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Abstract

A key problem associated with Structural Health Monitoring (SHM) is the placement of sensors upon a structure to detect the existence, location, and the extent of any damage. Since input data coming from the sensors are groups of measurements, it is arguable that the most widely used approach to SHM nowadays is to consider it as a statistical pattern recognition problem. Artificial Neural Networks (ANNs) have made a great impact on pattern recognition practice. A problem associated with this monitoring strategy is to find a good compromise between the quality of information achieved by the sensor network, increasing with the sensor density, and the need to keep the minimum weight and instrumentation cost. Thus, the number of sensors must be kept under control and a search of the optimal location of such sensors needs to be performed. 
All these aspects have been taken into account in the present work, dealing with the problem of optimum sensor placement for impact location on a multilayered composite structure.
Multilayered composite structures may suffer particularly relevant trauma when subject to low-velocity impacts, as they may produce non-visible or barely visible damage on the structure surface, while remarkable sub-surface delaminations may be present. Such hidden damage, when remaining undetected, may grow to catastrophic failure. To overcome this issue, a neural network approach has been used here to predict the impact locations on a composite panel from time-dependent data recorded on a set of surface-mounted piezoelectric sensors during an experimental impact test. A Genetic Algorithm (GA) has been used to find the optimal sensor layout which minimized the error in predicting the impact location. A new approach, based on trilateration, is discussed and compared with the traditional one, and is shown to provide the same degree of accuracy at reduced computational cost.
Key words: Structural Health Monitoring, Multilayered Composite Plates, Impact, Optimization, Artificial Neural Networks.
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	The use of composite materials for primary and secondary aircraft structures has rapidly increased during recent years mainly because of their excellent stiffness-to-weight and strength-to-weight ratios. Despite this effectiveness, composite materials may suffer from a potentially serious trauma when subjected to accidental damage of an unpredictable random nature, such as impact damage [1]. The impact location problem is particularly relevant in the case of multilayered composite structures as, for low-velocity impact, damages may be non-visible while sub-surface delaminations may be present [2-5]. Most of the traditional non-destructive techniques are impractical in these cases, as they require that the vicinity of the damage is known in advance and that the portion of the structure being inspected is readily accessible for human beings. Moreover, accessing these techniques is often time consuming and costly. Subject to these limitations, they can provide only local information and no indication of the structural strength at a system level. There is hence the need to develop a fast, accurate and cost effective method of monitoring that can inspect this type of structural damage and verify that the structure is still adequately load-bearing. 
To ensure structural integrity and hence maintain safety, in-service health monitoring techniques are employed in many engineering areas. Even more so, structural health is particularly relevant to transportation systems, since it is strictly related to structural performance.
	The biggest challenge for SHM of aerospace structures is arguably the appropriate and reasoned design of the diagnostic system. Suitable technologies that can be used under in-service conditions should be found, based on a robust damage detection scheme, able to identify damage at a very early stage, locate it within the sensor resolution being used, provide some estimate of the extent or severity of the damage and predict the remaining useful life of the structural component. The systems should also be well suited to automation, independent of human judgment and ability while being reliable and durable. The need for inspections that give global information and do not demand direct human accessibility of the structure has actually led in recent years to the development of a range of different technologies and sensing techniques for damage detection in metallic and composite materials. Such technologies utilize optical fiber and piezoceramic sensors for damage detection and are capable of achieving continuous monitoring, integrated and on-line health monitoring systems for aircraft maintenance [6].
	With such diagnostic systems, there are two crucial points which pose significant technical challenges. The first of these issues deals with the identification and the selection, among the huge amount of sensor data, of the most damage-sensitive features which allow one to clearly detect anomalies in the structure and to assess its health state. Indeed, although the basis for feature selection may appear intuitive, the correlation between the most likely damage events for the structure and the most explanatory features, and their extraction from the acquired data, is actually a crucial point which requires a great effort and surely further investigation. A vast amount of literature deals with the problem of feature selection and extraction for monitoring purposes. In [7], Worden and Manson discuss the importance of a careful feature selection, which has to keep only the discriminating features and to discard all the other redundant information. A number of measures have been developed to facilitate and assess the process of reduction and selection in the case of SHM pattern recognition [8]. The measures which are based on information theory can eliminate sensors with low information content or with high redundancy [9]. 
A second important issue in the specification of a monitoring system deals with the type of sensors to be used and their location. Despite the fact that there can be no monitoring without the appropriate sensors, the quality of the SHM essentially depends on the way sensors are placed. Actually, sensors are often placed by experimentally testing a few possible combinations and choosing the one that appears to perform the best. This process is mainly based on the accumulated knowledge and experience of those who place the sensors. However, sometimes this approach may overlook more advantageous designs.
By modeling an accurate sensor placement as an optimization problem that can be solved numerically, a suitable design can be found and a sufficient coverage can be achieved with the minimum cost and the maximum efficiency under unusual conditions such as noise or malfunctioning/breaking of one of the sensors in the network (fail-safe sensor distribution). Heuristics like Genetic Algorithms (GAs) have recently begun to show promise in this sense and a wide and detailed review of these Evolutionary Strategies for monitoring purposes can be found in [10]. The approach to fail-safe sensor optimization is instead extensively discussed in Side et al. [11] and Staszewski et al. [12] and has been used in the present work.
	A further big opportunity for the SHM of aerospace structures arises from the recent developments in advanced signal processing, such as neural networks [13,14]. Indeed, they can learn to adapt from experimental data, to process data one way, and to adapt such a processing to new conditions when they occur, offering the potential for more reliable and robust damage detection and prediction. New damage detection techniques, combined with advanced signal processing, are destined to become one of the core monitoring elements of aircraft structures; they will allow to detect and locate damage online, to estimate its severity and to make the time between inspections become large.
	The present paper proposes a new, fast monitoring system for detecting impact sites on composite structures. It is divided into five sections. The first includes the present introduction. In the second section, both the impact location classical approach and the proposed trilateration-based approach are presented within the well-established genetic algorithm/neural network computational framework. The third section describes an experimental impact test performed on a composite plate instrumented with piezoelectric sensors. The experimental set-up is described and the test planning is presented in terms of configuration of sensor and impact locations. Afterwards, data pre-processing and feature extraction are explained. A preliminary investigation on the extracted features is performed, in order to provide the most appropriate pattern vectors as input for the neural network. In the fifth section the results obtained using both the traditional and the trilateration approach are shown. Finally the conclusions for the proposed application are listed.

impact location using neural networks

One of the approaches which attracts great attention in monitoring systems having numerous sensors and requiring higher computing speeds, deals with the application of Artificial Neural Networks (ANNs) [15]. ANNs can have parallel computing architectures and can quickly process multiple inputs when implemented in hardware; they may be usually applied when a specific equation or algorithm is not applicable, but when adequate knowledge or data exists to derive a knowledge-based solution. The suitability of neural networks arises precisely when input-output relationships appear in complex patterns, when the underlying dynamics are either impractically complicated or unavailable. One inherent advantage in using neural networks is that their performance is independent of a particular system's complexities. Their success is more dependent on the consistency of signal patterns [16]. For this reason, the method could be easily implemented in a structural monitoring system. In this work, a computational framework including an ANN  for impact location and a GA for optimal sensor placement has been used and assessed on the basis of a set of features extracted from an experimental impact test.
Traditional approach
The traditional integrated ANN/Evolutionary Algorithm (EA) diagnostic system used to detect impact sites plate is shown in Figure 1. Such a method was first used by Worden et al. [1] in order to locate impact events and detect the impact force amplitude on a composite panel.  
The problem statement is to determine the positions of a fixed reduced number of sensors (3) such that the minimum error in predicting impact locations on the composite panel is achieved. The approach outline suggested in [1] is to measure time-varying elastic wave data generated by an impact test on the composite plate, which are then used to select a subset of relevant features in order to build a robust learning model. As the data are groups of measurements, a problem of pattern recognition occurs. An ANN trained with features available from the time-history is used to estimate the location of the impacts. The sensing quality is evaluated as a measure of the error in predicted impact location. A GA is then used to select optimal sets of measurement locations from a larger candidate set placed on the structure, using the estimation of the error provided by the ANN as a parameter to be minimized. In [11,12] the authors use the same process in order to evaluate, for several optimal sensor distributions, their robustness in the presence of different noise levels and to identify the most efficient distribution.
Trilateration-based approach
[bookmark: _Toc199214860]The traditional approach, despite being accurate, is also time-consuming, as each time the optimization selects a sensor distribution, an ANN diagnostic is trained and the error in impact location is evaluated and used as a gene fitness. 
For this reason, a different approach is here proposed and assessed to detect impacts based on the use of a trilateration strategy. In the literature, several works [17,18] deal with the use of a quite different method, the triangulation, to locate impacts. They assume three different angles for wave propagation directions and calculate the distance between the sensor and the unknown impact position using the arrival times and the velocities of the propagating elastic waves. The major difficulty of this approach is to estimate the velocities of the propagating elastic waves in anisotropic materials. The idea of using trilateration was born to overcome the difficulties in calculating the velocities and in assuming the wave propagation directions. Trilateration is a method commonly used for global positioning systems or for earthquake epicenter calculations and does not involve the measurement of angles, but uses only the measurement of distances. A brief explanation of the method follows.
The Trilateration problem
The trilateration problem is aimed to find the coordinates of a node N , in this case the coordinates of an impact point, knowing the distances  from each of three (or more) other known nodes A, B, C, i.e., the sensor positions (Figure 2). 
A complicating factor is that the known node coordinates and distances typically include measurement errors. A possible approach for solving the trilateration problem is the nonlinear least squares method. From the given information, one can write a system of equations, each one relating the coordinates of N, the coordinates of another node, and the distance to the other node:
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This is a system of three or more equations in the two unknowns . Since there are more equations than unknowns, the system is over-determined, and, in general, there is not a unique solution. However, there is a least-squares solution. One could consider rewriting the equations as follows, where the zeroes on the right hand sides have been replaced by nonzero residuals:
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The least-squares solution is the unique solution , that minimizes the sum of the squares of the residuals . 
The system of equations is non-linear in the solution parameters  because of the squared terms. Thus, a non-linear least squares algorithm is needed to calculate the solution. The algorithm starts from an initial guess at the solution, then performs a number of iterations. Each iteration applies a correction to the previous solution so as to reduce the sum of the squared residuals. The algorithm can also incorporate information about the uncertainty (variance) in the input quantities.
New approach for impact location
The main difference with respect to the traditional approach is in the use of the neural network. In the previous approach, an ANN was trained for each sensor distribution inside the optimization process, thus requiring high computational costs. In the new approach, the trilateration method allows to train an ANN for each sensor before the optimization starts and to use each trained network inside the optimization process every time the relative sensor is selected for a certain distribution. The new procedure is illustrated in Figure 3.
impact test

In order to select the appropriate features for the phenomenon under investigation and to experimentally investigate the optimal sensor location problem, an experimental impact test was performed at the High Quality Laboratory of Structural and Aeromechanical Systems – LAQ AERMEC of the Department of Mechanical and Aerospace Engineering at Politecnico di Torino.
Experimental Set-up
The structure under examination consisted of a regular symmetric 420 mm x 328 mm x 2.1 mm composite plate with four aluminum flanges attached to the plate by a line of rivets, as shown in Figure 4. The plate is made up of eight layers of Graphite/Epoxy unidirectional material whose mechanical properties are: EL=140 GPa, ET=9.7 GPa, GLT=5 GPa, LT=0.3, =1715 Kg/m3. The stacking sequence of the plate is [0/+45/-45/90]2. The plate was fixed rigidly with screws to a pneumatic measuring table through the four flanges. This structure was intended to simulate the skin panel of an aircraft. The stacking sequence is quasi-isotropic and symmetric and this pattern is widely adopted within the skin of stiffened panels for aircraft applications. Real panels are made up of a larger number of layers but the results obtained with this simplified lay-up can be considered representative of the proposed methodology performances. Further investigations on the effect of stacking sequence and thickness are outside the scope of the present paper and will be presented in future works.
The composite plate was instrumented with 20 piezoelectric circular sheet sensors (diameter 20 mm, thickness 1 mm, 4500 Hz resonance frequency), fixed on the lower surface of the plate. The impacts were performed on the upper surface of the plate. Figure 5 shows the overall distribution of sensors used. Piezoelectric sensors were used to record the time histories due to propagating Lamb Waves originated by the impact.
In Figure 6 the whole experimental set-up employed for the impact test is shown. The impacts were applied using a PCB instrumented hammer (A). The impact energy can be estimated in the range 0.4 - 0.6 J and no damage was induced on the plate. Data measured by the sensors were recorded using a DlFA SCADAS 3 24 channel measuring system running the LMS TESTLAB REV5a data acquisition software (B). For each impact, 8192 samples were recorded at a frequency of 50kHz. 
[bookmark: _Toc350760603]Impact test session
The impact test has been performed locating the impacts on a regular grid marked on the upper surface of the plate as shown in Figure 7. This grid includes 154 equally spaced points. For each point, six impacts were applied, in order to have enough training vectors to avoid a network poor in generalization performance. Alternatively, a method of regularization could be used, i.e. one could choose to apply a lower number of experimental impacts and to add random noise to the input pattern during training. Heuristically, one might expect that the noise will smear out each data point and make it difficult for the network to fit individual data points precisely, and hence will reduce over-fitting. In practice, it has been demonstrated that training with noise can indeed lead to improvements in network generalization [19]. However, in this study, the authors’ choice was that of training the network with experimental data only. 

analysis of the data

Feature extraction
The first problem in establishing the analysis is to determine the appropriate features for the diagnosis, i.e. which data to train the network with. The amount of data available from the recorded time-histories is too large for training purposes. 
In [7], Worden and Manson discussed the importance of a careful feature selection, which has to keep only the discriminating features and to discard all the other redundant information. The dimensionality of the feature vectors should be the result of the compromise between the limitations imposed by the training set dimensions and the requirement of inclusion of the most sensitive quantities.
	A feature extraction was therefore performed according to the wave propagation criterion. For the problem under investigation it was decided to extract the following features:
· Time after impact of maximum response: time after impact at which the maximum response is recorded among all the sensors
· Magnitude of the maximum response: maximum response recorded among all the sensors
· Onset time of sensors response: time when the sensor receives the signal (this feature is defined for each sensor)
The extraction of the first two features, used to train the ANN within the traditional approach, is quite straightforward. A further analysis has been necessary before extracting the third feature (used for the trilateration approach), as the extraction algorithm must distinguish between the noise and the actual signal reading for each sensor. To this aim, a threshold-crossing method has been applied for detecting the onset of the waveforms. Some experimental tests performed without impacting the plate have been used to define a noise threshold above which the signal due to the impact is being acquired. The difficulty in this approach is to find an accurate threshold for all the signals. The upper threshold of the noise bandwidth has been calculated for each sensor adding the variance of all the maximum values recorded during the noise tests to the maximum noise value. The lower threshold has been obtained analogously but by subtraction. After simple mathematical passages, the upper and lower thresholds for the noise bandwidth are defined as follows:
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where si(t) is the signal of the maximum noise and i is the number of sensor. The limits of the noise bandwidth have been applied to the time-histories as shown in Figure 8 for one of the sensors.
Statistical onset picking
Figure 9 shows a zoomed view of eight time histories, received by the acquisition system at the sensors represented by red squares in Figure 10, after impacting the plate at position (245, 210). The horizontal red lines show the threshold used to determine the onset times. Sensor 13, which was very close to the impact point, showed the lowest response onset time. The larger the distance of a sensor from the impact event the higher the response onset time. Sensor 5 showed indeed the highest response onset time value. At first sight, this behavior was indicative of a good accuracy of the adopted threshold. However, a threshold-independent approach to onset picking was also implemented, with the twofold goal of better verifying the accuracy of the adopted threshold and of having a reliable onset picking algorithm to use in numerical tests, when a threshold-crossing method could not be applied. The implemented method was based on the work developed in [20] and used the Akaike Information Criterion (AIC). The AIC is a measure of the goodness of fit of a statistical model and has successfully been applied as an onset time picking method [21]. It is grounded in the concept of information entropy, in effect offering a relative measure of the information lost when a given model is used to describe reality. The relevant function is defined as follows:
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where  is the total time of a signal   is a time instant, var is the variance of  and  represents the section of  from 1 to . The minimum of the AIC indicates the onset of the signal (vertical black line in Figure 10). For every time , the signal  is broken into two parts; that leading up to  and that after  The AIC describes the similarity in entropy between the two parts of the signal. When  becomes aligned with the onset of the signal, the portion of the record before  is composed of high-entropy uncorrelated noise, while the portion after  contains the low-entropy waveform showing marked correlation. The AIC() is designed to give its minimum at this point.
The distance between the vertical red and black lines in Figure 9 gives the ‘correction’ made by the AIC-based onset-picking algorithm. The more dispersive waveforms are more heavily corrected by the onset picking (sensors 1,3,5) whilst those closer to the impact (sensors 13,17,19) are corrected by a smaller amount. Thus, some onset times are overestimated by observing the point of threshold crossing. In particular, the effect of dispersion is evident in waves which have travelled a long distance. In these cases the threshold crossing occurs some time after the perceptible arrival of the wave. On the other hand, the adopted threshold shows excellent results for sensors close to the impact. 
Thus, in order to detect a more accurate onset for the waveform,  the corrections made using the Akaike Information Criterion have been used to extract the final set of features. 
This statistical method enables reliable onset picking of the waveform without a user-defined threshold. Figure 11 shows the onset times for all the sensors responses when changing the impact position. The black circles represent the sensor positions and the red cross the impact point. The propagation of information through the sensor network is colored according to the onset time feature. 
Following standard practice where cross-validation is used, in both the traditional and the trilateration approach the data recorded during the experiments have been split into training, validation and testing sets. The main difference between the traditional method and the trilateration-based method lies in the fact that, in the first case, each time the genetic algorithm formed a 3-sensor individual, a neural network is trained using in input the features corresponding to that individual. The whole process requires thus a heavy computational effort in this framework, as the network has to be trained each time a new individual is presented. Using trilateration, all the neural networks are trained just once at the beginning of the process and the best architectures are used for every sensor configuration. The process of impact detection in the trilateration approach involves the training of a neural network for each sensor. Each network uses the onset times as inputs and predicts a distance between the sensor and the impact in output. The network architectures for each sensor are assessed over the validation test in terms of mean distance between the sensor and the impact events on the plate. The best network structures, i.e. those whose error was a minimum, are saved. The genetic algorithm provides a population of 3-sensor distributions. For each individual the fitness has been calculated taking the best network of sensor 1, sensor 2 and sensor 3 and for each of them performing the forward pass over a test set. In this way, three distances are predicted. Next, these distances are used to solve the trilateration problem, finding the coordinates of the impact point by using Eq. (2). Finally, the error in terms of plate area is calculated using the following form:
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where x and y denote the predicted coordinates,  and  denote the desired outputs, N is the number of samples and A is the area of the plate. The inverse of this quantity is used as  fitness.
[bookmark: _Toc350760605][bookmark: _Toc351994726]The downside of this approach is that multiple NNs are trained and for each sensor. However, the individual network structure is very slender, thus does not require very high computational costs. Moreover, the training phase has only to be carried out once; when it is completed, function evaluations are rapid; this is the main difference with the traditional approach. As shown in figure 1, in the traditional procedure for each n-sensor configuration selected by the genetic algorithm, a neural network integrated procedure was performed each time, resulting in higher computational times.

results

The GA used for this study is the Strength Pareto Evolutionary Algorithm (SPEA2) developed by Zitzler and Thiele [22]. SPEA2 is one of the most important multi-objective evolutionary algorithms that uses an elitism approach. Very briefly, it is based on a scheme of fitness assignment that assigns each individual a raw fitness calculated on the basis of the strength value of solutions which dominate it. To discriminate between individuals having identical row fitness values, additional density information is incorporated. To form the next generation, SPEA2 combines offsprings and the current population. The best individuals in terms of non-dominance and diversity are chosen.
 The following parameters have been used in the present study for the Evolutionary Algorithm runs: population size of 30, number of generations 50, probability of crossover 0.8, probability of mutation 0.1. The main object of the analysis here is to study fail-safe distributions, i.e., sets of sensors that can provide an accurate impact location though some of them break down. In order to illustrate the method, only the cases when one of the sensors breaks down have been considered. Individuals with coincident sensors are penalized and the network run suppressed. The fail-safe fitness has been obtained as explained in [11]: given a 4-sensor mother distribution, all possible 3-sensor child distributions are generated switching one of the sensors off in turn. The fail-safe fitness of the mother is obtained by taking the worst percentage error of a child distribution and inverting it. The genes (sensor distributions) are propagated according to their fitness. 
As discussed before, a neural network has been trained for each sensor, thus 20 neural networks have been trained at the same time. For each Neural Network, different random initial conditions variable between 1 and 10 have been considered, a number of hidden neurons between 1 and 15 and 10000 data presentations have been used during training. The network weights have been updated at each presentation. The division of the experimental data into three subsets has been randomly performed. To reduce variability and choose the best network structure, multiple rounds of cross-validation have performed using different partitions, and the validation results have averaged over the rounds.
The results of this exercise are shown in Figure 12: red crosses represent the true positions of the impact, and solid circles show the positions estimated by the algorithm. The mean of the x error is 5.45 mm (1.3% of the panel x-dimension) and the mean of the y error is 5.29 mm (1.6% of the panel y-dimension). Notice that the sensor positions in the figure refer to the mother sensor distribution, thus all the sensors are represented. However, the error returned is that of the worst fail-safe child distribution, thus one of those sensors (sensor 6) is actually missing. 
Comparison with the traditional method
To assess how the trilateration approach compares to the traditional one, a second analysis has been performed using the traditional approach. Again, a randomly performed division of the experimental data into three subsets has been used. The test set of measured impacts is represented in Figure 13 together with the relevant predicted values. The results obtained with the trilateration-based approach are very accurate and compare favorably with the error achieved with the traditional method on a comparable training grid. Figure 13 show the mother set of sensors; the worst child set is obtained when sensor 12 is not working. In this latter case, the mean of the x error is 8.81 mm (2.1% of the panel x-dimension) and the mean of the y error is 8.74 mm (2.7% of the panel y-dimension). Moreover, the trilateration approach provides results within a time that is 1/10 with respect to the traditional approach.
An interesting aspect revealed by the two methods is that both of them find their optimal configuration when sensors 9 and 14 are involved. This could be indicative of the fact that two near-optimal solutions have been actually sought out. 

conclusions

The work deals with the application of optimization methods to the diagnostics of aerospace composite structures. The diagnostic monitoring approach used to solve the impact location problem and its effects has been discussed and assessed. 
[bookmark: _Toc328734534]The use of the onset time features together with the trilateration method seems to be a good combination for impact prediction, as all the best configurations predict impacts with a very small error. The results obtained using the traditional method, though, were not much worse. In addition, the two distinct methods find a couple of coincident sensors in their optimal configuration. Thus both the methods could be used to predict impact events accurately in thin composite structures. But the main advantage of using the trilateration method is in the neural network calculation phase. As discussed, the neural network training is the procedure which require most of the computational effort in this framework, as the network had to be trained each time a new individual was presented. Using trilateration, all the neural networks are trained just once and the best architectures are saved and used for every sensor configuration. Moreover, for each NN, less training data and just one output is required; this has the twofold consequence of having a lighter structure, and a zero probability that errors coming from a second output could influence the final results.
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associated with this monitoring strategy is to fin


d a good compromise between the quality of 
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