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Abstract

Accurate voltage anomaly detection is the prerequisite for the reliable operation of the distribution network.
However, the traditional detection methods are prone to missed and false alarms. In practice, the distribution of
phase voltage difference satisfies a normal distribution during normal operation and deviates from the distribution
during faults. This paper proposes a novel method for voltage anomaly detection in distribution networks based on
an improved standard deviation filter. The proposed method identifies an anomaly by evaluating the dispersion
degree based on the mean and standard deviation of the phase voltage difference dataset. The short-term cycle,
long-term cycle, and weighting coefficient are adopted rationally, thus large data storage requirements and
repeated calculations can be avoided. Compared with the clustering and the isolation forest algorithms, the
proposed method can identify voltage anomalies more accurately. The reliability of the proposed method is

verified by on-site data.
Keywords: distribution network, voltage anomaly detection, standard deviation filter, mean

1. Introduction

The distribution network is essential in the power system to connect the generation side and the consumer side, and its
operational reliability is closely related to the national economy [1-3]. Voltage anomaly is one of the main factors affecting
the power system’s reliability. If the voltage anomaly causes an accident tripping, it will affect the normal operation of the
power system and may even result in irreversible damage to the electrical equipment [4-5]. To improve the safety and
reliability of power system operation, accurate monitoring of voltage anomalies is particularly critical [6-7]. Currently, the
methods for detecting voltage anomaly in distribution networks can generally be categorized into the voltage over-limit

setting method [8-13] and the abnormal data identification method based on deep learning and clustering algorithms [14-22].

The principle of the voltage over-limit value setting method is relatively simple. When the measured voltage value
exceeds the set voltage over-limit value, an alarm signal is sent. However, setting the voltage over-limit value reasonably
remains challenging. Firstly, the detection accuracy and sensitivity can hardly be simultaneously combined. A lower alarm
threshold ensures detection sensitivity, whereas voltage fluctuations in normal operation may result in false alarms [8-9]. A
higher alarm threshold improves detection accuracy but significantly reduces detection sensitivity [10-11]. Secondly, the

unified voltage over limit value cannot be applied to certain environments. For example, a three-phase imbalance exists in
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certain bus voltages during normal operation, and a unified fixed value for the over-limit alarm will lead to false alarms or
missed detections. Personalized settings and fixed value settings are cumbersome and cannot adapt to voltage changes

caused by changes in the mode of operation. [12-13].

The abnormal data identification method based on deep learning and clustering algorithms can detect voltage anomaly
by building a time series prediction model and comparing the error between the real and predicted values [14]. However, the

method has difficulty in accurately distinguishing between “abnormal” and “normal” values statistically. To prevent

frequent false alarms of voltage anomaly, the detection sensitivity is usually compromised. Such a situation makes it
impossible to accurately alarm when voltage anomaly characteristics are not apparent, resulting in faults often being

undiscovered and untreated in time [15].

Liu et al. [16] proposed a method for voltage anomaly detection in distribution networks based on an improved K-
Means clustering algorithm (K-Means). This method utilizes the improved elbow method and silhouette coefficient
algorithm to reduce computation time and improve the accuracy and efficiency of online monitoring. It builds upon the
foundation of K-Means. Zhang [17] proposed a method of extracting voltage anomaly features based on the K-Means. This
method performs well in voltage signal acquisition, yet the accuracy of voltage anomaly monitoring is lower than expected.
Although these methods can detect abnormal voltage data to a certain degree, sometimes the distribution network data is

irregular, which may lead to missed abnormal data [18].

Kuang et al. [19] and Ke et al. [20] proposed a neural network-based voltage anomaly detection method in distribution
networks. This method constructs a detection model using historical data and detects anomalies by comparing the difference
between predicted values and actual values. However, the method fails when the voltage anomaly is not characterized. Guo
et al. [21] is based on support vector machines for data anomaly detection, which has a narrow scope of application and a
high rate of missed detection. Similarly, this method may fail when the fault characteristics are elusive. A dynamic filling
algorithm for missing data in the distribution network was proposed by Mei et al. [22], enabling accurate and automatic

selection of anomaly identification thresholds and effectively detecting abnormal data in distribution networks.

To improve the detection accuracy, the standard deviation filter based on the mathematical statistics method has gained
considerable attention. This method can measure the dispersion degree of a data set by calculating the mean and standard
deviation of a set of data, thus realizing the detection of abnormal data [23-24]. Shi et al. [25] cleanses anomalous data by
calculating the standard deviation of the data and setting a threshold. However, due to the lack of preprocessing during the
handling of raw data, there may be instances of missed detection during the anomaly data cleansing process. Li et al. [26]
and Yan et al. [27] detected anomalous data by calculating the standard deviation of the sampled data. However, this method
does not consider the computational challenges posed by the storage and processing of large-scale data. The more buses to

be monitored, the more severe these problems become [28].

To facilitate algorithm implementation and reduce storage and computation demands, this paper proposes an improved
standard deviation calculation method. First, the mean (E;) and standard deviation (o;) of each short-term data cycle are
calculated, where E; and o; represent the mean and standard deviation of the i-th short-term cycle, respectively. Then, based
on the calculated E;, o;, and sample sizes (n;) of each short-term cycle, the overall mean (E) and standard deviation (o) of the
long-term cycle are updated through a rolling calculation, where E and o denote aggregated statistical parameters. During
this process, only the mean, standard deviation, and sample size of each short-term data set need to be stored, significantly
reducing data storage requirements and avoiding repeated computations on large historical datasets. The proposed method
supports an intelligent fault detection and analysis system for distribution networks, enabling sensitive detection of voltage

anomalies such as high-resistance grounding and line breaks.
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2. Principle of Improved Standard Deviation Filter

The implementation of standard deviation filters for data anomaly detection has attracted considerable attention from
the research community. This chapter introduces the principle of the improved standard deviation filter. The approach
achieves a reduction in both data storage and computational requirements through short-period rolling computation. By
introducing the time-weight coefficient, the system demonstrates heightened sensitivity to recent variations. Voltage

anomaly identification is accomplished by analyzing distribution discrepancies between normal and abnormal data.

2.1. Principal definition

The neutral point of 10 to 35 kV distribution networks in China adopts a non-direct grounding system. When faults such
as grounding, line break, and ferromagnetic resonance occur in the distribution network, the neutral point potential of the
system will shift, resulting in abnormal bus voltage [29]. Based on the consistency characteristics of the three-phase voltage

changes on the bus, the phase voltage difference is selected as the characteristic value.

A sliding time window standard deviation filter can be constructed using historical eigenvalues. First, the phase voltage
data sampled from the distribution network is divided into three sets of long-period phase voltage difference datasets, and the
long-period datasets are further grouped into individual short-period datasets. There will be multiple points in the retained
dataset that are consistently unchanged due to communication and other reasons at the time of sampling. At this point, it is
necessary to preprocess this data to eliminate it. Subsequently, E; and g; for the current cycle are calculated using the short-
cycle data. Based on Ej, o;, and n; obtained from each short-term cycle, a time-weighting coefficient is introduced to compute
E and o of the long-period datasets through a rolling process. The short-period mean and standard deviation are corrected
according to the temporal distance to ensure that the improved standard deviation filter is more sensitive to recent data

changes and adapts to the new characteristics of the bus voltage more quickly.

Moreover, since the phase voltage difference dataset, composed of historical data, contains anomalous data when faults
occur in the distribution network, it is necessary to eliminate the data in the long-period dataset that deviates from the normal
distribution range. After the elimination, the grouping calculation is performed again according to the initial steps to obtain

the mean and standard deviation of the three data sets.

2.2. Short cycle selection

Firstly, the system obtains the sampled long-period phase voltage data. If the standard deviation filter uses historical
data from the past M days, the long period of the sliding time window is M days. The first calculation needs to save the
three-phase bus voltages for the past M days. Then, the phase voltage difference is calculated from the sampled phase

voltages using the following formula:

Uyp=U,~U, (1)

Up.=U, -U, (2)

u,=U.-U, 3)
In this case, the following three sets of long-period phase voltage difference data can be obtained:

Dy, = {Uahl Upses ’Uabm} 4)

Dy = {chl Uperseo ’chm} (5)

DUL‘a Z{Ucal’UcaZ""’Ucam} (6)
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Dy represents the long-period phase voltage difference data set, i = a, b, or ¢, and j =b, c, or a for the phase sequence.
m represents the number of samples in each data set. If M = 30 is selected, and historical data of three-phase voltage is
recorded every minute, then m = 30 x 24 x 60 = 43,200. The improved method of calculating the standard deviation in this
paper is to initially divide the long-period dataset into short-period datasets. The short period is chosen to be N days, where
M is an integer multiple of N. The long-period phase voltage difference data set Dy is divided into L = M / N groups by

period:
Dy ={Uy;1.Uyijase- Uy } 5

Dy = {UUijsl Uijsas-- s UUijsn} 8)

Dy represents the short-period phase voltage difference data set, where s = 1, 2, ..., L denotes the short cycle number, and n
is the number of samples in each short period. The value of n is calculated as n =m / L. If N = 1 is chosen, then L = 30 and n
= 1,440.

The quantile-quantile plot (QQ plot) of the phase voltage difference U, at a substation over a 10 months period is
shown in Fig. 1. The dataset contains abnormal voltage data points. The points in the QQ plot are near the straight line,
indicating that a normal distribution is satisfied. The presence of points away from the straight line on the left and right sides
of the graph is due to the presence of data anomalies in the 10-month data. It can be seen that the data satisfy the normal
distribution when the distribution network operates normally. After the exclusion of abnormal voltage data, the resultant
histogram of the phase voltage difference U., during normal operation of the distribution network is shown in Fig. 2. Since
the system samples are discrete, the data obtained is jumpy rather than continuous. The resulting interval segments of the
phase voltage difference data set are not continuous.
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Fig. 1 QQ plot of Uy at the 10 kV bus terminal (10-month data window)
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Fig. 2 Probability density plot of U, at the 10 kV bus terminal (10-month data window)
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2.3. Data preprocessing

During normal operation of the distribution network, the phase voltage difference satisfies the normal distribution. Due
to problems in sampling, transmission, and storage, saved historical data may have multiple persistent no-change points. As

shown in Fig. 3, persistent non-refreshment of historical data results in localized spikes in the probability density figure.
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Fig. 3 Probability density plot of Uy, at the 10 kV bus terminal (1-week data window)

Due to the presence of localized spikes, the computed mean and standard deviation values become artificially inflated,
thereby compromising voltage anomaly detection accuracy. In this case, localized spikes should be removed through data
preprocessing. Since the bus voltage telemetry is accurate to two decimal places, there are fluctuations in the bus voltage
during normal operation. According to the statistics, it is rare for the bus voltage to remain unchanged for five minutes,
which can be ascribed to the communication terminal or data not being refreshed. Meanwhile, the data points that remain
unchanged for five or more consecutive minutes throughout the day need to be eliminated. Since the system picks one point
a minute, it is considered that in the case of five or more consecutive identical data points, the identical data other than the

first data points will be excluded.

2.4. Mean and standard deviation

The sample number of each short-period phase voltage difference data set Dy after preprocessing is denoted as n's,
whereas the number of samples before preprocessing is n. The E'; and o'j; are calculated separately for each short-period

data set Dy;js as follows. E'j; and o' represent the mean and standard deviation of each short period after data preprocessing,

respectively.

Uu. +U.. +---+U..

s sl ijs2 ijsn

gs n/ (9)

ijs
(Ui‘sl - Ei"s )2 + (Ui'sz - Ei"s )2 +oet (Ui'sn - Ei"s )2
Gi’js2 — J L . ’./ l 7 (10)
n

ijs

Based on the mean and standard deviation of each short-period dataset, the long-period mean E'; and ¢'; of the phase
voltage difference data set Dy;; are calculated based on the previously obtained mean and standard deviation of each short-
period dataset, as shown in the formulas below. E’; and ¢'; represent the mean and standard deviation of each long period

after data preprocessing, respectively.

’ ’ ’ 4 7 7
o nl-leijl +”,'sz,_-,'2 +---+ni]-LE,_./-L
ijs - ’ ’ ’
NGy gy +e g

Y

i1
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’ ’ ’ ’ ’ ’ ’ 2
’2 nljlo-l/l +nlj20- + +nt/Lo- T nifl (Elffl B Elf/ ) + nl/2 (Eifz _Eil) +e +nUL (E jiL E’f/')

i
nul+nuz+ +n nl/1+nl/2+ +n

12)

From the above equations, it can be seen that the long-period mean and standard deviation can be derived from the saved

short-period mean and standard deviation without repeated calculation of the mean and standard deviation.

When the mode of operation changes, such as the parallel operation of the bus, the main transformer is out of power, or
the bus is supplied by the opposite side of the joint circuit, the voltage characteristics of the bus will change, which can
easily cause a false judgment of voltage anomaly. Regarding sudden changes in bus voltage, as the selected time window

lengthens, the adaptability of the historical data-based standard deviation filter decreases.

Meanwhile, the time window is too short for the standard deviation based on a small amount of sample data to
accurately characterize the data. Therefore, a time-dependent weighting coefficient is introduced into the conventional
standard deviation calculation equation. The short-period mean and standard deviation are corrected according to the length
of time. This ensures that the improved standard deviation filter is more sensitive to recent data changes and adapts more
quickly to the new characteristics of the bus voltage. With the introduction of the time-dependent weighting coefficient Kj;,

the above equation becomes:

, KylnulEU1+K U2E112+ +Kz/LnthE a3)
ijs
Kul”ul +Kl/2nl/2 +- +K,/LnuL
’ 2
’2 Kljlnljlo-ljl +Kt/2nlj2 ij2 + +Kz/Lnt/Lo-
ij
Kt/lnl/l + Ktj2nlj2 +oet KULnle
’ ’ ’ ’ 2 (14)
Kulnul(Eul EiJ) +K112nu2 (E j2 Ei]) +- +KIJLnUL(E _Eij>
Kljlnl]1+K U2+ +KuLnUL

The setting of the weighting coefficient Kj; is set based on a linear or exponential function of the dataset storage time.
As the dataset storage time shortens, the weighting coefficient increases accordingly; conversely, it decreases as the storage
time lengthens. The time weighting coefficients take values in the range of 0 to 1. The longer the data are retained, the closer
the weighting coefficient approaches 0; conversely, it approaches 1 as the retention time decreases. In particular, when Kj;s

= 1, the mean and standard deviation calculations become time-independent.

With the introduction of the weighting coefficient, the phase voltage difference dataset in the historical data will include
abnormality data generated upon faults in the distribution network. In this case, data other than E'; + 3¢'; need to be excluded
from each long-period phase voltage difference dataset. The number of samples in each short-period phase voltage difference
data set Dy;js after exclusion is denoted as n;j;, while the number of samples before exclusion is n'j;. At this point, recalculate
Ejs and oy, for each dataset Dyjys after elimination. After the calculation, the means Eup, Epe, Ecq, and standard deviations g,

Ope, Ocq Of the three datasets are obtained.

3. Proposed Method

This section presents the principle and implementation of the proposed voltage anomaly detection method for
distribution networks. Based on the concept of the improved standard deviation filter, anomalies can be identified by
analyzing the distribution patterns of normal and abnormal data. In practical operations, however, certain evident fault
conditions can also be directly detected through voltage analysis. Building on this, this study integrates actual operational

data with the improved standard deviation filter to enhance voltage anomaly detection in distribution networks.
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3.1. Voltage anomaly detection
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Fig. 4 Flowchart for voltage anomaly detection in distribution network

The absolute value of the real-time phase voltage difference in the (L+1)th short period (after M days) is taken. If the
absolute value of the voltage difference in any phase is greater than or equal to Usen (i.e., max(IUgl, 1Upcl, 1Ucal) > Usenn), it is
directly judged as a voltage anomaly. Based on actual operating experience, Us.:1 can be set to 0.8 kV. If the maximum value
of the absolute phase voltage difference is less than Uy but greater than or equal to Usen (i.€., Userr < max(IUupl, [Upel, Ucdl <
Usenn), then it is necessary to determine whether the absolute value of each phase voltage difference lies within the range of
Ej + 30y. Taking U, as an example, this requires verifying whether Eu» — 30w < Ua < Ew + 304 s satisfied. On the other
hand, if the absolute value of the real-time phase voltage difference fails to satisfy two or more of the above conditions

simultaneously, it is also judged as a voltage anomaly. To ensure sufficient sensitivity to bus voltage anomalies, Us.» can be

set to 0.4 kV.



International Journal of Engineering and Technology Innovation, vol. 15, no. 3, 2025, pp. 286-299 293

The voltage thresholds (Use1, User) mentioned here are derived from statistical data on three-phase unbalance of busbar
voltages in hundreds of operational substations. During normal operation, the phase voltage of the distribution network does
not exceed Uy, whereas during fault conditions, the phase voltage does not fall below Ujn. A fault is considered to have
possibly occurred only when the phase voltage lies between these two thresholds. The flowchart for detecting anomalies in

the bus voltage of the distribution network is shown in Fig. 4.

3.2. Real-time data processing

At the end of the (L+1)th short period, the data preprocessing described in Section 2.3 is repeated to exclude both
persistent and discrete abnormal data. After excluding the data, mean Eji.1), standard deviation ojw+1), and number of
samples n;ir+1) of the phase voltage difference dataset for the (L+1)th short period are calculated and saved. The overall Ej
and o;; from the 2nd to the (L+1)th short period are then computed using a rolling approach to support real-time anomaly
detection in the (L+2)th short period. Due to the large capacity of the system, the impact of distributed generation (DG)
integration is relatively minor. Moreover, the connection or disconnection of distributed power sources does not lead to an
imbalance in the bus load that would cause a three-phase voltage imbalance at the bus. Therefore, this method is also

applicable to the integration of DG.

4. Case Study

To verify the accuracy of the method proposed in this paper for detecting abnormal voltage data in distribution
networks, this section first validates the effect of the improved standard deviation filter based on distribution network data.
By comparing with different anomaly detection methods, the method proposed in this paper is more accurate in detecting

abnormal data. Secondly, the effectiveness of the method is confirmed through on-site real-time monitoring verification.

4.1. Analysis of the impact of sliding time windows on data anomaly identification

The case parameters described below are designed uniformly as follows: the long-period M is set as 30 days, the short-
period N is set as 1 day, Us. is set as 0.8 kV, and U, is set as 0.4 kV. First, the historical voltage data of the distribution
network for the past 30 days was obtained. The historical data contains abnormal voltage data. After data elimination and
rolling calculation, the mean and standard deviation of the data set during normal operation are obtained. At this point,
voltage anomaly detection can be carried out. Fig. 5 and Fig. 6 display voltage anomaly identification results at the same bus
with one-week and one-month time windows, respectively. Circular markers denote normal data, while triangular markers
indicate anomaly dates. The method shows high sensitivity to deviations from normal ranges. Shorter time windows may

distort the results due to limited statistical samples, potentially causing normal data to be misclassified as anomalies.
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Fig. 5 Voltage anomaly identification (1-week window) Fig. 6 Voltage anomaly identification (1-month window)
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4.2. Case study of improved standard deviation filter

Figs. 7 to 9 show the comparisons of the probability density plots of the 10 kV bus terminal Uy, of a certain substation,
with data windows of 1-week, 1-month, and 1-month with the introduction of a time-weighting coefficient, respectively. The
left is the probability density distribution diagram smoothed by the Gaussian kernel, and the right is the original probability
density diagram. As seen in Fig. 7 and Fig. 8, the dataset for long-time windows is more statistically regular compared to
short-time windows. It can be seen from Fig. 8 and Fig. 9 that the introduction of the time weight coefficient does not

decrease the normal distribution of the data set, whereas it will be more sensitive to recent data.
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Fig. 7 Probability density of U, at 10 kV bus (1-week window)
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Fig. 9 Probability density of U, at 10 kV bus (1-month window with time-weighting coefficient)
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4.3. Case study of voltage anomaly

The normal transient voltage of the 10 kV bus of a certain substation is shown in Table 1. As indicated in the table,
during normal operating conditions of the distribution network, phase voltages remain within specified ranges (typically
+5% of the nominal value). Therefore, the phase voltage difference is close to 0, and the three-phase voltage differences are

similar to each other.

Table 1 Normal three-phase voltage of the 10 kV bus of a substation

U, Uy U. [Ual [Upel [Ucdl
kV) kV) kV) kV) kV) kV)

03:07:00 | 5.7949 | 6.0352 | 5.8184 | 0.2403 | 0.2168 | 0.0235
03:08:00 | 5.7949 | 6.0322 | 5.8125 | 0.2373 | 0.2197 | 0.0176
08:40:00 | 5.7832 | 6.0059 | 5.8008 | 0.2227 | 0.2051 | 0.0176

Time

When solid grounding, high-resistance grounding, and line break faults occur in a substation, three methods of
improved standard deviation filter, Density-Based Spatial Clustering of Applications with Noise (DBSCAN) clustering, and
isolation forest are used to identify the bus voltage. The identification results are shown in Table 2. A value of “0” indicates
that the bus voltage is recognized as normal, and a value of “1” indicates that the bus voltage is recognized as abnormal.
“Data.2” represents low-resistance grounding, “Data.3” and “Data.4” represent single-phase line break faults, and “Data.5”,

“Data.1”, and “Data.6” represent high-resistance grounding faults.

Table 2 Comparison of three different methods

paa| Ve | Us | U Us | Uk | U Th;;fg;fged DBSCAN | Isolation
kV) kV) kV) kV) kV) kV) deviation filter clustering forest
1 5.50 5.86 6.10 -0.36 | -0.24 0.60 1 0 0
2 0.16 | 10.20 | 10.51 | -10.04 | -0.31 | 10.35 1 1
3 |5.6396 | 6.2578 | 5.5957 | -0.6182 | 0.6621 | -0.0439 1 1 1
4 |57041]6.1143 | 5.6543 | -0.4102 | 0.46 |-0.0498 1 0 1
5 15.9004 | 6.0732 | 5.5166 | -0.1728 | 0.5566 | -0.3838 1 0 0
6 |5.8975| 6.082 |5.5342|-0.1845 | 0.5478 | -0.3633 1 0 0

The recognition results indicate that the improved standard deviation filter achieves the highest accuracy in detecting
voltage anomalies. In contrast, both the clustering algorithm and the isolation forest are less suitable for identifying abnormal
voltages close to normal values. In the “Data.4” line break fault, the bus voltage is slightly abnormal, and the clustering
algorithm cannot accurately identify it. For “Data.5” high-resistance grounding fault, neither the clustering algorithm nor the

isolation forest can correctly identify the voltage anomaly.

4.4. On-site case

The intelligent detection and analysis system for distribution network faults, developed based on the proposed method,
has been successfully implemented. This system is capable of sensitively detecting voltage anomalies such as high-resistance
grounding and line break, thereby providing essential prerequisites for subsequent fault type identification, timely fault

detection, and rapid resolution.

Fig. 10 shows a short-period three-phase voltage dataset for a certain distribution network. The short period N is
selected as 7. Thus, the number of sample points is 60 x 24 x 7 = 10,080. It can also be seen from Fig. 10 that under normal
operating conditions of the distribution network, the phase voltages are maintained within the specified range (usually +5%

of the rated value).
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(c) Short-period phase voltage data set of phase C

Fig. 10 Short-period three-phase voltage dataset for a certain distribution network
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After obtaining the short-period dataset, it needs to be preprocessed to exclude data that remains constant at multiple
continuous points. Subsequently, the mean and standard deviation of the short-period dataset are calculated. The mean and
standard deviation of the long-period dataset are derived from a rolling calculation using the mean and standard deviation of
the short-period dataset. A time-dependent weighting coefficient is introduced during the rolling calculation process. After

data exclusion and recalculation, the distribution network voltage anomaly detection table is shown in Table 3.

An alarm signal is issued when the proposed method detects a voltage anomaly in the distribution network. The voltage
anomaly detection method based on the improved standard deviation filter accurately identifies the voltage anomaly and
issues an alarm signal regardless of solid grounding, high-resistance grounding, line break faults, and ferromagnetic

resonance faults.

Table 3 Distribution network voltage anomaly detection table of the proposed method

Instantaneous voltage
&V)

Phase Line
voltage voltage
U, 5.73
Zhuzhou.Guanzhuang | 10 kV.II | High resistance grounding | Uy: 6.24 | Ug: 10.44
U 6.12
U.: 5.65
Zhuzhou.Guanzhuang | 10 kV.II | High resistance grounding | Up: 6.08 | Ug: 10.21
U::5.93
U.: 5.90
Zhuzhou.Xiangshiling | 10 kV.II | High resistance grounding | Up: 5.59 | Uga: 10.14
Uc: 6.07
U.: 5.78
Zhuzhou.Guanzhuang | 10 kV.II | High resistance grounding | Uyp: 6.34 | Ua: 10.58
Us: 6.21
U.: 5.77
Zhuzhou.Shizitan 10kV.II Disconnection fault Up: 6.12 | Uy 10.18
Ue: 5.72
U.: 5.63
Zhuzhou.Xiaojiang | 10 kV.II | High resistance grounding | Uyp: 6.12 | Ugw: 10.13
U 5.80
U.: 6.41
Zhuzhou.Fugang 10kV.I Disconnection fault Up: 5.67 | Uaw: 10.17
U 5.59
U.: 3.38
Zhuzhou.Junchu 10kV.I | Ferromagnetic resonance | Uy 7.44 | Uy 10.14
U 7.35

Substation Bus Fault type

5. Conclusion

To address the shortcomings of fixed over-limit alarms in detecting voltage anomalies in distribution networks, such as
omissions and false alarms. This paper proposed a detection method based on an improved standard deviation filter. The
method identifies voltage anomalies by evaluating the dispersion degree of the phase voltage difference dataset using the
mean and standard deviation. As a result, the reliability and timeliness of voltage anomaly detection were improved. The
effectiveness of the proposed method was verified through theoretical analysis and on-site data. The main conclusions are

summarized as follows:

(1) The short-period mean and standard deviation were utilized to compute the long-period statistics. During this process,
only the mean, standard deviation, and sample size of each short-period dataset needed to be stored, which significantly

reduced data storage requirements and eliminated repeated calculations on large volumes of historical data.
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(2) Experimental results demonstrated that deep-learning and isolation forest algorithms had limitations in detecting voltage
anomalies, leading to low identification accuracy. In contrast, the proposed method accurately identified voltage

anomalies across various fault types.

(3) The proposed method was unaffected by operational changes, such as parallel bus operation, main transformer outages,

or supply switching from the opposite side of the tie-line.
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