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Abstract: In industrial production and engineering operations, the health state of complex systems is critical, and predicting it can ensure normal operation. Complex systems have many monitoring indicators, complex coupling structures, non-linear and time-varying characteristics, so it is a challenge to establish a reliable prediction model. The belief rule base (BRB) can fuse observed data and expert knowledge to establish a nonlinear relationship between input and output and has well modeling capabilities. Since each indicator of the complex system can reflect the health state to some extent, the BRB is built based on the causal relationship between system indicators and the health state to achieve the prediction. A health state prediction model based on BRB and long short term memory for complex systems is proposed in this paper. Firstly, the LSTM is introduced to predict the trend of the indicators in the system. Secondly, the Density Peak Clustering (DPC) algorithm is used to determine referential values of indicators for BRB, which effectively offset the lack of expert knowledge. Then, the predicted values and expert knowledge are fused to construct BRB to predict the health state of the systems by inference. Finally, the effectiveness of the model is verified by a case study of a certain vehicle hydraulic pump.
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1  Introduction

The complexity of the industrial system has gradually increased with the advancement of science and technology, and the working environment has become harsher. Especially in the fields of aerospace and weaponry [1,2], the reliability and safety of the system are crucial. Once the health state changes and serious accidents occur, it will not only cause huge damage to the environment but also bring bad effects to society. In order to cut maintenance costs and prevent significant safety incidents, it is required to predict the health state of complex systems [3,4].

Health state prediction of complex systems refers to the prediction of the future health state by considering the historical and current health state of the system. There are three different kinds of approaches are used for health state prediction in recent research: analytical model-based [5], data-driven-based [6], and semi-quantitative information-based methods [7].

Once the analytical model of the system is known, the analytical model-based method like the particle filter can investigate the law of the health state degradation and predict changes in the health state in the future [8–10]. Once the system collects a significant amount of observed information, data-driven-based methods like LSTM and support vector machine (SVM) model can be established the relationship between quantitative data of the system and the health state at future moments to achieve the effect of prediction [11–13]. Once the qualitative knowledge of the system and some of the observed data are known, semi-quantitative information-based methods can be used to implement the prediction process, which includes the Hidden Markov modeling-Bayesian networks (HMM-BN) [14], fuzzy system-gray model-support vector machine (FS-GM-SVM) model [15], and so on.

In recent years, many scholars have conducted research on the health state prediction for the complex system. Liu et al. constructed an underdetermined extended Kalman filter and applied it to the health state estimation of aero engines to solve the problem of less available sensor data and more unknown parameters [16]. Zhang et al. designed a weight optimization unscented Kalman filter (WOUKF) to establish a trend of prediction residuals between the WOUKF and the true capacity, which is used to update the model parameters within the prediction cycle to improve the prediction performance [17]. Liao et al. proposed a flexible prediction framework based on the high-order hidden semi-Markov model (HSMM) that extends the basic HSMM for systems or components with unobservable health states and complex transition dynamics [18]. Pan et al. proposed a chaotic prediction model for vibration data based on improved SVM swarm optimization to improve the prediction accuracy of pump operation state, obtained the training set by phase space reconstruction, and optimized the parameters of the SVM using an improved particle algorithm [19]. Xu et al. established a prediction method for onboard integrated health management system state assessment of manned spacecraft aerospace equipment and used FS-GM-SVM model for prediction to address the uncertainty of the prediction process [15]. Soleimani et al. proposed a fault prediction method based on the integration of HMM and BN to address nonlinear and non-Gaussian data features [14].

However, all the above-predicted methods have a specific scope of application. The working mechanism of most complex systems is difficult to analyze, and it is hard to build a reliable analytical model. As a black-box model, the prediction process of data-driven-based methods is not transparent, which makes the results lack interpretability. The prediction accuracy of semi-quantitative information-based methods cannot be guaranteed if the observed information of the system is disturbed. In addition, most papers use a single indicator to predict the health state. Complex systems have multiple indicators with complex coupling relationships. It is difficult for a single indicator to accurately depict the health state, and it is necessary to fuse multiple indicators for prediction. In this paper, the belief rule base (BRB) is chosen to fuse expert knowledge, system mechanism, and multi-indicator data to improve the accuracy and interpretability of prediction. The BRB can effectively handle multi-source information to achieve the modeling of the complex system [20,21]. The reasoning process is clear and transparent, and the reasoning results are easy to interpret and analyze [22]. The engineering practice demonstrates that the BRB performs effectively in the health state prediction of aero engines [23]. Hu et al. designed a prediction model based on time-delay hidden BRB (THBRB), which considers the multi-moment instantaneous input of HBRB, can better express the influence of historical data, and improves the prediction capability of traditional HBRB [24]. Chen et al. established a transmission mechanism health state prediction method based on BRB for transmission mechanism system and used singular value decomposition to realize multi-sensor information fusion as the input of the prediction model, which effectively predicted the health condition of the transmission mechanism system [25].

Most of the above studies use BRB as a time series forecasting model together with an indicator fusion model, however, when there is a long-term dependence problem in the time series, i.e., the values of multiple historical moments need to be used to predict the next moment, BRB will create a “combinatorial explosion” problem, and it is difficult to determine the corresponding parameters based on the relationship between the values of multiple moments. Therefore, it is necessary to choose a more suitable time series forecasting model to predict the indicators. As an important parameter of the BRB, the reasonableness of setting the referential values of indicators determines the effectiveness of the model. The referential values of indicators are usually given by the expert. Since only the current system working condition is considered, the referential values given by the expert cannot fully reflect the future system working conditions, resulting in large errors between the model output and the actual system. How to reasonably determine the referential values of indicators is a problem to be considered.

Based on the above analysis, a health state prediction model based on BRB and LSTM for complex systems is constructed in this paper. LSTM performs better than BRB in long-term reliance issues and has great time series processing and prediction capabilities, and is widely used and solved in various fields such as machinery, energy, and medicine [26,27]. The predicted values of indicators are obtained using the LSTM and provided input information for the BRB. The Density Peak Clustering (DPC) algorithm is able to select representative points and uses them as referential values of indicators [28]. The referential values of indicators are determined by the DPC algorithm to establish the BRB and the health state prediction results are obtained using the BRB.

The remainder of this essay is structured as follows. In Section 2, a health state prediction model for complex systems and basic knowledge are introduced. In Section 3, the modeling procedure of the health state prediction model based on BRB and LSTM for complex systems is investigated. In Section 4, the effectiveness of the model is evaluated using the example of a certain vehicle hydraulic pump. The paper is concluded in Section 5.

2  Health State Prediction Model for Complex Systems and Basic Knowledge

In Subsection 2.1, the health state prediction model for complex systems is briefly introduced. In Subsection 2.2, the basic knowledge of the model is formulated.

2.1 Description of Health State Prediction Model

The health state of complex systems is affected by numerous factors, but some indicators can show changes in the health state. A health state prediction model is suggested in this paper. Based on historical and current observed data of indicators to calculate the predicted values. At the same time, the uncertainty of expert knowledge is considered to build the BRB, and the multi-source information is fused to achieve prediction, which makes the predicted process more comprehensive and reliable. Suppose the system has M indicators x1,x2,…,xM, the model framework is displayed in Fig. 1.
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Figure 1: Framework of model

The model is composed of three sections. In part I, the predicted values of system indicators are obtained using LSTM. In part II, the BRB parameters are determined based on DPC algorithm and the BRB is built by expert knowledge. In part III, the results of the system-distributed prediction are obtained by inference, and the expected utility can be calculated. The following are explanations for each variable in Fig. 1.

1) τ represents the number of delay steps.

2) M indicates the number of indicators.

3) p represents the number of predicted steps.

4) O(⋅) represents the distributed health state prediction results.

5) u(O(⋅)) is the expected utility of O(⋅).

2.2 Basic Knowledge

2.2.1 Basic Knowledge of LSTM

LSTM has great time series processing and prediction capabilities and has a wide range of applications in finance, machinery, industry, etc. The networks can solve the problem of short-term memory in Recurrent Neural Networks (RNN), a large number of papers have introduced LSTM and solved various problems, and it is still widely used until now.

The key to LSTM is the cell state and the “gate” structure. The cell states act as the transmission chain of information, and only part of the linear interaction is involved, maintaining the integrity of the information. Theoretically, the information in the time series can be transmitted all the way through. The “gate” structure has four interaction layers, including three Sigmoid layers and one Tanh layer, which interact in a special way to control the increase and decrease of information. The “gate” structure contains forgetting gates, input gates, and output gates.

The retention and deletion of information are determined by the forgetting gate. The forgetting gate receives information about the concealed state of the preceding layer and information about the present situation, a nonlinear mapping relationship is established by the Sigmoid function σ, and the output vector ft is obtained. ft Between 0 and 1, 0 means all deletion and 1 means all retention. The forgetting gate can be expressed as:


ft=σ(Wf×[ht−1,xt]+bf)(1)

where Wf is the weighting matrix. ht−1 is the information of the hidden state of the previous layer. xt is the information at the current moment. bf is the bias.

The update of the cell state is determined by the input gate. The Tanh function is used to build a new vector of marquee values C~t when the Sigmoid function produces the output vector it and the information about the hidden state of the previous layer and the current moment is input. The old state Ct−1 of the cell is multiplied with ft to remove the unwanted information. C~t is multiplied with it to retain the desired information and finally summed to obtain the updated cell state Ct. The input gate can be expressed as:


it=σ(Wi×[ht−1,xt]+bi)(2)


C~t=tanh⁡(WC×[ht−1,xt]+bC)(3)


Ct=ft×Ct−1+it×C~t(4)

The hidden state contains the information from the previous time series and is determined by the output gate. The output vector ot is obtained by the Sigmoid function, which determines the information to be output. The cell state Ct is processed using the Tanh function and multiplied with the output vector ot to obtain the new hidden state information ht for output to the next layer. The output gate can be expressed as:


ot=σ(Wo×[ht−1,xt]+bo)(5)


ht=ot⊙tanh⁡(Ct)(6)

where ⊙ is the convolution.

2.2.2 Basic Knowledge of BRB

When assessing the future health state of the system, the k th rule can be described as follows:


Rk:If(x1 is A1k)∧⋯∧(xM is AMk)then {(D1,β1,k),…,(DN,βN,k)}with rule weight θkand indicator weight δ1,δ2,…,δM(7)

where xi(i=1,2,…,M) is the i th indicator, M is the number of indicators. Aik(k=1,2,…,L) is the i th referential value of the k th rule, L is the number of rules. Dn(n=1,2,…,N) is the n th consequent, N is the number of consequents. βn,k is the belief degree that the k th rule assigned to the n th consequent. θk is the weight of the k th rule, it shows how significant the k th rule is in comparison to other rules. δi is the weight of the i th indicator, it shows how significant the i th indicator is in comparison to other indicators.

3  Establishment of Health State Prediction Model Based on BRB and LSTM for Complex Systems

In Subsection 3.1, the LSTM-based predicted model of indicators is constructed. In Subsection 3.2, the DPC-based referential values of indicators determination and distance-based input information conversion method are proposed. In Subsection 3.3, the process of BRB build and reasoning are described. In Subsection 3.4, the modeling procedure of the health state prediction model based on BRB and LSTM for complex systems is summarized.

3.1 Construction of LSTM-Based Predicted Model of Indicators

The LSTM is used to predict the observed data of the indicators, the detailed steps are as follows:

1) Pre-processing of data

Prior to prediction, training data must be standardized, it can be calculated by:


xN(t)=x(t)−μ~σ~(8)

The alternating time step is utilized to process the training data, and the observed data from the previous time is used as an input to predict the observed data from the following time. Select to alternate a time step, which is written as:


{X1N={xN(1),xN(2)…,xN(t−1)}X2N={xN(2),xN(3)…,xN(t)}(9)

2) Definition and training of networks

The dimensionality of the input determines the input layer, the dimensionality of the output determines the fully connected layer, and the data determines the number of neurons of the network.

After the structure has been defined, an appropriate optimizer must be selected to improve the learning effect. The Adaptive Moment Estimation (Adam) optimizer is used in this paper to adjust the learning rate during training and improve the convergence rate.

3) Prediction of indicators

The final step xN(t) is utilized to predict the first predicted value. To finish the prediction of indicators, the number of prediction steps need to be determined and the first predicted value is entered into the network.

3.2 Method of DPC-Based Referential Values Determination and Distance-Based Input Information Conversion

3.2.1 Determination of Referential Values

Referential values of indicators are an important parameter in the BRB. If the referential value is set unreasonably, the model accuracy will be greatly reduced. If there are too many referential values set, the rules will expand exponentially, thus making the calculation more difficult.

Suppose a system has two indicators A and B, each with three referential values A1,A2,A3 and B1,B2,B3. The rules are combinations of referential values, so the BRB of the system consists of 9 (3 × 3) rules, as depicted in Fig. 2.
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Figure 2: Relationship between input and activation rule

Where (x1,x2) is an input that activates the adjacent 4 rules A2B2, A2B3, A3B2 and A3B3.

Suppose that the health state corresponding to the values of x1 and x2 is medium. The referential values are not set properly, resulting in x1and x2 to activate rules corresponding to other health states. The matching degree of the medium health state is reduced, which affects the prediction accuracy of the model.

Therefore, the referential values should be chosen as a representative point surrounded by a sufficient number of points. The DPC-based method for determining referential values of indicators in this paper. The DPC algorithm is predicated on the idea that, for a given data set, the cluster center is enclosed by a few low-density data points which are far away from high-density data points. For the set S={X1;X2;…;Xm,Xm={x1(m),x2(m),…,xM(m)}} composed of each predicted value, the following are the steps of clustering.

1) Calculation of local density

The local density is calculated using a Gaussian kernel.


ρi=∑j=1me−(dijdc)2,i≠j(10)

where dij is the Euclidean distance between Xi and Xj. dc is a pre-specified distance threshold (The threshold is often set at the first 1% to 2% of the distance between all data points).

2) Calculation of minimum distance


εi=minρi<ρj{dij}(11)

where εi is the shortest distance between Xi to a higher local density data point Xj.

The maximum distance between Xk and the other data points is defined as εk for Xk with the highest global density.

3) Determination of clustering center

In the DPC algorithm, data point with both large ρi and εi is a potential clustering center. Combining the values of ρi and εi to νi, which is defined as follows:


νi=ρ¯iε¯i(12)


ρ¯i=ρimax(ρi)(13)


ε¯i=εimax(εi)(14)

νi of each data point is arranged in descending order, and the probability of being the cluster center increases with increasing νi.

The mean value ν¯ of νi is obtained, and the data point which νi exceeds ν¯ is selected as the potential clustering center. The slope trend of νi is used tri to determine the cluster center, defined as follows:


tri=(νi−1−νi)(νi−νi+1),i>1(15)

From the last clustering center to the first non-clustering center, there is a sharp decreasing tendency. The largest point tri is selected, and the first i−1 points are the cluster centers, noted asY={Y1;Y2;…;Yi−1,Yi−1={yi−11,yi−12,…,yi−1M}}. The components of each cluster center are arranged in ascending order and distributed to referential values of indicators in the BRB.


{A1={y11,y21,…,yi−11}A2={y12,y22,…,yi−12}⋮AM={y1M,y2M,…,yi−1M}(16)

3.2.2 Conversion of Input Information

In this paper, the input information is quantitative. The method of distance-based input information conversion is used, which is calculated as follows:

1) If xi is less than the minimum of referential value Ai1, the matching is 1 relative to Ai1 and 0 relative to the others. It can be denoted by:


{αi1=1αij=0,j≠1,xi<Ai1(17)

where αij represents the matching degree of xi relative to Aij.

2) If xi is more than the maximum of referential value AiJ, the matching is 1 relative to AiJ and 0 relative to the others. It can be denoted by:


{αiJ=1αij=0,j≠J,xi>AiJ(18)

3) If xi∈[Aij,Aij+1], it can be calculated by:


{αij=Aij+1−xiAij+1−Aijαij+1=1−αijαis=0,s≠j,j+1,Aij≤xi≤Aij+1(19)

3.3 Establishment and Inference of BRB

The expert set weights for each indicator, and combine the referential values of indicators to build BRB and set weights and belief degrees of results for each rule. Once the BRB has been established, inference can be made on the predicted values. The inference process is as follows:

1) Calculation of matching degree

When input xi is available, the matching degree of xi relative to the referential value is calculated according to (17)–(19).

2) Calculation of rule activation weight

The matching degree of xi needs to be fused with indicator weight and rule weight. The activation weight ωk is described as follows:


ωk=θk∏i=1M(αik)δ¯i∑l=1Lθl∏i=1M(αik)δ¯i(20)


δ¯i=δimaxi=1,2,…,M{δi}(21)

3) Integration of rules

The Evidential Reasoning (ER) approach is used to merge multiple activated rules, it can be denoted by:


βn=μ×[∏k=1L(ωkβn,k+1−ωk∑i=1Nβi,k)−∏k=1L(1−ωk∑i=1Nβi,k)]1−μ×[∏k=1L(1−ωk)](22)


μ=[∑n=1N∏k=1L(ωkβn,k+1−ωk∑i=1Nβi,k)−(N−1)∏k=1L(1−ωk∑i=1Nβi,k)]−1(23)

where βn is belief degree of the n th consequent, and 0≤βn≤1.

The distributed health state prediction results and expected utility are described as follows:


O(t+p)={(Dn,βn)}(24)


u(O(t+p))=∑n=1Nu(Dn)⌊βnmax{βn}⌋(25)

where ⌊⋅⌋ is rounded down.

3.4 Modeling Procedure of Health State Prediction Model Based on BRB and LSTM

The specific steps of the health state prediction model based on BRB and LSTM are shown in Fig. 3.
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Figure 3: Modeling procedure of model

Step 1: Acquisition of observed data by sensors and calculation of predicted values of indicators by the method proposed in Subsection 3.1.

Step 2: Determination of referential values of indicators and conversion of input information.

Step 2.1: Determination of the cluster centers according to (10)–(15) and assignment of the cluster centers to referential values of indicators according to (16).

Step 2.2: Calculation of the matching degree according to (17)–(19).

Step 3: The expert provides parameters and builds BRB, and the health state prediction results are obtained using the BRB.

Step 3.1: Calculation of the rule activation weight according to (20) and (21).

Step 3.2: Calculation of the health state prediction results according to (22)–(25).

4  Case Study

In this section, the effectiveness of the model is demonstrated using an example from a certain vehicle hydraulic pump. The hydraulic pump draws oil from the hydraulic tank, forms pressure oil, and discharges the pressure oil to the actuating element. The hydraulic pump is usually composed of a pump body, hydraulic, cylinder, bearing, and other components. The principle of operation is that the movement brings about a change in the volume of the pump chamber, thus compressing the fluid so that the fluid has pressure energy.

The health state is highly unstable because of the complicated structure of the hydraulic pump and the varied working environment. The components of the hydraulic pump will age and wear while it operates, changing the health state. Therefore, to provide support for maintenance decisions for the hydraulic pump and prevent serious safety incidents, it is required to predict the health state.

Before making a prediction, a system of indicators related to the health state needs to be constructed. The indicators should accurately and thoroughly indicate the state of the system’s operation. The outlet pressure and outlet flow of the hydraulic pump are used as the input indicators, which combines expert knowledge and system mechanism.

Remark 1: Due to pressure, hydraulic oil leakage may occur from the gap between the combined surfaces of the hydraulic pump, and leakage may also be caused by worn piping or poorly connected hydraulic components. Oil leakage can lead to a reduction in outlet pressure and outlet flow, affecting stability and work efficiency, which can lead to failure.

4.1 Prediction of Indicators

A pressure sensor and a flow sensor were selected for the test, and a total of 260 sets of data were collected, as shown in Fig. 4.
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Figure 4: Observed data

The outlet pressure and outlet flow are predicted by LSTM, the number of predicted steps p=1. To verify the prediction effect, the LSTM is compared with the commonly used prediction networks Gate Recurrent Unit (GRU) and Recurrent Neural Network (RNN). The optimizer is selected as Adam, the network structure and training parameters are adjusted to optimize each method. The network settings are shown in Table 1.

[image: images]

By comparing the Mean Square Error (MSE) in Table 2 and the comparative results in Fig. 5, the error of LSTM is significantly smaller than GRU and RNN and has a higher prediction accuracy.
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Figure 5: Comparison of various prediction networks

Remark 2: As can be seen from Fig. 5, compared with the real data, the prediction curve of RNN deviates greatly, the prediction curve of GRU fluctuates greatly, and the prediction results are advanced in both cases. The prediction curve of LSTM is closer to the real data, which can get a better prediction effect.

4.2 Determination of Referential Values

The predicted values obtained by LSTM are used as the dataset to be clustered by DPC algorithm. dc is set to 2% of the truncation distance, dc and ν¯ are shown in Table 3.
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Arrange νm in descending order, and νm greater than ν¯ is the first 12 data points. Therefore, calculate the trm of these points, as shown in Fig. 6. As can be seen from Fig. 6, the value of tr3 is the largest. Therefore, the clustering centers are chosen as the first 2 points X1(36.9869,6.7173) and X2(38.0590,7.1801).

[image: images]

Figure 6: Slope trend of potential clustering centers

Remark 3: According to (10), the slope trend for data points can be calculated. There is a sharp decreasing tendency from tr3 to tr4 in Fig. 6, so the 3rd data point is the first non-clustering center and the first 2 data points are clustering centers.

The components of each cluster center are arranged in ascending order and assigned to the referential values of indicators in the BRB. Since there are only two referential values for each indicator, the referential levels are described as Low (L) and High (H), referential values and referential levels of the two indicators are shown in Table 4.
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Before performing inference, the matching degree of input needs to be calculated. For example,{(L,0.6775),(H,0.3225)} is the matching degree when x1=37.3326. The implication is that when the outlet pressure is 37.3326, the matching degree of outlet pressure relative to “L” is 0.6775, and relative to “H” is 0.3225. Other input information is converted in the same way.

4.3 Establishment of BRB

The k th rule is represented as follows:


Rk:If outlet pressure is A1k∧outlet flow is A2kthen health state is {(L,β1,k),{(M,β2,k),(H,β3,k)}with rule weight θkand indicator weight δ1,δ2(26)

where A1k and A2k represent the referential value for outlet pressure and outlet flow.

The health state is usually described as Low (L), Medium (M), and High (H), which is shown in Table 5.
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All parameters of BRB are shown in Table 6, the indicator weight of outlet pressure and outlet flow are 1 and 0.6.
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4.4 Testing of Health State Prediction Model

A BRB with the referential values given by the expert (BRB-E) and a BRB with the referential value determined based on fuzzy subtractive clustering (BRB-F) proposed in the literature [24] are constructed for comparison experiment, and the remaining parameters are the same as the BRB with the referential value determined based on the DPC (BRB-D), the referential values and referential levels of BRB-F and BRB-E are shown in Table 7.

[image: images]

The health state prediction results are obtained using BRB-D, BRB-F, and BRB-E fusion predicted data, respectively, and compared with the actual system. The comparison results are shown in Fig. 7, and the accuracy is shown in Table 8. By comparing the accuracy in Table 8, the BRB-D has the highest accuracy and is closer to the actual system, which proves the effectiveness of the proposed model.

[image: images]

Figure 7: Comparative experiment
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From Fig. 7, we can see that the predicted results of BRB-D, BRB-F, and BRB-E all have points that deviate from the actual system, while BRB-F and BRB-E have more. There are two main reasons for this. On the one hand, it is due to the unreasonable setting of the referential values. For example, for points 80 to 90, the actual system is “H”, while the prediction result of BRB-E is “M”. Since the referential values of outlet pressure and outlet flow about “H” in BRB-E is set high, resulting in the actual health state of H when both data are slightly below the referential values, while the prediction result obtained by BRB-E inference is “M”. Similarly, for points 190 to 200, the actual system is “L”, while the prediction result of BRB-F is “M”. Since the referential values of outlet pressure and outlet flow about “L” in BRB-F is set low, resulting in the actual health state of “L” when both data are slightly higher than the referential value, while the prediction result obtained by BRB-F inference is M. On the other hand, it is due to the deviation of the predicted values of outlet pressure and outlet flow from the observed data. For example, for points 141 and 142, the prediction results and belief distribution of the points are shown in Figs. 8 and 9. From Fig. 8, the predicted values of outlet pressure suddenly decrease at points 141 and 142 and are lower than the observed data. According to the calculation of (20)–(23), the belief degree of the health state increases with respect to “L” and decreases with respect to “M” in Fig. 9. Due to the error of the predicted value, the health state is “L” according to (25), while the actual system is “M”. Even if the predicted value of outlet flow increases at point 142, the health state is not maintained, which shows the influence of outlet pressure on the health state is more important than outlet flow, and the reasonableness of the indicator weight setting from the side.
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Figure 8: Prediction result of 141st and 142nd points
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Figure 9: Belief distribution of 141st and 142nd points

5  Conclusion

In this paper, a prediction model based on BRB and LSTM is constructed to realize the prediction of the health state for complex systems. LSTM is used to provide the predicted values of indicators, and BRB is used to fuse the predicted values to obtain the health state. The proposed model can overcome the problem of a long-term dependence on indicators in traditional BRB prediction models and determine the referential values of indicators more rationally.

There are two main contributions in this paper. One is to combine LSTM and BRB to fuse multiple indicators for prediction, which reflects the health state more comprehensively. After embedding expert knowledge, the inference process of the model is transparent and clear, and the model parameters are easy to understand. Secondly, a determination method for the referential values of indicators is proposed to reflect the health state of the actual system division by selecting representative points, which offset the lack of expert knowledge. Through the comparative experiment, the proposed model has higher prediction accuracy than the existing BRB prediction model, which proves the effectiveness of the model.

In the case study, we assume that the prediction data obtained based on LSTM is completely reliable. However, the accuracy of the health state prediction results is reduced due to the deviation of the prediction values of indicators from the observed data. How to quantify the deviations and introduce the concept of reliability of prediction values of indicators to improve the quality of fused information and the prediction accuracy of BRB is the next research that needs to be carried out.
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Table 1: Parameters of the prediction networks

Network layer  Neurons of the network Input layer  Connected layer

LSTM 1 200 1 1
GRU 1 200 1 1
RNN 1 200 1 1
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Table 3: Parameters of the DPC algorithm
d. v
Value 0.0217 0.0069
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Table 8: Accuracy of various BRBs

BRB-D BRB-F BRB-E

Accuracy  94.96% 92.69% 89.23%
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Table 6: Parameters of BRB

Number Rule weight Outlet pressure Outlet flow Health state {L, M, H}
1 1 L L {0.8,0.1,0.1}
2 1 L H {0.6,0.2,0.2}
3 1 H L {0.2,0.3,0.5}
4 1 H H {0.1,0.2,0.7}
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Table 4: Referential levels and referential values of outlet pressure and outlet flow

L H

Outlet pressure 36.9869 38.0590
Outlet flow 6.7173 7.1801
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Table 7: Referential levels and referential values of BRB-F and BRB-E

Indicator L H
BRB-F Outlet pressure 36.8326 38.1487

Outlet flow 6.8131 7.4529
BRB-E Outlet pressure 37.2 38.2

Outlet flow 6.7 7.5
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Table 2: MSE of various prediction networks

LSTM GRU RNN

Outlet pressure 3.8 x 107 5.2 x 107 6.5 x 107
Outlet flow 1.12 x 10°? 1.25 x 1072 1.46 x 1072
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Table 5: Referential levels and expected utilities of health state

L M H
Health state 0 0.5 1
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