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Abstract 
Feature selection techniques aim to evaluate feature’s importance and select the most 
relevant ones. This paper concerns the selection of features in order to perform a reliable 
Structural Health Monitoring by means of ultrasonic guided waves technique. The current 
case of study deals with the health monitoring of pipelines. A corrosion-like defect was 
machined in a full-scale tube and then its size was increased in five steps. Their cross-section 
areas (CSA) go from less than 1% to around 4.5%. To get a high accuracy, a 3D laser 
scanner was used to measure these CSAs. Many signal features were extracted from the 
ultrasonic signals. An algorithm, called sequential forward feature selection, was applied on 
these features to select the most discriminating ones. For the ease of the reader, a 
background of feature selection algorithms is presented. Damage detection procedure, 
basing on the Mahalanobis distance, is described. The obtained results show that all defect 
steps were successfully detected even the smallest one. 

 
1 INTRODUCTION 

Structural Health Monitoring systems are designed to continuously provide information 
about the presence of damage in structures using permanently installed sensors. This can be 
achieved through two major steps: data acquisition and data analysis. Although data 
acquisition is a concern for a large community of researchers in SHM [1], data analysis has 
begun gaining ground in this context, especially with the advent of data driven methodologies 
[2]. These methodologies aim at detecting and classifying damage with a machine learning 
perspective [3]. In other words, SHM systems use the already developed methods in machine 
learning to detect, localize and estimate the damage severity. Since machine learning is a 
well-established field, SHM systems still need to take advantage of the developed techniques 
in this field. One of these techniques is feature selection. It is defined as the process of 
selecting the most relevant features for damage detection and classification. In this paper, the 
application of this technique in SHM context is investigated. First, a background of different 
methods for feature selection (including feature extraction) is presented. Afterthat, the 
experimental setup is explained with emphasis on damage creation procedure. Finally, the 
obtained results are shown and discussed. 
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2 BACKGROUND 

2.1 Feature extraction 

Feature extraction is the process of transforming measured signals into features (called 
also attributes) which will be the inputs of a learning algorithm. The latter is intended to 
detect and classify (if possible) the presence of damage in structures. The extracted features 
should contain maximum of information included in the collected signals by removing all 
redundant data. The relevancy of a feature can be quantified by its sensitivity to damage and 
noise immunity. An additional constraint is described by the insensitivity to the variation of 
environmental and operational conditions (EOCs) [4]. In other words, if the measured signals 
are affected by a change in these EOCs, the extracted features should be robust and stable in 
these circumstances. To handle these issues, a prior step to feature extraction is generally 
needed. It consists on applying some signal processing techniques to correct the acquired 
signals and to ensure a fair comparison with the baseline signal. A very popular method that 
reduces the effects of noise is the Discrete Wavelet Transform (DWT) [5]. It is a kind of a 
time-frequency representation which decomposes a signal into details and approximations at 
different levels. Its calculation involves the use of a mother wavelet that perfectly matches 
the signal shape. Hence, the DWT ensures a good tradeoff between time and frequency 
resolution unlike classical time-frequency representations which suffer from the Gabor-
Heisenberg uncertainty [6]. Another useful application of the DWT is data compression [7]. 
It is accomplished by removing detail information at each level of the transformation. This 
will reduce the size of the approximation signal vector and result in a much smaller size of 
the denoised signal in comparison with the original one. 

Once the preprocessing of signals is accomplished, feature extraction can be performed by 
exploiting the characteristics of the temporal signal such as RMS (Root Mean Square), 
Variance, Kurtosis, Skewness etc. However, time domain may not be sufficient to 
characterize guided waves behaviors in the structure. Therefore, the transformation in the 
frequency domain is essential to describe the dispersive nature of these waves. Furthermore, 
since guided waves signals are non-stationary, it is of interest to work also on the time-
frequency representation. The extracted features used in this study are shown in Figure 1. 

 
Figure 1. Features used in this study 
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2.2 Feature selection 

In machine learning, feature selection is defined as the process of selecting the most 
relevant features that predict the system outputs with high accuracy [8]. By analogy with 
SHM systems, feature selection is used to identify features that provide high performance of 
detection and classification of damage. Therefore, features which not contain information 
about the presence of damage or have redundant information will be discarded and excluded 
from the final subset. By doing so, the dimension of the global dataset will be enormously 
reduced, avoiding hence the curse of dimensionality [9]. It is a concept which states that after 
a certain point (in terms of features number), the accuracy of a classification algorithm may 
decrease by adding more features to the learning algorithm. Theoretically, the increase of 
feature’s dimensions should be associated with an exponential increase in training dataset 
which is impractical in most of the cases and necessitate a considerable computation time. If 
this condition is not verified, it will lead to an overfitting problem [10]. This phenomenon 
can be noticed when the error of classification for the training data decreases while it 
increases for the validation data. In other words, the classifier can perfectly predict the groups 
of belongings for training data by memorizing them, but loses its ability of generalization of 
unknown data. One possible solution to detect an overfitting is the use of the cross validation 
approach [11]. It is a method used to assess the validity and the accuracy of a classifier by 
testing it on different partitions of the training data.  

It has to be noted that there is a difference between feature selection and dimensionality 
reduction methods. In the latter, selection is not based on the actual vector of features but on 
a linear combination of them. Besides, in feature selection we can evaluate the importance of 
every single feature while in dimensionality reduction methods, the information about the 
degree of contribution of each feature is often lost because of the fact that the linear 
combination cannot be easily understood [12]. 

Feature selection can be performed mainly through two different methods which are: 

 Filter methods: They use some characteristics of the training data such as distance, 
correlation, information gain, fisher score etc., to rank the features. The selection of the 
most relevant features is based on this ranking characteristic by choosing the features 
with the highest rank. However, features selection in this case is independent of the 
classifier performance [13]. 

 Wrapper methods: They search for the optimal number of features according to a 
criterion which is generally based on the high accuracy of classification of a learning 
algorithm. Multiple combinations of the available features are tested. The feature subset 
that gives the best performance is finally chosen. Nevertheless, these methods are 
computationally expensive. For example, if n features are considered, the algorithm 
will search for    possible combinations. For this reason, many heuristics have been 
proposed that converge quickly to a relevant solution. The most prominent one is : 
Sequential Forward Feature Selection (SFFS) [14]. 

Since filter methods do not take into consideration the classifier performance, they cannot be 
used for selection of damage sensitive features. Wrapper methods are much adapted to the 
damage detection process. Indeed, other methods (namely genetic algorithm, exhaustive 
search, maximum relevance minimum redundancy etc.) can be found in the literature [15], 
but a comparison between them is beyond the scope of this study. 
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Although feature selection is a critical step in the damage detection process, this topic has not 
received much attention within the SHM community researchers. This probably because of 
the intuitive thought arguing that, more the number of features, the better the classification 
performance. It might be also implicitly integrated in the process of feature extraction. 
Nevertheless, feature selection was a subject of a research paper written by Hansch et al [16]. 
The objective of this study was the classification of defects in heat exchanger tubes. They 
have extracted ten features from two different curves (in time and frequency domains). The 
feature selection algorithm considers all possible combinations between two features and 
finds the optimal one that provides the best classification of defects (critical or non-critical). 
However, the choice of considering only two features was not justified. Rizzo et al [17] 
performed a feature selection using Artificial Neural Networks (ANN) to classify three 
different types of defects in immersed plates. Feature extraction was performed in time, 
frequency and time-frequency domains. Eight features were chosen to represent a signal. 
Since ANN is considered as an exhaustive method, the search for the optimal number of 
features is impractical, especially when the number of hidden neurons can also be variable. 
Hence, the authors have decided to test each feature individually and make a comparison 
with the case of combinations of four features. Although the case of four features shows no 
significant improves in comparison with the case of a single feature, there is no guarantee the 
optimal number of features was found because the other combinations were not considered 
(for example, the case of two and three features). A similar work using probabilistic neural 
network was conducted by Zhang et al [18]. From six extracted features, four ones were 
chosen as the most discriminative ones. Again, no explication was provided about basing on 
what criterion, this characteristic was established. 

3 EXPERIMENTAL CONFIGURATIONS 

The experiments were conducted on a pipeline structure where a corrosion-like defect was 
already created (Figure 2 right). Its size was increased in five steps. The initial state was 
considered as a reference (baseline) even if the structure is damaged. Thus, the aim of the 
damage detection method was to detect the increases in damage size. Data acquisition was 
performed using a piezoelectric sensor shown in Figure 2 (left).The size of each damage was 
estimated by a 3D laser scanner as it can be seen in Figure 3. It was noticed that the increase 
in damage depth was approximately about 1 mm per step. Besides, some changes were also 
noticed in longitudinal and circumferential extents of damage. 

 
Figure 2. Piezoelectric sensor (left), corrosion like defect (right). 
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Figure 3. Damages size estimation using a 3D laser scanner. 

4 RESULTS AND DISCUSSIONS 

Feature extraction was performed on the collected signals that were acquired at each 
damage increasing step, including the baseline state (step 0). Eight features were extracted 
from the time domain signals which correspond to the original records. In additions, other 
features were calculated from the frequency domain using FFT (Fast Fourier Transform) and 
from the time-frequency representation using the Continuous Wavelet Transform (CWT). All 
the extracted features are shown in Figure 1. These features were fed to the proposed method 
for feature selection (SFFS). This method starts with an empty set of features and adds one 
attribute at a time. The algorithm begins by testing each feature individually, then selecting 
the one that gives the lower error of classification (also called misclassification rate). In this 
study, K Nearest Neighbors (KNN) method was used as a criterion for the estimation of this 
error. Afterthat, this verification will be applied to all possible combinations of two features 
which include the already chosen one. This process continues until minimal error of 
classification is reached i.e. adding more features do not increase the classifier performance 
[19]. 

 

Figure 4. Selected features using Sequential Forward Feature Selection algorithm. 

Result in Figure 4 shows that, from eleven extracted features, only three ones were 
selected which are: Kurtosis, Crest Factor and Skewness. Finally, to ensure automatic 
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damage detection, these features were used to construct a global damage index calculated by 
the Mahalanobis distance given by: 

                                                       ̅           ̅                                                                    (1) 

where   is the potential damage vector,  ̅ is the mean vector of the baseline,   is the 
covariance matrix of the baseline and    is the transpose operation. 
 
To calculate this distance, each damage type should be represented by a statistical 
distribution. To do so, a random noise, with a controlled amplitude, was added to the signals. 
Hence, two hundred signals were created for each damage. The Mahalanobis distance of all 
types of damage signals, including the baseline is shown in Figure 5 by means of boxplots. It 
is a convenient way to show some statistical characteristics of a group of data (mean, 
quartile, outliers etc.). The obtained result confirms the relevancy of the selected features in 
terms of damage detectability and sensitivity.  

 

Figure 5. Mahalanobis distance for all damage sizes including the baseline. 

5 CONCLUSIONS 

In this paper, a method for feature selection in Structural Health Monitoring was investigated. 
This method, called Sequential Forward Feature Selection, consists on sequentially selecting 
features, basing on a criterion, until there is no improvement in the classification 
performance. It was tested on different extracted features (in time, frequency and time-
frequency domains) from damage and baseline signals. These signals were acquired from a 
pipeline structure where a corrosion like defect was already created. The size of this damage 
has been intentionally increased in five steps (the increase in depth was approximately about 
1 mm per step). The objective of this study was to detect damage changes in size by firstly 
selecting most relevant features which are Kurtosis, Crest Factor and Skewness. Afterthat, 
these features were fed to an unsupervised learning algorithm where the Mahalanobis 
distance (calculated basing on the selected features) was used as a damage index. 
 
Finally, it has to be noted that the selected features are relevant, but may not be optimal. 
Indeed, considering that once, a feature is added it cannot be removed, there is no guarantee 
that the optimal subset will be found, especially when two features, considered individually, 
show worse performance but together are very discriminating. 
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