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In this paper, a novel approach to calculate the structural reliability of micro-
electro-mechanical systems systems is proposed. This approach utilizes the im-
plicit functional function, which involves the acquisition of multiple sets of inputs 
and responses of the structure through numerical simulation or experimentation. 
Concurrently, the exponential function is employed as the activation function of 
the hidden layer of the neural network. A multi-layer neural network possesses 
the capacity to approximate the properties of arbitrary non-linear functions with 
arbitrary precision and construct a customized neural network structure. The 
training of this customized neural network enables the visualization and expres-
sion of the structural function. This approach has been demonstrated to enhance 
the precision of functional fitting. The proposed method for modeling complex 
structural systems reliability is substantiated by numerical examples. Micro-
electro-mechanical systems play a pivotal role in modern engineering, and their 
integration has the potential to further enhance structural analysis and reliability 
assessment. 
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Introduction 

Micro-electro-mechanical systems (MEMS) [1, 2] have significant implications for 

structural reliability. The MEMS sensors can be embedded in structures for the purpose of 

monitoring various parameters, including but not limited to strain, temperature, and vibration. 

This real-time data offers early warning signs of potential failures and facilitates proactive 

maintenance [3]. To illustrate, in the domain of aerospace engineering, MEMS sensors have 

the capacity to discern micro-cracks in aircraft structures prior to their escalation into a criti-

cal state. Moreover, the incorporation of MEMS-based actuators facilitates active control of 

the structural response, thereby enhancing its stability and durability [4]. The integration of 

MEMS technology into diverse systems is instrumental in ensuring their reliable operation, 

thereby promoting safety and efficiency. 

–––––––––––––– 
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However, in engineering practice, complex structures often present challenges due 

to the non-linear nature of the relationship between variables and responses, which may not be 

fully expressible in explicit functions. The presence of implicit functions has the potential to 

further complicate the reliability of structural calculation and analysis [5-7]. 

In addressing these challenges, scholars have dedicated significant efforts to devel-

oping reliable calculation methods for complex implicit functional functions. Deng et al. [8] 

have proposed a novel approach that utilizes ANN technology to approximate the implicit 

functional function. This approach subsequently leverages the Monte Carlo simulation (MCS) 

method or the first order second moment method to solve the structural reliability. The poten-

tial support vector machine (SVM) has been adopted as a classification method for structural 

risk minimization inference rules, exhibiting strengths such as small volume, robust learning 

capability, and the capacity for effective generalization of data. Building upon the SVM, Li 

et al. [9] have proposed a calculation method for structural reliability, substantiated through a 

numerical example that demonstrates the method feasibility. The first-order inverse reliability 

method has been identified as deficient in addressing inverse reliability problems with implic-

it functional functions. Consequently, Cheng and Li [10] employed the polynomial response 

surface method to assess the reliability of steel structures and substantiate the efficacy of this 

approach. Zhang et al. [11] have developed a novel Kriging method for the effective analysis 

of structural reliability. This method involves the use of a simple random sampling method to 

generate a limited number of samples for the construction of an initial Kriging model. Subse-

quently, the probability classification function is employed to select the subsequent samples 

within this area, and the implicit functional function is approximated by the Kriging model. 

Finally, the MCS method is utilized for reliability analysis. Wen et al. [12] investigated an 

adaptive sampling area method, with the objective of mitigating the inflexible constraints im-

posed by the area on the sample. Subsequently, they refined the structural reliability analysis 

method based on Kriging. In the context of implicit functionalities, Su et al. [13] employed 

the response surface methodologies (RSM) based on Gaussian processes to approximate the 

functionalities. This method involves augmenting the initial training set with new design 

points to enhance the approximation accuracy of Gaussian processes around the design points. 

In this paper, a reliability-based structural model (RBSM) is proposed, which is 

based on a custom neural network (CNN). The method utilizes numerical simulation or exper-

imentation to obtain training samples of the structure. Subsequent to the completion of a suf-

ficient training regimen, the neural network demonstrates the capacity to approximate the lim-

it state equation of the structure with a high degree of precision. The RBSM, as derived from 

a CNN, offers an efficacious approach for conducting structural reliability analysis of implicit 

functional functions. The numerical examples presented in this chapter demonstrate the supe-

rior calculation accuracy of the method described herein. 

Polynomial response surface method 

The RSM have their origins in experimental design and constitute a fundamental 

method of experimental design. Subsequently, the RSM methodology was employed in the 

context of numerical simulation of structural reliability. The fundamental premise of this ap-

proach entailed the substitution of the actual functional function or limit state surface, which 

is often implicit or time-consuming to ascertain, with a response surface function or response 

surface, a strategy that is more expeditious. Subsequent to the implementation of a response 

surface over a series of sampling points, structural reliability analysis can be performed. 
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The fundamental tenet of RSM is its capacity to adequately align the sampling 

points, particularly in the proximity of the design checking point. Among the available meth-

ods, central composite design is the most frequently employed approach within the framework 

of response surface methodology. The response surface function should be formulated in a 

straightforward manner, with the objective of minimizing the coefficient of the undetermined 

function to alleviate the workload associated with structural analysis. The response surface 

function is most commonly expressed in polynomial form of the fundamental random varia-

ble. Quadratic polynomials are regarded as the preferred form, however, higher-degree poly-

nomials are generally eschewed for computational reasons. 

For the structure whose basic random variables are (X1, X2, …, Xn), the response sur-

face function is set: 

     2
1 2 1 2

1 1 1

ˆ, , , , , ,
n n

n n i i i i ij i j

i i i j n
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where a, bi, ci, and dij are undetermined coefficients and (n2 + 3n)/2 + 1 is the number of un-

determined coefficients. 

The objective of reliability analysis is to solve for the checking points and the relia-

bility index. The response surface function is required to fit the functional function near the 

checking points. It is often difficult for response surface functions expressed by quadratic 

polynomials to fit real functional functions well in the entire space. Incomplete quadratic pol-

ynomials that ignore cross-product terms are sometimes used to address this issue: 

    2
1 2

1 1

ˆ , , ,
n n

r n i i i i

i i

Z g X X X a b X c X
 
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Within the formula, the number of undetermined coefficients is 2n + 1. The response 

surface method is a valuable tool for solving problems related to reliability calculation 

through experimental design and regression methods. However, it should be noted that the 

traditional quadratic response surface method is not always capable of accurately approximat-

ing the structure of the original function. This can result in inaccuracies in the response. The 

structure and real value of the response surface are not consistent with the original surface 

structure. This discrepancy arises because the response surface is calculated using a function 

that does not accurately represent the original surface. Consequently, the reliability calcula-

tion is not precise, and the safety state of the structure is not adequately reflected. 

The response surface methodologies  

based on custom neural network 

The custom neural network model 

In general, the MATLAB toolbox function is adequate for designing neural network 

structures. However, for specific, specialized requirements, such as networks that deviate 

from the conventional neural network structure or utilize unconventional learning and training 

algorithms, a distinct toolbox is required. Consequently, the neural network toolbox is ex-

pected to encompass the functionality of a customized neural network and a customized func-

tion. The implementation of a customized network necessitates the invocation of the net-

work() function in MATLAB. The network object encompasses numerous attributes, and by 
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assigning specific values to these attributes, the network structure, algorithm, and function can 

be modified. 

The parameters of custom neural networks encompass a variety of properties, in-

cluding structure, sub-object, network function, weight, and threshold. The structure attributes 

encompass the number of input vectors, the number of layers in the network, the threshold 

connection attribute, the input connection attribute, the layer connection attribute, the ex-

pected output vector connection attribute, the output vector number, the expected output vec-

tor number, the input delay number, and the layer delay number. Sub-object properties en-

compass input vector, network layer, output vector, expected output vector, threshold vector, 

input weights, and layer weights. The network function comprises the following: an adaptive 

training function, a gradient function, an initialization function, a performance function, and a 

training function. The weight and threshold attributes encompass the input weight matrix, the 

layer weight matrix, and the threshold vector. Subsequent to the completion of network de-

sign, the function init() is utilized to initiate the network, after which the training of the net-

work can be initiated. 

The custom function can be based on specific needs during the initialization, simula-

tion, and training processes, allowing for the application of various methods to achieve self-

adjustment of the network. The function under discussion can be broadly categorized into four 

distinct types: the simulation function, the initialization function, the learning function, and 

the self-organizing mapping function. The simulation function encompasses the transfer func-

tion, the network input function, the weight function, and their respective derivative functions. 

The initialization function encompasses three distinct components: network initialization, lay-

er initialization, and weight and threshold initialization. The learning function encompasses 

network training, network adaptation, network performance, weight, and threshold learning. 

The self-organizing mapping function encompasses both topological and distance functions. 

He and Li [14] applied the CNN method to fit the relaxation modulus of viscoelastic 

materials and used it to construct a joint training algorithm for multiple neural networks to 

calculate the PDE [15]. A satisfactory calculation result was obtained through analysis of an 

example. 

In the context of structural reliability analysis, the efficacy and precision of tradi-

tional RSM in modeling high-dimensional functional functions are hindered when the under-

lying implicit functional form is not known. The employment of a neural network method as a 

hidden layer activation function for a simple function has been demonstrated to circumvent 

these limitations. The proposed methodology involves the implementation of a customized 

neural network RSM, which is trained using CNN, with the objective of enhancing the accu-

racy of the fitting process. The specific formulation of the functional function is derived. 

The construction of the functional function of the structure is achieved through the 

custom neural network, and its expression is: 

    1 2ˆ , , , expa nz g X X X c    W K X  (3) 

The independent variable is initially weighted by the index operation, and subse-

quently, the index is linear weighted superposition. The function form mirrors the input and 

output relationship of a feedforward neural network with a single hidden layer. Capitalizing 

on this characteristic, the network weights correspond to the weighting coefficients in the 

equation, the network thresholds correspond to the constants in the equation, and the exponen-
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tial function is employed as the activation 

function. The specific structure of the CNN is 

outlined below and illustrated in fig. 1. 

The network adopts a three-tier struc-

ture, the input vector is X = [X1, X2, …, Xn]
T, 

the weight matrix are:  
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the threshold is c. The J(x) = ex is activation function of hidden layer. 

The custom neural network learning process and algorithm 

Hidden layer unit output is: 
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Output layer unit output is: 
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For q network output samples, the error function form is [7]: 
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where g(p) denotes the expected value of the output sample of the network. Network weights 

and thresholds can be converted into the coefficients of the functional functions in the reliabil-

ity analysis. Once this conversion is complete, the functional function model can be estab-

lished. 

The process and realization of structural reliability calculation 

Through the previous analysis, the steps of the RSM based on CNN to calculate the 

reliability problem of implicit functional function structure are: 

– Random sampling is obtained Xi (i = 1, 2, …, n). 

– The responses g(Xi) of the structure under different basic random variables Xi were ob-

tained through numerical analysis or experiment, and the training samples {Xi, za (Xi)} of 

the neural network were generated. 

– Design the neural network structure. 

– Using data {Xi, za (Xi)} to train network structure. 

– Extract the weights and thresholds of the neural network and construct the functional 

function expression. 

– The dual neural network method is used to calculate the structural reliability [16, 17]. 

 

Figure 1. The CNN structure 
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The example analysis 

Example 1 

A consideration of the undamped single-DoF system [18-20] is warranted, as it aris-

es in many practical applications. For instance, it is relevant to circular sector vibration sys-

tems [21], non-linear oscillators [22, 23], and MEMS systems [24, 25]. In this example, we 

consider a spring system as shown in fig. 2, which contains six basic random variables. The 

statistical characteristics of the system are shown in tab. 1 to calculate the structural reliability 

of the system. Its functional function expression (the functional function directly given to the 

structure, which is used in place of numerical analysis or experiment) is: 

  0 11
1 2 1 1 max 2

0

2
, , , , , 3 3 sin

2

w tF
g c c m r t F r z r

mw

 
     

 
 

In the formula, the maximum response displacement of system is |zmax|,  

w0 = [(c1 + c2)/m]1/2, c1 and c2 – the stiffness coefficients of spring 1 and 2. 

 

Figure 2. Non-linear oscillator 

Table 1. Distribution parameters of basic random variables in Example 1 

Random variable c1 c2 m r t1 F1 

Distribution type Normal  Normal  Normal  Normal  Normal  Normal  

Mean value 1.0 0.1 1.0 0.5 1.0 1.0 

Standard deviation 0.10 0.01 0.05 0.05 0.20 0.20 

 
In order to facilitate representation, let the vector: 

   
T T

1 2 3 4 5 6 1 2 1 1X X X X X X c c m r t F X  

which is taken as the input vector of the CNN, and the number of hidden layer units are set as 

3. The 1000 samples were sampled by Monte Carlo sampling method and used as training 

samples for the custom neural network. 

The weight and threshold values of the neural network are extracted, and the func-

tional function of the structure is obtained 

   1 2 1 1, , , , , expaz g c c m r t F c


    W K X
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where  

   1 2 3

11 12 13 14 15 16

21 22 23 24 25 26

31 32 33 34 35 36

13.0614, 4.3725 4.2976 4.2976 ,

0.0116 0.0134 0.0594 0.2264 0.3483 0.1823

0.0442 0.0416 0.0161 0.2170 0.0794 0.1883

0.0439 0.0416 0.0160 0.

c w w w
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 
 
 
    

In order to verify the fitting accuracy of the RSM based on CNN, a comparison is 

made between the calculated functional values and the real functional values of the structure 

and the functional values fitted by the polynomial RSM when the same data samples are in-

put. The Monte Carlo sampling method was employed to obtain 500 samples, which were uti-

lized as input samples and were respectively calculated by the RSM and PRSM of CNN. The 

results of this study are presented in figs. 3 and 4. As demonstrated by the figure, the CNN 

method is a superior approach for approximating the actual function of the non-linear oscilla-

tor. 

In order to further illustrate the capacity of CNN to approximate the functional val-

ue, fig. 5 presents the discrepancy between the functional value obtained by the RSM and 

PRSM based on CNN and the actual functional value. A comparison of the functional values 

obtained through the CNN and the real functional value reveals a negligible discrepancy. The 

functional function obtained after each sample input demonstrates remarkable stability, with a 

minimum difference of 0.0001 and a maximum difference of 0.2018. The mean error is calcu-

lated to be 4.1833×10–4. However, the discrepancy generated by the polynomial response sur-

face method can be both substantial and negligible, thereby exhibiting relative instability. The 

minimum observed difference was 0.0002, the maximum difference was 0.3822, and the av-

erage error was –0.0561. 

 

Figure 3. The CNN simulation values 

 

Figure 4. Simulation values of PRSM 

Based on the structural function constructed by the response surface method of the 

custom neural network, combined with the direct integration method of the dual neural net-

work, the reliability of the non-linear oscillator structure was calculated to be 0.9711. At the 

same time, it was compared with the results of MCS method and PRSM for 106 sampling 

times, as shown in tab. 2. 
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Figure 5. The error between the two methods 
and the true value 

Table 2. Comparison of reliability calculation 
results in Example 1 

Methods 
MCS 

method 
PRSM 

The proposed 
method 

Reliability 0.9715 0.9689 0.9711 

The relative 
error 

0 0.26% 0.04% 

As can be seen from tab. 2, the error be-

tween the structural reliability obtained by the 

RSM based on CNN and the results of MCS 

method, traditional PRSM is very small, so the 

proposed method in this paper can be used to 

construct implicit structural functional func-

tions. 

Example 2 

A high-dimensional non-linear limit state function problem with cross terms is used 

to verify the algorithm, and the form of limit state function is: 

 
10

2 2 2 2 2 2 2 2 2 2 2 2 2 2
1 2 2 3 4 5 5 6 7 8 8 9 9 10

1

10 16i

i

g X x x x x x x x x x x x x x x x


        
 

The random variables X = (x1, x2, …, x10) are normally distributed, mean value is μx 

= 1.0, standard deviation is σx = 0.2. 

Let the vector X = [x1 x2 x3 x4 x5 x6 x7 x8 x9 x10]
T be the input vector of CNN, 

and the number of hidden layer units is 3. The 1000 samples were sampled by Monte Carlo 

sampling method, and the training samples of neural network were obtained. Extract the 

weights and thresholds of network, and the structure function obtained is: 

   1 2 3 4 5 6 7 8 9 10ˆ , , , , , , , , , expaz g x x x x x x x x x x c    W K X  

where  

   1 2 3
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31 32 33 34 35 36 37 38 39 310

,

1.6138 0.4983 0.2039 0.0618 0.0240

1.6088 0.5043 0.2031
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     

A comparison of the proposed method fitting accuracy with that of the real function-

al function is warranted. Such a comparison is made possible by the PRSM functional func-

tion. The MCS method was employed to sample 500 samples, which were subsequently uti-
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lized as input samples for the CNN model and the polynomial model. The calculation results 

of the functional values are displayed in figs. 6 and 7. 

 

Figure 6. The CNN simulation values 

 

Figure 7. Simulation value of PRSM 

The functional values calculated by the RSM based on CNN are essentially con-

sistent with the actual functional values, as illustrated in fig. 6. The minimum error recorded 

was 0.0009, the maximum error was 3.1386, 

and the mean error was –0.0202, as demon-

strated in fig. 8. As demonstrated in fig. 7, the 

functional values of the polynomial response 

surface method exhibit significant deviation 

from the actual functional values. The mini-

mum error recorded was 0.005, the maximum 

error was 19.5153, and the average error was 

2.9748, as demonstrated in fig. 8. A compari-

son of the RSM with the PRSM reveals that 

the RSM based on CNN demonstrates a supe-

rior ability to align with the actual value of the 

functional function. The discrepancy between 

the calculated result and the actual value is 

minimal, and the error value exhibits minimal 

variability. 

Based on the functional function constructed by the RSM based on CNN and the di-

rect integration method of dual neural network, the structure reliability is calculated to be 

0.9861. At the same time, it was compared with the calculation results of MCS method for 106 

sampling times and the polynomial response surface method, and the results were listed in 

tab. 3. 

Table 3. Comparison of Reliability Calculation Results in Example 2 

Methods MCS method PRSM The proposed method 

Reliability 0.9896 0.9807 0.9861 

The relative error 0 0.89% 0.35% 

 

Figure 8. The error between the two methods 

and the true value 
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As can be seen from tab. 3, the error between the reliability obtained by the RSM 

based on CNN and the results of the MCS method, the traditional RSM is very small. There-

fore, the proposed method in this paper can be applied to analyze and solve the structural reli-

ability of implicit functional function. 

Conclusion 

The present paper proposed a methodology for assessing the structural reliability of 

MEMS systems by means of the implicit functional function. The exponential function was 

employed as the activation function for the hidden layer of the neural network. The training of 

the CNN yielded the specific expression of the functional function. In the calculation exam-

ples, problems with high-dimensional variables and a relatively high degree of non-linearity 

were selected for analysis and compared with the traditional PRSM. It is evident that the 

methodology outlined in this paper offers a superior approach for approximating the actual 

structure functional function, characterized by minimal error and fluctuation. This approach is 

noteworthy for its clear advantages over existing methods. 

In contemplating prospective research endeavors, the integration of MEMS into this 

methodology promises significant advancements. The MEMS sensors have been demonstrat-

ed to provide real-time data on structural parameters, thereby enhancing the accuracy and re-

liability of the analysis. Future research could explore the combination of MEMS technology 

with the proposed RSM-CNN method to further improve structural reliability assessment and 

enable more effective monitoring and maintenance of complex structures. Furthermore, the 

investigation of optimization algorithms for the training of neural networks in the context of 

MEMS-enhanced structural analysis has the potential to result in the development of more ef-

ficient and accurate models. 
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