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Abstract

Faced with the difficulty of analyzing structural nonlinear seismic response, this study focuses on the reinforced concrete frame structure and designs a frame that meets the specifications. Artificial synthetic seismic records and natural seismic records were selected, and the acceleration response of the first story of the structure was used as the output sample for the study. On the basis of a nonlinear autoregressive moving average model with external inputs, a neural network model was constructed and nonlinear seismic response simulation analysis was conducted. These results confirm that the research method has good predictive performance and can effectively predict structural nonlinear seismic response. Under the action of artificial earthquake records, there is a small difference between them and the acceleration time history curve and acceleration response peak obtained from time history analysis. Under the action of artificial seismic record ACC12, when the time is 25 s, the calculation results of time history analysis and research methods are 1.715 m/s2 and 1.403 m/s2, respectively, with the former being 0.312 m/s2 smaller than the latter. In natural earthquake records, with a characteristic period of 0.30 s, under the action of natural earthquake record USA00668, the relative energy of time history analysis is 4.997 m2/s when the time is 30 s, which is 0.938 m2/s higher than the research method. The research method can accurately analyze the nonlinear seismic response of the results.
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1 Introduction
In recent years, bridges, super high-rise buildings, and large-span spatial structures have developed rapidly in China. The emergence of such structures often goes beyond the current regulations in China, and is also the case in international and domestic theoretical research. Currently, there have been a large number of numerical simulations and model experiments. However, whether it can accurately grasp its true stress state and stress environment, whether it can be ignored in engineering design, whether it can ignore certain stress states and failure forms, and whether it can bring potential safety risks are important issues that urgently need to be solved [1–3]. During service, structural damage and even sudden accidents can occur due to fatigue, corrosion, material aging, and seismic effects. Once they occur, not only will they cause huge economic losses, but they will also have serious political and social consequences. Therefore, it is necessary to conduct damage identification, health diagnosis, safety evaluation, and disaster warning for existing large structures and equipment, and develop predictive maintenance and emergency maintenance systems. These are effective ways to eliminate safety hazards and avoid disasters and accidents. Analyzing the non-linear seismic response (NSR) of structures from these accidents has always been a focus of attention in the engineering community [4–6]. In in-depth research, estimating the seismic response of structures through relevant computational simulation tools is a good research method. Therefore, in order to understand the situation of structural nonlinear seismic response (SNSR), from the perspective of computational simulation tools, considering the advantages of neural networks (NN) in dealing with nonlinear problems in structural engineering, this study applies it to research in the hope of contributing to SNSR. The study consists of four parts. Firstly, there is a literature review that introduces the research status of domestic and foreign scholars on SNSR analysis and the application of NN in the seismic field. Then, by preparing the sample set, a relevant NN was constructed based on the nonlinear system model, and SNSR analysis was performed using this NN. The third part analyzes the application of the constructed NN. Finally, the research methods and results were summarized, and the research shortcomings and directions were pointed out.
In structures such as bridges and super high-rise buildings, they are affected by earthquakes, corrosion, and other factors, resulting in a certain degree of damage to these structures, thereby affecting the safety of people's lives and property. Therefore, it is necessary to analyze the NSR of this structure. Cattari et al. constructed a corresponding nonlinear model based on the relevant plane steel structure to analyze the relationship between seismic collision and its nonlinear response when facing torsion coupled buildings under the condition of flexible foundation. They utilized relevant ground motion records, analyzed adjacent structures, and compared different nonlinear dynamic response results to explore the related effects of earthquake collision and torsional eccentricity. From the relevant results, the situation where the outer frame is located is the most dangerous after an earthquake collision [7]. Cattari et al. analyzed the research progress in NSR of masonry structures. Although numerical models can evaluate the seismic resistance of buildings, this alone is not enough in the behavior analysis of masonry structures. Modelers also need to have a thorough understanding of the software used and possess a wide range of modeling software. In addition, important issues related to in plane and out of plane response modeling in masonry modeling were explored, and numerical examples were used to illustrate them. The use of comprehensive methods is beneficial to the development of research to a certain extent [8]. Alam et al. analyzed the flexible side failure behavior of the corresponding reinforced concrete structure when facing the problem of seismic failure of planar asymmetric structures. And they monitored its specific situation through fiber Bragg grating sensors and conducted finite element analysis. From the relevant results obtained, in the flexible side of the studied structure, special designs were made for seismic structures, which have a certain resistance to extreme earthquake events [9]. Huang et al. conducted relevant nonlinear research to analyze soil structure interaction. They reflected the flexible foundation on a half space nonlinear foundation through relevant flexibility functions. Under the action of discrete-time recursive filtering method, the functions were transformed into time domain, and non iterative algorithms were used to ensure displacement continuity and force balance, which were implemented through a finite element framework. These results confirm that the proposed method can quickly evaluate the seismic structural response and has good application results [10].
Zhang et al. conducted relevant research on the problem of automatic modeling of seismic story velocity using convolutional NN (CNN). The input of the model was set as velocity spectrum, and the corresponding model was constructed based on regularization. From the application effect of the model, it is more suitable for complex structures with low signal-to-noise ratio [11]. To quickly estimate the source parameters in micro seismic earthquakes, Nooshiri et al. applied CNN to compact two CNNs and aggregate features through fully connected NN to obtain the complete moment tensor and spatial position of the source. After application analysis, it has been confirmed that the solution obtained by the proposed method is consistent with the inversion solution under the standard method [12]. Wang et al. used deep CNN to denoise seismic data, which has residual learning features and requires preprocessing of the data between different methods. These results confirm that the noise suppression effect is good [13]. Li et al. faced the problem of structural damage detection and proposed corresponding detection methods based on CNN. Under the action of the transfer function of response data, the influence of relevant seismic excitation was eliminated. In the model input, the data was sourced from the structural response transfer rate data. After simulation analysis, it has been confirmed that the proposed model has good detection performance and can accurately detect structural damage [14].
In summary, in SNSR analysis, flexibility based methods and other methods cannot reflect the real-time changes in the degree of nonlinearity of the structure, while NN method does not have this problem. It only needs to train the excitation and structural response, and simulate and predict the seismic response of the structure based on the training results. Therefore, when studying the NSR simulation problem of structures, NN is applied to it.
2 SNSR analysis based on NN
To understand the NSR situation of the structure, the research focuses on reinforced concrete frame structures and conducts corresponding simulation analysis using NN. Prior to this, NN training samples were prepared, and the results of elastic-plastic time history analysis were used as the output signal of the training samples. A suitable NN model was selected and NN simulation program was developed. On this basis, NSR simulation was conducted.
2.1 Preparation of sample set
Analyzing the NSR of a structure is an important part of structural seismic engineering [15,16]. The research focuses on reinforced concrete frame structures and conducts NSR simulation analysis using the IDARC program for calculating damage indices. In this program, the model used is a dual parameter failure model. The selection of structure was carried out, and a three span, six story reinforced concrete frame structure was selected for research. Figure 1 shows its plane layout and facade layout.
In Figure 1, a 6 m*6 m column grid is used. For the bottom story, its height is set to 4.5 m, and each story in the remaining stories is 3.9 m. The live load on the floor is set to 2.0 kN/m2, and the live load on the accessible roof is set to 2.0 kN/m2. Considering the symmetry of the structural layout, a mid-span plane element is selected for NSR analysis. In the framework, fully cast-in-place beams, slabs, and columns were selected, with a concrete strength grade of C30 and a corresponding slab thickness of 120 mm. The cross-sectional dimensions were adjusted to meet the requirements, resulting in the final dimensions in Figure 2.
In Figure 2, except for the bottom story, the cross-sectional dimensions of all other stories are the same. In the natural vibration period of the structure, the calculation results using PKPM software show that the first natural vibration period is 1.15 s, and the corresponding maximum interlayer displacement angle is 1/573. Among them, PKPM software belongs to nonlinear analysis software, designed by the Chinese Academy of Architectural Sciences, which can perform relevant dynamic analysis on spatial frame structures. Consider the impact of nonstructural components, the natural vibration period calculated by PKPM software is multiplied by a reduction coefficient of 0.7, and then applied to the calculation of horizontal seismic action. Due to the fact that the height of the studied frame is below 40 m and the distribution of mass and stiffness is relatively uniform along the height, the bottom shear method is used in the calculation of horizontal seismic action. According to the specifications, the seismic effects of each story were calculated. Internal force combinations have been carried out through current regulations. And relevant reinforcement design was carried out, and the relevant reinforcement diagram and axial compression ratio in Figure 3 were obtained.
In Figure 3, the marked reinforcement is on one side, and the numbers in the box correspond to the axial compression ratio of the column. The percentage of the beam up and down is expressed as the longitudinal reinforcement ratio of the beam. For the number on the horizontal line of the column edge, it means the reinforcement ratio on one side of the column, while the number below represents the total reinforcement ratio of the column. In the actual stress of the structure, the actual strength value that can be achieved is represented by the average strength value of the material. Under earthquake action, the standard value of load is used to approximate the static load value of the structure. In concrete, its standard strength should have a guarantee rate of 95%, which means that the qualification rate of concrete strength should be above 95%. Equation (1) refers to the relevant formulas involved.
[image: equation](1)
In equation (1), the standard value of concrete strength is set to fek. µfc represents the average value of concrete strength. The coefficient of variation of concrete strength is δ. Equation (2) is the relevant formula for the elastic modulus of concrete.
[image: equation](2)
In equation (2), fcuk represents the design value of the compressive strength of the concrete cube. Ec represents the elastic modulus of concrete. The average compressive strength of concrete cubes is µfcu. The average value of Ec is [image: equation]. The units of Ec and fcuk are both N/mm2. Because the coefficient of variation of the elastic modulus of steel bars is very small, its average value is taken as the standard value given by the specification. Through relevant calculations, the average strength of the relevant materials in Table 1 is obtained.
In Table 1, there are differences in the average strength corresponding to different materials. In the material constitutive model, equation (3) represents the relationship σs between the stress and strainof the steel bar.
[image: equation](3)
In equation (3), the yield stress of the steel bar is fy. The elastic modulus of the steel bar is Es. ϵsu means the ultimate tensile strain of steel bars. The units of fy and Es are both N/mm2. To simplify calculations, the different mechanical properties of core concrete and non-core concrete are not distinguished during analysis, and the same constitutive relationship is adopted. In the stress-strain relationship of concrete under uniaxial compression, when ϵc ≤ ϵ0, ϵ0 represents the compressive strain of the concrete when the compressive stress reaches fc. Equation (4) represents the compressive stress of the concrete when the compressive strain is ϵc.
[image: equation](4)
In equation (4), the yield stress of the steel bar is fc, and its unit is N/mm2. ϵcu represents the ultimate compressive strain of concrete under non-uniform compression. When ϵ0 < ϵc ≤ ϵcu, equation (5) represents the corresponding DD.
[image: equation](5)
The input seismic waves were selected, which came from artificial synthetic seismic records and some natural records. The selected site feature periods are 0.30 s and 0.4 s. The PGA of 20 artificially synthesized seismic records is all 310 gal, with a site characteristic period of 0.40 s, a duration of 30 s, and a time interval of 0.02 s, the response spectrum curve of artificially synthesized seismic records is shown in Figure 4. Table 2 shows the selection results of seismic records.
In Table 2, corresponding seismic records were selected under different characteristic periods. In the sample, it includes the input signal, which is the selected seismic record, and the output signal, which is the result of structural elastic-plastic time history analysis. Through multi wave elastoplastic time history analysis of planar frame structures, under the action of seismic records, the designed frame has fully entered a nonlinear state, and the damage index of the first story of the structure accounts for a large proportion. Therefore, the first story acceleration response of the output sample selection structure studied can meet the requirements of the training sample set.
In Figure 4, there are differences in the corresponding response spectrum curves under different synthetic seismic records, and overall, these curves will eventually tend to stabilize.
	[image: thumbnail]	Fig. 1 Plane layout and facade layout of the structure.



	[image: thumbnail]	Fig. 2 Frame section size.



	[image: thumbnail]	Fig. 3 Reinforcement diagram and axial compression ratio.



Table 1 
Average strength of materials.

	[image: thumbnail]	Fig. 4 Correlation response spectrum curve.



Table 2 
Seismic record selection results.

2.2 The application of NN in NSR simulation analysis
After completing the preparation of the sample set, in NSR analysis, the selection of nonlinear system models is first carried out. The study selected Nonlinear Auto Recursive Moving Average with exogenous input (NARMAX) with external input in equation (6).
[image: equation](6)
In equation (6), f(⋅) represents a nonlinear function. The input and output of the model were set to u(t) and y(t) respectively. t represents a discrete time scalar, and t = 0, 1, 2, ⋯. e ′ (t) means an unpredictable white noise with zero mean and finite variance. ny and nu represent the parameters of the NARMAX model. NARMAX provides a unified expression for implementable nonlinear systems. It has high approximation accuracy and fast convergence speed. NN was established in the study. Figure 4 shows the topology structure of the relevant model.
In Figure 5, the algorithm used is Error Back Propagation (BP) algorithm, which includes data forward propagation and error back propagation. u(t − 1) and u(t − 2) represents the model input at time t − 1 and t − 2, yˆ(t−1) and yˆ(t−2) represent the model output at time t − 1 and t − 2, and yˆ(t) represents the model output at time t. Input yˆ(t−1), yˆ(t−2), u(t − 1), and u(t − 2) into the model, and under the action of the BP algorithm, obtain yˆ(t). In the forward propagation section of the data, each neuron output of NN is defined in equation (7).
[image: equation](7)
In equation (7), netj represents the output of the j th neuron. In the previous story's i th node, its connection weight with the current story's j th node is Wij. f means the neuron activation function. The output of the previous story's i th neuron is Oi. The activation functions of neurons mainly include hyperbolic tangent and linear functions. Equation (8) represents the previous function.
[image: equation](8)
In equation (8), e represents the base of the natural logarithm. In the error backpropagation, the system error is defined during the training phase in equation (9).
[image: equation](9)
In equation (9), E represents the system error. The expected output of NN is ymn. The calculated output value of NN is omn. In BP, the gradient descent method is applied, and equation (10) is the relevant mathematical equation involved.
[image: equation](10)
In equation (10), η represents a value between 0 and 1, which is called the learning rate. The number of learning iterations is k. ΔWij represents the connection weight increment. In algorithm training, the algorithm output Hk+1 is corrected through the weight error function. The relevant mathematical formula for the weight correction of NN is equation (11).
[image: equation](11)
In equation (11), α, d, g, and β represent parameters. NN toolbox based on system identification can be used to identify dynamic nonlinear systems. Local modifications were made to the source program of the toolbox, and relevant NN was developed to make it suitable for SNSR simulation analysis. For the convenience of writing, NN is set to NSIN. In the program, equation (12) is the regression vector ϕ(t).
[image: equation](12)
In equation (12), the prediction error is ϵ(t). na and nb represent the parameters of the autoregressive moving average model. The time delay is nk, which is generally 1. The residual progression is nc. The analysis results of the research method were evaluated, and the selected evaluation indicators were time history curve, peak acceleration response, and relative energy. The duration of seismic motion is defined by the relative energy of the ground motion. For example, the time (t0.95−t0.05) from the moment when the ground motion energy reaches 5% of the total energy t0.05 to the moment when it reaches 95% of the total energy t0.95 is used as the definition of seismic motion duration, which is 90% energy duration. Through the time history curve, the nonlinear earthquake response under the time history can be more intuitively seen. Equation (13) represents the indicator in relative energy.
[image: equation](13)
In equation (13), the relative energy of the acceleration response simulation is Er. The relative acceleration value at moment t is at. In the acceleration response of discrete seismic motion, equation (14) is the corresponding Er.
[image: equation](14)
In equation (14), the time interval for the acceleration response is Δt. The acceleration response of the structure at moment i is Sai. Using these evaluation indicators, the errors in NN and elastic-plastic time history analysis results were analyzed.
	[image: thumbnail]	Fig. 5 Model topology.



3 Analysis of SNSR based on NSIN
Based on artificial and natural earthquake records, the NSR of the designed frame structure under different characteristic period fields is simulated and analyzed using the research constructed NSIN. The obtained results were evaluated through time history curves, peak acceleration response, and other indicators, and the elastic-plastic time history analysis results were compared.
3.1 Simulation analysis of the response of artificial seismic records
NN model for NSR simulation was established. And artificial earthquake records from ACC1 to ACC9 and the corresponding acceleration response of the first floor of the plane frame were selected as the training sample set, with a duration of 30 s and a data volume of 9 in this sample set. The validation set consists of ACC10 and corresponding nonlinear acceleration responses from artificial seismic records, a data volume of 1 in this sample set, and the NSR of ACC11 to ACC20 was predicted. The elastic-plastic time history analysis was used as a comparison. Figure 5 shows the NSR simulation results of ACC11 in artificial seismic records.
Figure 6a shows the calculation results of the time history analysis under ACC11, and Figure 6b shows the calculation results of the research method under ACC11. Comparing Figures 6a and 6b and 6b, the trend of the curves is basically the same, and the fluctuation amplitude of the corresponding acceleration curve first gradually increases, then gradually decreases and approaches 0. Specifically, in Figure 6a, when the time is 7.5 s, the acceleration under time history analysis is 1.254 m/s2. At this moment, the acceleration under the research method in Figure 6b is 1.326 m/s2, which is 0.072 m/s2 smaller than the latter. When the time is 10 s, the acceleration under time history analysis is −0.876 m/s2, while the acceleration under the research method in Figure 6b is −0.706 m/s2. At this moment, the difference between the results calculated using the two methods is relatively small. When the time is 25 s, the acceleration corresponding to Figure 6a is slightly smaller than the research method, which has an acceleration of 0.17 s2. Therefore, the prediction effect of the research method is good. To further analyze the predictive performance of the research method, simulation analysis was conducted on the NSR of ACC12 in Figure 7.
Figure 7a shows the calculation results of the time history analysis under ACC12, and Figure 7b shows the calculation results of the research method under ACC12. Comparing two sub-graphs in Figure 6, the trend of changes in both curves is the same, with relatively large fluctuations in the curves between 5s and 20 s. In Figure 7a, at 12.5s, the acceleration under time history analysis is 1.742 m/s2, while the acceleration under the research method in Figure 7b is 1.349 m/s2, which is 0.393 m/s2 smaller than the latter. At 25 s, the calculation results of time history analysis and research methods were 1.715 m/s2 and 1.403 m/s2, respectively, with the former being 0.312 m/s2 smaller than the latter. Therefore, the prediction effect of the research method is good. The NSR prediction peak of the framework under the action of ACC11 to ACC20 was analyzed in Figure 8.
In Figure 8a, under the actions of different artificial earthquake records, the corresponding calculation results are different. Under the action of the same artificial earthquake record, there are certain differences in the calculation results of different methods, and the overall difference is relatively small. Under the action of ACC11, the time history analysis calculation result is 2.777 m/s2, which is 0.051 m/s2 larger than the research method calculation result, and the latter is 2.726 m/s2. Under the action of ACC18, the calculation results of time history analysis and research methods are 2.766 m/s2 and 2.758 m/s2, respectively. In Figure 8b, overall, the relative error of these two methods is relatively small under the action of different artificial seismic records. Among them, under the action of ACC16, the maximum relative error of these two methods is 11.28%, followed by ACC12, with a relative error of 8.86%. The minimum relative error of these two methods is 0.30%, which is 3.07% less than that under the action of ACC15. The prediction error of the research method is relatively small. Figure 9 analyzes the relative energy of nonlinear reactions under the actions of ACC11 and ACC12.
In the two sub-graphs of Figure 8, as time goes on, the relative energies of the nonlinear reaction under ACC11 and ACC12 gradually increase. In Figure 9a, when the time is 10 s, the relative energy of time history analysis is 3.898 m2/s, which is 0.263 m2/s higher than the research method, and the latter is 3.635 m2/s. When the time is 20 s, the relative energies of time history analysis and research methods are 8.063 m2/s and 7.349 m2/s, respectively. In Figure 9b, when the time is 30 s, the relative energy of the research method is 8.274 m2/s, which is 0.698 m2/s less than the time history analysis.
	[image: thumbnail]	Fig. 6 Correlation analysis results of ACC11.



	[image: thumbnail]	Fig. 7 Correlation analysis results of ACC12.



	[image: thumbnail]	Fig. 8 Prediction peak results of nonlinear response of frames under the action of artificial earthquake records.



	[image: thumbnail]	Fig. 9 Relative energy of nonlinear reactions.



3.2 Response simulation analysis of natural seismic records
NN model constructed in the study was analyzed, with a site characteristic period of 0.30s. The training sample set used natural earthquake records and the corresponding acceleration response of the first floor of the plane frame, and a data volume of 19 in this sample set. The validation set included USA00623 and the corresponding nonlinear acceleration response, a data volume of 1 in this sample set and the NSR of USA00668 was predicted. Figure 10 shows the acceleration time history curve.
Figure 10a shows the calculation results of time history analysis under USA00668, and Figure 10b shows the calculation results of the research method under USA00668. Comparing the two sub-graphs in Figure 10, the trend of these two curves is the same. In Figure 10a, when the time is 12.5 s, the acceleration under time history analysis is 0.642 m/s2, while in Figure 10b, the acceleration under the research method is 0.378 m/s2, which is 0.264 m/s2 higher than the latter. When the time is 15.5 s, the calculation results of time history analysis and research methods are 0.658 m/s2 and 0.562 m/s2, respectively. Figure 11 analyzes the relative energies of nonlinear reactions under the actions of USA00668 and USA00869.
In these two sub-graphs of Figure 11, as time goes on, the relative energies of the nonlinear reaction under USA00668 and USA00869 gradually increase. In Figure 11a, when the time is 30 s, the relative energy of the time history analysis is 4.997 m2/s, which is 0.938 m2/s higher than the research method, and the latter is 4.059 m2/s. In Figure 11b, when the time is 20 s, the relative energy of the research method is 7.388 m2/s, which is 1.033 m2/s smaller than the time history analysis. Therefore, the research method performs well.
	[image: thumbnail]	Fig. 10 Correlation acceleration time history curve.



	[image: thumbnail]	Fig. 11 The relative energy of nonlinear response under the action of natural earthquake records.



3.3 Analysis of neural network prediction performance based on NARMAX model
Analyze the predictive performance of the research method, comparing the BP algorithm and Long Short Term Memory (LSTM) model. The training sample set and test dataset are the same as the dataset in Section 3.1. The prediction results recorded by ACC20 under different methods are shown in Table 3.
In Table 3, compared to other methods, research methods have higher accuracy and lower MAE values. In terms of accuracy, the accuracy of the research method is 95.68%, which is 16.65% higher than the BP algorithm and 8.23% higher than the LSTM model. It can be seen that the prediction performance of the research method is good.
Table 3 
Prediction results of different methods.

4 Conclusion
To understand the NSR situation of the structure, the research focuses on reinforced concrete frame structures. The experiment used NN as the research method and selected NN training samples. The results of elastic-plastic time history analysis were used as the output signal of the training samples. In the experiment, a suitable NN model was selected and NN simulation program was developed. On this basis, conduct NSR simulation. These results confirm that the research method has good predictive performance under the influence of artificial and natural earthquake records. Its prediction effect on the acceleration time history curve, acceleration response peak, and relative energy is good, and the error is relatively small compared to the calculation results of time history analysis. Under the action of ACC12, when the time is 12.5 s, the acceleration under the time history analysis is 1.742 m/s2, and the acceleration under the research method is 1.349 m/s2. The former is 0.393 m/s2 smaller than the latter. Under the action of ACC11, the time history analysis calculation result is 2.777 m/s2, which is 0.051 m/s2 larger than the research method calculation result, and the latter is 2.726 m/s2. Under the action of ACC11, when the time is 10 s, the relative energy of time history analysis is 3.898 m2/s, which is 0.263 m2/s higher than the research method, and the latter is 3.635 m2/s. Under the action of USA00668, when the time is 12.5 s, the acceleration under time history analysis is 0.642 m/s2, and the acceleration under the research method is 0.378 m/s2. Under the action of USA00869 for 20 s, the relative energy of the research method is 7.388 m2/s, which is 1.033 m2/s less than the time history analysis. Therefore, the application effect of the research method is good. There are still some shortcomings in the research, and it is recommended to conduct more complex NSR simulation analysis to expand the adaptability of the research method. In the future, research can be conducted in this direction.
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      Table 1 

      Average strength of materials.

      
        


	Average material strength
	Standard value
	Coefficient of variation
	Average value





	Axial compressive strength of C30 concrete
	20.10
	0.14
	26.11



	Elastic modulus of C30 concrete
	3.0*104
	/
	3.4*104



	HPB235 steel bar strength
	235
	0.09
	284.99



	HRB335 steel bar strength
	335
	0.07
	388.27



	HPB235 elastic modulus
	2.1*105
	/
	2.1*105



	HRB335 elastic modulus
	2.0*105
	/
	2.0*105
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        Correlation response spectrum curve.

      

    

  
    
      Table 2 

      Seismic record selection results.

      
        


	Characteristic period
	0.30s
	0.40s





	Seismic Record Name
	USA00172, USA00233,
	USA00062, USA00088, USA00203,



	 
	USA00370, USA00458,
	USA00247, USA00263, USA00314,



	 
	USA00518, USA00623,
	USA00320, USA00397, USA00398,



	 
	USA00668, USA00869
	USA00523, USA00707
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        Prediction peak results of nonlinear response of frames under the action of artificial earthquake records.
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        Correlation acceleration time history curve.
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        The relative energy of nonlinear response under the action of natural earthquake records.

      

    

  
    
      Table 3 

      Prediction results of different methods.

      
        


	Method
	Accuracy (%)
	Mean absolute error (MAE)





	Research method
	95.68
	0.57



	BPalgorithm
	79.03
	0.92



	LSTM model
	87.45
	0.73
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