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Abstract 

Advances in composite technology led to the substitution of conventional, metallic 

construction material by composites. However, the more widespread application of 

composites is currently restricted by complex fracture mechanisms, which are not well 

understood. One approach to overcome this challenge are Structural Health Monitoring 

(SHM) systems, which provide information regarding the current condition in real-time. In 

this context, reliability assessment of SHM systems is currently an open issue. The reliability 

of conventional non-destructive testing (NDT) systems is evaluated and measured using 

widely accepted methods such as the Probability of Detection (POD) rate. Frequently, the 

a90|95 value, which is determined from POD curves, is used as a performance measure 

indicating the minimum damage size that is detected with a probability of 90 % and 95 % 

confidence. In contrast to NDT, SHM involves additional data analysis steps, i.e. statistical 

pattern recognition, where the classification result is also subject to uncertainty. Because 

similar methods are not available for SHM systems, the reliability is usually not quantified. 

In order to investigate influences on the classification performance, experiments were 

conducted. In particular, the effect of variable loading conditions and the evolution of 

damage over time are considered. To this end, AE measurements were performed while 

specimens of composite material were subjected to different cyclic loading patterns. Here, 

AE refers to elastic stress waves in the ultrasound regime, which emerge from the structure 

on damage initiation and propagation. Furthermore, a frequency-based damage 

classification scheme for AE measurements is proposed. Time-frequency domain features are 

extracted from the measurement signals using Short-Time Fourier Transform (STFT). 

Classification is performed using Support Vector Machine (SVM). Experimental results 

presented in this paper indicate strong dependence of the classification performance on 

loading conditions. Due to variability in the results, a direct and reliable relationship could 

not be established under identical test conditions. Concluding from the experimental results 

the question raises, which approach is able to provide reliable statements about the actual 

damage state regarding the measurement devices, filtering, and classification approaches 

used.  

Keywords: Acoustic Emission (AE), Probability of Detection (POD), Piezoelectric sensors, 
Support Vector Machine (SVM), Classification, Diagnosis, Receiver operator curve (ROC) 

1. INTRODUCTION 

Composites form a complex system defined by several distinct constituent materials. In gen-
eral, these are the matrix forming the bulk of the material and the reinforcement, i.e. fibers. 
The recent rise of composites is owed to their beneficial mechanical properties, i.e. high spe-
cific strength, resulting from their sophisticated structure. However, more widespread appli-
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cation of these materials is currently restricted due to several micromechanical fracture 
mechanisms and a lack of ductile behavior compared to metallic materials [1]. Therefore, 
Structural Health Monitoring (SHM) systems are proposed to ensure equal degree of safety 
and reliability of composite structures [2]. Farrar and Worden define SHM as “the process of 
implementing a damage identification strategy for aerospace, civil and mechanical engineer-
ing” [3]. In general, the goal of such a strategy is to establish a surveillance system that is 
capable of monitoring a technical system or structure automatically. The design process of a 
generic SHM system can be structured according to the Statistical Pattern Recognition (SPR) 
paradigm [3]. Besides an application-specific definition of damage this involves determina-
tion of relevant measured quantities and design of a suitable measurement system. In context 
of this work, Acoustic Emission (AE) technique is used for detection of damages in compo-
sites. Here, AE refers to the phenomenon of elastic waves that emerge from distinct sources 
within a structure at frequencies between [10 kHz 1 MHz] due to the sudden release of ener-
gy. In particular, this occurs on initiation and propagation of damage or due to external im-
pact loads. As a result, AE signals contain transient, burst-type waveforms. Because these are 
characteristic to different source mechanisms, damages can be characterized according to 
different waveform features.  
Frequently, time domain features, i.e. count rate, rise time, or duration are used to discrimi-
nate different source mechanisms. However, in contrast to time domain features, frequency 
content of AE waveforms is considered a more reliable descriptor of underlying source 
mechanisms, because it shows increased robustness to variable experimental conditions [4]. 
Therefore, peak frequency analysis was used by several researchers to identify characteristic 
frequencies of distinct AE source mechanisms in composites [5–7]. De Groot et al. [5] inves-
tigated the peak frequencies of AE measurements related to different damage modes of CFRP 
material. Using a burst spectrum analyzer, damage-specific peak frequencies of 4 different 
micro-mechanical damage modes namely matrix crack [90 kHz 100 kHz], debonding [240 
kHz 310 kHz], fiber breakage [> 300 kHz], and fiber pull-out [180 kHz 240 kHz] were iden-
tified [5]. Furthermore, Hamdi et al. [7] identified delamination [30 kHz 90 kHz], matrix 
crack [30 kHz 170 kHz], debonding [180 kHz 290 kHz], and fiber breakage [300 kHz 
420 kHz] as distinct classes of micro-mechanical damage in composites using Hilbert Huang 
Transform (HHT) and k-means clustering. Moreover, Bussiba et al. [6] identified three char-
acteristic peak frequencies by means of STFT, which correspond to the damage mechanisms 
matrix crack (140 kHz), debonding (300 kHz), and fiber-breakage (405 kHz). Here, correla-
tion between damage modes and peak frequencies was established by testing the constituent 
components individually. 
Damage characterization can be addressed can be using statistical pattern recognition. In 
general, the goal of a pattern recognition algorithm is to learn the I/O relationship between 
input features and class labels from example data. In this context, performance evaluation is 
usually based on a set of testing data with known class labels. Here, classification results and 
true class labels are compared by means of a confusion matrix and different scores, such as 
accuracy, sensitivity, and specificity are extracted. In this context, the Probability of Detec-
tion (POD) is understood as the true positive rate, which is also known as the sensitivity of a 
classifier [8]. However, these measures only provide quantification of model performance 
with respect to a specific set of testing data. Regarding conventional inspection techniques, 
POD is considered the likelihood that a certain flaw is detected as a function of a flaw char-
acteristic a, such as size or depth. Here, POD curves can be computed directly from experi-
mental data, by defining a fixed decision threshold of the sensor response â using model (cal-
ibration) specimens under controlled laboratory conditions [9]. However, due to the in-
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service application of SHM, exclusion of disturbances is generally not possible [10]. Conse-
quently, the sensor output is compared to a baseline signal for damage detection, where devi-
ations cannot be readily attributed to damage due to in-situ effects and hence, require appro-
priate interpretation [9]. Influencing factors on SHM systems are reported as loading condi-
tions [10], temperature [9], and sensor degradation [9]. Due to these conceptual differences, 
POD approach is not directly applicable to assess the reliability of SHM system, which is 
usually not quantified.  
In this contribution, experimental results regarding the reliability of SHM are presented. Due 
to practical relevance, an exemplary classification scheme using combined STFT and SVM 
for feature extraction and classification, respectively is chosen for automatic classification of 
damages in composites to showcase SHM implementation. To study the effect of loading 
conditions on the classification performance, specimens of composite material are subjected 
to different cyclic loading patterns using a suitable test rig. In section 2 the measurement 
chain and signal processing are described. In section 3, the testing fixtures and experimental 
procedures are addressed. Experimental results presented in section 4. Finally, the main re-
sults are summarized in section 5. Parts of this contribution will be published in [11]. 

2. DATA ACQUISITION AND SIGNAL PROCESSING 

In this section measurement hardware including sensors, amplification and acquisition hard-
ware are described. Furthermore, methodologies used for processing of the measurement 
signal to extract damage related information are addressed. 

2.1 Measurement chain 

The recording of AE requires detection of small surface displacements related to surface 
waves. Therefore, high sensitivity of the measurement chain is necessary. Besides suitable 
pre-amplification and filtering to achieve acceptable signal-to-noise ratio, high sample rates 
are also necessary to capture high frequency waveforms. Typically, a sample rate of several 
MHz is used [12]. In context of this work measurement chain was used that was originally 
designed to record AE of wear resistant plates under sliding friction [13]. Surface-mounted, 
piezoelectric acceleration sensors are employed, because these are robust and well-
established technology in the field of AE. It consists of a disk-shaped piezoceramic element 
of 0.55 mm thickness and Ø 10 mm in diameter featuring a resonant frequency of 3.6 MHz. 
The coupling of the specimens surface and the sensor is realized using cyanoacrylic adhesive 
as bonding agent. Besides low acoustic attenuation at the interfaces, this couplant provides 
stiff bonding and good reproducibility [14]. After the detection of AE waveforms by a high-
sensitivity piezoelectric transducer and subsequent preamplification, the signal is acquired 
continuously using a Field-Programmable-Gate-Array (FPGA) board. As suitable trade-off 
between resolution and technical requirements, a sample rate of 4 MHz is chosen. 

2.2 Signal processing 

The physical meaning, and hence interpretability of a measurement signal is not only but also 
linked to the actual representation. Usually, damage information is not readily available from 
the time domain representation of a signal [15]. Therefore, feature extraction is performed to 
identify damage-specific signatures from signals. Furthermore, compression of the acquired 
data can be provided. In context of this work, frequency domain features of transient AE 
bursts are extracted by means of STFT, which provides acceptable data compression rates 
due to windowing. However, this method is limited by the trade-off between time and fre-
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quency resolution, which is related to the uncertainty principle. Here, the lower bound of 
time and frequency is fixed according to a given window size. Therefore, pattern identifica-
tion is initially performed using Continuous Wavelet Transform (CWT). Due to variable 
time-frequency resolution, this transform provides improved time resolution on increasing 
frequencies and thus enhanced interpretability.  
Classification is performed in a supervised mode using LIBSVM library [16]. The SVM is a 
supervised classification algorithm, which has emerged from the original research of Vapnik 
in the late 1970s. Due to its high accuracy and good generalization performance [17], SVM is 
frequently used for diagnostics, i.e. classification of faults in rotating machinery [18]. During 
training phase, a set of training data with known class labels is provided to the algorithm. An 
optimal decision function is determined in terms of a separating hyperplane to separate dif-
ferent classes geometrically. To obtain a solution in case that different classes are not linearly 
separable, kernel functions are employed to perform a linear transformation of the feature 
space [17]. From a practical point of view, Hsu et al. advise using a Radial Basis Function 
(RBF) kernel as a first choice. The stated reason is that there are fewer numerical difficulties 
to be faced compared to other kernel functions [19]. 

3. EXPERIMENTAL PROCEDURES 

In context of this work, two different fracture testing configurations are used. Furthermore, a 
cyclic loading test rig is used to investigate the dependence between classification reliability 
and loading conditions. In each of the experiments, specimens were manufactured from car-
bon/fiber epoxy material consisting of three layers of [90°/0°/90°] unidirectional layup pat-
terns and two woven carbon/epoxy prepregs. In the sequel, mechanical testing fixtures and 
procedures are briefly described. 

3.1 Fracture testing 

Under load, composite laminates are prone to distinct damage modes depending on the on the 
stress state. In particular, delamination is reported as principal damage mode in conjunction 
with low-velocity impacts [12]. In context of this work, low-velocity impact tests are simu-
lated using static indentation-flexure tests, which is common practice in connection with 
composites [20]. Specimens with dimensions of 425 mm x 425 mm x 1.8 mm are mounted on 
a fixture and subjected to static impact load in transverse direction using different tools (hem-
ispherical tup and cone shaped tool). Load is applied manually by means of an indenter until 
fracture of the specimen. In connection with the hemispherical tup, the surface of the speci-
men remains undamaged, while delamination is promoted on the inside of the specimen due 
to high shear stresses between the lamina. During the experiment, load is increased until frac-
ture of the specimen is audible. Additionally, a cone shaped tool is used to cause severe phys-
ical damage to the specimen. In this case, fracture of the specimen is visible by eye and, in-
stead of introducing a distinct stress state, the structure of the material is locally destroyed. 
Therefore, a principal damage mode cannot be identified and versatile damage modes are 
observed during failure of the material. 

3.2 Cyclic loading  

Besides fracture testing, a test rig was used to subject specimens of composite material to 
cyclic loading patterns. The frame construction of the test rig consists of aluminum profiles, 
having a vise attached to fixate the specimen during testing. Coupon shaped specimens of the 
dimension 75 mm x 175 mm x 1.8 mm are used. Reportedly, high mechanical thresholds of 
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AE activity are observed in context of bending loads [6]. Therefore, similar initial damage 
was introduced to each specimen by means of three point bending. For actuation of the test 
rig, a servo-controlled BLDC motor is mounted on the aluminum frame. The specimens are 
subjected to bending load by deflecting the tip via a slider-crank mechanism. Moreover, a 
laser proximity sensor is used for contactless measurement of the deflection, which provides 
a maximum resolution of 0.1 mm in the maximum measuring range of 50-650 mm of dis-
tance.  

4. RESULTS 

In the sequel, experimental results regarding damage detection and discrimination of different 
damage modes as well as the classification reliability are presented. First, measurement re-
sults from different fracture tests are presented, which were used to construct an example 
dataset to be provided to the SVM algorithm. Moreover, the resulting SVM model is evaluat-
ed and classification results of the deployed model are presented. Finally, reliability of the 
classification results is evaluated with respect to different loading patterns. Different and 
more detailed results are reported in [11]. 

4.1 Pattern identification  and SVM training 

From the AE measurements, four different classes of AE source mechanisms (delamination, 
matrix crack, debonding, and fiber breakage) could be identified. In the sequel, representative 
examples are presented and the training phase of SVM is described. 
Delamination. Since the separation of adjacent layers severely degrades mechanical proper-
ties of laminated material, delamination is considered the most severe type of damage in 
composites [21]. The source motion of this fracture mechanism is mainly characterized by 
out-of-plane displacement. Accordingly, AE events of high amplitude exhibiting a dominant 
flexural mode are presumably associated with delamination [2, 22]. Furthermore, these wave-
forms are highly dispersive and show long durations [23]. In accordance with reports from 
literature, the AE waveform shown in figure 1 is assigned to delamination. Here, a dominant 
flexural wave mode is observed showing maximum energy at frequencies in the range of 50 
kHz. Several researchers reported delamination is in the lower frequency band of the ultra-
sonic regime. In particular, Gutkin et al. [4] reported a frequency range of [50 kHz 150 kHz], 
whereas Hamdi et al. [7] attributed lower frequencies of [30 kHz 90 kHz] to delamination. 
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Debonding. Generally, the loss of adhesion between fibers and the matrix material in com-
posites is referred to as debonding. This failure mechanism in particular is activated as a re-
sult of shear stresses acting between the lamina of laminated material [6]. In this case, the 
source motion is essentially directed out-of-plane promoting primarily the flexural wave 
mode [22]. The waveform presented in figure 2 shows peak frequencies in the range of 200 
kHz and was therefore assigned to debonding, which is also in accordance with literature. In 
particular, frequencies of [130 kHz 220 kHz] were reported by Bak et al. [24]. 

To obtain example data for SVM training, 60 samples of each class are selected from multi-
ple experiments and accordingly, STFT coefficients are computed. The dataset was randomly 
split into 40 samples for training and 20 samples for testing of the classifier, respectively. 
During training, optimal parameters C and γ were determined with respect to accuracy by 
means of grid search. The results of performance evaluation are summarized in table 1. In 
general, good classification performance is achieved on each class. Regarding accuracy, best 
performance is achieved in connection with debonding and fiber breakage, which is known as 
correct classification rate. Furthermore, large values for sensitivity and specificity indicate 
high detection rates and low false alarm rates, respectively. Highest detection rate is achieved 
in case of fiber breakage whereas lowest false alarm rate are achieved in connection with 
matrix crack and debonding. 
 

Class Accuracy Specificity Sensitivity 
Delamination 0.95 0.96 0.90 
Matrix crack 0.98 1.00 0.90 
Debonding 0.99 1.00 0.95 
Fiber breakage 0.99 0.98 1.00 

Table 1: SVM model performance 

4.2 Model deployment 

The classification results using the deployed model from the preceding section are presented 
in figure 3. Indentation-flexure tests using two different tools, hemispherical tup and cone 
shaped tool, are considered. The cumulative sum of damage detections over the test duration 
is plotted on the y-axis. Furthermore, colored dots indicate the class assignments of the SVM. 
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In figure 3 a), the classification results of an impact testing experiment using a hemispherical 
tup are presented. Due to the geometry of the tool, high shearing stresses are introduced be-
tween the lamina, leading to delamination failure on the inside of the specimen while the sur-
face remains undamaged. Accordingly, delamination was exclusively detected as fracture 
mechanism. In total, approximately 50 hits were detected. These results are in accordance 
with Al-Jumaili et al. [11], where local delamination was reported as principal damage mode 
in context of this testing configuration. In contrast, using the cone shaped tool the specimens 
surface is penetrated on increasing loads leading local destruction of the materials internal 
structure. Corresponding results of AE classification are presented in figure 3 b) showing a 
considerable increase in AE activity. Here, a total count of more than 500 hits is detected. 

Furthermore, each of the damage modes is detected during this test. Based on the agreement 
of identified principle damage modes with literature and the correlation between damage se-
verity and detected AE activity, which is in accordance with visual inspection of the speci-
mens after the test, it is concluded that in principle damage detection and discrimination is 
feasible using the proposed classification scheme. 

4.3 Impact of excitation motion 

Using the cyclic bending test rig, specimens of composite material were subjected to different 
loading patterns. Probability estimates, which indicate the likelihood that a particular instance 
is actually a member of the assigned class, are computed by the SVM to assess the reliability 
of the classification results. Measurements were performed using 5 different excitation fre-
quencies in the range of [2 Hz 6 Hz] and 5 different amplitudes in the range [6 mm 18 mm]. 
Accordingly, the measurement series of each specimen comprises a total of 25 datasets. From 
the classification results, mean values of probability estimation were computed for each load-
ing pattern to investigate dependences between classification reliability and loading condi-
tions. The results of two independent specimens S-I and S-II which were subjected to identi-
cal testing procedure, are presented in figure 4. The loading pattern is plotted on the x-and y-
axes respectively while corresponding probability estimates are indicated by the color scale, 
where a probability of 0 indicates that damage was not detected at this particular loading pat-
tern. 
Regardless of the excitation motion, good classification results are obtained in connection 
with delamination. Here, high estimated probability of the class assignment is achieved in 
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connection with each loading pattern. Considering S-I, improved reliability is achieved at low 
excitation amplitudes. Highest probability of the classification result is obtained at the excita-
tion motion of [3 Hz, 6 mm]. In contrast to this, delamination was not detected at excitations 
of [5 Hz, 6 Hz] and 6 mm in case of S-II. Furthermore, improvement of the classification 
reliability is observed in different regions of the excitation motion including intermediate 
frequencies as well as high amplitudes. Regarding debonding, reduced reliability of the clas-
sification results is obtained depending on the loading pattern. In many cases, damage detec-
tion is not successful. With both specimens, best results are obtained at similar excitation 
motions of 15 mm and [2 Hz, 3 Hz]. However, whereas debonding is only detected at low 
frequencies and large amplitudes of the excitation motion in case of S-II, debonding was ad-
ditionally detected at different excitations in context of S-I. Particularly, debonding is detect-
ed successfully with improved probability at excitations of [5 Hz, 9mm]. 
According to these results, acceptable reliability of the classification is achieved among mul-
tiple classes and different loading patterns. However, strong dependence of (i) damage de-
tectability and (ii) classification reliability on loading conditions is evident. Here, cumulative 
trends are observed indicating regions of the loading pattern, where improvements in the reli-
ability of damage detection is observed. Nevertheless a direct relationship between different 
loading patterns and classification reliability cannot be established due to large scattering of 
the results. Here, strong variability in the results is observed under identical testing condi-
tions. Similar results were previously reported by Gagar et al. [25]. Here, the activation of 
different AE source mechanisms in aluminum specimens is investigated under cyclic loading 
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Figure 4: Probability estimation with respect to excitation motion 
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conditions. The results also indicate scattering of the waveform features under identical test-
ing conditions. Therefore, the question raises, which method is feasible to obtain reliable 
statements regarding the current state-of-health of technical systems. Several approaches to 
adopt POD philosophy to SHM applications for reliability assessment are summarized by 
Mandache et al. [9] and Eckstein et al. [26]. However, these approaches require either quanti-
tative or probabilistic knowledge regarding the impact of different influencing factors and in-
situ effects on the reliability of the SHM system. This information is usually not available 
and – particularly in context of in-situ inspection techniques, where a posteriori verification 
of real damage size is usually not possible – usually non-trivial to obtain. In this context, es-
pecially the results presented in this section state, that the loading (which is unknown in prac-
tice) strongly effects detectability and distinguishability of different damages. 

5. SUMMARY 

Experimental results in context of damage detection and characterization using AE technique 
and statistical pattern recognition are presented. For automatic classification of different 
damage modes, an exemplary classification scheme using STFT and SVM is chosen. Classi-
fication results using two different fracture tests are presented. These are in accordance with 
the observations from visual inspection of the specimens and also supported by literature. 
Regarding the impact of loading conditions, the probability estimates of the classification 
results show strong dependences on different loading patterns. Finally, these observations are 
discussed with respect to reliability considerations reported in literature regarding SHM sys-
tems. 
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