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Abstract 

 

Fiber Optic Sensors (FOS) have been used for Structural Health Monitoring (SHM) in 

aerostructures since they offer attractive advantages over standard electric gauges such as 

electromagnetic immunity, embedded ability, and small size. Damage detection 

performed directly from data acquired by this kind of sensors (in particular Fiber Bragg 

Gratings or FBGs) cannot be achieved since such sensors can only measure strain and 

temperature and are not able to measure damage by themselves. Different alternatives 

have been proposed in order to develop a global, automatic damage detection technique 

based on strain data. One of those techniques consists of studying the correlations among 

different sensors in a sensor network by using pattern recognition techniques, with the 

aim of unveiling changes in the global stiffness of a structure promoted by damage 

occurrence. However, in real-world aerostructures, variations in the operations conditions 

may also change the strain field, affecting the performance of these techniques. In this 

paper, a novel methodology based on strain and telemetry data fusion is proposed as an 

improvement of the global damage detection technique based on strain field pattern 

recognition. The technique was validated by using data a from autopilot telemetry and in-

flight strain data of an Unmanned Aerial Vehicle (UAV) instrumented with 20 FBGs 

embedded in its wing structure. Different artificial damages were induced into the wing’s 
main beam (made of Carbon Fiber Reinforced Polymer, or CFRP) in order to test the 

whole methodology using different raw sensor and feature-level data fusion techniques. 

The results demonstrated the capability of the methodology for detecting damages during 

UAV operation and aim to provide solutions for a practical implementation of FOS-based 

SHM in real-world composite aerostructures. 

 

 

1.  Introduction 
 

Structural Health Monitoring (SHM) has become a popular research topic over the last 

decade in different engineering fields such as civil engineering, naval engineering, 

aerospace engineering, among others (1). Several SHM techniques and methodologies 

have been developed and proved for in laboratory-controlled conditions. However, the 

implementation of such techniques and methodologies in real structures, operating under 

complex load condition plus variable ambient conditions, has represented a big challenge.  

 

One of such techniques, which has been successfully proved at laboratory scale, is strain-

field pattern recognition, or strain mapping, by using Fiber Bragg Gratings (FBGs) as 

strain sensors. The main idea of this technique is studying the correlations among 
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different strain sensors by using automatic techniques with the aim of unveiling changes 

in the global stiffness of a structure promoted by damage occurrence (2). 

 

One of the main limitations of strain-field pattern recognition is that operational 

conditions promote changes in the strain field just like the damage occurrence does. The 

reader can think, for example, in a cantilever beam of square cross-section with a constant 

magnitude and direction load applied at the free tip. If a damage occurs (i.e. a crack at 

any beam’s position), the local and global beam stiffness will change as a consequence 

of the local inertia change promoted by damage. However, if the beam is rotated a small 

angle at the fixing point, even for the undamaged condition, the beam’s global stiffness 

will change promoted by the change of the section’s inertia. 

 

Therefore, for strain-field pattern recognitions SHM techniques, the changes in the strain-

field promoted by changes in the operational conditions must be decoupled from those 

changes in the strain-field promoted by damage occurrence. This limitation has been 

overcome by developing a methodology based on unsupervised classification techniques 

which allows to “separate” load conditions from a general baseline in order to build 
specific baselines for each load condition.  

 

Each specific baseline is used later to build a model for each load condition. Several 

techniques have been proved effectivity to build such models (Principal Component 

Analysis, Factor Analysis, Non-Linear Principal Component Analysis, Singular Value 

Decomposition, etc.). In the last stage, operational data are projected onto the specific 

baseline models according to their similitude with those and, then, damage indices are 

calculated in order to infer if the operational data belong to an undamaged or damaged 

condition.    

 

This whole SHM methodology based on strain-field pattern recognitions has proved to 

be sensitive enough to detect even small damages in structures such as a 1.5 m length 

aluminum beam under several different dynamic loading conditions, a 12 m length wind 

turbine blade made of Carbon Fiber Reinforced Polymer (CFRP) under several different 

static loading conditions, a 1.5 m high and a 0.9 m diameter lattice spacecraft isogrid 

structure made of CFRP under different static loading conditions, a 1.5 m length section 

of the main wing’s beam of an Unmanned Aerial Vehicle (UAV), called SMARP UAV, 

made of CFRP under different static loading conditions (3). 

 

In order to prove the developed methodology in a real aerostructure, a 4 m wingspan UAV 

was build integrating 20 FBGs embedded into the main wing’s structure fully made 

CFRP. In addition to strain sensors, the UAV was provided with an autonomous flight 

control, or autopilot, which includes several sensors to measure accelerometry, 

temperature, wind speed, rotations, atmospheric pressure, etc. 

 

The aim of the current work is to present an improvement of the developed damage 

detection methodology and at the same time, its validation in a real-world aerostructure 

application. The improving strategy included three different data fusion levels. In a first 

stage, a raw sensor-level fusion was performed by merging data from telemetry and strain 

sensors. In a second stage, a feature-level data fusion was implemented in order to 

produce feature vectors for classification and, lastly, a pattern-level data fusion was 
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carried out combining feature vectors which serve as input for the pattern recognition 

technique mentioned. Then, the proposed data fusion approaches were compared by 

means of a Receiver–Operator Characteristic (ROC) curve analysis.  

 

2.  Background 
 

With the increase in the use of composite materials in aerostructures, the need of 

developing adequate SHM solutions, capable of operating under the dynamic loading and 

operational conditions that real-world aerostructures face, has increased as well.   

 

In this context, Fiber Optic Sensor (FOS)-based SHM has attracted the interest of 

researches due to the advantages that this kind of sensor offer; especially, FBGs stands 

out due to their electromagnetic immunity, embedded ability, and smaller size, compared 

with electrical gauges. However, there are currently few in-flight applications of FOS-

based SHM in full-scale aerostructures due to several factors such as sensor installation 

difficulties, management and processing of a large amount of acquired data, certification 

issues, etc. 

 

Most of the existing practical applications have been performed in UAVs, also known as 

Remotely Piloted Aircraft Systems (RPAS), since their market has increased 

exponentially in the last years and they can provide low-cost, reliable and simple 

platforms for the developing and testing of the systems prior a further implementation in 

commercial aircraft.  

 

Frövel et al. carried out in-flight load monitoring in the 6-m wingspan SIVA UAV 

instrumented with 15 FBGs in several structural points and, they aim to accomplish the 

same in the MALE UAV MILANO, under development, equipped with 70 FBGs. The 

results obtained with the SIVA UAV demonstrated the damage detection potential of the 

data (4). Kim et al. implemented a FOS-based SHM system to monitoring loads in the 

ultralight JABIRU UL-D aircraft. Several flights were conducted demonstrating 

successfully the system operability and reliability over large flight periods (5). 

 

Kressel et al. performed structural integrity monitoring of the composite boom of the 

Nishant UAV by studying the cross-correlations among the normalized measurements of 

the FBG sensors. The authors implemented Principal Component Analysis (PCA) to 

reduce the feature size and identified boom overload and damage (6). This work appears 

to be the nearest to a real-world in-flight damage detection based on data-driven models 

and FOS, since most of the reviewed work performed only load and usage monitoring.  

 

Data-driven models are signal processing techniques that do not require physical 

modeling and, instead they used large amounts of data. Pattern recognition, which is 

based on data-driven models, can be formally defined as the act of taking raw data and, 

based on the “category” of the pattern, make some decision (7). From the SHM 

perspective, pattern recognition can be associated with the understanding of a system, 

structure or component behavior through studying physical parameters gathered from 

different kind of sensors. The aim consists of inferring the structural integrity based on 

the study of the change of such patterns.  
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From this point of view, the primary goal of pattern recognition techniques is the 

classification of data associated with different underlying attributes inside the data sets, 

which many times are not evident. Classification can be performed in a supervised or 

unsupervised way depending if “examples” of the classes (predefined classes) are 

available in order to compare data against such “examples” or if, on the other hand, there 
is no information available about the possible shape of the clusters (groups of classes). 

Therefore, the pattern recognition problem can be defined as a classification or 

categorization task, where the classes must be defined by the system designer in the 

supervised classification or learned based on the similarity of patterns in the unsupervised 

classification (8). 

 

Damage detection based on pattern recognition techniques are classified into two 

categories. The first approach has been called “statistical methods” and the second one 
has been called “syntactic methods” (9). Syntactic methods classify data according to 

their structural description whereas statistical methods classify by assigning features to 

different classes using statistical density functions. Both methods have some limitations 

approximating local behaviors of data in high-dimensional spaces. In order 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” (10). 

 

For this work, a statistical method based on Self Organizing Maps (SOM) was used as 

pattern recognition technique. The method can be classified as a subset of Machine 

Learning Techniques (MLT) where both density and distance information are extracted 

from data in order to extract both intrinsic data structure and segmentation to perform an 

unsupervised clustering.  

 

In the methodology presented in this paper, the algorithm assumes a cluster as a dense 

region of “objects” surrounded by a lower density region. The algorithm is capable of 

determining automatically the number of clusters during the learning process, then, no a 

priory hypothesis about the cluster number is needed. The algorithm is called Local 

Density-based simultaneous Two-Level Clustering (DS2L-SOM). For a further 

explanation, the reader is directed to (2). 

 

This task is important since when strain field pattern recognition is performed for damage 

detection, both operational conditions (i.e. change in the load magnitude and type of load) 

and damage occurrence can promote changes in the strain field. Therefore, it is necessary 

to uncouple both effects in order to be able to detect changes in the strain field only 

associated with the damage occurrence. In the case of aerostructures, operational data 

collected from other types of sensors (i.e. the flight data required for control and guidance 

in an aircraft) can be fused with strain data to overcome the coupling effect problem by 

knowing the current operational condition of the system.  

 

Within the context of SHM, data fusion can be formally defined as the procedure of 

combining information gathered from multiple sensors in order to improve the accuracy 

of the damage detection process. The fusion can include data from homogeneous sensors 

(i.e. same physical magnitudes) or heterogeneous sensors (i.e. different physical 
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magnitudes) where standardization, cleansing and compression processes are an integral 

part of the fusion process (11).  

 

According to Esteban and Starr (12), multisensory systems in conjunction with data 

fusion (also called sensor fusion) are desirable in order to: increase the signal to noise 

ratio (SNR), increase the robustness and reliability of the damage detection methodology, 

obtain information related to independent system’s features, increase the coverage of the 
sensor’s network, improve the resolution and the confidence, improve the hypothesis 
discrimination and, finally, reduce the measurement times. 

 

Farrar and Worden (11) define four levels of data fusion: in the first level (raw sensor 

level data fusion), data for two or more sensors are combined before any preprocessing 

procedure. In the second level (feature level data fusion), two or more preprocessed sensor 

signals are combined to produce a feature vector which can be used in the classification 

process. In the third level (pattern level data fusion), two or more feature vectors are 

combined and presented to the pattern recognition algorithm. Finally, in the fourth level 

(decision level data fusion), two or more classifications are combined to produce a 

decision with a higher confidence.  

 

Within the context of this work, two of these levels of data fusion were tested. The first 

strategy consisted of raw sensor level fusion and the second strategy consisted in feature-

level data fusion.  

 

3.  Experimental setup 

 
The SMARP UAV was developed in previous work in order to gather in-flight strain data 

of a composite aerostructure (13). The 4 m wing main beam of the UAV was made of 

CFRP and 20 FBGs were embedded during the manufacturing process. The 

instrumentation process consisted of bonding the sensors with cyanoacrylate in a square 

balsa wood core and then hand lay up the CFRP skins over the core. The FBG sensors 

were located as follows: 

 

- Five FBGs in the upper surface to measure strain from compression loads. 

- Five FBGs in the bottom surface to measure strain from tension loads. 

- Five FBGs in the right-hand lateral surface to measure strain from positive torsion 

loads. 

- Five FBGs in the left-hand lateral surface to measure strain from negative torsion 

loads. 

The on-board optical acquisition system is composed by a C-band light source using a 

superluminescent diode (SLD), a single-channel optical interrogator, an optical fiber 

circulator and a 1×4 splitter. The data acquired were saved in a minicomputer and sent to 

a ground station through a wireless data transmission system. For a further explanation 

of the system see (13). 

Strain data were acquired during a total of 16 flights with a sampling frequency of 100 

Hz. Each flight routine consisted of take-off, flight during an average time of 8 minutes 

including different maneuvers, and landing. The performed maneuvers were cyclic 
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variations in the roll (turning right and left), pitch (climbing and descending), and yaw 

angle (slipping right and left), which were repeated twice in each flight routine. 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 1. The SMARP UAV during flight test (left) and examples of the artificial positive damages 

induced in the main wing’s beam (right). 

 

Such maneuvers intended to induce in the structure different types of load conditions and 

load magnitudes.   

 

Six of the total flights were carried out in a pristine condition, namely, no damage was 

induced in the structure for these flight tests. Then, six different artificial damages were 

induced, and flight routines were performed twice for each damage. The artificial 

damages consisted of galvanized steel plates of different sizes bonded onto the composite 

beam by using a moisture-cured polyurethane adhesive with the aim of simulating a real 

damage. These damages represent local stiffness changes without risking the flight safety. 

In Figure 1, the UAV during a flight test is shown (left) and examples of the artificial 

damage number 5 (bonded on the lateral surface), and damage number 6 (bonded on the 

bottom surface) are shown (right).  

 

In conjunction with the strain data, telemetry data from the mRo® Pixhawk (PX4) 

autopilot were gathered for the flights as well. The UAV’s autopilot has a 32-bit 

STM32F427 Cortex® M4 core with FPU microprocessor, an ST Micro L3GD20 3-axis 

16-bit gyroscope, an ST Micro LSM303D 3-axis 14-bit accelerometer/ magnetometer and 

an Invensense® MPU 6000 3-axis accelerometer/gyroscope and a MEAS MS5611 

barometer, and a 24-bit ADC 3DR® airspeed sensor. The information from these sensors 

was collected in data logs for every flight through the Mission Planner® platform (14). 

 

From these data logs, variables that can affect directly or indirectly the load conditions or 

load magnitude were identified and isolated for being fused with the stain data. However, 

these variables, which were gathered from different types of sensors, differ in time and 

frequency among themselves and among the strain data.  This represents a challenge when 

performing data fusion since all the data should be synced and folded in unique matrices 

prior to the processing with the developed pattern recognition techniques. This can be 

defined as raw sensor-data fusion because data from different sensors is merged. In Table 

1, the identified variables and their details are presented.  

 

 

Artificial damage 5 

Artificial damage 6 
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Table 1. Variables selected for data fusion.  

Source Variables 
Frequency 

[Hz] 

Inertial 

measurement 

unit (IMU) 

Angular velocity in the three 

axes [deg/s], acceleration in 

the three axes [m/s2]. 

50 

Barometer Pressure [bar]. 10 

Airspeed 

sensor 

Temperature [°C] and 

airspeed [m/s]. 
10 

Attitude 

information 

Roll [deg], pitch [deg], yaw 
[deg], angle of attack [deg], 

angle of sideslip [deg]. 

25 

 

In order to overcome the synchronization problem, several procedures for building the 

fusion matrix were tested. The procedure, which obtained more suitable results, consisted 

of seeking for each strain data the nearest data in time in the other data sets. That is to 

say, for each time-stamped row of 20 strain measurements is sought the row of the other 

data which minimized the difference between time stamps. It is important to highlight 

that this procedure will result in piecewise constant interpolation of the data sets with 

lower sampling frequencies.  

 

The delay between the different signals, which presents the acquired measurements, is 

also another challenge to overcome. The authors used the cross-correlation function 

between two signals to minimize it. This is based on the assumption that the cross-

correlation function is maximum when the lag is equal to the delay (15). 

 

After having all the variables in a synchronized matrix, strain data were thermally 

compensated in order to reduce the error due to changes in temperature, considering that 

FBGs are sensitive to temperature as well. Then, three preliminary approaches were 

selected to be tested as inputs of the damage detection methodology. These approaches 

are focused on standardization, which plays a significant role in pattern recognition 

techniques since allows the decoupling of several conditions (16)  and represents data 

fusion at the feature level.  

 

The first approach consisted in standardization using the acceleration in the Z-axis, 

namely, every row of the strain data was divided to its corresponding acceleration Z 

magnitude. This with the aim of decoupling the changes in the “patterns” due to load 
magnitude. Acceleration Z is a suitable variable because in this direction is where the lift 

and weight acts (forces causing the higher strains in the structures), and it is directly 

proportional to the aircraft load factor.  

 

The second approach was to standardize with a feature fusion variable. Key variables 

associated with the longitudinal aircraft dynamics, such as the angular velocity in the Y-

axis, acceleration in the Z-axis and pitch angle, were merged into a single variable by 

using the absolute-value norm. In other words, the square root of the sum of the variables 
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squares. The strain data involving the longitudinal dynamics (tension and compression) 

were standardized using such feature fusion variable. 

 

Similarly, key variables associated with the lateral aircraft dynamics, such as the angular 

velocity in the X-axis and roll angle, were merged by means of the same procedure. In 

this case, the strain data involving the lateral dynamics (torsion positive and negative) 

were standardized using such corresponding variable.  

 

The third approach consisted of standardization using the maximum strain value, that is 

to say, each strain datum is divided to the sensor having the maximum strain. This sensor 

is the nearest to the wing root which belongs to the sensors measuring strain from 

compression loads. 

 

Finally, for each of the three approaches mentioned above, data were filtered in order to 

identify outliers and cleaning data. The preliminary filter used is the Hampel identifier 

(17). Therefore, the data sets to be tested in the developed damage detection methodology 

based on DS2L-SOM and Principal Component Analysis include the three data fusion 

approaches without filtering, the same three after filtering and the raw data, which implies 

no standardization and no filtering.  

 

4.  Results and discussion  

 
As can be seen in Table 2, the number of clusters is presented for the different data fusion 

approaches. Such number of clusters represent a particular number of load conditions for 

the aircraft under flight operation. This number plays a key role since determines how 
 

Table 2. Results for 95% and 99% of confidence. 

Description 
No. of 

clusters 

95% 99% 

TPR TNR FPR FNR TPR TNR FPR FNR 

Data standardized 

with Acceleration 

Z  

38 0.8916 0.4827 0.5173 0.1084 0.275 0.993 0.007 0.823 

Data standardized 

with Acceleration 

Z and filtered 

19 0.8792 0.5329 0.4671 0.1208 0.438 0.981 0.019 0.562 

Data standardized 

with feature 

fusion 

75 0.6581 0.8376 0.1624 0.3419 0.302 0.972 0.028 0.698 

Data standardized 

with feature 

fusion and filtered 

86 0.756 0.8888 0.1112 0.244 0.434 0.967 0.033 0.566 

Data standardized 

with maximum 

strain 

18 0.9993 0.0231 0.9769 0.0007 0.997 0.027 0.974 0.003 

Data standardized 

with maximum 

strain and filtered 

3 0.8421 0.6391 0.3609 0.1579 0.095 0.967 0.033 0.905 

Raw data 95 0.9452 0.7389 0.2611 0.0548 0.903 0.781 0.219 0.097 
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many models will be created, if the number of clusters is large, namely, there were 

identified a lot of load conditions, the clusters may have fewer data and, therefore, the 

model may fit more accurately.  

 

Besides the number of load conditions, Table 2 presents the performance of the whole 

methodology for each data fusion approach. True positive (TPR), true negative (TNR), 

false positive (FPR) and false negative (FNR) rates are presented for both 95% and 99% 

of Q-index confidence levels (damage thresholds) (11), (18). 

 

In Table 3, the F1 score and the mean area under the ROC curve of every model, or AUC 

(Area Under Curve) for both 95% and 99% of Q-index confidence levels are presented. 

The F1 score and the AUC aim to provide, in a quantitative way, the accuracy of the 

whole methodology (19). As can be seen, the performance is acceptable in all cases; 

however, the best results were obtained for the raw data, followed by data standardized 

with the feature fusion variables and filtering, this for the case of 95 % confidence level. 

 

This is due to the fact that the aim of the data fusion is to decouple the conditions that 

affect the strain field and that are not related to a damage occurrence. That is why, when 

data are standardized, the number of clusters is reduced resulting in larger clusters, where 

the models may not fit accurately. This may be the reason why, unless in the raw data 

several conditions are coupled, better performance was demonstrated. 

 

However, the desirable condition is to have less number of clusters and less number of 

models in order to have a non-overfitted methodology with lower computational costs. 

Fuzzy logic-based clustering techniques and other feature fusion techniques need to be 

tested.  

 

Among the data fusion approaches tested, it can be said that the better performance was 

achieved when the feature fusion and filtered approach is used.  It can be explained since 

 
Table 3. F1 score and AUC results for 95% and 99% of confidence. 

Description 
F1 score  

95 % 

F1 score  

99 % 

Mean 

AUC 

Data standardized with 

Acceleration Z  
0.8225 0.4296 0.9227 

Data standardized with 

Acceleration Z and 

filtered 

0.8299 0.6049 0.92 

Data standardized with 

feature fusion 
0.7548 0.459 0.8686 

Data standardized with 
feature fusion and 

filtered 

0.8336 0.5983 0.9164 

Data standardized with 

maximum strain 
0.7941 0.7934 0.889 

Data standardized with 

maximum strain and 

filtered 

0.8274 0.1714 0.9267 

Raw data 0.9043 0.8921 0.9256 
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it may decouple effects in the load conditions in a better way because only variables 

related to a specific behavior are used instead of one single variable, which may not be 

correlated with all sensors at the same time.  

 

In addition, it is important to mention that, the simple filtering approach used improved 

the performance since outliers may affect the clustering procedure by generating more 

small-size clusters. Other filtering techniques need to be explored in order to clean data 

in a more suitable way. It is important to highlight that the Hampel filter does not clean 

data having a low SNR, which have shown disturb the clustering processes in previous 

experiments (2), (16). 

 

4.  Conclusions  
 

The wing’s structure proved to be very stiff due to its inherent design and the materials 

used in its manufacturing. In order to deal with the uncertainties associated with the 

structural design and manufacturing in composite materials, important reserve factors 

were included in the structural design, increasing the structural stiffness. 

 

In such kind of stiff structures, the strain field changes promoted by variations in load 

conditions are very small. Therefore, the changes in the strain field promoted by small 

damages can be even smaller.  

 

Fuzzy logic-based clustering techniques are needed in order to classify fuzzy strain field 

patterns associated with highly stiff structures. Otherwise, a smaller number of clusters 

(load conditions) can be found and the global damage detection methodology accuracy is 

reduced. 

 

According to the data fusion approaches implemented in this work, none of them proved 

a better performance with the DS2L-SOM clustering technique used compared with the 

raw data. Future work will consist of developing and testing new data fusion and filtering 

techniques in conjunction with other unsupervised and semi-supervised clustering 

techniques more suitable for fuzzy data sets. 

  

The whole methodology has proved to be satisfactory to detect damages in a real 

aerostructure under real operational conditions. However, for each structure, the 

methodology must be tuned in order to improve its global performance.  
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