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Abstract

:

The electronic voltage transformer (EVT) has received much attention with the recent global trend to establish smart grids and digital substations. One of the main issues of the EVT is the deterioration of its performance with long-term operation which affects the control and protection systems it is employed for and hence the overall reliability of the power grids. This calls for the essential need for a reliable technique to regularly assess the accuracy of operating EVT in real-time. Unfortunately, traditional calibration methods cannot detect the incipient EVT performance change in real-time. As such, this paper presents a new online method to evaluate the accuracy of the EVT. In this regard, the Q-statistic is calculated based on the recursive principal components analysis (RPCA) using the output data of EVT to map up the changes of metering error on the electric–physics relationship. By employing the output data of the EVT along with the power grid characteristics, the performance of the EVT is evaluated without the need for a standard transformer, as per the current industry practice. Results show that the proposed method can assess the EVT with a 0.2 accuracy class.






Keywords:


electronic voltage transformer; measurement accuracy; recursive principal components analysis; online evaluation; asset management












1. Introduction


The electronic voltage transformer (EVT) is a metering device that comprises a sensing element and data processing unit. Compared with the traditional electromagnetic transformer, the EVT has the advantages of better insulation, less cost, and reduced volume which make it a suitable candidate for future smart grids and digital substations [1,2,3,4,5]. The main issue of the EVT is its poor stability over a long-term operation which calls for further improvement. EVT performance is also affected by some environmental and operating conditions such as temperature, humidity, vibration, and the surrounding magnetic field [6,7,8]. Measurement accuracy is the most important index to judge the EVT. Therefore, the EVT performance should be assessed on a regular basis to maintain its measurement accuracy at a satisfactory level.



Generally, there are two methods to assess the performance of the EVT, namely: off-line and online calibration techniques. The former is conducted based on a fixed maintenance cycle, usually every one or two years, using equipment containing a standard transformer [9,10]. This offline calibration method calls for the disconnection of the operating EVT which causes an interruption to the power grids. The current EVT online calibration technique also utilizes a standard transformer to evaluate the EVT measurement error. For instance, an online calibration system was designed for evaluating electronic current transformers by employing a remote-controlled hoisting unit and standard transformer [11]. A 110 kV on-site calibration system for an EVT that includes a standard capacitor and an analog integrating circuit to reconstruct the primary voltage signal was proposed in [12]. However, in the expected harsh operating environment of high voltage and strong magnetic field, the issue of accuracy degradation of the calibration system itself may arise due to its electromagnetic or capacitance-based structure. This has motivated researchers to come up with new calibration systems without using a standard voltage transformer. In [13], the relationship between the fault mode of the electronic transformer and the voltage data of the primary system has been analyzed using the wavelet theory. The characteristic parameters of fault modes of an optical voltage transformer were used as input data to an artificial neural network model to predict various faults [14]. Ref. [15] proposed a condition monitoring technique for a capacitor voltage transformer based on a nonlinear simplified Volterra model. However, the methods proposed so far in the literature [13,14,15] can detect faults within the electronic transformers after their occurrence without the ability of evaluating the device measurement accuracy in real-time, which should be of more concern with the long-term operation of the electronic transformers.



The EVT is an important piece of equipment for connecting the power grid with the measurement and protection system. The output data of the EVT can reflect the correlation between the main physical signals of the power grid. For the nonlinear problems caused by the hysteresis characteristics of the current transformer, a nonlinear regression correction algorithm is proposed for reducing a part of the metering error [16]. Generally, the metering error of an EVT is irregular and nonlinear. Suppose that the error can be separated from the output data and represented by the characteristic variables, the accuracy of EVT can be analyzed in time.



In this article, a method for evaluating the accuracy of the EVT is provided based on recursive principal components analysis (RPCA). The method is applied to separate the normal fluctuation of the power grid and the metering error of the EVT. The correlation between the power grid characteristics and the output data of the EVT is investigated and a new online evaluation technique without using a standard voltage transformer is developed.




2. Correlation Analysis


In this section, the correlation between the EVT output data and the power grid characteristics is investigated.



In theory, the three-phase voltages of a balanced power grid should satisfy the below equation:


    U ˙  A  +   U ˙  B  +   U ˙  C  = 0  



(1)







The frequency fluctuation of a power grid affects the balance of the three-phase voltages, i.e., resulting in a non-zero sum of the three-phase voltages [17]. Under the normal operation of an EVT, there is a deviation between the primary and secondary output data. This deviation is usually small and steady by field verification and it meets the standard of Class 0.2. The EVT error can be divided into two parts: systematic error    s t   , which is due to the structure of EVT and free error    v t   . Thus, the output of the EVT    x t    can be expressed as:


   x t  = k  u t  +  s t  +  v t   



(2)




where    u t    is the primary voltage signal and k is the sensing coefficient.



Because of the influence of power grid frequency, primary voltage, and operating environment, the free error and systematic errors are not constants and they exhibit dynamic change. As a result, the EVT measurement of the primary voltage will be inaccurate. According to physics, the measurement errors can be classified into:




	
Periodic error: for instance, the error of the EVT with a capacitive or resistive voltage divider, which changes because of the temperature-dependent characteristics of the capacitive and resistive components.



	
Inherent error: for example, after a broken or damaged capacitive element of the EVT, a significant ramp in the ratio error is taking place.



	
Other error: some parts of the EVT may undergo electrical and thermal aging, leading to inevitable error.








As can be seen from (2), the output of the EVT includes the data of the power grid (   u t   ) which is linearly correlated with    x t    along with the EVT measurement errors that are nonlinearly correlated with    x t   . By separating the linear and nonlinear parts in (2), the status of the EVT can be evaluated in real-time.




3. Online Evaluation Using RPCA


Variance, cluster, regression and associative are among the common data analysis methods. However, these methods cannot separate the unrelated parts from association. To obtain effective information from a metering device, PCA (Principal Components Analysis) is employed to analyze the correlation of the output data [18,19]. This method can reduce the dimension of the extracted features of a large data set and transform a set of related variables to a set of linearly unrelated variables. The Q-statistic which is related to the non-linear part of the data and T2-statistic are calculated from the principal component model. The primary voltage of the power grid while Q-statistic is calculated based on the nonlinear errors of the EVT. Based on the value of Q-statistic, the operating condition of the EVT can be evaluated. After the process monitoring model based on traditional PCA is established, it will not be changed anymore, so it is not suitable for monitoring an EVT with time-varying characteristics. Therefore, RPCA is applied in the article, which can be obtained on the basis of PCA [20].



3.1. Tradition PCA


The normalized form of the sample data matrix is denoted as   X ∈  R  n × m    , where n is the number of samples, m is the number of process variables. Suppose the number of principal components is r, the standard data matrix is:


  X = T  P r T  +  T e   P e T   



(3)




where   T =  [   t 1  ,  t 2  … ,  t r   ]    is the principal component score matrix,    T e  = [  t  r + 1   ,  t  r + 2   , … ,  t m  ]   is the residual score matrix,   P =  P r  +  P e    is the load matrix and    P r  =  [   p 1  ,  p 2  , … ,  p r   ]    is the principal component load matrix.



Covariance matrix R of the standard data matrix is:


  R =    X T  X   n − 1   = P Λ  P T   



(4)




where   Λ = d i a g  (   λ 1  ,  λ 2  , … ,  λ m   )    is the eigenvalues of the covariance matrix.




3.2. Recursive Principal Components Analysis


Suppose the number of data blocks is k and the blocks composed in the original data matrix    X k 0  ∈  R   N k  × m    , where    N k  =   ∑  i = 1  k    n i     ,    n i    is the length of the block. When a new data block is collected, the model of RPCA is updated as below:


   b k  =  1   N k       (   X k 0   )   T   l   n k     



(5)




where    l   n k    =    [  1 , 1 , ⋯ , 1  ]   T  ∈  R   n k     



When the k + 1 data block    N   n  k + 1    0  ∈  R   n  k + 1   × m     is collected, the raw data matrix becomes:


   X  k + 1  0  =  [       X k 0         X   n  k + 1    0       ]   



(6)







The parameters of the RPCA model are defined in Table 1.



The vector of mean and sample variance are expressed as follow:


   b  k + 1   =    N k     N  k + 1      b k  +  1   N  k + 1        (   X   n  k + 1    0   )   T   l   n  k + 1      



(7)






   (   N  k + 1   − 1  )   σ  k + 1 , i  2  =  (   N k  − 1  )   σ  k , i  2  +  N k  Δ  b  k + 1  2  ( i ) +    ‖   X   n  k + 1    0   (  : , i  )  −  l   n  k + 1      b  k + 1   ( i )  ‖   2   



(8)




where    X   n  k + 1    0   (  : , i  )    is the    i  t h     column of the k + 1 data block,    b  k + 1   ( i )   is the    i  t h     element of the corresponding variable,   Δ  b  k + 1   =  b  k + 1   −  b k   ,    l   n  k + 1     =    [  1 , ⋯ , 1  ]   T  ∈  R   n  k + 1      .



The k + 1 data block matrix calculated recursively is standardized to


   X  k + 1   =  [   X  k + 1  0  −  l  k + 1    b  k + 1  T   ]   ∑  k + 1   − 1   =  [       X k 0  −  l k   b  k + 1  T         X   n  k + 1    0  −  l   n  k + 1      b  k + 1  T       ]  ·  ∑  k + 1   − 1   =  [       X k   ∑ k   ∑  k + 1   − 1   −  l k  Δ  b  k + 1  T   ∑  k + 1   − 1          X   n  k + 1          ]   



(9)




where


   {     X k  =  (   X k 0  −  l k   b  k + 1  T   )   ∑ k  − 1        X   n  k + 1     =  (   X   n  k + 1    0  −  l   n  k + 1      b  k + 1  T   )   ∑  k + 1   − 1        ∑ j  = d i a g  (   σ  j , 1   , ⋯ ,  σ  j , m    )  , j = k , k + 1      



(10)







Covariance matrix with recursive calculation is:


     R  k + 1     =  1   N  k + 1   − 1    X  k + 1  T   X  k + 1        =    N k  − 1    N  k + 1   − 1    ∑  k + 1   − 1    ∑ k   R k   ∑ k   ∑  k + 1   − 1        +    N k     N  k + 1   − 1    ∑  k + 1   − 1   Δ  b  k + 1   Δ  b  k + 1  T   ∑  k + 1   − 1   +  1   N  k + 1   − 1    X   n  k + 1    T   X   n  k + 1        



(11)







In the online evaluation, assuming the interval between two recursive updates of the principal component model is too long, then it cannot reflect the time-varying characteristics of the system in real-time. The recursive updates need to keep the high frequency and the data block used for updating should be a small sample. Each time a new sample count is collected    N  k + 1   =  N k  + 1 = k + 1  , and the principal component model is recursively updated. The sample data of variables collected at the k + 1 time    x  k + 1    , so the Equation (11) can be simplified to:


   R  k + 1   =   k − 1  k   ∑  k + 1   − 1    ∑ k   R k   ∑ k   ∑  k + 1   − 1   +  ∑  k + 1   − 1   Δ  b  k + 1   Δ  b  k + 1  T   ∑  k + 1   − 1   +  1 k   x  k + 1  T   x  k + 1    



(12)








3.3. Evaluation Indicator


The measurement accuracy of the EVT exhibits abnormal changes, leading to the projection of EVT output data in the residual subspace. The Q-statistic is calculated by the residual matrix as follows:


  Q =  (  X  P e   P e T   )     (  X  P e   P e T   )   T  = X  P e   P e T  X  



(13)




where    P e    is the residual load matrix.



The limit of the Q-statistic with the significance level α is given by the below formula:


   Q c  =  θ 1     [     C α    2  θ 2   h 0 2       θ 1    + 1 +    θ 2   h 0   (   h 0  − 1  )     θ 1 2     ]     1   h 0       



(14)




where    θ i  =   ∑  j = α + 1  3    λ i j  ,    (  i = 1 , 2 , 3  )     ,    h 0  = 1 −   2  θ 1   θ 3   / 3   θ 2 2   ,    C α    is the value of Gaussian distribution with the significance level α.



The abnormal phase can be assessed by the contribution rate:


   Q i  =    (   T e   P e T   )   i 2  =    (   X i  −   ( T  P r T  )  i   )   2   



(15)




where i is the sequence number of the variable.





4. Experimental Analysis


4.1. Design of Experiment


The measurement error of the EVT with Class 0.2, shown in Figure 1, is evaluated based on the RPCA.



In the proposed evaluation method, the output of the EVT is fed into a merging unit. The ratio error of the EVT is calculated using a standard transformer operating in parallel with the EVT, as shown in Figure 1. The process of the proposed online evaluation of the EVT is divided into offline learning using PCA and online learning through RPCA, as shown in Figure 2. The initial principal component model is established by PCA, and then the model is recursively updated by RPCA. The tasks of the two developed models are briefly elaborated below:




	
Offline learning by PCA:




	
Obtain normal operation data; Calculate mean    b 0    and covariance matrix    R 0   ;



	
Calculate the Q-statistic and its control limit    Q c   .


















	
Online learning by RPCA:




	
Recursively renew the mean    b  k + 1    , covariance matrix    R  k + 1     and principal component model of PCA;



	
Recursively update Q-statistic and its control limit    Q c   ;



	
Determinate the abnormal phase of the EVT using the contribution rate method.














4.2. Fault Simulation


A variable resistance is connected in series with phase-A of the EVT secondary side to simulate the change of the EVT output ratio error. Hence, testing the effectiveness of the developed PCA model. The data for the phase-A ratio error, shown in Figure 3, are plotted using a standard calibration system. The first 1000 points are measured during normal operation, while the subsequent 500 points are measured during a fault that is simulated by changing the connected series resistance. The status of the EVT is evaluated by calculating the Q-statistic, as shown in Figure 4. It can be seen from Figure 4 that when the ratio error exhibits a significant drift, the method based on the PCA can clearly show that the ratio error violating the standard of Class 0.2.




4.3. Online Evaluation Results


The 9000 sample points of the three phase output signals of Class 0.2 EVT, shown in Figure 5, are collected at an interval of 10 min and are used as the input of the developed online evaluation system. The first 1000 points of the collected data are used for training, while the remaining 8000 are used for the online evaluation. For the initial training model, the principal component subspace contains the fluctuation of EVT secondary output caused by the normal fluctuation of the power grid, and the residual subspace contains the measurement error of EVT. The control limit of Q-statistic is calculated as 0.0375 at a significance level of 0.99. The number of principal components is one.



The Q-statistic of the initial model by the PCA is shown in Figure 6. The traditional principal component model of the PCA is employed to evaluate the EVT, as shown in Figure 7. It can be seen that at the sample points 6100–7200 and 8300–9000, a large number of the Q-statistic data exceeds the control limit Qc. During these two periods, the EVT is classified as abnormal. However, the ratio error of the faulty phase in Figure 8 does not exceed the limit or fluctuate at the sample points 6100–7200 which is not consistent with the results of the PCA in Figure 7. This inconsistency is attributed to the fact that the principal component model of the traditional PCA is not updated with the new received data which results in the control limit remaining unchanged. Therefore, it is not accurate to evaluate the EVT by the traditional PCA.



The proposed online evaluation technique based on the RPCA is then employed to calculate the Q-statistic using the same collected data, as shown in Figure 9. According to the principle of RPCA, the Q-statistic of the initial model by the RPCA is consistent with the PCA; the data length of Q-statistic is increasing with the new data. In contrary with the traditional PCA method, the control limit is updated based on the new received data and as such, no violation to the limit can be seen at the sample points 6100–7200 which is consistent with the results of the EVT ratio error shown in Figure 8. On the other hand, the fluctuation trend can be observed that at the sample points 8300–9000, the Q-statistic has a lot of data beyond its control limit. By using the Q contribution rate method, as shown in Figure 10, the faulty phase-A of the EVT can be identified. From Figure 8, the fluctuation trend of phase-A of the EVT is more than the Class 0.2 accuracy at the sample points 8300–9000, which is again consistent with the results of the RPCA model. Among the influencing parameters on the performance of the EVT, humidity, vibration, and magnetic field interference have a smooth and insignificant impact, while the temperature has obvious impact, as shown in Figure 11. The ratio error of phase-A of the EVT exceeds the limit, which may be caused by a temperature drop.



Compared with the PCA, the principal component model of the RPCA is recursively updated with the input of new data, which effectively reduces the misjudgment of the operating EVT. Supposing that the sampling interval is properly increased from the frequency of 10 min, the number of data will be reduced in the same operation time of EVT. The trend of Q-statistic calculated by the two different sampling frequency of data is approximately consistent. Thus, the number of data samples controlled by frequency is irrelevant to the performance of the RPCA.



According to the “DL/T 1958–2018” standard in China, the maintenance cycle of the EVT is from 1 to 2 years. The principal component model of RPCA is increasing with the input of new data, which leads to a significant increase in the number of calculations. This issue can be solved by resetting and establishing a new initial PCA model after each maintenance cycle using the voltage data before the maintenance.





5. Conclusions


For evaluating the accuracy of the EVT online, the physical characteristics of the power grid are firstly analyzed. Then the metering error of EVT and the primary fluctuation of the power grid are separated using PCA in which the Q-statistic and its control limit are calculated to monitor the condition of the EVT. Meanwhile, the proposed RPCA is used to evaluate the EVT performance over a long operating duration, to reduce the possibility of misjudgment and to overcome the issue the time-invariant nature of the traditional PCA principal component model. Results show that the proposed RPCA can effectively assess the condition of the EVT of Class 0.2. Compared with the traditional method, the proposed technique can be applied without using a calibration device containing a standard transformer. By employing the proposed technique, the dynamic change of the EVT measurement error can be evaluated in real time which facilitates the proper diagnosis and asset management for the operating EVT.
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Figure 1. Schematic diagram of the field test. EVT: electronic voltage transformer. VT: voltage transformer 
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Figure 2. Proposed online evaluation of the EVT. 
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Figure 3. The ratio error of EVT phase-A with simulated fault. 
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Figure 4. The Q-statistic of EVT based on the PCA model. 
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Figure 5. Collected measured data of the EVT. 
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Figure 6. The Q-statistic of the EVT based on traditional PCA. 
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Figure 7. The Q-statistic of the EVT based on traditional PCA. 
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Figure 8. The ratio error of the EVT. 
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Figure 9. The Q-statistic of the EVT based on the proposed RPCA. 
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Figure 10. The contribution rate of Q. 
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Figure 11. Impact of ambient temperature on the EVT. 
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Table 1. Parameters of recursive principal components analysis (RPCA) Model.






Table 1. Parameters of recursive principal components analysis (RPCA) Model.





	Symbol
	Parameter
	Symbol
	Parameter





	    b k    
	vector of mean
	    R k    
	covariance matrix



	    ∑ k    
	standard deviation matrix
	    Λ k    
	eigenvalue matrix



	    X k    
	standard data matrix
	    P k    
	load matrix
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