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ABSTRACT 
 
The first approaches to damage detection in the context of Structural Health Monitoring (SHM) focused 
on identification techniques based on physical models, which imply the need of a model to describe the 
relationship between actions and responses in the structure. However, in the case of aerospace structures, 
where complex designs and materials are used to accomplish the demanding requirements, it is difficult 
to estimate accurate models to be used for diagnosis in aircraft Health and Usage Monitoring Systems 
(HUMS). This is even more evident with the increased use of composite materials in the aerospace 
industry. In this way, data-driven models which are based only on experimental data have been 
successfully implemented. Such techniques use machine learning algorithms to “learn” and evaluate the 
structural integrity with high accuracy. In previous work, the authors have developed a methodology 
based on Self-Organizing Maps (SOM) and Principal Component Analysis (PCA) for this kind of 
structures. Suitable results were obtained for strain data acquired from an Unmanned Aerial Vehicle 
(SMARP UAV) in flight tests by means of 20 Fiber Bragg Grating (FBG) sensors. However, there are 
different existing machine learning techniques that can be applied to develop novel methodologies for 
this kind of structures. One promising approach is Gaussian Process (GP) modeling, which can be seen 
as a generalization of a Gaussian distribution, adapted to classification problems for diagnosis. The main 
advantage of using this type of modeling is its well-founded approach to deal with the learning and 
model selection problem. Therefore, the aim of this work is to evaluate a methodology for damage 
detection in aerospace structures based on GP modeling by means of discrete strain measurements. The 
performance of the methodology is evaluated by using Receiver Operating Characteristic (ROC) curve 
analysis achieving a F1 score of about 0.944 in the best case.  
 
 
1. Introduction 
 
Data-driven modeling has gained a special interest in the Structural Health Monitoring (SHM) 
community, particularly for aerospace applications where structures typically exhibit complex 
geometrical profiles, high complexity, nonlinear behaviors and nowadays, are commonly fabricated of 
anisotropic materials like the composite materials.  
Data-driven models typically deal with machine learning algorithms, which serve to unveil the 
underlying relationships among input feature vectors and output vectors. One of the main limitations of 
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this approach is that commonly feature vectors space in high dimensional and frequently has a fuzzy 
nature. This represents a big challenge when these methodologies are intended for Health and Usage 
Monitoring Systems (HUMS) in real applications[1]. 
 
Fiber optic sensors (FOS) has been used in SHM for load monitoring, damage detection and hot spot 
monitoring. FOS are implemented for monitoring hot spot which implies that damage detection is 
performed in areas surrounding the sensor. That is why this technique has been considered as a local 
SHM technique. However, recent developments have demonstrated that by using machine learning 
algorithm and discrete strain measurements acquired using FOS, it is possible to infer the structural 
integrity and perform damage detection in a global manner since damages produce slight changes in the 
strain field that can be detected by using data-driven robust methodologies[2].  
 
Different modeling methodologies and techniques have been reported in the literature for performing 
SHM tasks. Most of them work very well where the differences among pristine and damaged patterns 
are significant. However, when the differences are small such techniques exhibit some difficulties. 
Gaussian Process (GP) modeling is a promissory statistical technique, which offers advantages over the 
traditional modeling techniques due to its well-founded approach to deal with the learning and model 
selection problem and its less associated uncertainty[3].  
 
Few applications of GP modeling have been reported in the SHM literature. Hensman et al. proposed 
the location of acoustic emission sources in complex structures using GP modeling[4]. Teimouri et al. 
implemented a GP-based SHM methodology for predicting size and location of damages in an airfoil 
made of composite materials[5]. Torres-Arredondo and Tibaduiza-Burgos developed a damage detection 
methodology using GP and piezoelectric sensors to be implemented in aerospace structures[6]. 
 
However, according to a thorough literature review, GP modeling approaches has not been applied to 
FOS-based SHM in real-world aerospace structures. Therefore, the main objective of this paper is to 
explore the damage detection task in the SHM context through a methodology using probabilistic data-
driven modeling based on GPs and strain field pattern recognition, or strain mapping, through Fiber 
Bragg Grating (FBG) sensors. The methodology was experimentally validated by using real-flight strain 
data from the wing of SMARP UAV, which was constructed from composite materials.  
 
In the proposed methodology, feature vectors obtained from a data fusion process where discrete strain 
measurements from different points were fused. The parameters of this data-based parametric model of 
the structure and its predictive errors become damage sensitive features used to infer the presence or 
absence of damages. Then, SOM-based clustering was performed in order to group data according to 
variations in environmental and operational conditions. Finally, damage detection was achieved by 
performing binary classification using GP models for each cluster. The results were analyzed using 
Receiver Operating Characteristics (ROC) to quantify the performance of the methodology.  
 
 
2. Theoretical background 
 
2.1 Feature extraction using data fusion from strains measurements 

 
In SHM based on pattern recognition context, feature extraction can be defined as the process of 
obtaining feature vectors from raw data that allows creating patterns, which allows in turn, 
distinguishing between undamaged and damaged states.  
 
According to Farrar and Worden, a damage sensitive feature is a quantity extracted from the raw data 
(physical variables measured with any sort of sensors) that indicates the presence or absence of damage 
in a structure under operational conditions[7]. 
 



 
 

In many SHM real applications, several types of sensors are used, and several different magnitudes are 
gathered. It is a common practice fusing data from multiples sensors in order to obtain features that are 
more significant. Data fusion can improve the signal to noise ratio, improve the robustness and reliability 
of damage detection, allows obtaining 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 reduce the measurement times[8]. 
 
Farrar and Worden defined four levels of data fusion: raw sensor level data fusion, feature level data 
fusion, pattern level data fusion and decision level data fusion. Within the context of this work, two of 
these levels of data fusion were tested[7]. The first strategy consisted of raw sensor level fusion and the 
second strategy consisted of feature-level data fusion. 
 
2.2 Gaussian process 

 
When data-driven models are used within the context of SHM, one modeling approach based on a 
Bayesian treatment is the GP. GP allows finding the underlying data generative mechanism.  
 
GP model is similar to Bayesian treatment of a certain class of multi-layered neural networks in the limit 
of infinitely large networks[9]. A GP can be defined as a distribution over functions where inference 
takes place directly in the functions space. GP is fully specified by a covariance function and a mean 
function. Such functions are defined separately and consist of a specification of a functional form as 
well as a set of hyperparameters. 
 
In a GP model, the Gaussian predictive distribution of an output vector is calculated based on the 
associated observed feature vectors. For a new feature vector, the estimation corresponds to the 
prediction of the mean value of the output vector. The predicted variance serves as a confidence interval 
to estimate the degree of confidence of the model’s prediction. 
 
Given a data set  of N-dimensional training feature vectors  and its related output vectors , the 
output vectors and the training feature vectors are related by equation 1: 
 

,                                                                       (1) 
  
for 1,… , , where ∙  represents a nonlinear mapping function and  is the additive Gaussian noise. 
 
The mapping function is modeled by a GP having a zero mean and covariance matrix  according to 
equation 2: 
 | ~ 0, ,                                                                  (2) 
 
Several covariance functions have been reported in the literature. Among the most used are the unit 
constant covariance function, zero covariance function, unit covariance function, additive covariance 
function, scaled covariance function, Mahalanobis distance-based covariance functions, dot product-
based covariance functions, time series-based covariance functions and etcetera. 
 
In the same way, several mean functions have been reported as well. Among the most important ones 
are the zero-mean function, constant mean function, polynomial mean function, nearest neighbor mean 
function, warped mean function and etcetera. The covariance and mean functions serve to control the 
distribution model parameters—commonly called hyperparameters. 
 
By optimizing such parameters (e.g. by means of a maximum likelihood process), it is possible to infer 
the relative importance of different inputs and makes it possible to detect which input variables have 
more effect on the predictive distribution. 



 
 

During the learning process, the covariance for two outputs is calculated as the covariance function 
evaluated at the corresponding inputs. Later, the parameters of the covariance function are tuned until 
an error function is minimized. For a more detailed description of  GP modeling, the reader is directed 
to[3]. 
 
 
3. Experimental setup 
 
Within the context of the research project entitled “Development of a remote acquisition and 
transmission of strains in an aircraft with the aim to infer the structural integrity”, a 4-meter wingspan 
UAV was designed and build[10].  
 
The UAV was called SMARP (Smart Materials Aerial Platform) and was designed with the objective 
of carrying an Ibsen® Imon-512 FBG interrogation system, a Superlum® C-band light source, a small 
Infocus® Kangaroo computer and a communication module. The SMARP structure was made of carbon 
fiber/epoxy (CFRP) and 20 FBG sensors were embedded into the main beam’s structure during the 
manufacturing process. In this way, the primary structure of one semi-wing was instrumented. 5 FBG 
sensors were placed on each of the faces of the rectangular beam, distributed homogeneously from the 
root to the ¾ of the tip.  
 
In the upper and bottom faces, the sensors were located far away from the neutral axis and intended to 
measure tension and compression strains. In the lateral faces, the sensors were located at 45 degrees in 
order to measure torsion-induced strains. In addition, a small access to the main structure close to the 
root was provided in order to induce artificial positive damages by means of bonded stiff patches to the 
beam. 
 
In addition, one temperature sensor was placed close to the midpoint of the instrumented beam and data 
from telemetry obtained from a mRo® Pixhawk (PX4) autopilot were gathered. Data included 3 axis 
gyros, 3 axis accelerations, airspeed, atmospheric pressure, actuators position and air temperature. In 
total 16 variables were obtained plus the 20 strain sensors measurements. A scheme of the whole 
platform can be appreciated in Figure 1.  
 
The main objective of the whole research project was to develop a platform which allows to obtaining 
strains in a real structure under real operational conditions to create new SHM methodologies based on 
strain field pattern recognition techniques.  A test campaign was carried out in order to gather enough 
information for this purpose. First flights for the “pristine” structure were performed. The flights 
included several numbers of different maneuvers under different speeds (i.e. roll, pitch, yaw repeated 
several times in each flight routine).  
 
In a subsequent stage, the stiffness of the beam was slightly changed by adding small steel patches 
bonded to the main beam with a semi-rigid adhesive. Several flights were performed for 6 different type 
of patches with different sizes, shapes and located in one lateral face of the beam or in the upper face of 
it. In general terms, 6 different positive damages were induced into the structure and several flights were 
carried out of each damage repeating the same maneuvers. Data from FBG sensors and all other sensors 
were synchronized in a matrix prior applying the damage detection methodology.  
 



 
 

 
Figure 1. Scheme of the acquisition and transmission system. 

 
4. Damage detection methodology 
 
The authors have developed a damage detection methodology based on Self Organizing Maps (SOM) 
and density methods for clustering operational conditions and Principal Component Analysis (PCA) for 
modeling[11]. Such methodology has worked well for detecting damages in aerospace structures under 
realistic operation. The aim of this work is to explore GPs as a modeling technique. Therefore, the 
presented damage detection methodology consists of four main steps. The first step is data prepossessing, 
which consist of cleaning data to avoid noise, then, SOM-based clustering is performed to decouple the 
changes in strain pattern promoted by conditions different from damages (operational conditions). 
Thirdly, the data are split for training and validation of GP models. The aim is to construct a specific 
model to decide whether or not damage is present for each operational condition. Finally, the decision 
of the structural condition is taken based on a threshold. 
 
After performing the first and second step, 113 clusters were found. These clusters can be seen as 113 
different operational conditions (i.e. 113 different load conditions where the load magnitude and 
direction change for the structure). Therefore, 113 GP models were constructed by using the data of 
each specific cluster. For the training of the GP models, 80% of the data of the pristine case (baseline) 
and 20% of the data of damage cases are used. The function and settings for training the GP models are 
detailed in Table 1, for a further description of the definition of such settings see[3]. Such settings were 
selected after testing several combinations.  
 
Since the datasets for the training are large, the computational cost for GP modeling is high. For 
classification using large datasets, available approximate inference methods are demanding[3]. That is 
why approximation to the exact covariance have been developed. In this work, one of the most popular 
method, the Fully Independent Training Conditional (FITC), was used for reducing computational cost.  
 
The FITC method basically consists of a diagonal correction of the subset of regressor to have the same 
diagonal as for the original kernel[12]. This requires the use of inducing points which are randomly 
selected from the training datasets. 
 
After training the GP models, the validation data were projected and the predictive probabilities for each 
datum were calculated. The decision-making was made by comparing the predictive probability with a 
threshold. In this work, three approaches were tested.  
 



 
 

The first two consist of calculating the mean and standard deviation of the predictive probabilities for 
the baseline (training data with pristine cases) and allow a confidence interval of 95% and 99% for the 
first and second approach, respectively. The last approach involves the use of ROC curves for 
calculating the optimal threshold where the sensitivity (true positive rate) and the specificity (true 
negative rate) are optimized to achieve the best performance.  
 
It is important to highlight that for a practical implementation of this methodology for in-flight damage 
detection, is more practical to use the two first approaches since data from all damages to perform a 
ROC analysis and calculate the optimal threshold may not be available. However, the optimal threshold 
can be useful to compare and test the performance of the methodology. Other important measures for 
quantifying the accuracy of the predictions are the area under ROC curve (AUC) and the F1 score. 
 

Table 1. Settings for GPs training. 
Parameters 

Prior mean function Zero mean 
Prior covariance function Squared exponential with automatic 

relevance determination distance 
measure (ARD)  

Inference method Laplace’s Approximation 
Likelihood function Logistic 

 
 
5. Results and discussion 
 
In Figure 2, the results for the True Positive Rate (TPR), True Negative Rate (TNR), False Negative 
Rate (FNR) and False Positive Rate (FPR) for 95% and 99% of confidence and the optimal threshold 
are presented. As predicted, a better performance can be achieved by using the optimal threshold. 
However, suitable results are achieved for 95% and 99% of confidence.  The F1 score for each cluster 
and the AUC mean, which is the mean of all the AUC for the 113 clusters, are given in Table 2.  
 
Since there are 113 GP models, it is difficult to show all the predictive probabilities. In Figure 3 and 4, 
such predictions are depicted for the cluster 61 and cluster 77, respectively. The figures contain the 
values for the different damage cases presented and depict the decision thresholds (explained in Chapter 
4).  
 
These clusters were selected because they represent the lowest AUC (cluster 61) and the highest AUC 
(cluster 77). The fact that some models demonstrated a poor performance such as Figure 3 or an excellent 
performance such as Figure 4 depends severely on the available training data. There are clusters 
(operational conditions) which contain a low amount of data and, then, the training of the GP model is 
not adequate.  
 
 

Table 2. Performance of the methodology.  
Description Value [-] 
F1 score 95 % 0.9300 
F1 score 99 % 0.9394 
F1 score optimal threshold 0.9444 
AUC mean 0.9457 

 



 
 

 
 

Figure 2. True Positive Rate (TPR), True Negative Rate (TNR), False Negative Rate (FNR) and False 
Positive Rate (FPR) for 95% and 99% of confidence and optimal threshold of the whole methodology. 

 
4. Concluding remarks 
 
A damage detection methodology based on data-driven models including SOM-based clustering and GP 
modeling has been proposed for damage detection in aerospace structures under several operational 
conditions. The methodology was successfully validated using strain data from flight tests of SMARP 
UAV.  
 
The proposed approach using GP modeling demonstrated to have a subtly higher performance than when 
using PCA modeling in the same step of the methodology with the same data (previous work). However, 
there are several disadvantages that need to be considered.  
 
GP modeling requires an amount of damage cases’ data for training and such damage cases may not be 
available in practical applications. Additionally, the computational cost that involves GPs is still higher 
than PCA despite the big efforts to develop approximations and methods for reducing the calculations’ 
complexity.  
 
By using GP models, it was possible to detect damages regardless of the operational condition and 
environmental variations in a real operating aerostructure. However, the methodology implies the use 
of a clustering technique to provide inputs to the GP models. This also represents a disadvantage since 
the complex of the methodology increases as the number of step growth. Future work will consist of 
exploring alternatives to perform damage detection directly for GP modeling. In addition, future 
exploration will be led to accomplish damage classification by seizing the well-known powerful 
multiclass classification of GPs.  
 



 
 

 
Figure 3. Predictive probabilities for cluster number 61 (worst AUC). BL correspond to baseline 
(training data), UND to undamaged data (validation data) and D1 – D6 to damage cases. Damage 

thresholds associated with 95% and 99% of confidence and optimal (black, blue and red dashed lines, 
respectively). 

 

 
 

Figure 4. Predictive probabilities for cluster number 77 (best AUC). BL correspond to baseline 
(training data), UND to undamaged data (validation data) and D1 – D6 to damage cases. Damage 

thresholds associated with 95% and 99% of confidence and optimal (black, blue and red dashed lines, 
respectively). 
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