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Abstract 
Structural Health Monitoring (SHM) aims to assess the integrity of structures. This can be 
achieved by means of various nondestructive testing techniques. It is based on sensors and 
actuators that are designed to live permanently with the structures to be monitored. These 
structures should be interrogated regularly during a period long enough to build a database. 
The collected data are unfortunately vulnerable to environmental and operational conditions 
changes (EOC such as temperature, humidity, pressure, vibration, flow, etc.), which can 
influence the used electronic devices, transducers time behavior, and even the structure itself. 
In order to ensure a reliable health monitoring, data should be corrected (i. e. minimizing the 
error induced by these EOC). In general, data correction can be manual or automatic, but in 
SHM systems, it should be automatic and so, algorithms should be developed to resolve 
efficiently this problem. In this paper, we present an extensive description of the 
aforementioned problem, and a literature review of the developed methods for overcoming it. 
The proposed technique for data correction will be explained with some mathematical 
formulations. This technique was applied on a case of study, which was a pipeline. The main 
results will be shown and discussed.  
 
1 INTRODUCTION 

Structural Health Monitoring systems rely on the use of nondestructive testing techniques. 
The choice of a suitable one depends on the structure characteristics, environments and types 
of potential damage. When dealing with tubular structures, ultrasonic guided waves 
technique has shown its efficiency in this context [1, 2]. These waves can propagate over 
long distances without too much attenuation. Besides, they are very sensitive to structural 
discontinuities which could be induced by the presence of defects. If damage is present, the 
wave’s characteristics will be changed after interaction with it. Hence, SHM systems try to 
compare continuously two subsequent ultrasonic signals in order to detect this change. From 
this definition, two questions can be derived. Firstly, what is the efficient way for comparing 
two signals? Secondly, how can we guarantee that the detected changes are due to damage 
and not produced by the variation of the structure’s environments (Temperature, humidity, 
noise, flow)? In the literature, several publications have tried to answer the first question and 
have proposed different methods of comparison [3, 4]. However, the second question has not 
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received much attention. Although, the response to this question is considered as one of the 
principal and elementary process in SHM (referred to as Data Cleansing [5]).  

The process of data cleansing comes just after data acquisition and before feature 
extraction, it makes use of some signal processing techniques such as filtering in order to 
correct the collected signals. Actually, due to the natural ageing of sensors, environmental 
effects and system configurations, the acquired signals, even in the case of undamaged 
structure, are drastically changed [6]. This change is observed in both amplitude and 
propagation time of signals. Theoretically, it has been shown that the change in the 
propagation time is essentially induced by temperature variation because it causes thermal 
expansion of the structure [7]. This environmental factor is also responsible for amplitude 
modification according to some experimental studies [8, 9]. In these circumstances, some 
feature-based frameworks for damage detection will be unreliable and should not be 
implemented for in-situ monitoring. SHM researchers are aware of this issue and try to adapt 
the already developed methods of comparison to deal with the environmental changes that 
the structures face. For example, Rizzo et al [10] applied the Discrete Wavelet Transform 
(DWT) to denoise the collected signals. Mulligan et al [11] developed a method for 
correcting debonding effects of piezoelectric transducers which are attached to structures 
subject to impact loading tests. Such a configuration is unlikely observed when monitoring of 
tubular structures.  

 In the present work, we propose a novel algorithm for data correction. This algorithm was 
applied to a monitoring data acquired from a pipeline structure. This data was gathered using 
the well-known phenomenon of guided waves generation and reception which is: 
piezoelectricity. 

2 METHODOLOGY FOR DATA COLLECTION 

A pipeline structure was monitored during a period of three months. Each week, multiple 
measurements were scheduled. At each measurement, five signals were acquired in the 
morning and in the evening in order to quantify temperature changes during the day and to 
investigate its effects on the collected signals. Signal collection was performed using a 
permanently installed sensor connected to a data acquisition system as it is shown in Figure 
1. This system excites five different frequencies (14, 18, 24, 30, 37 kHz) and two propagation 
modes (Torsional and Flexural). 

 

Figure 1. Sensor and data acquisition system designed for pipeline health monitoring 

At the end of the monitoring period, a total of 236 signals were collected where 207 ones 
were served as baseline and 29 signals were acquired from a damage state (An example of a 
baseline signal is shown in Figure 2). Damage was created by removing material from the 
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inside of the pipeline in six increasing steps in order to simulate corrosion growing within the 
structure. 

 

Figure 2. An example of a baseline signal (blue) and its envelope (red) (excitation frequency: 14 kHz, 
propagation mode: torsional) 

The processing of these signals has shown that the baseline data underwent drastic changes in 
both amplitude and time propagation. Despite this, a feature extraction was performed by 
selecting the Root Mean Square (RMS) as a damage-sensitive feature. It is a statistical 
descriptor which is given by:  

                                                                     岫 岻   √  ∑                                                                              (1) 

where X = {x i}, X ϵ RN,1 is a signal defined by i samples. 

Result in Figure 3 shows that damage cannot be detected and due to the high dispersion of 
the baseline signals, some feature-based or data-driven frameworks for damage detection 
could not be used in these circumstances. An intuitive solution to this problem is to correct 
the signals according to the first collected baseline signal in terms of the amplitude and the 
propagation time. The next section is devoted to a detailed explanation of the proposed data 
correction algorithm. 

 

Figure 3. RMS of the collected signals (the red line separates damage signals from the baseline) 
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3 DATA CORRECTION ALGORITHM 

The proposed algorithm for data correction is divided into two major steps: propagation 
time and amplitude correction: 

3.1 Propagation time correction 

In the literature, different methods for time delay estimation can be found [12]. In this study, 
a method based on the cross-correlation was chosen.  

The cross correlation between two signals   岫 岻 and   岫 岻, over a time interval [0 H-τ], is 
defined as: 

             岫 岻  ∫    岫 岻  岫   岻                                                     (2) 

where t,   and T are respectively the time, the lag and the transpose operator. The maximum 
peak of  岫 岻 indicates the estimated time delay where the signals are best aligned:            ( 岫 岻)                                                           (3) 

Once the time delay is estimated, the signal is simply shifted by this delay. 

3.2 Amplitude correction 

To correct the amplitude, the least squares estimator that minimizes the quadratic error 
between a measured signal    and the first baseline    was used. It is calculated by:   ̂           ‖      ‖                                                    (4) 

The solution to this minimization problem is given by: 

                ̂                                                                                     (5) 

In order to get best match between the two signals in terms of amplitude, the measured 
signal    is multiplied by this estimator:   ̂   ̂                                                                         (6) 

4 DAMAGE DETECTION METHOD 

To determine whether the structure is damaged or not, a method for damage detection has 
to be applied to the corrected data. Since data from damage state cannot be known a priori, 
damage detection is done by unsupervised learning algorithm, namely novelty detection (also 
known as outlier analysis) [3]. This algorithm aims to identify if the measured signal has 
deviated from the baseline distribution by defining a threshold.  The threshold value is 
closely dependent on the baseline data and how it can be statistically represented. Besides, 
according to the damage-sensitive features which can be considered separately or 
simultaneously, two types of outlier analysis can be applied: univariate or multivariate. In 
this study, we have applied the univariate analysis where RMS was selected as a damage 
sensitive feature. Result in Figure 4 shows that all damage types have been clearly detected 
and identified except for the first one. Moreover, there is a good discrimination between all 
damage types and more particularly the last one. Consequently, as damage increases, its 
probability of detection becomes very high. However, some false indications of damage can 
be clearly noticed. These indications could be avoided by increasing the threshold, but this 
will directly affect the damage sensitivity.    
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Figure 4.RMS of the collected signal after application of the data correction algorithm 

It is worth noting that, since the amplitude change and the time delay are not uniform, the 
data correction algorithm was applied to different parts of the signal. The optimal number of 
parts, in terms of damage detectability, was subject to multiple tests. Obviously, the signal 
should not be divided into very small parts, otherwise, the correction algorithm will mask the 
damage signature.  

5 ANALYSIS OF THE FLEXURAL MODE 

The acquisition system is capable of exciting two different propagation modes: torsional 
and flexural. Torsional mode is used in periodic inspections because it is non-dispersive. 
Hence, from the records, the operator can easily differentiate between all the received echoes 
and determine to which configuration corresponds each echo. In contrast, flexural mode 
signals are very complicated and difficult to interpret because this mode is very dispersive. 
An example of a collected signal generated by the flexural mode is shown in Figure 5. 

 

Figure 5. Example of a flexural mode signal 

Since most of the monitoring methods do not require an interpretation of the ultrasonic 
signal’s components, it is of interest to analyze these particular signals. The same approach 
that was applied to torsional mode signals was used in this case. A feature extraction was 
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performed on the all collected signals (Baseline and damaged). RMS was selected as a 
damage-sensitive feature. As it was expected, the baseline signals (shown in Figure 6) are not 
stable. Thus, without signal correction, damage cannot be detected.  

 

Figure 6. RMS of the flexural mode signals 

The algorithm of data correction was applied to the flexural mode signals, but in this case, the 
amplitude correction was sufficient to get a satisfactory result (Figure 7). This result is much 
better than the case when using torsional mode signals because the sensitivity has been 
enormously increased (all types of defect were detected including the first one). Furthermore, 
there is no need to split the signal into different parts. 

  

Figure 7. RMS of the flexural mode signals after application of amplitude correction algorithm  

6 CONCLUSIONS 

In this study, we have demonstrated that data correction is necessary when implementing a 
damage detection method in the context of Structural Health Monitoring. The proposed 
algorithm for data correction can be divided into two steps: 

 Propagation time correction based on the cross correlation. 
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 Amplitude correction by calculating the least square estimator that minimizes the 
quadratic error between the measured signal and the first baseline. 

Once the data have been corrected, a method for damage detection was applied using the 
outlier analysis. Results have shown that this method was capable of detecting all sizes of 
damage except for the first one. It has been also shown that the use of flexural mode is highly 
recommended for the monitoring of pipeline defects and more particularly corrosion because 
of the following reasons: 

 Better damage sensitivity. 
 Correct only the amplitude. 

 Do not need to split the signal into different parts. 
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