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A Probabilistic Multi-class Classifier for Structural Health
Monitoring
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PIMM, UMR CNRS 8006, Arts et Métiers ParisTech (ENSAM)
151, Boulevard de l'Hôpital 75013, Paris, France

Abstract. In this paper, a probabilistic multi-class pattern recognition algorithm is developed for damage
detection, localization, and quantification in smart mechanical structures. As these structures can face damages
of different severities located at various positions, multi-class classifiers are naturally needed in that context.
Furthermore, because of the lack of available data in the damaged state and of environmental effects, the
experimentally obtained damage sensitive features may differ from those learned offline by the classifier. A multiclass
classifier that provides probabilities associated with each damage severity and location instead of a binary decision is
thus greatly desirable in that context. To tackle this issue, we propose an original support vector machine (SVM)
multi-class clustering algorithm that is based on a probabilistic decision tree (PDT) and that produces a posteriori
probabilities associated with damage existence, location, and severity. Furthermore, the PDT is here built by
iteratively subdividing the surface of the structure and thus takes into account the actual structure geometry. The
proposed algorithm is very appealing as it combines both the computational efficiency of tree architectures and the
classification accuracy of SVMs. The effectiveness of this algorithm is illustrated experimentally on a composite
plate instrumented with piezoelectric elements on which damages are simulated using added masses. Damage
sensitive features are computed using an active approach based on the permanent emission of non-resonant Lamb
waves into the structure and on the recognition of amplitude disturbed diffraction patterns. On the basis of these
damage-sensitive features, the proposed multi-class probabilistic classifier generates decisions that are in excellent
agreement with the actual severities and locations of the simulated damages.
Keywords: Structural health monitoring; Support vector machine; Probabilistic decision tree; Pattern
recognition; Wave diffraction patterns; Piezoelectric elements.
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1

Introduction

Structural health monitoring (SHM) is an emerging technology designed to automate the
inspection process undertaken to assess the health condition of structures. In a smart structure,
SHM systems may automatically process data, state regarding structural conditions, and highlight
any need for human intervention [1]. The output of any SHM process should provide information
regarding the type, the location, and the severity of the damage. Thereby, the SHM process is
classically decomposed into four sequential steps: detection, localization, quantification, and
prognosis. SHM involves many disciplinary fields (material science, structural analysis, signal
processing, data mining, fracture mechanics, fatigue life analysis…) and has been the topic of
extensive research efforts over the last thirty years. This technology is now progressing toward
operational service and recent surveys have shown that even reluctant industry areas are now
convinced that SHM is the key technology that will enable the transition from schedule-driven
maintenance to condition-based maintenance [2]. Rresearchers are now exploring ways to adapt
information technologies in order to reduce system monitoring costs while simultaneously
broadening their functional capabilities. In this paper, we address the detection, localization and
quantification steps of the SHM process.
1.1

Damage-sensitive features generated using Amplitude Disturbed Diffraction Pattern

SHM system operational results can be classified into four different sequential levels: detection,
localization, quantification, and prognosis [1]. Several different techniques that depend on the
structure’s material, on the technology used for acting and sensing, on the position, size, and
nature of damage may be employed to perform SHM [3]. They could be sorted in two main
categories: global or local.
Among others global SHM methods, we can highlight vibration based approaches [4, 5]. These
methods are categorized based on the type and nature of measured data. Significant examples
include: model updating [6]; statistical time series and modal analysis [4]. In those approaches we
seek to track changes in global structural parameters (mass, stiffness, flexibility, damping) and
modal parameters (modal frequencies, associated damping values and mode shapes) by analyzing
changes induced in the global dynamic behavior of a structure. Experimental identification of
these dynamic properties indeed gives insight on the structural damage conditions, see [7, 8, 9] and
references therein. Multivariate techniques have been also used in global vibration-based SHM:
examples are the PCA (Principal Components Analysis) [10] and ICA [11]. In the case of nonlinear
damage, specific vibration-based approaches have also been developed recently by the authors
using cascade Hammerstein models [12]. An extensive overview of nonlinear global vibrationbased SHM methods can be found in [13].
For local inspection, we can employ electro-mechanical impedance or displacement/strain as
features indicating the presence of damage [3]. As these methods are local, their sensibility is
strongly linked to the position of the sensors. In that category, we can also highlight acoustic
emission or high frequency wave-based approaches that have the advantage to be sensitive to very
small damages and offer the capability of propagation over a significant distance [14]. Evaluation
of wave propagation on solids is one of the most successful techniques for damage monitoring
[15]. One piezoelectric actuator emits periodic burst pulses exciting Lamb waves in the structure
under inspection, and a set of sensors records signals, representing the respective structural
responses. These signals are processed in order to extract damage related information such as

location, size, orientation, type among others [14]. One of the outstanding advantages of using
Lamb waves for SHM is that such waves can travel over relatively long distance and can be used
to monitor various types of damage (as delamination, disbonds, fiber breaking, impact,...) [16].
To construct measurements that are sensitive to the damage, we use in this work an active SHM
approach based upon a correlation technique that relies on wave diffraction patterns recognition.
Damage-sensitive features are generated thanks to the Amplitude Disturbed Diffraction Pattern
(ADDP) phenomenon observed using permanent emission of selected non-resonant Lamb waves
in the structure. ADDP assesses the disturbances that damage brings to the acoustic wave
propagation in the structure. These disturbances depend upon the damage severity and position as
well as on the frequency of the exciting signal. With an appropriate calibration procedure, it is thus
possible to detect, localize, and quantify the damage using ADDP. This process has already been
successfully used as a multi-touch sensing approach to tactile sensing [17]. The formulation of this
process as a damage location one has been presented in [18]. In this paper, the ADDP process will
be used to generate the damage-sensitive features that will allow detecting, localizing, and
quantifying the damage.
1.2

The need for a probabilistic multiclass classification tool in SHM

The extraction of damage-sensitive features from measurements is a process that is most
powerful when it is followed by pattern recognition [19]. Indeed, in a statistical pattern recognition
paradigm for SHM, it is usually rather difficult to obtain data from damaged structures because of
cost and of practical constraints. However, when such data are available, a whole new range of
algorithms can be used [19] and the problem of damage detection, localization, and quantification
can be cast as one of classification [20, 21] .
As the structures under study can face damages of different severities located at various
positions, multi-class classifiers are naturally needed. Furthermore, because of the lack of available
data in the damaged state and of the environmental effects, the experimentally obtained damagesensitive features may differ from those learned offline by the multi-class classifier. A multiclass
classifier that provides probabilities associated with damage existence and with each damage
location and severity instead of a binary decision is thus greatly desirable for SHM. With such a
classifier, damage locations can for example be ranked from the most probable to the least one,
thus providing helpful guidance for the inspection task. Indeed, the reliability assessment of SHM
systems is the key issue in ensuring their successful implementation. For example in aerospace
maintenance procedure minimizing structural teardown to access regions to be monitored is one of
the claimed benefits in using SHM rather than classical nondestructive evaluation (NDE) systems.
Moreover, given that the diagnosis (class assignment) will be made on the basis of measured data,
it is important that the chosen pattern recognition algorithm is able to accommodate a degree of
imprecision commensurate with expected levels of measurement error and noise. This requires that
the damage detection, localization and quantification SHM outputs' have to be assorted with a
probability. This probability is then considered as a level of the trust in the SHM systems results.
In this work, where a statistical pattern recognition paradigm for SHM is considered, we propose
to provide a metric helping the condition-based maintenance decisions for in-service structures.
This is possible by capturing during the training phase a part of the effect of environmental
variability. This will represent the probability of how likely are SHM system outputs. Moreover, to
ease the practical implementation, by simply thresholding these a posteriori probabilities at each
node, the soft-decision approach can be converted to the conventional hard-decision approach.

1.3

Towards probabilistic binary decision trees

Formally, we seek for an algorithm able to solve a multi-class data classification problem in a
manner that produces confidence probabilities associated with each class. This algorithm should
also ideally take into account some a-priori knowledge related to the structure (geometry,
material…) in order to speed up the diagnostic. Moreover, in this work, we propose to use predefined class hierarchy. That means that the internal (non-leaf) nodes of the structured tree are
chosen based on data where we built the hierarchy during training and then classify new samples
by using the hierarchical tree.
Generally speaking, there exist two main types of classifiers: hard and soft [22]. Hard classifiers,
such as support vector machine (SVM) [23] , build a frontier between classes. They only label new
unknown points with the class associated to the side of the frontier in which they fall, without
giving any idea of the certitude of the decision or the degree of membership to that class. These
classifiers are very appealing, because in general they tend to give very accurate predictions. The
formulation of bi-class SVMs finds the hyperplane that separates the two classes by ensuring the
largest margin with respect to each of the class. Extending this formulation directly to more than
two classes is generally avoided due to the complex optimization equation that it leads to. Instead,
the multi-class SVM problem is often dealt with by using an ensemble of two-class SVMs. Various
strategies exists to achieve such combinations, the most popular ones being "one-against-one" [24,
25], "one-against-all" [23, 26] and Error-correcting output codes (ECOC) [27]. A less known
approach consists in dividing the problem in a hierarchical way where classes which are more
similar to one another are grouped together into mata-classes, resulting in a Binary Hierarchical
Classifier [28, 29]. Regarding hierarchical classification [30] where classes are organized in tree or
a DAG-like structures (Directed Acrylic Graph), the damage localization classification problem
can be naturally cast as a hierarchical classification problem where the classes to be predicted are
organized into meta-classes (for example subdividing geometric zones to be monitored) hierarchy
as a tree.
Considering a local classifier per node approach [30], Madzarov [31] has come up with a simple
and intuitive method based on building a binary SVM decision tree. Actually, a class binarization
is the mapping of a multiclass problem into several two-class problems in a way that allows the
derivation of a prediction for the multiclass problem from the predictions of the two-class
classifiers. By selecting specific features, such as the distance between gravity centers of the
different classes, an automatic graph is generated where at each node a bi-class SVM is trained
[31].. However, such multi-class hard classifiers only provide one predicted class without any
associated score indicating the confidence of the classification. On the opposite, soft classifiers
like Logistic Regression (LR) [32] are able to build probability estimations for the belonging of an
incoming example to all the classes, and then with this information they choose the most likely
class. However, their classification performances are in general poorer than the hard classifiers
ones. We are thus interested, in a multi-class context, by the probabilities estimation offered by
soft classifiers while keeping the hard classifiers proved performances [33]. Standard SVMs do not
provide such probabilities, but solutions to this issue were proposed. In a bi-class context, Platt [28]
proposed a method to compute the probabilities 𝑝(𝑐𝑙𝑎𝑠𝑠|𝑖𝑛𝑝𝑢𝑡) from SVM outputs. The
approach consists in training the parameters of a sigmoid function to map the SVM outputs into
probabilities. The underlying idea of this so-called Probabilistic SVM classifier (PSVM) is that
when the distance from an example to the frontier is large, the example will very likely belong to
that class. However all these works were developed for the bi-class problem only. By adapting

Platt’s method to a multi-class context by means of a binary decision tree, it is thus in principle
possible to extract probabilities from SVMs outputs while keeping the demonstrated performances
of hard classifiers.
This approach has been developed previously by the authors and successfully applied to
automotive repairing backdrop [34]. Using damage-sensitive features generated through ADDP,
this approach is extended here to detect, localize and quantify damages. Moreover, by assuming
that the structure has an Euclidean geometry and topology (which is not restrictive as the structure
can be subdivided in areas that satisfied this property), we propose to construct the decision tree by
iteratively partitioning the structure along affine hyperplanes. By doing so, each leaf of the tree,
represent, a geometric zone of the structure. This leads to a new algorithm: SVM geometric
probabilistic decision tree (SVM-GPDT), where a multi-class probabilistic classifier is then built
on the basis of this decision tree. Therefore, using this topological a priori knowledge, the SVMGPDT will provide fast classification (logarithmic complexity) along with associated posterior
probabilities 𝑝(𝑐𝑙𝑎𝑠𝑠|𝑖𝑛𝑝𝑢𝑡). In a SHM context, this approach is very appealing because due to
restrictions upon actually damaging structures, few data are usually available to train the classifier,
and few data are needed to train this one. Furthermore, it is sufficient in several applications to
only locate the most likely damaged area. For example, in aeronautical structures, it is satisfactory
to give the damaged panel and an estimate of damage severity and then to use precise
nondestructive testing and evaluation procedures. This algorithm thus offers an original and
practical way to generate probability information related to the presence and severity of damage in
each structural zone to be monitored.
The paper is organized as follows: Section 2 describes the original SVM based multi-class
classification approach proposed here, including the geometric approach used to generate the
damage decision tree. Section 3 validates the proposed approach for damage detection, localization,
and quantification experimentally. Concluding remarks and future perspectives are drawn in the
last sections.
2
2.1

A probabilistic multi-class classification algorithm
Optimized soft margins Support Vector Machines with Gaussian kernels

Classic support vector machines (SVMs) have proved to be very effective classification methods
[35]. They are binary linear classification techniques which search for the hyperplane (in the
hyperspace of attributes) that separates two classes in a training set. This hyperplane is found by
maximizing the so-called margin, which is the distance from the hyperplane to the closest points,
denoted support vectors. A common variant of classic SVM, is called soft margin and it consists of
admitting some misclassified points in the training set to prevent the over fitting problem.
However, we want to avoid too many points being misclassified. Thus we impose a penalty 𝐶
that will penalize every misclassified example. 𝐶 can take values in the range 0 < 𝐶 ≤ ∞. A high
value of 𝐶, means a strict classifier that doesn’t admit many misclassified points. On the opposite,
a small 𝐶 means a very flexible classifier.
Formally, we have a training set {(𝒙𝟏 , 𝒚𝟏 ), … , (𝒙𝒏 , 𝒚𝒏 )}, where every point 𝒙𝒊 = (𝒙𝒊𝟏 , … , 𝒙𝒊𝒎 )
has 𝑚 attributes and one of the two possible labels 𝒚𝒊 = {−1 ,1}. A soft margin SVM classifier
will label a new unknown point 𝒙𝒕 according to the decision function:

𝑦(𝐱𝑡 ) = 𝑠𝑔𝑛((𝒘. 𝒙𝑡 ) + 𝑤0 )

(1)

where 𝒘 and 𝑤0 are the hyperplane parameters to find on the basis of a training set.
In SVM, kernels can be used to project the data into a virtual space where it might be easier to
separate them [23]. The main advantage of kernel functions is that the only operation needed to be
defined in the new virtual space is the inner product 𝜅(𝒙𝑖 , 𝒙𝑗 ) = ⟨𝒙𝑖 , 𝒙𝑗 ⟩ . Applying a kernel
function together with the soft margin, a soft margin SVM classifier will label a new unknown
point 𝒙𝒕 according to the new decision function [36]:
𝑦(𝐱𝑡 ) = 𝑠𝑔𝑛(𝑓(𝒙𝒕 ))

where 𝑓(𝒙) is defined as:

(2)

𝑚

𝑓(𝒙) = ∑ 𝛼𝑖 𝑢𝑖 𝜅(𝒙𝑖 , 𝒙) + 𝑤0

(3)

𝑖=1

The values of 𝛼i and 𝑢𝑖 are found by solving the following constrained optimization problem on
the basis of the training examples:

max [∑
𝛼𝑖

1 𝑚
𝛼𝑖 − ∑
𝛼 𝛼 𝑢 𝑢 𝜅(𝒙𝒊 , 𝒙𝒋 ) ]
2 𝑖,𝑗=1 𝑖 𝑗 𝑖 𝑗
𝑖=1
𝑚

0 ≤ 𝛼𝑖 ≤ 𝐶, 𝑖 = 1, … , 𝑚
{

∑

𝑚

(4)

𝛼𝑖 𝑢𝑖 = 0

𝑖=1

In the case of Gaussian kernel the only tuning parameter is 𝜎 2 . A small value of 𝜎 2 will lead
to curved hyperplanes and a high value will constrain the hyperplanes to be straighter. In [37] it is
shown that for some combinations of the hyperparameters (𝐶, 𝜎 2 ), the Gaussian kernel tends
towards the linear kernel, which makes the Gaussian kernel the most general method and one that
would work for a large range of datasets. The hyper parameters (𝐶, 𝜎 2 ) have to be optimized for
every classification problem. In this work we used Lin's approach to optimize the choice of the
coefficients (𝐶, 𝜎 2 ) [37].
2.2

Probabilistic Support Vector Machines (PSVM)

As stated before, SVM produce a value that is not a probability. Indeed, SVM only give a class
prediction output that will be either +1 or −1. In order to extract the associated probabilities
from SVM outputs, several approaches have been proposed [23, 28]. We will focus on Platt’s
approach [28] who proposed a technique that has been largely used in the literature. He builds a
sigmoid function between the outputs 𝑓(𝒙) of the SVM and the probability of membership
𝑝(𝑦 = 𝑖|𝒙) to a class 𝑖, given the attributes of 𝒙. A simple bi-class example is shown in Fig. 1.
The sigmoid will have the following parametric expression:
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2.3

From bi-class to multi-class problems

SVM were originally designed for bi-class classification problems and the passage to multi-class
problems is still an on-going research area [39, 40, 41, 42]. There are two major approaches to
solve this type of problems. The first and intuitive one named "All-together", consists in
formulating a cost function with 𝑄 (the number of classes in our problem) hyperplanes [43, 44]:
𝑄

𝑙

1
min ∑ (𝒘𝒎 . 𝒘𝒎 ) + 𝐶 ∑ ∑ 𝜉𝑖𝑚
𝒘,𝜉 2
𝑚=1

𝑖=1 𝑚≠𝑦𝑖

(8)

(𝒘𝒚𝒊 . 𝒙𝒊 ) + 𝑏𝑦𝑖 ≥ (𝒘𝒎 . 𝒙𝒊 ) + 𝑏𝑚 + 2 − 𝜉𝑖𝑚
{𝜉𝑖𝑚 ≥ 0, 𝑖 = 1, … , 𝑙 𝑚 ∈ {1, … , 𝑄} ∖ 𝑦𝑖
This optimization problem, with so many variables, is in general difficult to solve [39, 44].
Therefore, an alternate approach consists in dividing the multi-class problem in several binary subproblems. There are numerous methods that perform this subdivision. The most popular are One
against one [24, 25, 45], One against all [23, 26], and Error-correcting output codes (ECOC) [27,
46].
Yet another approach for tackling the multiclass classification problem utilizes a hierarchical
division of the output space i.e. the classes are arranged into a hierarchical structure: Directed
Acyclic Graph (DAG) [33], or Binary decision Trees (BDT) [31]. In the tree structure, The tree is
created such that the classes at each parent node are divided into a number of clusters, one for each
child node. The process continues until the leaf nodes contain only a single class. For sake of
shortness, we will only focus on the BDT method, because it is the one we will use in the sequel. It
is important to note that the BDT processing time is smaller than the other methods because the
depth of the decision tree is of order log 2 ( 𝑄) since at every level the tree eliminates
approximately half of the remaining classes.
In [31], it is proposed to build a binary decision tree in which at every node the remaining
classes are separated in two subgroups 𝑔1 and 𝑔2 . A SVM classifier decides to which subgroup
the new point belongs to, and hence in which direction to move. In order to build the tree (the first
step in the classification procedure) a clustering algorithm divides all the 𝑄 classes into subgroups 𝑔1 and 𝑔2 . The algorithm calculates the gravity centers of all classes. The two classes with
the biggest Euclidean distance from each other are assigned to each of the sub-groups. Then the
algorithm checks the closest class to one of the sub-groups, this class is assigned to that sub-group,
their gravity center is recalculated with the new points that have just been added. This is repeated
until all classes have been assigned to one of the groups. For each sub-group the clustering
algorithm is repeated until there is no more than one class per sub-group.
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 $JHRPHWU\EDVHGSUREDELOLVWLFGHFLVLRQWUHHV *3'7 
7KHSUREDELOLVWLFGHFLVLRQWUHHGHVFULEHGSUHYLRXVO\FDQEHEXLOWXVLQJ PDQ\GLIIHUHQWFULWHULD
>@)RUH[DPSOHXVLQJWKH(XFOLGLDQGLVWDQFHEHWZHHQWKHJUDYLW\FHQWHUVWKHPDUJLQREWDLQHGE\
SDLUZLVH 690 RU VRPH SK\VLFDO RU IXQFWLRQDOLWLHV FULWHULD PHFKDQLFDO JHRPHWULFDO HWF  7KLV
GHJUHHRIIUHHGRPFRXOGEHYHU\KHOSIXOEHFDXVHLQWKLVZD\ZHFDQLQWURGXFHNQRZOHGJHRQWKH
V\VWHP WKDW PLJKW KHOS WKH FODVVLILFDWLRQ WDVN ,Q WKH FDVH RI GDPDJH ORFDWLRQ DQG GXH WR
UHVWULFWLRQVXSRQDFWXDOO\GDPDJLQJVWUXFWXUHVLWLVVXIILFLHQWLQVHYHUDODSSOLFDWLRQVRQO\WRORFDWH
WKHPRVWOLNHO\GDPDJHGDUHDLQVWHDGRIKDYLQJWKHH[DFWGDPDJHORFDWLRQ:HWKXVSURSRVHKHUHWR
EXLOG WKH SUREDELOLVWLF GHFLVLRQ WUHH E\ SDUWLWLRQLQJ WKH VWUXFWXUH LQ VXESDUWV DQG WR JHQHUDWH
GHFLVLRQVDVVRFLDWHGZLWKHDFKRIWKHVHJHRPHWULFDOVXESDUWV



/HW¶V FRQVLGHU WKDW WKH VWUXFWXUH KDV D JHRPHWULFDO WRSRORJ\ WKDW FDQ EH SDUWLWLRQHG LWHUDWLYHO\
DORQJDIILQHK\SHUSODQHV7KHQRQHFDQFRQVWUDLQWKHGHFLVLRQWUHHWRJHQHUDWHGHFLVLRQERXQGDULHV
IROORZLQJWKHVHVSHFLILFD[HV7KHPHWKRGWKDWZHSURSRVHLVEDVHGRQDUHFXUVLYHGLYLVLRQDWHDFK
QRGHRIWKHGHFLVLRQWUHHRIWKHXSVWUHDPFODVVHVLQWZRGLVMRLQWJURXSVZLWKUHVSHFWWRWKHLUVSDWLDO
ORFDWLRQ7KHVWUXFWXUHZLOOWKXVEHVXEGLYLGHGLQWRVPDOOJHRPHWULF]RQHVWREHPRQLWRUHGDQGWKH
JURXSVDUHVLPSO\GHWHUPLQHGDFFRUGLQJWRWKHLU ]RQHPHPEHUVKLSZLWKUHVSHFWWRWKHV\PPHWU\
D[LV7KLVJHRPHWULFWUHHZLOOIXUWKHUPRUH IDFLOLWDWHWKHWUDLQLQJ VWHSE\JLYLQJ DQDXWRPDWLFDQG
V\VWHPDWLF SURFHGXUH WR SHUIRUP LW ,Q VXPPDU\ WKH GHFLVLRQ WUHH LV GHGXFHG KHUH IURP WKH
VSHFLILFDWLRQVRIWKHJHRPHWULFERXQGDULHVRIWKHVWUXFWXUHVDQGHDFKRILWVOHDYHVZLOOUHSUHVHQWD
VXESDUWRIWKHVWUXFWXUH
 ,OOXVWUDWLRQRIWKH690*3'7DOJRULWKP
7KH ZKROH 690*3'7 DOJRULWKP LV LOOXVWUDWHG ZLWKLQ D VLPSOH H[DPSOH /HW¶V FRQVLGHU D
UHFWDQJXODUVWUXFWXUHWKDWLVGLYLGHGLQ ͺ VXE]RQHVWREHPRQLWRUHG )LJ D ,QDGGLWLRQWRWKH
ORFDOL]DWLRQVWHSZHDOVRDGG DGHWHFWLRQVWHSEXWQRTXDQWLILFDWLRQVWHSLQWKLVJHRPHWULFEDVHG
SUREDELOLVWLF GHFLVLRQ WUHH 6XSSRVH WKDW D GDWDEDVH FRQWDLQLQJ H[DPSOHV IRU HDFK ]RQH LQ WKH
GDPDJHG DQG XQGDPDJHG VWDWHV KDV EHHQ FRQVWUXFWHG ͻ FODVVHV DUH FRQVLGHUHG WKH ͺ ]RQHV LQ
SUHVHQFHRIDGDPDJH FODVVHV ͳ WR ͺ DQGWKHXQGDPDJHGFODVVZLWKKHDOWK\H[DPSOHVRIDOOWKH
]RQHV FODVV Ͳ  7KH ILUVW VWHS RI WKH WUHH LV WKH GHWHFWLRQ VWHS ZKHUH WKH FODVVLILHU LV WUDLQHG WR
JHQHUDWH DGHFLVLRQZLWKUHVSHFWWRWKHSUHVHQFH RUQRW RIGDPDJH ,I DGDPDJHLVGHWHFWHGWKHQ
GHFLVLRQV DUH WDNHQ UHFXUVLYHO\ E\ IROORZLQJ WKH V\PPHWU\ D[HV RI WKH VWUXFWXUHV WR ORFDOL]H LW
8SVWUHDPFODVVHVDUHGLYLGHGLQWZRJURXSVE\FOXVWHULQJV\PPHWULFDO]RQHVDVVKRZQLQ)LJ D 
7KHORJLFDODQGJHRPHWULFGHSLFWLRQRIWKLVWUHHLVLOOXVWUDWHGLQ)LJ E $VZHDUHGHDOLQJZLWK
3690FODVVLILHUWKHSRVWHULRUSUREDELOLW\RIDGDPDJHWREHORQJWRHDFK]RQHLVDOVRDYDLODEOHDW
WKHHQGRIWKHSURFHVV VHH)LJ H DQG)LJ G 




)LJ690*3'7H[DPSOH ሺࢇሻ UHFWDQJXODUVWUXFWXUHZLWK]RQHVDQGWKHLUDVVRFLDWHGD[HVRI
V\PPHWU\ ሺ࢈ሻ *3'7FRQVWUXFWLRQ ሺࢉሻVSDWLDOGDPDJHSUREDELOLW\GLVWULEXWLRQIRU]RQH





'DPDJHGHWHFWLRQORFDOL]DWLRQDQGTXDQWLILFDWLRQRQDQDFWLYHFRPSRVLWH
SODWH

 ([SHULPHQWDOVHWXS 
7KHSURSRVHGGDPDJHGHWHFWLRQORFDOL]DWLRQDQGTXDQWLILFDWLRQPHWKRGLVDSSOLHGWRDIUHHIUHH
FRPSRVLWH SODWHሺ͵ͲͲ ൈ ͶͲͲ ൈ ʹǤͶ݉݉  ZLWK WKUHH FLUFXODU SLH]RHOHFWULF EX]]HUV RI GLDPHWHU
ʹͲ݉݉ ERQGHG RQ LWV VXUIDFH )LJ   7KHVH DFWLYH HOHPHQWV FDQ ZRUN HLWKHU DV DFWXDWRUV RU
VHQVRUV >@ 7KH VWUXFWXUH LV PDGH XS RI  OD\HUV FDUERQ HSR[\ PDWHULDO DOO RULHQWHG DORQJ WKH
OHQJWKRIWKHSODWH LHDW Ͳι 7KHPHFKDQLFDOSURSHUWLHVRIWKHFRPSRVLWHPDWHULDODUH JLYHQLQ
7DEOH 
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7DEOH0HFKDQLFDO SURSHUWLHV RI WKH FRPSRVLWH PDWHULDO

)LJ  7KH VPDUW VWUXFWXUH DQG WKH WHVW EHQFK



7KH H[SHULPHQWDO VHWXS DQG WKH DFWXDO VPDUW SODWH DUH SUHVHQWHG LQ )LJ  7KH SLH]RHOHFWULF
HOHPHQWVDUHDUELWUDULO\SRVLWLRQHG )LJ EXWFDUHLVWDNHQWRDYRLGSXWWLQJWKHPRQWKHD[LVRI
V\PPHWU\ZKLFKPD\LQWURGXFHFRQIXVLRQVLQWKHORFDOL]DWLRQSURFHVV)RUWKHSUHVHQWDSSOLFDWLRQ
RQO\RQHHPLWWHULVXVHG 
$VZHFDQQRWLPSRVHUHDOGDPDJHLQDUHYHUVLEOHPDQQHUZHKDYHH[SHULPHQWDOO\VLPXODWHGLWV
HIIHFW ,Q WKLV ZRUN ORFDO PDVVHV ZHUH DGGHG RQ SUHGHILQHG DUHD RI WKH VWUXFWXUH DV D PHDQ RI
VLPXODWLQJGDPDJH7KHMXVWLILFDWLRQEHKLQGWKDWDSSURDFKZDVWKDWORFDOVWLIIQHVVUHGXFWLRQVZLOO
UHGXFH WKH QDWXUDO IUHTXHQFLHV DQG DQ DOWHUQDWLYH ZD\ RI UHGXFLQJ WKH IUHTXHQFLHV PLJKW EH WR
ORFDOO\ LQFUHDVH PDVV 7KHUHIRUH WR VLPXODWH GDPDJH DW GLIIHUHQW ORFDWLRQV DQG ZLWK GLIIHUHQW
VHYHULWLHV ܵଵ ܵଶ WKHSODWHZDVGLYLGHGLQWRGDPDJHG]RQHV )LJ DQGWZRFDOLEUDWHGPDVVHV
ܵଵ ǣ݉ଵ ൌ ʹͲ݃ܵଶ ǣ݉ଶ ൌ ͳͲ݃ሻ KDYHEHHQSRVLWLRQHGRQHDFK]RQH$VHDFKGDPDJHVFHQDULR
LV UHYHUVLEOH WKLV DOVR DOORZV PRQLWRULQJ WKH UHSHDWDELOLW\ RI WKH PHDVXUHPHQWV 7KH QXPEHU RI
GDPDJHG]RQHVKDVEHHQILUVWIL[HGWR]RQHV7KHQWRWHVWWKHVSDWLDOVHOHFWLYLW\RIWKHDSSURDFK
ZHKDYHLQFUHDVHGWKHQXPEHURIPRQLWRUHG]RQHVWR ͵ʹ )LJ 



 )HDWXUHVH[WUDFWLRQ 
7R H[WUDFW GDPDJHVHQVLWLYH IHDWXUHV ZH XVH DQ DFWLYH 6+0 DSSURDFK EDVHG RQ D FRUUHODWLRQ
WHFKQLTXH WKDW UHOLHV RQ ZDYH GLIIUDFWLRQ SDWWHUQ UHFRJQLWLRQ 7KLV DSSURDFK GHYHORSHG E\ WKH
DXWKRUVIRUWDFWLOHVHQVLQJSXUSRVHV>@LVGLYHUWHGKHUHWREHXVHGWRJHQHUDWHGDPDJHVHQVLWLYH
IHDWXUHV




)LJ  7KH SUHGHILQHG GDPDJH ]RQHV ሺࢇሻ  GDPDJHG ]RQHV DQG ሺ࢈ሻ  GDPDJHG ]RQHV ZLWK WZR
OHYHOV RI VHYHULW\



)LJ  ሺࢇሻ ([FLWDWLRQ VLJQDO ሺ࢈ሻ 7LPH UHVSRQVH F  ))7 UHVSRQVH



The strategy retained here consists in monitoring the acoustic wave propagation (or the energy
carried out by the Lamb wave) that can be affected by impact damages. Considering that the
energy propagation is disturbed by the presence of damage, the diffraction signal can then provide
the information needed to locate and quantify it. Following this observation, we use an active
damage monitoring process based on the Amplitude Disturbed Diffraction Pattern (ADDP)
phenomenon observed using the permanent emission of selected non-resonant Lamb waves (>
20). Lamb waves at different frequencies have different propagating velocities and ratios between
the normal and the shear components. Therefore, they provide distinct diffraction behaviors when
damage occurs on the plate. With an appropriate analysis and calibration procedure, we are able to
locate the damage position and to quantify it.
For our application, an excitation signal composed of 31 frequency components distributed from
20 kHz to 100 kHz has been constructed with a sampling frequency of 2 MHz and duration of
1 ms as depicted in Fig. 6. The number of the chosen frequencies is a tuning parameter selected to
discriminate between features at numerous predefined damage positions. The reliability of this
process depends highly on this choice. Following the approach developed in [48], we use the
contrast value of the ADDP image as a criterion to validate a particular frequency excitation. In the
sequel, we propose to use as damage features, the FFT (Fast Fourier Transform) of the signal
received by each sensor 𝑅1 and 𝑅2.
Given that each sensor perceives different parts of the information, we have concatenated the
signals coming from both sensors, obtaining a vector containing 400 attributes.
𝑥𝑖 = [ 𝑓1 (𝑅1 ), 𝑓2 (𝑅1 ), … , 𝑓200 (𝑅1 ), 𝑓1 (𝑅2 ), … , 𝑓200 (𝑅2 )] 𝑖 = {1, … , 𝑛}
In terms of SVM (see Section. 2.1), the labels 𝑦𝑗 associated with the examples 𝑥𝑖 will be the 𝑄
zones in which the plate is divided (𝑄 = 16 or 32), as shown in Fig. 5.
3.3

SHM framework and SVM-GPDT classification architecture

The damage detection, localization and quantification algorithm proposed here is a sequential
process that can be described by three main steps: calibration, learning and identification (Fig. 7).
In the proposed framework, the first step consists in training the system. Then, when damage is
detected, we first quantify its severity and then locate it. The general architecture of the classifier
is illustrated in Fig. 8.

Fig. 7: The SHM classification based framework



7KHGHWHFWLRQWHVWLVDVLPSOHSUREDELOLVWLF690ZKHUHZHKDYHWRFKRRVHEHWZHHQWZRFODVVHV
GDPDJHG DQG XQGDPDJHG $V WKH QXPEHU RI VHYHULW\ FODVVHV DUH VPDOOHU WKDQ WKH QXPEHU RI
GDPDJHG ORFDWLRQ KHUH RQO\ ʹ FODVVHV  ZH KDYH GHFLGHG WR SHUIRUP DQ 6903'7 WR VHOHFW
ZKLFK VHYHULW\ FODVV ZH DUH FRQFHUQHG ZLWK DQG WKHQ WR ORFDWH WKH GDPDJH .QRZLQJ WKDW 690
SHUIRUPDQFHV DUH KHDYLO\ GHSHQGHQW RQ WKH K\SHUSDUDPHWHUV ሺܥǡ ߪ ଶ ሻ  EHLQJ XVHG LW LV
UHFRPPHQGHG WR SHUIRUP D PRGHO VHOHFWLRQ SURFHGXUH RQ HDFK GDWDEDVH WR EH OHDUQHG VHYHULW\
ORFDWLRQ  7KLV KDV EHHQ GRQH DFFRUGLQJ WR /LQ¶V DOJRULWKP >@ GHVLJQHG WR FKRRVH WKH RSWLPDO
K\SHUSDUDPHWHUV7KHSURFHGXUHIRUWUDLQLQJLVGHVFULEHGLQ)LJ E  


)LJ  *HQHUDO $UFKLWHFWXUH ሺࢇሻ 6HYHULW\]RQHFODVVLILFDWLRQ ሺ࢈ሻ $GDSWDWLRQVWUDWHJ\



 3UREDELOLVWLFGDPDJHORFDOL]DWLRQ
7RDVVHVVWKHSHUIRUPDQFHVRIWKHSURSRVHGJHRPHWULFFODVVLILFDWLRQDSSURDFKZHKDYHDSSOLHGLW
ILUVWWRORFDWHGDPDJHVRQWKHSODWHSDUWLWLRQHGLQWR]RQHV7KHLGHDLQWKLVVXEVHFWLRQLVWRVKRZ
KRZWKHSRVWHULRUSUREDELOLW\RIDGDPDJHORFDWLRQLVFRQVWUXFWHG,QWKHVHWHVWVRQO\RQHW\SHRI
GDPDJH ݉ଵ ൌ ʹͲ KDVEHHQFRQVLGHUHG7KHGDWDEDVHLVFRPSRVHGRIQRUPDOL]HGPHDVXUHV
PDGHRQWKHSODWH  UHSHWLWLRQVIRUHDFKSRVLWLRQ ݊ ൌ  ,Q)LJ D DQH[DPSOHRIGDPDJHG
IHDWXUHV IURP ]RQH  DQG   XVHG WR WUDLQ WKH FODVVLILHU LV VKRZQ 2QH FDQ QRWLFH IURP WKHVH
VLJQDOVWKDWWKHGLIIHUHQFHLVQRWREYLRXVDQGWKXVWKDWLWLVKDUGWRGLVWLQJXLVKEHWZHHQWKHP





)LJ  'DPDJH ORFDOL]DWLRQ LQ ]RQH  ሺࢇሻ GDPDJH IHDWXUHV ሺ࢈ሻ VSDWLDO SUREDELOLW\ GLVWULEXWLRQ


7KH 6903'7 FODVVLILHU KDV EHHQ WUDLQHG XVLQJ D NIROG &URVV9DOLGDWLRQ PHWKRG >@ ZLWK
݇ ൌ Ͷ 6RWKHFODVVLILHU LVWUDLQHG ͶWLPHV XVLQJ ͷΨ RI WKH GDWD WR WUDLQWKH FODVVLILHU DQG WKH
UHPDLQLQJ ʹͷΨ RI WKH SRLQWV IRU WHVWLQJ 2QFH WUDLQHG WKH SUREDELOLW\ DVVRFLDWHG ZLWK HDFK
GDPDJH SRVLWLRQ FDQ EH VKRZQ RQ D ILJXUH ZLWK D FRORU DPSOLWXGH VFDOH 7KH DOJRULWKP KDG D
SHUIRUPDQFH RI ͺͺΨ RI H[DPSOHV ZHOO FODVVLILHG LH ZHOO ORFDOL]HG KHUH  XVLQJ D *DXVVLDQ
NHUQHO DQG WKH RSWLPDO K\SHUSDUDPHWHUV IRXQG DIWHU WKH RSWLPL]DWLRQ PHFKDQLVP ZKLFK DUH
 ܥൌ ͳͲ  DQG ߪ ൌ ͳͲଷ  


)LJ  *3'7 GHFLVLRQ ERXQGDULHV IRU GDPDJH ORFDWH LQ ]RQH 



$VSUHVHQWHGLQ6HFWLRQDJHRPHWULFDSSURDFKEDVHGRQWKHUHFXUVLYHJHQHUDWLRQRIGHFLVLRQ
ERXQGDULHV IROORZLQJ V\PPHWULHV DORQJ DIILQH K\SHUSODQHV LV XVHG WR JHQHUDWH WKH *3'7 $V
UHVXOWVZHGHSLFWLQ)LJ E WKHGDPDJHSRVWHULRUVSDWLDOGLVWULEXWLRQSURYLGHGE\RXUDOJRULWKP
)RUWKLVGDPDJHORFDWLRQWHVWVQDSVKRWVDWGLIIHUHQWQRGHVRIWKHWUHHDUHLOOXVWUDWHGLQ)LJ7KH
XSVWUHDP FODVVHV DUH GLYLGHG LQ WZR JURXSV E\ FOXVWHULQJ V\PPHWULFDO ]RQHV ,I ZH DQDO\]H WKH
GHFLVLRQERXQGDULHVJHQHUDWHGWRORFDWHWKHGDPDJHLQ]RQHRQHFDQVHHIURP )LJWKDWWKH
V\PPHWU\ D[HV DUH DOWHUQDWLYHO\ FKRVHQ DORQJ ܻ  D[LV DQG ܺ  D[LV 7KLV DXWRPDWLF ZD\ RI
VXEGLYLGLQJ WKH VWUXFWXUH DQG FRQVWUXFWLQJ WKH WUHH LV QRW PDQGDWRU\ DQG DOWHUQDWH VSOLWWLQJ
VWUDWHJLHVFDQEHFKRVHQ 

,Q)LJ D WKHSUREDELOLW\GLVWULEXWLRQRYHUWKHSODWHLVVKRZQIRUDWHVWWKDWZDVPDGHZLWKD
GDPDJH ORFDWHG LQ ]RQH  7KLV WHVW VKRZV RQH RI WKH DGYDQWDJH RI WKH SURSRVHG SDWWHUQ
UHFRJQLWLRQDSSURDFKZKLFKLVWKDWQRWRQO\WKHPRVWOLNHO\GDPDJHG]RQHLVJLYHQEXWDOVR]RQHV
ZLWKVPDOOGDPDJHSUREDELOLW\ ,QGHHGZHFDQQRWLFH IURP )LJ D WKDWWKHQHLJKERU V]RQHV
KDYHVPDOOSUREDELOLWLHVRIEHLQJWKHGDPDJHG]RQH7KLVLQIRUPDWLRQFDQEHXVHIXOLQWKHGHFLVLRQ
DQG SURJQRVWLF VWHSV DV LW FDQ KHOS LPSURYLQJ WKH VSHFLILFDWLRQ RI UREXVW ERXQGV 7KH WUHH
FRQVWUXFWLRQZLWKWKHUHVSHFWLYHSRVWHULRUSUREDELOLW\DWHDFKQRGHLVLOOXVWUDWHGLQ )LJ E 7R
HYDOXDWHWKHSRVWHULRUSUREDELOLW\RIDGDPDJHG]RQHZHXVHHTXDWLRQ  E\IROORZLQJWKH SDWK
JHQHUDWHGWRUHDFKLW1RWHWKDWWKHUHLVRQO\RQHZD\WRJHWWRDOHDI RUHTXLYDOHQWO\DGDPDJHG
]RQH  $V GHSLFWHG LQ )LJ  WKH DOJRULWKP GHWHFWV DQG ORFDWHV WKH GDPDJH LQ ]RQH  7KH
SRVWHULRUSUREDELOLW\DVVRFLDWHGZLWKWKLVGLDJQRVWLFLV ሺ͵ͳ݁݊ݖȁݑሻ ൌ ͲǤͷͻͶͺ IRU]RQHDQG
ሺͻ݁݊ݖȁݑሻ ൌ ͲǤͳ͵Ͳͳ IRUGDPDJHLQ]RQH 


)LJ  D  3UREDELOLW\ RI GDPDJH ORFDWLRQ E  3UREDELOLW\ SDWK IRU GDPDJH LQ ]RQH 




 3UREDELOLVWLFGDPDJHORFDOL]DWLRQDQGTXDQWLILFDWLRQ
:H SUHVHQW QRZ WKH UHVXOWV RI WKH 690*3'7 IRU GDPDJH ORFDOL]DWLRQ DQG VHYHULW\
TXDQWLILFDWLRQ7KHSODWHLVQRZGLYLGHGLQ ͵ʹ ]RQHV )LJ E DQGHOHFWURPHFKDQLFDOWHVWVZLWK
DGGHG PDVVHV VLPXODWLQJ GDPDJH KDYH EHHQ FRQGXFWHG:H SHUIRUPHG  WHVWV ݊ ൌ ͺ IRU HDFK
]RQH XVLQJ WKH WZR PDVVHV ݉ଵ ൌ ʹͲ݃݉ଶ ൌ ͳͲ݃ǤDQG KHQFH WZR VHYHULW\ ܵଵ DQGܵଶ ሻ
7KHUHIRUHRXUGDWDEDVHKDVQRZHQWULHVሺ͵ʹ ݏ݁݊ݖൈ ʹ݉ܽ ݏ݁ݏݏൈ ͺݏ݊݅ݐ݅ݐ݁݁ݎሻ 



)ROORZLQJWKHDUFKLWHFWXUHSUHVHQWHGLQ)LJXUHRXUILUVWFRQFHUQZDVWRGHWHUPLQHWKHVHYHULW\
RIWKHGDPDJH7RGRVRDOOWKHH[DPSOHVIURPWKHWHVWVSHUIRUPHGZLWKWKHPDVV ݉ଵ  KDYHEHHQ
DVVLJQHGWRDFODVVDQGWKHWHVWVSHUIRUPHGZLWKWKHPDVV ݉ଶ  WRDQRWKHUFODVV7KLVZD\ZHKDYH
DVLPSOHELFODVVSUREDELOLVWLF690FODVVLILHUWRTXDQWLI\VHYHULW\$JDLQZHVHOHFWHGWKH*DXVVLDQ
NHUQHO DQG XVHG /LQ¶V DOJRULWKP >@ WR GHWHUPLQH WKH RSWLPDO K\SHUSDUDPHWHUV 7KH DOJRULWKP
KDGDSHUIRUPDQFHRIRIH[DPSOHVZHOOFODVVLILHGLQWHUPVRIVHYHULW\ZLWK ܥൌ ͳͲ DQG
ߪ ൌ ͳͲଷ  
$IWHUWKHGHWHUPLQDWLRQRIWKHVHYHULW\RIWKHGDPDJHZHSURFHHGWRLWVORFDOL]DWLRQ$VHFRQG
FODVVLILHU LVWUDLQHGXVLQJDSURFHGXUH VLPLODUWRWKHRQH VKRZQLQ)LJ E WKHRQO\GLIIHUHQFH
EHLQJWKDWZHZLOORQO\SUHVHQWWKHGDWDIRURQHW\SHRIVHYHULW\WRWKLVFODVVLILHU7KLVPDNHVWKH
WDVNHDVLHUIRUWKHFODVVLILHUEHFDXVHGLIIHUHQWVHYHULWLHVKDYHGLIIHUHQWIHDWXUHVDQGLWZLOOEHYHU\
KDUGWRWKHFODVVLILHUWROHDUQGLIIHUHQWVLJQDWXUHVSRLQWLQJWRWKHVDPH]RQH6RLWLVEHWWHUWRRQO\
KDYHDVLQJOHVLJQDWXUHIRUHDFK]RQHNQRZLQJWKHVHYHULW\RIWKHGDPDJH


)LJ  1RUPDOL]HG ORFDWLRQ SUREDELOLW\ IRU D GDPDJH ZLWK VHYHULW\ ܵଵ 


)RUVHYHULW\ ܵଵ ZHKDGDORFDOL]DWLRQSHUIRUPDQFHRI ͷǤʹΨǡ XVLQJ  ܥൌ ͳͲ  DQG ߪ ൌ ͳͲଶ 
8VLQJWKHWHVWVXEVHWQRUPDOL]HGSUREDELOLW\RIVHYHUDOGDPDJHORFDWLRQVDUHGHSLFWHGLQ )LJ 
VKRZLQJWKHHIIHFWLYHQHVVRIWKHSURSRVHGDSSURDFK 




)LJ  1RUPDOL]HG ORFDWLRQ SUREDELOLW\ IRU D GDPDJH ZLWK VHYHULW\ ܵଶ 




)RU VHYHULW\ ܵଶ  ZH REWDLQHG D SHUIRUPDQFH RI ʹǤͷΨǡ XVLQJ  ܥൌ ͳͲହ  DQGߪ ൌ ͳͲଷ  5HVXOWV
IRU VRPH GDPDJH ORFDWLRQ DUH VKRZQ LQ )LJ  $V H[SHFWHG UHVXOWV IRU VHYHULW\ ܵଵ  DUH EHWWHU
WKDQWKRVHIRU ܵଶ 7KLVZDVH[SHFWHGDVWKHGDPDJHHIIHFWVRQPHDVXUHGVLJQDOVDUHOHVVVLJQLILFDQW
ZLWK D VPDOOHU PDVV 0RUHRYHU IRU VRPH GDPDJHG ]RQHV DV VKRZQ LQ )LJ  E  WKH ORFDWLRQ
UHVXOWV FRXOG EH PLVFODVVLILHG LQ D QHLJKERULQJ ]RQH ZKLFK LV QRW VXFK D SUREOHP 7KLV
FODVVLILFDWLRQ HUURU LV UHODWHG WR WKH DFFXUDF\ RI WKH $'33 SURFHVV XVHG WR JHQHUDWH GDPDJH
IHDWXUHV%HWWHUUHVXOWVFDQEHREWDLQHGZLWKPRUHIUHTXHQFLHVLQWKHH[FLWDWLRQVLJQDOLQRUGHUWR
GLVFULPLQDWHVRPHVSXULRXVIHDWXUHVWKDWFDQDSSHDUZLWKZDYHUHIOHFWLRQV


'LVFXVVLRQ

 $YDLODELOLW\RIDOHDUQLQJGDWDEDVH
,Q WKH SURSRVHG DSSURDFK PRQLWRULQJ VPDOO ]RQHV IDFLOLWDWH WKH GLDJQRVWLF EXW DVVXPH WKH
DYDLODELOLW\RIDGDPDJHGGDWDEDVHIRUHDFK]RQH0RUHRYHUJRRGVSDWLDOUHVROXWLRQVVXSSRVHWKDW
VHYHUDO GDPDJHG VWUXFWXUHV DUH XVHG LQ RUGHU WR FRQVWUXFW WKH SUHFLVH GDWDEDVH QHHGHG IRU WKH
OHDUQLQJSURFHVV7KLVLVJHQHUDOO\XQUHDOLVWLFXQOHVVWKHVWUXFWXUHVDUHFKHDSDQGHDVLO\DYDLODEOH
7RRYHUFRPHWKLVSUREOHPRQHFDQVLPXODWHH[SHULPHQWDOO\WKHGDPDJHHIIHFWLQVWHDGRILPSRVLQJ
DUHDORQHRQWKHVWUXFWXUH)RUH[DPSOHE\FKDQJLQJORFDOO\LQDUHYHUVLEOHPDQQHUVRPHRIWKH
FKDUDFWHULVWLFV RI WKH VWUXFWXUH VWLIIQHVV QDWXUDO IUHTXHQFLHV «  7KH SUREOHP RI DFTXLULQJ GDWD
IRUHDFKGDPDJHORFDWLRQFDQDOVREHDOOHYLDWHGE\XVLQJILUVWDKLJKILGHOLW\SK\VLFDOPRGHORIWKH
VWUXFWXUH XVXDOO\ E\ PHDQV RI ILQLWH HOHPHQW DQDO\VLV WKDW VLPXODWHV WKH HQWLUH SK\VLFDO



SKHQRPHQRQ QRQ OLQHDULW\ GHJUDGDWLRQ DQG HQYLURQPHQWDO RSHUDWLRQDO FRQGLWLRQV $QG WKHQ D
VXUURJDWH PRGHO FRXOG EH GHULYHG IURP WKH SUHFLVH RQH WR DYRLG D ODUJH QXPEHU RI KHDY\
FRPSXWDWLRQV7KLVORZHUILGHOLW\PRGHOZLOODSSUR[LPDWHWKHUHVSRQVHRIWKHFRPSOHWHRQHLQDQ
HIILFLHQWPDQQHUDQGJHQHUDWHVXIILFLHQWGDWDIRUWKHOHDUQLQJSURFHVV>@ 
 +LHUDUFKLFDORUIODWFODVVLILFDWLRQIRUGDPDJHPRQLWRULQJ"
1RWLRQDOO\ RQH FDQ VXEVWLWXWH KLHUDUFKLFDO FODVVLILFDWLRQ ZLWK IODW RQH VWDQGDUG ELQDU\ RU
PXOWLFODVV FODVVLILFDWLRQ  ,QGHHG LI ZH RYHUORRN RXU JHRPHWULF FODVV VWUXFWXUH DQG UHSODFH WKH
KLHUDUFK\ZLWKDVHWRIFODVVHVZHFDQSHUIRUPD PXOWLFODVVFODVVLILFDWLRQSUREOHP 7KLVPHDQV
WKDWDOOWKHUHOHYDQWLQIRUPDWLRQWKDWZHKDYHLQWURGXFHGWKURXJKRXUNQRZOHGJHDERXWWKHGDPDJH
PRQLWRULQJSUREOHPDQGWKHVWUXFWXUHJHRPHWU\DUHLJQRUHG,QRUGHUWRVKRZKRZWKLVJHRPHWULF
KLHUDUFKLFDOFODVVVWUXFWXUHERRVWVWKHSHUIRUPDQFHRIWKHGDPDJHORFDOL]DWLRQZHKDYHSHUIRUPHG
QHZH[SHULPHQWVE\FRPSDULQJWKHSHUIRUPDQFHRIRXUFODVVLILHUDJDLQVWRWKHUNQRZQFODVVLILHUV$
PXOWLFODVV 690 XVLQJ WKH RQH DJDLQVW DOO 6902$$  PHWKRG ZDV FKRVHQ 7KLV IODW FODVVLILHU
ZDVWUDLQHGZLWKDOOWKHVDPSOHVIURPWKHWUDLQLQJEDVH ͳ]RQHVDQG ܵଵ  VHYHULW\ GRLQJDNIROG
FURVVYDOLGDWLRQ PHWKRG ZLWK ݇ ൌ Ͷ 7KH FODVVLILHU KDV JRRG UHVXOWV ZKHQ WHVWLQJ ZLWK WUDLQLQJ
GDWD ሺͻͳΨሻ EXWGLIILFXOW\IRUJHQHUDOL]DWLRQDVVKRZQLQ)LJ,QWKLVILJXUHWKHWZRFODVVLILHUV
KDG WR FODVVLI\ QHZ WHVW SRLQWV JHQHUDWHG ZLWK VOLJKWO\ GLIIHUHQW HQYLURQPHQWDO FRQGLWLRQV 7KH
GDPDJHVKDYHEHHQLQWURGXFHGE\WKHVPDOOZHLJKWWKDWKDVEHHQSRVLWLRQHGDW ሺܽሻ WKHFHQWHURI
]RQH ሺܾሻ WKHFHQWHURI]RQHDQG ሺܿሻ DWWKHIURQWLHUEHWZHHQ]RQHVDQG$VLWFDQEH
VHHQHYHQWKH690*3'7PLVFODVVLILHGGDPDJHORFDWLRQRQHFRXOGJLYHFUHGLWWRWKHVHSDUWLDOO\
FRUUHFWUHVXOWVE\FKHFNLQJWKHQHLJKERUDQGWKHWRSOHYHO]RQHVJLYHQE\WKHJHRPHWULFKLHUDUFK\
VWUXFWXUH7KHUHIRUHWKHPDLQWHQDQFHSURFHGXUHLVIDFLOLWDWHGDQGHQKDQFHG
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4.3

Multi class or multi-label classification problem?

The purpose of the present paper is to derive an original answer to the problem of damage
detection, localization and quantification. A question that can be raised is whether a multi-class
formulation of this problem is more appropriate than a multi-label formulation. The difference
between the notions of class and label lies in the fact that an example can belong to only class, but
can have multiple labels. Multi-label classification is thus an extension of multi-class classification
where data can have one or more labels [52]. Due to its great potential applications, multi-label
learning has now been receiving more and more attention from many fields [53, 54, 44].
According to [55, 30], in the context of hierarchical classification, most approaches could be called
multi-label. Indeed, if we recall the tree class structure presented in Fig. 3b, and suppose that the
output of the classifier is the class {1}. Then it's natural to say also that the classifier have 3
outputs because class {1} belongs to classes {1 3} and {1 3 5 7} too. Therefore, with this
simple definition, any hierarchical classification could be considered multi-label in this sense.
Hierarchical multi-label classification algorithm is still a challenging problem and most
approaches consider the case where it can be assigned more than one class at any level of the tree
[56].
Going back to the SHM problem, the output of SHM systems is a vector with 3 features: (i)
damage zone, (ii) damage severity, (iii) damage type. The definition of each features is
straightforward: several damage locations, several severity levels (BVID , VID) and different
damage types (impact, debonding, delamination, …). With that in mind, it comes out that a class
can be defined in a unique manner: one zone, one severity level and one type. With this class
definition, the only overlapping examples are those lying along the frontier between two classes
for a given feature. For example, damage could be located at the frontier between two zones or
having a severity level between two pre-defined levels. These overlapping examples are thus a
direct consequence of the a priori discretization of the features location and severity that are, in
reality, continuous and not an intrinsic property of the problem under study. From the authors point
of view, the SHM problem can therefore be naturally cast as a multiclass problem and not as a
multi-label one. From that point of view, the proposed classification algorithm can be seen as an
implicit probabilistic multi-label method where labels exist at the frontiers between classes.
However, another point of view would be to define classes in relation to the different features.
Following that idea, there will be one class for each damage location, one class for each damage
type, and one class for each damage severity. Knowing this, there is a natural overlap between the
different classes: for example, damages located in a given zone can be of distinct types and of
severities. So with this definition of class, classes are indeed labels and the problem to face is a
multi-label one. In Section 4.1, the consequence of spatial discretization is studied. It is shown that
if the localization result has an ambiguity between neighborhood zones then by looking to the
node just above in the decision tree, a macro-damaged zone can be defined. This is still a helpful
guidance for the inspection task as afterwards the damage location can be refined by using
traditional inspection techniques.
4.4

Spatial resolution versus computational cost

The performances of the classifier in term of spatial selectivity depend heavily on the method
used to generate features and the availability of the damaged learning database. Increasing the
spatial resolution will increase the training and testing times. The training time depends on the



QXPEHU RI FODVVHV ܳ DQG WKH QXPEHU RI WUDLQLQJ VDPSOHV +RZHYHU LQFUHDVLQJ WKH QXPEHU RI
]RQHV ZLOO HQKDQFH WKH GHWHFWLRQ SURFHVV E\ UHGXFLQJ WKH UDWH RI IDOVH GDPDJH ORFDOL]DWLRQ 7R
LOOXVWUDWHWKLVSRLQWZHKDYHJLYHQWRWKHWZRFODVVLILHU ͳ DQG ͵ʹ FODVVHVRU]RQHV XQNQRZQ
GDPDJHVWRGHWHFWDQGORFDWH7KHVHGDPDJHVDUHQHZH[SHULHQFHVSHUIRUPHGE\LQWURGXFLQJ WKH
PDVV ݉ଵ ൌ ʹͲ݃ RQWKHSODWHZLWK ͳ FODVVHVDWSRVLWLRQVORFDWHGRQWKHHGJHRIWKHVHSDUDWLRQ
]RQHVDQGWKHQWKLVGDPDJHLVPRQLWRUHGZLWK]RQHV,Q)LJDUHVXOWLVSUHVHQWHG:HFDQ
QRWLFHWKDWDVH[SHFWHGWKHDPELJXLW\RIORFDOL]DWLRQKDVGHFUHDVHGZLWKWKHLQFUHDVHRIWKHQXPEHU
RI]RQHVDQGFRQVHTXHQWO\DQLQFUHDVHRIFRPSXWDWLRQDOFRVW:HFDQDOVRQRWLFHWKDWLQJHQHUDO
WKHRXWSXWRIERWKFODVVLILHUVLVLQOLQHZLWKWKHDFWXDOGDPDJHORFDWLRQ7KHUHIRUHWKLVVKRXOGEHD
WUDGHRIIWKDWRQHKDYHWRGHDOZLWKZKHQWKHDSSO\LQJVXFKDSSURDFKHVLQSUDFWLFH
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TXDQWLILFDWLRQSKDVH>@+RZHYHULQWKHSUHVHQWZRUNWKHTXDQWLILFDWLRQVWHSKDVEHHQSHUIRUPHG
EHIRUHWKHORFDOL]DWLRQRQHDQGJDYHH[FHOOHQWGLVFULPLQDWLRQUHVXOWVEHWZHHQWKHWZRGDPDJHVRI
GLIIHUHQWVHYHULWLHV DGGHGPDVVRI ʹͲ݃ DQGWKHDGGHGPDVVRI ͳͲ݃ 0RUHRYHUJHWWLQJRQHDQG
RQO\ RQH VLJQDWXUH IRU HDFK ]RQH PDNHV HDVLHU WKH FODVVLILFDWLRQ WDVN ,I WKH ORFDOL]DWLRQ LV GRQH
ILUVWGLIIHUHQWVLJQDWXUHVZLOOEHDVVLJQHGIRUWKHVDPHORFDOL]DWLRQ7KRVHVLJQDWXUHVFRXOGEHYHU\
GLIIHUHQWLIWKHJDSEHWZHHQWKHVHYHULWLHVEHFRPHVKLJKHU,WPD\HYHQKDSSHQWKDWWKHFODVVLILHU
FRXOG QRW ILQG VLPLODU DWWULEXWHV LQ WKHVH JURXSV RI PL[HG VHYHULWLHV ZKLFK ZRXOG OHDG WR SRRU
FODVVLILFDWLRQSHUIRUPDQFHV$QRWKHUVROXWLRQFRXOGKDYHEHHQWRSHUIRUPILUVWWKHORFDOL]DWLRQDQG
WKHQDWWKHHQGRIWKH*3'7WRDGGDELFODVVFODVVLILHUWRHDFKOHDIWRDVVHVVWKHVHYHULW\RIWKH
GDPDJH+RZHYHUWKLVDSSURDFKVXIIHUVIURPWKHIDFWWKDWLQVWHDGRIRQHFODVVLILHUQHHGHGIRUWKH
SUHVHQW DSSURDFK RQH QHHGV QRZ ͵ʹ FODVVLILHUV 6R IURP D FRPSXWDWLRQDO SRLQW RI YLHZ WKLV
DSSURDFKGRHVQRWVHHPWREHMXVWLILHGKHUH,WFDQQHYHUWKHOHVVEHLQWHUHVWLQJDVDSHUVSHFWLYHWR
LPSOHPHQW D ³ORFDOL]DWLRQ WKHQ TXDQWLILFDWLRQ´ YHUVLRQ RI WKH SUHVHQW DOJRULWKP WR FRPSDUH LWV
UHVXOWVZLWKWKHSUHVHQWUHVXOWV 
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Conclusion

In this paper, an original process for damage detection, localization and quantification on smart
mechanical structures instrumented with piezoelectric active elements has been presented and
validated experimentally. The SVM Geometric Probabilistic Decision Trees (SVM-GPDT)
constitutes an original approach to the multi-class probabilistic damage classification problem.
This algorithm takes advantage of the decision tree architecture and of the posterior probability
provided by PSVM. At each node of the PDT, SVM classification associated with a sigmoid
function is performed to estimate the probability of membership to each sub-group. A probability
function is then built for each leaf by following the path that the PDT has generated for it. For each
branch the outputs of all the nodes composing the branch are combined to lead to a complete
evaluation of the probability when reaching the final leaf (representing the class associated with
the branch). Formally, we thus presented and validated an interesting solution to solve a multiclass data classification problem in a manner that produces confidence probabilities associated
with each damage feature. Moreover, the availability of the damage posterior probability will
facilitate embedded damage monitoring. The SHM process will be trained offline and assessed
online by calculating in real time the probabilities of having damages.
The approach has been tested experimentally on a composite plate, giving reliable predictions in
terms of detection, localization and quantification. For real, applications, this approach is
interesting as the chosen damage-sensitive feature is not very sensitive to border conditions, and
the excitation with non-resonance frequencies will not accentuate the damage progression and
impact the durability of the monitored structure.
Regarding the classification performances of the prosed method, it first advantage lies in the fact
that it allows not just for classification, but for classification with an associated posterior
probability. The second one is that the classification procedure proposed here is relatively fast as it
is of logarithmic complexity. The third one is that the notion of geometry is introduced to the
classifier. Because SHM is a problem in the real space, we can help the classifier by giving it some
a-priori information that might discard data that is not relevant in a particular classification process,
reducing the data to be treated, the time for treating it and the possibilities of mistakes. The last
advantage is that as it relies on SVM, relatively few examples are needed for training. Regarding
drawbacks, the first one is that the proposed method is based on discrete classes and thus imposes
quantification of the different data features. The second one concerns the fact that in order to train
the method example of damaged states are needed, and such examples are in practice not widely
available. Actually, it is well known, that the main issue when applying pattern recognition
approaches to damage monitoring is to construct a database of damage conditions. Indeed, the
damage diagnostic system will not perform better than the data used to build it. As we need to
avoid damaging the structure, two approaches can be used: multi-physical modeling and/or
simulation of damage effects. It's this last approach that was used in this work. Another drawback
is related to training set of data and the classifier generalization performances. Every classifier has
its limits regarding the generalization capacity. Further tests should be performed in order to have
a more precise idea about its capacities. We think that this drawback might be mitigated thanks to
the probabilistic output. When the classifier is completely lost, he should provide a low probability
associated to the uncertain prediction. The last drawback is linked to the training stage. Indeed,
there is in reality, two training stage: the training of the SVMs of each node, and the training to get
the probabilities out of each node. Thus, the previously mentioned advantage of the method (which
is the need of few training points) has to be evaluated by considering that drawback.

Suppose now that actual data related to damaging locations are available to train the machine
learning diagnostics. Then, another problem rise which is how to elaborate features that could
reliably discriminate between damage and undamaged states. The ADDP process has been used
within this paper but maybe some other damage-sensitive features will perform better.
Another useful issue in a data mining is to have access to posterior probability associated with
each damage classification. The approach presented throughout this work proposes a solution to
the multi-class data classification problem in a manner that produces confidence probabilities
associated with each damage feature. Each damage feature is classified from the most probable
one to the least probable one. This is very interesting because this information can be valuable in
the decision and prognostic steps and can help in improving the specification of robust bounds.
Moreover, this knowledge could help the maintenance procedure by crossing with expert data.
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