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Abstract

:

In current research of complex system health assessment with evidential reasoning (ER) rule, the relationship between the indicators reference grades and pre-defined assessment result grades is regarded as a one to one correspondence. However, in engineering practice, this strict mapping relationship is difficult to meet, and it may degrease the accuracy of the assessment. Therefore, a new ER rule-based health assessment model for a complex system with a transformation matrix is adopted. First, on the basis of the rule-based transformation technique, expert knowledge is embedded on the transformation matrix to solve the inconsistent problems between the input and the output, which keeps completeness and consistency of information transformation. Second, a complete health assessment model is established via the calculation and optimization of the model parameters. Finally, the effectiveness of the proposed model can be validated in contrast with other methods.
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1. Introduction


A complex system, for instance, control system [1], servo system [2], energy storage system [3], is widely used in aviation, aerospace, electronics and other fields. Due to the complex structure and poor working environment, the system performance can be degraded, which affects the operation reliability of the system. Therefore, it is crucial to assess the health status of the complex system to provide decisions for management and maintenance [4].



In the current research of health assessment, there are mainly three methods called the data-based method, the qualitative knowledge-based method, and the semi-quantitative information-based method. The data-based methods assess the system performance by fitting the nonlinear relationship between the input and output of the system based on observation data, such as deep learning, neural network [5,6,7]. Since it is a pure black-box modelling, the assessment results cannot be explained, and there is a problem of overfitting. The qualitative knowledge-based methods provide interpretable assessment progress based on the operation mechanism of the system and expert knowledge, for example, fuzzy reasoning, belief rule base [8,9]. Due to the subjectivity of expert knowledge, the model assessment accuracy is poor. The semi-quantitative information-based methods provide both qualitative knowledge and quantitative data concurrently, providing interpretable and accurate assessment results [10]. Therefore, the health assessment based on semi-quantitative information is basically concentrated in this paper.



The evidential reasoning (ER) rule [11], as a representative semi-quantitative information-based method, originated from the Dempster-Shafer (DS) evidence theory [12], and is regard as a generalized Bayesian inference process [11]. DS evidence theory is regarded as a special case of ER, when the indicator reliability is equal to 1 [13]. In the ER rule, the quantitative data and qualitative knowledge can be effectively integrated by adopting the orthogonal operations. Reference value is introduced to divide the input information status, then the initial evidence can be generated. To deal with the data uncertainty, the evidence weight and reliability are introduced. Particularly, the weight reflects the relative importance of multiple pieces of evidence in the aggregation of evidence. The reliability reflects the ability of the information sources to provide correct information. The reliability is influenced by the performance of the information source and external noise [14]. By clearly differentiating the two concepts, the ER rule is widely used in many fields, such as multi-attribute decision-making [15], fault diagnosis [16], health assessment [17], etc.



When using the ER rule to assess the health status of a complex system, a set of mutually exclusive and collectively exhaustive assessment result grades need to be settled in advance. First, health assessment indicators are selected, and the indicators are equivalent to evidence. Then, input indicator reference grades are introduced to conveniently collect the initial evidence pointed to the assessment grades. Finally, the initial evidence, evidence weight and reliability are integrated based on the ER rule, and the health assessment results of the complex system can be obtained. Therefore, as an important part of the assessment, indicator reference grades determine the belief distribution of initial evidence, which directly affected the assessment results.



The above assessment process determines that the input indicator reference grades and output assessment result grades strictly correspond to each other. However, in practice, the assessment result grades are determined in advance, which leads to the disaccord with input indicator reference grades. For example, the input indicator reference grades can be easily divided into “normal” and “fault” based on industry-standard, but health assessment result grades are predetermined as “health”, “subhealth”, “fault”.



In the process of health assessment, the relationship between input indicator references grades and assessment result grades does not exactly correspond to each other. Therefore, for the sake of dealing with this problem, there are two methods to solve it. First, regarding the relationship as a one-to-one correspondence [18,19], then the input indicator references grades can be matched with assessment result grades. Second, based on expert knowledge, adding the reference grades to realize an input and output in accordance [4,8]. However, the first method neglects the consistent relationship in engineering practice, and the accuracy of the assessment results is influenced. The second method violates the prior mapping relationship, resulting in randomness and no standard of the assessment result.



To deal with the mentioned issues, a new health assessment model for a complex system based on the ER rule is proposed. First, the transformation matrix is determined according to the expert’s knowledge. The input information can be converted into the initial belief distribution with regard to assessment result grades by using the rule-based information transformation technique. Thus, a general information transformation framework is constructed. Second, the evidence weight and reliability are determined by expert knowledge and the synthesis of static and dynamic characteristics separately. Then, the health assessment model of a complex system based on ER rule is constituted. Finally, to further enhance the model precision, an objective function is established to optimize the model parameters. In this paper, there are two innovations as follows:



(1) Based on transformation matrix, the mapping relationship between the antecedents and the consequent of the assessment model is established, which solves the inconsistent problem between the indicators reference grades and pre-defined assessment result grades in the engineering practice. Due to the subjectivity and limitations of the expert’s knowledge, the initial values of transformation matrix may deviate from real status, hence the need to build a optimization model to further optimize the values of transformation matrix.



(2) On the basis of parameters calculation, the optimization algorithm is employed to enhance the assessment result accuracy. Then, a complete health assessment model for complex system is constituted.



This paper is organized as follows. The framework and related problems of the health assessment model are described in Section 2. In Section 3, the health assessment model based on ER for a complex system is proposed. The optimization of model parameters is presented in Section 4. In Section 5, the bus of control system and the engines are taken as examples to validate the effectiveness of the proposed model. Conclusions and future work are defined in Section 6.




2. Problem Formulation


The status of a complex system is mainly reflected by some indicators, called health status indicators. The observation information of these indicators can be obtained by placing the corresponding sensors or simulating them in the computers. Here, the health assessment of the complex system model is constructed as shown in Figure 1.



It can be seen from Figure 1 that the model mainly includes three parts: the first part establishes the mapping function to transform the input information into the initial evidence. The second part constitutes a complete assessment framework based on the calculation of parameters. Finally, the assessment model parameters need to be optimized in the third part.



The specific parameters of Figure 1 are as follows:



(1)    x i    denotes the  i th health status indicator of the complex system, where   i = 1 , 2 , … , L  ;



(2)  L  denotes the number of assessment indicators;



(3)    A i    denotes the mapping function between the  i th input indicator reference grades and assessment grades;



(4)    w i    denotes the weight of the  i th indicator;



(5)    r i    denotes the reliability of the  i th indicator;



(6)    e i    denotes the initial evidence of the  i th indicator.



According to the model established in Figure 1, the following two problems need to be solved in the health assessment of complex system:



(1) When assessing the health status of a complex system, the input indicators reference grades do not correspond to the assessment results grades. Therefore, Formula (1) is mainly to establish the following mapping relationship.


     D 1  ,  D 2  , … ,  D N    =  A i     H  1 , i   ,  H 2  , … ,  H   N i       



(1)




where      D n    n = 1 , 2 , … , N       denotes  N  assessment result grades,      H  n , i     n = 1 , 2 , … ,  N i        denotes  i th input indicators    N i    reference grades.



(2) The assessment model part parameters, such as indicator reference value and weight, are given by experts, which may decrease the accuracy of the assessment. Therefore, it is necessary to build an optimization model to improve the accuracy of assessment results as follows.


  Ψ = Ψ   w , H , A , D    



(2)




where   w , H , A , D   denote the indicator weight, indicator reference, transformation matrix, and assessment result grades respectively.




3. Health Assessment Method Based on the ER Rule with a Transformation Matrix


In this section, an assessment model with a transformation matrix based on the ER is adopted. The transformation of input information is conducted in Section 3.1. The calculation of model parameters is introduced in Section 3.2. The aggregation of indicators is given in Section 3.3.



3.1. Transformation Method of Input Indicators


First, it is necessary to establish an indicator system of health assessment, when assessing a complex system. There are  N  assessment result grades,  L  indicators and the numbers of  i th input indicator reference grades are denoted by    N i   , as shown in the Figure 2.



Suppose    H i  =    H  1 , i   ,  H  2 , i   , … ,  H   N i  , i       and   D =    D 1  ,  D 2  , … ,  D N      are sets of mutually exclusive and exhaustive propositions. Thus    H i    and  D  are regarded as frames of discernment, called the discernment frame 1 and the discernment frame 2, respectively. In order to realize the transformation from discernment frame 1 to discernment frame 2, there are process of transformation as follows:



First, the mapping relationship between the  k th reference grade of the  i th indicator    H  k , i     and assessment result grades      D 1  , … ,  D N      can be described as a “if-then” rule:


   R  k , i     :   if    x i  =  H  k , i   ,   then     (  D 1  ,  a  1 , k   ) , … , (  D n  ,  a  n , k   ) , … ,   (  D N  ,  a  N , k   )   ,     ∑  n = 1  N    a  n , i   = 1   , 0 ≤  a  n , i   ≤ 1 ,    



(3)




where    a  n , k     denotes the belief degree to which    D n    is regard as the consequent if, input    x i    is    H  k , i    .    R  k , i     denotes  k th rule of the  i th indicator. Then, the mapping relationship between the discernment frame 1 and the discernment frame 2 can be established by    N i    rules. It can be described as a matrix:


          H  1 , i      H  2 , i         ⋯      H  k , i         ⋯      H   N i  , i       A i  =      D 1         D 2       ⋮       D n       ⋮       D N       [       a  1 , 1        a  2 , 2      ⋯     a  1 , k      ⋯     a  1 ,  N i           a  2 , 1        a  2 , 2      ⋯     a  2 , k      ⋯     a  2 ,  N i         ⋮   ⋮   ⋱   ⋮   ⋮   ⋮       a  n , 1        a  n , 2      ⋯     a  n , k      ⋯     a  n ,  N i         ⋮   ⋮   ⋮   ⋮   ⋱   ⋮       a  N , 1        a  N , 2      ⋯     a  N , k      ⋯     a  N ,  N i         ]    



(4)




where    A i    denotes   N ×  N i    transformation matrix, whose    N i    columns are the    N i    rules.



Remark 1.

The transformation matrix is established based on Formula (3), where the belief degree is allocated to any individual assessment grades and there is no ignorance left. It can be proved that transformation matrix retains the integrity and consistency of information transformation. The details of proof can be seen in the paper [20]. In other words, a belief distribution with no ignorance will not be transformed to a belief distribution with ignorance, and vice versa.





Second, according to rule-based information transformation technique, the input information can be transformed as a belief distribution under discernment frame 1 as follows.


   S i  (  x i    ∗  ) =     (  H  k , i   ,  γ  k , i   ) ,   k = 1 , 2 , … ,  N i  ;     (  H Θ  ,  γ  Θ , i   )      



(5)




with   0 ≤  γ  n , i   ≤ 1   ( n = 1 , … ,  N i  ,   i = 1 , … , L )  , where    x i ∗    denotes input information of the  i th indicator.    H  k , i     denotes the  k th reference grade of the discernment frame 1,    γ  k , i     denotes the belief degree allocated to any individual reference grade of discernment frame 1, which can be calculated as follows.


         γ  k , i   =    H  k + 1 , i   −  x i    ∗     H  k + 1 , i   −  H  k , i     ,    H  k , i   ≤  x ∗  ≤  H  k  + 1  , i                 γ  k  + 1  , i    = 1 −   γ  k , i     ,    H  k , i   ≤  x ∗  ≤  H  k  + 1  , i                   γ  m , i    = 0  ,   m  = 1 ,  … ,  N i  , m ≠ k , k + 1          



(6)




where    H  k , i     and    H k      + 1  , i     denote the reference values of two adjacent input indicators reference grades. If there are other information transformation techniques or qualitative indicators, the degree of global ignorance denoted by    γ  Θ , i     may exist.



Finally, based on transformation matrix    A i   , the input information of  i th indicator can be transformed as a belief distribution under discernment frame 2, as follows:


    S ˜  i  (  x i    ∗  ) =     (  D  n , i   ,  β  n , i   ) ,   n = 1 , 2 , … , N ;     (  D Θ  ,  β  Θ , i   )      



(7)




with   0 ≤  β  n , i   ≤ 1   ( n = 1 , … , N ,   i = 1 , … , L ) ,      β  Θ , i   = 1 −   ∑  n = 1  N    β  n , i      , where    β  n , i     and    β  Θ , i     denote belief degree allocated to  n th individual assessment result grades and global ignorance, respectively, which can be calculated as follows:


   b i  =  A i  ×  r i   



(8)






   β  Θ , i   = 1 −   ∑  n = 1  N    β  n , i     =  γ  Θ , i    



(9)




where,    b i  =    β  1 , i   ,  β  2 , i   , … ,  β  N , i       is the belief degree under the discernment framework 2,   r i  =    γ  1 , i   ,  γ  2 , i   , … ,  γ   N i  , i       is the belief degree under the discernment framework 1,    A i    denotes the transformation matrix corresponding to the  i th indicator.



Remark 2.

Compared with Yang’s work [20], there are two contributions of this work. (1) In Yang’s work, the elements of transformation matrix are only determined by the decision-makers’ knowledge and experience, which may decrease the assessment accuracy. In the proposed model, the expert knowledge is used to give the initial values of the transformation matrix, and the accurate values are obtained by optimizing based on the observation data. (2) Actually, the transformation matrix makes the adjustment between different discernment frameworks realized. More importantly, this paper inherits the basic work of Yang and extends it to the field of refined health assessment.






3.2. Calculation of Model Parameters


The indicator weight is the subjective concept that reflects the relative importance among the indicators [11,21]. Thus, the indicator weight is determined by the experts’ preference to the assessment results grades. Differently, the indicator reliability is the objective concept, affected by inherent disturbance or noise when measured, resulting in the unreliability of observation data [22]. Therefore, the method that the synthesis of static and dynamic reliability is adopted, can effectively combine the expert knowledge and observation data [23].



Suppose    r i    s    and    r i    d    denote the statics reliability and dynamic reliability respectively. Then the indicator reliability    r i    is determined as


   r i  = δ  r i    s  + ( 1 − δ )  r i    d  , 0 ≤ δ ≤ 1  



(10)




where,  δ  denotes the weighting factor given by experts.    r i    s    can be determined by expert experience and industry standards.    r i    d    can be calculated via the method of distance, as follows.



First, the average of the  i th indicator observation data is:


    x ¯  i  =  1   k i      ∑  t = 1    k i      x i  ( k )   , k = 1 , 2 , ⋯ ,  k i   



(11)







The distance between the  i th indicator observation data and average can be expressed as:


   d i  (  x i  ( k ) ,   x ¯  i  ) =    x i  ( k ) −   x ¯  i     



(12)







Then, the average distance can be calculated as:


     D i   ¯  =  1   k i      ∑  k = 1    k i        x i  ( k ) −   x ¯  i       



(13)







The dynamic reliability is represented as:


   r i    d  =      D i   ¯    max  d i  (  x i  ( k ) ,   x ¯  i  )    



(14)







Remark 3.

On the one hand, the weights reflect the relative importance of indicators in the evidence aggregation process. Further, the value of the weight is strongly dependent on the decision maker. Thus, the weights can be adjusted according to actual needs. On the other hand, since the expert knowledge is limited, the initial values of the weight given by the expert may not be accurate. Thus, the weight needs to be optimized based on observation data. However, the reliability is an objective attribute of evidence, so it does not need to be optimized.






3.3. Aggregation of Initial Evidence


Once the mapping relationship from input indicator grades to assessment grades is established based on transformation matrixes, the indicator observation data can be converted into initial evidence in the form of belief degree. The indicator weight is defined by the expert, and the indicator reliability is calculated by the above method in Section 3.2. Then, multiple indicators can be aggregated by using ER rule to obtain the health assessment results as follows:


   β  n , e ( L )   =   μ     ∏  i = 1  L       ω ˜  i   β  n , i   + 1 −   ω ˜  i    ∑  n = 1  N    β  n , i       −   ∏  i = 1  L     1 −   ω ˜  i    ∑  n = 1  N    β  n , i               1 − μ   ∏  i = 1  L     1 −   ω ˜  i         



(15)






   β  Θ , e ( L )   =   μ     ∏  i = 1  L     1 −   ω ˜  i    ∑  n = 1  N    β  n , i       −   ∏  i = 1  L     1 −   ω ˜  i            1 − μ   ∏  i = 1  L     1 −   ω ˜  i         



(16)






  μ =       ∑  n = 1  N     ∏  i = 1  L       ω ˜  i   β  n , i   + 1 −   ω ˜  i    ∑  n = 1  N    β  n , i       −   N − 1   ×   ∏  i = 1  L     1 −   ω ˜  i    ∑  n = 1  N    β  n , i                 − 1    



(17)






    ω ˜  i  =  ω i  / ( 1 −  ω i  −  r i  )  



(18)




where,  L  denotes the number of evidence;  N  denotes the number of assessment grades;     ω ˜  i    denotes the mixed weight considering the reliability and weight of evidence;    β  n , i     denotes the initial belief degree allocated to assessment grades.    β  n , e ( L )     denotes the belief degree of the assessment result    D n   . The residual support is allocated to the assessment framework, denoted by    β  Θ , e ( L )    .



The aggregated belief distribution can be expressed as follows.


  O =   (  D n  ,  β  n , e ( L )   ) ,   (  D Θ  ,  β  Θ , e ( L )   ) ,   n = 1 , 2 , … , N    



(19)







In practical application, to obtain numerical output, the belief distribution of aggregated results can be transformed into the expected utility. Assuming that the expected utility values   u (  D n  )   of all assessment grades are determined. If the aggregated belief distribution is complete (   β  Θ , e ( L )   = 0  ), then the expected utility of aggregated assessment result can be expressed as:


  y =   ∑  n = 1  N    β  n , e ( L )   u (  D n  )    



(20)







If the aggregated belief distribution is incomplete (   β  Θ , e ( L )   ≠ 0  ), the global ignorance can be allocated to any assessment grades. The maximum, minimum, and average of the expected utility of aggregated assessment result can be expressed as follows:


   y  max   =   ∑  n = 1   N − 1     β  n , e ( L )   u (  D n  )   + (  β  Θ , e ( L )   +  β  N , e ( L )   ) u (  D N  )  



(21)




where    y  max     denotes maximum of the expected utility of aggregated assessment result, when    β  Θ , e ( L )     is allocated to the most preferred assessment grades    D n   .


   y  min   = (  β  Θ , e ( L )   +  β  1 , e ( L )   ) u (  D 1  ) +   ∑  n = 2  N    β  n , e ( L )   u (  D n  )    



(22)




where,    y  min     denotes minimum of the expected utility of aggregated assessment result, when    β  Θ , e ( L )     is allocated to the least preferred assessment grades    D 1   .


   y  a v e r a g e   =    y  max   +  y  min    2   



(23)




where    y  a v e r a g e     denotes the average of the expected utility of aggregated assessment result.     u (  D n  ) ,   n = 1 , 2 , … , N       cannot be given accurately, which needs to be adjusted by the optimization algorithm.





4. Parameters Optimization


In this section, the optimal model is constructed to solve the second problem. The optimization of model parameters is conducted in Section 4.1. The detailed implementation process of the whole model is introduced in Section 4.2.



4.1. Optimization of Model Parameters


Due to the initial values of the evidence weight, indicator reference grades, expected utility, and transformation matrixes in the assessment model are given by experts. Thus, to obtained accurate assessment results, these parameters need to be optimized based on the observation data. The optimization process is shown as Figure 3.



It should be noted that the assessment of true value of overall health is set based on experts’ overall judgment in prior. According to the observation data, combined with the method of expert scoring, expert panels are set to determine the health status of the research object. The optimization objective function of the health status model is established as follows.


  min  .   RMSE   Ψ  =     ( y −  y ^  )  2     



(24)




where,  y  denotes the real health condition of the complex system,   y ^   denotes the assessment model output,   Ψ =    H  1 , i   , … ,  H   N i  , i   ,  ω 1  , … ,  ω l  ,  A 1  , … ,  A l  , u (  D 1  ) , … , u (  D N  )     is the parameter in the optimal model, and   RMSE   denotes the root mean square error, which is used to measure the difference between the model output and the actual output.



To ensure the accuracy of the assessment results without changing the physical meaning of the optimization parameters, the optimization range of parameters is designed according to expert knowledge, as follows.


   b  k , i   <  H  k , i   <  c  k , i    



(25)






   d  j , k   ≤  a  j , k   ≤  f  j , k   ,     ∑ j    a  j , k     = 1  



(26)






   e i  <  ω i  <  g i   



(27)






   p j  < u (  D j  ) <  q j          j = 1 , 2 , … , N , k = 1 , 2 , …  N i  , i = 1 , 2 , … , L  



(28)




where,    H  n , i     denotes the indicator reference of the  i th    N i    indicator;    c  n , i     and    b  n , i     denote the indicator reference upper and lower bounds;    a  j , k     denotes the elements in row  j  and column  k  of the transformation matrix    A i   ;    d  j , k     and    f  j , k     denote respectively the lower and upper bounds;    ω i    denotes evidence weight;    f i    and    d i    denote the weight upper and lower bounds;   u (  D n  )   denotes the utility of the  n th assessment grade;    e n    and    g n    denote the assessment grade upper and lower bounds.




4.2. Process of Health Assessment Based on the ER Rule


The specific steps of health assessment using the ER assessment model proposed are as follows, shown in Figure 4.



Step 1: The health assessment indicator system of a complex system is established based on expert knowledge and observation data.



Step 2: Transformation matrixes are determined, then input information can be transformed into the form of initial evidence.



Step 3: The evidence weight and static reliability are given according to industry standards and expert knowledge, and the dynamic reliability is calculated based on the observation data. Then, the reliability is determined by the weighting of static reliability and dynamic reliability.



Step 4: The ER rule is employed to aggregate the initial evidence, evidence weight, and reliability, to obtain the health assessment results. The expected utility   u (  D n  )   of the assessment result grades is introduced to obtain the expected utility of the assessment result.



Step 5: The optimization of the assessment model is constituted to improve the accuracy of assessment results.





5. Experimental Research


In this section, bus of control system and engine are taken as examples to illustrate the validity of the proposed model. The health assessment of bus of control system is introduced in Section 5.1. In Section 5.2, the health assessment of engine is conducted. The result analysis is presented in Section 5.3.



5.1. Example 1—Health Assessment of the Bus of Control System


5.1.1. Background Description


The bus of control system, controlling the transmission of the test data and control instruction between the bus control (BC) and received terminal (RT), is wildly applied in rocket, missile, and other aerospace fields [24]. With the demand for rapid information transmission rate and large bandwidth, optical fiber communication technology is largely used in the bus of control system. To demonstrate the effectiveness of the proposed model, a type of the bus of control system based on a passive optical network (PON) is taken as an example. Passive optical networks are named as containing a large number of optical passive devices, such as optical fiber, optical fiber connector, and optical splitter. Because the passive optical devices in PON can be easily influenced by severe operation environment, the health status of the bus of control system can be degraded, resulting in the degradation of communication quality. Therefore, it is crucial to assess the health status of the bus of control system.



In this experiment, due to the shortage of the test data, the topology of the bus of control system is simulated based on the Optisystem software shown as Figure 5. According to the real status and fault mode analysis of the bus of control system, the different degrees of fault of the bus of control system is simulated in the simulation model. The q factor (Q) of eye diagram and received optical power (O) are selected as health status indicators [25]. The eye diagram is used to measure the signal-to-noise ratio of the signal, and q factor is one of the important parameters of the eye diagram [26]. The received optical power denotes the optical power at the optical receiver. When the received optical power is lower than the minimum received optical power of the optical receiver, the optical signal cannot be transmitted.



As shown in Figure 6, the value of O ranges from −22.65 dBm to −17.84 dBm while Q ranges from 2.81 to 7.53. Both the curves of O and Q descended from high to the low. It can be seen in Figure 7 that the health status grades are denoted by y-axis. Meanwhile, as the failure degree of the bus of control system increases gradually, its health status can be concluded as four stage in the sequence. It is “Health” at first, followed by “Subhealth” and “Slight fault”, finally “Severe fault”.




5.1.2. The Procedures of Health Assessment


In this subsection, the implementation process of the proposed model is conducted as the following steps:



Step1: the transformation of input information



According to the real health status of the bus of control system, assessment result grades can be defined as four parts as   D =    D 1  ,  D 2  ,  D 3  ,  D 4    = { H e a l t h ,   S u b h e a l t h ,   S l i g h t   f a u l t ,   S e v e r e   f a u l t }  . However, because “subhealth” has a vague and random status, which is deduced by conjunction of multiple indicators, its reference value cannot be found in the individual indicator, resulting in the disaccord between the input and output grades. Thus, the input indicator reference grades are introduced as three parts as   H =    H 1  ,  H 2  ,  H 3    =   H i g h , M e d i u m , L o w   = { H , M , L }  . The reference values corresponding the reference grades are determined based on experts shown in Table 1.



Remark 4.

In Table 1, expert gives the intervals of reference values corresponding to reference grades, and the initial reference values are selected from the intervals. The reference values need to be optimized within intervals.





Once the antecedents and consequent parameters of the rule are determined, the transformation matrixes can be constructed in Table 2 based on Formula (3). It should be noted that there is no ignorance in the transformation matrix.



Based on Table 2, the values of transformation matrixes    A 1    and    A 2    can be introduced as follows.


   A 1  =       0.8     0.05     0.05       0.15     0  . 15      0.15       0.05     0.5     0.2      0    0.3     0.6       ,  A 2  =       0.8     0.05    0      0.15     0  . 05     0      0.05     0.7     0.2      0    0.2     0.8        



(29)







Based on Formulas (5)–(9), the input information can be translated into initial evidence as Figure 8 and Figure 9.



It can be seen from Figure 8 and Figure 9 that the belief distributions of two indicators are transformed from input information. The belief degree of two indicators of “Health” are both over 0.5 on the 0–100 sets of data, gradually decreasing to zero with the furthering of fault degree. The belief degree of “subhealth” transformed from input information is little in O and Q, as the belief degree allocated to “Subhealth” is small given by expert in Table 2. The belief degree of “slight fault” or “severe fault” is increasing as the fault continues aggravating, and reaching the greatest finally. Totally, in both figures, the declining trend of health status is conformed with real status in Figure 7.



Step2: Calculation of model parameter



The evidence weights of the two indicators are set as 0.75 and 0.95 respectively. The statistic reliabilities of the two indicators are determined as 0.7 and 0.8 respectively, based on industry standards. The dynamic reliabilities are calculated as 0.4 and 0.5 separately. Based on (11)–(14). The weighting factors δ are set to be 0.8 and 0.9 separately. Then, the reliabilities of the two indicators are 0.68 and 0.86 separately.



Step 3: Aggregation of two indicators



Based on (14)–(17), ER rule can be used to aggregate initial evidence, and the distributed health assessment results can be obtained, shown as Figure 10.



It can be seen in Figure 10 that the belief degree of the “health” is clearly divided into four stages. At first, the belief degree is closed to 1, then floats around 0.5 and 0.2, and finally approaches to 0. Because the belief degree of the “subhealth” of O and Q is little in Figure 7 and Figure 8, the aggregated belief degree is near to 0. The belief degree of “slight fault” and “severe fault” increases, which is caused by the belief distribution of O and Q.



By introducing the expected utility, the belief distribution can be transformed into numerical output. Define the utility of assessment result grades    D 1   ,    D 2   ,    D 3   ,    D 4    as   u    D 1    = 12  ,   u    D 2    = 7  ,   u    D 3    = 1  ,   u    D 4    = 0  , respectively. Then, the assessment result of the initial model is shown in Figure 11. It shows that the simulated status fluctuates near the real status of the bus of control system in the first three status and deviates from the real health status in forth status. This basically matches to distributed assessment results in the Figure 10. In fact, the deviation of real status partly reflects the uncertainty of observation data and the limitation of expert’s knowledge. Therefore, initial assessment model needs to be optimized based on quantitative data.




5.1.3. Parameters Optimization and Comparative Study


The optimization model is constructed based on Formula (24), as follows


  min    RMSE (  Ψ )    



(30)







To ensure high accuracy, maintaining the interpretability of the assessment results, constraints of the model parameters are determined by expert as follows. The constraints of indicators reference values are given as:


      − 18.5 <  H  1 , P o w e r   < − 17     − 21.5 <  H  2 , P o w e r   < 19.5     − 26 <  H  3 , P o w e r   < − 21.5     8 <  H  1 , q   < 10     3 <  H  2 , q   < 6     0 <  H  3 , q   < 3      



(31)







The constraints of weight are given as:


      0.5 <  ω  P o w e r   < 0  . 8      0.8 <  ω q  < 1      



(32)







The constraints of expected utility are given as:


      10 < u (  D 1  ) < 15     7 < u (  D 2  ) < 10     3 < u (  D 3  ) < 5     0 < u (  D 4  ) < 1      



(33)







The constraints of the transformation matrixes are given as:


            0 ≤  a  i , j   ≤ 1              a  i − 1 , j   <  a  i , j   <  a  i + 1 , j           ∑  j = 1  N    a  i , j   = 1          



(34)







The above model can be optimized by the Fmincon algorithm. Fmincon algorithm is employed to find the minimum value of the objection function under nonlinear constraints. Total of 200 sets of training data are selected alternately from the 400 sets of data, and the 400 sets of data are determined as test data. The optimized parameters are obtained, as shown in Table 3 and Table 4.



Remark 5

. By carefully comparing Table 2 and Table 3, it can be found that reference values of indicators are not significantly changed. There are two reasons to illustrate this phenomenon:





	 (1) 

	
Reference values are not quite important compared to other parameters, such as expected utility and transformation matrix.




	 (2) 

	
The initial values of reference values given by expert are relatively consistent with the real status of the of bus of control system, and the optimization is a mild adjustment.







The optimized model is compared with the initial model, as follows. It is shown in Figure 12 that the optimized simulated status is closer to the real status than the initial status, especially in the “Severe fault” status, in which the optimized simulated status fluctuates less than the initial simulated status. To further illustrate the effectiveness of the proposed method, the following comparative study is conducted.



	(1)

	
The comparison under the ER rule framework







In this part, the traditionary ER rule (model l) and DS evidence theory (model 2) under the ER rule framework are employed to compare with the proposed model. It needs to be guaranteed the consistency between the input and output grades in the model 1 and model 2. Therefore, First, indicator reference grades are added to make it consistent with the assessment result grades. The initial reference value of “Subhealth “is given as an average value between the “Health” and “Slight fault”. The reference values of both model 1 and model 2 are given in Table 5. The reliabilities are set same as the proposed model in model 1.



The constraints of indicators reference values are given as Formula (35), and the constraints of weight, expected utility are settled same as Formulas (32) and (33). Constraints are given same in model 1 and model 2, except that and reliability are set to be 1 in model 2. The same training data are used to optimize model parameters, the whole sets of data are employed as test data.


      − 18.5 <  H  1 , P o w e r   < − 15     − 20.5 <  H  2 , P o w e r   < − 19.5     − 21.5 <  H  3 , P o w e r   < − 20.5     − 26 <  H  4 , P o w e r   < − 21.5     8 <  H  1 , q   < 10     6 <  H  2 , q   < 8     3 <  H  3 , q   < 6     1 <  H  4 , q   < 3      



(35)







The comparison result between the actual and simulated results are shown in Figure 13. It can be seen that the proposed model is fluctuating smaller and much closer to the real status in contrast with model 1 and model 2, especially in the “Health” status. To further compare the accuracy of different models, the root means square error can be calculated as Table 6. As can be seen from Table 6, the assessment accuracy of the proposed model is highest. Compared with the model 1, model 2 has improved 23.13%, 27.48%. In the view of the above analysis, it can be proved that the proposed model is more accurate than other methods under the ER rule framework.



	(2)

	
The comparison with data-based models







In this part, a comparative study is implemented by adopting the data-based method, including backpropagation (BP) neural network and support vector regression (SVR). Some details of BP model parameters are shown in Table 7. The same training data and test data are utilized. The comparison results between the simulated and actual status are shown in Figure 14.



It can be seen in Figure 14 and Table 8, the proposed model has high accuracy, which is second only to the BP model, and the accuracy of the proposed model is improved by 6.52% compared with the SVR.



At the same time, to further compare and analyze the proposed model and BP model, 10%, 25%, 50%, and 60% of the whole data sets are randomly selected as the training set, and the whole sets of data are selected as the test set. The comparative accuracy of proposed model is calculated as follows.



As shown in Table 9, when the training set randomly selects 10% and 25% of the data set, the accuracy of the proposed model is higher than that of the BP model. While the training set randomly selects 50% and 60% of the data set, the accuracy of ER model is worse than that of the BP model. It shows that the proposed model can achieve accurate health assessment by aggregating expert knowledge and observation data in the case of less observation data and sufficient prior knowledge.



	(3)

	
The comparison with knowledge-based models







Belief rule base (BRB) and fuzzy reasoning (FR) are the typical qualitative knowledge-based methods. In this part, BRB and FR are implemented to compare with the proposed model. Same training data and test data are selected. The initial parameters of BRB are determined by expert’ knowledge shown in Table 10, and the part parameters of fuzzy reasoning are demonstrated in Table 11.



It is shown in Figure 15 that the assessment results of FR and BRB are relatively scattered and far from the real status. Comparing with BRB and FR, the accuracy of the proposed model is improved by 19.28% and 16.25% respectively, as shown in Table 12. It is concluded that the proposed model is most accurate compared to the qualitative knowledge-based models.





5.2. Example 2—Health Assessment of Engine


In this subsection, the WD615 model engine is taken as a case to verify the effectiveness of the proposed model for complex system. The background description is introduced in Section 5.2.1. The implement progress of the proposed model is carried out in Section 5.2.2. In Section 5.2.3, the comparative study is conducted.



5.2.1. Background Description


In order to monitor the operation status of engine, vibration sensors are set up for amassing the vibration signal of engine [27]. Then, the vibration signal can be processed to get the time-domain characteristics, as shown as Figure 16, Figure 17 and Figure 18. The mean, variance, and kurtosis, which reflect the center, degree of dispersion, and degree of convex of signal, are selected as the health status indicators of the engine [28]. The real status of the engine is shown in Figure 19. The assessment result grades of engine are defined as three statuses according to the different gap between the crankshaft and bearing connecting rod: First, a gap of 0.08 mm to 0.1 mm belongs to “Health”; a gap of 0.18 mm to 0.2 mm belongs to “Fault”; a gap of 0.32 mm to 0.34 mm belongs to “Failure”. Thus, a frame of discernment Φ is defined as follows.


  Φ  = {  H e a l t h  ,    F a u l t  ,    F a i l u r e    } = { D   1  ,    D 2  ,    D 3  }  



(36)







There are 150 sets of data, including the status of “Health”, “Fault”, and “Failure”. The mean of vibration signal ranges from 0.802 to 0.1761. The variance of vibration signal ranges from 0.0038 to 0.0191, and the kurtosis of vibration signal ranges from 2.2159 to 7.6801 as shown in Figure 16, Figure 17 and Figure 18, respectively.




5.2.2. Construction and Optimization of Assessment Model


To construct a health assessment model of engine, first the indicators reference grades are determined as follows.


   H  m e a n   =  H  v a r i a n c e   = { S m a l l  ,    M e d i u m  ,    S l i g h t   l arg e  ,    L arg e } = { S , M , S L , L }  



(37)






   H  k u r t o s i s   = { A v e r a g e  ,    H i g h } = { A , H }  



(38)




where    H  m e a n    ,    H  v a r i a n c e    , and    H  k u r t o s i s     denote the reference grades of mean, variance, and kurtosis.



Due to the reference grades are disaccord with assessment result grades, transformation matrixes are introduced to transform input information, and the initial values of transformation matrix and reference values are determined based on expert’s knowledge in Table 13.



The Table 13 can be expressed as a form of matrix as Formulas (39) and (40). Then, the initial evidence is given by using the rule-based transformation technique. According to the implement process of example 1 in Section 5.1, the optimized simulated status is introduced in Figure 18. In the process of optimization, 75 sets of data are selected alternately from 150 sets of data as training data, and the whole sets of data are taken as test data.


   A 1  =       0.9     0.85     0.15     0.05       0.1     0.1     0.45     0.15      0    0.05     0.4     0.75        



(39)






   A 2  =       0.7     0.35     0.05    0      0.25     0.5     0.2     0.25       0.05     0.15     0.75     0.75       ,  A 3  =       0.7    0      0.2     0.3       0.1     0.7        



(40)







It is shown in Figure 20 that contrasting with the optimized simulated status, the error between the initial status and real status is rather large, especially in the first and third stages. By calculating the root mean square, the accuracy of the optimized status is 41.7% higher than the initial status. The optimized and calculated model parameters are given in Table 14 and Table 15.




5.2.3. Comparative Study


In this subsection, based on the same training data and test data, several kinds of qualitative knowledge-based models and data-based models are employed to compare with the proposed model.



It can be seen in the Figure 21, Figure 22 and Figure 23 that the performance of the proposed model is better than other methods, and its assessment accuracy is improved by 10.4%, 20.6%, 8.9%, 14.4%, 15.9%, and 27.6% compared to ER, DS, BP, SVR, BRB, and FR, respectively shown in Table 16.





5.3. Result Analysis


In the above two examples, the health status of the bus of control system and engine is assessed by the proposed model, where the input indicators reference grades disaccord with the assessment result grades are fully considered, and include three situations: (1) the indicators reference grades are more than the assessment result grades, (2) the input indicators reference grades are less than the assessment result grades, (3) above cases exist simultaneously. According to the above comparative research, it can be proved that the proposed method is able to combine the advantage of both data-based methods and qualitative knowledge-based method, providing an interpretable and accurate assessment result for decision-makers.



In fact, those two examples provide a general process to solve the inconsistent problem between input and output. More importantly, the proposed method can not only be applied in these two cases, but also can be extended to the dynamic assessment and other multiple indicators of health assessment.





6. Conclusions


An ER rule-based health assessment model for a complex system is proposed, where the transformation matrix is considered. In addition, case study of the bus of control system and the engine is investigated to demonstrate the validity and practicality of the proposed method.



There are mainly two contributions of this paper. First, the transformation matrix is employed to solve the disaccord problem between the input indicator reference grades and assessment result grades, which keeps the consistency and completeness of the possession of the input information transformation. Second, the calculation methods of indicator weight and reliability are conducted, where the qualitative knowledge and quantitative information are fully used. Then, the optimization method of the model is conducted, and a complete health assessment model is constructed.



According to the proposed model, the future research work can be summarized into the following two points:



(1) In engineering practice, the forms of health status threshold can be various, and the forms are not only numerical, but can also be in interval form or normal distribution form. Therefore, how to solve the disaccord problem between the indicators reference grades and assessment result grades under the different forms of threshold should be addressed.



(2) The integration model between deep learning and ER rule can be established based on the good uncertainty processing ability and interpretability of ER rule.
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Figure 1. The structure of the health assessment model. 
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Figure 2. The transformation between the input and output. 
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Figure 3. Optimization process of model parameters. 
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Figure 4. The implementation process of the assessment model. 
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Figure 5. Simulation model of bus of control system. 
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Figure 6. Observation data of O and Q. 
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Figure 7. The health status of the bus of control system. 
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Figure 8. Belief distribution of O. 
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Figure 9. Belief distribution of Q. 
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Figure 10. The aggregated health status. 
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Figure 11. The comparison between initial and real status. 
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Figure 12. The comparison between the optimized model and initial model. 
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Figure 13. The comparison under ER rule framework. 
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Figure 14. The comparison of data-based models. 
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Figure 15. Comparison of qualitative knowledge-based models. 






Figure 15. Comparison of qualitative knowledge-based models.



[image: Machines 10 00250 g015]







[image: Machines 10 00250 g016 550] 





Figure 16. The mean of vibration signal. 
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Figure 17. The variance of vibration signal. 
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Figure 18. The kurtosis of vibration signal. 
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Figure 19. The health status of engine. 
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Figure 20. The comparison between the initial and optimized status. 
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Figure 21. The comparison under ER framework. 
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Figure 22. The comparison with data-based models. 






Figure 22. The comparison with data-based models.



[image: Machines 10 00250 g022]







[image: Machines 10 00250 g023 550] 





Figure 23. The comparison with knowledge-based models. 
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Table 1. The inference values of input indicators.
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	Indicators
	H
	M
	L





	Received optical power
	[−18.5, −17]
	[−21.5, −19.5]
	[−26, −21.5]



	Q factor
	[8, 10]
	[3, 6]
	[0, 3]
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Table 2. The parameters of transformation matrixes.
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	No.
	Indicators
	Reference Grades
	{D1, D2, D3, D4}





	1
	Received optical power
	−17.5
	(0.8, 0.15, 0.05, 0)



	2
	
	−20
	(0.05, 0.15, 0.5, 0.3)



	3
	
	−26
	(0.05, 0.15, 0.2, 0.6)



	4
	Q factor
	8
	(0.8, 0.15, 0.05, 0)



	5
	
	4
	(0.05, 0.05, 0.7, 0.2)



	6
	
	1
	(0, 0, 0.2, 0.8)










[image: Table] 





Table 3. The optimized transformation matrixes.
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	No.
	Indicator
	Weight
	Reference Values
	{D1, D2, D3, D4}





	1
	optical power
	0.76
	−17.421
	{0.699, 0.209, 0.067, 0.025}



	2
	
	
	−21.083
	{0.060, 0.060, 0.545, 0.335}



	3
	
	
	−26.523
	{0.045, 0.121, 0.165, 0.669}



	4
	Q factor
	0.92
	7.814
	{0.648, 0.266, 0.049, 0.037}



	5
	
	
	4.821
	{0.032, 0.053, 0.586, 0.329}



	6
	
	
	2.790
	{0.028, 0042, 0.056, 0.874}
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Table 4. The optimized expected utility.
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	Expected Utility
	u(D1)
	u(D2)
	u(D3)
	u(D4)





	Value
	14.517
	9.162
	3.858
	0.499
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Table 5. The reference values of input indicators.






Table 5. The reference values of input indicators.





	Reference Grades
	H1
	H2
	H3
	H4





	Received

optical power
	−17.5
	−19
	−20
	−26



	Q factor
	8
	6
	4
	1
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Table 6. Comparison of assessment accuracy under ER framework.
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	Model
	The Proposed Model
	ER (Model 1)
	DS (Model 2)





	RMSE
	0.3500
	0.4553
	0.4826
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Table 7. The parameters of the BP models.






Table 7. The parameters of the BP models.





	
Method

	
Detail






	
BP

Neural

network

	
Type

	
Feedforward neural network




	
Learning rate

	
0.001




	
The number of layers

	
3




	
The time of training

	
500




	
The training goal

	
0.0001
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Table 8. Comparison of assessment accuracy of data-based model.






Table 8. Comparison of assessment accuracy of data-based model.





	Model
	The Proposed Model
	BPNN
	SVR





	RMSE
	0.3500
	0.3144
	0.3965
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Table 9. Comparative accuracy of proposed model and BP model.






Table 9. Comparative accuracy of proposed model and BP model.





	Training Data
	RMSE (Proposed Model)
	RMSE (BP)





	10%
	0.4174
	0.4448



	25%
	0.3811
	0.4162



	50%
	0.3500
	0.3144



	60%
	0.3170
	0.2887
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Table 10. The initial parameters of BRB model.






Table 10. The initial parameters of BRB model.





	
No.

	
Rule

Weight

	
Factors

	
Belief Distribution

of Health Status




	
O

	
Q






	
1

	
1

	
H

	
H

	
(0.75, 0.10, 0.05, 0)




	
2

	
1

	
H

	
M

	
(0.55, 0.45, 0.05, 0)




	
3

	
0.1

	
H

	
L

	
(0.90, 0.10, 0, 0)




	
4

	
1

	
M

	
H

	
(0.60, 0.30, 0.10, 0)




	
5

	
1

	
M

	
M

	
(0.05, 0.30, 0.60, 0.05)




	
6

	
1

	
M

	
L

	
(0, 0.15, 0.35, 0.5)




	
7

	
0.1

	
L

	
H

	
(0.90, 0.10, 0, 0)




	
8

	
1

	
L

	
M

	
(0, 0.05, 0.45, 0.50)




	
9

	
1

	
L

	
L

	
(0, 0.05, 0.20, 0.75)
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Table 11. The parameters of FR model.






Table 11. The parameters of FR model.





	
Method

	
Detail






	
Fuzzy

reasoning

	
Initial fuzzy matrix

	
[0.5, 0.3, 0.2, 0; 0, 0.6, 0.3, 0.1; 0, 0, 0.5, 0.5]




	
optimized fuzzy matrix

	
[0.75, 0.1, 0.05, 0; 1, 0, 0, 0; 0, 0.2, 0.3, 0.5]
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Table 12. Comparison of assessment accuracy of knowledge-based model.






Table 12. Comparison of assessment accuracy of knowledge-based model.





	Model
	The Proposed Model
	BRB
	FR





	RMSE
	0.3500
	0.4179
	0.5058
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Table 13. The initial values of transformation matrix.






Table 13. The initial values of transformation matrix.











	No.
	Indicators
	Reference Values
	Belief

Distribution





	1
	Mean
	0.08
	(0.90, 0.10, 0.00)



	2
	
	0.10
	(0.85, 0.10, 0.05)



	3
	
	0.14
	(0.15, 0.45, 0.40)



	4
	
	0.18
	(0.05, 0.15, 0.75)



	5
	Variance
	0.003
	(0.70, 0.25, 0.05)



	6
	
	0.01
	(0.35, 0.50, 0.15)



	7
	
	0.013
	(0.05, 0.20, 0.75)



	8
	
	0.020
	(0.00, 0.25, 0.75)



	9
	Kurtosis
	2
	(0.70, 0.20, 0.10)



	10
	
	8
	(0.00, 0.30, 0.70)
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Table 14. The parameters of optimized model parameters.






Table 14. The parameters of optimized model parameters.





	
Parameters

	
Values






	
indicators

	
Mean

	
Variance

	
Kurtosis




	
weight

	
0.7329

	
0.7950

	
0.922




	
reliability

	
0.8491

	
0.835

	
0.935




	
Health status

	
Health

	
Fault

	
Failure




	
Expected utility

	
10.123

	
4.893

	
0.277
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Table 15. The optimized transformation matrix.






Table 15. The optimized transformation matrix.











	No.
	Indicators
	Reference

Values
	Belief

Distribution





	1
	Means
	0.0801
	(0.959, 0.040, 0.001)



	2
	
	0.116
	(0.972, 0.027, 0.001)



	3
	
	0.131
	(0.106, 0.327, 0.567)



	4
	
	0.178
	(0.129, 0.212, 0.659)



	5
	Variance
	0.0031
	(0.527, 0.466, 0.070)



	6
	
	0.0090
	(0.503, 0.496, 0.001)



	7
	
	0.0126
	(0.060, 0.275, 0.665)



	8
	
	0.0193
	(0.010, 0.451, 0.539)



	9
	Kurtosis
	1.758
	(0.679, 0.224, 0.096)



	10
	
	7.720
	(0.002, 0.423, 0.575)
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Table 16. Comparison of different models.






Table 16. Comparison of different models.





	Model
	The Proposed Model
	ER
	DS
	BP
	SVR
	BRB
	FR





	RMSE
	0.3730
	0.4162
	0.4695
	0.4098
	0.4355
	0.4436
	0.5154
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