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Abstract 

This paper presents an approach for the fault diagnosis in the state of fault in a machine by using a 

combination of the Dempster–Shafer (D-S) theory. At the first, feature extractions in each state have 

been combined based on evidential reasoning (ER) using kind of sensor information such as vibration, 

acoustic, pressure, and temperature, to detect and diagnose machine failure. Then, the main fusion will 

be obtained. In this process, the mass function assignment of any sensors to feature extraction, 

respectively, in every state of the machine is fused to indicate state quality. Within this framework, we 

propose a new way for main fusion to derive a consensus decision for fault diagnosis. In this paper, an 

approach developed to apply the evidential reasoning by defining adaptively weights into the 

improvement of the D–S evidence theory instead of the probability theory and the D–S evidence theory 

alone. Instead of using the evidential reasoning approach, this new approach applies entropy weighting 

in the D-S theory, in which all available data are used for making a decision. Entropy weighting can 

measure the uncertainty level of the fault decision and assist in obtaining a less uncertain fault decision. 

It is defined adaptively weights based on ambiguity measures associated with information obtained 

from each sensor. The ambiguity measure is defined by Shannon’s entropy. Many industries  use old 

machines due to cost savings or lack of purchasing power. Maintenance policies in these factories  are 

based on determining their fault experimentally and traditionally. Therefore, the main goal of this paper 

uses the improved evidence reasoning algorithm using a kind of sensor information to carry out fault 

diagnosis in these industrials. Then, a numerical example and a case study involving the ball mill 

machine in fault diagnosis are presented to show the rationality and efficiency of the proposed method. 

 

Keywords: evidential reasoning algorithm (ER algorithm); information fusion; fault diagnosis; multi-
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1. Introduction 

The performance of structures, the principle of machines, and mechanical systems deteriorate 
during their service life. Therefore, the ability to fault diagnosis of these systems is becoming 
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increasingly important from both economic and life-safety viewpoints. A single sensor cannot 

reliably obtain all the information required for fault diagnosis; thus, machine diagnostics are 

typically a multi-sensor fusion problem. Data fusion is a formal framework in which are 

expressed means and tools for the alliance of data originating from different sources. It aims at 

obtaining information of greater quality; the exact definition of greater quality will depend 

upon the application. In a process of fault diagnosis, according to the different stages of 

component testing, the method of the fault diagnosis revolves around two main questions (Basir 

and Yuan 2007); (1) How to acquire precise and reliable information cues about potential faults 

by incorporating complementary, and possibly redundant, multiple sensors. (2) How to fuse 

decisions that are derived based on multi-sensor data, which can be imprecise, and conflicting. 

There has been a substantial amount of research work conducted in the area of decision fusion 

about making more reasonable inferences based on sensor information. Most of these methods 

to fault diagnosis are built around of artificial neural network (ANN) (Cheng et al., 2016; 

Torabi et al., 2016, Yu et al. 2015; Besma et al. 2015; Guedidi et al. 2013), Bayesian inference 

(Huang et al. 2008; Wang et al. 2016; Cai et al. 2016; Yu 2013), fuzzy logic inference (Laala 

et al. 2013; Yaghoubi and Amiri, 2015; Rodríguez Ramos et al. 2017; Hang et al. 2016; Zhang 

et al. 2017) and D-S theory (Oukhellou and Debiolles, 2010; Bhalla et al. 2013, Hoou et al. 

2017, Moosavian et al. 2015) and the other methods and application (Mabrouk et al. 2015, 

Sakhara et al. 2016).  

Although there is a lot of fault diagnosis method, these lead to little attention to the 

consequences of uncertainty. Each traditional technique has been developed based on utilities 

for fault diagnosis. For example, ANN, in general, has been used to deal with a classification 

problem in fault diagnosis (Bhalla et al. 2013) and fuzzy inference has been developed to 

handle perception-based imprecise information (Verbert et al. 2017). Such methods, however, 

are adopted assumptions regarding the uncertainty, but they are not clearly and adequately 

express the uncertainty in the process of fault diagnosis (Verbert et al. 2017). Among them, the 

D-S theory provided a technique to fuse evidence that is obtained from various sources. The 

D-S theory is an extension of Bayes’ theory that is frequently used as a method for dealing with 

uncertain information (Shafer, 1976). Though Bayesian inference can be employed to 

determine the probability of the correctness of a decision based on prior information, it has 

some disadvantages: (1) the knowledge required to generate the prior probability distributions 

may not be available; (2) instabilities may occur when conflicting data is presented and/or the 

number of unknown propositions is large compared to the known propositions; (3) information 

available to the decision-maker must be characterized by a specific distribution or an exact 

assertion of the truth of a proposition; and (4) it offers little opportunity to express incomplete 

information or partial belief (Fan et al. 2006, Petersen et al. 2000, Kaftandjian et al. 2003, 

Parikh et al. 2001) reported the application of the D-S theory in fault diagnosis and defect 

inspection.  

Meanwhile, the evidential reasoning approach is established based on both the D-S theory and 

decision-theory (Jian-Bo and Singh 1994) and has been extensively developed in all kinds of 

industries to solve multi-attribute decision-making (MADM) problems under uncertainty (e.g. 

Guo et al. 2008, Tang and Wu 2011, Singh et al. 2016,). However, most existing ER approach 

about fault diagnosis has affected significant advancements, but none of the above approaches 

are considered the relative importance of uncertainty subsequently in a different stage of 

algorithm deal with incomplete information in the decision-making process (such as; 

uncertainty about machine feature extractions, total uncertainty in a main fusion of multi-

sensor, etc.). Since available data, which are resulted from multi-sensor may be incomplete, 

imprecise, or incorrect, as well as, human errors of each expert who have evaluated the system's 

performance, are usually led to the uncertain information and knowledge relating available 

data, this paper is focused on a method which is considered a different level of uncertainty in 

http://jiems.icms.ac.ir/?_action=article&au=134802&_au=Ali++Yaghoubi
http://jiems.icms.ac.ir/?_action=article&au=156771&_au=M.++Amiri
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a fault diagnosis decision-making process to minimize the uncertainty and increasing 

identification accuracy using ER algorithm.  

Thus, the objective of this paper is to propose an improved evidential method, which is 

conceptually simple, and yet can provide much better accuracy and less uncertainty. Therefore, 

a new method for a fault diagnosis problem is demonstrated on the states of the ball mill 

machine using multi-sensor measurements under uncertainty. The basic idea is to obtain the 

appropriate weights for different reports. So, the difference between the two BPAs is measured 

by belief function. Also, the diversity degree among BPAs can be obtained by combining 

evidence. According to it, the weight of each BPA can be determined. Finally, we can decide 

on fault diagnosis by using the Dempster combination rule. An application in fault diagnosis 

and an example show that our proposed approach can not only increase the accuracy of fault 

diagnosis but also decrease the uncertain information volume, which is more reasonable. 

Because of the effectiveness of the D-S theory and ER algorithm to handle uncertainty and to 

determine the fault states in fault decision-making problems, the proposed method used this 

theory when the obtained information is incomplete using a multi-sensor. In the proposed 

method, a new multi-sensor data fusion technique is introduced based on the D-S theory, 

evidential reasoning, and entropy weighting to diagnose machine failure. Each sensor 

measurement is considered as a piece of evidence that reveals some information about the state 

of the machine, also, sensors' relative importance is considered. It seems that the fault 

identification method based on the weighted and selective information fusion technique can 

improve fault identification accuracy in comparison with evidential reasoning (ER) algorithm 

alone and direct information fusion techniques when wide uncertainty is considered to fault 

decision and the increasing identification accuracy. 

A new method is used in a real case study to determine the reliability and confidence extent of 

the fault diagnosis decision when the available data are insufficient, helping us to make 

decisions. After calculating the basic probability of machine states with assigned weights and 

aggregate probability mass of feature extractions in each state, main fusion based on entropy 

weighting can be calculated, the result shows that the uncertainty of fault diagnosis decision 

for states of the machine is reduced while the information fusion technique can improve fault 

identification accuracy in comparison with direct information fusion techniques. Based on the 

uncertainty quantification (UQ) framework in an engineering system, evidential reasoning 

(ER) approach has been developed for supporting such decision analysis. This paper is 

organized as follows. In section 2, we introduce some concepts of the D-S evidence theory. 

Section 3 describes the ER algorithms. In this algorithm, we are going to fuse the feature 

extractions from each state of the machine. The process is described as three steps. In section 

4, the main fusion technique based on entropy weighting is proposed. Section 5 describes a 

numerical example in which we demonstrate the effectiveness of the proposed fault detection 

approach. Conclusions and summary are presented at the end. 

2. literature review 

In a mechanical machine, which might have many components, some systems are very 

complex, reflecting with each other (Yang et al. 2018). when something happens unexpectedly 

in the systems and causes various problems due to different reasons, such as bad condition or 

environment, human mistake, or a long time of working. Thus, multi-sensors can be reported 

information that is extremely significant to make a reasonable decision in fault diagnosis 

(Zhang and Deng. 2018). To make a logical decision when using multi-sensor and data fusion 

methods, some works have been proposed to handle uncertainty (Rong et al., 2018; Meng et 

al. 2018), such as fuzzy set theory (Xiao and Ding. 2018; Zhang and Deng. 2018), Z numbers 

(Kang et al. 2019), D numbers (Xiao, 2018), R numbers (Seiti and Hafezalkotob, 2019) and so 
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on. One of the most used math tools in sensor data fusion is evidence theory (Shafer, 1967). 

Uncertain information can be modeled with basic probability assignments efficiently rather 

than many methods (Han and Deng, 2018b). Also, the Dempster rule can efficiently combine 

the sensor reports from different sources (Zhang et al. 2017). Evidence theory is known as the 

de facto standard in decision making, due to the desirable properties (Deng et al. 2019) in 

various research such as; risk and reliability analysis (Meng et al. 2019), system optimization 

(Xu et al. 2016), and pattern recognition (Han and Deng, 2018). However, an open issue of 

evidential sensor data fusion is that the illogical results will be obtained when sensor reports 

conflict with each other to a high degree (Sun and Deng, 2019). Many methods were presented 

to address this issue (Wang et al. 2018). For example, Smets and Kennes (1994) defined the 

conjunctive and disjunctive rules, Yager (1987) presented the process of normalizing in D-S 

combination rule, Murphy (2000) combined the conflicting evidence with the average 

operation, Fan and Zuo (2006) proposed a combination method to fuse conflicting evidence in 

fault diagnosis, Dubois and Prades method (1988), Lefevre et al. (2002) and so on. Jiang et al. 

(2016) applied belief entropy into sensor data fusion and received the best performance. 

These methods have some advantages and disadvantages, for example; one of the 

disadvantages is that some information is not fully used, Jiang et al. (2016) proposed an 

evidential sensor fusion method in fault diagnosis but they are not considering the distance 

information and the difference of information. In this paper, we tried to propose an improved 

evidential method, which is conceptually simple, and yet can provide much better accuracy and 

less uncertainty. 

The basic idea is to obtain the appropriate weights for different reports. The difference between 

the two BPAs is measured by belief entropy (Deng, 2016). Then the diversity degree among 

BPAs can be obtained by combining evidence that is the difference (Jousselme et al., 2001). 

According to it, the weight of each BPA can be determined by entropy. we can decide for fault 

diagnosis by using the Dempster combination rule. An application in fault diagnosis and an 

example show that our proposed approach can not only increase the accuracy of fault diagnosis 

but also decrease the uncertain information volume, which is more reasonable. According to 

the proposed method, a real application in fault diagnosis and an example are given as follow 

section. Furthermore, in fault diagnosis and other sensor data fusion systems, the reports of 

different sensors may be influenced by some complex environments, leading them less reliable. 

Therefore, how to efficiently determine the reliability of each report, or to say, the weight of 

each report is very important. To address this issue, we propose an improved method based on 

the belief of entropy and uncertain evidence. The method considers both the degree of conflict 

and the difference of information volume among the evidence. An application and an example 

illustrate the efficiency of the method in evidential sensor fusion. It shows that the proposed 

method is more efficient for highly conflicting evidence with better performance of 

convergence and less uncertainty, compared with the existing methods. Some related 

advantages and disadvantages of different methods are discussed as follows. 
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Table 1. Some studies conducted by researchers  

3. D-S (evidence) theory 

The D-S theory was initially introduced by Dempster (1968) and then Shafer showed the 

benefits of belief functions for modeling uncertain knowledge (Shafer 1976). The D-S theory 

allows one to combine evidence from different sources and arrive at a degree of belief that 

takes into account all the available evidence. It is represented by a belief and plausibility 

function. The probability in 𝐴 falls somewhere between 𝐵𝑒𝑙(𝐴) and 𝑃𝑙(𝐴). 𝐵𝑒𝑙(𝐴) represents 

the evidence, we have for 𝐴 directly. Therefore, the probability (𝐴) cannot be less than this 

value. 𝑃𝑙(𝐴) represents the maximum share of the evidence, which can be assigned for all sets 

that intersect with 𝐴. In this section, some mathematical elements of the D-S Theory are 

recalled. 

3.1. Basic concepts  

Let Θ = {A1, A2…, AN} be a frame of discernment, in which all elements are assumed to be 

mutually exclusive and exhaustive. The power set of Θ  is denoted by   = AA2  Basic 

Probability Assignment (BPA) is a function that can be mathematically defined by 
2 in  1,0 , 

such that, 0)( =m  where   denotes an empty set, and


=
A

Am 1)( . The belief function (𝐵𝑒𝑙) 

and the plausibility function (𝑃𝑙) are defined as follows:  
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which )(ABel  represents the sum of masses in all subsets of A , whereas, )(APl  corresponds 

to the sum of masses committed to those subsets which don’t discredit A  (F. Khalaj and M. 

Khalaj, 2020; M. khalaj et al., 2020). 
 

Research Reference Field and subject Description 

Dempster's method 

 
(Dempster, 1968) 

Deal with imprecise and uncertain information 

is widely used in fusing information. 

When it comes to highly 

conflicting evidence, the 

method will always lead to 

some illogical results. 

Murphy’s 

method 
(Murph, 2000) 

Uses an average operation to combine the 

conflicting evidence, which can deal with 

highly conflicting evidence to some extent. 

The difference and 

relationship of evidence are 

neglected. 

Deng’s method (Deng et al. 2004) 

It is different from Jiang’s method; evidence 

distance is used to calculate. The weight rather 

than the belief entropy. 

The similarity between the 

two pieces of evidence is 

proposed. 

Jiang’s method (Jiang et al. 2016) 

Belief entropy is used to calculate the weight 

of each evidence. It considers the difference in 

evidence. 

makes it more reasonable 

than Murphy’s method 

The proposed 

method 
- 

Considering both belief entropy and evidence 

distance, which has a better result. Although it 

might be not very suitable in some situations 

It leverages the advantages 

of Jiang’s method and 

Deng’s method. 

file:///C:/Users/asus/Downloads/Manuscript-2.docx%23shafer16
file:///C:/Users/asus/Downloads/Manuscript-2.docx%23shafer16
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3.2. Combination of belief functions 

Multiple evidence can be fused by using Dempster’s combination rules, shown in equation (2), 

which also is known as the orthogonal sum. This sum is both commutative and associative. 
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where the term k  is called the conflict factor between two pieces of evidence, it reflects the 

conflict degree between them.  
 

3.3. Evidence reliability 

When the information is provided by sensors, which are not reliable to result in the belief 

functions, a coefficient   is used to discount the belief. This coefficient will transfer the belief 

into the set  . Thus, the discounted belief function m  can be obtained by the following 

formula (Shafer 1976) 
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4. Feature extractions fusion using ER algorithm 

As (Jian-Bo and Xu 2002, Yang 2001) many multiple attributes decision analysis (MADA) 

problems are characterized by both quantitative and qualitative attributes with various types of 

uncertainties. Incompleteness (or ignorance) is among the most common uncertainties in 

decision analysis. The evidential reasoning (ER) approach has been developed in the 1990s 

and in recent years to support the solution of MADA problems with ignorance as a kind of 

probabilistic uncertainty. The ER algorithm that satisfies several common-sense rules 

governing any approximate reasoning based aggregation procedures. In this paper, the ER 

approach is developed to aggregate feature extractions in any state of the machine using the 

sensor information. The process is briefly described as the following steps to generate an 

overall assessment by aggregating subjective judgments. 

Step 1: Definition and representation of a multiple feature extraction 

Define a set of L basic feature extractions in every state which is denoted by  LeeeE ,,, 21 =

. Suppose the breakdown is complete; the L basic feature extractions include all the factors 

influencing the assessment of the general feature extractions. Estimate the relative weights of 

the feature extractions where 
iw  is the relative weight for basic feature extraction 

ie  and is 

normalized so that 10  iw  and equation (5) are fulfilled. (The sum of the weights must be 

one for each state). 
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Define N distinctive machine states nA as a complete set of standards for assessing each option 

on all feature extractions in each state.  nAAAH ,,, 21 = . For each feature extractions
ie and 

machine states
nA , a degree of belief

n is assigned. The degree of belief denotes the source's 

level of confidence when assessing the level of fulfillment of a certain property.  

Step 2: Basic probability assignments for each basic feature extraction  

Let m be a basic probability mass representing the degree to which the i th basic feature 

extractions 
ie  support a hypothesis that the general feature extractions are assessed to the n th 

the machine states 
nA . 

Nnwm iniin ,1,, ==                                                                                                                 (6)    

Let iHm ,  be the remaining probability mass unassigned to each basic feature extractions
ie , 

iHm ,  is calculated as follows: 
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Step 3: Combined probability assignments for a general feature extraction 

In this step, the assessments of the basic feature extractions that constitute the general property 

are aggregated to form a single assessment of the general property. The probability masses 

assigned to the various assessment states as well as the probability mass left unassigned are 

denoted by: 

 

)(,)(,)(,
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~~

HIH mm =  and 

1,)1(, HIH mm = . 

 

The combined probability masses can be generated by aggregating all the basic probability 

assignments using the following recursive ER algorithm: 
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We continue to let 1i = , which leads to that in Eq. (11) the termsmeasures the 2,nm and  1,nm   

and  degree of both feature extractions 1e  and 2e  supporting the general features extraction to 
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assesses 
nA . The terms 1,nm  and 2,Hm  measures the degree of only 1e  supporting to assesses

nA . The term 1,Hm  , 2,nm  measures the degree of only 2e  supporting to assess
nA . 
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In Eq. (14) the terms 1,
~

Hm and 2,
~

Hm  measure the degree which cannot be assessed to any 

individual states due to the incomplete assessments for both 1e  and 2e . The terms 1,
~

Hm and 

2,Hm  measure the degree which cannot be assessed due to the incomplete assessments for 1e . 

The terms 1,Hm and 2,
~

Hm  measure the degree which cannot be assessed due to the incomplete 

assessments for 2e . In Eq. (13), the terms 1,Hm and 2,Hm  measure the degree which has not yet 

been assessed to individual states due to the relative importance of 1e  and 2e  after 1e  and 2e  

have been aggregated. )2(,IHm and )2(,Inm as calculated by Eq. (14) is used to normalize )2(IK   

so that 1)2(,

1

)2(, =+
=

IH

N

n

In mm  

5. Main fusion based on entropy weighting 

Let us return to the fault diagnosis problem with N  state of the machine  1 2
, , , .

N
H A A A=

 

Also assume that we test these states using M  sensor information ( MSSS ,,, 21  ), 

respectively. We combined the information from each sensor for every state of the machine to 

indicate the quality of every state. Each probability assignment is considered as the belief 

quantified for feature extractions from the information source provided by the multi-sensor. 

However, this information does not by itself provide 100% certainty as complete evidence 

sufficient for making decisions about the fault in the state of the machine. Therefore, it may be 

helpful to identify somehow the quality of information regarding the multi-sensor and to take 

this measure into account the main fusion. Intuitively, if the uncertainty associated with i th 

sensor is high, it would make us more ambiguous in the decision making. This way of defining 

weights associated with the main fusion using the measure of Shannon entropy as following 

(Huynh et al. 2009). Let us denote  )( ji Am  calculated BPA  of j th state ( Nj ,,2,1 = ) 

regarding the i th sensor. Then the weight is defined by (Huynh et al. 2009):  
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Where H  is a Shannon entropy expression as following:  
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Now, our purpose is to combine all pieces of evidence  )( ji Am   from individual sensor  

( MSSS ,,, 21  ) taking into account their weights’ 
iw  

respectively, to overall mass function 

)(Am  for making a final decision. Where ),,,( 21 NAAAA =  indicate the different states of 

the machine. Formally, such an overall mass function )(Am  can be formulated in the general 

form of the following: 

 

 )()(
1

jii

M

i
AmwAm =

=  (17) 

 

where   is the discounting operator and   is a combination operator. Two useful operations 

that play a central role in the manipulation of belief functions are discounting and Dempster's 

rule of combination. The discounting operation is used when a source of information provides 

a BPA m, but one knows that this source has a probability  of reliability (Huynh et al. 2009). 

Then one may adopt −1  as one's discount rate, which results in a new BPA m defined by 

Eq. (6). Accordingly, Eq. (17) represents the proposed weighted coefficient associated with the 

machine fault diagnosis where   )(log)( NAmH ji   and 10  iw . It is similar to the formula 

in reference (Huynh et al. 2010). The effectiveness of such a mechanism depends on 

uncertainty regarding fault sources based on available evidence. This proposed method offers 

an entropy weighting to calculate the measure of uncertainty level. 

As mentioned in Shafer (1976), an obvious way to use discounting with Dempster’s rule of 

combination is to discount all mass functions  )( ji Am  ( Mi ,,2,1 = ) at corresponding rates  

(
iw−1 ) ( Mi ,,2,1 = ) before combining them. This discounting–and–orthogonal sum 

combination strategy is carried out as follows. First, from each mass function  )( ji Am  and its 

associated weight i
w , we obtain the corresponding discounted mass function, denoted by 

 )( ji Am


 , as follows: 
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Then, Dempster’s rule of combination allows us to combine all  ji Am (


, ( Mi ,,2,1 = ), 

under the independent assumption of information sources for generating the overall mass 

function )(Am . Note that, by definition, focal elements of each  ji Am (


 are either singleton 

sets or the whole frame of discernment. It is easy to see that ( )m A  also verifies this property if 

applicable. Final combines a collection of  ji Am (


 ( 1,2, ,i M= ) is calculated as follows: 
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For example, ( )m A  after using i th and t th sensors are calculated as follows:  
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Where, 
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(22) 

Eqs. (20) and (21) is discounting-and-orthogonal sum combination (Dempster's rule of 

combination), which strategy is carried out as follows, First, from each mass function   and its 

associated weight, it is obtained the corresponding discounted mass function, denoted by, 

second, under the independent assumption of information sources for generating, (based on the 

formula (18) and (19), after discounting strategy), a combination of all is done based on Eqs. 

(20) and (21). The effectiveness of such a mechanism depends on uncertainty regarding fault 

sources based on available evidence. This proposed method offers an entropy weighting to 

calculate the measure of uncertainty level. 

6. Case study  

 

Conditional monitoring is a process of monitoring a parameter of a condition in machinery, 

such that a significant change is indicative of a developing failure. It is a major component of 

predictive maintenance. The use of conditional monitoring allows maintenance to be 

scheduled, or other actions to be taken to avoid the consequences of failure before the failure 

occurs. Nevertheless, a deviation from a reference value (e.g. acoustic emission or vibration 

behavior) must occur to identify impending damages. In this work, an attempt has been made 

to monitor the tool condition (in-process) using an acoustic emission sensor and vibration 

sensor in a milling machine. In this section, an example is given to explain the proposed method 

of the sensor fusion system. In the example, we demonstrate how the proposed method can be 

used to decide the fault state machine.  

 

 
Figure 1. The ball mill machine 

One of the more critical machines in milling is often the ball mill. It is a cylindrical device used 

in grinding (or mixing) materials like ores, chemicals, ceramic, raw materials, and paints 

(Fig.1). If the ball mill is not capable of thinning the material, no product leaves the plant. 

The major components of the ball mill at one steel facility are the pair of large spools that feed 

material into and out of the mill. Each spool is operated by a set of 2000kW variable frequency 
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drive motors, which power a gearbox that in turn drives the spools (Fig.1). The reliability of 

such a motor/gearbox combination is critical to the product output of the steel mill, by 

monitoring acoustic emission inside a reservoir and gearbox bearing vibration with two 

sensors, imminent failure was avoided at this facility. The ball mill is a low-speed rotating 

cylindrical or conical roller that ends in a steel drum. Work on the cylinder of steel balls 

constantly hit and extrusion. In a low-speed rotary machine like the ball mill machine, the 

acoustic sensor has higher importance than other sensors because we know the status of the 

device directly by using an acoustic sensor in the ball mill. Another vibration sensor that helps 

to condition monitoring is a vibration sensor. It is installed on the bearing to detect vibrations 

of the gearbox. In this case study, the weighty importance of the vibration sensor is more about 

the weight importance of the acoustic sensor. 

 
 

Figure 2. The ball mill machine used in grinding materials 

We use two sensors to perform an online inspection of three states  1 2 3, ,H A A A=  in the 

machine (Fig 2). For vibration sensors, we have assessed two features extracted e 
1e  and 

2e  

for each state. The basic feature extracted is assessed to be  1A  by an observer, with a degree 

of belief 
1,1  of 40%,  2A   ،

1,2by  % 05nd a  3A to the degree of belief 
1,3 of 0 %. We 

can calculate basic probability masses with the values of the weight 35.01 =w  as follows: 

14.04.035.01,111,1 === wm
 

115.05.035.01,211,2 === wm  

00.035.01,311,3 === wm
 

Where 

1,Nm  ( 3,2,1=N ) is The probability mass of feature extraction 
1e  for three states 1A , 2A ,

 3A .  

In a similar way to the acoustic sensor, we calculate the probability mass of feature extracted 

2e  using the values of the weight 65.02 =w  and the degree of belief 2,n . Probability mass for 

the state 1A ,  2A  and  3A  regarding that feature extracted
2e , respectively is: 

 

 

 

4875.075.065.02,222,2 === wm 

 

0975.015.065.02,322,3 === wm
 

065.01.065.02,122,1 === wm
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Unassigned probability masses are calculated for ie  )2,1( =i , in the spreadsheet show as 

follows: 

 

685.01, =Hm
 

35.02, =Hm  

65.035.011 11, =−=−= wmH  35.065.011 22, =−=−= wmH  

035.0)05.04.01(35.0

))(1(

)1(~

1,31,21,11

1

1,11,

=−−−=

++−=

−= 
=





w

wm
N

n

nH

 0)15.000751.01(65.0

)1(~

1

2,22,

=−−−=

−= 
=

N

n

nH wm 
 

 

 

Now the assessments of the basic feature extractions that constitute the general property are 

aggregated to form a single assessment of the general property for each state. The probability 

masses assigned to the various assessment states as well as the probability mass left unassigned 

are denoted by Eqs. (8) and (9). The combined probability masses can be generated by 

aggregating all the basic probability assignments using the following recursive ER algorithm: 

(for example) for the state  1A  we have: 

 

    0.1154: 2,2,12,11,2,11,1)2()2(,11 =++= HHII mmmmmmKmA
 

12402.11

1

1 1

1,)(,)1( =

















−=

−

=

=

++ 
N

t

N

tj
j

ijiItiI mmK  

    0138.0~~~~.12402.1~
2,)1(,2,)1(,2,)1(,)2(, =++= HIHHIHHIHIH mmmmmmmH

  2557.0.12402.1 2,)1(,)2(, == HIHIH mmm
 

2695.00138.02557.0)2(, =+= IHm
 

Where 1,1m  is the probability mass of feature extracted 
1e  in the state 1A . 1,1m  Is calculated 

with the values of the weight 35.01 =w  and the degree of belief 1,1 . Experimental results for 

the first stage of the combination are summarized in Table (2). This Table shows the calculated 

probability of fault diagnosis in each state and the unassigned probability masses in the 

spreadsheet: 
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Table 2. Belief degrees and calculated probability masses with assigned weights, 

 

 
State of machine 

 321 ,, AAAH =
 

w
ei

g
h
t 

Belief Probability mass 

co
n

st
an

t 

probability mass (aggregation) 

 
i  i,1  

i,2  i,3  H  
im ,1
 

im ,2  im ,3  
iHm ,
 

iHm ,  iHm ,
~  

)1( +iIK
 

)1(,1 +iIm
 

)1(,2 +iIm
 )1(,3 +iIm

 

)1(, +iIHm
 

)1(, +iIHm
 

)1(,
~

+iIHm  

Feature extraction 

 

0
.3

5
 

0
.4

 

0
.5

 

0
 

0
.1

 

0
.1

4
 

0
.1

7
5
 

0
 

0
.6

8
5
 

0
.6

5
 

.0
3
5
 

1
.1

2
4
0

2
 

0
.1

1
5
4

 

0
.5

4
0
1

 

0
.0

7
5
1

 

0
.2

6
9
5

 

0
.2

5
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7

 

0
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1
3
8

 

Feature extraction 

2e  

0
.6

5
 

0
.1

 

0
.0

7
5
 

0
.1

5
 

0
 

0
.0

6
5
 

0
.4

8
7
 

0
.0

9
7
 

0
.3

5
 

0
.3

5
 

0
 

 

following the example, Consider the data of Table (3) which depicts the information acquired 

from the two sensors (the vibration sensor and the acoustic sensor) this information is resulted 

in three states according to combine information from feature extractions in each state in the 

first stage.  )(1 jAm , ( 3,2,1=j ) is the mass function associated with the vibration sensor, and 

 )(2 jAm  is the mass function associated with the acoustic sensor for the three states of the 

machine. The objective is to diagnose machine failure based on the two sensors. 

 
Table 3. Mass functions of the faults in three states of the machine as assessed based on the two 

sensors 

Sensors  1A   2A   3A  H  

)( 1S Vibration 0.1154 0.5401 0.0751 0.2695 

)( 2S Acoustic 0.1942 0.4393 0.0628 0.3038 

 

The BPAs based on the weight associated with the two sensors, according to Table (3) weighted 

BPAs are listed in Table (4). Furthermore, the main fuse is computed by (21). 

 
Table 4. Mass functions of the faults in three states of the machine and main fusion based on entropy 

weighting 

Sensors 

 

 1A  
 

 2A  
 

 3A  
 

H  

)( 1S Vibration  0.034 0.159 0.022 0.706 

)( 2S Acoustic 0.043 0.097 0.014 0.778 

Main fusion 

information 
0.0583 0.21 0.028 0.7 

 

Where 

 
337.0)0751.0log0751.05401.0log5401.01154.0log1154.0())(( 1 =++−=AmH  

371.0)0628.0log0628.04393.0log4393.01942.0log1942.0())(( 2 =++−=AmH  
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294.0
)3(log

337.0
11 =−=w

 

222.0
)3(log

371.0
12 =−=w  

706.0294.011)( 11 =−=−= wHm


 

778.0222.011)( 22 =−=−= wHm


 

    =−=


p

pq
q

qp AmAmK 0162.1)()(1 21


 

    0583.0706.0043.0778.0034.0043.0034.0)()( 1211 =++= AmAm


 

 

 

Similarly, we calculate the probability mass of two states 2A  and  3A  regarding their entropy 

weighting. We can see clearly from Table (4) that, comparing the mass function value after 

fusion, by the usage of two kinds of the sensors separately. We can precisely recognize a fault 

state  2A , it is identical to real diagnosis machine failure. The results of Table (3) are separate 

from Table (4). Table (3) BPAs or mass functions of failure for ball mill, calculate about 

weights that reflect the importance of evidence in the diagnosis of fault in each state. The 

weight of a mass function is determined using a set of defect features and their values are 

commonly determined via expert opinion. In other word weight of every two pieces of evidence 

which support fault in each state. 

Furthermore, since the information obtained from the sensors is inherently incomplete, 

uncertain, and imprecise, a fusion mechanism must be devised to minimize such imprecision 

and uncertainty. The effectiveness of such a mechanism depends on uncertainty regarding fault 

sources based on available evidence. This proposed method offers an entropy weighting to 

calculate the measure of uncertainty level, because it is important to decide at what level of 

abstraction the fusion process is to take place, at the measurement level, and the decision level. 

We have calculated the new BPAs using entropy weighting that is shown in Table (4) and the 

fused results are shown in the third row of Table (4). Therefore, the new BPAs (in Table (4)) 

are determined using the weighting coefficient and the information fusion is calculated to 

measure the uncertainty level of the decisions. The proposed weighting coefficient is based on 

Shannon entropies. Therefore, multi-sensor data fusion based on the D-S evident theory 

effectively raised the fault state recognition ability. Furthermore, this shows the entropy of the 

collected evidence has improved as a result of information fusion and thus leading to improved 

diagnostic performance. The proposed method has been widely used in reasoning with 

uncertainty and information fusion in fault diagnosis systems; it seems that the proposed 

method can embody both information's uncertainty and expert subjective knowledge in its fault 

diagnosis, thereby improving the accuracy of the diagnosis. 

7. Managerial insights 

Companies are involved in high competition for reducing the cost of production to maintain 

their market shares. Because maintenance costs are a significant part of production costs, 

companies need to fund maintenance effectively (Farugh and Mostafayi, 2019; Behnamian 

and Rahami, 2020). As explained if we can detect the failure of complex and heavy equipment 

such as ball mills, we can avoid huge costs. Heavy and complex equipment such as ball mills 

in case of failure, huge costs, including machine sleep costs, reconstruction costs, and damage 

due to line stops will impose on the organization. Specialist visual inspection of heavy 

3,2,1=j

http://jiems.icms.ac.ir/?_action=article&au=145728&_au=Javad++Behnamian
http://jiems.icms.ac.ir/?_action=article&au=675232&_au=Zeynab++Rahami
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equipment is impossible, and special sensors are used to aid in diagnosis. Sensors can also give 

inaccurate and unreliable information to the machine operator, making it difficult to make the 

final decision to stop and repair the production line. In the obtained method, combining the 

output of the sensors and their fusion minimizes the uncertainty, which improves the 

performance of the detector. Failure time detection will be an important factor in preventing 

the imposition of heavy material and human costs in the factory. Accurate detection of 

equipment failure will increase the safety and reliability of the devices. Unreasonable stopping 

of the device in a state that is not broken or failure to identify the location of the defect can 

increase maintenance and repair costs, while the method provided for combining the data will 

detect the failure in the event of certainty. Based on the mentioned reasons, however, there are 

many methods to evaluate the fault diagnosis in the process of ER using multisensory data 

fusion, which has a great influence on reasoning results. Because of the traditional method 

based on the expertise of experts to index values between different faults, it is more effective 

to use the D-S method. An important matter in all kinds of industries is fault detection 

identification and diagnosis which are evaluated of ambiguity measured information by several 

sensors and expert's opinions, especially ball mills in ceramic tile, gypsum, minerals such as 

gold, copper, silver, glass, … industries. However, different methods are used in the mentioned 

factories; the main purpose of this paper is to provide a practical method for minimizing 

uncertainty in ball mill fault detection. The existence method will be affected by uncertain 

value in multisensory information and different indicators of specialist's indicators. To solve 

the above problems, we propose a method to regularize the reliability value of fault diagnosis. 

We use the entropy weighted presents as a measure of the uncertainty level of information and 

mass functions based on experts' information to increase identification accuracy in the 

decision-making process. Because of considering different approaches to ambiguity in the 

information obtained from sensors and different opinions of experts as a calculation formula, 

the reliability of fault diagnosis will be improved in the decision-making process. Therefore, 

this paper uses the improved evidence reasoning algorithm using the kind of sensor information 

to carry out fault diagnosis. The main contributions of this paper are as follows; (1) In 

traditional ER, the reliability only considers set interval in fault data, neglecting the impact of 

the relationship between the inner data. In the newly proposed method, we used two-stage of 

considering uncertainty and fused data which is obtained from multiple sensors as accuracy 

and reliability regularization. In practice, the new reliability is more reliable. (2) To achieve 

better fault diagnosis results, we combine improved ER and entropy weight in the ball mill 

fault diagnosis. The experimental result shows that the new method is better than the traditional 

one. 

8. Conclusions and summary 

Multisensory data fusion is a broad issue due to the wide range of scenarios that can be applied 

to fault diagnosis of a system. Thus, finding a model or an algorithm scheme, which can be 

explicated and implemented in a real system, is an important matter in all kinds of industries. 

It is important to say that, existing models cannot be used for any kind of application at the 

same time and it is an unfeasible task. Hence, a view of the different approaches, theories, and 

implementations in the issue of sensor fusion can be presented intending to be useful as a 

collection of different ideas that should be combined with the implementation of a real fusion 

system. The D-S theory is a well-known method for its usefulness to express uncertain 

judgments and is frequently used as a method for dealing with uncertain information. This 

paper used this theory and the ER approach as the framework for representing the uncertainty 

of fault detection identification and diagnosis. Furthermore, entropy weighted presents as a 

measure of the uncertainty level of information, which is employed to decrease the effect of 
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uncertainty on damage identification and increasing identification accuracy. Accordingly, a 

multi-sensor implementation of an evidence theory based on a diagnostic system is described. 

To detect and identify machine faults, integration of multi-sensor (vibration and temperature 

information) is presented. The proposed method for fault diagnostic problems is established 

using the various states of the machine and the calculus of safety and reliability system states 

with uncertain information in the decision-making process. This is formulated in the context 

of the evidence, reasoning in terms of fault frame of discernment (N state of the machine), mass 

functions, and evidence combination. The proposed method has considered two stages of 

calculating mass functions (feature extraction fusion and main fusion). According to the 

effectiveness of factors, the fault in each state of the machine is determined using multiple 

information sources (or multi-sensor), then for evaluation of ambiguity measured information 

by sensors, this study has proposed a new method for defining adaptively weights of each 

sensor information by entropy measures. This is considered as ambiguity associated with their 

measurement information in the main fusion and evaluates the performance of information 

fusion.  

The presented example at the end of this paper has explained a case of insufficient available 

data. The case study is contented of the ball mill with low speed rotating cylindrical and conical 

roller, where two sensors are installed on the ball mill to sense acoustic and vibrations of the 

machine. The results using the information acquired from the two sensors separately, 

(considering entropy weight, mass function value, etc.) are precisely recognized as a fault state

 2A  in the real diagnosis machine failure. The results of Table (3) are separate from Table (4). 

Table (3) is resulted in using BPAs or mass functions and calculated weights that reflected the 

importance of evidence in the diagnosis of fault in each state. The weight of a mass function is 

determined using a set of defect features, and their values are commonly determined via expert 

opinion. In other words, the weight of every two pieces of evidence is supported by a fault in 

each state. Since information obtained from the sensors is inherently incomplete, uncertain, 

and imprecise, a fusion mechanism must be devised to minimize such imprecision and 

uncertainty. The effectiveness of such a mechanism depends on uncertainty regarding fault 

sources based on available evidence. Because it is important to decide at what level of 

abstraction the fusion process is to take place, at the measurement level, and at the decision 

level, the entropy weight has calculated the measure of uncertainty level. Then the new BPAs 

using entropy weighting that is shown in Table (4) have been calculated and the fused results 

are shown in the third row of Table (4). Therefore, the new BPAs (in Table (4)) are determined 

using the weighting coefficient and the information fusion is calculated to measure the 

uncertainty level of the decisions.  

Since its inception, the proposed method can be reasonably and effectively used in uncertain 

conditions and information fusion in fault diagnosis systems; because it makes inferences with 

maximum specificity in the presence of uncertain and missing data, dealing with minimal 

information. It can embody both information's uncertainty and expert subjective knowledge in 

the fault diagnosis process, thereby improving the accuracy of the fault diagnosis. The proposed 

algorithm and results concluded that the method is easy to use. Also, the development of the 

D-S theory for fault diagnosis can not only resolve the decision conflict based on conflict 

among evidence but also improved the accuracy of fault diagnosis by combining expert 

knowledge and fusing information from multi-sensor. Thus, it can improve the accuracy of 

decision making for fault diagnosis by fusing information from multi-sensor. This method as 

well as can analyze and preparing reports to diagnose a fault with a reduction of overall 

uncertainty and increase of accuracy and can be followed to implement a real system. Since 

the ability to machine fault diagnosis of these systems is becoming increasingly important from 

both economic and life-safety viewpoints, the ER approach with defining adaptively weights, 
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importance index and conflict factors to consider the issues of evidence sufficiency, differing 

importance of various evidence, and the conflict of different evidence, using the final 

combination to detect faults in machines, where used and developed the D–S evidence theory 

to integrate multi-sensor information including vibration, and temperature to detect and 

identify machine faults. An application and an example illustrate the efficiency of the method 

in evidential sensor fusion. It shows that the proposed method is more efficient for highly 

conflicting evidence with better performance of convergence and less uncertainty, compared 

with the existing methods Some related advantages and disadvantages of different methods are 

discussed as follows. 

Dempster's method, which can well deal with imprecise and uncertain information, is widely 

used in fusing information. However, when it comes to highly conflicting evidence the method 

will always lead to some illogical results. Other methods like Murphy's method (Murphy, 2000), 

which uses an average operation to combine the conflicting evidence, can deal with highly 

conflicting evidence to some extent. However, the difference and relationship of evidence are 

neglected. In Jiang's method (Jiang et al. 2016), belief entropy is used to calculate the weight of 

each evidence. It considers the difference of evidence, which makes it more reasonable than 

Murphy's method. In Deng's method (Deng et al. 2004), which is different from Jiang's method, 

evidence distance is used to calculate the weight rather than the belief entropy. And the 

similarity between the two pieces of evidence is proposed. The proposed method, considering 

both belief entropy and evidence theory to obtain a better result. Although it might be not very 

suitable in some situations, it leverages the advantages of Jiang's method and Deng's method.  
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