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Highlights  Abstract  

▪ The method is applicable to multi-body 

mechanisms without available analytical 

solutions.  

▪ Environmental influence is quantified and 

incorporated into the reliability model. 

▪ Copula function is employed to represent 

related structures among multiple failure 

modes. 

▪ The proposed method is more reasonable, 

practical and precise. 

 In order to overcome the challenge of quantifying the influence of 

environmental conditions and the coexistence of multiple failure modes 

involved in mechanism reliability modelling under different 

environments. In this paper, we propose a method for the analysis of 

mechanism reliability that takes into account the influence of 

environmental factors and failure modes’ correlation, quantifies the 

influence of environmental factors as the random distribution and 

degradation path of parameters, and derives the Copula description of 

failure mode correlation from the historical data of environmental 

experiments. On the basis of the discrete mechanism dynamics model, 

the output parameters of the characteristic points are calculated, and the 

failure rate of each failure mode is calculated based on the failure 

criterion and the performance margin theory. Additionally, the dynamic 

change pattern of the mechanism reliability is compared with the 

Kaplan-Meier estimation of the corresponding environmental test 

history data to assess the validity of the calculation results. The 

reliability modelling problem of a motion mechanism of an automatic 

rifle automaton in a high and low temperature environment is applied to 

the method, and the reliability calculation results are close to those of 

Kaplan-Meier estimation of the test history data, and all are within the 

upper and lower bounds given by the reliability boundary theory, 

demonstrating the method's validity. 
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1. Introduction 

1.1 Literature review 

The mechanism reliability problem can be divided into the 

reliability problem related to the load-bearing capacity and the 

reliability problem related to the motion function [8], the former 

is generally attributed to the reliability problem of mechanical 

structure parts, and mature methods are available; the latter is 

vastly distinct from the general strength reliability problem, 

which is the main topic of this paper. The reliability of the 

motion performance of a mechanism is its ability to perform the 

specified motion function under specified conditions and within 

specified time [38]. In recent years, as the frequency of failures 

associated with the motion performance of a mechanism has 

increased [5,16,28,31], the topic of a motion reliability has 
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received a growing amount of attention. The motion 

performance reliability of a mechanism essentially describes the 

relationship between the performance parameter of the system 

and the safety boundary. The performance parameter of  

a system is a comprehensive performance of its internal 

subsystems at different levels. Due to the growing complexity 

of the structure and function of mechanisms, the independent 

and incidental factors that induce mechanism failure are 

relatively decreased, and the mechanism has multiple failure 

modes due to the variance of working time, working stage and 

working environment. Hence, the problems of degradation of 

performance parameters, random distribution of loads and 

description of failure modes further aggravate the complexity of 

mechanism reliability analysis. 

Mechanism reliability theory has spawned numerous subfields, 

one of which is the study of mechanism motion accuracy, i.e., 

the examination of the discrepancy between the ideal and real 

output parameters of the mechanism. Lee and Gilmore [15] 

proposed a probabilistic modelling approach to determine the 

mean and variance of velocity and acceleration within  

a randomly defined kinematic chain of planar pin connections, 

considering the effects of linkage length tolerance, radial 

clearance, and pin center position. Qing et al. [19] developed  

a mechanism motion reliability model for the locking 

mechanism of a planetary probe and evaluated the dynamic 

characteristics of the mechanism in three aspects: static torque 

margin (after deployment), driving torque (during deployment), 

and torque power (energy). Wu et al. used a rigid-body model 

to identify the status of the mechanism based on its health index 

and to generate a large sample of failure times. Then Kaplan-

Meier estimation was performed to evaluate the mechanism 

reliability of a bistable compliant mechanism [29] and a crank-

slider mechanism [30]. Wang et al. [20] employed reliability 

analysis methods to assess the positioning accuracy of the robot 

end-effector, as well as linear regression and iterative Taylor 

series methods to deal with the limit states in reliability 

calculations. Zhang et al. [36] investigated the robot mechanism 

with random dimensions and joint angles, the kinematic 

reliability is determined by the probability of the actual position 

of the end-effector falling into a specific tolerance range 

centered on the target position, and then the saddle-point 

approximation is applied to calculate the kinematic reliability. 

When it comes to degradation of mechanism parameters, 

random shocks, and environmental changes, it is more 

convenient to treat the dynamic changes in mechanism 

reliability as a stochastic process. Huang et al. [33] studied 

systems subject to both internal failures and external shocks, 

and external shocks were modeled using the Poisson process 

and the reliability of the system was calculated based on 

survival signature theory. Rafiee et al. [24] established  

a categorization technique for external shocks in system 

reliability analysis and evaluated the impact of generalized 

hybrid shock model for systems with competing failure modes. 

Shen et al. [26] investigated system degradation affected by 

both continuous degradation and random shocks, and 

determined the reliability of tandem systems in a recursive 

manner by examining the correlation between degradation 

process and random shocks. For the quantification of 

environmental factors in reliability analysis, Sidum et al. [2] 

used Bayesian networks to predict the effect of environmental 

factors on corrosion rate due to seawater pH, seawater 

temperature, and seawater salinity in order to assess the 

reliability of offshore systems, and then established the limit 

state function corresponding to each failure mode of the 

mechanism under microbial corrosion. Mahdi et al. [22] used  

a stochastic process to simulate the environmental factors 

brought by external shock and the aging of the system, and also 

provided a general method for system reliability assessment 

using the survival signature theory and a maintenance strategy 

for multi-component systems subject to the external 

environmental influence. Zheng et al. [37] established  

a proportional risk model with degradation trend and 

environmental factors as covariates. A Wiener process is firstly 

applied to describe the degradation path, and then a proportional 

risk model is established with the degradation path and 

temperature as covariates to finally derive the closed form of 

reliability by Taylor approximation. 

Traditional methods for failure correlation analysis of 

mechanical systems [4,32,34] are usually based on correlation 

coefficients. However, only linear correlation coefficients can 

be used to describe the relationship between variables, which 

cannot be applied to nonlinear situations, and the computational 

effort will increase dramatically as the number of failure modes 

increases. To minimize the running duration of Monte Carlo 
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simulations, Stern et al. [27] proposed an approximate 

framework (implemented by support vector machines and an 

alternative model based on logistic regression) for correlation 

quantification of samples using machine learning-based 

classifiers. Limit methods and their improvements [21] can give 

upper and lower bounds on the reliability of a system when there 

are multiple failure modes, but such methods are only 

applicable to series systems and are computationally intensive. 

Copula functions are useful tools for describing correlations 

between variables and have been widely used in the field of 

reliability modelling, such as Copula functions combined with 

evidence theory [12], Copula functions applied to multi-state k-

out-of-n systems [18] and Copula functions applied to 

competing failure-related systems subject to degradation and 

shocks [10]. 

1.2 Current problems 

The motion reliability analysis of a mechanism is mainly 

focused on kinematic analysis, and the research objects are 

predominantly mechanisms with more mature motion 

characteristics, whereas the problems of reliability modelling of 

complex mechanisms and their dynamics are rarely addressed. 

The majority of current research treats the effect of 

environmental conditions as a stochastic process, which 

undermines the influence of environmental factors and is 

insufficient for the description of engineering practice. When 

there are multiple failure modes in the mechanism, the 

traditional method without considering the failure modes’ 

correlation or only introducing linear correlation coefficients for 

correlation description is not applicable, and using Copula 

function is a better way to handle it, but it is rarely applied in 

the reliability modelling of mechanisms with multiple failure 

modes. 

1.3 Main contributions 

For the reliability modelling problem of mechanism in a specific 

environment, this paper proposes a general approach to deal 

with such engineering problems, and the main contributions 

include the following three aspects: 

1) The reliability modelling of the mechanism does not adopt 

the traditional DPM (Direct Probabilistic Method) method to 

avoid the situation that the mechanism performance output 

cannot be applied when no analytical formula is available. 

Instead, a discrete dynamics model is used to calculate the 

output parameters of each characteristic point, and the dynamic 

change law of the mechanism reliability is given according to 

the failure criterion and performance margin. 

2) Considering the influence of environmental factors in the 

mechanism reliability modelling, attributing the essence of 

environmental factors introduced into the system to the 

degradation path of the mechanism parameters and the change 

of the random distribution of the parameters, thus quantifying 

the influence of environmental factors on the mechanism 

reliability. 

3) When there are multiple failure modes in the mechanism, the 

assumption of independence of failure modes is not applicable, 

and Copula function is introduced as a tool to quantify the 

correlation of failure modes in the mechanism, so as to avoid 

the problem of poor flexibility caused by using only linear 

correlation coefficients and the problem of computational 

burden brought by multiple integrals. 

2. Research methodology 

The flow chart of the mechanism reliability analysis research 

method considering the influence of environmental factors and 

failure modes’ correlation is shown in Figure 1.  

The main body of the flow chart is the traditional model based 

on mechanism dynamics to calculate the failure probability of 

mechanism with multi failure modes. The environmental factors 

are introduced into the discrete mechanism dynamics model in 

the form of parameter degradation path and parameter random 

distribution. The Copula description of the failure modes’ 

correlation and the influence of environmental factors are 

derived from the historical data of environmental experiments, 

and the final reliability calculation results can be compared with 

the Kaplan-Meier estimation of the experimental censored data 

to evaluate the calculation accuracy of the model. 

 

 

 

 

 

 

 

 



Eksploatacja i Niezawodność – Maintenance and Reliability Vol. 25, No. 2, 2023 

 

 

Fig.1. The flow chart of the proposed methodology.  

2.1 Modelling of mechanism dynamics with impact 

For impact transmission is prevalent in all types of motion 

mechanisms, and the impact process is sensitive to external 

influences, thus adding more uncertainty to the system. The 

essence of modelling the dynamics of a mechanism with impact 

process is to solve the generalized velocity of each part in the 

mechanism based on the coefficient of restitution according to 

the normal kinematic relationship between the impact points (or 

impact planes). During the impact process, the displacement of 

the member at the impact point (or impact plane) remains 

constant and the velocity changes abruptly. After the impact,  

a Lagrange multiplier must be introduced to the impact point to 

be consistent with the displacement constraint, which is related 

to the impact impulse that causes the abrupt change in velocity. 

The dynamical equations of the system before the impact 

can be expressed as 

 
[
𝑀 𝛷𝑞

𝑇

𝛷𝑞 0
] [

�̈�
𝜆
] = [

𝑄∗ + 𝑄𝑒

𝛾
] 

(1) 

where 𝑴  is the generalized mass matrix of the pre-impact 

system, 𝜱𝒒  is the Jacobi matrix of the pre-impact system 

constraints, 𝝀  denotes the binding vector, 𝑸∗  is the velocity 

quadratic term obtained by deriving the kinetic energy twice 

with respect to time, 𝑸𝒆  is the external force vector, 𝜸  is the 

term at the right end of the acceleration constraint equation, and 

𝑞 is the generalized coordinate array of the system. 

The kinetic equation for the impact phase is: 
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[
 
 
 
 
 𝑀 𝛷𝑞

𝑇
𝜕𝑠𝑛

𝑇

𝜕𝑞
𝛷𝑞 0 0

𝜕𝑠𝑛

𝜕𝑞
0 0

]
 
 
 
 
 

[

∆�̇�

𝐼𝜆

−𝑝
] = [

0
0

−(1 + 𝑒)
𝜕𝑠𝑛

𝑇

𝜕𝑞
�̇�(𝑡−)

]   (2) 

where 𝒔𝒏 is the shortest normal distance vector array between 

the impact points, ∆�̇� is the change of the generalized velocity 

due to the impact, 𝐼𝜆  is the binding force impulse due to the 

impact, 𝑝  denotes the impact force impulse, 𝑒  is the impact 

recovery factor, 𝑡  is the impact moment, and �̇�(𝑡−)  is the 

generalized velocity of the system before the impact. 

The generalized velocity �̇�(𝑡+) of the post-impact system is 

then derived as 

 �̇�(𝑡+) = �̇�(𝑡−) + ∆�̇� (3) 

2.2 Discretization of the dynamics model considering 

environmental factors 

Environmental factors incorporated into the model are mainly 

represented by parameters with random distribution and 

parameters with degradation path. Due to the strong 

nonlinearity of the impact process, the mechanism dynamics 

model needs to be discretized by impact time nodes. Let the 

working process of the mechanism can be divided into 𝑚 time 

periods, and each time period consists of 𝑛 time points, then the 

working time matrix of the mechanism can be expressed as: 

 𝑇 =

[
 
 
 
 
𝑡11 𝑡12 … 𝑡1(𝑛−1) 𝑡1𝑛

… … … … …
𝑡𝑖1 𝑡𝑖2 … 𝑡𝑖(𝑛−1) 𝑡𝑖𝑛
… … … … …

𝑡𝑚1 𝑡𝑚2 … 𝑡𝑚(𝑛−1) 𝑡𝑚𝑛]
 
 
 
 

=

(

 
 

𝑇1

…
𝑇𝑖

…
𝑇𝑚)

 
 

𝑚×1

 (4) 

where 𝑡𝑖𝑟  denotes the  𝑟𝑡ℎ(𝑟 = 1,2, … , 𝑛)  time point of the 

𝑖𝑡ℎ(𝑖 = 1,2,… ,𝑚) time period. 

 𝑇𝑖 = [𝑡𝑖1, 𝑡𝑖2, … , 𝑡𝑖(𝑛−1), 𝑡𝑖𝑛] (5) 

Each period consists of time points evenly distributed along 

the time axis. 

 ∆𝑡 = 𝑡𝑖𝑟 − 𝑡𝑖(𝑟−1) =
𝑡𝑖𝑛
𝑛

  (𝑟, 𝑖 = 1,2, … , 𝑛) (6) 

The randomness and degradation path of the input 

parameters are described by the variation of the mean and 

standard deviation. During this period, the mean and standard 

deviation are assumed to be: 

 

𝜇𝑖 =

[
 
 
 
 
 𝜇𝑖1

(1)
𝜇𝑖2

(1)
… 𝜇𝑖(𝑛−1)

(1)
𝜇𝑖𝑛

(1)

… … … … …

𝜇𝑖1
(𝑢)

𝜇𝑖2
(𝑢)

… 𝜇𝑖(𝑛−1)
(𝑢)

𝜇𝑖𝑛
(𝑢)

… … … … …

𝜇𝑖1
(𝑝)

𝜇𝑖2
(𝑝)

… 𝜇𝑖(𝑛−1)
(𝑝)

𝜇𝑖𝑛
(𝑝)

]
 
 
 
 
 

𝑝×𝑛

𝜎𝑖

=

[
 
 
 
 
 𝜎𝑖1

(1)
𝜎𝑖2

(1)
… 𝜎𝑖(𝑛−1)

(1)
𝜎𝑖𝑛

(1)

… … … … …

𝜎𝑖1
(𝑢)

𝜎𝑖2
(𝑢)

… 𝜎𝑖(𝑛−1)
(𝑢)

𝜎𝑖𝑛
(𝑢)

… … … … …

𝜎𝑖1
(𝑝)

𝜎𝑖2
(𝑝)

… 𝜎𝑖(𝑛−1)
(𝑝)

𝜎𝑖𝑛
(𝑝)

]
 
 
 
 
 

𝑝×𝑛

 

(7) 

The degradation path of parameters during the 𝑖𝑡ℎ  time 

period is described by the degradation function 𝐷𝑖 . 

 𝐷𝑖(𝜇𝑖 , 𝜎𝑖 , 𝑇𝑖) = 0 (8) 

The dynamic equation of the output in the 𝑖𝑡ℎ time period 

can be written as: 

 𝑥(𝑇𝑖 , 𝜇𝑖 , 𝜎𝑖) = 0 (𝑖 = 1,2, … ,m) (9) 

The dynamic output 𝑆𝑖 obtained from the kinetic equations 

with parameter randomness can be expressed as: 

 𝑆𝑖 =

[
 
 
 
 
 𝑠𝑖1

(1)
𝑠𝑖2

(1)
… 𝑠𝑖(𝑛−1)

(1)
𝑠𝑖𝑛

(1)

… … … … …

𝑠𝑖1
(𝑗)

𝑠𝑖2
(𝑗)

… 𝑠𝑖(𝑛−1)
(𝑗)

𝑠𝑖𝑛
(𝑗)

… … … … …

𝑠𝑖1
(𝑞)

𝑠𝑖2
(𝑞)

… 𝑠𝑖(𝑛−1)
(𝑞)

𝑠𝑖𝑛
(𝑞)

]
 
 
 
 
 

𝑞×𝑛

 (10) 

where 𝑞  denotes the number of output parameters, i.e. the 

number of generalized coordinates. 

The ideal dynamic output calculated from the dynamic 

equation in the 𝑖𝑡ℎ time period can be expressed as: 

 

𝑆𝑖
∗ = 𝑠(𝑇𝑖 , 𝜑𝑖 , 𝜇𝑖 = 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡, 𝜎𝑖 = 0)

=

[
 
 
 
 
 𝑠𝑖1

(1)∗ 𝑠𝑖2
(1)∗ … 𝑠𝑖(𝑛−1)

(1)∗ 𝑠𝑖𝑛
(1)∗

… … … … …

𝑠𝑖1
(𝑗)∗

𝑠𝑖2
(𝑗)∗

… 𝑠𝑖(𝑛−1)
(𝑗)∗

𝑠𝑖𝑛
(𝑗)∗

… … … … …

𝑠𝑖1
(𝑞)∗

𝑠𝑖2
(𝑞)∗

… 𝑠𝑖(𝑛−1)
(𝑞)∗

𝑠𝑖𝑛
(𝑞)∗

]
 
 
 
 
 

𝑞×𝑛

 (11) 

where 𝑞  denotes the number of output parameters, 𝑚  denotes 

the number of periods, and 𝑛 denotes the number of time points 

in each time period. The computation time is proportional to 𝑞 ∙

𝑚 ∙ 𝑛. For highly reliable or very long-lived products, this leads 

to a computational explosion. To simplify the calculation, it can 

be considered that some of the variable parameters within each 

cycle are constant, considering the relatively slow degradation 

process of mechanical products and the relatively short length 

of each cycle. 

2.3 Mechanism reliability modelling based on margin 

equation  

Kang [14] proposed the basic principles of reliability science 
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and established the corresponding reliability theoretical 

discourses. Margin equation is: 

 𝑴 = 𝐺(𝑷, 𝑷𝒕𝒉) > 0 (12) 

where 𝑴  is the performance margin vector, P represents the 

performance parameter vector, 𝑷𝒕𝒉  identifies the performance 

threshold vector. When the vector of performance parameters 

does not exceed its critical value, i.e. M > 0, the system is able 

to perform reliably. 

For a specific mechanism, assuming that its designed value 

of the performance parameter in state 𝐽  is 𝑃𝑗 , and subject to 

various uncertainties, the actual performance parameter of the 

mechanism is 𝑃𝑗
𝑟  , the performance parameter error 𝛿  can be 

written as: 

 𝛿 = |𝑃𝑗
𝑟 − 𝑃𝑗| (13) 

The maximum value of the performance parameter error is 

set to 𝜀. The performance margin equation for the mechanism 

can be obtained as: 

 𝑴 =
𝜀 − 𝛿

𝜀
 (14) 

In practical engineering problems, the performance margin 

is defined in terms of both the random uncertainty under internal 

and external environment and the cognitive uncertainty in the 

judgment of the allowable error of the performance parameters 

due to the limitation of the cognitive level, denoted as �̃�. The 

system can be considered reliable by quantifying �̃�  and 

ensuring that its value is always greater than 0. Therefore, the 

mechanism reliability model based on the performance margin 

is: 

 𝑅𝐽 = 𝑃(�̃� > 0) = 𝑃(
𝜀 − |𝑃𝑗

𝑟 − 𝑃𝑗|

𝜀
> 0) (15) 

2.4 Copula description of failure mode correlation 

2.4.1 Selection of Copula function and its parameter 

estimation 

The commonly used metrics for selecting Copula functions are 

divided into two categories [21], one is the correlation 

coefficient metric represented by Kendall correlation coefficient 

and Spearman correlation coefficient, and the other is the fitting 

parameter metric represented by squared Euclidean distance. In 

this paper, the optimal Copula function is selected by 

calculating the squared Euclidean distance, and the basic 

procedure is as follows: 

(1) Sample points are generated based on the failure rate 

distribution function of each failure mode. Binary frequency 

histograms of the two failure modes are drawn, and the initial 

Copula functions are selected according to the characteristics of 

the histograms. The commonly used Copula functions [6,17,35] 

include normal Copula function, t-Copula function and 

Archimedean Copula function, and the binary distribution 

functions and parameter ranges of various Copula functions are 

shown in Table 1. 

Table 1. Binary distribution functions and parameter ranges of 

various Copula functions. 

Copulas binary distribution functions parameter ranges 

Gaussian 𝛷𝜌(𝛷−1(𝑢), 𝛷−1(𝑣)) 𝜌 ∈ (−1,1) 

t 𝑡𝜌,𝑘(𝑡𝑘
−1(𝑢), 𝑡𝑘

−1(𝑣) 𝜌 ∈ (−1,1) 

Gumbel exp (−[(−ln𝑢)𝛼 + (−ln𝑣)𝛼]1/𝛼) 𝛼 ∈ (1, +∞) 

Frank 

−
1

𝛼
ln (1

+
(𝑒−𝛼𝑢 − 1)(𝑒−𝛼𝑣 − 1)

𝑒−𝛼 − 1
) 

𝛼
∈ (−∞, 0)
∪ (0, +∞) 

(2) Great likelihood estimation is used to obtain the 

estimates of the unknown parameters in the Copula model. 

Considering the general case, let the marginal distribution 

functions of the continuous random variables 𝑋  and 𝑌  be 

𝐹(𝑥; 𝜃1)  and 𝐺(𝑦; 𝜃2) , respectively, and the corresponding 

marginal density functions be  𝑓(𝑥; 𝜃1)  and 𝑔(𝑦; 𝜃2) , 

respectively, where 𝜃1 and 𝜃2 are the location parameters in the 

marginal distribution. Let the selected Copula distribution 

function be  𝐶(𝑢, 𝑣; 𝛼) ,Copula density function 𝑐(𝑢, 𝑣; 𝛼) =

𝜕2𝐶(𝑢,𝑣;𝛼)

𝜕𝑢𝜕𝑣
 , 𝛼  denotes the unknown parameter in the Copula 

function. At this point the joint distribution function of (𝑋, 𝑌) 

can be written as: 

 𝐻(𝑥, 𝑦; 𝜃1, 𝜃2, 𝛼) = 𝐶(𝐹(𝑥; 𝜃1), 𝐺(𝑦; 𝜃2); 𝛼) (16) 

The likelihood function of the sample (𝑋𝑖 , 𝑌𝑖  𝑖 =  1, 2, . . . , 𝑛) 

is 

 

𝐿(𝜃1, 𝜃2, 𝛼)

= ∏ 𝑐

𝑛

𝑖=1

(𝐹(𝑥𝑖; 𝜃1), 𝐺(𝑦𝑖 ; 𝜃2); 𝛼)𝑓(𝑥; 𝜃1)𝑔(𝑦; 𝜃2) 
(17) 

The maximum likelihood estimates of the unknown 

parameters 𝜃1, 𝜃2 and 𝛼 in the marginal distribution and Copula 

function can be obtained by solving for the maximum points of 

the log-likelihood function. 

 �̂�1, �̂�2, �̂� = argmaxL𝑛𝐿(𝜃1, 𝜃2, 𝛼) (18) 

(3) Calculate the squared Euclidean distance 𝑑𝐺𝑢  between 

the selected Copula model and the empirical Copula model. The 

smaller 𝑑𝐺𝑢 indicates a better fit, so the model with the smallest 

𝑑𝐺𝑢 is selected as the optimal Copula model. 
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Let the samples (𝑥𝑖 , 𝑦𝑖)(𝑖 = 1,2, … , n) come from the two-

dimensional overall (𝑋, 𝑌) , and the empirical distribution 

functions of 𝑋  and 𝑌  are 𝐹𝑛(𝑥)  and 𝐺𝑛(𝑦) , the empirical 

Copula of the samples can be written as 

 
�̂�𝑛(𝑢, 𝑣) =

1

𝑛
∑𝐼[𝐹𝑛(𝑥𝑖 ≤ 𝑢)]

𝑛

𝑖=1

∙ 𝐼[𝐺𝑛(𝑦𝑖 ≤ 𝑣)],     𝑢, 𝑣 ∈ [0,1] 

(19) 

where 𝐼[∙]  is the indicative function, 𝐼[𝐹𝑛(𝑥𝑖 ≤ 𝑢)] = 1  when 

𝐹𝑛(𝑥𝑖 ≤ 𝑢); otherwise 𝐼[𝐹𝑛(𝑥𝑖 ≤ 𝑢)] = 0. 

Let the value of the joint Copula function of 𝑋  and 𝑌  be 

𝐶(𝑢𝑖 , 𝑣𝑖), then the squared Euclidean distance can be obtained 

at this point. 

 𝑑𝐺𝑢 = ∑|�̂�𝑛(𝑢𝑖, 𝑣𝑖) − 𝐶(𝑢𝑖, 𝑣𝑖)|
2

𝑛

𝑖=1

 (20) 

2.4.2 Reliability calculation considering multiple failure 

modes’ correlation 

There is a correlation between the various failure modes of 

mechanisms due to common loads and same working 

environment. Assuming that a component has 𝑛 failure modes, 

the generalized performance function corresponding to a certain 

failure mode is 

 𝑔𝑖(𝑋𝑖) = 𝜎𝑖 − 𝑆𝑖 = {
      ≤ 0，failure state

> 0, safe state
 (21) 

where 𝜎𝑖 and 𝑆𝑖 denote the generalized strength and stress of the 

component under this failure mode, respectively. 

If there is a series relationship between the failure modes of 

the component, the reliability of the component can be 

expressed as: 

 

𝑅 = 𝑃(𝑔1(𝑋1) > 0, 𝑔2(𝑋2) > 0,… , 𝑔𝑛(𝑋𝑛) > 0)

= ∫ ∫ …
∞

0

∞

0

∫ 𝑓𝐺(𝑔1(𝑥1), 𝑔2(𝑥2), … , 𝑔𝑛(𝑥𝑛))𝑑𝑔1

∞

0

𝑑𝑔2 …𝑑𝑔𝑛 
(22) 

where 𝑓𝐺  is the joint probability density function of 

𝑔1(𝑥1), 𝑔2(𝑥2), … , 𝑔𝑛(𝑥𝑛). 

There are two problems with the application of the above 

formula. One is that it is very difficult to determine the joint 

probability density function, and the other is that the method of 

calculating the reintegration is very complicated. Using Copula 

function can avoid these two problems. Suppose a mechanism 

has two failure modes. 𝑔1 and 𝑔2  are used to represent their 

corresponding performance functions. If the failure modes are 

connected in series, this means that the occurrence of any failure 

mode will cause the component to fail and the reliability of the 

component can be expressed as:  

 

𝑅 = 𝑃(𝑔1(𝑋1) > 0, 𝑔2(𝑋2) > 0)

= 1 − 𝑃(𝑔1(𝑋1) ≤ 0)

− 𝑃(𝑔2(𝑋2) ≤ 0)

+ 𝑃(𝑔1(𝑋1) ≤ 0, 𝑔2(𝑋2))

= 1 − 𝐹1(0) − 𝐹2(0)

+ 𝐹𝑔1𝑔2
(𝐹1(0), 𝐹2(0)) 

(23) 

where: 𝐹1(0)  and 𝐹2(0)  are the failure probabilities of each 

failure mode. 𝐹1  and 𝐹2  are the probability distribution 

functions of each failure mode. 𝐹𝑔1𝑔2
  is the joint distribution 

function of the two performance functions. 

 

𝑅 = 1 − 𝐹1(0) − 𝐹2(0) + 𝐶𝑔1𝑔2
(𝐹1(0), 𝐹2(0))

= 1 − 𝐹1(𝑡) − 𝐹2(𝑡)

+ 𝐶𝑔1𝑔2
(𝐹1(𝑡), 𝐹2(𝑡)) 

(24) 

Extending the case of two failure modes to 𝑛 failure modes, 

the reliability of the system can be expressed as: 

𝑅 = 𝑃(𝑔1(𝑋1) > 0, 𝑔2(𝑋2) > 0,… 𝑔𝑛(𝑋𝑛) > 0)

= 1 − ∑𝑃(𝑔𝑖(𝑋) ≤ 0)

𝑛

𝑖=1

+ ∑ 𝑃(𝑔𝑖1
(𝑋) ≤ 0, 𝑔𝑖2

(𝑋) ≤ 0)

𝑛

1≤𝑖1≤𝑖2≤𝑛

+ ⋯

+ (−1)𝑘 ∑ 𝑃(𝑔𝑖1
(𝑋) ≤ 0, 𝑔𝑖2

(𝑋)

𝑛

1≤𝑖1≤𝑖2≤𝑖𝑘≤𝑛

≤ 0,… , 𝑔𝑖𝑘
(𝑋) ≤ 0)

+ (−1)𝑛𝑃(𝑔1(𝑋) ≤ 0, 𝑔2(𝑋) ≤ 0,… , 𝑔𝑛(𝑋) ≤ 0)

= 1 − ∑𝐹𝑖(𝑡)

𝑛

𝑖=1

+ ∑ 𝐶𝑔𝑖1𝑔𝑖2

𝑛

1≤𝑖1≤𝑖2≤𝑛

(𝐹𝑖1
(𝑡), 𝐹𝑖2

(𝑡)) + ⋯

+ (−1)𝑘 ∑ 𝐶𝑔𝑖1𝑔𝑖2…𝑔𝑖𝑘

𝑛

1≤𝑖1≤𝑖2≤𝑖𝑘≤𝑛

(𝐹𝑖1
(𝑡), 𝐹𝑖2

(𝑡), … , 𝐹𝑖𝑘
(𝑡))

+ (−1)𝑛𝐶𝑔1𝑔2…𝑔𝑛
(𝐹1(𝑡), 𝐹2(𝑡), … , 𝐹𝑛(𝑡)) 

 (25) 

2.5 Kaplan-Meier estimation of experimental censored 

data 

When analyzing the reliability of most mechanical products, 

censored data is the most prevalent reliability metric [1,3]. 

Kaplan-Meier estimation [7,11,25] is introduced in this paper to 

analyze the experimental censored data. Suppose there are 𝑤 

failures occurred during the timed end test, and the samples of 

failure data were arranged in ascending order as follows. 

 𝑡(1) ≤ 𝑡(2) ≤ ⋯ ≤ 𝑡(𝑤) (26) 

The failure probability based on Kaplan-Meier estimation is: 

 

𝑃(𝑇𝐹 > 𝑡𝑖) = 𝑃(𝑇𝐹 > 𝛿𝑡) ∙ 𝑃(𝑇𝐹 > 𝑡(1) + 𝛿𝑡|𝑇𝐹 > 𝑡(1))

∙ 𝑃(𝑇𝐹 > 𝑡(2) + 𝛿𝑡|𝑇𝐹 > 𝑡(2))… 𝑃(𝑇𝐹

> 𝑡(𝑖) + 𝛿𝑡|𝑇𝐹 > 𝑡(𝑖)) 

(27) 

where 𝛿𝑡 is an arbitrarily small time interval with no failure data 

during the time interval. Therefore, the Kaplan-Meier estimate 
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of the reliability function based on censored data is 

 𝑅(𝑡) = ∏ �̂�𝑖

𝑎𝑙𝑙 𝑖 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 𝑡(𝑖)≤𝑡

= ∏
𝑛𝑖 − 1

𝑛𝑖
𝑎𝑙𝑙 𝑖 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 𝑡(𝑖)≤𝑡

 (28) 

where 𝑛𝑖 is the number of operational units right before 𝑡(𝑖). 

In order to calculate the confidence intervals for the Kaplan-

Meier estimator, it is necessary to estimate its variance. The 

variance of Kaplan-Meier estimation can be obtained by 

Greenwood formula [13]: 

 var[�̂�(𝑡𝑖)] = [�̂�(𝑡𝑖)]
2 ∑

𝑚𝑗

𝑛𝑗(𝑛𝑗 − 𝑚𝑗)
𝑗≤𝑖

 (29) 

For Kaplan-Meier estimation, one of its maximum 

likelihood estimates or limit estimates has an approximate 

normality. Therefore, the role of a normal approximation is to 

adjust the confidence interval constructed near �̂�(𝑡𝑖) . The 

confidence interval at 95 % confidence level is: 

 𝑅95%(𝑡𝑖) = �̂�(𝑡𝑖) ± 1.96𝜎(𝑡𝑖) (30) 

3. Methodology implementation 

3.1 Engineering problem description 

A reliable rifle can be a deterrent, and therefore a tool that 

ensures peace and security. The firearm mainly transforms the 

chemical energy of gunpowder into mechanical kinetic energy  

of the automaton to complete the motion cycle of firing, 

unlocking, recoiling, case ejecting, counter-recoiling, feeding 

and locking, etc. Compared with the general mechanism 

movement, it has the following characteristics: (1) the 

automaton completes intermittent reciprocating motion of 

variable mass and high frequency under high temperature and 

high pressure; (2) the mechanism movement relies on high-

velocity impact to complete, and there are numerous failure 

modes with correlations; (3) the case throwing and cartridge 

pushing actions are completed in dynamic, not fully constrained 

conditions and are subject to external environment; (4) there 

will be a significant performance degradation of the counter-

recoil spring, hammer spring, piston spring and other spring 

parts with the increase in firing circles. Consequently, the 

motion reliability of the firearm mechanism is a dynamic 

process that varies with firing circles, and the influence of 

environmental factors and the correlation between multiple 

failure modes also need to be considered in this process. Taking 

an air-guided automatic rifle product as the research object, 

based on its automatic cycle diagram, the motion of the 

automatic mechanism can be represented as the point-line 

diagram shown in Figure 2, where the line segment indicates the 

motion process and the node indicates the impact combination 

or impact separation. 

 

Fig.2. The point-line diagram of the motion of the automatic mechanism. 
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Since there are differences in the masses of moving parts 

corresponding to different stages of motion of the automaton 

and the magnitude of the combined forces applied, for this 

reason, the kinetic equations are divided into 13 stages based on 

the nodes, updating each parameter for the subsequent stage of 

motion. The equations for each stage can be expressed as 

 𝑴�̈� = 𝑭 (31) 

where 𝑥  denotes the displacement of the moving part, 𝑴 

denotes the vector of the mass of the moving part corresponding 

to each stage, and 𝑭 denotes the vector of the magnitude of the 

combined force applied to each stage. 

𝑀 =

[
 
 
 
 
 
 
 
 
 
 
 
 
 
 

𝑚1

𝑚1 +
𝑘𝑡𝑟1

2

𝜂
𝑚3

′ +
𝑘𝑡𝑟2

2

𝜂
𝑚3

𝑚1 + 𝑚2 + 𝑚3 + 𝑚5

𝑚1 + 𝑚2 + 𝑚3 + 𝑚5

𝑚1 + 𝑚2 + 𝑚3

𝑚1 + 𝑚2 + 𝑚3

𝑚1 + 𝑚2 + 𝑚3

𝑚1 + 𝑚2 + 𝑚3 + 𝑚4

𝑚1 + 𝑚3 + 𝑚4

𝑚1 + 𝑚3 + 𝑚4

𝑚1 +
𝑘𝑡𝑟1

2

𝜂
𝑚3

′ +
𝑘𝑡𝑟2

2

𝜂
𝑚3

𝑚1

𝑚2 ]
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 ， 

𝐹

=

[
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

𝐹1 − 𝑘1𝑥1 + 𝜇𝑚1𝑔

𝐹1 − 𝑘1𝑥1 + 𝜇(𝑚1 + 𝑚3)𝑔 +
𝑘𝑡𝑟1

𝜂
𝐹𝑡𝑟1 +

𝑘𝑡𝑟2

𝜂
𝐹𝑡𝑟2

𝐹1 − 𝑘1𝑥1 + 𝐹2 + 𝑘2(𝑑0 − 𝑥1) + 𝜇(𝑚1 + 𝑚2 + 𝑚3 + 𝑚5)𝑔

𝐹1 − 𝑘1𝑥1 + 𝐹2 + 𝑘2(𝑑0 − 𝑥1) + 𝜇[𝐹0 − (𝑚1 + 𝑚2 + 𝑚3 + 𝑚5)𝑔]

𝐹1 − 𝑘1𝑥1 + 𝐹2 + 𝑘2(𝑑0 − 𝑥1) + 𝜇[𝐹0 − (𝑚1 + 𝑚2 + 𝑚3)𝑔]

𝐹1 − 𝑘1𝑥1 + 𝐹2 + 𝑘2(𝑑0 − 𝑥1) + 𝜇(𝑚1 + 𝑚2 + 𝑚3)𝑔

𝐹1 − 𝑘1𝑥1 + 𝐹2 + 𝑘2(𝑑0 − 𝑥1) − 𝜇(𝑚1 + 𝑚2 + 𝑚3)𝑔

𝐹1 − 𝑘1𝑥1 + 𝐹2 + 𝑘2(𝑑0 − 𝑥1) − 𝜇[𝐹0 − (𝑚
1
+ 𝑚2 + 𝑚3 + 𝑚4)𝑔]

𝐹1 − 𝑘1𝑥1 + 𝐹2 + 𝑘2(𝑑0 − 𝑥1) − 𝜇[𝐹0 − (𝑚1 + 𝑚3 + 𝑚5)𝑔]

𝐹1 − 𝑘1𝑥1 − 𝜇(𝑚1 + 𝑚3 + 𝑚4)𝑔

𝐹1 − 𝑘1𝑥1 − 𝜇(𝑚1 + 𝑚3)𝑔 −
𝑘𝑡𝑟1

𝜂
𝐹𝑡𝑟1 −

𝑘𝑡𝑟2

𝜂
𝐹𝑡𝑟2

𝐹1 − 𝑘1𝑥1 − 𝜇𝑚1𝑔
𝐹2 − 𝑘2𝑥2 − 𝜇𝑚2𝑔 ]

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

The meanings and values of the symbols in the equation are 

shown in Table 2. 

Table 2. The meanings and values of the symbols in the equation 

Symbols Meanings Units 
Values (initial 

state) 

𝑚1 Mass of bolt carrier g 400 

𝑚2 Mass of hammer g 100 

𝑚3 Mass of bolt g 77 

𝑚3
′  

Replacement mass of the bolt 

along its rotary axis 
g 37 

𝑚4 Mass of cartridge g 12.5 

𝑚5 Mass of case g 6.5 

𝑥1 Displacement of bolt carrier mm 0 

Symbols Meanings Units 
Values (initial 

state) 

𝑥2 Displacement of hammer mm 6.5 

𝜇 
Friction coefficient between 

moving parts and receiver 
- 0.265 

𝐹0 Magazine spring force N 20 

𝐹1 
Preload of counter-recoil 

spring 
N 28 

𝐹2 Preload of hammer spring N 11 

𝑘1 
Stiffness of counter-recoil 

spring 
N/m 240.6 

𝑘2 Stiffness of hammer spring N/m 90.5 

𝑘𝑡𝑟1 
Velocity transmission ratio 

along the rotation of bolt 
- 0.81 

𝑘𝑡𝑟2 
Velocity transmission ratio 

along the translation of bolt 
- 0.01 

𝐹𝑡𝑟1 
Resistance in the rotation of 

bolt 
N 30 

𝐹𝑡𝑟2 
Resistance in the translation 

of bolt 
N 1.05 

𝜂 
Transmission efficiency of 

spiral groove 
- 0.3 

𝑑0 

Distance between hammer and 

bolt carrier at the moment of 

firing 

mm 7 

3.2 Mechanism performance parameters and 

performance margin model 

For the automaton motion mechanism, the main failure modes 

that cause the mechanism to stop firing are powerless striking, 

cartridge jam and case jam, accounting for more than 90 % of 

the total number of failures, and powerless striking, cartridge 

jam and case jam are directly related to the automaton motion 

velocity in the corresponding phase, so the striking velocity, 

cartridge-pushing velocity and case-ejecting velocity are 

determined as the mechanism performance parameters without 

considering the influence of other failure modes on the 

mechanism reliability. For the automaton motion mechanism, 

the performance parameter 𝑝  with failure threshold 𝑝𝑡ℎ  is  

a Lager-The-Better parameter, which indicates that the 

mechanism only fails when 𝑝 ≤ 𝑝𝑡ℎ. The failure thresholds for 

powerless striking, cartridge jam and case jam are generally 

determined by live-firing tests, and the values of the 

performance parameters and their failure thresholds taken in 

this paper are shown in Table 3. 

Table 3. Values of the performance parameters and their failure 

thresholds. 

Performance parameters Units Failure thresholds 

striking velocity  m/s     4.2 

cartridge-pushing velocity  m/s     2.6 

case-ejecting velocity  m/s     3.5 
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The performance margin model of 𝑝 can be written as: 

 𝑚 =
𝑝 − 𝑝𝑡ℎ

𝑝
 (32) 

where 𝑚 is a dimensionless parameter, when the performance 

margin 𝑚 > 0, the performance parameters will not exceed the 

failure threshold and the mechanism is reliable; when the 

performance margin 𝑚 < 0 , the performance parameters 

exceed the failure threshold and the mechanism is unreliable; 

when the performance margin  𝑚 = 0 , the performance 

parameters are equal to the failure threshold and the mechanism 

is in a critical state. 

3.3 Temperature Influence on mechanism parameters 

For piston-recoiled firearms, the direct source of the kinetic 

energy of the bolt carrier is the pressure in the gas chamber, and 

the change law of the powder gas pressure inside the gas 

chamber is related to the powder gas pressure inside the bore 

chamber. Therefore, the temperature change affects the bore 

pressure by influencing the burning rate of the powder, which 

in turn affects the initial energy of the automaton kinetic 

mechanism. The gas chamber pressure is calculated using the 

empirical Bravin formula, and the velocity of the piston at any 

moment of free recoil can be written as an integral form of the 

gas chamber pressure load: 

 𝑃𝑠 = 𝑃𝑑𝑒−
𝑡
𝑏(1 − 𝑒−𝛼

𝑡
𝑏) (33) 

 𝑣𝑡 =
𝑆

𝑚1

∫ 𝑃𝑠𝑑𝑡
𝑡

0

 (34) 

where 𝑃𝑠 is the gas chamber pressure, 𝑃𝑑 is the average pressure 

in the bore chamber at the instant when the cartridge nose passes 

through the gas port, 𝛼 is the coefficient related to the structural 

parameters of the gas-operated device, 𝑏 is the time coefficient 

related to the bore pressure impulse, 𝑆 is the cross-sectional area 

of the piston, 𝑡 is the operating time of gas chamber pressure, 

and 𝑣𝑡 is the corresponding velocity of the bolt carrier.  

The mapping relationship between the bore pressure and the 

initial conditions of the equation can be established through the 

Bravin empirical formula. The bore pressure curves at different 

temperatures measured during the test and the random 

distribution of the maximum bore pressure (fitted to a Gaussian 

distribution) are shown in Figure 3. 

 

Fig.3. The bore pressure curves and the random distribution of the maximum bore pressure under different temperatures . 
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Based on the motion curves of the automaton measured at 

different temperatures, the random distribution of mechanism 

parameters, as shown in Table 4, were obtained by parameter 

identification under different temperatures. 

Table 4. The random distribution of mechanism parameters at 

different temperatures. 

Parameters 
Low 

temperature 

Normal 

temperature 

High 

temperature 

Friction coefficient 

between moving 

parts and receiver 

𝑁(0.15,0.12) 𝑁(0.12,0.09) 𝑁(0.16,0.13) 

Restitution 

coefficient for recoil 

ending impact 

𝑁(0.45,0.23) 𝑁(0.43,0.12) 𝑁(0.43,0.14) 

Transmission ratio of 

hammer to pin 

impact 

𝑁(0.96,0.1) 𝑁(0.98,0.1) 𝑁(0.98,0.1) 

During the environmental life test (10,000 rounds), the 

stiffness coefficients of the counter-recoil spring and hammer 

spring were measured and recorded every 1000 rounds, and the 

degradation path of springs with the firing circle under different 

temperatures was obtained as shown in Figure 4. 

 

(a) Counter-recoil spring 

 

(b) Hammer Spring. 

Fig.4. The degradation path of springs with the firing circle 

under different temperatures. 

3.4 The determination of optimal Copula model for 

dependent failure modes 

Based on the historical experimental data of several automatic 

rifle products, the variation curves of the probability of the three 

failure modes with firing circles during the life cycle were 

obtained as shown in Figure 5. 

 

Fig.5. The variation curves of the probability of the three 

failure modes with firing circles.  

A bivariate frequency histogram of the failure rate is made 

based on the sampling of the curves in Figure 5 as shown in 

Figure 6.  

 

(a) Powerless striking and cartridge jam 
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(b) Powerless striking and case jam 

 

(c) Cartridge jam and case jam 

Fig.6. A bivariate frequency histogram of the failure rate.  

It can be seen that the frequency histogram has an essentially 

symmetric tail and a strong tail correlation, suggesting that the 

Copula density function describing this failure correlation 

likewise has a symmetric tail and a strong tail correlation. The 

binary Gaussian Copula function, the binary t-Copula function 

and the binary Frank Copula function are selected to describe 

the correlation between each failure mode, and the maximum 

likelihood estimation results of the unknown parameters and the 

squared Euclidean distances between the alternative Copula 

function and the empirical Copula function are shown in Table 

5. 

Table 5. The maximum likelihood estimation results of the 

unknown parameters and the squared Euclidean distances. 

Failure modes Gaussian Copula t-Copula Frank Copula 

 

Parameter 

estimation 
results 

squared 

Euclidean 
distance 

Parameter 

estimation 
results 

squared 

Euclidean 
distance 

Parameter 

estimation 
results 

squared 

Euclidean 
distance 

Powerless 
striking, 

cartridge jam 

0.9699 0.0450 0.9814 0.0267 38.9400 0.0151 

Powerless 

striking, case 
jam 

0.9154 0.1273 0.9486 0.0740 22.8509 0.0416 

cartridge jam, 
case jam 

0.9843 0.0235 0.9903 0.0139 52.6422 0.0084 

According to the results in Table 5, the squared Euclidean 

distance between the Frank Copula function and the empirical 

Copula function is the smallest compared to Gaussian Copula 

and t-Copula, regardless of which two failure modes are 

correlated. This indicates that the Frank Copula function is most 

suitable for describing the correlation between failure modes of 

firearm mechanism, and its density function and distribution 

function are shown in Figure 7. The failure rate of various 

failure modes of general firearms products normally does not 

exceed 1 %. The correlation of the failure modes is strong when 

the failure rate is less than 1 %, which proves the necessity of 

considering the correlation of failure modes in reliability 

modelling. 

Fig.7. Density and distribution function of Frank Copula. 
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4. Results and discussion 

4.1 Influence of failure modes’ correlation on mechanism 

reliability 

The following four types of data are compared and analyzed 

to obtain the mechanism reliability under different temperatures 

as shown in Figure 8.  

 

(a) High temperature 

 

(b) Room temperature 

 

(c) Low temperature 

Fig.8. The mechanism reliability under different temperatures. 

The first type of reliability data: the reliability calculation 

results obtained by considering the failure modes’ correlation; 

the second type of reliability data: the reliability calculation 

results obtained by not considering the failure modes’ 

correlation. The third type of reliability data: the reliability 

calculation results based on the weakest link theory; the fourth 

type of reliability data: the variation of the mechanism 

reliability with firing circles using the Kaplan-Meier method 

based on censored data obtained from the environmental life 

experiment. 

As can be seen in Figure 8, in the three temperature 

environments, the calculated reliability of the mechanism 

considering the failure modes’ correlation is closer to the 

Kaplan-Meier estimation of the experimental data than that 

without considering the failure mode correlation, which is more 

appropriate to practical situation. In any condition, the 

reliability results obtained without considering the failure 

modes’ correlation are lower than those obtained with 

considering the failure mode correlation, indicating the 

reliability of the mechanism tends to be underestimated without 

considering the failure modes’ correlation. It is interesting that 

only at low temperature there is a peak at the beginning (for n = 

1000) shown in Figure. 8(c). Since the variable is temperature, 

detailed explanation is given in Section 4.2. 

According to the reliability boundary theory [9], the lower 

limit of system reliability is the reliability result obtained based 

on the independence assumption, whereas the upper limit of 

reliability is obtained from the weakest link theory, i.e., the 

system reliability is determined by the most prone failure mode. 

The reliability of the actual system ranges between the 

aforementioned upper and lower limits. The calculation results 

in Figure. 8 demonstrate that the reliability results obtained by 

considering the failure modes’ correlation and the Kaplan-Meier 

estimation of the experimental censored data are between the 

lower limit of reliability obtained by the complete independence 

of failure modes and the upper limit of reliability obtained by 

the weakest link theory, which is in accordance with the general 

rule. This suggests that the Copula description based on failure 

mode correlation is valid and feasible in the reliability analysis 

of the mechanism with multiple failure modes. 
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4.2 Influence of environmental temperature on 

mechanism reliability 

The calculated mechanism reliability under different ambient 

temperatures is shown in Figure 9.  

 

Fig.9. Reliability under different temperatures. 

Overall, the reliability of the mechanism shows a decreasing 

trend with the increase of firing circles in the life range, which 

is influenced by the spring force degradation and random shock. 

The change of mechanism reliability in the high temperature 

environment is close to that in the normal ambient environment, 

while the effect of low temperature environment on mechanism 

reliability is more pronounced. The reliability at the end of life 

for normal, high and low temperature environments decreased 

by 0.263 %, 0.182 % and 0.335 %, respectively, compared to 

the initial state. The reliability of the mechanism at the initial 

state was highest for the normal environment, while the 

reliability of the mechanism at the end of life was highest for 

the high temperature environment and lowest for the low 

temperature environment during the whole life stage. Likewise, 

the log-rank test results of the Kaplan-Meier estimation of three 

temperature levels also indicate different outcomes have 

significant difference. 

The aforementioned outcomes can be attributed to the 

"complementary effect" and "excitation effect" of the 

parameters. The "complementary effect" of the parameters 

refers to the fact that the initial energy of the automaton motion 

mechanism increases with the increase in bore pressure under 

high temperature environment, which is beneficial to the 

improvement of mechanism reliability. However, the mean 

value of the friction coefficient increases, and the standard 

deviation of the impact coefficient of restitution increases, 

which is detrimental to the improvement of mechanism 

reliability. Therefore, from the aspect of enhancing mechanism 

reliability, there is a "complementary effect" between the 

parameters and the mechanism reliability does not decrease 

significantly. Likewise, the "excitation effect" of the parameters 

refers to the low temperature environment where the bore 

pressure decreases and the initial energy of the automaton 

motion mechanism decreases, which is not conducive to 

improving the mechanism reliability. However, at this time, the 

mean value of the friction coefficient increases, the standard 

deviation of the impact coefficient of restitution increases and 

the transmission ratio of the hammer striking the firing pin 

decreases, which are not conducive to improving the 

mechanism reliability. There is an "excitation effect" between 

the parameters, and the reliability of the mechanism decreases 

drastically. 

In addition, although the mechanism reliability shows  

a decreasing trend in general, there is a phenomenon that the 

reliability increases momentarily at the beginning of the firing 

circles under low-temperature environment. The fundamental 

reason for this phenomenon is that the mechanism reliability is 

a comprehensive expression of the probability of various failure 

modes, and not all the failure modes have a higher failure rate 

as the firing circles increase. The variation of the failure rate of 

each failure mode with the firing circle under low temperature 

condition is shown in Figure 10. 

 

Fig.10. Failure rates under low temperature condition. 
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With the increase of firing circles, the failure rates of 

powerless striking and cartridge jam keep increasing and the 

failure rate of case jam keeps decreasing. In the early stage of 

firing circles, the performance of the counter-recoil spring and 

hammer spring degrade significantly, resulting in larger velocity 

in recoiling process and smaller velocity in recoiling and 

striking process, which is unfavorable for cartridge pushing and 

striking but favorable for case ejecting, and the failure rate of 

case jam decreases significantly, and the contribution to the 

improvement of reliability is greater than that of the 

improvement of failure rate of powerless striking and cartridge 

jam. 

5. Conclusion 

This paper proposes a mechanism reliability analysis method 

considering the influence of environmental factors and failure 

modes’ correlation, by quantifying the influence of 

environmental factors by random distribution of parameters and 

degradation path, modelling multi-failure modes’ correlation 

based on Copula function, calculating characteristic output 

parameters by discrete mechanism dynamics equation and 

obtaining dynamic changes of mechanism reliability by 

combining performance margin theory and failure criterion. The 

reliability modelling of an automatic mechanism of a firearm 

under high and low temperature conditions is used as an 

engineering example to implement the proposed method in the 

paper. The main conclusions obtained are as follows: 

(1) Since the reliability of the mechanism is the 

comprehensive performance of each component of the 

mechanism, the degradation of system parameters due to 

environmental factors and increasing working cycles causes 

mechanism reliability to decrease in general, while the 

"coupling effect" and "excitation effect" between the parameters 

"coupling effect" and "excitation effect" between the parameters 

may lead to an increase in mechanism reliability temporarily. 

(2) Failure mode correlation cannot be neglected in 

mechanism reliability modelling where multiple failure modes 

coexist, and the Copula function can not only flexibly and 

accurately model the mechanism failure mode correlation, but 

also alleviate the burden of multiple integration calculations 

caused by multiple failure modes. 

(3) The reliability calculation results of the automaton 

motion mechanism in high and low temperature environments 

are close to the results of Kaplan-Meier estimation of the test 

history data, and they all fall within the upper and lower bounds 

specified by the reliability boundary theory, which illustrates the 

practicality and reasonableness of the proposed method. 
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