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Abstract

The assessment of the measurement error status of online Capacitor Voltage
Transformers (CVT) within the power grid is of profound significance to the
equitable trade of electric energy and the secure operation of the power grid.
This paper advances an online CVT error state evaluation method, anchored
in the in-phase relationship and outlier detection. Initially, this method leve-
rages the in-phase relationship to obviate the influence of primary side fluc-
tuations in the grid on assessment accuracy. Subsequently, Principal Compo-
nent Analysis (PCA) is employed to meticulously disentangle the error change
information inherent in the CVT from the measured values and to compute
statistics that delineate the error state. Finally, the Local Outlier Factor (LOF)
is deployed to discern outliers in the statistics, with thresholds serving to ap-
praise the CVT error state. Experimental results incontrovertibly demonstrate
the efficacy of this method, showcasing its prowess in effecting online track-
ing of CVT error changes and conducting error state assessments. The dis-
cernible enhancements in reliability, accuracy, and sensitivity are manifest,
with the assessment accuracy reaching an exemplary 0.01%.

Keywords

Capacitor Voltage Transformer, Measurement Error, Online Monitoring,
Principal Component Analysis, Local Outlier Factor

1. Introduction

The Capacitor Voltage Transformer (CVT) finds extensive application in the
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measurement and control of high-voltage power grids, along with energy mea-
surement in systems of 110 kV and above [1] [2]. Its commendable insulation
properties and economic viability contribute to its widespread usage. Nonethe-
less, its intricate structure results in a failure rate five times higher than that of
the electromagnetic voltage transformer (PT) [3], posing a significant challenge
to the equitable trade and secure operation of electrical energy.

Currently, the prevalent method for addressing such faults involves offline ve-
rification during power outages in the grid. However, this approach, requiring
periodic power interruptions, suffers from low verification efficiency and inhe-
rent delays. Consequently, there is an imperative to investigate online evaluation
methods applicable under non-power outage conditions [4].

Literature [5] [6] presents diagnostic methods grounded in physical or ma-
thematical models of the component, but these are constrained by a singular
usage environment and lack versatility due to the intricate nature of influencing
factors. Signal processing-based detection methods proposed in existing litera-
ture fail to eliminate primary side power grid fluctuations [7] [8] [9], risking
misjudgments or omissions during prolonged monitoring. Another proposed
evaluation method relies on high-dimensional random matrices, addressing er-
ror changes on the order of 0.1% but exhibiting reduced accuracy for changes on
the order of 0.01% [10]. State assessment methods based on principal compo-
nent analysis (PCA) [11] and independent component analysis (ICA) [12] can
identify error changes on the order of 0.1%, yet they falter in the face of signifi-
cant three-phase voltage imbalances observed in real-world environments.

In summary, existing methods exhibit the following drawbacks:

e Long-term quantitative online monitoring of CVT error status remains un-
attained.

e The impact of CVT primary side voltage fluctuations on error state assess-
ment persists due to changes in grid load.

o Insufficient sensitivity to CVT error changes results in low accuracy in error
state assessment.

This manuscript introduces a method for online evaluation of CVT error
states, anchored in the principles of in-phase correlation and outlier detection.
The chronological data in the time series serve to segregate the metrics that de-
pict the error states, discerning alterations in the CVT by assessing whether the
metrics deviate significantly from the norm. Ultimately, a threshold is applied to
enable real-time surveillance of the CVT’s error status. This approach adeptly
mitigates voltage amplitude fluctuations, ensuring steadfast, precise, and percep-
tive online monitoring of the CVT error status, achieving an accuracy level of up
to 0.01%.

2. Preliminaries

2.1. CVTs Measurement Principle

The Capacitor Voltage Transformer (CVT) stands as an instrument for measur-
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ing grid voltage. It adeptly transforms the elevated voltage on the primary side
into a diminished voltage on the secondary side, with its pivotal parameter being
the conversion ratio, elegantly illustrated in Figure 1. Nevertheless, swayed by
the prolonged operation of the Capacitor Voltage Transformer (CVT) and
structural malfunctions, its factual transformation ratio undergoes a certain de-
gree of alteration. Consequently, this leads to measurement errors in both the
measurement and control processes. Errors are divided into ratio errors and
phase errors according to different description objects. The errors in this article
all refer to ratio errors. The magnitude of the ratio error can be delineated by

Equation (1):

(1)

Whereas k, denotes the nominal transformation ratio, U(¢) represents the
amplitude of the primary (primary side input) voltage, and u(r) symbolizes
the amplitude of the secondary (measure side output) voltage at time

In accordance with the stipulations of the relevant standards, the permissible
limits for measurement errors in CVTs of varying precision levels, operating at
their rated voltages, are elucidated in Table 1. For the 0.2 precision level CVT,
typically employed in commercial transactions, the ratio differential should not
exceed +0.2% [13] [14]. Should the calibration error of a CVT surpass the error
threshold of its corresponding precision level, the CVT is deemed to be beyond
tolerance and necessitates repair or replacement.

Each set of CVT-n consists of three different phase CVTs, The primary side of
the CVTs interfaces directly with the expansive power grid. Subject to the load,
the voltage experiences an unsettled state of fluctuation. Distinguishing whether
these fluctuations stem from changes in CVT error poses a pivotal and chal-
lenging issue that demands resolution in the evaluation. The dual busbar confi-
guration is extensively employed in high-voltage power grids, with its wiring
topology illustrated in Figure 2.

W1 and W2 denote the high-voltage buses linked to the extensive power grid,
while the primary sides of all CVTs are connected to the busbars through
switches. In the regular operation of the power grid, all switches are in a closed
state. When the three-phase unbalance of the bus is not considered, capture the
power frequency signal from the CVTs measurement and control coil, where the
coil load is negligible, indicating that the primary voltage of the CVT aligns with
the bus voltage at this juncture. However, the power grid outlet adheres to a
three-phase structure, susceptible to three-phase voltage imbalances due to load
variations. This difference is essential for assessment of metering errors and be-
comes difficult to detect, and becomes indiscernible. Hence, our focus shifts to
the in-phase CVT to mitigate the impact of load fluctuations and enhance the
precision of error assessment. For in-phase CVT, its secondary side voltage can

be mathematically expressed as Equation (2):
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Figure 1. CVT structure schematic diagram.
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Figure 2. Schematic diagram of double busbar connection system.

Table 1. Accuracy level measurement error limits.

Accuracy level Ratio Error Limit
0.1 0.1%
0.2 0.2%
0.5 0.5%
1+¢ 0 0
k
W) | 70
u, (1) |0 — L .. 0 y U(1) @)
u, (1) ' | o
0 0 l-li-cgn

2.2. Algorithm Principle

Pursuant to Equation (2), the secondary side measurement of each CVT is
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composed of a veritable value and a dynamic error, the latter fluctuating with the
passage of time. Consequently, by scrutinizing this chronicle of time-oriented
measurements, deviations indicative of anomalous error behavior in CVTs can
be discerned. For recently installed or recently validated CVTs, a methodology
for detecting measurement errors based on in-phase relationships is posited.
This method employs Principal Component Analysis (PCA) to project mea-
surement values into the residual space encapsulating errors [15] [16] [17]. De-
tection of error changes in CVTs is then accomplished by computing the Local
Outlier Factor (LOF) [18]. The method delineates two distinct stages: initializa-
tion modeling and online monitoring, with the primary steps outlined as fol-
lows:
o Initialization Modeling 1

During the initiation modeling 1, the voltage amplitude X" =[x,,x,,+,x, ]
of the secondary side output is amassed. Here, m and n denote the number of
samples at the sampling point and the number of CVTs, respectively. Standardi-
zation of X, is performed to achieve a mean of 0 and a variance of 1, as illu-

strated in Equation (3).
X=(X-E(X))D" (3)
where E(X)=[p,p,, --,p4,] is the mean vector of x, and

D =diag[o,,0,,-,0,] is the standard deviation matrix. Where

o, =\E(x,— 1 )2 is the standard deviation of ;.

i

Subsequently, the covariance matrix R™” of matrix X is computed and

diagonalized, as depicted in Equation (4).
R=—_ XX =pyp (4)
m—1
where, P"™" is a unitary matrix, and V =diag[4,,2,, --,4,] is a diagonal ma-
trix, and the eigenvalue A, satisfies 4, >4, >---> 1 .

At present, the number of pivots is determined by the accumulated contribu-
tion rate percentage of the variance (CPV). The CPV method determines the
number of pivot components by calculating the cumulative variance percentage
of the first k eigenvalues, as expressed in Equation (5).

k

2 A

CPV(k)=L—x100% (5)

n

>4

i=l1

When using the CPV method to select the number of pivots, you need to ma-
nually select a standard CPV expected value. Under normal circumstances, this
value can be set to 85%. Combining the resultant P"" from Equation (4), The
first k (k < n) linearly independent vectors of 7, P, =[P, P,,-+,F,] form the pivot
space, and the last 12 — & linearly independent vectors of 2, P, =[P,,,,P.,, -, P, ]
form the residual space.

The CVT error can be articulated as the projection of measurement data in
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the residual space. An abnormal alteration in the measurement error state of
CVT is manifested by a discernible deviation in the projection of measurement
data within the pivot subspace and residual subspace. The degree of this devia-
tion is ascertained by establishing statistics for the assessment of the CVT mea-
surement error state. Generally, the Q statistic is established in the residual sub-
space to gauge the extent of deviation in the non-principal components of the

measurement data, detailed in Equation (6).
0 = /\71'2 = | peiPeT)?T" (6)

where Q" is the Q statistic of ith CVT, X, is ith column vector of X, p,

is the /th column vector of P, .

¢ Initialization Modeling 2

In contrast to sampling points devoid of error changes, those with error
changes represent outliers, distinctly reflected in a mutation in the CVT’s Q sta-
tistic. To sensitively and precisely detect alterations in Q and enhance the accu-
racy of CVT status monitoring, this paper introduces the Local Outlier Factor
(LOF) algorithm. Key parameters of the algorithm are defined as follows:

During the initiation modeling 2, the voltage amplitude Xg," =[x,,x,,:-,x, ]
of the secondary side output is amassed. Using the PCA model obtained in initia-
lization modeling 1, calculate the Q of each CVT. For CVT-i, data point gis the Q
statistic calculated from initialization modeling 1 at time ¢ the data point ois a
point in the data set O=Q, € R™"'. The Euclidean distance between data points
gand ois expressed as d (q,o). The Euclidean distance between all points in the
data set O and the data point g is expressed as d =[d,,--,d,,--,d, ], and satis-
fies d,2d,>--2d . The k-distance d
as Equation (7).

of data point g can be expressed

k-distance

d =d, )

k-distance

— “k-distance

All points with d(g,0)<d in the data set O constitute the k-distance
neighborhood N, ... (¢) of data point g. The k-distance reachable distance

d, (q,o) from data point g to data point o can be expressed as Equation (8).
dkr (q,O) = max{d(q’o)’dk—distance} (8)

For any integer k; if the distance between data point ¢ and data point o is suf-

ficiently small, the d of data point g is the d, (0,q) between the two

k-distance
data points (for example: when & = 6, in Figure 3, the d,, (0,q,) between oand
g, isthe d

considerable, the d, (0,q) between the two data points is the d(g,0) be-

odisance  Of 0). If the distance between data point gand data point ois
tween them. Euclidean distance (for example: the 6th order reachable distance
between oand ¢, inFigure 3isthe d(o0,q,) between them).

The local reachability density Ird (q) of the data point ¢ is the reciprocal of
the average d, (g,0) amid all data points within its N_g..(¢) and data
point g, as delineated in Equation (9). This local reachable density efficaciously
mirrors the distribution of other data points proximate to g. The smaller the

value, the higher the possibility that the data point is an outlier.
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Figure 3. The 6th order reachable
distance of data point o.

Y d(g0))
lrd(q) _ OENk—dislan;i](‘?q) (9)

where, N(g) is the number of pointsin N, g e (¢) -
The local outlier factor lof (q) embodies the mean ratio of the lrd(q) of

data point g to the Ird (0) of all data points within its N, _ (q) , elucidated

in Equation (10). P
Ird (0)
0Ny _distance (4) Ird (q)
N(q)

If data point g deviates from the known data population, resulting in a dimi-

lof(q) = (10)

nished Ird(q), the local outlier factor lof(g) surges disproportionately. Most
data within a cluster exhibit an lof (q) approximating 1, whereas data g with
lof (q)>>1 signifies that Ird (q) is inferior to the data within Nk_dismme(q),
suggesting data ¢ is an outlier. At this time, one of the monitored CVTs has an
error change, which can be determined by the contribution degree, elucidated in
Equation (11).

H-l_%.i% (11)

" lof, Slof,

where, lof, and H, represent the outlier factor and contribution of the ith
CVT, and lof,, represents the outlier factor of the limit error of the ith CVT at
the corresponding accuracy level. lof,; can be simulated by superimposing the
limit error on the measured data of the CVT in X, .
¢ Online Monitoring

Upon completion of the initialization, the secondary side voltage amplitude of
the CVT is collected for online monitoring. Subsequently, O, and lof, are
calculated for each monitored CVT, and whether lof, is an outlier is deter-
mined. When an outlier is detected, it indicates that there is an error change in
the CVT being detected. After the CVT where the error changes occur is deter-
mined through the contribution degree, determining that the CVT is in an

out-of-tolerance state if its lof, surpassesthe [of,.
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3. Algorithm Flowchart

This paper introduces a CVT online error state evaluation method based on the
in-phase relationship and outlier detection. Leveraging the minimal interference
between in-phase CVTs, sampling points are projected into the residual space
established through PCA during the initialization stage. The characteristic statis-
tic @, defining the CVT error state, is then calculated. Real-time detection of the
Q statistic is achieved through the LOF algorithm. Ultimately, a threshold is em-
ployed to facilitate online quantitative monitoring of the CVT error state. The
outlined steps are detailed below, and the algorithm flowchart is illustrated in
Figure 4.

1) Initiate the gathering of secondary side output data from CVTs newly in-
stalled in the substation or those that have recently undergone periodic inspec-
tions. Formulate initialization datasets X, =[X,;;X,,], and online monitoring
dataset X, .

2) Embark on the Initialization Modeling 1, wherein parameters x4 and o
are meticulously computed. Standardize dataset X, followed by the imple-
mentation of PCA to derive the residual space parameter P.

3) Transition into the Initialization Modeling 2. Leverage parameters x and
o to standardize dataset X,. Compute the O, for each CVT, establish the
N, isance » and ascertain the /lof,, under salient conditions.

4) Enter the online monitoring stage, executing real-time (), abnormal point
detection on sampling points to ascertain alterations in the measurement error
of the CVT. If such changes are detected, utilize the contribution degree to pin-
point the CVT undergoing an error change. Concurrently, assess whether the
magnitude of this change surpasses the upper limit, thereby concluding the

comprehensive evaluation of the error status of the sampling point.

4. Experiment and Result

In this section, we shall ascertain the efficacy of this methodology utilizing data
derived from an authentic substation site. Initially, known error variations are
incorporated into the collected dataset, thereby generating a myriad of test data-
sets. Subsequently, we evaluate the viability and precision of this approach for
assessing the error states of CVTs. (The aforementioned verification process was
executed using “MATLAB R2021a”).

4.1. Data Description

The experimental data emanated from a substation located in northwest China,
featuring a 330 kV double busbar structured CVT. Three groups, comprising 9
CVTs each, manufactured by Xi’an Xirong Power Capacitor Co., Ltd., model
TYD330/-0.005H, with an accuracy level of 0.2, serve as the subjects. The initial
error is presumed to be zero for experimental expediency, and the collection site
is delineated in Figure 5.

This high-precision sampling apparatus operates at a frequency of once per
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minute, meticulously sampling three sets of 9 CVTs over five consecutive days,
aggregating 7200 sampling points per CVT. No conspicuous anomalies were
observed during the entire sampling duration. Figure 6 depicts the primary side
voltage amplitude restored from the collected voltage amplitude at the CVT
secondary side output. The upper figure shows the three output voltage ampli-
tudes of the first group of CVTs, and the lower figure shows the A-phase output
voltage amplitudes of the three groups of CVTs. It can be seen from the curve
that the same-phase relationship is more harmonious than the three-phase rela-

tionship.

4.2. Experimental Steps

1) Segregate the experimental dataset by extracting 2880 samples from the ini-
tial two days to formulate the initialization dataset X, € R****. The remaining
samples are retained as online monitoring data sets X, € R**”’ without supe-

rimposed human errors.

‘ High-precision acquisition equipment collcts the secondary side voltage output of CVTs ‘

‘ In-phase CVTs voltage amplitude ‘
I

¢ Xm Xa X1 ¢

standardization standardization

Ko, P, ’ residual space projection ‘
XOZ L2
[ o |
v
PCA modeling ‘ lof, |
v lMa&
No
standardization
Yes
‘ residual space projection ‘ ‘ there is an error change in the CVTs |
v
“ ‘ error location |
k-distance
) Yes
LOF modsling ‘ CVT-iis out of tolerance
Initialize modeling Online monitoring

Figure 4. The flow chart of the online error state assessment method.

Figure 5. Substation data collection site.
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Figure 6. CVT primary side input voltage amplitude curve.

2) Experiment 1: Based on the first step, generate a substantial volume of on-
line monitoring data incorporating known error changes. With reference to the
CVT’s accuracy level, generate 1000 error values per CVT, each with a resolution
of 0.01% and adhering to a normal distribution, as depicted in Figure 7. Com-
mencing from a randomly selected sampling point, superimpose these error
values onto the dataset X, € R***® (x'=xx(1+¢), the errors in all experi-
ments are superimposed and will not be explained again). Take these 90,000 ex-
perimental data sets as input, compare the evaluation outcomes and error setting
values of this method, affirming the accuracy and sensitivity of the assessment
method for CVT error states.

3) Experiment 2: Compare extant research methodologies to authenticate the
precision and discernment of this approach in situations where the error state
of an individual CVTs undergoes modification. Deriving from step 1, employ
This dataset
entails superimposing errors onto CVT-1A multiple times, thereby orchestrating

X, e R*™ to formulate an experimental dataset X, e R*.

a transition in error status from the ordinary to an out-of-tolerance condition.
The method for superimposing errors is elucidated in Table 2, wherein “sample
point” designates the juncture at which error increments are overlaid. The re-
maining 8 CVTs retain unaltered data. Contrast the evaluation outcomes of lite-
rature [11] and literature [12] with the methodology propounded in this manu-
script.

4.3. Results and Discussion

e Experiment 1

The subject of this experiment is a 0.2-level CVT. According to Table 1, it is
0.2%]. If the supe-
rimposed error value falls within this spectrum, it signifies that the CVT is in a

discerned that the error range in its standard state is [-0.2%,
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normal state; contrarily, it in an out-of-tolerance state. When the evaluation re-
sult is consistent with the predetermined CVT error state, it means that the
evaluation is correct. Table 3 catalogues the number of correct instances and the
accuracy rate of this method compared to the predefined values. As observed
from the tabulation, over 9000 repetitions, the method articulated in this docu-
ment was accurately assessed 8973 times, yielding a commendable accuracy rate
of 99%. The experimental results affirm that this approach can efficaciously
realize the evaluation of CVT error states under non-power outage conditions.
Moreover, it remains impervious to the undulations in its primary measurement
voltage. The method exhibits remarkable accuracy, even when faced with a ple-
thora of errors reaching the critical value of 0.2% (-0.2%). This unequivocally
substantiates the accuracy and sensitivity of this method in assessing error states,

with a sensitivity reaching 0.01%.

Table 2. Experiment 2 error superposition method.

CVT Num  Sampling point  Error change Current error value State
1-999 0.00% 0.00% Normal
1000 0.15% 0.15% Normal
CVT-1A 2000 0.01% 0.16% Normal
3000 0.03% 0.19% Normal
3500 0.02% 0.21% Out of tolerance
Other CVT All 0.00% 0.00% Normal
40
20
S
S 0
S
5 20
i
o -40
&
-60
-80
CVT-1A CVT-1B CVT-1C CVT-2A CvT-2B CvT-2C
40
x
S 20
e
S o
w
o
5 20
o
40

CVT-3A CVT-3B CVT-3C

Figure 7. Error distribution of CVT experimental data superposition.
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Table 3. The accuracy of the experimental results of Experiment 1.

CVT Num Phase Times Correct rate

A 998 99.8%

CVT-1 B 995 99.5%
C 989 98.9%

A 1000 100.0%

CVT-2 B 995 99.5%
C 1000 100.0%

A 1000 100.0%

CVT-3 B 997 99.7%
C 999 99.9%

Total \ 8973 99.7%

e Experiment 2

Literature [11] and literature [12] are CVT error state evaluation methods
proposed in the past two years. Judging from the experiments in the corres-
ponding articles, the evaluation results are relatively outstanding. The experi-
mental results of these two methods are shown in Figure 8. Whenever the eval-
uation result surpasses the predetermined threshold, it indicates a metamorpho-
sis in CVT error. Beyond the 1000th sampling point, the CVT error undergoes a
change, and the statistic Q (SPE) is anticipated to exceed the threshold and pers-
ist until the conclusion of the evaluation. This is overtly incongruent with the
evaluation outcomes. Influenced by the three-phase imbalance in the power grid,
these two methodologies falter in achieving theoretical efficacy concerning CVT
error changes. They are inept at monitoring and tracking CVT error changes,
rendering them inadequate for early warnings regarding out-of-tolerance states.

The evaluation results of this method are illustrated in Figure 9. At the 1000th,
2000th, and 3000th sampling points, the /of of the CVT undergoes a mutation,
successfully monitoring the change in error, even when it is a mere 0.01%. At the
3000th sampling point, the CVT error registers at 0.19%, adhering to the error
requirement for a 0.2-level CVT, aligning seamlessly with the evaluation results.
By the 3500th sampling point, the CVT error escalates to 0.21%. At this juncture,
the Jof exceeds the threshold /lof, , prompting the algorithm to determine that
the CVT has transitioned into an out-of-tolerance state. A comparative analysis
between the evaluation curve and the error setting curve in Figure 9 affirms the
congruity in the Jof change with the pre-established CVT error alteration. This
further validates the appropriateness of the method delineated in this manu-
script for online CVT error change monitoring and error state evaluation in
network systems, bolstering accuracy and reliability.

As underscored in the review, this segment substantiates the feasibility and
precision of this method for online CVT error state assessment through an ex-

tensive series of repeated experiments. Comparative analyses affirm that this
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Figure 8. PCA and ICA method evaluation results.
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Figure 9. Evaluation results of this method.

method exhibits certain advantages over prevailing online evaluation methodol-
ogies in terms of accuracy, reliability, and sensitivity in tracking changes and as-

sessing the status of errors.

5. Conclusions

This paper posits an online Capacitor Voltage Transformer (CVT) error state
evaluation methodology predicated on the in-phase relationship and the identi-
fication of aberrant points. This approach adeptly achieves meticulous and dis-
cerning evaluation of the CVT error state under circumstances devoid of power

outages, impervious to perturbations induced by the undulating grid voltage,
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and attains a remarkable precision of 0.01%.

Influenced by the limitations inherent in the experimental conditions, the
comprehensive validation of the efficacy of this method in prolonged field assess-
ments remains incomplete. This constitutes the central concern of our forthcoming
experimentation. Simultaneously, the exploration of methodologies for error
status assessment in scenarios where the count of CVT groups is fewer than
three demands further scrutiny, marking the pivotal axis of our subsequent en-

deavors and scholarly investigations.
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