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Abstract

:

The demand for efficient and accurate finite element analysis (FEA) is becoming more prevalent with the increase in advanced calibration technologies and sensor-based monitoring methods. The current research explores a deep learning-based methodology to calibrate FEA results. The utilization of monitoring reference results from measurements, e.g., terrestrial laser scanning, can help to capture the actual features in the static loading process. We learn the deviation sequence results between the standard FEA computations with the simplified geometry and refined reference values by the long short-term memory method. The complex changing principles in different deviations are trained and captured effectively in the training process of deep learning. Hence, we generate the FEA sequence results corresponding to next adjacent loading steps. The final FEA computations are calibrated by the threshold control. The calibration reduces the mean square errors of the FEA future sequence results significantly. This strengthens the calibration depth. Consequently, the calibration of FEA computations with deep learning can play a helpful role in the prediction and monitoring problems regarding the future structural behaviors.
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1. Introduction


The field of artificial intelligence has been developing rapidly in recent years [1]. It has made significant contributions regarding the optimization and prediction of many problems [1,2,3]. The machine learning-based approach has proved to be a suitable method to solve the finite element analysis (FEA) calibration problem [4]. However, its accuracy and calibration depth still need to be improved significantly. Therefore, this paper focuses on the FEA calibration to further improve its efficiency, depth, and accuracy by utilizing the advanced deep learning approach.



1.1. Development of Classical FEA Calibration


The calibration of the FEA is a process of tuning and improving the FEA computation, which aims to predict and analyze the future behavior of the object better. Efficient methods regarding FEA calibration have been reported in many cases [5,6,7]. Abrahamsson and Kammer applied the experimental frequency response to calibrate the dynamic FEA model [5]. The damping equalization is carried out to solve problems regarding the mode pairing in experiments and computations. It combines the model reduction to improve the efficiency. The results indicate that the application of the frequency response offers a scientific and reliable calibration deviation metric. Different calibration methods combining dynamic experimentation have been presented, including the Levenberg–Marquardt minimizer [6] and the genetic algorithm [7] to optimize parameters. Additional calibration studies of complex structures were carried out based on the fundamental principles above. By comparing the deviations between the experimental and numerical data, Abrahamsson et al. researched on the front subframe model of the car with complex degrees of freedom [8]. They proposed a cross validation method by combining both Levenberg–Marquardt and Gauss–Newton minimizers. Osmancikli et al. calibrated the computational dynamic characteristics by the experimental characteristics in the ambient vibration test by changing the stiffness coefficients of the connection joints of the initial FEA model [9].



The long-span suspension structure is one of the most advanced techniques in constructing bridges which can be found as important traffic roads built over the long-span river, lake or sea. Wang et al. developed two phase models to solve the calibration of long-span suspension bridge [10]. They simplify the entire progress of the calibration by the later combination with the separated vibration and static measurements. Garo et al. created a method to calibrate the material property in FEA computation by using an inverse method based on the experimental structure performance at different dynamic loadings [11].



The methods above apply a single parameter to calibrate FEA computations. The multivariate-based FEA calibration is more challenging. Formisano et al. proposed the calibration based on the natural frequencies and damping coefficients in the ABAQUS software environment [12]. A reliable calibration process is carried out in the commercial FEA package ABAQUS by obtaining the required inner structural properties [13]. A set of calibration results, including the loading-displacement response, the strain distribution, and the failure mode are presented through the indentation test with complex mixed mode loadings. A good displacement agreement in the results of both the FEA computation and the experiment has been reliably confirmed. Chen et al. used a continuous health monitoring system in the bridge [14]. The output model resulting from the ambient vibration experiment calibrated the FEA model and improved the correlation between the computational and experimental parameters. Erdogan calibrated the discrete and continuous FEA models thorough the combination of vibration and material tests for the purpose of the seismic assessment [15]. The procedure considers the stiffness of contact between adjacent stone units. The use of experimental data provides a sufficiently reliable calibration of the FEA. An inverse technique, called the virtual field method, calibrates the FEA material model by tracking the parameter covariance of large errors and the existence of equivalent parameters [16]. As the number of variate parameters increases, the classical FEA calibrations become increasingly time-consuming. Therefore, new calibration techniques with machine learning are increasingly gaining interest in the FEA calibration community.




1.2. FEA Computation and Calibration with Machine Learning


The FEA computations and calibrations now apply the advanced machine learning techniques. The latter is a powerful tool to understand the FEA processes and provide calibration solutions based on the deviation results between the experimental and FEA data. It can solve extraordinarily complex and difficult tasks for many engineering applications. Machine learning permits computers to learn the changing laws and behaviors based on the trained data [17,18,19,20]. With the combination of the FEA, machine learning can learn from the complicated patterns and understand the FEA process. There are lots of integration methods regarding the FEA and machine learning which one can apply in computations of modal characteristics, finite elements, constitutive relationships, material parameters, the FEA geometric deviation, and mechanical behaviors. There is an increasing need for fast and accurate computations and calibrations in the FEA.



Combined with response surface and particle-swarm methods, Marwala implements supervised learning in the form of Bayesian neural networks (NNs) which calibrate the mode and frequency domains in FEA [21]. The Markov chain Monte Carlo technique solves the Bayesian formulation well. The mode shape and frequency domains in the FEA computation are calibrated in NNs according to the model assurance criterion and natural frequencies tested.



Applying machine learning determines the FEA element state in both regular and multiscale structure problems [22]. The novel model regarding the smart finite elements extracts data from the FEA which is fed into the machine learning algorithm later, avoiding the complex task of finding the displacement field and complex iterations in the original computation. Accordingly, this reduces both the computational cost of producing and the computational error significantly.



Nie et al. explored a deep learning strategy to accelerate the computation of constitutive relationships [23]. Convolutional neural networks (CNNs) are beneficial in determining the FEA stress field regarding a two-dimensional cantilevered structure. This novel approach takes the object geometry, loads, and displacement boundary as inputs to output the predicted computational stress results. Oishe and Yagawa described computational mechanics and implicit rules regarding stiffness matrices through deep learning enhancement [24] Deep learning-based strategies indicate the robustness and flexibility. They also introduce more opportunities to apply in more complex FEA problems.



Javadi et al. calibrated the conventional material parameter model in FEA regarding the embankment through applying an artificial NNs-based methodology [25]. The relationship of the Mohr–Coulomb material subjected to loadings is outputted and calibrated. Similarly, Javadi et al. proposed an artificial intelligence regarding the evolutionary polynomial regression to calibrate complex material parameters in the FEA computation [26]. Hence, the optimization and calibration process of internal materials are also displayed to readers more intuitively.



Advances in the FEA computation have also been preliminarily applied in soft-tissue biomechanics and human organs. However, discussing the irregular and complex structures is too computationally burdensome for the application in real-time applications. The combination of the FEA with machine learning can offer an efficient solution to solve this problem. Reducing the computational cost and complexity of FEA is one of the main topics in the medical application by utilizing different techniques, for example, NNs-based strategy [27] and regression models-based prediction [28]. A deep auto encoder approximates the behavior of a non-linear and muscle actuated beam structure [29]. The deformation space in the compact form regarding high degree soft tissue is calibrated by Artisynth’s quasi-static incremental solver through the use of deep learning models. The application of the auto encoder deep learning approach indicates a lower reconstruction error, which is compared with the original FEA model. The similar idea can also be applied to estimate, calibrate, and recover the zero-pressure geometry of the patient’s thoracic aorta is developed on the basis of the FEA method [30]. The application of different machine learning methods can simplify, predict, and calibrate the complex FEA computations, thus, solving medical problems.



Liang et al. integrated the principal component analysis, sparse coding, nonlinear regression, and bidirectional neural networks to study the shape characteristics and Von Mises stress behavior of FEA computation [31]. The inputs are the material parameters based on experiments and statistical geometric shape. The calibration and optimization from FEA results enable the output stress analysis of human organs into fast speed, reliable, and real-time analysis. Li et al. recently designed an encoder–decoder-based CNN-FEA model [32]. Inputting geometry features and FEA boundary conditions result in the prediction of time-dependent concentration distributions. The mean relative error is very low, which indicates that the test accuracy is very high in the novel model.



However, the methods above ignore the depth of the FEA calibration. They mainly focus on one-step based calibrations. All these effective studies indicate that machine learning can greatly capture the complex behaviors of FEA computation and provide calibration possibilities to improve the FEA. Automatic and smart algorithms train and simulate the complicated behaviors and computational processes in FEA. Consequently, intelligent algorithms can make predictions and decisions about the future contour without being explicitly programed in the mathematical FEA calculation. Combining the FEA with deep learning, predictions regarding the future behavior of images or next frames and their calibrations are possible directions in this field, in which one seldom finds future image predictions based on the known FEA pattern data. The depth of the prediction can be extended through the application of deep learning. Future image prediction is also known as the next-frame prediction in the video generation, which is discussed in the next section mainly.




1.3. Deep Learning


Deep learning is a subset of machine learning which commits to research on computations and analysis with intelligence. Practical applications regarding deep learning in the context of patterns or images processing has increased tremendously increase in recent years [33,34,35,36,37]. The generic deep learning contains various methods of learning and predicting future images, including recurrent neural networks (RNNs), CNNs, and others [38,39,40]. They help one to learn and understand the dynamic mechanisms process and characteristics of the object under consideration and feedback future predictions from learning. The image sequence prediction is a challenging task which involves understanding continuous motion images at different levels. This is similar to the way in which humans can forecast anticipated changes through the cooperation of brain neurons and sensory perception. Consequently, the future sequence image prediction is sufficiently helpful to further learn the FEA behavior patterns, for example, the displacement, stress, and strain patterns. The prediction theory illustrates the interaction of feed-forward and backward information flow [41]. Many advanced vision applications benefit a lot from the knowledge of future image prediction. The application of future image predictions has been widely utilized in automatic car-guidance [42], prediction of the moving target’s position [43], robotic motion [44], weather forecasting [45,46], and video-frame prediction [47,48].



Srivastava et al. utilized long short-term memory (LSTM) networks with multi-layers to learn video image sequences, which predicts future sequence by decoding multiple LSTMs [49]. The introductions regarding LSTM details and its theories are in Section 2.3 and Section 3.2. LSTM is a widely applicable kind of RNN which contains feedback connections for both single data points and entire data sequences in deep learning [50]. The optimization task regarding accurate future image prediction has been a highlighted problem in artificial intelligence in recent several years [51,52,53,54,55,56,57,58,59,60,61,62,63,64,65,66,67]. Kalchbrenner et al. have developed a video pixel network to predict the joint distribution of future image in pixel videos [60]. It encodes a four-dimensional dependency chain to reflect different space, time, and color structures. Only minor deviations from the ground truth are indicated with the application of this prediction model. Xue et al. proposed a cross convolutional network to synthesize future images in a probabilistic manner, based on auto-encoders of future maps and convolutional kernels, respectively, with the single input image and unknown motions [52]. Additionally, subsequent layers model [66], generative adversarial networks [56], CNNs [55], convolutional LSTM [68], and cubic LSTM [58] play significant roles in the prediction of future images.



Summarily, the input of the prediction task is the image data regarding the current and previous status. The aim is to output and predict the possible future images. The kernel insight of all these applications is to learn the variant rules of images and predict how the research object will change from visual images accurately over time. There are similar features and powerful reference values between the future image prediction topic and the computational patterns prediction in the continuous static FEA behavior computations. What they significantly describe and contain in common are the variant patterns over continuously different loadings. One of the final aims of this research is to provide fast calibrated image sequence results of FEA behavior computations using the benefit of the prediction technology regarding future images. Deep FEA calibration is another aim. Consequently, this research selects the LSTM method to predict and calibrate sequence results in the static FEA.





2. Motivation and Methodology


2.1. Motivation


There are many analysis and optimization tasks in mechanical and structural engineering and fluid dynamics which use FEA computations as their basis. With the development of relevant engineering applications regarding the FEA calculation, the scale of calculations is becoming greater and increasing rapidly. A generic approach to carry out FEA computations is to apply simplified models in the computation of large composite structures, which provides us sufficient efficiency to obtain the characteristics of the researched object quickly [69]. A significant problem is also indicated that the accuracy of FEA computations based on the simplified model is insufficient. As is discussed in [69], the parametric method, for example, the B-spline method, which is based on the laser scanning data is proposed to calibrate the simplified FEA computation. This kind of method can indeed optimize the FEA computation results for the accurate parametric representation of the scanning sensor data regarding the object structure. Expensive time costs are indicated through complex computations and complex geometries. Consequently, the efficiency is greatly affected utilizing this method while the accuracy is improved a lot. The FEA computation time varies from hours to weeks in some engineering composite structures with large scales, which makes the FEA insufficiently efficient. The problem is that there need to be a balanced approach to integrate the accurate calibration reference with the efficient standard FEA.



Deep learning is considered to be a novel approach to balance the efficiency, step size, and accuracy of the FEA calibration. The idea of deep learning models is to learn from the accurate and more complex FEA computation or other accurate measurements. The training process itself is time consuming for large amount of training feeding in the deep algorithm. However, with the application of deep learning, the computation of the implicit rules, material properties, complex boundaries conditions, and physics equations can be learned effectively once the training is accomplished, as is described in Section 1.3. It is still a rare combination to apply deep learning to the FEA computation. Therefore, it is in a starting stage in this scientific combination aspect.



The FEA post-processing with high efficiency and quality is a significant advantage concerned by researchers. Post-processing results provide us with an intuitive visual representation of the mechanical characteristics, for example, the displacement, stresses, and strain contour. Our methodology is inspired by the visual representation of the mechanical data in the FEA post-processing and the strong data-processing power of deep learning. Therefore, we expect that both efficiency and accuracy of the FEA calibration can be maintained with the new deep learning-based method.




2.2. Framework


Section 1.1 and Section 1.2 indicate that the mature frameworks of FEA calibrations regarding constitutive relationships, material parameters, and mechanical characteristics are generally based on the response between inputs and outputs. Meanwhile, multi-sensors data or experiment-based data is the fundamental of the calibration. Different optimization techniques can be applied according to various calibration goals. Therefore, the first task in the current research is to find out a scientific solution to address the gap which is indicated in the motivation section. By clarifying the calibration objective, we can apply deep learning to establish a suitable algorithm between the real and FEA data for effective calibrations. The FEA post-processing data regarding the mechanical characteristics, including the stress, strain, and displacement corresponding to various loadings, is one of the calibration features concerned in the FEA application process.



The data-processing of deep learning and visual representation of mechanical data in the FEA combines the framework of the current methodology, as is shown in Figure 1. The entire framework is composed of three parts, which are the preparation of database, deep learning of the model, and the final generation of the calibrated FEA results. The calibration database is derived from two groups of images. One is from the output of the standard FEA to be calibrated, which is represented as    a t   . Here, the standard FEA means the normal FEA computation with the simplified geometry or rough parameter settings. Another is from the output of reference value, which is represented as    b t   . The given inputs in the deep learning process are necessary to finally predict the desired output, as is described in Section 1.3. Using a similar solving process, the input dataset for the training task in this methodology is the deviation results between the standard FEA and calibration reference values, which can be based on the displacement, stress, and strain in different cases. The network structure displays and computes the deep learning hierarchically. The architecture schematic of NNs is drawn by the online platform AlexLenail NN-SVG [70]. Multiple layers are the core of deep learning to execute the computation. A layer is defined logically as a separated group of neurons in deep learning. Neurons in the first layer, which is also called the input layer, receive the information and features from the input data steam. Input features are extracted from the deviation calculation with time series. All input data are converted to pixel values in a set of arrays. The last layer in the model is the output layer which executes the output of the required data. There are multiple hidden layers between the input and output layers. The ratio regarding the training and validation datasets depends on the deep learning method. Details about the deep learning datasets in this research are explained in Section 3.3.2. Each layer in the deep learning model plays different roles, for example, abstracting the pixels, encoding, and decoding. Deviation-based results are learned and calibrated through the training process. The deep learning model outputs the predicted deviation results. The calibrated FEA results are calculated by integrating the next image generated from FEA computation and the predicted deviation result finally. The NNs input, output, and final calibrated FEA values in this research are related to the equivalent stress values, which are represented as gray intensity images in all the subsequent sections. Requirements regarding the calibration reference method should be easy-to-access and graphical display. The given loadings, boundary conditions, material parameters, and the simplified geometric model provide the standard FEA computations. The calibration reference monitoring should be processed under the same conditions to ensure the comparability of the final results.



The process of the original FEA and reference values is shown in Section 3.3.1. The calibration process is composed of two chains overall. The standard FEA computation is remained as the first chain for its fast and efficient computation with the simplified model. The framework focuses on the deviation calibration from the reference results. Hence, the second chain is to predict an accurate deviation. The calculation of the deviations is presented in Section 3.3.2. The implementation of deep learning captures the variation characteristics regarding the deviation values. The integration of the standard FEA result and the predicted deviation value determines the final calibration values. The application of this methodology solves the problems in the motivation section. The training process of deep learning is complex and time-consuming. However, the deep learning model when finally trained can perform an accurate prediction quickly and be utilized efficiently. This framework realizes both the efficiency and accuracy of calibrated FEA results.



There are some choices for the reference dataset. Terrestrial laser scanning (TLS) and digital photogrammetry are advanced measurements and monitoring tools that can provide reference patterns to detect the surface information accurately [71,72]. With the application of TLS, the surface information regarding the object can be measured rapidly as the point cloud data with high precision [73,74]. The precision of TLS can reach the level of  ± 1 mm and its resolution at the industrial environment is 10,000 Pixel/360° and even higher [73]. Digital photogrammetry is also an advanced technique to acquire three-dimensional geometric information from stereoscopic image overlap [75,76]. Both measurement methods have extensive engineering applications in a variety of fields. This manuscript uses a TLS-based monitoring method because its precision is very high and acquiring large amounts of point clouds is achieved quickly. The reference in this research is the parametric model-based FEA described in [69]. It is a FEA computation on the basis of the TLS data which refers to the TLS-based reference in the next sections. The point cloud from TLS is approximated by B-spline surfaces. The advantage of parametric model-based FEA is that it provides a high volume of database of various computational patterns from a large number of computations. The accuracy of the parametric model, which is based on the B-spline surface approximation, can be highly improved by the FEA computation [69].



Various techniques are utilized for the training process regarding the addressing sequence data, as is described in Section 1.3. LSTM is one of the most highlighted techniques in fixing long sequence training and is well known in predicting continuous future steps in movie frames [68] and weather forecasting [45]. Moreover, this technique ensures and improves the prediction accuracy of the model through the development in recent years. Therefore, it is applied as the main technique to learn, predict, and calibrate the sequence data regarding mechanical characteristics in the FEA computation. Section 2.3 shows details of the general LSTM implementation.




2.3. LSTM Implementation


The LSTM network is a special structure in RNN, which was firstly proposed by [50] in 1997. It is capable of learning various practical mechanisms regarding spatiotemporal information. The calibration problem of FEA results are described as a spatiotemporal problem if the FEA results are divided into tiled non-overlapping slice-images containing pixel measurement results. The FEA calibration is transformed into the spatiotemporal prediction. Therefore, LSTM is selected as the implemented deep learning approach to learn, calibrate, and predict the future images of FEA. LSTM contains the form of repeating module chain with various computational blocks, as is shown in Figure 2. It is different with the standard RNN, for standard RNN contains a simple neural net layer to perform the computation. LSTM is more complex in its repeating unit with different layers. These layers are computational blocks which interact to selectively control the information flow within the cell. Therefore, LSTM cells are capable to track related information throughout time steps.



One of the most significant components of LSTM is the gate. Related information can be removed or added through gates in NNs optionally. LSTM processes information through four steps. Each step is marked with various dashed blocks in red, blue, black, and orange colors in Figure 2.


   f t  = σ  (   W  x f    x t  +  W  h f    h  t − 1   +  b f   )   



(1)






  σ  ( x )  =  1  1 + e x p  (  − x  )     



(2)







The first step is to decide what information is going to be thrown away from the cell state. This task regarding forgetting the irrelevant history is finished by a sigmoid layer named as the forget gate layer, which is marked as a red dashed block. Equation (1) describes the computational relationship. It is a function of the prior internal state     h  t − 1     and the current input     x t   , which outputs a number in the range of [0, 1] by a sigmoid function. Equation (2) represents the calculation of sigmoid function    σ  . The number of 0 means to discard it completely, while the number of 1 means keep it completely. Consequently, the forget gate function can decide whether the information is important. The parameters regarding  W  and    b   in all following contexts and equations stand for the weight and bias for the respective gate neurons, which are learnable parameters.
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The next step is that LSTM can decide what part of the new information is relevant. This will be utilized to store the information into its cell state. This is the store layer with two sub chains which are marked with a blue dashed block in Figure 2. One chain     i t    with a functional relationship in Equation (3) is computed with a sigmoid function to update the prior internal state     h  t − 1     and the current input     x t   . The computation of this chain squishes the value between 0 and 1. Anther chain is computed with a tanh function in the range of −1 to 1 to pass      h  t − 1     and     x t   , as is shown in Equation (4). Equation (5) describes the computation of the tanh function. The aim of this tanh chain is to create a new candidate based on the regulation of the parameters in the neural network. Finally, the sigmoid chain decides which information from the tanh chain is relevant and important to keep and store.


   c t  =  f t  ∘  c  t − 1   +  i t  ∘   c ˜  t   



(6)







The third step is to calculate and update the cell state, illustrated in the black dashed block in Figure 2. It is called the update layer and performs both actual updating and forgetting. The Hadamard product is represented as    ∘   in this research. The cell state     c t    is an important conveyer belt which extends along the entire chain. The state in the network is a sort of simplifying. There are a group of neurons which are firing the numbers squished by the sigmoid or tanh functions. The weight and biases constantly modify and compute these numbers. Hence, those numbers hold a state. Equation (6), which is separated into two parts, computes the updating of the cell state. Firstly, the latest previous cell state     c  t − 1     is calculated with the output     f t    from the forget layer. The previous state is used selectively and can be forgotten in this process when the forget layer outputs a value near 0. Secondly, the calculation of results from two sub chains of the store layer is processed. The new cell state is computed by the sum of both parts. In the current paper, the previous FEA deviation results are remembered or propagated together through     x t   ,     h t    and     c t   .



Finally, the calculation and return of the output layer takes place, illustrated in the orange dashed block in Figure 2. It controls what information encoded in the cell state is processed to the network as the input in the next time step. This layer outputs the next hidden state     h t    which is also used for the prediction     y t   . This is the predicted FEA deviation result in the next step. The function     ο t    feeds the previous hidden state     h  t − 1     and the current input     x t    into the sigmoid function, described in Equation (7). The updated cell state     c t    is also passed to a tanh function in the final calculation. Therefore, Equation (8) then shows the generation of the output.


   ο t  = σ  (   W  x ο    x t  +  W  h ο    h  t − 1   +  b ο   )   
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Summarily, the LSTM maintains a conveyer belt, called the cell state, throughout the entire network. Gate layers control the information flow of the network, which contains the forget layer, store layer, update layer, and output layer. The most important advantage of LSTM during processing sequences is that the network can regulate and choose what information is relevant to keep or irrelevant to discard efficiently. Hence, LSTM is a highly efficient approach and superior choice to deal with the sequential information and problems throughout time steps. In this research, the inputs are the equivalent stress deviation results computed from standard FEA results and TLS-based reference values. The final outputs in LSTM model of this research are corresponding to the predicted deviations in next few steps of the FEA computations.





3. Model


3.1. Mathematical Description


The kernel of the intelligent FEA calibration is the prediction of the future result of the FEA computation. The future result prediction is the problem of estimating future FEA images and evaluating the accuracy with known past FEA results. Therefore, it is significant to find an approach to generate next future images. Different input loadings over time determine a group of deformation or stress images in FEA computational results. Here, one considers the static structural FEA computations with an invariant load interval, for example,    F ,     2 F ,   ⋯ ,   t F  . The input object of deep learning is the deviation dataset.


  a ∈  {   a 1  ,    a 2  , ⋯ ,    a t   }   



(9)
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  p = p  (   x  t + 1   |  x t  ,    x  t − 1   , ⋯ ,    x 1   )   



(12)







Two groups of FEA results, which contain both the standard FEA computation     a t    in Equation (9) and the parametric model-based FEA computation     b t    in Equation (10), determine the deviation. As is discussed in Section 2.2, this methodology can compute and process many features including the stress, strain, and displacement. The equivalent stress values are mainly researched in the current research. The deviations of the values and contour lines regarding the equivalent stress in different computational models are obvious. Both groups of data     a t    and     b t    represent the equivalent stress values from standard FEA computations with the simplified geometry and reference results in Figure 1. Equation (11) describes the calculation of the deviation. The next image of the future FEA deviation result between two computations is     x  t + 1    . The problem can be described by Equation (12), which means the unknown probability distribution     p    of the next image depends on all of the past FEA images.


    x ^   t + 1   = a r g     max    x  t + 1       p  (   x  t + 1   |  x  t − 1   ,    x  t − 2   , ⋯ ,    x 1   )   



(13)







The FEA computation generates the past images. The main aim is to predict the future image     x  t + 1     with an efficient approach. Therefore, the current task in this research is clear. It is necessary to find the functional relationship of generating future predictions      x ^   t + 1    . Equation (13) formulates the relationship to find the possible prediction by maximizing the probability function in Equation (12). However, the probability function in this example is difficult to solve with a precise mathematical solution. A reasonable solution regarding this problem is to search for the minimum of the deviation between the estimated and ground truth values.



The neural network method implements the estimation problem in this research. Stacking consecutive past images sequentially predicts the future image     x  t + 1    . Following this idea, Equation (14) presents the generation in the neural network of the estimated image.


    x ^   t + 1   = f  (   x t  , g  (   x t  ,    x  t − 1   , ⋯ ,    x 1   )   )   



(14)







Here, the functional generator of the intelligent estimation is    f  . The current computed FEA image is     x t   . The current latent cell of the neural network is     g    which is associated with the memory of the past computed states     x  t − 1   ,    x  t − 2   , ⋯ ,    x 1   . The calculation of     g    makes the neural network structure to be active in motion. The learning process in this neural network is to optimize the functional generator    f  . Equation (15) shows that it is necessary to minimize the deviation    Δ  x  t + 1     between the estimated value and the monitored real data to bring the generated value      x ^   t + 1     close to the real one     x  t + 1    .


  m i n  (  Δ  x  t + 1    )  =   min  Δ   |    x ^   t + 1   −  x  t + 1    |   



(15)







The deviation between the estimated and real data is represented as the loss function    L   in Equation (16) to be minimized in the NNs. The loss function should be determined so that the probability distribution results converge to    p   as the loss function is minimized. Mean square error (MSE) is chosen to be the loss function in this paper as it is easier, more effective, and faster to be implemented in this research. Hence, the model calculates and minimizes the MSE value between the original FEA result and calibrated result. Equation (17) shows the calculation of the final calibrated FEA result.


    x ^   t + 1   = a r g     m i n     x ^   t + 1       L  (    x ^   t + 1   ,  x  t + 1    )   



(16)






    b ^   t + 1   =  a  t + 1   +   x ^   t + 1    



(17)








3.2. Neural Network Model


The deviations regarding the equivalent stress results are monitored over different loads. A pixel representation records each monitoring image with the RGB channel. Each contains   M × N   grids. From the point of spatial view, the entire g FEA computation can be described as three-dimensional tensors. The tensor    X ∈  ℝ  P × M × N     describes each monitored feature.  P  is the number of the feeding epochs.  ℝ  indicates the tensor domain of the monitored features which is recorded periodically. Consequently, Equation (18), formulated from Equation (13), transforms the prediction and calibration problem in FEA computation to a spatiotemporal forecasting problem. It indicates that the last length-J FEA computational results generate future length-K predictions with the highest probability.


    X ^   t + 1   ,   X ^   t + 2   ,   ⋯ ,   X ^   t + K   =   a r g   m a x    X  t + 1   ,  X  t + 2   ,   ⋯ ,  X  t + K     p  (   X  t + 1   ,  X  t + 2   ,   ⋯ ,  X  t + K   |  X t  ,  X  t − 1   , ⋯ ,  X  t − J + 1    )     



(18)







A solution to the spatiotemporal weather forecasting problem using convolutional LSTM is proposed in [45]. With the comparison of the conventional LSTM [77] extends the convolutional structures regarding both input-to-state and state-to-state. The innovation of convolutional LSTM is that the inputs, outputs, and states are three-dimensional tensors with timestamp, row, and column. The timestamp indicates the spatiotemporal extension of the image-variate information. Equations (19) to (23) show the kernel equations of convolutional LSTM described in [45].


    ℱ t  = σ  (   W  X ℱ   ∗  X t  +  W  ℋ ℱ   ∗  ℋ  t − 1   +  W  C ℱ   ∘  C  t − 1   +  b ℱ   )     



(19)






    ℐ t  = σ  (   W  X ℐ   ∗  X t  +  W  ℋ ℐ   ∗  ℋ  t − 1   +  W  C ℐ   ∘  C  t − 1   +  b ℐ   )     



(20)






    C t  =  ℱ t  ∘  C  t − 1   +  ℐ t  ∘ t a n h  (   W  X C   ∗  X t  +  W  ℋ C   ∗  ℋ  t − 1   +  b C   )     



(21)






    O t  = σ  (   W  X O   ∗  X t  +  W  ℋ O   ∗  ℋ  t − 1   +  W  C O   ∘  C t  +  b ο   )     



(22)






    ℋ t  =  O t  ∘ t a n h  (   C t   )     



(23)







In these,    X 1  ,  X 2  ,   ⋯ ,  X t    are the inputs in the convolutional LSTM,      C 1  ,  C 2  ,   ⋯ ,  C t    are the cell outputs,      ℋ 1  ,  ℋ 2  ,   ⋯ ,  ℋ t    are the hidden states. The weight is    W  . The forget gate is     ℱ t   . The output gate is     O t   . All these parameters belong to the three-dimensional tensor of     ℝ  P × M × N    . The input gate in convolutional LSTM is     ℐ t   . The convolution operator is represented as    ∗  . The convolution operator in convolutional LSTM replaces the general multiplication operator in conventional LSTM. Details and explanations can be found in [45]. As the input data in LSTM networks is one-dimensional, the spatial image sequence data is impossible to predict with LSTM. Convolutional LSTM can capture underlying spatial image features by applying convolutional operators. Therefore, the convolutional LSTM model reasonably combines the characteristics of convolutional networks regarding the image recognition and LSTM networks regarding ‘memorizing past’. Another dramatically different point between the convolutional and standard LSTM networks is the additional calculation term     W C  ∘ C   added into forget, store, and output layers. It is called the peephole connection [78]. Our convolutional LSTM implements peephole connections. Traditional LSTM, illustrated in Figure 2, indicates the problem that some information is potentially lost during the computation of those gates for the loss of direct connections from the cell state. Therefore, the calculations of these gate layers can look at the cell state with the peephole connections after computation. These gates with peephole connection can understand unwanted inputs and error signals. The advantage of using the cell state to control different gates is that the gradient is prevented from vanishing too fast because it is already trapped and computed through the peephole connection in the cell [45]. It is a critical problem in the vanilla RNN structure as is described in [50]. With the application of convolutional LSTM, the sequence length of the FEA computational results handled to the neural network model is variable. This makes the tracking of long-term data dependencies possible to realize. It offers the network to share parameters across the FEA result sequence.




3.3. Training Data


3.3.1. Post-Processing Images of FEA Computation


The basis of the calibration of the standard FEA computation is the simplified model which ignores all irregular deformable details. Simple flat planes generate the simplified FEA model. The positive gain of the application regarding the standard FEA computation is the efficiency of the computation. The next task is to improve the accuracy of the efficient computation in this research. Hence, the reference result is based on a parametric FEA model is applied. The accurate parametric geometry is reconstructed with the combination of TLS point clouds data, as is shown in Figure 3a. The details regarding point clouds can be found in the previous work [69]. The accuracy of the parametric model depends on two parts which are the accurate geometry scanning with TLS [79] and the accurate description with B-spline surface [80]. B-spline approximation is beneficial in fitting scattered points with the advantage of surface continuity representation [80]. Accordingly, a selection is made of the parametric FEA computation as the monitoring TLS-based reference method regarding the model accuracy in this research. Details regarding the parametric FEA computation can be found in [69]. The FEA computation is conducted under continuous static loadings which are surface-based distributed on the roof of this building. The researched object in this research is the roof surface in the model of [69]. The static loading begins from 16 kN. Each loading increases linearly by 0.2 kN. The total number of loadings is 141. The equivalent stress value forms the basis for the value analyzed. All geometric details, parameters, and boundary conditions are related to Section 3.1 of [69]. The object being calibrated is the roof part.



The equivalent von-Mises stress value is a positive value output directly from the FEA computation. Utilizing original equivalent stress information to describe the FEA post-processing results can produce a similar color map contain an alternate range due to the various interims of deformation results under various loadings. This will introduce various gray hues corresponding to the same equivalent stress values in various image descriptions. This will affect the training effect and efficiency if the color intensity maps of these images are not unified. Accordingly, the process of the FEA computation images unifies the gray intensity epochs with the same color map distribution according to the equivalent stress range in this example, shown in Figure 3b,c. Alternatively, Figure 3b shows the computational results from standard FEA computation, while Figure 3c presents the FEA computational results from TLS-based reference in Figure 3a. The length of the training sequence is 16. It means the utilization of the previous 8 epochs predicts the next 8 adjacent epochs in the future. The computation results contain 141 groups of epochs. The gray intensity value 0 is corresponding to the zero equivalent stress value and the gray intensity value 255 is corresponding to the largest equivalent stress value. Hence, the completely black color indicates the smallest equivalent stress, while the completely white color indicates the largest equivalent stress in this research, as is shown in the relative value comparison table of Figure 3b. The complete white is invisible and cannot be shown in the figure with the completely white content background even through it is easy to be implemented in the procedure. As a result, the comparison table of Figure 3b provides the relative value comparison between the gray intensity and equivalent stress value.



All equivalent stress values in all epochs shown in this research can be converted and obtained by the proportional relationship between the gray intensity and equivalent stress in the table. There are    690 × 800   pixels in each original image. Four regions where the large equivalent stress develops from can be found. Therefore, the monitored surface is divided into four separated parts for the NNs computed later. It is obvious to find the blank rectangular regions in the figure with    690 × 800   pixels. As a result, the final refined images have    280 × 280   pixels to avoid the blank regions and retain the main variable features of the monitored surface. Meanwhile, the refined regions contain the most obvious variable features.



Figure 3b,c indicates a comparison example of four different parts corresponding to the same epoch. The same epoch represents the same static loading and equivalent stress response in the FEA computation. Results indicate apparent deviation between the standard FEA computation and the TLS-based reference. As a result, it is significant to calibrate the efficient but inaccurate standard FEA computation. The calibration of the standard FEA can be implemented in either stress, strain, or deformation results or all of them. The equivalent stress calibration tests and applies the implementation of the methodology in this research.




3.3.2. Data Processing


Figure 4 presents an overview of the development of equivalent stress deviation epoch examples in Part 1 regarding the monitored surface. E in the left-upper side of images stands for the epoch. Twenty epoch samples are presented in Figure 4. The shades of different gray colors illustrate the equivalent stress characteristics of different models. The equivalent stress value can be intuitionally indicated by the gray scale map with shades of gray. The different equivalent stress values vary a lot in different parts of the monitored images. The equivalent stress values of different images appear more similar when the color part is closer to the black color or value 0. As is shown in Figure 4, there are a number of similarities among the equivalent stress distribution when the static loading is low. With the development of the static loading, the FEA computation of equivalent stress results indicate dramatic deviations. Hence, the equivalent stress deviation increases gradually.



The equivalent stress of the monitored surface is computed in this research. Section 4.1 shows the comparison and analysis of the deviation in different parts. The extracted deviation images regarding the object equivalent stress are represented as three-dimensional dataset with width, height, and channel. The width and height have 280 pixels in this model. And the channel is 1. There are four parts computed in the model, as is shown in Figure 3. The deviations dataset in each part contains 140 sequences. All sequences are divided in 60% training sequences, 20% testing sequences, and 20% validation sequences, which refers to the grouping method in [45]. All sequences are 16 deviation epochs long, including 8 epochs for the input and 8 epochs for the prediction.






4. Results and Discussion


This section mainly presents the important results. Some discussions and analysis are conducted in details. It begins with the presentation of MSE results and the analysis based on MSE regarding the original FEA computational results. Some examples show a visual representation of the prediction results. The MSE and structural similarity (SSIM) of the predicted results are calculated. We reveal the histogram and frequency results of image intensity in details. The evaluation of the predictions from the deep learning model are carried out based on the calculations of above results. Meanwhile, the FEA calibration is optimized by the threshold control. Finally, the analysis regarding the normal FEA calibration and optimized calibration is carried out.



4.1. Analysis of FEA Results



   M S E =  1  m n     ∑   i = 0   m − 1     ∑   j = 0   n − 1      [  a  (  i , j  )  − b  (  i , j  )   ]   2    



(24)





Within this section, the MSE value is used as a quality estimator of deviation values [81] and can be applied to evaluate the deviation between two FEA images. Equation (24) describes the formulation method.   a  (  i , j  )    and   b  (  i , j  )    are the gray intensity values to their corresponding equivalent stress values     a t    and     b t    in Figure 1. MSE is the most widely applied metric by averaging the squared intensity deviations of distorted and TLS-based reference image pixels, along with the related quantity of the peak signal-to-noise ratio [82]. In the current research, MSE values of different parts are calculated to compare the deviation between standard FEA and reference results.



Different parts of the monitored surface equivalent stress reveal the MSE values, shown in Figure 5. There are a number of important deviations between the standard FEA results and TLS-based reference results. The MSE value of the epoch increases with the development of the static loadings. It trends to drop down in the middle of the horizontal axis. The beginning positions of the decline trend vary from each other in different parts. The MSE value of Part 1 performs best within the four parts, which means the deviation of Part 1 between the standard FEA result and reference result is minimal. The MSE values of Parts 1, 2, and 3 are smaller than the MSE of the entire monitored surface. The MSE of Part 4 performs extremely abnormal in the comparison to the others. It indicates that the standard FEA computation with simplified geometry demonstrates the lack of mechanical behavior in the simulation process regarding Part 4 while it is compared with the TLS-based FEA computation. This confirms the inadequacy of the simplified model. Meanwhile, it verifies the necessity of the calibration and optimization regarding the simplified or standard FEA computation in the mechanical application.



The fluctuation of MSE curves in Parts 1, 2, and 3 performs gentle within the range of epochs 90 to 130. It reveals the equivalent stress performance is very similar during these static loadings in both standard FEA computation and TLS-based reference results. It is confirmed that the mechanical development of the object can be fitted by the standard FEA computation in some stages and monitored regions correctly and efficiently.




4.2. Evaluation of Prediction


Figure 6 shows the comparison between the TLS-based reference deviation images and the predicted results. The current inputs from epochs 95 to 102 provide the basis for the outputs of the predictions from epochs 103 to 110. This indicates that we apply eight input epochs to predict eight future epochs. This research tests five strategies regarding the number of the input and output epochs, in which the numbers of input and output epochs are equal, including 4, 6, 8, 10, and 12. The number of 8 is finally applied according to the best model training performance in this condition, in which the MSE is smallest. The overall development trend of both results in Figure 6a,b is similar, which proves that the deep learning results are close to those in the FEA prediction process. The overall feature of the deviation images regarding the general contours are followed well by the predicted ones, especially in epochs 103, 104, 105, and 106. In terms of contour details, the first two predictions, where bump features follow the initial data well, perform better. This can bring excellent equivalent stress monitoring on the surfaces in the static loading experiment. However, the predicted deviation images trend to miss some detailed features in the learning process. There are some deviations in epochs 107, 108, 109, and 110. The absolute deviations in Figure 6c prove this.



The absolute deviations between the predicted and reference results become increasingly obvious with the development of the epochs. In contrast to earlier predictions, apparent evidence of contour blur is detected. The later prediction process ignores all contour boundaries. Small features which vary slightly and slowly in earlier future predictions trend to vary fast and disappear. The prediction of FEA equivalent stress deviation images confirms and verifies the future prediction feasibility of the application of the methodology proposed. Consequently, the requirement of the prediction steps can be determined to take the earlier four predictions in the engineering application while applying the methodology in the static loading.



Figure 6d shows the calculation of the MSE and SSIM. SSIM is a method for predicting the perceived quality of digital pictures to measure and evaluate the similarity between two images [83]. Equation (25) shows the formulation of SSIM regarding two epochs    a   and    b   [83]. More details of SSIM can be found in [82,83].    μ a    and    μ b    are the local means.    σ a    and    σ b    are the standard deviations.     σ  a b     is the covariance of    a   and    b  .     C 1    and     C 2    are two variables.    C 1  =   (  k 1  L )  2  .    C 2  =   (  k 2  L )  2  .   Here,    k 1  = 0.01 .    k 2  = 0.03 .   And   L = 255 .  


  S S I M  (  a , b  )  =    (  2  μ a   μ b  +  C 1   )   (  2  σ  a b   +  C 2   )     (   μ a 2  +  μ b 2  +  C 1   )   (   σ a 2  +  σ b 2  +  C 2   )     



(25)







The blue line in Figure 6d presents the trend of the MSE. The red line presents the trend of the SSIM. The process occurs between the original deviation results and predicted results for the calculation of both values. Figure 6d shows that the MSE of the first future prediction is 346. MSE values improve with the development of the processed epochs. The MSE values vary slightly in epochs 103, 104, 105, 106, and 107. MSE varies significantly after prediction of epoch 107, which reveals that the prediction regarding future equivalent stress images after epoch 107 should be considered as significantly too large in the static loading experiment. Deviations after epoch 107 increase greatly. This indicates that the further the predicted images are in the future, the higher the deviations should be. The application of the SSIM index improves the evaluation of traditional methods. SSIM is a decimal value between −1 and 1. The value of 1 proves perfect structural similarity within two images. The first future prediction contains a SSIM of 0.74. It indicates strongly inter-dependent pixels of the predicted image. With the development of the epochs, the SSIM reduces, especially after epoch 106. Regarding the predictions, Epochs 103 to 106 are more accurate. Accordingly, we discuss the first four future images in the predicted results more in the following.



After comparing the results from some published references [45,84], we find that the blur problem is obviously general with the application of LSTM when the predicted future sequence is too long. This is also proved in [51]. Moreover, a very long predicted sequence in static loading experiment is undesirable. Other sequences regarding the prediction parts perform the similar variable law as in Figure 6d. The further the predicted results are in the future, the higher the deviation from deep learning trends to be. Consequently, the variable law in Figure 6d is the feature within a large sequence range in all sequences, which is also proved in all predicted examples with the LSTM method in [51]. Figure 9 in Section 4.3 can confirm it.



With the combination of Figure 6a,b, the median value in Figure 7 reveals the blur problems in the long sequence study period. The intensity distribution of the equivalent stress deviation images regarding the first four epochs in Figure 6a,b focuses on the low and high intensity part. The frequency in the median value interval is low. Accordingly, the predicted images in these four epochs perform well in the boundary and different gray region description of the contours. Meanwhile, this also explains why the TLS-based FEA calibration is focused on the next four steps in static loadings in Section 4.3.




4.3. Discussion of Calibration


Figure 8 shows MSE values of the FEA future outputs after the calibration. The original curve is the comparison curve which is corresponding to the results of Part 1 in Figure 5 from epochs 30 to 130. When the MSE value is reduced, the calibrated result is improved. The MSE curves apparently show that the calibration based on the first four prediction results of deep NNs reduces the MSE values of the original FEA computations. The MSE increases with the development of the deep calibration in long sequences, and the MSE rises up. The reason is that the equivalent stress image contains larger variable regions with the development of the static loadings. The MSE values are pretty close to the original curve data after epoch 120 which is highlighted as a dotted circle. As discussed in Section 4.2, the further the predicted results are in the next steps, the higher the deviation from deep learning trends is. The MSE values in the calibration relate to those in the prediction part. The MSE values in the calibration after the fourth prediction are higher than the first four results. The calibration accuracy is increasingly worse after the calibration on the basis of the deeper future outputs after the fourth prediction. Accordingly, we do not discuss the calibrated results after the fourth prediction in this section anymore. There is an obvious improvement of the accuracy after the intelligent calibration of FEA computations. Meanwhile, the most obvious calibration results relate to the first prediction of the NNs model.



Both the deviation image learning and the simplified FEA computation results provide the basis for the calibration of the FEA computation, as the methodology section and Figure 1 describe. This manuscript takes from the epochs 95 to 102 as the input of the TLS-based reference results in this figure sample, as is shown in Figure 9a. Hence, according to the explanation in Section 4.2, the next four images, which are epochs 103, 104, 105, and 106, are the future output from the monitored results, as is shown in Figure 9b. These are also the ground truth in this research. Figure 9c shows the original future output from the standard FEA computation, which is also the object required to be calibrated in this figure. Figure 9d shows the calibrated results applying the proposed methodology.



Figure 9d shows that the calibrated future FEA results are improved significantly with the comparison of the original images in Figure 9c. The boundary follows with the TLS-based reference feature correctly, especially in the first three calibrations. Moreover, the calibrated output results describe the deformable surface details well. There are more equivalent stress changes around the deformable surface according to the intensity of the equivalent stress image. The deformation region with higher equivalent stress detection could show crack behaviors when the loading force is very high in the engineering application. However, the original FEA computation before calibration cannot detect the deformable surfaces. Accordingly, the future output after calibration with deep NNs can perform effective roles in health monitoring in the engineering application.



The obvious difference between Figure 9b,e is that Figure 9e contains a horizontal highlighted bar region in the gray part. It makes the calibrated results inaccurate in some parts of the monitored surface. Accordingly, the calibration is also optimized by threshold controls, as is shown in Figure 9e. The solution is to find out the deviation between the stronger and normal intensity. The edge detection function in Python detects the boundaries between different regions. Since the gray intensity is different in each pixel, one can calculate the average intensity values of the stronger and normal intensity region. The deviation between the average intensity values in both regions generates the threshold control. Subtracting the threshold control value weakens the gray values within the region with stronger intensity and a close intensity corresponding to the TLS-based reference value. Meanwhile, the threshold control strategy in the middle circle region also strengthens the weak intensity. The same method as the previous one calculates the threshold control value. It is obvious to find that the optimized calibration in Figure 9e performs better than the normal calibration in Figure 9d.



The main error of the calibrated output is mainly focused on the gray intensity compared with the TLS-based reference output, especially in the middle region with a horizontal bar shape regarding the equivalent stress images. The deviation of the gray intensity after the deep learning causes this. The possible solution is to separate the gray region in an independent deep learning. One utilizes the separated region after calibration to replace the inaccurate region to generate a new calibrated result.



The object in the entire research of the calibration is taken to be the contour with boundary, as is shown in Figure 9. This indicates that the gray contour has been divided into different intensity range with gray bands. The disadvantage of this method is the discontinuity of the equivalent stress description. During this research, the smooth gray contour is also investigated as a comparison. However, one cannot predict or calibrate the variable features without the obvious gray band correctly in the convolutional LSTM model. As the contour boundaries are added, the deep NNs are able to learn the variable characteristics in equivalent stress images. One possible method to perform more continuous contour description is to divide the contour into more gray bands if necessary. Another method is to carry out an interpolation calculation in different gray intensity boundary regions.



Figure 10 reveals the MSE values of FEA future output after optimized calibration. It proves that the threshold control method to decrease the MSE values is effective. Meanwhile, it indicates that the deviation in the middle horizontal bar region is the main source of the MSE in Figure 9. The optimization is based on the threshold control method which is described in the explanation of Figure 9. Figure 10 focuses on the first four calibrations. Calibration values based on the first three prediction results are relatively close and kept within a low MSE level after the optimization. Based on the examples in Figure 9, the MSE reduction ratios in the first three calibrations are below 66%. The original curve data of Figure 8 is the basis for the calculation of the MSE reduction ratio here. The threshold control apparently decreases the MSE values of the fourth calibration significantly, which is close to the original curve in the circle mark of Figure 8. The MSE reduction ratio in this part is also below 57%. An overall improvement of the calibration quality occurs. With the combination of Figure 9d,e, the large region in the middle horizontal bar of the image provides the main basis for the improvement. Calibration and optimization of the region range and equivalent stress value are calibrated and optimized significantly. Accordingly, the optimized calibration of the FEA future output benefits from the threshold control.





5. Summary and Conclusions


The current research aims to explore effective methods and improve the depth in calibrating the continuous static FEA computations. Machine learning proves to be the successful method. However, the sequence-based FEA calibration is still unsolved. Accordingly, we selected the convolutional LSTM model to calibrate the future sequence results corresponding to adjacent continuous loadings in the FEA. We addressed the intelligent FEA calibration problem in two ways: (1) by using the normal FEA computation to generate the original future output, and (2) by using the estimation and prediction of deviation results between the standard FEA results and the TLS-based reference. Training of the previous deviation results and predicting the future deviations results took place. By integrating the results from the simplified FEA and predictions from the convolutional LSTM model, the future FEA results are generated as the sequence-based representation. The threshold control finally optimizes the calibration. The paper is composed of five main sections. Section 1 introduces the development background of FEA and deep learning. Novel combination approaches and the future sequence prediction techniques are described. Section 2 discusses the motivation of this manuscript, which leads to the main issues to be discussed. It also describes the general framework regarding how to realize the proposed methodology. The LSTM model is introduced and discussed in details. Section 3 presents the mathematical description of the model and methodology, the main implementation of LSTM, and the training of the intelligent FEA model. Section 4 discusses and analyzes the results regarding the final calibration. Finally, Section 5 relates the summary and draws main conclusions of this research. Based on the results, the main points of this research are concluded as the following:



1. Compared with the TLS-based reference, the standard FEA computation with a simplified geometry reveals large MSE values regarding the equivalent stress all through the computation process. There is a reduction of the final MSE results when applying the convolutional LSTM model and TLS-based reference. It ensures the improvement of the accuracy in the proposed methodology.



2. The quality of predictions reduces with the increase of the static loadings. When the size of prediction step is too long, it reveals the blur problem in predicted frames. The blur problem is focused on two aspects. One is based on the contour boundary. Another is based on the blur of the entire predicted images in the later long-term or long-step prediction. Additionally, the unexpected improvement of the image color intensity in predicted results indicates the disadvantage.



3. Calibrating the FEA future sequences reduces the final MSE value significantly. The first four future predictions are very accurate. We suggest taking the first four predictions as the calibration sequence in the calibration part. The calibration output performs excellently corresponding to the TLS-based reference results. The contour boundary in the calibration is described very close to the true values. The threshold control provides an effective optimization to the calibration results. The MSE value is further reduced by the threshold control. It ensures the effectiveness of the proposed methodology.



4. The depth issue of the FEA future calibration is addressed successfully through the sequence-based LSTM. However, the amount of training dataset needs to be increased further. This can further enhance the reliability of the proposed methodology.



Additionally, the current FEA calibration method is different from the popular CNN-based FEA computation. It reveals more possibilities and potentials of deep learning methods to be applied in the FEA calibration. In the future, we will focus on the sequence-based FEA calibration while exploring more methods to improve the prediction depth and the calibration accuracy in the engineering application regarding continuous static loadings.
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Abbreviations


The following abbreviations are used in this manuscript:



	FEA
	Finite element analysis



	LSTM
	Long short-term memory



	NN
	Neural network



	CNN
	Convolutional neural network



	RNN
	Recurrent neural network



	TLS
	Terrestrial laser scanning



	MSE
	Mean square error



	SSIM
	Structural similarity









Nomenclatures


Nomenclatures of different parameters used in equations of this manuscript are defined as following:



	   a t   
	Output result from standard FEA computation before calibration



	   b t   
	Output result from reference method before calibration



	   x t   
	Deviation between standard FEA and reference outputs before calibration



	    x ^  t   
	Predicted deviation value with deep learning



	    b ^  t   
	Calibrated output results



	 σ 
	Sigmoid function



	 W 
	Weight of the respective gate neurons



	 b 
	Bias of the respective layer



	   f t   
	Output from the forget gate layer of LSTM



	   i t   
	Output from the store gate layer of LSTM



	   c t   
	Output from the update gate layer of LSTM



	   ο t   
	Output from the output gate layer of LSTM



	   y t   
	Predicted output from LSTM model



	   h t   
	Hidden state in LSTM model



	   ℱ t   
	Output from the forget gate layer of convolutional LSTM



	   ℐ t   
	Output from the store gate layer of convolutional LSTM



	   C t   
	Output from the update gate layer of convolutional LSTM



	   O t   
	Output from the output gate layer of convolutional LSTM



	   ℋ t   
	Hidden state in convolutional LSTM model



	 μ 
	Local mean in SSIM



	 C 
	Variable in SSIM



	   σ  a b    
	Covariance of    a   and    b  









References


	



Do, D.T.T.; Lee, D.; Lee, J. Material optimization of functionally graded plates using deep neural network and modified symbiotic organisms search for eigenvalue problems. Compos. Part B Eng. 2019, 159, 300–326. [Google Scholar] [CrossRef]

	



Suman, S.; Khan, S.Z.; Das, S.K.; Chand, S.K. Slope stability analysis using artificial intelligence techniques. Nat. Hazards 2016, 84, 727–748. [Google Scholar] [CrossRef]

	



Stoffel, M.; Bamer, F.; Markert, B. Artificial neural networks and intelligent finite elements in non-linear structural mechanics. Thin-Walled Struct. 2018, 131, 102–106. [Google Scholar] [CrossRef]

	



Wang, K.; Sun, W.C. A multiscale multi-permeability poroplasticity model linked by recursive homogenizations and deep learning. Comput. Methods Appl. Mech. Eng. 2018, 334, 337–380. [Google Scholar] [CrossRef]

	



Abrahamsson, T.J.S.; Kammer, D.C. FEM calibration with FRF damping equalization. In Proceedings of the IMAC XXXII, Orlando, FL, USA, 3–6 February 2014. [Google Scholar]

	



Abrahamsson, T.J.S.; Kammer, D.C. Finite element model calibration using frequency responses with damping equalization. Mech. Syst. Signal Process. 2015, 62, 218–234. [Google Scholar] [CrossRef]

	



Cheng, L.; Yang, J.; Zheng, D.; Tong, F.; Zheng, S. The dynamic finite element model calibration method of concrete dams based on strong-motion records and multivariate relevant vector machines. J. Vibroeng. 2016, 18, 3811–3828. [Google Scholar] [CrossRef]

	



Abrahamsson, T.J.S.; Bartholdsson, F.; Hallqvist, M.; Olsson, K.H.A.; Olsson, M.; Sällström, Å. Calibration and validation of a car subframe finite element model using frequency responses. In Topics in Modal Analysis; Mains, M., Ed.; Conference Proceedings of the Society for Experimental Mechanics Series; Springer: Cham, Switzerland, 2015; Volume 10, pp. 9–22. [Google Scholar]

	



Osmancikli, G.; Bayraktar, A.; Türker, T.; Uçak, Ş.; Mosallam, A. Finite element model calibration of precast structures using ambient vibrations. Constr. Build. Mater. 2015, 93, 10–21. [Google Scholar] [CrossRef]

	



Wang, H.; Li, A.Q.; Li, J. Progressive finite element model calibration of a long-span suspension bridge based on ambient vibration and static measurements. Eng. Struct. 2010, 32, 2546–2556. [Google Scholar] [CrossRef]

	



Garo, A.; Arnoux, P.J.; Wagnac, E.; Aubin, C.E. Calibration of the mechanical properties in a finite element model of a lumbar vertebra under dynamic compression up to failure. Med. Biol. Eng. Comput. 2011, 49, 1371–1379. [Google Scholar] [CrossRef]

	



Formisano, A.; Di Lorenzo, G.; Krstevska, L.; Landolfo, R. Fem Model Calibration of Experimental Environmental Vibration Tests on Two Churches Hit by L’Aquila Earthquake. Int. J. Archit. Herit. 2020. [Google Scholar] [CrossRef]

	



Carranza, I.; Crocombe, A.D.; Mohagheghian, I.; Smith, P.A.; Sordon, A.; Meeks, G.; Santoni, C. Characterising and modelling the mechanical behaviour of polymeric foams under complex loading. J. Mater. Sci. 2019, 54, 11328–11344. [Google Scholar] [CrossRef]

	



Chen, X.; Omenzetter, P.; Beskhyroun, S. Calibration of the finite element model of a twelve-span prestressed concrete bridge using ambient vibration data. In Proceedings of the 7th European Workshop on Structural Health Monitoring, Nantes, France, 8–11 July 2014; pp. 1388–1395. [Google Scholar]

	



Erdogan, Y.S. Discrete and Continuous Finite Element Models and Their Calibration via Vibration and Material Tests for the Seismic Assessment of Masonry Structures. Int. J. Archit. Herit. 2017, 11, 1026–1045. [Google Scholar] [CrossRef]

	



Jones, E.M.C.; Carroll, J.D.; Karlson, K.N.; Kramer, S.L.B.; Lehoucq, R.B.; Reu, P.L.; Turner, D.Z. Parameter covariance and non-uniqueness in material model calibration using the Virtual Fields Method. Comput. Mater. Sci. 2018, 152, 268–290. [Google Scholar] [CrossRef]

	



Gu, G.X.; Chen, C.T.; Richmond, D.J.; Buehler, M.J. Bioinspired hierarchical composite design using machine learning: Simulation, additive manufacturing, and experiment. Mater. Horiz. 2018, 5, 939–945. [Google Scholar] [CrossRef]

	



Gu, G.X.; Chen, C.T.; Buehler, M.J. De novo composite design based on machine learning algorithm. Extrem. Mech. Lett. 2018, 18, 19–28. [Google Scholar] [CrossRef]

	



Moore, B.A.; Rougier, E.; O’Malley, D.; Srinivasan, G.; Hunter, A.; Viswanathan, H. Predictive modeling of dynamic fracture growth in brittle materials with machine learning. Comput. Mater. Sci. 2018, 148, 46–53. [Google Scholar] [CrossRef]

	



Wang, Z.; Xiao, D.; Fang, F.; Govindan, R.; Pain, C.C.; Guo, Y. Model identification of reduced order fluid dynamics systems using deep learning. Int. J. Numer. Methods Fluids 2018, 86, 255–268. [Google Scholar] [CrossRef]

	



Marwala, T. Finite Element Model Updating Using Computational Intelligence Techniques: Applications to Structural Dynamics; Springer: London, UK, 2010. [Google Scholar]

	



Capuano, G.; Rimoli, J.J. Smart finite elements: A novel machine learning application. Comput. Methods Appl. Mech. Eng. 2019, 345, 363–381. [Google Scholar] [CrossRef]

	



Nie, Z.; Jiang, H.; Kara, L.B. Stress field prediction in cantilevered structures using convolutional neural networks. J. Comput. Inf. Sci. Eng. 2020, 20, 011002. [Google Scholar] [CrossRef]

	



Oishi, A.; Yagawa, G. Computational mechanics enhanced by deep learning. Comput. Methods Appl. Mech. Eng. 2017, 327, 327–351. [Google Scholar] [CrossRef]

	



Javadi, A.A.; Tan, T.P.; Zhang, M. Neural network for constitutive modelling in finite element analysis. J. Comput. Assist. Mech. Eng. Sci. 2003, 10, 375–381. [Google Scholar]

	



Javadi, A.A.; Faramarzi, A.; Ahangar-Asr, A.; Mehravar, M. Finite element analysis of three dimensional shallow foundation using artificial intelligence based constitutive model. In Proceedings of the 13th International Conference on Computing in Civil and Building Engineering, Nottingham, UK, 30 June–2 July 2010. [Google Scholar]

	



Balu, A.; Nallagonda, S.; Xu, F.; Krishnamurthy, A.; Hsu, M.C.; Sarkar, S. A Deep Learning Framework for Design and Analysis of Surgical Bioprosthetic Heart Valves. Sci. Rep. 2019, 9, 18560. [Google Scholar] [CrossRef] [PubMed]

	



Martin-Guerrero, J.D.; Ruperez-Moreno, M.J.; Martinez-Martinez, F.; Lorente-Garrido, D.; Serrano-Lopez, A.J.; Monserrat, C.; Martinez-Sanchis, S.; Martinez-Sober, M. Machine Learning for Modeling the Biomechanical Behavior of Human Soft Tissue. In Proceedings of the IEEE International Conference on Data Mining Workshops, Barcelona, Spain, 12–15 December 2016; pp. 247–253. [Google Scholar]

	



Roewer-despres, F.; Khan, N.; Stavness, I. Towards Finite-Element Simulation Using Deep Learning. In Proceedings of the 15th International Symposium on Computer Methods in Biomechanics and Biomedical Engineering, Lisboa, Portugal, 26–29 March 2018. [Google Scholar]

	



Liang, L.; Liu, M.; Martin, C.; Sun, W. A machine learning approach as a surrogate of finite element analysis–based inverse method to estimate the zero-pressure geometry of human thoracic aorta. Int. J. Numer. Methods Biomed. Eng. 2018, 34, e3103. [Google Scholar] [CrossRef] [PubMed]

	



Liang, L.; Liu, M.; Martin, C.; Sun, W. A deep learning approach to estimate stress distribution: A fast and accurate surrogate of finite-element analysis. J. R. Soc. Interface 2018, 15, 20170844. [Google Scholar] [CrossRef] [PubMed]

	



Li, A.; Chen, R.; Farimani, A.B.; Zhang, Y.J. Reaction diffusion system prediction based on convolutional neural network. Sci. Rep. 2020, 10, 1–9. [Google Scholar] [CrossRef] [PubMed]

	



Kermany, D.S.; Goldbaum, M.; Cai, W.; Valentim, C.C.S.; Liang, H.; Baxter, S.L.; McKeown, A.; Yang, G.; Wu, X.; Yan, F.; et al. Identifying Medical Diagnoses and Treatable Diseases by Image-Based Deep Learning. Cell 2018, 172, 1122–1131.e9. [Google Scholar] [CrossRef]

	



Ting, D.S.W.; Liu, Y.; Burlina, P.; Xu, X.; Bressler, N.M.; Wong, T.Y. AI for medical imaging goes deep. Nat. Med. 2018, 24, 539–540. [Google Scholar] [CrossRef]

	



Hossain, M.d.Z.; Sohel, F.; Shiratuddin, M.F.; Laga, H. A comprehensive survey of deep learning for image captioning. ACM Comput. Surv. 2019, 51, 118. [Google Scholar] [CrossRef]

	



Ye, S.; Li, B.; Li, Q.; Zhao, H.P.; Feng, X.Q. Deep neural network method for predicting the mechanical properties of composites. Appl. Phys. Lett. 2019, 115, 161901. [Google Scholar] [CrossRef]

	



Li, X.; Liu, Z.; Cui, S.; Luo, C.; Li, C.; Zhuang, Z. Predicting the effective mechanical property of heterogeneous materials by image based modeling and deep learning. Comput. Methods Appl. Mech. Eng. 2019, 347, 735–753. [Google Scholar] [CrossRef]

	



Zhang, K.; Zuo, W.; Chen, Y.; Meng, D.; Zhang, L. Beyond a Gaussian Denoiser: Residual Learning of Deep CNN for Image Denoising. IEEE Trans. Image Process. 2017, 26, 3142–3155. [Google Scholar] [CrossRef] [PubMed]

	



Ordóñez, F.J.; Roggen, D. Deep convolutional and LSTM recurrent neural networks for multimodal wearable activity recognition. Sensors 2016, 16, 115. [Google Scholar] [CrossRef]

	



Xie, P.; Li, T.; Liu, J.; Du, S.; Yang, X.; Zhang, J. Urban flow prediction from spatiotemporal data using machine learning: A survey. Inf. Fusion 2020, 59, 1–12. [Google Scholar] [CrossRef]

	



Hosseini, M.; Maida, A.S.; Hosseini, M.; Raju, G. Inception-inspired LSTM for Next-frame Video Prediction. arXiv 2019, arXiv:1909.05622. [Google Scholar]

	



Xu, H.; Gao, Y.; Yu, F.; Darrell, T. End-to-end learning of driving models from large-scale video datasets. In Proceedings of the 2017 IEEE Conference on Computer Vision and Pattern Recognition, Honolulu, HI, USA, 21–26 July 2016; pp. 3530–3538. [Google Scholar]

	



Smeets, J.B.J.; Brenner, E. Prediction of a moving target’s position in fast goal-directed action. Biol. Cybern. 1995, 73, 519–528. [Google Scholar] [CrossRef] [PubMed]

	



Finn, C.; Levine, S. Deep visual foresight for planning robot motion. In Proceedings of the IEEE International Conference on Robotics and Automation, Singapore, 29 May–3 June 2017; pp. 2786–2793. [Google Scholar]

	



Shi, X.; Chen, Z.; Wang, H.; Yeung, D.Y.; Wong, W.K.; Woo, W.C. Convolutional LSTM network: A machine learning approach for precipitation nowcasting. In Proceedings of the Advances in Neural Information Processing Systems, Montreal, QC, Canada, 7–10 December 2015; pp. 802–810. [Google Scholar]

	



Xu, Z.; Du, J.; Wang, J.; Jiang, C.; Ren, Y. Satellite Image Prediction Relying on GAN and LSTM Neural Networks. In Proceedings of the IEEE International Conference on Communications, Shanghai, China, 20–24 May 2019; pp. 1–6. [Google Scholar]

	



Vetro, A.; Christopoulos, C.; Sun, H. Video transcoding architectures and techniques: An overview. IEEE Signal Process. Mag. 2003, 20, 18–29. [Google Scholar] [CrossRef]

	



Zhang, K.; Chao, W.L.; Sha, F.; Grauman, K. Video summarization with long short-term memory. In Proceedings of the European Conference on Computer Vision, Amsterdam, The Netherlands, 8–16 October 2016; pp. 766–782. [Google Scholar]

	



Srivastava, N.; Mansimov, E.; Salakhutdinov, R. Unsupervised learning of video representations using LSTMs. In Proceedings of the 32nd International Conference on Machine Learning, Lille, France, 6–11 July 2015; pp. 843–852. [Google Scholar]

	



Hochreiter, S.; Schmidhuber, J. Long Short-Term Memory. Neural Comput. 1997, 9, 1735–1780. [Google Scholar] [CrossRef]

	



Mathieu, M.; Couprie, C.; LeCun, Y. Deep multi-scale video prediction beyond mean square error. In Proceedings of the 4th International Conference on Learning Representations, San Juan, PR, USA, 2–4 May 2016. [Google Scholar]

	



Xue, T.; Wu, J.; Bouman, K.L.; Freeman, W.T. Visual dynamics: Probabilistic future frame synthesis via cross convolutional networks. In Proceedings of the Advances in Neural Information Processing Systems, Barcelona, Spain, 5–10 December 2016; pp. 91–99. [Google Scholar]

	



Li, Y.; Fang, C.; Yang, J.; Wang, Z.; Lu, X.; Yang, M.H. Flow-grounded spatial-temporal video prediction from still images. In Proceedings of the European Conference on Computer Vision, Munich, Germany, 8–14 September 2018; pp. 600–615. [Google Scholar]

	



Zhu, D.; Chern, H.; Yao, H.; Nosrati, M.S.; Yadmellat, P.; Zhang, Y. Practical Issues of Action-Conditioned Next Image Prediction. In Proceedings of the IEEE Conference on Intelligent Transportation Systems, Maui, HI, USA, 4–7 November 2018; pp. 3150–3155. [Google Scholar]

	



Yilmaz, M.A.; Murat Tekalp, A. Effect of Architectures and Training Methods on the Performance of Learned Video Frame Prediction. In Proceedings of the International Conference on Image Processing, Taipei, Taiwan, 22–25 September 2019; pp. 4210–4214. [Google Scholar]

	



Kwon, Y.H.; Park, M.G. Predicting future frames using retrospective cycle gan. In Proceedings of the IEEE Computer Society Conference on Computer Vision and Pattern Recognition, Long Beach, CA, USA, 16–20 June 2019; pp. 1811–1820. [Google Scholar]

	



Lu, Y.; Kumar, K.M.; Nabavi, S.S.; Wang, Y. Future frame prediction using convolutional VRNN for anomaly detection. In Proceedings of the 16th IEEE International Conference on Advanced Video and Signal Based Surveillance, Taipei, Taiwan, 18–21 September 2019; pp. 1–8. [Google Scholar]

	



Fan, H.; Zhu, L.; Yang, Y. Cubic LSTMs for Video Prediction. In Proceedings of the AAAI Conference on Artificial Intelligence, Honolulu, HI, USA, 27 January 27–1 February 2019; Volume 33, pp. 8263–8270. [Google Scholar]

	



Pazoki, R.; Razzaghi, P. Next Frame Prediction Using Flow Fields. In Data Science: From Research to Application; Bohlouli, M., Sadeghi Bigham, B., Narimani, Z., Vasighi, M., Ansari, E., Eds.; Springer: Berlin/Heidelberg, Germany, 2019; Volume 45. [Google Scholar]

	



Kalchbrenner, N.; Van Den Oord, A.; Simonyan, K.; Danihelka, I.; Vinyals, O.; Graves, A.; Kavukcuoglu, K. Video pixel networks. In Proceedings of the 34th International Conference on Machine Learning, Sydney, Australia, 6–11 August 2017; pp. 1771–1779. [Google Scholar]

	



Byeon, W.; Wang, Q.; Srivastava, R.K.; Koumoutsakos, P. ContextVP: Fully Context-Aware Video Prediction. In Proceedings of the European Conference on Computer Vision, Munich, Germany, 8–14 September 2018. [Google Scholar]

	



Liang, X.; Lee, L.; Dai, W.; Xing, E.P. Dual Motion GAN for Future-Flow Embedded Video Prediction. In Proceedings of the IEEE International Conference on Computer Vision, Venice, Italy, 22–29 October 2017; pp. 1762–1770. [Google Scholar]

	



Villegas, R.; Yang, J.; Hong, S.; Lin, X.; Lee, H. Decomposing motion and content for natural video sequence prediction. In Proceedings of the 5th International Conference on Learning Representations, Toulon, France, 24–26 April 2017. [Google Scholar]

	



Villegas, R.; Yang, J.; Zou, Y.; Sohn, S.; Lin, X.; Lee, H. Learning to generate long-term future via hierarchical prediction. In Proceedings of the 34th International Conference on Machine Learning, Sydney, Australia, 6–11 August 2017; pp. 5429–5449. [Google Scholar]

	



Mahjourian, R.; Wicke, M.; Angelova, A. Geometry-based next frame prediction from monocular video. In Proceedings of the IEEE Intelligent Vehicles Symposium, Los Angeles, CA, USA, 11–14 June 2017; pp. 1700–1707. [Google Scholar]

	



Lotter, W.; Kreiman, G.; Cox, D. Deep predictive coding networks for video prediction and unsupervised learning. arXiv 2016, arXiv:1605.08104. [Google Scholar]

	



Liu, W.; Luo, W.; Lian, D.; Gao, S. Future Frame Prediction for Anomaly Detection—A New Baseline. In Proceedings of the IEEE Computer Society Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–22 June 2018; pp. 6536–6545. [Google Scholar]

	



Elsayed, N.; Maida, A.S.; Bayoumi, M. Reduced-Gate Convolutional LSTM Architecture for Next-Frame Video Prediction Using Predictive Coding. arXiv 2019, arXiv:1810.07251. [Google Scholar]

	



Xu, W.; Neumann, I. Finite element analysis based on a parametric model by approximating point clouds. Remote Sens. 2020, 12, 518. [Google Scholar] [CrossRef]

	



LeNail, A. NN-SVG: Publication-Ready Neural Network Architecture Schematics. J. Open Source Softw. 2019, 4, 747. [Google Scholar] [CrossRef]

	



Masiero, A.; Fissore, F.; Guarnieri, A.; Pirotti, F.; Visintini, D.; Vettore, A. Performance evaluation of two indoor mapping systems: Low-Cost UWB-aided photogrammetry and backpack laser scanning. Appl. Sci. 2018, 8, 416. [Google Scholar] [CrossRef]

	



Tong, X.; Liu, X.; Chen, P.; Liu, S.; Luan, K.; Li, L.; Liu, S.; Liu, X.; Xie, H.; Jin, Y.; et al. Integration of UAV-based photogrammetry and terrestrial laser scanning for the three-dimensional mapping and monitoring of open-pit mine areas. Remote Sens. 2015, 7, 6635–6662. [Google Scholar] [CrossRef]

	



Gawronek, P.; Makuch, M.; Mitka, B.; Gargula, T. Measurements of the vertical displacements of a railway bridge using TLS technology in the context of the upgrade of the polish railway transport. Sensors 2019, 19, 4275. [Google Scholar] [CrossRef]

	



Ziolkowski, P.; Szulwic, J.; Miskiewicz, M. Deformation analysis of a composite bridge during proof loading using point cloud processing. Sensors 2018, 18, 4332. [Google Scholar] [CrossRef]

	



Sanz-Ablanedo, E.; Rodríguez-Pérez, J.R.; Armesto, J.; Taboada, M.F.Á. Geometric stability and lens decentering in compact digital cameras. Sensors 2010, 10, 1553–1572. [Google Scholar] [CrossRef]

	



Shortis, M.R.; Bellman, C.J.; Robson, S.; Johnston, G.J.; Johnson, G.W. Stability of Zoom and Fixed Lenses used with Digital SLR Cameras. Int. Arch. Photogramm. Remote Sensing, Spat. Inf. Sci. 2006, 36, 285–290. [Google Scholar]

	



Graves, A. Generating Sequences With Recurrent Neural Networks. arXiv 2013, arXiv:1308.0850. [Google Scholar]

	



Gers, F.A.; Schmidhuber, J. Recurrent nets that time and count. In Proceedings of the International Joint Conference on Neural Networks, Como, Italy, 24–27 July 2000; pp. 189–194. [Google Scholar]

	



Lambers, K.; Eisenbeiss, H.; Sauerbier, M.; Kupferschmidt, D.; Gaisecker, T.; Sotoodeh, S.; Hanusch, T. Combining photogrammetry and laser scanning for the recording and modelling of the Late Intermediate Period site of Pinchango Alto, Palpa, Peru. J. Archaeol. Sci. 2007, 34, 1702–1712. [Google Scholar] [CrossRef]

	



Zhao, X.; Kargoll, B.; Omidalizarandi, M.; Xu, X.; Alkhatib, H. Model selection for parametric surfaces approximating 3d point clouds for deformation analysis. Remote Sens. 2018, 10, 634. [Google Scholar] [CrossRef]

	



Palubinskas, G. Image similarity/distance measures: What is really behind MSE and SSIM? Int. J. Image Data Fusion 2017, 8, 32–53. [Google Scholar]

	



Wang, Z.; Bovik, A.C.; Sheikh, H.R.; Simoncelli, E.P. Image quality assessment: From error visibility to structural similarity. IEEE Trans. Image Process. 2004, 13, 600–612. [Google Scholar] [PubMed]

	



Sara, U.; Akter, M.; Uddin, M.S. Image Quality Assessment through FSIM, SSIM, MSE and PSNR—A Comparative Study. J. Comput. Commun. 2019, 7, 8–18. [Google Scholar]

	



Wang, Y.; Long, M.; Wang, J.; Gao, Z.; Yu, P.S. PredRNN: Recurrent neural networks for predictive learning using spatiotemporal LSTMs. In Proceedings of the Advances in Neural Information Processing Systems, Long Beach, CA, USA, 4–9 December 2017; pp. 879–888. [Google Scholar]








[image: Sensors 20 06439 g001 550] 





Figure 1. Framework of the proposed methodology. 
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Figure 2. The repeating module of a standard long short-term memory (LSTM) model. 
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Figure 3. Images of point clouds and finite element analysis (FEA) equivalent stress results. 
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Figure 4. Equivalent stress deviation images of Part 1 in gray. 
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Figure 5. Mean square error (MSE) values between standard FEA and the terrestrial laser scanning (TLS)-based reference result. 
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Figure 6. Comparison regarding the reference and predicted results. 
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Figure 7. Histogram and frequency of image intensity. 
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Figure 8. MSE results regarding FEA computation after calibration. 
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Figure 9. Calibrated FEA results. 
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Figure 10. MSE curves regarding FEA calibration after optimization. 
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