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Abstract
One of the fundamental tasks in structural health monitoring is to extract relevant
information about a structure, such as a bridge or a crane, and reach statistical decisions about
the existence of damages in the structure. Recent advances in wireless sensor network
technology has offered new possibilities for acquiring and processing structural health
monitoring data automatically.
The purpose of this dissertation is to explore various data processing methods for detecting
previously unobserved deviation in measurements from accelerometer sensors, based on
natural vibration of structures. Part of the processing is projected to be performed on resource
constrained wireless sensors to ultimately reduce the cost of measurements.
Data processing in the proposed detection systems is divided into following general stages:
feature extraction, dimensionality reduction, novelty detection, and performance assessment.
Several methods in each of the stages are proposed and benchmarked in ofﬂine experiments
with multiple accelerometer data sets. The methods include, for example, the Goertzel
algorithm, random projection, tensor decomposition, collaborative ﬁltering, nearest neighbor
classiﬁcation, and evaluating detection accuracy in terms of receiver operating characteristic
curves.
Signiﬁcant reductions are achieved in the amount of data transmitted from sensors and input
to statistical classiﬁers, while maintaining some of the classiﬁcation accuracy. However, the
sensitivity and speciﬁcity in detection are worse than those of centralized methods operating
on raw sensor data.
The work proposed and evaluated several combinations of data processing stages for wireless
damage detection. While better than random detection accuracy can be achieved with very
small amount of data per accelerometer sensor, challenges remain in reaching speciﬁcity
required in practical applications.
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1. Introduction

1.1

Background

This piece of research was performed as a part of a multidisciplinary research project, called Intelligent Structural Health Monitoring System
(ISMO). In short, the project was about applying wireless sensor network
(WSN) technology and data analysis techniques to measure ambient vibrations in large structures and infer the current condition of the structure from the measurements.
Examples of such large structures include bridges, cranes, towers, masts,
wind turbines, and airplanes, where the installation and maintenance of a
post-hoc wired sensor system would be costly. Although some of the structures may appear static and mostly at rest, they are subject to various
random mechanical loading such as earthquakes, wind, snow, or trafﬁc.
There are some consequences: a small, but measureable vibration traveling across the material, and damage to the structure via fatigue, corrosion
etc. Eventually, damages progress to the scale where the material breaks
under the load and the structure fails. Detecting the damage well before
failure would aid in minimizing the costs by timing the maintenance and
the use of structure appropriately. This work elaborates on the prospect of
using wireless accelerometer sensors to monitor the vibrations in a structure and detect damages indirectly by their effect on transmissibility.
The focus is in the intersection of two established problem domains:
structural health monitoring (SHM) [28] and WSNs [19]. On the SHM
side, two major problems are the lack of sensors that would directly indicate damages in a structure and the lack of prior measurement samples
from a damaged structure [83]. This highlights the need to infer the condition of the structure indirectly from some other measurements, and the
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need for methods whose inference is based on comparing the new data to
previous data from a healthy structure only. On the WSN side, the problems are related to the goal of minimizing the cost, energy consumption,
and bandwidth of the wireless devices: lack of on-chip memory and the
speed of computation and communication.
In the intersection of the two disciplines, lies the problem of coupling
between communication in a network and the distributed data processing
in a monitoring application. On one hand, routing and other operations
in the network communication stack deﬁne how data are delivered from a
set of sensor nodes to the user. On the other hand, the monitoring application deﬁnes which part of the information is worth acquiring and how the
data can be fused on its way from sensor node to the user. The ultimate
goal, even beyond this work, would be to organize both networked communication and intermediate data processing stages so that the lifetime [23]
of the resulting monitoring system is maximized.
This leads to various choices of focus: is the operational efﬁciency optimized only at the networking layer, only at the application layer, independently on both layers, or somehow co-designed on both layers? If
the approach was to design a monitoring system independently on both
layers, communication and data processing separately, it would result in
merely replacing wires with radio links. Despite the interest towards the
co-design approach, this work considers WSNs mostly as sets of independent wireless sensors which are able to process their local measurements
before transmitting the results to further centralized processing.

1.2

Objectives and Scope

The purpose of this work was to study how data from wireless accelerometer sensors can be processed into a binary decision about the existence
of damage in a monitored structure. Damage is deﬁned as a state of suboptimal performance, exceeding a deﬁned threshold for insigniﬁcant defects present in all materials, but smaller than an obvious fault or failure [28, 83]. The long term objective is a monitoring system which can be
easily deployed to a structure, can automatically determine its operating
parameters from its initial measurements, and ﬁnally provides alerts if
there are signiﬁcant changes to the properties of the structure.
The scope could be broadly described as wireless damage detection. This
term encompasses three essential constraints of the scope:
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• wireless sensors set certain limitations for distributed data fusion,
• the target being detected is a property of the monitored structure, not a
property of the environment, and
• the interest is not in determining the continuous extent or location of
the damage, but its existence: either the monitored structure has a damage or it doesn’t.

1.2.1

Wireless Sensors

This work concentrates on data measured with accelerometers. Besides
accelerometers, vibrations in a structure can be monitored with, for example, terrestrial laser scanners and ground-based radar interferometers [67]. Large damages on the surface of a structure could also be observed by cameras, avoiding analysis of vibration altogether. However,
the scope of this work includes only accelerometers as they can be embedded into WSN nodes on a single chip. Other sensors possible to integrate,
like temperature and humidity sensors, are not covered in this work.
In addition to sensing, another fundamental feature of WSN nodes is
their capability of executing some local computation before transmitting
the results to the centralized user. This is expected to be useful, if the
communicated results are represented by signiﬁcantly smaller amount of
data than the original raw data measured by the sensor, and thus saves
part of the energy and bandwidth used for communication. The major
limitations on local computation are the available random access memory
(RAM) and central processing unit (CPU) time on the WSN nodes. This
work considers relatively inexpensive microcontroller units (MCUs) and
therefore puts strict constraints on what is plausible to compute locally
on the nodes.
There is a “chicken or the egg” dilemma with co-designing WSN together
with SHM: if wireless sensors have to discard some piece of information
from the raw measurements, how can those discarding algorithms be developed in the ﬁrst place. This work avoids the problem by considering
complete accelerometer data sets measured with wired sensors in laboratory conditions and then experimenting what would happen, if the communication was constrained.
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1.2.2 Monitoring a Structure, Not Its Environment
One of the major problems considered in this work is that monitoring is
performed passively: the monitoring system has no control over what kind
of excitation is input to the structure. The objective is to measure (output)
vibration that appears naturally in the structures in their operational
environment.
It’s important to note that the measured vibrations themselves do not
indicate damage [83]. Especially, the amplitude of vibration varies according to the environment. For example, vibrations in a bridge may change
with trafﬁc or wind. Thus, one of the challenges is to eliminate environmental variability in the data [55, 22, 74]. In the scope of this work, the
variability of the excitation amplitude is considered.
In addition to external forces, there are also other environmental variables, like temperature and humidity, that inﬂuence the behavior of structures. This work considers only accelerometer measurements in approximately constant conditions. A research environment with variable, and
preferably controlled, temperature and humidity conditions would have
been required for including those other variations in the analysis.

1.2.3 Detection
Given a set of data measured and delivered by a WSN, the purpose of
an SHM system is to provide information about the current state of the
monitored structure. In the scope of this work, the state of the structure
needs to be inferred indirectly from the sensor data according to some
mathematical model [83].
Besides environmental variability, there are properties of the structure
which a set of accelerometers cannot measure and may be difﬁcult to provide for the monitoring system, or in the modeling approach in general.
Two examples of such properties are the exact geometry and material of
the structure. The above mentioned “easy deployment” of a sensor network partly implies that the monitoring system cannot rely on models
that require accurate information about the geometry or the material of
the structure. Approximate geometry could potentially be inferred from
the observed WSN radio link parameters, assuming the physical distance
between the sensor nodes is reﬂected in the realized radio links of the
network.
The (un)availability of geometrical information is an example of the

16

Introduction

differences between (physical) model-driven and data-driven approaches
mentioned in [84]. If the geometry and some material properties of the
structure are known, a detailed physics-based model can be used for inferring relatively accurate estimates about the extent and location of the
damage. Such approaches include ﬁnite element method (FEM) [84] and
damage localization assurance criterion (DLAC) [36]. This work focuses
on data-driven approaches in identifying the existence of damage in unsupervised setting as deﬁned in [83], so FEM and DLAC are out of the
scope. Thus, the terms detection and classiﬁcation are used.
Yet another fork in the road is the choice between a supervised and an
unsupervised setting: in the supervised setting, training data are available from both healthy and damaged condition, while the unsupervised
setting attempts to identify unforeseen damages [83]. In some cases, the
monitored structure may be simple enough or manufactured in large numbers, so that there are data about the damaged conditions and modes of
failure available. However, this work assumes the monitored structure is
unique and no prior data from any damage are available for tuning the
model parameters. Thus, this work considers novelty detection [7, 78],
where the monitoring samples of data are compared to a model of normal
behavior estimated from initial samples of data collected during healthy
state of the structure.
The detection scope does not include the problem of damage localization,
one of the SHM steps listed in [28]. The methods discussed in this work
attempt to detect damages in any part of the structure, although the issue
of analyzing the exact coverage of the sensor network is left for future
work. Such analysis would have required more extensive data sets.
There is certain amount of granularity in WSNs: if a network is divided
into two subnetworks and the other half detects a damage, but the other
half doesn’t, the damage may be considered roughly localized. Thus, the
localization process might not be completely independent from detection.

1.3

Research Process and Dissertation Structure

The structure of this thesis can be described as a “bottom-up” approach:
starting with the accelerometer measurements and proceeding through
various stages of data processing towards the ﬁnal detection and its assessment. The stages of the proposed SHM system are:
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• feature extraction (Chapter 2),
• dimensionality reduction (Chapter 3),
• novelty detection (Chapter 4), and
• performance assessment (Chapter 5).
The particular problems identiﬁed and studied in this work, as opposed to
current literature, are denoted with Problem and general level reasons
leading to them are Requirements.
At ﬁrst, it was studied what the raw accelerometer measurements are
like and how they could be processed locally on a WSN node. Then, the
work progressed in studying what kind of combinations of features are required on the global level to achieve invariance to certain environmental
variability. These are covered in Chapter 2.
As the combinations of features grew prohibitively large, the next processing stage is dimensionality reduction. Chapter 3 discusses the proposed approaches how the extracted features can be mapped into another
feature space with fewer dimensions. There are two objectives for this:
reduce the number of communicated features and lower the input space
dimensionality of the subsequent classiﬁer stage.
Third processing stage is proposed to consist of a general purpose novelty detector: a model of normality learned from initial non-damaged
structure and means for comparing new data to the established reference.
The considered methods are discussed in Chapter 4.
The ﬁnal stage is about assessing the performance of damage detection
systems on an experimental basis, as described in Chapter 5. The detections from the previous stage are compared to the “gold standard” labels
of an experimental data set to provide empirical estimates of the detection
accuracy. Energy efﬁciency is considered in terms of the amount of data
transmitted by each sensor node.
The publications do not follow this bottom-up order of data processing,
but a more iterative approach. Publication I does focus on feature extraction, but presents also the further proposed processing stages and the idea
of assessing the system in terms of the ﬁnal output. Then, each aspect of
the prototype system are iteratively developed towards better functionality. It could also be called a holistic approach: considering an SHM system
as a whole and assessing only the ﬁnal output, instead of attempting to
optimize single intermediate stages of a system. However, what is considered a system here could be considered a subsystem elsewhere.
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The work began with older and simple methods ﬁrst and then proceeded
towards studying more complex methods. This approach is supposed to
behave like the Occam’s razor: more complex methods are justiﬁed only if
they provide signiﬁcantly better performance or functionality. Combined
with limited time, this had also the side effect of pruning out the most
advanced methods in the classiﬁer stage and only basic novelty detector
models were included. Also, separating feature extraction and dimensionality reduction from novelty detection left the latter with less emphasis:
if the earlier stages perform well, the detection should be simple.
This work can be seen as an evolution of a demonstration system, instead of developing optimizations to a cost function deﬁned in advance.
This shows especially in the fact that assessment criteria were studied
last. The experimental results are explained in Chapter 6 and discussed
in Chapter 7.
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2. Feature Extraction Methods for
Wireless SHM

2.1

2.1.1

Problem Setting

Accelerometer Measurements

The current work began with a data set measured earlier for [55]. It
provided an example of what kind of data are considered in vibrationbased SHM. The measurements can be represented as a coarse scale time
series of matrices:
X1:T = [X1 , . . . , XT ].

(2.1)

In a broader scope, monitoring systems deal with data streams [32],
which means that there is no ﬁxed end T , but an endless sequence of
measurements made by the sensor network. On the other hand, the experiments in this work have been performed on ﬁnite sequences of data, so
that a ﬁxed number of measurements, t ≤ Ttr , has been used for estimating model parameters and all the subsequent data, Ttr < t ≤ T , was used
for testing the actual online monitoring (described later in Chapter 4).
Each matrix Xt contains a (ﬁne scale) time series of N accelerometer
samples simultaneously measured by S sensors:
1
S
N ×S
.
Xt = x1:S
t [0 : N − 1] = [xt , . . . , xt ] ∈ R

(2.2)

In this representation, each sensor s ∈ {1, . . . , S} produces a (column)
vector of data for each time window or “epoch” t:
xst = xst [0 : N − 1] = [xst [0], . . . , xst [N − 1]]T .

(2.3)

If the context of the sensor network and the coarse time scale is ignored,
a single sensor node measures N consecutive samples of data at a con-
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stant sampling frequency fS . The sequence of measurements is represented as a vector:
x = x[0 : N − 1] = [x[0], . . . , x[N − 1]]T ∈ RN .

(2.4)

In the above formulation, the difference in indexing the sensors with
superscripts, the coarse time scale with subscripts, and the ﬁne time scale
with square brackets emphasizes the idea that the data are assumed to be
accessed differently across the distributed sensors s from the way being
accessed across the time indices n and t. Local computation performed in
the sensor nodes is assumed to access only data measured by the same
device.
Requirement 2.1.1. Local computation: a data processing algorithm distributed to a sensor node can only access the raw data produced on the
sensor itself.
Compared to the coarse time scale, the discrete-time signal x[n] is sampled:
• at a relatively high frequency,
• with regular intervals, and
• for a constant amount of samples N .
On the other hand, the time windows Xt experience the above mentioned
indeﬁnite streaming and potentially irregular time intervals. One of the
main reasons for this “burstiness” is sensor node duty cycling: the sensor
nodes perform other tasks, such as the radio communication or writing
data to mass storage, between the sensing cycles. This kind of periodical
measurements are made even with wired accelerometers.
Example 2.1.1. Raw accelerometer data measured with wired sensors:
The data set used in [55] consisted of T = 2509 measurement periods, each
of which contained simultaneous data from S = 15 accelerometers. Each of
the sensors had measured N = 8192 acceleration samples at fS = 256 Hz.
Thus the time window length was 8192/256 = 32 s. The time interval
between each of the time windows is unknown, but the measurements were
made over a period of several days.
The above considerations lead to a requirement that narrows down the
options considered in this work:
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Requirement 2.1.2. Intermittent sampling: raw accelerometer samples
cannot be measured and streamed continuously, so monitoring needs to be
based on separate time windows of acceleration time series.
Thus, the subsequent feature extraction methods are applied to each of
the time windows Xt separately.
The example of wired accelerometers controlled by a centralized measurement system is ignoring an important aspect of WSNs and distributed
systems [18] in general: the time synchronization issue. Making measurements simultaneously (enough) in a WSN is a topic beyond the scope of
this work, but has been researched by others [17, 88].

2.1.2

Features

Besides the structure of raw data, it is useful to consider what kind of
properties of the data convey useful information, or which properties should
be considered useless or unwanted. In pattern recognition literature [81,
7], measurements or intermediate statistics computed from raw data are
called features and the process of computing them is referred to as feature extraction. The rationale is to transform the original data so that the
actual classiﬁcation task becomes easier. Typically, this means emphasizing the variability between data samples assigned to different classes
or minimizing unnecessary variability in samples belonging to the same
class.
The statistical pattern classiﬁcation problem and methods are discussed
later in Chapter 4, but at this stage, the problem from SHM perspective
is the lack of direct indication. Accelerometer measurements Xt do not
directly indicate damages in the monitored structure, but convey information on how the structure vibrates at multiple locations in response to
ambient excitation. Vibration itself is not interesting, but the structure
which serves as a medium for the vibrations.
Now, the ﬁrst step towards successful identiﬁcation of damages becomes
a problem of computing suitable transformation of the data:
Requirement 2.1.3. compute intermediate features that are sensitive to
changes in the structure, but insensitive to changes in the environment.
Then, the subsequent classiﬁcation is performed using the resulting features as input. The pattern recognition problem is supposed to become
easier in that knowledge about what is relevant in SHM is incorporated
in the feature extraction (and shifted away from the classiﬁer), while also
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attenuating environmental variability.
Combined with the WSN objective of minimizing the amount of data
transmitted from sensors, feature extraction performed locally on the sensor nodes can help in concentrating the useful part of the information in
fewer bytes, in a potentially lossy transformation. This idea is elaborated
further in Chapter 3, but at this point the focus is on transforming accelerometer data into a feature space that would have desirable properties. The goal could be stated as:
Requirement 2.1.4. Parsimonious feature space: the features computed
on sensor nodes should enable efﬁcient representation of relevant information.
Efﬁcient representation of time series data is a widely researched topic.
For example, proposed solutions have included piecewise linear models
of the time domain data [52], symbolic representations of the time series [59], and utilizing the coefﬁcients of autoregressive models (ARs) and
ARs with exogenous inputs (ARXs) [61, 31]. However, this work is focused
on frequency domain features extracted via discrete Fourier transform
(DFT) [64], though the power spectral density (PSD) of the signal could be
estimated also from AR coefﬁcients [40]. Even an approach of using AR
in frequency domain for modeling the DFT has been reported [29].
In the context of condition monitoring (CM) of rotating machinery, fast
Fourier transform (FFT) has been used for feature extraction [41, 78]. The
notion of tracked orders [41] has been used for feature selection (further
discussed in Chapter 3), since the vibrations in such machines are expected to concentrate on the same frequency as the rotation, and the harmonic multiples of that frequency. Structures considered in SHM do not
generally have rotating parts, speed of which could be measured and utilized in selecting subsets of features, but do exhibit resonance: tendency
to vibrate on certain frequencies with higher amplitude.
Example 2.1.2. Accelerometer signal and its magnitude spectrum: Figure 2.1 shows an example from the aforementioned data set. The upper
panel contains a two-second acceleration signal excerpt from one of the
sensors, x81 [0 : 511], and the lower panel presents the ﬁrst half of the corresponding magnitude spectrum |X18 [0 : 255]| = |DF T (x81 )[0 : 255]|.
Thus, the approach developed in this work is to use DFT: magnitude
spectra of the accelerometer signals seem to have sparse patterns, characteristic to the monitored structure.
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Figure 2.1. An accelerometer signal and its magnitude spectrum.

When shifting the attention from SHM back to WSN, there are still some
issues to cover. DFT cannot be computed with FFT algorithms, since it
was deemed too complex an operation for the actual processing units of
the sensor nodes used in ISMO. More speciﬁcally, there was only half a
kilobyte of RAM available for data processing, which subsequently limits
N , if the raw data need to be buffered before processing.
Example 2.1.3. Computing an N -point FFT of signal x[0 : N − 1] on a
sensor node requires access to all of the N samples [64]. If the samples
are represented with 16 bits (two bytes) each, sampling requires 2N bytes
of memory that can be written in real-time (at the speed the values are
sampled by the sensor).
Thus, there is a problem with limited local memory: N has to be small
because of the memory access on the wireless sensor nodes. Finally, the
approach chosen by the current author is that the methods should not
only stream data over the time index t, but also consider online data processing in the smaller time scale n: to utilize some local feature extraction
algorithm that runs online (over time index n), i.e., is able to discard the
raw sensor sample x[n] right after being measured, and has a smaller
than O(N ) memory requirement.
In short, the initial problems identiﬁed in feature extraction are:
Problem 2.1. Which signal processing algorithms could be used locally
on a WSN node for monitoring parts of vibration spectra?
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Problem 2.2. Can it be achieved online, without buffering accelerometer
data?
Problem 2.3. How to achieve invariance to environmental effects?

2.2

Quadrature Amplitude (de-)Modulation

The ﬁrst feature extraction method, proposed in Publication I, is inﬂuenced by the author’s background with radio technology. Quadrature amplitude modulation (QAM) is a method originally developed for encoding
digital data in a communication channel [71], such as radio. In short, the
transmitter can be described as modulating the amplitude and phase of
a sinusoidal radio frequency (RF) carrier wave, so that the parameters
of the resulting signal follow discrete points of the so called constellation
diagram. At the other end of a radio link, the radio receiver demodulates
the signal by measuring and identifying the changes in the amplitude and
phase.
Example 2.2.1. Constellation diagram: a signal parameter space of 16
separate points can be used for encoding 4 bits of data. An example of this
is shown in Figure 2.2.

Q
’0000’

’1100’

’1000’

|X|
X

s

c

’0010’

I

’1010’

Figure 2.2. A constellation diagram for rectangular 16-QAM and phase vector corresponding to transmitting the symbol “1100”.

Now, instead of identifying discrete parameters of an RF signal, the
same demodulation approach can be used for monitoring a narrow frequency band of an accelerometer signal. The mechanical vibrations in
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a structure are not expected to follow discrete patterns of conventional
(digital) QAM, but the principle of demodulation is used for feature extraction.
Monitoring a narrow frequency band around a given frequency f is
achieved by ﬁrst multiplying the input signal xs [n] with sine waves of
orthogonal phase. The intermediate results are:
cs (f ) =

N −1
1  s
x [n] cos(2π(f /fS )n + φs ),
N

(2.5)

N −1
1  s
x [n] sin(2π(f /fS )n + φs ),
N

(2.6)

n=0

and
ss (f ) =

n=0

where fS is the sampling frequency and (f /fS ) normalizes the frequency
scale relative to it. The sensor-speciﬁc phase constant φs denotes the idea
that individual WSN nodes might not have perfectly synchronized clocks
for generating coherent sine waves. Since there are methods for accurate
enough synchronization [17, 88], the following formulation ignores φs and
focuses on feature extraction on a single sensor node s.
The intermediate values c and s can be computed recursively as follows:
c(f, −1) = s(f, −1) = 0,

(2.7)

1
c(f, n) = c(f, n − 1) + x[n] cos(2π(f /fS )n),
N
1
s(f, n) = s(f, n − 1) + x[n] sin(2π(f /fS )n).
N

(2.8)
(2.9)

After computing c(f, N − 1) and s(f, N − 1) over the time window n ∈
[0, N − 1], the magnitude can be computed as illustrated geometrically in
Figure 2.2:
|X(f )| =



c(f )2 + s(f )2 .

(2.10)

The values c(f ) and s(f ) also contain phase information.
The continuous frequency scale f is discretized into frequency bins k ∈
[0, N2 − 1] by selecting f [k] =

k
N fS .

An alternative approach of formulating

the feature extraction in terms of discrete cosine transform (DCT) and
discrete sine transform (DST) is also acknowledged in Publication I.
Example 2.2.2. Toy data in frequency domain: an artiﬁcial signal was
composed as a sum of three components, two sine waves with different
parameters (A1 = 1.0,A2 = 0.6,f1 = 10 Hz,f2 = 10.55 Hz,φ1 = 5π/4, and
φ2 = π) and normally distributed noise (N (0, 1)). The discrete time scale
n was N = 512 samples at fS = 256Hz. Figure 2.3 shows the relevant
samples k ∈ [18, 23] of FFT magnitude spectra computed from each of the
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signal components separately. The frequency of the second sine wave does
not coincide with the frequency bin and shows a non-ideal property of DFT:
neighboring DFT samples are not ideally insensitive to the signal, aka.
leakage.
Magnitude spectra (FFT)
1
10 Hz
10.55 Hz
noise

0.9
0.8
0.7
|X[k]|

0.6
0.5
0.4
0.3
0.2
0.1
0
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19

20
21
Sample k

22

23

Figure 2.3. Magnitude spectra of the three components of an artiﬁcial signal. Dashed
lines indicate the actual parameters.

Example 2.2.3. QAM over toy data: the sum of the three signal components was analyzed with QAM using the same monitoring frequency bins
as FFT. Trajectories of (c, s)-points (I/Q-components) during the computation and phase vectors of the ﬁnal results are shown in Figure 2.4.

2.3

Goertzel Algorithm

The QAM approach requires synthesizing the sinusoidal reference signals, but there is another approach with even less computational requirements, if the phase information is not required. The Goertzel algorithm [33]
is a method for computing individual terms of DFT magnitude online and
it has been used for demodulating dual-tone multi-frequency (DTMF) signals [64], which encode symbols as combinations of tones at certain frequencies.
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Figure 2.4. An example of how QAM is used for monitoring neighboring frequency bins.
Straight lines indicate the ﬁnal results, dashed circles indicate the actual
signal amplitudes.

The iteration steps of the algorithm can be written as [64]:
(2.11)

c[k] = 2 cos(2πk/N )
v[k, −1] = v[k, −2] = 0,

(2.12)

v[k, n] = x[n] + c[k]v[k, n − 1] − v[k, n − 2], ∀n ∈ [0, N − 1], (2.13)
where v[k, n − 1], and v[k, n − 2] are the intermediate results needed for
computing the square magnitude of DFT sample k after the above iterations:
|X[k]|2 = v[k, N − 1]2 − c[k]v[k, N − 1]v[k, N − 2] + v[k, N − 2]2 .
The corresponding point on a continuous frequency scale is f ≈

(2.14)

k
N fS .

The iteration steps show that the algorithm is effectively a second order
inﬁnite impulse response (IIR) ﬁlter [64] with speciﬁc parameters suitable for monitoring a narrow frequency band and minimizing the required
memory.
Example 2.3.1. Goertzel algorithm over toy data: the above-mentioned
artiﬁcial data were sampled over T = 16 time windows and the Goertzel
algorithm was used for monitoring the same six DFT samples k = [18, 23],
which correspond to frequencies of about f = [9, 11.5] Hz. The results are
shown in Figure 2.5.
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Figure 2.5. An example of monitoring neighboring frequency bins with the Goertzel algorithm. Dashed lines indicate the actual parameters.

From computational complexity point-of-view, it takes linear number of
operations for each DFT sample, 2N + 4 multiplications and 4N + 4 additions. Multiplied with the number of DF T samples N , the time complexity becomes quadratic, O(N 2 ), and is a waste of resources compared
to O(N log N ) complexity achieved by FFT [64], if all N samples are required. On the other hand, if at most DS ≈ log2 N frequency bins are
monitored, the Goertzel algorithm is preferable in terms of computational
operations.
In terms of memory requirements, this algorithm needs to store the intermediate values v[k, −1] and v[k, −2] for each bin k, instead of needing
the access to the whole input sequence x[n] or use N values for in-place
computation of FFT. Thus, it is preferable to use the Goertzel algorithm,
if DS < N .
This algorithm was actually implemented and run on the considered
WSN hardware [8], and can thus be considered relevant for local feature
extraction as originally proposed in Publication I.

2.4

Transmissibility

Being able to monitor magnitudes of an accelerometer signal is not enough
for SHM, because of possible magnitude changes with the original source
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of vibration. The goal of being able to monitor structures in their operational environment brings the problem of environmental variability [22,
74]. In realistic situations, the environment may have multiple sources of
variability, like changes in temperature and humidity, and their (normal)
effects on the structure. In the scope of this work, experimental data with
other than accelerometer measurements were not available. Thus, this
work addresses only one type of variability: changes in the amplitude of
input excitation. At least, it demonstrates the need for fusing information
from several sensors.
Considering frequency domain analysis of signals, a frequency response
function (FRF) [64, 50] refers to the steady-state relation H s (ω) between
a sinusoidal input signal on a given frequency ω and the output s of a
system, which is a monitored point in the structure in this case. On the
other hand, considering an arbitrary input signal X i as a superposition
of sinusoidal signals of different frequencies, FRF also characterizes the
measured response X s of the system. In frequency domain:
X s (ω) = H s (ω)X i (ω).

(2.15)

In short, H s would convey relevant information about the structure between the point of excitation and a sensor, but the sensor s can only observe X s , and the input X i remains unknown. One approach to avoiding
this problem is to estimate transmissibility [50, 85, 84], which refers to
the ratio of two responses:
T s1 ,s2 =

X s1
H s1 X i
H s1
= s2 i = s 2 .
s
2
X
H X
H

(2.16)

Thus, it attempts to measure a “dimensionless” quantity describing how
well vibration travels between the two sensors. The formulation does rely
on constant point of input, as H s is assumed relative to it, but at least the
potential variability in the amplitude of X i gets eliminated.
Transmissibility is described as a local feature [50] in terms of sensitivity to damage. If a damage occurs at a point that is not “structurally” between the sensors s1 and s2 , then T s1 ,s2 would ideally remain unaffected.
On the other hand, transmissibility is described as a global feature in
Publication IV, because it is computed from observations made by two
separate sensor nodes: it is not local in terms of computation in a WSN.
This is the reason why transmissibility features are considered to be computed centrally, not in the sensor nodes.
At ﬁrst, there was uncertainty whether a WSN can provide accurate
synchronization between measurements at two separate sensors and co-
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herent phase information for transmissibility. Like in [85], this work
ignores phase information and proceeds by considering transmissibility
magnitude computed from the DFT magnitude estimates:
T s1 ,s2 [k] =

|X s1 [k]|
,
|X s2 [k]|

(2.17)

thus comparing the magnitude sample k from two sensors s1 and s2 .
So called “damage indicator” features, which rely on computing ratios
between a baseline transmissibility and newly measured ones, like the
ones in [49, 50, 8, 62], are avoided in this work, since the responsibility of
modeling differences between the non-damaged baseline and the current
states of the monitored structure is left to the novelty detector stage.
Transmissibility considerations provide an example of the inability of
a single sensor to produce useful results, information of interest being
conveyed by a bulk of measurements, and the need for considering collaboration between sensor nodes.
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3.1

Problem Setting

In broader terms, this work considers structures equipped with WSNs
as heterogeneous, feature-rich sources of data. Different kinds of sensor elements can be integrated into the wireless nodes and also feature
extraction considered in the previous chapter provides a large set of potential measurements to choose from. This work faces the problem arising speciﬁcally from transmissibility magnitude features T s1 ,s2 [k]: a highdimensional feature space.
Example 3.1.1. High-dimensional feature space: if a sensor network has
S = 15 accelerometers and each of them monitor DS = K = 256 DFT samS(S−1)
∈ O(S 2 ) unordered pairs of sensors {s1 , s2 } and
2
O(S 2 K) potential transmissibility magnitude features

ples, there are 105 =
26880 =

S(S−1)
K
2

∈

T s1 ,s2 [k] to monitor.
This can be considered a problem in two ways. First, it provides a
high-dimensional input feature space for the subsequent pattern classiﬁer stage (considered in Chapter 4), which then suffers from the curse
of dimensionality [81, 7], the need for exponentially large training data
sample, and numerical issues in estimating model parameters.
Secondly, the reason to monitor signals in DFT domain is to reduce the
number of measurements made and transmitted by each sensor node. It
would be useful to select which parts of the spectrum are monitored by
which sensors.
Feature selection can be based on expert analysis, as in [85], where regions of transmissibility spectrum were selected manually. However, the
relevance of features cannot be established on the basis of observing variability related to damages in a pure novelty detection setting, since the
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damages are assumed to occur in the unforeseeable future: training data
comes only from a non-damaged structure.
Requirement 3.1.1. Extreme bias/imbalance of data: dimensionality reduction has to be based only on data from a healthy structure. This is
referred to as “unsupervised” [83], although it does not imply completely
unlabeled data (like unsupervised in [7]), just that all labels happen to be
equal for training data. Also the term “semi-supervised” has been used to
describe the situation [43].
Feature space can also be projected into a smaller dimensional space,
for example, by computing a sum over all frequencies, like the damage
index DI in [49]. However, a projection helps only with the dimensionality
problem, not the issue of reducing measurements in general. Therefore,
the following sections are divided into projection/decomposition methods
and a selection approach.
Instead of observing variability caused by damages, the feature selection
can be based on some application speciﬁc heuristic that indicates preferences based on healthy state observations. One of the main objectives is
to replace or shift expert effort from deploying and conﬁguring an SHM
system: thus the term “intelligent” SHM system.
In short, the problems are:
Problem 3.1. Is it enough to monitor only few DFT samples?
Problem 3.2. How to reduce the feature space dimensionality from all
possible transmissibility magnitudes?
Problem 3.3. How to choose the monitored parts of the vibration spectrum
for each wireless sensor?

3.2

Projections

3.2.1 Random Selection
From historical perspective of this work, damage detection was ﬁrst considered as a supervised pattern classiﬁcation problem: a classiﬁer was
trained with data from both non-damaged and damaged states of the
structure. In that case, the issue of choosing what to measure could be
solved with wrapper-based feature selection [34]: the classiﬁer could be
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used for evaluating which subsets of features lead to accurate classiﬁcations.
Now, if the classiﬁer is “unsupervised” in the sense that only data from
the non-damaged class are available for training (aka. one-class classiﬁer [79]), features cannot be selected for detecting the future test set
anomalies, based on the data alone. Because of this inability to make
informed decisions, the research in Publication I is directed towards evaluating classiﬁcation accuracy with (uniformly) random subsets of transmissibility magnitude features.
As noted above, S accelerometer sensors and K-point frequency resolution1 results in DF =
feature

T s1 ,s2 [k],

S(S−1)
K
2

different parameter combinations for

when ignoring symmetric sensor pairs (T s2 ,s1 [k]). The

possible points in the parameter space are:
D = {(s1 , s2 , k) ∈ N3 |s1 ∈ [1, S − 1], s2 ∈ [s1 + 1, S], k ∈ [0, K − 1]}.

(3.1)

A random subset of features is then selected by taking a pseudorandom
sample of Dc << DF points from the parameter space without replacement. The probability of selecting a particular feature to classiﬁer input
is uniform:
P (T s1 ,s2 [k] selected) =

2Dc
.
S(S − 1)K

(3.2)

The above random selection can also be considered as a projection from
a high-dimensional feature space onto a lower-dimensional one. If all the
possible transmissibility magnitude features are addressed sequentially
with d ∈ [1, DF ] instead of (s1 , s2 , k) ∈ D, for example,
d = ((s2 − s1 ) + (s1 − 1)(S −

s1
) − 1)K + k + 1,
2

(3.3)

and collected into a vector2 a = [T 1,2 [0], . . . , T d , . . . , T S−1,S [K − 1]], then
feature selection can be represented as a linear transformation:
b = aR,

(3.4)

where the DF × DC matrix R has mostly zero elements and a single 1 on
each column indicating the selected feature for the output dimension:
⎧
⎨ 1 , if T d selected as i:th feature
Rd,i =
(3.5)
⎩ 0 , else.
Due to this connection between feature selection and projections, Publication II continued the research with studying various transformations
1 for N -point DFT, K = N/2 due to symmetry
2 a vectorization of an S × S upper triangle matrix and frequency domain
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from high-dimensional feature space to a space with fewer dimensions:
the focus was on random projection (RP) [1], principal component analysis (PCA) [69, 44, 7], and curvilinear component analysis (CCA) [20].

3.2.2 Random Projection
The above sparse matrix multiplication resembles a certain kind of RP,
which was formulated in [1].
A more general mathematical result, called Johnson-Lindenstrauss lemma
after [51], promises that a set of points in a high-dimensional space can
be mapped onto a lower-dimensional space with small distortion in the
Euclidean distances between the points. After adapting the notation and
concepts in terms of this work, the lemma states:
Lemma 3.2.1. Given small distortion  > 0, a set of Ttr points (feature
values) in RDF , and sufﬁcient output dimensionality DC > 8 ln(Ttr )/2 ,
there exists mapping f : RDF → RDC , that preserves the distances between
each pair of points u, v in the set well enough:
(1 − )u − v2 ≤ f (u) − f (v)2 ≤ (1 + )u − v2 .

(3.6)

This would provide means for embedding the training data from the
original high-dimensional feature space to moderate dimensional space,
in which the used classiﬁer then operates.
It has been shown in [1], that such a mapping can be achieved with
a high probability by projecting the data with a random sparse matrix,
which satisﬁes certain requirements:
Theorem 3.2.1. Given small distortion  > 0, probability parameter β >
0, a set of Ttr feature vectors in a Ttr × DF matrix A, and a sufﬁcient output
dimensionality
DC ≥

4 + 2β
log Ttr ,
2 /2 − 3 /3

a DF × DC random matrix R, whose elements are distributed as
⎧
⎪
, with probability 1/6
⎪
⎨ 1
√
Rd,i = 3 ×
0
, with probability 2/3
⎪
⎪
⎩
−1 , with probability 1/6

(3.7)

(3.8)

maps the set of points in A,
B= √
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so that with probability of at least 1 −
of points i, j are preserved

1
β ,
Ttr

the distances between each pair

(1 − )ai − aj 2 ≤ bi − bj 2 ≤ (1 + )ai − aj 2 .

(3.10)

Compared to the random selection, this projection provides an “insurance against axis-alignment” [1]: if a relevant difference between data
points was manifested in a single feature (dimension), the feature will
not be catastrophically omitted in the projection, but likely to affect some
of the elements of the output vector. This kind of random projection has
been evaluated to perform well in other applications for text and image
data [6].
Publication II explores what happens to diagnostic accuracy when DC
is varied over a whole range of values, not just sufﬁciently3 large dimensions, and what happens when a ﬁxed projection is used for new measurements. The above random projection results apply to a (training) set
of points, with Ttr elements, but the subsequent monitoring is performed
over a stream of data.
Example 3.2.1. RP matrix: Figure 3.1 shows a small example of a sparse
random projection matrix from DF = 100 dimensions to DC = 10 dimen-

projected

sions.
RT
1
10
1

100
original feature space

Figure 3.1. An example of sparse random projection matrix. Zero elements are shown in
white, negative elements in gray, and positive elements in black.

3.2.3

Principal Component Analysis

PCA, also known as Karhunen-Loève transform, is a classic dimensionality reduction method [69, 44, 81, 7]. Given Ttr × DF matrix of mean
centered training data A = A − M eant (A), PCA results in a linear projection B = A R, where R = [r1 , . . . , rDC ], transforming from the original
DF dimensions to chosen number of dimensions DC , can be considered to
maximize variance of the projected data, for each output dimension i:
argmaxri V art (A ri ),

(3.11)

3 for ﬁxed amount of data T
tr
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in descending order of variance V art (bi ) ≥ V art (bj ), i < j, or
minimize projection error in terms of mean square error (MSE):
argminri



a t − bt 2 ,

(3.12)

t

while assuming Bt,DC +1:DF = 0, ∀t for the missing projection dimensions,
with the constraint of orthonormal basis: ri · rj = 0, ∀i = j and ri  =
1, ∀i. The orthogonality requirement results in mutually uncorrelated,
different, output features and normalization avoids unbounded solutions
with arbitrarily large scaling.
Publication II studied the effect of output dimensionality DC on diagnostic accuracy. Mean centering is not expected to matter in this application,
since the interest is in the potential deviations from the constant nondamaged baseline. On one hand, the transmissibility magnitude feature
space is likely to have correlated features, so the new basis may prove
useful for some detectors. On the other hand, variance in the training
data might not characterize future anomalies, so the projection learned
during training phase might not be optimal for certain damage.
Example 3.2.2. PCA of 2D toy data: an artiﬁcial data set A with Ttr = 200
points was sampled from a bivariate normal distribution at ∼ N (μ, Σ),
where the mean was μ = [4.0, 3.0] and the covariance matrix was
⎡
⎤
1.5 1.0
⎦
Σ=⎣
1.0 1.0

(3.13)

PCA was then used for determining the corresponding principal components (or eigenvectors of the sample covariance matrix [81]), [r1 ; r2 ] =
[0.7723, 0.6353; −0.6353, 0.7723], and the variances/eigenvalues, V art (b1 ) =
2.2708 and V art (b2 ) = 0.2416.
Another sample of Ttest = 5 points was drawn from slightly shifted distribution N (μ + δ, Σ), where δ = [1.5, 1.0], and projected to the ﬁrst principal component axis of the training data. Figure 3.2 shows the shapes of
the distributions with dashed ellipses, the sampled training data points
in blue, the (re-centered and scaled) principal component vectors as green
lines, and the way original test data points (red cross) end up projected
to the ﬁrst principal component axis (red circles). From novelty detection
point of view, PCA makes sense if the deviation δ follows the selected basis.
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PCA example

5

a2

4
3
2
1
0
1

3

2

5

4

6

7

8

a1
Figure 3.2. An example of projecting bivariate data from a test set (red) to the ﬁrst principal component (longer green line) learned from a training set (blue).

3.2.4

Curvilinear Component Analysis

The above projections are linear, but there are also nonlinear transformations, which could be used to “disentangle” more complex structure in the
data. Transmissibility measurements come from a dynamical system, so
the usual variability in the data may take a form of a certain trajectory
across the feature space, ﬁnally resulting in a set of points that span a
some kind of submanifold in the space.
One approach to modeling complex structure in data is to use an artiﬁcial neural network that ﬁts a set of model vectors, like vector quantization (VQ) or self-organizing map (SOM) [53]. Here, the focus is on
projecting data from one continuous space to another, so the interest was
directed towards CCA [20, 47], which has that ability.
CCA associates a set of model vectors in the input space to corresponding ones in the lower dimensional output space. Learning is based on
minimizing a cost function that considers the distances between vectors
in the input space, collected in the matrix A, and associated output vectors, B. The cost function used in this work and in Publication II is the
kind proposed by [47]:
⎧
 ⎨ (Aij − Bij )2 Fλ (Bij )
E=
⎩ (A2 − B 2 )2 Fλ (Bij )/4A2
ij

ij

ij

ij

if Bij > Aij
if Bij <= Aij

(Unfolding)
(Projection),
(3.14)
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where the inter-point distances in the input space are denoted by Aij =
ai − aj  and in output space respectively Bij = bi − bj . “Unfolding”
refers to what happens at larger scale when the manifold is cut open
and spread onto the lower dimensional space, and some distances need
to change. “Projection” refers to local behavior of the points that maintain
their distances during the transformation.
The monotonically decreasing weighting function Fλ governs the importance of output distances, making the preservation of local structure more
important than the one manifested by distant points. This work uses an
exponential function (unlike the step function used in [47]):
Fλ (y) = e−y/λ ,

(3.15)

where the parameter λ deﬁnes the range of what is being considered “local” in the output space.
Out-of-sample projections for a new input space vector at are achieved
by iteratively ﬁtting a point bt in the output space, relative to the model
vectors learned from the training set and the above cost function. This can
be regarded as interpolation when at belongs to the same region as training set (healthy structure), or extrapolation when the point at is outside
of the learned region.
Example 3.2.3. CCA of 3D toy data: an artiﬁcial data set of Ttr = 500
points from a submanifold, a circle on a tilted plane, was sampled with
some additional normally distributed noise (N (0; 0.1)). Also a noisy test
set of Ttest = 10 points from the center of the circle was sampled. This is
a pathological example from feature selection or Gaussian novelty detector
point of view, since test data looks normal (close to mean μ = [4, 3, 4]) for
each subset of features despite being clearly different from training data.
A CCA model was learned from the training data and used for mapping
both the training set and test set points to a two dimensional output space.
Figure 3.3 shows both sets of points in the input and output spaces. This
demonstrates the ability of CCA to preserve the local structure found in
training data, and how the novel test data may become extrapolated differently from what would have been achieved by using PCA.
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CCA input space
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CCA output space
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(b) Output space
Figure 3.3. An example of CCA input and output spaces: blue points represent the training data and novel test data is denoted by red crosses.
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3.3

Three-way Analysis

Besides projecting sets of data points from one feature space to another,
the problem can be approached in terms of factorizations. Tensor decompositions [54, 65] offer a variety of approaches in approximating a multiway data set as a product of several factors and a sum of several components. One speciﬁc tensor decomposition is parallel factors (PARAFAC) [39],
also known as canonical (polyadic) decomposition, which has been previously used for example in analyzing electroencephalogram (EEG) data [65].
EEG measurements resemble the vibration-based SHM setting in that
there are several channels (sensors) monitored over time over several
epochs, so it could be argued that the data has three “natural” ways or
modes. This is also manifested in the indexing introduced in Chapter 2:
• accelerometer data are sampled over separate time windows (experiments), time, and sensors (T × N × S),
• DFT magnitude occurs over time windows, frequency bins, and sensors
(T × K × S), and
• transmissibility magnitudes are measured over time windows, frequency
bins, and sensor pairs (T × K × S 2 ).
The ﬁrst case has been studied on strain sensor data in [66] in terms of
unfolded (two-way) data and PCA. The three-way model used in this work
focuses on the third case, simultaneously explaining the three modes of
transmissibility magnitude data: time window (experiment) × DFT bin ×
sensor pair. Thus, a data set with T time windows is considered a threeway tensor:
X = {Xt,k,s = Tts1 ,s2 [k] | (s1 , s2 , k) ∈ D; t ∈ [1, T ]},

(3.16)

where the set of available sensor pairs (s1 , s2 ) is addressed with a single
index s: related with the spatial region of the structure between the two
sensors.
The idea of PARAFAC is to decompose the data into a sum of R multilinear components, i.e., (rank-one) tensors that are outer products of vectors.
If the time factor is represented with vector a ∈ RT , and correspondingly
the spectral factor b ∈ RK and spatial factor c ∈ RS , then the PARAFAC
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model can be represented as:
X≈

R


ar ◦ b r ◦ c r ,

(3.17)

r=1

with constraints ar  = br  = cr  to promote uniqueness. Alternatively,
explicit normalization constraints [54] can be included on the loadings
(ar  = 1 etc.) by using separate scale parameters λr , and residual error
denoted by tensor E:
X=

R


λr ar ◦ br ◦ cr + E.

(3.18)

r=1

The factor vectors can be grouped into factor matrices or loading matrices, one for each mode:
A = [a1 , ..., aR ] ∈ RT ×R ,

(3.19)

for temporal mode and similarly for spectral and spatial modes: B ∈
RK×R and C ∈ RS×R . As opposed to the projections in the previous section, three-way analysis keeps sensor pairs and vibration spectrum separate, thus avoiding the vectorization of Equation 3.3. Also, the decomposition includes temporal mode in the analysis: the data are not just
independent and identically distributed (IID) points in S × K space, when
B and C are determined.
The PARAFAC model can be written yet another way with the help of
matricization, i.e. keeping one mode intact and unfolding the remaining modes into one (X(t) ∈ RT ×SK ), and the Khatri-Rao product (denoted
by ) [54]:
X(t) = AΛ(C  B)T + E(t) ,

(3.20)

where the component scales are included in a diagonal matrix: Λr,r = λr .
Determining the decomposition for a given data set has two phases: ﬁrst
the number of components R has to be selected, as the components depend
on each other and typically cannot be sequentially identiﬁed, and then the
actual factorization is computed for the particular R. One method for deciding appropriate number of components is a heuristic called core consistency diagnostic (CORCONDIA) [13], which is based on ﬁtting a sequence
of less restricted models (Tucker3 [82]) with increasing complexity, and
evaluating diagonality of the resulting R × R × R core tensor. After all,
PARAFAC can be viewed as a special case of Tucker3 model, where the
core tensor is exactly diagonal.
A popular approach for solving the decomposition itself is the alternating least squares (ALS) [39, 54] method, which is based on ﬁtting each of
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the loading matrices at a time, while keeping the others ﬁxed. For example, new temporal factors and scales (A = AΛ) are solved from the linear
least squares problem:
min
E(t)  = min
X(t) − A (C  B)T ,


A

A

(3.21)

and the same is iterated for other modes respectively. The ALS process
is iterated until convergence or certain maximum number of steps. It is
not guaranteed to ﬁnd a global minimum, but in practice repeated with
another initial conditions when needed.
Finding a decomposition for a large batch of data is not interesting in
itself, from online monitoring point of view. On the other hand, PARAFAC
was used for ofﬂine analysis of SHM data in [70] and Publication III,
where temporal factors A revealed the variability over time t.
Also an online approach was presented in Publication III for monitoring
and novelty detection. The idea is to estimate spectral (B) and spatial
loadings (C) from training data, and subsequently use them for ﬁnding
temporal factors at ∈ RR for each new sample of transmissibility data
Xt ∈ RK×S , via linear regression:
minXt − Bdiag(at )CT ,
at

(3.22)

i.e., letting time explain damages (or other changes). Using at as the input
to the subsequent classiﬁer means the feature space dimensionality is
reduced to DC = R.
It may also prove interesting to ﬁnd patterns in the R different components of at and the ﬁxed loadings B and C. For example, some components
may specialize in explaining parts of spectrum at certain subsets of sensor
pairs. In fact, Publication III also tried selecting features, based on training set PARAFAC, by picking the frequency bins and sensor pairs with
highest loadings, for each R components. Then, monitoring phase can be
performed with a model trained on the selected subset of data, and new
monitoring samples with reduced amount of measurements.

3.4

Feature Selection with Additional Heuristics

3.4.1 Idea from Collaborative Filtering
Even a “database-friendly” random projection [1] of the centrally computed (global) features does not guarantee sparsity at the local feature
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level. All the DFT features would have to be measured on each WSN
node despite efﬁcient centralized dimensionality reduction: a WSN with
multiple layers of information fusion is not a centralized database. The
resource limitations have to be considered from individual sensor node
point of view. In this work, this refers to the limitation of monitoring only
few DFT samples on each sensor.
On the other hand, the relevance of measurements made by individual
sensors is evaluated according to the information fused from the measurements. Especially in the present application, it is not useful to monitor
one part of vibration spectrum on one sensor and a disjoint part of the
spectrum on another sensor, as this would not admit computation of any
transmissibility features or detection of damages. “Coordinated monitoring” is required, as concluded in Publication IV.
Third complication is the lack of principled selection criterion in the
general novelty detection setting: potentially any feature could change
independently, so there is “no free lunch”. In practice, some applicationspeciﬁc preferences exist, but they need to be deﬁned both from the individual sensor and the collective utility/cost point of view.
One application that has the above problems – sparsity, a gap between
individual and collective point of view, and a prediction setting – is that of
recommender systems [72, 75]. Unrelated to SHM, recommender systems
consider the problem of predicting a small subset of interesting items for a
set of users. Collaborative ﬁltering (CF) is a class of approaches in solving
the problem by assuming few earlier ratings from the users and assuming
some structure in the resulting sparse users-by-items rating matrix: if
two users rate some of the items similarly, they probably would rate also
the other items similarly.
Inspired by CF, Publication IV presents the idea of applying similar
methods to selecting suitable features for monitoring in WSN setting:
instead of users-by-items rating matrix, the problem revolves around a
sensors-by-features rating matrix. Wireless sensor nodes are seen as a
community of (lazy or resource limited) voters that attempt to collaboratively ﬁgure out what features are worth monitoring.
In the simplest scenario, certain amount of initial measurements (t ∈ [1 :
TCF ]) are used for the collaborative ﬁltering process, and then the process
continues with ordinary novelty detector training phase (t ∈ [TCF +1 : Ttr ])
and online monitoring (Ttr < t), using the ﬁltered features.
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Similarities and Differences to Recommendation Systems
As stated above, features could be selected by using application-speciﬁc
principles. The monitoring application may have simple rules which make
some features more desirable than others, or some features obviously useless in relation to others. This kind of rules can be used in producing
ratings about the available features and measurements, like users of recommendation systems produce ratings for available items.
On the other hand, limitations of sensor network technology can lead
to sparsity of the rating data. For example, it may be infeasible to make
simultaneous measurements about all modalities available to a sensor
node, or it can be impractical to make all possible measurements and
transmit them to a centralized controller for further pruning. Thus, a
monitoring system may suffer sparsity problems similar to recommendation systems, where users typically give ratings only for few items.
In order to extract further features, to add more layers of information
fusion, suitable combinations of measurements need to be made. So the
question, which measurements are appropriate for a single sensor, depends on what the other sensors are measuring. This resembles the situation in recommendation systems, where users are assumed to follow more
general patterns in their ratings. Just as some customers of an online
bookstore are interested in reading books of a certain genre, some sensors
of a monitoring system might specialize in certain measurements.
Collaborative ﬁltering literature [75] has identiﬁed also other related
problems in recommendation systems. One of them is the cold start problem: how does the system start producing recommendations when new
users or items are added and none of the rating data is available yet. In
the sensor network applications, this can be solved by running a separate initialization phase: assuming the sensor network is in centralized
control, the administrator can command any (new) sensors to rate any
(new) features. Conventional recommendation systems don’t have such
additional control over its participants.
Scaling is another problem familiar from recommendation systems [75].
Such a system may have millions of items, like news articles, and millions of users. Future applications in environmental monitoring may also
have increasing amounts of sensors and possible measurements to make,
but this work concentrates on an SHM example with a limited set of sensors and available feature space, leaving thorough scaling analysis for the
individual implementations.
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Third CF-related issue, synonymy [75], might become a problem in some
monitoring applications. This work assumes that sensors, and measurements or feature values acquired by them, have unique identiﬁers, so exact synonyms would not appear. A more elaborate synonymy would arise
in the case where two closely located sensors are measuring the same phenomenon and thus produce nearly identical results. In a novelty detection
setting, training data acquired from such sensors might not discriminate
two synonymous sensors from a pair of sensors that would later develop
some differences in their measurements (test data) as an anomaly. So, the
possibility of solving the issue completely by means of unsupervised data
analysis seems low: redundancy of the sensors needs to be managed by
some other means, like careful positioning of the sensors during deployment.
Recommendation system related issue of privacy is not considered to
be an issue in this work. Sensor nodes do not have a privacy to protect,
if the sensor network (and the monitored subject) are governed by the
same administrator. Privacy of the people interacting with the monitored
environment is a different issue, not in the scope of this work.
To assess usefulness of CF in a monitoring application, a representative
set of monitored events in the test set might be required. For example, it
may be pointless to create a global allocation of monitored features (across
a structure) and assess the accuracy in detecting a single damage. This
corresponds to the problem of coverage discussed in [42].
Monitoring applications have also issues not present in common recommendation systems. One signiﬁcant difference is that recommendation
systems assume static items, like editions of books, or movies: they don’t
change once published. An SHM system potentially deals with dynamically changing environment, where the preferences in different available
measurements may change and make older ratings outdated. This application has at least two options to overcome the problem: either resorting
to periodical updates in the collaborative ﬁltering (making gradual drift
considered normal), or dealing with a change detection problem, where
the properties of the reference state are assumed constant until a (large,
abnormal) change is detected and the system has fulﬁlled it’s purpose.
This work considers the latter case with either constant environmental
factors (temperature etc.), or elimination of the variability (transmissibility).
Another signiﬁcant difference, related to the dynamically changing envi-

47

Dimensionality Reduction

ronment, is that recommendation systems eliminate items already rated
by the user. For example, there is no point in recommending a news article that was apparently read already. Meanwhile, an SHM system would
continue sampling the best rated features.
If collaborative ﬁltering is completely distributed to the sensor network
nodes, energy spent in broadcasting CF messages across the network
would need to be signiﬁcantly smaller than simply transmitting all measurements to the sink node. The other option would be transmitting ratings from the individual nodes to a centralized controller (which has ample resources) for performing the CF with centralized methods.
This work considers a centralized approach and the possible energy consumption related to distributed CF is left for future work. Thus, the
method is divided into producing ratings for features that are local to
sensor nodes (local ratings) and, after transmitting the ratings to a centralized computer, the global assignment of which features are monitored
by which sensors.

3.4.2 Local Ratings
One of the key properties of CF is that (subjective) evaluation of which
items are considered interesting or useful is outsourced to the users, as opposed to content-based recommenders, where the system has to explicitly
model the relationship between content of the items and their preference
to the users [75]. However, this work considers a set of wireless devices
that arguably don’t have unknown subjective preferences to be used for
CF. What CF approach offers here is the separation of sensor-wise preference heuristic from the following centralized selection procedure.
The rating heuristic, proposed as an SHM-speciﬁc example in Publication IV, operates by voting for few (DS << K) DFT bins that have been
observed to have higher magnitude than others, in the t ∈ [1, TCF ] initial
time windows used for the selection process. Other bins are assumed to
have default vote of zero (r0s [k] = 0, ∀s, k). This results in energy efﬁcient
transmission of the local ratings, but also sparsity. For sensor s ∈ [1, S]
and DFT sample k ∈ [0, K − 1], the ratings are accumulated over the TCF
samples:
⎧
⎨ 1
s
[k] +
rts [k] = rt−1
⎩ 0

if |Xts [k]| ∈ top(DS , |Xts [j]|)
else,

(3.23)

where the ranking of DFT bins, top(DS , |Xts [j]|), is performed over sensed
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bins j: either for all j ∈ [0, K − 1] or some random subset for the voting
round t.
Local ratings could be considered as an attempt to maximize signal-tonoise ratio (SNR), since variability in low magnitude DFT sample disturbs
relatively more than the same amount of variability in samples with high
magnitude. Low values are problematic especially when considering the
denominator |Xts2 [k]| in transmissibility magnitude (Equation 2.17).
It has been commented to be useless to monitor frequencies where the
response is zero [50]. On the other hand, there could be a situation where
|Xts1 [k]| ≈ 0 for the transmissibility numerator when the structure is
healthy, but turns positive due to damage. Then, the above rating would
have eliminated the measurements in vain.

3.4.3

Global Assignment of Features

The actual collaborative ﬁltering stage is based on centralized analysis of
the accumulated rating matrix:
R = {Rs,k = rTs CF [k − 1]}.

(3.24)

There are various methods for implementing CF and they can be categorized into memory-based, model-based, and hybrid solutions [75]. Memorybased CF refers to computing user similarities and item rankings directly
from available rating matrix elements, while a model-based approach
would use some explicit model (e.g. Bayesian network (BN)) to account
for missing data.
The approach in Publication IV can be classiﬁed as memory-based and
aims at producing user-based top-N recommendations [75], or sensor-based
top-DS recommendations in the current terminology, without the elimination of already rated items.
The implementation used in Publication IV is based on computing combined ratings, W = {Ws1 ,s2 ,k = ws1 ,s2 [k − 1]}, that are symmetric in terms
of sensors and prefer combinations with high DFT magnitude at both sensors:
ws1,s2 = corr(rs1 , rs2 )rs1 ∗ rs2 .

(3.25)

Local features are then selected by taking top-DS bins k for each sensor. Effectively, corr(rs1 , rs2 ) computes correlation between each pair of
sensors over the frequency domain, and is used as a similarity measure
between the sensors. This selection process also deﬁnes a subset of transmissibility magnitude features and guarantees that the features can be

49

Dimensionality Reduction

computed at the centralized computer from the distributed DFT results,
due to the symmetry. Naturally, the same parameter space D in Equation 3.1 applies also here. The ﬁnal number of monitored transmissibility
magnitudes, DC (input to the subsequent classiﬁer), depends linearly on
both the limit DS and number of sensors S: DC ∈ O(DS S).
The weakness of memory-based approach arises in extreme sparsity [75].
If the few votes were given completely randomly, it would be likely that
any two sensors rate disjoint sets of features, thus preventing reliable
similarity estimates between sensors. On the other hand, the local ratings
described in previous section concentrate ratings for the parts of vibration spectrum with highest magnitude and vibration at adjacent sensors
is likely to be correlated, so some amount of correlation in rating activity
(Rs,k > 0) is expected in practice.
It was also noticed that plain clustering of sensors is not useful, as there
can be clusters with lone sensors, isolated from collaboration with the
other sensors. Also, crisp clustering as such prevents utilizing transmissibility magnitudes between the groups of sensors. Whether some other
clustering scheme is better was left for future work.
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“2. If a message can be interpreted in several ways, it will be interpreted in
a manner that maximizes the damage.” – Osmo A. Wiio

4.1

Problem Setting

After deciding which features are being monitored and continuing with
measuring the selected features, an SHM system is left with the general
level problem of detecting differences between a normal feature vector
and an abnormal feature vector. In statistical pattern recognition terms,
the system needs a binary classiﬁer [81, 7]: the two class labels being c0 =
”healthy” and c1 = ”damaged”. A third option, called ”reject” [7], could
be used for indicating that the classiﬁer doesn’t have enough separation
between the two classes for some measurements, but that is left beyond
the scope of this work.
Classiﬁers are typically based on a given model, whose parameters θ
are estimated from initial measurements, a training set, denoted here by
(temporal) subscripts t ∈ [1, Ttr ]. Then, the model is used to decide appropriate class Ct for a new sample, given the learned model parameters
θ̂ and the new feature vector xt ∈ RDC (output from the feature extraction and dimensionality reduction stages). From classiﬁer performance
assessment point of view, the new samples (t > Ttr ) are said to belong to a
test set, since the goal is to generalize beyond the training set [7].
As stated in previous chapters, no training data are available from a
damaged structure, only from the healthy one. Thus, similarly to Requirement 3.1.1, also the classiﬁer needs to consider this:
Requirement 4.1.1. Extreme bias/imbalance of data: classiﬁer parameters have to be estimated from healthy samples only.
Additionally, the goal is to support streaming over the coarse time scale,
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which brings more requirements, stated here for clarity:
Requirement 4.1.2. Causality across time: data is handled sequentially
and the output of the monitoring system at time t can only depend on data
observed so far. Thus, the classiﬁer output is a function of previous data
Ĉt = f (x1:t ).
Requirement 4.1.3. Online monitoring: as time t increases without limit,
the system cannot store all of the data received so far, so computational
complexity (and size of θ) has to be bounded by constant with respect to t.
The latter requirement explains the need for summarizing training data
with some kind of a model, although the model can include some or all of
the (ﬁxed amount of) training data as such. Estimation of model parameters (θ̂ = g(x1:Ttr )) divides the data set into the two parts mentioned above:
training set {xt |t ≤ Ttr } and test set {xt |t > Ttr }. Then, the classiﬁer can
be considered as a function of test measurements and the parameters:
Ĉt = f (xTtr +1:t , θ̂).
Classiﬁers that meet these requirements, especially 4.1.1, are said to
perform novelty detection [7, 63, 78], also known as anomaly detection [14],
outlier detection [43, 89], or one-class classiﬁcation [79].
It could be argued that despite the efforts of measuring “clean” training data from a healthy structure, the data set can have outliers due to
measurement noise alone and that true novelty is different: clean measurements from a different (damaged) state. In general, a classiﬁer cannot make a difference between a faulty observation and an observation
of a fault. Thus, this work does not make a difference between an “outlier” and a “damage”: erroneous measurements misclassiﬁed as damage
are considered unavoidable, but possible to analyze in a controlled test
environment, as discussed in Chapter 5.
The focus of this work is in “semi-supervised recognition” (Type 3) as
deﬁned in [43]: because of the online monitoring requirement, outliers
are not identiﬁed retrospectively, and lack of data from damages prevents
supervised setting. The kind of semi-supervised case, where only part of
training data has labels and the rest is from an unknown condition, and
the purely unsupervised case where the training set is completely from
unknown condition(s), are left beyond the scope of this work. It is considered unlikely, that a statistical pattern recognition system could identify
some set of observations as “healthy” without additional information (i.e.,
unsupervised).
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Many novelty detection methods for high-dimensional data combine a
dimensionality reduction method and the actual detection method [89],
but this work considers the methods as separate steps in data processing.
Then, dimensionality reduction is possible to be customized for SHM data,
while the novelty detection phase remains universal.
Yet another focus in the problem setting is made by assuming IID features for each time step t (in the healthy state). This is called static novelty detection [41, 78]: computing the discriminant function, f (xt , θ̂), for
each new measurement separately. This is different from novelty detection with dynamic models [41, 78], such as dynamic Bayesian network
(DBN) models, where the model summarizes past test measurements.
Also, the approach is different from change detection [4], which assumes
sudden and permanent change and is based on accumulating evidence of
the change. In the scope of this work, it is required to detect also slow
drift, so models that would somehow adapt to drift in test data are out of
the question.
Large amount of different static and semi-supervised novelty detection
methods have been published [79, 63, 43, 14]. The research questions here
are simply to explore the following aspects:
Problem 4.1. Which (existing) novelty detection model would be relevant
in the context of feature spaces described above?
Problem 4.2. Detection methods are known to suffer from high-dimensional
data (in terms of accuracy and execution time), but how DC affects each
combination of dimensionality reduction and novelty detection methods?
The following sections explain each of the detection models used in this
work: one variant of distance-based detection and three common variants
of density models.

4.2

Nearest Neighbor Model

Maybe the most straightforward classiﬁer is the nearest neighbor (NN)
rule [81]: compute distances between the new feature vector and training
data vectors, and select the class label associated with the closest training vector. The NN approach can be described as a nonparametric and
distance-based method, that doesn’t assume a speciﬁc form for the class
distributions. On the other hand, the used distance measure is assumed
to be suitable for indicating difference between feature vectors, which ob-
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viously depends on the scaling and type of features received from the previous processing phase.
Novelty detection setting is missing training data from the damaged
state, so all the nearest training vectors will have C = c0 . Thus, the NN
classiﬁer has to be modiﬁed for novelty detection. There are several different modiﬁed variants [79, 80] which belong roughly into two approaches:
compute distance to (kth) nearest neighbor, and estimate local density
based on the (kth) nearest neighbor distances.
The simplest (k = 1) nearest neighbor novelty detector just computes
the minimum distance to training data:
fN N (xt , x1:Ttr ) = mini {xt − xi |i ∈ [1, Ttr ]},

(4.1)

and subsequently uses some suitable threshold to decide which test vectors xt are too distant to be normal. The training vectors could be seen as
the set of parameters of the model, so θ̂ contains DC × Ttr values, although
some of the training vectors are likely to lie close to others in the middle of
the set and are potentially redundant (in low dimensional feature space).
The other approach is to include (local) density estimation into the distance computations [79]: comparing the distance to (kth) nearest neighbor
and the distance between the nearest neighbor and its nearest neighbor.
For k = 1, this could be expressed as:
i = argmini {xt − xi |i ∈ [1, Ttr ]},
j = argminj {xi − xj |i = j ∈ [1, Ttr ]},
xt − xi 
fN N d (xt , x1:Ttr ) =
,
xi − xj 

(4.2)
(4.3)
(4.4)

where the nearest training vector xi is identiﬁed ﬁrst and then compared
to its (constant) neighbor xj . This is similar to the even more complex
method called local outlier factor (LOF) in [12], but without “smoothing”
caused by the use of reachability distance and averaging over M inP tsneighborhood in local reachability density.
As explained about the research process of this work, Publication II and
subsequent papers in this work concentrated on the simpler models, leaving LOF models for future assessment.

4.3

Gaussian Density Estimate

On one hand, nonparametric models make few assumptions about the
shape of the proper decision region, but on the other hand, simple para-
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metric density models offer fewer number of model parameters to ﬁt in
exchange for the modeling assumptions.
Gaussian or normal density function is a popular and simple parametric
density model [81]. One of the common motivations for using it is its
analytical tractability and central limit theorem [7]: if the variability in
data is caused by a sum of many IID random variables, the distribution
of the sum is approximately Gaussian.
The probability density function (PDF) for normally distributed vector,
xt ∼ N (μ, Σ), is
1
1
T −1
p(xt |μ, Σ) = 
e− 2 (xt −μ) Σ (xt −μ) ,
(2π)DC |Σ|

(4.5)

where the parameters are mean μ ∈ RDC and covariance matrix Σ ∈
RDC ×DC . The parameters can be estimated from sufﬁcient amount of
training data in terms of maximum likelihood (ML):
Ttr
1 
xt ,
Ttr

(4.6)

tr

1
(xt − μ̂)(xt − μ̂)T ,
Ttr − 1

(4.7)

μ̂ =

t=1

for mean and

T

Σ̂ =

t=1

for unbiased covariance. There exist also sequential methods for estimating the parameters online [7], but they are beyond the current scope.
From classiﬁcation point of view, the normalization constant and monotonic exponential function of Equation 4.5 can be ignored, since they don’t
change the shape of the ﬁnal decision region (although, change the appropriate decision threshold). Once the parameters are estimated, and
the inverse Σ̂−1 computed, classiﬁcation can be done in terms of squared
Mahalanobis distance [81, 79]:
fG (xt , μ̂, Σ̂) = (xt − μ̂)T Σ̂−1 (xt − μ̂),

(4.8)

where values above a given threshold are considered abnormal.
Compared to the NN method, this offers compensation of scale differences and covariance between individual features (whitening), but on the
other hand, distances are computed with respect to the global mean, not
the closest training samples. If used together with PCA, data from healthy
structure is already axis-aligned and a diagonal covariance matrix is enough,
so this detection method overlaps with dimensionality reduction performed
with PCA.
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4.4

Mixture of Gaussians Density Estimate

In case the variation in the (healthy state) data has some more complex
structure than the above unimodal multivariate Gaussian, a more complex density model may be required. One approach in increasing the ﬂexibility of the model is to consider mixture models [79, 7]. A natural step
from the basic Gaussian is a mixture of Gaussians (MoG) model, which
assumes the distribution is a weighted sum of multivariate normal components:
p(xt |w, M, Σ) =

I

i=1

1
wi
T −1

e− 2 (xt −μi ) Σi (xt −μi ) ,
(2π)DC |Σi |

(4.9)

where the parameters consist of the normalized weight vector w ∈ RI ,
i wi

= 1, mean vectors M = [μ1 , . . . , μI ] ∈ RDC ×I , and corresponding

covariance matrices Σ ∈ RDC ×DC ×I .
The parameter estimation problem does not have a closed-form analytical solution due to the included summation over a latent variable (component identity), but the parameters can be estimated in terms of ML with
the expectation maximization (EM) algorithm [21, 7]. In short, EM starts
from a random (but valid) guess for the parameters, updates them iteratively while alternately estimating component posteriors and component
parameters, and converges to a locally optimum solution.
Given the parameters θ̂ = {ŵ, M̂, Σ̂} estimated from training data, classiﬁcation is performed in terms of the density function:
fM oG (xt , ŵ, M̂, Σ̂) = p(xt |ŵ, M̂, Σ̂),

(4.10)

and the area(s) of feature space with density values above a given threshold is classiﬁed as normal (Ĉt = c0 ).
In principle, the classiﬁcation could be based on posterior probability [7]
computed according to the Bayes rule and class prior probability: p(Ct =
c0 |xt θ̂) ∝ p(xt |Ct = c0 , θ̂)p(Ct = c0 ), but the prior probability is considered as an unknown parameter equivalent with choosing another decision
threshold. Also, prior distributions for the model parameters θ could be
used, especially when only a short sequence of training data is available,
but that is beyond the experiments of this work.
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4.5

Parzen Density Estimates

A kind of hybrid approach between the NN and MoG models, or an extreme version of MoG, is called Parzen or kernel density estimation [68,
79, 7]. Instead of ﬁtting a sum of few parametric densities to the training
vectors, the idea is to sum a kernel function (Parzen window) positioned
at each training vector. One common choice for the kernel is symmetric
Gaussian [7], which results in the following density function:
Ttr

1
T
1
p(xt |x1:Ttr , h) = √
e− 2h2 (xt −xi ) (xt −xi ) ,
D
C
( 2πh) Ttr i=1

(4.11)

where the single parameter h (in addition to training data) governs the
window width. This model has also been used in [78] for novelty detection
in jet engine vibration data.
An appropriate value for h is estimated by using a gradient ascent algorithm [7] to ﬁnd ML solution for the training set, as described in [79, 26].
Trivial estimate (h = 0) is avoided with a leave-one-out scheme.
Again, classiﬁcation in performed in terms of the density estimate:
fP (xt , x1:Ttr , ĥ) = p(xt |x1:Ttr , ĥ),

(4.12)

and areas of feature space with sufﬁcient density are considered normal.

4.6

Decision Thresholds

The above descriptions of novelty detection methods output a single continuous value, f (xt , θ̂) ∈ R, which measures either normality or outlierness of xt . The actual decisions are made by setting a constant threshold
φ which divides the feature space into two decision regions [7].
Suitable threshold value φ ultimately depends on various decision theoretic factors [73, 7], like expected misclassiﬁcation cost, expected loss, or
expected utility of related consequences in general. A cost or utility function depends on what the user of the SHM system is trying to achieve.
Large part of this work avoids setting a particular threshold value, but
is based on receiver operating characteristic (ROC) analysis instead, as
described in the following chapter.
NN distance fN N and Mahalanobis distance fG measure normality so
that smaller values correspond to normal data, and densities fM oG and
fP indicate normality with high values. Thus, the decision rules for indicating healthy structure are:
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Distances: fN N (xt , θ̂) < φ, and fG (xt , θ̂) < φ,
Densities: fM oG (xt , θ̂) > φ, and fP (xt , θ̂) > φ.
Example 4.6.1. A small toy data set of Ttr = 9 bivariate vectors was sampled and each of the four detector models were ﬁtted to visualize the shape
of the corresponding decision boundaries. The data is from a uniform distribution, so the point is not to establish the “correctness” of the learned
model: just to visualize differences between the models.
Figure 4.1 shows each of the resulting decision regions: the training data
is marked with blue crosses (the two leftmost overlap) and shades of gray
indicate decision regions with various decision threshold values. Areas of
the regions appear different between the detectors, since the thresholds are
not normalized.
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Figure 4.1. Examples of decision boundaries for each detector model.
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5. Performance Assessment

“One man’s system is another man’s subsystem.”

5.1

Problem Setting

Each of the data processing methods described in previous chapters have
been originally developed for certain purposes, make certain modeling assumptions, and provide optimal solutions with respect to particular criteria. For example, transmissibility magnitude features cover insensitivity towards changes in excitation amplitude, PCA ignores feature components with small variance (in training data), but doesn’t eliminate measurements per each sensor, and NN detector assumes that Euclidean distances in the (reduced) feature space are appropriate for assessing abnormality. At the ﬁnal decision step, the detection threshold can be varied
and the resulting system can have different sensitivity to damages.
The approach, chosen already in the beginning of this work, is to assess a proposed SHM system as a whole. Similar idea has been used for
wireless SHM systems before in [36] and further in [35]. While it may
prove difﬁcult to accurately determine appropriate boundaries in what is
included in an SHM system and what is considered external to it, this
work concentrates on monitoring systems that include a set of wireless
accelerometers as the source of data and binary novelty detection results
as the output. Thus, the potential assessment criteria are related to the
amount of measurements made by the wireless sensors and counting confusions at the detector output.
This work relies on empirical assessment of the proposed combinations
of methods, according to criteria that are possible to compute from the
given material. The ﬁrst assessment criterion is detection accuracy: in
the presence of noise and uncertainty, the system is bound to produce
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false alarms and miss some damages. Another assessment criterion, formulated later in the research, is the (simpliﬁed) energy consumption of
wireless sensors, while measuring a given number of local features.
Notably, this work does not consider misclassiﬁcation costs or risk minimization from decision theory point of view [7], or realized WSN lifetime [23], as the analysis would require more information about a speciﬁc
deployment. In order to set a particular decision threshold and reach a
ﬁnal decision under uncertainty, one would need to consider misclassiﬁcation costs or their ratio [7, 38], but such parameters are unavailable
in the scope of this work. Likewise, to analyze how long a WSN operates for a given amount of battery capacity [23], one would need an actual wireless network with certain topology and realistic communication
conditions, but that kind of experimentation would exceed the resources
available for this work.
Thus, the problems in this work are in ﬁnding general enough assessment criteria:
Problem 5.1. The detection accuracy of a proposed wireless damage detection system needs to be assessed without ﬁxing particular misclassiﬁcation
costs.
Problem 5.2. The energy consumption of wireless sensors, or cost of acquiring data in general, needs to be assessed without knowledge of the
particular communication network parameters.

5.2

Detection Accuracy

Given experimental test data from both the healthy structure and damage
cases (with true labels Ct ∈ {c0 , c1 }), and a decision threshold, the detector
output Ĉt can belong to one of four combinations:
true negative when Ĉt = Ct = c0 ,
true positive when Ĉt = Ct = c1 ,
false positive when Ĉt = c1 , but Ct = c0 ,
false negative when Ĉt = c0 , but Ct = c1 ,
where the latter two are also known as type I and type II errors in statistical hypothesis testing [81].
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The number of occurrences of each of the cases in test data (Ttr < t ≤ T )
can be counted and are denoted here with T N , T P , F P , and F N , respectively. Naturally, the total number of samples is T N + T P + F P + F N =
T − Ttr , T N + F P equals the number of healthy samples, and T P + F N
equals the number of damaged samples in the test data.
From the user point of view, it may be more interesting to know how
likely a monitoring system is to produce true positive or false positive
detections. If the detections are assumed IID, the probability of detection
PD , also known as statistical power or sensitivity, can be estimated from
test data as true positive rate (TPR):
PD ≈ T P R ≡

TP
,
TP + FN

(5.1)

and similarly, the probability of false alarm PF (or 1 - speciﬁcity) as false
positive rate (FPR):
PF ≈ F P R ≡

FP
.
TN + FP

(5.2)

If the detections were not IID, as with dynamic models or change detection, the assessment criteria would need to be different, as noted in Publication V. Then the monitoring task is not to determine if there is a damage, but when it appeared.
In the case of overlapping class distributions, such as noisy transmissibility measurements and small damages in the structure, there is a tradeoff between sensitivity and speciﬁcity: a sensitive detector will have false
alarms more often, and conversely, a detector that avoids false alarms will
also be insensitive to damages. The situation can be analyzed in terms of
ROC curves and area under (ROC) curve (AUC) [76, 11]. An ROC curve
is a parametric curve of TPR versus FPR, while the decision threshold
is varied over possible values. A random classiﬁer, without any discrimination between the classes, produces (approximately) a diagonal curve
(T P R = F P R), and the ideal classiﬁer, with perfect discrimination, produces a step curve (T P R = 1, ∀F P R). Thus, ROC measures class discrimination capability [81] and, in this work, provides a summary of all the
data processing stages prior to the decision step. If the feature extraction
produces pure noise, no amount of subsequent processing will make the
classes separate at the decision step.
An ROC curve can be summarized by integrating the area under the
curve, AUC [11], which then provides a value that is near AU C ≈ 0.5 for
random or otherwise poor detection systems and AU C = 1.0 for ideal detection. If the system made consistently wrong classiﬁcations, the area
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would be 0 ≤ AU C < 0.5, but then the results could simply be inverted.
The weakness of the approach is that it averages the result over all possible FPR values, while the relevant part of ROC curve may be, for example, with threshold values that result in detectors with high speciﬁcity
(low FPR).
There are also practical issues with estimating ROC curves, like limited number of test samples, which in turn results in few points for the
parametric curve. This work assumes data imbalance [15] concerns only
training data. However, there is an issue of coverage [23]: whether an
SHM system is sensitive to damages in all parts of the structure, while
the experimental data might have only few damage locations. This kind
of coverage and localization considerations are left for future work.
Example 5.2.1. ROC curves and AUC values of toy detectors: values from
two overlapping univariate distributions, N (0; 0.5) and N (1; 0.5), T = 100
samples from each, were drawn to simulate detector output and compute
an ROC curve. The experiment was iterated I = 100 times and the ROC
curves were sorted in terms of their AUC values. Figure 5.1 visualizes the
distribution of the I ROC curves in the experiments: the actual curves with
minimum, median, and maximum AUC values are shown in Figure 5.1a,
and a histogram of the AUC values is shown in Figure 5.1b.
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Figure 5.1. Examples of ROC curves and AUC values.
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5.3

Cost of Acquiring Data

Traditional data mining is posed with a situation where large amount of
data has already been collected for a speciﬁc primary purpose and the
task is to ﬁnd something new in it [37]. There, part of the costs of computation are related to accessing the existing database. As noted already
in Chapter 2, this work aims at WSN monitoring applications with data
streams [32], which sets various hard and soft limits on accessing the data
from wireless sensors.
At a very general level (e.g., from value of information [45, 73] point of
view), investing enough resources into the measurement hardware can
make arbitrary amount of data available for monitoring. Ultimately, the
accelerometers could have dedicated high-bandwidth media (cable) for
communication and practically unlimited (wired) power supplies, if the
gained insight about structural health was considered worth it. Continuing cost considerations at this general level leads to the option of limiting
the cost of measurement hardware and considering WSN technology.
As a part of such larger context of deciding what is worth measuring
and how, this work limits to considering techniques suitable for wireless
monitoring of accelerometer spectra, as detailed in Chapter 2. The use
of Goertzel algorithm as a feature extraction stage is dictated by a hard
limitation of WSN nodes: features transmitted from the sensors need to
be computed online with a small amount of memory. The limitations are
caused by the CPU and RAM available on-board the wireless sensors and
future technology may set different limits.
One of the remaining free parameters in the local feature extraction,
and the resulting energy consumption of wireless sensors, is the number
of sensed and transmitted DFT samples per sensor node (denoted with
DS , for dimensionality of sensor data). This leads to an experimental setting used in Publication V, where DS is varied over a range of reasonable
values, and the resulting detection accuracy of the system is analyzed to
ﬁnd potential trade-offs. After all, trade-offs between accuracy and energy
consumption is a traditional WSN topic of its own [10].
It has to be noted, that considering DS as “energy consumption” is a simpliﬁcation. There are additional factors, like the CPU energy consumption
during the local computation and the dynamics of the wireless communication network, that make the ultimate WSN lifetime more complex to
model [23, 30].
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6. Experiments and Results

6.1

Data

This work relies on empirical observations about the performance of proposed combinations of data processing stages. The evaluations were performed with three kinds of accelerometer data sets, gradually exposing
the methods to new data. In chronological order, the data sets were from:
• a wooden model bridge, introduced in [55, 56, 58],
• Los Alamos National Laboratory (LANL) bookshelf, a metal structure
introduced in [2, 29, 60], and
• numerical simulations performed by one of the coauthors.
The model bridge was a 4.2-meter, 36-kg wooden truss structure monitored in approximately constant laboratory conditions [55], shown in Publication III, Figure 2. Excitation xi was pseudorandom noise input to the
structure by an electrodynamic shaker and was not directly measured.
Fifteen wired accelerometers were used for measuring the (output) vibration of the structure (S = 15), with sampling frequency of fS = 256 Hz and
time window of 32 s (N = 8192). In total, there were T = 2509 measurement periods, while some of the measurements had small added masses
placed at various locations on the structure to simulate damage. Table 6.1
summarizes the data set: the class label C = 0 indicates healthy structure, while the other values are various damages. Publication I, Fig. 6
visualizes the labels as a bitmap image. This data set was used in all of
the publications of this work, although Publication V uses only a subset
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of the data (only one damage location, C ∈ [5, 9]) and a different indexing
for time t.
Table 6.1. Wooden model bridge data

Label

Added mass (g)

Measurements t

Δt

C=0

0

1–1515

1515

C=1

23.5

1516–1549

34

C=2

47.0

1550–1577

28

C=3

70.5

1578–1599

22

C=4

193.5

1600–1623

24

C=0

0

1624–2080

457

C=5

23.5

2081–2100

20

C=6

47.0

2101–2123

23

C=7

70.5

2124–2145

22

C=8

123.2

2146–2165

20

C=9

193.5

2166–2185

20

C=0

0

2186–2208

23

C = 10

23.5

2209–2220

12

C = 11

47.0

2221–2232

12

C = 12

70.5

2233–2244

12

C = 13

123.2

2245–2252

8

C = 14

193.5

2253–2260

8

0

2261–2357

97

C = 15

23.5

2358–2377

20

C = 16

47.0

2378–2400

23

C = 17

70.5

2401–2426

26

C = 18

123.2

2427–2452

26

C = 19

193.5

2453–2475

23

0

2476–2509

34

C=0

C=0

Likewise, the LANL bookshelf data [60] was measured from a model
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structure in laboratory conditions and excitation was input by a shaker.
The structure consisted of three aluminum ﬂoor plates supported by four
columns, while the damages were simulated by loosening and removing
bolts from the joints at two locations in the structure (1st ﬂoor column C,
and 3rd ﬂoor column A). Accelerometer sensors (S = 24) were attached
to the edges of each ﬂoor, as shown in Publication V, Figure 3, and were
sampled at fS = 1600 Hz for 5.12 s at a time (N = 8192) for total of T = 270
measurements. The data set is summarized in Table 6.2. Apparently,
another data set from a similar structure has been published [31], and
they used fewer accelerometers and a different damage model, but that
data set was not available at the time when the current data set was used
in Publication III, Publication IV, and Publication V.
Table 6.2. Bookshelf data

Label

Damage

Measurements t

Δt

C=0

none

1–150

150

C=1

1C loosened to 0.6 Nm

151–160

10

C=2

1C loosened to 1.1 Nm

161–170

10

C=3

1C loosened to hand tight

171–180

10

C=4

1C bolts removed

181–195

15

C=5

1C bracket removed

196–210

15

C=6

3A bolts removed

211–225

15

C=7

3A bracket removed

226–240

15

C=8

1C and 3A bolts removed

241–255

15

C=9

1C and 3A bracket removed

256–270

15

A third data set was sampled from a numerical simulation of a 1.4-meter
cantilever beam (ﬁxed at one end, while the other end is free). The simulation included random excitation, with random load distribution (no ﬁxed
location of xi ), and measurement noise. A progressively increasing damage was modeled by decreasing stiffness of the beam at one location (between “sensors” s3 and s4 ). Transverse acceleration was sampled from
S = 20 equidistant points along the structure at fS = 4000 Hz, but the
spectrum was used only up to 256 Hz in the analysis. Measurement periods lasted 20 seconds (N = 80000) and there were T = 100 measurements.
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Table 6.3 summarizes the data set. It was used in [70] and the subsequent Publication III.
Table 6.3. Data from simulated cantilever beam

Label

Damage level

Measurements t

Δt

C=0

0.00

1–50

50

C=1

0.11

51–60

10

C=2

0.27

61–70

10

C=3

0.43

71–80

10

C=4

0.59

81–90

10

C=5

0.75

91–100

10

Likewise, a fourth data set was sampled from a numerical simulation,
which modeled a 1.4-meter long 50 mm × 5 mm simply supported beam
(ﬁxed from both ends) additionally supported by a spring at 612.5 mm
from the other end. Simulation included random excitation at various amplitudes at the midpoint and a constant amount of measurement noise.
Damages were modeled as a decrease in the beam depth at the spring
support: thickness varied from the original 5 mm down to 2.5 mm. Acceleration was monitored at S = 47 equidistant points along the beam at
fS = 500 Hz for 5 s at a time (N = 2500) for a total of T = 300 measurements. The data set is summarized in Table 6.4. This data set was used
in Publication V.
Table 6.4. Data from a simulated simply supported beam and a spring
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Label

Remaining thickness (mm)

Measurements t

Δt

C=0

5.0

1–150

150

C=1

4.5

151–180

30

C=2

4.0

181–210

30

C=3

3.5

211–240

30

C=4

3.0

241–270

30

C=5

2.5

271–300

30

Experiments and Results

6.2

Feature Extraction

Publication I proposed using the following data processing stages for wireless damage detection:
• online frequency domain feature extraction on wireless accelerometers
with the Goertzel algorithm or QAM,
• centralized transmissibility magnitude estimation,
• random selection of transmissibility features to reduce classiﬁer input
space dimensionality,
• naive Bayes model for statistical classiﬁcation (i.e., Gaussian density
estimation model with a diagonal covariance matrix), and
• use of ROC curves and AUC values as the evaluation criteria.
The emphasis of Publication I was on validating the feature extraction
stage, while also considering what the eventual output of the detection
system should be. This relies on the assumption that features relevant
for a supervised classiﬁer will be relevant also for unsupervised monitoring with true novelty detection methods. The Problems 2.1 and 2.2
were addressed by using the two online algorithms described in Chapter 2 to extract features separately for each sensor. Instead of actually
implementing it on wireless sensors, this work relies on computations performed ofﬂine on the wired wooden bridge measurements. The environmental variability issue (Problem 2.3) was addressed by using centrally
computed transmissibility magnitude features as described in Chapter 2.
From dimensionality reduction point of view, Publication I explored what
happens to the detection accuracy if small random subsets of transmissibility magnitude features are measured: an attempt to answer Problem 3.1. From the complete space of all DF = 6300 possible transmissibility magnitude features, random subsets of size DC were selected and
used as input to naive Bayes classiﬁer. The feature space dimensionality
was varied, DC ∈ {8, 16, 32, 64, 128, 256, 512, 1024}, and a supervised classiﬁcation experiment was performed for each dimensionality, so that half
of the measurements (from both classes) were used for training and the
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other half as the corresponding test set. Each of the random feature selection and classiﬁcation experiments was iterated I = 1000 times to observe
variability in the associated ROC curves and AUC values. The use of ROC
curves and AUC addressed Problem 5.1.
To summarize the results in Publication I:
• the considered feature extraction methods worked in the sense that the
resulting AUC values were signiﬁcantly better than for random classiﬁers (AU C ∈ [0.7, 0.85] > 0.5), shown in Figure 6.1,
• the dependency of AUC on the number of measured features was explored and characterized: as DC grows, the random feature subsets enable more accurate classiﬁers and with less variance in the accuracy
(Publication I, Fig. 5), and
• already at DC ∈ {16, 32}, the classiﬁcations were relatively accurate
with a certain feature subset, so there is potential for feature space sparsity in the wooden bridge data set (Problem 3.1).

AUC values with knn
0.58
max
75%
median
25%
min

0.56
0.54

AUC

0.52
0.5
0.48
0.46
0.44
0.42
0
10

1

10

2

10
DC

3

10

4

10

Figure 6.1. AUC values for corresponding experiments with random data.
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6.3

Projections and Novelty Detection

Publication II continued the development by replacing random selection
and the naive Bayes classiﬁer with:
• random projections, PCA, or CCA as the (unsupervised) dimensionality
reduction stage,
• nearest neighbor method, Gaussian, MoG, or Parzen density estimates
for novelty detection,
while the feature extraction relied on the distributed Goertzel algorithm
and centralized computation of transmissibility magnitudes, and AUC for
evaluation, as in the previous publication. Thus, the emphasis of Publication II was on studying the dimensionality reduction stage (addressing
Problem 3.2), while also exploring a true novelty detection setting and a
set of various detection methods (Problem 4.1).
The experiments were again based on the wooden model bridge measurements and the classiﬁer feature space dimensionality DC was varied
to study its effect on classiﬁcation accuracy (Problem 4.2):
DC ∈ {2, 4, 8, 16, 32} ∪ {3, 5, 10, 20, 50, 100, 200, 500}.

(6.1)

An additional restriction in the feature space was used: only transmissibilities between physically adjacent and parallel sensors were considered1 , which reduced the number of sensor pairs to 19 and the total number of potential features to DF = 4541.
This time, each of the projection and classiﬁcation experiments had random subsets of healthy state data (C = 0, Ttr ≈ 0.75T samples) as the
training data for determining the projection and detector parameters.
Each learned projection-classiﬁer combination was then used in detecting anomalies in the rest of the data (0.25T samples, with and without
damages). Separation into training set and test set, and the subsequent
classiﬁer experiments, were iterated for I = 10 times to observe variability of the detection accuracy.
The experiments resulted in sets of points that describe the AUC values for each detection system, where parameters are combinations of a
1 This restriction can be considered as additional source of geometric information

about the structure.
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projection method, projection dimensionality, and a detection method:
AU C = f (projection, DC , detector).

(6.2)

The results were presented as curves in AUC vs. DC plane for each detection method in Publication II, Fig. 3.-Fig. 6.. Also results with unprojected data are presented for reference in NN and Gaussian detector
experiments, while MoG and Parzen density estimation failed in high dimensional feature spaces (DC > 100). Dimensionality of around DC = 50
was found to be the “sufﬁcient output dimensionality” for RP of the data
set when using the NN detector. On the other hand, PCA and CCA enabled more accurate classiﬁcation in the lower dimensional projections:
particularly PCA-NN combination at DC ∈ [16, 20] and CCA consistently
across DC > 3.

6.4

Three-way Analysis

Publication III replaced the dimensionality reduction stage with threeway analysis described in Section 3.3: considering time, vibration frequency, and sensor pair (location) as separate factors, and outputting the
R-dimensional temporal factors as the remaining explanation for anomalies in test data. Thus, the emphasis is on experimenting whether threeway analysis is suitable for dimensionality reduction in damage detection
(Problem 3.2). Additionally, a feature selection approach was studied by
eliminating test set measurements that have PARAFAC loadings closest
to zero (a step towards addressing Problem 3.3).
In total, the experiments were made with three data sets: the wooden
model bridge measurements (with a setting comparable to the one in Publication II), LANL bookshelf data, and the simulated cantilever beam.
Instead of random feature selection or projection space dimensionality,
the varied parameters in feature extraction and dimensionality reduction were the length of averaging window in estimating transmissibility
magnitude (related to N ), frequency resolution (K), number of PARAFAC
components (R), and three different ﬂavors of the model (regular, loadings
constrained to non-negative values, or pre-centered PARAFAC).
At ﬁrst, the effect of window length N and DFT frequency resolution
K in feature extraction was studied. In the simplest case, N time domain
samples allow the computation of K = N/2 (independent) DFT magnitude
samples, but combined with averaging the results over several separate
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time windows brings the option of lowering the rate of data. Increasing N (and lowering T ) allows more frequency resolution (higher K and
DF ) and/or averaged transmissibility features. Publication III, Figure 3
shows the effects of averaging and frequency resolution in the feature extraction on the ﬁnal AUC values of the four different detection systems on
the three different data sets. Generally, averaging transmissibility magnitude estimates helps in producing more accurate detections, while also
frequency resolution affects the results.
The number of PARAFAC components R was determined by using CORCONDIA and compared with AUC values achieved with models of different size. Publication III, Figure 4 shows the agreement between the criteria: values of R ∈ [2, 4] were found appropriate for the data sets and were
used in the experiments.
The effect of PARAFAC models and detection methods was studied by
running experiments on combinations of:
• appropriate features extracted from the three different data sets,
• the three different PARAFAC models of appropriate size, and
• the four different novelty detectors, like in Publication II.
The achieved AUC values are summarized in Publication III, Table 1. It
shows an improvement over the ones reported for the wooden bridge data
in Publication II and comparable values also for the other data sets.
Also a feature selection approach based on PARAFAC loadings was proposed. The idea is to ﬁt a PARAFAC model to the training data and then
perform continuous (test set) monitoring only for a reduced set of features
that have the highest loadings. A brief experiment was performed with
the standard PARAFAC model, so that for each component r:
• the sensor pair s with maximum value in the spatial factor cr , and
• ﬁve frequency bins k with highest value in the spectral factor br
were selected and used for estimating novelty detector parameters, and
were the only features used for the test set. This corresponds to reducing
the number of DFT measurements performed in the supposed WSN during monitoring phase. Results with AUC values comparable to the ones
with full data were achieved and reported in Publication III, Table 2.
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6.5

Coordinated Monitoring

In parallel with Publication III, Publication IV takes the development in
Publication II further by considering local feature dimensionality (DS )
for each sensor. Instead of just centralized feature space dimensionality
reduction from a DF -dimensional space to DC -dimensional one, after observing all DF attributes, the monitoring was proposed to be coordinated
so that most measurements are avoided on a per sensor basis (addressing
Problem 3.3).
Compared to Publication II, the projection stage was replaced with a
collaborative ﬁltering approach (Section 3.4). The considered novelty detection methods were limited to using NN and Gaussian density models,
mainly because of the relative simplicity and robustness observed in Publication II. In addition to the wooden model bridge data, experiments were
performed with the LANL bookshelf data set.
Instead of thresholding PARAFAC loadings as above, the CF approach
assumes application dependent rating scheme as discussed in Section 3.4.2,
including default votes. The ratings were also based on a short set (TCF =
10) of initial measurements, so that the majority of training data set was
assumed to be measured with the reduced feature set. In the case of
wooden model bridge data, the training sets for detector parameter estimation were Ttr − TCF = 1752 samples, and Ttr − TCF = 90 samples for the
bookshelf data. Publication IV, Table 1 shows also other experiment parameters, such as the corresponding test set compositions of 105 healthy
samples and 105 damaged samples from the wooden bridge, and 50 + 50
samples from the bookshelf data.
The experiments, including:
• training, and test set selection,
• CF stage for feature selection,
• detector model parameter estimation with the reduced feature set,
• detections with the detector model for the test set, and
• computation of AUC values for the detector output,
were repeated for I = 10 times, for each value of local feature dimensionality DS ∈ {2, 4, 6, . . . , 20}. These values of DS map to ﬁnal classiﬁer feature spaces of DC ∈ {30, . . . , 300} in 15-sensor bridge data and
DC ∈ {48, . . . , 480} in 24-sensor bookshelf data correspondingly, when us-
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ing the CF approach. The resulting AUC values versus DC are shown in
Publication IV, Figure 8 for the bridge data and Publication IV, Figure 9
for the bookshelf data.
For reference, a modiﬁed random selection approach was used: transmissibility magnitude features were selected randomly as a long as the
number of frequency bins monitored by any of the sensors remained at
most DS . The resulting classiﬁer feature spaces had half the dimensionality compared to the CF approach, so the corresponding curves in Publication IV, Figures 8 and 9 are shorter. Also a simple selection approach
based on majority vote was used (DS ∈ {2, 4}), but the resulting feature
spaces remained high-dimensional as voting reduces only the number of
frequency bins, not the combinations of sensor pairs. The CF method
seems preferable especially with small Ds and the wooden bridge data,
where AU C ≈ 0.8. The relative differences between CF and the reference
methods are smaller on the bookshelf data, which also seems to have a
better class discrimination overall, since AU C ≈ 0.9 or better for all of the
methods.

6.6

Evaluation Criteria and Trade-offs

Publication V focuses on the ﬁnal, experimental step of the data processing stages: assessment of wireless damage detection systems. The original purpose was to just benchmark existing methods in a “fair” setting,
but there were problems in selecting fair evaluation criteria. The experiments in this work started by considering ROC curves and AUC values
against the total number of extracted features input to a classiﬁer (DC ).
Then the focus was shifted to how many features a single sensor is required to measure (DS ). The assumptions and ramiﬁcations of these evaluation criteria were studied, ﬁnally proposing evaluation in terms of
• probability of detection PD ,
• probability of false alarms PF , and
• number of transmitted features per sensor DS ,
where the ﬁrst two are related via a chosen decision threshold, as visualized by ROC curves (Problem 5.1), and the last one behaves as a simple
quantiﬁcation of the cost of wireless acquisition of data (Problem 5.2). A
trade-off between the amount of transmitted data and classiﬁcation accu-
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racy was expected.
Compared to Publication IV, the experiments in Publication V changed
from threshold-agnostic AUC evaluation to ﬁxing the decision threshold
with respect to allowed F P R in the training set: low PF was assumed
desirable. The publication also added a third data set, the numerical simulations of a beam and spring. Finally, the experiments covered observing
T P R and test set F P R versus several factors:
• two feature selection methods: CF and a random baseline,
• two detector models: NN and Gaussian density,
• three data sets: wooden model bridge2 , LANL bookshelf, and the numerical beam and spring simulation
• increasing damage magnitude (indicated by labels C), and
• number of features per sensor DS ∈ [2, 12].
The results with random selection are shown in Publication V, Figures 5
and 6, for the two detectors correspondingly, one subﬁgure for each data
set, and one curve for each test set (damage level). The detection system suffers from poor discrimination and generalization, as the F P R values are close to T P R values and high test set F P R despite the value of
F P R = 0.15 calibrated during training set. The value of F P R = 0.15
was set at such a high value, since the problem with poor discrimination
(F P R ≈ T P R) was more pronounced when attempting low values, like
F P R = 0.01, and the number of training samples Ttr needs to be high
enough with respect to F P R to reliably set a decision threshold. The only
reasonable classiﬁcation result resulted for the bookshelf data when using
the Gaussian density model with moderate amount of measured features,
DS ∈ [3, 9] (Figure 5c).
Publication V, Figures 8 and 9 show the corresponding results when using the CF approach. Again, both detectors suffer from poor class discrimination for the simulated beam data, but reasonable results are achieved
for wooden bridge data at DS ∈ [4, 6]. The Gaussian density model performed well in detecting damages in the LANL bookshelf data also with
2 including only one damage location
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CF (Figure 8c).
Publication V included also experiments with two centralized statistical
damage detection methods [56, 57, 58] which rely on raw accelerometer
data. Thus, the amount of data required from each sensor is signiﬁcantly
larger: DS = N ∈ {50, 100, 200, 500, 1000} in the experiments. On the other
hand, the probability of false alarm was possible to be set as low as PF =
0.001 and it was also realized for most of the test data, with the exception
of the bookshelf data with shorter time windows (DS < 500), as shown in
Publication V, Figures 11 and 12. The ﬁgures also reveal the increase of
sensitivity when DS increases, especially for the smallest damages. From
this work point of view, the comparison shows that accurate classiﬁcations
are possible for the data sets.
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7. Summary and Discussion

7.1

Summary

This work proposed a set of data processing stages aimed at wireless damage detection in SHM applications. First, extraction of frequency domain
features from wireless accelerometers was considered, while also considering their mutual normalization to eliminate environmental variability.
The resulting feature space was found to be high-dimensional, but also
conjectured to have high amount of redundancy. Thus, several different dimensionality reduction schemes were proposed as the second stage,
considering both centralized dimensionality reduction and a partly distributed scheme of selecting monitored features in a coordinated manner. Several general purpose statistical novelty detection methods were
benchmarked for their use as the third stage of learning and deploying a
decision region in the selected feature space. As a ﬁnal and experimental data processing stage, general level performance criteria were deﬁned
and used for empirically exploring the behavior of the proposed detection
systems.
Publication I was described to propose an actual feature selection process in [30]. Searching through random sets of features is not useful in
the wrapper-based selection with a supervised binary classiﬁer, as there
are no samples from the damaged structure at the time when the selection
has to be made. What Publication I showed was that the proposed feature
space did contain small and useful sets of features for damage detection:
a kind of validation for extracting features with the Goertzel algorithm
and transmissibility magnitude estimates. The Goertzel algorithm was
later implemented as a part of wireless damage detection system in [8].
Publication II included the use of pure novelty detection methods and
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was also used as an example to motivate practical usefulness of novelty
detection framework in [86]. Publication II also benchmarked combinations of centralized projection methods and novelty detection methods,
while observing the effect of projected feature space dimensionality on
the detection accuracy. Random projections were found to perform well in
case the output dimensionality is sufﬁcient, but at the same time, higher
dimensionalities became a problem for the classiﬁer stage. PCA and curvilinear component analysis were found to perform better with lower output dimensionalities. The simpler classiﬁers relying on nearest neighbor
rule and Gaussian density estimation were found more robust in highdimensional feature spaces.
Publication III proposed modeling the transmissibility magnitude data
in terms of three-way factorizations. This provided both means for projecting the data onto a low-dimensional temporal factor, and means for
feature selection so that most prominent factors in spectral and spatial
loadings are represented in the selected features.
Publication IV presented the idea of wireless accelerometers as a community that could produce local ratings to express preferences in which
features to measure, and a collaborative ﬁltering scheme to select a globally coordinated set of measurements for monitoring. The CF approach
was observed to lead to better classiﬁcation accuracy than a random selection with similar amounts of data transmitted per sensor.
Publication V emphasizes the fact, that a complete detection system includes a rule for selecting an appropriate decision threshold: evaluating
only class separability of damages of given size is not enough for a practical implementation. Comparison to fully centralized statistical damage
detection methods showed, that while the amount of features transmitted per sensor could be signiﬁcantly reduced by the proposed detection
system (distributed DFT, CF, and NN/Gaussian detector), the sensitivity
and speciﬁcity of the resulting system was not competitive. The wireless
damage detection system developed in this work makes more accurate detections than a random baseline, but did not achieve the kind of accuracy
possible with complete accelerometer data measured with wired sensors.

7.2

Reliability and Validity

A few notes on the practical applicability are in order. The use of DFT, as
discussed in Chapter 2, implies steady state or stationary signal. Thus,
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the vibration should be “ambient”, i.e., measurement period should occur
after any transient shocks etc. applied to the structure. This may limit
the use with structures that are in continuous operational use.
Transmissibility addresses only some of the environmental variability,
not changes in temperature or location of input excitation etc. The results
apply to the data acquired in approximately constant laboratory conditions. One potential direction for future research is to include data with
measured or even controlled temperature variations, and either formulate
temperature compensated transmissibility features or leave the responsibility of temperature compensation to the classiﬁer model.
Transmissibility magnitude is not symmetric with respect to the sensors, but it was considered as such in CF feature selection. Another option
could have been transmissibility power [50], which utilizes absolute value
of a logarithm to achieve invariance to order of sensors (|log(T s1 ,s2 )| =
|log(T s2 ,s1 )|).
While the projection methods covered in Section 3.2 have certain guarantees, there are also potential issues. Random projections and JohnsonLindenstrauss lemma apply to a set of points, while the monitoring happens over a continuous stream of samples. Thus, it has to be noted that
the role of RP is to provide a feature space that represents training data
well and it is only conjectured to be sufﬁcient for detecting the differences
in test data. Similarly, using PCA is a valid idea only if the (future) damages affect the maximum variance components of the healthy state signal.
In general, a novelty detector cannot be guaranteed to detect any damage. There are at least two reasons for this: environmental variability
and insufﬁcient coverage. On one hand, (unexpected) environmental variability leads to false alarms, which may subsequently lead to setting a
decision threshold that results in an insensitive detector. On the other
hand, insufﬁcient coverage leads to false negative detections, i.e., if there
are no sensors monitoring the part of the structure (or vibration spectrum)
where a damage is introduced. Transmissibility is known to be insensitive to changes at boundary conditions and outside the sensor array [50],
which may explain some of the false negatives with the wooden model
bridge data in the experiments of this work.
Some of the potential pitfalls of this work lie in feature selection for
novelty detection, “feature engineering”, and data snooping. A failed experimental approach would be such that a single constant set of data was
used in benchmarking different systems over and over, ﬁnally leading to
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a single seemingly best design or a set of features. This work started with
the wooden model bridge data, but then exposed the proposed systems
also to other data sets: the LANL bookshelf data, which turned out to be
somewhat easier to classify, and simulated data, which turned out more
challenging.
Choosing some mathematically convenient and general level evaluation
criteria could be criticized for ludic fallacy [77], or “the misuse of games
to model real-life situations”. Applied to SHM, the argument is that complex structures could develop damages in unexpected ways and being totally prepared to detect any damage is hopeless. On the other hand, there
is the idea of a rational agent [73], which in this case translates to performing measurements that are expected to be worth it, given the ﬁnite
resources and knowledge. Quantifying the ultimate utility of information
as a function of detection accuracy, or the eventual cost of measuring data
with a particular WSN system, and estimating a single utility value, are
beyond this work.
The rationality idea reveals a problem with the incentives in deploying
SHM systems: the users and owners of a structure are interested in SHM
only if they expect the structure to fail in the near future, maybe because
it is old or already damaged. On the other hand, installing an SHM system to a new structure may be perceived as admitting that there is likely
something wrong with the structure.

7.3

Future Directions

In feature extraction, instead of picking individual DFT bins for monitoring, one option could be Empirical mode decomposition (EMD) [46], but
it was considered too complex to implement in the considered hardware.
In the projection stage, using a sketch [16, 48] of some sort, instead of a
static projection ﬁtted to the training data, could prove more suitable for
streaming applications.
The problem of ﬁnding and validating proper features for monitoring
can also be formulated as a machine learning problem. There is an interesting topic of deep architectures and deep learning [5] which could
potentially become utilized in WSNs. Deep architectures refer to neural network models that aim at maximizing expressive power for a given
amount of computational entities (neurons), hence a possibility for relevance in some WSN setting.
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Deep learning can also be considered as ﬁnding useful representations
on the intermediate layers of the neural networks, or features. Then, the
SHM system could be claimed to have even more “intelligence”, not just
relying on manually engineered intermediate feature representations. Applicability in the novelty detection setting, or in the presence of additional
domain speciﬁc assumptions, is left for future work.
Three-way analysis was done with PARAFAC over transmissibility magnitude features, but maybe individual differences in scaling (INDSCAL)
or decomposition into directional components (DEDICOM) [54] over the
magnitude data would make more sense. The model could have sensors
in two separate modes (RS×S×K×T ), with certain symmetry between the
two spatial modes, instead of having sensor pairs as a single mode. This
would correspond to including the transmissibility idea into the dimensionality reduction method in a suitable SHM-speciﬁc way.
The coordinated monitoring problem was inspired by collaborative ﬁltering techniques and consequently named according to the concepts of
that ﬁeld. It may well be, that the solutions can also be formalized in
terms of compressed sensing (CS) [24, 3, 25, 87], overlapping correlation
clustering (OCC) [9], or subspace clustering [89].
This work has been an example of balancing between the amount of communication and the amount of local computation or memory on network
nodes. This kind of trade-offs have been presented also in [27, 90].
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[88] Huseyin Yiğitler, Aamir Mahmood, Reino Virrankoski, and Riku Jäntti. Recursive clock skew estimation for wireless sensor networks using reference
broadcasts. IET Wireless Sensor Systems, 2(4):338–350, December 2012.
[89] Arthur Zimek, Erich Schubert, and Hans-Peter Kriegel. A survey on unsupervised outlier detection in high-dimensional numerical data. Statistical
Analysis and Data Mining, 5(5):363–387, 2012.
[90] Mujdat Çetin, Lei Chen, John W. Fisher III, Alexander T. Ihler, Randolph L.
Moses, Martin J. Wainwright, and Alan S. Willsky. Distributed fusion
in sensor networks. IEEE Signal Processing Magazine, 23(4):42–55, July
2006.

91

Bibliography

92

Errata

Publication I
The author of citation [2] is “Leon W. Couch, II”

Publication II
The 3rd author of citation [6] is “Guido De Roeck”

Publication IV
The published proceedings have some geometrical errors on page 992 (6th
page of the article): Figures 7b and 7d have shifted edges, and the text
below has extra line feeds at “...(larger with larger D), and shows how
large feature sets the majority voting method leads to.” and “(AU C = 1)”.
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