shows more
stable impact localization performance; both the OM algorithms predicted the impact locations with average
error of about 27.0 mm. Whereas, for the cross-correlation method the impacts were localized with average error
of about 77.7 mm.

Furthermore, significant difference in the computation time is found between these two methods, as
shown in Table 4.26. Error outlier based impact localization algorithm is found to be more than 50% faster than
the cross-correlation method; location of on an impact point was predicted by error outlier based impact
localization algorithms in about 6.0 s, whereas it took cross-correlation algorithm about 13.4 s. The faster
computation time can be attributed to several reasons such as the data length used for signal processing,
algorithm efficiency, signal time-shift parameter, error threshold parameter. The result shown in Table 4.26
further demonstrates the OM algorithms effective performance capability to localize impact on complex

composite structures.

Table 4.26 Single sensor based OM vs. cross-correlation localization results comparison.

OoM2 OM3: Weighted MAD Cross-correlation Method [82]
(3 Sensors) Threshold (3 Sensors) (5 Sensors)

Maximum Error (mm)  200.4 197.3 627.0

Average Error (mm) 26.6 27.0 77

Computation Time (s) 5.7 6.0 13.4
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4.6 Summary

In this chapter, a novel error outlier based impact localization algorithm was proposed and the novel
impact localization method was successfully demonstrated for localization of low velocity impact on composite
wing structure. Furthermore, error outlier based impact localization algorithms with several different techniques
to determine the selection of possible impact location was also introduced; low velocity impact localization
performance using OM algorithm with user set distance threshold, OM2 with Euclidean distance threshold, and
OM with statistically determined distance threshold algorithms, OM3 with SD threshold method, OM3 with
MAD threshold method, OM3 with weighted MAD threshold method were investigated.

Overall, the error outlier assessment based impact localization techniques were found to be effective tool
for localizing impacts on composite wing structure. Moreover, OM2 and OM3 with weighted MAD threshold
algorithms localized impact on complex composite wing structure with similar localization performance;
average error of about 18.0 mm and maximum error of about 42.0 mm. Additionally, impacts delivered on
composite wing under simulated wing loading condition were also localized with similar localization
performance; average error of about 22.1 mm and maximum error of about 50.8 mm. Single sensor parametric
study was done to determine if error outlier based impact localization algorithm can localize impacts on
complex composite structure using a single sensor with similar localization performance compared to multiple
number of sensors. The present study demonstrates the capability of the error outlier based impact localization
algorithm to localize impact on complex composite structure using a single sensor; the impacts were localized
with average error of about 27.0 mm within about 6.0 s. Additionally, from the present research the spar region
and the edge of the impact test region were identified as weak spots, i.e. the impact located at the edge of the test
region is vulnerable to larger localization error.

The localization performance of the error outlier based impact localization algorithm was compared with
the experimental studies performed by various researchers in Table 4.27. Overall it can be seen that, using
multiple number of sensors for monitoring impacts, the average and maximum localization results obtained for
the various structures are found to range from 8.4 mm to 64.4 mm and 20.0 mm to over 100.0 mm, respectively.
Moreover, it can be seen that the ratio calculated between the average error circular area and the test region area
for most of the studies are about 3% or less. Similarly, for the present study this ratio is about 0.1 % using three
FBG sensors and 0.2 % using a single FBG sensor. The localization performance depends on the impact test
region/structure, types of sensor, number of sensors used for the localization and also the localization technique.
Nonetheless, the results obtained using error outlier based impact localization algorithm together with either
three FBG sensors or one FBG sensor are found to be satisfactory and reasonable in comparison to various other

experimental results presented in Table 4.27.
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Table 4.27 Impact localization on complex composite structure results comparison.

Reference Localization ~ Dimension Sensor  N. of Max. Avg. Area
Method (mm x mm) Type Sensors  Error Error Normalized
(mm)  (mm) Avg. Error
(%)
*Present Study: Reference 1000 x 1400 FBG 1 1973 270 0.2
Wing Box Database
3 41.5 18.5 0.1
[69] Wing Box Reference 600 x 1200 FBG 6 35.4 18.8 0.2
Database
[82] Wing Box Reference 1000 x 1400 FBG 1 627.0 77.7 14
Database
[68] Wing Box Avrrival Time 500 x 500 FBG 6 65.9 454 2.6
Difference
[68] Stiffened Panel  Arrival Time 500 x 600 FBG 4 82.6 51.7 2.8
Difference
[81] Stiffened Panel Reference 600 x 900 FBG 4 33.8 17.7 0.2
Database
[73] Wing Box Time 385 x 400 PZT 6 25.4 8.4 0.1
Reversal
[62] Stiffened Panel Time 30 x 100 PZT 1 20.0 20.0 41.9
Reversal
[72] Wing Flap Reference 385 x 1015 PZT 9 >100.0 64.4 3.3
Database
[63] Wing Box Time 410 x 450 PZT 24 32.0 17.5 0.5
Reversal
Focusing
[74] Oil Tank Near-field 310 x 610 PZT 7 21.0 13.2 0.3
Multiple
Signal

Classification
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Chapter 5. Soft and Hard-Impact Classification and Localization

5.1 Introduction

Low velocity impacts delivered using impact hammer with hard tip were well localized using the error
outlier based impact localization algorithm. Impact localization algorithm capable of localizing impact delivered
using impactor with varying hardness is highly desirable. Therefore, localization of impact delivered using
impactor with varying hardness were investigated and presented in this chapter.

Impact delivered using hard material results in a short duration impact, whereas using soft material
results in a long duration impact [105]. Comparison of FBGL1 signals, from the same impact location coordinates
(0.525 m, 0.825 m) on the upper surface of the composite wing shown in Figure 4.28, obtained using an impact
hammer with hard tip and soft tip is presented in Figure 5.1. The impact signals for these two cases are found to
differ significantly due to the changes in the hardness of the impact material. Additionally, the arrival time of
the soft-body impact can be observed to be earlier than the hard-body impact case, as shown in Figure 5.1 (b).
Additionally, periodograms of the soft and hard-impact signals are shown in Figure 5.2. In general, it can be
seen that the power of the frequency, ranging from 0 Hz to 5000 Hz, for soft-impact is less than that for the

hard-impact case except for the frequency range less than 300 Hz.
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Figure 5.1 Hard-body and soft-body impact signal comparison.
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Figure 5.2 Soft and hard-impact periodogram plot.

Since the SFI-710 interrogator records the impact data once the amplitude of the signal is detected to be
more than 0.01 nm, the significant difference in arrival time can be attributed to the slower amplitude increase
rate for soft-body impact case compared to the hard-body impact case. As a result, using the same reference
signals obtained using impact hammer with hard tip to localize impact with soft tip will result in highly
inaccurate impact location prediction.

Therefore, the feasibility of localizing soft-body impact using the error outlier based impact localization
algorithm is investigated in the subsequent sections by obtaining new set of reference signal database consisting
of soft-body impact signals from each of the reference points on the impact test region. Furthermore, soft and
hard-impact classification technique was developed and incorporated in the weighted MAD threshold algorithm.
Finally, several impacts were delivered on the wing surface using hammers with varying impactor hardness, and

the OM with weighted MAD threshold was used to classify the type of impact and predict the impact location.

5.2 Soft-Body Impact Localization

The soft-body impact localization was performed on Jabiru UL-D aircraft’s (Jabiru Aircraft Pty Ltd,
Australia) composite wing shown in Figure 4.28. The reference signals for the soft-impact localization study
were obtained from the 609 reference points using the soft-impact hammer, with 24.0 mm x 25.0 mm contact tip,
shown in Figure 5.3. OM3 with Weighted MAD threshold algorithm introduced in Section 4.4 was used to
localize 40 soft-impact test points on the upper and lower surface of the composite wing illustrated in Figure 5.4.

In case of the hard-impact case, short impact data length has been found to be sufficient for accurate
impact location prediction. Therefore, firstly in Section 5.2.1, the feasibility of soft-body impact localization
was done for the first 10 impact cases shown in Figure 5.4 for varying data lengths from 0.030 s to 0.14 s.
Subsequently in Section 5.2.2, the remaining impact test points were localized and compared for several data

length cases.
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Figure 5.3 Impact hammer with soft rubber used for reference database construction.
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Figure 5.4 Soft-body impact test points visualization.

5.2.1 Data Length Parametric Study

Impact Test Point 1 to 10 were localized using response signal with data length varying from 0.03 s to
0.14 s and the results are tabulated in Table 5.1. Overall better localization results were obtained using longer
data length. By increasing the data length used by the algorithm from 0.03 s to 0.14 s, the average localization
error decreased from 103.0 mm to 53.1 mm, and the maximum error from 415.3 mm to 91.0 mm. Moreover, in
contrast to the hard-impact localization results the soft-body impact were predicted with larger localization error.

The improved localization results obtained using longer data length can be understood by observing the
impact response signal for the soft-body presented in Figure 5.1; the changes in the Lambda variation is
relatively gradual and extends over a longer duration compared to the hard-impact case. Therefore, increasing

the data length leads to improved localization performance, however it also increases the computation time from
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36.9 s to 165.0 s. In the subsequent section, further localization test of all of the 40 impact test points are done

for three data length cases: 0.040 s, 0.12 sand 0.14 s.

Table 5.1 Soft-body impact localization performance for varying response signal data length.

Data Length (s) Average Error (mm) Maximum Error (mm)  Computation Time (s)
0.030 103.0 415.3 36.9

0.035 77.9 137.5 43.4

0.040 64.2 125.0 49.4

0.060 71.2 164.2 75.7

0.080 65.5 137.6 103.7

0.100 68.7 165.0 124.8

0.120 58.7 106.9 148.7

0.140 52.1 91.0 165.0

5.2.2 Localization Performance Comparison

OM3 with weighted MAD threshold based error outlier algorithm was used to localize all of the 40
impact test points shown in Figure 5.4 using data length of 0.04 s, 0.12 s and 0.14 s. The predicted locations for
each of the data length cases are visualized in Figure 5.5 and the localization results are tabulated in Table 5.2.
In summary, using 0.04 s, 0.12 s and 0.14 s data length the impact test points were localized with average error
of 58.6 mm, 50.6 mm, and 48.5 mm, respectively.

The impact location for which the localization error was maximum for each data length case was found
to be close to the leading edge. For instance, using 0.04 s data length, the Impact Test Point 39 was localized
with maximum error of 142.4 mm. In case of longer data length, 0.12 s and 0.14 s, the impact point located
close to the spar region, Impact Test Point 36, was localized with maximum error of 114.5 mm and 111.0 mm,
respectively. Even though the accuracy of the soft-body impact cases was not as accurate as for the hard-body
impact cases presented in the earlier chapter, overall, it can be concluded that the error outlier approach can
effectively localize the soft-body impacts using reference database constructed using soft-body impactor.

As evident from the data length parametric study presented in the previous section, using longer data
length, i.e., 0.12 s or 0.14 s results in better localization results compared to 0.04 s data length. Moreover,
increasing the data length from 0.12 s to 0.14 s, the localization results is found to be similar whereas the
computation time increases considerably, as shown in Table 5.1. Therefore, further impact localization study of

soft-impact was done using data length of 0.12 s.

- 109 -



| P T

@
i)
o
\E] 4
> + o+ + 4 + + - ‘/-—»-
+ o+ + + A [Eialvd
0_5»w—+++264-!'§|«w+ r—+++&+-.—+++39>—
22L++++I PRV A + ot
0_4»3—+++++-29+@%++++4-+++4-—
- tadeat o+ o r.‘;;d ko4 +__r__>5 +okot
I ERANE A DU T B
0'22-] +4‘E++++++433+-v— ++3’-Z—>—
:-ﬁv%%%-+-}+'}-+++++ S +3$y
0,1—->+-F++++$28¥+32++'+++--—L
e e e o el T i S s F
N S = > N ﬁ}

0 7
0 01 02 03 04 05 06 0.7 0.8

x (meters)

0.9

% Impact Location

O Data Length: 4000
{ Data Length: 12000
O Data Length: 14000

Figure 5.5 Visualization of predicted impact locations.

Table 5.2 Summary of soft-impact localization results.

Data Length (s) 0.04 0.12 0.14
Maximum Error (mm) 142.4 114.5 111.0
Average Error (mm) 58.6 50.6 48.5
SD (mm) 34.9 27.4 25.3

5.3.1 Overview

The response signal dissimilarity between the soft and hard-impact can be distinctly observed in Figure

The number of data points between Indiand Ind, were determined for 10 different soft and hard-impact
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5.3 Localization of Impact Delivered with Varying Impactor Hardness

5.1. Classification of the impact can be done by identifying the distinct features which differentiate the soft-
impact from the hard-impact signals. The Lengths, distance between Ind; and Ind; of soft-body impact signal, is
found to be significantly longer than Lengthy, distance between Ind; and Ind; of hard-body impact signal, as
illustrated in Figure 5.6. Therefore, in the algorithm presented in Figure 5.6, for the training signal selection,
extraction of the distance feature between two time index, Ind; and Indy, located closest to the maximum

normalized lambda variation value of the impact signal was proposed for impact type classification.

cases, selected from Figure 5.5 and Figure 4.30, and the results are tabulated in Table 5.3 (a) and (b). As
expected, overall data length between Ind; and Indis found to be shorter for hard-impact and longer for soft-

impact. Lengthn ranged from 35 to 113 data-points, while, Lengths ranged from 265 to 1211 data-points.
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Figure 5.6 Comparison of Lengthn and Lengths.

Table 5.3 Overview of Lengthn and Lengths at various impact test points.

a) Hard-Impact, Lengthn b) Soft-Impact, Lengths
Impact Test Point FBG1 FBG2 FBG3 | ImpactTestPoint FBGl1 FBG2 FBG3
(Figure 4.30) (Figure 5.5)
1 89 85 113 1 543 443 1192
2 89 61 85 4 283 505 492
3 81 111 107 5 489 423 1129
4 90 97 106 7 387 357 750
5 35 86 83 8 385 595 579
6 79 81 79 9 671 603 1093
7 97 37 47 10 265 477 807
8 74 55 113 12 733 667 771
9 100 56 73 16 1211 691 913
10 104 54 73 20 991 783 729
Minimum Length 35 37 47 Minimum Length 265 357 492
Maximum Length 104 111 113 Maximum Length 1211 783 1192

Therefore, in order to localize soft or hard-impact cases, the database used by the error outlier algorithm
should consist of both the soft and hard-impact reference signals. When an impact is detected, the algorithm
scans the impact signal to determine the type of impact occurrence, and based on the impact classification
outcome corresponding training signal is selected for further signal processing using the weighted MAD
threshold based impact localization algorithm. The overview of the soft and hard-impact localization procedure

is presented in Figure 5.7.
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Figure 5.7 OM3 with Weighted MAD threshold algorithm for soft and hard-impact localization.
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In the training signal selection process shown in Figure 5.8, the algorithm first determines the time index
at which the maximum normalized lambda variation value occurs, Indma. Then the time indexes closest to the
Indmax, Ind; and Ind,, which results in the normalized lambda variation equal to 1 are determined. The distance
between Ind; and Ind: is calculated to determine the Length parameter for impact type classification. Finally, the
impact type is determined to be hard-body impact if for each of the FBG sensor impact response signal the
Length is less than 250 data points or else it is classified as soft-body impact.

The weighted MAD threshold based error outlier algorithm illustrated in Figure 5.7 for soft and hard-
impact localization was used for localizing trained impact and non-trained impact cases. In Section 5.3.2 the
impact hammers used for constructing the reference database was used for verifying the algorithm effectiveness
in classifying the impact signal. Subsequently, in section 5.3.3, non-trained impacts were localized using the
algorithm consisting of hard and soft-impact training signals. 20 impact test points used for localizing the

trained and non-trained impact cases are shown in Figure 5.9.
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Figure 5.9 Visualization of impact test points for trained and non-trained impact localization study.

5.3.2 Classification of Trained Soft and Hard-Impact Cases

In this section, the impact type classification for soft and hard-impact cases was done for test impact
delivered using the hammers, shown in Figure 5.10, which were used for training the algorithm for localizing
soft and hard-impact locations. The 20 impacts on the upper and lower surface of the composite wing were

delivered at impact test points presented in Figure 5.9.
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Figure 5.10 Impact test hammers.

The soft and hard-impact classification results are visualized in Figure 5.11. Hard-impact classification is
represented with square marker and soft-impact classification is represented with circle marker. The impacts
delivered using the impact hammer with soft tip and hard tip were classified correctly as shown in Figure 5.11 (a)
and (b). From the present results it can be seen that the classification method incorporated into the OM3 with
weighted MAD threshold based impact localization algorithm is effective for distinguishing the impact type for

trained impact cases.
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Figure 5.11 Trained impact cases classification results.

5.3.3 Classification and Localization of Non-Trained Impact Cases

Two categories of impact localization of non-trained impact were considered; impact hammer with a)
small contact area, and b) large contact area. For impact hammer with small contact area impact localization,
Case 1: hard tip with diameter of 5.3 mm and Case 2: soft tip with diameter of 6.2 mm, presented in Figure 5.12,

were used to deliver the impact. Whereas, for impact hammer with large contact area, four impact cases shown
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in Figure 5.13 were used; Case 3: diameter of 26.3 mm, Case 4: dimension of 24 mm * 24 mm, Case 5: diameter

of 46.0 mm, and Case 6: diameter of 24.0 mm.

- — o
\ CaSel/‘ -t
Case 2

Figure 5.12 Impact hammer with small contact area.

Case 5

Figure 5.13 Impact hammer with large contact area.

The impact behavior of each of the impact hammers, Case 1~6, was investigated by acquiring response
signal after delivering impact at Impact Test Point 5 (0.525 m, 0.825 m), on the upper surface impact test region
shown in Figure 4.28. Impact hammers with small impact area, Case 1 and Case 2, FBG1 response signals are
shown in Figure 5.14 and their corresponding periodogram is shown in Figure 5.15. FBG1 impact response
signal obtained using impact hammer with larger contact area, Impact Hammer: Case 3~6, and the
corresponding periodogram is presented in Figure 5.16 and Figure 5.17, respectively.

For each impact case the periodogram is compared with the baseline hard-impact and soft-impact
periodograms. The hardness of the impact material can be inferred by analyzing and comparing the periodogram
of each of the impact hammer with the base line periodograms. In Figure 5.15, it can be seen that for non-trained
impact hammer with small contact area, Case 1 periodogram closely resembles the trained hard-impact case,
whereas, the non-trained impact hammer Case 2 periodogram is found to be largely similar to the trained soft-
impact case periodogram. For impact hammer with larger contact area, in Figure 5.17, it can be seen that impact
hammer Case 3 and Case 5, overall, the power of the frequency is less than the baseline hard-impact case but
higher than the soft-impact case, and impact hammer Case 3 and Case 5 periodograms are relatively similar to
the baseline soft-impact periodogram. Therefore, the hardness of the impact hammers of Case 1~6 used for

impact localization tests are found to range from baseline hard-impact hammer to baseline soft-impact hammer.
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Figure 5.14 FBG1 response signal for impact hammer with small contact area.

Baseline: Hard-impact
Baseline: Soft-impact
—Impact Hammer: Case 1

\H [ \r \ A r N\ \
[ H( M“/ ‘(” “mu‘(,\«M\

i
N'f 1y

‘( AN ‘
‘ ‘f “\‘ | Ml U,‘” I \“ H n‘
Y

2000 3000
Frequency (Hz)

a) Impact Hammer: Case 1

4000

5000

o

N}
o

&
<3

&%
<]

Power/Frequency (dB/Hz)
A
O

Baseline: Hard-impact
’1* Baseline: Soft-impact
[

Impact Hammer: Case 2
U‘m
WM v, !‘

s Wy

0 1000

2000 3000
Frequency (Hz)

b) Impact Hammer: Case 2

4000

Figure 5.15 Periodogram comparison of FBG1 signal
for impact hammer with small contact area.

0.05 0.1
Time (s)
a) Impact Hammer: Case 3

J\MW

005 0.1
Time (s)
¢) Impact Hammer: Case 5

015

(=]

Normalized Lambda Variation (nm)
&

o

Normalized Lambda Variation (nm)

20+

-
[}

-
o

N
o

N
(&)}

-
o

(&)

'
&)}

Eooll 1
\
-
005 01
Time (s)
b) Impact Hammer: Case 4

0.15

=\APAAARAA,

0.05 0.1
Time (s)

d) Impact Hammer: Case 6

0.15

Figure 5.16 FBG1 response signal for impact hammer with large contact area.

5000



0

Baseline: Hard-impact
-20 1 Baseline: Soft-impact

‘M \“ I —Impact Hammer: Case 3
1

Baseline: Hard-impact
_20‘% Baseline: Soft-impact
i

}! W/ Impact Hammer: Case 4
Ll Wi

Power/Frequency (dB/Hz)
\ \ I
o
Power/Frequency (dB/Hz)

: -401) ‘
Wh AL il {
(I 1
60 | ;! W Wl
TP T ””h” Ww ‘W FW l‘v ‘V \ | | 1\\"
80 | -80 ‘ “ n
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Frequency (Hz) Frequency (Hz)
a) Impact Hammer: Case 3 b) Impact Hammer: Case 4
N O N 0
I Baseline: Hard-impact L Baseline: Hard-impact
% -20 Baseline: Soft-impact % -20 Baseline: Soft-impact
g i U’ I Impact Hammer: Case 5 \o; —Impact Hammer: Case 6
a0/l 5 40“%
(%] (]
3 3|t
8. ‘ 8.e0 I ,‘
o i ‘J ‘ Ww ‘n < d ‘W ﬂ M *W‘ WW W
z- i 2-80 J
g c
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Frequency (Hz) Frequency (Hz)
¢) Impact Hammer: Case 5 d) Impact Hammer: Case 6
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5.3.3.1 Localization Results of Non-Trained Small Contact Area Impacts

The localization results for impact delivered using impact hammer Case 1 and Case 2 are visualized in
Figure 5.18 and tabulated in Table 5.4. Impacts delivered using the non-trained impact hammer Case 1 were all
classified as hard-impact, and the impact test points were localized with maximum error of 37.0 mm and
average error of 21.7 mm. The impact delivered using impact hammer Case 1 are found to be localized with
localization accuracy similar to the trained hard-impact hammer case. Similar localization results for impact
hammer Case 1 in comparison to the trained hard-impact hammer case can be attributed to similar response
signal characteristics for these two impact cases, as shown for Impact Test Point 5 in Figure 5.15 (a).

Whereas, most of the non-trained impact hammer Case 2 were classified as soft-impact; out of the 20
impact cases six of the impacts were classified as hard-impacts and the remaining impacts were classified as soft.
Overall, impacts delivered using the impact hammer Case 2 was localized with maximum error of 249.9 mm
and average error of 93.8 mm. Moreover, the periodogram of impact hammer Case 2 for Impact Test Point 5
shown in Figure 5.15 (b) which is found to closely match the trained soft-impact periodogram was classified as
soft-impact. Furthermore, it can be observed that the impacts which were classified as hard-impacts are located

close to leading edge and spar region, such as Impact Test Point 3, 4, 12, 15, 16 and 19.
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Figure 5.18 Visualization of localization results for Case 1 and Case 2 impact hammer.

Table 5.4 Localization results for Case 1 and Case 2 impact hammer.

Impact Hammer Case 1 Case 2
Maximum Error (mm) 37.0 249.9
Average Error (mm) 21.7 93.8

5.3.3.2 Localization Results of Non-Trained Large Contact Area Impacts

Impacts delivered using impact hammer Case 3~6 were localized using the OM3 with weighted MAD
threshold algorithm. The impact localization results for non-trained impact hammer Case 3~6 are visualized in
Figure 5.19 and tabulated in Table 5.5. Firstly, analysis of the impact classification corresponding to the
response signal and its periodogram presented in Figure 5.16 and Figure 5.17 (a)~(d) was done. By observing
the Impact Test Point 5 impact response signals presented in Figure 5.16, it can be deduced that each of the
impact hammers tip used for the impact test have varying impactor hardness. For data length time less than 0.04
s, considerable changes in the response signal can be seen.

The power of the periodogram plot of impact hammer Case 3 and Case 5, shown in Figure 5.17 (a) and
(c), is less compared with the trained hard-impact case but higher than trained soft-impact case. The algorithm
classified the impact given using impact hammer Case 3 and Case 5 as hard-impact. In case of impact hammer
Case 4, for frequency range between 0~500 Hz the power is relatively higher than the trained soft-impact case
and closer to the trained hard-impact case, however for frequency range over 500 Hz, the power matches closely
with the trained soft-impact case. Interestingly, the algorithm classified this impact case as hard-impact. Impact

delivered at Impact Test Point 5 using impact hammer Case 6 was classified as soft-impact; the power of
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periodogram plot shown in Figure 5.17 (d) of the FBG1 impact response signal shows similar trend as that of

trained soft-impact case for frequency range from 0 Hz to 5000 Hz. The impact delivered at Impact Test Point 5

using impact hammer Case 3~6 were localized with error of 87.4 mm, 36.5 mm, 46.8 mm and 82.9 mm,

respectively.
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Figure 5.19 Visualization of localization results for impact hammer Case 3~6.

Table 5.5 Localization results for impact hammer Case 3~6.

Impact Hammer Case 3 Case 4 Case 5 Case 6

Maximum Error (mm) 303.1 227.7 217.2 285.6
Average Error (mm) 83.7 86.3 94.8 104.1
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Furthermore, the impacts delivered using impact hammer Case 3 were mostly classified as hard-impact
except for Impact Test Point 2, 6 and 14. Impact Test Point 6 and 14 were localized with large error, 303.1 mm
and 280.0 mm, respectively. However, most of the impact test points were localized with average error of 83.7
mm. For impact hammer Case 4, most of the impact on the upper surface were classified as hard-impact and
most of the impact on the lower wing surface were classified as soft-impact. The localization algorithm
classified Impact Test Point 2, 6, 11, 13, 14, 15, 16 and 18 as soft-impact and the remaining impact test points
were classified as hard-impact. The impact test points for impact hammer Case 4 were localized with average
error of 86.3 mm and Impact Test Point 14 was localized with maximum localization error of 227.7 mm.
Similarly, for impact hammer Case 5 with the largest impact contact area, 13 impact test points were classified
as hard-impact and 7 impact test points were classified as soft-impact. The impact test points were localized
with average error of 94.8 mm and Impact Test Point 14 was localized with maximum error of 217.2 mm.
Finally, for impact hammer Case 6, all of the impacts were classified as soft-impact and these impacts were
localized with average error of 104.1 mm and Impact Test Point 20 was localized with maximum error of 285.6
mm. The impacts at Impact Test Point 5 delivered using impact hammer Case 3~5 were classified as hard-
impact and Case 6 was classified as soft-impact. Given that the classification algorithm selects the impact type
based on the Length criteria, the Length for each of the response signal obtained by delivering impact at Impact
Test Point 5 using impact hammer Case 3~5 was less than 250 data-points, therefore they were all classified as
hard-impact.

Except for impact hammer Case 6 for which all the impacts were classified as soft-impact, for impact
case 3~5 the impact classification is not as unanimous for impact delivered at various location. From the
classification results of impacts delivered at the 20 impact test points for impact hammer Case 3~5, shown in
Figure 5.19, a pattern in the way the impacts were classified can be observed. In general, if the hardness of the
impact hammer tip used for simulating impact is not similar to the tip of the trained impact hammer but harder
than the trained soft-impact hammer then the impacts located at the rigid portion of the wing surface, the surface
region bounded by the wing’s leading edge and the spar region, were likely to be classified as hard-impact, and
impacts located close to the trailing edge of the wing were likely to be classified as soft-impact. As a result, the
classification results for impact hammer Case 3~5 were found be varied.

Although the impacts delivered using the non-trained impact hammer were localized with relatively
larger localization error, overall, it can be seen that the impact delivered using the non-trained impact hammers
were localized with average error of about 100.0 mm or less. Moreover, the impact localization performance of
the error outlier based impact localization algorithm trained using two extreme impact hardness cases is found to

be effective for localizing both trained and non-trained impact sources.
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5.3.4 Impact Localization Using Reduced Data Points

Increasing the data length used for localizing the impact location considerably increases the computation
time as presented in Section 5.2. Therefore, in this section the localization of the trained and non-trained soft
and hard-impacts were localized by reducing the sampling rate of the impact from 100 kHz to 33 kHz. The
localization study was done using the trained and non-trained impact cases presented in Section 5.3.2 and 5.3.3.
The impact localization done using response signal with data sampling rate of 33 kHz and 100 kHz are

compared in Figure 5.20 and the computation time for these two cases are tabulated in Table 5.6.
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Figure 5.20 Localization performance comparison.

Using the response signal with reduced number of data points, similar localization performance can be
observed for the trained and non-trained soft and hard-impact cases compared to the localization done using
response signal data acquired using sampling rate of 100 kHz. Therefore, it can be concluded that the impact
localization can be done using 33 kHz sampling rate. Furthermore, by reducing the sampling rate to 33 kHz, the
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computation time required for localizing both the soft and hard-impact can be significantly improved. In case of
the hard-impact, the computation time was reduced from 15.5 s to 2.0 s. Whereas, for the soft-impact the

computation time was reduced from 148.7 sto 17.1 s.

Table 5.6 Computation time comparison.

Sampling Rate 100 kHz 33 kHz
Hard-Impact 1555 2.0s
Soft-Impact 148.7 s 17.1s

5.4 Summary

In this chapter, classification and localization of impact using error outlier based impact localization
algorithm on composite wing structure was presented. The data length between two time indexes located closest
to the peak amplitude of the impact signal was proposed as the feature for classifying hard and soft-impact. This
classification technique was integrated into the OM3 with weighted MAD threshold algorithm for localizing
impact delivered on the composite wing using trained impact hammer and non-trained impact hammer cases.

Firstly, the soft-impact training signals were obtained from the reference points and feasibility study of
localizing impact hammer with soft tip was performed. The localization results show that the error outlier based
impact localization algorithm can also be used effectively for localizing soft-impact on composite wing.
However, in comparison to hard-impacts localized using the error outlier based impact localization algorithm,
the soft-impacts were localized with relatively larger error. Additionally, in comparison to hard-impact cases,
longer data length was required for localizing soft-impacts for better localization results. The soft-impacts were
localized with average error of 48.5 mm and maximum error of 111.0 mm using 0.14 s data length.
Subsequently, validation of the classification technique integrated into the OM3 with weighted MAD threshold
based impact localization algorithm was performed. Classification of impacts delivered using the trained soft
and hard impactor was done and the results shows that all of the impacts were classified correctly.

Further investigation of the OM based impact localization algorithm was performed to determine its
capability for classification and localization of non-trained impact cases with small and large contact area. The
non-trained impacts were localized with larger localization error than the trained impact cases. However, the
overall impacts on the wing surface delivered using the non-trained impacts were localized with average error of
about 80.7 mm and the maximum error for non-trained impact cases ranged from 217.2 mm to 303.1 mm.
Considering that the localized impacts were localized using training signals obtained using only two different

hammer with soft and hard impactor, the obtained results were found to be satisfactory.
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Chapter 6. Conclusions

Low velocity impact on composite structures poses serious threat to the safety and integrity of the
composite structures as it can lead to occurrence of BVID. Therefore, the research presented in this dissertation
focused on localization of low velocity impact on complex composite structures. A novel localization method
based on error outlier assessment was proposed. In the past, detection of outliers has been used for various
applications ranging from medical diagnosis, to credit card fraud detection and for damage detection. Therefore,
for quick and effective localization tool development, a novel impact localization algorithms based on error
outlier assessment method was developed and successfully validated on a complex composite structure, Jabiru
UL-D aircraft’s (Jabiru Aircraft Pty Ltd, Australia) composite wing, monitored using multiplexed FBG sensors.

Feasibility of using 1D array configuration to estimate the location of the impact has been demonstrated
in Chapter 3. Using 1D array FBG sensor configuration and reference database algorithm, similar localization
capability as obtained using 2D array FBG sensor configuration was observed. Therefore, the number of
required sensors for impact localization can be drastically reduced by using 1D array FBG sensor configuration.
Moreover, the use of 1D array for impact localization application enables easier FBG installation on composite
structures in terms of wiring issues. Single sensor parametric were done to determine the feasibility of using
single sensor for localizing impact on complex composite structures. Moreover, from the parametric study it was
observed that it is possible to use few number sensors for impact localization; two FBG sensors to detect impact
on wing spanning 4.2 m with localization error similar to that of 1D array FBG configuration consisting of three
or six FBG sensors.

Subsequently, in Chapter 4, novel method for localizing impacts using error outlier based impact
localization algorithms were proposed and developed. The error outlier based impact localization algorithms
with user-set distance threshold method and statistically determined distance threshold methods for selecting the
likely impact locations were investigated. In case of user-set distance threshold, the error outlier based impact
localization algorithm with Euclidean distance threshold was used which was referred to as OM2 algorithm.
Then, three different statistical methods for selection of distance threshold were investigated: 1) Standard
Deviation threshold method, 2) Median Absolute Deviation threshold method and 3) weighted Median Absolute
Deviation threshold method, which were referred to as OM3 with SD threshold method, OM3 with MAD
threshold method and OM3 with weighted MAD threshold method, respectively. Localization performance of
OM1 and OM2 algorithms were sensitive to a) error threshold parameter, b) NAO parameter and c) number of
allowed location, k value. Whereas, the OM3 algorithm was a simplified version of OM algorithm and its

localization performance was sensitive to only two parameters; a) error threshold parameter, and b) k value. In
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brief, it was found that lower error threshold value, higher NAO and lower k value are suitable for optimal
localization performance.

The error outlier assessment based impact localization technique was found to be an effective tool for
localizing low velocity impacts. Among the three different statistical threshold methods examined for impact
location selection, OM3 with weighted MAD threshold was determined as the best method. Furthermore, OM2
with user-set distance Euclidean distance threshold and OM3 with weighted MAD threshold algorithms are
found to have similar localization performance. Both of these methods localized impact on complex composite
wing structure with average error of about 18.0 mm and maximum error of about 42.0 mm. Additionally, using
OM3 with weighted MAD threshold algorithm, impacts delivered on composite wing under simulated wing
loading condition were also localized with similar localization performance; average error of about 22.1 mm and
maximum error of about 50.8 mm. Also, it was demonstrated that the error outlier based impact localization
algorithm is capable of localizing impact using a single FBG sensor.

Impact localization algorithm capable of localizing various different impact cases, and not only trained
impact cases but also non-trained impact cases is highly desirable. The impact localization tests done using error
outlier based impact localization algorithms, presented in Chapter 4, using impact hammer with hard tip were
localized close to the actual impact location. However, if the same algorithm consisting of hard-impact reference
database were to be used for localizing soft-impact it would result in large localization error as the response
signal for soft and hard-impact were found to be dissimilar. Therefore, new database consisting of impact
signals obtained using impact hammer with soft tip was constructed for the soft-impact feasibility study. Error
outlier based impact localization algorithm was able to localize soft-impact, however the algorithm required
longer data length and the localization error was relatively larger compared with hard-impact localization results.
Using data length time of 0.14 s, the soft-impacts were localized with average error of 48.5 mm and maximum
error of 111.0 mm.

In order for the algorithm to localize the soft and hard-impacts the algorithm should be able to
distinguish the impact type and then select the corresponding training signal from the reference database for
impact localization. Therefore, the data length between two time indexes located closest to the peak amplitude
of the impact signal was proposed as the feature for classifying hard and soft-impact and this method was
integrated into the OM3 with weighted MAD threshold algorithm. Firstly, the classification of trained soft and
hard-impact cases, i.e. the hammer used for constructing the reference database, were done; the corresponding
impacts were classified correctly. Subsequently, classification and localization of non-trained impact cases were
performed and compared to the trained cases, the non-trained impact cases were localized with larger error. The
non-trained impacts were localized with average error of about 80.7 mm and the maximum error for non-trained

impact cases ranged from 217.2 mm to 303.1 mm.
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Although the OM algorithm shows good localization performance, there are several limitations of using
this method. The proposed localization technique is only capable of localizing single impact event. Also, since
the localization technique presented in this thesis is based on reference database method, acquisition of the
training signals for large scale structures can be time consuming and labor intensive. Furthermore, the accuracy
of the localization results of the impact depend on whether or not the database consists of the training signal for
the corresponding impact being localized. Consequently, the trained impact cases were localized more
accurately than the non-trained impact cases. From the present research the spar region, leading edge region and
the edge of the impact test region were identified as region vulnerable to larger localization error. Additionally,
further study of impact localization during operational condition is required to realize such SHM system for
real-world application.

Nevertheless, the present study demonstrates the effectiveness of a novel approach to localizing impacts
on composite structures using error outlier method. Using the error outlier based impact localization algorithm
proposed in this thesis, the trained and non-trained impact delivered using impact hammer with varying
impactor hardness were well localized and the overall results were found to be satisfactory. In addition to the
improved localization performance, the OM based impact localization tool provides a simple and quick
technique to localize low velocity impacts on large scale structures, which involves data acquisition using a
large number of sensors. Furthermore, this method is not limited to localizing structural impacts but can also be
implemented in a wide range of fields pertaining to localization applications, such as remote sensing, Global
Positioning System, surveillance system etc. At present, for large scale structures such as aircraft, spacecraft etc.,
large number of sensor requirement and, the complexity and high cost involved in data acquisition process poses
hindrance in the implementation of SHM system for real world application. However, SHM system are crucial
for ensuring the integrity and safety of such structures. Therefore, the use of 1D array configuration coupled
with OM based impact localization algorithm can be effective in reducing the complexity involved in sensor

wiring and data processing issues for detecting impacts on complex large composite structures.
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