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Mohammad Hesam Soleimani-Babakamali

(ABSTRACT)

Dimensionality reduction techniques (DR) enhance data interpretability and reduce space

complexity, though at the cost of information loss. Such methods have been prevalent in the

Structural Health Monitoring (SHM) anomaly detection literature. While DR is favorable

in supervised anomaly detection, where possible novelties are known a priori, the efficacy is

less clear in unsupervised detection. In this work, we perform a detailed assessment of the

DR performance trade-offs to determine whether the information loss imposed by DR can

impact SHM performance for previously unseen novelties. As a basis for our analysis, we rely

on an SHM anomaly detection method operating on input signals’ fast Fourier transform

(FFT). FFT is regarded as a raw, frequency-domain feature that allows studying various DR

techniques. We design extensive experiments comparing various DR techniques, including

neural autoencoder models, to capture the impact on two SHM benchmark datasets exclu-

sively. Results imply the loss of information to be more detrimental, reducing the novelty

detection accuracy by up to 60% with autoencoder-based DR. Regularization can alleviate

some of the challenges though unpredictable. Dimensions of substantial vibrational informa-

tion mostly survive DR; thus, the regularization impact suggests that these dimensions are

not reliable damage-sensitive features regarding unseen faults. Consequently, we argue that

designing new SHM anomaly detection methods that can work with high-dimensional raw

features is a necessary research direction and present open challenges and future directions.
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(GENERAL AUDIENCE ABSTRACT)

Structural health monitoring (SHM) aids the timely maintenance of infrastructures, saving

human lives and natural resources. Infrastructure will undergo unseen damages in the future.

Thus, data-driven SHM techniques for handling unlabeled data (i.e., unsupervised learning)

are suitable for real-world usage. Lacking labels and defined data classes, data instances are

categorized through similarities, i.e., distances. Still, distance metrics in high-dimensional

spaces can become meaningless. As a result, applying methods to reduce data dimensions

is currently practiced, yet, at the cost of information loss. Naturally, a trade-off exists

between the loss of information and the increased interpretability of low-dimensional spaces

induced by dimensionality reduction procedures. This study proposes an unsupervised SHM

technique that works with low and high-dimensional data to assess that trade-off. Results

show the negative impacts of dimensionality reduction to be more severe than its benefits.

Developing unsupervised SHM methods with raw data is thus encouraged for real-world

applications.
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Chapter 1

Introduction

Aging infrastructure, stern safety requirements, limited natural resources, and post-hazard

condition assessments call for structural health monitoring of infrastructures [5]. This need

has become more tangible with the increasing population and the growing concerns on

climate change associated with global pollutants, such as construction and demolition of

non-habitable damaged infrastructure [25, 53]. SHM assesses infrastructure functionality

to identify possible global and local defects and damages. Local failures are then curated

through maintenance, avoiding total demolition of infrastructure. Deterioration, fatigue, or

extraordinary events are prominent causes of such progressive defects. SHM, though, comes

at the cost of equipment and human labor. Whether SHM can save costs in the life-cycle

of infrastructures such as bridges or more common residential buildings is an active field of

research [40].

SHM detects novelties in the behavior of structures. Inspections and maintenance are

planned upon SHM alerts. Structures are designed to satisfy specific conditions in response

to loads and their target usages. Hence, monitoring infrastructures’ mechanical properties

are the target of SHM. Mechanics of Structures and vibrational data translate such properties

into a mathematical, human-understandable format. Transducers, such as accelerometers or

strain gauges, capture structures’ responses in the format of high-dimensional time signals.

Those signals are then translated to human-understandable representations, such as power-

spectrum or low-dimensional vibrational modes. Those representations are then assessed

1
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with system identification mechanisms, such as subspace identification [50], and novel states

are identified.

With the emergence of deep learning in 2012, various disciplines, such as Civil engineering,

devised and improved their data interpretability problems. In SHM, deep learning coupled

with low-cost, smart wireless sensors [3] is a recent research area to enable the long-lasting

goal of developing SHM tools for real-life structures [4] and ultimately cities with networks

of numerous infrastructures. Modes and signal-processing-based representative features are

categorized as hand-crafted features. They are shown to not be scalable across different

structures [2]. Thus, deep learning, a representative learning tool, is the resolution to obtain

damage-sensitive features from the incoming high-dimensional data. Though, the blind use

of machine learning tools while neglecting the domain knowledge, data structure, and target

applications is not safe. First, the nature of data may differ from well-known machine

learning problems. SHM data can be far different from video, text, or image datasets while

being supervised, unsupervised, or even anomaly detection in both categories. In SHM, the

target is to identify novel structural states in the future. With anticipated damage events,

supervised learning is a reliable tool to teach the machine the patterns of unsafe structural

conditions. Still, in real-life problems, novelties are unknown. Supervised studies are of high

importance. They form the basis of developing deep SHM tools; still, unsupervised SHM

tools are the sought solution for unknown damages in the future. Consequently, the current

SHM research direction is to move from the supervised setting to real-time, semi-supervised,

and unsupervised SHM [12, 30, 33, 38, 39], demanding no labeled data.

With high-dimensional signals as data, machine interpretability issues arise due to the curse

of dimensionality. Dimensionality-reduction techniques have gained much attention recently

to enable unsupervised SHM [48]. Still, the question remains whether such practices are

safe in SHM or not? What are the differences between SHM and text data, in which la-
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tent semantic analysis [23], in which Principal Component Analysis (PCA), a simple linear

dimensionality reduction technique or autoencoder-based features [20] have shown great po-

tential in natural language processing problems? This study studies several SHM datasets

to answer that question to identify best practices for unsupervised SHM for real-life usage.



Chapter 2

On the effectiveness of dimensionality

reduction for unsupervised structural

health monitoring anomaly detection

Abstract

Dimensionality reduction techniques (DR) enhance data interpretability, though at the cost

of information loss. Regarding anomaly detection in Structural Health Monitoring (SHM),

there is a performance trade-off between the more interpretable DR-based features and the

information loss. While DR is favorable in supervised detection where possible novelties are

known a priori, the trade-off is less clear in unsupervised detection. This study performs

a detailed assessment of this trade-off to determine whether the information loss imposed

by DR can impact SHM performance for previously unseen novelties. A novelty detection

method operating with only the fast Fourier transform (FFT) of input signals is developed

to perform that assessment. FFT is regarded as a raw, frequency-domain feature that allows

studying various DR techniques. We design several experiments to exclusively capture the

impact of information loss while assessing the trade-off on two benchmark SHM datasets.

Results imply the loss of information to be more detrimental than complications in data in-

terpretability caused by the curse of dimensionality, reducing the novelty detection accuracy

4
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by up to 60% with autoencoder-based DR. Regularization is shown to alleviate the accuracy

decline, though in an unpredictable manner. Dimensions of substantial vibrational informa-

tion mostly survive DR, and the regularization impact suggests that those dimensions are not

reliable damage-sensitive features regarding unknown faults. Moreover, the unpredictable

regularization impact makes the safe selection of regularization strategies challenging, urging

to avoid the DR in unsupervised novelty detection with SHM data. Consequently, develop-

ing novel methods to maintain raw features, such as the one devised herein, is encouraged

to avoid the negative impacts of DR on SHM novelty detection performance.

2.1 Introduction

Novelty detection in Structural Health Monitoring (SHM) is a pattern recognition pro-

cess [47], in which structures are monitored for irregularities via signals from embedded

sensors. SHM data are often high-dimensional. For example, a one-second time-series data

instance has 1000 dimensions when sampled with a frequency of 1000 Hz. Dimensions are

further expanded with multiple input channels in operation. The curse of dimensionality [24]

and the noise in SHM data [21, 41] pose challenges to pattern recognition tasks. Dimen-

sionality reduction (DR) can address several problems related to the curse of dimensional-

ity [8, 17, 36]. DR can render more meaningful distance metrics, remove the co-linearity

in the data, speed up data analysis, reduce data storage requirements, and enhance inter-

pretability [46]. DR, however, induces loss of information. Hence, there exists a trade-off

between the impact of information loss and the benefits of DR. Several factors, e.g., su-

pervised versus unsupervised modeling, dependencies between variables, etc., impact this

trade-off.

DR techniques remove redundant and less informative dimensions from training data. If the
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training set is representative of the population it is sampled from, then DR applies to that

data population (i.e., generalizability). The applications of DR techniques in supervised SHM

problems are well-studied. Seminal works include the application of Principal Component

Analysis (PCA) and Kernel-PCA for system identification [16, 31]. Autoencoders, a type of

deep neural network, are employed to carry out the DR [9, 48]. With specific neural network

architectures, such as Generative Adversarial Networks [19], raw features were employed

directly for SHM of structures [35] or machining tools [27, 52, 54]. Unlike supervised settings,

in unsupervised novelty detection tasks such as SHM, the training data, i.e., already observed

data, is intrinsically non-representative of the global data population. SHM is innately

a novelty detection process in which unseen structural states are identified through time.

Consequently, SHM training sets and associated trained DR may not generalize well to

unseen data. DR deletes dimensions that are not informative in the training set, yet these

can be damage-sensitive features in an upcoming novel structural state.

With the lack of labels in the unsupervised setting, distance metrics between data instances

are the basis of decision-making per novelty detection. Clustering [11, 12, 55] and threshold-

models [42, 45] are the most employed approaches in the unsupervised SHM. The main

drawback of these methods is their intolerance of high-dimensional data. More specifically,

distance metrics become less precise in high-dimensional spaces (i.e., curse of dimensionality).

Consequently, extracting low-dimensional representations from the high-dimensional data

is typical before clustering. However, an underlying assumption exists that informative

dimensions in the baseline data (i.e., observed data) are damage-sensitive features while their

representative values are extracted. That assumption is explicitly made when calculating

statistical or vibrational parameters, i.e., modes, [10, 11, 12, 15, 51]. On the other hand, that

assumption is implicitly made while extracting damage-sensitive features with data-driven

DR-based methods [13, 45], as informative dimensions survive the application of DR. Limited
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attention is given in assessing how reliable that assumption is, for example, by comparing the

performance of DR approaches with models operating with raw high-dimensional features.

The incorporation of raw high-dimensional features is reported in supervised SHM [1, 55]

with the aid of representation learning tools (e.g., deep architectures). In contrast, utilizing

high-dimensional features for unsupervised SHM tasks has received limited attention.

The purpose of practicing DR techniques is to create an “embedding” in which similar data

are embedded in their vicinity, away from other data populations. The embedded repre-

sentation of data makes the class separation more uncomplicated. With such embeddings,

for instance, in the case of machinery data, few-shot or zero-shot learning has become pos-

sible [44, 49]. A training set representing the global data population is vital. Concerning

unsupervised SHM, such general datasets are not available since unseen novelties in the fu-

ture are of unknown data populations, and diversity in infrastructure, e.g., frames, bridges, or

dams, is far greater than, for example, machinery tools. Still, the discrete Fourier transform

of a signal embeds responses from various structural states into the frequency domain while

preserving their similarities and differences. That transformation is efficiently carried out

with the fast Fourier transform (FFT) algorithm. Theoretically, FFT can separate observed

data from unseen novelties due to their different frequency content, even without witnessing

them. FFT is a raw frequency-domain representation of structural responses and is thus

high-dimensional and vulnerable to the curse of dimensionality and noise. Therefore, FFT

is a convenient feature for building an unsupervised novelty detection framework to assess

the trade-off above.

In this work, we design an unsupervised SHM approach operating on FFT features of input

signals and delve into an empirical comparison of novelty detection with the raw FFT features

and features derived through various DR techniques, such as PCA [18], Kernel-PCA [34], and

Autoencoders [9]. In summary, the contributions of this study are summarized as follows.
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• We present a detailed analysis of the discussed trade-off. We observe the negative

impact of DR-induced loss of information to be more detrimental to novelty detection

accuracy than the data interpretability complications caused by the curse of dimen-

sionality due to non-generalizable unsupervised SHM datasets. Those detrimental

effects become stronger as the DR method becomes more complex, with the simplest

employed DR, PCA, suffering the least reduction in novelty detection accuracy.

• We show that the preservation of data dimensions by employing raw features, such as

the FFT of response signals, is an effective resolution to avoid the non-generalizability

of unsupervised SHM data. Consequently, we suggest developing SHM techniques

operating with raw features to avoid the application of DR.

• We evaluate the assumption that the most informative dimensions in the observed

data are damage-sensitive features by applying regularization to DR methods. Reg-

ularization reduces the negative impact of DR-induced loss of information, denoting

the assumption mentioned above to be invalid regarding unsupervised SHM. Novel-

ties may manifest in noisy data dimensions that are often not preserved by DR or by

manually selecting representative features such as modes.

2.2 Methodology

An unsupervised SHM framework with high-dimensional raw inputs is necessary to study

the impact of DR. Generative Adversarial Networks (GAN) can handle high-dimensional

inputs in an unsupervised setting. GANs transforms the unsupervised problem into a binary

classification. Consequently, deep neural networks with billions of parameters make rep-

resentation learning possible. The desired unsupervised SHM framework is developed and

presented in this section by employing GAN.
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2.2.1 High-dimensional Raw Features

SHM novelty detection frameworks collect acceleration or strain data from several data

channels. The data stream is then windowed to form time-series data instances, i.e., signals.

As outlined in Section 2.1, the FFT of said signals is the high-dimensional feature, and a

GAN-based unsupervised SHM framework is developed to detect novelties from that feature.

Presuming a window length of W , the FFT, a windowed data point, has W dimensions. FFT

of real numbers, i.e., spectral lines, are mirrored around the (W/2)th spectral line. Thus,

magnitudes of spectral lines from zero till W/2 (H) are selected, i.e., half-spectrum FFT.

Each data channel’s half-spectrum FFT is normalized, dividing over its mean value while

capping the maximum value at 10. The final feature, F , is the concatenation of all normalized

half-spectrum FFT of all channels. With N data channels, F has H ×N dimensions.

2.2.2 Novelty Detection Framework

The GAN-based framework consists of a discriminator D and a generator G, both trained

with the F features. The trained discriminator is a binary classifier, distinguishing between

normal and novel data instances. The trained generator implicitly defines the training data

distribution Pdata while sampling from a latent space Pz. A trained G can generate additional

data to tune novelty detection thresholds. A high-level overview of the framework is shown

schematically in Fig. 2.1. The framework includes the Training, Tuning, and Detection

phases. The utility of this framework is for comparison; thus, DR is applicable to the high-

dimensional raw feature F before the GAN training.
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Figure 2.1: GAN-based unsupervised SHM framework.

2.2.3 Training Phase

A pictorial outline of a GAN training routine is shown in Fig. 2.2. The GAN’s training

objective is to train G that generates synthetic (“fake”) realistic data (i.e., resembling the

training set) that D fails to discriminate between generated “fake” and “real” training data. G

randomly samples from Pz to generate the fake data. Pz is constant, and thus G is implicitly

defining the training data distribution. With the described objectives, the following loss

functions for D and G are defined as follows

ℓD = −Ex∼Px [logD(x)]− Ez∼Pz [log (1−D(G(z)))] , (2.1)

where x is a data instance of the training set and

ℓG = −Ez∼Pz [logD (G(z))] . (2.2)

Note that ℓD penalizes D when synthetic data are classified as real. On the contrary, ℓG

penalizes G when D is not misled to label synthetic data as real. The overall training



2.2. METHODOLOGY 11

Generator
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Figure 2.2: GAN training: ℓD and ℓG are D and G training losses.

procedure characterizes a zero-sum game [29].

2.2.4 Tuning and Detection

As explained in Section 2.2.3, the utility of D is detecting novel data instances. By designing

D to have sigmoid activations in the last layer, the novelty detection score of the data signal

x is formulated as

s(x) = −log(D(x)). (2.3)

Here, s : x → [0,∞]. The limits of the range specify model predictions that map to “real”

(i.e., normal) and “fake” (i.e., abnormal) data. In SHM, a single signal x can be noisy,

especially if its duration is short. In the literature, batches of time-series data instances are

set as the basis of novelty detection in various studies [16, 43]. Similarly in this work, a

vector of V data instances is considered at each novelty detection iteration. We denote s as

the output of D given those V data instances. We propose a threshold model to perform the

novelty detection, given s, formulated as

P50(s) > T, (2.4)
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Figure 2.3: Impact of imperfect tuning of T on novelty detection performance.

where P50 is the 50th percentile of s, an outlier-resistant representative value. In the proposed

framework (Fig. 2.1), Pdata, defined by G, tunes the detection threshold. Since Pdata is the

training set (i.e., non-novel data) distribution, threshold T in Eq. (2.4) is tuned so that no

novelties are identified from data instances generated by G. Threshold T is set based on

the highest score that D outputs for G-generated data instances. Methods such as Monte

Carlo histogram sampling (MCHS) [14] can estimate the distribution of those scores to

decide the detection threshold. Still, generator G might generate data instances that are not

representative of the training set, as noted in the literature [37, 38, 55]. The reason is that

Pdata is a continuous function, and the neural network may not be adequately trained for

the whole range of that distribution. We removed the non-representative generated data by

fitting a two-class Gaussian Mixture model [32] to the distribution. The Gaussian class with

the higher mean value (i.e., less-representative data instances) is discarded. The maximum

novelty detection score of the Gaussian class with the lower mean value is assigned to the

detection threshold T .

Detection thresholds directly impact the performance of classifiers. An imperfect tuning of
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Figure 2.4: Updating the tuned detection threshold T with the incoming data detection
scores’ statistics.

the detection threshold T results in novelties remaining undetected even though the novelty

detection score might have captured the difference, as shown in Fig. 2.3. The objective of

novelty detection is to capture the sudden rise of novelty detection scores while moving from

“Detection/Same Class” to “Detection/Novel Class” (Fig. 2.3). To this end, the threshold

T obtained from the Tuning phase is updated, as shown in 2.4. The rationale behind the

update is that the tuned threshold imperfect from the Tuning phase shows the extent of

a normal data instance detection score’s deviation from zero, i.e., ideal novelty detection

score of normal data. Since the detection score is not zero for the incoming data (Fig. 2.3),

the distribution of T is updated with their running average. Ultimately, while assessing

the trade-off, comparative analyses, such as Receiver Operating Characteristic analysis, are

introduced in Section 2.3.4 to remove the possible impacts of imperfectly tuned T on the

trade-off assessment.

2.3 Experimental Details

This study employs the developed framework (Fig. 2.1) with the initial FTT-based feature

and features obtained from the application of various dimensionality reduction techniques,

such as PCA, KernelPCA, and Autoencoders, briefly described in this section. We perform

experiments on two benchmark SHM datasets.
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Figure 2.5: Yellow Frame: (a) structure (b) brace and sensor configuration.

2.3.1 Datasets

Yellow Frame Dataset

The Yellow Frame structure is a well-established several benchmark SHM dataset. The

three-story, one-third scale steel frame, shown in Fig. 2.5a, contains modular elements, such

as masses, braces, beams, and columns [28]. The adopted dataset has brace removal as

damage. The brace and sensor configurations are shown in Fig. 2.5, with details of brace

removal reported in Table 2.1.

Qatar University Grandstand Simulator Dataset

The Qatar University Grandstand Simulator dataset (QUGS) is established to perform SHM

on stadium models [6]. The structure and the configuration of sensors are shown in Fig. 2.6.

Additional details on the structure and its instrumentation are available in Avci et al. [7].

In QUGS, damages are induced with loosened bolts at joints. An accelerometer is installed
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Table 2.1: Yellow Frame data classes.

Data
class Brace removal (Fig. 2.5) Data

class Brace removal (Fig. 2.5)

DC1 None DC7 2(II)
DC2 (2, 4)(II) DC8 (2, 4)(I)
DC3 (2, 4, 18, 20)(II) DC9 (25, 27)(I)
DC4 (1, 2, 3, 4, 17, 18, 19,

20)(II) DC10 (29, 31, 8,
6)(I)

DC5 (2, 4, 17, 19)(II) DC11 (21, 23 ,29 , 31)(I)
DC6 (2, 4)(II) + (18, 20)(I)

I One brace is removed
II Both braces are removed

Figure 2.6: QUGS structure [6].

in the vicinity of all joints. Eleven data classes are selected from thirty-one damage scenarios

in the original dataset. The employed dataset contains one normal and ten damaged states.

Ten sensors (i.e., data channels) per selected defects’ locations are considered. The dataset

is summarized in Table 2.2.

2.3.2 Training and Hyper-parameter Details

The generator G architecture is a three-layer, fully-connected neural network. The initial

layer samples from Pz with 100 dimensions, followed by layers with 256 and 512 neurons.
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Table 2.2: QUGS data classes.

Data
class Loosened bolt (Fig. 2.6) Data

class Loosened bolt (Fig. 2.6)

SDC1 None SDC2 1
SDC3 5 SDC4 7
SDC5 9 FDC6 13
SDC7 18 SDC8 22
SDC9 24 SDC10 26
SDC11 30

The final layer has F neurons. For the discriminator D, the model is an LSTM neural

network, shown in Fig. 2.7a. Additionally, we perform ablation studies with three types of

discriminator neural networks, dense, convolutional (CNN), and recurrent (RNN). The CNN-

based discriminator D is built with 1D-CNN layers, shown in Fig. 2.7b. Both LSTM and

CNN-based D are channel-based, in which data from each channel are inputs to separate

LSTM or CNN layers. The dense discriminator D has four layers with neurons equal to

F dimension, 1024, 512, and 1. The final layer has a sigmoid activation function. The

first three layers have Leaky ReLU activation functions with a negative slope of 0.02 [26].

The application of DR results in features of fewer dimensions. Consequently, D and G

architectures (i.e., number of neurons) are updated regarding the new input dimensions,

maintaining a constant ratio of parameters in G and D. The GAN model is optimized via

the ADAM optimizer [22]. This optimizer has three hyperparameters: learning rate, the

exponential decay rate for the first (β1), and second moment (β2) estimations. A learning

rate of 1e-4, β1 = 0.9, and β2 = 0.999 are set. The target epoch is 20000 with a batch size

equal to L, i.e., the number of data instances in the training set.
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Figure 2.7: Channel-based D architectures: (a) LSTM-based D (b) CNN-based D

2.3.3 Dimentionality Reduction Methods

We experiment with three DR techniques, PCA, Kernel-PCA, and Autoencoders (AE) (Sec-

tion 2.3.3). Each sensor is a separate data source, and DR techniques are applied individually

to each sensor. At the onset of detection, or once a novel class is detected, the framework

captures the first L data instances from all sensors to train the GAN model (Fig. 2.1).

The sensor-wise application of DR is included in the training phase with the following four

steps. First, training data instances from each sensor are fed to DR to have features with

the target dimension of dt. Second, features obtained from the training set are normalized
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to have a mean of zero and a unit standard deviation. Third, GAN is trained with those

features. Finally, during the Detection phase, incoming data is fed to the DR, normalized,

and novelty detection is carried out.

We apply DR to the FFT feature to observe its impact on novelty detection performance.

We additionally study the impact of regularization. Non-regularized DR strictly preserves

informative data dimensions while removing non-informative and noisy ones. Regularization

hinders DR from overfitting informative dimensions, letting non-informative ones survive.

Since novel states are unseen, we argue that removing noisy dimensions is sub-optimal as

they might contain the most distinctive features of unseen novelties. Regularization is both

explicitly and implicitly applicable. L2 regularization, for instance, explicitly regularizes the

loss function with the λ parameter. Implicit regularization occurs by reducing DR models’

complexity, e.g., fewer target dimensions. Different target dimensions provoke implicit regu-

larization for all DR models, the same as the less-complex AE-II compared to AE-I. Explicit

regularization is tried for AE-based DR.

Acceleration data points are turned into signals with the window size of W = 1000 for both

datasets. Consequently, F has 7500 and 5000 dimensions for Yellow Frame and QUGS,

respectively, with each channel producing 500 dimensions of F . Three target dimensions, dt,

of 100, 50, and 10 are considered. Details of AE architectures are shown in Figs. 2.8a and

2.8b. AE-I (Fig. 2.8a) is the more complex AE with a higher chance to overfit its training set

compared to AE-II (Fig. 2.8b). No pre-training is intended for the autoencoders. The same

ADAM optimizer as for the GAN training is used (Section 2.3.2). The L2 regularization is

applied to AE-I with λ of 0.01 and 0.025. No regularization is defined for AE-II as the less

complex architecture of AE-II acts as an implicit regularization.

The application of DR has two consequences. The first is the loss of information, and the

second is the change in dimensions. Investigating the first consequence is the objective of this
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Figure 2.8: AE architectures for the target dimension of 50: (a) AE-I (b) AE-II.

study, whereas the latter consequence might impact observations. A change in dimensions

alters neural network architectures, layers, and neurons, which can, in turn, change the

detection results. The initial feature and the ones obtained through DR are used for the

trade-off assessment. Aside from those features, F is built from fewer sensors and is fed

to the detection framework to ensure the framework performance is not impacted by the

number of dimensions, or if it does, it helps interpret the results. To this end, only three and

two sensors are chosen from Yellow Frame and QUGS, respectively. Those sensors emulate

the reduction in dimensionality from 500 to 100, but no data dimensions are lost. F , i.e., the

input of GAN, has 5000 dimensions with ten sensors in QUGS, dropping to 1000 dimensions

with two sensors. Moreover, Considering FFT as the main feature, and regardless of sensor

quantities, frequencies from 0 to Fs/2 are captured. On the contrary, some dimensions are

not represented in DR-based features. Three sensors are on the first three floors on the

west side of the frame (fig. 2.5a), and two sensors are at positions 12 and 13 of the QUGS

structure (Fig. 2.6). To sum up, PCA, Kernel-PCA, and AE-I (λ = 0.001, 0.025) are utilized

for target dimensions (i.e., dt) of 100, 50, and 10. AE-II is examined only for dt = 100 to

assess the impact of model complexity.
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2.3.4 Comparative Analyses

The core of the novelty detection framework is a GAN model, from which a D − G pair

is required to initiate the novelty detection process (Fig. 2.1). A schematic of a GAN’s

training loss is shown in Fig. 2.9. According to this figure, a trained GAN contains diverse

G-D pairs equal to the number of its training iterations, which is 20, 000 herein (Section

2.2.3). Training neural networks optimize a loss function, and the best termination iteration

is unknown with unseen testing samples. For instance, a fast termination in a supervised

setting leads to underfitting, whereas overfitting occurs with excessive training. In this

study, and to have a thorough examination of the framework’s performance, deterministic

and stochastic G-D pair selections are practiced.

Before presenting comparative analyses, the concept of permutation detection needs to be

specified. The order of data classes in an online, unsupervised novelty detection process alters

the detection accuracy. The reason is that data classes have different extents of similarities

and differences. For example, DC7 (Table 2.1) might be identified from DC6 but not

from DC9. The order of classes impacts detection results and is excluded by permuting
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data classes. Total permutation equals 11! for utilized datasets with eleven data classes.

For online novelty detection starting from DC1 to DC11, the true alarm ratio (TAR) is

defined as detected novelties divided by ten, and the false alarm ratio (FAR) equals false

alarms divided by total detection iterations performed in the Detection phase. Regarding

permutation detection, TAR and FAR are defined as the mean of TAR and FAR across

those permutations.

The first comparative analysis includes a deterministic selection of G-D pairs. Accordingly,

iterations 7500, 10000, 12500, 15000, and 17500 are selected results in 511 ∗ 11! = 1.94e+ 15

instances of online novelty detection. Suppose the analysis starts from the first data class,

and one of the five pairs is selected to initiate the novelty detection process. The same process

is re-iterated whenever a novel class is identified. GAN models are trained for each data class

on their training portion beforehand to schedule the massive analysis. Those previously

trained D-G pairs are called at the moment their corresponding class is identified. For this

analysis and concerning F and DR-based features under the variety of target dimensions,

TAR and FAR are the comparative metrics to assess the trade-off. This analysis, hereafter,

is called Deterministic Analysis.

The novelty detection process can be idealized as a binary classification with the TAR and

FAR scores to draw Receiver operating characteristic (ROC) curves. TAR closely mimics

the true alarm ratio in ROC curves. For the false alarm ratio, the Stern false alarm ratio

(SFAR) is defined as the number of data classes with at least one false alarm divided by

11. The ratio is named “Stern” since a whole class is labeled as false per a single false alarm

to discern differences between different data (i.e., with and without DR). ROC curves are

built upon TAR and SFAR across the five selected epochs. The ROC curve is essential as

it excludes T from the accuracy estimation. The novelty detector’s sensitivity to novel data

is measured with AUC, the area under ROC curves. This comparative analysis is termed as
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ROC Analysis hereafter.

The third analysis includes a stochastic selection of G-D pairs through a Monte Carlo his-

togram sampling scheme. The accuracy metric is TAR for each stochastic selection of D-G

pairs. Henceforward, this analysis is called Stochastic Analysis.

The fourth analysis is designed to remove T from novelty detection altogether. Tuned thresh-

olds may lead to zero false alarms. Such situations suggest lowering thresholds to estimate

the framework’s sensitivity to novelties more accurately. Suppose a class has zero false

alarms in Stochastic Analysis with a known threshold. That threshold is reduced while no

false alarm is detected, with the novelty detection re-iterated for that class on that particu-

lar permutation. Likewise, the threshold is increased until no false alarm is detected if false

alarms are present. That analysis completely removes all threshold-related impacts on nov-

elty detection. It reveals novelty detection accuracy’s sensitivity to the loss of information

in the fairest manner. In other words, this analysis aims to show how results vary when

threshold is tuned such that the false alarm rate, otherwise termed false positive rate (FPR)

is zero. The analysis is thereafter termed FPR0 Analysis. FPR0 is no longer unsupervised

since Stochastic Analysis results are needed for carrying it out.

ROC Analysis and FPR0 measure two different aspects of novelty detection. FPR0 measures

novelty detection accuracy with zero false alarms, which is ideal for SHM, or what we call

“novelty distinguishing capability”. In contrast, ROC Analysis displays novelty detection

accuracy at different false alarm regimens, or what we call “sensitivity to novelties”. As

explained, G − D pairs selection and threshold T directly impact the novelty detection

accuracy. The impact of threshold T is not present in those analyses per their design. The

G − D pair selection is removed for FPR0 with the stochastic selection. For ROC Analysis,

five epochs spanning training iterations are selected to alleviate the impact of epoch selection.

All comparative studies are conducted for the LSTM-based D, with only FPR0, i.e., the most
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comprehensive analysis, performed for Dense and CNN-based D to inspect the consistency

in results.

2.4 Results and Discussion

Comparative analyses are performed, and observations are discussed to provide insightful

answers to the research questions. The first question is whether the loss of information due

to DR or the curse of dimensionality is more detrimental to unsupervised SHM (i.e., the

trade-off)? The second question concerns the validity of deeming informative dimensions in

the observed data to be damage-sensitive features. In this Section, “All-Sensor” refers to F

without DR, while “2-Sensor” and “3-Sensor” refer to Yellow Frame and QUGS data with 3

and 2 sensors, respectively.

2.4.1 Yellow Frame Deterministic Analysis and ROC Analysis

Deterministic Analysis of All-Sensor, 3-Sensor, and PCA-based DR is carried out. Resulting

TAR and FAR reported in Table 2.3. Results indicate a reduction in TAR with an increas-

ing degree of DR. At the same time, the 3-Sensor scenario has almost the same accuracy

as All-Sensor. 3-Sensor accuracy indicates the loss of information and not the number of

dimensions that cause the decline. ROC Analysis is conducted as shown in Fig. 2.10a. A

low AUC indicates the detection score fluctuation in the observed data to be comparable to

the rise of scores at the onset of novelties. Thus, AUC in Fig. 2.10a demonstrates the loss of

information (i.e., DR) to lessen the framework’s novelty detection sensitivity, while 3-Sensor

maintains almost the same sensitivity as All-Sensor. These conclusions are made for only

the Deterministic Analysis and ROC Analysis with the PCA-based DR.
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Table 2.3: Yellow Frame Deterministic Analysis. PCA versus All-Sensor and 3-Sensor.

Accuracy
metric

All-Sensor
(dt = 500)

3-Sensor
(dt = 100)

PCA
(dt = 100)

PCA
(dt = 50)

PCA
(dt = 10)

TAR 0.940 0.944 0.870 0.709 0.648
FAR 0.0047 0.0527 0.0098 0.0272 0.0048
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Figure 2.10: Yellow Frame ROC Analysis: (a) PCA versus All-Sensor and 3-Sensor (b)
Kernel-PCA versus All-Sensor and 3-Sensor.

Deterministic Analysis results of Kernel-PCA and AE-based DR are reported in Table 2.4

and 2.5. Likewise, ROC Analysis results are shown in Fig. 2.10b, and 2.11. There are three

observations in the results concerning the research questions. The first observation regards

model complexities. AE-based DR has the lowest novelty detection sensitivity compared

to Kernel-PCA and PCA-based DR. Also, the less-complex autoencoder network, AE-II,

outperforms the non-regularized AE-I. The second observation regards dt. A lower dt incites

both regularization (i.e., less complexity) and additional loss of information. A smaller dt in

PCA-based DR reduces the accuracy. However, the impact of lower dt on Kernel-PCA and

AE-based DR’s accuracy is mixed. Accuracy is decreased moving to dt = 50 then increased

with further reduction of dt to 10 in Table 2.4. The third observation purely interests the

regularization in AE-based DR. Studying the impacts of regularization on novelty detection
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Table 2.4: Yellow Frame Deterministic Analysis. Kernel-PCA versus All-Sensor and 2-
Sensor.

Accuracy
metric

All-Sensor
(dt = 500)

2-Sensor
(dt = 100)

Kernel-
PCA
(dt =
100)

Kernel-
PCA

(dt = 50)

Kernel-
PCA

(dt = 10)

TAR 0.940 0.944 0.756 0.789 0.771
FAR 0.0047 0.0527 0.0028 0.0136 0.0153

sensitivity benefits the interpretation of the second observation, distinguishing between the

loss of information and regularization. Regularization lessens the accuracy decline. Nonethe-

less, intensifying the regularization with a higher λ is not always accompanied by a better

novelty detection accuracy (e.g., AE-I with dt of 10, Table 2.5).

The first observation indicates the non-generalizability of SHM data. It also questions the as-

sumption that the observed data’s most informative dimensions also extend to novel classes.

The reason is that adding more complexity to a non-regularized DR increases the chance of

overfitting. Regularization improves the accuracy while a lower dt declines it. Lowering dt

incites both regularization and more information loss. Consequently, the loss of information

dominates the benefits of DR. Generally speaking, regularization’s impact on generalizabil-

ity is nonlinear as excess regularization invokes underfitting. Instances of underfitting are

discernible in Table 2.3 when increasing λ (i.e., excessive regularization), which makes reg-

ularization a non-reliable solution to improving DR performance for SHM problems.

2.4.2 Yellow Frame Stochastic Analysis

The most unbiased comparison is through Stochastic Analysis and FPR0. The Monte

Carlo histogram sampling includes the variation of G-D pairs in the estimation of accu-

racy. Stochastic Analysis of LSTM-based D is shown in Fig. 2.12 for all scenarios. FPR0
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Table 2.5: Yellow Frame Deterministic Analysis AE.

DR
dt = 100

TAR (FAR)
dt = 50

TAR (FAR)
dt = 10

TAR (FAR)

AE-I 0.534
(0.0048)

0.534
(0.0043)

0.589
(0.0203)

AE-I, λ = 0.01
0.650

(0.0050)
0.607

(0.0005)
0.725

(0.0152)
AE-I, λ = 0.025

0.703
(0.0038)

0.679
(0.0024)

0.717
(0.0127)

AE-II 0.775
(0.0103) - -
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Figure 2.11: Yellow Frame ROC Analysis. AE versus All-Sensor and 3-Sensor.

accuracy histograms are built utilizing Stochastic Analysis outputs, depicted in Fig. 2.13.

We observe similar outcomes as in the previous analysis. PCA-based DR maintains the

highest accuracy among DR methods. In contrast, 3-Sensor maintains the same novelty

detection performance as All-Sensor. All previous conclusions are valid with the same trends

in the stochastic assessment regarding the novelty detection performance and the trade-off.

Those conclusions are further evaluated by completing the same analyses on QUGS in the

following sections.
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Figure 2.12: Yellow Frame Stochastic Analysis: (a) PCA,(b) Kernel-PCA, (c) (FPR0)
PCA,(d) (FPR0) Kernel-PCA

2.4.3 QUGS Deterministic Analysis and ROC Analysis

QUGS Deterministic Analysis is reported in Tables 2.6, 2.7, and 2.8 for PCA, Kernel-

PCA, and AE-based DR, respectively. Results imply the same trend regarding the trade-off

and regularization. Results show (1) DR-based novelty detection to lower novelty detection

sensitivity, with the higher reduction with a more complex DR, (2) regularization dwindles

the decline in novelty detection sensitivity, while 2-Sensor maintains the novelty detection

sensitivity of All-Sensor. An interesting observation regarding the regularization-induced

underfitting happens for DR with lower dt. In Table 2.8 it occurs with dt of 50 and 10, and

for Yellow Frame, it happened only with dt of 10 (Table 2.5). Fewer dt conveys a less complex

DR (i.e., AE with fewer neurons), which is more prone to underfitting. This observation

further confirms the earlier conclusions on DR. The noted reason in Section 2.3.4 to design
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Figure 2.13: Yellow Frame Stochastic Analysis (top) and FPR0 (bottom) results; AE-based
DR.

Table 2.6: QUGS Deterministic Analysis, PCA versus All-Sensor and 2-Sensor.

Accuracy
metric

All-Sensor
(dt = 500)

2-Sensor
(dt = 100)

PCA
(dt = 100)

PCA
(dt = 50)

PCA
(dt = 10)

TAR 1.000 0.996 0.718 0.744 0.790
FAR 0.0000 0.0000 0.0000 0.0000 0.0000

the FPR0 is observable in Table 2.6, 2.7, and 2.8. FAR is zero across the selected epochs.

Zero FAR may indicate the imperfect threshold tuning and the possibility of lowering them

to more precisely estimate TAR and the framework’s sensitivity to novelties.

ROC Analysis results are shown in Fig. 2.14a, 2.14b, and 2.15, for PCA, Kernel-PCA,

and AE-based DR, respectively. Regarding the ROC curves in Figs. 2.10a and 2.14a an
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Table 2.7: QUGS Deterministic Analysis, Kernel-PCA versus All-Sensor and 2-Sensor.

Accuracy
metric

All-Sensor
(dt = 500)

2-Sensor
(dt = 100)

Kernel-
PCA

(dt = 100)

Kernel-
PCA

(dt = 50)

Kernel-
PCA

(dt = 10)

TAR 1.000 0.996 0.652 0.698 0.753
FAR 0.0000 0.0000 0.0000 0.0000 0.0000

Table 2.8: QUGS Deterministic Analysis AE.

DR
dt = 100

TAR (FAR)
dt = 50

TAR (FAR)
dt = 10

TAR (FAR)

AE-I 0.549
(0.0000)

0.404
(0.0000)

0.504
(0.0000)

AE-I, λ = 0.01
0.803

(0.0000)
0.926

(0.0000)
0.967

(0.0000)
AE-I, λ = 0.025

0.907
(0.0000)

0.789
(0.0000)

0.946
(0.0000)

AE-II 0.778
(0.0006) - -

interesting phenomenon is observable. As before with the Yellow Frame dataset, the highest

novelty detection performance has resulted without the application DR. However, in the

QUGS data set, decreasing the number of PCA and Kernel-PCA dimensions improved the

sensitivity to novelties and increased accuracy. The opposite behavior was observed in the

Yellow Frame data set. Yellow Frame F has 7500 dimensions compared to 5000 dimensions

in QUGS. Thus, PCA in QUGS has a higher chance of overfitting than Yellow Frame, with

the regularization side of lower dt wins over the information loss.

2.4.4 QUGS Stochastic Analysis

Stochastic Analysis and FPR0 results are shown in Figures 2.16 for PCA and Kernel-PCA.

Likewise, results are shown in Fig. 2.17 for AE-based DR. Stochastic Analysis supports the

observation of novelty detection performance made for Yellow Frame. Results follow the
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Figure 2.14: QUGS ROC Analysis: (a) PCA versus All-Sensor and 2-Sensor (b) Kernel-PCA
versus All-Sensor and 2-Sensor.
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Figure 2.15: QUGS ROC Analysis AE versus All-Sensor and 2-Sensor.

same fluctuation of accuracy due to the application of DR, with regularization to mitigate

its impact. The most complex DR, AE, maintains the lowest accuracy as with the Yellow

Frame. Nevertheless, the implicit regularization increases AE novelty detection performance

to up to 95% of All-Sensor, higher than the best performance of PCA. Still, the underfitting

occurs even more intensely. It now occurs for two dt of 50 and 10 where λ of 0.01 performs

better than λ of 0.025. This observation is also present for AE-based DR Deterministic

Analysis, noted beforehand. QUGS initial feature has fewer dimensions than Yellow Frame.

Accordingly, AE has fewer neurons (i.e., less complex) and is more prone to underfitting.
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Figure 2.16: QUGS Stochastic Analysis: (a) PCA, (b) Kernel-PCA, (c) (FPR0) PCA, (d)
(FPR0) Kernel-PCA

2.4.5 Yellow Frame versus QUGS

Comparing the impact of DR on both datasets, observations from Yellow Frame that QUGS

supports are listed as follows. (1) Change in the target dimension alters the DR complexity,

serving as regularization if the complexity is reduced. Excluding the regularization from the

fewer target dimensions, accuracy declines with decreasing target dimensions (i.e., a higher

loss of information). This observation emphasizes that patterns in observed data classes are

not generalizable to unseen novelties. It further shows that the undesirable impacts of the

curse of dimensionality (e.g., noise and co-linearity in data) that DR mitigates are preferable

to the loss of information that DR causes. (2) With the same target dimension, a more

complex DR results in a larger accuracy decline. This observation questions the discarded

less informative dimensions under the assumption that informative dimensions in observed
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Figure 2.17: QUGS Stochastic Analysis (top) and FPR0 (bottom) results; AE-based DR.

data classes are better novelty indicators than other dimensions. (3) Regularization lessens

the negative impacts of DR. This observation likewise negates discarding less-informative

dimensions and suggests employing regularized DR while developing novelty detectors for

real-world implementations. However, the optimal choice of regularization hyperparameters

is not practical in an unsupervised setting with a regularized DR susceptible to causing even

less favorable outcomes.

2.4.6 Stochastic Analysis; Dense and CNN-based Discriminator

Models

Dense and CNN-based D were designed in Section 2.3.2 to investigate whether results

generalize to other model architectures. FPR0 is performed exclusively considering Yellow

Frame. Results are shown in Fig. 2.18b and 2.18a for Dense and CNN-based architectures,
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Figure 2.18: Yellow Frame Stochastic Analysis: (a) CNN-based D (b) Dense-D.

respectively. The same conclusions as with prior analyses are drawn from these figures.

PCA-based DR has superior accuracy, but even the best case cannot match the full data

dimension’s accuracy. Regularization also improves the decline in the accuracy of AE-I,

though unpredictably. For instance, λ of 0.025 can result in decreased accuracy than λ of

0.01. Also, the less complex AE-II achieves higher accuracy than AE-I.

An interesting remark on these figures is the impact of the curse of dimensionality on Dense-

based D. Compared to CNN and LSTM, Dense architecture has the least potential for

understanding sequential features. Approximating structures with modes, the FFT of their

response is unique for each structural state. The sequence of spectral lines (i.e., frequen-

cies) and their magnitudes define those unique structural states. That behavior makes F a

sequence. CNN and LSTM better comprehend All-Sensor and 3-Sensor sequential features

than Dense networks. Those layers are designed to understand spatial (CNN) and temporal

(LSTM) dependencies. Consequently, Dense layers face data interpretability issues caused

by the curse of dimensionality, and with fewer data dimensions obtained from only three

sensors, accuracy increases. Nevertheless, DR is more detrimental to accuracy than the curse

of dimensionality, even with the Dense network.



Chapter 3

Conclusion

Dimensionality reduction (DR) is a tool to alleviate intricacies associated with high-dimensional

features, i.e., the curse of dimensionality. Complications of high-dimensional data include

sparse search areas or distance metrics that become less distinctive across data classes. DR,

however, comes at the cost of information loss. There exists a trade-off between the lost infor-

mation and the benefits DR. The balance of that trade-off is task-dependent. The target task

can be supervised, unsupervised, or anomaly detection on both categories interacting with

unseen data distributions. This study explores the trade-off regarding unsupervised nov-

elty detection with structural health monitoring (SHM) data. We examine two benchmark

SHM datasets to answer two essential questions. First, whether DR-induced loss of informa-

tion or the curse of dimensionality is more detrimental to novelty detection accuracy. And

second, whether supposing unseen novelties to be detectable with the informative data di-

mensions of observed data classes to be taken as damage-sensitive features. That supposition

is currently practiced in the literature in the lack of a general unsupervised SHM approach

operating with raw data due to the shortcomings of methods such as clustering function-

ing high-dimensional features (i.e., meaningless distance metric in high-dimensional spaces).

An unsupervised SHM method operating with high-dimensional features is compared with

three DR methods, PCA, Kernel PCA, and Autoencoders. Several comparative analyses are

designed to assess the resulting novelty detection accuracy of the low-dimensional features

versus the original high-dimensional data.

34
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We conclude that DR-induced loss of information is more detrimental than the curse of

dimensionality. For example, features derived from AE can reduce novelty detection accuracy

by up to 60%. Regularization and the complexity of DR impact the change of accuracy. For

AE models, explicit L2-regularization and reducing the number of neural network layers

(i.e., implicit regularization) reduce the accuracy decline. The simplest DR, PCA, has the

best accuracy across DR models, still inferior to the accuracy obtained from the initial

raw feature. Regularization alleviates DR’s negative impacts on the accuracy, though a

non-proper hyper-parameter selection can further reduce it. Regularization hinders DR

from overfitting the highly informative dimensions, allowing more low-informational ones to

survive. Thus, it questions the assumption above, indicating that highly-informative data

dimensions in the baseline (i.e., already observed) data class are not reliable for building

novelty detectors. However, optimizing regularization hyperparameters is not practical in

an unsupervised setting with unknown novel data classes. Thus, this study recommends

that more effort be invested in developing unsupervised SHM techniques that function with

raw (or close to raw), high-dimensional features in the absence of information about novel

classes.
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