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 In the use of the principal component analysis method to fault diagnosis of multiple sensors, when a fault 

happened, the fault data is reconstructed, and the reconstructed contribution rate determined which sensor was 

failed. But the contribution rate contained variables that were independent of the direction of the fault and the 

cross terms with other fault directions. There was a small difference in the contribution value of the failure data, 

which could lead to false report. In order to solve the above problems, after the principal component analysis of 

the failure data, the improved relative reconstruction contribution rate was calculated, and the correct diagnosis 

rate was improved by the simulation experiment. 
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1. Introduction 

Nowadays, the controlled objects in industrial production are 

complex, with many control variables and huge scale. Failure of a 

component often leads to a chain reaction, which can result in 

performance degradation or damage to equipment.  Therefore, 

there is a very important social and economic benefit in the key 

equipment fault detection and diagnosis of the production process. 

In general, it is impossible for any detection method to detect all 

kinds of faults of the system with 100% accuracy. Therefore, how to 

improve the correct detection rate of faults and reduce the failure 

omission rate and false alarm rate has always been one of the hot 

spots in the field of fault detection and diagnosis. 

Principal Component Analysis (PCA) is a data-driven method for 

fault detection in industrial production process. A few unrelated 

variables are used to represent multiple related detection variables 

of the controlled object, which establishes the principal component 

model, and calculates the SPE value and T2 value of the sample[1,2], 

so as to carry out fault detection. If one or two of the fault detection 

indicators SPE and T2 statistics exceed the control threshold, then a 

fault exists. The contribution graph method is used to judge which 

variable has failed[3-4]. The criterion of contribution graph method 

is that the process variable with high contribution rate is the cause 

of failure, but it is easy to cause false positives. Literature [3] 

pointed out that when the dimension of the principal component 

subspace or the residual subspace is 1, multiple fault detection 

indexes based on reconstruction-based contribution(RBC) are 

invalid for fault diagnosis, and a single variable fault diagnosis 

method is constructed by using the moving window. A 

comprehensive evaluation index based on SPE and T2 statistics and 

combined with the reconstruction contribution value diagnoses the 

fault of the double-capacity water tank in the Literature [5]. In 

literature [6], the reconstruction contribution ratio method based on 

the traditional reconstruction contribution diagram is proposed to 

separate and diagnose the faults of continuous stirred tank reactor. 

The traditional fault diagnosis method based on contribution 

value is to reconstruct the fault sample and analyze the contribution 

value of the reconstructed data. However, there are two problems: 

1) The corresponding contribution values of different sensors 

include cross terms and independent variables associated with other 

sensors; 

2) The contribution values of each sensor are not compared 

against the same benchmark in the failure state. 

For the above two problems, this paper combined the improved 

reconstruction contribution with the relative reconstruction 

contribution to obtain a new reconstruction contribution method. 

2. The basic theory  

2.1 The method of principal component analysis 
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Assuming that the original normal sample is nmRX , where m 

is the number of samples and n is the number of sensors. The data is 

standardized, and the covariance matrix S is calculated.  The 

eigenvectors and eigenvalues of S are calculated, and the resulting 

eigenvector matrix and the diagonal matrix of eigenvalues are 

arranged from large to small. 

Sum the eigenvalues from the largest to the smallest until more 

than 85%, and the number of added eigenvalues is the number of 

principal components k. Take the eigenvector P  and the 

eigenvalue T corresponding to the principal components, the 

eigenvector P
~

 and the eigenvalue T
~

 corresponding to the 

residual. The original data A can be decomposed into the principal 

component and residual parts:  

Take the eigenvector and eigenvalue corresponding to the 

principal element, and the eigenvector and eigenvalue 

corresponding to the residual. The original data X can be 

decomposed into the principal component part and the residual part: 

       TT ~~
PTTPX +=                          (1) 

The SPE control limit obtained from the original normal sample 

is defined as: 
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eigenvalue of the covariance matrix S ; c is the threshold value of 

the standard normal distribution at the confidence value of ;m is 

the the dimension of sample X . 

The HotellingT2 statistic is defined as: 

             ,,
2 1

knkF
n-k

)k(n-
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 (3)  

,, knkF − is the critical value of F distribution with degrees of 

freedom knk -,  and confidence .  

When the system fault is determined, it is necessary to separate 

the variables causing the fault or determine the type of fault. The 

contribution diagram method is one of the most commonly used 

fault separation methods in principal component analysis. The 

statistics commonly used for contribution diagrams are SPE and T2. 

The contribution diagram based on SPE is defined as follows: 
2TSPE )(Cont Mxξii =                    (4) 

SPECont i represents the contribution of each variable to SPE, 
T

PPIM −= ,and iξ  represents the i  column of the unit matrix 

mI .  

When a fault is detected, the variable with large contribution 

graph is considered as the probable cause variable of the fault. 

Although this method is very effective for fault identification, it also 

has fuzzy effect and can easily cause fault false alarm[7,8]. 

After the fault is detected, the system will return to normal 

conditions. Therefore, reconstruction-based contribution(RBC)  

analysis calculates the contribution value along each sensor 

direction based on the principal element model, which reduces the 

false alarm rate [9]. 

2.2 Failure reconstruction contribution analysis 

The fault samples at each moment can be decomposed into: 

ii fξxx += *                          (5)  

Where, *x is the normal value; 
T
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direction ( i =1,2,3..., n); if is the fault amplitude. 

Then the normal sample can be expressed as: 

iii fξxz −=                      (6)  

When the fault direction i  is correct, the contribution value of 

iz can be minimized. So by:  
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It can be obtained that: 

MxξMξξf
T1T

)(ˆ
iiii

−=                   (8)  

The corresponding contribution value of each sensor at each 

moment is: 

( ) TT1T
RBC MxξMξξxMξ iiiii

−
=           (9)  

The contribution value is the i sensor's contribution rate to the 

fault at a certain moment, and the sensor corresponding to the 

maximum contribution value is the fault direction. 

3. Improve the algorithm of relative reconstruction 

contribution value 

3.1 Improved Reconstruction Contribution Value 

The element of the ith row and the jth column in the matrix M  is 

denoted by ijm , where MξMξB
T
kk= , then the contribution value 

along the direction can be denoted by the following formula[10]: 
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By decomposing equation (10), it can be known that the 

contribution value consists of four parts: 

1) Square term containing kx : 2
kkkm x ; 

2) Cross terms containing  kx : ki

n
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As for the contribution rate in the kξ direction, weight factors

lk ,  are added to the part of the second kx cross term, and the 
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third and the fourth irrelevant terms are eliminated. Finally, the 

improved reconstruction contribution index is as follows [11]:  
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3.2 Relative reconstruction contribution 

When there is no fault in the system, the minimum requirement 

for fault diagnosis is that the contribution rate of all variables should 

be statistically equal, so as to provide a benchmark for the 

comparison of the contribution rate of all variables in the case of 

fault. In order to make the contribution rate of each variable 

statistical equal, the contribution rate of each variable is divided by 

the corresponding mean value to obtain the relative contribution rate 
[11,12]. 

)(ContE

Cont
Cont

SPE

SPE
SPE

i

i
ri

=                   (12) 

The mathematical expectation (mean) of relative contribution rate 

is 

1
)(ContE

)(ContE

)(ContE

Cont
E)(ContE

SPE

SPE

SPE

SPE
SPE ==














=

i

i

i

i
ri

      (13) 

The relative reconstruction contribution rate is 
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Then the mathematical expectation (mean) of the relative 

reconstruction contribution rate is  
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It can be seen from the above analysis that, when there is no fault, 

the mathematical expectation of the relative contribution rate or the 

relative reconstruction contribution rate of each variable is the same, 

which can provide a comparison benchmark for the reconstruction 

contribution rate of each variable in the fault state. 

3.3 Algorithm based on improved relative reconstruction 

contribution value 

Through principal component analysis and improved 

reconstruction contribution method, the reconstruction contribution 

value RBCIk after the elimination of irrelevant items in the fault 

sample matrix M  is calculated, as shown in Equation (11). Then, 

the contribution rate of each variable is divided by the average 

contribution rate of each sensor direction corresponding to the same 

sample, and the relative contribution rate of each variable is 

obtained as: 

)(RBCI
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k

k
r
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=  

The contribution rate of each sensor direction obtained by this 

algorithm is not only more accurate than the traditional 

reconstruction method, but also combines the advantages of relative 

reconstruction contribution rate, so that the contribution rate of each 

variable has a comparable benchmark. 

 

 

 

4. Simulation experiment 

It is assumed that the number of sensors in the multivariable 

control system is 6, that is, 
T

654321 )](),(),(),(),(),([)( kkkkkkk xxxxxxx =  . Any sensor fails 

at each sampling moment, that is, the direction iξ may be any of 

them 654321 ξξξξξξ 、、、、、 . Assume the normal data of the 

system is as follows: 

5001,2     )1(randn)(1 == kkx   

5001,2     )1(randn0.8)(2 == kkx  

5002,12/))()(()(5.0)( 2113 =++= kkkkk xxxx  

5002,12/))(-)(()(5.0)( 2114 =+= kkkkk xxxx  

5001,2                 )1(0.6)(5 == krandkx  

5001,2               )( 0.9 )1(0.4)( 56 =+= kkrandk xx  

Under this data, the fault model was simulated by formula (5), 

and the magnitude of the fault if  was subject to the uniform 

distribution of [2,5]. There was 500 data in the fault model, and then 

RBC, kRBCI ,
kr

RBCI was used to diagnosis respectively. The 

diagnosis effect was evaluated by the correct diagnosis rate.  

Fig.1 is the monitoring chart of SPE statistics of the data after the 

introduction of fault. Fig.2 is the monitoring chart of T2 statistics of 

the data after the introduction of fault. It can be seen from the figure 

that both SPE and T2 statistics exceeded the corresponding control 

limits, indicating that there was a fault direction detectable in this 

group of data. 

Fig. 1 the SPE monitoring results 

 

Fig. 2 T2 monitoring results 
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After the fault is judged to exist, three kinds of reconstruction are 

carried out on the fault data respectively to obtain the accuracy rate 

calculated based on SPE as shown in Table 1. As can be seen from 

Table 1, the accuracy of improved reconstruction and improved 

relative reconstruction is the same, but due to differences in original 

data, the accuracy of improved reconstruction and improved relative 

reconstruction is not always higher than that of basic reconstruction. 

Tab.1 Correct diagnostic rates of three indicators based on SPE 

 

Representative sets of data are selected from 500 sets of data, and 

their contribution values in the direction of each sensor are shown in 

Tab.2 and Tab.3. The direction of the sensor with the largest 

contribution value in the same group of data is the determined fault 

direction. 

 

Tab.2 Diagnostic results of group 79 data 

 

Tab.3 Diagnostic results of group 88 data 

The fault direction RBC kRBCI  
kr

RBCI  

L1 0.008681967 1.648047371 0.550471192 

L2 0.067501893 0.566940731 0.189366244 

L3 0.023704501 1.477350914 0.493456155 

L4 0.000992626 1.530096881 0.511074056 

L5 30.41728610 9.312544562 3.110521942 

L6 30.41728610 3.428328729 1.145110411 

Fault direction L5 and L6 L5 L5 

Actual fault 

direction 
L5 L5 L5 

 

 

 

 

Tab.4 Diagnostic results of group 468 data 

 

It can be seen from Table 2, Table 3 and Table 4 that when RBC's 

result data are very similar, it is possible that RBC cannot correctly 

determine the fault direction, while kRBCI and 
kr

RBCI can 

correctly diagnose the fault direction. 

 

 
Fig. 3 Contribution values in all directions of the 227th group of 

data based on reconstruction 

 

 
Fig. 4 Contribution values in all directions of the 227th group of 

data based on improved reconstruction 
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Indicators RBC RBCIk RBCIrk 

Correct / % 0.60 0.86 0.86 

The fault direction RBC kRBCI  kr
RBCI

 

L1 0.002658088 0.245919061 0.417788753 

L2 0.020666514 0.095365593 0.162015387 

L3 0.007257417 0.226406799 0.38463962 

L4 0.000303904 0.153877302 0.261420183 

L5 9.312616744  2.663513057 4.525008317 

L6 9.312616744  0.146641717 0.249127741 

Fault direction L5 L5 L5 

Actual fault 

direction 

L5 L5 L5 

The fault direction RBC kRBCI  
kr

RBCI  

L1 0.007921 0.658696 0.417392 

L2 0.061584 0.01416 0.008973 

L3 0.021626 0.308077 0.195217 

L4 0.000906 0.696736 0.441497 

L5 27.750678 6.224378 3.944166 

L6 27.750678 1.566689 0.992755 

Fault direction L6 L5 L5 

Actual fault 

direction 
L5 L5 L5 
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Fig. 5 Contribution values in all directions of the 227th group of 

data based on improved relative reconstruction 

 

It can be seen from Fig. 3 that there was a small difference in the 

contribution value obtained by basic reconstruction, which was not 

easy to distinguish. As can be seen from Fig. 4 and Fig. 5 the results 

obtained through improved reconstruction or improved relative 

reconstruction increased the difference between the directions of 

each sensor and highlight the contribution value in the fault 

direction. In addition, the contribution value in Fig. 5 had the same 

reference value and could be compared with each other to obtain the 

influence of each sensor on the data. 

5. Conclusion 

To solve the problem of traditional reconstruction method, an 

improved relative reconstruction algorithm was proposed. In the 

calculation of the contribution value of the algorithm, the unrelated 

terms were first eliminated, and then the contribution value of each 

variable was divided by the mean of the directional contribution rate 

of each sensor corresponding to the same sample. The simulation 

results showed that the algorithm not only improved the accuracy, 

but also provided a benchmark for the comparison of contribution 

values, so that the contribution values of the same sample could be 

compared with each other. 
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