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ABSTRACT 
 

Pattern recognition, which aims to associate data with a condition of a structure, has been applied 

successfully in Structural Health Monitoring (SHM) for damage diagnosis. Such association becomes 

more complex when applied to strain data measured from aerospace structures where the operational 

conditions produce changes in the strain patterns that are not related to a damage occurrence. Moreover, 

a damage occurrence only produces subtle changes in such patterns. That is why novelty detection 

strategies based on unsupervised learning have not demonstrated suitable results for strain-based SHM 

in operating aerospace structures. For example, imagine that it is possible to have data from all the 

different operational conditions for an aerostructure and, therefore, construct a model (e.g. statistical) 

from these data. Such model may be too general and some data from damage conditions may fit into 

the model and, subsequently, classified as a normal condition. One successfully-proved approach is to 

use unsupervised-learning, density-based classification to create clusters according to the operational 

condition and, then, build models for each specific cluster. In previous works, the authors implemented 

such methodology in an aluminum beam under simulated environmental conditions and subsequently, 

in the wing’s main beam of an Unmanned Aerial Vehicle (UAV) made of composites. The results for 

the metallic structure demonstrated a good performance since the changes in the patterns due to the 

operational condition variations were clear and identifiable. On the other hand, the data acquired from 

the UAV demonstrated to be fuzzy and without clear transitions among clusters. The aim of this work 

is to explore fuzzy clustering techniques in order to improve the global performance of the methodology 

for composite aerospace structures, which exhibit high stiffness. Fuzzy C-Means (FCM) and Gustafson-

Kessel (GK) algorithms were tested using the UAV flight data and their performance was evaluated 

through Receiver Operating Characteristic (ROC) analysis. 

 

 
 

1. Introduction 
 

Damage diagnosis is a key issue in the aerospace industry since structural damages can produce 

catastrophic failures involving human and economic losses. That is why aerospace industry has 

developed rigorous maintenance programs that rely on periodic inspections to detect damages in early 

stages. These approaches are time-consuming, costly and pose an associated uncertainty. Such 

uncertainty has increased with the increment in the use of composite materials since the traditional 

methods are less effective and the knowledge of the failure mechanisms of these materials is limited[1]. 

Structural Health Monitoring (SHM)—which involves continuous monitoring over time by using 

different kind of sensors—aims to reduce costs and inspections’ time and increase reliability by reducing 

uncertainty. SHM should allow damage assessment in an automated way to eliminate, or reduce, the 
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human interaction and provide real-time evaluations for decision making[2]. Despite its evident 

advantages, SHM is not yet widely implemented in aerospace structures due to several challenges that 

need to be resolved before a practical implementation.   

 

Among SHM methods, Fiber Optics Sensor (FOS)-based SHM has emerged as a promising approach in 

aerospace applications[3]. The advantages provided by FOS such as its low weight and non-intrusive 

characteristics make them as suitable candidates to be used in practical applications involving operating 

aircraft. In previous work, the authors have developed SHM methodologies based on Fiber Bragg 

Gratings (FBGs) and strain field pattern recognition to perform damage detection[4], [5]. 

 

Strain field pattern recognition, or strain mapping, relies on the acquisition of discrete strain 

measurements along the structure aiming to provide a rough approximation of the structure’s strain field. 

When a damage occurs, the strain field is changed in a subtle fashion so that damage can be detected by 

studying the strain data. This approach belongs to data-driven SHM methods where physical models of 

the system are not required—which poses an advantage for the practical implementation of those 

methodologies in operating aircraft where the system’s physics is too complex involving a great amount 
of variables and dynamic changes[6].  

 

Strain field pattern recognition differs from the most common applications of FOS-based SHM—where   

single sensors are placed in hot spots to detect changes in the readouts associated to damages—in that 

damage detection can be performed globally instead of locally[5]. This represents an advantage for 

further practical implementation since damage assessment can be performed in broader areas and the 

prior identification of such hot spots is not required. However, in order to carry out strain field pattern 

recognition, machine learning algorithms need to be used to process the acquired data and transform 

them into damage indications.  Machine learning, which is regarded as a branch of Artificial Intelligent 

(AI), allows learning relationships among data, so that structural states can be associated with strain 

patterns.  

 

One strategy, broadly applied in SHM, is to use unsupervised learning to perform novelty detection—
which consists of constructing a statistical model of the acquired data an treat as anomalies or damages 

data no fitting into the model[6]. Nonetheless, the fact that changes in the operational and environmental 

conditions—expected in operating aerospace structures—produce changes in the strain field resembling 

those produced by damage occurrence raises a challenging problem for this strategy. This implies that 

changes in the operational conditions may not fit into the model and, consequently, will be classified as 

damages. Assuming that you have the possibility of gathering strain data about all the operational 

conditions and, in this way, construct a model including those variations, such model may be too general 

and some data from damage conditions may fit in the model and, subsequently, classified as a normal 

condition. 

 

The authors have addressed this problem by using data normalization and unsupervised-learning, 

density-based classification techniques (Self-Organizing Maps) to create clusters according to the 

operational condition and, then, build models for each specific cluster by using Principal Component 

Analysis (PCA)[7]. This methodology has been successfully proved in a representative metallic 

aerospace structure (rectangular-sectioned, aluminum beam) under simulated environmental conditions 

(i.e. dynamic loading and discrete pitch angle variations)[4]. In this case, the changes in the pitch angle 

produce variations in the load conditions that yield different strain patterns, and, subsequently, different 

clusters. The methodology also produced suitable results when applied to flight strain data from the 

composite structure of SMARP UAV—a real-world unmanned aerial vehicle (UAV) conceived as a 

platform to develop automated SHM methodologies to in-flight aircraft[8]. However, these data from real 

flight demonstrated to not have easily-identifiable variations in the stain patterns due to operational 

conditions changes as in the metallic structure experiment. Such difference may be explained due to the 

higher structure’s stiffness associated with composite materials and the fact that the transitions among 

operational conditions are not discrete as in the realistic environment experiment. 



 

 

 

This work aims to explore fuzzy clustering techniques in order to improve the global performance of 

the methodology to be applied in real-world composite aerospace structures for damage diagnosis in an 

automated fashion. This improvement could be helpful in reducing the gaps to a broad implementation 

of SHM methodologies to replace human inspections in full-scale aircraft providing more reliability and 

reducing ground time and costs. Initially, Fuzzy C-Means (FCM) and Gustafson-Kessel (GK) 

algorithms were testes and their performance were evaluated by using F1 score and Receiver Operating 

Characteristic (ROC) analysis. 

 

 

2. Fuzzy clustering in Structural Health Monitoring  
 

Different fuzzy approaches have been implemented to accomplish SHM tasks. For civil structures 

monitoring, Bhattacharyya and Banerji used a Fuzzy Inference System (FIS) to improve damage 

classification in a model bridge based on strain data[9]. Other applications in such field demonstrated the 

capability of those systems to deal with noise and large data sets from real-world structures[10-12]. In the 

case of aerospace structures, Pawar and Ganguli developed an SHM methodology to damage assessment 

and prognosis for composite helicopter rotor blades based on displacement- and force-based 

measurement deviations and a genetic fuzzy system (GFS)—which combines the approximate reasoning 

advantages of fuzzy systems with the learning capabilities of genetic algorithms[13]. Chandrashekhar and 

Ganguli implemented Fuzzy Logic System (FLS) in conjunction with Curvature Damage Factor (CDF) 

for delamination detection based on numerically-simulated data[14].  

 

However, for the specific task of fuzzy clustering in the SHM context, fewer researches have been 

carried out. Clustering, or unsupervised learning classification, consists of organizing data into groups, 

known as clusters, based on similarities in their features. Such algorithms aim to use unsupervised 

learning techniques—which means that the classification is performed without the need of defining class 

identifiers. For instance, fully unsupervised learning is often based on Probability Density Estimation, 

Self-Organizing Maps (SOMs) and dimensionality reduction techniques. Nonetheless, most of the 

clustering algorithms require the definition of parameters prior to classification (e.g. number of 

clusters)—which made them non-fully unsupervised—such algorithms are often called semi-supervised 

clustering[15].  

 

In this context is located fuzzy clustering, which requires the definition of the number of clusters prior 

performing classification. This represents a big limitation since in practical application such as the 

presented in this work (i.e. an operating aircraft made of composite materials), it will be difficult to 

estimate an optimal number of clusters. However, fuzzy clustering represents an advantage over other 

types of classification methods since data partitioning is not performed in a hard fashion, instead, a 

particular datum can belong to different clusters with an associated degree of membership. Said 

advantage can be helpful when dealing with real-world data that do not present a clear transition among 

clusters, so fuzzy clustering is more natural than traditional methods since it deals with crisp or gradual 

transitions[16].   

 

For the sake of determining the optimal number of clusters without having this information from external 

sources—as is expected in practical applications—two approaches have been developed. The first one 

is known as compatible cluster merging and consists of starting with a relatively large number of cluster 

and, subsequently, reducing this number by merging compatible clusters. The other approach comprises 

the use of validity measures, which are indices giving a quantification of the goodness of the clustering 

process. Hence, a validation can be carried out by calculating such indices for different numbers of 

clusters and find a number where the indices show a suitable performance[16]. The latter approach will 

be used for finding the optimal number of clusters in this work.  

  

Having said that, fuzzy clustering has been used in SHM for different purposes. Da Silva et al tested 

two fuzzy clustering algorithms (FCM and GK) as a final stage of a vibration-based damage detection 



 

 

 

methodology by using accelerometers obtaining suitable results. This methodology included PCA as a 

dimensional reduction technique, an auto-regressive moving average (ARMA) model and the fuzzy 

clustering fed by the ARMA output to decide whether or not the structure is damaged[17].   

 

Anaya et al developed a damage detection and classification methodology based on Artificial Immune 

Systems (AIS) and the notion of affinity for detecting damages and fuzzy clustering (FCM algorithm) 

to classify such damage—so that it is possible to identify the type of damage after detection. This 

methodology was experimentally validated in an aircraft skin panel under laboratory conditions by using 

piezoelectric transducers (PZTs) as data sources for the data-driven model[18]. Similarly, Vargas 

Palomino et al applied probabilistic neural network and fuzzy cluster analysis to impedance-based SHM 

by using piezoceramic sensor-actuators in a metallic aeronautical structure. The authors achieved 

damage detection, localization, and classification[19]. 

 

The fuzzy clustering applications reviewed so far differs from the approach presented in this paper 

because fuzzy clustering is used with SHM systems having other types of sensors and in the final stage 

of data-driven methodologies for damage detection or damage classification. The aim proposed here is 

to use such clustering techniques to overcome the problem of changing environmental conditions in 

operating aircraft for FOS-based damage detection. Similarly, Lopes et al proposed an approach based 

on fuzzy clustering (FCM algorithm) to decouple the effects of temperature and load variations from 

those produced by damage in an SHM system composed of PZT patches attached to aluminum 

specimens[20]. 

 

3. Application to damage detection in an operating aircraft 
 

To verify the proposed methodology’s improvement, strain data from flight test of SMARP UAV 
platform is utilized. The platform was designed and built with the aim of providing a source of data to 

develop SHM methodologies for real-world aerospace applications. SMARP UAV is a remotely piloted 

aircraft having 4 m of wingspan and a total weight of 15 kg. Its wing structure was constructed of a 

combination of materials including wood, carbon fiber/epoxy composites and a polymeric shrink film 

used as a wing skin.   

 

The main wing’s structural member was manufactured from a rectangular hollow-sectioned beam made 

of wood as a core, then, the section was covered by using carbon fiber/epoxy layers through hand layup. 

Prior section lamination, 20 FBGs—a type of FOS—were embedded into the structure to provide strain 

readouts. The FBGs were placed in the four sides of the beam by means of fiber optic lines (each 

containing five sensors) in order to provide measurements from tension, compression and torsion loads. 

On board the aircraft were located the required equipment to acquire, store and send the strain 

information to a ground station—a superluminescent diode, an optical circulator, a 1x4 splitter, a 

minicomputer and a USB WLAN adapter. Additionally, the aircraft integrates sensors to measure the 

current state (e.g. Euler’s angles, position, acceleration, angular velocity, etc.) perform the autonomous 

control. For a further description of the system, the reader can refer to[8]. 

 

The flight tests consisted of 16 flights of an average duration of 8 minutes. Flights comprised take-off, 

circular loiter performing cyclic maneuvers in roll, pitch and yaw, and landing. Six flights were carried 

out to produce a baseline, namely, acquire data in a pristine condition. Then, the following flights were 

performed after inducing six different artificial damages consisting of steel plates of different 

dimensions. Two flights were conducted for most of the damage conditions, thus, 10 flights with six 

different damage conditions were achieved.  

 

Then, the data sets corresponding to the pristine state (baseline) are unfolded, standardized and 

randomized prior to perform the fuzzy clustering. The goal of this clustering stage is to classify the data 

according to the different operational conditions. Then, PCA models of each cluster are created and 

damage indices are calculated. So, new data coming from an unknown condition are projected to the 



 

 

 

clusters to identify the belonging to one operational conditional and such data is projected into the 

already created PCA model of the specific cluster, damage indices are calculated and the decision or 

whether is a damage or not is taken. Hereinafter, no further details will be given about the methodology’s 

steps already developed (PCA, damage indices, decision making) since the focus of this work in on the 

clustering stage to improve the whole methodology. For a further explanation of these steps, the reader 

is directed to[4]. 

 

As a preliminary stage of this work, the most popular and widely used fuzzy clustering algorithms are 

implemented in the methodology, namely, FCM and GK—as reviewed in Chapter 2. The two algorithms 

are compared by using F1 scores and ROC curves. In addition, both algorithms are tested using 

standardized and non-standardized data. 

 

As mentioned in Chapter 2, selecting the optimal number of clusters is a drawback in fuzzy clustering. 

That is why a validation is carried out to determine the optimal number of clusters by using several 

indices. The Partition Coefficient (PC), Classification Entropy (CE), Partition Index (SC), Separation 

Index (S) and Xie and Beni’s Index (XB) are used as validation indices. The most optimal number of 

clusters for a given data should have the maximum value of PC and CE indices and the lowest value of 

SC, S and XB indices. For a detailed definition of these measures see[15], [16]. 

 

In previous approaches, using density-based, fully-unsupervised classification techniques, the resulted 

number of clusters were in ranges from 2 to 100. This range is taken as a starting point. The selected 

validation indices were plotted varying the number of clusters from 1 to 100 so that a validation analysis 

can be carried out. 

 

3. Results and Discussion  
 

As discussed by Balasko et al, none of the validation indices are reliable by themselves, therefore, a 

holistic analysis considering different ones should be carried out. Fig. 1 depicts the behavior of the 

selected indices as a function of the number of clusters for FCM clustering algorithm. An optimal 

number of clusters in terms of the classification performance should maximize the indices at the left—
CE and PC—and minimize the indices at the right—SC, S, and XB[16]. 

 

In the SC and S indices (Fig. 1) can be noted that from approximately 20 number of clusters the indices 

start increasing significantly and, hence, the performance of the classification is not suitable. PC and CE 

also show 10 as a compromising solution since more clusters represent a better CE performance but 

worse PC behavior. Therefore, 10 and 20 was selected as the optimal number of clusters to test with the 

two selected algorithms—which is confirmed by XB index having low values from 10 clusters. The 

values of the indices for the selected number of clusters is presented in Tab. 1. 

 

 
Figure 1. Validation indices to select the optimal number of clusters. 



 

 

 

Table 1. Final validation indices for FCM algorithm and 20 number of clusters. 

Index Value [-] 

PC 0.190 

CE 2.118 

SC 1.187 E-4 

S 

XB 

1.458 E-9 

3.158  

 

 

 
Figure 2. Performance analysis of the whole methodology including the proposed algorithms for 95 % 

of confidence: 10 clusters (left) and 20 clusters (right). 

 

 
Figure 3. Performance analysis of the whole methodology including the proposed algorithms for 99 % 

of confidence: 10 clusters (left) and 20 clusters (right). 

 

In Fig. 2 and Fig. 3, bar charts indicating the performance of the whole methodology with the related 

fuzzy clustering algorithms are presented for both 95 % and 99 % of confidence levels, respectively. 

The charts at the left are for 10 clusters and the ones at the right for 20 clusters. These figures depict 

four error rates to measure the performance of the damage detection scheme: true positive (TPR), true 

negative (TNR), false positive (FPR) and false negative (FNR) rates[6]. 

 

Such error rates are useful for carrying out analysis about the accuracy of the damage detection scheme; 

however, a more succinct analysis can be carried out with F1 score and the mean area under ROC curve 

(AUC)—these scores are presented in Tab. 2 for each tested algorithm and strategy.  

 



 

 

 

Table 2. F1 scores and AUC mean for the different algorithms tested.  

Description  Number of  

clusters 

F1 score 

95 % 

F1 score 

99 % 

AUC 

mean 

FCM 10 0.916 0.860 0.952 

GK 10 0.926 0.881 0.965 

FCM with standardized data 10 0.790 0.605 0.834 

GK with standardized data 10 

 

0.784 0.786 0.665 

FCM 20 0.933 0.846 0.962 

GK 20 0.930 0.865 0.965 

FCM with standardized data 20 0.809 0.977 0.982 

 

As can be seen, suitable results were achieved for each strategy. In overall, similar performance were 

achieved by FCM and GK algorithms and no conclusion can be drawn.  The best results were obtained 

for the FCM with 20 clusters and without standardization for 95 % of confidence. On the other hand, 

for 99 % of confidence, the best results were for FCM with 20 clusters and with standardization. Such 

results demonstrated that fuzzy clustering is better in performance for the classification step for the flight 

data of the SMARP UAV than SOM. In previous work, the authors tested the same data by using a 

SOM-based algorithm for the classification step of the methodology achieving a maximum F1 score of 

0.91 and AUC mean of 0.93[21]. Not only fuzzy clustering is a promising approach to improve the 

methodology’s performance, as demonstrated before, but also its computational cost at the number of 
clusters tested is less than the SOM-based approach. 

 

The results also showed that the most suitable scores are obtained with 20 number of clusters. This 

shows the dependence of the performance on this variable. Having more clusters implies that more PCA 

models containing fewer data will be created; therefore, the data may fit more accurately since it is more 

specific. However, it is more desirable to have a low number of clusters to reduce the computational 

costs and to avoid overfitting.  

 

Despite the mentioned advantages of fuzzy clustering compared with SOM-based approaches, the fact 

that the latter allows clustering performed in a fully unsupervised way continue to be a key desired 

feature in practical applications. There is no guarantee that better performance could be achieved by 

using other numbers of clusters. The validation indices are a useful methodology, but it is not practicable 

for the purpose of detecting damages automatically in aerospace structures. 

 

4. Conclusions  
 

Two fuzzy clustering algorithms—FCM and GK—were implemented in a FOS-based damage detection 

methodology for decoupling operational condition variations from those produced by a damage 

occurrence. The clustering is performed to create groups of similar data that are associated with different 

operational condition and, then, statistical models of each group are created to perform damage detection. 

The methodology was experimentally validated by using strain data from SMARP UAV flight tests—
an aircraft whose wing is made of composite materials and is instrumented with 20 FBGs,  

 

The preliminary results demonstrated that such algorithms are promissory since a better overall 

performance was achieved compared with SOM-based clustering techniques for the same flight data. In 

addition, fuzzy clustering is associated with a less computational cost than SOM-based clustering, which 

is desired in practicable applications. However, the main drawback of fuzzy clustering for practical 

applications in composite aerospace structures is that is not fully unsupervised. This implies that the 

number of clusters need to be estimated prior classification and in complex systems such as an aircraft 

this task may be complicated. Additionally, the methodology’s performance demonstrated to be 



 

 

 

sensitive to the number of clusters; therefore, selecting an optimal number is a key step for the purpose 

of detecting damages accurately. In the machine learning community, this problem is known as model 

selection task. 

 

Future will consist of testing other different fuzzy clustering algorithms such as Gath-Geva (GG) 

algorithm and address the problem of the number of clusters selection for a more realistic and practical 

estimation of such parameter. One approach is to use telemetry data which is available by the autopilot 

of SMARP UAV—such variables may help to estimate the different operational conditions and, hence, 

the number of expected clusters.  
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