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Abstract: Delamination is a prevalent type of damage in composite laminate structures. Its accumulation degrades structural performance and threatens the safety and integrity of aircraft. This study presents a method for the quantitative identification of delamination identification in composite materials, leveraging distributed optical fiber sensors and a model updating approach. Initially, a numerical analysis is performed to establish a parameterized finite element model of the composite plate. Then, this model subsequently generates a database of strain responses corresponding to damage of varying sizes and locations. The radial basis function neural network surrogate model is then constructed based on the numerical simulation results and strain responses captured from the distributed fiber optic sensors. Finally, a multi-island genetic algorithm is employed for global optimization to identify the size and location of the damage. The efficacy of the proposed method is validated through numerical examples and experiment studies, examining the correlations between damage location, damage size, and strain responses. The findings confirm that the model updating technique, in conjunction with distributed fiber optic sensors, can precisely identify delamination in composite structures.
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1  Introduction

High-performance composite materials are widely used in the aerospace field due to their small specific gravity, large specific modulus, high specific strength, stable chemical properties, and fatigue resistance [1–3]. The use of composite materials in the project can achieve the purpose of reducing the weight of the aircraft structure and improving the structural performance. However, in the process of production and use of composite materials, damage will inevitably occur. Common composite damage includes matrix cracking, internal delamination, and fiber fracture [3,4]. The existence of damage will lead to a rapid decline in structural strength and seriously affect the structural performance of the aircraft. Therefore, it is of great significance to carry out damage identification and health detection of composite materials [5].

Currently, the commonly used damage identification methods include infrared detection, X-ray inspection, ultrasonic scanning inspection, laser speckle detection, etc. [6,7]. These traditional detection methods have high accuracy. However, they are seriously affected by the external environment, have a long maintenance cycle, and are unable to carry out real-time online damage quantitative monitoring. This paper focuses on the distributed fiber optic inspection technique for composite delamination damage detection. It is based on the principle that delamination leads to local discontinuities in structural stiffness characteristics, which affects the response value of the whole structure. Fiber optic sensors can realize the needs of composite materials when monitoring due to their small size, high-temperature resistance, and resistance to electromagnetic interference [8–10]. At present, many scholars have used fiber optic sensors for structural damage detection [11–13]. Liu et al. [14] used distributed fiber optics for damage identification of specimens with debonding and cracks to detect the health state of the bonded structure of thermal insulation. She verified that the damage identification method based on distributed fiber optic sensors can achieve damage identification of the structure. Chen et al. [15] demonstrated the feasibility of an automated damage identification method based on distributed fiber optics by using distributed fiber optics for the health inspection of aluminum alloy plates with prefabricated crack damage. Li et al. [16] proposed a method for the detection of structural damage based on the local strain characteristics of a composite plate by using distributed fiber optics to measure the in-plane strains. Califano et al. [6] developed a method for the detection of structural damage based on a distributed fiber optic sensor. distributed fiber optic sensors developed a passive health detection method to detect the presence or absence of damage in a composite plate by the change in strain. All of the above studies show that distributed optical fiber can achieve damage detection, however, it lacks in the precise location of damage very damage identification efficiency.

Damage detection in optical fibers can be considered as an optimization or minimization problem where the goal is to predict the response of the damage location model close enough to the measured response from the real structure [17]. The model correction technique is precisely the process of correcting the finite element model using the actual measured structural response values so that the response values of the corrected finite element model converge with the structure [18]. Damage identification can be performed based on the model correction technique, thus improving the efficiency of damage identification. There are existing model correction damage identification methods based on modal vibration patterns [19] and intrinsic frequencies [20]. Zhang et al. [21] proposed a structural damage identification method based on a 1-parameter regularization process founded on a modal-based finite element model correction method. Since a limited number of measured responses may not provide enough information to detect localized damage, Zhang et al. [22] utilized the reconstructed structural response for structural damage identification by combining the response reconstruction technique with a finite element model correction method based on response sensitivity. In addition to modal vibration patterns, Li et al. [23] proposed structural damage identification based on frequency response reconstruction and model correction, which provides a new idea for model correction. Although model correction techniques have been widely used, they have been studied mainly based on the dynamic response of modal vibration patterns in the past 20 years. The model correction technique is less studied in the hydrostatic response, and the structural dynamic test is more affected by noise in the actual structural inspection process. Therefore, static model correction has a better development prospect. In addition, a large number of actual measurement point data in the model correction process can correct results more accurately. The distributed fiber mentioned above has the feature of high density of measurement points, which can meet this requirement. The damage identification method based on model correction is based on the finite element method, which combines the finite element model data with the actual measurement data of the distributed optical fiber. The method utilizes the finite element model to overcome the computational difficulties brought by the complex structure to the damage identification method, and at the same time corrects the model structure with the measured strains, which solves the problem that the finite element model cannot accurately reflect the real state of the structure.

A major challenge with model-corrected composite damage identification methods is their significant computational cost. A large amount of finite element model data is required to perform model correction, and the optimization process typically generates tens of thousands of candidate solutions. Expensive finite element simulations need to be invoked for each candidate solution during the computational process. It becomes impractical to compute all possible solutions during the optimization process. To overcome this problem and to obtain accurate computational results in a reasonable time, it is proposed to replace the finite element model with a surrogate model. The surrogate model, also known as an approximation model, computes an approximation of the finite element model utilizing a function and uses its predicted values to guide the global search. Common methods of constructing surrogate models are the response surface method, radial basis function neural network method, artificial neural network model, and Kriging method [1,2]. The surrogate model can deal with nonlinear function problems and is now widely used in various research. Zhang et al. [24] proposed a method to assess the delamination damage of composites based on surrogate modeling. They detected the frequency change of the composite bending plate by vibration loading. Two intelligent algorithms, surrogate model and genetic algorithm, are used as inverse algorithms to predict the location and size of delamination. The finite element algorithm constructs database data for both algorithms during the calculation process. The results show that the two algorithms can predict composite delamination damage in a very reasonable way. Chen et al. [25] proposed an artificial neural network surrogate model to replace the finite element analysis used for the intrinsic frequency of composite beams. The artificial neural network is used to predict the intrinsic frequency of the composite plate and results with high accuracy are obtained. Zhang et al. [17] used the surrogate model in measured frequency data and proposed a frequency-based damage prediction method for composite delamination, which illustrated that the surrogate model can reduce the computational cost and improve the computational efficiency.

In this paper, a strain variation-based method for identifying delamination damage in prefabricated composite panels is proposed. The principle of the strain variation-based method is that the presence of delamination damage causes a strain shift and different sizes or damage locations will cause different variations. A finite element model of the composite plate is parametrically established, and the model is used to generate a database of prefabricated damage strains of different sizes and locations. A radial basis surrogate model is constructed using numerical simulation with distributed fiber-optic measurements of the strain response, and a global optimization solution using a multi-island genetic algorithm is used to determine the size and location of the prefabricated damage.

2  Principle and Method

2.1 The Principle of Strain-Based Model Updating Damage Identification

In this study, the actual measured strain from damaged composite plate is taken as the reference, and the damage location and size in the finite element model are updated, until the simulated strain responses converge to the measured strains. This is essentially a constrained nonlinear optimization problem, which can be described by


minf=∑i=0nfi|ε−εi|
(1)

The constraint conditions of the optimization problem are 
s.t{x1≤x≤x2y1≤y≤y2z1≤z≤z2
. In the context of this optimization problem, ε represents the measured strain. 
εi
is the finite element simulation strain. 
x
, 
y
and 
z
are the updating parameters, representing the coordinates of the damage and the damage size. 
x1x2
, 
y1y2
are the constraint ranges of the correction parameters 
x
and 
y
. 
z1z2
is the constraint range of the damage size, as shown in Fig. 1. The strain at the damage location is weighted to increase the sensitivity of the correction parameters to the objective function, where 
fi
is the weighting function.
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Figure 1: Schematic diagram of correction parameters

Firstly, finite element simulations with different damage parameters were conducted according to optimal Latin cubic sampling. The obtained data was then used to train a radial basis function neural network (RBFNN) as a surrogate model representing the mapping relationships between the damage parameters (optimization variables) and the strain distributions. At last, the multi-island genetic algorithm was applied using the surrogate model to obtain the optimal solution, which corresponds to the real location and size of the damage. The model updating procedure is shown in Fig. 2.

[image: images]

Figure 2: Model correction flow chart

2.2 Surrogate Model

The core of the above damage identification method is the construction of a surrogate model. Surrogate model refers to, in the case of guaranteeing certain accuracy requirements to fit a function, the function of the calculation results and numerical analysis or physical test results close to the ideal mathematical model. Surrogate model has the characteristics of a short calculation cycle, small calculation volume, and high efficiency. Surrogate model mainly contains two parts: design of the experiment and the approximation method. First of all, through the design of the experiment in the space to select the sample point, the sample point is good or bad to determine whether the surrogate model is close to the actual response value. Then the response values at the sample points are obtained by analyzing software or physical test methods. Finally, a suitable approximate model is constructed with some of the sample points, and another part of the sample points is used to test the model for errors.

2.2.1 Design of Experiment

The commonly used sampling methods in the design of experimental are full factorial experimental design, partial factorial experimental design, central composite design, Latin cube sampling, orthogonal experimental design, uniform experimental design and so on.

Latin hypercube is a type of stratified random sampling that enables efficient sampling from the distribution space of variables. The advantage of this method is that it is computationally simple and operationally simple. The disadvantage is that it fails to take into account the homogeneity of the sampling. As a result, the sample points may not be uniformly distributed throughout the space leading to flaws in accuracy. In this paper the optimal Latin sampling method is used. The method is based on Latin cubic sampling with improvements in sample uniformity. It further improves the efficiency and accuracy of sampling by optimising the location of sampling points in space. Compared with Latin hypercubic, optimal Latin hypercubic can better deal with the high correlation between input variables and produce more reasonable samples, thus improving the accuracy of the simulation. Its basic principle is as follows: assuming that the number of test points is n and the number of design variables is m, the experimental design is n × m matrix 
X=[X1, X2,…, Xn]
. The row 
XiT=[Xi1, Xi2,…, Xim]
of the matrix represents the experimental design, and the column of the matrix represents the design variable. The optimal Latin hypercube process is as follows :

(1) The initial experimental design matrix is generated by random Latin hypercube design. The domain of definition of each design variable, 
[xkmin, xkmax],
i∈[1, n]
, is divided into m non-overlapping intervals, denoted as 
[xki−1, xki], i∈[1, n]
, in an n-dimensional space according to the principle of equal probability. One sample point is randomly selected in each space, which is designed to ensure that each level of a factor is studied once, that is, a total of m × n sample points are extracted.

(2) Obtain the new experimental design matrix by element exchange operation.

(3) Calculate the space-filling optimality condition. Adopt the criterion of very large and very small distance: 
min1≤i,j≤n,i≠j⁡d(xi,xj)
(
d(xi,xj)
for the distance between the sampling point 
xi
and 
xj
), calculated as follows:


d(xi,xj)=dij=∑k=1m|xik−xjk|2
(2)

(4) If the optimality condition is not satisfied, the improved stochastic evolutionary algorithm is used to search for the global optimal solution.

2.2.2 Radial Basis Function Neural Network

The Radial Basis Function Neural Network (RBFNN) consists of three layers: an input layer, a hidden layer and a output layer. The input layer node only transmits the input signal to the hidden layer. The hidden layer nodes are composed of radial action functions like Gaussian functions. Output layer nodes are usually simple linear functions. RBFNN is widely used because of its good flexibility and simple structure. For a radial bases function, the initial sample points 
x1, x2, xk,…, x∈d
are generated in the d-dimensional space, and the response value of the initial sample points is obtained. Taking the initial sample points as the center and the radial function as the basis function, the response value at the point to be measured is obtained by the linear superposition of the basis function. The mathematical basic form of radial function is


s(x)=∑i=1kwiφ(‖x−xi‖),i=1,2,…,k
(3)

In the formula: 
wi
is the weight coefficient; 
‖.‖
is the Euclidean distance; 
φ(⋅)
is the basis function. By 
s(xi)=y(xi)
, we can get 
Φ∙W=Y
, 
W=Φ−1×Y
, where 
W=[w1,w2,…,wi]T
is the weight coefficient vector, 
Y=[y(x1),y(x2),…,y(xk)]T
, where


Φ=[φ(‖x1−x1‖)…φ(‖x1−xk‖)⋮…⋮φ(‖xk−x1‖)…φ(‖xk−xk‖)]
(4)

In the radial basis function, the commonly used radial functions are

Gauss function:


ϕ(r)=exp⁡(−r2c2)
(5)

Multiquadric function:


ϕ(r)=(r2+c2)12
(6)

Inverse multiquadric function:


ϕ(r)=(r2+c2)−12
(7)

where c is a given constant parameter greater than 0. Since these functions are positive definite in any space, the existence and uniqueness of 
W
can be guaranteed by using these radial functions. 
σ2
is variance.

The radial functions chosen in this paper are Gaussian functions, which have the following advantages: (i) The representation is simple, which does not add much complexity even for multivariate inputs; (ii) Radial symmetry; (iii) Smoothness is good, and the derivatives of any order exist; (iv) Because of the simplicity of the function’s representation and analytical properties, it is easy to carry out theoretical analyses. The characteristics of the radial basis function model vary with the radial function used. When the radial basis function model uses the Gaussian function or the inverse multiquadric function as the basis function, the model will have the characteristics of local estimation due to the influence of the radial function. When the multiquadric function is used as the basis function, the model will have the characteristics of global estimation. The RBFNN is a surrogate model with good flexibility, simple structure, relatively small amount of calculation, and high efficiency.

In this study, data obtained from finite element simulations were used to train the RBFNN. The RBFNN as a surrogate model represents the relationship between the input damage parameters (optimization variables) and the output strain distributions. The surrogate model was then used by multi-island genetic algorithm to generate vast number of data for optimization.

2.2.3 Evaluation Method of Surrogate Model

The most commonly used evaluation indicators of the surrogate model are correlation coefficient and root mean square error.

(1) Correlation coefficient. It characterizes the degree of fit between the surrogate model and the original model.


r2=cov(f(x), f^(x))var(f(x)) var(f^(x))
(8)

(2) Root mean square error. It represents the error between the surrogate model and the original model.


RMSE=∑i=1n(f(x)−f^(x))2n
(9)

2.3 Multi-Island Genetic Algorithm

Commonly used optimization algorithms include sequence planning method, moving gradient method, conjugate gradient method, surrogate model, simulated annealing method, particle swarm algorithm, genetic algorithm, and many other optimization methods. Genetic algorithm originated from the research of computer simulation of biological systems, which is a method of searching for the optimal solution to simulate natural selection and natural genetic process. Since the traditional genetic algorithm is easy to fall into the local optimal solution, scholars have improved the genetic algorithm by proposing a multi-island genetic algorithm (MIGA). MIGA has the ability of high computational efficiency and better global optimization and better overcomes the phenomenon of early convergence of the traditional genetic algorithm.

The essence of MIGA is a parallel genetic algorithm. In the optimization process, the population is divided into several islands, and genetic algorithms are performed on each island. In the process of genetic algorithm, the islands can be migrated, and the migration increases the diversity of the population. The individuals of the traditional genetic algorithm are divided into several subgroups, called ‘islands’, and the sub-groups on each island are subjected to independent genetic operations such as natural selection, mutation, and crossover. However, each island does not exist in isolation. Individuals between islands need to migrate, and individuals randomly selected on each island are regularly relocated to other islands. This migration process needs to be carried out quantitatively and regularly. The corresponding period refers to the migration period, which refers to the algebra that needs to be spaced between each migration. The migration operation makes the multi-island genetic algorithm maintain the diversity of the optimal solution, restrain the premature phenomenon, and improve the opportunity to contain the global optimal solution. The basic principle is shown in Fig. 3.
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Figure 3: Multi-island genetic algorithm schematic diagram

The multi-island genetic algorithm first starts with the encoded initial population to determine the genetic individual. The algorithm produces a new generation of individuals through a combination of selection, mutation, and hybridization. Finally, the generations keep reproducing and evolving to continuously improve the population’s adaptability to the environment. According to the definition and principles of the multi-island genetic algorithm, the flowchart of the algorithm is made in Fig. 4.

[image: images]

Figure 4: Multi-island genetic algorithm flow chart

2.4 Distributed Fiber Optic Measurement Principle

Optical fiber sensing technology is a technology that changes the propagation state (light intensity, polarization state, phase, etc.) of light in optical fiber through external factors, to detect external factors by demodulating optical signals. In optical fiber sensors, distributed optical fiber is a representative distributed optical fiber sensor based on Rayleigh backscattering. It demodulates the distributed optical fiber through the principle of optical frequency domain reflection. The optical fiber measurement system mainly includes an active detection unit. The active detection unit is connected to the passive detection fiber and emits a laser. Due to the uneven density of the optical fiber under the interference of different external factors, the refractive index of the light is different, and the reflection wavelength at this position will deviate. By comparing the changes of the reflected light before and after, the position and size of the deformation of the optical fiber can be demodulated. The Rayleigh scattering wavelength of light is affected by temperature and strain. The change of some properties of light can be treated as a function of strain/temperature on the fiber, so as to realize the measurement of strain and temperature.

In general, the change of temperature or strain will lead to the drift of the scattered light spectrum in the optical fiber. The spectral shift obtained by the strain 
ε
or the temperature T response is similar to the drift of the resonance wave 
△λ
or the spectral shift of the grating 
△ν
:


Δλλ=−Δνν=KTΔT+Kεε
(10)

where 
λ
and 
ν
are the average optical wavelength and frequency, respectively. And 
KT
and 
Kε
are the temperature and strain standard constants, respectively. 
△T
is the amount of temperature change.

3  Damage Identification Simulation Verification Based on Model Updating

The correctness of the method is verified by numerical analysis. In this chapter, the strain data of the lossy model is mainly obtained through the finite element model as the reference value. The strain is equivalent to replace the strain data measured by the distributed optical fiber. Besides the strain value of the lossless finite element model is used as the correction data. Since the finite element simulation is used instead of the measured data, the effect of measurement error is avoided and the optimal result of the algorithm can be reflected. Nevertheless, the finite element simulation also ignores other states that may exist when the algorithm is applied, resulting in an over-accurate surrogate model that does not meet the practical application, which will be verified experimentally in the following. This chapter only discusses the ideal optimal solution.

The solid model was parametrically established using the finite element simulation software Abaqus. Due to the thinness of the composite plate, the mesh type uses a continuous shell cell with 8 nodes, which makes the calculation results more accurate. The basic dimensions of the simulated fiber-reinforced composite cantilever plate (Length: 200 mm, Width: 100 mm, Thickness: 3 mm). Each layer is 0.16 mm thick. A total of 18 layers are laid orthogonally, and the angle of the layers is 0°, 90°. In order to simulate the phenomenon of prefabricated delamination, the unit nodes connected above and below the debonding position are separated at the location of the damage when modeling to simulate the prefabricated damage. x, y is the location of the damage, z is the size of the damage, and the properties of the composite material are shown in Table 1.

[image: images]

The loading method is cantilever loading. Fixed constraint at the constraint site of the loaded end of the composite material and a distributed load perpendicular to the surface of the plate with a size of 10 N is applied at the free end of the other end. Assuming that the damage data of the damage model is x = 80 mm, y = 60 mm, z = 20 mm, the cloud diagram of the composite plate with damage is shown in Fig. 5. The strain on the 4 path nodes is extracted from the surface of the composite plate to facilitate the extraction of strain values. These nodes are used as collection points for the strain data, and this data is used as the data measured by the optical fiber.

[image: images]

Figure 5: Finite element strain cloud diagram

From Fig. 6, it can be seen that under the cantilever loading condition, the strain law of the debonding area shows a central symmetrical distribution with two mutation peaks, and the location of the mutation is the location of the prefabricated damage.

[image: images]

Figure 6: Strain distribution

Determine the optimization parameter range: 
30≤x≤150
, 
40≤y≤60
, 
20≤z≤40
, from the fiber path distribution. Finite element model analysis is established by Abaqus parameterization, and the strain value on the fiber path of each finite element model is calculated. Distributed fiber optics are combined with model corrections, and we carry out simulation validation of damage location and size damage identification methods for composite plates.

Two hundred and forty sets of samples were selected using optimal Latin hypercube and the response values of the corresponding samples were obtained by parameterizing the finite element model. Among them, 200 sets of data are used to fit the RBFNN surrogate model, and 40 sets of sample points are used for the error test of the surrogate model. The error test data of the surrogate model are shown in Fig. 7, and the error test values are shown in Table 2. The correlation coefficient R2, the root mean square error, the mean error, and the maximum error are all within the scope of the engineering license, indicating that the accuracy of the surrogate model is reliable. The maximum error between simulated and predicted values is 2.01%, which indicates that the prediction accuracy of the RBFNN surrogate model is good. Fig. 8a,b illustrates the three-dimensional functional surfaces of the objective function plotted against varying parameters. Specifically, Fig. 8a depicts the relationship between the damage size, the damage coordinate X, and the objective function, while Fig. 8b shows the correlation between the damage location coordinates X and Y, and the objective function.
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Figure 7: Surrogate model error test
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Figure 8: Surrogate model curve diagram

Multi-island genetic algorithm is a global search optimization method, suitable for solving complex nonlinear optimization problems. The RBFNN surrogate model can better fit the relationship between the size of the damage location and the objective function. Taking the range of values of the correction parameters as the constraints, the strain of the initial damage as the index, and the stochastic model with the minimum strain of the initial data as the objective function, the optimal solution is sought iteratively using the multi-island genetic algorithm.

To demonstrate the stability of the algorithm, the iteration curve for running 1000 iterations is shown in the figure. The algorithm for multi-island genetic is stable because it converges before the number of iterations reaches 1000 and the difference between the optimal and worst values is very small. The iteration process of the multi-island genetic algorithm is shown in Fig. 9.

[image: images]

Figure 9: Optimization algorithm iterative process

The optimal solution is: x = 51 mm, y = 50 mm, z = 27 mm. The optimization objective is 136659.5. The optimization parameters are brought into the finite element model to verify the accuracy of the RBFNN surrogate model and the simulation result obtained is 142412.86. The actual result is compared with the prediction of the surrogate model and the error is 4.21%. From Fig. 10a, it can be seen that the strain trend of the model before correction is different from the initial model, while after correction as shown in Fig. 10b, the strain trend becomes almost the same. It shows that the RBFNN surrogate model is reliable and the damage identification method for composite structures based on the model modification is feasible.
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Figure 10: Strain comparison diagram before and after correction

4  Experimental Verification of Damage Identification Based on Model Updating

The methodology of composite structural damage identification based on model correction is verified to be feasible from the experimental point of view. The specimen is made of fiber-reinforced composite prepreg of T300, orthogonally laid, with 18 layers of 3 mm thickness. The composite properties are shown in Table 1. The size of the specimen is 194 mm × 100 mm. Besides, the length of the inspection area of the optical fiber is 110 mm, and the optical fiber is laid equidistant with a spacing of 20 mm, as shown in Fig. 11. The damage was prefabricated in the form of internally glued release cloth and the size of the damage was 30 mm × 30 mm.

[image: images]

Figure 11: Optical fiber path layout diagram

The experiment was conducted in the form of cantilever loading as shown in Fig. 12. The specimen was placed on a clean horizontal table. After the fiber is connected to the device, the loading is carried out using suspended weights. One end of the specimen is fixed to the solid support end of the cantilever beam, and the other end of the fiber optic sensor is connected to the fiber optic demodulator, after the specimen is stabilized, the cantilever loading test is carried out. Distributed fiber optic signals were collected using the ODiSI distributed fiber optic collection signal from LUNA. Distributed fiber optic detection technology is a technology that uses external factors to make the propagation state of light in the optical fiber change, so as to monitor external factors by demodulating the optical signal. The unloaded state is taken as the initial state as the experimental benchmark, and the loading load is 7.5, 10.75, 20.75 N. The strain data of the specimen is collected after loading, and multiple measurements are taken to ensure the accuracy of the test. The strain trends obtained from the distributed optical fiber are shown in Fig. 13. It can be seen that the strain at the location of the second optical fiber has undergone a sudden change, indicating that the second optical fiber deployment passed through the upper surface of the prefabricated damage. Taking the location of the damage and the size of the damage as the optimization parameters, and the difference between the response value measured by the distributed fiber and the simulated response value as the objective function, the optimization problem can be formulated as follows:

[image: images]

Figure 12: Loading device diagram
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Figure 13: Test strain curve


minf(ε)=∑i=0nwi|ε−εi|
(11)


s.t{40 mm≤x≤164 mm0 mm≤y≤50 mm20 mm≤z≤40 mm

The optimal Latin hypercube takes 360 sample points and parametrizes the finite element model for calculation. 300 groups of sample points are used to fit the surrogate model, and 60 groups of sample points are used for the error test. The error test data of the surrogate model are shown in Fig. 14, The error test values are shown in Table 3, in which the correlation coefficient R2, root mean square error, mean error, and maximum error are all within the scope of the engineering license indicating that the accuracy of the surrogate model is reliable.
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Figure 14: Error test
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The initial number of populations in the optimization design is 10. the number of islands is set to 10. The total number of evolutionary generations is set to 50, and the whole optimization process requires 5000 iterations. Its optimization iteration process is shown in Fig. 15. It can be seen that in the whole optimization process, the objective function shows a decreasing trend, indicating that the algorithm has a good optimization function.

[image: images]

Figure 15: Optimization algorithm iterative process

If the finite element software exhaustive method is used directly to calculate all possible combinations within the range of design variables, totaling 176,715. During the calculation process, each model calculation takes 3 min and 30 s, totaling 10,308 h of calculation. However, using the RBFNN surrogate model requires only 350 sample points to be computed, which takes 17.5 h. The computational efficiency was improved by 99.83%, saving computational resources. The constructed RBFNN surrogate model approximation function is shown in shown in Fig. 16. In Fig. 16a, a three-dimensional functional surface is presented, depicting the relationship between the objective function and both the damage magnitude and the X coordinate of the damage location. Fig. 16b showcases a similar three-dimensional surface, but this time illustrating the connection between the objective function and the X and Y coordinates of the damage position.
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Figure 16: Surrogate model three-dimensional graph

Optimization is carried out on the surrogate model using a multi-island genetic algorithm with a total of 1000 iterations to calculate the optimal solution, the optimal solution and the initial values are shown in the table. The optimal solution is x = 126 mm, y = 23 mm, z = 30mm, and the comparison of damage identification results is shown in Table 4, in which the maximum error is 3.3%. The above data show that the damage identification method for composite materials based on strain model correction is feasible.
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5  Conclusion

For the problem of composite material damage, damage detection can be achieved using various methods such as fiber optic sensors. Through the study, it was found that fiber optic sensing technology can only roughly locate the position of the damage, and can not accurately measure the size and location of the damage. The method has certain limitations. Therefore, this paper proposes a damage identification method based on model correction. Using the radial basis surrogate model and multi-island genetic algorithm, the size and location of prefabricated damage in composite plates are accurately characterized by the change of composite plate strain. A complete 3D model of the composite delamination plate was built using ABAQUS and strain measurements of the composite plate were carried out using distributed fiber optic sensors. The main conclusions of the study are as follows:

(1) Finite element simulation shows that if the deployed distributed optical fiber passes through the upper surface of the prefabricated damage, the strain at the location of the damage will undergo a sudden change. The sudden strain is characterized by a bimodal curve with larger values on both sides and smaller values in the middle.

(2) A high-precision approximation function is established based on the RBFNN surrogate model, which can replace the finite element simulation calculation. The method reduces the calculation time, saves the calculation cost, and improves the calculation efficiency.

(3) The study shows that the model correction method by combining the radial basis surrogate model with the multi-island genetic algorithm is feasible for damage identification. This approach can accurately locate the position of the damage, accurately predict the size of the damage, and the error of the damage localization is less than 3 mm, which provides a new method and idea for the damage identification of composite structures.

It should be pointed out that in engineering practice, damage would expand and exhibit complex shapes. In theory, if the damage expands, the strain oscillation region (e.g., in Fig. 13) will also expand, and the new damage region can be identified following the same process. However, the expansion shape would be complex so the optimization variables should be redesigned. Another issue is the speed of model updating, which should be addressed considering existing computational capability. Relevant studies will be reported in future work.
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Table 3: Error in surrogate model validation

Correlation coefficient Root mean square Mean- Maximum

R? error variance error
Error value 0.97446 0.03839 0.02653 0.12506
Engineering allowable 0.9 0.2 0.2 0.3

range
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Table 4: Comparison table of damage identification results

Optimization variable X/mm Y/mm Z/mm
Actual damage 126 20 30
The identified damage 126 23 29
Error rate 0% 3.0% 3.3%

Notes: x and y are the damage coordinate position; z is the size of the damage.
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Table 1: Material property table of composite plate

T300 EI/MPa E2/MPa E3/MP3 Vio Vi3 Vo3 G12/MPa G13/MP3 G23/MP3

Numerical value 142300 5141 5141 034 034 0.34 2503 2000 2000

Notes: E is elastic moduli; G is shear modulus; v is Poisson’s ratio.
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Table 2: Error in surrogate model validation

Correlation coefficient Root mean square Mean- Maximum

R? error variance error
Error value 0.9838 0.03083 0.02336 0.08381
Engineering allowable 0.9 0.2 0.2 0.3

range
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