
1. Introduction

Acoustic Emission is formally defined [1] as “the class of phenomena where transient elastic

waves are generated by the rapid release of energy from localized sources within a material, or

the transient elastic waves so generated”. Examples of sources can be crack growth, moving dis-

locations, slip, twinning, corrosion, etc. As it is reported in the Nondestructive testing handbook

[1], it is believed that the first use of this phenomenon dates back to 6,500 BC when artisans

making pottery observed audible cracking sounds in their products during the cooling. This in-

dicated that the ceramics were defective and of poor quality. As a structural application, one of

the first reports is from a bridge in Portsmouth, 1939. No sensors were being used, instead per-

sons were placed near the main wires and they could hear audible cracking sounds during quite

nights (listening at nights corresponded to modern filtering methods!). The problem was stress

corrosion and based on these reports it was decided to recable the bridge. In the 1960s Acoustic

Emission also became a term for a new discipline and measurement technique in the nonde-

structive testing technology. It was recognized that growing cracks and leaks in pressure vessels

could be detected by monitoring their acoustic emission signals.

The purpose of using an acoustic emission (AE) system for nondestructive testing is to convert

the mechanical waves, for instance generated due to crack growth, into an electrical signal.

Crack formation releases energy in the form of mechanical waves and it can be compared to

earthquakes, but in this case the event takes place on a micro structure level. Due to varying

microstructure, irregular stress states, structure geometry, varying crack propagation velocity,

dispersion, attenuation, etc. signals from the same type of source will show differences in their

appearance. Hence, the AE system must have the potential to capture these details so that an

operator will have the possibility to draw conclusions about the sources for the signals.

Throughout the present work, tensile tests and AE measurements have been performed on com-

posite laminates, mainly prepreg based glass-fibre-reinforced epoxy laminates. This is a type of

material that is favourable due to its high strength and low density in combination with the pos-

sibility to orient the fibers in directions carrying the load. Composite laminates are utilized for

instance in aerospace, for construction of aircrafts, boats and other high performance equip-

ment, where the prize is not the major issue. However, new cost effective, environmental friend-

ly manufacturing processes have increased the use of structural composites in the vehicle

industry, for pressure vessels and in infrastructure, such as bridges. When a composite laminate
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is subjected to external loading, it often exhibits a complicated damage process, due to the het-

erogeneous nature, with many microcracks and different damage modes which may interact and

cause an accelerating damage evolution. The basic damage mechanisms are matrix cracking,

delamination and fibre fracture. These degrading mechanisms affect the structural integrity and

in worst case a catastrophic failure may result. It is therefore clear, that with the increased use

of composite materials, it is desired to have reliable techniques to monitor and control these

damage processes. Further development of experimental methods to investigate and increase

the knowledge about crack initiation and propagation for various composite systems would also

be desirable, so that damage models can be implemented in an early stage of the design process.

The main goal of this thesis is to develop methods that enable a characterization of damages in

composite laminates, based on information from acquired AE transients. To achieve this, the

following questions have been addressed in the appended papers:

• Is it possible to measure AE transients from damage development in composite lami-

nates and to characterize the type of damage from its acquired AE response? (Paper A)

• May numerical methods be used for prediction of AE transients resulting from matrix

cracking and delaminations? (Papers B and C)

• Can signal processing based methods automatically divide the same type of signals into

clusters and classify different damage types based on their AE signature? (Paper D)

• How can numerical predictions be utilized in order to classify experimentally acquired

AE responses? (Paper E)

2. Composite laminates and their damage modes

A composite material is a heterogeneous material which is built up from two or more constitu-

ents. In the present thesis continuous glass fibers embedded in an epoxy resin-matrix are inves-

tigated. The principal advantage of glass fibers is the low cost and high strength. The

disadvantages are low modulus and poor adhesion to polymer matrix resins, particularly in the

presence of moisture. To improve the adhesive properties, the surface of the fibers requires

treatment using chemical coupling agents. Typical fiber diameters for continuous glass fibers

are 3-20 µm (E-glass). The epoxy resin matrix is a thermoset polymer and it has a crosslinked

or network structure of molecules. The mechanical and thermal properties of the epoxy resin are

inferior to those of the glass fibers. The main purposes of the polymer matrix resin are to bind
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the fibers together and to transmit loads from one fiber to another.

The specimens used in the experiments are built from several prepregs stacked in a pre-deter-

mined arrangement and cured together, see Figure 1. In a loaded ply with high tensile stresses

transverse to the fibre direction, mainly matrix cracking will occur. This intralaminar damage

is caused by fracture in the epoxy sometimes in combination with debonding, with a crack path

parallel and inbetween the fibres. If instead interlaminar stresses are present to transfer load be-

tween different plies, for example in the vicinity of an already existing matrix crack or at a free

edge, delamination faults separating the adjacent plies may result. A third damage development

may arise when the load mainly is taken by the fibres. When the ultimate strength of the fibres

is reached, they will break and the thereby caused local stress intensification may cause neigh-

bouring fibres to break, resulting in a broken fibre bundle. Other possible damage mechanisms

to be mentioned are debonding, fibre pull-out and splitting. The above described damage mech-

anisms may form long before final failure in a loaded composite structure.

3. The acoustic emission technique

3.1. The acoustic emission system

In an acoustic emission system, the conversion of the mechanical vibrations to an electrical sig-

nal is achieved by transducers, which can be of resonant or broadband type. Conventional sys-

tems use resonant piezoelectric transducers which have a high sensitivity around a certain
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Figure 1. Schematic illustration of a three layer composite laminate
containing matrix cracks, delamination and fibre fracture.90
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resonant frequency, typically somewhere in the range from 150 kHz to 500 kHz. Standard pa-

rameters being recorded when using a resonant transducer are peak amplitude, rise time, event

duration, ringdown count, event energy. However, increasing computer speed and extended

memory capacity have made it possible to use so-called broadband transducers. These are char-

acterized by a high sensitivity in a wider frequency range, typically from 50 kHz up to 2MHz.

This enables a signal to be recorded as a time history of the output voltage of the transducer. It

is clear that different source mechanisms will give rise to different wave fields in a monitored

structure, which may then result in recorded signals of completely different frequency content.

Hence, the broadband transducers have a great advantage over the resonant transducers in their

potential to capture details in the signals. In Figure 2, a typical set-up of a composite specimen

in a tensile test machine and the mounted broadband AE-transducers are shown.

After the transducers, the next link in an acquisi-

tion system is the preamplifiers, which are locat-

ed close to the transducers and provide required

gain and cable drive capability, see Figure 3.

When the signals enter the mainframe, further

amplification and filtering are performed to ena-

ble analogue to digital conversion and subse-

quent digital signal processing. During AE

testing, the system is continuously sensing the

output voltage from the piezoelectric transduc-

ers, but the signals are not stored or graphically

displayed on the computer screen unless the sig-

nal amplitude satisfies a preset trigger condition.

In such a case, the signal is typically recorded at

a sampling rate of 10 MHz and for about 100-200

µs.

Figure 2. Image of a composite tensile
test specimen with six mounted AE-
transducers and an extensiometer.
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3.2. Experimental AE measurements and analyses

The AE technique has found many applications and areas of use, both for different materials

and different types of structures. Several examples are found in the Nondestructive testing hand-

book [1]. One major concern, which has been accentuated after the increased use of broadband

transducers, is the interpretation of recorded signals. Therefore, many investigations have been

performed in laboratories trying to connect different signals and their features to different mech-

anisms generating the measured AE transients. Using conventional AE systems with resonant

transducers, the above mentioned standard parameters are used to characterize and discriminate

between different source mechanisms [2,3]. However, as highlighted in Paper A and also by

other researchers, see for instance Gorman and Ziola [4] and Prosser [5], the use of broadband

transducers shows that signals from the same type of source may give rise to completely differ-

ent AE responses. This has increased the need for more sophisticated signal processing meth-

ods. Mizutani et al [6] classified AE-signals in point loaded CFRP plates based on wavelet

contour plots and Philippidis et al [7] utilized principal component analysis (PCA) together with

artificial neural network systems to predict the remaining strength of GRP stressed in tension.

In Paper A, an extensive experimental investigation on epoxy/glassfibre composite laminates is

presented. Quasi-static tensile tests are conducted using several lay-up configurations. The ma-

jority of AE-signals are grouped and typical signals representing these groups are presented. For

instance, it is demonstrated that a matrix crack will generate a different AE response if the crack

appears in a surface or an inner layer. Whether the crack propagation is directed towards or

away from a transducer will also influence the recorded signal. Paper D addresses the possibility
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Figure 3. Sketch of a typical acoustic emission experimental set-up
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to utilize these complete time histories in a way which automatically group similar AE signals.

This was done using principal component analysis (PCA), which is a multivariate method used

to explore the inherent structure of large data sets.

In the past few years, several investigations have been reported in which the arrival of different

wave modes, i.e. extensional and flexural modes, in the recorded broadband signal has been

identified. This way of analysing the AE signals has been named Modal Acoustic Emission

(MAE). Surgeon and Wevers [8] used MAE to distinguish between noise signals and real dam-

age signals and also to obtain more accurate source location. To separate different damage

mechanisms, they used the peak amplitude ratio between the extensional and the flexural wave

mode. It is, however, in many cases difficult to identify the extensional mode and the flexural

mode respectively, especially in an automatic way. In Paper A, signals due to matrix cracking

in a surface layer were observed to have extensional and flexural wave modes of the same peak

amplitudes. It was, however, shown that these modes could be separated from each other by

adding and subtracting the signals recorded on two opposite transducers, i.e. transducers placed

on the front side and the back side of the specimen.

3.3. Numerical calculations of AE transients

Numerical modelling of the acoustic emission wave field, generated due to different types of

damage processes in composite laminates, has received far less attention in the literature. To be

able to take the AE technique further as a structure surveillance system or a monitoring labora-

tory tool, it is essential to develop numerical models. A reliable model would give a possibility

to understand different kinds of features in a recorded AE signal and also to investigate how dif-

ferent parameters would effect the AE response. This would help to increase the knowledge

about crack initiation and growth for a variety of materials and situations. Åberg [9] presented

a numerical model for matrix cracking and fibre fracture during tensile testing of a cross-ply

laminate specimen. The theoretical model is based on a finite element discretization of the

cross-section of the specimen and a Fourier representation of the axial and time dependence.

This method is adopted in Paper B to study the surface response due to matrix cracking in both

an inner layer and a surface layer and in Paper C for the surface response due to growth of a

local delamination. In both papers, the numerical predictions are compared to experimentally

measured AE signals from the corresponding real damage sources. These comparisons show

that good agreements can be achieved, although there are many uncertainties still to be ex-
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plored. One major problem concerning the AE technique is the wavelength dependence of trans-

ducer sensitivity, which is highlighted in Paper B. Critical for the numerical prediction is also

the source description, as for instance the influence of the crack propagation velocity. Video re-

cording of the delamination growth in Paper C, showed that the formation may vary for different

cracks and that a correct growth behaviour may be difficult to describe.

As already mentioned, an online structural surveillance system needs to be capable of classify-

ing and quantifying AE signals, especially in composites with a large number of damage modes

present. However, to develop a data base of knowledge based on AE-responses resulting from

various types of cracks and lay-up configurations is highly time consuming, costly and in many

cases impossible. Therefore, numerical simulations may be very valuable and can give impor-

tant guidance when a knowledge basis is formed. For example, consider a volume with high

stress concentrations, for instance near a hole, where cracks are likely to be initiated. Numerical

simulations of the surface response due to possible damage modes from that volume may serve

as a discriminating basis for the following experimental AE acquisition. A first attempt in this

direction is described in Paper E.

4. Quantitative AE

From a numerical model that is established to simulate the AE response generated due to micro

cracking it is possible to explore the influence of different parameters. In this section, some ex-

amples are presented how the AE response is changing due to variations in crack size, crack

propagation velocity and different source to transducer distances. The numerical model present-

ed in Paper C is utilized for the simulations.

Figure 4. Definition of the coordinate system and a schematic illustration of the formation of a

matrix crack and a delamination.
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A glassfiber/epoxy laminate with a lay-up configuration is considered. The specimen

length is 200 mm, the width is 25 mm and the thickness is 0.58 mm. This specimen will be used

for all the following examples and the resulting numerical AE responses are filtered by a fifth

order Butterworth filter with a passband from 20 kHz to 300 kHz.

Figure 5. The surface velocity response of the shaded area in Figure 4 resulting from a) exten-

sional wave modes and b) flexural wave modes.

For a wave field generated due to a growing local delamination inbetween the top surface layer

and the mid layer, Figure 5a shows the surface velocity response due to the extensional wave

modes over a finite surface area of the specimen represented by the shaded area in Figure 4. The

shaded area in Figure 4 is 43 mm long and it starts 30 mm from the tip of the delamination (in

the x1-direction). The compliant flexural bending modes resulting from the same delamination

can be seen in Figure 5b. It should be reminded that this type of delamination also will produce

transient responses from stiff bending and twist modes. These modes will interact with the

modes shown in Figure 5 and result in the response which is measured during an experiment.

Using this technique it is possible to compute the surface response of the area covered by for

instance an AE transducer. This would have the potential of a more accurate comparison to ex-
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perimental AE-signals, instead of comparing the response for just one discreet point. A great

difficulty lies however in the uncertainty of the transducer sensitivity if the surface response is

inhomogeneous over the sensing area.

4.1. Delamination size

Here, two different cases are investigated for a delamination crack growth in the vicinity of a

matrix crack which is 3.3 mm long, see Figure 4. The response is evaluated at a position along

the center line of the specimen and at a distance of 35 mm from the tip of the delamination. First,

the AE response resulting from different delaminations that are growing a certain radial incre-

ment is investigated, see Figure 6a. The delamination crack increment is 0.3 mm and it starts

from a delamination length (see d in Figure 4) of 0.3 mm and stops at 3.3 mm.

Figure 6. The maximum peak amplitude ratio between flexural and extensional wave modes ver-

sus normalized delaminated area. The increment in delaminated area is normalized by the final

complete delaminated crack area.

In Figure 6a, the amplitude ratio between flexural and extensional modes is plotted versus the

normalized delaminated area. The same type of analysis was performed for a delamination start-

ing with its crack edge at different locations and which then grows to stop at the same final crack

length, see Figure 6b. The starting point for the delamination crack edge is increased in steps of

0.3 mm starting from a delamination length of 0.3 mm and the growth stops at 3.3 mm. The am-

plitude ratios are shown in Figure 6b.
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These calculations are all based on the moment tensor concept, see paper C for the details. The

damage is in this way approximated as force couples, corresponding to the moment tensor com-

ponents, acting in just one point. The M11, M22 and M33 components are forces resulting in dil-

atations of the crack surfaces and meanwhile M12, M23 and M31 will shear the crack surfaces.

The variations in these moment tensor components corresponding to the two previous examples

are shown in Figures 6a and 6b, respectively.

Figure 7. The variation in the moment tensor components corresponding to the case in Figure

6a.

Figure 8. The variation in the moment tensor components corresponding to the case in Figure

6b.
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Figures 7 and 8 show that the strength of the moment tensor, representing the AE-source, in-

creases with the size of the delaminated area. As can be seen in Figure 6, this will have an in-

fluence on the amplitudes of the AE response. Hence, there is a potential for the use of moment

tensors as a source description capable of capturing details in the resulting AE-transients.

4.2. Delamination crack growth velocity

The influence of the crack propagation velocity is studied for a delamination growing a radial

increment of 0.8 mm, i.e. an increase in delamination crack length from 0.6 mm to 1.4 mm, see

distance d in Figure 4. In Paper C, it was assumed that the crack growth was instantaneous. For

a finite crack propagation velocity, the moment tensor can instead be represented by a gradually

increasing function. The velocity is varied as 50 m/s, 250 m/s and 500 m/s and the results are

presented in Figure 9 as the velocity response of an observation point that is located along the

center line of the specimen and 50 mm from the delamination crack tip. It should be observed

that the surface velocity is plotted in mm/s for the extensional modes and in m/s for the flexural

modes.

From this plot it can be seen how the location of the maximum peak amplitude is shifted in the

signal with varying crack propagation velocity. For the low delamination front velocity, this

maximum peak is located around 100 µs for the flexural mode. It occurs in a late part of the

signal and it corresponds to relatively low frequencies. As the crack propagation velocity in-

creases, this maximum peak is shifted towards the first arriving part of the signals. It is also ob-

served that this part of the signal corresponds to higher frequencies and that its amplitude

increases with crack propagation velocity. This clearly shows the importance of the time de-

pendence of the source when a correct comparison should be made to experimentally deter-

mined AE-signals.
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Figure 9. Surface velocity versus time for different crack propagation velocities.

4.3. Varying source to transducer distance

From a variation in the distance between the source and the observation point (the transducer

location), the dispersion of the AE-transient is observed. In Figure 10, this is exemplified for a

delamination growing from a length of 1.2 mm and which stops at 2.1 mm. In this case the dela-

mination is assumed to develop instantaneously and the different source to transducer distances

are defined in Figure 10. The results are presented as wavelet plots describing the frequency

(scale) content of the signal as a function of time. The given scale can be translated into a center

frequency fc through the relation [kHz], where a defines the specific scale. In all the

plots, the colours represent the same amplitude.
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Figure 10. Frequency versus time for different source to transducer distances.

Figure 10 demonstrates the dispersion of the flexural wave modes. For the shortest propagation

distance, the main energy in the signal is concentrated around 100 µs. When the propagation

distance increases, the lower frequencies tend to arrive later in the signal. For the extensional

wave modes, the signal envelop seems to roll off quicker for the longer propagation distances,

i.e. the amplitudes in the observed AE-signal decay faster for longer propagation distances. This

dispersion will cause difficulties for instance if AE-signals produced from different crack mech-

anisms are to be characterized and classified based on their time histories. Although the tran-

sients are generated from the same type of damage, their signatures are varying due to

differences in distance of propagation.
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5. Signal processing

5.1 Wavelet analysis

Fourier transformation is a frequently employed tool in signal processing. A function f(t) can

be represented by its Fourier transform  as

(1)

The magnitude of  is a measure of the frequency content at . A disadvantage of the

Fourier transform is that the frequency content can not be localized in the signal, i.e.

expresses the average over the entire signal. This means that the time information will be lost

when the frequency content of a signal is studied.

To overcome this disadvantage, wavelet or multiresolution analysis (MRA) is a way to study a

signal’s (or function’s) frequency content with time information preserved. The building block

functions in wavelet analysis are so-called scaling and wavelet functions. In Paper E, a

Daubechies 5 wavelet (db5) is used, which is a wavelet of the Daubechies family [10]. Its

scaling function, shown in Figure 11a, can formally be expressed as

, (2)

where  is called the father wavelet and j, k are positive and negative numbers. The

corresponding wavelet function, shown in Figure 11b, can be written in the same manner

, (3)

where  is the mother wavelet.

f̂ ω( )

f t( ) 1

2π
------ f̂ ω( )eiωt ωd
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f̂ ω( ) ω

f̂ ω( )

φj k, x( ) 2
j 2⁄ φ 2

j
x k–( )= j k Z∈,

φ

ϕ j k, x( ) 2
j 2⁄ ϕ 2

j
x k–( )= j k Z∈,

ϕ
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Figure 11. The Daubechies 5 a) scaling function and b) wavelet function.

These are compactly supported functions of two index, where j is a dilation index and k a

translation index. The dilation index j will compress or stretch the mother wavelet enabling the

original signal to be analysed at different resolutions j, i.e. features at different scales

(frequencies) can be extracted from the analysed signal. The translation index k slides the

wavelet over the signal so that features at a certain scale may be localized in the signal. Hence,

the idea of the wavelet transform is to determine the appropriate coefficients so that a given

function f can be transformed into a linear combination of the corresponding scaling and

wavelet functions, see Figure 12.

Given a scaling function at a certain resolution j, an approximation of the original signal will be

decomposed into the space Vj, where translated versions of this scaling function form an orthon-

ormal basis and for all , . Meanwhile, the detail part will be decom-

posed into the space Wj, where instead translated versions of the wavelet function ϕ with

dilation index j form an orthonormal basis, such that for all , . The

scaling and wavelet functions at resolution level j are orthogonal so that holds for

all , hence Vj ⊥ Wj. Thus an approximation at level j+1 can be written as

where ⊕ denotes an orthogonal sum of two spaces. Using orthogonal wave-

let functions, such that for all , , , will result in

for all , . In this way the original signal can be decomposed into an

coarser approximation and its details at an arbitrary number of scales.
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Figure 12. The wavelet decomposition procedure.

Following the multiresolution algorithm, the resulting coefficients may be collected in a vector

, see Figure 12, where each coefficient defines the localized frequency content in the

examined (original) function. In Wavelet analysis it is, however, preferable to use scale instead

of frequency, since a given resolution (scale) j corresponds to a frequency sub-band and not a

certain frequency component. Low scale resolution corresponds to higher frequencies and

large scale resolution to lower frequencies.

5.2 Multivariate data analysis

5.2.1. Principal component analysis (PCA)

Principal component analysis (PCA) is a method used to decompose a data matrix into latent

variables, i.e. to find hidden structures in a very large amount of data. If a data matrix consists

of n rows and k columns, each row is an observation of k variables. Within the scope of this

work, an observation can be defined as an AE-signal which was sampled at k subsequent time

sample points. The idea of PCA is to seek the principal components which accounts as much as

possible for the variance in this data matrix. This will reduce its dimensionality and can be uti-

lized to explore subgroups of observations, outliers and also the variables that contribute to the
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variance. The decomposition is based on a split of the data matrix into a score matrix , loading

matrix  and residual matrix  as

(4)

where a is the number of principal components. Each n-dimensional score vector contains

the score values of the observations for the principal component j. The values in the k-dimen-

sional loading vector describes the cosine of the angle between the considered principal

component and the original variables. This is geometrically interpreted in Figure 13.

Figure 13. Graphical interpretation of the PCA algorithm. a) The data matrix, b) plotted in the

variable space and c) its score values corresponding to the first principal component.

For simplicity reasons, the number of variables in the data matrix shown in Figure 13a is choos-

en to be three (k=3). The n observations in are plotted in the variable space (v1,v2,v3) shown

in Figure 13b. When the first principal component (PC1) is calculated, each observation is pro-

jected on this line to give the corresponding score value, which then may be visualized as shown

in Figure 13c. After PC1 is found, a second principal component PC2 can be calculated which

is made orthogonal to the first and which accounts as much as possible for the remaining vari-

ance in the data set. This procedure may be continued to find additional principal components.
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To find these principal components a NIPALS (nonlinear iterative partial least squares) algo-

rithm is utilized. This is an iterative method which sequentially solve for individual compo-

nents, see Geladi and Kowalski [11].

When a PCA model has been established, new observations, i.e. a new data matrix , can be

projected onto this model predicting new scores. These scores relate the new observations to the

observations used to build the model. For instance, AE signals due to different damage mecha-

nisms can be divided into clusters based on PCA and by use of this model unknown AE signals

can then be given a class membership. This is investigated in Paper D.

5.2.2. Partial least squares (PLS)

Consider one input matrix and one response matrix , which are assumed to be related to

each other. For instance, can be the control (input) variables for a process, while are the

output (quality) variables from that process. Therefore, changes in must be reflected in (if

the variables of importance are measured)

(5)

If one or both of these matrices are large, the relation between and can be difficult to find.

One method used to explore such a relation is partial least squares (PLS). PLS can be thought

of as two separate PCA, one on and one on , respectively, under the constraint that there

exists a relation between these two matrices. In Figure 14, has three input variables (k=3) and

 has two response variables (m=2), just for visualization.
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Figure 14. Graphical interpretation of the PLS algorithm. a) The input data matrix plotted in

the variable space and b) the response matrix plotted in the variable space.

The score and the loading vectors for the input matrix are denoted as previously described

and for the response matrix they are denoted and , respectively. This results in the fol-

lowing equations:

(6)

(7)

The assumed relation between and can be formulated using the score vectors. A linear re-

lation is used in Paper E which is stated as

(8)

Here, is a regression coefficient and a residual vector. The PLS algorithm utilized to cal-

culate the score vectors , and the loading vectors , , is summarized in the tutorial giv-

en by Geladi and Kowalski [11].

⋅ ⋅ ⋅ k
⋅ ⋅ ⋅

X
˜

n

v3
PCX

ti1 object i

v1

variables

ob
se

rv
at

io
ns

a)

Input matrix
v2

⋅ ⋅ ⋅ m
⋅ ⋅ ⋅

Y
˜

n
ui1

object i

r1

variables

ob
se

rv
at

io
ns

b)

Response matrix

r2

PCY

-spaceX
˜ -spaceY

˜

X
˜

Y
˜

u
˜ j q

˜ j

X
˜

T
˜
P
˜

T
E
˜

+ t
˜ j
p
˜ j

T
E
˜

+
j 1=

a

∑= =

Y
˜

U
˜
Q
˜

T
F
˜

+ u
˜ jq

˜ j
T

F
˜

+
j 1=

a

∑= =

X
˜

Y
˜

u
˜ j t

˜ j
b j e

˜ j+=

b j e
˜ j

t
˜ j

u
˜ j p

˜ j q
˜ j
19



PLS is utilized in Paper E to classify experimentally measured AE-signals (test set) based on a

PLS model built from numerically predicted AE-signals (training set). The training set was as-

sembled from the numerical signals and each signal is represented by its wavelet coefficient ma-

trix, i.e. by 50 rows and 128 columns, see Figure 15. The columns represent 128 equidistant

time sample points and each row to a specific scale, ranging from 1 to 50.

Figure 15. Sketch of how the input data matrix and the response vector are assembled from the

wavelet coefficient matrices, corresponding to each AE-signal.

Each scale corresponds to a frequency sub-band, meaning that the wavelet coefficient matrices

describe the localized frequency content of each signal. For eight numerical AE-signals, will

be a 400x128-dimensional matrix. The scales for each signal are collected into a response vector

having 400 values (eight scale vectors of 50 values). When the input matrix is plotted in

a space of 128 variables (cf. Figure 14), each signal will translate to a trace of 50 points. As the

dispersion relations for the considered wave modes are continuous, this trace will also be con-

tinuous. Hence, if two signals are compared with only a small difference in their source location,

the traces will be close to each other. Based on a PLS model, the class membership of unknown

experimentally measured AE-signals can then be predicted.

Concluding remarks

It is the author’s opinion, that through development of new transducers and suitable signal

processing methods there is a great potential for further development of Acoustic Emission as

a nondestructive testing technique, both for structural surveillance and as a laboratory tool.
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The present results have showed that further development of numerical methods for prediction

of AE-transients offer large advantages. The extraction of discriminating features could then to

larger extents be performed without the need for time consuming and costly experimental test-

ing. It is believed that one of the crucial tasks is the development of different crack models,

which must have a relevant foundation in the behaviour of real damage sources. Another chal-

lenge is the consideration of real structures instead of idealized test specimens.

For engineers working in the field of nondestructive testing, it would be valuable to have dif-

ferent damage models at hand. These may then be implemented for instance in a finite-element

code giving the possibility to predict the acquired AE-signals in a real test. This will of course

demand sensors measuring the AE response as correct as possible. One major concern is sensors

that are sensitive over a finite area. This causes a decrease in the transducer sensitivity when the

wavelength of the acquired signal is decreasing towards the physical dimension of the sensing

area. Therefore, AE-transducers must have a sensing area as small as possible, but with a high

sensitivity and a flat frequency response. An interesting development could be sensors based on

the MEMS (Micro-Electro-Mechanical Systems) technology. Mechanical elements and elec-

tronics can by this technique be integrated on a silicon substrate. This would enable measure-

ments of the wavefield in a very large number of individual and close points (imagine a large

number of conventional AE-transducers mounted close to each other), which may result in 2-D

acquisition of the surface response. Another alternative is the utilization of optical methods.

As an AE-system is highly sensitive, a problem arises with noise entering the experimentally

measured signals. This often requires the AE-signals to be filtered in order to extract relevant

information in the signals, i.e. extracting the details which are characterizing the damage proc-

ess. Dispersion, attenuation, reflections and other phenomena affecting the wavefield is a chal-

lenge for the utilized signal processing methods needed for clustering and classification of AE-

signals. Principal component analysis (PCA) and partial least squares regression (PLS) are both

methods which focus on similar rather than identical behaviour for classification of data. These

are suitable methods when the amount of data is very large, such as in the case of acoustic emis-

sion measurements on composite laminates. Therefore, this kind of post-processing of AE-sig-

nals can be further developed and used for nondestructive testing.
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Summary of appended papers:

Paper A. Acoustic emission (AE) transients due to different microdamages, such as matrix

cracking, fiber breakage and local delaminations are recorded in glass/epoxy composite

laminates. Different stacking sequences, , , and , are

used in order to trigger different crack mechanisms during tensile testing. The AE transients

are recorded as functions of time by use of broad-band AE transducers. In the experiments, it is

observed that different types of cracks generate acoustic emission signals varying in amplitude,

duration time and frequency content. It is also seen that the same type of crack produce signals

with different characteristics depending on the layer in which the crack appears and its

orientation compared to the location of the transducer. The majority of signals from the tests

can be divided into a few main groups. Typical signals and characteristics representing these

groups are presented in the paper. The observations show that there is a potential in future

development of quantitative methods for identification of damage development in composite

laminates.

Paper B. Transient wave propagation resulting from transverse matrix cracking in cross-ply

composite tensile test specimens are investigated both theoretically and experimentally. In the

experiments, broad band transducers and a fast data acquisition system enable measurements

of transients in a frequency interval up to 1 MHz. The theoretical predictions are based on a

model which utilizes a finite element discretization of the cross-section of the specimen and a

Fourier representation of the axial and time dependence. The comparisons between

experimental and theoretical results are encouraging. Weak points in the experimental

technique as well as in the theoretical model are identified.

Paper C. The initiation and growth of local delaminations in angle ply specimens are

investigated both experimentally and numerically. Tensile tests performed on

glassfiber/epoxy specimens are monitored by a digital video camera and a broadband acoustic

emission system. From the video recording, delaminations are observed to grow both in a

continuous and a gradual fashion, with accompanying low and high amplitude AE signals,

respectively. However, no critical delamination size was observed for this crack growth

process. The theoretical predictions of the AE-transients are based on a model which utilizes a

finite element discretization of the cross-section of the specimen and a Fourier representation
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of the axial and time dependence. Through a split of the experimental signals into extensional,

compliant flexural, stiff flexural and torsional modes it is shown that the influence of compliant

modes is small and may partly be explained by low transducer sensitivity for small

wavelengths and strong attenuation. A quite good agreement is observed between

experimentally and numerically determined AE-signals resulting from extensional and stiff

flexural wave modes.

Paper D. Acoustic emission (AE) transients in composite laminate tensile test specimens are

analysed by principal component analysis (PCA). Signals resulting from matrix cracking and

local delaminations are acquired by broadband transducers. The aim is to study the clustering

and classification ability of PCA based on the time history of the recorded AE events. An

unsupervised clustering analysis show that AE signatures from matrix cracking and local

delaminations are separated in different clusters. Some differentiation within these two types

of signals are also observed. From the classification based on a training set, a majority of the

signals in the test set are given the correct class membership. The applied pattern recognition

method is an objective method, using the complete information in the AE transients, and the

investigation shows that it may be a useful complement in the field of non-destructive

evaluation.

Paper E. The classification of acoustic emission (AE) transients in composite laminates is

investigated. Two types of damages are considered, namely matrix cracking in the mid and the

surface layers of a and specimen, respectively. To find characteristic

features, which are used to discriminate between different types of signals, a training set is

built from numerically simulated AE-signals, corresponding to symmetric matrix cracking.

The test set, i.e. the signals to be classified, is composed of experimentally measured AE-

signals from both types of matrix cracking. To deal with dispersion, all signals are wavelet

transformed resulting in coefficient matrices representing the time-frequency content of each

signal. These matrices serve as input to a PLS (Partial Least Squares Regression) analysis that

visualizes each signal as a trace in a score versus scale (frequency) plot. A distinct difference

between the two types of experimental AE-signals is observed. The traces of the numerical

predictions and experimental simulations for the symmetric matrix cracking are similar.

Hence, a class membership can be concluded for the symmetric cracking signals, whereas the

02 903,[ ] S 902 03,[ ] S
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asymmetric cracking signals can be rejected. It is concluded that PLS analysis has potential for

further development as a tool for classification of AE-signals.
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