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ABSTRACT
Aircraft, wind turbines, or space stations are expected to remain in service well beyond their designed
performance lifetime. Consequently, maintenance is an important issue for aircraft or aerospace structures. This is
accomplished through inspecting for damage at scheduled times and replacing damaged parts before failure. Ground
inspections of aircraft, even using simple nondestructive testing techniques, generally require the aircraft be pulled
from operation so that its components can be inspected for damage. Structural components are replaced if sufficient
damage is found. Research is underway to develop a structural health monitoring (SHM) system as a means to
improve the current maintenance routine. This system would consist of an array of sensors and associated analysis
codes which would scan for damage in-flight and perform real-time damage analysis of an aircraft’s structure. If
damage is recognized long before failure occurs, then a damage tolerance and prognostic assessment could be
implemented, allowing for a determination of the remaining life of components. The current method of inspecting
aircraft, consisting of ground inspections for damage after a set number of flight hours, works well from an aircraft
safety point of view. However, an in-flight SHM system would allow for better use of components, as specific
lifetimes could be determined; and, could be less costly, since an SHM system could be embedded into the aircraft
structure, thereby reducing or eliminating the need to tear down the aircraft to scan for damage during the ground
inspection and would ultimately lead to fewer required ground inspections.
General theory for material mechanics, fracture mechanics, waveform theory, and artificial neural networks are
presented in this paper. Among these, a simple triangulation method is developed to locate a crack tip position and a
procedure of combining the theory of fracture mechanics with waveform theories is introduced. These components
were used collectively in a series of experiments to investigate the possibility of using them in a future SHM system.
Flat aluminum panels, similar in thickness to those found in many aerospace structures, were subjected to
increasing static loading during laboratory tests. As the load increased, a designed crack in the panel increased in
size, releasing strain waves into the material. These waves were then detected by acoustic emission sensors, and
artificial neural networks were implemented to analyze the received strain waves. From a feed-forward neural
network, the crack length was approximated.
Next, similar aluminum panels were placed in a simply supported beam configuration with ultrasonic actuators
attached at various positions. These actuators created multiple point source locations, which was received by
multiple acoustic emission sensors. The location of the source was calculated by both triangulation method and an
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artificial neural network. A theory of plastic zone interference with strain waves released from crack tip extension
was introduced and shown as a possibility during the analysis of a final experiment. Sensors placed behind the crack
front were observed to detect waves with smaller amplitudes than the sensors placed in locations in front of the
crack during crack extension due to increasing, pseudo-static applied load. The effect of the acoustic emission
sensor placement relative to crack tip growth detections was determined to be possibly integrated with an artificial
neural network in future research.
Experiments were conducted to determine the crack length and location, using artificial neural network analyses
of acoustic emission signals. Artificial neural networks were developed which were trained with an existing dataset
of crack properties. These neural networks were applied to new situations that were not part of the training dataset.
The approximated crack growth of the artificial neural networks was around 10% shorter than the actual measured
crack growth length for an extension of around 0.8 in. Finally, some SHM analysis systems were proposed, based
on the conclusions made in the experiments. The artificial neural networks performed well at approximating both the
crack extension and location, using acoustic emission detections. These artificial neural networks in combination
with an acoustic emission system are reasonable candidate for the initial stages of a feasible structural health
monitoring system to determine the location and severity of structural damage within an aerospace structure.
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INTRODUCTION

Aircraft have provided aerial transportation of people and important cargo, since their first successful powered
flight in 1903. This vehicle is different from an automobile in that it is expected to perform well beyond its design
lifetime. Consequently, strict maintenance schedules have been developed for aircraft. Since their creation, research
has been performed to improve maintenance inspection systems. The goal is to optimize the lifetimes of aircraft
components so that the service use is maximized with minimum cost and effort of repair. Similar maintenance
routines of scanning for damage after a pre-determined number of service hours are utilized for other aerospace
systems, such as wind turbines and space stations. By using nondestructive testing (NDT) methods, an in-flight
damage detection and prognosis system could become a reality. The focus of the research in this paper is the
development of a feasible structural health monitoring (SHM) system for aircraft or other aerospace systems.
1.1

Aircraft Maintenance
Maintenance is an important issue for aircraft or aerospace structures. As mentioned above, unlike automobiles

and other vehicles, aircraft, wind turbines, or space stations are expected to perform well beyond their designed
performance lifetime, which is accomplished through replacing broken parts, usually before failure; or inspecting for
damage at scheduled times, usually via ground inspections for aircraft. Using simple NDT techniques, such as visual
inspection or coin tap tests, an aircraft is pulled from operation after a designated number of service hours have been
completed and its components are inspected for damage, resulting in components being replaced if sufficient
damage is found.
Through predictions of the remaining lifetime of parts in terms of flight hours, aircraft are inspected at
scheduled times to search for damage within each component. Although this method has been proven to be effective
for detecting most damage before any structural failures occur, the procedure has also been shown to be a very
costly and time consuming process. Essentially, the cost of this form of inspection includes the loss of revenue due
to the removal of the aircraft from service, along with the cost to carefully disassemble the aircraft and scan for
damage, without adding any further damage in the process.
Thus a better, more cost efficient method of evaluating the health of a structural component of an aircraft would
be beneficial. A system, consisting of a network of sensors, is desired to scan for damage while a structural system is

1

in service. This system could provide real-time damage detection of structural components, thereby improving the
current maintenance routines, which could eliminate or reduce ground inspections.
1.2

Structural Health Monitoring
Research has been performed in recent years to develop a SHM system as a means to improve the current

maintenance routine. The general SHM system concept consists of a system of sensors and an analysis package
which could scan for damage in-flight or in-use, allowing for fewer ground inspections and better real-time damage
analysis of an aircraft’s structure. Modern NDT equipment have been installed within structural components as an
automated system to continuously scan for damage. Promising NDT methods for an SHM system include a variety
of ultrasonic sensors as well as fiber optic cables with fiber Bragg gratings. The application of a large array of these
types of sensors into an integrated vehicle SHM system would be costly, but as these sensors become more readily
available the cost should decline. Using known attributes of the specific type of NDT sensors, the optimum choice
and location of sensor within the structural component has been investigated to obtain a fully integrated system of
embedded sensors. These instrumented structural components resemble a human system with a network of sensors
acting as a nervous system.
Many NDT techniques were considered for an SHM system, but the method that became the focus of this
research centered on the instrumentation for ultrasonic testing, or more specifically for the passive form of ultrasonic
testing, called acoustic emission (AE). This method allowed for real-time continuous monitoring of structures for
damage, through a network of sensors utilizing the piezoelectric ceramic (PZT) to “listen” much like a sensitive
microphone for crack extension within a structural component. The signals detected by the sensors were then
interpreted using analytical and numerical method, in order to obtain the size, severity, and position of any damage
present in the structure.
The signals detected by the sensors were strain waves, which occurred within the structure. These strains waves
initiate from crack tips or impact events and take the form of beat pulse waves. The AE sensors were sensitive
enough to detect these waves produced by crack growth as small as 0.01 inches. and the measured data was recorded
in a computer database for analysis.
1.3

Artificial Neural Network Analysis
The strain waves detected by the acoustic emission sensors were in the ultrasonic frequency range, requiring

complex waveform analysis to obtain information from each detected wave. Since waveform analysis has usually
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been a time consuming process, another numerical form was investigated. The method chosen for this research was
to use artificial neural networks (ANN).
In the nervous system of humans a network of passive sensors is used for detecting damage in the body. The
neurons used for this process monitor for damage in the body. If damage is detected, then they react by sending
signals to the brain for further analysis of the problem via the nervous system. For large damage more intense
signals are sent about that specific area where damage has occurred. The brain then interprets the signals received
into damage severity and location and proceeds to take the appropriate actions. A similar idea has been investigated
in this paper for a passively scanning SHM system for an aircraft. In a structural component of an aerospace system
the amount of energy released into the form of strain waves as a crack grows is proportional to the length of crack
extension. Just as it is true for the human body, for large crack growth more energy is released, and thus more
intense strain waves are detected by an acoustic emission system. A post-processing system, which would emulate
the brain functions, was desired to interpret these strain wave signals in a similar way in order to determine the
damage severity and position of the crack in the structure. An ANN was sought to mimic the ability of a human
nervous system to determine the location and extent of damage.
An artificial neural network is an analysis system that emulates the human brain to map a set of inputs to a
desired output set. The method allows for an approximate, but rapid, analysis of complex problems and systems. An
ANN utilizes pattern trends in data to create approximations of varying datasets. Once the ANN has “learned” how
to function properly, it can become fault and noise tolerant and can account for some unknown variables and errors
in the data and still achieve a desired output. An ANN system seems to be an appropriate candidate to analyze the
measured ultrasonic waves, due to the complexities of these waves traveling through a material and the presence of
non-related additional noise and other unknown variables.
Similar to the human nervous system, an artificial neural network is a system of interconnected nodes, activated
when sufficient incoming signals are received. Each node has a binary activation of 1 for active 0 for not active,
similar to switches in serial computers. However, an ANN differs in that the activation value can be a value
between 0 and 1 to account for approximations, or “fuzzy logic.” If a node is activated, fully or partially, it sends a
signal to the next set of nodes. Each interconnection with these nodes has a weighted value that modifies the effect
of the outputs of each node on the receiving node. The system is trained by example to optimize the weights of the
nodal connections to “learn” the correct input-to-output operation. The connection pattern of nodes, the ANN
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architecture, varies with the specific application. For this research, two different architectures, feed forward
networks and self-organizing maps, were examined in various applications within an SHM analysis to utilize the
strength of the neural network.
The ANN training operation consists of introducing a training dataset of correct input-output pairs to "learn" an
approximate relationship between an arbitrary dataset of input-outputs pairs; similar to the process a human learns
tasks such as hand-eye coordination. The training dataset covers the entire domain of inputs to outputs that the
neural network would encounter in operation. Once the ANN has been taught an input-to-output map, it can be used
to interpret input data which lie within the domain of the learning dataset to approximate the appropriate outputs
rapidly. This rapid solution is the advantage of ANN over other time-consuming analytical methods. Crack detection
in an SHM system must be fast and accurate so that components with damage can be recognized well before failure
of the damaged part occurs.
1.4

Purpose of Research
The purpose of the research of this thesis was to investigate combining the acoustic emission sensors and an

artificial neural network to form a structural health monitoring system. Strain waves released from crack tip
extension in metals were investigated. The strain waves were detected by an acoustic emission system and recorded.
These recorded signals were transformed into a digital form and analyzed through an ANN algorithm. Several
concepts were proposed for combining acoustic emission and various artificial neural networks to form a complete
structural health monitoring system. This system could be the central concept used to form a functional structural
health monitoring (SHM) system for aerospace structures.
To develop this proposed SHM system, the fracture mechanics of crack extension in a thin metal plate were
investigated. This included the effects of the plastic deformation zone, which is hypothesized to affect the
characteristics of strain waves within the material component. Multiple ANN systems with various architectures
were implemented as well to locate any damage in the structure and to determine the severity of the damage. With
the knowledge of crack length and position as functions of time, a prediction on the remaining lifetime of the
structural component being monitored could be determined. Consequently, the full useful life of the aerospace
structure could be utilized before repair, while the costly maintenance routine could be reduced. That is, a good
approximation of the remaining service life could reduce the number of ground inspections in aircraft to those for
which maintenance has been determined to be necessary. The research presented in this paper combines the different
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fields of fracture mechanics, nondestructive testing, and artificial neural networks to create a preliminary damage
detection module for the structural health monitoring of aircraft and other aerospace systems.
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2

BACKGROUND

Every material, manufactured or raw, has flaws within it. These may consist of flaws within the crystalline
structure of the material, resulting in micro-cracks, or perhaps accidental impact events experienced during the
manufacturing process. Therefore, a great deal of research has been directed to the detection of flaws within a
structure. Fracture mechanics is a relatively new area of study that has aided immensely in the understanding of the
influence of flaws (cracks) on the strength of the structural component. A major influence on the useful life of an
aircraft is the extent of damage (cracks) that is present. A structural health monitoring system that could determine
the current status of any cracks within the structure and which utilizes the principles of fracture mechanics to
determine the remaining useful life of the structure could potentially extend the useful life of the aircraft and greatly
reduce the cost of maintenance. As a result, older aircraft well beyond their predicted operational life could remain
in service. Lifetime predictions of components and maintenance inspections provide the opportunity to repair the
components before any failures occur. The research in this paper combines different fields of study, including
fracture mechanics, ultrasonics, and artificial neural networks, to form a cohesive structural health monitoring
system of an aerospace system. This chapter highlights the history of research in various fields and how it could be
integrated together to further improve the current maintenance system.
2.1

Fracture Mechanics
When structures fail the cause could be a result of plastic deformation failure, creep over time, a brittle fracture,

or other changes in the material over a time while the system is in service. Among the many ways of material
failure, brittle fracture is a large concern for aerospace structures because of the fatigue loading present. Fatigue
loads have the potential of escalating the damage size, resulting in devastating consequences.
The idea of flaws within a material can be dated as far back in history as Leonardo Da Vinci (1450’s to 1500’s),
who studied wire behavior. Using different lengths of similar wire he discovered that the tension required to break
the wire segment varied. From this he observed that longer lengths required less tension for failure than those of
shorter lengths. He concluded that the wire had random internal flaws, thus the longer the wire, the more likely a
significant flaw would be present.
Significant advancement of the knowledge of structural failure was not reported until the 1800’s, when the
British Iron and Steel Company reported the failures of structural components from brittle fracture at applied loads
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far below the determined failure loads. [1] During this time in history, failures of structures were studied after the
failure occurred.
The next major contribution to the study of brittle fracture failure occurred in the 1920’s, when an engineer, A.
Griffith, sought to develop the theory governing the failure of materials in structures. Through his experiments, he
concluded that every material contained micro flaws. The internal stresses in materials increased drastically in the
vicinity of voids and thus this increase in stress around these cavities in the material would cause these voids to
grow larger creating cracks, even if the nominal stress within the material was far below the calculated critical
stress. His theory related the elastic strain energy released by a crack as it extends in an elastic material to the energy
required to create the additional surface area of the extended crack. The idea he presented later formed the basic
inverse relation between the stress applied to a component and the square root of the crack length within the
component. [2]
In 1939, Westergaard further investigated the stresses at the crack tips for elastic materials. From his research,
the stress field surrounding the crack tip within an elastic body was found to be a function of the inverse of the
square root of the distance from the crack tip. This helped validate the notion of the stress around a crack tip being
extremely large, compared to that of the elastic material far removed from the crack tip. In 1948, G.R. Irwin and E.
Orowan independently modified Griffith’s energy theory to account for the energy of plastic deformation. In 1956,
Irwin developed an equation, which combined the influence of the applied stress, the crack size, and the geometry of
the structural component with a crack into a single parameter, called the stress intensity factor, K. This concept
allowed for easier assessments of cracks in elastic structures, and led to a critical value for the stress intensity factor
for which crack extension would occur. [2]
The focus of much of the research of brittle failures during the 1960’s and 1970’s concerned crack extension
resulting from cyclic loading. The failure due to fatigue loading is important, since all machines experience some
cyclic loading while in service. In 1960, a group of researchers, led by Paris, developed a relationship between the
rate of crack growth and the number of stress cycles applied to the component. This theory along with the fracture
mechanics developments relating the strength of the material to crack length made it possible to predict when a
flawed component subjected to cyclic loading would fail. Thus, one could estimate the remaining useful life of the
structural component. [2]
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2.2

Damage Tolerance
Once the relationship between the rate of crack extension and applied stresses to a damaged component was

established, the concept of damage tolerance was developed. The method associated with damage tolerance allowed
for the lifetime of parts in service to be computed, and for aircraft maintenance schedules to be established to assure
the safety of the aircraft.
Unattended damage could have catastrophic results. For aircraft, neglected and growing damage could result in
a crash and the loss of lives. The importance of maintaining aging aircraft was emphasized by the Aloha Airlines
incident of 1988. In this event the aircraft was found to have heavy corrosion and multiple site fatigue damage
throughout the fuselage structure due to many short duration flights, giving a high number of landings and takeoffs
relative to number of flight hours. This aircraft lost a major portion of the upper fuselage near the front of the plane
in flight at 24,000 feet, but the pilot managed to land the aircraft with minor casualties. [3] A picture of the aircraft
after landing is shown in Figure 2.1 [4] below. As shown in the photo, the extent of the damage was quite large,
removing the upper half of part of the fuselage at failure.

Figure 2.1: Aloha flight 243 fuselage with missing upper fuselage caused by corrosion damage.
Photo acquired from [4]
After this incident, greater attention came to bear on the maintenance of aircraft in service and the design of
damage tolerant aircraft. Currently a maintenance system is in effect, where aircraft are taken out of service after a
determined amount of flight hours. Nondestructive testing (NDT) techniques are performed on the structural
components of the aircraft. Although the procedure is a time consuming and costly procedure, most damaged
components are detected, resulting in proper repair actions. This provides a necessary level of safety for the aircraft.
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By implementing variations of these NDT techniques, a structural health monitoring system could be developed to
increase the usage of an aircraft with less out-of-service time, while maintaining the current level of safety.
2.3

Nondestructive Technologies
Scanning for damage of structural systems is common place. This most basic form of detecting damage would

be to disassemble a structure component to view and have access to all boundary surfaces of the component.
Reassembly would be necessary before the component can be returned to service. A more efficient way to detect
damage without disassembly is desired. As a result, research has been performed to discover techniques to detect
small cracks and damage in a material before the part fails. Current studies seek a system to conduct damage
detection, while the structural component remains in service. There have been a wide variety of nondestructive
techniques that have been developed to create an optimum system for structural health monitoring. This section
contains descriptions for some of the common NDT methods, including those being researched and those that are in
practice in maintenance routines.
2.3.1

Early Methods

The earliest known technology for nondestructive testing was through visual inspection. Humans have been
able to literally look at structural elements to determine if any problems are visible on the surface. For aircraft
maintenance routines, some structural components are inspected visually by technicians. If a surface crack is visible,
the part must be repaired or replaced.
Another simple method of inspection is that of audio inspection, or sometimes referred to as the “coin tap” test.
Through a sharp tapping of a structure, a trained person can detect changes in frequency associated with regions of
the structure that are different from the remaining region. If damage has occurred in a component, some of the
natural frequencies of the response to the tapping would have changed. If the damage is sufficient, then the
difference in the audible response would be distinguishable by a technician’s ears. This method has been used to
find general faults in some structural components. Although a crude method, it is still in practice today for many
structural systems, due to the ease and quickness of the technique. Some research on changes in frequency, or
impedance monitoring, has been conducted in order to improve this method. [5],[6] The results from these
techniques are simplistic and crude, limiting detections to large scale damage. As a result other technologies have
been sought, which would detect smaller forms of damage well before any failure would occur.
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2.3.2

Strain Gages and Fiber Optics

One of the earliest and still current structural monitoring devices on aircraft has been strain gages and
accelerometers. The typical strain gage consists of a thin wire in a simple geometric pattern within a single plane. If
the wire is deformed, the electrical resistance of the wire would also change and this resistance change to length
change can be calibrated. If the gage is bonded to a structural component, the strain in the material is transferred to
the gage as well, effectively creating a manner of measuring the strain of the component at the point of gage
attachment. Strain gages measure components of longitudinal strain in one direction, so strain rosettes, or an array of
sensors with differing orientations at the same location, can be used to measure three separate components of
longitudinal strain at a point, as illustrated in Figure 2.2. Through elastic theory, these three measured values of
strain can be used to assess the state of stress and strain at the point. Aerospace structures are composed primarily of
thin-walled components, so the strain gages can be used to obtain accurate measurements of the state of strain
throughout the thickness at the point. Strain gage rosettes, or arrays, have been shown to be capable of detecting
damage on a global scale. [7] Due to the low cost of manufacturing these sensors, their use is widespread in the
aircraft industry. As advanced sensors are produced in greater number, the cost of manufacturing these newer
sensors should decrease as well, resulting strain gages being used less and less in the future. Currently, a network of
strain gages could be used within a simple SHM system

Figure 2.2: Strain gage rosette, using an array of three strain gages.
A system of strain gages and accelerometers allow for many properties to be measured; however, damage
determination has remained hard to obtain with such a system. Some researchers have investigated a procedure of
detecting damage in the vicinity of strain gages, through a measure of material property changes. That is, as a crack
extends, the stiffness in the surrounding area of the structure would change. [7] This change could then be detected
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with strain gage measurements, allowing cracks to be discovered. However, similar to visual inspection and coin tap
testing, the damage must be quite large to be detectable.
Strain gages have significant deficiencies that reduce their applicability for health monitoring applications.
Apart from only detecting strain or change of strain in local areas, they are temperature sensitive, and are susceptible
to sensor drift and electromagnetic interference, requiring frequent calibrations. A SHM system should be able to
function without calibration for an extended time to reduce ground time and cost. Consequently, even though strain
gages are inexpensive, they are not projected to be the key sensor of an SHM system.
A more promising method of nondestructive testing is in the field of fiber optics. The transfer of light through a
glass tube was proven in the 1840’s, but not until the 1950’s was fiber optical wire developed. In 1978, K. O. Hill
demonstrated the first fiber Bragg grating (FBG) within a fiber optic wire. [8] With this development, optical fibers
have been used to measure the elongation of the fiber and thus the strain within the structure it is bonded to.
Fiber optics techniques center on the ability to measure a light wave pattern traveling through each optical fiber.
Any deformation in the fiber will result in a change in wave shape of the light traveling through the fiber, which can
be analyzed by a signal conditioner, using a FBG, pattern etched within the optical fiber. A Bragg wave is generated
by a light source and travels through the optical wire. As it comes to the region containing the FBG, a small portion
of the wave is reflected back. The wavelength of the reflection is altered by the elongation, or strain, applied to the
FBG region of the fiber. Therefore it can be used to measure longitudinal strain. This process is illustrated in Figure
2.3 below.

a) Basic setup of Bragg wave and reflected
wavelength of light source

b) Wavelength shift due to elongation of FBG

Figure 2.3: Visual of fiber Bragg grating as a strain gage.
Strain applied to fiber Bragg grating results in change of wavelength reflected
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Because only light waves are transmitted through the fiber, electromagnetic interference is avoided and little to
no sensor drift occurs. This system can also be used in a manner similar to strain gages, in that an array of fibers and
FBGs can be arranged to form a rosette pattern, similar to that of Figure 2.2, and obtain longitudinal strain in three
directions at a single point. The fiber optic system has a high data acquisition or sampling rate, so it could be
coupled with an ultrasonic system. This arrangement could produce a light weight SHM system, composed of
optical fibers and an array of ultrasonic actuators/sensors.
However, the fiber optic system does have some deficiencies. The optical Bragg grating operates in detecting
oscillating strains on the lower end of the ultrasonic frequency range. This leads to them being poor acoustic
emission sensors with lower quality data when compared to other forms of ultrasonic sensors. The price of the fiber
optic system is high relative to strain gage systems, but this price could decrease with increasing use in civil and
aerospace structures. Research is on-going to increase the abilities of fiber optics and FBGs. [9],[10],[11]
In conclusion, fiber optics allow for an alternative to strain gages and possibly have the ability to be used with
an ultrasonic system, despite the current high relative price. The focus of the research reported in this paper was on
the ultrasonic testing techniques, which are described in the following section.
2.3.3

Ultrasonic Testing

During World War I, a pulse transit-time method was devised for ships. The idea came about as a way to detect
icebergs at a distance sufficient for routine avoidance. The technique was soon adopted on surface ships and
submarines for detecting other ships in the vicinity, forming a simple radar/sonar. The system was an early form of a
pulse-echo system, where pulse waves were sent out through the water; the waves reflected off of any obstructions
in the water and returned to the transmitted ship. However, this concept of pulse-echo waves was not adapted to a
nondestructive testing method until 1940 by Firestone, who recognized its importance to the field and shortly after
by Sokolov in 1942. They used previous discoveries of the effects of sound waves in materials to create a pulse-echo
system to send out sound waves into materials and then analyze any returning, response waves. Any differences in
these response waves and those within the undamaged structure would be the result of any internal cracks or voids in
the material. Thus, the beginnings of nondestructive, ultrasonic testing were formed. [12]
Due to the limitations on the sound producing materials available at the time, low frequencies were used. As
advancements in ceramics and piezoelectric materials have advanced, today’s actuators and sensors, used to pulse
and receives waves in materials, contain the abilities to produce frequency sound wave pulses in the ultrasonic
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frequency range of 100kHz and higher. The concept of how this technique functions is discussed in more detail in
the following chapter.
2.3.4

Acoustic Emission Testing

The concept of acoustic emission (AE) testing has existed for many years, and recently it has been extended to
include an even larger range of materials. It is known that severe cracking of structures produces an audible sound
that can be heard by a human. Early man listened to pottery cooling for sounds that would denote structural damage.
As early as 3,700 BC, tin smelters in Asia termed a phrase “tin cry,” which were noises produced by the deforming
tin. As early as the 8th century, books documented the changes in sounds that different materials produce as a result
of deformations. By the 1800’s acoustic emissions from tin, iron and other materials, audible to human ears, were
described in books. Czochralski, and later improved upon by Anderson, correlated the audible sounds and the
materials that produced them. Tensile tests of metals during the mid-1900’s were published by Kaiser, who is
credited as the principal source of modern day AE techniques. [13]
Current acoustic emission testing methods make use of a variety of ultrasonic sensors to detect emissions of
energy too small to be audible. These sensors allow for detections of minute increments of crack extension on the
order of 0.01 in. Therefore, it is possible that the system can detect when cracks initiate well before the failure of
structural components. The AE system of sensors was used in the research effort of this thesis to detect minute crack
extensions within the body. These measured signals were transformed into meaningful measurements of the extent
of the damage, such as the level of crack extension as well as the location of the crack tip within the component.
2.4

Artificial Neural Networks
Many natural phenomena can be modeled mathematically to predict the resultant actions, if the phenomena

should occur again. The solution of many problems lies in the form of differential equations, which often require
assumptions and specific equations to solve. An example would be a bar pivoting about one of its ends. The position
of the bar can be defined in terms of the angle of the bar relative to a horizontal line as well as the angular velocity.
If the problem is expanded to be a human arm, the mechanism contains multiple members and joints. All of the
individual members have multiple degrees-of-freedom in three dimensional space, adding complexity. Although a
solvable problem, the task of predicting and controlling the movement would require many time-intensive
calculations. But for humans, the tasks of walking or picking up objects with arm and finger movement are quickly
performed within the brain, with accuracy and precision. Thus researchers have searched for a mathematical
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procedure to replicate the thought process of the brain and implement it to solve difficult problems with no defined
analytical solutions.
Artificial neural networks or similar concepts with different names have been studied in various fields. For
example, most artificial intelligence procedures fall under the category of artificial neural networks, since the
principles of the learning system are the same.
The concept of an artificial neural network (ANN) was introduced in the 1940’s by McCulloch and Pitts.
Through specific network architectures, they created simple two neuron systems, which could solve basic logic
problems, such as AND and OR gates. Hebb suggested the first rules for a learning algorithm for a simple network
in 1949. Using these laws, simple networks could “learn” how to solve basic logic problems by being trained with
examples. In 1962, Rosenblatt created simple one layer networks, called perceptrons. In addition, Rosenblatt
developed a learning scheme more powerful than Hebb’s learning laws, which led to the creation of better networks.
The limitations of these networks were merely the range of problems they could solve. Only lower order problems
could be solved with this style of network. It was not until much later that higher order problems could be solved by
artificial neural networks. [14]
In the late 1950’s Von Neumann developed the serial computer, which involved basic sequential lined coding
and computations. Since the serial computer performed much better in solving problems, compared to ANNs, the
main focus of research shifted to these in the 1970’s. As a result current computers and most programming software
languages follow this process, initialized by Von Neumann, and research on neural networks was greatly
diminished. [14]
It was not until the 1980’s, when neural networks became a popular focus of research again. In 1986 Rumelhart,
Hinton and Williams developed the procedure to create neural networks with multiple layers of neurons, or nodes,
and to teach them. The result was a procedure to solve higher order problems, which were impossible for the simple
perceptrons. Along with this came the quickness to solve very complex problems, when compared to the serial
computer. Around this same time, Kohonen developed a novel form of architecture of a network, which categorized
datasets into different groups, and placed them onto a two-dimensional topological map. This particular architecture
is known as a self-organizing map. Networks based on this architecture can group objects without any prior
knowledge of the category sets and often discover patterns in the datasets, which the human mind would not have
detected. [14]

14

This resurgence of artificial neural networks continues. Recent and classical problems are being researched with
neural networks to examine its learning ability to solve complex problems. While artificial neural networks may not
have a use in all applications, the field of structural health monitoring certainly appears to have a good match with
neural networks.
2.5

Structural Health Monitoring
Research in the field of structural maintenance has addressed the potential for in-service structural health

monitoring in recent years. Studies have continued to improve all methods of monitoring for damage within all
forms of structures, although aerospace, biological, and civil engineering projects have received the main focus.
For aircraft systems, these studies have ranged from improving the methods of the current ground maintenance
schedules to scanning for damage in-flight. The Boeing Company has investigated a method of utilizing strain gage
readings, along with other sensors currently installed on aircraft. They have built a database of measurements taken
during flight, which would be used as a statistical baseline for analysis of aircraft during flight. The system, called
Airplane Health Management (AHM) service, will take measurements from sensors on aircraft during flight,
compare readings to the database of similar aircraft models, and attempt to determine if a structural problem exists
and identify the location of the problem. Previous problem areas and instrument measurements have been
incorporated into the AHM system to analyze the aircraft in-flight. This method of statistical analysis has shown
promise and could also be applied to the other technologies, other than structural health monitoring. [15]
Further research has examined the possibility of embedding an entire sensor system as part of the structure
itself. Studies of embedding optical fibers [16] or piezoelectric actuator/sensors [17] into composite panels have
been conducted, since these sensors are able to withstand the curing process and remain functional during and after
the manufacturing process of the structural component. As a result, the structure would operate normally, but with
internal sensors constantly scanning for damage.
Another research focus has been on efficiently creating a quick, processing health monitoring system. G. R.
Kirikera et al have developed a structural neural system, which utilizes acoustic emissions and a specialized data
collection process to determine damage location in a flat structure. [18] Similar research investigated the potential of
artificial neural networks as a means to post process complicated ultrasonic signals. [19] This research demonstrated
that there is a possible use of artificial neural networks coupled with nondestructive testing techniques to identify
damage within the structure.
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There has been much research to improve the prediction capabilities of fracture mechanics, the sensing abilities
of nondestructive testing systems, and the performance of artificial neural networks for analyses. However, much of
this has been separated into its individual fields. The research reported in this thesis had the goal to combine the
knowledge of cracks, using Irwin’s discoveries in fracture mechanics; passive ultrasonics, using Kaiser’s studies of
wave theory; and artificial neural networks with the advances made by Rumelhart et al. The research results
presented in this thesis provides the initial stages of the development of a structure health monitoring system,
capable of monitoring an aerospace structure in real-time, taking advantage of the abilities of each of these
individual elements. The system proposed shows that artificial neural networks have promising possibilities in the
field of nondestructive testing by allowing quick analysis of results, gathered by a NDT system. Using fracture
mechanics procedures, a quick assessment of the remaining life of a structure could be obtained. This research
shows that the combining of various fields of study could provide the necessary tools for a functional structural
health monitoring system.
The following chapter describes the principles of technology of each of the fields introduced in this chapter and
examines the analytical methods of the various fields. These are combined together in a series of experiments to
demonstrate the possibility of the SHM system.
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3

ANALYTICAL METHODS

Mathematical and scientific theories have been created to model a scientific phenomenon so that one can predict
the outcome of the phenomenon before it actually occurs. This chapter discusses the analytical processes revolving
around how materials experience stress and crack growth, how ultrasonic testing systems function, and how artificial
neural networks are constructed and implemented. These processes are then integrated to form a system, capable of
not only detecting and locating cracks, but also analyzing them by determining the severity or magnitude of the
crack extension.
3.1

Material Properties
Many different materials have been utilized for the construction of the various creations of the world. In the

aerospace field a majority of the structural components are made from aluminum. Aluminum has been one of the
most abundant resources available [20],[21], and as such has become the second most widely used structural
material with a multitude of applications [22]. The two most desirable characteristics of aluminum include its
density (about a third of the density of steel) and its large strength to weight ratio. These make aluminum an ideal
material for aerospace systems. The main drawback with this material has been the process of extracting it from
mined ore, which is an energy intensive process and thus expensive. [21] Even with these costly production
procedures, the positive aspects of the metal have resulted in it being widely used for many aircraft structures.
3.1.1

Isotropic Metals

At the macroscopic level aluminum and most other metals belong in a category of uniform, isotropic materials.
These materials have identical material properties in any direction about a point. The constitutive properties of
isotropic materials can be defined using the stress-strain curve of a point subjected to a uniaxial state of stress. The
general form of a uniaxial stress-strain plot is illustrated in Figure 3.1. A test coupon of the material is introduced to
a uniaxial state of stress below the yield strength, σys, and strain occurs. If the stress is removed, then the strain will
return to zero, for linearly elastic materials.
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Figure 3.1: Generic stress-strain curve for an isotropic material subjected to uniaxial state of stress.
a) Linear region; b) onset of plastic deformation region; c) onset of necking; d) fracture; E, modulus of elasticity;
σf, stress at fracture; σys, yield stress or yield strength; σu, ultimate stress
The ideal material is uniform at the macroscopic level; however, there are always voids and micro-cracks
present at the microscopic level. When the metal is produced, multiple crystalline structures are formed
instantaneously in various locations. These small crystal structures, or grains, are usually oriented in different
directions. Once these crystals grow large enough, they will collide with other crystals at mismatched borders,
causing the grain boundaries illustrated in Figure 3.2 [22]. The grain patterns of the metal can range from fine grain
patterns to coarse grain patterns, depending on the manufacturing process. Micro-cracks and voids will always be
present when the material is produced. Under external loading some of these voids grow into small but finite cracks.
With sufficient levels of stress, these micro cracks can grow to a critical size and the structure will experience a
fracture failure.

a)

b)

c)

Figure 3.2: Diagrams of the various stages of solidification of a crystalline structure.
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a) Small crystals forming, represented by cubes; b) Growth of crystals with obstructions from adjacent structures
starting; c) Completion of solidification, showing irregularities and voids at boundaries; Adapted from [22]
3.1.2

Linearly Elastic Metals

The linearly elastic region of a material, illustrated as the blue section of the curve in Figure 3.1, is the most
studied region of the stress-strain curve, since most structures have been designed to only experience stresses within
this region. The main reason for this is the linear single-valued relation between stress and strain in this region.
These requirements are illustrated for various examples in Figure 3.3 below.
Linearly Elastic

Inelastic
Stress, σ

Stress, σ

Stress, σ

Nonlinearly Elastic

Strain, ε

Strain, ε

Strain, ε

Inelastic

Inelastic
Stress, σ

Stress, σ

Stress, σ

Inelastic

Strain, ε

Strain, ε

Strain, ε

Figure 3.3: Stress-strain relationship examples for linearly elastic and inelastic materials.
Blue lines are areas of increasing applied stress. Once a maximum point is reached, then the stress is decreased,
shown as the red line; Adapted from [23]
Strain waves generated in a linearly elastic material as a result of crack growth, impact events, or ultrasonic
devices lie in this linearly elastic region of the stress-strain curve. Since these strain waves are very small, they lie
near the zero strain point. Any permanent deformations to a structure could alter how stresses are dispersed
throughout it. The structural components of an aircraft fabricated from aluminum are designed such that the stress
levels are below the yield stress, so the aluminum remains in the linearly elastic range of the material. Ultrasonic
testing equipment can be used for nondestructive testing.
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3.1.3

Plastic Deformation

A combination of elastic and plastic deformation occurs when a uniaxial stress applied to the region exceeds the
yield strength. In Figure 3.1 this region is shown in red or where the stresses are greater than the yield strength at
point b). In this region, permanent deformations take place, resulting in deformed positioning as well as grain
pattern changes within the material. These can affect the properties of the deformed material.
For linearly elastic materials, when a stress is applied and then unloaded, the material will return to its original
unstressed state, along the elastic line. Most structures usually never experience in-service loads that exceed the
elastic limit of the material, allowing the structure to maintain is original shape. However, once the stress levels
become large enough, both elastic and plastic deformation occurs. Elastic deformation of the material is still present
in the plastic region; however, some additional permanent deformation occurs. This plastic deformation will remain
after all stress is removed from the material. Figure 3.4 illustrates the affects of a plastic deformation on a material
point subjected to uniaxial stress. The stress-strain curve during unloading is linear with a slope equal to the original
modulus of elasticity, E. The new yield strength increases to σys’ the maximum amount of stress present before
unloading on the original stress-strain curve. This phenomenon is called strain hardening, since the yield strength for
reloading is increased before further plastic deformation occurs.
σys’

Stress, σ

σys
E
E

εp

εe
Strain, ε
Elastic Region
ys

Plastic Region
aa

New Curve
ac

Figure 3.4: Uniaxial stress-strain curve after plastic deformation has occurred.
Slope stays the same in the unloading region; σys’, new yield strength and the point of maximum loading before
unloading; εp, amount of permanent strain deformation; εe, elastic portion of the strain
When loads are applied that exceed the yield strength and then released for one cycle, the material properties
are altered as shown in Figure 3.5. Generally the yield strength increases, and other material properties can be
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affected as well. The resultant permanent strain will affect the shapes of the grain patterns within the material. For a
low number of cycles of loading past the yield strength and then unloading, the differences in the properties are very
small, but as the number of cycles increases, the material properties will begin to change. This process is known as
cold work, since it is done at room temperature and physical work or energy is applied to the component. Displayed
in Figure 3.5 below are the changes in some of the material properties as the amount of cold work on the material
increases. Generally, material strength and hardness increases, while ductility decreases with cycles of cold work.
The material becomes stronger but more brittle than it was originally. This process is usually done in a designed, or
controlled, manner, achieving desired material properties. However, fatigue loading on a structural component,
while in service, could result in this same cold work effect if the stress levels are large enough. This could change
how a structure reacts, which in severe cases could result in a failure of the component at unexpected times and
conditions

Figure 3.5: Effects of cold work applied to a metal.
A generic metal is shown, illustrating how material properties and grain patterns change as cold work is applied
[24]
3.2

Fracture Mechanics
There have been two perspectives of fracture mechanics over the years. The metallurgy view of fracture

mechanics provides a methodology to examine a fractured part to determine the cause of fracture failure. The other
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view, the stress analysis perspective of fracture mechanics, provides a procedure for which a structural component
could be designed to prevent fracture failure for the component for the operational loads of its design life. With
research breakthroughs, starting with Griffith in the 1920’s, the stress analysis viewpoint has been utilized to
decrease the number of brittle fracture failure structures. [25]
As mentioned previously, all materials contain flaws in the form of micro-cracks in the vicinity of the grain
boundaries. As the level of stress increases around these micro-flaws, they can increase in size, until detectable
cracks are present. These cracks can then continue to grow until the material fails. Thus it is necessary to know the
nature of the cracks before failure, so if one is detected within a structure, the proper maintenance actions can be
performed before the structure fails.
Cracks in materials can grow as a result of applied stress in three different orientations to the crack plane and
front, designated as modes. The three modes, illustrated in Figure 3.6 below, differ in the type of loading stresses
and the resultant displacement of the material at the crack tip. Mode I fracture was the focus of this research because
it is the most frequently occurring mode in structures. The applied stresses of the Mode I loading are perpendicular
to both the plane of the crack and the crack front. [25]

a) Mode I

b) Mode II

c) Mode III

Figure 3.6: Three modes of applied loading to a crack.
a) Opening crack; b) in-plane shear crack; c) out-of-plane shear crack

3.2.1

Stress Intensity Factor

Irwin’s studies found that the stress and the crack length can be related through a single parameter. [2] Thus one
parameter can be used to define the intensity of the stress field in the vicinity of a crack tip.

22

Consider a semi-infinite thin flat plate with a single crack subjected to Mode I loading. As illustrated in Figure
3.7, a single “edge” crack is used, allowing for only one crack tip to be present. The plate is thin enough to assume
plane stress conditions occur over most of the crack front. By using linear elastic methods of calculation, the
components of stress on a small element, near a crack tip (Figure 3.8) can be determined. The non-zero components
of stress of the two-dimensional stress field are given in equation (3.1). The variable, a, is the length of the crack and
σ is the uniform remote surface traction in tension. Other notation is provided on the illustration of Figure 3.8. These
equations are for a semi-infinite thin plate, so that the component is in a state of plane stress.

σexternal

Plastic region

Surface plastic zone

Internal plastic zone

Figure 3.7: Plate with infinite boundaries and a single crack.
Mode I loading applied to the plate as well. Adapted from [26]
σ22
σ12

x2

σ11

θ

r
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Figure 3.8: Stress field and sign convention for elements near a crack tip.
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From equation (3.1) above, the stresses can then be broken down into a function of the remote stress and crack
size multiplied by a function of the position of the point relative to the crack tip.

σ 11 = h(σ , a) g 1 (r , θ )
σ 22 = h(σ , a) g 2 (r ,θ )
σ 12 = h(σ , a) g 3 (r ,θ )

(3.2)

In this set of equations, the function of stress and crack size, h, remains the same throughout the stress field.
This function, h, can be represented as a parameter, called the stress intensity factor, KI. Using Irwin’s approach, this
parameter can be written as:

K I = σ πa

(3.3)

The subscript of I denotes Mode I loading. A similar method can be performed for Modes II and III, and a
corresponding stress intensity factor can be determined as well. The Mode I equations are given in equation (3.4),
Mode II are in equation (3.5), and Mode III are in equation (3.6).
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(3.5)

σ 11 = σ 22 = 0
σ 12 = − K III (2πr ) −1 / 2 sin
σ 23 = K III (2πr ) −1 / 2 cos

θ
2

θ

(3.6)

2

σ 33 = 0
The equations shown above, in terms of the stress intensity factor, are for an infinite plate with uniform remote
stress. However, actual structures consist of finite boundaries. Therefore, the equations must be modified to account
for the boundaries on the plate, such as plate edges, cut-outs placed in the structural component, or additional
stiffeners. Thus a geometric correction, β, is introduced to equation (3.3), resulting in the following expression for
the Mode I stress intensity factor:

K I = σ πa β

(3.7)

This final form provides a means to write the stress components of the two-dimensional stress field in the
vicinity of a crack tip in a structural component of arbitrary shape in terms of a single parameter, the stress intensity
factor, KI. The value of the geometric correction factor is usually around 1 with some deviation depending on the
location of the crack and the geometric boundaries of the material. Various formulae have been developed to
account for many general geometric shapes found in practice. For this section, an edge crack is evaluated, since it
was the configuration selected for the experiments performed in the following chapters. Therefore, the geometric
coefficient is equal to 1.122 for the edge crack condition in a semi-infinite plate. [25]
Using the stress intensity factor to designate the severity of damage, a critical value of stress can be associated
with a crack length for which the crack will undergo unstable growth. Therefore there is a critical stress intensity
factor, KC, which is a property of the material, the grain pattern direction, and thickness of the structural component.
3.2.2

Plastic Zone

The magnitude of the internal stress in a structural component increases in the vicinity of a crack tip.
Theoretically, the stress at the tip of a crack reaches infinity. However, in reality the material near the crack tip will
yield and the stress level at the tip will be limited. For the case of plane stress condition at the crack tip, a region of
the material near the crack tip will yield as the level of stress will be limited to σys in this region. This is illustrated in
Figure 3.9. In the figure, the stress distribution shown is, σ22 perpendicular to the plane of the crack, θ equals zero,
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using the second equation in (3.1). It is illustrated that the stress increases drastically near the crack tip, but when the

Stress

stress level reaches the yield stress, plastic deformation occurs around the crack tip.

Stress
Yield Strength
crac
pz

σys

Crack size, a
Postion away from Crack

Plastic Region

Elastic Region

Figure 3.9: Stress value near a crack tip.
Stress values are shown for θ=0° or in the crack plane.
Irwin approximated the width of this plastic zone, rp, using equation (3.8) for thin plates. This was later refined
by Harter, including a thickness coefficient to account for various plate thicknesses, t, shown in equation (3.9). This
equation also shows that for thinner plates, the value, I, tends to be smaller, resulting in a larger plastic zone than
thicker plates. Also, the stress field in the vicinity of the crack tip in a thin plate is one of plane stress, while the
stress field for a thick plate is one of plain strain. These equations predict the width of the plastic zone in the plane
of the crack, θ equals zero.
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for 2 < I < 6

The planar boundary for the entire plastic zone around a crack tip can be determined using a two-dimensional
yield criterion. For the research of this paper, the von Mises yield criterion was used as the method is appropriate for
most metallic materials. This method defines the onset of yielding at a point in terms of the strain energy of
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distortions. Using von Mises yield criterion the boundary of the plastic zone is given by equation (3.10), and
illustrated in Figure 3.10. [25]
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2
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x2

rpε

rpσ
x1

Plane Stress
Plane Strain
crac

Figure 3.10: Plastic zone boundaries for plane stress and strain.
These curves at the tip of a crack are defined with the aid of the von Mises criterion
This plastic zone has two very different shapes for plane stress and plane strain. Each of these conditions is
present for most cracks. However, for thin-walled structures, the plane stress region takes a more dominant role,
while for thick structures, plane strain is more dominant. Plain strain occurs where the strain field of a material is
planar. This will happen when the boundary conditions prevent any strains in the transverse dimensions. This might
occur in the middle of a plate region if the plate is thick enough. For plane stress, the non-zero stresses for a small
element in the structure are in only two dimensions, which is the case for the surfaces of the plate. The extreme
cases of using a thin-walled plate and a thick-walled plate are illustrated in Figure 3.11 below. Necking is shown to
occur in both of the cases but occupies a larger area relative to the thickness of the plate in the plane stress region,
since the strain is not limited to the two-dimensional field. For the plane stress case, the 45° angled walls, formed by
final shearing stress are the more dominant feature of the cross-sectional view of the crack tip. Contrasting is the

27

plane strain case, where some necking is still present, but the dominant trait is in plane strain, resulting in a mostly
flat crack surface. For thin-walled structures such as aerospace structures, plane stress fractures are the main type of
fracture. All of these characteristics are discussed in further detail in the next section.
Thickness
Necking
(Permanent
Deformation)

Thickness

45° angles

a) Dominantly plane stress fracture

b) Dominantly plane strain fracture

Figure 3.11: Views of plastic zone and deformation changes for plane stress and strain
Before and after cracking; Adapted from [26]
As with the smaller plastic zone around a crack tip in plane strain cases, the material becomes more brittle.
Inversely, for the plane stress situation, more necking occurs before failure, resulting in the material being less
brittle, and experiences more plastic deformation. Figure 3.12 below shows how the thickness affects the loading
pattern on a structure. When crack growth is initiated, a maximum critical loading is obtained, Pmax. When this
occurs, the loading will drastically drop. For plane stress cases, some necking occurs, forming a similar shape to
generic stress strain curves, which contain both elastic and plastic regions (Figure 3.1). Most structures contain
structures with a variety of thickness, containing both cases of fracture without one case dominating. For these, as
Figure 3.12b illustrates, the material will recover from the crack growth and continue supporting load, until a larger
critical load is reached. This is when a stable crack occurs as there is crack growth and the loading drops, but does
not return to zero, resumes increasing again, but from a lower value. From these plots for specific materials,
predictions can then be calculated, determining when a crack will propagate and if it will lead to failure of the
structure.
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Figure 3.12: Characteristics for load applied as a function of the displacement of a material.
a) Type I: dominantly plane stress; b) Type II: mix of both plane stress and plane strain; c) Type III: dominantly
plane strain; Adapted from [26]
3.2.3

Crack Extension

Previous researchers have discovered the characteristics of how Mode I cracks initiate and extend. This is
illustrated in Figure 3.13 below. Micro-cracks and small cavities formed during material processing or manufacture
of the component, experience elavated stress concentration, relative to the surrounding areas. As a result these voids
will grow larger, as the bonds surrounding them will break. As these break, the energy stored in the bonds is
released throughout the material. As the voids increase in size and more voids are created the stress level will be
increased on the remaining bonded regions of the material. Eventually the voids will link together, forming a large
cavity, forming a plane strain fracture within the tip (Figure 3.13c). As this internal crack extends outward towards
the surfaces of the component, shearing forces will aid in severing the remaining bonds of the material, resulting in
walls, angled at 45° from the plane of the dominant crack. For thin-walled structures, the shearing effect occurs
further towards the center of the component, producing crack shaped profiles similar to those in Figure 3.11a.
Previous investigations [22] conclude that the surface of a crack is generally never a truly flat surface throughout,
and that some necking will always occur for metallic or polymer materials. For ceramics, too many micro-cracks are
initially present, leading to quick, brittle fractures, before a plastic region can form.
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a)

b)

c)

d)

e)

Figure 3.13: Stages in crack formation from a cross sectional view.
a) Initial necking; b) Growth of micro-cracks into small cavities; c) Joining of cavities to form internal crack; d)
Crack propagation; e) Final shear fracture at 45° angles near the edges; Adapted from [22]
As the loading approaches the maximum load, Pmax, the crack will extend or grow. This critical loading amount,
when coupled with the initial crack size, can be expressed in terms of the stress intensity factor as detailed in section
3.2.1. This critical stress intensity factor, KC, is a material property that defines when a crack will extend within a
structure. The equation for this is the same as equation (3.7), except the crack size, ac, and remote stress, σc, are at
some critical values for each, shown in equation (3.11).

K C = σ c πa c β

(3.11)

Equation (3.11) is the general expression for the critical stress intensity factor. As the thickness of the material
is increased, the general critical stress intensity factor, KC, decreases to a minimum value of, KIC, known as the plane
strain stress intensity factor. This minimum value of KC is a material property. Both KC and KIC have been
determined experimentally for many materials, and plotted as the critical stress intensity factor as a function of the
thickness of a plate, for various materials. An example plot is illustrated below in Figure 3.14. [25] From the critical
stress intensity factor, a prediction can be made for the critical stress for a given structure with a crack of known
length.
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Figure 3.14: Critical stress intensity factor as a function of thickness for aluminum plates of various alloys.
Includes specifications on temperature and general grain direction of the material [25]
The critical stress for a structure with a known crack length is useful in this research to determine the value of
applied stress the structure would require to experience additional crack growth. Through the work of Paris and
others that have expanded upon his original work, predictions of crack growth due to cyclic loading are possible.
The basic model for fatigue crack growth found in Paris’ Law, relates the change in crack size to the cycles of
fatigue loading. Previous experiments have been conducted to measure the number of cycles of uniform stress
fatigue loading to failure. These S-N curves provide the number of cycles of a certain stress level before the material
fails. These data provide the means to determine the remaining life of a structure, based on normal service loading
cycles and the size of the damage. Aircraft ground maintenance routines are performed after a specific number of
service hours to search for damage. If damage is found, a remaining life prediction is performed and the appropriate
repairs actions are performed on the damaged component. The focus of this thesis is to develop a concept for an in-
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service damage detection system to monitor growing cracks. The system must be capable of detecting growing
cracks in a structure.
3.3

Ultrasonic and Nondestructive Testing
As described in the previous sections of this chapter, cracks grow from the crack tips. At these locations, bonds

are broken (see Figure 3.13) and as a result energy is released. The released energy takes the form of strain waves,
or minute deformations of the material in the form of p-waves, compression waves, and s-waves, shear waves. The
energy released at the crack tip for an increment of crack extension is propagated in an axially symmetric manner
about the source (the crack tip). The focus of this section deals with strain wave properties and how these may be
detected by acoustic emission sensors as part of a structural health monitoring system.
3.3.1

Strain Waves in Metals

When cracks extend, energy is released in the form of strain waves that are propagated symmetrically from the
crack tip into the surrounding material. For large increments of crack extension, this energy will disperse into the
surrounding area in the form of audible sound. For minute growths, this energy is released into a structure in the
form of a strain waves with frequencies in the ultrasonic range, which consists of frequencies of 100 kHz and higher.
These strain waves, contain two major forms; compressive and shear waves. Shear waves travel on the boundary
surface of structural components, causing shear strains and thus shear stresses on the surface of the material.
Compressive waves travel within a structural component. Therefore, for thick structures, both waveforms are known
to be present with the compressive waves (Rayleigh waves) receiving greater attention in the structure. However, for
thin-walled structures, the shear waves (Lamb waves) dominate due to the small thickness. These waves can travel
greater distances in an object, using both surfaces of the material, which are relatively close to one another in thin
structures. Thin-walled structures are the dominant configuration for most aerospace structures in order to conserve
weight, so these were the focus of this research. [23],[27]
Since the frequencies of these waves are in the ultrasonic range, other complexities complicate wave analysis.
Any smooth continuous wave, such as strain waves, can be broken down into components of shear or compressive
waveforms, called phase modes. This is similar to the Fourier transform of waves. These phase modes consist of
symmetric and asymmetric waves, which represent the compressive and shear waves respectively, and are usually
denoted as si for symmetric mode i and ai for the asymmetric mode i. These are called symmetric and asymmetric
phase modes, due to the general shape produced by the wave in a material. An example of some of the first few
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wave modes are illustrated in Figure 3.15. Each of these phase modes travel at a different velocity within a material.
Plots, called dispersion curves, can be created for specific materials. These map the speed of the phase modes as a
function of their frequency and thickness (Figure 3.16). [23] However, due to the complexity, only numerical
methods can be used to obtain these plots. No analytical solution currently exists. [23] Apart from differing phase
mode velocities, the resultant signal received by a sensor can become further complicated due to the geometry of the
structural component because of the reflections of the wave off of the geometric boundaries. These measured strain
waves are commonly examined using the concept of wavelets. However, artificial neural networks were used to
examine the measured strain waves of this research in an effort to avoid the strenuous calculations associated with

Thickness (in)

Thickness (in)

wave theory.

Deformation (in)

Deformation (in)
b) First symmetric mode, s 0

Thickness (in)

Thickness (in)

a) First asymmetric mode, a 0

Deformation (in)
d) Second symmetric mode,
s1

Deformation (in)
c) Second asymmetric mode,
a1

Figure 3.15: First and Second phase mode shapes for strain waves in a structure.
Dashed lines represent the upper and lower surfaces of the plate; Adapted from [23]
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Figure 3.16: Example of dispersion curves for a complex strain wave.
Plots were produced using software from [29]
3.3.2

Piezoelectric Ceramics

Piezoelectric materials, produce a voltage when deformed, or inversely deform when subjected to an applied
voltage. The first demonstration of this piezoelectric effect in a material was in 1880 by Pierre Curie and Jacques
Curie. Woldemar Voigt published a book in 1910 on crystal physics [28], which detailed 20 crystal classes of
piezoelectricity and determined constants and comparable traits of those materials. This material is common in
microphones and speakers of today. In the 1950’s, a ceramic crystal of lead-zirconate-titanate (PZT) was discovered.
Consequently the PZT crystal became the primary material in use today for acoustic emission and ultrasonic sensors.
[31], [32] These sensors were chosen for the experiments in this paper, since they were sensitive enough to detect
small changes in strain to produce a voltage signal.
The PZT crystal has a special property. When it is created, it is cured in such a manner that the grain alignment
within the material is unidirectional, resulting in unique characteristics. The shape of the material, when deformed
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due to external loads, will produce a voltage. Inversely, if a voltage current is introduced to the material, it will
deform and change shape. The PZT crystal is sensitive enough to produce a change in voltage as a result of its
deformation when subjected to a strain wave of the level of that associated with crack extensions. However, as a
result of being so sensitive, the superfluous noise present in all dynamic structures is also detected by the crystal.
Much of this noise can be reduced with the aid of signal filters. However, some noise will be present in the signal
and produce an error in the final measured strain waves.
Along with being a sensor, PZT materials can also function as actuators for ultrasonic testing. The sensors can
be subjected to a change in voltage, which creates a strain wave within the attached structure. This form of active
testing might allow for more detailed responses than the passive system, but the active system is not truly a real-time
monitoring system. That is with a passive system, all strain waves are produced from noises or cracks, within the
subject material and these are detected by the system; thus creating a real-time monitoring system. This passive
system is often referred to as an acoustic emission system and is discussed in further detail in the next section.
3.3.3

Acoustic Emission

Acoustic emission is a passive form of ultrasonic testing, where the crack tips of growing cracks generate strain
waves, which can be detected by piezoelectric sensors. The intensity and location of the crack tip, the source of the
strain wave, can be determined using these measured strain waves. The energy level of a strain wave produced at the
crack tip is proportional to the size of the increment of crack growth. A triangulation method can be used to
determine the location of the crack tip. However, the strain waves detected are limited to only actively extending
cracks. If a crack is present but not extending, then the applied stresses around the damaged area are not near the
critical values required for growth and the crack is stable. Only growing cracks can lead to failure of a structural
component and are detectable by PZT sensors.
The strain energy released during the deformation of a material has been shown to occur at two stages of the
deformation. One is at the onset of plastic deformation, and the other when fracture occurs. This can be illustrated
using the results of a simple test, performed at the National Institute for Aviation Research (NIAR) at Wichita State
University. A metallic coupon was subjected to a monotonically, increasing pseudo-static tensile load, with one
acoustic emission sensor attached. The results of the test to failure are presented in Figure 3.17. The stress-strain
curve, illustrated as the solid line in the figure, follows the normal convention of being linear to the yield point and
nonlinear thereafter. Each of the discrete points on the plot is a measurement of the energy of each strain wave
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detected during the test. At the yield strength, around a load of 1700 lb. and load head displacement of 0.133 in., the
acoustic emission sensor detected some strain waves. At the initial point of crack extension near fracture, more
strain waves were detected with similar levels of energy. At the instant of final fracture two strain waves with much
larger energy levels were measured. Thus the two main states associated with released strain waves detectable by an
acoustic emission system, are at the onset of plastic deformation and at the point of crack extension associated with
fracture.
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Figure 3.17: Stress-strain curve from uniaxial tensile test of a metal sample with single acoustic emission
sensor.
Discrete points are the energy levels of individual strain waves detected by the sensor
3.4

Crack Properties and Plastic Zone Effects Observed by Acoustic Emission
Energy is released within a material for two different transition events, when the deformation of the material

changes from pure elastic deformation to a combination of elastic and plastic deformation, and at the point of crack
extension associated with fracture. This energy is detectable by acoustic emission sensors. The amount of energy
released by a fracture is generally far greater than the amount accompanying plastic deformation. However, both
instances occur for growing cracks. The tip of a crack is the site for very large stresses. Before the crack extends, a
region, or zone, of plastic deformation is achieved in the vicinity of the crack tip. This plastic region can be
approximated, using von Mises criterion to determine the boundaries of the plastic zone (see equation (3.10) and
Figure 3.10). For the thin-walled structures of this research, the plastic zone covered a very small region near the
crack tip, while the major portion of the structure was subjected to purely elastic deformation.
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As a crack initiates in the material, the plastic zone at the crack tip is quickly formed. As loading to the structure
is increased, the crack will increase in size as illustrated in Figure 3.18a. Thus at any increment of crack extension, a
crescent shaped region of new plastic deformation is created as illustrated in Figure 3.18b. This shape may vary for
fatigue loading, but for simplicity, a basic shape can be examined.

Initial
Final
Crack Tip

Plastic
Crack Tip
ac

b) Region of new plastic deform ation

a) Crack and plastic zone grow th

Figure 3.18: Crack tip and plastic zone for a crack tip within a thin plate.
Resulting changes for crack extension
Using an idea from the distributed point source method [30] for approximating complex waves traveling in a
material, suppose each molecular change is a point source of infinitesimally small diameter, which releases a strain
wave into the surrounding area. These point sources could be placed close together, forming a wave front with a
specific geometric shape. The principle of superposition would indicate that overlapping waves will start to cancel
one another as the distance between the point sources becomes smaller. As the number of point sources increases to
infinity and the distance between the points approaches zero, the geometric shape of the wave becomes continuous
and smooth. Waves will travel outward with this smooth shape in a direction normal to the boundary of the shape.
This is illustrated below in Figure 3.19, using a straight line of sources as an example. This idea was originally used
for generating wave shapes with piezoelectric actuators. However, this idea may also be applied to a point sources
not generated by an actuator, but rather the crescent shape of the new plastic region formed during crack growth.
The thicker region of the crescent shape, near the horizontal axis in Figure 3.18b, contains more energy then at the
sharp, pointed tip of the new plastic zone. Thus acoustic emission sensors ahead of the tip of the growing crack will
detect strain waves of higher magnitude of energy, when compared to sensors detecting the same wave above or
behind the growing crack wave (see Figure 3.20). Based on the direction of the growing crack, a wedge shape of
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intensity, or magnitude, of energy can be drawn, protruding outward from the crack tip. In other words, the wave
energy values detected increase as θ approaches zero. This allows for a line-of-sight principle to be applied to
triangulation methods to compare the detected strain wave of multiple sensors resulting from the same source wave
at the tip of a growing crack.

a) Single source

b) Multiple sources

c) Infinite sources

Figure 3.19: Illustration of the distributed point source method.
Adapted from [30]

c)

a)

d)

θ

b)

Old Plastic
New Plastic
Crack Tip
Sensors
ac

Figure 3.20: Sensor placement regions around a crack tip.
a) receives lowest energy waves, b) receives highest energy waves, c) receives lower energy waves compared to d)
As a crack grows, the material surrounding the crack tip undergoes a combination of elastic and plastic strain.
Strain waves propagating through the elastic region of the material will be characterized by a rapid deformation
followed by a return to the undeformed configuration; whereas, strain waves propagating through a region of
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elastic/plastic deformation will produce some plastic deformation, even for the minute deformations produced by the
strain waves. Because of this plastic deformation, the strain waves are dampened and reduced in amplitude when
they reach an acoustic emission sensor. This effect, along with the theory of distributed point sources within a new
plastic region, strengthens the notion of directional strain waves propagating from a crack tip during crack
extension.
The ideas presented in this section were observed during the experiments, described in the following chapters.
The influence of the plastic zone was assumed to be small enough to be negligible for some of the experiments,
since the energy released from the tip of the growing crack was much greater than the changes in energy associated
with the plastic zone. It is hypothesized, however, that the number of waves detected by the acoustic emission
system will be increased ahead of the crack tip, as opposed to behind the crack from a possible damping of the
waves through the plastic zone of previous regions. However, at the initiation of crack growth, plastic deformation is
more prevalent, so the influence of the plastic region may need to be considered in locating the position of crack
initiations.
3.5

Artificial Neural Networks
Artificial neural networks (ANN) are numerical methods for learning solutions to complicated problems in a

manner that emulates human brain functions. Due to the complexities of strain waves and crack behavior it was
fitting that the measured strain wave data of the acoustic emission system be analyzed using artificial neural
networks.
Created around the same time as serial computers, artificial neural networks are composed of algorithms to
mimic the thought processes of an organic brain to analyze a set of inputs to obtain a desired output set. The human
thought process was emulated mathematically, using a network of connected nodes with adjustable weighted values
on the connecting paths. Similar to a human brain, this network can be “taught” the relationship of inputs to outputs
using example datasets. After a sufficient number of example datasets are presented, the neural network can be used
to determine the output from a new input dataset that lies within the range of the examples it was trained with. This
process approximates the output set, using “fuzzy” logic. The true power of a neural network comes in its
application to complex problems. That is, a “well trained” artificial neural network can process the input data
obtained from complicated systems and determine an approximate output.
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Artificial neural networks are also able to cope with “noisy” data. Many uncontrollable variables exist in most
practical engineering problems. For many applications, small perturbations away from a designed location or minute
deformations are small enough to be ignored for calculations. However, for some instances some noise from
unknown sources may be detected. If this is the case, then an analysis system must be able to account for these and
adjust accordingly. One of the abilities of an ANN is the ability to calculate clean output data from input data
containing noise. This is a time and processor consuming endeavor for many other analytical procedures.
This is a particularly useful property for the application to a structural health monitoring system where the need
exists for quick assessment of the complex strain wave signals generated by acoustic emission sensors. This could
lead to an accurate, real-time assessment of damage to structural components while in-service. Artificial neural
networks were the method of choice to analyze the measured strain wave data of an acoustic emission system to
determine the location and severity of a crack.
3.5.1

Neuron to Node

It might be helpful to study an actual neural network to get a better understanding of an artificial neural
network. The nervous system of a human contains cells, called neurons. These biological neurons pass information
in the form of electrical signals from one neuron to another. The electrical signals transmitted between cells are the
information of thought, or intelligence. As illustrated in Figure 3.21, an electrical signal is received by a neuron
through the dendrites, the red sections of the cell in the figure. There is a small gap, called the synapse gap, between
connected neurons, which reduces the electrical flow. The received energy is then stored in the main body of the
cell, named the soma (purple section of the cell in the figure). After enough energy has been stored within the soma,
it is released through the axon (green section of the cell in the figure) to be sent to another neuron. The connection
patterns of the cells and the traits of the synapse gap are the key to intelligence. The configuration of the connections
between cells can change depending on the nature of the information and the destination. Within a true neural
network many neurons may be actively sending or receiving information simultaneously, resulting in vast parallel
processing in the system. This provides quicker calculations, resulting in close to real-time evaluations of time
dependant input and selection of appropriate reactions to the input data.
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Dendrite

Synaptic Gap

Axon

Figure 3.21: Biological neuron cell with 3 attached neurons.
Information is passed into the cell by the dendrites (red), stored in the soma (purple) and sent out through the axon
(green); Adapted from [14]
The basic concept of a biological neuron cell can be translated into a mathematical model such as that shown in
Figure 3.22. Here the cell can be reduced to a simple circle, a node, with weighted inputs and a single output
transmitted to the next node of the network. The inputs consist of numerical values from other nodes. The inputs are
weighted in a manner similar to the synaptic gap. All of the inputs are summed within the node, and an activation
function is implemented, similar to the process which occurs in the soma. The output is transmitted to the next
connected nodes, being weighted before being received by the next node.

Node
Weighted
Inputs

Output

Figure 3.22: Single node for a neural network model.
Coloring of components matches functions of model to biological cell in Figure 3.21
The conceptual model of the simple node can be translated into a mathematical form, using the notation in
Figure 3.23. The added weights are indicated by wij, where the subscript represents the path from node i to node j.
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For this simple illustration of a single node of the network, the input set consists of an array of m numbers placed
into the input layer. These values are then multiplied by a weight and summed together in node Y1 (see equation
(3.12)). The output of node Y1 is then the result of an activation function applied to the weighted sum, as shown in
equation (3.13). This function is the activation function, since it “activates” the node to produce an output value.

Figure 3.23: Single node network.
m inputs, placed in nodes Xi, to obtain output, O1, through node Y1

y in = w11 X 1 + ... + wi1 X i + ... + w m1 X m
m

y in =

∑w

i1

Xi

(3.12)

i =1

O1 = f ( y in )

(3.13)

The network itself works best in a binary or bipolar setting, consisting of the inputs and outputs of all nodes
operate from a 0 to 1 domain for binary (domain is -1 to 1 for bipolar), similar to serial computers, where a 0 means
off and a 1 means on. For computers, there is a definitive switch between these two values or a hard threshold,
where within its hardware; bits are stored as either a 0 or 1 to represent all data. The difference in ANNs lies in the
parallel processing action as well as the function applied to yin in equation (3.13). Unlike serial computers though,
the activation function in nodes can contain a soft transition between on and off. This is where “fuzzy” logic and
approximations can be computed. Four examples of the most common activation functions are shown below in
Figure 3.24 and subsequent equations (3.14) to (3.17).
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Figure 3.24: Common activation functions.
a) Equation (3.14); b) Equation (3.15); c) Equation (3.16); d) Equation (3.17)

0 x < 0
f ( x) = 
1 x > 0

(3.14)

− 1 x < −c

f ( x) =  0 − c ≤ x ≤ c
1
x>c


(3.15)

1
1 + e −ξx
f ' ( x) = ξ ⋅ f ( x) ⋅ [1 − f ( x)]

(3.16)

e x − e−x
e x + e −x
f ' ( x) = [1 + f ( x)] ⋅ [1 − f ( x)]

(3.17)

f ( x) =

f ( x) =

These activation functions produce output values between the solid boundaries of on or off. Consequently
output approximations between 0 and 1 are possible, thus removing the limitations of serial computing. The
connections can lead to many different types of architecture for networks, including feed-forward, feed-back loops,
and also the novel self-organizing map. This research in this thesis employed primarily feed-forward networks and
self-organizing maps and their applications for a SHM system.
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ANN learning then comes in the form of supervised and unsupervised training. Similar to training the brain, the
supervised learning of the neural network is accomplished by providing the neural network with multiple iterations
of examples of matching pairs of input datasets to output datasets. During each iteration the weighting values, wij in
equation (3.12), are adjusted, and hence the relations between the datasets are “learned” by the network. Once an
input to output trend has been learned, the ANN can compute an approximate output set from a spontaneous input
dataset that it has never encountered. If the input dataset is similar in value to any of the datasets used during the
training exercise, the ANN will produce an accurate output set, when compared to the actual output.
For unsupervised training, an ANN is provided sets of inputs and with no assistance it will categorize the input
sets. Thus, the learning of the network, much like a brain, is performed by adjusting the weights between
connections of nodes. Each of these ANN architectures has their advantages as well as disadvantages. For the SHM
system proposed in this thesis, both ANN types were utilized in different manners to maximize their performance.
3.5.2

Feed Forward Network

The node-to-connections process, described in the previous section, is applicable to most ANN architectures. A
network of nodes can have paths connecting any one node to another. The connections can form a simplified
network of nodes by allowing connections, and thus information, to flow through the network in one direction.
Similar to control theory, this network, as illustrated in Figure 3.25, consists of a feed forward network. This allows
for a clear input array set and a clear output array set. From the work of previous researchers an iteration method has
been determined to adjust the weights within the network, to learn the output set, when an input set is provided. The
notation shown in Figure 3.25 is used throughout the remainder of this paper. The following text in this section is
from Fausett’s work on artificial neural networks. [14]
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Figure 3.25: Generic feed forward architecture for an artificial neural network.
The type of architecture of the networks illustrated here is a simple one-way network, where there are layers of
nodes, which affect the next layer of the hierarchy. No connections, or information, go backward through the
network, resulting in it not being time dependant, and thus most suitable for the strain wave analysis problem. The
input variables form their own, first set (or layer) of nodes in the network. Then several sets of nodes are placed
next, called hidden layers. Finally, the last layer of nodes is the output set, which is the output of the entire network.
The training of this network involves supervised learning, which means using known input-to-output datasets to
adjust the weights within the network. Adjustment of the weights comes about through a method developed by
Rumelhart, Hinton and Williams, which involves taking the error between the desired outputs, tk, and the output
obtained by the network, Ok, and slightly adjusting the weights, which in Figure 3.25 are weights wjk, using equation
(3.18). This process, which is based of an optimization method of adjustment by way of greatest descent, uses a
learning curve rate, defined by α, to adjust the weights slowly. The error value for the output layer, shown in the
brackets in equation (3.18), then proceeds backwards through the network in a way similar to that described in
equations (3.12) and (3.13) to determine the error values for the first node of a hidden layer. Once found for this
node, the weight adjustments can be obtained for the other connections within the network. Through many iterations
of the training dataset, a reasonable optimization of the weights within the neural network can be determined.
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Common practice using neural networks follows a method in which the learning was conducted by repeatedly
showing the neural network a training set, until an RMS error, ERMS, reached a minimum value. Using q datasets
within the training set, the error is found through equation (3.19).
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After the entire training set is used in adjusting weights once, also called an epoch, an RMS error is found. The
network is constrained to learn for a set number of epochs before ending the learning process. This number of
epochs was large enough to find a minimum RMS error point for the training sets.
Along with this method, there are more advanced techniques for learning, including better optimization
methods. Among these, a common addition is a momentum factor which helps to avoid local minimum errors,
relative to the desired global minimum ERMS value for the neural network. Along with this is an adjustment of the
learning coefficient, α, after a set number of iterations or epochs. Again, this is used to avoid local minimum error
values, but also allows for increased precision on the global minimum error value.
3.5.3

Self-organizing Maps

Another common architecture for artificial neural networks is a self-organizing map (SOM), which functions
much differently than the feed forward network described above. This network type has the ability to categorize
datasets into clusters, using an unsupervised method which eliminates the need for a known output prior to learning.
This type of network has nodes, which store group types within them through matching similar traits. An input set is
compared to each node and the node most similar will absorb that input set. The groups can then be used as
identifying categories. A basic example, using three nodes is illustrated in Figure 3.26 below. In this example the
nodes are arranged into a single row. The following text in this section is from Fausett’s work on artificial neural
networks. [14]

Figure 3.26: Generic self-organizing map architecture for an artificial neural network.
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For this network to learn, first this network is shown a new input set of data from a training set. The weight
vector sets belonging to each node, called exemplar sets, are set to small positive random values for an untrained
network. These are then compared to the input set or vector. A general method of comparison between an exemplar
set, wk, and an input set, Xi, is to use the Euclidean distances between the two, expressed in equation (3.20).
p

ED k =

∑ (w

−Xj)

2

jk

(3.20)

j =1

The network then works competitively, where the node with the smallest distance will win the input. For
example, let node k “win” the input set. Afterwards, the exemplar values in wk are adjusted to slightly resemble the
new input set, using equation (3.21), where again a learning coefficient, α, is used.

w new
= (1 − α ) ⋅ w old
+α ⋅ X j
jk
jk

(3.21)

Through iterations of all the input sets, this network will adjust itself and group the input sets into categories
without any prior knowledge of the datasets.
This concept can be expanded further, such that a winning node can contain a neighborhood of nodes.
Consequently, a winning node k will adjust its exemplar values, as well as those of neighboring nodes k±1 for a
small neighborhood, or larger surrounding nodes (i.e. nodes k±2, k±3, …). The concept of neighborhoods, allows for
better grouping of input sets as sets similar to each other, but still with slight differences, will be placed in nodes
close to one another, but not necessarily the exact same node. This neighborhood concept is improved upon, by
reducing the size of the neighborhood after a set number of iterations. This allows for more defined categories.
More useful SOM networks increase the number of nodes used and place them into a two-dimensional field of
rows and columns, called a Kohonen layer of a network, named for the creator. The adjustment of weights through
learning categories and winning neighborhood concept apply here as well. However, the neighborhood shape then
forms into two-dimensional shapes as well. An example of a common square neighborhood shape is shown in
Figure 3.27, where the size is three nodes away from the winning node. The exemplars of all of the nodes within the
box are then adjusted.
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Nodes

Winning node

Winning neighborhood

Figure 3.27: Kohonen layer in self-organizing map with square neighborhood.
Once completed, a two-dimensional map of groups is formed. This map can then be used with new datasets,
placing them into groups on the map. Note that once trained on example datasets, the exemplars can be adjusted
again or not, depending on the desired results. That is, the network could be adjusted further to redefine the group
boundaries, using newer data presented to the network if it is desired. Generally, the exemplars stay constant and are
not adjusted further for any new datasets introduced to the network. The larger number of nodes used allows for a
better defined map; however, a larger amount of computing time is required as well. So an optimum ratio of number
of nodes to processing time is desired when using this form of neural network. This architecture is elegant in using
simple equations for learning categorizing datasets, while remaining powerful enough to discover similarities not
easily noticeable in other grouping algorithms. The uses for this network architecture include categorizing detected
strain waves into useful groups, such as deciding whether a strain wave detected was due to crack growth or only
noise.
3.6

Triangulation Methods
A simple triangulation method was developed, using geometry and basic physics, to determine the location of a

point source of strain waves received at multiple locations (i.e. sensors). A time stamp was recorded for each strain
wave detected by the acoustic emission sensors. Therefore, a method was derived to determine the position of a
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point source, using only the differences in the times a wave was received by multiple sensors and the known
locations of the sensors. This section contains the derivation of this method.
When energy is released at a crack tip the effects of the plastic zone region around the crack were ignored in
this portion of the research. This assumption is valid for the initial increment of crack growth in a material as well as
any impact events that may occur. Since most aircraft structures are thin-walled structures, a two-dimensional plane
is examined in this section, further simplifying the problem. Since a wave will travel axisymmetrically outward at an
equal rate away from the point of origin, a simple model can be constructed. First a one dimensional system is
examined, using two sensors and a point source generating a strain wave at a point on the straight line joining the
locations of the sensors. This configuration is illustrated in Figure 3.28 below. Here the source lies at a different
distances between the two sensors, denoted by r1 and r2. The speed of the strain wave released, cw, is assumed to be
constant for this derivation.

Figure 3.28: Two sensors and a point source between them.
Using the basic relationship between velocity and time, the distances can be related by differing receiving times,
forming equation (3.22)

∆t = t 2 − t 1 =

1
(r2 − r1 )
cw

(3.22)

From these, a relationship between the two distances is formed. The distance between the sensors is a known
constant, d.

d = r1 + r2

(3.23)

Thus if, the time difference of the received source wave, ∆t, is measured then the position of the point source
can be found, using equations (3.22) and (3.23) to get:

d − c w ⋅ ∆t
2
d + c w ⋅ ∆t
r2 =
2
r1 =
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(3.24)

The next case to examine is the point source away from the line joining the two sensors as illustrated below in
Figure 3.29. In this example, the values of r1 and r2, can be broken down into their two-dimensional components
(see equation (3.25)).

Figure 3.29: Two sensors with an offset point source.

ri = rxi2 + ryi2

(3.25)

When expanding the problem into two dimensions, a line of point source becomes hyperbolic with the two
sensors placed at the two focal points. Using a local coordinate system, the eccentricity of the hyperbola containing
the point source is the following:

e=

d
∆t ⋅ c w

(3.26)

For large values of the strain wave speed and small values of the time difference, ∆t, very precise measured
values are required. For point sources between the two sensors the eccentricity approaches a value of 1, meaning
that it is close to a straight line. Therefore a point source, which lies between two sensors and is close to the line,
connecting the two sensors, can be approximated, using a straight line. This approximation is normal to the line
connecting the two sensors, and reduces the problem to a one-dimensional case again. This reduced final form
allows the determination of a point along a line and is illustrated in Figure 3.30.
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Figure 3.30: Normal line of point source.
Can be determined using two sensors and the time difference of received waves between each sensor
The point of intersection of the normal to the line connecting the two sensors can be determined using the
following equations similar in form to that developed for the previous one-dimensional case.

∆t =

1
(rx 2 − rx1 )
cw

(3.27)

d = rx1 + rx 2
Simplifying equation (3.27), a formula for rx1 can be obtained and is written in equation (3.28).

rx1 =

1
(d − c w ⋅ ∆t )
2

(3.28)

With a third sensor in place the time difference of the arrivals of the wave to the three sensors three normal lines
can be constructed. The point source must lie on all three of those lines. Therefore, the intersection of the three lines
is the location of the point source. An example of this is shown in Figure 3.31. However, as illustrated in the figure
the three normals do not intersect at a single point due to the early assumption of straight lines rather than
hyperbolae. Thus, the point source should lie in the triangular area formed by the three perpendicular lines.
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Figure 3.31: Triangulation of a point source within three sensors.
Further experiments with the method led to conclusions concerning the range and accuracy of the method to
locate a point source. Points within the triangle with the three sensors at the apexes, but not near any of the sensors,
resulted in accurate estimations of the location of the point source. Points outside of this region contained higher
eccentricities or more curvature, deviating from the straight line projection assumption. Since the equations are
simple, this method has the potential of serving as a crude locator of point sources detected by acoustic emission
sensors on a thin walled plate. Later in the next chapter, this method will be compared to an artificial neural network
to compare locating abilities for an acoustic emission system in a flat plate.
3.6.1

Filtering results over time

Though the results for the triangulation method presented in the previous section are accurate, they are not very
precise. A method to compensate for this fault has been developed using comparisons of the calculated results for
the point source location over time. For a growing crack the energy source (crack tip) moves in small increments. By
comparing the triangulation results computed from a single wave to the results associated with previous waves, a
consistent estimated location over an interval of time would provide the true location of a crack tip, or other point
source of energy release. Any spurious noise generated may create a location source in a random position on the
structure, but that area would not be located again, using other detected sources. For a growing crack, the number of
strain wave detections can vary from tens to hundreds, allowing a sufficient amount of strain waves to verify the
validity of the source location, determined by this method. However, the improvement described above could not
account for impact events. The research in this paper involved examining crack extension. Thus, this method would
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be applicable. However, due to time constraints, this method would have to be examined further in future research to
confirm or deny the validity.
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4

EXPERIMENTAL METHODS

Using the knowledge from the previous chapter, several experiments were performed to validate these
analytical methods and principles. Acoustic emission sensor systems were installed onto a variety of thin metal
plates and a number of artificial neural networks (ANN) were implemented for analysis of the detected signals. The
following chapter contains the configuration of equipment used and initial setup to create an acceptable artificial
neural network input-to-output dataset.
4.1

Testing Panel and equipment
Panels of Al 2024-T3 aluminum were used for all of the experiments, since it is a standard material used in the

construction of aircraft and other aerospace systems. The test articles consisted of flat, thin panels. The simplicity of
the test articles was deliberate to remove excess unknown variables and complexities, while maintaining a large
surface area for strain waves to travel. A simple geometric shape allowed for the stress intensity factor and plastic
zone area to be determined, using equations (3.7) and (3.10) respectively. Two different test panel shapes were
chosen, with two different thicknesses to observe any affects the geometry might have on the SHM system. Figure
4.1 below contains the dimensions of the two test panels used. Both panels had holes drilled on the ends, which
allowed them to be loaded into tensile testing machines, which is described in further detail in the section 4.3.1.
The test articles had large areas for various sensor locations and crack initiations within a testing region. All
experiments performed had cracks and sensors in the region on the panel with the smallest width (4 in. and 6 in.).
For all experiments performed in the static loading tests, a designed crack was initially cut from one of the edges of
the coupon in the testing area in order to maintain control of the crack itself and easily monitor any extensions that
occurred. The metallic test articles used for all experiments were provided by the Advanced Joining and Processing
Lab of the National Institute for Aviation Research (NIAR) at Wichita State University.
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a) thickness of 0.050”

b) thickness of 0.032”

Figure 4.1: Dimensions of test panels of Al 2024-T3.
The acoustic emission sensors were acquired from Physical Acoustics Corporation (PAC), or more recently
named Mistras Group. The system consisted of two PCI-2 channel boards, capable of signal processing of detected
signals from acoustic emission sensors. The boards were capable of 10 mS/sec sampling rate, with four high pass
and six low pass filter selections for each channel. Each sensor also was connected to a 2/4/6 pre-amplifier before
being connected to the PCI boards, set with a gain of 40dB. The sensors, whose properties are tabulated below in
Table 4.1, had a desirable strain wave detection range. The sensors were cylindrical in shape with one face to be
bonded onto a structure. The circular bonding face was 0.7 in. in diameter. With the large space available on the
testing coupons, the size was acceptable. For all calculations, the center of this circle face was designated as the
sensor location. Instead of permanently bonding the sensors to each testing coupon, the sensors were coupled to the
surface of each panel, using a thin film of Vaseline and then taped securely in place. The abilities of the sensors
were not limited to a permanent bonding, allowing for each sensor to be used for multiple experiments and panels.
However, some of the surface deformations may have been lost due to this method of attachment. From the results
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of crack growth and other point sources, there appeared to be enough data obtained to verify the methods described
in the previous chapter to form an SHM system.
Table 4.1: Properties of acoustic emission sensors. [31]

a
b

Model

Dimensions
(dia x ht)
mm/in

Operating
Temperature
(°C)

Peak Sensitivity
V/(m/s)
[V/µbar] (dB)

Operating Frequency
Range
(kHz)

WD

18 x 17 / 0.7 x 0.65

-65 to 177

55a [-62.5]b

100 - 1000

- Denotes response to surface waves (angle of incidence transverse or parallel to face of sensor).
- Denotes response to plane waves (angle of incidence normal to face of sensor).

4.2

Software
AEwin, a software package provided by Physical Acoustics Corporation (PAC) [31], was used to record the

strain waves detected by the acoustic emission sensors. The software consisted of simple data storage of each wave.
Since AEwin was not capable of adding a neural network analysis program, the recorded data was exported into text
files and simulated experiments were performed within other computer programs. An example of an exported text
file can be viewed in Appendix A. The data obtained from the acoustic emission software was recorded into a
dataset of elapsed time and wave characteristics for analysis. Table 4.2 below defines the different traits recorded for
each strain wave detected along with a description. Some of the properties are visually displayed in Figure 4.2. The
detected strain waves were compressed by the AEwin software into the properties or characteristics of the waves, as
a means to reduce memory storage space, instead of recording each wave in its entirety. With continuous monitoring
of the sensor system, over a second of detecting strain waves in a material could contain over a hundred individual
waves detected when crack extension occurs. The wave properties proved to provide valuable compressed
waveforms for post analysis with ANNs.
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Table 4.2: Recorded characteristics of strain waves by Physical Acoustics Software. [31]
Wave Characteristic
Time of Hit
Amplitude

Units
sec
dB

Energy
Counts
sec
Duration
RMS
ASL
Threshold
Rise Time

dB
dB
sec

Counts to Peak
Average Frequency
Reverberation Frequency
Initiation Frequency
Signal Strength
Absolute Energy

kHz
kHz
kHz

aJ

Details
Elapsed time when strain wave is detected b y the sensors
Maximum amplitude of the wave signal
Parameter derived from the “integral of the rectified voltage signal over the
duration”
Number of oscillations or local maximums, which have a local maximum
larger than the threshold value
Time from first detection above the threshold value to the last detection
above the threshold value
Root mean square (RMS) measure of continuous varying signal voltage
Average signal level (ASL) or average amplitude of the signal
Minimum amplitude necessary to record detected strain wave
Time from first detection of the wave and the maximum amplitude
Number of oscillations or local maximums between first detection of the
wave and the maximum amplitude
Average frequency of entire strain wave
Average frequency from maximum amplitude to the end of the strain wave
Average frequency from the start of the strain wave to the maximum
amplitude
Energy of the wave over duration, but without using any gain factors
True energy measure of the detected strain wave

Figure 4.2: Acoustic emission characteristics extracted from detected strain waves.
Adapted from [31]
Several software bundles were used for post-analyses. MATLAB [33] was used as the primary tool to generate
input sets for the ANNs as well as analyze the resulting outputs of the neural networks in the form of numerical
results or graphics. Original coded programs were written to perform these tasks (see Appendix A). Artificial neural
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networks were constructed, using software by NeuralWare, called NeuralWorks II [34], and Viscovery [35], named
SOMine. These software bundles allowed for the creation of various architecture types of ANNs, training of the
neural networks using various techniques, and testing the abilities of a neural network using datasets new to the
trained networks. The NeuralWorks software was programmed to read in two text files, one for training a network
and one for testing the network. NeuralWorks was used constantly throughout most of the research. The SOMine
software was discovered later in the research, and as a result, was used solely for one of the ANN stages in this
research. It proved to be valuable in creating SOM networks and incorporating statistical data. However, the
software is limited to only SOM networks. Thus NeuralWorks remained the primary software program for the feedforward networks.
4.3

Experimental and Artificial Neural Network Configurations
Two separate experiments were conducted to test for two different components of an SHM system; increments

of crack extension and crack location. The first experiment focused on using acoustic emission sensors to determine
the magnitude or severity of a crack extension. This experiment required the use of two ANNs, the first to determine
if signals received were associated with crack growth, and the second ANN to estimate the magnitude of the
extension. The second experiment consisted of finding the location of a crack or point source, using both a
triangulation method and an ANN. These two experiments demonstrated the abilities of ANNs in the nondestructive
testing field and validated its potential for a structural health monitoring system.
4.3.1

Static Loading

An initial crack was cut into the panel from one of the side edges in the testing region and then the panel was
statically loaded with an MTS Sintech 5/G machine through a pin and clevis setup as illustrated in Figure 4.3. The
loading was increased gradually, until crack extension occurred. The crack length was measured at specific load
intervals by an observer, using digital calipers. These measured crack lengths were used to create a learning dataset
for an artificial neural network. Likewise, they were used to create a testing dataset to compare the calculated values
of a neural network relative to the actual measured values. The acoustic emission sensors, located as shown in
Figure 4.3, continuously monitored for any crack growth during the loading process. The recorded acoustic emission
signals were later used for analysis with an artificial neural network. The sensor locations depicted in Figure 4.3b,
show the locations of the two sensors used for the crack severity experiments. Only two sensors were used for these
tests, since crack growth size was the only property desired and not the positioning of the crack. The sensors were
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placed at similar positions away from the crack tip to avoid any effects of plastic zone deformation as well as
confirm the sensors were functioning properly. The second experiment consisted of placing four sensors in a row,
parallel to the crack plane (see Figure 4.3c). For this experiment, the influence of the plastic zone effects was
desired. This arrangement of sensors offered the maximum allowable sensors at a constant distance away from the
crack plane, resulting in an optimum placement of sensors to detect any differences in the signal due to the presence
of the plastic zone at the crack tip as the crack grows.
Applied
Load
Clevis

Double Shear Fixture
Test Panel
Acoustic Emission Sensors
Edge
Crack

a) Setup for test panel. Panel is seen in pin and clevis setup

Acoustic Emission
Sensors

b) Sensor placement for crack severity. Acoustic
emission sensors mounted in line, perpendicular to
crack plane of the edge crack.

c) Sensor placement for plastic zone location trends.
Acoustic emission sensors mounted in line, parallel to
the crack plane of the edge crack.

Figure 4.3: Setup for test panel in pin and clevis setup to be mounted into MTS Sintech 5/G machine.
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4.3.2

Crack Extension Severity

The first set of experiments involved estimating the increment of crack extension over a short period of time. If
the rate of crack growth over time can be determined, then the remaining life of the structure can be determined. The
MTS machine was configured to apply sufficient tensile load to produce a displacement rate in the test section of
0.01 in/min. The instrumentation of the MTS machine tracked the loading force applied to the test specimen, as well
as, the applied displacement of one end of the specimen with respect to the other as a function of time. At some
point in time the crack increased in size as evidenced by a sudden drop in the force applied and a corresponding
sudden increase in the number of strain waves detected by the acoustic emission system. In addition any crack
extension greater than 0.05 in. was audible to the observers of the experiment. As soon as these phenomena were
detected, the MTS machine was manually turned off, so that the displacement did not increase further and the
applied load became constant. The crack length was measured, using a digital calipers and the panel was unloaded to
zero. This process allowed for acoustic emission detections for a series of finite increments of crack growth, which
could then be used for a training set for an artificial neural network to identify a crack extension event.
The data contained in Figure 4.4 illustrate the results for one of the experiments using the method described
above with Figure 4.4b being an exploded view of Figure 4.4a at the time interval of 390 sec to 400 sec. For this
case, crack growth began around 396 sec after the initiation of the applied load. Sudden decreases in load indicate
instances of crack extension, as described above in section 3.2.1. As shown in Figure 4.4b, there were five different
instances where increments of crack growth occurred (390 sec, 393 sec, 395.2 sec, 397 sec, and 398 sec). Since the
measured crack size was only possible before and after loading was applied to the panel, the percentage of the total
crack growth at each instance was estimated, such that the cumulative crack growth equaled the measured change of
the crack lengths. Nine individual experiments were performed with a tenth experiment to use as a testing dataset.
The data from the other eight experiments are provided in Appendix B.
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experiment

b) View of experiment at the point of crack growth

Figure 4.4: Example of loading test panel until crack growth initiates.
Test was stopped right after growth was noticeable
The problem to first be addressed was to decide whether the signals received by the sensors were crack growth
or meaningless noise. Since this was a categorical problem, the architecture chosen to be further investigated was a
self-organizing map (SOM). As detailed in section 3.5.3, this network consisted of grouping similar inputs sets
together and placing them on a two-dimensional domain, thus forming a “map” of results. This type of network
functions independently, not requiring any supervision or desired output.
For the neural network to function, a usable input dataset had to be created. Since the ideal system would be
continuously monitoring, small time windows were setup to be introduced to a SOM network in order to determine
if any crack growth occurred during this period of time. For this experiment, the test window was broken down into
eight second intervals. A large time window was initially chosen to ensure enough information or detected signals
were gathered to represent a crack extension. Next, the information within this time window needed to be presented
in a format suitable for an ANN. First, the time window was broken down into five sub-sections. Each of these subsections included an average amplitude and number of signals detected. The time window was set to move one subsection at a time, resulting in watching a registered hit travel through the full time window. Any set with at least one
registered hit was introduced to the network. An example of three input datasets created for one detected hit is
illustrated in Figure 4.5.
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Figure 4.5: Example of input set for first trial.
For defining whether crack growth occurred or not, an approximated elapsed time was decided by an observer
of the experiment for when crack growth initiated. Any detections in time windows before this time, received the
designation of ‘no crack growth,’ while any time windows past this time were labeled as ‘yes crack growth’. If the
time window straddled the yes/no time, then a third category of ‘maybe’ was given. The crack times were defined as
mentioned above, using ‘yes,’ ‘no,’ or ‘maybe’ as categories rather than quantitative numerical values
A SOM network was constructed in NeuralWorks to determine if a SOM could group these datasets. For this
trial, the experiments were separated into the first five tests as a training set with 219 datasets, and the last three tests
as a testing set with 101 datasets. The architecture consisted of a Kohonen layer of 20 x 20 nodes with a
neighborhood size that started at ten nodes and decreased to one node as the iterations of epochs increased. This
procedure allowed the placement of the input sets to be more definitive as the groups were formed. The learning
coefficient, as well as all other parameters, remained set at the software’s default values. For this initial trial, a large
set of nodes was used since, even though learning time was increased, there was ample space in the nodal network
for groups to be placed. Examples of the resulting maps are shown in Figure 4.6. The plotted data of Figure 4.6a
indicates that there were five clusters of the ‘no crack growth’ section with the ‘yes crack growth’ points placed
outside of these groups. It was concluded that the network was grouping points based on activation of inputs. For
example, if one hit was detected by itself, five datasets were created, as illustrated in Figure 4.5. For this instance,
dataset t0 would be placed in one group; t1 would be placed in another group, and so on, forming the five clusters
shown. Therefore, the map was categorizing the data dominantly based on time, so an alternative dataset format was
required to eliminate this time dependence. Thus, the results for this SOM network were not convincing that the data
was categorized properly; consequently a new method of interpreting the data was sought.
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Figure 4.6: Results of self-organizing map network, using initial trial sets.
The second dataset format consisted of using the same time windows and shifting method as before; but to
eliminate the time factor, a histogram for each time step was used to normalize the data. This procedure used the
energy property of the wave within the time window. A histogram was made of eight bins, grouping the values of
the energy value of each strain wave between zero and a normalized maximum value. This allowed for a number of
strain wave detections and energy values to be accounted for within a time window. This successfully eliminated the
influence of any time factor on the datasets. An example of the histogram for a definite ‘no crack growth’ and ‘yes
crack growth’ are shown in Figure 4.7. It was shown that much more energy was released and in higher quantity
when crack extension occurred. Although these examples shown were definitely different in their histogram
distribution, some input datasets were not as distant in appearance. The energy value had exponential characteristics,
so a logarithmic scale was used. Some strain waves had an energy value of zero. Thus the logarithmic value was not
taken of these values. Finally, each time value was assigned a crack growth amount and a grouping of either crack
growth present or not. Four examples of the final datasets are given in Table 4.3 below.
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Figure 4.7: Example of eight bin histograms for ‘no crack growth’ and ‘yes crack growth’.
Bin 1 contains lowest energy values and Bin 8 contains highest energy values
Table 4.3: Example datasets of histogram values and respective crack growth sizes. Time listed is for the start
of the time window.
Time
(sec)
381.80
383.40
391.40
396.20

Histogram Values

Crack Growth present
(“yes”, “no”)
01
01
10
10

00010010
00121000
16 7 4 7 0 1 0 0
94131200

Crack Growth Size
(in)
0
0
0.1495
0.0299

Using this data input arrangement, the SOM could distinguish the differences between the times when a crack
was present from those when only noise was being detected. For the training of this network, definite values of
“yes” or “no” crack growth were used. This allowed the network to determine the true differences between the two
categories. A separate network, with a feed forward architecture, was used to determine the increase in the size of
the crack and the histogram bin number was increased to include ten bins. The bin count was increased to provide
more defined time windows without compressing the datasets as intensely as before.
Based on these above preliminary findings, two artificial neural networks were then developed for two separate
purposes. Both neural networks used the eight and later ten histogram bin values as input sets. One network was a
refined version of the network described above with a SOM architecture, called the yes-no network. However, this
network was later created using the SOMine software with a Kohonen layer of 100 nodes placed into a large domain
space. The network was trained on the nine initial experiments, and then tested using the tenth experiment, where
the failure event was accompanied by a great deal of noise. The resulting map of this network is illustrated in section
5.2.1. Another network was a feed-forward neural network, trained using back-propagation method, described in
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section 3.5.2, named the severity network, which then estimated the amount of crack extension over the given time
window.
After the groups were determined and the SOM network was proven to be capable, a severity factor of the crack
extension was sought. The yes-no network was used more as an additional filter to noise. For each time window
histogram presented to this network, the choice of being “yes” crack extension or “no” only noise was decided. For
each dataset that was categorized into the “yes” group, this data was then fed to the severity network, to determine
the amount of crack extension. If a dataset was grouped into the “no” category in the yes-no network, then that
dataset was simply discarded.
The severity network, or feed-forward ANN, used the same input histogram values as the yes-no network and
had an output of the size of the crack growth in inches. This severity network was trained on the nine experiments
performed before failure occurred in the panel, using only the time windows where crack growth was present. The
network consisted of a back-propagation network with two hidden layers of five nodes each. Delta rule training was
used along with hyperbolic tangent activation functions. From the nine experiments, 106 datasets contained one of
the defined crack growth times. From this, 85 were used to train the severity network and the remaining 21 were
used to test the abilities of this ANN to quantify the level of crack extension associated with the acoustic emission
data. The neural network was trained with 50,000 epochs, or iterations through the datasets. This value was chosen
in part by the default choice by the NeuralWorks software. Additionally, this high iteration number allowed the
RMS error between target and ANN values of the output to converge to minimum value. Figure 4.8 below shows the
results for the trained and testing datasets, used in the neural network. The figure shows the relation between the
measured size of the crack extension for each dataset in inches and the output of the trained severity network. The
ideal case for the plots shown in the figure would be a straight line, representing a 1-to-1 ratio between actual
measurements and the ANN estimations. Due to complexities, these plots vary slightly, but are close to the desired
values with a resulting correlation of the plots to be 0.9872 for the training dataset and 0.9453 for testing dataset,
which are both close to a value of 1. This showed promise for the ability of a neural network to be a useful analysis
tool of a structural health monitoring due to the very small differences between the neural network estimated values
of crack growth and the measured crack growth values.
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Figure 4.8: Results of training an artificial neural network to determine crack growth size.
These plots relate the target, or measured, size of crack growth in inches with the estimated ANN results. The
correlation between the target values and ANN results was 0.9872 for the training dataset and 0.9453 for the testing
dataset.
4.3.3

Crack Location

The objective of the second portion of this research was to develop a procedure to determine the location of any
damage or point sources detected. Again this segment of experiments was separated into two sets. The first set of
experiments explored the triangulation method developed in section 3.6, while the second set of experiments
investigated the influence of the crack tip plastic zone on acoustic emission detections.
A different experiment than that of the previous section was required to investigate the ability to find the
position of a crack. The state of the flat panels was unnecessary, but rather the positioning of a point source of strain
waves was the point of interest. Thus static tests were performed on a panel with no external loading. For these
experiments, a flat panel was situated in a horizontal position and strain waves were produced by sixteen different
piezoelectric actuators, purchased from Acellent Technologies [32], arranged in various locations on the surface of
the test article. The system consisted of individual piezoelectric actuators, using the company’s SMART layer
technology, which was connected to a ScanGenie signal conditioner. This signal conditioner contained a built-in
amplifier for the signals sent to the actuators. This system was controlled by a software package, ACESS, via USB
connection, which was developed by Acellent Technologies as well. Although the actuators were capable of being
used as acoustic emission sensors, the SMART layer was configured to produce strain waves at each of the
piezoelectric actuators. For these experiments, the Physical Acoustic Corporation sensors were used as the acoustic
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emission sensors to maintain uniformity in all of the experiments of this project. The configuration of acoustic
emission sensors is illustrated in Figure 4.9 below. The positions of the piezoelectric actuators and the acoustic
emission sensors are shown in Figure 5.6 of the next chapter.
The piezoelectric ultrasonic actuators released strain waves into the surrounding material, simulating strain
waves generated by a growing crack. This provided an array of acoustic point sources with differing positions
throughout the panel. The capabilities of a neural network method and the triangulation method of locating a crack
tip discussed earlier in section 3.6 were investigated. However, the material in the vicinity of the crack tip will
change as a result of crack growth. That is, a plastic zone is formed around crack tips, and the material in the vicinity
of the tips may experience varied stresses and grain size changes, thus altering the initial uniformity of the material.
But for this section of the experiment the simulated crack strain waves produced by the piezoelectric actuators could
not include the plastic zone effects associated with an actual crack tip.

Acoustic Emission Sensors

Supports

Figure 4.9: Configuration of aluminum panel and acoustic emission sensors for point source location
experiments.
Strain waves, or Lamb waves, transmitted through a thin structural component dissipate with distance traveled.
This dissipation rate is also affected by the substance contacting the surface boundaries of the panel, such as air or
water. Because of this effect, a simply support beam configuration was used, since this allowed for uniform air flow
on both side of the panel. The configuration resembled a panel with uniform still air boundaries on both sides. The
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end supports of the panel did generate reflection waves, but these waves were identified and dismissed by examining
the time stamps of the waves detected.
Four Physical Acoustics Corporation sensors were used. These sensors were chosen in order to remain
consistent with the crack severity experiments, described in the previous section. The purpose of using four sensors
rather than the minimum of three sensors required for triangulation was to produce confirmation of the same source
over various combinations of three sensors. With the four sensor layout, four different triangulations could be
performed for each point source. The results of the positioning from all four triangles were then averaged together to
form a consensus location of the point source.
The second part of the experiments to determine the location of the crack tip was to examine the effects of the
locations of the acoustic emission sensors affecting detections. This setup required the use of the MTS machine with
the sensor placement shown in Figure 4.3c. As described in section 4.3.1, four sensors were placed in a horizontal
row, parallel to the plane of the crack, allowing a sensor to be behind the crack tip travel direction as well as ahead
of it. The purpose of this experiment was to determine if a trend could be determined, validating the hypothesis
described in section 3.4.
These various experiments were performed on multiple metallic test articles. An artificial neural network was
created, trained, and then tested on various datasets. The following chapter contains the results of these experiments
as well as the results from the multiple ANNs developed.
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5

RESULTS AND DISCUSSION

The experiments described in the previous chapter were conducted with an acoustic emission (AE) system to
detect point sources on thin, metallic plates or coupons. The recorded detections were then used in various artificial
neural networks to analyze these detected waves. This chapter presents the results for all of these different
experiments. Along with the results, a summary of all the experiments performed is presented, including several
theoretical configurations for a structural health monitoring system, which combines acoustic emission and artificial
neural network systems
5.1

Acoustic Emission Data and Characteristics
Before examining the results of the crack severity or location experiments, the initial properties of strain waves

recorded by the AEwin software were examined. Some of these properties were found to correlate to one another.
Figure 5.1 below displays some of the properties of detected waves from four of the crack severity experiments
using two AE sensors (see Figure 4.1a). In these plots, different properties of the detected strain waves were
compared to the count property of the same recorded wave, also called hit count. The fact that portions b, c, d, and f
of Figure 4.1 have high correlation with their respected properties and the hit count is visible evidence that there was
a correlation between hit counts, energy, duration and amplitude of the detected strain waves. Note that some
evidence hold logarithmic correlations, but a trend is still obviously present. With this level of correlation one could
conclude that if one of these properties of the wave were known, than the other properties would follow the trends
shown in the figure and could be calculated. Thus, for the input sets to the artificial neural networks, only the energy
of the wave was chosen as the representative property of the wave. Another conclusion drawn from this portion of
the study was that since most properties were linked to each other, each recorded strain wave could be further
compressed to a single value or property. Thus the artificial neural networks created earlier for crack severity,
consisted of histograms of the single wave property, the energy of each detected wave. Multiple histograms of
various properties could have been produced as well to increase the number of inputs to each ANN, but this trend in
the properties showed this to be unnecessary. Therefore, the single property used in determining the crack severity
was validated.
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Figure 5.1: Strain wave properties as a function of the counts characteristic from four different experiments.
Dimensions of panel from Figure 4.1a and two acoustic emission sensors; results from four experiments
5.2

Crack Severity
The severity of a crack, as defined in the previous chapter, is the increment of crack extension in a small time

step. For crack tips a sudden increase in length corresponding to a sudden drop in the applied load was the norm (see
section 3.2). As described in section 4.3.2 two artificial neural networks of differing architectures were constructed,
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trained, and tested. The first was developed to filter out noise (yes-no network), and a second was created to
determine the length of the crack extension of those input set categorized as “not noise” (severity network).
5.2.1

Determining Crack Growth

The first ANN was a SOM network, created using the Viscovery SOMine software. As stated previously, this
network used 100 nodes in the Kohonen layer. The resultant map of nodes is shown below in Figure 5.2. In the
figure, the “yes” group is shown as red, while the “no” group is shown in blue. This figure is a presentation of the
results using the training set as the input (see experiments shown in Appendix B), since the results associated with
the testing set were not easily distinguishable by an observer. The SOM program included an auto-segmentation
function, which defined the groups based on trends in the input sets, but unfortunately not in accordance to the
visible boundary formed between the distinct two color groups in the figure below. The segmentations were defined
by the black lines in the figure. Only the segment groups were obtained for new, or testing, datasets presented to this
neural network. Since two of the segments had a split boundary of both “yes” and “no” categories, these were
defined as being completely in the “yes” category and were used for training the severity network.

Figure 5.2: Self-organizing map network results after learning training dataset.
The purpose of the yes-no network was to filter out some of the noise detected by the acoustic emission sensors.
Since the yes-no network had an inconclusive decision for some of the segments, the worst-case-scenario was
chosen, which was to include the entire segment in the “yes” category. The artificial neural network described in the
following section used the filtered datasets from this network for training. The severity network indicated that little
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to no crack extension was associated with those datasets placed in the inconclusive regions, labeled as “yes” in
Figure 5.2.
5.2.2

Determining Increments of Crack Growth

Once the two artificial neural networks were created and fully trained, the next step was to use these in a
situation, where the input datasets were not previously presented to the networks. To accomplish this task, a tenth
experiment was conducted. For this experiment the load applied by the MTS machine was not stopped at the
initiation of crack growth, but instead the constant rate of displacement continued over an extended time beyond
crack initiation. The experiment was finally stopped around the 800 second mark. The detections of strain waves for
this experiment are reported in Figure 5.3 below. Only the initial and final crack lengths could be measured for this
experiment, but some conclusions could be drawn from the loading curve. The crack in the panel began to grow
after approximately 360 sec of loading, where the crack extended for a large amount in a short period of time. The
crack then slowly increased in size, until the loading was halted. The total increase in crack length was measured to
be 0.810 in.
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Figure 5.3: Strain wave detections of acoustic emission sensors from a panel under tensile loading.
Part failed around 360 seconds, but crack length continued to increase in size afterwards.
The results shown in Figure 5.3 indicate that there was a great deal of noise and strain waves detected after the
crack extension was initiated. This dataset of energy associated with the strain waves was evaluated using the
artificial neural networks created for this experiment, using time windows similar to those of the training sets.
Histograms were made of ten bins each with the same normalized range as before. First, this new dataset was
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presented to the self-organizing map network, discussed in the previous section. Here the outputs of the network
categorized each histogram into either crack growth or noise. The datasets determined to be crack growth and not
noise were then used in the severity network. This network then determined the size of the increment of crack
growth over the time window.
This experiment used two separate channels, or acoustic emission sensors. The recorded strain wave data of
each sensor was separated and supplied to the two networks individually. Figure 5.4 below shows the results of the
networks in the form of predicted crack growth. The total crack length increased with the time of loading. The
results of the two sensors were quite similar and an average of the two signals was taken to find a net crack length
value. This averaged crack growth length is also illustrated in Figure 5.5 along with the load history. The crack
length followed the trend, predicted by the shape of the loading curve. That is, a sudden increase in the length of the
crack occurred at the time crack extension began, and the crack slowly increased in size as the controlled
displacement of the MTS machine continued. The final cumulative crack length computed using the neural network
system was 0.1 in less than the measured size. This difference was considered to be an acceptable approximation for
the purposes of this experiment.
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Figure 5.4: Crack growth length over time, approximated by artificial neural networks.
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Figure 5.5: Crack length as a function of time with loading curve displayed as well.
Some conclusions about the network performance could be drawn from the results presented in Figure 5.5. The
two artificial neural networks were shown to provide a reasonable estimate of the cumulative crack growth over the
entire loading time of the experiment. The neural networks demonstrated that they could distinguish the severity of
each increment of crack extension. That is, the large increments of crack extension matched very well with the
nature of the load-time history. Therefore, artificial neural networks similar to the two developed for this experiment
could be a part of a SHM system of the future.
5.3

Crack Location
The next portion of the research concerned determining the location of a point source of strain waves, using the

measured data of acoustic emission sensors. As stated in section 4.3.3, sixteen piezoelectric actuators were attached
at the various positions shown in Figure 5.6 below. A pattern, spanning various x and y directional positions, was
used for the multiple actuators. This setup included some locations far from the region encompassed by the sensors
to determine the abilities of the triangulation method as well as an artificial neural network. Since the aluminum test
article was very thin, it was assumed to be a two-dimensional problem. The piezoelectric actuators in the figure were
numbered to distinguish positions from one another in the results presented in this section.
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Figure 5.6: Acoustic emission sensor and piezoelectric actuator locations.
Black and yellow points correspond to actuator locations; blue points are acoustic emission locations with dashed
lines forming the different triangulation combinations
5.3.1

Triangulation Methods

First, the triangulation method was examined. The positioning of the point source relied solely on the time
differences of the strain wave detection by the four acoustic emission sensors. Since four acoustic emission sensors
were attached for these experiments, a triangulation of each point source location was performed, using all four
combinations of three sensors available. Figure 5.7 below contains the results from the different triangulations from
the various three sensor combinations for the first six actuator locations. The wave speed, cw, was defined to be
2.48E5 in/sec. This value was measured from earlier experiments performed with the triangulation method with two
sensors in the crack severity series of experiments which compared well with the recommended wave speed
provided by Physical Acoustics Corporation [31] for the material. In addition to using four different triangulations
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per detected wave, each actuator location was also used three times to create a strain wave to minimize any
uncontrollable variables present in each strain wave. The illustrations in the figure show the locations of the three
acoustic emission sensors as well as the positions of the piezoelectric actuator point sources. The triangulation
method produced three normal lines to the three lines of the triangle formed by the lines connecting the acoustic
emission sensors. Ideally, these normal lines would intersect at the same point. However, due to variations in the
strain waves, this was seldom the case. Instead a small triangle was formed, by linking the intersections. An average
value of the three intersection points, as well as the triangle formed by these is shown in Figure 5.7 for the strain
wave signals produced at each of the first six actuator locations. This helped in determining the precision of each of
these calculated results.
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Figure 5.7: Triangulation results for the first six actuator locations.
Each colored triangle encloses the area formed by the intersecting normal lines; the point shown within these is the
averaged center of the area
Using the six actuator positions shown in Figure 5.7 it was observed that the triangles associated with the point
sources within the triangular region formed by the lines connecting the three acoustic emission sensors were smaller
than those for point sources outside this region. Therefore, for points within the region the intersections of the
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normal lines converged closer to a single point, thus greater precision, than for point sources outside the region.
Averaging the results from all four sensor combinations into a single point led to the graphical illustration of Figure
5.8. As shown in this figure, the averaged results were even closer to the actual point source locations than those
from the individual triangulation results. Again, the calculated location of the point sources within the boundaries of
the lines connecting the acoustic emission sensors was more accurate than those calculated for points outside the
region. The results for the remaining ten actuator locations are provided in Appendix B.

Triangulation of Crack Tip Points (Channels 1 - 6)
10
Ch1
Ch2
Ch3
Ch4
Ch5
Ch6

Position (in)

5

0

-5
-2

-1

0

1

2
3
Position (in)

4

5

6

7

Figure 5.8: Averaged results of triangulation from various combinations of four acoustic emission sensors.
First six point source locations are displayed
5.3.2

Artificial Neural Networks

An artificial neural network was developed to use the measured strain wave data of the experiments discussed
in the previous section to determine the location of point sources. A feed forward network architecture was chosen
with the time differences of the arrival of a strain wave at each sensor as an input. The output consisted of the spatial
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position of the source in a two-dimensional domain. Thus the neural network was created to map three inputs of
time differences of three sensors relative to the forth sensor to the two outputs of x and y coordinates of the location
of the source of the strain wave. There were some outliers caused by bad data points. Ideally, these would be
removed from the experiment, but in the actual application of the SHM system the noisy waves would be present as
well. The desired capabilities of the artificial neural network include a tolerance for noise, so the application was
determined to be appropriate. The NeuralWorks software was chosen as the artificial neural network program for
this experiment, and a network with three hidden layers of six nodes each was developed. The system was first
trained with datasets from strain waves produced by the aluminum panel being gently tapped with a small metal
object at the locations shown in Figure 5.9 below. Each tap location, colored pink in the figure, was used to create
three different strain waves, allowing some variation in the timing of when each strain wave was received.

Figure 5.9: Acoustic emission sensor, piezoelectric actuator, and tap locations.
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Black and yellow points correspond to piezoelectric actuator locations; blue points are acoustic emission locations;
red crosses indicate locations where panel was struck with a small metal object to create a strain wave
Once the ANN was trained with the tap data, the neural network was tested with the dataset of the sixteen
piezoelectric actuators from the previous experiments discussed earlier. Figure 5.10 contains a comparison of the
location of the point sources determined with the aid of the artificial neural network and the actual locations of the
piezoelectric actuators. The results for the individual actuator source locations are provided in Appendix B. Based
upon the results illustrated in Figure 5.10 it would appear that the neural network was able to determine the position
of the source points relative to each other. That is, the general shape of the computed location of the points was
generally of the shape of the actual positions of the sixteen actuators. However, the resulting domain of these plots
was much smaller and rotated slightly. These results demonstrated that the artificial neural network did in fact learn
the locations of the positions from the training set, but seemed to place the results in a different domain. A side
hypothesis was that the strain waves produced by the piezoelectric sensors may have differed in form from those
generated by physically tapping the panel to create the training set. The velocities of the strain waves may have
differed between the training and testing datasets, resulting in the much smaller domain estimated by the neural
network. The striking of the panel would have created dominantly compressive waves, while the piezoelectric
actuators would have created dominantly shear waves. Through ultrasonic wave theory, these two modes have been
proven to travel at different velocities through a material (see section 3.3.1). For future use, either a transformation
matrix could be implemented, or a grid of piezoelectric actuators could be used to create a training set of the same
strain wave forms as that of the testing set, creating datasets with similar wave speeds and phase modes.
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Figure 5.10: Artificial neural network results for point source location of piezoelectric actuator positions.
Although some problems occurred, the results gained from this experiment showed that there is good promise
that an artificial neural network can be used to locate a crack tip, based on time differences between signals received
by the acoustic emission sensors. Although the experiment performed in this research was on a simple flat panel,
artificial neural networks would appear to be suitable for locating damage in the more complicated curved surfaces
found in actual structures. The triangulation method, using four acoustic emission sensors, located source points
between sensors accurately, but with low precision in other locations in these experiments with the flat panels. The
triangulation method would likely not be useful for curved surfaces. The ANN system would be applicable for the
more complex structures so it could be implemented at multiple locations throughout the structure of an aerospace
system. The ANN’s abilities to locate an area of damage have been shown to be plausible for integration into a
structural health monitoring system.
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5.3.3

Sensor Positioning Effects

Energy released at the crack tip of a growing crack is measured by acoustic emission sensors and used in
networks to determine the spatial position of the tip. The entire crack is then determined to be located between two
closely spaced crack tips. This network could then be coupled with a crack severity neural network to assess the
level of damage detected by the acoustic emission system.
Figure 5.11 contains the signal detections from four AE sensors, placed in a line equi-distance from the plane of
a growing crack. The sensor locations and crack position are illustrated in Figure 5.12. The plastic zone increased in
size as the crack grew to the final crack length of 1.98 in. For each increment of crack growth, a single detectable
strain wave was produced, and the amplitude of the wave detected at the four acoustic emission sensors is shown in
Figure 5.11. The amplitude of the strain wave was the single characteristic of the wave used for comparison. As the
crack grew, the single strain wave was detected by each of the four sensors. For crack growths before the final
increment measured, the amplitudes of the strain waves detected by each sensor were nearly the same. However, for
the large extension of the crack tip in Figure 5.11c the detected amplitudes of the strain wave became skewed. As
shown in Figure 5.11c sensors 2 and 3, the sensors closest to the crack tip, received the highest amplitude waves
with sensor 1 detecting almost the same amplitude amount. The waves detected by sensor 4 had smaller amplitudes,
when compared to the other three sensors. These measured observations support the hypothesis presented earlier
regarding the effects of location of the crack tip and growth direction relative to the position of the sensor.
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Figure 5.11: Strain wave detections from crack propagation.
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Plastic zone is shown around the propagating crack tip.
It could be further reasoned that if this trend was recognizable to an observer of the experiment, then an
artificial neural network should be able to deduce a similar trend which could assist in determining the location of a
crack tip by the amplitude of the detected wave. With multiple sensors of known positions detecting the same
waves, a comparison of the amplitudes of the wave detected at each sensor location could be used to determine the
location of the crack tip in the structure. Future study will involve combining the severity artificial neural network
and a new neural network to determine the location of the crack tip, assisted by this phenomenon.
5.4

Summary for Structural Health Monitoring Design
Through the various experiments performed for the research in this thesis, the various trends in acoustic

emission data were confirmed. Several artificial neural networks were developed to determine the magnitude and
location of growing cracks, and they performed well. These various elements could be combined to form a structural
health monitoring (SHM) analysis program. As illustrated in Figure 5.13 below, two SHM system concepts are
envisioned using the knowledge gained from the experiments with acoustic emission sensors to detect any strain
waves in the system.
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a) SHM Concept 1

b) SHM Concept 2
Figure 5.13: Flow charts of assembled structural health monitoring design.
The flow diagram of Figure 5.13a illustrates how an array of acoustic emission sensors would monitor for
damage in real-time, create a database of detections over a small time, and store the data. At specific time
increments, similar to the time window setup in section 4.3.2, a trained artificial neural network would be executed
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to determine if the current time window contained any crack growth within the noise detected at each sensor. This
would be accomplished through a self-organizing map, grouping “yes” or “no” categories for each individual sensor.
If the data from some sensors registered in the “yes” category, then a growing crack might be present. For this case,
a feed-forward neural network would be used to determine the severity, or magnitude, of the growth. All of the
records of crack severity or “no crack growth” data from each sensor would then be compiled into a single set, and
an approximation of the size of the crack increment determined by a committee decision method. Through an
appropriate triangulation method and/or another artificial neural network, the crack tip location could be calculated,
and the current size of the crack could be determined, using past time windows (see section 3.6.1). The remaining
life of the structural component could be predicted using this current crack length and the rate of growth from the
neural network approximations along with standard fracture mechanics techniques.
The second concept illustrated in the flow diagram of Figure 5.13b modifies the order of various ANN analysis
methods and involves filtering out detected signals through a positioning routine before determining crack growth.
For this system, the location of the crack tip would be determined first. Detections from crack growth could be
filtered from noise, using the procedure of section 3.6.1. The filtered data would be introduced to the two neural
networks to determine the increment of crack extension using the method of section 4.3.2. Any time windows that
were determined to be only noise would be discarded. The locations of the crack tips and the crack lengths
associated with valid detected strain waves would be recorded along with the time of the events. These would be
used to estimate the remaining life of the structural component.
Both proposed concepts involve filtering out noise from detected acoustic emission signals using various
methods. After the signals have been filtered, they can be used in the neural networks presented in this thesis to
determine crack tip locations and crack sizes. Using either concept the remaining life of the structural component
could be determined using traditional fracture mechanics or statistical methods. This prediction of the remaining life
could maximize the use of structural components and could reduce unnecessary ground inspection routines. The
results of these experiments and the initial proposals of an artificial neural network analysis program for a structural
health monitoring system provide support for the feasibility of a viable system in the near future.
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6

CONCLUSIONS

A novel method of implementing artificial neural networks and acoustic emission sensors to form the basis for a
possible structural health monitoring (SHM) system for metallic structures was presented. General analytical theory
for material mechanics, fracture mechanics, waveform theory, and artificial neural networks was presented. Among
these, a simple triangulation method was introduced and a theory of combining fracture mechanic properties with
waveform theories was discussed. All of these components were then used collectively to form a system for a series
of experiments to form the initial stages of an SHM system.
Flat aluminum panels similar in thickness to those found in many aerospace structures were subjected to
increasing static loading during laboratory tests. As the load increased, a crack in the panel increased in size,
releasing energy in the form of strain waves into the surrounding material. These waves were then detected by
acoustic emission sensors, and artificial neural networks were implemented to analyze the strain waves. A selforganizing map was used to filter out some noise and a feed-forward artificial neural network was used to determine
the increment of crack extension. The crack length could be approximated with reasonable precision. These
experiments demonstrated the capabilities of artificial neural networks in the field of acoustic emission signal
analysis.
In the second series of experiments similar aluminum panels were placed in a simply supported beam
configuration. Piezoelectric actuators were attached and provided various point sources of strain waves which were
received by multiple acoustic emission sensors. The location of the source (actuator), based on the acoustic emission
detections, was determined by both triangulation and an artificial neural network. Again an artificial neural network
was proven to work well in solving a wave analysis from an acoustic emission system to determine the location of a
point source of a strain wave. A hypothesis of plastic zone interference affecting strain waves received by acoustic
emission sensors (see section 3.4) was questioned in an experiment. For this portion of the experiment, sensors
placed behind the crack front were found to detect waves with smaller amplitudes than the sensors placed in other
locations as the crack extension direction was visible during application of the load. The acoustic emission sensor
placement has a visible trend on detected strain waves, which could be detected by an artificial neural network
developed to utilize this phenomenon.
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The experiments to determine the severity of the increment of crack growth and location based on artificial
neural network analysis of acoustic emission signals were found to produce promising results. Artificial neural
networks were shown to be able to learn these crack properties and apply them to new crack growth never presented
to the network before. These artificial neural networks coupled with an array of acoustic emission sensors form a
system that represents the basic element of a structural health monitoring system for aerospace structures. This
system would be capable of determining both the damage severity and location within the structure.
6.1

Future Study
Although many experiments were performed for this thesis, this research is far from being completed. The

research presented formed only the initial process towards developing a structural health monitoring system for
aerospace applications. Using the artificial neural networks with architectures developed in this paper, more research
must be done on combining these into a single analysis procedure. These experiments were performed
independently of one another, using various software bundles for various steps in the analysis procedure. A full
program could be developed, using the principles here as a basis to link the direct feed from acoustic emission
sensors to an artificial neural network to an output of crack locations and severity as one step. This would eliminate
the need to run different sections of an SHM system in various software bundles to increase the analysis system
speed.
Future study is needed to determine the phenomena of strain waves traveling in a structural component affecting
the detections based on sensor placement. The additional knowledge could be used to develop an artificial neural
network to determine the location of a growing crack based on the difference in energy signals in relation to the
direction of the growing crack. Additionally, more complex structures should be examined, as many structural
components in aircraft are composed of thin curved panels. The artificial neural networks would be expected to be
able to accommodate additional complexities produced by additional geometric boundaries. Experiments are
required to verify the hypotheses that the concepts proposed in this work could be implemented on these more
complex geometries.
Finally, the later stages of the proposed SHM systems should be examined. Tools to relate the change in crack
size and time must be developed. This would allow the results obtained from the various artificial neural networks to
be compressed into a simple quantity such as the number of flight hours remaining for each structural component.
The SHM system could then be installed on a system to report when repair is required, using a threshold condition
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of number of service hours remaining for a component. These predictive methods for using crack growth rate and
location within a structure are the next immediate areas of research.
The concept of a structural health monitoring system has been envisioned for many years. As technology has
improved more accurate and precise methods of determining damage within structures have evolved. Through the
nondestructive testing technique of passive ultrasonic testing (acoustic emission), a method of continuously
monitoring for crack extension within a structure was examined in this study. With artificial neural networks an
analysis method was proposed for interpreting acoustic emission data in a quick, efficient manner. The experiments
discussed in this project show the ability to form a simple, quick structural health monitoring system, which could
determine damage magnitude and location within an aerospace structure. Although only the initial stages in the
development of a structural health monitoring system were presented in this paper, several important steps were
completed towards achieving the ultimate goal of a functional SHM system for structural components. With further
research and innovations in the various fields of fracture mechanics, nondestructive testing, and artificial neural
networks, these systems could extend the safe productive lives of aerospace systems.
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APPENDIX
A.
A.1

MATLAB Codes

Sample output files from PAC software
The following is a sample of an output file from the AEwin (PAC software). More columns can be added,

changing the column numbering convention in the programs provided below.
C:\Program Files\Physical Acoustics\AEwin for PCI2\AEData\NIS 2008\08-05-09\TEST005B.DTA
PCI2 (r) Location Version
Version E3.22
Four Channel DiSP Test
Fri May 09 19:36:12 2008
ID
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

A.2

SSSSSSSS.mmmuuun
8.4896483
2
8.4897577
1
313.6627757
2
347.8810772
1
347.8810937
2
361.7926367
1
384.7793990
1
384.7794113
2
392.5691680
1
392.5691820
2
393.1259555
2
398.4066137
1
398.4166555
2
398.4166722
1
398.4206453
1
398.4206515
2
401.9495420
2
401.9496515
1
401.9527470
2
401.9540535
1
405.7871315
2
406.0880692
1
406.0880782
2
406.2924615
1
406.2924705
2
406.2946070
1
406.2946265
2
406.3573608
1
406.3573700
2
407.0512770
2
408.2595815
1
408.2595895
2
408.4071335
1
408.4071405
2
408.5086965
2
408.5105570
1
408.5105830
2

CH RISE COUN ENER
126
16
5
9
14
5
19
3
0
12
38
10
46
20
5
2
1
0
112
19
4
149
6
2
31
7
2
43
8
1
40
2
0
0
1
0
5
12
2
2
5
1
23
5
2
43
7
1
21
3
0
0
1
0
40
4
0
0
2
1
0
1
0
82
8
2
43
9
1
83
13
3
40
10
1
160
75
32
51
59
26
85
6
1
43
9
1
4
2
0
107
221
175
66
182
125
135
12
3
40
13
3
0
1
0
25
50
13
46
34
11

DURATION AMP
312 51
342 51
41 48
490 58
329 55
2 45
278 50
154 49
209 50
91 51
41 46
0 45
151 51
112 48
201 49
90 50
25 49
0 45
43 47
116 47
0 45
204 50
94 51
218 51
94 51
1007 63
817 66
128 48
93 50
7 47
3177 78
2351 78
238 51
215 54
0 45
510 59
479 61

Converting PAC exported files to time windowed histograms
The following code, titled ‘SHM_1.m,’ was written to perform the initial step of reading in the files from the

AEwin software and creating separate files for artificial neural network use. Additional information for each time
window was included, but could be removed if it was unnecessary.
clear all
close all
clc
%------------------------------------------------------------%------------------------------------------------%---------------------------------------%
% SHM_1.m
%
% Written by: Zachary Kral
%
Acoustic
emission
sensor
data
transformation
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APPENDIX A (continued)
%
% This code transforms the output file from AEwin software into smaller
% time windows and further into histograms, using number of detections
% and a property of the strain wave, defined at the top of this program.
% For this paper, the energy values were chosen.
%
% First part of SHM system, shown in Inspritation file:
% C:\Documents and Settings\user06\Desktop\Conference Paper\-- AIAA SDM\Experiment Idea
%
%--------------------------------------%------------------------------------------------------------%------------------------------------------------%------------------------------------------------------------%------------------------------------------------%
% - Setup values %

%---------------% Histogram:
block_number = 5;
time_step = 8;
hist_bins = 10;
t_max = 500;

% sub-blocks within time step (needs to be odd)
% sec (total block)
% Bins within each time_step
% Max elapsed time

%---------------% Pulls to use
included_letters = 1:8;
letter = 'ABCDEFGHIJKL';
channels = 1:4;

% Pulls range from 1 to 8 (A to H)
% Number of channels to be split apart and used

%---------------% SOM_1: pulled from plots (see Pull_info.m)
%
1
2
3
4
5
6
7
8
9
%
A
B
C
D
E
F
G
H
I
time_boarders =
[130,304,318,256,253,260,280,160];
% tap_time_boarders = [100,200,200,250,200,200,200,100];
%---------------% PAC file to load:
time_col = 2;
%
ch_position = 4; %
property = 7;
%
%
%
%

Column number
Column number
Amplitude = 9
Hit count = 6
Duration = 8
Energy = 7

of
in
----

time in PAC-NDT file
PAC-NDT file
> Not Good
> Somewhat separated
> Somewhat separated

log_parameter = 'y'; % if property is exponential
%---------------% Filter adjustments:
amp_col = 9;
amp_lower = 45;
freq_col = 10;
freq_lower = 10^(1.75);
freq_upper = 10^(2.5);

%
%
%
%

Column number of amplitude in PAC-NDT file
Lower limit for amplitude
Column number of signal frequency in PAC-NDT file
Bounds for frequency

%---------------------------------------------------% Setup histogram bins, based off of global max and min values
hist_max = 500; % General maximum value
if log_parameter == 'y'
hist_max = log(hist_max);
end
hist_min = 0;
bin_boarders = hist_min:(hist_max-hist_min)/hist_bins:hist_max; % Define boarders for the histogram bins
%------------------------------------------------------------%------------------------------------------------%
% - Data from Excel Sheet (Loads and crack sizes) %
( OUTPUT VALUES )
%
A = load('Raw Data.txt'); % Load file containing information on crack growth size and loading applied
% This data is from MTS readouts and human measured crack sizes
% [Time, critical load, initial crack length, final crack length]
p_load = A(:,2) - 9.8e-3;
% Load in kips
a0 = A(:,3);
% Initial crack length
af = A(:,4);
% Final crack length
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da = af - a0;

% Crack growth length

dia = 0.7; % Sensor diameter
sensors = [5.1
1;
% Tangential line positions of AE sensors
3.5
1.2;
0.2
1.1;
2
1];
sensors = sensors + dia/2; % Center of AE sensors
clear A
%------------------------------------------------------------%------------------------------------------------%
% - File setup %
One file created, but includes letter of pull
%
file = fopen('SOM_1 Input.txt','wt'); % Create file of histograms to use for neural network software
for k = 1:4
eval([sprintf('file%d
individual sensors
end

=

fopen(''SOM_1

Input

Ch

%d.txt'',''wt'');',k,k)])

%

Create

secondary

files

of

%------------------------------------------------------------%------------------------------------------------%------------------------------------------------------------%------------------------------------------------addpath C:\'Documents and Settings'\user06\'PAC Data' % Allow access to folder with AEwin results
for k = included_letters
clear A
% Go to folder in computer with AEwin results and read in data
cd C:\'Documents and Settings'\user06\'PAC Data'
A = loadPAC(strcat('Pull_',letter(k),num2str(0))); % Load in file
cd C:\'Documents and Settings'\user06\ % Reutrn to previous folder
%----------------------------------------------------% Filter data points
k3 = 1;
for k2 = 1:length(A(:,1))
if A(k2,amp_col) >= amp_lower
% Amplitude filter
if A(k2,freq_col) > freq_lower & A(k2,freq_col) < freq_upper % Frequency filter
if A(k2,time_col) > 100
% Tap time filter
A2(k3,:) = A(k2,:);
k3 = k3 + 1;
end
end
end
end
if exist('A2') > 0
A = A2;
clear A2 k2 k3
else
continue
end
A_global = A;
clear A
%----------------------------------------------------% Split channels
for q = channels
% Make counters for all the channels
eval([sprintf('p%d = 1;',q)])
end
for q = 1:length(A_global(:,1)) % Separate into different channels
eval([sprintf('ch%d(p%d,:) = A_global(q,:);',A_global(q,ch_position),A_global(q,ch_position))])
eval([sprintf('p%d = p%d + 1;',A_global(q,ch_position),A_global(q,ch_position))])
end
for q = channels % If channel detections do not exist, fill in one row with all zeros
eval([sprintf('p_temp = p%d;',q)])
if p_temp == 1
eval([sprintf('ch%d = zeros(1,length(A_global(1,:)));',q)])
end
end
%---------------------------------% Go through channels separately
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for q = channels
eval([sprintf('A = ch%d;',q)])
eval([sprintf('file_temp = file%d;',q)])
%----------------------------------------------% Histogram
if log_parameter == 'y'
for i = 1:length(A(:,1))
if A(i,property) > 0
A(i,property) = log(A(i,property));
else
A(i,property) = 0;
end
end
end
% Define time blocks, based on elapsed time
t = 1:time_step/block_number:t_max;
for i = 1:(length(t)-block_number)
p = 1;
for j = 1:length(A(:,1)) % Split properties into time blocks
if A(j,time_col) > t(i) & A(j,time_col) < t(i+block_number)
current_block(p) = A(j,property);
p = p + 1;
end
end
if exist('current_block') == 1
%------------------------------------------% Histogram Counter
hist_count = zeros((length(bin_boarders)-1),1);
for i2 = 1:length(current_block) % Create histogram bins
for j2 = 1:(length(bin_boarders)-1)
if current_block(i2) >= bin_boarders(j2) & current_block(i2) < bin_boarders(j2+1)
hist_count(j2) = hist_count(j2) + 1;
elseif current_block(i2) >= hist_max
hist_count(hist_bins) = hist_count(hist_bins) + 1;
end
end
end
time_block = hist_count;
%--------------------------------------------%------------------------------------------------% Print out results with 'target' values
if sum(time_block(:,1)) > 0.5
% Not all zeroes
for i2 = 1:(length(time_block(:,1)))
for j2 = 1:(length(time_block(1,:)))
fprintf(file,'%d\t',time_block(i2,j2)); % <-------- Histogram
fprintf(file_temp,'%d\t',time_block(i2,j2));
end
end
fprintf(file,'%8.2f\t',t(i)); % <------------------- Time
fprintf(file_temp,'%8.2f\t',t(i));
if t(i) < time_boarders(k) % <------------------- Desired Group ('yes','no','maybe')
maybe_count = 1;
for j3 = 0:(length(time_block(:,1))-1)
if t(i+j3) > time_boarders(k)
fprintf(file,'%d\t%d\t%d\t',0,0,1);
fprintf(file,'%5.2f\t%7.4f\t',da(k),p_load(k));
fprintf(file_temp,'%d\t%d\t%d\t',0,0,1);
fprintf(file_temp,'%5.2f\t%7.4f\t',da(k),p_load(k));
maybe_count = 1;
break
else
maybe_count = maybe_count + 1;
end
end
if maybe_count > 1
fprintf(file,'%d\t%d\t%d\t',0,1,0);
fprintf(file,'%5.2f\t%7.2f\t',0,0);
fprintf(file_temp,'%d\t%d\t%d\t',0,1,0);
fprintf(file_temp,'%5.2f\t%7.2f\t',0,0);
end
else
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fprintf(file,'%d\t%d\t%d\t',1,0,0);
fprintf(file,'%5.2f\t%7.4f\t',da(k),p_load(k));
fprintf(file_temp,'%d\t%d\t%d\t',1,0,0);
fprintf(file_temp,'%5.2f\t%7.4f\t',da(k),p_load(k));
end
fprintf(file,'%d\t%d\n',k,q); % <------------------- Pull number and channel (additional
information)
fprintf(file_temp,'%d\t%d\n',k,q);
end
%-----------------------------------------------------%---------------------------------------------------clear hist_count current_block time_block
end
%
end

end
fprintf(file,'\n\n');

end
% Close files
fclose(file);
for k = 1:4
eval([sprintf('fclose(file%d);',k)])
end
fprintf('\n\nSHM_1.m done running.\n\n\n')

A.3

Use results from artificial neural network to plot crack length over time
This program is a follow up to the previous one, where the resulting crack length values are combined together

to plot the crack length over time.
% clear all
close all
% clc
%------------------------------------------------------------%------------------------------------------------%---------------------------------------%
% SHM_1b_test004_J.m
%
% Written by: Zachary Kral
% NN Results from SHM_1****.m files to determine crack length over time
%
% This code uses the outputs from a NN on da and plots the results of a
% crack length over time. NOTE: This is for test pull J only. Five plots
% are made for the different blocks within the time steps, and the channels
% are kept separate.
%
%
%--------------------------------------%------------------------------------------------------------%------------------------------------------------%--------------------------------------%
% - Setup % Run other program to get variables from test004:
SHM_1_test004;
%-----------------% Extra time parameter
dt = time_step/block_number;
time_boarder = 300;
average_time = 700;
%-----------------% Column definitions
time_col_A = 11; % Time
column in *.nna file
da_col_A = 12;
% da
column -----"-------ch_col_A = 14;
% Channel column -----"-------%-----------------% Plot configurations
plot_thickness = 2;
color = 'brgk';
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shape = 'os^x';
figure_count = 0;
% figure_count = (block_number-1) % For all
%--------------------------------------%
% - Load File %
addpath C:\'Documents and Settings'\user06\Desktop\neural
cd C:\'Documents and Settings'\user06\Desktop\neural
A = load('da_j_f.nna');
A_NN = load('da_j_f.nnr');
cd C:\'Documents and Settings'\user06\Desktop\Thesis\'Experiment SHM Total'\'Pretty Programs'

%------------------% Filter A

p = 1;
for i = 1:length(A(:,1))
if sum(A(i,1:hist_bins)) > 1.5 & A(i,time_col_A) > time_boarder
A2(p,:) = A(i,:);
A2_NN(p,:) = A_NN(i,:);
p = p+1;
end
end
A = A2;
A_NN = A2_NN;
clear p A2 A2_NN
%------------------% Setup needed variables
%
Time
da
Channel
B = [A(:,time_col_A), A_NN(:,2), A(:,ch_col_A)];
% % Compensate for da < 0.01
% for i = 1:length(B(:,1))
%
if B(i,1) > 400
%
B(i,2) = B(i,2)/2;
%
end
% end
%------------------% Split channels
for i = channels
eval([sprintf('p%d = 1;',i)])
end
for i = 1:length(B(:,1))
eval([sprintf('B%d(p%d,:) = B(i,1:2);',B(i,3),B(i,3))]) % B# = [Time, da]
eval([sprintf('p%d = p%d + 1;',B(i,3),B(i,3))])
end
clear B

%------------------% Setup figures
for i = 1:(figure_count+1)
figure(i)
hold on
grid on
end
for j = channels
eval([sprintf('B = B%d;',j)])
%-------------------% Shrink B from overlapping time windows
time = B(1,1);
dt_block = dt*block_number;
p = 1;
B_shrink = B(p,:);
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p = p+1;
for i = 2:length(B(:,1))
if B(i,1) > (time+dt_block)
time = B(i,1);
B_shrink(p,:) = B(i,:);
p = p+1;
end
end
B = B_shrink;
%-------------------% Determine a
a_col = length(B(1,:))+1;
B(1,a_col) = 0;
for i = 2:length(B(:,1))
B(i,a_col) = B(i-1,a_col) + B(i,2);
end
eval([sprintf('B%d = B;',j)])
%-------------------% Pick time da occurs
for i = 0:figure_count
B(:,1) = B(:,1) + dt*i;
%----------------% Create step count
px = 1;
Bx(px,:) = zeros(1,length(B(1,:)));
px = px+1;
Bx(px,:) = B(1,:);
px = px+1;
for i2 = 2:length(B(:,1))
Bx(px,:) = [B(i2,1),B(i2-1,3),B(i2-1,3)];
px = px+1;
Bx(px,:) = [B(i2,1),B(i2,3),B(i2,3)];
px = px+1;
end
eval([sprintf('Bx%d = Bx;',j)])
figure(1)
eval([sprintf('plot(Bx%d(:,1),Bx%d(:,a_col),''-%s'',''linewidth'',plot_thickness)',j,j,color(j))])
hold on
title(strcat('Inner Block Number:',num2str(i+1)));
legend('Ch 1','Ch 2',2)
xlabel('Elapsed Time (sec)')
ylabel('Crack length (in)')
end
end
loading = xlsread('NN Results for TEST004 data','Sheet3');
figure (2)
hold off
[AX,H1,H2] = plotyy(Bx1(:,1),Bx1(:,3),loading(:,2),loading(:,1),'plot');
set(get(AX(1),'Ylabel'),'String','Crack length(in)') ;
set(get(AX(2),'Ylabel'),'String','Load (lb)') ;
% set(H2,'Color','r');
% set(get(AX(2),'Ylabel'),'Color','r') ;
% set(get(AX(2)),'Color','r') ;
set(H1,'linewidth',plot_thickness);
set(H2,'linewidth',plot_thickness);
grid on
xlabel('Elapsed Time (sec)')

%--------------------------------------------% Average between signals
p1 = 1;
p2 = 1;
for t = 1:average_time
if t > B1(p1,1)
p1 = p1+1;
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end
C1(t,:) = [t, B1(p1,3)];
if t > B2(p2,1)
p2 = p2+1;
end
C2(t,:) = [t, B2(p2,3)];
end
B_ave = (C1 + C2)/2;
%---------------------------------% Shift around time window
B_ave(:,1) = B_ave(:,1) - dt*(block_number-1);
p_ave = 1;
for i = 1:length(B_ave)
if B_ave(i,1) > 0
B_ave2(p_ave,:) = B_ave(i,:);
p_ave = p_ave+1;
end
end
B_ave = B_ave2;
%----------------% Create step count
px = 1;
Cx(px,:) = zeros(1,length(B_ave(1,:)));
px = px+1;
Cx(px,:) = B_ave(1,:);
px = px+1;
for i2 = 2:length(B_ave(:,1))
Cx(px,:) = [B_ave(i2,1),B_ave(i2-1,2)];
px = px+1;
Cx(px,:) = [B_ave(i2,1),B_ave(i2,2)];
px = px+1;
end
B_ave = Cx;
figure (3)
hold off
[AX,H1,H2] = plotyy(B_ave(:,1),B_ave(:,2),loading(:,2),loading(:,1),'plot');
set(get(AX(1),'Ylabel'),'String','Crack length(in)') ;
set(get(AX(2),'Ylabel'),'String','Load (lb)') ;
set(H1,'linewidth',plot_thickness);
set(H2,'linewidth',plot_thickness);
grid on
xlabel('Elapsed Time (sec)')
title('Average Crack Length')

figure(1)
plot(B_ave(:,1) + dt*(block_number-1),B_ave(:,2),'-k','linewidth',plot_thickness);

A.4

Triangulation function to find position
This function code used the triangulation method to determine the position of a point source, using three

acoustic emission sensors, and the time differences that a strain wave is received.
function Crack_tip = triang(Sensors, Set, Cw)
%-----------------------------------------------------%
% - Triangulation Method %
% Written by: Zachary Kral
% Determines the point source location between three sensors
%
% Input - 'Sensors': 3 x 2 matrix, consisting of x and y positions of the
%
three sensors used for triangulation.
%
'Set': Matrix of three rows for the strain wave time and
%
characteristics from each of the three sensors.
%
(Note: Time column is assumed to be column 2, based on PAC
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%
exported files)
%
'Cw': Wave speed or velocity
%
%-----------------------------------------------------%-----------------% Sensor positions
x = Sensors(:,1);
y = Sensors(:,2);
%-----------------% Extract times and determine difference from first row
delta_t1 = Set(:,2);
delta_t1 = delta_t1 - delta_t1(1);
%-------------------------% Find time changes relative to other sensors as well
for i = 1:3
delta_t2(i) = -(delta_t1(2) - delta_t1(i));
delta_t3(i) = -(delta_t1(3) - delta_t1(i));
end
%-------------------------% Find Points on Boarder
% Node 1 - 2
for i = 1:3
for j = 1:3
L(i,j) = sqrt((x(i)-x(j))^2 + (y(i)-y(j))^2);
end
end
%-------------------------% Sensors 1 and 2
r1 = (1/2)*(L(1,2)-Cw*delta_t1(2));
r2 = (1/2)*(L(1,2)+Cw*delta_t1(2));
dx = x(2) - x(1);
dy = y(2) - y(1);
m_prime = dy/dx;
b_prime = y(1) - m_prime*x(1);
x0 = x(1)+r1*dx/sqrt((dy^2+dx^2));
y0 = m_prime*x0+b_prime;
m(1) = -dx/dy;
b(1) = y0 - m(1)*x0;
%-------------------------% Sensors 2 and 3
r1 = (1/2)*(L(2,3)-Cw*delta_t2(3));
r2 = (1/2)*(L(2,3)+Cw*delta_t2(3));
dx = x(3) - x(2);
dy = y(3) - y(2);
m_prime = dy/dx;
b_prime = y(2) - m_prime*x(2);
x0 = x(2)+r1*dx/sqrt((dy^2+dx^2));
y0 = m_prime*x0+b_prime;
m(2) = -dx/dy;
b(2) = y0 - m(2)*x0;
%-------------------------% Sensors 1 and 3
r1 = (1/2)*(L(1,3)-Cw*delta_t1(3));
r2 = (1/2)*(L(1,3)+Cw*delta_t1(3));
dx = x(3) - x(1);
dy = y(3) - y(1);
m_prime = dy/dx;
b_prime = y(1) - m_prime*x(1);
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x0 = x(1)+r1*dx/sqrt((dy^2+dx^2));
y0 = m_prime*x0+b_prime;
m(3) = -dx/dy;
b(3) = y0 - m(3)*x0;

%--------------------------------------% Intersections (Average Spot)
x1 = [m(1), -1; m(2), -1]^(-1)*[-b(1); -b(2)];
x2 = [m(2), -1; m(3), -1]^(-1)*[-b(2); -b(3)];
x3 = [m(1), -1; m(3), -1]^(-1)*[-b(1); -b(3)];
x0 = (x1(1)+x2(1)+x3(1))/3;
y0 = (x1(2)+x2(2)+x3(2))/3;
Crack_tip = [x1'; x2'; x3'; x0, y0];
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B.

Additional Figures

This section includes additional figures of results obtained from various experiments.
B.1

Crack Severity Figures
The Figure B.1 below shows for the nine different experiments to form the training dataset for the crack

severity analysis sections.
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Figure B.1: Nine experiments used for creating the training datasets for crack severity.
Solid line is the loading curve over time. The square and diamond point are individual strain waves, detected by the
acoustic emission sensors.
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Severity Experiment 5
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Figure B.1 (continued): Nine experiments used for creating the training datasets for crack severity.
Solid line is the loading curve over time. The square and diamond point are individual strain waves, detected by the
acoustic emission sensors.
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B.2

Positioning Figures
The figures below are for the actuator, or point source, locations, numbered seven through sixteen, using the

numbering notation from Figure 5.6. Figure B.2 and Figure B.4 are the results from using actuators labeled as seven
through twelve as a point source. Figure B.3 and Figure B.5 display the results from actuators thirteen and sixteen.
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Figure B.2: Triangulation results for actuator locations, seven through twelve.
Each colored triangle encloses the area formed by the intersecting normal lines. The point shown within these is the
averaged center of the area.
105

APPENDIX B (continued)

Group 1: Triangulation of Crack Tip Points (Channels 13 - 16) Group 2: Triangulation of Crack Tip Points (Channels 13 - 16)
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Figure B.3: Triangulation results for actuator locations, thirteen through sixteen
Each colored triangle encloses the area formed by the intersecting normal lines. The point shown within these is the
averaged center of the area.
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Triangulation of Crack Tip Points (Channels 7 - 12)
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Figure B.4: Averaged results of triangulation from various combinations of four acoustic emission sensors,
using actuators seven through twelve
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Figure B.5: Averaged results of triangulation from various combinations of four acoustic emission sensors,
using actuators thirteen through sixteen
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Figure B.6, Figure B.7, and Figure B.8 display the artificial neural network results on estimating position of the
different channels. The results are colored to match the initial actuator origin of each source.
NN Location Results (Channels 1 - 6)
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Figure B.6: Artificial neural network results of detections from four acoustic emission sensors for actuators
one through six
NN Location Results (Channels 1 - 6)
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Figure B.7: Artificial neural network results of detections from four acoustic emission sensors for actuators
seven through twelve
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NN Location Results (Channels 13 - 16)
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Figure B.8: Artificial neural network results of detections from four acoustic emission sensors for actuators
thirteen through sixteen
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