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Desarrollo de un sistema de monitorización de la integridad estructural para
aplicaciones en ingeniería mediante técnicas de reducción de la dimensionalidad

by David AGIS

This thesis describes a structural health monitoring (SHM) strategy to detect and
classify changes in structures that can be equipped with sensors. SHM is an area
of great interest, because its main objective is to verify the health of the structure to
ensure its correct operation and, in turn, save maintenance costs. This objective is
achieved by using algorithms and equipping the structure with a network of sensors
that continuously monitor it.

Researchers from around the world focus their efforts on the development of new
forms of continuous monitoring to know the current state of the structure and to
avoid possible failures or catastrophes. In this sense, in this work, a network of
piezoelectric sensors (PZTs) is used for the development of the strategy of detection
and classification of structural changes. This network of PZTs, attached to the surface
of the structure to be diagnosed, applies vibrational excitation signals and, at the same
time, collects the responses propagated through the structure. With this collected
information, certain mathematical algorithms are developed.

To carry out the main task of the proposed methodology, detection and classification of
structural changes, the technique called t-distributed stochastic neighbor embedding
(t-SNE) is essentially used. This technique is capable of representing the local structure
of the high-dimensional data collected by the sensor network in two-dimensional or
three-dimensional space. Furthermore, for the classification of structural changes,
the detection methodology is expanded by adding the use of three strategies: (a) the
smallest point-centroid distance; (b) the majority vote; and (c) the sum of the inverses
of the distances.

The methodology proposed in this study is tested and validated using an aluminum
plate equipped with four PZT sensors and for certain predefined structural changes.
The promising results obtained show the great classification capacity and the strong
performance of this methodology, successfully classifying about 100% of the cases in
various experimental scenarios.

The main contribution of this project is the combination of the t-SNE technique
with a carefully selected pre-processing of the data and with the three proposed
classification strategies. This combination significantly improves the quality of the
groups or clusters obtained with the damage detection and classification method,
which represent the different structural states. Likewise, said combination diagnoses
a structure with a low computational cost and high reliability.

https://www.upc.edu/ca
https://fme.upc.edu/ca
https://mat.upc.edu/ca


II

Regarding the applicability of the suggested strategy, there is no prescribed field of
application: if a network of sensors can be installed in the structure to be diagnosed
and several phases of action can be considered, the approach presented here can be, a
priori, implemented.

KEYWORDS: Classification, detection, parametric t-distributed stochastic neighbor
embedding (P-t-SNE), piezoelectric transducer (PZT), principal component anal-
ysis (PCA), structural changes, structural health monitoring (SHM), t-distributed
stochastic neighbor embedding (t-SNE).
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Desarrollo de un sistema de monitorización de la integridad estructural para
aplicaciones en ingeniería mediante técnicas de reducción de la dimensionalidad

por David AGIS

Esta tesis describe una estrategia de monitorización de la salud estructural (SHM,
por sus siglas en inglés) para detectar y clasificar fallos en estructuras que pueden
ser equipadas con sensores. La SHM es un área de gran interés, ya que su objetivo
principal es la verificación de la salud de la estructura para asegurar su correcto
funcionamiento y, a su vez, ahorrar costes de mantenimiento. Este objetivo se consigue
haciendo uso de algoritmos y equipando a la estructura con una red de sensores que
la monitorizan de forma continuada.

Investigadores de todo el mundo centran sus esfuerzos en el desarrollo de nuevas
formas de monitorización continua para conocer el estado actual de la estructura
y evitar posibles fallos o catástrofes. En este sentido, en este trabajo, se utiliza una
red de sensores piezoeléctricos (PZT, por sus siglas en inglés) para el desarrollo de
la estrategia de detección y clasificación de los cambios estructurales. Esta red de
PZT, adherida a la superficie de la estructura a diagnosticar, aplica señales vibra-
cionales de excitación y al mismo tiempo recoge las respuestas propagadas a través
de la estructura. Con esta información recopilada se desarrollan ciertos algoritmos
matemáticos.

Para llevar a cabo la tarea principal de la metodología propuesta, detección y clasifi-
cación de fallos, se utiliza esencialmente la técnica denominada t-distributed stochastic
neighbor embedding (t-SNE). Dicha técnica es capaz de representar la estructura local
de los datos de alta dimensionalidad recopilados por la red de sensores en un espacio
bidimensional o tridimensional. Además, para la clasificación de los cambios estruc-
turales, se amplía la metodología de detección añadiendo el uso de tres estrategias:
(a) la distancia punto-centroide más pequeña; (b) el voto mayoritario; y (c) la suma
de las inversas de las distancias.

La metodología propuesta en este estudio se prueba y valida utilizando una placa
de aluminio equipada con cuatro sensores PZT y para ciertos daños predefinidos.
Los prometedores resultados obtenidos ponen de manifiesto la gran capacidad de
clasificación y el fuerte rendimiento de esta metodología, clasificando con éxito cerca
del 100 % de los casos en varios escenarios experimentales.

La principal contribución de este proyecto es la combinación de la técnica t-SNE con
un preprocesamiento de los datos cuidosamente seleccionado y con las tres estrategias
de clasificación propuestas. Esta combinación mejora significativamente la calidad de
los grupos o clústeres obtenidos con el método de detección y clasificación de daños,
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que representan los diferentes estados estructurales. Asimismo, dicha combinación
diagnostica una estructura con un bajo coste computacional y una alta fiabilidad.

En cuanto a la aplicabilidad de la estrategia sugerida, no hay un campo de aplicación
prescrito: si se puede instalar una red de sensores en la estructura a diagnosticar y
se pueden considerar varias fases de actuación, el enfoque aquí presentado puede
implementarse a priori.

PALABRAS CLAVE: Análisis de componentes principales (PCA, por sus siglas en
inglés), cambios estructurales, clasificación, detección, monitorización de la salud es-
tructural (SHM, por sus siglas en inglés), parametric t-distributed stochastic neighbor
embedding (P-t-SNE), t-distributed stochastic neighbor embedding (t-SNE), trans-
ductor piezoeléctrico (PZT, por sus siglas en inglés).
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Capítulo 1

Tesis por compendio de
publicaciones

La presente tesis doctoral, autorizada por el director de la tesis y por la Comisión
Académica del programa de doctorado en Matemática Aplicada, se presenta como un
compendio de tres artículos previamente publicados en revistas del Journal Citation
Report (JCR). A continuación, se detallan las referencias completas de dichos artículos
que conforman el cuerpo de la tesis y que pueden consultarse en el Capítulo 9:

Agis, D.; Tibaduiza, D.A.; Pozo, F. Vibration-based detection and classification of
structural changes using principal component analysis and t-distributed stochastic
neighbor embedding. Structural Control and Health Monitoring 2020; 27:e2533. https:
//doi.org/10.1002/stc.2533

Agis, D.; Pozo, F. A frequency-based approach for the detection and classification
of structural changes using t-SNE. Sensors 2019, 19(23), 5097. https://doi.org/10.
3390/s19235097

Agis, D.; Pozo, F. Vibration-based structural health monitoring using piezoelectric
transducers and parametric t-SNE. Sensors 2020, 20(6), 1716. https://doi.org/10.
3390/s20061716

A lo largo del texto, se hará referencia a ellos como Artículo 1, 2 y 3.

Asimismo, se considera oportuno incluir en el apéndice C de esta tesis los siguientes
artículos, en los cuales el doctorando participa como coautor y que constituyen parte
de su base formativa:

Agis, D.; Vidal, Y.; Pozo, F. Damage diagnosis for offshore fixed wind turbines.
Renewable energy and power quality journal 2019, 17(10), 366-370. https://doi.org/10.
24084/repqj17.313

Tibaduiza, D.A.; Gómez, R.C.; Pedraza, C.; Agis, D.; Pozo, F. Damage identifica-
tion in structural health monitoring: A brief review from its implementation to the
use of data-driven applications. Sensors 2020, 20(3), 733. https://doi.org/10.3390/
s20030733

https://doi.org/10.1002/stc.2533
https://doi.org/10.1002/stc.2533
https://doi.org/10.3390/s19235097
https://doi.org/10.3390/s19235097
https://doi.org/10.3390/s20061716
https://doi.org/10.3390/s20061716
https://doi.org/10.24084/repqj17.313
https://doi.org/10.24084/repqj17.313
https://doi.org/10.3390/s20030733
https://doi.org/10.3390/s20030733
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Capítulo 2

Introducción

La monitorización de la salud estructural (SHM, por sus siglas en inglés) es un método
esencial para la ingeniería estructural, ya que controla la seguridad, la integridad
y el rendimiento de una estructura (Ou y Li, 2010; Li y Hao, 2016; Li et al., 2016;
Mesquita et al., 2016). El estado saludable de la estructura tiene que permanecer
dentro de unos límites especificados, sin embargo, estos límites se suelen traspasar
debido al uso de la estructura, a su envejecimiento o a las condiciones ambientales
y operativas (EOC, por sus siglas en inglés). Por ello, en los sistemas de SHM, es
importante detectar y clasificar los cambios estructurales para mantenerse dentro de
dichos límites, mejorando la seguridad y reduciendo los costes de mantenimiento.
Si se detecta y clasifica el daño justo en el momento que ocurre, se pueden tomar
medidas antes de que suceda un desastre económico y/o humano.

En la SHM, se aplican muchos métodos para la detección de daños, he aquí algunos
ejemplos: en Sohn et al., 2001, se proyecta la SHM en el contexto del reconocimiento
de patrones estadísticos, detectándose daños o cambios estructurales utilizando dos
técnicas basadas en el análisis de series temporales. En Liu et al., 2011, se propone
una metodología de SHM, basada en las técnicas de identificación del sistema, para
cuantificar la degradación estructural en los sistemas de estabilidad de actitud pasiva
por gradientes de gravedad utilizados en los satélites. En Gui et al., 2017, se presentan
tres máquinas de soporte vectorial basadas en algoritmos de optimización para la
detección de daños en la SHM, que se espera que ayuden a los ingenieros a procesar
datos de alta dimensionalidad. En Worden y Cross, 2018, se usa el modelo Treed
Gaussian Process en el contexto de la SHM de los puentes. En Tibaduiza et al., 2018,
se presenta una metodología de detección y clasificación de daños, que incluye el
uso de datos recopilados de una estructura bajo diferentes estados estructurales por
medio de una red de sensores piezoeléctricos, aprovechando el uso del aprendizaje
automático. Como se puede observar, existe una creciente necesidad de investigar
acerca de métodos para la detección de daños y es por ello que en la presente tesis
doctoral se propone una nueva metodología capaz de detectar y clasificar cambios
estructurales, empleando técnicas de reducción de la dimensionalidad.

Una revisión del estado del arte revela que la SHM es un área de investigación muy
activa, ya que se aplica en innumerables estructuras como edificios (Raju et al., 2015;
Blanco et al., 2018), turbinas eólicas (Ciang et al., 2008; Loh et al., 2017; Vidal et al.,
2020) y aviones (Nisha, 2014; Ochôa et al., 2019), entre otras muchas.

Durante los últimos años, las redes de sensores han ido adquiriendo cada vez más
importancia hasta llegar a estar presentes en prácticamente todos los sectores de
nuestra sociedad, sin ser una excepción la SHM (Giurgiutiu, 2005; López-Higuera et
al., 2011; Kinet et al., 2014; Tibaduiza et al., 2016; Qing et al., 2019). Para monitorizar
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el estado de la estructura, se recogen datos a través de múltiples sensores colocados
en su superficie. Las señales obtenidas de la red de sensores se almacenan formando
un conjunto de datos de alta dimensionalidad, debido a las continuas mediciones
del sistema de monitorización. Para la gestión de datos de alta dimensionalidad,
se proponen varios métodos y entre éstos destacan las técnicas de representación
bidimensional o tridimensional, ya que permiten detectar fácilmente grupos o clús-
teres naturales, identificar patrones ocultos, etc. (Ward et al., 2015). Las técnicas de
representación bidimensional o tridimensional están relacionadas de alguna manera
con la reducción de la dimensionalidad. La reducción de la dimensionalidad es el
proceso mediante el cual se reduce la dimensión de los datos originales manteniendo
la información intrínseca más importante (Tenenbaum et al., 2000). La reducción de la
dimensionalidad es muy importante, porque facilita el procesamiento de los datos
y alivia las propiedades no deseadas de los espacios de alta dimensión, como “la
maldición de la dimensionalidad” (Jiménez y Landgrebe, 1998). En la literatura, se
proponen varios métodos de reducción de la dimensionalidad: (i) métodos lineales,
tales como el análisis de componentes principales —PCA, por sus siglas en inglés—
(Tibaduiza et al., 2013; Caggiano, 2018) y el análisis discriminante lineal —LDA, por
sus siglas en inglés— (Sharma et al., 2006; Elvira et al., 2019), y (ii) métodos no lineales,
como el isometric mapping —ISOMAP— (Jeong et al., 2014; Ullah et al., 2018) y el
t-distributed stochastic neighbor embedding —t-SNE— (Van Der Maaten e Hinton, 2008).

En general, es muy probable que los datos del mundo real sean altamente no linea-
les. Por lo tanto, las técnicas de reducción de la dimensionalidad no lineales y no
supervisadas se utilizan ampliamente en muchas aplicaciones. Entre este tipo de
técnicas, el t-SNE es ampliamente adoptado. Esta técnica representa la estructura
local de los datos originales de alta dimensión en un espacio de baja dimensión como,
por ejemplo, un gráfico de dispersión. Dicha técnica detecta patrones mediante la
identificación de grupos o clústeres basados en la similitud de datos. El t-SNE es
ampliamente utilizado en la literatura para reducir la dimensionalidad (Lu et al., 2016;
Seok, 2019; Gu et al., 2019), para clasificar o reconocer patrones (Taskesen y Reinders,
2016; Gierahn et al., 2017; He et al., 2018) y para visualizar y comprimir grandes
conjuntos de datos (Kirk et al., 2016; Macaulay et al., 2016; Balamurali y Melkumyan,
2016). Sin embargo, este método no está diseñado para admitir la incorporación de
datos de fuera de la muestra, es decir, la incorporación de nuevos datos. Para evitar
este problema, se propone el llamado método parametric t-SNE —P-t-SNE— (Van Der
Maaten, 2009). Esta otra metodología utiliza una red neuronal (NN, por sus siglas en
inglés) para aprender una función de mapeo paramétrico explícito desde un espacio
de datos de alta dimensión a un espacio de baja dimensión. Por lo tanto, el P-t-SNE
puede incorporar datos de fuera de la muestra. Otras ventajas del P-t-SNE son: (i)
reduce de forma drástica el coste computacional, y (ii) se puede aplicar a grandes
conjuntos de datos (el t-SNE sólo se puede aplicar a unos cuantos miles de datos).
Aunque se han aplicado el t-SNE y el P-t-SNE en varios campos de investigación, este
es uno de los primeros enfoques que utiliza estos métodos en el campo de la SHM.

La revisión del estado del arte, en la cual se ha prestado especial atención a la SHM y
a la técnica t-SNE/P-t-SNE, ha revelado la necesidad de obtener una nueva estrategia
para detectar y clasificar los cambios producidos en las estructuras a diagnosticar.
Tras revisar el estado del arte, las conclusiones obtenidas son las siguientes:

No existe en la actualidad ninguna aplicación de la técnica t-SNE/P-t-SNE en
el área de investigación de la SHM.
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Existe la necesidad de obtener una estrategia que permita utilizar datos de
diferentes fases de actuación de forma eficiente.

La combinación del PCA y el t-SNE/P-t-SNE resulta novedosa, permitiendo
obtener una mejor detección y clasificación de los cambios estructurales.

Existe una serie de herramientas matemáticas que hacen posible proponer una
estrategia para la clasificación del estado actual de la estructura a diagnosticar.

Con esta problemática en mente, en este estudio se investiga acerca de (i) el diseño
de una nueva metodología para la detección y clasificación de daños estructurales,
y (ii) los mecanismos para facilitar una manipulación eficiente de los datos masivos
proporcionados por la red de sensores. Una metodología que permita la detección
y clasificación de fallos es de vital importancia para evitar desastres y/o reducir
costes de mantenimiento, e investigar acerca de cómo procesar la gran cantidad de
datos recopilados por los múltiples sensores instalados en la estructura es de sumo
interés en la era del Big Data en la que vivimos hoy en día. La metodología que se
propone en este trabajo garantiza un porcentaje muy elevado de correctas detecciones
y clasificaciones, así como una manipulación inteligente de los datos. Pese a que se
han llevado a cabo distintas iniciativas para abordar esta problemática en el campo de
la SHM (Carden y Brownjohn, 2008; Rizzo et al., 2009; Langone et al., 2017; Gulgec et
al., 2017; Cremona y Santos, 2018), no se ha aplicado en ninguna de ellas el t-SNE/P-
t-SNE, una técnica que reporta muy buenos resultados y una fácil interpretación de
los mismos.

En esta tesis doctoral, se propone una estrategia de SHM, para abordar las necesida-
des y carencias detectadas en la detección y clasificación de cambios estructurales,
mediante tres etapas:

1. la integración de los datos en dos pasos: el despliegue tipo E (Westerhuis et al.,
1999) y el llamado mean-centered group scaling —MCGS— (Pozo et al., 2018);

2. la transformación de los datos mediante el PCA; y

3. la reducción de los datos en dos pasos, combinando el PCA y el t-SNE/P-t-SNE.

El PCA es una técnica que se utiliza principalmente para la reducción de la dimensio-
nalidad o la extracción de características en el campo del reconocimiento de patrones
(Mujica et al., 2011). Además, también se puede utilizar para detectar y clasificar cam-
bios estructurales o fallos (Vidal et al., 2018). En el presente trabajo, el modelo de PCA
ayudará a detectar diferentes tipos de daños y no solamente las estructuras sanas.
Sin embargo, en algunos casos, se observa que usar sólo los primeros componentes
principales, es decir, sólo el PCA, no ayuda con el clustering o la separación (Mujica
et al., 2013; Pozo et al., 2016). Por esta razón, aquí se propone detectar daños o fallos
utilizando la combinación del PCA y el t-SNE/P-t-SNE. Por lo tanto, se utilizan los
siguientes pasos para la detección y clasificación de cambios estructurales:

1. primero se estandarizan los datos recopilados usando el MCGS, debido a las
diferentes escalas y magnitudes de las mediciones;

2. a continuación, se aplica el PCA para transformar los datos estandarizados y
reducir su dimensionalidad; y

3. finalmente, se aplica el t-SNE/P-t-SNE a los datos resultantes del apartado
anterior para representarlos en un plano.
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En este estudio, se muestra que la calidad de los grupos o clústeres, relacionados con
diferentes estados estructurales, mejora significativamente con la combinación del
PCA y el t-SNE/P-t-SNE, en comparación con el uso del PCA únicamente.

La estructura a diagnosticar se clasifica, es decir, se asocia con un estado estructural
concreto, utilizando tres estrategias diferentes:

1. la distancia más pequeña entre el punto y el centroide, cuando se considera una
sola fase de actuación;

2. el voto mayoritario, cuando se combinan varias fases de actuación; y

3. la suma de las inversas de las distancias, también cuando se combinan varias
fases de actuación.

El método propuesto para la detección y clasificación de cambios estructurales se
evalúa utilizando datos experimentales de una placa de aluminio equipada con trans-
ductores piezoeléctricos (PZT, por sus siglas en inglés). Debido a que las estrategias
de SHM basadas en la propagación de ondas guiadas han demostrado su capacidad
para identificar adecuadamente los defectos en las estructuras (Sikdar et al., 2019;
Yan et al., 2019; Cho et al., 2019; Jiménez et al., 2019), en la presente tesis, también se
considera el paradigma de las ondas guiadas. En este paradigma, la estructura se
excita con una señal y la respuesta se mide para crear un patrón de referencia. Cuando
se debe diagnosticar una nueva estructura, ésta se excita con la misma señal y la
respuesta se mide y se compara con el patrón de referencia. Los resultados obtenidos
muestran una alta precisión de clasificación y un alto rendimiento de este método,
con un porcentaje de decisiones correctas cercano al 100 % en varios escenarios.

La idea de encontrar una nueva metodología capaz de detectar y clasificar cambios
estructurales nos llevó a experimentar con la técnica t-SNE. De esta forma, esta idea
inicial se convirtió en la base de los tres artículos que conforman la presente tesis
doctoral:

El primer artículo (VIBRATION-BASED DETECTION AND CLASSIFICATION OF
STRUCTURAL CHANGES USING PRINCIPAL COMPONENT ANALYSIS AND t-
DISTRIBUTED STOCHASTIC NEIGHBOR EMBEDDING) se centró principalmente
en destacar, en el campo de la SHM, los buenos resultados obtenidos por la técnica
t-SNE en la detección y clasificación de cambios estructurales con los datos originales,
es decir, en el dominio del tiempo. Posteriormente, se observó que en el campo de la
SHM y de la monitorización de la condición (CM, por sus siglas en inglés) era muy co-
mún el análisis del dominio de la frecuencia (Rutherford et al., 2007; Alonso y Salgado,
2008; Gryllias y Antoniadis, 2012; Hou et al., 2015; Hoshyarmanesh et al., 2017; Tsogka
et al., 2017). Además, en la fase de revisión del estado del arte, se encontraron trabajos
como por ejemplo el de Xu et al., 2019, que mostraba como un método de clustering
en el dominio de la frecuencia superaba a otros métodos de clustering en el dominio
del tiempo. Esta nueva idea fue determinante para iniciar el estudio que se expone
en el segundo artículo (A FREQUENCY-BASED APPROACH FOR THE DETECTION
AND CLASSIFICATION OF STRUCTURAL CHANGES USING t-SNE). En este trabajo,
se transformaron los datos originales, en el dominio del tiempo, para obtenerlos en
el dominio de la frecuencia. De este modo, se pudieron comparar los resultados de
ambos dominios. El segundo artículo reveló que la calidad de los grupos o clústeres,
relacionados con los diferentes estados estructurales, mejoraba significativamente
en el dominio de la frecuencia. En estos dos primeros artículos, se empleó la versión
no paramétrica del t-SNE, por lo que cada vez que llegaba una nueva estructura a
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diagnosticar, se tenía que ejecutar toda la estrategia propuesta desde el inicio, lo que
conllevaba un enorme coste computacional y un tiempo de ejecución muy elevado.
Para resolver este problema, el tercer artículo (VIBRATION-BASED STRUCTURAL
HEALTH MONITORING USING PIEZOELECTRIC TRANSDUCERS AND PARAME-
TRIC t-SNE) se basó en el método P-t-SNE. En este último artículo, se mostró como
la versión paramétrica del t-SNE lograba un rendimiento similar al de la versión no
paramétrica, pero con un coste computacional y un consumo de tiempo muchísimo
más bajos.

Esta tesis doctoral, presentada en formato de compendio de publicaciones, está
organizada en nueve capítulos. En primer lugar, en el Capítulo 1, se enumeran los
artículos que constituyen el cuerpo de la tesis, así como otros artículos que forman
parte de la base formativa del doctorando. El Capítulo 2 introduce el tema de estudio.
La hipótesis y los objetivos del trabajo se encuentran en el Capítulo 3. En el Capítulo
4, se comentan las aportaciones de la tesis. A continuación, el Capítulo 5 presenta la
metodología utilizada. La discusión de los resultados obtenidos, las conclusiones, y
las futuras líneas de investigación y limitaciones se encuentran en los Capítulos 6, 7
y 8, respectivamente. El Capítulo 9 incluye los tres artículos publicados en revistas
indexadas. Finalmente, en los Apéndices A, B y C se muestran el factor de impacto y
la categoría de las revistas, la justificación de la contribución del doctorando, y otros
trabajos, respectivamente.
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Capítulo 3

Hipótesis del estudio y objetivos
de investigación

La hipótesis de esta tesis doctoral es que es posible diseñar y desarrollar una nueva
metodología para monitorizar la integridad estructural en base a los datos recogidos
por una red de sensores instalada en la estructura a diagnosticar.

El objetivo general del presente trabajo es encontrar una estrategia que permita
detectar y clasificar cambios estructurales mediante técnicas de reducción de la
dimensionalidad. Por lo tanto, los objetivos específicos son los siguientes:

1. Estudiar las posibles alternativas de prepocesar los datos masivos recopilados
por la red de sensores.

2. Estudiar en profundidad la técnica denominada t-SNE.

3. Estudiar la combinación de las técnicas PCA y t-SNE.

4. Utilizar la técnica t-SNE en el dominio del tiempo.

5. Estudiar las posibles mejoras de la técnica t-SNE trabajando en el dominio de la
frecuencia.

6. Estudiar en profundidad la técnica P-t-SNE para facilitar un método mucho
más rápido.

7. Establecer una clasificación de los daños estructurales mediante el estudio de
diferentes estrategias.
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Capítulo 4

Aportaciones de la tesis

La principal contribución de la presente tesis es la aplicación, por primera vez, de
las técnicas t-SNE y P-t-SNE en el campo de la SHM, seguida de las siguientes
contribuciones para encontrar un nuevo método que permita detectar y clasificar
cambios estructurales:

Preprocesamiento de los datos: Integración de los datos (I). Según el artículo
de Westerhuis et al., 1999, una matriz de datos crudos tridimensional se puede
desplegar de seis formas diferentes (despliegue tipo A, ..., despliegue tipo F),
obteniéndose seis matrices bidimensionales diferentes. La forma en que se
despliegan estos datos crudos afecta al análisis posterior. En nuestros artículos,
hemos considerado el despliegue tipo E.

Preprocesamiento de los datos: Integración de los datos (II). Un segundo pa-
so, previo a la transformación de los datos, es su normalización. Aplicamos el
MCGS a los datos tal y como se detalla en Pozo et al., 2018.

Preprocesamiento de los datos: Transformación de los datos. Construimos el
modelo de PCA (P) para que los datos normalizados X se transformen en los
datos proyectados T = XP. Vale la pena señalar que las matrices X y T tienen
exactamente la misma dimensión, por lo que no se realiza ninguna reducción
de la dimensionalidad en esta etapa.

Preprocesamiento de los datos: Reducción de los datos (I). Utilizamos el PCA
para reducir la dimensionalidad de los datos, eligiendo el número de componen-
tes principales ` ∈N de tal forma que la proporción de la varianza explicada
sea mayor o igual al 95 %.

Preprocesamiento de los datos: Reducción de los datos (II). Ahora utilizamos
la técnica t-SNE/P-t-SNE como segunda fase para reducir la dimensionalidad
de ` a 2. Demostramos en nuestro artículo VIBRATION-BASED DETECTION
AND CLASSIFICATION OF STRUCTURAL CHANGES USING PRINCIPAL
COMPONENT ANALYSIS AND t-DISTRIBUTED STOCHASTIC NEIGHBOR
EMBEDDING que esta combinación, PCA y t-SNE, mejora la calidad de los
grupos o clústeres.

Postprocesamiento de los datos: Clasificación. Para la clasificación, hemos
propuesto varias configuraciones. Cuando la decisión se toma con una sola fase
de actuación, usamos la distancia punto-centroide más pequeña. Sin embargo,
también combinamos la contribución de todas las fases de actuación en dos
enfoques diferentes: el voto mayoritario y la suma de las inversas de las distan-
cias. En el primer caso, el voto mayoritario, cada fase de actuación emite un
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voto. En el segundo caso, la suma de las inversas de las distancias, cada fase de
actuación contribuye a una clasificación final.

Sabemos que hay una gran cantidad de artículos científicos que tratan sobre apli-
caciones de aprendizaje automático o ciencia de datos, pero creemos que nuestra
contribución puede asemejarse a un producto químico que es una combinación apro-
piada de elementos químicos básicos. Hemos tratado de combinar varios métodos o
algoritmos existentes, de una manera inteligente utilizando nuestros conocimientos
previos en el campo, con una integración, transformación y reducción particulares de
los datos.
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Capítulo 5

Metodología utilizada

5.1. Preprocesamiento de los datos y clustering: datos de refe-
rencia

Entre las contribuciones de nuestro estudio, se incluyen los métodos de preproce-
samiento de los datos: cómo se recopilan, organizan, estandarizan, transforman y
reducen. En las siguientes secciones, el preprocesamiento de los datos se presenta con
suficiente detalle, de modo que el enfoque propuesto pueda reproducirse fácilmente.
El preprocesamiento se divide en tres etapas: integración de los datos (Sección 5.1.1),
transformación de los datos (Sección 5.1.2) y reducción de los datos (Sección 5.1.3).
La Figura 5.1 ilustra estas tres etapas. Finalmente, los datos se organizan en grupos o
clústeres en la Sección 5.1.4.

5.1.1. Integración de los datos

En este estudio, la integración de los datos se define como la combinación de las
diferentes señales medidas en una vista única y unificada. En nuestro caso, esta vista
unificada se representa por una matriz. La sección 5.1.1.1 presenta el despliegue de
los datos sin procesar, que se almacenan en una matriz tridimensional, y la sección
5.1.1.2 describe la estandarización de estos datos.

DATA

INTEGRATION

DATA 

TRANSFORMATION 

DATA

REDUCTION

Step 1. Unfolding 

type E

Step 2. MCGS
PCA

Step 1. PCA

Step 2. t-SNE

DATA PREPROCESSING

FIGURA 5.1: El preprocesamiento se divide en tres etapas: integración
de los datos, transformación de los datos y reducción de los datos.
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5.1.1.1. Despliegue tipo E

Los datos recopilados incluyen diferentes señales de respuesta medidas por sensores
en una estructura que vibra. Múltiples observaciones de estas señales se miden bajo
diferentes estados estructurales. La matriz que recoge todas las observaciones, bajo
los diferentes estados estructurales, se define de la siguiente manera:

X =
(

xk,j
i,l

)
=




x1,1
1,1 · · · x1,L

1,1 x2,1
1,1 · · · x2,L

1,1 · · · xN,1
1,1 · · · xN,L

1,1
...

. . .
...

...
. . .

...
. . .

...
. . .

...

x1,1
n1,1 · · · x1,L

n1,1 x2,1
n1,1 · · · x2,L

n1,1 · · · xN,1
n1,1 · · · xN,L

n1,1

x1,1
1,2 · · · x1,L

1,2 x2,1
1,2 · · · x2,L

1,2 · · · xN,1
1,2 · · · xN,L

1,2
...

. . .
...

...
. . .

...
. . .

...
. . .

...

x1,1
n2,2 · · · x1,L

n2,2 x2,1
n2,2 · · · x2,L

n2,2 · · · xN,1
n1,2 · · · xN,L

n2,2
...

. . .
...

...
. . .

...
. . .

...
. . .

...

x1,1
1,E · · · x1,L

1,E x2,1
1,E · · · x2,L

1,E · · · xN,1
1,E · · · xN,L

1,E
...

. . .
...

...
. . .

...
. . .

...
. . .

...

x1,1
nE ,E · · · x1,L

nE ,E x2,1
nE ,E · · · x2,L

nE ,E · · · xN,1
nE ,E · · · xN,L

nE ,E




=




X1

X2
...

XE




(5.1)

=
[

X1 X2 · · · XN
]
∈ M(n1+···+nE)×(N·L)(R), (5.2)

donde N ∈ N es el número de sensores y k = 1, . . . , N identifica el sensor que está
midiendo; L ∈ N es el número de componentes en cada señal y j = 1, . . . , L indica
la medición j-ésima; E ∈ N es el número de estados estructurales diferentes que
se consideran y l = 1, . . . , E representa el estado estructural que se está midiendo.
Finalmente, nl , l = 1, . . . , E, es el número de observaciones por estado estructural e
i = 1, . . . , nl es la observación i-ésima relacionada con el l-ésimo estado estructural.
Téngase en cuenta que la matriz X está formada por E bloques horizontales (véase
Ecuación (5.1)), Xl , l = 1, . . . , E, donde cada bloque está relacionado con un estado
estructural diferente. Asimismo, la matriz X también se puede ver como N bloques
verticales (véase Ecuación (5.2)), Xk, k = 1, . . . , N, donde cada bloque está relacionado
con un sensor diferente.

En particular, la matriz X es una versión singular de una matriz de datos tridimensio-
nal (n1 + · · ·+ nE)×N× L desplegada, donde la primera dimensión está relacionada
con las múltiples observaciones, la segunda está relacionada con los sensores y la
tercera es el tiempo. Para manejar matrices tridimensionales, se han propuesto varios
enfoques, siendo los más utilizados los basados en el despliegue de dichas matrices.
Según Westerhuis et al., 1999, hay seis formas de desplegar una matriz de datos tridi-
mensional, que afectan al rendimiento de la estrategia general. En nuestro estudio, de
estas seis posibles matrices desplegadas, hemos considerado el tipo E. Esta elección,
despliegue tipo E, simplifica el estudio de la variabilidad entre muestras, ya que se
recopila información relacionada con las mediciones del sensor y sus variaciones a lo
largo del tiempo.

5.1.1.2. Mean-centered group scaling (MCGS)

Principalmente, existen dos razones para estandarizar los datos crudos de la matriz
X (Ecuación (5.1)): primero, para poder procesar datos que pueden tener diferentes
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magnitudes por proceder de distintos sensores; segundo, para simplificar los cálculos
en la transformación de los datos (Sección 5.1.2).

La forma en que se estandarizan los datos sin procesar puede afectar gravemente
al rendimiento general de los métodos posteriores que deben aplicarse (Pozo et al.,
2018). Algunas estrategias consideran cada vector columna de la matriz X como
una entidad independiente y cada elemento del vector columna es estandarizado
restando la media de todos los elementos de la columna y dividiendo por la desviación
estándar del mismo conjunto de datos. Por lo tanto, en este caso, que se puede definir
como column scaling, la media de cada columna es cero y su desviación estándar es
uno. Una segunda estrategia (Pozo et al., 2018), la llamada group scaling, considera
los bloques verticales, donde todas las medidas provienen del mismo sensor. En
este caso, cada elemento del bloque se estandariza restando la media de todos los
elementos del bloque y dividiendo por la desviación estándar del mismo conjunto de
datos. El principal inconveniente de este enfoque es que la media de cada columna
ya no es cero y su desviación estándar ya no es uno. Como solución práctica a este
inconveniente, Pozo et al., 2018 sugieren la versión centrada en la media del group
scaling, es decir, el MCGS, donde la media de cada columna es cero nuevamente. Sin
embargo, no se puede garantizar que la desviación estándar de cada columna sea
uno. Por lo tanto, en nuestro estudio, se aplica el MCGS a la matriz X (Ecuación (5.1)),
es decir, los elementos xk,j

i,l se estandarizan definiéndose una nueva matriz X̆ como:

x̆k,j
i,l =

xk,j
i,l − µk,j

σk , k = 1, . . . , N, j = 1, . . . , L, i = 1, . . . , nl , l = 1, . . . , E, (5.3)

donde

µk,j =
1
n

E

∑
l=1

nl

∑
i=1

xk,j
i,l , k = 1, . . . , N, j = 1, . . . , L, (5.4)

σk =

√√√√ 1
nL

E

∑
l=1

nl

∑
i=1

L

∑
j=1

(
xk,j

i,l − µk
)2

, k = 1, . . . , N, (5.5)

donde

n =
E

∑
i=1

ni, (5.6)

µk =
1

nL

E

∑
l=1

nl

∑
i=1

L

∑
j=1

xk,j
i,l , k = 1, . . . , N, (5.7)

donde µk,j (Ecuación (5.4)) es la media aritmética de todos los elementos de la columna
[(k− 1)L + j]-ésima de la matriz X, es decir, de la columna j-ésima del bloque vertical
Xk; σk (Ecuación (5.5)) es la desviación estándar de todos los elementos del bloque
vertical Xk con respecto al valor medio µk; n (Ecuación (5.6)) es el número total de
realizaciones; y µk (Ecuación (5.7)) es la media aritmética de todos los elementos del
bloque vertical Xk. Con la estandarización de los datos crudos definida en la Ecuación
(5.3), no se puede garantizar que la desviación estándar de cada columna sea uno. Sin
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embargo, la media de cada vector columna se puede calcular fácilmente como:

µ̆k,j =
1
n

E

∑
l=1

nl

∑
i=1

x̆k,j
i,l =

1
n

E

∑
l=1

nl

∑
i=1

xk,j
i,l − µk,j

σk =
1

nσk

E

∑
l=1

nl

∑
i=1

(
xk,j

i,l − µk,j
)

=
1

nσk

[(
E

∑
l=1

nl

∑
i=1

xk,j
i,l

)
− nµk,j

]
=

1
nσk

[
nµk,j − nµk,j

]
= 0.

5.1.2. Transformación de los datos

En el marco actual, la transformación de datos se entiende como una aplicación de una
función matemática particular a cada fila de la matriz estandarizada X̆ (Ecuación (5.3)).
Debido a que el objetivo final es la reducción de la dimensionalidad, la transformación
que se utiliza en este estudio es el PCA. Por lo tanto, la transformación se calcula
como una multiplicación de matrices:

T = X̆P ∈ M(n1+···+nE)×(N·L)(R)

donde

P =
[

ρ1 ρ2 · · · ρN·L
]
∈ M(N·L)×(N·L)(R)

es el llamado modelo de PCA, que contiene sus vectores propios ρk, k = 1, . . . , N · L,
en columnas. Estos vectores se conocen como los componentes principales. El PCA se
explica con más detalle en la Sección 5.1.3.1.

5.1.3. Reducción de los datos

En este trabajo, se utilizan dos enfoques para la reducción de los datos. En primer
lugar, se aplica el PCA (Sección 5.1.3.1) para representar la matriz estandarizada X̆ en
un nuevo espacio vectorial con una dimensión reducida y sin pérdida significativa
de información. En segundo lugar, se aplica el t-SNE (Sección 5.1.3.2) o el P-t-SNE
(Sección 5.1.3.3) como una técnica de representación bidimensional. Estos dos méto-
dos, PCA y t-SNE/P-t-SNE, se combinan para reducir la complejidad de los datos,
así como para reducir el tiempo y el coste computacional.

5.1.3.1. Análisis de componentes principales (PCA)

Una de las razones principales para usar el MCGS, resumido en la Ecuación (5.3), es
que la matriz de covarianza de la matriz X̆ se puede calcular de una manera muy
simple como:

CX̆ =
1

n− 1
X̆>X̆ ∈ M(N·L)×(N·L)(R).

Dicha matriz de covarianza CX̆ es una matriz cuadrada que satisface la propiedad de
simetría:

C>X̆ CX̆ = CX̆C>X̆ .

Además, esta matriz mide el alcance de la relación lineal dentro del conjunto de datos
con respecto a todos los posibles pares de columnas.
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Los valores propios y los vectores propios de la matriz de covarianza CX̆ definen
los subespacios en el modelo de PCA. Los valores propios λk, k = 1, . . . , N · L, y los
vectores propios ρk, k = 1, . . . , N · L, de CX̆ se calculan de acuerdo con la siguiente
expresión:

CX̆ρk = λkρk, k = 1, . . . , N · L.

A continuación, los valores propios λk (todos ellos no son negativos, ya que CX̆ es
una matriz simétrica cuadrada) se ordenan en orden decreciente

λ1 ≥ λ2 ≥ · · · ≥ λN·L

en la matriz diagonal Λ ∈ M(N·L)×(N·L)(R) y la matriz P ∈ M(N·L)×(N·L)(R) contie-
ne, en columnas, sus vectores propios ρk correspondientes:

P>CX̆P = Λ.

Estos vectores propios se conocen como los componentes principales y los valores
propios definen la varianza parcial de cada vector propio.

Cuando el column scaling se aplica a la matriz X (Ecuación (5.1)), éste no es el caso de
este trabajo, se tiene que la traza de la matriz de covarianza CX̆, que es la suma de los
valores propios, es igual al número de columnas de X, es decir, N · L:

Tr (CX̆) =
N·L
∑
k=1

λk = N · L.

Esto significa que la proporción de la varianza acumulada por los primeros ` ∈ N

componentes principales viene dada por:

λ1 + · · ·+ λ`

N · L .

Sin embargo, cuando se aplica el MCGS para estandarizar los datos crudos de la
matriz X, la traza de la matriz de covarianza CX̆ ya no es necesariamente igual a N · L,
es decir,

Tr (CX̆) =
N·L
∑
k=1

λk 6= N · L.

Como consecuencia, la proporción de la varianza explicada por los primeros ` com-
ponentes principales viene dada por:

λ1 + · · ·+ λ`

λ1 + · · ·+ λN·L
.

En este trabajo, se utiliza el PCA para reducir la dimensionalidad del conjunto de
datos estandarizados X̆ seleccionando un reducido, pero aún significativo, número
` = D < N · L de componentes principales. Esta reducción de la dimensionalidad se
realiza a través de la matriz reducida

P` = PD =
[

ρ1 ρ2 · · · ρ`

]
∈ M(N·L)×`(R), (5.8)
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que está compuesta por la concatenación de los vectores propios ρk asociados a los
valores propios más altos. La matriz P` = PD (Ecuación (5.8)) es el modelo de PCA.
A continuación, el conjunto de datos estandarizados X̆ se proyecta en el espacio
vectorial generado por los primeros ` = D componentes principales a través de la
premultiplicación de P` por X̆:

T` = TD = X̆P` ∈ Mn×`(R). (5.9)

P` (Ecuación (5.8)) se ha definido como el modelo de PCA que incluye múltiples
realizaciones bajo diferentes estados estructurales. Al mismo tiempo, T` (Ecuación
(5.9)) es la proyección del conjunto de datos estandarizados X̆ en el subespacio
asociado al modelo de PCA. El número de componentes principales ` = D ∈ N

se elige de modo que la proporción de la varianza explicada sea mayor o igual al
95 %. Más precisamente, ` = D es el número natural que satisface las siguientes dos
desigualdades:

λ1 + · · ·+ λ`−1

λ1 + · · ·+ λN·L
< 0,95, y

λ1 + · · ·+ λ`−1 + λ`

λ1 + · · ·+ λN·L
≥ 0,95.

Se espera que las proyecciones de las n = n1 + · · · + nE realizaciones bajo los E
diferentes estados estructurales formen grupos o clústeres en el espacio euclídeo
`-dimensional R`. Por desgracia, este no es siempre el caso. Por ejemplo, en trabajos
anteriores de Mujica et al., 2013 y de Pozo y Vidal, 2015, se puede observar que la
proyección en los primeros componentes principales no permite una agrupación
visual, clustering o separación. En estos trabajos, la detección de daños o fallos se basa
en una prueba de hipótesis unidimensional para la igualdad de medias, el llamado
método Welch-Satterthwaite (Ugarte et al., 2015).

5.1.3.2. t-Distributed stochastic neighbor embedding (t-SNE)

El objetivo del t-SNE

El t-SNE es una variación mejorada de la técnica llamada stochastic neighbor embedding
(SNE, Hinton y Roweis, 2003). Con respecto al SNE, el t-SNE es mucho más fácil de
optimizar y produce mejores representaciones de los datos originales en el plano
y en el espacio, ya que reduce la tendencia a acumular puntos en el centro de la
distribución (el llamado crowding problem). El SNE sufre del crowding problem, que es
el resultado de la diferencia exponencial de volumen entre espacios de alta y baja
dimensión (Van Der Maaten e Hinton, 2008). Parte de las mejoras del t-SNE con
respecto al SNE se deben al hecho de que la función de coste utilizada por el t-SNE
difiere de la utilizada por el SNE en dos aspectos:

(i) El t-SNE utiliza una versión simétrica de la función de coste del SNE con
gradientes más simples; y

(ii) El t-SNE utiliza una distribución t de Student, en lugar de una distribución nor-
mal, para calcular la similitud entre dos puntos en el espacio de baja dimensión.
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Dada una colección de datos de alta dimensión

X = {x1, . . . , xν} ⊂ RD, ν, D ∈N, (5.10)

el objetivo es encontrar una colección de puntos de baja dimensión

Y = {y1, . . . , yν} ⊂ Rd, d ∈N

que formen una representación fiel de los datos originales X en un espacio de di-
mensión inferior. Los valores típicos para d son 2, representación en un plano, o
3, representación en el espacio, donde d � D. Con representación fiel nos referi-
mos a que los puntos Y del espacio de dimensión inferior conserven, tanto como
sea posible, la estructura local de los datos originales X . Es decir, si dos datos xi

y xj, i, j = 1, . . . , ν, i 6= j, son vecinos, con el t-SNE se quiere que los dos puntos
correspondientes yi e yj, i, j = 1, . . . , ν, i 6= j, también sean vecinos.

Similitudes por pares

Para conservar las similitudes locales de los datos originales X , el t-SNE primero
convierte las distancias euclídeas entre los datos xi y xj

d(xi, xj) = ‖xi − xj‖2 =

√
(xi

1 − xj
1)

2 + · · ·+ (xi
D − xj

D)
2 =

√√√√ D

∑
k=1

(xi
k − xj

k)
2

(donde xi
k y xj

k son el componente k-ésimo de los vectores xi y xj, k = 1, . . . , D,
respectivamente) en probabilidades condicionales centrando una distribución normal
en xi, calculando la densidad de xj bajo esta distribución normal y renormalizando:

pj|i =
exp

(−‖xi − xj‖2
2

2σ2
i

)

ν

∑
l=1
l 6=i

exp

(
−‖xi − xl‖2

2

2σ2
i

) , i, j = 1, . . . , ν, i 6= j, (5.11)

donde
‖xi − xj‖2

2

2σ2
i

(distancia euclídea al cuadrado normalizada o afinidad) es la disi-

militud entre los datos xi y xj. La varianza de la distribución normal, σ2
i , se calcula

automáticamente (Van Der Maaten e Hinton, 2008). Dado que sólo las similitudes por
pares entre los datos son de interés, el t-SNE establece que pi|i = 0. Esta probabilidad
condicional (Ecuación (5.11)) mide la similitud de xj con xi, es decir, la probabilidad
de que xi elija a xj como vecino. Si dos datos están cerca, pj|i será grande. Sin embargo,
si están separados, pj|i será pequeño.

A continuación, al convertir en simétrica la probabilidad condicional (Ecuación (5.11)),
el t-SNE define la probabilidad conjunta de la siguiente manera:

pij =
pj|i + pi|j

2ν
, i, j = 1, . . . , ν, i 6= j,

pii = 0.
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Esta probabilidad conjunta es una versión simétrica de la similitud condicional
porque tiene la propiedad

pij = pji, i, j = 1, . . . , ν.

La probabilidad conjunta también mide la similitud por pares entre los datos xi y xj.
Como resultado, permite definir la matriz de similitud P ∈ Mν×ν(R) para los datos
de alta dimensión como:

P =




0 p12 · · · p1ν

p12 0 · · · p2ν

...
...

. . .
...

p1ν p2ν · · · 0




.

En la práctica, el uso de probabilidades condicionales o conjuntas produce resultados
similares, pero es menos costoso computacionalmente la optimización del modelo
conjunto (Van Der Maaten e Hinton, 2008).

Una vez obtenida la matriz de similitud P para los datos originales X , se define
también la matriz de similitud Q ∈ Mν×ν(R) para los puntos Y . Básicamente, se
construye la matriz Q siguiendo la misma idea que para la matriz de similitud P .
La única diferencia es que para la matriz Q se utiliza una distribución t de Student
renormalizada con un grado de libertad y σ2

i = 1
2 para toda i, en lugar de una

distribución normal:

qij =

1
1 + ‖yi − yj‖2

2
ν

∑
k=1

ν

∑
l=1
l 6=k

1
1 + ‖yk − yl‖2

2

, i, j = 1, . . . , ν, i 6= j, (5.12)

qii = 0. (5.13)

Está claro que, por su definición en las Ecuaciones (5.12)–(5.13), qij = qji. La probabi-
lidad conjunta qij es la homóloga, de baja dimensión, de pij y representa la estructura
local de los puntos en el espacio de baja dimensión.

Las colas pesadas de la distribución t de Student permiten que los datos xi y xj

que no son vecinos sean modelados por los puntos yi e yj que están separados: la
probabilidad de ser vecino disminuye más lentamente y, por lo tanto, hay menos
necesidad de alejar algunos puntos y agrupar los puntos restantes en el centro de
la distribución (crowding problem). En otras palabras, el t-SNE permite que los datos
que son sólo un poco similares se representen más separados en el espacio de baja
dimensión. Pero la elección de la distribución t de Student para los puntos de baja
dimensión va más allá, ya que alivia tanto el crowding problem como los problemas de
optimización del SNE (Van Der Maaten e Hinton, 2008).

Mientras que la matriz de similitud P es fija y está unívocamente determinada por
los datos de alta dimensión X , la matriz de similitud Q depende de los puntos de
baja dimensión Y .
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Comparación de matrices de similitud: la función de coste

El objetivo es seleccionar los puntos de baja dimensión para que las dos matrices de
similitud, P y Q, sean lo más similares posible. La similitud entre estas dos matrices
se define en términos de la divergencia Kullback-Leibler (KL). La divergencia KL
es una medida de cómo una distribución de probabilidad difiere de una segunda
distribución de probabilidad y se puede definir como (Hinton y Roweis, 2003; Min,
2005; Van Der Maaten e Hinton, 2008):

C = DKL (P‖Q) =
ν

∑
i=1

ν

∑
j=1
j 6=i

pij log
(

pij

qij

)
. (5.14)

La divergencia KL entre las distribuciones de probabilidad conjunta P y Qmide la
distancia entre las dos matrices de similitud. Por lo tanto, minimizar la divergencia
KL reduce el error entre estas dos matrices. En otras palabras, los puntos de baja
dimensión de datos de alta dimensión similares deben estar muy juntos y los puntos
de baja dimensión de datos de alta dimensión diferentes deben estar separados para
minimizar la función de coste C (Ecuación (5.14)). Téngase en cuenta que:

(i) la divergencia KL no es negativa y es 0 si, y solo si, ambas distribuciones son
iguales, es decir, la similitud entre los datos xi y xj está perfectamente modelada
por los puntos yi e yj—; y

(ii) la función de coste C generalmente no es convexa y diferentes simulaciones
pueden producir resultados diferentes.

Para minimizar la función de coste C, se utiliza el método de descenso del gradiente:

∂C
∂yi = 4

ν

∑
j=1
j 6=i

pij − qij

1 + ‖yi − yj‖2
2

(
yi − yj

)
.

Este gradiente expresa la suma de todas las fuerzas aplicadas al punto yi, es decir,
la suma de las fuerzas con las que se atraen o repelen el punto yi y todos los demás
puntos yj. Las ubicaciones de los puntos Y se determinan minimizando C.

Actualización del punto de baja dimensión

Dado que el descenso del gradiente es un algoritmo de optimización iterativo, el
punto yi se actualiza en cada iteración utilizando la siguiente expresión:

yi
(t) = yi

(t−1) + η
∂C
∂yi + α(t)

(
yi
(t−1) − yi

(t−2)

)
, (5.15)

donde yi
(t) es la solución en la iteración t, η es la tasa de aprendizaje (learning rate) y

α(t) es el término de impulso (momentum) en la iteración t. La tasa de aprendizaje
determina el tamaño del salto entre cada iteración durante la optimización de la
función de coste C. Asimismo, en la Ecuación (5.15), se añade un término de impulso
relativamente grande para acelerar la optimización.
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Esquema algorítmico

Data: datos de alta dimensión X = {x1, . . . , xν};
parámetros de la función de coste: perplexity p;
parámetros de optimización: número de iteraciones τ, learning rate η, momentum
α(t).
Result: puntos de baja dimensión Y(τ) = {y1

(τ), . . . , yν
(τ)}.

begin
calcular la matriz de similitud P =

(
pij
)

para los datos de alta dimensión X ;
solución inicial de la muestra Y(−1) = {0, . . . , 0}, Y(0) = {y1

(0), . . . , yν
(0)};

for t = 1 to t = τ do
calcular la matriz de similitud Q =

(
qij
)

para los puntos de baja
dimensión Y(t);

for i = 1 to i = ν do

calcular el gradiente
∂C
∂yi de la función de coste C = DKL (P‖Q);

actualizar yi
(t) con la fórmula:

yi
(t) = yi

(t−1) + η ∂C
∂yi + α(t)

(
yi
(t−1) − yi

(t−2)

)
;

end
end

end
Algorithm 1: Esquema algorítmico del t-SNE.

5.1.3.3. Parametric t-SNE (P-t-SNE)

El t-SNE tiene un enorme coste computacional de optimización al tratarse de una
técnica no paramétrica: para proyectar nuevos datos, la optimización debe ejecutarse
con todo el conjunto de datos completo nuevamente. Para evitar la pesada optimi-
zación del t-SNE, se propone su versión paramétrica, el P-t-SNE. El P-t-SNE es una
técnica de reducción de la dimensionalidad no supervisada que aprende una proyec-
ción paramétrica entre el espacio de datos de alta dimensión y el espacio latente de
baja dimensión, conservando la estructura local de los datos de alta dimensión en el
espacio latente tan bien como sea posible.

En el método P-t-SNE, la función f : X → Y, desde el espacio de alta dimensión
X hasta el espacio de baja dimensión Y, se parametriza a través de una NN preali-
mentada (feed-forward en inglés) con pesos W. La NN está entrenada de tal manera
que retiene la estructura local de los datos de alta dimensión en el espacio de baja
dimensión. Se distinguen dos etapas principales en el entrenamiento de la NN:

1. Preentrenamiento con una restricted Boltzmann machine (RBM). La RBM se utiliza
para construir una red preentrenada del P-t-SNE. El objetivo principal de la
etapa de preentrenamiento es definir una inicialización de los parámetros del
modelo para la siguiente etapa.

2. Sintonización fina utilizando la función de coste del P-t-SNE. En esta etapa, los
pesos de la NN preentrenada se sintonizan de tal manera que la NN conserva la
estructura local de los datos de alta dimensión en el espacio de baja dimensión.
En la NN prealimentada, el término qij del t-SNE (Ecuación (5.12)) se adapta de
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la siguiente manera:

qij =

[
1 + ‖ f (xi|W)− f (xj|W)‖2/α

]−(α+1)/2

∑
k 6=l

[1 + ‖ f (xk|W)− f (xl |W)‖2/α]−(α+1)/2
,

donde α denota los grados de libertad de la distribución t de Student.

Restricted Boltzmann machine

En esta sección, se introduce de forma breve la RBM (Smolensky, 1986; Hinton, 2012).

Una RBM es una NN estocástica de dos capas. Esta red consta de una capa visible o
de entrada (nodos visibles v) y una capa oculta (nodos ocultos h). Los valores de los
nodos siguen, normalmente, una distribución de Bernoulli. Cada nodo visible está
conectado a todos los nodos ocultos mediante conexiones ponderadas, pero no hay
conexiones intracapa, es decir, no se dan conexiones entre nodos de una misma capa.
La estructura de la RBM se ilustra en la Figura 5.2.

…

…

a1 a2 a3 aN a ∈ RN

hidden layer h1 h2 h3 hN h ∈ {0,1}N

W1,1 WN,M W ∈ RN×M

visible layer v1 v2 v3 vM v ∈ {0,1}M

b1 b2 b3 bM b ∈ RM

Figure 3: Original EPS imageFIGURA 5.2: Estructura de la RBM.

La distribución de Boltzmann se especifica mediante la función de energía E(v, h) y
esta distribución proporciona la distribución conjunta sobre todos los nodos, P(v, h):

E(v, h) = −∑
i,j

Wijvihj −∑
i

bivi −∑
j

ajhj,

P(v, h) =
exp(−E(v, h))

∑v,h exp(−E(v, h))
,

donde Wij es el peso de la conexión entre un nodo visible vi y un nodo oculto hj; y
bi y aj son los sesgos de los nodos visibles y ocultos, respectivamente. Además, las
probabilidades condicionales P(vi = 1|h) y P(hj = 1|v) están dadas por la función
sigmoidea:

P(vi = 1|h) = 1
1 + exp(−∑j Wijhj − bi)

, (5.16)

P(hj = 1|v) = 1
1 + exp(−∑i Wijvi − aj)

. (5.17)

La RBM puede calcular los valores de los nodos visibles a partir de los valores de
los nodos ocultos a través de la Ecuación (5.16); de manera similar, la RBM puede
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calcular los valores de los nodos ocultos a partir de los nodos visibles mediante la
Ecuación (5.17).

Los parámetros del modelo (W, b y a) se actualizan de modo que la distribución mar-
ginal sobre los nodos visibles bajo el modelo, Pmodel(v), esté próxima a la verdadera
distribución de los datos, Pdata(v). En particular, la RBM usa la divergencia KL para
medir la distancia entre la distribución verdadera, Pdata(v), y la distribución basada
en el modelo, Pmodel(v). El gradiente de la divergencia KL con respecto a Wij viene
dado por

∂KL(Pdata||Pmodel)

∂Wij
= E[vihj]Pdata −E[vihj]Pmodel ,

donde E[vihj]Pdata es el valor esperado bajo la distribución verdadera y E[vihj]Pmodel es
el valor esperado bajo la distribución del modelo. Sin embargo, E[vihj]Pmodel no se pue-
de calcular analíticamente. Para evitar calcular el modelo, se sigue una aproximación:
el gradiente de una función objetivo ligeramente diferente que se llama contrastive
divergence (CD, Hinton, 2002). La CD mide cómo la distribución del modelo se aleja
de la verdadera distribución de los datos a través de

KL(Pdata||Pmodel)−KL(P1||Pmodel),

donde P1(v) es la distribución sobre los nodos visibles, ya que la RBM puede ejecutar-
se para una iteración (es decir, un barrido de Gibbs) cuando se inicializa de acuerdo
con la verdadera distribución. Usando técnicas de descenso del gradiente estándar, la
CD se puede minimizar de manera eficiente:

E[vihj]Pdata −E[vihj]P1 .

El segundo término, E[vihj]P1 , se estima a partir de las muestras obtenidas mediante
el muestreo de Gibbs.

5.1.4. Efecto del clustering

En la Sección 5.1.3.1, la reducción de la dimensionalidad se realiza utilizando el
PCA. Específicamente, n = n1 + · · ·+ nE observaciones bajo E diferentes estados
estructurales, las filas de la matriz estandarizada X̆ (Ecuación (5.3)), que pueden
verse como vectores N · L-dimensionales, se proyectan y transforman en vectores `-
dimensionales. Esta reducción de la dimensión de los datos originales estandarizados
se realiza con una pequeña pérdida de información (menos del 5 %) y se espera que `
sea mucho más pequeña que N · L.

Seguidamente se aplica una segunda reducción de la dimensionalidad a los datos
proyectados en la matriz T` (Ecuación (5.9)) usando el t-SNE/P-t-SNE (Secciones
5.1.3.2 y 5.1.3.3): se define

xi = e>i T` = e>i X̆P` ∈ R`, i = 1, . . . , n

como la fila i-ésima de la matriz T`. El vector ei ∈ Rn es el i-ésimo vector de la base
canónica. Se define también

X = {x1, . . . , xn} ⊂ R` (5.18)
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como una colección de datos de “alta” dimensión (ha sufrido ya una primera reduc-
ción de la dimensión con el PCA). El objetivo es encontrar una colección de puntos
bidimensionales

Y = {y1, . . . , yn} ⊂ R2

que represente al conjunto original X (Ecuación 5.18) sin pérdida explícita de infor-
mación y conservando la estructura local de este conjunto. Después de la aplicación
del t-SNE/P-t-SNE, se espera observar E grupos o clústeres relacionados con los E
diferentes estados estructurales. Estos grupos o clústeres estarán formados por los
puntos:

{y1, . . . , yn1} ⊂ Y , relacionado con el primer estado estructural;

{yn1+1, . . . , yn1+n2} ⊂ Y , relacionado con el segundo estado estructural;

{yn1+n2+1, . . . , yn1+n2+n3} ⊂ Y , relacionado con el tercer estado estructural;
...

{yn−nE−1−nE+1, . . . , yn−nE} ⊂ Y , relacionado con el penúltimo estado estructural; y

{yn−nE+1, . . . , yn} ⊂ Y , relacionado con el último estado estructural.

5.2. Detección y clasificación de los daños: estructura a diag-
nosticar

En la Sección 5.1.4, se describe cómo las observaciones originales estandarizadas
bajo diferentes estados estructurales definen un conjunto de grupos o clústeres en un
plano. En esta sección, se presenta el procedimiento de detección y clasificación de
daños para una estructura que tiene que ser diagnosticada.

Para la detección y clasificación de daños, se necesita una sola observación de la
estructura actual para diagnosticarla. Los datos recopilados incluyen diferentes se-
ñales medidas por el mismo número de sensores, N, y con el mismo número de
componentes en cada señal, L, como en la Ecuación (5.1). Cuando se obtienen estas
medidas, se construye un nuevo vector de datos z:

z> =
[

z1,1 · · · z1,L z2,1 · · · z2,L · · · zN,1 · · · zN,L
]
∈ RN·L.

5.2.1. Estandarización (MCGS)

Antes de que los datos z>, que provienen de la estructura a diagnosticar, se proyec-
ten en el espacio generado por los ` primeros componentes principales, se deben
estandarizar para definir el vector fila z̆>:

z̆k,j =
zk,j − µk,j

σk , k = 1, . . . , N, j = 1, . . . , L, (5.19)

donde µk,j es la media aritmética calculada en la Ecuación (5.4) y σk es la desviación
estándar de todos los elementos en el bloque vertical Xk calculado en la Ecuación
(5.5).
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5.2.2. Proyección (PCA)

La proyección del vector fila estandarizado z̆> ∈ RN·L en el espacio generado por los
` primeros componentes principales se realiza a través de la siguiente multiplicación:

xn+1 = z̆> · P` ∈ R`.

Hay que remarcar que el vector N · L-dimensional que contiene los datos de la
estructura a diagnosticar se transforma en un vector `-dimensional. Este nuevo vector
se añade al conjunto de datos X (Ecuación (5.18)) para definir un nuevo conjunto:

X ′ = X ∪ {xn+1} = {x1, . . . , xn, xn+1} ⊂ R`. (5.20)

5.2.3. t-SNE/P-t-SNE y clasificación final

El t-SNE/P-t-SNE se aplica al conjunto de datos `-dimensional X ′ (Ecuación (5.20))
para encontrar una colección de puntos bidimensional

Y ′ = {y1, . . . , yn, yn+1} ⊂ R2

que represente al conjunto original X (Ecuación 5.18) sin pérdida explícita de infor-
mación y conservando la estructura local de este conjunto, además de incluir el punto
yn+1 asociado al dato xn+1.

Tras aplicar el t-SNE/P-t-SNE, se espera observar E grupos o clústeres, los relaciona-
dos con los E diferentes estados estructurales. Como en la Sección 5.1.4, estos grupos
o clústeres estarán formados por los puntos:

{y1, . . . , yn1} ⊂ Y , relacionado con el primer estado estructural;

{yn1+1, . . . , yn1+n2} ⊂ Y , relacionado con el segundo estado estructural;

{yn1+n2+1, . . . , yn1+n2+n3} ⊂ Y , relacionado con el tercer estado estructural;
...

{yn−nE−1−nE+1, . . . , yn−nE} ⊂ Y , relacionado con el penúltimo estado estructural; y

{yn−nE+1, . . . , yn} ⊂ Y , relacionado con el último estado estructural.

A continuación, para cada grupo o clúster, se calcula su centroide, es decir, la media
de los valores de los puntos en el grupo o clúster. Por ejemplo, el centroide asociado
con el primer estado estructural será:

Y1 :=
1
n1

n1

∑
i=1

yi =
y1 + · · ·+ yn1

n1
∈ R2,

mientras que el centroide asociado con el segundo estado estructural será:

Y2 :=
1
n2

n2

∑
i=1

yn1+i =
yn1+1 + · · ·+ yn1+n2

n2
∈ R2.
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En general, el centroide asociado con el l-ésimo estado estructural, l = 1, . . . , E, será
el punto del plano definido como

Yl :=
1
nl

nl

∑
i=1

y

(
l−1
∑

j=0
nj

)
+i
∈ R2, l = 1, . . . , E, (5.21)

donde n0 = 0. Por lo tanto, la estructura actual a diagnosticar estará asociada al
l-ésimo estado estructural si

l = arg mı́n
l=1,...,E

‖Yl − yn+1‖2,

es decir, si la distancia mínima entre yn+1 y cada uno de los centroides corresponde
a la distancia euclídea entre yn+1 y Yl . Llamamos a este enfoque la distancia punto-
centroide más pequeña (ver Figura 5.3).

En las Figuras 5.4, 5.5 y 5.6, se muestran los diagramas de flujo de los diferentes
enfoques propuestos.

structural state #1

structural state #2

structural state #3

smallest point-centroid

distance

?

FIGURA 5.3: La estructura actual a diagnosticar se asocia al estado
estructural con la distancia punto-centroide más pequeña.
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harmonic mean
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FIGURA 5.4: Diagrama de flujo del primer enfoque propuesto. Los
datos que provienen de una estructura se estandarizan primero y luego
se proyectan en el modelo de PCA. Finalmente, el t-SNE se aplica
para crear los grupos o clústeres que se utilizarán en la detección y

clasificación de los cambios estructurales.
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FIGURA 5.5: Diagrama de flujo del segundo enfoque propuesto. Los
datos procedentes de una estructura se transforman primero en el
dominio de la frecuencia y se estandarizan, y luego se proyectan en el
modelo de PCA. Finalmente, el t-SNE se utiliza para crear los grupos o
clústeres que se utilizarán en la detección y clasificación de los cambios

estructurales.
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FIGURA 5.6: Diagrama de flujo del tercer enfoque propuesto. Los
datos procedentes de una estructura se transforman primero en el
dominio de la frecuencia y se estandarizan mediante el MCGS, y luego
se proyectan en el modelo de PCA. Finalmente, el P-t-SNE se aplica
para generar los grupos o clústeres que se utilizarán en la detección y

clasificación de los cambios estructurales.

5.3. Aplicación del método propuesto a una placa de alumi-
nio con 4 PZT

5.3.1. Configuración experimental

Se considera una placa cuadrada de aluminio con un área de 1600 cm2 (40 cm × 40
cm y un grosor de 0,2 cm) equipada con cuatro PZT para demostrar la fiabilidad del
método propuesto de detección y clasificación de daños. Los discos PZT están unidos
a la superficie y su ubicación exacta se muestra en la Figura 5.7(a): suponiendo que el
origen de las coordenadas se coloca en la esquina inferior izquierda de la placa, los
sensores piezoeléctricos se instalan en las coordenadas (unidades en centímetros)

(20, 35), primer PZT (S1);

(35, 20), segundo PZT (S2);

(20, 5), tercer PZT (S3) y

(5, 20), cuarto PZT (S4).

Por lo tanto, la distancia entre los cuatro sensores no es la misma. Por ejemplo, la
distancia entre los centros de los sensores 1 y 4 y la distancia entre los centros de
los sensores 1 y 2 son iguales (15

√
2 ≈ 21,21 cm). Sin embargo, la distancia entre los

centros de los sensore 1 y 3 es mayor (30 cm).

Estos PZT pueden funcionar tanto en modo actuador (excitando la placa con la señal
BURST de la Figura 5.8, produciendo así una vibración mecánica) como en modo
sensor (detectando una respuesta mecánica que varía en el tiempo).
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Para simular el daño, de manera no destructiva, se añade una masa de 17,2916 gramos
en la placa de aluminio. Esta masa es un imán unido a ambos lados de la placa, ya
que el aluminio es un metal no magnético. Se utiliza este tipo de daño para cambiar
las propiedades de la estructura y para producir cambios en la onda propagada.
La ubicación de la masa define cada daño y, por lo tanto, se obtienen diferentes
escenarios para validar el método propuesto. Estas ubicaciones son las siguientes
(unidades en centímetros):

el daño 1 se sitúa en las coordenadas (12,5, 27,5);

el daño 2 se sitúa en las coordenadas (27,5, 27,5) y

el daño 3 se sitúa en las coordenadas (12,5, 12,5).

En consecuencia, se consideran E = 4 estados estructurales (Figura 5.7(b)):

el primer estado estructural corresponde al estado saludable de la estructura,
es decir, corresponde a la placa de aluminio sin daños (sin la masa);

los estados estructurales segundo (daño 1), tercero (daño 2) y cuarto (daño 3)
corresponden a la placa con una masa añadida en las posiciones indicadas en la
Figura 5.7(a).

La placa de aluminio está aislada de la vibración y del ruido del laboratorio, como se
muestra en la Figura 5.7(b).
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FIGURA 5.7: (a) Placa de aluminio equipada con cuatro PZT (S1, S2,
S3 y S4). (b) Los cuatro estados estructurales de la placa de aluminio.

5.3.2. Escenarios y fases de actuación

La configuración experimental incluye tres escenarios diferentes:

Escenario 1. Las señales se adquieren utilizando un cable corto (0,5 m) desde
el digitalizador hasta los sensores y estas señales se filtran con el algoritmo
Savitzky–Golay (Orfanidis, 1995) después de añadir ruido blanco gaussiano. El
filtro se aplica para suavizar los datos.

Escenario 2. Las señales no filtradas se adquieren utilizando un cable corto (0,5
m) desde el digitalizador hasta los sensores.
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FIGURA 5.8: En el modo actuador, los PZT aplican esta señal BURST
para producir una vibración mecánica.

Escenario 3. Las señales se adquieren utilizando un cable largo (2,5 m) desde el
digitalizador hasta los sensores. Las señales también se filtran con el algoritmo
Savitzky–Golay.

De este modo, se podrá observar el efecto de los siguientes parámetros en el rendi-
miento del método propuesto: usar un cable corto o largo desde el digitalizador hasta
los sensores, añadir ruido blanco gaussiano a las señales medidas y filtrar las señales
con un filtro Savitzky–Golay.

Como se menciona en la Sección 5.3.1, se utilizan cuatro PZT (S1, S2, S3 y S4) para
excitar la placa de aluminio y recoger la respuesta medida. Esta red de sensores
funciona en lo que llamamos fases de actuación. En cada fase de actuación, se usa
un único PZT como actuador (sensor activo: el PZT excita la estructura con la señal
BURST de la Figura 5.8) y el resto de los PZT se usan como sensores (sensores pasivos:
los PZT miden las señales). Por lo tanto, tenemos tantas fases de actuación como
sensores:

Fase de actuación 1. S1 se utiliza como actuador. S2, S3 y S4 se utilizan como
sensores.

Fase de actuación 2. S2 se utiliza como actuador. S1, S3 y S4 se utilizan como
sensores.

Fase de actuación 3. S3 se utiliza como actuador. S1, S2 y S4 se utilizan como
sensores.

Fase de actuación 4. S4 se utiliza como actuador. S1, S2 y S3 se utilizan como
sensores.

Es muy común en la literatura fusionar los datos que provienen de diferentes fases
de actuación en una única matriz de datos (Vitola et al., 2017a; Vitola et al., 2017b).
En este estudio, se utiliza el enfoque con una única matriz de datos, pero también
se examina el caso en el que cada fase de actuación funciona como un clasificador
(Sección 5.3.5).
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5.3.3. Integración de los datos experimentales

Dado un escenario particular (Sección 5.3.2), se obtienen cuatro matrices X[ϕ], ϕ =
1, . . . , 4, una por cada fase de actuación. Cada matriz X[ϕ], ϕ = 1, . . . , 4, se organiza
de la siguiente manera:

hay n1 = n2 = n3 = n4 = 25 observaciones por cada uno de los 4 estados
estructurales. En consecuencia, cada matriz X[ϕ], ϕ = 1, . . . , 4, consta de 100
filas, es decir, n1 + n2 + n3 + n4 = 25 · 4. En concreto, las primeras 25 filas son
la estructura sin daño, las siguientes 25 filas son la estructura con el daño 1, y
así sucesivamente hasta el daño 3.

Para cada fase de actuación ϕ, ϕ = 1, . . . , 4, N = 3 PZT, que funcionan como
sensores, toman mediciones durante L = 60000 instantes de tiempo. Por lo
tanto, el número de columnas de la matriz X[ϕ], ϕ = 1, . . . , 4, es igual a N · L =
3 · 60000 = 180000.

Así pues, la matriz que recopila todas las realizaciones bajo los 4 estados estructurales,
en el dominio del tiempo, es:

X[ϕ] =
(

x[ϕ]k,j
i,l

)

=




x[ϕ]1,1
1,1 · · · x[ϕ]1,60000

1,1 x[ϕ]2,1
1,1 · · · x[ϕ]2,60000

1,1 x[ϕ]3,1
1,1 · · · x[ϕ]3,60000

1,1
...

. . .
...

...
. . .

...
...

. . .
...

x[ϕ]1,1
25,1 · · · x[ϕ]1,60000

25,1 x[ϕ]2,1
25,1 · · · x[ϕ]2,60000

25,1 x[ϕ]3,1
25,1 · · · x[ϕ]3,60000

25,1

x[ϕ]1,1
1,2 · · · x[ϕ]1,60000

1,2 x[ϕ]2,1
1,2 · · · x[ϕ]2,60000

1,2 x[ϕ]3,1
1,2 · · · x[ϕ]3,60000

1,2
...

. . .
...

...
. . .

...
...

. . .
...

x[ϕ]1,1
25,2 · · · x[ϕ]1,60000

25,2 x[ϕ]2,1
25,2 · · · x[ϕ]2,60000

25,2 x[ϕ]3,1
25,2 · · · x[ϕ]3,60000

25,2
...

. . .
...

...
. . .

...
...

. . .
...

x[ϕ]1,1
1,4 · · · x[ϕ]1,60000

1,4 x[ϕ]2,1
1,4 · · · x[ϕ]2,60000

1,4 x[ϕ]3,1
1,4 · · · x[ϕ]3,60000

1,4
...

. . .
...

...
. . .

...
...

. . .
...

x[ϕ]1,1
25,4 · · · x[ϕ]1,60000

25,4 x[ϕ]2,1
25,4 · · · x[ϕ]2,60000

25,4 x[ϕ]3,1
25,4 · · · x[ϕ]3,60000

25,4




∈ M100×180000(R),

(5.22)

donde ϕ = 1, . . . , 4 es la fase de actuación; k = 1, . . . , N (N = 3) identifica el sensor
que está midiendo; j = 1, . . . , L (L = 60000) indica la medición j-ésima; l = 1, . . . , E
(E = 4) representa el estado estructural que se mide; finalmente, i = 1, . . . , nl (nl = 25)
es la realización i-ésima relacionada con el estado estructural correspondiente.

Cuando se trabaja en el dominio de la frecuencia, las señales de respuesta medidas
en el dominio del tiempo se transforman utilizando el algoritmo de la transformada
rápida de Fourier (FFT, por sus siglas en inglés), y las características se extraen del
espectro para reducir la dimensión de los datos, dividiendo por dos y añadiendo
uno al número de componentes en cada señal. Por lo tanto, el número de columnas
de la matriz X[ϕ], ϕ = 1, . . . , 4, en el dominio de la frecuencia es igual a N · L =
3 · ((60000/2) + 1) = 90003 (aquí L = 30001). Por consiguiente, la matriz que recoge
todas las realizaciones bajo los diferentes estados estructurales en el dominio de la
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frecuencia se define como:

X[ϕ] =
(

x[ϕ]k,j
i,l

)

=




x[ϕ]1,1
1,1 · · · x[ϕ]1,30001

1,1 x[ϕ]2,1
1,1 · · · x[ϕ]2,30001

1,1 x[ϕ]3,1
1,1 · · · x[ϕ]3,30001

1,1
...

. . .
...

...
. . .

...
...

. . .
...

x[ϕ]1,1
25,1 · · · x[ϕ]1,30001

25,1 x[ϕ]2,1
25,1 · · · x[ϕ]2,30001

25,1 x[ϕ]3,1
25,1 · · · x[ϕ]3,30001

25,1

x[ϕ]1,1
1,2 · · · x[ϕ]1,30001

1,2 x[ϕ]2,1
1,2 · · · x[ϕ]2,30001

1,2 x[ϕ]3,1
1,2 · · · x[ϕ]3,30001

1,2
...

. . .
...

...
. . .

...
...

. . .
...

x[ϕ]1,1
25,2 · · · x[ϕ]1,30001

25,2 x[ϕ]2,1
25,2 · · · x[ϕ]2,30001

25,2 x[ϕ]3,1
25,2 · · · x[ϕ]3,30001

25,2
...

. . .
...

...
. . .

...
...

. . .
...

x[ϕ]1,1
1,4 · · · x[ϕ]1,30001

1,4 x[ϕ]2,1
1,4 · · · x[ϕ]2,30001

1,4 x[ϕ]3,1
1,4 · · · x[ϕ]3,30001

1,4
...

. . .
...

...
. . .

...
...

. . .
...

x[ϕ]1,1
25,4 · · · x[ϕ]1,30001

25,4 x[ϕ]2,1
25,4 · · · x[ϕ]2,30001

25,4 x[ϕ]3,1
25,4 · · · x[ϕ]3,30001

25,4




∈ M100×90003(R).

(5.23)

El procedimiento de detección y clasificación de los daños propuesto (Secciones 5.1
y 5.2) se puede aplicar a cada matriz X[ϕ], ϕ = 1, . . . , 4, (Ecuaciones (5.22) y (5.23)),
lo que lleva a una clasificación por cada fase de actuación. Sin embargo, también se
puede usar la concatenación horizontal de las cuatro matrices X[ϕ], ϕ = 1, . . . , 4, para
obtener la matriz

X[1, 2, 3, 4] =
[

X[1] X[2] X[3] X[4]
]
∈ M100×(4·180000)(R) =M100×720000(R) (5.24)

en el dominio del tiempo, y la matriz

X[1, 2, 3, 4] =
[

X[1] X[2] X[3] X[4]
]
∈ M100×(4·90003)(R) =M100×360012(R) (5.25)

en el dominio de la frecuencia.

Si a la matriz X[1, 2, 3, 4] (Ecuaciones (5.24) y (5.25)) se le aplica el método de detección
y clasificación de daños propuesto, se obtiene un único clasificador que combina las
cuatro fases se actuación, es decir, esto permite analizar los datos de todas las fases de
forma simultánea. También se puede usar cada fase de actuación como un clasificador
individual: cada fase emite un voto y la decisión final se basa en los cuatro votos
emitidos. Estas dos estrategias se explicarán en la Sección 5.3.5.

5.3.4. κ-fold non-exhaustive leave-p-out cross-validation

Se evalúa el enfoque propuesto comparando los datos de test, los nuevos experimen-
tos en estado desconocido bajo las mismas condiciones, con los datos de referencia,
los datos de la estructura bajo los cuatro estados estructurales.

Para mayor claridad, escribiremos X[Φ] para referirnos tanto a la matriz X[ϕ] (Ecua-
ciones (5.22) y (5.23)) como a la matriz X[1, 2, 3, 4] (Ecuaciones (5.24) y (5.25)). Algunas
filas de X[Φ] se usan como datos de referencia para construir el modelo y los grupos
o clústeres (υ = 5 filas por estado estructural), y las filas restantes se usan para la vali-
dación. En concreto, se realizan cinco iteraciones (κ = 5) de una κ-fold non-exhaustive
leave-p-out cross-validation, donde p = ∑E

i=1 (ni − υ) = n1 + n2 + n3 + n4 − υ · E = 80,
para estimar la precisión global y evitar el sobreajuste. Para cada estado estructural
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l = 1, . . . , E, se define la permutación σl :

σl : {1, 2, . . . , nl} → {1, 2, . . . , nl},
i→ σl(i).

En este caso particular, n1 = n2 = n3 = n4 = 25. Por lo tanto, en la primera iteración,
los datos de referencia para construir el modelo son la matriz:

X = S> · X[Φ], (5.26)

S =
[

eσ1(1) · · · eσ1(5) en1+σ2(1) · · · en1+σ2(5) · · · en1+n2+n3+σ4(1) · · · en1+n2+n3+σ4(5)

]
,

donde ej ∈ Rn1+n2+n3+n4 = R100 es el vector j-ésimo de la base canónica del espacio
vectorial Rn1+n2+n3+n4 = R100 y S ∈ M(n1+n2+n3+n4)×(ν·E)(R) es la matriz selectora.
La matriz X (Ecuación (5.26)) se crea seleccionando aleatoriamente υ = 5 filas por
cada estado estructural. Las ∑E

i=1 (ni − υ) = 80 filas de la matriz X[Φ] que no se
seleccionan para construir el modelo se usan para la validación.

En la iteración i-ésima, i = 1, . . . , κ, los datos de referencia para construir el modelo
son la matriz:

X = S> · X[Φ],

S =
[

eσ1(5(i−1)+1) · · · eσ1(5(i−1)+5) en1+σ2(5(i−1)+1) · · · en1+σ2(5(i−1)+5) · · ·

· · · en1+n2+n3+σ4(5(i−1)+1) · · · en1+n2+n3+σ4(5(i−1)+5)

]

Debido a que ∑E
i=1 (ni − υ) = 80 filas de la matriz X[Φ] se usan para la validación y a

que se realizan κ = 5 iteraciones, la suma de todos los elementos de las matrices de
confusión que se presentan en el Capítulo 6 es igual a

(
∑E

i=1 (ni − υ)
)
· κ = 400.

5.3.5. Detección y clasificación de los daños

En esta sección, se presentan dos estrategias para la detección y clasificación de los
daños:

(1) la clasificación se basa en una matriz única: X[1], X[2], X[3], X[4] (Ecuaciones
(5.22) y (5.23)) o X[1, 2, 3, 4] (Ecuaciones (5.24) y (5.25)), con una κ-fold non-
exhaustive leave-p-out cross-validation;

(2) la clasificación se basa teniendo en cuenta las cuatro matrices X[1], X[2], X[3] y
X[4] (Ecuaciones (5.22) y (5.23)), con una κ-fold non-exhaustive leave-p-out cross-
validation. Cada fase de actuación emite un voto para determinar la decisión
final.

En la primera estrategia, se siguen los siguientes siete pasos:

Paso 1. Los datos de la matriz X se estandarizan usando el MCGS para definir
una nueva matriz X̆.

Paso 2. El PCA se aplica a X̆ para obtener el modelo de PCA P.

Paso 3. El número ` ∈N de componentes principales se elige de modo que la
proporción de varianza explicada sea al menos del 95 %. Por lo tanto, el modelo
de PCA reducido es P`.
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Paso 4. Se necesita la observación z> de la estructura actual a diagnosticar:

z> ∈ R3·60000 = R180000 (dominio del tiempo)

z> ∈ R3·30001 = R90003 (dominio de la frecuencia)

para X[1], X[2], X[3] y X[4], o

z> ∈ R4·180000 = R720000 (dominio del tiempo)

z> ∈ R4·90003 = R360012 (dominio de la frecuencia)

para X[1, 2, 3, 4]. A continuación, el vector z> se estandariza como en la Ecuación
(5.19) para definir z̆>.

Paso 5 (t-SNE). El conjunto de datos X ′ se define como:

X ′ = {xi ∈ R` | i = 1, . . . , 21}, (5.27)

donde

xi = e>i X̆P`, i = 1, . . . , 20,

x21 = z̆>P`.

Posteriormente, el t-SNE se aplica a este conjunto de datos `-dimensional X ′
para encontrar una colección de puntos bidimensionales:

Y ′ = {yi ∈ R2 | i = 1, . . . , 21}.

Paso 5 (p-t-SNE). Del conjunto de datosX ′ (Ecuación (5.27)) se utilizan {x1, . . . , x20}
para entrenar la red y {x21} se pasa a través de la red entrenada.

A continuación, el P-t-SNE se aplica a X ′ para encontrar un conjunto de puntos
bidimensionales Y ′ = {y1, . . . , y20, y21} ⊂ R2. Por lo tanto, los datos incrusta-
dos se construyen utilizando la red entrenada: entrada X ′ y salida Y ′.
Paso 6. E = 4 grupos o clústeres se obtienen, que están relacionados con los
cuatro estados estructurales. Estos grupos o clústeres están formados por los
puntos

{y1, . . . , y5} ⊂ Y , relacionado con el estado saludable;

{y6, . . . , y10} ⊂ Y , relacionado con el daño 1;

{y11, . . . , y15} ⊂ Y , relacionado con el daño 2; y

{y16, . . . , y20} ⊂ Y , relacionado con el daño 3.

El centroide Yl , l = 1, . . . , E, asociado con el estado estructural l-ésimo se
calcula como en la Ecuación (5.21).

Paso 7. Finalmente, la estructura actual a diagnosticar se asocia con el estado
estructural l-ésimo si

l = arg mı́n
l=1,...,E

‖Yl − y21‖2.
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En la segunda estrategia, se siguen los 6 primeros pasos anteriores en cada una de
las cuatro matrices X[ϕ], ϕ = 1, . . . , 4, relacionadas con las cuatro fases de actuación.
Con la información proporcionada por las cuatro fases de actuación, se consideran
varios enfoques para finalmente clasificar la estructura que debe diagnosticarse. Uno
de estos enfoques, el voto mayoritario, se usa ampliamente en los esquemas de fusión
estándar (Tardy et al., 2019), así como en el voto mayoritario ponderado o soft voting.
Para los casos de estudio de este trabajo, se utiliza el voto mayoritario, así como un
enfoque basado en la suma de las inversas de las distancias entre los centroides y el
punto bidimensional, que de alguna manera está relacionado con el voto mayoritario
ponderado. Aquí están los detalles de ambos enfoques:

Voto mayoritario. En este caso, la estrategia de la distancia punto-centroide
más pequeña se aplica cuatro veces, una por cada fase de actuación. Por lo
tanto, se obtienen cuatro clasificaciones para diagnosticar una sola estructura,
es decir, cada fase de actuación actúa como un clasificador. La Figura 5.9 ilustra
esta idea para tres fases de actuación.

La estructura actual a diagnosticar en la fase de actuación ϕ-ésima, ϕ = 1, . . . , 4,
se asocia con el estado estructural lϕ-ésimo si

lϕ = arg mı́n
l=1,...,E

‖Y ϕ
l − y21

ϕ ‖2.

Vale la pena recordar que y21
ϕ ∈ R2 es el punto asociado con la observación de

la estructura actual a diagnosticar. La estructura finalmente se clasifica según
la clasificación más repetida. Es decir, la estructura actual a diagnosticar está
asociada con el estado estructural l-ésimo si

l = moda{l1, l2, l3, l4},

en el caso de un conjunto unimodal. En el caso de un conjunto bimodal, si los
dos valores modales son lα y lβ, la estructura actual a diagnosticar está asociada
con el estado estructural l-ésimo si

l = arg mı́n
l∈{lα,lβ}

4

∑
ϕ=1
‖Y ϕ

l − y21
ϕ ‖2.

Finalmente, si el conjunto {l1, l2, l3, l4} es un conjunto sin moda, la estructura se
asocia con el estado estructural l-ésimo si

l = arg mı́n
l=1,...,E

4

∑
ϕ=1
‖Y ϕ

l − y21
ϕ ‖2.

Suma de las inversas de las distancias. En este caso, para un estado estructural
dado, sumamos el inverso de las distancias entre los centroides Y ϕ

l y el punto
y21

ϕ para todas las fases de actuación ϕ = 1, . . . , 4. El estado estructural asignado
es el que obtiene la suma más alta. De manera específica, la estructura actual a
diagnosticar está asociada con el estado estructural l-ésimo si

l = arg máx
l=1,...,E

4

∑
ϕ=1

1
‖Y ϕ

l − y21
ϕ ‖2

.
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Cabe destacar que los argumentos del máximo de la suma de las inversas de las
distancias son equivalentes a los argumentos del mínimo de la media armónica
de estas distancias. Concretamente, para un estado estructural dado, la media
armónica de las distancias entre los centroides Y ϕ

l y el punto y21
ϕ para todas las

fases de actuación ϕ = 1, . . . , 4 es

1

1
4

4

∑
ϕ=1

1
‖Y ϕ

l − y21
ϕ ‖2

.

Por lo tanto,

l = arg máx
l=1,...,E

4

∑
ϕ=1

1
‖Y ϕ

l − y21
ϕ ‖2

= arg mı́n
l=1,...,E

1

1
4

4

∑
ϕ=1

1
‖Y ϕ

l − y21
ϕ ‖2

.

Mehta et al., 2018 también usan la distancia armónica para definir una técnica
de clasificación de patrones similar al k-nearest neighbor classifier. La Figura 5.10
ilustra la idea de la suma de las inversas de las distancias para tres fases de
actuación.

structural state #1

structural state #2

structural state #3

smallest point-centroid

distance

?

structural state #1

structural state #2

structural state #3

smallest point-centroid

distance

?

structural state #1

structural state #2

structural state #3

smallest point-centroid

distance

?

actuation phase #1 actuation phase #2 actuation phase #3

actuation

phase #1

actuation

phase #2

actuation

phase #3

majority

voting

FIGURA 5.9: En el voto mayoritario, la estrategia de la distancia punto-
centroide más pequeña se realiza por cada fase de actuación. La es-
tructura actual a diagnosticar se asocia con el estado estructural más

votado.
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structural state #1

structural state #2

structural state #3
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?

structural state #1

?

structural state #1

structural state #3
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actuation phase #1 actuation phase #2 actuation phase #3

harmonic mean

harmonic mean

harmonic mean

harmonic mean

harmonic mean

?

minimum

structural state #3

structural state #2 structural state #2

FIGURA 5.10: En el enfoque de la suma de las inversas de las distancias,
la estructura actual a diagnosticar se asocia con el estado estructural
con la media armónica mínima de las distancias entre los centroides
(los puntos con un trazo gris) y el punto (los puntos con un signo de

interrogación).
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Capítulo 6

Discusión global de los resultados

A continuación, se presentan los resultados más relevantes que aparecen en el conte-
nido de los artículos que constituyen esta tesis doctoral.

Los resultados del método de detección y clasificación de cambios estructurales
(introducido en las Secciones 5.1 y 5.2 y detallado en las Secciones 5.3.3–5.3.5) son
presentados en términos de matrices de confusión para cada uno de los tres escenarios
definidos en la Sección 5.3.2. Las celdas de la matriz de confusión de fondo verde
corresponden a las observaciones que están clasificadas correctamente, mientras
que las celdas de fondo rojo representan las clasificaciones erróneas. La intensidad
del color (verde o rojo) está relacionada con la proporción de decisiones correctas o
incorrectas (a mayor intensidad, mayor proporción).

En cada escenario, se consideran cuatro estados estructurales diferentes. El primer
estado estructural es el estado saludable, es decir, la placa de aluminio sin daño
(denotado como D0, de Damage 0). El segundo, tercer y cuarto estado estructural
corresponden a la placa con un daño simulado de manera no destructiva por una
masa añadida en las posiciones indicadas en las Figuras 5.7(a) y 5.7(b) (denotados
como D1, D2 y D3, respectivamente).

Para validar este método de detección y clasificación de cambios estructurales, se rea-
lizan cinco iteraciones (κ = 5) de un κ−fold non-exhaustive leave-p-out cross-validation
(p = 80) como se describe en la Sección 5.3.4. En cada iteración, se consideran 80 obser-
vaciones, más concretamente 20 observaciones de cada estado estructural (D0, D1, D2
y D3). Por este motivo, la suma de todos los elementos de cada matriz de confusión
es igual a κ · p = 5 · 80 = 400.

Las diferentes matrices de confusión que se presentan son:

Fase de actuación 1, 2, 3 ó 4. El método de detección y clasificación se aplica a
una única matriz individual, X[1], X[2], X[3] ó X[4] (Ecuaciones (5.22) y (5.23)),
utilizando la distancia punto-centroide más pequeña.

Fases de actuación 1–4. El método de detección y clasificación se aplica a una
matriz individual formada por la concatenación horizontal de las cuatro matri-
ces X[ϕ], ϕ = 1, . . . , 4, es decir, X[1, 2, 3, 4] (Ecuaciones (5.24) y (5.25)), utilizando
la distancia punto-centroide más pequeña.

Voto mayoritario. El método de detección y clasificación se aplica a cada una
de las cuatro matrices X[ϕ], ϕ = 1, . . . , 4. Cada fase de actuación emite un voto,
utilizando la distancia punto-centroide más pequeña, y la decisión final se toma
según el voto mayoritario (Sección 5.3.5).
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Suma de las inversas de las distancias. El método de detección y clasificación
se aplica a cada una de las cuatro matrices X[ϕ], ϕ = 1, . . . , 4. Cada fase de
actuación emite un voto y la decisión final se toma en base a la suma máxima
de las inversas de las distancias (Sección 5.3.5).

Todos los análisis se realizan con el programa matemático MATLAB versiones R2018b
y R2019b.

6.1. Artículo 1

6.1.1. Escenario 1

En este escenario, se utiliza un cable corto (0,5 m) y las señales medidas se filtran con
un algoritmo Savitzky–Golay. Las tablas 6.1 y 6.2 muestran las matrices de confusión
obtenidas. Cuando la decisión se basa en una única fase de actuación (Tabla 6.1),
la precisión global es bastante buena: 396 y 397 observaciones de 400 se clasifican
correctamente en las fases de actuación 1 y 3, respectivamente, que corresponde a
una precisión global del 99 % (fase de actuación 1) y del 99,25 % (fase de actuación
3). Cuando las cuatro fases de actuación se tienen en cuenta (fases de actuación
1–4 (Ecuación (5.24)), voto mayoritario y suma de las inversas de las distancias), se
alcanza una precisión global del 100 %, como se muestra en la Tabla 6.2.

En este escenario, que es el más favorable desde el punto de vista de los resultados
obtenidos, la detección y clasificación de daños basadas sólo en el PCA también
funcionan bien. Sin embargo, la precisión global se reduce hasta el 94,5 % (Tabla 6.3).
Esta es la primera indicación de que los grupos o clústeres creados a partir de la
combinación PCA más t-SNE tienen una mejor calidad que los grupos o clústeres
creados sólo con el PCA.

TABLA 6.1: Matriz de confusión de la aplicación del procedimiento de
detección y clasificación de daños basado en el t-SNE (Escenario 1),

cuando las fases de actuación se usan individualmente.

Fase de actuación 1 Fase de actuación 3

Real

Predicho
D0 D1 D2 D3 D0 D1 D2 D3

D0 96 0 2 2 99 0 0 1

D1 0 100 0 0 0 100 0 0

D2 0 0 100 0 1 0 98 1

D3 0 0 0 100 0 0 0 100

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

6.1.2. Escenario 2

En este caso, se utiliza un cable corto (0,5 m) y las señales medidas no se filtran. Las
tablas 6.4 y 6.5 muestran los resultados obtenidos. Cuando la decisión se basa en una
única fase de actuación (Tabla 6.4), la precisión global es bastante remarcable: 382
observaciones de 400 se han clasificado correctamente en la fase de actuación 1, lo que
corresponde a una precisión global del 95,5 %; en la fase de actuación 3 y cuando las
cuatro fases de actuación se tienen en cuenta (fases de actuación 1–4 (Ecuación (5.24)),
voto mayoritario y suma de las inversas de las distancias), se logra una precisión
global del 100 % (Tablas 6.4 y 6.5).
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TABLA 6.2: Matriz de confusión de la aplicación del procedimiento de
detección y clasificación de daños basado en el t-SNE (Escenario 1),

cuando las cuatro fases de actuación se tienen en cuenta.

Fases 1–4 Voto mayoritario Distancias inversas

Real

Predicho
D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 100 0 0 0 100 0 0 0 100 0 0 0

D1 0 100 0 0 0 100 0 0 0 100 0 0

D2 0 0 100 0 0 0 100 0 0 0 100 0

D3 0 0 0 100 0 0 0 100 0 0 0 100

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

TABLA 6.3: Matriz de confusión de la aplicación del procedimiento
de detección y clasificación de daños basado en el PCA (Escenario 1),

cuando las fases de actuación se usan individualmente.

Fase de actuación 1 Fase de actuación 3

Real

Predicho
D0 D1 D2 D3 D0 D1 D2 D3

D0 78 0 0 22 100 0 0 0

D1 0 100 0 0 0 100 0 0

D2 0 0 100 0 2 0 78 20

D3 0 0 0 100 0 0 0 100

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

Por otro lado, los resultados de la detección y clasificación de daños basados en el
t-SNE (PCA más t-SNE) se comparan con los del método basado simplemente en el
PCA. En este último caso, 289 observaciones de 400 se han clasificado correctamente
en la fase de actuación 1 (Tabla 6.6). Esto corresponde a una precisión global del
72,25 %. Como se puede observar, la detección y clasificación de daños basadas en el
t-SNE, con una precisión global del 95,5 % (Tabla 6.4), supera claramente al enfoque
basado sólo en el PCA. Además, en el método basado sólo en el PCA y en la fase
de actuación 1 (Tabla 6.6), la tasa de falsos positivos (FPR, por sus siglas en inglés)
—definida como la relación de falsos positivos del número total de negativos— es del
49/100 = 49 %, lo cual es insatisfactorio. Del mismo modo, la tasa de falsos negativos
(FNR, por sus siglas en inglés) —la relación de falsos negativos del número total
de positivos— es del 34/300 = 11,3 %. Para calcular la FNR, los tres tipos de daño
(D1, D2 y D3) se consideran como una sola categoría, se consideran como lo opuesto
al estado saludable de la estructura.

6.1.3. Escenario 3

En los dos escenarios anteriores, se utiliza un cable corto de 0,5 m. Sin embargo, en
este caso, las señales se adquieren utilizando un cable largo de 2,5 m. Las Tablas
6.7 y 6.8 muestran las matrices de confusión. Cuando la decisión se basa en una
única fase de actuación (Tabla 6.7), la precisión global disminuye significativamente
en comparación con el Escenario 1 y el Escenario 2. Específicamente, 244 y 280
observaciones de 400 se han clasificado correctamente en las fases de actuación 1
(precisión global del 61 %) y 3 (precisión global del 70 %), respectivamente. En la
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TABLA 6.4: Matriz de confusión de la aplicación del procedimiento de
detección y clasificación de daños basado en el t-SNE (Escenario 2),

cuando las fases de actuación se usan individualmente.

Fase de actuación 1 Fase de actuación 3

Real

Predicho
D0 D1 D2 D3 D0 D1 D2 D3

D0 82 6 12 0 100 0 0 0

D1 0 100 0 0 0 100 0 0

D2 0 0 100 0 0 0 100 0

D3 0 0 0 100 0 0 0 100

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

TABLA 6.5: Matriz de confusión de la aplicación del procedimiento de
detección y clasificación de daños basado en el t-SNE (Escenario 2),

cuando las cuatro fases de actuación se tienen en cuenta.

Fases 1–4 Voto mayoritario Distancias inversas

Real

Predicho
D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 100 0 0 0 100 0 0 0 100 0 0 0

D1 0 100 0 0 0 100 0 0 0 100 0 0

D2 0 0 100 0 0 0 100 0 0 0 100 0

D3 0 0 0 100 0 0 0 100 0 0 0 100

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

TABLA 6.6: Matriz de confusión de la aplicación del procedimiento
de detección y clasificación de daños basado en el PCA (Escenario 2),

cuando las fases de actuación se usan individualmente.

Fase de actuación 1 Fase de actuación 3

Real

Predicho
D0 D1 D2 D3 D0 D1 D2 D3

D0 51 8 40 1 100 0 0 0

D1 4 76 20 0 0 100 0 0

D2 26 2 70 2 0 0 100 0

D3 4 0 4 92 0 0 0 100

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

fase de actuación 1, la FPR es del 50 % y la FNR es del 16 %, siendo ambos valores
inaceptables.

El potencial de los enfoques donde se tienen en cuenta las cuatro fases de actuación
se puede observar en este último escenario (ver Tabla 6.8):

Cuando las cuatro fases de actuación se fusionan en una única matriz (Ecuación
(5.24)), 354 observaciones de 400 se clasifican correctamente, lo que representa
una precisión global del 88,5 %, una FPR del 14 % y una FNR del 4 %.

Cuando cada fase de actuación emite un voto y se toma una decisión final
utilizando la estrategia del voto mayoritario, la precisión global aumenta hasta
el 91,25 %, la FPR se reduce hasta el 2 % y la FNR se incrementa ligeramente
hasta el 6 %.
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Finalmente, cuando cada fase de actuación emite un voto y se toma una decisión
final utilizando la estrategia de la suma de las inversas de las distancias, la
precisión global aumenta hasta el 97 % y la FPR y la FNR se reducen ambas
significativamente hasta el 1 %.

La Tabla 6.9 resume los valores para la precisión global, la FPR y la FNR en este
escenario.

TABLA 6.7: Matriz de confusión de la aplicación del procedimiento de
detección y clasificación de daños basado en el t-SNE (Escenario 3),

cuando las fases de actuación se usan individualmente.

Fase de actuación 1 Fase de actuación 3

Real

Predicho
D0 D1 D2 D3 D0 D1 D2 D3

D0 50 6 19 25 93 1 3 3

D1 19 66 11 4 16 50 23 11

D2 14 3 73 10 5 19 70 6

D3 15 9 21 55 0 23 10 67

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

TABLA 6.8: Matriz de confusión de la aplicación del procedimiento de
detección y clasificación de daños basado en el t-SNE (Escenario 3),

cuando las cuatro fases de actuación se tienen en cuenta.

Fases 1–4 Voto mayoritario Distancias inversas

Real

Predicho
D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 86 1 7 6 98 0 0 2 99 0 1 0

D1 8 88 4 0 12 85 2 1 1 99 0 0

D2 1 8 89 2 6 2 90 2 1 1 95 3

D3 3 4 2 91 0 3 5 92 1 2 2 95

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

TABLA 6.9: Precisión global, FPR y FNR de la aplicación del proce-
dimiento de detección y clasificación de daños basado en el t-SNE
(Escenario 3), cuando las fases de actuación se usan de forma indivi-

dual y cuando se tienen en cuenta las cuatro.

Precisión global FPR FNR

Fase de actuación 1 61,0 % 50,0 % 16,0 %

Fase de actuación 3 70,0 % 7,0 % 7,0 %

Fases 1-4 88,5 % 14,0 % 4,0 %

Voto mayoritario 91,3 % 2,0 % 6,0 %

Distancias inversas 97,0 % 1,0 % 1,0 %
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6.2. Artículo 2

6.2.1. Escenario 1

Se recuerda que en este escenario se utiliza un cable corto de 0,5 m y que las señales
medidas se filtran con un algoritmo Savitzky–Golay. Las matrices de confusión
obtenidas se pueden encontrar en las Tablas 6.10 y 6.11. Cuando la decisión se basa
en una única fase de actuación (Tabla 6.10), la precisión global es bastante buena: 397
(fase de actuación 1), 399 (fase de actuación 2), 395 (fase de actuación 3) y 397 (fase de
actuación 4) observaciones de 400 se han clasificado correctamente, lo que representa
una precisión globlal del 99,25 %, 99,75 %, 98,75 % y 99,25 %, respectivamente. Cuando
las cuatro fases de actuación se tienen en cuenta (fases de actuación 1–4 (Ecuación
(5.25)), voto mayoritario y suma de las inversas de las distancias), se logra una
precisión global del 99 %− 100 % (Tabla 6.11).

TABLA 6.10: Matriz de confusión de la aplicación del procedimiento
de detección y clasificación de daños basado en t-SNE (Escenario 1),
en el dominio de la frecuencia. Las filas representan los valores reales,

mientras que las columnas representan los valores predichos.

Fase de actuación 1 Fase de actuación 2 Fase de actuación 3 Fase de actuación 4

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 97 0 2 1 100 0 0 0 100 0 0 0 100 0 0 0

D1 0 100 0 0 0 100 0 0 0 100 0 0 0 100 0 0

D2 0 0 100 0 0 0 100 0 3 0 96 1 0 0 98 2

D3 0 0 0 100 0 0 1 99 1 0 0 99 0 0 1 99

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

TABLA 6.11: Matriz de confusión de la aplicación del procedimiento
de detección y clasificación de daños basado en t-SNE (Escenario 1),
cuando las cuatro fases de actuación se tienen en cuenta, en el dominio

de la frecuencia.

Fases 1–4 Voto mayoritario Distancias inversas

Real

Predicho
D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 100 0 0 0 100 0 0 0 100 0 0 0

D1 0 99 1 0 0 100 0 0 0 100 0 0

D2 1 0 99 0 0 0 100 0 0 0 100 0

D3 0 0 0 100 0 0 0 100 0 0 0 100

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

6.2.2. Escenario 2

Se recuerda que en este escenario se utiliza un cable corto de 0,5 m y que no se
filtran las señales medidas. Las diferentes matrices de confusión se presentan en
las Tablas 6.12 y 6.13. Cuando la decisión se basa en una única fase de actuación
(Tabla 6.12), la precisión global es sobresaliente: en las fases de actuación 1, 2 y 3,
todas las observaciones se clasifican correctamente (precisión global del 100 %); en
la fase de actuación 4, 399 observaciones de 400 se clasifican correctamente, es decir,
se obtiene una precisión global del 99,75 %. Cuando las cuatro fases de actuación se
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tienen en cuenta (fases de actuación 1–4 (Ecuación (5.25)), voto mayoritario y suma
de las inversas de las distancias), se alcanza una precisión global del 100 % (Tabla
6.13).

TABLA 6.12: Matriz de confusión de la aplicación del procedimiento
de detección y clasificación de daños basado en t-SNE (Escenario 2),
en el dominio de la frecuencia. Las filas representan los valores reales,

mientras que las columnas representan los valores predichos.

Fase de actuación 1 Fase de actuación 2 Fase de actuación 3 Fase de actuación 4

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 100 0 0 0 100 0 0 0 100 0 0 0 100 0 0 0

D1 0 100 0 0 0 100 0 0 0 100 0 0 0 100 0 0

D2 0 0 100 0 0 0 100 0 0 0 100 0 0 0 100 0

D3 0 0 0 100 0 0 0 100 0 0 0 100 0 0 1 99

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

TABLA 6.13: Matriz de confusión de la aplicación del procedimiento
de detección y clasificación de daños basado en t-SNE (Escenario 2),
cuando las cuatro fases de actuación se tienen en cuenta, en el dominio

de la frecuencia.

Fases 1–4 Voto mayoritario Distancias inversas

Real

Predicho
D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 100 0 0 0 100 0 0 0 100 0 0 0

D1 0 100 0 0 0 100 0 0 0 100 0 0

D2 0 0 100 0 0 0 100 0 0 0 100 0

D3 0 0 0 100 0 0 0 100 0 0 0 100

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

6.2.3. Escenario 3

En este escenario, las señales se adquieren utilizando un cable largo de 2,5 m. Las
Tablas 6.14 y 6.15 incluyen las matrices de confusión obtenidas. Cuando la decisión
se basa en una única fase de actuación (Tabla 6.14), la precisión global también es
bastante buena: 384 (fase de actuación 1), 395 (fase de actuación 2), 395 (fase de
actuación 3) y 398 (fase de actuación 4) observaciones de 400 se han clasificado
correctamente, lo que representa una precisión global del 96 %, 98,75 %, 98,75 % y
99,5 %, respectivamente. Cuando las cuatro fases de actuación se tienen en cuenta
(fases de actuación 1–4 (Ecuación (5.25)), voto mayoritario y suma de las inversas de
las distancias), se logra una precisión global del 99,5 %− 100 % (Tabla 6.15).

En este último escenario, al igual que en el artículo anterior, se puede observar el
potencial de los enfoques donde se utilizan las cuatro fases de actuación (Tabla 6.15):

Cuando las cuatro fases de actuación se juntan en una única matriz como en
la Ecuación (5.25), 398 observaciones de 400 se clasifican correctamente, lo que
representa una precisión global del 99,5 %.

Cuando cada fase de actuación emite un voto y se toma una decisión final
basada en el voto mayoritario, la precisión global aumenta hasta el 100 %.
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Finalmente, cuando cada fase de actuación emite un voto y se toma una decisión
final basada en la suma de las inversas de las distancias, la precisión global
también aumenta hasta 100 %.

También, en este tercer escenario, los resultados en el dominio de la frecuencia se
comparan con los resultados obtenidos en el dominio del tiempo. En el dominio del
tiempo, cuando la decisión se basa en una única fase de actuación (Tabla 6.16), 244
(fase de actuación 1), 398 (fase de actuación 2), 280 (fase de actuación 3) y 277 (fase
de actuación 4) observaciones de 400 se clasifican correctamente. Esto representa
una precisión global del 61 %, 99,5 %, 70 % y 69,25 %, respectivamente. Claramente,
la estrategia en el dominio de la frecuencia, cuya precisión global fluctúa entre el
96 % y el 99,5 % (Tabla 6.14), supera al enfoque en el dominio del tiempo. Además,
la FPR y FNR son claramente insatisfactorias en el dominio del tiempo. Sin embar-
go, en el dominio de la frecuencia, la FPR y la FNR se reducen significativamente
hasta valores cercanos al 0 %. En el dominio del tiempo, cuando las cuatro fases de
actuación se tienen en cuenta (Tabla 6.17), la precisión global es del 88,5 % (fases de
actuación 1–4), del 91,25 % (voto mayoritario) y del 97 % (suma de las inversas de las
distancias), mientras que la precisión global se incrementa hasta el 99,5 %, 100 % y
100 %, respectivamente, en el dominio de la frecuencia. Al mismo tiempo, la FPR y la
FNR se reducen hasta el 0 % en el dominio de la frecuencia, mientras que aumentan
ligeramente en el dominio del tiempo. Todo esto indica que la calidad de los grupos
o clústeres creados en el dominio de la frecuencia es mejor que la obtenida en el
dominio del tiempo. La Tabla 6.18 resume los valores de la precisión global, de la FPR
y de la FNR en este escenario, en ambos dominios, tiempo y frecuencia.

TABLA 6.14: Matriz de confusión de la aplicación del procedimiento
de detección y clasificación de daños basado en t-SNE (Escenario 3),
en el dominio de la frecuencia. Las filas representan los valores reales,

mientras que las columnas representan los valores predichos.

Fase de actuación 1 Fase de actuación 2 Fase de actuación 3 Fase de actuación 4

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 98 2 0 0 99 0 1 0 100 0 0 0 100 0 0 0

D1 6 90 2 2 0 99 1 0 0 95 5 0 1 99 0 0

D2 1 1 97 1 0 1 97 2 0 0 100 0 0 0 100 0

D3 0 1 0 99 0 0 0 100 0 0 0 100 0 0 1 99

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

TABLA 6.15: Matriz de confusión de la aplicación del procedimiento
de detección y clasificación de daños basado en t-SNE (Escenario 3),
cuando las cuatro fases de actuación se tienen en cuenta, en el dominio

de la frecuencia.

Fases 1–4 Voto mayoritario Distancias inversas

Real

Predicho
D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 100 0 0 0 100 0 0 0 100 0 0 0

D1 0 99 0 1 0 100 0 0 0 100 0 0

D2 0 1 99 0 0 0 100 0 0 0 100 0

D3 0 0 0 100 0 0 0 100 0 0 0 100

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.



6.2. Artículo 2 47

TABLA 6.16: Matriz de confusión de la aplicación del procedimiento de
detección y clasificación de daños basado en t-SNE (Escenario 3), en el
dominio del tiempo. Las filas representan los valores reales, mientras

que las columnas representan los valores predichos.

Fase de actuación 1 Fase de actuación 2 Fase de actuación 3 Fase de actuación 4

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 50 6 19 25 100 0 0 0 93 1 3 3 53 21 1 25

D1 19 66 11 4 0 100 0 0 16 50 23 11 17 61 2 20

D2 14 3 73 10 0 1 98 1 5 19 70 6 5 3 76 16

D3 15 9 21 55 0 0 0 100 0 23 10 67 10 3 0 87

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

TABLA 6.17: Matriz de confusión de la aplicación del procedimiento
de detección y clasificación de daños basado en t-SNE (Escenario 3),
cuando las cuatro fases de actuación se tienen en cuenta, en el dominio

del tiempo.

Fases 1–4 Voto mayoritario Distancias inversas

Real

Predicho
D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 86 1 7 6 98 0 0 2 99 0 1 0

D1 8 88 4 0 12 85 2 1 1 99 0 0

D2 1 8 89 2 6 2 90 2 1 1 95 3

D3 3 4 2 91 0 3 5 92 1 2 2 95

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

TABLA 6.18: Precisión global, FPR y FNR de la aplicación del proce-
dimiento de detección y clasificación de daños basado en el t-SNE
(Escenario 3), cuando las cuatro fases de actuación se usan de forma
individual y cuando se tienen en cuenta las cuatro, en ambos dominios,

tiempo y frecuencia.

Precisión global FPR FNR

Tiempo Frecuencia Tiempo Frecuencia Tiempo Frecuencia

Fase de actuación 1 61,0 % 96,0 % 50,0 % 2,0 % 16,0 % 2,3 %

Fase de actuación 2 99,5 % 98,8 % 0,0 % 1,0 % 0,0 % 0,0 %

Fase de actuación 3 70,0 % 98,8 % 7,0 % 0,0 % 7,0 % 0,0 %

Fase de actuación 4 69,3 % 99,5 % 47,0 % 0,0 % 10,7 % 0,3 %

Fases 1-4 88,5 % 99,5 % 14,0 % 0,0 % 4,0 % 0,0 %

Voto mayoritario 91,3 % 100,0 % 2,0 % 0,0 % 6,0 % 0,0 %

Distancias inversas 97,0 % 100,0 % 1,0 % 0,0 % 1,0 % 0,0 %

6.2.4. Ejemplo ilustrativo de clasificación

Como ejemplo ilustrativo, se incluye en la Figura 6.1 los grupos o clústeres formados
por los diferentes estados estructurales en el Escenario 3 después de aplicar el método
basado en el t-SNE. En esta figura, el diamante representa la estructura a diagnosticar.
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Se puede observar como el método separa claramente los cuatro estados estructurales
y como el diamante, que es un daño 3, está cerca del grupo con el daño 3.

Baseline-D0

Baseline-D1

Baseline-D2

Baseline-D3

Test (D3)

FIGURA 6.1: Los grupos o clústeres formados por los diferentes estados
estructurales después de la aplicación del procedimiento de detección
y clasificación de daños basado en el t-SNE (Escenario 3). El diamante

representa la estructura a diagnosticar.

6.3. Artículo 3

6.3.1. Escenario 1

Las Tablas 6.19 y 6.20 muestran las matrices de confusión obtenidas. Por un lado,
con el P-t-SNE y la estrategia del voto mayoritario (Tabla 6.19), la precisión global
obtenida es muy buena: 398 de 400 observaciones se han clasificado correctamente, lo
que corresponde a una precisión global del 99,5 %. Y por otro lado, con el t-SNE y la
estrategia del voto mayoritario (Tabla 6.19), la precisión global alcanzada es del 100 %.
Utilizando la estrategia de la suma de las inversas de las distancias (Tabla 6.20) para
la clasificación de daños basada en el P-t-SNE, 399 de 400 observaciones se clasifican
correctamente (99,75 % de precisión); mientras que haciendo uso del t-SNE, todas las
observaciones son clasificadas correctamente (100 % de precisión).

Además, en este estudio, se calculan otras métricas, las más comunes para elegir la
mejor solución en un problema de clasificación binaria:

Precisión, definida como la proporción de resultados verdaderos entre el número
total de casos examinados.

Valor predictivo positivo (PPV, por sus siglas en inglés), definida como la pro-
porción de verdaderos positivos contra todos los resultados positivos (tanto
verdaderos positivos, como falsos positivos).

Tasa positiva verdadera (TPR, por sus siglas en inglés), mide la proporción de
positivos verdaderos que se identifican correctamente como tales.

F1 score, definido como la media armónica del PPV y la TPR.

Tasa negativa verdadera (TNR, por sus siglas en inglés), mide la proporción de
negativos verdaderos que se identifican correctamente como tales.
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Estas métricas son fáciles de calcular para problemas de clasificación binaria y multi-
clase (Hossin, 2015). Cuando el problema de clasificación es multiclase, como lo es el
presente estudio, de acuerdo con Krüger, 2016 y Hameed et al., 2019, el resultado es el
promedio obtenido al sumar el resultado de cada clase y dividirlo por el número total
de clases. En todos los casos (P-t-SNE, t-SNE, voto mayoritario y suma de las inversas
de las distancias), estas cinco métricas varían entre el 99,5 % y el 100 % (Tablas 6.21 y
6.22).

Como se puede observar, los enfoques paramétrico y no paramétrico obtienen prác-
ticamente los mismos resultados. Sin embargo, el P-t-SNE reduce drásticamente el
tiempo de procesamiento: se pasa de 40 minutos y 15 segundos (t-SNE) a 2 minutos y
34 segundos (P-t-SNE) en un ordenador Intel Core i7 4.20 GHz con 32 GB de RAM.
Usando el P-t-SNE, se toma una decisión en tan sólo unos pocos milisegundos. El
tiempo reducido (2 minutos y 34 segundos) incluye tanto el preentrenamiento como la
sintonización fina de la NN, así como la clasificación del estado actual de la estructura.
El coste computacional total del P-t-SNE se reduce aproximadamente en un 94 %, en
comparación con el t-SNE.

TABLA 6.19: Matriz de confusión de la aplicación del método de
detección y clasificación de daños basado en el P-t-SNE y el t-SNE

(Escenario 1), estrategia del voto mayoritario.

P-t-SNE t-SNE

Real

Predicho
D0 D1 D2 D3 D0 D1 D2 D3

D0 100 0 0 0 100 0 0 0

D1 0 100 0 0 0 100 0 0

D2 0 0 100 0 0 0 100 0

D3 0 0 2 98 0 0 0 100

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

TABLA 6.20: Matriz de confusión de la aplicación del método de
detección y clasificación de daños basado en el P-t-SNE y el t-SNE
(Escenario 1), estrategia de la suma de las inversas de las distancias.

P-t-SNE t-SNE

Real

Predicho
D0 D1 D2 D3 D0 D1 D2 D3

D0 100 0 0 0 100 0 0 0

D1 0 100 0 0 0 100 0 0

D2 0 0 99 1 0 0 100 0

D3 0 0 0 100 0 0 0 100

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

6.3.2. Escenario 3

Las tablas 6.23 y 6.24 muestran las diferentes matrices de confusión obtenidas. Con el
P-t-SNE y la estrategia del voto mayoritario (Tabla 6.23), la precisión global también
es muy buena: 398 de 400 observaciones son clasificadas correctamente, es decir, la
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TABLA 6.21: Precisión, PPV, TPR, F1 score y TNR de la aplicación del
método de detección y clasificación de daños basado en el P-t-SNE y

el t-SNE (Escenario 1), estrategia del voto mayoritario.

P-t-SNE t-SNE

Precisión 99,8 % 100,0 %

PPV 99,5 % 100,0 %

TPR 99,5 % 100,0 %

F1 score 99,5 % 100,0 %

TNR 99,8 % 100,0 %

TABLA 6.22: Precisión, PPV, TPR, F1 score y TNR de la aplicación del
método de detección y clasificación de daños basado en el P-t-SNE
y el t-SNE (Escenario 1), estrategia de la suma de las inversas de las

distancias.

P-t-SNE t-SNE

Precisión 99,9 % 100,0 %

PPV 99,8 % 100,0 %

TPR 99,8 % 100,0 %

F1 score 99,7 % 100,0 %

TNR 99,9 % 100,0 %

precisión global es del 99,5 %. En cambio, con el t-SNE y el voto mayoritario (Tabla
6.23), la precisión global es del 100 %. Usando la suma de las inversas de las distancias
para tomar una decisión final (Tabla 6.24), 399 de 400 observaciones se clasifican
correctamente con el P-t-SNE (precisión global del 99,75 %); con el t-SNE, la totalidad
de las observaciones se clasifican correctamente (precisión global del 100 %).

En el enfoque no paramétrico (t-SNE), utilizando ambas estrategias (el voto mayori-
tario y la suma de las inversas de las distancias), las cinco métricas presentadas en la
Sección 6.3.1 (precisión, PPV, TPR, F1 score y TNR) alcanzan el 100 %. En cambio, en
el enfoque paramétrico (P-t-SNE), estas métricas disminuyen ligeramente, entre un
0,1 % y un 0,5 % (Tablas 6.25 y 6.26).

Nuevamente, como en el escenario 1, los métodos paramétrico y no paramétrico
obtienen resultados similares. Sin embargo, como antes, el enfoque del P-t-SNE
reduce drásticamente el tiempo de procesamiento: de 42 minutos y 1 segundo (t-
SNE) se pasa a 2 minutos y 32 segundos (P-t-SNE). Como en el escenario anterior, el
coste computacional total del P-t-SNE se reduce aproximadamente en un 94 %, en
comparación con el t-SNE.
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TABLA 6.23: Matriz de confusión de la aplicación del método de
detección y clasificación de daños basado en el P-t-SNE y el t-SNE

(Escenario 3), estrategia del voto mayoritario.

P-t-SNE t-SNE

Real

Predicho
D0 D1 D2 D3 D0 D1 D2 D3

D0 100 0 0 0 100 0 0 0

D1 1 99 0 0 0 100 0 0

D2 1 0 99 0 0 0 100 0

D3 0 0 0 100 0 0 0 100

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

TABLA 6.24: Matriz de confusión de la aplicación del método de
detección y clasificación de daños basado en el P-t-SNE y el t-SNE
(Escenario 3), estrategia de la suma de las inversas de las distancias.

P-t-SNE t-SNE

Real

Predicho
D0 D1 D2 D3 D0 D1 D2 D3

D0 100 0 0 0 100 0 0 0

D1 1 99 0 0 0 100 0 0

D2 0 0 100 0 0 0 100 0

D3 0 0 0 100 0 0 0 100

D0: estado saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

TABLA 6.25: Precisión, PPV, TPR, F1 score y TNR de la aplicación del
método de detección y clasificación de daños basado en el P-t-SNE y

el t-SNE (Escenario 3), estrategia del voto mayoritario.

P-t-SNE t-SNE

Precisión 99,8 % 100,0 %

PPV 99,5 % 100,0 %

TPR 99,5 % 100,0 %

F1 score 99,5 % 100,0 %

TNR 99,8 % 100,0 %

6.3.3. Repetibilidad

En este artículo, se realiza un estudio de repetibilidad: se utilizan las barras de
error para dar una idea general de la incertidumbre en los resultados. La Figura 6.2
muestra la media de cada estado estructural con barras de error que representan el
error estándar. Como se puede ver, tanto en la Figura 6.2 como en las Tablas 6.27–6.30,
el error estándar es muy pequeño cuando se repite el procedimiento 10 veces.
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TABLA 6.26: Precisión, PPV, TPR, F1 score y TNR de la aplicación del
método de detección y clasificación de daños basado en el P-t-SNE
y el t-SNE (Escenario 3), estrategia de la suma de las inversas de las

distancias.

P-t-SNE t-SNE

Precisión 99,9 % 100,0 %

PPV 99,8 % 100,0 %

TPR 99,8 % 100,0 %

F1 score 99,7 % 100,0 %

TNR 99,9 % 100,0 %

TABLA 6.27: Repetibilidad de la estrategia SHM (10 veces): Escenario
1, estrategia del voto mayoritario. D0: estado saludable; D1, D2 y D3:

masas añadidas en las posiciones indicadas en la Fig. 5.7.

D0 D1 D2 D3

Media 100,00 100,00 99,80 99,40

Desviación estándar 0,00 0,00 0,42 0,84

Error estándar 0,00 0,00 0,13 0,27

TABLA 6.28: Repetibilidad de la estrategia SHM (10 veces): Escenario
1, estrategia de la suma de las inversas de las distancias. D0: estado
saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas

en la Fig. 5.7.

D0 D1 D2 D3

Media 100,00 100,00 99,80 100,00

Desviación estándar 0,00 0,00 0,42 0,00

Error estándar 0,00 0,00 0,13 0,00

TABLA 6.29: Repetibilidad de la estrategia SHM (10 veces): Escenario
3, estrategia del voto mayoritario. D0: estado saludable; D1, D2 y D3:

masas añadidas en las posiciones indicadas en la Fig. 5.7.

D0 D1 D2 D3

Media 100,00 98,10 99,70 100,00

Desviación estándar 0,00 2,33 0,67 0,00

Error estándar 0,00 0,74 0,21 0,00
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TABLA 6.30: Repetibilidad de la estrategia SHM (10 veces): Escenario
3, estrategia de la suma de las inversas de las distancias. D0: estado
saludable; D1, D2 y D3: masas añadidas en las posiciones indicadas

en la Fig. 5.7.

D0 D1 D2 D3

Media 100,00 99,90 100,00 99,90

Desviación estándar 0,00 0,32 0,00 0,32

Error estándar 0,00 0,10 0,00 0,10
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FIGURA 6.2: Repetibilidad de la estrategia SHM (10 veces), gráficos
con barras de error: (a) Escenario 1, estrategia del voto mayoritario; (b)
Escenario 1, estrategia de la suma de las inversas de las distancias; (c)
Escenario 3, estrategia del voto mayoritario; (d) Escenario 3, estrategia
de la suma de las inversas de las distancias. D0: estado saludable;
D1, D2 y D3: masas añadidas en las posiciones indicadas en la Fig. 5.7.

6.4. Comentarios generales

De acuerdo con los resultados presentados, es mejor tomar una decisión considerando
todas las fases de actuación, ya sea juntando todas las fases en una sola matriz de
datos o utilizando cada fase para emitir un voto, y no trabajar con cada una de
las fases por separado. Además, los resultados revelan el sólido rendimiento de la
estrategia de la suma de las inversas de las distancias en comparación con el voto
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mayoritario o la concatenación horizontal de las cuatro fases de actuación. A su vez,
el voto mayoritario supera a la concatenación horizontal de todas las fases.

En general, una estructura sana se confunde con una estructura dañada sólo en
unos pocos casos. Del mismo modo, una estructura dañada se identifica como una
estructura sin daños en un número muy limitado de veces.

Cabe destacar los siguientes aspectos:

El enfoque basado en la combinación PCA y t-SNE supera significativamente al
enfoque basado sólo en el PCA.

Es mejor trabajar en el dominio de la frecuencia que en el dominio del tiempo
porque los resultados mejoran significativamente.

Es mejor trabajar con la versión paramétrica del t-SNE que con la versión no
paramétrica, ya que el enfoque paramétrico puede hacer inferencia sobre nuevas
muestras a diagnosticar y reduce drásticamente el tiempo de procesamiento.

Finalmente, el rendimiento del método propuesto, en general, es muy satisfactorio
cuando las señales se adquieren utilizando un cable corto (0,5 m), añadiendo o
no ruido blanco gaussiano. Si se añade ruido blanco gaussiano, éste se cancela al
utilizarse el PCA como un paso de preproceso. Siguiendo con la longitud del cable, el
tercer escenario presenta el peor de los casos, porque utiliza un cable largo (2,5 m)
desde los digitalizadores hasta los sensores. En este escenario, las señales están mal
digitalizadas debido a la impedancia del cable, al bajo voltaje del estímulo y a otras
características experimentales. Por lo tanto, se observa que el uso de un cable largo
desde el digitalizador hasta los sensores afecta a la calidad del método de detección y
clasificación. Sin embargo, combinando las cuatro fases de actuación con la estrategia
de la suma de las inversas de las distancias o del voto mayoritario, se pueden obtener
resultados muy precisos.
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Conclusiones

En este estudio, proponemos una estrategia de SHM para la detección y clasificación
de cambios estructurales mediante la integración de datos en dos pasos (despliegue
tipo E y MCGS), la transformación de datos a través del PCA y la reducción de datos
en dos pasos combinando el PCA y el t-SNE/P-t-SNE.

La metodología propuesta a lo largo de los tres artículos que componen esta tesis
doctoral la evaluamos utilizando datos experimentales. En general, los resultados
obtenidos muestran que el rendimiento del método es muy satisfactorio, dada su
alta precisión de clasificación, demostrando ser una prometedora herramienta para
la detección y clasificación de daños estructurales. El rendimiento es muy bueno y
similar en todos los conjuntos de datos. En los diferentes casos de estudio, obtenemos
resultados muy precisos, independientemente de si se añade ruido blanco gaussiano
o no, ya que el PCA cancela dicho ruido. Sin embargo, el uso de un cable largo
(2,5 m) desde los digitalizadores hasta los sensores reduce la calidad de detección y
clasificación.

A continuación, destacamos las principales conclusiones extraídas de cada uno de los
tres artículos que conforman esta tesis doctoral.

Artículo 1: Vibration-based detection and classification of structural changes using
principal component analysis and t-distributed stochastic neighbor embedding.

De este artículo cabe destacar que la calidad de los grupos o clústeres bidi-
mensionales creados con el t-SNE, después de aplicar el PCA, es mejor que la
calidad de los grupos o clústeres bidimensionales equivalentes creados sólo con
el PCA: se compara la metodología propuesta basada en la técnica t-SNE con
una estrategia similar, que comparte la integración y la transformación de los
datos (Secciones 5.1.1 y 5.1.2), pero cuya diferencia radica en el hecho que los
grupos o clústeres se crean utilizando solamente el PCA. Por lo tanto, el mejor
rendimiento del enfoque basado en la combinación PCA más t-SNE lleva a cabo
una mejor clasificación y esto le permite obtener unos mejores resultados en
comparación con el enfoque basado sólo en el PCA.

Artículo 2: A frequency-based approach for the detection and classification of structural
changes using t-SNE.

De este artículo destacamos que la estrategia propuesta en el dominio de la
frecuencia supera significativamente al enfoque en el dominio del tiempo, ya
que la calidad de los grupos o clústeres bidimensionales creados con el t-SNE
en el dominio de la frecuencia es mejor que la calidad de los grupos o clústeres
bidimensionales creados con el t-SNE en el dominio del tiempo, lo que conduce
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a una mejor clasificación. Por lo tanto, es mejor trabajar en el dominio de la
frecuencia que en el dominio del tiempo.

Artículo 3: Vibration-based structural health monitoring using piezoelectric transdu-
cers and parametric t-SNE.

A pesar de obtener resultados muy satisfactorios y similares en ambos enfoques,
t-SNE y P-t-SNE, en términos de tiempo de procesamiento, es mejor tomar
una decisión considerando la detección y clasificación de daños basada en el
P-t-SNE en lugar de trabajar con el método basado en el t-SNE: aunque el
enfoque no paramétrico supera ligeramente al enfoque paramétrico, el enfoque
paramétrico reduce el coste computacional total aproximadamente en un 94 %.
Esta es la primera indicación de que el P-t-SNE es mejor en comparación con el
t-SNE. Otras ventajas de usar el P-t-SNE son las siguientes:

1. El P-t-SNE puede manipular conjuntos de datos a gran escala, mientras
que el t-SNE sólo puede manipular unos pocos miles de datos.

2. El método del t-SNE requiere un coste computacional extremadamente
grande para la optimización: para proyectar una nueva muestra de datos,
la optimización debe ejecutarse nuevamente para todo el conjunto de datos.
Sin embargo, el P-t-SNE puede aprender de los datos de entrenamiento
y aplicarse cuando surge una nueva observación, es decir, puede trabajar
con observaciones en tiempo real. Por lo tanto, el enfoque paramétrico
puede hacer inferencias sobre nuevas muestras a diagnosticar sin tener
que calcularlo todo de nuevo, ya que el modelo predice sobre datos fue-
ra de la muestra, clasificando una nueva estructura en sólo unos pocos
milisegundos.

En base a todo lo anterior, de este artículo concluimos que es mejor trabajar con
la versión paramétrica del t-SNE que con la versión no paramétrica.

Algunos aspectos generales a destacar del método propuesto son los siguientes:

La técnica t-SNE/P-t-SNE se ha extendido y adaptado al campo de la SHM
para detectar y clasificar cambios estructurales.

El método clasifica el estado actual de una estructura a diagnosticar utilizando
un análisis basado en datos, es decir, utilizando los datos recopilados de la es-
tructura en diferentes estados estructurales y sin el uso de modelos matemáticos
complejos.

Los resultados muestran que es mejor tomar una decisión teniendo en cuenta
todas las fases de actuación (juntando estas fases o emitiendo cada una de ellas
un voto), en lugar de trabajar con las fases de forma individual.

Nuestros hallazgos muestran que ambas estrategias, el voto mayoritario y la
suma de las inversas de las distancias, superan ligeramente a la concatenación
horizontal de las cuatro fases de actuación en el dominio de la frecuencia; en el
dominio del tiempo, la estrategia de la suma de las inversas de las distancias
supera al voto mayoritario, y esta última estrategia supera a la concatenación
horizontal de todas las fases.

En general, el estado saludable de la estructura se confunde con una estructura
dañada sólo en unos pocos casos; de manera similar, una estructura dañada
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se identifica como una estructura sin daño en un número muy limitado de
observaciones.

Con respecto a los posibles campos de aplicación, en el presente estudio, se ha utiliza-
do una placa de aluminio como las que se utilizan para simular partes de un avión
(alas o fuselaje). Creemos que también podemos aplicar este enfoque para detectar
daños y fallos en turbinas eólicas. En general, no existe un campo de aplicación
prescrito: si se puede instalar una red de sensores en una estructura y se pueden
considerar varias fases de actuación, el enfoque aquí propuesto se puede implementar
a priori.
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Futuras líneas de investigación y
limitaciones

En base a los resultados tan satisfactorios obtenidos, se plantea seguir profundizando
en las bases teóricas de la técnica t-SNE, por ejemplo explorando otras variantes más
actuales de dicha técnica, tales como kernel t-SNE (Gisbrecht et al., 2015), perplexity-
free t-SNE (De Bodt et al., 2018) y parametric t-distributed stochastic exemplar-centered
embedding (Min et al., 2018).

En cuanto a la versión paramétrica del t-SNE estudiada en la presente tesis doctoral,
se plantea mejorar su implementación para mejorar el entrenamiento de las redes
neuronales profundas, por ejemplo, haciendo uso de otro tipo de función de activa-
ción como podría ser la llamada rectified linear unit (ReLU) (Goodfellow et al., 2016) o
utilizando la técnica denominada BatchNorm (Ioffe y Szegedy, 2015). De esta forma,
seguramente se mejorará la eficiencia.

Otra posible e interesante línea de investigación, que puede enriquecer mucho el
trabajo desarrollado, consiste en comparar la novedosa metodología aquí propuesta
con las diferentes estrategias encontradas en la literatura.

Por otra parte, las principales limitaciones de esta tesis son que las condiciones
ambientales no fueron consideradas en el estudio y que no se trabajó con datos
desequilibrados, convirtiéndose ambas limitaciones en otras líneas de trabajo futuras
de interés.
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Summary
This paper describes a structural healthmonitoring strategy to detect and classify
structural changes in structures that can be equippedwith sensors. The proposed
approach is based on the t-distributed stochastic neighbor embedding (t-SNE), a
nonlinear technique that can represent the local structure of high-dimensional
data collected frommultiple sensors in a plane or spatial representation.We pro-
pose the following basic steps for the detection and classification. First, the raw
data are preprocessed: We scale the data using the mean-centered group scal-
ing and apply principal component analysis to reduce the dimensionality of the
scaled data. Second, t-SNE is applied to represent the scaled and reduced data as
points in a plane, defining a cluster for each structural state. Finally, the current
structure to be diagnosed is associated with a cluster (or structural state) using
three different strategies: (a) the smallest point-centroid distance; (b) the major-
ity voting; and (c) the sum of the inverse distances. The combination of t-SNE
with our preprocessing and the three proposed classification strategies signif-
icantly improves the quality of the clusters that represent different structural
states.We evaluate the performance of ourmethodusing experimental data from
an aluminumplate instrumentedwith piezoelectric transducers. Results are pre-
sented in the time domain, and they reveal the high classification accuracy and
strong performance of this method, with a percentage of correct decisions close
to 100% in several scenarios.

KEYWORDS

classification, detection, principal component analysis (PCA), structural changes, structural health
monitoring (SHM), t-distributed stochastic neighbor embedding (t-SNE)

1 INTRODUCTION

Structural health monitoring (SHM) is an essential process for engineering structures: It verifies the correct performance
of the structure and determines whether it needs maintenance. The healthy state of the structure must remain between
the specified limits or threshold; however, these limits may change due to the aging of the structure and its use, or due to
the environmental and operational conditions. Therefore, in SHM systems, it is important to detect and classify structural
changes, which helps to improve safety and reduce maintenance costs. If damage is detected and classified just as it
occurs, some action may be taken before a human and/or economic disaster occurs, thereby reducing the probability of
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accidents and costs of inspection and maintenance. SHM has been applied in countless structures such as buildings,1,2
wind turbines,3,4 and aircrafts.5,6 A review of the state-of-the-art literature reveals that SHM is a very active research area.
Tomonitor the state of the structure, data are collected frommultiple sensors. This sensor network is placed along with

the structure. The signals extracted from multiple sensors are gathered in a high-dimensional dataset, which contains a
large volume of data because of continuousmeasurements of themonitoring system. Severalmethods have been proposed
for the management of high-dimensional, big, and complex data. Among these methods, plane or spatial representation
techniques stand out, as they can help to represent data using an intuitive interface that allows people to easily detect
natural clusters, identify hidden patterns, and so forth.7 Plane or spatial representation techniques are also somehow
related to dimensionality reduction.Dimensionality reduction is the process of reducing the dimension of the original data
keeping the most important intrinsic information.8 One of the previously proposed methods of dimensionality reduction
is t-distributed stochastic neighbor embedding (t-SNE) a technique developed by L. van der Maaten and G. Hinton,9
which represents the local structure of original high-dimensional data in a low-dimensional space (e.g., a simple scatter
plot). This technique detects patterns by identifying clusters based on the similarity of data points. t-SNE is widely used
in the literature for dimensionality reduction, classification, pattern recognition, or visualization and compression of big
datasets. Although t-SNE has been applied in several fields, this is one of the first approaches that uses t-SNE in the field
of SHM.
In this study, we propose an SHM strategy to detect and classify structural changes using two-step data integration (type

E unfolding10 and the so-called mean-centered group scaling (MCGS), data transformation using principal component
analysis (PCA), and two-step data reduction combining PCA and t-SNE. PCA is a common technique that is mainly used
for dimensionality reduction or feature extraction in the field of pattern recognition11; moreover, it can also be applied to
detect and classify structural changes or faults.12 In our study, the PCAmodel will help to detect different types of damage,
not only the healthy structures. In some cases, however, we observe that using only the first few principal components
does not help with visual grouping, clustering, or separation. For this reason, we propose to detect damage or faults using
the combination of PCA and t-SNE. Hence, we use the following basic steps for detection and classification: (a) first, we
scale the collected data usingMCGS, because of different scales andmagnitudes in the measurements; (b) then, we apply
PCA to obtain a better representation of the original data; thus, we reduce the dimensionality of the scaled data and then
project the scaled data into the vectorial space spanned by the principal components; and (c) finally, we apply t-SNE to the
projected data to represent these points in a plane. We will show that, compared with the PCA, the quality of the clusters
related to different structural states is significantly improved. Specifically, the current structure to be diagnosed will then
be associatedwith a structural state using three different strategies: (a) the smallest point-centroid distance (when a single
actuation phase is considered); (b)majority voting; and (c) sumof the inverse distances (when several actuation phases are
combined). Therefore, in this study, t-SNE is used (in combination with particular data integration, data transformation,
and data reduction) for the first time in the field of SHM in a time-based approach. In comparison with previous strategies
found in the literature, this novelmethod can yield the best detection and classification of structural changes, thus leading
to the best performance.
We evaluate the proposed method for the detection and classification of structural changes using experimental data

from an aluminum plate instrumented with piezoelectric transducers (PZTs) attached to its surface. Because guided wave
propagation-based SHM strategies have proven their ability to adequately identify defects in structures,13-16 in our study,
we have also considered the paradigm of guided waves. In this paradigm, the structure is excited by a signal, and the
response is measured to create a baseline pattern. When a new structure must be diagnosed, it must be excited by the
same signal, and the response is measured and compared with the baseline pattern. Results show a high classification
accuracy and strong performance of this method, with a percentage of correct decisions close to 100% in several scenarios.
We must highlight that the environmental conditions were not considered in the present study, as it will be a topic for
further developments.
The remainder of this paper is structured as follows. Section 2 describes how we collect and preprocess the baseline

data, reduce the global dimension of the data, and create the clusters using t-SNE. The damage detection and classification
procedure for a structure that must be diagnosed is presented in Section 3. The experimental case studies are described
in Section 4. In Section 5, the results are shown. Finally, in Section 6, some conclusions are drawn.

2 DATA PREPROCESSING AND CLUSTERING: BASELINE DATA

Contributions of our study include the methods of data preprocessing: how the data are collected, arranged, scaled,
transformed, and reduced. In the following subsections, data preprocessing is presented in sufficient detail, so that the
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FIGURE 1 Preprocessing is divided into three stages: data integration (including unfolding and scaling), data transformation, and data
reduction (PCA and t-SNE). MCGS, mean-centered group scaling; PCA, principal component analysis; t-SNE, t-distributed stochastic
neighbor embedding

proposed approach can be easily reproduced. The preprocessing is divided into three stages: data integration (Section 2.1),
data transformation (Section 2.2), and data reduction (Section 2.3). Figure 1 illustrates these three stages. Finally, data are
organized in clusters in Section 2.4.

2.1 Data integration
In this study, data integration is defined as combining different response signals (measured by different sources dur-
ing multiple observations) into a single and unified view. In our case, this unified view will be represented by a matrix.
Section 2.1.1 presents the unfolding of the raw data (measured by the sensors) that are naturally stored as a
three-dimensional matrix. Section 2.1.2 describes the standardization of these data.

2.1.1 Type E unfolding
The collected data include different response signals measured by sensors on a vibrating structure. Multiple observations
of these responses are measured under different structural states. A matrix that collects all observations under different
structural states is defined as follows:
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where N ∈ N is the number of sensors and k = 1, … ,N identifies the sensor that is measuring; L ∈ N is the number
of components in each signal and 𝑗 = 1, … ,L indicates the 𝑗−th measurement; E ∈ N is the number of different
structural states that are considered and l = 1, … ,E represents the structural state that is been measured. Finally, nl, l =
1, … ,E is the number of observations per structural state and i = 1, … ,nl is the ith observation related to the lth
structural state. Note that matrix X in Equation (1) is formed by E horizontal blocks, Xl, l = 1, … ,E, where each
block is related to a different structural state. Meanwhile, matrix X can also be viewed as formed by N vertical blocks,
Xk, k = 1, … ,N, where each block is related to a different sensor. Notably, matrix X in Equation (1) is a particular
unfolded version of a three-dimensional (n1 + · · · + nE) × N × L data matrix, where the first dimension is related to the
multiple observations, the second dimension is related to the sensors in the sensor network, and the third dimension is
time. To handle three-dimensional matrices, several approaches have been proposed; the most widely adopted ones are
based on the unfolding of these matrices. According to Westerhuis et al.,10 there are six alternative ways of arranging a
three-dimensional data matrix, which affect the performance of the overall strategy. In our study, out of the six possible
unfolded matrices, we have considered type E in the classification proposed by Westerhuis et al.10 The choice of type E
unfolding simplifies the study of the variability among samples, because we compile the information related to the sensor
measurements and their variations over time.

2.1.2 Mean-centered group scaling
We consider two main reasons for the scaling or standardization of the raw data in matrix X in Equation (1): first, to
process data with different magnitudes that come from different sensors and second, to simplify the computations of the
data transformation in Section 2.2 using PCA. How the raw data are scaled may severely affect the overall performance
of the subsequent methods that have to be applied.17 Some strategies consider each column vector in matrix X as an
independent entity, and each element in the column vector is normalized by subtracting the mean of all the elements in
the column and by dividing by the standard deviation of the same set of data. Therefore, in this case—that can be defined
as column scaling—the mean of each column is zero and its standard deviation is one. A second strategy17—the so-called
group scaling—considers the nature of the vertical blocks, where all measures come from the same sensor. In this case,
each element in the block is normalized by subtracting the mean of all the elements in the block and by dividing by the
standard deviation of the same set of data. The main drawback of this approach is that the mean of each column is no
longer zero, and its standard deviation is no longer one. As a practical solution to this drawback, Pozo et al.17 suggest the
mean-centered version of the group scaling (MCGS), where the mean of each column is zero again; however, we cannot
guarantee that the standard deviation of each column is one. Hence, in our study, we applyMCGS tomatrixX in Equation
(1) and obtain a scaled matrix X̆.

2.2 Data transformation
In the current framework, data transformation is understood as an application of a particular mathematical function to
each row of the scaled matrix X̆. Because the final goal is dimensionality reduction, the transformation that we use in our
study is PCA.
Thanks to the choice of the MCGS, we can compute the variance-covariance matrix of X̆ in a compact way as

CX̆ = 1
n − 1 X̆

⊤X̆ ∈ (N·L)×(N·L)(R). (3)

The vectorial subspaces in the PCA model are defined by eigenvectors 𝜌k, k = 1, … ,N · L, associated with the
eigenvalues 𝜆k, k = 1, … ,N · L, ordered in decreasing order. The matrix

P =
[
𝜌1 𝜌2 … 𝜌N·L

]
∈ (N·L)×(N·L)(R)

is the so-called PCA model and contains, written as columns, their corresponding eigenvectors 𝜌k, k = 1, … ,N · L.
These vectors are known as the principal components. Finally, the transformation is calculated as a matrix-to-matrix
multiplication:

T = X̆P ∈ (n1+···+nE)×(N·L)(R).
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2.3 Data reduction
In our study, we use two approaches to data reduction. First, we apply PCA in Section 2.3.1 to represent the scaled matrix
X̆ in a new vectorial space with a reduced dimension and without a significant loss of information. Second, we apply
t-SNE in Section 2.3.2 as a two-dimensional representation technique. These two methods are combined to reduce the
data complexity, as well as to reduce the computational time and effort.

2.3.1 Principal component analysis
The eigenvectors of the variance-covariance matrix in Equation (3) define the PCA model. The eigenvalues define the
partial variance of each principal component. When the column scaling is applied to matrixX in Equation (1)—this is not
the case in our study—the trace of the variance–covariance matrix is equal to the number of columns of X̆, that is, N · L.
This means that the first 𝓁 ∈ N principal components retain a proportion of the variance given by (𝜆1 + · · · + 𝜆𝓁)∕(N · L).
However, when theMCGS is applied to scale the raw data inmatrixX in Equation (1), the trace of the variance–covariance
matrix CX̆ is no longer necessarily equal to N · L. Therefore, the proportion of the variance directed along the first 𝓁
principal components is given by

𝜆1 + · · · + 𝜆𝓁
𝜆1 + · · · + 𝜆𝓁 + · · · + 𝜆N·L

.

In this study, we use PCA to reduce the dimensionality of the scaled dataset X̆ by selecting a reduced (but still significant)
number 𝓁 < N · L of principal components. Specifically, the number of principal components 𝓁 ∈ N is chosen so that the
proportion of the variance retained is at least 95%.
We perform the dimensionality reduction using the reduced PCA model:

P𝓁 =
[
𝜌1 𝜌2 … 𝜌𝓁

]
∈ (N·L)×𝓁(R). (4)

The scaled dataset X̆ is then projected into the vectorial space spanned by the first 𝓁 principal components through the
premultiplication of P𝓁 by X̆. Specifically,

T𝓁 = X̆P𝓁 ∈ n×𝓁(R). (5)

P𝓁 in Equation (4) has been defined as the reduced PCA model that includes multiple observations under different
structural states. Meanwhile, T𝓁 in Equation (5) is the projection of the scaled dataset X̆ into the subspace spanned by the
reduced PCA model.

2.3.2 t-distributed stochastic neighbor embedding
t-SNE is an enhanced modification of the so-called stochastic neighbor embedding (SNE).18 Compared with SNE, t-SNE
is much easier to optimize. Moreover, t-SNE produces better plane or spatial representations of the original data, because
it reduces the tendency to crowd points in the center of the distribution. The improvements of t-SNE over SNE can be
partially explained by the cost function that is different in two aspects: (a) t-SNE uses a symmetrized version of the SNE
cost function with simpler gradients and (b) t-SNE uses a Student's t-distribution, instead of a Gaussian, to compute the
similarity between two points in the low-dimensional space.
Given a collection of 𝜈 high-dimensional data points

 =
{
xi ∈ RD | i = 1, … , 𝜈, 𝜈,D ∈ N

}
, (6)

the objective is to find a collection of low-dimensional map points  = {yi ∈ Rd | i = 1, … , 𝜈, 𝜈, d ∈ N} that form
a representation that preserves, as much as possible, the local structure of the original data  . Typical values for d are 2
(plane representation) or 3 (spatial representation), where d ≪ D.
To preserve local similarities of the original data  , t-SNE first transforms the high-dimensional Euclidean distances

between data points xi and x𝑗 into conditional probabilities by centering a Gaussian distribution at xi, computing the
density of x𝑗 under this Gaussian distribution, and re-normalizing:

p𝑗|i = exp
(
−||xi − x𝑗||22

2𝜎2i

)/ 𝜈∑
l=1
l≠i

exp
(
−||xi − xl||22

2𝜎2i

)
, i, 𝑗 = 1, … , 𝜈, i ≠ 𝑗, (7)
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where ||xi − x𝑗||22∕
(
2𝜎2i

)
(scaled squared Euclidean distance or affinity) is the dissimilarity between data points xi and

x𝑗 . The variance of the Gaussian distribution, 𝜎2i , is calculated automatically. Because only pairwise similarities between
data points are of interest, t-SNE establishes pi|i = 0. This conditional probability measures the similarity of x𝑗 to xi. If
two data points are close together, p𝑗|i will be large. However, if two data points are separated, p𝑗|i will be small.
Then, by symmetrizing the conditional probability in Equation (7), t-SNE defines the pseudo-joint probability as

pi𝑗 =
(
p𝑗|i + pi|𝑗

)
∕(2𝜈), i, 𝑗 = 1, … , 𝜈, i ≠ 𝑗,

pii = 0.

The pseudo-joint probability also measures the pairwise similarity between data points xi and x𝑗 . Hence, we define the
similarity matrix  ∈ 𝜈×𝜈(R) for the high-dimensional data points as  =

(
pi𝑗

)
i,𝑗=1,… ,𝜈 .

Once the similarity matrix for the data points  in Equation (6) is obtained, we also define the similarity matrix  ∈𝜈×𝜈(R) for the map points  . We build matrix  following the same idea as for the similarity matrix  regarding the
original data points. The only difference is that we use, for matrix , a re-normalized Student's t-distribution with one
degree of freedom and 𝜎2i =

1
2 for all i, instead of a Gaussian distribution:

qi𝑗 =
[
1 + ||yi − y𝑗||22

]−1
𝜈∑
k=1

𝜈∑
l=1
l≠k

[
1 + ||yk − yl||22

]−1
, i, 𝑗 = 1, … , 𝜈, i ≠ 𝑗, (8)

qii = 0, (9)

where qi𝑗 represents the local structure of the data points in the low-dimensional space.
The goal is to select the map points such that the two similarity matrices,  and , are as similar as possible. The sim-

ilarity between these two matrices will be defined in terms of the Kullback–Leibler (KL) divergence. The KL divergence
between the pseudo-joint probability distributions  and  measures the distance between the two similarity matrices,
and it can be defined as9,18,19

 = KL (||) = 𝜈∑
i=1

𝜈∑
𝑗=1
𝑗≠i
pi𝑗 log

(
pi𝑗∕qi𝑗

)
. (10)

Therefore, minimizing the KL divergence reduces the error between these two matrices. Moreover, to minimize the
cost function , the gradient descent method is used: 𝜕∕𝜕yi. Gradient descent is an iterative optimization algorithm;
therefore, it updates the map point yi at each step.
More details can be found in the original t-SNE paper.9

2.4 Clustering effect
In Section 2.3.1, the dimensionality reduction has been performed using PCA. Specifically, n = n1 + · · · + nE observa-
tions under E different structural states (the rows of matrix X in Equation 1), which may be seen as N · L−dimensional
vectors, are projected and transformed into 𝓁−dimensional vectors. This reduction of the dimension of the original data
is performed with a small loss of information (less than 5%), and it is also expected that 𝓁 is much smaller than N · L.
A seconddimensionality reduction is applied to the projected data inmatrixT𝓁 inEquation (5) using t-SNE, as presented

in Section 2.3.2. Let us define

xi = e⊤i T𝓁 = e⊤i X̆P𝓁 ∈ R𝓁 , i = 1, … ,n

as the ith row of matrix T𝓁 in Equation (5). Vector ei ∈ Rn is the ith element of the canonical basis. Let us also define

 =
{
xi ∈ R𝓁 | i = 1, … ,n

}
(11)

as a collection of high-dimensional data points. The objective is to find a collection of two-dimensional map points  =
{yi ∈ R2 | i = 1, … ,n} that represent the original set  with no explicit loss of information and preserving the local
structure of this set. After the application of t-SNE, we expect to observe E clusters related to E different structural states.
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These clusters are formed by themappoints {y1, … , yn1} ⊂  , related to the first structural state; {yn1+1, … , yn1+n2} ⊂  ,
related to the second structural state; and so on. Finally, {yn−nE−1−nE+1, … , yn−nE} ⊂  are related to the penultimate
structural state, and {yn−nE+1, … , yn} ⊂  are related to the last structural state.

3 VIBRATION-BASED DAMAGE DETECTION AND CLASSIFICATION
PROCEDURE: STRUCTURE TO DIAGNOSE

In Section 2.4, we have described how the original observations under different structural states define a set of clusters
on a plane. In this section, we present the vibration-based damage detection and classification procedure for a structure
that must be diagnosed.
For damage detection and classification, we need a single observation of the current structure to diagnose it. The col-

lected data include different response signals measured by the same number of sensors N and the same number of
components in each signal L, as in Equation (1). When these measures are obtained, we construct a new data vector z:

z⊤ =
[
z1,1 … z1,L z2,1 … z2,L … zN,1 … zN,L ] ∈ RN·L. (12)

3.1 Scaling (MCGS)
Before the collected data (coming from the structure to be diagnosed) are projected into the space spanned by the 𝓁
principal components, we must scale the row vector z⊤ to define a scaled row vector z̆⊤:

z̆k,𝑗 = zk,𝑗 − 𝜇k,𝑗

𝜎k
, k = 1, … ,N, 𝑗 = 1, … ,L, (13)

where 𝜇k,𝑗 is the arithmetic mean of all the elements in the [(k− 1)L+ 𝑗]−th column of matrix X in Equation (1)—that is,
the jth column of the vertical block Xk in Equation (2), and 𝜎k is the standard deviation of all the elements in the vertical
block Xk in Equation (2) relative to the mean value 𝜇k (the arithmetic mean of all the elements in the vertical block Xk in
Equation 2).

3.2 Projection (PCA)
The projection of the scaled row vector z̆⊤ ∈ RN·L into the space spanned by the first 𝓁 principal components in P𝓁 is
calculated as a vector-to-matrix multiplication:

xn+1 = z̆⊤ · P𝓁 ∈ R𝓁 .

Notably, the N · L−dimensional vector, which contains the collected data (coming from the structure to be diagnosed), is
now transformed into an 𝓁−dimensional vector. We add this new point to dataset  in Equation (11) to define a new set:

 ′ =  ∪
{
xn+1

}
=
{
xi ∈ R𝓁 | i = 1, … ,n,n + 1

}
. (14)

3.3 t-SNE and final classification
We apply t-SNE to the 𝓁−dimensional dataset  ′ in Equation (14) to find a collection of two-dimensional map points ′ = {yi | i = 1, … ,n,n + 1} that represent the original set  with no explicit loss of information and preserving
the local structure of this set. Moreover, we include the map point yn+1 associated with the data point xn+1. We expect to
observe the same E clusters related to E different structural states. As in Section 2.4, these clusters are formed by the map
points {y1, … , yn1} ⊂  related to the first structural state; {yn1+1, … , yn1+n2} ⊂  related to the second structural state,
and so on.
For each cluster, we compute its centroid: the mean of the values of the data points in the cluster. For instance, the

centroid associated with the first structural state is

1 ∶=
1
n1

n1∑
i=1
yi = y1 + · · · + yn1

n1
∈ R2.
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FIGURE 2 The current structure to diagnose is associated with
the structural state with the smallest point-centroid distance

In general, the centroid associated with the lth structural state, l = 1, … ,E, is the point of the plane defined as

l ∶=
1
nl

nl∑
i=1
y

⎛⎜⎜⎜⎝

l−1∑
𝑗=0

n𝑗

⎞⎟⎟⎟⎠
+i

∈ R2, l = 1, … ,E, (15)

where n0 = 0. Therefore, the current structure to diagnose is associated with the lth structural state if

l = arg min
l=1,… ,E

||l − yn+1||2,

that is, if the minimum distance between yn+1 and each centroid corresponds to the Euclidean distance between yn+1 and
l. We call this approach the smallest point-centroid distance (see Figure 2).
A flowchart of the proposed approach and how it is applied is given in Figure 3.

4 CASE STUDIES: ALUMINUM PLATE WITH FOUR PZTS

4.1 Experimental set-up
In this section, we consider a square aluminum plate with an area of 1,600 cm2 (40 × 40 cm and a thickness of 0.2 cm)
instrumented with four PZTs to demonstrate the reliability of the vibration-basedmethod of damage detection and classi-
fication presented in Sections 2 and 3. The PZT discs are attached to the surface; their precise location is shown in Figure
4a. Assuming that the origin of coordinates is placed in the lower left corner of the plate in Figure 4a, the piezoelectric
sensors are installed at these coordinates (units in centimeters):

• first PZT (S1) at (20, 35);
• second PZT (S2) at (35, 20);
• third PZT (S3) at (20, 5); and
• fourth PZT (S4) at (5, 20).

These PZTs can work both in the actuator mode (exciting the plate with the burst signal in Figure 5, thus producing
a mechanical vibration) and in the sensor mode (detecting a time-varying mechanical response). It is worth recalling
that the distance between the four sensors is not the same. For example, the distance between the centers of Sensor 1
and Sensor 4 and the distance between the centers of Sensor 1 and Sensor 2 is equal (15

√
2 ≈ 21.21 cm). However, the

distance between the centers of Sensor 1 and Sensor 3 is larger (30 cm).
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FIGURE 3 Flowchart of the proposed approach. Data coming from a structure are first scaled and then projected into the PCA model.
Finally, t-SNE is applied to create the clusters that will be used in the vibration-based detection and classification of structural changes.
MCGS, mean-centered group scaling; PCA, principal component analysis; t-SNE, t-distributed stochastic neighbor embedding

FIGURE 4 (a) Aluminum plate instrumented with four piezoelectric sensors (S1, S2, S3, and S4); (b) aluminum plate with four
piezoelectric transducers and in four different structural states

We add a mass of 17.2916 g to simulate the damage (in a nondestructive way) in the aluminum plate. This mass is a
magnet attached to both sides of the plate. We use this kind of damage to change the properties of the structure (because
aluminum is a nonmagnetic metal) and to produce changes in the propagated wave. Thus, we obtain different scenarios
for validating the proposed method. The location of the mass defines each damage. These locations are as follows (units
in centimeters):

• Damage 1 at (12.5, 27.5);
• Damage 2 at (27.5, 27.5);
• Damage 3 at (12.5, 12.5).
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FIGURE 5 In the actuator mode, this burst signal is applied to the
piezoelectric transducers to produce a mechanical vibration

Consequently, E = 4 structural states are considered here:

• the first structural state corresponds to the healthy state of the structure: the square aluminumplatewith no damage;
• the second, third, and fourth structural states correspond to the plate with a mass added at the positions indicated
in Figure 4a as Damage 1, Damage 2, and Damage 3, respectively.

The aluminum plate is isolated from the vibration and noise in the laboratory, as shown in Figure 4b.

4.2 Scenarios and actuation phases
The experimental setup includes three different scenarios to determine the performance of themethod under the presence
of white Gaussian noise, filters, and considering the length of the wire from the digitizer to the sensors:

• Scenario 1. The signals are acquired using a short wire (0.5m) from the digitizer to the sensors, and these signals are
filtered with a Savitzky–Golay20 filter algorithm after adding white Gaussian noise. The filter is applied to smoothen
the data.

• Scenario 2. The nonfiltered signals are acquired using a short wire (0.5 m) from the digitizer to the sensors.
• Scenario 3. The signals are acquired using a long wire (2.5 m) from the digitizers to the sensors. Signals are also
filtered with the Savitzky–Golay algorithm.

In this way, we can observe the effect of the following parameters on the performance of our method: using short and
long wires, adding white Gaussian noise to the measured signals, and using a Savitzky–Golay filter in the detection and
classification process.
Asmentioned in Section 4.1, we use four PZTs (S1, S2, S3, and S4) to excite the aluminumplate and collect themeasured

response. This sensor network works in what we call actuation phases. In each actuation phase, a single PZT is used as an
actuator (active sensor: the PZT excites the structure with the burst signal in Figure 5), and the rest of the PZTs are used
as sensors (passive sensors: PZTs measure signals). Therefore, we have as many actuation phases as sensors:

• Actuation Phase 1. S1 is used as the actuator. S2, S3, and S4 are used as sensors.
• Actuation Phase 2. S2 is used as the actuator. S1, S3, and S4 are used as sensors.
• Actuation Phase 3. S3 is used as the actuator. S1, S2, and S4 are used as sensors.
• Actuation Phase 4. S4 is used as the actuator. S1, S2, and S3 are used as sensors.

It is very common in the literature—when using the sensor data fusion as in Vitola et al.21,22—to merge the data that
come from different actuation phases in a single data matrix. In this study, we also use the approach with a single data
matrix; however, we additionally examine the case where each actuation phase has a classifier, in Section 4.5.
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4.3 Actuation phases and data integration
Given a particular scenario (as the three defined in Section 4.2), we obtain fourmatricesX[𝜑], 𝜑 = 1, … , 4 (one for each
actuation phase). Each matrix X[𝜑], 𝜑 = 1, … , 4, is organized as follows:

• n1 = n2 = n3 = n4 = 25 observations or experiments are performed for each structural state. Consequently, each
matrixX[𝜑], 𝜑 = 1, … , 4, consists of 100 rows (i.e.,n1+n2+n3+n4 = 25·4). Specifically, the first 25 rows represent
the structure with no damage, the next 25 rows are experiments where damage 1 is present in the structure, and
so on.

• For each actuation phase 𝜑, 𝜑 = 1, … , 4, we measure N = 3 PZTs working as sensors during L = 60, 000 time
instants. Therefore, the number of columns of matrix X[𝜑], 𝜑 = 1, … , 4, is equal to N · L = 3 · 60, 000 = 180, 000.

Therefore, the matrix that collects all observations under the four different structural states is (see Equation 1; here,
E = 4)

X[𝜑] =
(
x[𝜑]k,𝑗i,l

)
∈ 100×180000(R). (16)

The damage detection and classification procedure introduced in Sections 2 and 3 can be applied to each matrix
X[𝜑], 𝜑 = 1, … , 4, in Equation (16), thereby leading to one classification per actuation phase. However, we can also
use the horizontal concatenation of the four matrices X[𝜑], 𝜑 = 1, … , 4, to obtain the matrix

X[1, 2, 3, 4] =
[
X[1] X[2] X[3] X[4]

]
∈ 100×(4·180000)(R) = 100×720000(R). (17)

If matrix X[1, 2, 3, 4] in Equation (17) is used for the damage detection and classification procedure introduced in
Sections 2 and 3 (this allows us to analyze the data from all actuation phases simultaneously), we obtain a single classi-
fier that combines these four phases. Finally, we can also use the separate classifiers obtained for each actuation phase:
when each actuation phase casts a vote and the final decision is based on the four actuation phases. These strategies will
be explained in Section 4.5.

4.4 𝜅−fold nonexhaustive leave-p-out cross-validation
We evaluate the proposed approach by comparing test data (the new experiments in unknown state under the same
conditions) with baseline data (data from the structure under different structural states).
For clarity, let us writeX[Φ] to refer to bothmatrixX[𝜑] in Equation (16) andmatrixX[1, 2, 3, 4] in Equation (17). Some

of the rows in X[Φ] will be used as the baseline data to build the model and the clusters (𝜐 = 5 rows per structural state),
and the remaining rows are used for the validation. Specifically, we will perform five iterations (𝜅 = 5) of a nonexhaustive
leave-p-out cross-validation, where p =

∑E
i=1 (ni − 𝜐) = n1 + n2 + n3 + n4 − 𝜐 ·E = 80, to estimate the overall accuracy and

avoid overfitting. For each structural state l = 1, … ,E, we define permutation 𝜎l:

𝜎l ∶ {1, 2, … ,nl} → {1, 2, … ,nl},
i → 𝜎l(i).

In this particular case, n1 = n2 = n3 = n4 = 25. Therefore, in the first iteration, we use the following matrix as baseline
data to build the model:

X = S⊤ · X[Φ], (18)

S =
[
e𝜎1(1) … e𝜎1(5) en1+𝜎2(1) … en1+𝜎2(5) … en1+n2+n3+𝜎4(1) … en1+n2+n3+𝜎4(5)

]
, (19)

where e𝑗 ∈ Rn1+n2+n3+n4 = R100 is the jth element of the canonical basis of the real vector space Rn1+n2+n3+n4 = R100 and
S ∈ (n1+n2+n3+n4)×(𝜈·E)(R) is the selector matrix. Matrix X in Equation (18) has been built by randomly selecting 𝜐 = 5
rows per structural state. The∑E

i=1 (ni − 𝜐) = 80 rows of matrix X[Φ] that are not used to build the model are used for the
validation.
In the ith iteration, i = 1, … , 𝜅, we use the following matrix as baseline data to build the model:

X = S⊤ · X[Φ], (20)
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S =
[
e𝜎1(5(i−1)+1) … e𝜎1(5(i−1)+5) en1+𝜎2(5(i−1)+1) … en1+𝜎2(5(i−1)+5) … en1+n2+n3+𝜎4(5(i−1)+1) … en1+n2+n3+𝜎4(5(i−1)+5)

]
, (21)

where e𝑗 is the jth element of the canonical basis and S is the selectormatrix. Because 80 rows of matrixX[Φ]will be used
for the validation step in 𝜅 = 5 iterations, the sum of all the elements in the confusion matrices that we will present in
Section 5 is equal to

(∑E
i=1 (ni − 𝜐)

)
· 𝜅 = 400.

4.5 Damage detection and classification
In this section, we present two strategies for damage detection and classification. These two strategies are as follows:

(1) the classification is based on a single matrix: X[1],X[2],X[3],X[4], or X[1, 2, 3, 4], as defined in Equations (16) and
(17), respectively, with 𝜅−fold nonexhaustive leave-p-out cross-validation;

(2) the classification is based on the four matrices X[1],X[2],X[3], and X[4], defined in Equation (16), for the four
actuation phases, with 𝜅−fold nonexhaustive leave-p-out cross-validation. Each actuation phase will cast a vote to
determine the final decision.

In the first strategy, we follow the next seven steps:

• Step 1. The data in matrix X are scaled using MCGS to define a new matrix X̆.
• Step 2. PCA is applied to X̆ to obtain the PCA model P.
• Step 3. The number 𝓁 ∈ N of principal components is chosen so that the proportion of variance explained is at least
95%. Therefore, the reduced PCA model is P𝓁 .

• Step 4. A observation z⊤ ∈ R3·60000 = R180000 (for X[1],X[2],X[3], and X[4]) or z⊤ ∈ R4·180000 = R720000 (for
X[1, 2, 3, 4]) of the current structure to diagnose is needed. Then, vector z⊤ is scaled as in Equation (13) to define z̆⊤.

• Step 5. Dataset  ′ is defined as  ′ = {xi ∈ R𝓁 | i = 1, … , 21}, where

xi = e⊤i X̆P𝓁 , i = 1, … , 20,
x21 = z̆⊤P𝓁 .

Subsequently, t-SNE is applied to this 𝓁−dimensional dataset  ′ to find a collection of two-dimensional map points ′ = {yi ∈ R2 | i = 1, … , 21}.
• Step 6. E = 4 clusters are obtained and are related to the E = 4 different structural states. These clusters are formed
by the map points: {y1, … , y5} ⊂  , related to the first structural state; {y6, … , y10} ⊂  , related to the second
structural state; {y11, … , y15}, related to the third structural state; and {y16, … , y20} ⊂  , related to the fourth
structural state.
Centroid l, l = 1, … ,E, associated with the lth structural state is computed as in Equation (15).

• Step 7. Finally, the current structure to diagnose is associated with the lth structural state if

l = arg min
l=1,… ,E

||l − y21||2.

In the second strategy, we follow Step 1 to Step 6 (as above) for the fourmatricesX[𝜑], 𝜑 = 1, … , 4, related to the four
actuation phases. With the information provided by the four actuation phases, we consider several approaches to finally
classify the structure that must be diagnosed. One of these approaches, the majority voting, is widely used in standard
fusion schemes,23 as well as weighted majority vote or soft voting. For the case studies in this work, the majority voting
will be used, as well as an approach based on the sum of the inverse distances between the centroids and the map point,
which is somehow related to a weighted majority vote. Here are the details of both approaches:

• Majority voting. In this case, the strategy of the smallest point-centroid distance is applied four times, one per
the actuation phase. Therefore, four classifications are obtained for a single structure to diagnose. Specifically, each
actuation phase acts as a classifier. Figure 6 illustrates this idea for the three actuation phases.
The current structure to diagnose, in the 𝜑th actuation phase, 𝜑 = 1, … , 4, is associated with the l𝜑th structural
state if

l𝜑 = arg min
l=1,… ,E

||𝜑
l − y21𝜑 ||2. (22)
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It is worth remembering that y21𝜑 ∈ R2 is the map point associated with the observation of the current structure
to diagnose. The structure is finally classified according to the most repeated classification. That is, the current
structure to diagnose is associated with the lth structural state if l = mode{l1, l2, l3, l4}, in the case of a unimodal set.
In the case of a bimodal set, if the twomodal values are l𝛼 and l𝛽 , the current structure to diagnose is associated with
the lth structural state if

l = arg min
l∈{l𝛼 ,l𝛽}

4∑
𝜑=1

||𝜑
l − y21𝜑 ||2.

Finally, if the set {l1, l2, l3, l4} is a set with no mode, the structure is associated with the lth structural state if

l = arg min
l=1,… ,E

4∑
𝜑=1

||𝜑
l − y21𝜑 ||2.

• Sumof the inverse distances. In this case, for a given structural state, we sum the inverse of the distances between
the centroids𝜑

l and themap point y
21
𝜑 , for all the actuation phases𝜑 = 1, … , 4. The assigned structural state is the

FIGURE 6 In the majority voting, the strategy of the smallest point-centroid distance is performed per actuation phase. The current
structure to diagnose is associated with the most voted structural state

FIGURE 7 In the sum of the inverse distances approach, the current structure to diagnose is associated with the structural state with the
minimum harmonic mean of the distances between the centroids (the points with a gray stroke) and the map point (the points with a
question mark)
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one that obtains the highest sum. Specifically, the current structure to diagnose is associated with the lth structural
state if

l = arg max
l=1,… ,E

4∑
𝜑=1

1
||𝜑

l − y21𝜑 ||2 .

Notably, the arguments of the maxima of the sum of the inverse distances is equivalent to the arguments of the
minima of the harmonic mean of these distances. Figure 7 illustrates this idea for the three actuation phases. Specif-
ically, for a given structural state, the harmonic mean of the distances between the centroids 𝜑

l and the map point
y21𝜑 for all the actuation phases 𝜑 = 1, … , 4 is

1

1
4

4∑
𝜑=1

1
||𝜑

l −y21𝜑 ||2

.

Therefore,

l = arg max
l=1,… ,E

4∑
𝜑=1

1
||𝜑

l − y21𝜑 ||2 = arg min
l=1,… ,E

1

1
4

4∑
𝜑=1

1
||𝜑

l −y21𝜑 ||2

.

Mehta et al.24 also use the harmonic distance to define a pattern classification technique similar to the k-nearest
neighbor classifier.

5 RESULTS

The results of damage detection and classification (introduced in Sections 2 and 3 and detailed in Sections 4.3–4.5) for
the aluminum plate are presented in terms of the confusion matrices for the scenarios defined in Section 4.2. We present
the results for each scenario in a different section. Specifically, Section 5.1 presents the results for Scenario 1. Section
5.2 and Section 5.3 present the results for Scenario 2 and Scenario 3, respectively. In the three scenarios, four different
structural states have been considered. The first structural state corresponds to the healthy state of the structure: the
square aluminum plate with no damage (denoted as D0). The second, third, and fourth structural states correspond to
the plate with an added mass at the positions indicated in Figures 4a and 4b (denoted as D1, D2, and D3, respectively).
To validate the method of damage detection and classification from Sections 4.3–4.5, we will perform five iterations

(𝜅 = 5) of a nonexhaustive leave-p-out cross-validation, where p = 80, as described in Section 4.4. At each iteration, we
have considered 80 observations according to the following distribution: 20 observations per structural state (D0,D1,D2,
and D3). Because 80 observations have been used for the validation step in 𝜅 = 5 iterations, the sum of all the elements
in the confusion matrices that we will present in Sections 5.1, 5.2, and 5.3 is equal to 5 · 80 = 400.
Hence, for the three scenarios, we present five different confusion matrices:

• Actuation Phase 1 and Actuation Phase 3. Damage detection and classification are applied to a single matrix,
X[1] or X[3], as in Equation (16), using the smallest point-centroid distance.

• Actuation Phases 1–4. Damage detection and classification are applied to a single matrix: the horizontal con-
catenation of the four matrices X[𝜑], 𝜑 = 1, … , 4, namely, X[1, 2, 3, 4], as in Equation (17), using the smallest
point-centroid distance.

• Majority voting. Damage detection and classification are applied to the four matrices: X[𝜑], 𝜑 = 1, … , 4. Each
actuation phase casts a vote, and a final decision is taken using the majority voting (Section 4.5).

• Sum of the inverse distances. Damage detection and classification are applied to the four matrices: X[𝜑], 𝜑 =
1, … , 4. Each actuation phase casts a vote, and a final decision is taken based on the maximum sum of the inverse
distances (Section 4.5).

Finally, in some cases, to compare the performance of the current approach to damage detection and classification, we
have included confusion matrices of a similar approach. The approach that is used to compare the performance of t-SNE
relies on the same strategy for data integration (Section 2.1) and data transformation (Section 2.2). The difference is that
the clusters are created using PCA, instead of t-SNE.
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Actuation phase 1 Actuation phase 3

D0 D1 D2 D3 D0 D1 D2 D3
D0 96 0 2 2 99 0 0 1
D1 0 100 0 0 0 100 0 0
D2 0 0 100 0 1 0 98 1
D3 0 0 0 100 0 0 0 100

Note. D0: healthy state of the structure; D1,D2, and D3: added masses at the positions
indicated in Figures 4a and 4b.

TABLE 1 Confusion matrix of the application of the
t-distributed stochastic neighbor embedding-based
damage detection and classification procedure presented
in Sections 2 and 3 to the case of the aluminum plate
(Scenario 1) described in Section 4.1, for the Actuation
Phases 1 and 3

Actuation phase 1 Actuation phase 3

D0 D1 D2 D3 D0 D1 D2 D3
D0 78 0 0 22 100 0 0 0
D1 0 100 0 0 0 100 0 0
D2 0 0 100 0 2 0 78 20
D3 0 0 0 100 0 0 0 100

Note. D0: healthy state of the structure; D1,D2, and D3: added masses at the positions
indicated in Figures 4a and 4b.

TABLE 2 Confusion matrix of the application of the
principal component analysis-based damage detection
and classification procedure to the case of the
aluminum plate (Scenario 1) described in Section 4.1,
for the Actuation Phases 1 and 3

TABLE 3 Confusion matrix of the application of the t-distributed stochastic neighbor embedding-based
damage detection and classification procedure presented in Sections 2 and 3 to the case of the aluminum
plate (Scenario 1) described in Section 4.1, when the four actuation phases are used simultaneously

Phases 1–4 Majority voting Inverse distances

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3
D0 100 0 0 0 100 0 0 0 100 0 0 0
D1 0 100 0 0 0 100 0 0 0 100 0 0
D2 0 0 100 0 0 0 100 0 0 0 100 0
D3 0 0 0 100 0 0 0 100 0 0 0 100

Note. D0: healthy state of the structure; D1,D2, and D3: added masses at the positions indicated in Figures 4a and 4b.

5.1 Scenario 1
In this section, we present the results for Scenario 1. In this scenario, a short wire has been used, and the measured
signals are filtered with a Savitzky–Golay algorithm. Tables 1 and 3 show the five confusion matrices. When the decision
is based on a single actuation phase (Table 1), the overall accuracy is quite good. Specifically, 396 and 397 observations
out of 400 cases have been correctly classified in Actuation Phases 1 and 3, respectively (which corresponds to an overall
accuracy of 99% and 99.25%, respectively). When the four actuation phases are used simultaneously (Actuation Phases
1–4, Equation 17, the majority voting and the sum of the inverse distances), we achieve an overall accuracy of 100%, as
shown in Table 3.
In this scenario, which is themost advantageous, the PCA-based damage detection and classification also performwell.

However, the overall accuracy is reduced to 94.5% (Table 2). This is the first indication that the clusters created with t-SNE
have a better quality compared with the clusters created with PCA.

5.2 Scenario 2
In this section, we present the results for Scenario 2. In this case, a short wire has been used, but the measured signals
were not filtered. Tables 4 and 6 show the five confusion matrices. When the decision is based on a single actuation
phase (Table 4), the overall accuracy is quite remarkable. Specifically, for Actuation Phase 1, 382 observations out of 400
have been correctly classified (which corresponds to an overall accuracy of 95.5%). For Actuation Phase 3, when the four
actuation phases are used simultaneously (Actuation Phases 1–4, Equation 17), the majority voting and the sum of the
inverse distances), an overall accuracy of 100% is achieved, as shown in Table 6.
Moreover, in this case, the results of the t-SNE based damage detection and classification are compared with those of

the PCA-based method. In particular, in Actuation Phase 1, 289 observations out of 400 have been correctly classified
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TABLE 4 Confusion matrix of the application of the
t-distributed stochastic neighbor embedding-based
damage detection and classification procedure
presented in Sections 2 and 3 to the case of the
aluminum plate (Scenario 2) described in Section 4.1,
for the Actuation Phases 1 and 3

Actuation phase 1 Actuation phase 3

D0 D1 D2 D3 D0 D1 D2 D3
D0 82 6 12 0 100 0 0 0
D1 0 100 0 0 0 100 0 0
D2 0 0 100 0 0 0 100 0
D3 0 0 0 100 0 0 0 100

Note.D0: healthy state of the structure; D1,D2, and D3: added masses at the positions
indicated in Figures 4a and 4b.

TABLE 5 Confusion matrix of the application of the
principal component analysis-based damage detection
and classification procedure to the case of the aluminum
plate (Scenario 2) described in Section 4.1, for the
Actuation Phases 1 and 3

Actuation phase 1 Actuation phase 3

D0 D1 D2 D3 D0 D1 D2 D3
D0 51 8 40 1 100 0 0 0
D1 4 76 20 0 0 100 0 0
D2 26 2 70 2 0 0 100 0
D3 4 0 4 92 0 0 0 100

Note. D0: healthy state of the structure; D1,D2, and D3: added masses at the positions
indicated in Figures 4a and 4b.

TABLE 6 Confusion matrix of the application of the t-distributed stochastic neighbor embedding-based
damage detection and classification procedure presented in Sections 2 and 3 to the case of the aluminum
plate (Scenario 2) described in Section 4.1, when the four actuation phases are used simultaneously

Phases 1–4 Majority voting Inverse distances

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3
D0 100 0 0 0 100 0 0 0 100 0 0 0
D1 0 100 0 0 0 100 0 0 0 100 0 0
D2 0 0 100 0 0 0 100 0 0 0 100 0
D3 0 0 0 100 0 0 0 100 0 0 0 100

Note. D0: healthy state of the structure; D1,D2, and D3: added masses at the positions indicated in Figures 4a and 4b.

(Table 5). This corresponds to an overall accuracy of 72.25%. The t-SNE-based damage detection and classification (with
an overall accuracy of 95.5%) outperforms the PCA-based approach. Moreover, the false-positive rate (FPR)—defined
as the ratio of false positives to the total number of negatives—is 49∕100 = 49%, which is unsatisfactory. Similarly, the
false-negative rate (FNR)—the ratio of false negatives to the total number of positives—is 34∕300 = 11.3%. To compute
the FNR, the three different types of damage (D1,D2, and D3) are considered as a single category (the opposite of the
healthy state of the structure).

5.3 Scenario 3
In this section, we present the results for Scenario 3. In the two previous scenarios, a short wire was used. However,
in this case, the signals are acquired using a 2.5 m long wire. Tables 7 and 8 show the five confusion matrices. When
the decision is based on a single actuation phase (Table 7), the overall accuracy significantly decreases compared with
Scenario 1 and Scenario 2. Specifically, 244 and 280 observations have been correctly classified in the Actuation Phases 1
and 3, respectively (which represents an overall accuracy of 61% and 70%, respectively). For Actuation Phase 1, the FPR
is 50%, and the FNR is 16%: Both values are unacceptable.
The potential of the approaches where the four actuation phases are used can be observed in this last scenario (see

Table 8):

• When the four actuation phases are merged in a single matrix (as in Equation 17), 354 observations out of 400 are
correctly classified; this represents an overall accuracy of 88.5%, an FPR of 14%, and an FNR of 4%.
When each actuation phase casts a vote, and a final decision is taken using the majority voting, the overall accuracy
is increased to 91.25%. The FPR is reduced to 2%, and the FNR is slightly increased to 6%.
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Actuation phase 1 Actuation phase 3

D0 D1 D2 D3 D0 D1 D2 D3
D0 50 6 19 25 93 1 3 3
D1 19 66 11 4 16 50 23 11
D2 14 3 73 10 5 19 70 6
D3 15 9 21 55 0 23 10 67

Note. D0: healthy state of the structure; D1,D2, and D3: added masses at the positions
indicated in Figures 4a and 4b.

TABLE 7 Confusion matrix of the application of the
t-distributed stochastic neighbor embedding-based damage
detection and classification procedure presented in
Sections 2 and 3 to the case of the aluminum plate (Scenario
3) described in Section 4.1, for the Actuation Phases 1 and 3

Phases 1–4 Majority voting Inverse distances

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3
D0 86 1 7 6 98 0 0 2 99 0 1 0
D1 8 88 4 0 12 85 2 1 1 99 0 0
D2 1 8 89 2 6 2 90 2 1 1 95 3
D3 3 4 2 91 0 3 5 92 1 2 2 95

Note.D0: healthy state of the structure;D1,D2, andD3: added masses at the positions indicated in Figures 4a and
4b.

TABLE 8 Confusion matrix of the
application of the t-distributed
stochastic neighbor embedding-based
damage detection and classification
procedure presented in Sections 2
and 3 to the case of the aluminum
plate (Scenario 3) described in
Section 4.1, when the four actuation
phases are used simultaneously

Accuracy FPR FNR
Actuation phase 1 61.0% 50.0% 16.0%
Actuation phase 3 70.0% 7.0% 7.0%
Phases 1-4 88.5% 14.0% 4.0%
Majority voting 91.3% 2.0% 6.0%
Inverse distances 97.0% 1.0% 1.0%

Abbreviations: FNR, false-negative rate; FPR, false-positive rate.

TABLE 9 Overall accuracy, FPR, and FNR of the application of the
t-distributed stochastic neighbor embedding-based damage detection and
classification procedure presented in Sections 2 and 3 to the case of the
aluminum plate (Scenario 3) described in Section 4.1, when the four
actuation phases are used separately and simultaneously

• Finally, when each actuation phase casts a vote, and a final decision is taken using the maximum sum of the inverse
distances, the overall accuracy increases to 97%. FPR and FNR are significantly reduced to 1% and 1%, respectively.

Table 9 summarizes the values for the overall accuracy, FPR, and FNR in this scenario.

5.4 General comments
According to the results presented in Sections 5.1–5.3, it is better tomake a decision considering all of the actuation phases
(assembling these phases or using them to cast a vote) rather than working with the phases separately. Moreover, the
results reveal the strong performance of the sum of the inverse distances strategy as compared with the majority voting or
the horizontal concatenation of the four actuation phases. The majority voting outperforms the horizontal concatenation
of the four actuation phases, but it cannot accurately classify damage D1 (Scenario 3, Table 8). In contrast, the sum of the
inverse distances strategy classifies the practical totality of the kinds of damage that we have considered. In general, the
healthy state of the structure is confused with a damaged structure only in a few cases. Similarly, the damaged structure
is identified as a structure with no damage in a very limited number of observations. In general, the performance of the
proposed method is satisfactory when the signals are acquired using a short wire, with or without adding white Gaussian
noise. In these two cases, if using PCA as a preprocessing step, the noise is canceled. The third scenario presents the
worst case, because it used a long cable (2.5 m) from the digitizers to the sensors. In this scenario, the signals were badly
digitized (because of the impedance of the cable, the low voltage of the stimulus, and other experimental characteristics).
Therefore, we observe that the use of a long cable from the digitizer to the sensors affects the quality of detection and
classification. However, combining the four actuation phases and the sum of the inverse distances strategy, we can obtain
very accurate results.

6 CONCLUSIONS

In this study, we proposed an SHM strategy for detection and classification of structural changes using two-step data
integration (type E unfolding and MCGS), data transformation using PCA, and two-step data reduction combining PCA
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and t-SNE. We evaluated the proposed approach using experimental data. In general, the obtained results show that the
performance of the proposed method is very satisfactory, given its high classification accuracy. The performance is very
good and similar in all the datasets. In the case studies, we obtain very accurate results regardless of addingwhiteGaussian
noise, because PCA cancels the noise. However, the use of a longwire (2.5m) from the digitizers to the sensors reduces the
quality of detection and classification. Moreover, we can obtain accurate results by combining the four actuation phases
and the sum of the inverse distances strategy. Results also show that the quality of the two-dimensional clusters cre-
ated with t-SNE is better than the quality of the equivalent two-dimensional clusters created only with PCA; thus, t-SNE
improves the classification. Therefore, the t-SNE-based damage detection and classification significantly outperforms the
PCA-only-based approach. Some aspects to highlight in the proposed method are as follows. First, the t-SNE technique
has been extended and adapted to the field of SHM to detect and classify structural changes. Second, our method clas-
sifies the current state of the structure using data-driven analysis (i.e., using the data collected from the structure under
different structural states) and without the use of complex mathematical models. Third, our results show that it is better
to make a decision considering all of the actuation phases (assembling these phases or using them to cast a vote) rather
than working with the phases separately. Fourth, our findings show the strong performance of the sum of the inverse dis-
tances strategy compared with the majority voting or the horizontal concatenation of the four actuation phases. Fifth, the
majority voting outperforms the horizontal concatenation of the four actuation phases. Finally, in general, the healthy
state of the structure is confused with a damaged structure only in a few cases; similarly, a damaged structure is identi-
fied as a structure with no damage in a very limited number of observations. Regarding the possible fields of application,
similar aluminum plates have been used to represent parts of a plane (wings or fuselage). We think that we can also apply
this approach to detect damage and faults in wind turbines. In general, there is no prescribed field of application: If a
sensor network can be installed in a structure, and several actuation phases can be considered, the proposed approach
can be a priori implemented. In future work, we plan to apply the proposed method to different environmental and oper-
ational conditions to determine its effectiveness, as well as to handle imbalanced data. Besides, we aim to investigate the
parametric version of t-SNE.
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Abstract: This work presents a structural health monitoring (SHM) approach for the detection
and classification of structural changes. The proposed strategy is based on t-distributed stochastic
neighbor embedding (t-SNE), a nonlinear procedure that is able to represent the local structure of
high-dimensional data in a low-dimensional space. The steps of the detection and classification procedure are:
(i) the data collected are scaled using mean-centered group scaling (MCGS); (ii) then principal component
analysis (PCA) is applied to reduce the dimensionality of the data set; (iii) t-SNE is applied to represent
the scaled and reduced data as points in a plane defining as many clusters as different structural states;
and (iv) the current structure to be diagnosed will be associated with a cluster or structural state based
on three strategies: (a) the smallest point-centroid distance; (b) majority voting; and (c) the sum of the
inverse distances. The combination of PCA and t-SNE improves the quality of the clusters related to the
structural states. The method is evaluated using experimental data from an aluminum plate with four
piezoelectric transducers (PZTs). Results are illustrated in frequency domain, and they manifest the high
classification accuracy and the strong performance of this method.

Keywords: classification detection; principal component analysis (PCA); structural changes; structural
health monitoring (SHM); t-distributed stochastic neighbor embedding (t-SNE)

1. Introduction

Structural health monitoring (SHM) is a crucial process for engineering structures because it checks the
correct behavior of the structure and determines whether it needs some type of maintenance. The healthy
state of the structure has to remain between the specified limits or threshold, but these limits may change
due to the aging of the structure and its use, or due to the environmental and operational conditions (EOC).
Hence, in SHM systems, detection and classification of structural changes are essential in order to know
the current state of the structure for security and to reduce costs of inspection and maintenance. If damage
is detected and classified precisely at the time it occurs, some action may be taken before a human
and/or economic disaster occurs, thus reducing the probability of accidents and the maintenance costs.
SHM has been applied in many structures such as wind turbines [1–3], buildings [4,5], and aircraft [6,7],
among others, and a review of the state-of-the-art manifests that SHM is a very active research field.

With the goal of obtaining information about the state of the structure, data are collected by a
sensor network, which is placed along the structure. The information obtained from multi-sensor signals

Sensors 2019, 19, 5097; doi:10.3390/s19235097 www.mdpi.com/journal/sensors
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creates a high-dimensional data set with a large volume of data due to continuous measurements of
the monitoring system. Various methods have been proposed for the handling of high-dimensional,
big, and complex data. Among these methods, plane or spatial representation techniques stick out as
they offer a way to handle this type of data by means of an interface that allows an easy detection of
natural clusters, identifying hidden patterns, et cetera [8]. Plane or spatial representation techniques
are also somehow related to dimensionality reduction. Dimensionality reduction is the mechanism of
reducing the dimension of the original data, while keeping mostly the same intrinsic information [9].
One of the proposed dimensionality reduction methods in the literature is t-distributed stochastic neighbor
embedding (t-SNE), a technique developed by L. van der Maaten and G. Hinton [10], which is able to
represent the local structure of original high-dimensional data in a low-dimensional space (for example,
a simple 2-D plot). This technique detects patterns by identifying clusters based on similarity of data points.
t-SNE is widely used in the literature as a dimensionality reduction technique, as a classification or pattern
recognition method, or as a visualization and compression method of big data sets, but although t-SNE has
been applied in several applications, this is one of the first approaches of t-SNE in the field of SHM [11].

In the present approach, t-SNE is applied in the frequency domain. In the field of SHM and condition
monitoring (CM) this is sometimes common, and the combination of time-frequency domain is also used.
Some examples are Tsogka et al. [12], who propose a novel vibration-based SHM method for damage
detection in the frequency domain, which illustrates its practical application in the case of a historic
bell tower. Xu et al. [13] propose a clustering method based on ensemble empirical mode decomposition
and affinity propagation for bearing performance degradation assessment. To prove the superiority of the
approach, the proposed methodology is compared to various popular clustering methods and commonly
used time-domain indicators. The results show that the proposed method outperforms these popular
clustering methods and time-domain indicators. Cheng et al. [14] propose a multisensory data-driven
health degradation monitoring system by using a generalized multiclass support vector machine. In this
method, multidimensional feature extraction is implemented in the time domain, frequency domain,
and time-frequency domain.

In this work, a SHM strategy for detection and classification of structural changes based on a two-step
data integration (type E unfolding [15] and the so-called mean-centered group scaling (MCGS)), data
transformation using PCA, and a two-step data reduction combining PCA and t-SNE has been proposed.
PCA is an extensively used technique that is mainly used for dimensionality reduction or feature extraction
in the framework of pattern recognition [16], and it can be applied differently to detect and classify
structural changes or faults [17]. In some cases, however, it can be observed that the projection into the
first principal components does not allow a visual grouping, clustering, or separation. For this reason, we
propose the damage or fault detection based on the combination of PCA and t-SNE. As a consequence,
the basic steps of the detection and classification procedure that we apply are: (i) the data collected,
in the frequency domain, are first scaled using MCGS due to the different scales and magnitudes in the
measurements; (ii) then PCA is applied to obtain a better representation of the original data, by reducing
the dimensionality of the scaled data and projecting the scaled data into the vectorial space spanned
by the principal components; and (iii) t-SNE is finally applied to the projected data to represent these
points as points in a plane. It will be shown that, with respect to the time domain, the quality of the
clusters related to the different structural states is significantly improved. More precisely, the current
structure to be diagnosed will then be associated with a structural state based on three different strategies:
(i) the smallest point-centroid distance, i.e., when a single actuation phase is considered; (ii) majority voting;
and (iii) sum of the inverse distances, i.e., when several actuation phases are combined. Therefore, in this
work, t-SNE is used, in combination with a particular data integration, data transformation, and data
reduction, for the first time in the field of SHM in a frequency-based approach. In comparison to previous
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strategies found in the literature, this novel method is able to yield a best detection and classification of
structural changes, thus leading to a best performance.

The proposed method for the detection and classification of structural changes is assessed
using experimental data from a plate with four piezoelectric transducers (PZTs). Since guided
wave propagation-based SHM strategies have proven their ability to adequately identify defects in
structures [18–21], in the present work, we have also considered the paradigm of guided waves. In this
paradigm, the structure is excited by a signal and the response is measured to create a baseline pattern.
When a new structure has to be diagnosed, it has to be excited by the exact same signal and the response
is measured and compared with the baseline pattern. Results reveal the high classification accuracy and
the strong performance of this methodology, with a percentage of correct decisions of about 100% in
various scenarios. In the present work, the environmental conditions were not considered, as it will be the
topic for further developments.

The structure of the paper is as follows: Section 2 describes the objective of t-SNE and how the
plane or spatial representation is obtained. Section 3 includes how the baseline data are collected
and pre-processed, how the global dimension of the data is reduced, and how the clusters are created
using t-SNE. The damage detection and classification procedure of a structure that has to be diagnosed
is presented in Section 4. The experimental case study is described in Section 5. In Section 6, the results
are shown. Finally, in Section 7, some conclusions are drawn.

2. t-Distributed Stochastic Neighbor Embedding (t-SNE)

2.1. The Objective of t-SNE

t-SNE is an improved variation of the technique so-called stochastic neighbor embedding (SNE) [22].
With respect to SNE, t-SNE is much easier to optimize and yields better plane or spatial representations of
the high-dimensional data, since it reduces the tendency to crowd points in the center of the distribution
(the so-called crowding problem). Part of the enhancements of t-SNE with respect to SNE are due to the
fact that the cost function used by t-SNE differs from the one used by SNE in two features: (i) t-SNE
uses a symmetrized version of the SNE cost function with simpler gradients; and (ii) t-SNE uses a
Student’s t-distribution, instead of a Gaussian, to calculate the similarity between two points in the
low-dimensional space.

Given a collection of high-dimensional data points:

X = {x1, . . . , xν} ⊂ RD, ν, D ∈ N, (1)

the aim is to find a collection of low-dimensional map points

Y = {y1, . . . , yν} ⊂ Rd, d ∈ N

that form a faithful representation of the original points {x1, . . . , xν} in a lower-dimensional space.
Typical values for d are 2 (plane representation) or 3 (spatial representation), where d � D. By saying
faithful representation, we mean that the points {y1, . . . , yν} in the lower-dimensional space preserve,
as much as possible, the local structure of the original data X .

2.2. Pairwise Similarities

To preserve local similarities of the original data X by this embedding, t-SNE first converts the
high-dimensional Euclidean distances between data points xi and xj into conditional probabilities by
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centering a Gaussian distribution at xi, computing the density of xj under this Gaussian distribution,
and renormalizing:

pj|i =

exp

(
−‖xi − xj‖2

2
2σ2

i

)

ν

∑
l=1
l 6=i

exp

(
−‖xi − xl‖2

2
2σ2

i

) , i, j = 1, . . . , ν, i 6= j, (2)

where
‖xi − xj‖2

2
2σ2

i
(affinity or scaled squared Euclidean distance) is the dissimilarity between data points xi

and xj. The variance of the Gaussian distribution, σ2
i , is computed automatically. Since only pairwise

similarities between data points are of interest, t-SNE imposes pi|i = 0. This conditional probability
measures the similarity of xj to xi. If two data points are close, pj|i will be large. However, if two data
points are far, pj|i will be small.

Then, by symmetrizing the conditional probability in Equation (2), the joint probability is defined
as follows:

pij =
pj|i + pi|j

2ν
, i, j = 1, . . . , ν, i 6= j,

pii = 0.

The joint probability also measures the pairwise similarity between data points xi and xj. As a result,
let us define the similarity matrix P ∈ Mν×ν(R) for the high-dimensional data points as P =

(
pij
)

i,j=1,...,ν.
When the similarity matrix for the data points X in Equation (1) is obtained, t-SNE also defines the

similarity matrix Q ∈Mν×ν(R) for the map points Y . Essentially, we build matrix Q following the same
idea as for the similarity matrix P with respect to original data points. The one and only difference is that
we use for matrix Q a renormalized Student’s t-distribution with one degree of freedom and σ2

i = 1
2 for all

i, instead of a Gaussian distribution:

qij =

1
1 + ‖yi − yj‖2

2
ν

∑
k=1

ν

∑
l=1
l 6=k

1
1 + ‖yk − yl‖2

2

, i, j = 1, . . . , ν, i 6= j, (3)

qii = 0, (4)

where qij represents the local structure of the data points in the low-dimensional space.

2.3. Comparing Similarity Matrices: Cost Function

The goal is to select the map points so that the two similarity matrices, P and Q, are as similar
as possible. The similarity between these two matrices will be defined in terms of the Kullback–Leibler
(KL) divergence. The KL divergence between the joint probability distributions P and Q is a measure of
the distance between the two similarity matrices, and it can be defined as [10,22,23]:

C = DKL (P‖Q) =
ν

∑
i=1

ν

∑
j=1
j 6=i

pij log

(
pij

qij

)
. (5)
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Therefore, minimizing the KL divergence reduces the distance between these two matrices. And to
minimize the cost function C, the gradient descent method is used: ∂C

∂yi . It is worth noting that the gradient

descent is an iterative optimization algorithm and therefore it updates the map point yi at each step.
For more details, see the original t-SNE paper [10].

3. Data Collection, Pre-Processing, and Clustering: Baseline Data

3.1. Data Collection and Pre-Processing

The data collected are made up of different response signals measured, in the time domain,
by sensors on a vibrating structure. Multiple realizations of these responses are measured, under different
structural states. Coming up next, these responses signals are transformed into the frequency domain
using the fast Fourier transform (FFT) algorithm, and features are extracted from the spectrum to reduce
the data dimension, dividing by two and adding one to the number of components in each signal. A matrix
which collects all the realizations under different structural states in the frequency domain is defined as:

X =
(

xk,j
i,l

)
=




x1,1
1,1 · · · x1,L

1,1 · · · xN,1
1,1 · · · xN,L

1,1
...

. . .
...

. . .
...

. . .
...

x1,1
n1,1 · · · x1,L

n1,1 · · · xN,1
n1,1 · · · xN,L

n1,1

x1,1
1,2 · · · x1,L

1,2 · · · xN,1
1,2 · · · xN,L

1,2
...

. . .
...

. . .
...

. . .
...

x1,1
n2,2 · · · x1,L

n2,2 · · · xN,1
n2,2 · · · xN,L

n2,2
...

. . .
...

. . .
...

. . .
...

x1,1
1,E · · · x1,L

1,E · · · xN,1
1,E · · · xN,L

1,E
...

. . .
...

. . .
...

. . .
...

x1,1
nE ,E · · · x1,L

nE ,E · · · xN,1
nE ,E · · · xN,L

nE ,E




(6)

=




X1

X2
...

XE



∈ M(n1+···+nE)×(N·L)(R), (7)

=
[

X1 X2 · · · XN
]

, (8)

where N ∈ N is the number of sensors and k = 1, . . . , N identifies the sensor that is measuring; L ∈ N is
the number of components in each signal and j = 1, . . . , L indicates the j-th measurement in the frequency
domain; E ∈ N is the number of different structural states that are considered and l = 1, . . . , E represents
the structural state that is been measured; and finally, nl , l = 1, . . . , E, is the number of realizations per
structural state and i = 1, . . . , nl is the i-th realization related to the l-th structural state. Note that matrix
X in Equation (7) is formed by E horizontal blocks, Xl , l = 1, . . . , E, each one of them related to the
different structural states. At the same time, this matrix X can also be viewed as formed by N vertical
blocks, Xk, k = 1, . . . , N, each one of them related to the different sensors. Due to the different scales and
magnitudes in the measurements, the matrix X in Equation (7) is rescaled using MCGS, which is suggested
by Pozo et al. [24].
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3.2. Dimensionality Reduction

One of the main reasons of using the MCGS is that the covariance matrix of matrix X̆, i.e., the scaled
data set, can be computed in a very simple way as:

CX̆ =
1

n− 1
X̆>X̆ ∈ M(N·L)×(N·L)(R). (9)

The eigenvectors ρk, k = 1, . . . , N · L, and eigenvalues λk, k = 1, . . . , N · L, of the covariance matrix
CX̆ define the subspaces in the PCA model. The eigenvalues λk are then ordered in decreasing order as

λ1 ≥ λ2 ≥ · · · ≥ λN·L,

and the matrix P ∈ M(N·L)×(N·L)(R) contains, written as columns, their corresponding eigenvectors ρk.
These eigenvectors are known as the principal components. The eigenvalues define the partial variance
of each eigenvector. When the column scaling is applied to matrix X in Equation (7), although not not the
case of this paper, we have that the trace of the covariance matrix CX̆, which is the sum of the eigenvalues,
is equal to the number of columns of X, that is, N · L. This means that the proportion of the variance

directed along the first ` ∈ N principal components is given by
λ1 + · · ·+ λ`

N · L . However, when the MCGS
is applied to scale the raw data in matrix X in Equation (7), the trace of the covariance matrix CX̆ is no
longer necessarily equal to N · L. As a consequence, the proportion of the variance explained by the first `
principal components is given by:

λ1 + · · ·+ λ`

λ1 + · · ·+ λN·L
.

In this work, we use PCA to reduce the dimensionality of the scaled data set X̆ by selecting a reduced,
but still significant, number ` = D < N · L of principal components. This dimensionality reduction is
performed through the reduced matrix

P` = PD =
[

ρ1 ρ2 · · · ρ`

]
∈ M(N·L)×`(R), (10)

which is composed by the concatenation of the eigenvectors ρk related to the highest eigenvalues. Matrix
P` = PD in Equation (10) is the model or PCA model. The scaled data set X̆ is then projected into the
vectorial space spanned by the ` = D first principal components through the premultiplication of P` by X̆.
More precisely,

T` = TD = X̆P` ∈ Mn×`(R). (11)

P` in Equation (10) has been defined as the PCA model that includes multiple realizations under
different structural states. At the same time, T` in Equation (11) is the projection of the scaled data set X̆
into the subspace spanned by the PCA model. The number of principal components ` = D ∈ N is chosen
so that the proportion of the variance explained is greater than or equal to 95%.

3.3. Clustering Effect

In Section 3.2, the dimensionality reduction has been performed. More precisely, n realizations under
different structural states (the rows of matrix X in Equation (7)), that may be seen as N · L−dimensional
vectors, are projected and transformed into ` = D−dimensional vectors. This reduction of the dimension
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of the original data is performed with a small loss of information, less than 5%, and it is also expected that
` is much smaller than N · L.

A second transformation is performed to the projected data in matrix T` in Equation (11) using the
t-SNE presented in Section 2. Let us define

xi = e>i T` = e>i X̆P` ∈ R`, i = 1, . . . , n

as the i-th row of matrix T` in Equation (11). The vector ei ∈ Rn is the i-th element of the canonical basis.
Let us also define

X = {x1, . . . , xn} ⊂ R` (12)

as a collection of high-dimensional data points. The objective is to find a collection of 2−dimensional map points

Y = {y1, . . . , yn} ⊂ R2

that represent the original set X with no explicit loss of information and preserving the local structure
of this set. After the application of t-SNE, we expect E clusters to be observed, related to the E different
structural states. These clusters are formed by the map points:

{y1, . . . , yn1} ⊂ Y , related to the 1st structural state;

{yn1+1, . . . , yn1+n2} ⊂ Y , related to the 2nd structural state;

{yn1+n2+1, . . . , yn1+n2+n3} ⊂ Y , related to the 3rd structural state;
...

{yn−nE−1−nE+1, . . . , yn−nE} ⊂ Y , related to the penultimate structural state; and

{yn−nE+1, . . . , yn} ⊂ Y , related to the last structural state.

(13)

4. Damage Detection and Classification Procedure: Structure to Diagnose

In Section 3.3, we have seen how the original realizations under different structural states are finally
projected on a plane to define a set of clusters. In this section, we will present the damage detection and
classification procedure of a structure that has to be diagnosed.

A single realization of the current structure to diagnose is needed. The data collected are made
up, in this case, of different response signals measured by the same number of sensors N and the same
number of components in each signal L, as in Equation (7). When these measures are obtained and they
are transformed into the frequency domain, a new data vector z is constructed:

z> =
[

z1,1 · · · z1,L · · · zN,1 · · · zN,L
]
∈ RN·L.

4.1. Scaling (MCGS)

Before the collected data coming from the structure to diagnose is projected into the space spanned
by the principal components, the row vector z> has to be scaled to define a scaled row vector z̆>:

z̆k,j =
zk,j − µk,j

σk , k = 1, . . . , N, j = 1, . . . , L, (14)
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where µk,j is the arithmetic mean of all the elements in the [(k − 1)L + j]-th column of matrix X
in Equation (6) i.e., the j-th column of the vertical block Xk in Equation (8); and σk is the standard
deviation of all the elements in the vertical block Xk in Equation (8) with respect to the mean value µk (the
arithmetic mean of all the elements in the vertical block Xk in Equation (8)).

4.2. Projection (PCA)

The projection of the scaled row vector z̆> ∈ RN·L into the space spanned by the ` first principal
components in P` is performed through the following vector to matrix multiplication:

xn+1 = z̆> · P` ∈ R`.

It is worth noting that the N · L−dimensional vector that contains the collected data coming from
the structure to be diagnosed in now transformed into an `−dimensional vector. This new point will be
added to the data set X in Equation (12) to define a new set:

X ′ = X ∪ {xn+1} = {x1, . . . , xn, xn+1} ⊂ R`. (15)

4.3. t-SNE and Final Classification

t-SNE is applied to the `−dimensional data set X ′ in Equation (15) to find a collection of
2−dimensional map points:

Y ′ = {y1, . . . , yn, yn+1} ⊂ R2

that represent the original set X with no explicit loss of information and preserving the local structure of
this set, as well as including the map point yn+1 associated to the data point xn+1. The same E clusters
have to be observed, related to the E different structural states. As in Section 3.3, these clusters are formed
by the map points in Equation (13).

For each cluster, we compute its centroid, that is, the mean of the values of the points of data in
the cluster. For instance, the centroid associated with the first structural state is:

Y1 :=
1
n1

n1

∑
i=1

yi =
y1 + · · ·+ yn1

n1
∈ R2,

whereas the centroid associated with the second structural state is:

Y2 :=
1
n2

n2

∑
i=1

yn1+i =
yn1+1 + · · ·+ yn1+n2

n2
∈ R2.

In general, the centroid associated with the l-th structural state, l = 1, . . . , E, is the point of the plane
defined as

Yl :=
1
nl

nl

∑
i=1

y

(
l−1
∑

j=0
nj

)
+i
∈ R2, l = 1, . . . , E, (16)

where n0 = 0. Therefore, the current structure to diagnose is associated to the l-th structural state if

l = arg min
l=1,...,E

‖Yl − yn+1‖2,
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that is, if the minimum distance between yn+1 and each one of the centroids corresponds to the Euclidean
distance between yn+1 and Yl . We call this approach the smallest point-centroid distance (see Figure 1).

A flowchart of the proposed approach and how it is applied is given in Figure 2.

structural state #1

structural state #2

structural state #3

smallest point-centroid

distance

?

Figure 1. The current structure to diagnose is associated to the structural state with the smallest
point-centroid distance.

MCGS

PCA

data coming from a structure to 

be diagnosed

baseline data

P

t-SNE

L time steps

L x N

CLUSTERINGsmallest point-centroid distancemajority votingharmonic meanN·L

n multiple actuation phases transformed into the frequency domain
Figure 2. Flowchart of the proposed approach. Data coming from a structure are first transformed into
the frequency domain and scaled, and then projected into the principal component analysis (PCA) model.
Finally, t-distributed stochastic neighbor embedding (t-SNE) is used to create the clusters that will be used
in the detection and classification of structural changes. MCGS = mean-centered group scaling.
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5. Case Study: Aluminum Plate with Four PZTs

5.1. Structure

In this section, a square aluminum plate with an area of 1600 cm2 (40 cm × 40 cm, and a thickness
of 0.2 cm) and instrumented with four PZTs is considered to demonstrate the reliability of the damage
detection and classification methodology introduced in Sections 3 and 4. The piezoelectric transducer
discs are attached to the surface and their location is shown in Figure 3. Assuming that the lower left
corner of the plate in Figure 3 represents the origin of coordinates, the PZTs are installed at these positions
(units in centimeters):

• PZT1 at (20, 35)
• PZT2 at (35, 20)
• PZT3 at (20, 5)
• PZT4 at (5, 20)

These PZTs are able to work both in actuator mode and in sensor mode. In actuator mode, the burst
signal in Figure 4 is applied to the PZTs, and they produce a mechanical vibration; and in sensor mode,
they detect time varying mechanical response. It is worth keeping in mind that the distance between the
four sensors is not the same. More precisely, for example, the distance between sensor 1 and sensor 2 and
the distance between sensor 1 and sensor 4 is equal. However, the distance between sensor 1 and sensor 3
is relatively larger.

A 17.2916 grams mass is added to simulate the damage, in a non-destructive way, in the
aluminum plate. This mass is an attached magnet in both sides of the plate, since aluminum is non-magnetic
metal. This kind of damage is used to change the properties of the structure and to produce changes in the
propagated wave, therefore providing different scenarios for validating the proposed method. The location
of the mass defines each damage. These locations are (units in centimeters):

• damage 1 at (12.5, 27.5)
• damage 2 at (27.5, 27.5)
• damage 3 at (12.5, 12.5)

E = 4 structural states are considered here:

• the first structural state corresponds to the healthy state of the structure, that is, the square aluminum
plate with no damage;

• the second, third, and fourth structural states correspond to the plate with an added mass at the
positions indicated in Figure 3 as damage 1, damage 2, and damage 3, respectively.

The aluminum plate is isolated from the vibration and noise that could affect the laboratory, as can be
observed in Figure 5.
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damage 3

Figure 3. Aluminum plate instrumented with four piezoelectric sensors (S1, S2, S3, and S4).
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Figure 4. In actuator mode, this burst signal is applied to the piezoelectric transducers (PZTs) to produce a
mechanical vibration.
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no damage damage 1

damage 2 damage 3

Figure 5. Aluminum plate with four PZTs and with four different structural states.

5.2. Scenarios and Actuation Phases

The experimental setup includes three different scenarios to determine the behavior of the
methodology under the presence of white Gaussian noise, filters, and with respect to the length of
the wire that is used from the digitizer to the sensors:

• Scenario 1. The signals are obtained using a short wire (0.5 m) from the digitizer to the PZTs, and these
signals are filtered with a Savitzky–Golay (SG) [25] filter algorithm after adding white Gaussian noise.
The filter is applied for the intention of smoothing the data.

• Scenario 2. The signals are obtained using a short wire (0.5 m) from the digitizer to the PZTs, but these
signals are not filtered.

• Scenario 3. The signals are obtained using a long wire (2.5 m) from the digitizers to the PZTs. Signals
are also filtered with the SG algorithm.

In this manner, we can observe the effect of the attenuation with short and long wires, the effect of
adding white Gaussian noise to the measured signals, and the effect of the use of a SG filter in the detection
and classification procedure.

As stated in Section 5.1, four PZTs (PZT1, PZT2, PZT3, and PZT4) are used to excite the aluminum
plate and collect the measured response. This sensor network works in what we call actuation phases.
In each actuation phase, a single PZT is used as an actuator (active sensor: the PZT excites the structure
with a given excitation signal), and the rest of the PZTs are used as sensors (passive sensors: PZTs
measure signals). Therefore, we have as many actuation phases as sensors:

• Actuation phase 1. PZT1 is used as the actuator, and PZT2, PZT3, and PZT4 are used as sensors.
• Actuation phase 2. PZT2 is used as the actuator, and PZT1, PZT3, and PZT4 are used as sensors.
• Actuation phase 3. PZT3 is used as the actuator, and PZT1, PZT2, and PZT4 are used as sensors.
• Actuation phase 4. PZT4 is used as the actuator, and PZT1, PZT2, and PZT3 are used as sensors.

It is very common in the literature, when using a sensor data fusion as in J. Vitola et al. [26,27],
to merge the data that come from the different actuation phases in a single data matrix. In this paper,
the approach with a single data matrix is also considered, but the case where each actuation phase is used
as a classifier is additionally examined in Section 5.5.
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5.3. Data Collection

Given a particular scenario, as the three defined in Section 5.2, four matrices X[ϕ], ϕ = 1, . . . , 4, one
for each actuation phase, are obtained. Each matrix X[ϕ], ϕ = 1, . . . , 4, is organized as follows:

• n1 = n2 = n3 = n4 = 25 experiments or realizations are performed for each structural state.
Consequently, each matrix X[ϕ], ϕ = 1, . . . , 4, consists of 100 rows, that is n1 + n2 + n3 + n4 = 25 · 4.
More precisely, the first 25 rows represent the structure with no damage, the next 25 are realization
where damage 1 is present in the structure, and so on.

• For each actuation phase ϕ, ϕ = 1, . . . , 4, we measure N = 3 PZTs working as sensors during 60000
time instants. Then, these measurements are transformed into the frequency domain. Therefore,
the number of columns of matrix X[ϕ], ϕ = 1, . . . , 4, is equal to N · L = 3 · ((60000/2) + 1) = 90003.

Therefore, the matrix that collects all the realizations under the four different structural states in the
frequency domain is (see Equation (6): here L = 30001 and E = 4):

X[ϕ] =
(

x[ϕ]k,j
i,l

)
∈ M100×90003(R). (17)

The damage detection and classification procedure introduced in Sections 3 and 4 can be applied
to each one of the matrices X[ϕ], ϕ = 1, . . . , 4, in Equation (17), thus leading to one classification per
actuation phase. But we can also use the horizontal concatenation of the four matrices X[ϕ], ϕ = 1, . . . , 4,
to obtain the matrix:

X[1, 2, 3, 4] =
[

X[1] X[2] X[3] X[4]
]
∈ M100×(4·90003)(R) =M100×360012(R). (18)

If matrix X[1, 2, 3, 4] in Equation (18) is used for the damage detection and classification procedure
introduced in Sections 3 and 4, which this allows analyzation of the information of all the actuation phases
at one time, a single classification is obtained that combines these four phases. Finally, we can also use the
separate classification obtained for each actuation phase so that each actuation phase casts a vote thus
leading to a final decision based on the four actuation phases. These strategies will be explained in detail
in Section 5.5.

5.4. κ−Fold Non-Exhaustive Leave-p-Out Cross Validation

The analysis of the proposed approach is done by comparing test data, i.e., the new experiments
in unknown state under the same conditions, with baseline data, which is data from the structure under
different structural states. To this end, we use the κ−fold non-exhaustive leave-p-out cross validation
described in the subsequent paragraphs.

For the sake of clarity, let us write X[Φ] to refer to both matrix X[ϕ] in Equation (17) and matrix
X[1, 2, 3, 4] in Equation (18). Some of the rows in X[Φ] will be used as the baseline data to build the model
and the clusters, i.e., υ = 5 rows per structural state, and the rest of the rows are used for the validation.
More precisely, we will perform five iterations (κ = 5) of a non-exhaustive leave-p-out cross validation,
where p = ∑E

i=1 (ni − υ) = n1 + n2 + n3 + n4 − υ · E = 80, to estimate the overall accuracy and avoid
overfitting. Let us define, for each structural state l = 1, . . . , E, the permutation σl :

σl : {1, 2, . . . , nl} → {1, 2, . . . , nl}
i→ σl(i)
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In this particular case, n1 = n2 = n3 = n4 = 25. Therefore, in the first iteration, the baseline data to
build the model are the matrix:

X = S> · X[Φ], (19)

S = [ eσ1(1) · · · eσ1(5) en1+σ2(1) · · · en1+σ2(5) · · · en1+n2+n3+σ4(1) · · · en1+n2+n3+σ4(5) ], (20)

where ej ∈ Rn1+n2+n3+n4 = R100 is the j-th element of the canonical basis of the real vector space
Rn1+n2+n3+n4 = R100, and S ∈ M(n1+n2+n3+n4)×(ν·E)(R) is the selector matrix. Basically, matrix X in
Equation (19) has been built by randomly selecting υ = 5 rows per structural state. The ∑E

i=1 (ni − υ) = 80
rows of matrix X[Φ] that are not used to build the model are used for the validation.

In the i-th iteration, i = 1, . . . , κ, the baseline data to build the model are the matrix:

X = S> · X[Φ],

S =
[

eσ1(5(i−1)+1) · · · eσ1(5(i−1)+5) en1+σ2(5(i−1)+1) · · · en1+σ2(5(i−1)+5) · · ·

· · · en1+n2+n3+σ4(5(i−1)+1) · · · en1+n2+n3+σ4(5(i−1)+5)

]

where, as in Equation (19), ej ∈ Rn1+n2+n3+n4 = R100 is the j-th element of the canonical basis of the real
vector space Rn1+n2+n3+n4 = R100 and, as in Equation (20), S ∈ M(n1+n2+n3+n4)×(ν·E)(R) is the selector
matrix. Since ∑E

i=1 (ni − υ) = 80 rows of matrix X[Φ] will be used for the validation step and with respect
to κ = 5 iterations, the sum of all the elements in the confusion matrices that we will present in Section 6 is
equal to

(
∑E

i=1 (ni − υ)
)
· κ = 400.

5.5. Application of the Damage Detection and Classification Procedure

In this section, two strategies are presented to apply the damage detection and classification procedure.
These two strategies are:

(1) the classification is based on a single matrix: X[1], X[2], X[3], X[4] or X[1, 2, 3, 4], as defined in
Equations (17) and (18), respectively, with κ−fold non-exhaustive leave-p-out cross validation;

(2) the classification is based on the four matrices X[1], X[2], X[3] and X[4], defined in Equation (17),
with respect to the four actuation phases, with κ−fold non-exhaustive leave-p-out cross validation.
Each actuation phase will cast a vote and a final decision is taken.

In the first case, in a succinct way, the following seven steps are performed:

• Step 1. The data in matrix X are scaled using MCGS to define a new matrix X̆.
• Step 2. PCA is applied to X̆ to obtain the PCA model P.
• Step 3. The number ` = D ∈ N of principal components is chosen so that the proportion of variance

explained is greater than or equal to 95%. Therefore, the reduced PCA model is P`.
• Step 4. A realization z> ∈ R3·30001 = R90003 —for X[1], X[2], X[3] and X[4]— or z> ∈ R4·90003 =

R360012 —for X[1, 2, 3, 4]— of the current structure to diagnose is needed. Then, vector z> is scaled as
in Equation (14) to define z̆>.

• Step 5. The data points set X is defined as:

X ′ = {x1, . . . , x20, x21} ⊂ R`,
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where

xi = e>i X̆P`, i = 1, . . . , 20,

x21 = z̆>P`.

Subsequently, t-SNE is applied to this `−dimensional data setX ′ to find a collection of 2−dimensional
map points:

Y ′ = {y1, . . . , y20, y21} ⊂ R2.

• Step 6. E = 4 clusters are obtained, that are related to the E = 4 different structural states.
These clusters are formed by the map points:

{y1, . . . , y5} ⊂ Y , related to the 1st structural state;

{y6, . . . , y10} ⊂ Y , related to the 2nd structural state;

{y11, . . . , y15} ⊂ Y , related to the 3rd structural state;

{y16, . . . , y20} ⊂ Y , related to the 4th structural state.

The centroid Yl , l = 1, . . . , E, associated with the l-th structural state is computed as in Equation (16).
• Step 7. Finally, the current structure to diagnose is associated to the l-th structural state if

l = arg min
l=1,...,E

‖Yl − y21‖2.

In the second case, we follow Step 1 to Step 6 above for the four matrices X[ϕ], ϕ = 1, . . . , 4, related to
the four actuation phases. With the information provided by the four actuation phases, several approaches
can be considered to finally classify the structure that has to be diagnosed. One of these approaches,
majority voting, is widely used in standard fusion schemes [28], as well as weighted majority vote or
soft voting. For our case of the small aluminum plate, the majority voting will be used, as well as an
approach based on the sum of the inverse distances between the centroids and the map point, which is
somehow related to a weighted majority vote. Here are the details of both approaches:

• Majority voting. In this case, the strategy of the smallest point-centroid distance is performed four
times, one per actuation phase. Therefore, four classifications are obtained for a single structure
to diagnose. More precisely, each actuation phase acts as a classifier. Figure 6 illustrates this idea with
respect to three actuation phases.

The current structure to diagnose, in the ϕ-th actuation phase, ϕ = 1, . . . , 4, is associated to the lϕ-th
structural state if

lϕ = arg min
l=1,...,E

‖Y ϕ
l − y21

ϕ ‖2.

It is worth remembering that y21
ϕ ∈ R2 is the map point associated to the realization of the current

structure to diagnose. The structure is finally classified according to the most repeated classification.
That is, the current structure to diagnose is associated to the l-th structural state if

l = mode{l1, l2, l3, l4},
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in the case of a unimodal set. In the case of a bi-modal set, if the two modal values are lα and lβ,
the current structure to diagnose is associated to the l-th structural state if

l = arg min
l∈{lα ,lβ}

4

∑
ϕ=1
‖Y ϕ

l − y21
ϕ ‖2.

Finally, if the set {l1, l2, l3, l4} is a set with no mode, the structure is associated to the l-th structural
state if

l = arg min
l=1,...,E

4

∑
ϕ=1
‖Y ϕ

l − y21
ϕ ‖2.

• Sum of the inverse distances. In this case, for a given structural state, we sum the inverse of the
distances between the centroids Y ϕ

l and the map point y21
ϕ , for all the actuation phases ϕ = 1, . . . , 4.

The assigned structural state is the one that obtains the highest sum. More precisely, the current
structure to diagnose is associated to the l-th structural state if

l = arg max
l=1,...,E

4

∑
ϕ=1

1
‖Y ϕ

l − y21
ϕ ‖2

.

It is worth remarking that the arguments of the maxima of the sum of the inverse distances is
equivalent to the arguments of the minima of the harmonic mean of these distances. More precisely,
for a given structural state, the harmonic mean of the distances between the centroids Y ϕ

l and the
map point y21

ϕ , for all the actuation phases ϕ = 1, . . . , 4 is

1

1
4

4

∑
ϕ=1

1
‖Y ϕ

l − y21
ϕ ‖2

.

Therefore,

l = arg max
l=1,...,E

4

∑
ϕ=1

1
‖Y ϕ

l − y21
ϕ ‖2

= arg min
l=1,...,E

1

1
4

4

∑
ϕ=1

1
‖Y ϕ

l − y21
ϕ ‖2

.

S. Mehta et al. [29] also uses the harmonic distance to define a pattern classification technique similar
to k-nearest neighbors classifier.
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Figure 6. In the majority voting, the strategy of the smallest point-centroid distance is performed per
actuation phase. The current structure to diagnose is associated to the most voted structural state.

6. Results

In this section, the results of the application of the damage detection and classification procedure,
introduced in Sections 3 and 4 and detailed in Sections 5.3–5.5, to the aluminum plate are presented in
terms of the confusion matrices and with respect to the scenarios defined in Section 5.2. The results for
each scenario are presented in a different section. More precisely, in Section 6.1 the results with respect to
Scenario 1 are presented. Equivalently, Sections 6.2 and 6.3 present the results with respect to Scenario 2
and Scenario 3, respectively. In the three scenarios, four different structural states have been considered:

• the first structural state corresponds to the healthy state of the structure, that is, the square aluminum
plate with no damage, noted as D0;

• the second, third, and fourth structural states correspond to the plate with an added mass at the
positions indicated in Figures 3 and 5, noted as D1, D2, and D3, respectively.

To validate the damage detection and classification detailed in Sections 5.3–5.5, we will perform five
iterations (κ = 5) of a non-exhaustive leave-p-out cross validation, where p = 80, as described in Section 5.4.
At each iteration, a total of 80 realizations have been considered, according to the following distribution:
20 realization per structural state (D0, D1, D2, and D3). Since 80 realizations have been used for the
validation step and with respect to κ = 5 iterations, the sum of all the elements in the confusion matrices
that we will present in Sections 6.1–6.3 is equal to 5 · 80 = 400.

Again, for the three scenarios, seven different confusion matrices are presented:

• Actuation phase 1. The damage detection and classification procedure is applied to a single matrix,
X[1], as in Equation (17), using the smallest point-centroid distance.

• Actuation phase 2. The damage detection and classification procedure is applied to a single matrix,
X[2], as in Equation (17), using the smallest point-centroid distance.

• Actuation phase 3. The damage detection and classification procedure is applied to a single matrix,
X[3], as in Equation (17), using the smallest point-centroid distance.

• Actuation phase 4. The damage detection and classification procedure is applied to a single matrix,
X[4], as in Equation (17), using the smallest point-centroid distance.
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• Actuation phases 1–4. The damage detection and classification procedure is applied to a single
matrix, i.e., the horizontal concatenation of the four matrices X[ϕ], ϕ = 1, . . . , 4, X[1, 2, 3, 4], as in
Equation (18), using the smallest point-centroid distance.

• Majority voting. The damage detection and classification procedure is applied to the four X[ϕ],
ϕ = 1, . . . , 4. Each actuation phase casts a vote, and a final decision is taken based on majority
voting (Section 5.5).

• Sum of the inverse distances. The damage detection and classification procedure is applied to the
four X[ϕ], ϕ = 1, . . . , 4. Each actuation phase casts a vote and a final decision is taken based on the
maximum sum of the inverse distances (Section 5.5).

Finally, in some cases, and with the purpose of comparing the performance of the current damage
detection and classification approach, confusion matrices in the frequency and time domains have
been included.

As an illustrating example, we have included in Figure 7 the clusters formed by the different structural
states described in this section and in the case of Scenario 3. In this figure, the diamond represents the
structure to diagnose. It can be clearly observed how the diamond is close to the cluster related to
damage 3.

Baseline-D0

Baseline-D1

Baseline-D2

Baseline-D3

Test (D3)

Figure 7. Clusters formed by the different structural states described in Section 6, for Scenario 3.
The diamond represents the structure to diagnose.

6.1. Scenario 1

In this section, the results with respect to Scenario 1 are presented. It is worth noting that, in this
scenario, a short wire has been used, and the measured signals are filtered with a SG algorithm. The seven
confusion matrices can be found in Tables 1 and 2. When the decision is based on a single actuation
phase (Table 1), the overall accuracy is quite good. More precisely, with 397 in the actuation phase 1, 399
in the actuation phase 2, 395 in the actuation phase 3, and 397 in the actuation phase 4, realizations have
been correctly classified out of 400 cases, which represents an overall accuracy of 99.25%, 99.75%, 98.75%,
and 99.25%, respectively. When the four actuation phases are used at the same time (actuation phases 1–4,
Equation (18), majority voting, and sum of the inverse distances), an overall accuracy of 99–100% is
achieved, as it can be observed from Table 2.
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Table 1. Confusion matrix of the application of the t-SNE based damage detection and classification
procedure presented in Sections 3 and 4 to the case of the aluminum plate in Scenario 1, in the frequency
domain. Rows represent true values, while columns represent predicted values.

Actuation Phase 1 Actuation Phase 2 Actuation Phase 3 Actuation Phase 4

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3
D0 97 0 2 1 100 0 0 0 100 0 0 0 100 0 0 0
D1 0 100 0 0 0 100 0 0 0 100 0 0 0 100 0 0
D2 0 0 100 0 0 0 100 0 3 0 96 1 0 0 98 2
D3 0 0 0 100 0 0 1 99 1 0 0 99 0 0 1 99

D0 (healthy state of the structure); D1, D2, and D3 (added masses at the positions indicated in Figures 3 and 5).

Table 2. Confusion matrix of the application of the t-SNE based damage detection and classification
procedure presented in Sections 3 and 4 to the case of the aluminum plate in Scenario 1, when the four
actuation phases are used at the same time, in the frequency domain. Rows represent true values, while
columns represent predicted values.

Phases 1–4 Majority Voting Inverse Distances

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3
D0 100 0 0 0 100 0 0 0 100 0 0 0
D1 0 99 1 0 0 100 0 0 0 100 0 0
D2 1 0 99 0 0 0 100 0 0 0 100 0
D3 0 0 0 100 0 0 0 100 0 0 0 100

D0 (healthy state of the structure); D1, D2, and D3 (added masses at the positions indicated in Figures 3 and 5).

6.2. Scenario 2

In this section, the results with respect to Scenario 2 are presented. In this case, a short wire has been
used but the measured signals are not filtered. The seven confusion matrices can be found in Tables 3 and 4.
When the decision is based on a single actuation phase (Table 3), the overall accuracy is very remarkable.
More precisely, with respect to actuation phase 1, 2, and 3, 400 realizations have been correctly classified
out of 400 cases, which represents an overall accuracy of 100%. With respect to actuation phase 4, 399
realizations have been correctly classified out of 400 cases, that is to say, an overall accuracy of 99.75%.
When the four actuation phases are used at the same time (actuation phases 1–4, Equation (18), majority
voting, and sum of the inverse distances), an overall accuracy of 100% is achieved, as it can be observed
from Table 4.

Table 3. Confusion matrix of the application of the t-SNE based damage detection and classification
procedure presented in Sections 3 and 4 to the case of the aluminum plate in Scenario 2, in the frequency
domain. Rows represent true values, while columns represent predicted values.

Actuation Phase 1 Actuation Phase 2 Actuation Phase 3 Actuation Phase 4

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3
D0 100 0 0 0 100 0 0 0 100 0 0 0 100 0 0 0
D1 0 100 0 0 0 100 0 0 0 100 0 0 0 100 0 0
D2 0 0 100 0 0 0 100 0 0 0 100 0 0 0 100 0
D3 0 0 0 100 0 0 0 100 0 0 0 100 0 0 1 99

D0 (healthy state of the structure); D1, D2, and D3 (added masses at the positions indicated in Figures 3 and 5).
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Table 4. Confusion matrix of the application of the t-SNE based damage detection and classification
procedure presented in Sections 3 and 4 to the case of the aluminum plate in Scenario 2, when the four
actuation phases are used at the same time, in the frequency domain. Rows represent true values, while
columns represent predicted values.

Phases 1–4 Majority Voting Inverse Distances

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3
D0 100 0 0 0 100 0 0 0 100 0 0 0
D1 0 100 0 0 0 100 0 0 0 100 0 0
D2 0 0 100 0 0 0 100 0 0 0 100 0
D3 0 0 0 100 0 0 0 100 0 0 0 100

D0 (healthy state of the structure); D1, D2, and D3 (added masses at the positions indicated in Figures 3 and 5).

6.3. Scenario 3

The results with respect to Scenario 3 are finally presented in this section. In the two previous
scenarios, a short wire was used. However, in this case, the signals are acquired using a 2.5 m long wire.
Tables 5 and 6 include the seven confusion matrices. When the decision is based on a single actuation
phase (Table 5), the overall accuracy is quite good, too. More precisely, with 384 in the actuation phase 1,
395 in the actuation phase 2, 395 in the actuation phase 3, and 398 in the actuation phase 4, realizations
have been correctly classified, which represents an overall accuracy of 96%, 98.75%, 98.75%, and 99.5%,
respectively. When the four actuation phases are used at the same time (actuation phases 1–4, Equation (18),
majority voting, and sum of the inverse distances), an overall accuracy of 99.5–100% is achieved, as it can
be observed from Table 6.

Table 5. Confusion matrix of the application of the t-SNE based damage detection and classification
procedure presented in Sections 3 and 4 to the case of the aluminum plate in Scenario 3, in the frequency
domain. Rows represent true values, while columns represent predicted values.

Actuation Phase 1 Actuation Phase 2 Actuation Phase 3 Actuation Phase 4

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3
D0 98 2 0 0 99 0 1 0 100 0 0 0 100 0 0 0
D1 6 90 2 2 0 99 1 0 0 95 5 0 1 99 0 0
D2 1 1 97 1 0 1 97 2 0 0 100 0 0 0 100 0
D3 0 1 0 99 0 0 0 100 0 0 0 100 0 0 1 99

D0 (healthy state of the structure); D1, D2, and D3 (added masses at the positions indicated in Figures 3 and 5).

Table 6. Confusion matrix of the application of the t-SNE based damage detection and classification
procedure presented in Sections 3 and 4 to the case of the aluminum plate in Scenario 3, when the four
actuation phases are used at the same time, in the frequency domain. Rows represent true values, while
columns represent predicted values.

Phases 1–4 Majority Voting Inverse Distances

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3
D0 100 0 0 0 100 0 0 0 100 0 0 0
D1 0 99 0 1 0 100 0 0 0 100 0 0
D2 0 1 99 0 0 0 100 0 0 0 100 0
D3 0 0 0 100 0 0 0 100 0 0 0 100

D0 (healthy state of the structure); D1, D2, and D3 (added masses at the positions indicated in Figures 3 and 5).

The potential of the approaches where the four actuation phases are used can be observed in this last
scenario, see Table 6:
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• When the four actuation phases are merged in a single matrix as in Equation (18), 398 realizations
have been correctly classified out of 400 cases, which represents an overall accuracy of 99.5%.

• When each actuation phase casts a vote and a final decision is taken based on majority voting,
the overall accuracy is increased to 100%.

• Finally, when each actuation phase casts a vote and a final decision is taken based on the maximum
sum of the inverse distances, the overall accuracy is increased to 100%, too.

In addition, in this scenario, the results in the frequency domain are compared to those in the time
domain [11]. In the time domain, when the decision is based on a single actuation phase (Table 7), with 244
in the actuation phase 1, 398 in the actuation phase 2, 280 in the actuation phase 3, and 277 in the actuation
phase 4, realizations have been correctly classified out of 400 cases. This represents an overall accuracy of
61%, 99.5%, 70%, and 69.25%, respectively. Clearly, the strategy in the frequency domain, i.e., the overall
accuracy fluctuates between 96% and 99.5%, outperforms the approach in the time domain. In addition,
the false positive rate (FPR), i.e., the number of false positives with respect to the total number of negatives,
and the false negative rate (FNR), i.e., the number of false negatives with respect to the total number of
positives, are clearly unsatisfactory in the time domain. However, FPR and FNR are significantly reduced
to values close to 0% in the frequency domain. It is worth noting that in the computation of the FNR,
the three different types of damage D1, D2, and D3 are considered as a single category, just the opposite
of the healthy state of the structure. In the time domain, when the four actuation phases are used at the
same time (Table 8), the overall accuracy is of 88.5% in actuation phases 1–4, of 91.25% in majority voting,
and of 97% in sum of the inverse distances, whereas the overall accuracy is increased to 99.5%, 100%,
and 100%, respectively, in the frequency domain. At the same time, FPR and FNR are reduced to 0% in the
frequency domain, while they are slightly increased in the time domain. All this is an indication of the
better quality of the clusters created in the frequency domain than the ones created in the time domain.
Table 9 summarizes the values for the overall accuracy, the FPR, and the FNR in this scenario and in the
time and frequency domains.

Table 7. Confusion matrix of the application of the t-SNE based damage detection and classification
procedure presented in Sections 3 and 4 to the case of the aluminum plate in textbfScenario 3, in the time
domain. Rows represent true values, while columns represent predicted values.

Actuation Phase 1 Actuation Phase 2 Actuation Phase 3 Actuation Phase 4

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3
D0 50 6 19 25 100 0 0 0 93 1 3 3 53 21 1 25
D1 19 66 11 4 0 100 0 0 16 50 23 11 17 61 2 20
D2 14 3 73 10 0 1 98 1 5 19 70 6 5 3 76 16
D3 15 9 21 55 0 0 0 100 0 23 10 67 10 3 0 87
D0 (healthy state of the structure); D1, D2, and D3 (added masses at the positions indicated in Figures 3 and 5).
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Table 8. Confusion matrix of the application of the t-SNE based damage detection and classification
procedure presented in Sections 3 and 4 to the case of the aluminum plate in Scenario 3, when the four
actuation phases are used at the same time, in the time domain. Rows represent true values, while columns
represent predicted values.

Phases 1–4 Majority voting Inverse distances

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3
D0 86 1 7 6 98 0 0 2 99 0 1 0
D1 8 88 4 0 12 85 2 1 1 99 0 0
D2 1 8 89 2 6 2 90 2 1 1 95 3
D3 3 4 2 91 0 3 5 92 1 2 2 95

D0 (healthy state of the structure); D1, D2, and D3 (added masses at the positions indicated in Figures 3 and 5).

Table 9. Overall accuracy, false positive rate (FPR) and false negative rate (FNR) of the application of the
t-SNE-based damage detection and classification procedure presented in Sections 3 and 4 to the case of the
aluminum plate in Scenario 3, when the four actuation phases are used separately and at the same time,
in both domains, time and frequency.

Accuracy FPR FNR

Time Frequency Time Frequency Time Frequency

Actuation phase 1 61.0% 96.0% 50.0% 2.0% 16.0% 2.3%
Actuation phase 2 99.5% 98.8% 0.0% 1.0% 0.0% 0.0%
Actuation phase 3 70.0% 98.8% 7.0% 0.0% 7.0% 0.0%
Actuation phase 4 69.3% 99.5% 47.0% 0.0% 10.7% 0.3%
Phases 1-4 88.5% 99.5% 14.0% 0.0% 4.0% 0.0%
Majority voting 91.3% 100.0% 2.0% 0.0% 6.0% 0.0%
Inverse distances 97.0% 100.0% 1.0% 0.0% 1.0% 0.0%

6.4. General Comments

The results presented in Sections 6.1–6.3 reveal that it is better to make a decision considering all of
the actuation phases (assembling theses phases or using them to cast a vote) rather than working with the
phases separately. On the other hand, the results also show that both strategies majority voting and sum
of the inverse distances slightly outperform the horizontal concatenation of the four actuation phases in
the frequency domain. However, in the time domain (Scenario 3, Table 8), the results reveal (i) the strong
performance of the sum of the inverse distances strategy, which clearly classifies the practical totality of the
kinds of damage that we have considered, compared to majority voting or the horizontal concatenation of
the four actuation phases; and (ii) that the majority voting outperforms the horizontal concatenation of the
four actuation phases, but it cannot completely classify damage D1.

It is worth noting that, in general, the healthy state of the structure is confused with the structure
with damage in just a few cases. Similarly, the structure with damage is identified as a structure with no
damage in a very limited number of realizations.

In general, the performance of the proposed methodology is very satisfactory when the signals are
acquired using a short wire, with or without adding white Gaussian noise. In these two cases, using PCA
as a pre-processing step, the noise is canceled. The third scenario presents the worst case because it used
a long cable (2.5 m) from the digitizers to the sensors. In this scenario, the signals were badly digitized
due to the impedance of the cable, the low voltage of the stimulus, and other experimental features.
Therefore, it can be observed that the use of a long cable from the digitizer to the sensors affects in the
detection and classification method. However, combining the four actuation phases with
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(i) the sum of the inverse distances strategy, in the time domain; or
(ii) the majority voting strategy or the sum of the inverse distances strategy, in the frequency domain,

very accurate results can be obtained.
It should be noted that, in general, it is better to work in the frequency domain than in the time domain

because the obtained results are significantly improved, as it can be clearly observed in the third scenario.

7. Conclusions

In this work, a SHM strategy for detection and classification of structural changes based on a two-step
data integration (type E unfolding and MCGS), data transformation using PCA, and a two-step data
reduction combining PCA and t-SNE has been proposed. The proposed approach is evaluated using
experimental data. In general, the results obtained show that the performance of the proposed methodology
is very satisfactory, given its high classification accuracy; and its behavior is very good and similar in all
the data sets.

In the case study, very accurate results are obtained with or without adding white Gaussian noise,
since PCA cancels the noise. However, the use of a long wire (2.5 m) from the digitizers to the sensors
negatively affects the detection and classification method. But combining the four actuation phases with the
sum of the inverse distances strategy, in the time domain, and with the majority voting strategy or the sum
of the inverse distances strategy, in the frequency domain, accurate results can be obtained. Results also
show that the quality of the two-dimensional clusters created with t-SNE in the frequency domain is better
than the quality of the two-dimensional clusters created with t-SNE in the time domain, thus leading
to a better classification. Therefore, the strategy in the frequency domain significantly outperforms the
approach in the time domain.

Some aspects to highlight in the proposed methodology are: the t-SNE technique has been extended
and adapted to the field of SHM, in the detection and classification of structural changes; the method
classifies the current state of the structure by means of a data-driven analysis, that is, using collected
data from the structure under different structural states and without the use of complex mathematical
models; it is better to make a decision considering all of the actuation phases (assembling theses phases
or using them to cast a vote) rather than working with the phases separately; both strategies, majority
voting and sum of the inverse distances, slightly outperform the horizontal concatenation of the four
actuation phases in the frequency domain; in the time domain, sum of the inverse distances strategy
outperforms majority voting, and this last strategy outperforms the horizontal concatenation of the four
actuation phases; it is better to work in the frequency domain than in the time domain because better
results are obtained; and finally, in general, the healthy state of the structure is confused with the structure
with damage in just a few cases, and similarly, the structure with damage is identified as a structure with
no damage in a very limited number of realizations. With respect to the possible fields of application,
similar aluminum plates have been used to represent parts of a plane (wings or fuselage). We think that we
can also apply this approach for the damage and fault detection of wind turbines. In general, there is no a
prescribed field of application: if a sensor network can be installed in a structure, and several actuation
phases can be considered, the proposed approach can be implemented a priori.

As a future work, we plan to develop further the proposed method for different EOC to determine
its effectiveness, as well as to handle imbalanced data. In addition, we aim to investigate the parametric
version of t-SNE.
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Nomenclature

X High-dimensional data set.
X ′ High-dimensional data set including the data point to diagnose.
Y Low-dimensional map points.
Y ′ Low-dimensional map points including the map point to diagnose.
Yl Centroid associated with the l-th structural state.
P Similarity matrix for the high-dimensional data points.
Q Similarity matrix for the low-dimensional map points.
C KL divergence.
η Learning rate.
α(t) Momentum term at iteration t.
p Perplexity.
X Matrix that collects all the realizations under different structural states.
X̆ Scaled original —in the frequency domain— data matrix.
N Number of sensors.
L Number of components in each signal.
E Number of different structural states.
CX̆ Covariance matrix of X̆.
λk Eigenvalues.
ρk Eigenvectors.
Λ Eigenvalues in a diagonal matrix.
P PCA model (full case).
P` PCA model (reduced).
T Projection of the scaled data set X̆ into the subspace spanned by the PCA model.
ei i-th element of the canonical basis.
z Current original —in the frequency domain— data vector to diagnose.
z̆ Current scaled original —in the frequency domain— data vector to diagnose.
ϕ ϕ-th actuation phase.
S Selector matrix

Abbreviations

CM Condition monitoring
EOC Environmental and operational conditions
FFT Fast Fourier transform
FNR False negative rate
FPR False positive rate
KL Kullback-Leibler
MCGS Mean-centered group scaling
PCA Principal component analysis
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PZT Piezoelectric transducer
SG Savitzky–Golay
SHM Structural health monitoring
SNE Stochastic neighbor embedding
t-SNE t-distributed stochastic neighbor embedding
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Abstract: In this paper, we evaluate the performance of the so-called parametric t-distributed
stochastic neighbor embedding (P-t-SNE), comparing it to the performance of the t-SNE,
the non-parametric version. The methodology used in this study is introduced for the detection
and classification of structural changes in the field of structural health monitoring. This method is
based on the combination of principal component analysis (PCA) and P-t-SNE, and it is applied to
an experimental case study of an aluminum plate with four piezoelectric transducers. The basic steps
of the detection and classification process are: (i) the raw data are scaled using mean-centered group
scaling and then PCA is applied to reduce its dimensionality; (ii) P-t-SNE is applied to represent
the scaled and reduced data as 2-dimensional points, defining a cluster for each structural state;
and (iii) the current structure to be diagnosed is associated with a cluster employing two strategies:
(a) majority voting; and (b) the sum of the inverse distances. The results in the frequency domain
manifest the strong performance of P-t-SNE, which is comparable to the performance of t-SNE but
outperforms t-SNE in terms of computational cost and runtime. When the method is based on
P-t-SNE, the overall accuracy fluctuates between 99.5% and 99.75%.

Keywords: classification; detection; parametric t-distributed stochastic neighbor embedding
(P-t-SNE); piezoelectric transducers (PZTs); principal component analysis (PCA); structural health
monitoring (SHM); vibration-based SHM

1. Introduction

In structural health monitoring (SHM), an important process for engineering structures, many
methods have been applied for damage detection. In [1], the use of the Treed Gaussian Process
model—a class of powerful switching response surface model—is illustrated in the context of the SHM
of bridges. In [2], a SHM methodology, based on the system-identification techniques, is proposed to
quantify the structural degradation in laminated composite booms used in satellite application. In [3],
it is casted SHM in the context of statistical pattern recognition, and damage or structural changes
are detected using two techniques based on time series analysis. In [4], three optimization-algorithm
based support vector machines for damage detection in SHM are presented, which are expected to
help engineers to process high-dimensional data.

Real-world datasets usually have high dimensionality, and their dimensionality may need to
be reduced to facilitate data processing. Dimensionality reduction is the process of reducing the
number of high-dimensional variables by obtaining a low-dimensional set of variables. This reduced
representation must correspond to the intrinsic information of the data. Dimensionality reduction is
very important, because it alleviates undesired properties of high-dimensional spaces, such as “the
curse of dimensionality” [5]. In the literature, various dimensionality reduction methods have been
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proposed: (i) linear methods, such as principal component analysis (PCA) [6,7] and linear discriminant
analysis (LDA) [8,9], and (ii) nonlinear methods, such as isometric mapping (ISOMAP) [10,11] and the
non-parametric version of t-distributed stochastic neighbor embedding (t-SNE) [12].

In general, real-world data are likely to be highly nonlinear. Therefore, unsupervised nonlinear
dimensionality reduction techniques are widely used in many applications for pattern recognition or
classification [13,14], visualization [15,16], and compression [17] of big datasets. Among these types
of techniques, t-SNE is extensively adopted. However, this method is not designed to support the
incorporation of out-of-sample data—that is, the embedding of new data. To avoid this problem,
the so-called parametric t-SNE (P-t-SNE) method [18] was proposed. This method uses a neural
network (NN) to learn an explicit parametric mapping function from a high-dimensional data space to
a low-dimensional space. Thus, P-t-SNE can incorporate out-of-sample data. Another advantage of
P-t-SNE is that it can be applied to large-scale datasets, while t-SNE can only be applied to datasets
with a size not greater than the order of thousands.

To address the above-mentioned problems of t-SNE, in this work, we propose a strategy that
combines PCA and P-t-SNE to detect and classify damage to structures to diagnose. This combination is
much better than a combination of PCA with t-SNE: the proposed method achieves similar embedding
performance but with a much lower computational cost and runtime. This was confirmed by our
experimental results on an aluminum plate instrumented with four piezoelectric transducers (PZTs).
Therefore, the aims of this paper are (i) to compare two approaches (P-t-SNE versus t-SNE) and (ii) to
identify the advantages of the parametric version. To do this, we will use scenarios 1 and 3 from [19],
because these two scenarios are two extreme cases. In addition, we will approach the damage detection
and classification problem in the frequency domain, as recommended in the same paper [19]. The final
classification of the current state of the structure is based on two different voting systems: the so-called
majority voting and the sum of the inverse distances [19].

The contributions of this study are summarized in the following list. These contributions mainly
refer to the data preprocessing, divided into three parts: data integration, data transformation,
and data reduction.

1. Data preprocessing: Data integration. According to [20], there are six different ways to arrange
the raw data collected by multiple sensors that collected measurements for several seconds in
different experiments. The type of integration of raw data affects the posterior analysis. In this
work, we have considered type-E unfolding.

2. Data preprocessing: Data normalization. The second step, before data transformation, is the data
normalization. We perform the mean-centered group scaling (MCGS), as detailed in [21].

3. Data preprocessing: Data transformation. We build the PCA model (P) so that the normalized
data X̆ are transformed into the projected data T = X̆P. Notably, matrices X̆ and T have equal
dimensions; hence, no reduction is performed at this stage.

4. Data preprocessing: Data reduction (phase I). We use PCA for the data reduction. The number of
principal components ` ∈ N is chosen so that the proportion of the variance explained is greater
than or equal to 95%.

5. Data preprocessing: Data reduction (phase II). We now propose P-t-SNE, avoiding the limitations
of t-SNE, as a second phase to reduce the dimensionality from ` to 2. This is one of the first
approaches that use P-t-SNE in the field of SHM.

6. Data postprocessing: Classification. For the classification, we propose the majority voting and the
sum of the inverse distances, where each actuation phase casts a vote.

As a summary, the contribution of the present work is, precisely, the combination of existing
preprocessing methods with a very promising approach: P-t-SNE.

The remainder of this paper is structured as follows. In Section 2, we present the P-t-SNE method.
Section 3 describes the preprocessing of the baseline data, reduction of the global dimension of the
data, and creation of the clusters using P-t-SNE. Section 4 describes the damage diagnosis procedure.
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Subsequently, the application of the proposed method is presented in Section 5. Section 6 shows the
results. Finally, Section 7 provides our conclusions.

2. Parametric t-SNE (P-t-SNE)

The non-parametric version of t-SNE has a huge computational cost of optimization: to map new
data, the optimization has to run for the complete set again. To avoid the heavy optimization of the
t-SNE, the P-t-SNE was proposed. P-t-SNE is an unsupervised dimensionality reduction technique
that learns a parametric mapping between the high-dimensional data space and the low-dimensional
latent space, preserving the local structure of the data in the latent space as well as possible.

In the P-t-SNE method, the mapping f : X → Y from the high-dimensional space X to the
low-dimensional space Y is parameterized through a feed-forward NN with weights W. The NN
is trained in such a way that it retains the local structure of the data in the low-dimensional space.
There are two main stages in the training procedure:

1. Pretraining with a restricted Boltzmann machine (RBM). RBM is used to construct a pretrained
P-t-SNE network. The main aim of the pretraining stage is to define an initialization of the model
parameters for the next stage.

2. Fine-tuning using the cost function of P-t-SNE. In this stage, the weights of the pretrained
NN are fine-tuned in such a way that the NN preserves the local structure of the data in the
low-dimensional space. In the feed-forward NN, term qij [12,19] of the t-SNE is adapted as follows:

qij =

[
1 + ‖ f (xi|W)− f (xj|W)‖2/α

]−(α+1)/2

∑
k 6=l

[1 + ‖ f (xk|W)− f (xl |W)‖2/α]
−(α+1)/2

,

where α denotes the degrees of freedom of the Student’s t-distribution.

Restricted Boltzmann Machine

In this section, a short introduction to RBM [22,23] is given.
An RBM is a two-layer stochastic NN. This network consists of a visible, or input, layer (visible

nodes v) and a hidden layer (hidden nodes h). Values of the nodes are normally Bernoulli-distributed.
Each visible node is connected to all hidden nodes using weighted connections, but there are no
intra-layer connections. The structure of the RBM is illustrated in Figure 1.

…

…

a1 a2 a3 aN a ∈ RN

hidden layer h1 h2 h3 hN h ∈ {0,1}N

W1,1 WN,M W ∈ RN×M

visible layer v1 v2 v3 vM v ∈ {0,1}M

b1 b2 b3 bM b ∈ RM

Figure 3: Original EPS imageFigure 1. Structure of the RBM.
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Boltzmann distribution is specified by the energy function E(v, h), and this distribution gives the
joint distribution over all nodes, P(v, h):

E(v, h) = −∑
i,j

Wijvihj −∑
i

bivi −∑
j

ajhj,

P(v, h) =
exp(−E(v, h))

∑v,h exp(−E(v, h))
,

where Wij is the weight of the connection between a visible node vi and a hidden node hj; and bi
and aj are the biases of visible and hidden nodes, respectively. Moreover, conditional probabilities
P(vi = 1|h) and P(hj = 1|v) are given by the sigmoid function:

P(vi = 1|h) = 1
1 + exp(−∑j Wijhj − bi)

, (1)

P(hj = 1|v) = 1
1 + exp(−∑i Wijvi − aj)

. (2)

The RBM can calculate the values of visible nodes from the values of hidden nodes by Equation (1);
similarly, the RBM can calculate the values of hidden nodes from the visible nodes by Equation (2).

The model parameters W, b, and a are learned so that the marginal distribution over the visible
nodes under model Pmodel(v) is close to the true distribution of data, Pdata(v). In particular, the RBM
uses the Kullback–Leibler (KL) divergence to measure the distance between the true distribution
Pdata(v) and the distribution based on the model Pmodel(v). The gradient of the KL divergence with
respect to Wij is given by

∂KL(Pdata||Pmodel)

∂Wij
= E[vihj]Pdata −E[vihj]Pmodel ,

where E[vihj]Pdata is the expected value under the true distribution, and E[vihj]Pmodel is the expected
value under the model distribution.

However, the model expectation, E[vihj]Pmodel , cannot be computed analytically. To avoid
computing the model, we follow an approximation: the gradient of a slightly different objective
function that is called contrastive divergence (CD) [24]. The CD measures how the model distribution
gets away from the true distribution of data through KL(Pdata||Pmodel)−KL(P1||Pmodel), where P1(v)
is the distribution over the visible nodes because the RBM can run for one iteration (that is, one Gibbs
sweep) when initialized according to the true distribution. Using standard gradient descent techniques,
the CD can be minimized efficiently:

E[vihj]Pdata −E[vihj]P1 .

The second term, E[vihj]P1 , is estimated from the samples obtained using Gibbs sampling.

3. Baseline Data: Preprocessing and Clustering

In this section, data preprocessing is presented briefly, because a more detailed description can be
found in [19]. The preprocessing has three stages: data integration (Section 3.1), data transformation
(Section 3.2), and data reduction (Section 3.3). Subsequently, data are organized in clusters in Section 3.4.
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3.1. Data Integration: Unfolding and Scaling

The collected data contain different response signals measured by sensors on a vibrating structure
in the time domain. Under different structural states, multiple observations of these responses
are measured. Then, using the fast Fourier transform (FFT) algorithm, these response signals are
transformed into the frequency domain. All these observations in the frequency domain are collected
in a matrix that is defined as follows:

X =
(

xk,l
i,j

)
=




x1,1
1,1 · · · x1,L

1,1 x2,1
1,1 · · · x2,L

1,1 · · · xK,1
1,1 · · · xK,L

1,1
...

. . .
...

...
. . .

...
. . .

...
. . .

...

x1,1
n1 ,1 · · · x1,L

n1 ,1 x2,1
n1 ,1 · · · x2,L

n1 ,1 · · · xK,1
n1 ,1 · · · xK,L

n1 ,1

x1,1
1,2 · · · x1,L

1,2 x2,1
1,2 · · · x2,L

1,2 · · · xK,1
1,2 · · · xK,L

1,2
...

. . .
...

...
. . .

...
. . .

...
. . .

...

x1,1
n2 ,2 · · · x1,L

n2 ,2 x2,1
n2 ,2 · · · x2,L

n2 ,2 · · · xK,1
n2 ,2 · · · xK,L

n2 ,2

...
. . .

...
...

. . .
...

. . .
...

. . .
...

x1,1
1,J · · · x1,L

1,J x2,1
1,J · · · x2,L

1,J · · · xK,1
1,J · · · xK,L

1,J
...

. . .
...

...
. . .

...
. . .

...
. . .

...

x1,1
nJ ,J · · · x1,L

nJ ,J x2,1
nJ ,J · · · x2,L

nJ ,J · · · xK,1
nJ ,J · · · xK,L

nJ ,J




∈ M(n1+···+nJ)×(K·L)(R), (3)

where K ∈ N is the number of sensors and k = 1, . . . , K identifies the sensor that is measuring; L ∈ N
is the number of components in each signal and l = 1, . . . , L indicates the l-th measurement in the
frequency domain; J ∈ N is the number of different structural states that are considered and j = 1, . . . , J
represents the structural state that is measured; finally, nj, j = 1, . . . , J, is the number of observations
per structural state and i = 1, . . . , nj is the i-th observation related to the j-th structural state.

Matrix X in Equation (3) is a particular unfolded version of a 3-dimensional (n1 + · · ·+ nJ)×K× L
data matrix, where the first dimension is observation, the second dimension is sensor, and the third
dimension is time. Numerous approaches have been proposed to handle 3-dimensional matrices.
The most widely adopted approaches are based on the unfolding of these matrices. There are six
alternative ways of arranging a 3-dimensional data matrix [20] that affect the performance of the
overall strategy, and we have considered type E in this work, because type-E unfolding simplifies the
study of variability among samples.

Matrix X in Equation (3) is rescaled through MCGS [21] because of the different magnitudes and
scales in the measurements.

3.2. Data Transformation

Data transformation means applying a particular mathematical function. The transformation that
we apply in this study is PCA, because the final aim is dimensionality reduction. We build the PCA
model, P, so that the normalized data X using MCGS, X̆, are transformed to the projected data T = X̆P.
Notably, matrices X̆ and T have equal dimensions; hence, no reduction is performed at this stage.

3.3. Data Reduction: PCA and P-t-SNE

In this work, we use two methods of data reduction. On the one hand, we apply PCA to represent
the normalized matrix X̆ in a new space with reduced dimensions and without a significant loss
of information. On the other hand, we apply P-t-SNE as a 2-dimensional representation technique.
These two approaches are combined to reduce the data complexity, computational effort, and time.
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3.4. Clustering Effect

The first dimensionality reduction is performed using PCA. Specifically, for n = n1 + · · ·+ nJ
observations, the rows of matrix X in Equation (3) under J different structural states are projected and
transformed into a lower-dimensional space.

Next, the second dimensionality reduction is applied to the projected and transformed data
using P-t-SNE. The aim is to find a collection of 2-dimensional points that represent the projected
and transformed data by PCA with no explicit loss of information and preserve the local structure
of this dataset. After the application of P-t-SNE, we expect to observe J clusters related to J different
structural states.

As mentioned at the beginning of Section 3, see [19] for more details on these stages.

4. Structure to Diagnose: Damage Detection and Classification Procedure

In this section, we describe the vibration-based damage detection and classification procedure to
diagnose a new structure.

For damage detection and classification, a single observation of the current structure is required to
diagnose it. The collected data are composed of different response signals measured by K sensors and
L components in each signal, as in Equation (3). When these measures are obtained in the frequency
domain, we build a new data vector z:

z> =
[

z1,1 · · · z1,L z2,1 · · · z2,L · · · zK,1 · · · zK,L
]
∈ RK·L.

4.1. Scaling (MCGS)

First, we have to scale the row vector z> to define a scaled row vector z̆>:

z̆k,l =
zk,l − µk,l

σk , k = 1, . . . , K, l = 1, . . . , L, (4)

where µk,l is the arithmetic mean of all the elements in the [(k − 1)L + l]-th column of matrix X
in Equation (3) (that is, the l-th column of the k-th sensor) and σk is the standard deviation of
all measurements of the k-th sensor relative to the mean value µk (the arithmetic mean of all the
measurements of the k-th sensor).

4.2. Projection (PCA)

The scaled row vector z̆> ∈ RK·L is projected into the space spanned by the first ` principal
components in P` through the vector-to-matrix multiplication:

xn+1 = z̆> · P` ∈ R`.

Notably, the vector containing the data of the structure to be diagnosed initially has dimension
K · L but later dimension `. We add this new point to the projected and transformed data by PCA
(X = {x1, . . . , xn} ⊂ R`) to define a new set:

X ′ = {x1, . . . , xn} ∪ {xn+1} = {x1, . . . , xn, xn+1} ⊂ R`, (5)

where

xi = e>i X̆P`, i = 1, . . . , n

and ei ∈ Rn is the i-th element of the canonical basis. The network is trained with {x1, . . . , xn}.
Then, {xn+1} will be passed through the trained network.
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4.3. P-t-SNE and Final Classification

Finally, we apply P-t-SNE to the `-dimensional set X ′ in Equation (5) to find a collection
of 2-dimensional map points Y ′ = {y1, . . . , yn, yn+1} ⊂ R2 that represent the original set X =

{x1, . . . , xn} ⊂ R` (the data projected and transformed by PCA) with no explicit loss of information
and retaining the local structure of this set. Furthermore, the map point yn+1, associated with the data
point xn+1, is included. That is, the embedded data are constructed applying the trained network: input
X ′ and output Y ′. We expect to observe the same J clusters related to the J different structural states.

For each cluster, we calculate its centroid: the mean of the values of the data points in the cluster.
For instance, the centroid associated with the first structural state is

Y ′1 :=
1
n1

n1

∑
i=1

yi =
y1 + · · ·+ yn1

n1
∈ R2.

In general, the centroid associated with the j-th structural state, j = 1, . . . , J, is the 2-dimensional point
defined as

Y ′j :=
1
nj

nj

∑
i=1

y

(
j−1
∑

m=0
nm

)
+j
∈ R2, j = 1, . . . , J, (6)

where n0 = 0. As a result, the current structure to diagnose is associated with the j-th structural state if

j = arg min
j=1,...,J

‖Y ′j − yn+1‖2,

that is, if the minimum distance between yn+1 and each centroid corresponds to the Euclidean distance
between Y ′j and yn+1. We call this approach the smallest point-centroid distance (see Figure 2).

The proposed procedure is shown in Figure 3.

structural state #1

structural state #2

structural state #3

smallest point-centroid
distance

?

structural state #4

Figure 2. Current structure to diagnose is associated with the structural state with the smallest
point-centroid distance.
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MCGS

PCA

data coming from a structure to 
be diagnosed

baseline data

P

P-t-SNE

L time steps

L x K

CLUSTERING

smallest point-centroid distance
majority voting

 sum of the 
inverse distances

n

multiple actuation phases

transformed into 
the frequency domain

…

…

L x K

Figure 3. Flowchart of the proposed procedure. Data coming from a structure are first scaled by MCGS
and then projected into the PCA model. Finally, P-t-SNE is applied to generate the clusters that will be
used in the vibration-based detection and classification of structural changes.

5. Application of the SHM System on an Aluminum Plate with Four PZTs

In this study, we reuse the structure and experiment from [19]. Therefore, we can use this structure
as a benchmark to compare our results.

5.1. Structure

A square aluminum plate was manufactured to demonstrate the accuracy of the vibration-based
method of damage detection and classification presented in Sections 3 and 4. The dimension of the
plate is 40× 40× 0.2 cm. The plate is instrumented with four PZTs and a mass of 17.2916 g is introduced
to simulate the damage in a non-destructive way, producing changes in the propagated wave (see
Figure 4a). Each PZT can work in two modes: excite the aluminum plate (actuator mode) with a burst
signal or detect a time-varying mechanical response (sensor mode). The location of the mass defines
each damage, and J = 4 structural states are considered: healthy state and three different types of
damage (Figure 4b). The plate is isolated from the vibration and noise in the laboratory (Figure 4b).
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S4

damage 1 damage 2

damage 3

(a)

no damage damage 1

damage 2 damage 3

(b)

Figure 4. (a) Aluminum plate with four piezoelectric sensors (S1, S2, S3, and S4); (b) the four structural
states considered.

5.2. Scenarios and Actuation Phases

Unlike [19], in this study, the experimental setup includes only two scenarios (the two extreme
cases) to determine the performance of the proposed method:

• Scenario 1. The signals are obtained using a short wire (0.5 m) from the digitizer to the
piezoelectric sensors. Next, the Savitzky–Golay [25] algorithm is used to filter these signals
after adding white Gaussian noise. This filter is used to smoothen the data.

• Scenario 2. The signals are obtained using a long wire (2.5 m) from the digitizers to the
piezoelectric sensors. Signals are also filtered with the Savitzky–Golay algorithm.

As discussed in Section 5.1, there are four PZTs (S1, S2, S3, and S4) that excite the plate and collect
the measured signal. This sensor network works in what we call actuation phases. In each actuation
phase, a PZT is used as an actuator (which excites the plate with the burst signal), and the rest of the
PZTs are used as sensors (which measure signals). Therefore, we have as many actuation phases as
sensors: in actuation phase 1, S1 is used as the actuator and the rest of PZTs are used as sensors; in
actuation phase 2, S2 is used as the actuator and the rest of PZTs are used as sensors; and so on.

5.3. Data Collection

Given a certain scenario, as the two defined in Section 5.2, four matrices X[ϕ], ϕ = 1, . . . , 4,
are obtained, one for each actuation phase. Each matrix X[ϕ], ϕ = 1, . . . , 4, is constructed as follows:

• n1 = n2 = n3 = n4 = 25 observations are performed for each of the four structural states.
Therefore, each matrix X[ϕ], ϕ = 1, . . . , 4, contains 100 rows: n1 + n2 + n3 + n4 = 25 · 4.
Specifically, the first 25 rows represent the healthy state, the next 25 are observations with damage
1, and so on.

• For each actuation phase ϕ, ϕ = 1, . . . , 4, K = 3 PZTs working as sensors are measured during 60000
time instants. Next, these measurements are transformed into the frequency domain. As a result,
the number of columns of matrix X[ϕ], ϕ = 1, . . . , 4, is equal to K · L = 3 · ((60000/2) + 1) = 90003.

Therefore, the matrix that collects all observations under the different structural states in the
frequency domain is as follows (see Equation (3); here, L = 30001 and J = 4):
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X[ϕ] =
(

x[ϕ]k,l
i,j

)
∈ M100×90003(R). (7)

The damage detection and classification method described in Sections 3 and 4 can be applied
to each matrix X[ϕ], ϕ = 1, . . . , 4, in Equation (7), leading to one classification per actuation phase.
Then, we will use these four classifications to obtain a final decision based on the four actuation phases.
This strategy will be detailed in Section 5.5.

5.4. κ-Fold Nonexhaustive Leave-p-Out Cross-Validation

The proposed approach is evaluated by comparing test data (the new observations in unknown
state under the same conditions) with baseline data (data from the structure under the four different
structural states). For that purpose, the κ-fold nonexhaustive leave-p-out cross-validation [19] is used.
Hence, the sum of all elements in the confusion matrices that are presented in Section 6 is equal to 400.
We use the notation X to represent the matrix that is used as the baseline to build the model. Matrix X
has 20 rows: five for each structural state.

5.5. Damage Detection and Classification

The strategy for damage detection and classification is as follows: the classification will be based
on the four matrices X[1], X[2], X[3], and X[4], defined in Equation (7), with κ-fold nonexhaustive
leave-p-out cross-validation. Each actuation phase will cast a vote that will determine the final
classification.

In this strategy, the next steps are followed:

• Step 1. The data matrix X is scaled by MCGS, obtaining matrix X̆.
• Step 2. PCA is applied to matrix X̆, obtaining the PCA model P.
• Step 3. The reduced PCA model P` is chosen such that the proportion of variance explained is at

least 95%.
• Step 4. An observation z> ∈ R3·30001 = R90003 of the current structure-to-diagnose is needed.

Then, z> is scaled by Equation (4) to obtain z̆>, which is projected into the space spanned by the
first ` principal components in P`.

• Step 5. Dataset X ′ = {x1, . . . , x20} ∪ {x21} = {x1, . . . , x20, x21} ⊂ R` is defined by Equation (5).
The network is trained with {x1, . . . , x20}. Then, {x21}will be passed through the trained network.

• Step 6. P-t-SNE is applied toX ′ to find a set of 2-dimensional points: Y ′ = {y1, . . . , y20, y21} ⊂ R2.
Thus, the embedded data are constructed using the trained network: input X ′ and output Y ′.

• Step 7. J = 4 clusters are obtained, one per structural state. These clusters are formed by the
2-dimensional points: {y1, . . . , y5} ⊂ Y ′, related to the healthy state; {y6, . . . , y10} ⊂ Y ′, related
to damage 1; {y11, . . . , y15} ⊂ Y ′, related to damage 2; and {y16, . . . , y20} ⊂ Y ′, related to damage
3. Centroid Y ′j , j = 1, . . . , J, associated with the j-th structural state is calculated by Equation (6).

• Step 8. With the information given by the four actuation phases, the structure that must be
diagnosed is finally classified considering two approaches: majority voting and sum of the inverse
distances. For details of both approaches, see [19].

6. Results

In this section, confusion matrices summarize the results of the damage detection and classification
method presented in Sections 3 and 4 and detailed in Sections 5.3–5.5. The results for each scenario are
shown in different subsections. Four different structural states are considered in both scenarios:

• The healthy state (D0)—the aluminum plate with no damage;
• Three states with damage (D1, D2, and D3)—the aluminum plate with an added mass at the

positions indicated in Figure 4.



Sensors 2020, 20, 1716 11 of 17

Five iterations (κ = 5) of a nonexhaustive leave-p-out cross-validation, with p = 80, are performed
to validate the damage detection and classification method. At each iteration, 80 observations are
considered: 20 observations per structural state (D0, D1, D2, and D3). Therefore, the sum of all
elements in the confusion matrices is equal to 5 · 80 = 400.

Two different confusion matrices are shown for each of the two scenarios:

• Majority voting. The damage detection and classification method is applied to the four matrices
X[ϕ], ϕ = 1, . . . , 4. Each actuation phase emits a vote, and the final classification is made by the
majority voting [19].

• Sum of the inverse distances. The damage detection and classification method is applied to the
four matrices X[ϕ], ϕ = 1, . . . , 4. Each actuation phase emits a vote, and the final classification is
made using the maximum sum of the inverse distances [19].

Finally, we have included the confusion matrices for t-SNE, to compare its performance
with P-t-SNE.

6.1. Scenario 1

In this section, we describe the results for Scenario 1 from Section 5.2. Tables 1 and 2 show the
four confusion matrices. The green background cells correspond to observations that are correctly
classified, while the red background cells represent the misclassifications. The color intensity (green or
red) is related to the proportion of correct or wrong decisions.

With P-t-SNE and the majority voting (Table 1), the overall accuracy is very good. Specifically, 398
out of 400 observations have been correctly classified, which corresponds to the overall accuracy of
99.5%. With t-SNE, the overall accuracy is 100% (Table 1).

Using the sum of the inverse distances (Table 2) for the P-t-SNE-based damage detection and
classification, 399 out of 400 observations have been correctly classified; hence, the overall accuracy is
99.75%. For t-SNE, 400 out of 400 observations have been correctly classified (100% accuracy).

Furthermore, other metrics are calculated. The most common metrics for choosing the best
solution in a binary classification problem are as follows:

• Accuracy, defined as the proportion of true results among the total number of cases examined.
• Precision or positive predictive value (PPV) that attempts to answer the question “what proportion

of positive identifications is actually correct?”.
• Sensitivity or true positive rate (TPR) that measures the proportion of actual positives that are

correctly identified as such.
• F1 score, defined as the harmonic mean of PPV and TPR.
• Specificity or true negative rate (TNR) that measures the proportion of actual negatives that are

correctly identified as such.

These metrics are easy to calculate for binary and multiclass classification problems [26]. When the
classification problem is multiclass, as in the current work, according to [27,28], the result is the average
obtained by adding the result of each class and dividing over the total number of classes.

In all cases (P-t-SNE, t-SNE, the majority voting, and the sum of the inverse distances), these five
metrics vary between 99.5% and 100% (Tables 3 and 4).

As can be seen, both parametric and non-parametric approaches obtain practically the same
results. However, P-t-SNE dramatically reduces the processing time: it decreases from 40 min and
15 s (t-SNE) to 2 min and 34 s (P-t-SNE) on an Intel Core i7 4.20 GHz computer with 32 GB RAM.
Using P-t-SNE, a decision is made in just a few milliseconds. The reduced time (2 min and 34 s)
includes both the pretraining and the fine-tuning of the NN, as well as the classification of the current
state of the structure. The total computational cost of P-t-SNE is reduced by approximately 94%
compared with t-SNE.
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Table 1. Confusion matrix of the application of P-t-SNE and t-SNE damage detection and classification
method presented in Sections 3 and 4: scenario 1 and the majority voting approach.

True
Predicted P-t-SNE t-SNE

D0 D1 D2 D3 D0 D1 D2 D3
D0 100 0 0 0 100 0 0 0
D1 0 100 0 0 0 100 0 0
D2 0 0 100 0 0 0 100 0
D3 0 0 2 98 0 0 0 100

1 D0: healthy state of the structure; D1, D2, and D3: added masses at the positions indicated in Figure 4.

Table 2. Confusion matrix of the application of P-t-SNE and t-SNE damage detection and classification
method presented in Sections 3 and 4: scenario 1 and the sum of the inverse distances approach.

True
Predicted P-t-SNE t-SNE

D0 D1 D2 D3 D0 D1 D2 D3
D0 100 0 0 0 100 0 0 0
D1 0 100 0 0 0 100 0 0
D2 0 0 99 1 0 0 100 0
D3 0 0 0 100 0 0 0 100

1 D0: healthy state of the structure; D1, D2, and D3: added masses at the positions indicated in Figure 4.

Table 3. Accuracy, PPV, TPR, F1 score, and TNR of the application of P-t-SNE and t-SNE damage
detection and classification method presented in Sections 3 and the 4: scenario 1 and the majority
voting approach.

P-t-SNE t-SNE

Accuracy 99.8% 100.0%
PPV 99.5% 100.0%
TPR 99.5% 100.0%
F1 score 99.5% 100.0%
TNR 99.8% 100.0%

Table 4. Accuracy, PPV, TPR, F1 score, and TNR of the application of P-t-SNE and t-SNE damage
detection and classification method presented in Sections 3 and 4: scenario 1 and the sum of the inverse
distances approach.

P-t-SNE t-SNE

Accuracy 99.9% 100.0%
PPV 99.8% 100.0%
TPR 99.8% 100.0%
F1 score 99.7% 100.0%
TNR 99.9% 100.0%

6.2. Scenario 2

In this section, we describe the results for Scenario 2 from Section 5.2. Tables 5 and 6 show the
four confusion matrices.

With P-t-SNE and the majority voting (Table 5), the overall accuracy is also very good.
Specifically, 398 out of 400 observations have been correctly classified; this corresponds to the overall
accuracy of 99.5%. With t-SNE and the majority voting, the overall accuracy is 100% (Table 5).

Using the maximum sum of the inverse distances to take a final decision (Table 6) with P-t-SNE,
399 out of 400 observations have been correctly classified (the overall accuracy of 99.75%). With t-SNE,
400 out of 400 observations have been correctly classified (the overall accuracy of 100%).

In the non-parametric approach, using the majority voting and the sum of the inverse distances,
the five metrics presented in Section 6.1 achieve 100%. In contrast, in the parametric approach, these
metrics slightly decrease (between 0.1% and 0.5%, see Tables 7 and 8).
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Again, as in scenario 1, parametric and non-parametric methods obtain similar results.
However, as before, the P-t-SNE approach dramatically reduces the processing time: from 42 min and
1 s (t-SNE) to 2 min and 32 s (P-t-SNE). As in the previous scenario, the total computational cost of
P-t-SNE is reduced by approximately 94% compared with t-SNE.

Table 5. Confusion matrix of the application of P-t-SNE and t-SNE damage detection and classification
method presented in Sections 3 and 4: scenario 2 and the majority voting approach.

True
Predicted P-t-SNE t-SNE

D0 D1 D2 D3 D0 D1 D2 D3
D0 100 0 0 0 100 0 0 0
D1 1 99 0 0 0 100 0 0
D2 1 0 99 0 0 0 100 0
D3 0 0 0 100 0 0 0 100

1 D0: healthy state of the structure; D1, D2, and D3: added masses at the positions indicated in Figure 4.

Table 6. Confusion matrix of the application of P-t-SNE and t-SNE damage detection and classification
method presented in Sections 3 and 4: scenario 2 and the sum of the inverse distances approach.

True
Predicted P-t-SNE t-SNE

D0 D1 D2 D3 D0 D1 D2 D3
D0 100 0 0 0 100 0 0 0
D1 1 99 0 0 0 100 0 0
D2 0 0 100 0 0 0 100 0
D3 0 0 0 100 0 0 0 100

1 D0: healthy state of the structure; D1, D2, and D3: added masses at the positions indicated in Figure 4.

Table 7. Accuracy, PPV, TPR, F1 score, and TNR of the application of P-t-SNE and t-SNE damage
detection and classification method presented in Sections 3 and 4: scenario 2 and the majority
voting approach.

P-t-SNE t-SNE

Accuracy 99.8% 100.0%
PPV 99.5% 100.0%
TPR 99.5% 100.0%
F1 score 99.5% 100.0%
TNR 99.8% 100.0%

Table 8. Accuracy, PPV, TPR, F1 score, and TNR of the application of P-t-SNE and t-SNE damage
detection and classification method presented in Sections 3 and 4: scenario 2 and the sum of the inverse
distances approach.

P-t-SNE t-SNE

Accuracy 99.9% 100.0%
PPV 99.8% 100.0%
TPR 99.8% 100.0%
F1 score 99.7% 100.0%
TNR 99.9% 100.0%

6.3. Repeatability

We use error bars to give the reader a general idea of the uncertainty in the results. Figure 5 shows
the mean of each structural state with error bars representing the standard error. As it can be seen both
in Figure 5 and in Tables 9–12, the standard error is very small, when we repeat the procedure 10 times.
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Figure 5. Repeatability of the SHM strategy (10 times), graphs with error bars: (a) scenario 1 and
majority voting approach; (b) scenario 1 and sum of the inverse distances approach; (c) scenario 2 and
majority voting approach; (d) scenario 2 and sum of the inverse distances approach. D0: healthy state
of the structure; D1, D2, and D3: added masses at the positions indicated in Figure 4.

Table 9. Repeatability of the SHM strategy (10 times): scenario 1 and majority voting approach.
D0: healthy state of the structure; D1, D2, and D3: added masses at the positions indicated in Figure 4.

D0 D1 D2 D3

Mean 100.00 100.00 99.80 99.40
Standard deviation 0.00 0.00 0.42 0.84
Standard error 0.00 0.00 0.13 0.27

Table 10. Repeatability of the SHM strategy (10 times): scenario 1 and sum of the inverse distances
approach. D0: healthy state of the structure; D1, D2, and D3: added masses at the positions indicated
in Figure 4.

D0 D1 D2 D3

Mean 100.00 100.00 99.80 100.00
Standard deviation 0.00 0.00 0.42 0.00
Standard error 0.00 0.00 0.13 0.00

Table 11. Repeatability of the SHM strategy (10 times): scenario 2 and majority voting approach.
D0: healthy state of the structure; D1, D2, and D3: added masses at the positions indicated in Figure 4.

D0 D1 D2 D3

Mean 100.00 98.10 99.70 100.00
Standard deviation 0.00 2.33 0.67 0.00
Standard error 0.00 0.74 0.21 0.00
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Table 12. Repeatability of the SHM strategy (10 times): scenario 2 and sum of the inverse distances
approach. D0: healthy state of the structure; D1, D2, and D3: added masses at the positions indicated
in Figure 4.

D0 D1 D2 D3

Mean 100.00 99.90 100.00 99.90
Standard deviation 0.00 0.32 0.00 0.32
Standard error 0.00 0.10 0.00 0.10

7. Conclusions

In this paper, we proposed an SHM strategy for the detection and classification of structural
changes combining PCA and P-t-SNE. We evaluated the proposed method with experimental data.
The obtained results show that its performance is very good, given its high classification accuracy.
In addition, we have compared the parametric version of t-SNE with the non-parametric version.

According to the results shown in Sections 6.1 and 6.2, the performance is very satisfactory and
similar in both approaches: P-t-SNE and t-SNE. However, in terms of processing time, it is better
to make a decision considering the P-t-SNE-based damage detection and classification rather than
working with the t-SNE-based method: although the non-parametric approach slightly outperforms
the parametric approach, the parametric approach can reduce the total computational cost by
approximately 94%. Hence, P-t-SNE can classify a current structure in just a few milliseconds. This is
the first indication that P-t-SNE is better compared with the t-SNE. Other advantages of using P-t-SNE
are as follows:

1. P-t-SNE can handle large-scale datasets, while t-SNE can only handle datasets with a size not
greater than the order of thousands.

2. The t-SNE method requires an extremely large computational cost for the optimization: to map
a new data sample, the optimization has to run for the whole dataset again. However, P-t-SNE
can learn from the training data and be applied when a new observation arises; hence, it can
work with real-time observations. Therefore, the parametric approach can make inferences about
new samples to be diagnosed without having to recalculate everything; the model predicts on
out-of-sample data.

Based on the foregoing, and seeing the strong performance of the P-t-SNE-based approach,
we conclude that it is better to work with the parametric version of t-SNE than with the
non-parametric version.

Many possible fields of application exist. For example, in aeronautics, parts of an airplane (wings
or fuselage) can be simulated with similar aluminum plates; for wind turbines, this methodology can
be applied to detect damage and faults. In general, if a sensor network can be installed in a structure,
and various actuation phases can be defined, the proposed approach can be considered.

In our future work, we contemplate to apply the proposed methodology to handle imbalanced
data, as well as to determine its effectiveness in different environmental and operational conditions.
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Abbreviations

The following abbreviations are used in this manuscript:

CD contrastive divergence
FFT fast Fourier transform
ISOMAP isometric mapping
KL Kullback–Leibler
LDA linear discriminant analysis
MCGS mean-centered group scaling
NN neural network
PCA principal component analysis
PPV positive predictive value
P-t-SNE parametric t-distributed stochastic neighbor embedding
PZT piezoelectric transducers
RBM restricted Boltzmann machine
SHM structural health monitoring
TNR true negative rate
TPR true positive rate
t-SNE t-distributed stochastic neighbor embedding
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Apéndice A

Factor de impacto y categoría de las
revistas

Revista JCR 2019 Categoría

y cuartil

Structural Control and
Health Monitoring

3.499

Q1 (12/64) Instruments & Instrumentation

Q1 (13/63) Construction & Building Technology

Q1 (20/134) Civil Engineering

Sensors 3.275

Q1 (15/64) Instruments & Instrumentation

Q2 (22/86) Analytical Chemistry

Q2 (77/266) Electrical & Electronic Engineering
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Revista SJR 2019 Categoría

y cuartil

Structural Control and
Health Monitoring

1.484

Q1 Civil & Structural Engineering

Q1 Building & Construction

Q1 Mechanics of Materials

Sensors 0.653

Q1 Instrumentation

Q2 Analytical Chemistry

Q2 Electrical & Electronic Engineering

Revista CiteScore 2019 Categoría

y percentil

Structural Control and
Health Monitoring

6.2

90 % (31/310) Civil & Structural Engineering

91 % (16/174) Building & Construction

87 % (47/367) Mechanics of Materials

Sensors 5.0

87 % (17/129) Instrumentation

71 % (35/119) Analytical Chemistry

78 % (147/670) Electrical & Electronic Engineering
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Apéndice B

Contribución del doctorando

La contribución del doctorando David Agis Cherta en los tres artículos que constitu-
yen la presente tesis doctoral fue la revisión sistemática de la literatura, el desarrollo
de la idea, el diseño del marco de exploración, el desarrollo de la metodología pro-
puesta, la selección de los algoritmos matemáticos adecuados para clasificar los
diferentes estados estructurales, la realización de todos los análisis, la evaluación
de los resultados, la redacción de los artículos, las correcciones requeridas por los
revisores de las revistas y la presentación y discusión de los resultados en congresos.
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Apéndice C

Otros trabajos

En este Apéndice, se presentan dos artículos en los cuales el doctorando participó
como coautor, pero que no forman parte del compendio de artículos de esta tesis
doctoral. También se presentan tres trabajos presentados en conferencias:

Artículo 1:

Agis, D.; Vidal, Y.; Pozo, F. Damage diagnosis for offshore fixed wind turbines.
Renewable energy and power quality journal 2019, 17(10), 366-370. Esta publicación en
revista salió del Trabajo 1 presentado en conferencia:

Damage diagnosis for offshore fixed wind turbines, ICREPQ’19 Tenerife, España, 10-12
Abril 2019.

Artículo 2:

Tibaduiza, D.A.; Gómez, R.C.; Pedraza, C.; Agis, D.; Pozo, F. Damage identification
in structural health monitoring: A brief review from its implementation to the use of
data-driven applications. Sensors 2020, 20(3), 733.

Trabajo 2 presentado en conferencia:

Detection and classification of structural changes using t-distributed stochastic neighbor
embedding, ICEDyn’19 Viana do Castelo, Portugal, 24-26 Junio 2019.

Trabajo 3 presentado en conferencia:

Vibration-based structural health monitoring using piezoelectric transducers and parame-
tric t-SNE, EACS’20 Varsovia, Polonia, 12-15 Julio 2020 (trabajo aceptado, pero no
presentado, ya que se pospone al 2021 por el COVID-19).
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Abstract. This paper proposes a damage diagnosis strategy to
detect and classify different type of damages in a laboratory
offshore-fixed wind turbine model. The proposed method combines
an accelerometer sensor network attached to the structure with a
conceived algorithm based on principal component analysis (PCA)
with quadratic discriminant analysis (QDA).

The paradigm of structural health monitoring can be undertaken
as a pattern recognition problem (comparison between the data
collected from the healthy structure and the current structure to
diagnose given a known excitation). However, in this work, as the
strategy is designed for wind turbines, only the output data from
the sensors is used but the excitation is assumed unknown (as in
reality is provided by the wind).

The proposed methodology is tested in an experimental labo-
ratory tower modeling an offshore-fixed jacked-type wind turbine.
The obtained results show the reliability of the proposed approach.

Key words
Damage diagnosis, structural health monitoring, wind tur-

bine.

1. Introduction
Wind energy is one of the best fuel sources since it is clean,
relatively cheap and inexhaustible. In order to increase the
energy produced by these means, more and more wind
farms have been installed in the sea. Taking into account
the location of wind turbines and the conditions of the
sea, new problems arise, since inspection and maintenance
work becomes more difficult. To reduce the enormous
logistic and maintenance costs as well as to minimize
turbine downtime, wind turbines must be continuously
monitored. Among all the monitoring systems, two systems
can be highlighted: structural health monitoring (SHM)
and condition monitoring (CM). On one hand, a structural
health monitoring system verifies the mechanical state of
the structure to ensure its proper functioning and determines
whether the wind turbine needs some kind of maintenance.
On the other hand, a condition monitoring system is able
to detect faults in the sensors and/or actuators systems.
Traditionally, condition monitoring for WTs has focused
on two widely-used methods: vibration analysis and oil
monitoring [1]. Therefore, the capability to detect wind

turbine damage and faults is crucial to decrease the cost
of wind energy [2], [3]. SHM and damage detection have
been widely studied in recent years. A review of the
state-of-the-art revealed that damage detection is a very
active field, but there is not a universal optimum method
for it.

This work proposes a complete methodology for damage
detection and classification in a laboratory offshore-fixed
wind turbine model. The strategy combines: (i) the use of
an accelerometer sensor network attached to the structure;
(ii) the use of principal component analysis (PCA) as a
pre-processing step to both reduce the dimensionality of the
data and extract features; and (iii) a quadratic discriminant
analysis (QDA). It should be noted that PCA has been
widely used in the field of SHM either as the single strategy
[4] or in combination with univariate [5] and multivariate
[6] hypothesis testing. Furthermore, methods based on
principal component analysis (PCA) have also proven its
capability to build WT fault detection strategies [7], [3],
[8]. However, QDA is most commonly used in medicine
[9], [10] and genomics [11], [12], as a classifier or as a
pattern-recognition method. A recent application of QDA in
WT fault detection is proposed by [13] where an approach
for detecting and diagnosing the delamination in wind
turbine blades is proposed.

As in [14], it is supposed that the only available excitation
of the WTs is the wind turbulence, so the input excitation
is assumed to be unknown. Therefore, the scheme of the
proposed method can be summarized in the following
steps: (i) the wind excitation is simulated as a Gaussian
white noise and the data coming from the WT is collected
using a set of accelerometers. It is worth remarking that
only output data will be used to detect damage; (ii) the
raw data is pre-processed using group-scaling to simplify
the computation of the principal components; (iii) PCA
is selected as a technique to reduce the dimensionality of
the data and the computing time of the next step; finally,
(iv) the quadratic discriminant analysis (QDA) is used as
a classifier. In the end, 10-fold crossvalidation technique
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is employed to estimate the overall accuracy and to avoid
over-fitting. In order to validate the proposed approach
in this work, the damage detection strategy is applied
to different types of predefined damage in a small-scale
structure —an experimental laboratory tower modeling
an offshore-fixed jacked-type wind turbine—. The results
that have been obtained for these predefined damages are
included and discussed to demonstrate the reliability of the
proposed approach.

The structure of the paper is as follows. We first present
the scaled wind turbine model, together with the two types
of damage that are introduced at the jacket support and the
sensors placed in the tower and jacket. We then present
the damage diagnosis strategy that includes how data is
collected, reshaped and auto scaled. Subsequently, both
PCA and QDA are briefly described. Finally, the main
results are summarized and discussed and some conclusions
are drawn.

2. Laboratory Tower Definition
A. Structure

The real structure used in this work is a scaled WT tower
model, see Figure 1. This structure is 2.7 m high and it is
composed, mainly, of three parts:

1) Jacket support, it is a lattice structure composed with
several bars, all of them joined with bolts with a torque
of 12 Nm.

2) Tower, composed of three sections joined with bolts.
3) Nacelle, modeled in this experiment by the top beam of

1 m long and 0.6 m width and a modal shaker located
at one edge of the beam.

The shaker simulates the nacelle mass and the environ-
mental effects of the wind over the whole structure. The
vibration needed to excite the structure is created by applying
an electrical signal to the shaker (Gaussian white noise).

B. Damages

Two types of damage are introduced at the jacket support:
(a) a 5 mm crack in one of the bars; and
(b) loosening one of the bolts in the jacket.
Also a healthy replica of the studied bar has been considered.
The proposed strategy should be able to detect and classify
the studied faults, but also be robust to the replacement of
one bar by a new healthy one (avoiding false alarms).

C. Sensors

To analyze the structural response, eight triaxial
accelerometers are placed in the tower and jacket. The
method used to find the optimum location and amount of
these sensors is given in [15]. Thus, data from 24 sensors is
collected. The nomenclature used for each sensor is given
in Table I.

Fig. 1. WT scaled tower model used in the experimental tests (off-shore
fixed jacked-type platform).

3. Damage diagnosis strategy
A. Data collection

The time window for each experimental test is 60 sec-
onds with a sampling frequency of 1651.6129 Hz. Thus,
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TABLE I
NOMENCLATURE USED TO REFER TO EACH AVAILABLE SENSOR.

NOTE THAT i = 1, . . . , 8, AS THERE ARE EIGHT ACCELEROMETERS.

Sensor

Ax
i Acceleration in x-direction for accelerometer number i

Ay
i Acceleration in y-direction for accelerometer number i

Az
i Acceleration in z-direction for accelerometer number i

each experiment obtains 1651.6129 × 60 = 99097 data
measurements from each of the 24 sensors. Given the k-
th experimental test, the data is initially stored in a matrix
Y(k) ∈ M24×99097(R) such that

Y(k) =




y
(k)
1,1 y

(k)
1,2 · · · y

(k)
1,99097

y
(k)
2,1 y

(k)
2,2 · · · y

(k)
2,99097

...
...

. . .
...

y
(k)
24,1 y

(k)
24,2 · · · y

(k)
24,99097




, (1)

where the number of rows is given by the number of sensors
and the number of columns is equal to the number of time
stamps in each experimental test. Note that data in the first
row is related to sensor Ax

1 , data in the second row is related
to sensor Ay

1 , third row is related to Az
1, fourth row to Ax

2 ,
and so on and so forth. Finally, the matrix is reshaped, by
concatenating its rows, to form a row-vector with 99097×
24 = 2378328 components. That is, from each experimental
test, a row-vector z(k) ∈ M1×2378328(R) is obtained such
that

z(k) = (z
(k)
1 , . . . , z

(k)
j , . . . , z

(k)
24 ) ∈ M1×(99097·24)(R) (2)

where

z
(k)
j = (y

(k)
j,1 , . . . , y

(k)
j,99097) ∈ M1×99097(R), j = 1, . . . , 24.

(3)

In this work, a total of 25 experimental tests are conducted.
In particular:

(i) 10 tests with the original healthy bar.
(ii) 5 tests with the replica bar.

(iii) 5 tests with the 5 mm crack damaged bar.
(iv) 5 tests with an unlocked bolt in the jacket.

The data from all the experimental tests is stored in a
matrix Z ∈ M25×2378328, where each row, k = 1, . . . , 25,
is given by the row-vector z(k) as defined in Equation (2):

Z =




z(1)

...
z(k)

...
z(25)




∈ M25×(99097·24)(R). (4)

B. Data reshape (Sample Size and Power Analysis)

The input dataset, Z, consists of a matrix with a small
number of experimental tests, only 25, and a large number
of data measurements, 99097 × 24. When a small sample
size is used in data analysis, this might be insufficient to
detect wind turbine damages. For this reason, we propose
to reshape the matrix Z in order to increase the statistical
power, by means of increasing the number of experimental
tests. In addition, with this reshaping, the time window for
each sample is reduced from 60 to 1.46 seconds. Therefore,
leading to a fault detection time reduction. Thus, we reshape
the matrix Z as follows: for each row and sensor, we split
the 99097 time stamps to 41 subsets of 2417 time instants.
Therefore, we get a total of 41 experimental tests with 2417
data measurements for each original row and sensor:

x
(k)
j =




z
(k)
j,1 · · · z

(k)
j,2417

z
(k)
j,2418 · · · z

(k)
j,4834

...
. . .

...
z
(k)
j,96681 · · · z

(k)
j,99097




∈ M41×2417(R),

(5)

where z
(k)
j,i , j = 1, . . . , 24, i = 1, . . . , 99097 is defined as

the i-th component of the vector z
(k)
j defined in Equation

(3). Equivalently,

z
(k)
j,i = y

(k)
j,i , j = 1, . . . , 24, i = 1, . . . , 99097.

Similarly, matrix x
(k)
j can be defined as

(
x
(k)
j

)
mn

= z
(k)
j,2417·(m−1)+n,

where m = 1, . . . , 41 and n = 1, . . . , 2417.

Then, the measurements are arranged in a matrix X ∈
M(41·25)×(2417·24)(R) = M1025×58008(R):

X =




x
(1)
1 · · · x

(1)
j · · · x

(1)
24

x
(2)
1 · · · x

(2)
j · · · x

(2)
24

...
. . .

...
. . .

...
x
(25)
1 · · · x

(25)
j · · · x

(25)
24




. (6)

It is to be assumed that larger sample sizes will improve data
analysis.

C. Autoscaling

The main reason to autoscale the raw data is to simplify
the computations for the multiway PCA decomposition.
Autoscaling uses column-wise mean-centering followed by
division of each column by the standard deviation of that
column of matrix X. The result is that each column of the
new autoscaled matrix, X̃, has a mean of zero and a standard
deviation of one. The fact that X̃ is a mean-centered matrix
simplifies the empirical covariance matrix computation,
needed for the PCA decomposition.
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D. Principal component analysis and quadratic discriminant
analysis

Recall that, before using a classifier, the data must be
processed to obtain the most suitable features. In this work,
after the autoscaling step, multiway PCA is selected as the
main objective is to reduce computing time for the quadratic
discriminant analysis classifier. In this work, only the first
30 components of the PCA decomposition are used as they
account for 75% of the variance. Thus, the transformed
coordinates of the X̃ data in the new basis given by the first
30 principal components are used as features by the QDA
strategy.

It is beyond the purpose of this work to give a detailed
explanation of the QDA approach. An excellent tutorial about
the basic background needed to understand the discriminant
analysis classifier is given in [16]. However, it is important
to recall that it is assumed that the measurements from each
class are normally distributed. Unlike linear discriminant
analysis (DA) however, in QDA there is no assumption that
the covariance of each of the classes is identical. When the
normality assumption is true, the best possible test for the
hypothesis that a given measurement is from a given class
is the likelihood ratio test. Thus, in a nutshell, the QDA
classifier models the likelihood of each class as a Gaussian
distribution, and then uses the posterior distributions to
estimate the class for a given test point [17]. The Gaussian
parameters for each class can be estimated from training
points with maximum likelihood estimation. In this work,
the one-sample Kolmogorov-Smirnov test, see [18], is used
to test the normality of the data. The null hypothesis is that
the data comes from a standard normal distribution, against
the alternative that it does not come from such a distribution.
The test fails to reject the null hypothesis at a 5% significance
level. Furthermore, we confirm the test decision by visually
comparing the empirical cumulative distribution function to
the standard normal (Gaussian) one, see Figure 2.
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Fig. 2. Empirical cumulative distribution function.

Finally, in this work, the 10-fold crossvalidation technique

has been employed to estimate the overall accuracy and to
avoid over-fitting.

4. Results and discussion

Table II summarizes the results obtained from the
proposed strategy. It presents not only the overall accuracy,
but also the training time and prediction speed, as both
parameters are critical in real application. Notice that the
obtained prediction speed allows this methodology to be
deployed for online (real-time) condition monitoring in
WTs.

TABLE II
SUMMARY OF THE OBTAINED RESULTS.

Accuracy (%) 95.2
Training time (s) 9.5
Prediction speed (obs/s) 7300

Besides, a comprehensive decomposition of the error
between the true classes and the predicted classes is shown
by means of the so called confusion matrix, see Figure 3.
In these matrices, each row represents the instances in a
true class while each column represents the instances in a
predicted class (by the classifier). In particular, first row
(and first column) is labeled as 0 and corresponds to the
healthy case. Next labels (for rows and columns) correspond
to the replica bar (label 1), the 5 mm crack (label 2), and
the unlocked bolt (label 3). From the confusion matrix the
following issues can be highlighted. The healthy class has
a true positive rate (TPR), that is percentage of correctly
classified instances, of 90% and a false negative rate (FNR),
that is percentage of incorrectly classified instances, of 10%.
It is noteworthy that the 5 mm crack damage has a TPR of
99% and the unlocked bolt damage has a TPR of 100%.
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Fig. 3. Confusion matrix.
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5. Conclusions and future work
This work has proposed a damage detection and

classification strategy and tested it in a laboratory WT
model. The results show a 95.2% overall accuracy. The
immediate future work is to develop further the proposed
strategy for different environmental and operational
conditions which could be modeled by using different
amplitudes for the white noise excitation.
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damage detection indicator based on principal component analysis and
statistical hypothesis testing,” Smart materials and structures, vol. 23,
no. 2, p. 025014, 2013.

[6] F. Pozo, I. Arruga, L. E. Mujica, M. Ruiz, and E. Podivilova,
“Detection of structural changes through principal component analysis
and multivariate statistical inference,” Structural Health Monitoring,
vol. 15, no. 2, pp. 127–142, 2016.

[7] Y. Wang, X. Ma, and P. Qian, “Wind turbine fault detection and
identification through pca-based optimal variable selection,” IEEE
Transactions on Sustainable Energy, 2018.

[8] P. F. Odgaard and J. Stoustrup, “Gear-box fault detection using time-
frequency based methods,” Annual Reviews in Control, vol. 40, pp. 50–
58, 2015.

[9] R. S. Ryback, M. J. Eckardt, R. R. Rawlings, and L. S. Rosenthal,
“Quadratic discriminant analysis as an aid to interpretive reporting of
clinical laboratory tests,” Jama, vol. 248, no. 18, pp. 2342–2345, 1982.

[10] G. Zonta, G. Anania, B. Fabbri, A. Gaiardo, S. Gherardi, A. Giberti,
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Abstract: The damage identification process provides relevant information about the current state of
a structure under inspection, and it can be approached from two different points of view. The first
approach uses data-driven algorithms, which are usually associated with the collection of data
using sensors. Data are subsequently processed and analyzed. The second approach uses models to
analyze information about the structure. In the latter case, the overall performance of the approach is
associated with the accuracy of the model and the information that is used to define it. Although
both approaches are widely used, data-driven algorithms are preferred in most cases because they
afford the ability to analyze data acquired from sensors and to provide a real-time solution for
decision making; however, these approaches involve high-performance processors due to the high
computational cost. As a contribution to the researchers working with data-driven algorithms and
applications, this work presents a brief review of data-driven algorithms for damage identification
in structural health-monitoring applications. This review covers damage detection, localization,
classification, extension, and prognosis, as well as the development of smart structures. The literature
is systematically reviewed according to the natural steps of a structural health-monitoring system.
This review also includes information on the types of sensors used as well as on the development of
data-driven algorithms for damage identification.

Keywords: data-driven algorithms; damage identification; structural health monitoring; sensors

1. Introduction

Ensuring the proper performance of all elements in a structure is a priority for designers and
users. In most cases, continuous monitoring can detect damages at an early stage can prevent potential
accidents and catastrophes that result from inadequate inspection or damages to the evaluation process.
Structural health monitoring (SHM) involves the use of continuous monitoring using sensors that are
permanently attached to the structure, together with algorithms related to the damage-identification
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process. There are several advantages associated with the use of an SHM system, some of which are
listed below:

• the continuous monitoring of the structure since sensors are a part of it;
• the possibility of real-time damage detection;
• the possibility of using sensor or actuator networks;
• robust data analysis that can provide relevant information about the damage;
• an automated inspection process to reduce the number of unnecessary maintenance tasks, thereby

improving the economic benefits; and
• operational and environmental evaluation conditions.

Although SHM is still a developing area—as evidenced by the rapid increase in the number
of research works and publications—research has been ongoing for the past 23 years [1]. Both the
benefits in the above list and the advances in computation and data science applications motivate the
continually rising interest in structural health-monitoring applications.

Different levels of damage diagnosis in SHM were proposed by Rytter [2]. These levels are
defined on the basis of the information that can be obtained during the damage identification process.
In general, damage detection is the first level of damage diagnosis and can provide information about
irregular behavior of the structure that, in some cases, can be regarded as possible damage [3].
After damage detection, damage localization (Where is the damage?), damage classification (What
kind of damage does the structure have? damage extention) and damage prognosis (What is the
remaining useful life of the system?) are considered, as shown in Figure 1.
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Figure 1. Damage identification levels.

Different algorithms and methodologies have been developed for each level of the damage
identification process, including the management of historical information on the functioning of the
structure, and they often use different sensors and actuators, materials, and configurations. Some of the
works available in the literature have focused on problems related to a single level of SHM [4], a specific
application [5], a specific technique [6], or a certain type of sensor for inspection [7]. For example, at the
level of damage detection, aspects such as sensor locations and the use of wireless sensor networks [8] as
well as the use of specific kinds of sensors or sensor networks, such as microelectromechanical systems
(MEMS) [9], accelerometers, optical fibers [10], vibration sensors [11], and pressure-based sensors [12]
have been addressed. Similarly, this level has been tackled using different techniques, as shown
throughout this review. Neural networks [13–15], modal analysis [16], bio-inspired algorithms [17],
non-probabilistic methodologies [18], and time series analysis [19–21] are among the main techniques
that are used. The autonomy of SHM systems has also been addressed through the possible ways
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in which they obtain energy [22]. Other works have examined the use of mechanical energy from
different sources, such as thermal energy, wind energy, solar energy, electromagnetic sources, or hlRF
antennas [23].

Other state-of-the-art reviews have concentrated on SHM applications in different areas, such
as the aeronautical industry [22], wind generation [24], civil engineering applications [25], and naval
engineering [26]. It is also possible to find review papers that are oriented toward the development of
SHM methodologies with guided waves [27,28] and the use or integration of the Internet of Things
(IoT) [29] in SHM applications.

This review is focused on the use of data-driven methodologies for all levels of the damage-
identification process. This work is organized as follows: Section 2 is devoted to the description
of the SHM process, including different approaches to analyzing SHM systems and the variables
that are identified in the operational and environmental conditions that affect damage identification.
In Section 3, the SHM process and its implementation are described. The implementation of SHM is
included in Section 4, along with information about some of the elements of SHM systems such as data
acquisition, sensors and actuators, and preprocessing strategies. This section also presents works on
the decision-making process. Finally, conclusions drawn from the reviewed literature are summarized
in Section 5.

2. Description of the SHM Processes

Several definitions have been used to define damage; however, one of the most accepted
definitions was given by Farrar and Worden [30]:

“Damage is defined as changes to the material and/or geometric properties of these systems,
including changes to the boundary conditions and system connectivity, which adversely
affect the system’s performance.”

This definition indirectly implies that all SHM applications, including online monitoring, require an
adequate sensor network system to evaluate possible changes in the structure that can affect its proper
performance. Usually, the sensibility of the SHM system is associated with good interaction between
the structure and the sensors. For this reason, it is very important to select appropriate sensors to be
installed by considering the material of the structure to inspect, the variables to sense or measure,
and the information to obtain for damage identification.

For SHM applications, increasing the reliability of the forecasts or predictions and the damage
identification process is a fundamental task in the implementation of these approaches in the industry.
Therefore, the number of false positives detected because of noise or the acquisition process must be
minimized. For this purpose, some reliability indices have been proposed. For instance, reliability
analysis has been based on the estimated distributions of dead, live, and wind loads in long-span
bridges [31].

Failures caused by inconsistencies between the capturing techniques, the information of the
sensors, the processing of the information captured, and the analysis of data for the forecast can affect
the results obtained from the algorithms or the methodologies used in the damage-identification
process [17,32].

In SHM, several current approaches to evaluating the integrity of a structure at any moment under
different operating conditions are based on measuring changes in the mechanical, physical, or chemical
behavior of the structures under inspection. As illustrated in the following sections, various techniques
have been implemented to capture and analyze information from a sensor network that is installed
and used for continuous monitoring. As discussed later in this paper, the analysis carried out in some
of the current methodologies not only aims to identify possible existing damages but also is used in
the development of forecasts about the future behavior of the inspected materials and structures.

In general, SHM developments can be classified into two large groups [30]: model-based approaches
and data-driven approaches. In the first type of approach, theoretical information or data acquired from
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the structure are used to build a mathematical or physical model to predict the behavior of a structure
in different scenarios and with different variations in operational and environmental conditions.
Model-based approaches make frequent use of finite element analysis (FEA) [33]. The second approach
to damage identification relies on the analysis of data acquired directly from the structure. In general,
this analysis can be performed under the pattern recognition paradigm [30]: that is, data obtained from
the healthy structure are used to build a pattern and data from the structure during the inspection
process are used to determine its current state by comparing some features obtained from the inspection
data with the baseline. Both types of methods—model-based and data-based—can be applied
at every level of the damage-identification process in Figure 1. This means that, currently, there
are different strategies that consider a single level or multiple levels of the damage-identification
process. Implementation at particular levels delivers specific results that may be the end of the process,
depending on the application. It is also possible, for example, to build a solution of which the intended
scope is limited to the detection and location of damages. In other cases, the expected scope is related
to the implementation of the first four levels, thus determining the remaining useful life of the structure
under inspection. However, it is clear that all levels present an incremental approximation since the
implementation of a particular level requires the performance of the previous levels in the pyramid in
Figure 1.

In terms of applications, different engineering associations and events perform analyses of SHM
benchmarks, which present a set of solutions applicable to specific scenarios, such as the American
Society of Civil Engineerings with the IASC-ASCE SHM Benchmark Study [34], and the international
association for bridge maintenance and safety (IABMAS) conference decisions in Kyoto at 2014 with
the benchmarks from the University of Central Florida and the Drexel University , and other studies
that guide the instrumentation of civil structures. Similarly, other works, such as that in Reference [35],
have developed a classification scheme for benchmarking methods in use that include simulation
and implementation.

Since structures are subjected to operational and environmental variations during their use, it is
necessary to consider these variables in the damage-identification process. In fact, these variations can
be regarded as a disturbance in some SHM algorithms and need to be considered in order to reduce
the possibility of a poor identification process. The subsequent sections provide a brief review of some
works that have addressed operational and environmental conditions. All these works have been
arranged using the four-step approach presented by Farrar [36].

3. SHM Implementation

Farrar [36] suggested that SHM developments must comply with economic, environmental,
operational, and temporary restrictions, among others. These factors must be analyzed before
proposing an SHM system as a solution. From this point of view, some works and considerations
focused on these topics are summarized here.

3.1. Economic Justification

Before undertaking the development and application of a structural inspection scheme, it is
important to ensure that the solution reached is coherent with respect to (i) the resources it will require;
(ii) the response time; (iii) the margin of error that is allowed; and, in general, (iv) compliance with the
operational conditions and constraints in the application of this kind of scheme.

Most applications of damage-detection schemes can reduce maintenance costs and the frequency
of inspections. These detection schemes result in an increase in the remaining lifetime of the structures.
For example, in the aeronautical industry, the utility of SHM is reflected by the reduced periodical
revision times, the increased availability and safety of aircraft, and the decreased costs of scheduled
repairs [37].
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Industries such as power generation have reported substantial costs associated with the repair of
turbines. These expenses are significantly increased in offshore platforms [38]. Therefore, the use of
SHM as a tool to prevent sudden damage yields essential benefits in this industry [39].

One of the challenges associated with the use of SHM applications in industries is the initial cost
of implementing the technology and of ensuring its overall reliability. In this context, the developments
such as new transducers and low-cost sensor networks for inspecting large structures, together with the
benefits gained by these low-cost sensors compared with the cost of visual supervision and traditional
inspection methods in applications such as the inspection of civil structures [40], have resulted in the
rapid expansion of the use of SHM. As stated previously, this expansion has been mainly driven by the
economic advantages of its use and its fast implementation [41], with the clear and direct consequence
of money saved in the long term.

3.2. Operational and Environmental Conditions

Structures in operation are subjected to the influence of operational and environmental conditions.
These conditions affect the structures causing degradation, aging, and damage [42]; they are also the
cause of possible false detections in SHM systems, due to the sensitivity of the methods to operational
and environmental variables (EOVs) [43,44]. For that reason, the influence of these variables must be
considered in the development of a reliable SHM system [45].

Reducing the influence of operating and environmental conditions presents excellent
opportunities in industries such as aeronautics, in which significant advances that reduce failures
of the SHM system have been generated by solutions such as the reduction in environmental
noise during data acquisition through the use of transducers with low-frequency digital–analog
converters [46], combined with transmission systems based on fibers that reduce the noise in
the transmission [47]. Damage detection and classification approaches that consider the effect of
temperature with multivariate analysis are available in the literature. These approaches combine,
for instance, the use of principal component analysis (PCA) and machine learning (ML) [48] or
PCA and self-organizing maps (SOM) [49]. Other approaches consider different elements, such
as the influence of the viscoelastic material properties of the adhesives used by sensors on SHM
applications [50], the influence of temperature and surface wetting on the ultrasonic waves used for
damage detection [51], and the relationship between feature extraction and data fusion. Proposed
solutions include the use of sensor data fusion, PCA, and self-organizing maps to compensate for
the undesirable effect of temperature on damage detection and classification [49], the use of optimal
baseline subtraction [52], and the effect of elevated temperatures on the adhesive layers of piezoelectric
transducers (PZTs). Other works have examined the effects of temperature on baseline impedance
profiles and the use of a small subset of baseline profiles for certain critical temperatures to estimate
baseline profiles for a given ambient temperature through interpolation [53]. Finally, the use of local
density in self-organizing maps has also been considered for two-level clustering as a methodology to
compensate for the effects of temperature [54] or the effects of extreme aeronautical environments on
the use of wireless sensors for SHM [55].

Structures such as those used for marine platforms, which are exposed to variable environmental
conditions, have shown failures in their systems of damage detection and location. In this context,
Prendergast et al. [56] presented an analysis of the variation in eigenfrequencies of turbines under
progressive scour. The work reported by Zhou et al. [57] demonstrated an SHM approach for marine
platforms that accounted for the variability of the ocean environment, vibration, corrosion, marine
currents, and the effects of collisions modeled using a transfer matrix. Their approach enabled
the calculation of changes in the form of the structure and the differentiation of possible failures.
Other closely related works have presented dynamic models of the behavior of this type of structure;
these models include the relationship between ocean currents under the ocean and wind currents
on the surface, which may affect the analysis of the captured data [39]. Oliveira et al. [58] show the
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implementation of modal analysis in turbines based on vibration, building strategies to reduce the
influence of EOVs through statistical analysis.

In applications of SHM for civil structures, such as bridges or other buildings, the moving loads
that affect these structures play a fundamental role in the determination of their lifetime. The use of
vibration characteristics of vehicular bridges, which are analyzed as a source of vibration, has also
been explored. For instance, methods such as mode shape as damage-detection indicator have been
applied to analyze the behavior of a bridge [59]. Other proposals in this kind of structure seek to
increase the reliability of operational modal analysis (OMA) concerning external phenomena, such as
vibration [60], or the performance of estuaries in seismic areas [61].

Rainieri et al. [42] show the application of the second-order blind identification method (SOBI) to
predict variations in natural frequencies, which makes it possible to compensate for the environmental
influence on the use of OMA, this being a limitation of the PCA analysis. The implementation carried
out requires a relatively low computational effort and obtaining a linear model between natural
frequencies and unknown EOV sources.

3.3. Damage Definition

When using damag- detection techniques that are noninvasive and use sensors that are
permanently installed on the structure, which is the case in SHM, the influence of the operation
of the structure must be taken into account. This means that a small change in the structure can be
detected as a different signal by the sensors, and the final result of the analysis can lead to a greater
frequency of misclassification. In this case, the characterization of the behavior of the structure under
different conditions and the definition of the influence of the operating conditions are critical tasks
in the implementation of a reliable SHM system. It is very important to differentiate between a
normal or an acceptable state and damage to determine whether the current state should be reported.
Different studies have been carried out in this framework, with subjects ranging from the comparison
of material [62] to the realization of failure models of structures.

The work in Reference [63] presents a list of modeling techniques for determining the existence of
damage; they are based on the use of the smoothed finite element method (SFEM), focus on detection
techniques based on high-frequency inputs, and use a number of tools for the definition of a fault.

3.4. Limitations

SHM has limitations associated with the capture and processing of data, the use of statistical
models, and the interpretation of the results. As a consequence, ad hoc schemes must be generated
for different SHM applications. Determining the limits of the application as well as the tools and the
techniques involved can increase the certainty of the prediction.

Studies associated with nonlinear analysis methods have been reported in different works [64,65].
Similarly, methodological limitations caused by the propagation of linear excitation signals were
described in Reference [66].

The inspection of structures using stationary cameras is an SHM practice that is widely used
for civil structures. These procedures present challenges with respect to locating an optimal site at
which to place the camera [67]. This problem, sometimes, is dealt with by using moving video systems.
The work in Reference [68] introduced a solution to the limitations in the instrumentation of large civil
structures. The proposed solution combined the use of georeferenced visual inspection systems with
the use of technology such as the linear variable differential transducer (LVDT) and laser Doppler
vibrometer (LDV).

Among the most important damage detection issues with any technique is its reliability, which
is indispensable. Multiple works have reviewed this topic with respect to SHM [69–71]. Errors at
the detection level have hindered the inclusion of SHM in industries such as the automotive and
aeronautics sectors [72] and other mission-critical applications [73].
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4. SHM Implementation Steps

From a general point of view, the implementation of an SHM system requires four steps:
(i) the definition of the sensor/actuator system to attach to the structure; (ii) the data acquisition
system; (iii) the preprocessing step; and (iv) the development of statistical models. These four
steps are represented in a pyramid in Figure 2. These steps allow for the generation of solutions
to challenges in the different levels of the damage-identification process (Figure 1). An additional
level can even be included to consider smart solutions in which the previous levels are evaluated
to determine the best combination of multiple configurations to produce an optimal solution to the
damage-identification task.

Figure 2. Development steps as a part of an structural health-monitoring (SHM) solution.

The lowest level in the pyramid in Figure 2, labeled “Sensor and actuator”, defines the first part of
the hardware that will be used. The sensor/actuator system must be selected considering, among other
factors, the type of variables to measure, the constraints related to physical or environmental conditions,
and the type of information to obtain. As stated previously, this level corresponds to the definition
of the type of sensor to be used, the configuration of the sensor network, and the possible actuators,
if required [74]. These configurations must agree with aspects such as maximum operating frequencies,
the extent or size of the damage to be identified, possible locations, characterization, and, in general,
the physical limitations of the application.

The next level in the pyramid is related to data acquisition, also known as DAQ. Data acquisition
refers to the way in which the signals generated by each sensor are obtained. At this level, some
of the SHM system’s characteristics, such as cost, mobility, and scalability, need to be considered.
The information acquired by the SHM system can be affected by aspects such as sensor configuration,
operational and environmental noise, and any other event that differs from the initial setup of the
system. Some of these problems must be resolved before performing any analysis on the generated
information to generalize the techniques used for classification, identification, or recognition. This step
corresponds to signal conditioning or preprocessing, and it can be performed by means of hardware
devices, software algorithms, or both. In some cases, data can be corrupted or affected by a lossy
transmission. These kinds of problems frequently appear, for instance, in applications that use wireless
communication. This is the case for large structures [75]. Consequently, several works have addressed
these issues to improve the reliability of data communication.

In most cases, the raw data obtained in the acquisition process require a data reduction step.
For this purpose, a discrete wavelet transform (DWT) can reexpress the raw data by means of
coefficients that decompose the data into so-called details and coefficients [76,77]. With this technique,
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it is possible to obtain a reduced representation of the original data. Similarly, techniques such as
PCA [78] and independent component analysis (ICA) have demonstrated their versatility in this
respect by reducing data to a few components by the criteria of the retained variance [79].

The step called “Development of statistical models” includes the use of data analysis tools to
determine the existence of abnormalities in the instrumented structure and to characterize the possible
sources of these anomalies. This step directly influences the costs of the solution in both economic
and computational terms, and it undoubtedly affects the detection, location, and characterization
of damages.

As the final step, it is possible to use decision tools that support the intervention processes and to
define possible action routes to take. This step, “Decision making”, aims to reduce subjectivity in the
development of the SHM process and to decrease the number of failures in the methods defined in the
previous step. This step is not always considered or contemplated in an SHM solution.

4.1. Sensors and Actuators

From the perspective of SHM, damage detection requires the implementation of a set of sensors
of which the main function is to capture information that can be used to determine the state of the
structure under analysis [25]. Some inspection schemes use the propagation of a signal that may be
produced by an actuator. The inspection schemes also depend on the types of transducers used and
the kinds of signals propagated through the structure. As parts of a comprehensive sensor network,
these sensors can obtain information from different parts of the specimen or structure under inspection.
Similarly, sensor arrays require the use of various sources of excitation. In some cases, the actuators
are located as close as possible to the sensors so that a transducer can serve as both an actuator and a
sensor. This type of duality is exemplified by piezoelectric arrays [80].

The sensor/actuator system can be classified as active or passive. This classification depends on
the source and whether the signals are propagated through the instrumented structure [81,82].

Passive methods only use sensors to detect variations in the received signals without the use of
an external signal. The data obtained from these sensors can be used to detect structural abnormalities
produced by the corrosion, deformation, or perforation of the materials [74,83]. Active inspection
methods apply a known excitation and evaluate the data of the propagated signal. The excitation
depends on the type of sensor and the interaction that is required within the structure.

4.1.1. Excitation Methods

Active inspection methods can be classified as linear or nonlinear [74], depending on the
propagation of the signals. Linear methods include the pitch-catch mode, in which an ultrasonic
signal is applied by an actuator and the propagated signal is received by another sensor [84,85];
the pulse-echo technique, in which signal reflections are detected and the same actuator captures the
signal that it transmitted [86,87]; and electromechanical impedance spectroscopy (EMIS), which is used
mostly with piezoelectric sensors that monitor changes in the structural-mechanical impedance [88].
Other linear methods have also been developed [89,90].

Some linear methods use the propagation of Lamb waves in metal structures [91] with piezoelectric
sensor arrays because of their directionality and low dispersion [92]. The propagation of this type
of signal is used recurrently in the development of intelligent materials. In Reference [93], the dual
optimization on PZT sensors was investigated to decrease the barrier imposed by the requirement
of lines of the base (BF-SHM). The method used in the aeronautical industry varies the Lamb wave
signals propagated, and an increase in the accuracy and reliability of the systems that use this type
of signal was reported. Other works have focused on improvements in the process of identifying
damages in structures. For instance, Li et al. [94] used the propagation of Lamb waves in isotropic
materials to analyze the probability damage imaging (PDI) to improve the location and identification
of damages in these materials.
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Studies have also explored the use of nonlinear methods in the analysis of detection techniques
that are based on the frequency of the propagated signal. For example, the work described
in Reference [95] compared the results of stress experiments performed on different materials,
and significant changes in the root-mean-square deviation (RMSD) analysis were found. Other
works have aimed to develop multifrequency excitation systems, such as the system presented in
Reference [74], in which the heterodyne principle was used to generate the signal to propagate in the
structure. This work reported an increase in the probability of detecting small cracks.

Other works have investigated the use of adequate sources of excitation to improve the response
of the implementation of SHM systems under environmental conditions. For instance, in Reference [96],
arbitrary waves were propagated to reduce the influence of wind on the posterior analysis. As a
result, a robust method was proposed for scenarios with noise, pollution, or exposure to adverse
environmental conditions. With this type of analysis, works have reported the ability to decrease
(relative to traditional methods) the computational load without affecting the detection [97].

4.1.2. Types of Sensors

With the increased use of SHM approaches, new sensors have been developed that can improve
the efficiency of detection, location, and characterization systems [25]. These developments aim
to simultaneously reduce the power consumption and weight of the system, to resolve installation
problems, and to improve operation facilities and the subsequent data analysis. The following
subsections describe some of the different sensors used in SHM applications that are oriented toward
the inspection of both metallic and composite materials.

The choice and validation of sensors form one of the most important elements in this step.
A correctly chosen sensor not only detects damages but also enables damage location, quantification,
and classification [98]. Figure 3 describes some criteria to consider when selecting a sensor.

Sensors can be classified according to the physical variable that they sense [99] or the transduction
principle on which they are based [98]. Table 1 includes some of these sensors and the variable
that is usually inspected. The classification in Table 1 is used hereinafter, with an emphasis on their
applications as well as the advantages and disadvantages of each type of sensor.

Network size

Implemented levels

Costs

Communication methods

Environmental conditions

Signal pre-processing

Variable to measure

Noise response

Excitation methodsSensor selection and location

Limitations Operating conditions

Sensor type

Figure 3. Sensor location and choice.
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4.1.3. Piezoelectric Sensors

Piezoelectric materials are built from ceramic and polymers, and they present the direct and
inverse piezoelectric effect [100]. This is the reason that these materials are often used to make
vibration-based sensors and actuators. The most frequently used materials in piezoelectric sensors are
lead zirconate titanate (PZT) and barium titanate (BaTiO3). However, ferroelectric polymers, such as
polyvinylidene difluoride (PVDF) and poly(vinylidene-co-trifluoroethylene) (P(VDF-TrFE)), are also
used for their high piezoelectric and pyroelectric response levels [101].

An additional advantage of piezoelectric sensors is that they can be manufactured in different
shapes, such as rectangular [102], longitudinal [103], and circular [104,105]. These piezoelectric
sensors are also flexible and can be adapted to the shape of the structure at their installation locations.
With the use of these sensors, it is possible to measure the vibration and to obtain information about
different variables, such as deformation [106] or corrosion [107,108]. The literature also includes
several applications with a wide range of frequencies, shape adaptation to structures [109], reduced
size [110,111], and reduced phase changes [112], among other characteristics.

In terms of methods for inspection, piezoelectric sensors are frequently used in the development
of electromechanical impedance (EMI) techniques. These techniques entail the evaluation of changes
in the impedance of the sensor. EMI techniques are used in the inspection of civil structures, such as
bridges, dams, and transport vehicles in aviation, as well as of trains and ships [113].

Corrosion is an interesting variable to measure and can be inspected using acoustic emission
(AE). These sensors are placed in the structure and allow for the evaluation of different types of
corrosion [114] as well as some loss of rigidity in the structures [115].

4.1.4. Fiber Optics

Fiber optics are used in applications that require high precision and electromagnetic-interference
immunity [116]. The principle underlying fiber optics is based on white-light interference [117], which
can relate the absolute shifting of a signal emitted from a light source with any physical variable [118].
This type of sensor is used to measure deformation, temperature, material concentrations, acceleration,
rotation, pressure, vibrations, and shifting. For deformation measurements, fiber Bragg grating (FBG)
sensors and fiber optics sensors (FOS) are the most used. FBG sensors are used as selective filters of any
wavelength [119], while FOS are composed of multimode fibers, have a low cost, and auto-compensate
for temperature changes [120]. Deformation can be measured using three different approaches: (i) point
sensors or discrete deformation that can locate the deformation [25]; (ii) quasi-distributed deformation
sensors—an array of point sensors [121]—and (iii) distributed deformation sensors that can be used to
determine a complete profile of deformations [122].

4.1.5. Microelectromechanical Systems (MEMS)

This type of sensor uses miniaturization techniques in its construction [123], and different types of
transducers can be combined. These sensors present advantages regarding the costs of implementation
and maintenance [124]. It is also possible to take advantage of other attractive features [125], such as
their small size [126] or their ability to easily connect to a wireless sensor network [127]. It is
even possible to find sensors that use capacitive, inductive, piezoelectric, or optical effects [128,129].
In addition, actuators can be included [130]. In general terms, MEMS consist of the integration of
different types of sensors [131].

MEMS are used to measure the magnitude of diverse variables, such as acceleration [127,132],
angular velocity (gyroscopes) [133], displacement [134], and deformation [135]. This type of sensor
offers high sensitivity [127], responses at low frequencies [136], the measurement of multiple variables,
and the integration of communication systems [137]. Because of these factors, the use of MEMS
has increased significantly. More precisely, several international research groups are developing a
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nanoelectromechanical system (NEMS) in an aim to increase the number of sensors in a structure and
to thereby expand the analysis capabilities of existing SHM systems [138].

4.2. Location and Networking

The selection of an appropriate sensor not only depends on the measured variable but also must
take into account aspects such as environmental and operational conditions, the number of sensors,
the location of the network, and the energy consumption [139,140]. Figure 3 shows some of these
aspects to be considered. The selection factors are divided into (a) sensor type; (b) operating conditions;
and (c) limitations. In the first case, different elements, such as the variables to measure, the noise
response, and the excitation method, are considered. Operating conditions refer to the interaction of
the sensor with the structure during its operation. This means that the environmental and operational
conditions must be considered when determining the approach to preprocessing the information
and when defining the communication methods. Finally, limitations such as costs, implementation
requirements, and setup of the sensor network must be considered.

Multiple works have been developed with the objective of determining the best way to locate and
interconnect the network of sensors to be used. Decisions on these issues will define the success of
data acquisition and will affect the cost of the instrumentation to use.

The work presented in Reference [141] produced a cost–benefit optimization method for the
establishment of sensor networks by evaluating two metrics: an optimized benefit–cost ratio and
maximized efficiency by complying with operational constraints. The method was applied to the
instrumentation of the Pirelli tower in Italy.

Table 1. Sensor types and uses.

Sensor Type Technology Variable to Measure Advantages Disadvantages Relevant Features

Piezoelectric PZT Acceleration Low cost Thermal
sensitivity

Used in EMI applications

PVDF Deformation [106] Low price Aging Wide range of
frequencies [142]

P(VDF-TrFE) Corrosion [107,108] Integration
possibilities

Shape adaptation [109]

Displacement Reduced phase
Vibration changes [112]

Fiber optics FBG Deformation [122] High precision High price

FOS Acceleration [119] Fragility
Rotation Electromagnetic

interference
immunity [117]

Pressure
Vibrations Integration

possibilities
Shifting

Microelectromechanical
systems (MEMS)

MEMS Deformation Low cost [124] High-frequency
response [136]

NEMS [138] Acceleration [127,132] Small size [126] Fragility
Gyrometer
Displacement [134] Wireless

connection [127]
Deformation [135] Different kinds of

sensors and
variables [131]

Shifting

4.3. Data Acquisition

The development of an inspection system depends on the way in which data related to the state
of the structure are acquired. In this section, we review the works associated with the way in which
excitation signals are generated as well as the selection of sensors; the location and communication of
the sensors used; and the acquisition, storage, and transmission of data.
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In general, the design of the monitoring system in terms of hardware starts from the definition of
the sensor/actuator system—defined according to the previous section—with components that include
piezoelectric transducers, microelectromechanical systems, optical fibers, or acoustic sensors [123].
After that, the design of the monitoring system should also take into account additional hardware
that will be used to capture, store, and transmit the information. The ability to integrate the hardware
in a large sensor network should also be assessed. Several works have addressed these topics.
For example, an analysis of a method to determine an efficient sensor distribution in SHM was provided
in Reference [143]. In Reference [144], the process of choosing wireless sensors for temperature and
pressure measurements was described. In Reference [145], the authors reported a diagnosis related to
the acquisition of information and the determination of the types of sensors to be used. Other works
have analyzed the location of the sensor network [146,147], the preprocessing of information [148],
and the interference of environmental conditions [149].

The general purpose of this step is to provide a signal to the following steps for the analysis of
the state of the structure. It is desirable to comply with the requirements for precision, resolution,
synchronization, and robustness to environmental and operating conditions [150]. This step is
analyzed according to the main components of a data acquisition system: the signal conditioner,
the digital–analog converter, and the transmission system.

Data acquisition systems need to be evaluated in the same way, depending on the location at
which the information must be processed. This means that there is a difference between the assessment
of a system that is required to process these data and the assessment of a system that is only required
to capture, store, and transfer these data using different communication methods.

Some authors [20,151–154] have recommended that the following elements be considered for the
selection of a DAQ system:

• the evaluation of the required number of inputs and outputs, that is, the number of digital or
analog terminals to connect;

• the number of sensors;
• the need for an actuation system;
• the development of a quantified definition of the damage;
• the need for capturing local measurement or using remote sensing;
• the system-level responses—the information that is expected to be processed or preprocessed in

the system;
• the possibility of implementing damage identification in an embedded system;
• the integration of feature extraction and statistical modeling algorithms with the sensing system;
• the consistent and retrievable archival of data for long-term monitoring;
• the transmission of information about the system condition to maintenance personnel or

control systems;
• the operation of the sensing system with minimal maintenance over long periods of time in order

to minimize the cost of the sensing and data acquisition system;
• the power consumption and source for long-term applications; and
• the evaluation of the operational and environmental conditions.

The above factors provide a complete picture of the type of sensor network that is required
and the means of acquiring information from these sensor networks. The definition of the operating
and environmental conditions to which the system will be exposed is also required: this has been
a recurring topic for several authors [155]. This evaluation can reduce these factors when they are
implemented by applying certain hardware elements or software strategies. These strategies include
the use of interpolation and regression tools [156] to determine and then eliminate the influence of
these variables [157]; the use of measurements that are independent of the influence of conditions that
have been addressed using mathematical methods, such as singular value decomposition (SVD), PCA,
auto-associative neural networks (AANN), factor analysis (FA), or cointegration; and, finally, the use
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of variables that are not affected in the short term by changes in environmental conditions [158], as is
quite common in the instrumentation of civil structures.

4.4. Signal Conditioning

The measurement systems are exposed to several types of interferences that are produced by
the monitoring system itself or by the environment in which the system is operating. Furthermore,
the signals collected by the sensors may not have the voltage or power levels required for their
analysis, or the signal delivered by the sensors may include unwanted noise in the subsequent
analysis. Therefore, it is necessary to process these signals by amplification or attenuation, filtering,
compensation, linearization, isolation, or compensation, among other signal-conditioning processes.

Depending on the type of sensor, it is possible to use different elements to satisfy the requirement
of one of the steps mentioned above. When implementing signal-conditioning tools in SHM,
the interoperability of all elements of the system should be reviewed. Some of the key features
to be analyzed are the integration with the rest of the components and the increase in the success of
the tool set. Similarly, the flow of information should be examined, and signal degradation, the output
voltage levels, and the compatibility with analog-to-digital converters (ADC) should be considered.

In terms of the connectivity between the DAQ and processing devices, some systems offer more
than one type of connection for cases of emergency. The following are some of the features that must
be considered:

• Expansion of the generated solution: In many projects, the increment or adaptability of the created
sensor network is required to increase the resolution or to decrease the range of values of a
variable. The DAQ system must be able to adapt to these changes.

• Isolation should be considered in case of harmful signals for the processing schemes.
• Bandwidth: The information content of the sampled signal has to be transmitted with the fewest

losses possible. This is achieved with the use of adequate sampling and the allocation of a
suitable bandwidth.

• Calibration should be performed periodically to avoid failures in the processes of detection,
location, or damage characterization.

• Maintenance is a relevant feature in continuous inspection systems since correct maintenance
decreases the number of failures.

4.5. Preprocessing Step

Once data is acquired and preprocessed by hardware elements, it is possible to perform a
preprocessing step, which is an important step for multivariate data analysis. This step allows
to reduce random sources of variation in the data set. Since data in SHM can come from different
kinds of sensors as was previously explained, there is not a general form to apply in all the cases;
from this point of view, it is desireable to explore different methods to determine wich one produces
the best results in the final damage-identification process. In general, this is obtained by determining
the effectiveness of these techniques in terms of the measure of the separability of the evaluated groups
and the accuracy of the classification of the pattern in each case.

These methods are not exclusively for SHM and have been applied in different areas where
multivariate analysis is required. Among the main objectives of the preprocessing methods are noise
removal, baseline removal, signal alignment, outlier detection, and data normalization. Some of the
methods oriented to these aims are as follows:

• wavelet transform (continuous wavelet transform, discrete wavelet transform, and fast wavelet
transform)[159,160];

• auto scaling [161,162];
• group scaling [163,164];
• variance scaling [17]; and
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• Pareto scaling [165].

Information about each method can be found in the included references.

4.6. Data Reduction and Feature Extraction

The main objective of this step is to reduce the size of the data to analyse and to provide the
features to be used in further analysis. Some of the techniques to be used in this step allow to transform
the data in a new subspace or a representation by preserving the main features of the original data.
Some of the techniques that can be used for feature extraction are as follows:

• Principal Component Analysis (PCA);
• Independent Component Analysis (ICA);
• Latent Sparse Domain Transfer (LSDT);
• Linear Discriminant Analysis (LDA);
• Fast Fourier Transform (FFT);
• Discrete Wavelet Transform (DWT) [166]; and
• Local Discriminant Preservation Projection (LDPP).

4.7. Prognosis Faults in SHM

Fault- or damage-detection systems in SHM work on the basis of the quality of the information
capture [167], the analysis of information, the use of statistical tools, and decision making (see Figure 4).
If any of these steps are performed incorrectly, the fault- or damage-detection system may present
errors that cause unnecessary interventions in the inspected structures (false alarms) or may fail to
detect real damages in the structures [168] (missing faults).

Prognosis failure

Data acquisition

Sensors 
selection and 

location

Signal 
processing

External 
influences

Information analysis

Analysis 
algorithms

Information 
condensation

Standardization

Model Development

Statistical 
Developments

Operational 
evaluation

Decision 
making

Subjective 
character

Figure 4. Prognosis failure approaches.

Acquisition errors can result from the selection, location, configuration, or malfunction of the
sensors. These failures imply relevant deviations between the signal obtained and the real value of
the variable. The main causes of sensor failures are grouped into two types: soft and hard sensor
faults. Soft sensor faults include bias, gain, loss of precision, and polarization. In contrast, hard sensor
failures comprise constant deviations, deviations with noise, and failures due to background noise.
In Reference [169], a mathematical analysis of the aforementioned faults was carried out.

Faults related to information processing occur in preprocessing and processing algorithms,
condensation, and standardization [170]. Furthermore, the use of statistical tools can introduce errors
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to the analysis that, in some cases, lead to false detections. Finally, some errors can be identified in
SHM that are associated with the subjectivity that is present in the analysis of the collected information.
For instance, in multiple approaches, the levels of detection, location, and sizing include elements of
subjective analysis, such as expert judgments.

In general terms, false detections are classified into two large groups: (i) false positives, also known
as false alarms or type I errors, occur when the SHM system detects a fault or damage but the structure
is healthy, and (ii) false negatives, also known as missing faults or type II errors, occur when the structure
is faulty or damaged but the SHM system classifies it as healthy [170].

4.8. Development of Statistical Models

The use of statistical models has been well accepted in the development of damage-identification
methodologies. Some of the works cited in the previous sections considered statistical models in their
approach. As a complement to the works addressed above, some additional references are described
in the subsequent paragraphs.

Some of these works have approached the fault- or damage-detection problem using multivariate
analysis because of a large number of sensors or the use of a sensor network. One multivariate
analysis method is PCA. This method has frequently been shown to be useful for data reduction [171],
thus offering a great advantage in the analysis of data from sensor networks with a large number of
sensor/actuator configurations [172]. However, PCA is only one of multiple methods used for this
purpose. Some variations or alternatives include ICA [79,173] and DWT [166,174,175]. They are all
very useful tools to re-express raw data in a new reduced version of the data while preserving the
relevant information.

More precisely, in damage detection, PCA can be used to change the original data by the
corresponding projections of so-called principal components. From the perspective of pattern
recognition, data from a healthy state of the structure can be used to define the healthy pattern. When
the current structure has to be diagnosed, the new measured data can be projected into the PCA or ICA
model to obtain so-called scores. Figure 5 represents the projection of the first two principal components
of a data set in which no damage is present and with three different types of damage. As it is possible
to observe that the data from the different structural states are very different; in this case, groups can
be distinguished by simple inspection and damage detection can be applied. However, in most of the
cases, these groups are mixed and cannot be differentiated in two axes.

The main differences between PCA and ICA are that components in ICA are linearly independent.
Therefore, in the latter case, it is not possible to organize the components according to the proportion
of the retained variance. This kind of plot is useful for visual analysis or inspection since data from
the inspected structure can be analyzed and compared with the data from the healthy structure to
determine the presence of damages. The presence of this damage is detected by the visual separation
of the new data from the current structure to diagnose the data coming from the healthy structure.
However, this methodology is useful only if the first two principal components retain a large proportion
of the variance. In other cases, the data appear mixed, so it is not possible to detect and classify damages
with a single visual inspection. In some of these cases, PCA can be combined with univariate and
multivariate hypothesis testing to correctly classify the current state of the structure. Both univariate [3]
and multivariate [176] hypothesis testing have been used for damage detection in small-scale structures
as well as for fault detection in wind turbines [177–179].

Bayesian approaches have also been studied for damage detection [70] and impact detection.
For instance, Morse et al. [69] applied a Bayesian updating (BU) approach and Kalman filter to estimate
the location of impact. In general, BU provides a probabilistic prediction of the impact location, so,
quantitatively, uncertainties associated with the prediction of the impact are permissible. Flynn and
Todd [180] used a formulation of Bayes risk for optimal sensor and actuator placement using different
kinds of sensors/actuators. The optimization space was searched by using a genetic algorithm with a
time-varying mutation rate.
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Figure 5. Score 1 versus Score 2.

Anaya et al. [17,181] used both PCA and artificial immune systems (AIS) to detect damages
in structures. In the proposed methodology, an active piezoelectric system is used to inspect the
structure and to collect the data. The information is encoded by emulating the effect of human immune
systems [182] and by considering external elements to be possible damages. This approach defines
antibodies as the detector of a specific pattern and antigens as the damage condition.

The use of SOM has also been applied for damage detection and classification [183]. SOM
are unsupervised neural networks in which training is a blind process that enables the grouping
and classification of different kinds of data according to data features. In general, in this kind of
methodology, data reduction is performed using techniques such as PCA or DWT and the new
components, coefficients, or indices are used as a feature vector; all the results from all the actuation
phases are fused into a single vector. This vector acts as the input to train the self-organizing map.
When the pattern is built or defined, the same procedure is applied to the structure being tested
to evaluate the state of the structure and to determine the presence of damages and their possible
classification. As a visualization tool, it is very common to use a cluster map or a U-matrix surface [64].
Figure 6 shows an example of the use of the U-matrix surface; seven structural states are considered in
the illustrated classification process: specifically, one healthy structural state and six different damages
are included in this plot. Since the methodology requires previous training, the algorithm considers
new data with features that differ from those of the data used during training to be a new cluster or a
new type of damage.

Machine-learning approaches have also been studied, on their own or in combination with
different feature extraction methods [184], as damage detection and classification methodologies.
In this kind of approach, in general, PCA is used as a feature-extraction method to define the feature
vector to train the machine using several states of the structure. During the test step, data from an
unknown structural state are evaluated by the trained machine, and the classification can be performed.
Algorithms that are commonly used in machine learning include k-nearest neighbor (kNN), decision
trees, and support vector machines (SVM).
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Figure 6. U-matrix surface.

The Gaussian process has also been studied [76] for probabilistic data-driven modeling and
structural damage detection methods. In general, data from the structure to be inspected and
instrumented with sensors, such as piezoelectric transducers working in pitch-catch mode, provide
information that can be pre-processed using a DWT. The details and coefficients of the DWT are
subsequently used for the extraction of features, which are simultaneously the input of the Gaussian
process. The output of this training—that is, the first step—is the corresponding pattern. In the second
step, data from the tested structure are pre-processed as in the first step. Afterward, the features are
included in the Gaussian process and a comparison with this pattern is obtained for the classification
process. The validation of the methodology can be performed using receiver operating characteristic
(ROC) curves to evaluate the effectiveness of the classification.

Nonlinear approaches, such as nonlinear PCA (NLPCA), have also been analyzed for damage
detection and classification. Some examples include the combination of the hierarchical version of
NLPCA (h-NLPLCA) and machine learning, in which the nonlinear components are used as the feature
vector to train different models [185].

Damage progression has also been addressed with the use of piezoceramic arrays [186]: a number
of time- and frequency-domain features are derived from existing damage imaging and detection
algorithms combined with data-mining algorithms.

In terms of damage localization, damage indices have also been explored [32] as damage indicators
and applied to complement PCA to reduce the problems that arise when the two first principal
components do not retain a significant proportion of the variance. Two of these indices are the Q-index
and the T2-index, which can be used to determine the contribution of a specific sensor in the sensor
network. Subsequently, using triangulation techniques, the potential area or the position of the damage
can be defined. One example of the kinds of diagrams that are obtained by the use of contribution
plots is shown in Figure 7. This figure shows an example with seven actuation phases, and each phase
shows the contribution of each sensor in the sensor network. In this way, localization can be performed
by triangulating the sensors with the highest contributions and the piezoelectric used as actuator.
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Figure 7. Damage contribution index.

These indices have also been used in damage detection to process data from FBG sensors [187]
with good results. Hierarchical clustering (HC) is another supervised method of statistical learning
that is commonly used in SHM. As the name suggests, this algorithm collects and groups similar data
using a set of distance measures that define the similarity of the data. Commonly, at the detection
level, the established parameter is represented by a damaged or undamaged state. HC usually
builds a hierarchy of data groups and uses a different function to assign data points to groups.
The Euclidean distance and Mahalanobis distance are two popular choices among many that are used
for a dissimilarity function [188].

HC has been applied at the detection level for several types of structures. Datteo et al. [189]
proposed an HC analysis to obtain a set of clusters based on damage patterns that were found in the
experimental data, which were collected from PZT sensors by means of a graphic representation of the
information so that the damage could be identified intuitively, both qualitatively and quantitatively.
The performance of the proposed approach was tested by three experiments on a full-scale reinforced
concrete beam. In another work, Zhou et al. [190] incorporated HC with a method for recognizing
artificial immune patterns for the recognition and classification of damage patterns in the health
monitoring of an unsupervised structure. The sampled data were classified by an agglomerated
hierarchical clustering algorithm. Then, sets of memory cells were trained to imitate the mechanism
of learning and immunological recognition. Finally, structural data patterns were judged by the sets
of trained memory cells. The results of this work showed that agglomerated hierarchical clustering
and incorporated methods could successfully identify the most patterns in the antigen sample data.
The work concluded that the unsupervised structural damage-classification algorithm based on
HC and artificial immune patterns could produce high-quality memory cells that could effectively
identify all types of structural damage patterns. Finally, Sen et al. [188] proposed two data-based
techniques—a semi-supervised and supervised learning approach—for the detection of damage in
pipelines. The proposed approaches aimed to reduce the number of sensors deployed and to thus
reduce maintenance costs. The semi-supervised learning method detected the presence of damages
using an algorithm based on hierarchical grouping, and the approach based on supervised learning
located damages using multinomial logistic regression. The proposed algorithms were validated by
the acquisition of guided ultrasonic wave (GUW) responses from experimental pipelines in a tone
capture configuration using low-cost piezoelectric transducers.

Unsupervised statistical methods of learning are also widely used in SHM analysis [191]. One of
the reasons is that the algorithms involved are less complex, so they can be used in real-time
analysis [192]. These methods were compared with traditional alternatives in works such as the
one carried out by McCrory et al. [193], in which three classification techniques were tested—analysis
of artificial neural networks (ANN), unsupervised waveform clustering (UWC), and the corrected
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measured amplitude ratio (MAR)—in the location and classification of faults in a composite panel of
carbon fiber during buckling. This paper reported that UWC and ANN were better classifiers and that
their use improved the reliability of the SHM system. Nagarajaiah et al. [194] applied unsupervised
methods for the analysis of structures under vibration conditions. The authors used multivariate
blind source separation to detect anomalies, and they reported positive results. Despite the stated
advantages, unsupervised learning methods are not implemented to the same extent as supervised
methods. One reason is the reliability of the obtained results.

Uncertainty quantification has been examined in different fields. One example is the inspection of
cultural heritage [195]: in this study, uncertainty reduction was applied to the modal estimation of data
from two historical buildings. In Reference [196], uncertainty quantification in OMA was developed
for vibration-based analysis. Structural excitations were not directly measured but rather modeled by
band-limited white noise processes.

The classification process can be regarded as a binary classification problem. One example is
the work in Reference [197], in which possibility theory was introduced to solve a decision-making
problem involving conflicting information. The information was modeled as weighted intervals on the
basis of importance, and a possibility distribution from the weighted intervals was presented to fuse
information with respect to its importance.

4.9. The Decision Level

Decision support systems (DSS) have been used extensively in the analysis of economic, technical,
environmental, optimization, and other problems that involve a choice of alternatives [198]. This type
of tool is an important component in monitoring and control systems. However, there are few studies
on this topic in relation to SHM systems, and most of these works have focused on the monitoring of
civil structures.

The research efforts on this matter have involved the implementation of different decision tools to
assess the state of the structure. Endsley et al. [199] integrated information from the data banks of the
National Bridge Inventory (NBI) with measurements taken from various bridges using nondestructive
evaluation (NDE) systems. They unified the information and presented a web application to
improve the decision-making processes and to reduce the subjectivity in the interpretation of the
data. Sun et al. [200] presented a hybrid system that combined neural network theory and adaptive
fuzzy logic to generate a framework for the analysis of heterogeneous signals from various types of
sensor networks. The implementation of the hybrid system enabled the evaluation of the type of study
to be carried out on each data source in the monitoring scheme. SHM analysis has been used as a
test scenario for decision models; Khodaei et al. [201] compared expected utility theory (EUT) with
prospect theory (PT) in the estimation of the state of a bridge. Their work showed that the opinions on
inspected structures varied because of the subjectivity of the person who analyzed the results.

Different works present proposals related to the management of decisions and decrease of
detection failures by defining threshold levels; the work presented in Reference [202] summaries the use
of different categories of SHM in the analysis of bridges and civil constructions. This work presents an
interesting summary of implementation techniques in the category of SHM implementation related to
the definition of limits in the analyzed variables; among them, humidity, vibration, and settlement are
found, emphasizing the probabilistic uncertainty quantification models. Bai et al. [203] present a paper
oriented to the reduction of false forecasts by evaluating three techniques that use the information
generated by fatigue in structures instrumented with Acoustic Emission (AE) sensors. Results of
this work show the influence on the definition of threshold levels in the automation of decisions.
Deraemaeker et al. [204] present a proposal for decreasing the influence of environmental conditions
using filters and definitions of distances on covariance matrices and eigenvalues. As a result of this
approach, the high sensitivity of the measurement systems and the efficiency of the definition of
thresholds in the reduction of false positives is presented; this study was carried out in civil structures.
In Reference [205], a laboratory test is applied to a metallic structure instrumented with piezoelectric
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transducers in a system based on electromechanical impedance; a part the analysis shows that threshold
levels significantly influence the detection and location of faults.

Very few works on the development of DSS have examined the monitoring of composite and
metallic structures. One such work was carried out by Bolognani et al. [206], who implemented a
multilevel decision scheme to reduce the costs of processing and instrumentation. The generated
method could reduce the risk of errors in evaluation (false positive and negative), increase the
profitability of the instrumentation, and unify the results of different information sources. Finally,
the work reported by Sabatino et al. [207] focused on the development of a framework that aimed to
improve the cost–benefit in the choice of sensing schemes for naval structures. They reported that their
framework could decrease the risks associated with choosing the data-processing system to be used.

From the existing studies, a decision level for the analysis of composite materials is presented
that would be located in the upper part of Figure 2. The function of this level is focused on the choice
and evaluation of the types of processing of data from structures instrumented with different types
of sensors.

5. Conclusions

In this review, several elements of the SHM process and its implementation are explored. These
elements are the description of the SHM process and the components of SHM implementation,
including sensors and actuators, location and networking, data acquisition, signal conditioning,
statistical analysis, and decision levels. It is shown that diverse authors have made significant
contributions to these achievements. From the presented information, the following general
conclusions are drawn:

• The works related to the advances and implementation of SHM systems account for the
monitoring requirements of healthy structures in diverse areas of applications, such as civil
engineering, aeronautics, transport, and power generation. This research field, which is still
developing, presents research opportunities related to methods for sensor selection and location,
communication systems, analysis of environmental and operational conditions, reduction of false
positives and false negatives, and decision methodologies, among others.

• There has been a considerable increase in the use of SHM systems in operating structures. This
increase, together with the emergence of regulations for the operation of systems for monitoring
structures, reflects the rapid adoption of SHM in industries such as the automotive and aeronautics
sectors and intelligent materials development. As a result, a significant growth in investment,
leading to the application of all levels of SHM, is expected.

• Although this paper presents the steps of implementing an SHM system, these steps should
be used only as a reference: they can be decomposed or complemented according to the
implementation and the intended approach. This is currently a focus that is actively researched to
improve the reliability of the elements of the implementation.

• Using data that are directly acquired from sensors installed on the structure is a convenient way
to evaluate the current state of a structure. This allows for the continuous measurement of data to
monitor applications in real time. However, some problems may arise during the implementation
of these SHM approaches. Such challenges include the following:

(a) Failures in the sensors are possible and can arise from problems during installation or damages
to the sensor when the structure is subjected to hard conditional and operational variations.
This problem can be solved by the use of faulty sensor detection, similar to damage detection.
In some cases, it is possible to reconstruct the signal to avoid false damage detections during
the damage-identification process. Similarly, there are some data-driven algorithms that can
compensate for the effects of environmental and operational variations; these are required
because, as it was explained, environmental and operational variations can change the baseline
and can produce false positive damage identification.
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(b) Poor use of preprocessing techniques often leads to poor results of the damage-identification
process. This problem can be partially solved by the design of robust methodologies.

(c) Some problems are related to storing data and processing the information coming from large
structures instrumented with a large number of sensors. In some cases, such problems can be
easily solved through a distributed analysis.

Although there are several proposed solutions to the different problems in the task of identifying
damage, most of the results are relevant to a specific application and are tested under laboratory
conditions. Hence, problems at different levels of the damage-identification process, such as the
problems associated with data acquisition and preprocessing, remain open for investigation.

According to the number of publications, one of the least explored topics is the implementation of
decision support tools. This document demonstrates the need for such tools in data-driven applications.
Some studies have focused on specific cases, but the different alternatives of all the levels explored
require an intelligent system that is able to decrease the number of false positives and negatives in the
identification process. Its development and implementation will allow for the mixing of different types
of information sources and for eliminating the subjectivity of the analysis, among other improvements.
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Abbreviations

The following abbreviations are used in this manuscript:

AANN Auto-associative neural networks
ADC Analog-to-digital converters
AE Acoustic emission
AIS Artificial immune systems
ANN Analysis of artificial neural networks
BF-SHM Baseline-free SHM
BHM Bridge Health Monitoring
BU Bayesian updating
DAQ Data acquisition
DSS Decision support systems
DWT Discrete wavelet transform
EMI Electromechanical impedance
EMIS Electromechanical impedance spectroscopy
EUT Expected utility theory
FA Factor analysis
FBG Fiber Bragg grating
FDD Frequency domain decomposition
FEA Finite element analysis
FOS Fiber optics sensors
GUW Guided ultrasonic wave
HC Hierarchical clustering
h-NLPLCA Hierarchical nonlinear principal component analysis
ICA Independent component analysis
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IoT Internet of Things
kNN k-nearest neighbor
LDV Laser Doppler vibrometer
LVDT Linear variable differential transducer
MAR Measured amplitude ratio
MEMS Microelectromechanical systems
ML Machine learning
NBI National Bridge Inventory
NDE Nondestructive evaluation
NEMS Nanoelectromechanical system
NLPCA Nonlinear principal component analysis
OMA Operational modal analysis
PCA Principal component analysis
PDI Probability damage imaging
PT Prospect theory
PVDF Polyvinylidene difluoride
P(VDF-TrFE) Poly(vinylidene-co-trifluoroethylene)
PZT Piezoelectric transducer
RF Radio frequency
RMSD Root-mean-square deviation
ROC Receiver operating characteristic
SFEM Smoothed finite element method
SHM Structural health monitoring
SOM Self-organizing maps
SVD Singular value decomposition
UWC Unsupervised waveform clustering
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ABSTRACT
This work states a structural health monitoring strategy for detection and classification of structural changes. The
proposed approach is based on the so-called t-distributed stochastic neighbor embedding (t-SNE), a non-linear
technique that is able to represent the local structure of high-dimensional data that are collected from multi-sensor
signals in a simple scatter plot. All data sets were pre-processed using principal component analysis (PCA) to
reduce their dimensionality before t-SNE was performed. More precisely, when a structure has to be diagnosed,
the collected data from the current structure is projected into the t-SNE scatter plot. Subsequently, a sample of the
projected data is compared with the center of the clusters of the pre-recorded damages. The current structure to
be diagnosed is then associated with a damage based on the distances of the data to the centroids: the structure is
classified based on the smallest point-centroid distance.
The methodology is evaluated using experimental data from an aluminum plate instrumented with piezoelectric
transducers (PZTs). Results are presented in time domain, and they reveal the strong performance of t-SNE, with
a percentage of correct decisions close to 100%.

KEYWORDS: Damage diagnosis, structural health monitoring, t-distributed stochastic neighbor embedding.

1. INTRODUCTION

Structural health monitoring (SHM) is an essential process for engineering structures because it verifies the co-
rrect functioning of the structure and determines whether it needs some kind of maintenance. Therefore, in SHM
systems, detection and classification of structural changes are very important in order to know the current state
of the structure for safety and to reduce maintenance costs. SHM has been applied in countless structures such as
buildings [1], wind turbines [2, 3] and aircraft [4], among others, and a review of the state-of-the-art revealed that
SHM is a very active research area.
In order to obtain information about the health state of the structure, data are collected from multi-sensor signals.
The information extracted from multi-sensor signals creates a high-dimensional dataset that contains a large vo-
lume of data due to continuous measurements of the monitoring system. Several methods have been proposed for
management high-dimensional, big and complex data. Among these methods, visualization techniques stand out
as offer a way to handle this kind of data by means of an intuitive interface that allows people to easily detect
natural clusters, identify hidden patterns, etc. [5]. And among visualization techniques, one of the most used is
dimensionality reduction. Dimensionality reduction is the process of reducing the dimension of the original data,
by keeping basically the same intrinsic information [6].
In the literature, various dimensionality reduction methods are proposed: (i) linear methods, that focus on keeping
dissimilar original data points far apart in the low-dimensional space, such as principal component analysis (PCA)
[7, 8, 9, 10, 11] and linear discriminant analysis (LDA) [10, 11]; and (ii) non-linear methods, that focus on keeping
similar original data points close together in the low-dimensional space, such as isometric mapping (ISOMAP)
[6, 9, 10], kernel PCA [8, 10] and t-distributed stochastic neighbor embedding (t-SNE) [12], among others.
This work proposes a SHM strategy for detection and classification of structural changes based on t-SNE, a tech-
nique developed by Laurens van der Maaten and Geoffrey Hinton [12], which is able to represent the local structure
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of original high-dimensional data, obtained by the different sensors, in a low-dimensional space (for example a sim-
ple scatter plot). In a nutshell, in the low-dimensional space, each original high-dimensional point is represented
by a low-dimensional point in such a way that nearby low-dimensional points correspond to similar original high-
dimensional points, and distant low-dimensional points correspond to dissimilar original high-dimensional points.
That is, this technique finds out patterns by identifying clusters based on similarity of data points. t-SNE has been
applied to many real data (in the research area of stem cells [13], in computational linguistics [14], in astrophysics
[15], in human genetics [16], etc.), but it should be noted that this is the first time that it has been applied in the
field of SHM.
In this study, all data sets are pre-processed using PCA to reduce their dimensionality before t-SNE is performed.
More precisely, when a structure has to be diagnosed, the collected data from the current structure is projected into
the t-SNE scatter plot. Subsequently, a sample of the projected data is compared with the center of the clusters of
the pre-recorded damages. The current structure to be diagnosed is then associated with a damage based on the
distances of the data to the centroids: the structure is classified based on the smallest point-centroid distance.
The proposed methodology is evaluated using experimental data from an aluminum plate instrumented with piezo-
electric transducers (PZTs) attached to its surface. Results are presented in time domain, and they show the high
classification accuracy and the strong performance of t-SNE, with a percentage of correct decisions close to 100%.
We must highlight that the environmental conditions were not considered, leaving it for future researches.
The contribution of this paper is that t-SNE is extended and adapted for the first time to the field of structural health
monitoring, in detection and classification of structural changes, thanks to the developed methodology.
The structure of the paper is as follows: in Section 2, a brief description of the experimental setup is presented.
Section 3 describes the damage classification strategy that is applied to classify the damage in the structure. In
Section 4, the results are shown. Section 5, conclusions, closes the paper.

2. DESCRIPTION OF THE EXPERIMENTAL SETUP

2.1. Structure
In this work, an aluminum plate with an area of 40 cm2 and with four piezoelectric transducers is consider to
demonstrate the reliability of the damage detection and classification methodology introduced in Section 3. The
location of the PZTs and of the three damages that are added in the structure are shown in Figure 1.

Figure 1 – Aluminum plate instrumented with four piezoelectric sensors. Source: Vitola et al. (2017a) [17].

2.2. Scenarios
The experimental setup includes three different scenarios to determine the behavior of the methodology:
• Scenario 1. The signals are acquired using a short cable (0.5 m) from the digitizer to the sensors, and these

signals are filtered with a Golay filter algorithm after adding white Gaussian noise.
• Scenario 2. The signals are acquired using a long cable (2.5 m) to sensors, and signals are filtered with the

Golay algorithm.



• Scenario 3. The signals are acquired using a short cable (0.5 m) from the digitizer to the sensors, and these
signals are filtered without a Golay filter algorithm.

In this way, we can observe the effect of the attenuation with short and long cables, the effect of adding white
Gaussian noise to the measured signals and the effect of the use of a Golay filter in the detection and classification
process.

2.3. Sensors
A piezoelectric sensor network is used to excite the aluminum plate and collect the measured response. This sensor
network works in several actuation phases. In each actuation phase, a PZT is used as actuator, and the rest of the
PZTs are used as sensors. These data are organized in a matrix per actuator.

2.4. Damages
A mass is added to simulate the damage in the aluminum plate. This mass is an attached magnet in both sides of
the plate to change its properties and produce changes in the propagated wave. The location of the mass defines
each damage or structural state: Damage 1 (D1), Damage 2 (D2), Damage 3 (D3) and no damage (D0, healthy
plate). Figure 2 shows these four structural states.

Figure 2 – Aluminum plate with four PZTs and with four different damages. Source: Vitola et al. (2017a) [17].

3. DAMAGE CLASSIFICATION STRATEGY

This work proposes a damage classification strategy that is based on the technique t-distributed stochastic neighbor
embedding. This strategy will be described in the following subsections in more detail.
In a few words, all data sets —the data collected from the pristine structure and the new data coming from the
structure to be diagnosed in an unknown state— are pre-processed using mean-centered group scaling (MCGS)
and principal component analysis. Later, t-SNE is performed. Finally, confusion matrix is obtained from the dis-
tances of the data to the centroids associated with each structural state. More precisely, when a structure has to be
diagnosed, the collected data from the current structure is projected into the t-SNE scatter plot. Subsequently, a
sample of the projected data is compared with the center of the clusters of the pre-recorded damages. The current
structure to be diagnosed is then associated with a damage based on the minimum distance to a cluster.



3.1. Data collection
The strategy uses data from an aluminum plate with four PZTs. Each PZT can operate as actuator —exciting the
plate with a excitation signal— or as sensor —measuring signals. The number of PZTs defines the number of
actuation phases, and each actuation phase defines a particular PZT as actuator and the rest of the PZTs as sensors:

Table 1 – Actuation phases.

Actuation phase Actuator PZT Sensor PZTs
1 1 2−3−4
2 2 1−3−4
3 3 1−2−4
4 4 1−2−3

Four data files are obtained from each scenario, one for each actuation phase. Each file is organized as follows: 25
experiments are performed for each structural state. Consequently, each file consists of 100 rows (25 experiments
× 4 structural states). That is, the first 25 rows are captured without damage, the next 25 with Damage 1, the
next 25 with Damage 2 and, finally, the last 25 with Damage 3. Regarding the columns, 60000 measurements are
performed for each PZT that works as sensor. Therefore, each file contains 180000 columns (60000 measurements
× 3 sensors). In matrix notation, the data are represented as follows:

Z(i) =




z(i)1,1 z(i)1,2 · · · z(i)1,180000

z(i)2,1 z(i)2,2 · · · z(i)2,180000
...

...
. . .

...
z(i)100,1 z(i)100,2 · · · z(i)100,180000



∈M100×180000(R), (1)

where i = 1, . . . ,4 is the i−th actuation phase.
Finally, the data from all the actuation phases are stored in a matrix Z:

Z =
(

Z(1), . . . ,Z(4)
)
∈M100×(180000·4)(R) = M100×720000(R), (2)

this allows to analyze the information of all the actuation phases at one time. Figure 3 shows schematically the
organization of the data captured in each scenario.

Figure 3 – Data organization per each scenario. Source: modified from Vitola et al. (2017b) [18].

3.2. Baseline data and test data
To obtain the baseline data and test data of this experimental study, a 5-fold cross validation is performed with
matrix Z, see Equation (2), to estimate the overall accuracy and avoid overfitting. In each iteration, the baseline



data, matrix X, are obtained with 5 consecutive rows of each structural state of Z, and with the rest of the rows of
each state, 20, the test data, matrix Y, is formed. For more details see Table 2.

Table 2 – Baseline data and test data obtained with 5-fold Cross Validation.

Rows of each structural Rows of each structural
Iteration state of Z that state of Z that

form baseline data, X form test data, Y
1 1:5 6:25
2 6:10 1:5 y 11:25
3 11:15 1:10 y 16:25
4 16:20 1:15 y 21:25
5 21:25 1:20

Therefore, from the matrix Z, defined in Equation (2), five matrices X ∈M20×720000(R) and five matrices Y ∈
M80×720000(R) are obtained, whose arrangement of their rows is:

Table 3 – Rows of matrices X and Y.

Rows Structural
X Y state
1 :5 1:20 D0
6:10 21:40 D1

11:15 41:60 D2
16:20 61:80 D3

In matrix notation, the baseline data are represented as follows:

X =




x1,1
1,1 · · · x1,60000

1,1 x2,1
1,1 · · · x2,60000

1,1 · · · x12,1
1,1 · · · x12,60000

1,1
...

. . .
...

...
. . .

...
. . .

...
. . .

...
x1,1

5,1 · · · x1,60000
5,1 x2,1

5,1 · · · x2,60000
5,1 · · · x12,1

5,1 · · · x12,60000
5,1

...
. . .

...
...

. . .
...

. . .
...

. . .
...

x1,1
1,4 · · · x1,60000

1,4 x2,1
1,4 · · · x2,60000

1,4 · · · x12,1
1,4 · · · x12,60000

1,4
...

. . .
...

...
. . .

...
. . .

...
. . .

...
x1,1

5,4 · · · x1,60000
5,4 x2,1

5,4 · · · x2,60000
5,4 · · · x12,1

5,4 · · · x12,60000
5,4




, (3)

where each element of that matrix

xk, j
i,l , k = 1, . . . ,12, j = 1, . . . ,60000, i = 1, . . . ,5, l = 1, . . . ,4, (4)

comes from the j−th measurement of the k−th sensor of the l−th structural state in the i−th experiment. Summa-
rizing, there are 12 sensors, 60000 measurements per sensor, 4 structural states and 5 rows associated with each
structural state.
In matrix notation, the test data are represented as follows:

Y =




y1,1
1,1 · · · y1,60000

1,1 y2,1
1,1 · · · y2,60000

1,1 · · · y12,1
1,1 · · · y12,60000

1,1
...

. . .
...

...
. . .

...
. . .

...
. . .

...
y1,1

20,1 · · · y1,60000
20,1 y2,1

20,1 · · · y2,60000
20,1 · · · y12,1

20,1 · · · y12,60000
20,1

...
. . .

...
...

. . .
...

. . .
...

. . .
...

y1,1
1,4 · · · y1,60000

1,4 y2,1
1,4 · · · y2,60000

1,4 · · · y12,1
1,4 · · · y12,60000

1,4
...

. . .
...

...
. . .

...
. . .

...
. . .

...
y1,1

20,4 · · · y1,60000
20,4 y2,1

20,4 · · · y2,60000
20,4 · · · y12,1

20,4 · · · y12,60000
20,4




, (5)



where each element of that matrix

yk, j
i,l , k = 1, . . . ,12, j = 1, . . . ,60000, i = 1, . . . ,20, l = 1, . . . ,4, (6)

comes from the j−th measurement of the k−th sensor of the l−th “unknown” structural state to be diagnosed in
the i−th experiment.

3.3. Mean-centered group scaling (MCGS)
The data in matrix X are normalized by mean-centered group scaling method [19]. The main reasons to normalize
the raw data are two: (i) data come from several sensors and could have different scales; and (ii) to simplify the
computations in the PCA decomposition. MCGS is based on the mean of all experiments of the sensor at the same
column and the standard deviation of all experiments of the sensor. More accurately, it is defined:

µk, j =
1
n

4

∑
l=1

5

∑
i=1

xk, j
i,l , n = 5 rows×4 structural states = 20, k = 1, . . . ,12, j = 1, . . . ,60000, (7)

σ k =

√√√√ 1
n ·60000

4

∑
l=1

5

∑
i=1

60000

∑
j=1

(xk, j
i,l −µk)2, k = 1, . . . ,12, (8)

µk =
1

n ·60000

4

∑
l=1

5

∑
i=1

60000

∑
j=1

xk, j
i,l , k = 1, . . . ,12, (9)

where µk, j is the arithmetic mean of data that are at the same column, that is the arithmetic mean of the n expe-
riments of k−th sensor in j−th measure; and σ k and µk are the standard deviation and the arithmetic mean of all
experiments of sensor k, respectively. Then, the elements xk, j

i,l of matrix X are normalized to define a new matrix

X̆ = XMCGS = (x̆k, j
i,l ) as:

x̆k, j
i,l :=

xk, j
i,l −µk, j

σ k , k = 1, . . . ,12, j = 1, . . . ,60000, i = 1, . . . ,5, l = 1, . . . ,4, (10)

One of the properties of the normalized matrix X̆ is that each column has an arithmetic mean of zero and that all
experiments of sensor k have a standard deviation of one.
Then, the test data are processed in an identical manner as the baseline data. This means that these data are
normalized by MCGS, but respect to data X:

y̆k, j
i,l :=

yk, j
i,l −µk, j

σ k , k = 1, . . . ,12, j = 1, . . . ,60000, i = 1, . . . ,20, l = 1, . . . ,4, (11)

obtaining the matrix Y̆, and where µk, j and σ k are defined in Equations (7) and (8), respectively.

3.4. Principal component analysis (PCA)
In the next step, the normalized baseline data, X̆, are pre-processed using PCA [20] to reduce its dimensionality
before performing t-SNE. The main objective of PCA is to reduce the calculation time in t-SNE. By using PCA
with X̆, PCA model is obtained, that is, the square matrix P ∈M720000×720000(R) used to project the data stored in
X̆ and Y̆ with the corresponding matrix product:

T1 = X̆ ·P ∈M20×720000(R), (12)

T2 = Y̆ ·P ∈M80×720000(R). (13)

3.5. Projected data fusion
The projected data are assembled, that is:

T =

(
T1
T2

)
∈M(20+80)×720000(R), (14)

so T has 100 points in a space of dimension R720000. In this case, a single row of T2 is added each time, i.e., T has
20+1 = 21 points. This new row introduced represents the new datum from the structure to be diagnosed, which
is in an “unknown” state. This means that we try to classify the structural state of a system one at a time.



3.6. t-Distributed stochastic neighbor embedding (t-SNE)
t-SNE is an improved variation of the technique so-called stochastic neighbor embedding (SNE) [9]: t-SNE is
much easier to optimize and produces better visualizations, since it reduces the tendency to crowd points in the
center of the distribution (the so-called crowding problem1). These improvements are due to the fact that the cost
function used by t-SNE differs from the one used by SNE in two aspects: (i) t-SNE uses a symmetrized version of
the SNE cost function with simpler gradients; and (ii) t-SNE uses a t-Student distribution, instead of a Gaussian,
to compute the similarity between two points in the low-dimensional space.
Following with the proposed strategy, t-SNE is executed with the matrix T, obtaining a succession of 21 points in
the plane R2. The result of t-SNE in the final iteration is such that:

S =

(
s1

1,1 · · · s1
5,1 · · · s4

1,1 · · · s4
5,1 s1,1

s1
1,2 · · · s1

5,2 · · · s4
1,2 · · · s4

5,2 s1,2

)ᵀ
, (15)

where the element sl
i, j corresponds to the j−th measurement of l−th structural state of the i−th experiment. The

last element of each row correspond to the “unknown” structural state to be diagnosed. A brief description of key
mathematical and statistical concepts of t-SNE is introduced below.

3.6.1. t-SNE: brief description
Given a collection of high-dimensional data points X = {x1, ...,xn} ⊂ RD, the objective is to find a collection
of low-dimensional map points Y = {y1, ...,yn} ⊂ Rd (typical values for d are 2 or 3), where d � D, such that
the lower dimension preserves, as much as possible, the local structure of the original data X . That is, if two
data points are neighbors, it wants the two corresponding map points also to be neighbors. To this end, t-SNE
first converts the high-dimensional Euclidean distances between data points xi and x j, ‖xi− x j‖, into conditional
probabilities by centering a Gaussian distribution at xi, computing the density of x j under this Gaussian distribution,
and renormalizing:

p j|i =
exp(−‖xi− x j‖2/2σ2

i )

∑k 6=i exp(−‖xi− xk‖2/2σ2
i )

, ∀i∀ j : i 6= j, (16)

where ‖xi− x j‖2/2σ2
i (scaled squared Euclidean distance or “affinity”) is the dissimilarity between data points xi

and x j. The variance of the Gaussian distribution, σ2
i , is calculated automatically (for more details, see the original

t-SNE paper [12]). Since only pairwise similarities between data points are of interest, t-SNE establishes pi|i = 0.
This conditional probability measures the similarity of x j to xi, i.e., the probability that xi would pick x j as its
neighbor. If two data points are near, p j|i will be high. Whereas if two data points are separated, p j|i will be low.
Then, by symmetrizing two conditional probabilities, t-SNE defines the joint probability, that is a symmetrized
version of the conditional similarity because it has the property that pi j = p ji for ∀i, j:

pi j =
p j|i + pi| j

2n
, pii = 0. (17)

The joint probability also measures the pairwise similarity between data points xi and x j. Thus it is obtained
the similarity matrix P for high-dimensional data points. In practice, the use of conditional or joint probabilities
produces similar results, but it is less computationally expensive the optimization of the joint model [12]. The
objective of t-SNE is to model each data point xi by a map point yi such that the pairwise similarities pi j are
modeled as well as possible in the low-dimensional space.
Once obtained the similarity matrix for the data points X , let’s also define the similarity matrix Q for the map
points Y . It is the same idea as for the data points, but with a renormalized t-Student distribution with one degree
of freedom and σ2

i = 1
2 for all i, instead of a Gaussian distribution:

qi j =
(1+‖yi− y j‖2)−1

∑k ∑l 6=k(1+‖yk− yl‖2)−1 , ∀i∀ j : i 6= j, qii = 0, qi j = q ji ∀i, j, (18)

i.e., qi j is the low-dimensional counterpart of pi j and it represents the local structure of the data points in the
low-dimensional space. The heavy tails of the t-Student distribution allow dissimilar data points xi and x j to be
modeled by map points yi and y j that are separated: the probability of being neighbor falls off more slowly and
therefore there is less need to move some points away and crowd remaining points in the center of the distribution
(crowding problem). In other words, t-SNE allows data points that are only slightly similar to be visualized more

1SNE suffers from a crowding problem that is the result of the exponential volume difference between high and low-dimensional spaces
[12].



separated in the low-dimensional space. But the choice of the t-Student distribution for the map points goes further
since it alleviates both the crowding problem and the optimization problems of SNE [12].
Whereas the similarity matrix P is fixed, the similarity matrix Q depends on the map points, and what is wanted is
that these two similarity matrices are closer as possible. This is achieved by minimizing a cost function which is
the Kullback-Leibler (KL) divergence between both joint distributions [9, 10, 12]:

C = KL(P‖Q) = ∑
i

∑
j 6=i

pi j log
pi j

qi j
. (19)

The KL divergence between the joint probability distributions P and Q measures the distance between the two
similarity matrices, and therefore minimizing the KL divergence reduces the error between these matrices. In other
words, the map points of similar data points need to be close together and the map points of dissimilar data points
need to be far in order to minimize the cost function C. Note that (i) KL divergence is nonnegative and 0 iff the
distributions are equal —the similarity between the data points xi and x j is correctly modeled by the map points yi
and y j—, and (ii) C is generally non-convex and different runs might produce different results. To minimize C, it
is perform a gradient descent2 method:

∂C
∂yi

= 4 ∑
j 6=i

(pi j−qi j)(yi− y j)(1+‖yi− y j‖2)−1. (20)

This gradient expresses the sum of all forces applied to map point yi, i.e., the sum of forces pulling map point
yi toward all other map points y j or pushing it away. And the locations of the map points Y are determined by
minimizing C.
Then yi is updated by the next equation:

y(t)i = y(t−1)
i +η

∂C
∂yi

+α(t)(y(t−1)
i − y(t−2)

i ), (21)

where y(t)i is the solution at iteration t, η is the learning rate, and α(t) is the momentum term at iteration t. The
learning rate determines the jump size between each iteration during the optimization of the cost function C. In
Equation (21), a relatively large momentum term is added to accelerate the optimization and to avoid poor local
minimums.
t-SNE Summary:

1. Calculate the similarity matrix for the data points, pi j.
2. Calculate the similarity matrix for the map points, qi j.
3. Define the cost function, C = KL(P‖Q).
4. Minimize C using gradient descent algorithm.
5. Update yi using Equation (21).

3.7. Confusion matrix
The confusion matrices are calculated as of the distances of the points (s1,1,s1,2)⊂ R2, to the centroids associated
with each structural state. The centroid associated with the l−th structural state, l = 1, . . . ,4, is the point of the
plane such that

(cl
x,c

l
y) =

(
1
5

5

∑
i=1

sl
i,1,

1
5

5

∑
i=1

sl
i,2

)
. (22)

To classify this point of the plane, the smallest point-centroid distance is used: the distance of this point (s1,1,s1,2)⊂
R2 is calculated up to each of the centroids defined in Equation (22) and it is classified as structural state m ∈ N if
m is such that

√
(s1,1− cm

x )
2 +(s1,2− cm

y )
2 = min

l=1,...,4

√
(s1,1− cl

x)
2 +(s1,2− cl

y)
2. (23)

4. RESULTS

Tables 4–6 present the classification results per scenario, in the time domain. Remember that of each damage or
structural state there are 100 cases (20 rows of matrix Y× 5 iterations of 5-fold Cross Validation, see Tables 2

2Gradient descent: iterative process to find the minimal of a function



and 3). The results with maximum accuracy in the classification are obtained in scenarios 1 and 3: all cases have
been correctly classified. In scenario 2, the percentage of correct decisions fluctuates between 86% and 91%: it
can be observed that the use of a long cable (2.5 m) from the digitizer to the sensors affects in the detection and
classification method. So that, the results show the high classification accuracy and the solid performance of t-
SNE algorithm. It should be noted that the environmental conditions were not considered, leaving them for future
researches.

Table 4 – Confusion matrix, scenario 1, time domain.

True
Predicted

D0 D1 D2 D3

D0 100 0 0 0
D1 0 100 0 0
D2 0 0 100 0
D3 0 0 0 100

Table 5 – Confusion matrix, scenario 2, time domain.

True
Predicted

D0 D1 D2 D3

D0 86 1 7 6
D1 8 88 4 0
D2 1 8 89 2
D3 3 4 2 91

Table 6 – Confusion matrix, scenario 3, time domain.

True
Predicted

D0 D1 D2 D3

D0 100 0 0 0
D1 0 100 0 0
D2 0 0 100 0
D3 0 0 0 100

5. CONCLUSIONS

In this work, a methodology to detect and classify structural changes has been proposed. Results from an aluminum
plate have shown that this method is very satisfactory, given its high classification accuracy, since the number of
correct decisions fluctuates between 86% and 100%. In addition, it is worth remarking that the t-SNE technique
has been extended and adapted for the first time to the field of structural health monitoring, in the detection and
classification of structural changes, thanks to the developed methodology.
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Abstract

In this paper, we evaluate the performance of the so-called parametric t-distributed stochastic neighbor
embedding (P-t-SNE), comparing it to the performance of the t-SNE —the non-parametric version—. P-t-
SNE is an unsupervised dimensionality reduction technique, that learns a parametric mapping between the
high-dimensional data space and the low-dimensional latent space, preserving the local structure of the data
as well as possible in the latent space. The methodology used in this study is introduced for the purposes
of detection and classification of structural changes in the field of structural health monitoring (SHM). The
method is based on the combination of principal component analysis (PCA) and P-t-SNE, and it is applied
to an experimental case study of an aluminum plate with four piezoelectric transducers (PZTs). The results,
in frequency domain, manifest the strong performance of P-t-SNE, which is comparable to the performance
of t-SNE but outperforming t-SNE in terms of computational cost and runtime.

1 . Introduction

In the real world, data sets usually have a high dimensionality, and to be able to work with them, their di-
mensionality needs to be reduced. Dimensionality reduction is the process of reducing the number of high-
dimensional variables by obtaining a low-dimensional set of variables. This reduced representation must cor-
respond to the intrinsic information of the data. Dimensionality reduction is very important, since it alleviates
undesired properties of high-dimensional spaces, such as the curse of dimensionality. In the literature, vari-
ous dimensionality reduction methods have been proposed: (i) linear methods, such as principal component
analysis (PCA) and linear discriminant analysis (LDA); and (ii) nonlinear methods, such as isometric mapping
(ISOMAP) and the non-parametric version of t-distributed stochastic neighbor embedding (t-SNE) [3].

In general, real world data is likely to be highly nonlinear and, therefore, unsupervised nonlinear dimensionality
reduction techniques are widely used in many applications for pattern recognition or classification, visualiza-
tion, and compression of big data sets. Among this type of techniques, t-SNE is extensively adopted, but this
method is not designed to generate the incorporation of out-of-sample data, that is, the embedding of new data.
To avoid this problem, the method so-called parametric t-SNE (P-t-SNE) [2] is proposed, which employs a
neural network (NN) to learn an explicit parametric mapping function from a high-dimensional data space to a
low-dimensional space, and in this way it can be incorporated out-of-sample data. Another advantage of P-t-
SNE is that it can be applied to large-scale data sets, while t-SNE can only be applied to data sets with a size
not greater to the order of thousands.

To address the above-mentioned problems about t-SNE, in this work, we propose a strategy that combines
PCA and P-t-SNE. This combination is much better than the combination with t-SNE since it produces similar
embedding performance but having a much lower computational cost and runtime, as experimental results on
an aluminum plate instrumented with four piezoelectric transducers (PZTs) show. Therefore, the aims of this
paper are (i) to compare both approaches —P-t-SNE versus t-SNE—; and (ii) to identify the advantages of
the parametric version. To do this, we will use scenarios 1 of the paper [1]. In addition, we will approach the
damage detection and classification problem in the frequency domain, as recommended in the same paper [1].
The final classification of the current state of the structure is based on two different voting systems, the so-called
majority voting and sum of the inverse distances [1].



2 . Experimental set-up

In this work, we consider the same structure and experiment used in the paper [1]. This structure is a square
aluminum plate manufactured to demonstrate the accuracy of the vibration-based method. The dimension of the
plate is 40× 40× 0.2 cm. The plate is instrumented with four PZTs and a mass of 17.2916 grams is introduced
to simulate the damage —in a non-destructive way, producing changes in the propagated wave—. Each of the
PZTs can work exciting the aluminum plate —actuator mode— with a burst signal or detecting a time-varying
mechanical response —sensor mode—. The location of the mass defines each damage, and as a result J = 4
structural states are considered —healthy state and three different types of damage—. The plate is isolated from
the vibration and noise in the laboratory.

MCGS

PCA

data coming from a structure to 
be diagnosed

baseline data

P

P-t-SNE

L time steps

L x K

CLUSTERING

smallest point-centroid distance
majority voting

 sum of the 
inverse distances

n

multiple actuation phases

transformed into 
the frequency domain

…

…

L x K

Figure 1: Flowchart of the proposed procedure. Data coming from a structure are first scaled by MCGS and
then projected into the PCA model. Finally, P-t-SNE is applied to generate the clusters that will be used in the
vibration-based detection and classification of structural changes.

3 . Results

When the method is based on P-t-SNE and the majority voting approach is used, the overall accuracy is very
good. Specifically, 398 observations out of 400 cases have been correctly classified —which corresponds to an
overall accuracy of 99.5%—. When the t-SNE-based method is used, an overall accuracy of 100% is achieved.
A similar performance is obtained using the sum of the inverse distances approach. As it can be seen, both
parametric and non-parametric approaches obtain practically the same results. However, the P-t-SNE based
damage detection and classification dramatically reduces the processing time, it goes from 40 minutes and 15
seconds —t-SNE— to 2 minutes and 34 seconds —P-t-SNE—.
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