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Abstract 
Usually fatigue cracks are detected by means of nondestructive testing, which involves long 
examination times and qualified personal. The detection process is then, expensive and time 
consuming. Recent advances in Structural Health Monitoring (SHM) techniques are very 
promising for the damage assessment in complex structures; however, fatigue detection is still 
one of the main challenges and open topics in the research field. Few techniques has proven 
effective for real time fatigue detection during the operation of structures. This paper presents 
a novel methodology for fatigue detection in structure under operational conditions. The 
methodology is based on strain measurements and strain field pattern recognition; in turn, 
pattern recognition is based on dimensional reduction and feature extraction techniques using 
neural networks. The advantages of the Fiber Optic Sensors (FOS) for strain measurements 
are exploited, in particular, Fiber Bragg Gratings (FBGs). Unless the strain sensors are 
closely located to a local fatigue crack, the change in the strain field caused by the crack is 
very small. Only when strain readings at several points are compared (pattern recognition), 
some information about fatigue damage may be unveiled. Robust automated techniques are 
needed to perform such comparison taking into account the redundant or useless information. 
Two different techniques are proposed for feature extraction: Principal Component Analysis 
(PCA) and Hierarchical Nonlinear PCA. An experimental validation of the technique is 
discussed in this paper.   
 
 
1 INTRODUCTION 
 

One of the most severe problems in any type of structure, particularly in commercial and 
military aerostructures, is aging. 

Prolonged loading cycles during operation of the structures in conjunction with the 
interaction with the environment, cause defects in structures such as cracks, dents, scratches, 
corrosion, wear, etc. which act as ideal sites for stress concentration. On this sites it is where 
typically the cracks occurs, becoming the starting point for fatigue. Fatigue is a damage 
mechanism, which can cause the abrupt failure of structural components. 

Detect damages and repair or reinforce damaged structures to restore structural performance 
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and thus, ensure the continuing airworthiness of aircrafts has become an extensively studied 
area in the past fifty years. There are two main reasons for this: the first one is that the risk of 
catastrophic accidents must be minimized and, the second one is that the costs of acquiring 
new fleet of modern aircraft, whether military or civilian is extremely costly for operators, 
especially in developing countries. 

Normally, Non-Destructive Testing (NDT) techniques are used in order to detect fatigue 
cracking on structures. Techniques such as eddy current, penetrant dye, x-ray, ultrasonic 
testing, magnetic particles, etc. has demonstrated their potential and accuracy in fatigue crack 
detection. However, such techniques are very time expensive and demand highly qualified 
technicians. 

According to Farrar and Worden, it can be defined the Structural Health Monitoring (SHM) 
as the process used to apply strategies of damage identification. This process must include 
observations of the structure in terms of the measure of established time intervals, with the 
objective of get the characteristics related to damage and analyze statically the status of the 
structure. When talking about structures, it is limiting applications to areas that assume the 
periodic monitoring as an important topic as aero structures or civil structures (bridges, 
buildings, etc). The periodic monitoring imply the use of a sensors network to supervise the 
structure while is in operation (online) [1], [2]. 

 Farrar and Worden mention the disciplines associated to SHM as condition monitoring 
(CM), NDT, Statistical Process Control (SPC) and damage prognosis (DP) [2].  

Following the guidelines of Adams, the SHM must by means of a non-destructive process, 
identify four characteristics associated to a component or engineering system while is in 
operation [3]: 

a) The operational and environmental loads over the component or system. 
b) The mechanical damage that are been caused for the loads. 
c) The increase of the damage over the component or system while is in operation. 
d) The future performance of the component or system according to the cumulative 

damage. 
In accordance with Glisic et al, carry out monitoring of a structure is naturally associated to 

safety; the equivalence is made with the nervous system of the human body, where the 
identification of an atypical behavior involve some activities of inspection, diagnosis, and 
corrective actions. This atypical behavior are detected in their initials status, using SHM and 
therefore the fault risk is minimized; as consequence the life, nature and resources are 
preserved. Identify the damage in his initial status also decreasing considerably the value of 
maintenance [4].  

The SHM is used for monitoring applications in civil structures, with the goal of unlock the 
minimal weight required, associated to the conservative robustness of the structures, to avoid 
fatigue damage and corrosion associated damage [5]. Another application in the civil area, 
correspond to the evaluation of the status after a nature disaster, as earthquakes or floods where, 
by the quantity of structures affected, is expensive checking one by one the structures to 
guarantee the habitability [6]. 

In aerostructures, the SHM, are consider as a subdivision of the Integrated Vehicle Health 
Monitoring (IVHM), are applied principally for those structures based on Fiber Reinforcement 
Polymer (FRP), because the high complexity present by the fatigue models in this type of 
materials, making it a necessary technique [7]. Reveley et al present others applications of the 
SHM on Aircraft oriented systems, as, ice conditions in propulsions systems,  fatigue fault in 
metallic structures, delamination in composites, faults in landing systems, among others [8].  
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2 FATIGUE 
 

Fatigue can be defined like the failure of structures under cyclic loads due the propagation 
and growth of cracks. Historically, diverse methodologies has been developed over the last 
century in order to deal with fatigue in aeroestructures. In particular, the philosophy called “fail 
safe” which involves the “damage tolerance” concept, deals with designs and maintenance 
programs that reduce the probability of a catastrophic failure, allowing certain type and 
extension of damages in the structures without this implies the whole structure collapses, that 
is, the structure must withstand the limits loads with some damages until they are detected.  

By means of operational load monitoring it is possible to support a fatigue life management 
such as estimating the pattern of structural fatigue life and information about the damage 
occurrence and propagation in the fatigue case (crack growth). However, load monitoring alone 
is not able to directly detect and monitor the structural damages evolution, like for example, 
the evolution involved in fatigue mechanisms. 

Many efforts has been done in order to develop damage detection methodologies, however, 
studies on using strain sensors to monitor the cycle-by-cycle degradation/damage of structures 
and correlate this to the remaining useful life based on fatigue life estimation models using real 
time data with embedded FBGs sensors are still lacking [9]. 

The proposed methodology implicates the damage tolerance concept that involves the 
continuous monitoring of strains at several hotspots of the structure therefore allowing the 
usage characterization of the structure during its whole life. With this information, damage 
occurrence and propagation (crack growth) can be predicted. In turn, the fatigue life of the 
structural component can be defined. In the aerospace engineering field, the obtained 
information can be used for planning of maintenance and inspection actions among others. 

 
 

3 STRAIN FIELD PATTERN RECOGNITION 
 

There are a variety of techniques and methodologies for damage detection based on several 
types of sensors, based in turn on several physical principles. Depending on the type of damage 
to be detected, the characteristics of the structure where damage is expected (mechanical 
properties, type of operation, location, etc) and possible interferences with other aircraft 
systems, such techniques and methodologies are applicable or not. 

One of such techniques involve the use of Photonic Sensors or most commonly named, 
Fiber Optic Sensors (FOS). There are many photonic components that act as sensors. However, 
it is common the use of the optical fiber to interconnect different sensors in a photonic sensor 
network. The sensor modifies a property of the light in response to an external physical, 
chemical or biological stimulus. Photonic sensing technology offers the possibility to sense a 
broad range of physical variables with high accuracy and reliability. An advantage of photonic 
sensors is the immunity to electromagnetic interference. Additionally, a photonic sensor is safe 
and it can be used in the most hazardous explosive environments. 

Wavelength based sensors, called Fiber Bragg Gratings (FBGs) have concentrated most of 
the attention from researchers due to their high sensitivity to strain and temperature. The FBGs 
can measure strains with more accuracy that the standard electric strain gauges and have the 
main advantages that are more reliable for long term measurements because don’t drifting by 
aging, and, can be multiplexed since several FBGs can be engraved in the same optical fiber. 

The basic idea consists in engrave, at the core of the fiber, a periodic modulation of its 
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refractive index. When incident light proceeding from a light source passes through a FBG, 
this behaves as a band-pass filter, promoting the refection back of a narrow wavelength band. 

Each peak is centered on the called Bragg Wavelength (𝜆𝜆𝑏𝑏) corresponding to the first-order 
diffraction. 

The strain-based damage detection, including fatigue cracking, rely on the redistribution of 
loads and therefore strains in a structure as consequence of the damage occurrence. The far 
field strain in a structure is usually only changed by large scale damage. Damage detection 
requires measurements very near to the area of damage. For this reason, methods based on fiber 
optic strain sensors have been usually used only for monitoring structural “hotspots” where 
high stresses are expected and therefore, a higher probability of damage occurrence. However, 
as it is demonstrated in this thesis, also the small changes produced in the far field can be 
detected by means of the use of appropriated techniques and damage assessment can be 
performed through the information extracted from such slight changes in the strain field. 

Several authors have proved this simple concept by using a technique called “differential 
strain” where the strain measured by a sensor is compared against the measurement obtained 
by a neighbor sensor. Under normal conditions, for a linear elastic material, the slope of the 
strain vs. strain plot should be constant. However, when a disturbance occurs in the strain field 
between sensors, a change in the slope is observable. Such change in the slope can be 
understand as a change in the local stiffness produced by diverse type of defects, including 
cracks [10], [11], [12], [13]. 

The main idea of this work is to present a simple methodology for real time fatigue crack 
detection based on strain measurements and consists in the development of strain field pattern 
recognition techniques. The features extraction and pattern recognition is based on PCA 
(Principal Component Analysis) and h-NLPCA (Hierarchical Nonlinear PCA). 

 
3.1 Feature extraction based on dimensional reduction techniques 

Mostly dimensional reduction techniques uses orthogonal or any other kind of 
transformations to convert a set of measurements of possibly correlated variables into a set of 
values of linearly uncorrelated variables (called principal components in the case of PCA and 
h-NLPCA). This transformation is defined in such a way that the transformed variables (first 
principal component in the case of PCA and h-NLPCA) has the largest possible variance. 
Usually, the number of transformed variables (principal components) can be much smaller than 
the number of original variables. 

In this way, the dimensional reduction techniques, also called “projection methods” can be 
considered as a non-parametric methods of data compression and extraction, which finds 
correlations between variables or factors that describe the most important trends in data sets 
which can be confusing [14]. 

Over the year, several variations, particularization and improvements to the PCA, have been 
developed in order to deal with specific problems. Perhaps, one of the most commons is the 
NLPCA, which allows dealing with nonlinear problems in a better way than linear PCA. In 
some practical applications, the linear nature of PCA may represent a limitation for some kind 
of data sets. 

The h-NLPCA is based on Multilayer Neural Networks and it is used to perform nonlinear 
dimensionality reduction. The main difference with PCA is that h-NLPCA allows the mapping 
into a feature space using arbitrary nonlinear functionalities. Opposite to PCA which only 
allows linear functions to the mapping into the feature space. The word “hierarchical” means 
that during the dimensionality reduction, data is decomposed in a PCA related way [15]. 

Both PCA and h-NLPCA seeks for a mapping in the form  𝑇𝑇 = 𝑓𝑓�𝑋𝑋�(𝑡𝑡)�, where 𝑓𝑓(𝑋𝑋�(𝑡𝑡)) is 
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a linear or nonlinear vector function (projection function), composed by a linear function in the 
PCA case and 𝑟𝑟 individual non-linear functions in the h-NLPCA case: 𝑓𝑓�𝑋𝑋�(𝑡𝑡)� =
�𝑓𝑓1�𝑋𝑋�(𝑡𝑡)�,𝑓𝑓2�𝑋𝑋�(𝑡𝑡)�, … ,𝑓𝑓𝑟𝑟�𝑋𝑋�(𝑡𝑡)��. Defining 𝑡𝑡𝑠𝑠𝑠𝑠 to represents the 𝑖𝑖-th row vector of 𝑇𝑇, and 
according to following equation: 𝑡𝑡𝑠𝑠𝑠𝑠 = 𝑥𝑥𝚤𝚤�𝑃𝑃𝑟𝑟, the mapping can be expressed as: 𝑡𝑡𝑠𝑠𝑠𝑠 = 𝑓𝑓�𝑥𝑥𝚤𝚤�(𝑡𝑡)�. 
𝑓𝑓�𝑋𝑋�(𝑡𝑡)� is referred as the “first nonlinear principal component” of  𝑋𝑋�. The inverse 

transformation needed to restore the original dimensionality of the system is obtained by means 
of the expansion function 𝑔𝑔, expressed as: 𝑔𝑔(𝑇𝑇) = {𝑔𝑔1(𝑇𝑇),𝑔𝑔2(𝑇𝑇), … ,𝑔𝑔𝑚𝑚(𝑇𝑇)}. The expansion 
is obtained by: 𝑋𝑋� = 𝑔𝑔(𝑇𝑇). These functions are selected to minimize the Euclidean norm of the 
residual matrix 𝑋𝑋�. For further details the reader is directed to [16]. 

h-NLPCA implements a five-layer network (see Figure 1) composed by the input layer, three 
hidden layers and the output layer. The three hidden layer are composed by the mapping layer 
(layer 2) involved in modeling the projection function 𝑓𝑓, the middle layer or bottleneck (layer 3) 
whose outputs represents the features 𝑇𝑇, and, the demapping layer (layer 4) involved in modeling 
the expansion function 𝑔𝑔. The input layer represents 𝑋𝑋�and the output layer represents 𝑋𝑋�, which 
represent the standardized data matrix and the projection of the standardized data matrix into the 
first 𝑟𝑟 principal components respectively. 

 
Figure 1. Network layout for NLPCA. 𝜎𝜎  represents the sigmoid transfer functions and 𝑙𝑙 represents linear transfer 

functions (or nonlinear functions if desired). Each layer has a hidden bias node. 
 

3.2 Pattern recognition based on damage indices 
When pattern recognition techniques are used like a damage detection approach, it must be 

assumed that each pattern represents a particular damage condition or structural state. The main 
idea is then, to determine whether a structure is damaged or not and try to assess the severity 
of damage.  

There are two classical categories of approaches to damage detection by means of pattern 
recognition. The first approach includes the so-called “statistical methods” and, the second 
approach, includes the so-called “syntactic methods” [17]. 

Statistical methods assigns features to different classes using statistical density functions, 
whereas, the syntactic methods classifies data according to its structural description. Statistical 
modeling requires a previous statistical characterization of data, before any statistical inference 
can be reached. However, exist difficulties of approximating local behavior of the data in a 
high-dimensional space. To properly approximate a distribution of data, the required sample 
size should grow exponentially with respect to the dimension of the sample space. This is often 
called “course of dimensionality” [18].  

Many statistical methods have been developed for building models under uncertain 
conditions. However, in SHM applications, all the measurements must be studied together in 
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order to increase the probability of damage detection. Then, it is necessary to use multivariate 
statistical tools in order to getting some valuable information about the system behavior. 

Nevertheless, when several variables are involved and studied together, it is of interest try 
to integrate the results quantitatively in a single variable, which explain the behavior of the 
system under study (i.e. structure under monitoring). Typically, this is achieve by means of 
different type of effect size indices, commonly simple called in statistics “statistics”. These 
quantitative indices are intended to consider whether the results of different experiments or 
studies are homogeneous or not, provide information about the magnitude of the effect of the 
relationships studied together and, whether there is heterogeneity between different 
experiments or studies identify variables or characteristics that may affect the results. In the 
SHM context, such indices has received the name of “damage indices”. 

When PCA and h-NLPCA are uses, one particular index has shown a better performance 
over other damage indices. This index is the 𝑄𝑄 index (or Squared Prediction Error) which 
indicates how well each sample fits the PCA or h-NLPCA model. It is a measure of the 
difference between a sample and its projection in the main components retained by the PCA or 
h-NLPCA model. 

The 𝑄𝑄 index can be calculated as: 𝑋𝑋� = 𝑋𝑋� − 𝑃𝑃𝑓𝑓�𝑔𝑔(𝑃𝑃𝑇𝑇𝑋𝑋�)�.  A damage threshold for the 𝑄𝑄 
index, for a certain confidence level, can be defined as follows [19]:  

 
𝑈𝑈𝑈𝑈𝑈𝑈𝑄𝑄 = 𝛿𝛿2 =   � 𝜐𝜐

2𝜔𝜔
�𝜒𝜒2ω2

υ

2 (𝛼𝛼),                                       (1) 

 
 
4 EXPERIMENTAL SETUP 
 

In order to perform this experiment an alternating bending fatigue-testing workbench was 
build (Figure 2a). A square cross section of 20 mm by 40 mm, 1 mm thickness and 120 cm 
length was used as specimen. The beam was fixed to the workbench by means of c-clamps. 
Four optical fibers were bonded to the beam, each one having eight FBGs. 32 sensors were 
used in total, one of them intended to temperature measure in order to perform temperature 
compensation. All sensors were bonded in each face of the square section, located at ¼ of the 
face width in order to avoid the neutral axis of the beam (Figure 2b). For interrogating the 
FBGs, a four channels Micron Optics SM130-700 was used. 

In order to induce dynamic loads, a variable speed electric motor provided with a connecting 
rod was used. The experimental setup is shown in Figure 2a. 

The tests consisted in measure the strains under dynamic loads using the same amplitude 
(load magnitude). For this experiment, a maximum strain around 1800 𝜇𝜇𝜇𝜇 was reached close 
to the root. The measurements were gathered first for healthy structure (initial condition), and 
subsequently, after inducing a stress concentration on the beam. The stress concentration 
consisted in a 2 mm by 16 mm cut made with a handsaw. It was located at one of the upper 
vertex of the beam and 20 cm from the fixity point. After inducing the stress concentration the 
beam was cycled until rupture, see Figure 3. The data obtained was used to conduct PCA and 
an h-NLPCA study. 
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Figure 2. a) Alternating bending fatigue-testing workbench. b) Location of FBGs at cross section (mm). 

 

 
Figure 3. Sensors distribution and stress concentration location. 

 
 

5 ANALYSIS OF RESULTS 
 

In a first step, data for pristine structure was gathered from the sensors network. Half of 
such data was used for build the baseline and the other half to validate the model (validation 
data). Such data was used to build two types of models: one PCA model and one h-NLPCA 
model. For both models 5 principal components were retained, explaining more than 95% of 
variability of the experiment. 

In a second step, after inducing the before mentioned stress concentration, data for strains 
were obtained until the beam break. Later, all those data were projected onto the PCA and h-
NLPCA models and the 𝑄𝑄 indices were calculated for each model. 

Stress concentration 
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The results for the 𝑄𝑄 indices are depicted in Figure 4. As it can be seen, for both models, all 
the indices corresponding to the baseline and the undamaged case (validation data) lie inside 
the damage thresholds. There is also a good separation of all the damaged indices from the 
baseline in both models However, for the h-NLPCA few indices belonging to the undamaged 
case lie outside the 99% confidence interval. This may be explained by the higher number of 
iterations used in order to train the ANN during the h-NLPCA baseline construction (over 1000 
iterations), leading to the risk of having an over-trained model.  However, it is possible to detect 
and follow the evolution of fatigue cracks by means of the 𝑄𝑄 index. On the other hand, all 
indices associated to damages (fatigue crack) lie outside the thresholds.  

 

 
Figure 4. a) 𝑄𝑄 index with damage thresholds for 95% and 99% of confidence (dashed line and solid line 

respectively) for the PCA model. b) 𝑄𝑄 index with damage thresholds for 95% and 99% of confidence (dashed line 
and solid line respectively) for the h-NLPCA model. 

 
 
6 CONCLUDING REMARKS 
 

In order to achieve the first level of SHM which consists in detect the damage, in this 
particular case a damage caused by fatigue, strain measurements were obtained at several 
points of a structure submitted to dynamic loads. 

It was possible to detect and characterize the crack propagation under dynamic loads by 
means of two different kind of studies. The first one involving a linear model (PCA) and the 
second one, involving a nonlinear model (h-NLPCA). In both cases, the 𝑄𝑄 index showed a 
good performance in order to achieve the first SHM level. 

As general conclusion, if nonlinearities are not observed in the experiment both PCA and 
h-NLPCA models should be approximately equivalent under these conditions. Therefore, for 
a linear study is not worth using an h-NLPCA model since the computational cost is much 
higher and the results are not better. On the other hand, the h-NLPCA models should exhibit a 
better global performance than the PCA models for experiments where not too much data is 
available and several nonlinear effects are observed. However, as mentioned before, the 
computational cost could be prohibitive in studies with higher dimensions. 

In the presented experiment, since the crack propagation exhibits a linear behavior in the 
major part of the component’s life, both models exhibits an approximate performance. 
However, the crack growth show a nonlinear behavior when the crack reach a critical size. The 
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nonlinear model is capable of modeling such nonlinearities much better than the linear one. 
For such reason, it would be recommendable to use the nonlinear PCA when the study of the 
whole component’s life be intended and nonlinearities be expected.   
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