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Abstract: Expert knowledge is the key to modeling milling fault detection systems based on the belief rule base. The construction of an initial expert knowledge base seriously affects the accuracy and interpretability of the milling fault detection model. However, due to the complexity of the milling system structure and the uncertainty of the milling failure index, it is often impossible to construct model expert knowledge effectively. Therefore, a milling system fault detection method based on fault tree analysis and hierarchical BRB (FTBRB) is proposed. Firstly, the proposed method uses a fault tree and hierarchical BRB modeling. Through fault tree analysis (FTA), the logical correspondence between FTA and BRB is sorted out. This can effectively embed the FTA mechanism into the BRB expert knowledge base. The hierarchical BRB model is used to solve the problem of excessive indexes and avoid combinatorial explosion. Secondly, evidence reasoning (ER) is used to ensure the transparency of the model reasoning process. Thirdly, the projection covariance matrix adaptation evolutionary strategies (P-CMA-ES) is used to optimize the model. Finally, this paper verifies the validity model and the method's feasibility techniques for milling data sets.
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1  Introduction

Milling is a highly efficient machine processing method. Milling uses a milling cutter to machine the surface of an object. The types of milling are table, cantilever, ram, gantry, etc. And are usually performed on milling or boring machines [1]. In conventional milling operations, the milling cutter in a milling machine moves perpendicular to its axis; thus, it allows the removal of excess material from the workpiece around the tool. Milling machines are very versatile; they manufacture various shapes and sizes of parts, and many machining operations can be performed on them [2]. Milling tools are necessary to perform these tasks, and milling is essential to produce quality parts [3]. During the milling process, milling cutter wear and shaft vibration fault are the leading causes of milling faults. Fault to measure fault on time may lead to abnormal suspension of the process, resulting in waste of raw materials or even damage to the milling machine [4].

Many researchers have conducted experiments on milling fault detection. Li et al. [5] proposed an early flutter detection method based on variational mode decomposition and power spectrum entropy difference, which can be applied to different milling situations. Ninevski et al. [6] proposed a new computational method for detecting wear and damage of milling cutters and fully tested it on real industrial datasets, successfully demonstrating the technique’s effectiveness for wear detection of milling cutters in actual industrial production and showing the potential of the technical process. Shi et al. [7] proposed a new method for chattering detection based on ordered neuron long-and short-time memory (ON-LSTM) and population-based training (PBT). Mei et al. [8] proposed a milling chatter detection method based on singular spectrum analysis. The technique performs milling experiments under different cutting forces and uses adaptive feature analysis and unique particular value entropy to obtain the required data for the experiments. Sener et al. [9] proposed a groove milling chatter detection method based on vibration data features. In this experiment, the DMLP algorithm is trained using a fast Fourier transform (FFT) in the context of a deep learning-depth multi-layer perceptron (DMLP). Some time-domain signals are selected as the algorithm input. Dun et al. [10] proposed an unsupervised method consisting of unmarked measured dynamic signals to diagnose the chattering stability of milling, a technique with the advantages of being independent of measurement errors and robustness. Chen et al. [11] proposed a novel multifractal formalism to detect chattering during milling. The feasibility of the proposed method was verified by performing dynamic detection and classification evaluation under different cutting conditions. Gao et al. [12] proposed a sensitive feature dataset and Mahalanobis-Taguchi system using sensor signals. It is found that the method can quickly detect vibration patterns. Madhusudana et al. [13] used acoustic signals and a decision tree for fault detection of the milling system and applied decision tree technology to feature extraction. Madhusudana et al. [14] also introduced a decision tree and Bayesian algorithm for fault detection of the milling system, and experiments verified its effectiveness. Qiao et al. [15] proposed a second-order stochastic resonance method based on fractional derivative enhancement for automatic fault detection. Experimental results show that this method not only restrains multi-scale noise but also increases the benefit of noise. Jafarzadeh and Panda et al. [16,17] have performed some research in the field of network-on-chip and photonic integrated circuits.

The comprehensive analysis of the above literature shows that the current milling fault detection methods mainly fall into the following primary categories: (1) White box model. The white box model is the actual operation of the system to build a fault detection model, such as a decision tree [18]. It does not depend on the data sample, but because of the complex structure of the model and the bad operating environment, it often cannot guarantee the high precision of the model. (2) Black box model. It is data-driven, such as deep belief networks [19] and variational autoencoders [20]. The accuracy of the black box model depends on a large amount of observation data, which is not interpretable in the modeling process. This approach has the following problems. On the one hand, the model cannot achieve high accuracy in the case of small sample data. In the whole life cycle of the system, it is difficult to collect many milling fault samples and even more challenging to collect data samples under different fault modes or milling tools. On the other hand, most of the existing milling fault detection methods are tested based on chatter and noise [21]. Affected by noise, the input information is often uncertain. Most existing fault detection methods cannot deal with uncertainty well. (3) Grey box model. It can effectively integrate the model mechanism with the observed data. The model mechanism constructs the model, and the model parameters are modified and optimized by the data, such as belief rule base [22] and evidence reasoning [23].

The black and white box models are unsuitable for milling fault detection. This is because the black box model cannot guarantee the interpretability of the model, while the white box model cannot guarantee the high precision of the model. To ensure the accuracy of the milling fault detection model and have modeling interpretability, the grey box model is selected for milling fault detection. The proposed model is based on the belief rule base, which belongs to the grey box model. In 2006, the belief rule base (BRB) based on evidence reasoning (ER) and expert systems was proposed by Yang et al. [24]. At present, BRB has been widely used in fault diagnosis [25], risk assessment [26], clinical reasoning [27], and other fields.

In the actual fault detection of the milling system, BRB has an excellent ability to deal with small sample data and uncertain information, but there are still some things that could be improved. First, the modeling process of BRB needs to accurately tease out the logical relationship between different milling fault detection indicators, resulting in the inaccuracy of the initial model construction. This does not guarantee the interpretability of milling system modeling. Second, for multi-index or even redundant fault detection problems, the traditional BRB model is prone to combinatorial explosion problems. This will significantly affect the efficiency of the milling system fault detection and the fault detection results. Third, BRB relies on the subjective construction of expert knowledge for initial modeling. BRB is an expert system, and the structure of the initial model determines the accuracy and interpretability of the milling fault detection model. However, the model cannot be modeled effectively due to the complex structure of the milling system and the uncertainty of prerequisite attribute data due to noise.

A milling system fault detection method based on fault tree analysis (FTA) and hierarchical BRB (FTBRB) is proposed to solve the above three problems. FTBRB adopts a fault tree and hierarchical approach to design its modeling process. The FTBRB model can embed fault tree analysis mechanism into the BRB expert knowledge base, which can well sort out the logical relationship between different milling fault detection indexes. More importantly, FTBRB applies a hierarchical approach to the fault detection of milling systems. Hierarchical BRB is composed of several sub-rule bases and adopts a bottom-up model. First, the indicators at the bottom are combined, and then the mixed results are used as the input of the next layer. Hierarchical BRB can reduce the number of rules and avoid the explosion of combined rules [28,29].

The main contributions of the fault detection method based on fault tree analysis and hierarchical BRB proposed in this paper are as follows. (1) The initial hierarchical BRB model is established by FTA, and the FTA mechanism is embedded into the hierarchical BRB expert knowledge base, solving the problem of constructing an expert knowledge base for milling fault detection methods. (2) A new hierarchical BRB-based fault detection model is constructed. The inference process of the model is interpretable, and an optimization algorithm can improve the model’s accuracy. The model can guarantee accuracy of the model even with small sample data and has high practicality.

The main structure of this paper is as follows. In the first part, the fault detection model of the milling system is analyzed and discussed, and a milling fault detection method based on fault tree analysis and hierarchical BRB is proposed. In the second part, based on the study of the disadvantages of traditional BRB, the problems encountered in establishing a hierarchical BRB model in the milling system are put forward. The third part briefly introduces the hierarchical BRB model of the milling system. In the fourth part, experimental verification and comparison are carried out. The fifth part summarizes the thesis.

2  Problem Description

2.1 Traditional BRB Modeling Process

BRB is composed of a series of belief rules, and its form in the rule k can be described as:


Rk:If a1 is X1∨a2 is X2∨…∨aM is XM,Then the result is {(H1,β1),(H2,β2),…,(HN,βN)}with rule weight ηkand attribute weight ζ1,ζ2,…,ζM.(1)

The contents in the set of referential input values in FTA are as follows: the set of referential values of basic events is denoted by Xi(i=1,2,…,M), Hi(i=1,2,…,N) denotes N results; βi(i=1,2,…,N) determines the belief level of Hi(i=1,2,…,N) in the k−th belief rule; the attribute weight is represented by ζi(i=1,2,…,M), M denotes the number of premise attributes, ηk means the rule weight of k−th rule. Rk denotes the k−th rule; basicEventi(i=1,2,…,n) is the attribute input.

BRB’s modeling process is divided into three parts: analysis of the research content mechanism, setting referential points and referential values, build the initial belief table. The details are described as follows.

(1) Research Content Mechanism Analysis

Aiming at the fault detection and diagnosis of the milling system, we must first determine the cause and result of the failure of the milling system. In this case, this article can select the grounds of the fault as follows: material issue, cutting depth issue, excessive use time, DC fault, AC fault, machine feeding fault, knife wear, and shaft vibration fault. The fault result is a milling fault.

(2) Set Referential Points and Values

Determine the referential points and values for the fault cause and set the referential points and values corresponding to the fault result. The referential point is generally the location where most points are concentrated and contains the upper and lower bounds of the value range. The setting of referential value sets can be expressed as follows. Where Ai(i=1,2,…,n) indicates the value of each referential value. X represents a set of referential values.


X:{A1,A2,…,An}(2)

(3) Building the Belief Table

BRB combines rules in the form of a Cartesian product. The constructed belief table includes attribute weights, rule weights, belief levels, etc. Assume that attribute 1 has three reference points, A, B and C, and attribute 2 has three reference points, E, F and G. The corresponding belief table is shown in Table 1.
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Expert knowledge affects the accuracy and interpretability of the model. From the above discussion, the BRB’s initial modeling strongly depends on expert knowledge. Therefore, how complete the expert knowledge base is to build a reasonable modeling process is significant.

2.2 Problem Description

The following problems must be solved to build the BRB model for the milling fault detection method:

 (1) How to Integrate the Fault Tree Mechanism into the Hierarchical BRB

First, the problem of integrating the fault tree mechanism into the hierarchical BRB expert knowledge base must be addressed. In hierarchical BRB, the relationship between input and output is expressed by some belief rules, which experts usually decide based on empirical knowledge (with data from the system model) [30]. However, when applying the hierarchical BRB model in milling fault detection methods, it is difficult to embed expert knowledge into the model of the milling fault detection method. To achieve the combination of FTA and hierarchical BRB, it is necessary to address the correspondence between the inputs and outputs of each indicator and event. Therefore, this correspondence is described by Eq. (3).


BRB(input/output,ι)=Transform(basicEvent/topEvent,α).(3)

where Transform(⋅) is the conversion of FTA and BRB. basicEvent is the primary event of the FTA, topEvent is the top event of FTA. input is the prerequisite property of the BRB. output is the result label of the BRB. ι is the set of parameters of the BRB. α is the parameter set of FTA.

(2) How to Construct a Reasonable Hierarchical BRB Model and Optimize it

Eq. (4) shows the solution to this problem. σ denotes a set of parameters in the mapping process. a It is the probability of failure of the basic event in the FTA, which is the input of hierarchical BRB. y is the likelihood of occurrence of the top event, which is the output utility value of the hierarchical BRB.


y=FTBRB(a,σ).(4)

After designing a reasonable and adequate hierarchical BRB model, the model’s accuracy has yet to be secured. This paper uses the P-CMA-ES algorithm to optimize the model and ensure accuracy.

3  Construction and Inference of the FTBRB Model

As a standard method in fault detection, fault tree analysis is a directional “tree” that describes the causal relationship of accidents and is one of the critical analysis methods in system safety engineering. BRB is also widely used in system safety engineering, such as risk assessment, fault detection, and health status assessment. Mapping fault tree analysis to BRB is equivalent to providing a method transformation idea. This not only provides more methods for milling fault diagnosis but also leverages the advantages of both. The overall structure diagram of the proposed model is given below in Fig. 1.
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Figure 1: The overall structure of the FTBRB model

3.1 BRB Modelling Process of Milling Fault Detection Method

3.1.1 Analysis of FTA and BRB Conversion Mechanism

A fault tree connects a unit fault to a system fault, a particular tree logic diagram, and uses it to represent the relationship between unit faults and system faults. The inputs and outputs of the milling fault tree are described using logic gates and prescribed events. The empirical knowledge of experts constitutes the belief rule base, and these rules define the inputs and outputs of the BRB model. Therefore, it is not possible to combine FTA and BRB, but some method is needed to embed the FTA of the milling system into the hierarchical BRB model as a way to convert between FTA and BRB [31].

Constructing a fault tree in a bottom-up manner makes it possible to gradually analyze the causes and combinations of causes that may lead to the failure of top-level events and clarify the relationship between faults and events. When primary data are available, the probability of top-level events and the importance of events can be calculated [32,33]. The most vital causes of milling faults are tool wear and shaft vibration fault. The milling fault detection method fault tree is shown in Fig. 2.
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Figure 2: Milling fault detection method fault tree analysis structure diagram

➢ Correspondence between FTA and Bayesian Networks

Experts give the belief rules in BRB based on experience, and each government has its belief level to represent various types of unsure information. The Bayesian network can be used to perform probabilistic inference and is constructed by domain experts. There is a correspondence between the Bayesian network and the fault tree [34]. The transformation relationship between the fault tree and the Bayesian network is as follows: (1) The bottom event in the fault tree corresponds to the parent node in the Bayesian network; (2) The top event in the fault tree corresponds to the child nodes in the Bayesian network; (3) Logical gates in the fault tree correspond to conditional probability tables of nodes in Bayesian networks.

The mapping relationship between different logic gates and conditional probabilities can be expressed in Tables 2 and 3 below. When coupling strength is used, the “and” gate can be represented as the dependent probability table shown in Table 2, and the “or” gate can be represented as the conditional probability table shown in Table 3.
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From the conditional probability table with the gate, it is clear that the top event of the output is 1 when all the input bottom events of the FTA are 1. If one bottom event is 0, then the m event probability of the output is 0. The conditional probability table of the “or” gate shows that the output top event is 0 only when all the input bottom events of the FTA are 0. If one bottom event is 1, then the output top event probability is 1. This is just the opposite of the “and” gate.

The arrow directions of different nodes in the Bayesian network correspond to the input and output of logic gates in the FTA. This process can be described as follows:


FTA(basicEvent,topEvent,logicGate)∼Bayesian(parentNode,childNode,conditionalProbability).(5)

where basicEvent represents the basic events in the FTA. topEvent represents the top event in the FTA. logicGate represents the logic gate in FTA. FTA(⋅) represents the constituent function of the FTA. parentNode represents the parent node of a Bayesian network. childNode represents the child nodes of a Bayesian network. conditionalProbability represents the conditional probability of a Bayesian network. Bayesian(⋅) represents the component function of the Bayesian network.

The milling fault tree uses logic gates to connect events and express the logical relationship between faults. In this paper, the fault tree only involves the “with” gate and the “or” gate. For the “and” gate, an output event occurs when all input events occur; for the “or” gate, an output event occurs whenever at least one of the input events occurs [35]. To clearly express the relationship between the milling fault tree and the Bayesian network, Fig. 3 is given, and the meaning of each symbol is explained in Table 4.
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Figure 3: The conversion of the FTA and bayesian networks diagram
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Both fault tree and Bayesian network have the function of inference. Generally, the fault tree is analyzed from the bottom upwards, and we can also obtain the path of the basic event and intermediate event to the top event [36,37]. However, let’s build it from the top. This allows us to analyze the top event step by step to find the primary and intermediate events that trigger the full event and thus capture the cause or combination of reasons that lead to the top event. This allows for a more comprehensive analysis of the causes of faults. The Bayesian network not only combines these functions but allows for quantitative analysis.

Table 4, y1, y2, y3, and Top represent four fault types. The proposed model can be output as a series of belief distributions, through which the results can be evaluated as different levels of support.

➢ Correspondence between Bayesian Networks and BRB

The BRB knowledge base consists of several belief rules constructed by experts based on their experience, and its inference engine is ER. The literature [38] shows that Bayesian inference can be correlated with ER, which assigns weight to reliable but uncertain information and describes the inference relationship between Bayesian and ER rules [38]. As a result, it is known that conditional probability can be regarded as the belief level when individual events have mutually independent conditions. Therefore, it can be concluded that Bayesian inference converts to ER inference and the inference engine of BRB are ER, which is one of the contents in BRB. Therefore, Bayesian inference and BRB inference can be converted to produce a mapping relationship. Bayesian inference can transform ER to BRB, and the BRB belief can be derived from the conditional probability in the Bayesian network. The mapping relationship between the Bayesian network and BRB is as follows: (1) The input of BRB corresponds to the parent node in the Bayesian network; (2) The Bayesian inference can transform ER to BRB; (3) The belief of BRB can be derived from the conditional probability in the Bayesian network; and (4) BRB belief rules correspond to Bayesian conditional probability distributions. This process can be described as follows:


Bayesian(parentNode,childNode,conditionalProbability)∼BRB(input,output,beliefRule).(6)

where input represents the input of BRB, which is also the prerequisite attribute. output represents the output of BRB, which is the expected effect value. beliefRule stands for the BRB belief rule. BRB(⋅) represents the constituent function of BRB. In actual milling system fault detection, the basic event causing the milling system fault is taken as the input of BRB, and the top event is taken as the output of BRB.

After the above analysis of the conversion theory of FTA to the Bayesian network and the conversion theory of the Bayesian network and BRB, the conversion mode of FTA to BRB can be obtained as follows: (1) The bottom event or basic event of FTA corresponds to the input of the prerequisite attribute of BRB; (2) The top event of FTA corresponds to the resulting output of BRB; (3) The logic gate in FTA corresponds to the belief rule of BRB. The complete transformation theory diagram is shown in Fig. 4.
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Figure 4: Milling fault detection method fault tree analysis structure diagram

In the milling fault detection method, a logic block diagram (fault tree) is combined to analyze the factors that may fail during the experiment, such as material problems, depth of cut problems, and excessive use time processes. Fault tree analysis determines the critical factors that cause faults by calculating the probability of failure for each event. It thus determines how to enhance the reliability of the system next. Integrating FTA into the hierarchical BRB model is a critical and challenging point in the modeling process.

3.1.2 Conversion Rules from FTA to Hierarchical BRB

From the above analysis, it is clear that the logical gates in the FTA correspond to the conditional probability distributions of the corresponding nodes in the Bayesian network. The related co-analyses of the FTA and BRB conversion mechanism conversion rules are added for different logic gates. This section describes the conversion rules from FTA to hierarchical BRB.

(1) Probabilistic Representation of the Conversion Rule Corresponding to Different Logic Gates

ai denotes the actual event in the FTA, and as mentioned above, the corresponding transformation expressions are different because different logic gates correspond to different transformation rules. The rule correspondence between the “and” entrance in the FTA and the conditional probability in the Bayesian network can be described by Eq. (7), and the rule correspondence between the “or” entrance in the FTA and the conditional probability in the Bayesian network can be characterized by Eq. (8).


p(H|a1,a2,…,an)=∏i=1nan,(7)


p(H|a1,a2,…,an)=∑i=1nan.(8)

(2) Describe the BRB Belief Rule and the Corresponding Rule Activation Weight of the Logic Gate

In BRB, the importance of attributes is expressed by attribute weights, and the importance of rules is described by rule weight [39]. This section describes the conversion rules corresponding to different logic gates and the activation rule weights corresponding to the conversion rules.

➢ In the “and” logic gate, the expression of the BRB belief rule is as follows.


Rk:If a1 is X1∧a2 is X2∧…∧aM is XM,Then the result is {(H1,β1),(H2,β2),…,(HN,βN)}with rule weight ηkand attribute weight ζ1,ζ2,…,ζM.(9)

The above letters are described in detail in Eq. (1). It should be noted that the corresponding symbols under the “and” logic gate are ∧. The expression for calculating the rule matching degree and the activation weight in the “and” gate case is as follows.


lik={Xiac+1−aiXiac+1−Xik=ac,Xiac≤ai≤Xiac+11−likk=ac+10k=ac,…,K, k≠ac,ac+1(10)


wk=ηk∏i=1M(lik)ζi∑i=1Kηac∏i=1M(liac)ζi.(11)

where lik denotes the rule matching degree under the k−th rule and ac denotes the two neighboring activated rules. These two rules are active when the input lies in the middle of these two rules

➢ In the "and" logic gate, the expression of the BRB belief rule is as follows.


Rk:If a1 is X1∨a2 is X2∨…∨aM is XM,Then the result is {(H1,β1),(H2,β2),…,(HN,βN)}with rule weight ηkand attribute weight ζ1,ζ2,…,ζM.(12)

In the “or” gate case, the activation weight is calculated. The matching rule-matching degree is calculated as shown in Eq. (10). The corresponding symbol under the “or” logic gate is ∨.


wk=ηk∑i=1M(lik)ζi∑i=1Kηac∑i=1M(liac)ζi.(13)

3.1.3 Construction of the Hierarchical BRB Model

How to build a reasonable hierarchical BRB model is the focus of this paper. BRB is an expert system with evidence reasoning (ER) as the reasoning machine, which can be applied to the complex nonlinear relationship between input and output. The BRB has good performance in dealing with small sample data. Therefore, using BRB models in milling fault detection methods is effective [40,41]. However, milling fault detection methods are composed of complex and too many indicators, and the problem of combinatorial explosion quickly arises when applying BRB for modeling, which affects the final results of experiments. Therefore, hierarchical BRB models are usually used to avoid this situation. The hierarchical BRB model is constructed from the bottom layer, and the basic event is combined as input. The output generates the combined result (intermediate event), which is then used as input for the next layer, and the layers have recurred until the top event is output. Layered BRB models the experiment based on the overall structure, making the investigation more efficient. Compared with the traditional BRB, the hierarchical BRB effectively reduces the redundant rules and avoids combinatorial explosion.

The rules in hierarchical BRB are as follows.


Rk:If basicEvent1 is X1∧basicEvent2 is X2∧…∧basicEventM is XM,Then the top event is {(H1,β1),(H2,β2),…,(HN,βN)}With rule weight ηkattribute weight ζ1,ζ2,…,ζM.(14)

The hierarchical BRB model of the milling fault detection method can be divided into three layers and four subsystems. The output of the basic event of the bottom subsystem can be used as input to the next layer of subsystems. The bottom input event of the first subsystem is the material and depth of cut, and the machine feed fault is output through the “and” gate. The machine feed fault and time of use are inputs to the second subsystem, and the output is tool wear through the “and” gate. The third subsystem has a DC fault and an AC fault as input events, and a shaft vibration fault is an output through the “or” gate. Finally, tool wear and shaft vibration faults are output through the “and” gate for milling faults. The hierarchical BRB can peel down the milling faults in layers to eliminate the cause of the fault and find the event or component causing the milling fault. The milling fault detection hierarchical model is shown in Fig. 5.
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Figure 5: Milling fault detection hierarchy model

3.2 BRB Reasoning Process of Milling Fault Detection Method

Based on the above analysis, a hierarchical BRB model of the milling fault detection method was developed. A Bayesian network is used to connect the FTA with the BRB. Since ER is the reasoning machine of BRB, ER can reason about each subsystem in the BRB model to obtain the result of milling fault detection. The output of the hierarchical BRB model is converted from the input information through the “and” gate and the “or” gate. The inference process is as follows.

Step 1 Initialization. Construct the belief level of the initial rule from the expert knowledge base.

Step 2 Calculate the match between input values and referential values. The calculation formula can be found in Eq. (10).

Step 3 Calculate the activation weights of the rules. The calculation formula in “and” gates is shown in Eq. (11). The calculation formula in the “or” gate is shown in Eq. (13).

Step 4 Calculate the belief level of the milling fault detection method results.


βn=ν×[∏j=1J(wkbn,k+1−wk∑n=1Nbg,k−∏j=1J1−wk∑n=1Nbg,k)]1−ν×[∏j=1J1−wk],ν=1[∑n=1N∏j=1J(wkbn,k+1−wk∑g=1Nbg,k)−(N−1)∏j=1J1−wk∑n=1Nbg,k].(15)

where J is the number of activation rules.

Step 5 Output obtained from the utility formula.


y=∑n=1Nν(Hn)βn.(16)

where y denotes the BRB model’s final output and the belief level relative to the evaluation level Hn. ν(Hn) is the utility value of Hn.

3.3 Model Optimization of BRB for Milling Fault Detection Method

This part introduces the BRB model for milling fault detection, shown in Fig. 6.

[image: images]

Figure 6: BRB model optimization process

During the experiments, the initial parameters of the hierarchical BRB model were given empirically by the experts, so uncertainties still existed. Therefore, further optimization of the initial data is required after the BRB process. To make the results obtained by the milling fault detection method more accurate, this section uses the P-CMA-ES algorithm to optimize the parameters [42,43]. The P-CMA-ES parameter optimization mechanism is introduced below.


minMSE{σ={β,η,ζ}},s.t. 0≤β≤1,0≤η≤1,0≤ζ≤1.(17)

where β denotes the belief level of the evaluation level H in the k−th rule, ηk represents the rule weight of the k−th rule. The expression is the mean square error MSE(⋅) used as the actual output.


MSE=1G∑g=1G(y∗−y)2.(18)

The above equation represents the average error of the prediction results. Where y∗ denotes the actual output result and y denotes the predicted output result. G is the number of training samples. The steps of the P-CMA-ES algorithm are described in detail as follows.

Step 1 The setting of initial parameters

qt represents the number of solutions, Fn is located in the optimal subgroup, P is the dimension of the problem, best is the optimal subgroup, and wb is the weight definition of the optimal subgroup.


∑i=1bestwb=1(w1≥w2≥…≥wbest≥0).(19)

Step 2 Sampling

Calculate the expected value of the solution of the optimal subgroup, that is, its average value, and the result is usually distributed. The calculation is as follows.


σis+1=avers+θsS(0,Ts).(20)

In the s+1 generation population, the solution of the i−th(0<i<qt) population is represented by σis+1; avers represents the average of the keys of the optimal subgroup in the total sample. That is, the average of the solutions of the optimal subset in the population; θs represents the evolutionary steps of the s generation. Ts represents the s generation covariance matrix and S(⋅) represents the normal distribution function of the data.

Step 3 Projection


σis+1(1+m×(κ−1):m×κ)=σis+1(1+m×(κ−1):m×κ)−DR×(D×DR)−1×(1+m×(κ−1):m×κ)×D(21)

where m denotes the expression for the number of variables in the equation constraint, m=(1…M), M denotes the solution of each equation constraint; κ=(1…M+1), when the equality constraint is the same, its number is represented by κ, and D is the method used to indicate that it is a parameter vector.

Step 4 Select and reorganize.

The optimal subgroup is filtered, and the solution set is calculated. The weight of the k−th(k=1…Fn) solution is denoted by sk. The calculation formula is as follows.


avers+1=∑k=1Fnskσks+k,∑k=1Fnsk=1.(22)

Step 5 Update the covariance matrix.


Ts+1=(1−c1−cFn)Tas+c1zes+1(zes+1)Ta+cFn∑k=1Fnsk(σks+1−aversθg)×(σks+1−aversθg)Ta(23)


zes+1=(1−ce)zes+ce(2−ce)(∑k=1FnSk2)−1×aversavers+1θg(24)


θs+1=θsexp⁡(cθoθ(‖zτs+1‖‖S(0,E)‖−1))(25)


zθs+1=(1−cθ)zθs+ce(2−ce)(∑k=1Fnsk2)−1×Ts−12×avers+1−aversθs(26)

where c1,cFn,ce,cθ is used to denote the learning rate; zθs denotes the s−th evolutionary step zθs=0; the evolution of the s−th covariance matrix is denoted by zes and zes=0; E denotes the unit matrix; and oθ denotes the damping coefficient.

The P-CMA-ES algorithm is an improved algorithm based on the original CMA-ES algorithm, which is an excellent global optimization algorithm. In this paper, this algorithm can successfully solve the constraint problems in the BRB model and effectively optimize the experimental results [44].

4  Case Study

Fault detection has an essential application in milling faults. Experts and scholars have valued the reliability of the data, and many experts and scholars have tested mills for defects in terms of parts, but only some have profiled the data. In a milling system, many factors can cause the system to malfunction, such as usage time, feed rate, and the degree of wear on the tool’s face. Therefore, when a milling system fails, it is challenging to determine which component or parts have failed. While FTA has traceability, the FTA method is used to obtain the failure factors and a summary of the data it collects; hierarchical BRB can analyze conflicting data, describe the global uncertainty and ensure the reliability of the data. Therefore, a process-traceable and result-interpretable model can be obtained by combining FTA and hierarchical BRB to construct a model through the transformation mechanism. In this way, in experiments, it is possible to trace the fault factors from the fault perspective and to study which faults may be caused by the fault factors.

To verify the effectiveness and performance of the above hierarchical BRB, this section uses the shaft vibration sub-fault tree in milling faults as the object of study. When DC or AC power fails, shaft vibration may die in this part. Selecting the correct dataset is also an essential part of the experiment, and a suitable dataset can better demonstrate the experimental results. The data set used for the experiments was collected from the laboratory platform of the literature [45]. To display the effectiveness of the milling fault detection method based on fault tree analysis and belief rule base, a milling dataset with eight attributes is investigated in this paper, which includes material, depth of cut, machine feed fast and slow, time, axis vibration fault, tool damage degree, DC and AC. One hundred sixty-seven data items are included in the dataset, of which 120 are training samples and 47 are test samples. The detailed fault detection indicators and fault types are shown in Table 2. The data are normalized after the initial parameters are selected when training the dataset.

In this subsection, a case study is selected for presentation. As a typical complex electromechanical system, the overall health status of the milling system is closely related to the level of several components. FTBRB, as a general fault detection and diagnosis model, is also applicable to the fault detection of the overall milling system. However, the difference in the fault detection and diagnosis process is mainly reflected in the following two aspects: (1) The model structure is more complex. Before the FTBRB model is used to evaluate the health status of the overall milling system, it is necessary to distinguish different faults and fault indicator levels. The fault detection and diagnosis system, as shown in Fig. 5, is described hierarchically. On this basis, the initial BRB model of the overall milling system is constructed based on expert knowledge and practical management experience. (2) The model has more parameters to be optimized. As the number of fault indicators in the fault detection index system of the overall milling system increases, the number of parameters to be optimized in the FTBRB model will also increase. Maintaining model interpretability across a wider range of indicators is also a focus of subsequent research.

4.1 Establishment of FTBRB Model for Milling Fault Detection

4.1.1 Construction of Hierarchical BRB Model

A preliminary sub-fault tree for shaft vibration faults was constructed in the above manner to clarify the logical relationships between inputs and outputs and the root cause of shaft vibration faults. The sub-fault tree for the shaft vibration fault is shown in Fig. 5. A small portion of the box in Fig. 5 was selected as a case study for this experiment. In Fig. 5, the DC Fault and AC Fault as the BRB inputs correspond to the FTA’s bottom event. Shaft vibration fault acts as the output of the BRB, corresponding to the top event in the FTA. These attributes and results were normalized to between 0 and 1 in the experiment to represent the failure probability of the bottom event and the occurrence probability of the top event.

4.1.2 Constructing the Initial Belief Rule Base

The initial values in the hierarchical BRB are constructed through the expert knowledge base with the following construction rule. The probability of fault occurrence is evaluated as the belief level of class, the belief level of course where {(H1,β1),(H2,β2),(H3,β3)} represents the probability of fault occurrence is evaluated as the belief level H1 of class β1, the belief level H2 of course is β2, and the belief level H3 of class is β3. This belief distribution is also used as the detection result of the fault detection model, reflecting the probability of a milling system fault occurring.


Rk: If DC Fault is X1∧AC Fault is X2,Then the shaft vibration fault is {(H1,β1),(H2,β2),(H3,β3)}with rule weight ηkand attribute weight ζ1,ζ2.(27)

4.1.3 Setting the Referential Point and Value of the Referential Point

When constructing the hierarchical BRB model, it is necessary to set appropriate referential values. To ensure that the program can run successfully and efficiently, four referential points and referential values are set for each attribute in this paper, as shown in Table 5. The two prerequisite attributes’ corresponding referential levels represent high, medium, and low levels. The corresponding referential levels are excellent, medium, and poor, which reflect the probability of failure. The following is an example. In BRB2, the DC Fault and AC Fault are used as two basic events and prerequisite attributes for the input of the FTBRB model. The shaft vibration fault is used as the top event and as the FTBRB model’s output label.

[image: images]

4.2 Training and Optimization of FTBRB Model for Milling Fault Detection

4.2.1 Optimization of FTBRB Model Parameters and Results

The initial parameters of the hierarchical BRB model are given by experts, who need to be clearer and more knowledgeable. When using the initial hierarchical BRB model for milling fault detection, it may be influenced by the surrounding environment and reduce the evaluation accuracy of the model. Therefore, the initial parameters need to be adjusted, and the output accuracy of the milling fault detection model needs to be optimized. This experiment uses the P-CMA-ES optimization algorithm to make the initial parameters more reasonable and the experimental results more accurate. The optimized parameters are shown in Table 6, where the rule weight denotes the optimized rule weight, and the Output denotes the optimized belief level.

[image: images]

4.2.2 Experimentally Fitted Images

The milling dataset is used to validate the experimental data, and DC and AC are used as the model’s inputs. A comparison of the experiments' actual values and the constructed model's output is given in Fig. 7.

[image: images]

Figure 7: Comparison of the fundamental values and the output values of the constructed model

As seen in Fig. 7, the actual results of this experiment are in good agreement with the predicted results. The fluctuation range of the experimental accuracy can be obtained through the investigation. The accuracy of this experiment reaches 96.17%, which indicates that the new method proposed in this paper successfully achieves the desired results and shows that the hierarchical BRB model established at this time works well.

4.2.3 Comparison Experiment

Comparative experiments were conducted to demonstrate the proposed method's advantages; more comparative. In this part, backpropagation neural networks (BPNNs), extreme learning machines (ELMs), and radial basis functions (RBFs) were selected as three other groups of comparison experiments. The fitted images of these three comparison experiments were drawn, and the average accuracies of the experimental results of these methods were 86.81%, 83.62%, and 82.23%, respectively.

The results of the comparison experiments show that the average accuracy of the experimental results of the ELM, BPNN, and RBF methods is low reasonable, which are 86.81%, 86.32%, and 82.23%, respectively. However, although ELM, BPNN, and RBF can detect milling faults, the proposed method in this paper still needs to be interpreted. The accuracy of the new method proposed in this paper is more guaranteed when applied to milling fault detection. Meanwhile, it is shown that the hierarchical BRB model achieves good results. Ten experimental fitted images of BPNN, ELM, and RBF are demonstrated in Figs. 8–10.

[image: images]

Figure 8: BPNN experimental fit image
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Figure 9: ELM experimental fit image
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Figure 10: RMF experimental fit image

The BPNN method was performed for ten experiments, and the average accuracy obtained was 86.81%.

The ELM method was performed for ten experiments, and the average accuracy obtained was 83.67%.

The RMF method was performed for ten experiments, and the average accuracy obtained was 86.81%. To show the comparison results more intuitively and model reflect the FTBRB model’s advantages, the accuracy of each model is presented in Table 7. The prediction curves are combined to make the comparison more intuitive, as shown in Fig. 11.

[image: images]
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Figure 11: Prediction curve comparison image

4.2.4 Experimental Conclusion

This experiment demonstrates the feasibility of applying the hierarchical BRB in combination with FTA for milling fault detection. Three comparative experiments verify the superiority of using the hierarchical BRB model. The accuracy of the method described in this paper is improved when compared with the BPNN, ELM, and RBF methods. More notably, the accuracy of the models used in these three methods reached approximately 90%, while the accuracy of the model proposed in this paper still improved. Thus, it can be inferred that among the four methods applied to milling fault detection proposed in this paper, the basic fault tree analysis and the hierarchical BRB milling fault detection method achieved more satisfactory results in the experiments. The experimental results outperform the other three methods regarding image fit and detection accuracy, proving this experiment’s feasibility.

The FTBRB model proposed in this paper has a better image fit and higher accuracy than the three models in the comparison experiments for the following reasons. First, the FTBRB model introduces a fault tree and an expert knowledge base, which can better trace the faults and solve model uncertainty, which the other three models cannot. Second, the FTBRB model can ensure the high accuracy of the model with small samples, while the accuracy of data-driven BPNN, ELM, and RBF models depends on the data samples. Third, the modeling and inference process of the FTBRB model is transparent and explainable. The FTBRB embeds the FTA mechanism into the hierarchical BRB model, making the modeling process more reasonable. In contrast, the inference process of data-driven ELM, BPNN, and RBF models must be interpretable. Fourth, the FTBRB model can handle qualitative and quantitative information, while the data-driven BPNN, ELM, and RBF models cannot handle qualitative information.

The experiments conducted in this paper have achieved the expected results. The comparative experiments demonstrate the feasibility and effectiveness of embedding the FTA into the hierarchical BRB model. Therefore, the milling fault detection method based on fault tree analysis and hierarchical BRB can be applied to reality, and good feedback can be obtained.

5  Conclusion

A new fault detection model based on fault tree analysis (FTBRB) is proposed for the problem of complex modeling of the milling fault detection model. The model accurately sorts out the logical relationships among the fault indicators of the milling system and embeds its mechanism into the expert knowledge base of the BRB. This is crucial to improve the accuracy of the milling fault detection model.

The FTBRB model achieves better results regarding model accuracy and inference interpretability. (1) FTBRB extends the expert knowledge base by FTA, which improves the ability of the model to describe the problem and applies to the case of small sample data; (2) the model is constructed based on BRB and described by if-then rules, which can trace the cause of the fault, and the results are interpretable; (3) the FTBRB model uses the training sample data to achieve the optimization of parameters, which ensures the accuracy the model’s; (4) unlike traditional data-driven methods, the model has high accuracy.

When the number of milling fault indicators and referential points increases substantially, it may cause the problem of the complex network structure of the FTBRB model. Based on the FTBRB model proposed in this paper, future research can also be conducted in the following two aspects. (a) Research on the theoretical transformation of fuzzy fault trees and interval BRBs. (b) Research on milling fault diagnosis based on interpretable BRB.
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Table 4: The meanings of each letter

Symbol Meaning

x1 Material issue

x2 Cutting depth issue
x3 Excessive use time

x4 DC fault

X5 AC fault

yl Machine feeding fault
y2 Knife wear

y3 Shaft vibration fault

Top Milling fault
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Table 7: Each model and its average accuracy rate

Method FTBRB BPNN ELM RMF

Accuracy rate 91.49% 80.85% 70.21% 70.71%
93.62% 82.98% 74.47% 70.71%
93.62% 82.98% 78.72% 72.34%
95.74% 85.11% 80.85% 72.34%
95.74% 85.11% 82.98% 72.34%
97.87% 87.23% 87.23% 91.49%
97.87% 89.36% 87.23% 91.49%
97.87% 89.36% 89.36% 91.49%
97.87% 91.49% 91.49% 93.62%
100% 93.62% 93.62% 95.74%

Average accuracy rate  96.17% 86.81% 83.62% 82.23%
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Table 1: Examples of belief tables
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Table 6: Optimized parameters table

ID DC fault AC fault Rule weight Output {(H,, B)) , (H,, B,) , (H, B3)}
1 1 0.4852 1 {0.9544,0,0.0456}

2 1 0. 4852 0.7223 {0.7095,0,0.2905}

3 1 0. 4852 0.5659 {0.1714,0.1714,0.6572}
4 1 0. 4852 1 {0.6551,0.3449,0}

5 1 0. 4852 1 {0.5486,0,0.4514 }

6 1 0. 4852 0.5757 {0.7918,0.2082,0}

7 1 0. 4852 1 {0.5815,0,0.4185}

8 1 0. 4852 0.6695 {0.3333,0.3333,0.3337}
9 1 0. 4852 0.4658 {0.2447,0.7553,0}

10 1 0. 4852 0.5386 {0.90000,0.1000,0}

11 1 0. 4852 0.8686 {0.1225,0.7550,0.1225}
12 1 0. 4852 0.1553 {0, 0.8032,0.1968}

13 1 0. 4852 0.8853 {0.4311,0.4877,0.0812}
14 1 0. 4852 1 {0.3511,0.2410,0.4079}
15 1 0. 4852 0.4921 {0,0.8523,0.1477}

16 1 0. 4852 1 {0,0.8992,0.1008}
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Table 2: Strength of “and” logic gate coupling (Conditional Probability)

a, 1 0
a, 1 0 1
a, 1 0 1 0 1 0 1 0 1 0
1 0 0 0 0 0 0 0 0 0
0 0 1 1 1 1 1 1 1 1 1
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Table 5: Referential value of data in hierarchical BRB

Class DC fault AC fault Shaft vibration fault

Referential value  [1.0,0.8,0.4,0] [1.0,0.7,0.3,0]  [0,0.5,1.0]
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