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ABSTRACT The topology and line parameters of low-voltage transformer area are often difficult to obtain,
and distributed photovoltaic (PV) access makes the distribution grid’s power flow characteristic changes,
which leads to high difficulty in recognizing line loss anomalies in transformer areas. To address the above
problems, a method for perceiving line loss anomaly in PV transformer area called MIC-IF is proposed.
Based on this algorithm, the feature vectors of each transformer area are constructed by combining several
operation indicators and line loss rate, and it is considered that the outlier vectors correspond to the
transformer areas with abnormal operation states. After completing the judgment of the cause of anomalies,
PV energy theft detection is carried out for areas in which the PV power generation is anomalous based
on RUSBoost algorithm. Finally, the results of analysis are summarized and the conclusion on anomaly
perception is obtained. The effectiveness of the proposedmethod is verified based on data from 20 simulation
transformer areas, and the results show that the accuracy and F1-socre of MIC-IF reach 0.95 and 0.89,
respectively, and are higher than the comparison algorithm. The detection framework takes into account the
PV access and does not rely on line parameters, with high interpretability and accuracy, providing a certain
reference for engineering applications.

INDEX TERMS Anomaly perception, ensemble learning, line loss rate, maximal information coefficient,
photovoltaic low-voltage transformer area.

I. INTRODUCTION
Line loss rate can effectively reflect the economic status of
the power system [1]. Low-voltage distribution grid lines are
relatively complex and change frequently, its management
and maintenance are difficult, and its loss occupies a large
part of the total loss of the power system [2]. With the rapid
development of photovoltaic (PV) industry, the access of dis-
tributed photovoltaic causes some changes in the power flow
characteristics of transformer areas [3], [4], [5]. In addition,
in order to obtain additional PV power generation subsi-
dies, some photovoltaic customers attempted to implement
energy theft by tampering with meter readings, resulting in
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more complex operating conditions and greater difficulty
in identifying anomalies in PV transformer areas [6]. The
popularity of smart meters provides favorable conditions for
the application of data-driven techniques in line loss anomaly
analysis [7]. In summary, there is an urgent need to con-
duct research on data-driven line loss characterization and
anomaly perception methods for PV low-voltage transformer
area.

At present, directly comparing line loss rate with pre-set
threshold is still themainway to recognize line loss anomalies
in distribution network, and researchers in various coun-
tries have carried out a wealth of studies on related topics.
Some of the studies focus on calculating theoretical line
loss and consider it as the reference for line loss analysis.
Reference [8] calculated the theoretical line loss based on
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improved equivalent resistance method, then compared it
with the actual measured line loss to obtain the identifi-
cation results. Reference [9] achieved accurate prediction
of theoretical line loss in transformer areas through IBP
neural network and optimized the hyper-parameters of the
network based on CGA algorithm. Reference [10] proposed
a line loss analysis method based on GA-LMBP algorithm,
and the related model has good computational accuracy and
generalization ability. Reference [11] described a line loss
analysis method based on kernel density estimation and BP
neural networks. References [12] and [13] both used CNN
as the computational model for theoretical line loss and
implemented the work of feature extraction before compu-
tation based on ReliefF algorithm and marketing customer
portrait analysis, respectively. Reference [14] classified the
abnormal data based on AP clustering, then found poten-
tial anomalies by comparing the characteristics of measured
data and abnormal data, and carried out line loss correction
by DNN algorithm. Reference [15] improved the Random
Forest algorithm and obtained a high accuracy of theoretical
line loss calculation based on this method. Reference [16]
used Gradient Boosting Decision Tree (GBDT) to effectively
identify nonlinear patterns among data and achieve the goal
of line loss rate prediction. Reference [17] firstly discussed
the factors affecting line loss based on PCA algorithm, and
then accurately predicted line loss using improved CHAID
Decision Tree.

While another part of the research achieves the goal of line
loss anomaly detection through clustering or outlier detection
algorithms. Reference [18] analyzed the multidimensional
feature similarity between line losses by using improved
Hasusdorff distance and identified potential anomalous con-
ditions based on hierarchical clustering algorithm. Refer-
ence [19] considered the impact of distributed PV access on
transformer areas, selected appropriate indicators based on
gray correlation analysis, and then combined with K-means
clustering, the anomaly coefficients for each area were cal-
culated. Reference [20] constructed a system of line loss
rate influencing factors, and then the indicators and the line
loss rate were jointly inputted into VAE model to obtain
the anomaly detection result. Reference [21] used neural
networks to capture data-driven power flow characteristics of
low-voltage distribution networks, thereby effectively identi-
fying loss anomalies and tracking potential suspected users.
Reference [22] constructed a semi-supervised hierarchical
anomaly detection framework taking into account the prob-
lems of sample imbalance and limited labeled samples. Refer-
ence [23] implemented the anomaly discrimination function
based on SVM, and the paper used Improved Sparrow Search
Algorithm (ISSA) to optimize the model parameters. Ref-
erence [24] proposed a hybrid cluster detection framework
based on K-means and hierarchical clustering, which showed
higher detection accuracy and lower false positive rate. Refer-
ence [25] clustered the line loss rate data based onK-means as
well, and identified the anomalous areas through cluster cen-
ter distance analysis and anomaly discrete degree analysis.

Reference [26] summarized a number of feature indicators for
line loss data and inputted them into Boost K-means model
for discrimination, which achieved high detection accuracy.

Through the analysis of references, it can be found that
a large number of studies focus mainly on the subject of
anomaly detection, however, in actual engineering applica-
tions, it is also crucial to diagnose the causes of line loss
anomalies, a step that can provide guidance for the mainte-
nance and management of transformer areas. Secondly, the
existing references are more oriented to traditional single
power structure distribution network, however, the access of
distributed PV has changed the power flow and line loss
characteristics of the grid, and there is an urgent need for
a more comprehensive analysis for transformer areas con-
taining PV [27]. In addition, some models are implemented
based on power flow analysis, which requires access to the
line topology and parameters of the grid, but in practice these
data are often difficult to obtain in a comprehensive manner,
which reduces the applicability of related methods.

Therefore, a line loss anomaly perception method based on
MIC-IF is proposed for photovoltaic low-voltage transformer
area. The main contributions of the proposed method to the
literature are as follows.

• The proposed method does not depend on the line topol-
ogy and parameters of the grid and is data-driven, which
provides better practical applicability compared to the
method of calculating line loss by power flow analysis.

• The detection framework takes into account the access of
distributed PV and is able to realize intelligent diagnosis,
its function is relatively comprehensive.

• The model extracts the operating characteristics of areas
through correlation analysis, which is with good inter-
pretability, and it is also convenient to adjust the indi-
cators and parameters appropriately when applied to
different scenarios.

The rest of the paper is organized as follows. In Chapter II, the
construction of the anomaly perception framework is intro-
duced, including the parts of transformer area classification,
feature extraction, anomaly detection and diagnosis, and PV
energy theft detection. Then in Chapter III, the validity of the
proposed method is verified by experiments.

II. IDENTIFICATION AND DIAGNOSIS OF LINE LOSS
ANOMALY BASED ON MIC-IF ALGORITHM
A. CLASSIFICATION OF TRANSFORMER AREAS
The characteristics of line loss rate are closely related tomany
factors such as the type of electricity consumption, line dis-
tribution, distributed PV access, if there is no differentiation
of transformer areas before anomaly detection, it is easy to
cause the occurrence of misjudgment and omission.

The classification is based on several inherent attributes
of transformer areas, combined with the available informa-
tion, transformer areas are divided from four dimensions:
main type of electricity consumption, power supply radius,
number of consumers and distributed photovoltaic access
level.
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TABLE 1. Rules for the classification of transformer areas.

1) MAIN TYPE OF ELECTRICITY CONSUMPTION
Since electricity is used for a variety of purposes, consumers
may differ in terms of the scale of electricity consumption
and the demand for electricity at different times of a day.
Therefore, from the view of the main type of electricity
consumption, transformer areas are categorized into four cat-
egories: residential living, general industry and commerce,
agricultural production and others.

2) POWER SUPPLY RADIUS
This variable captures the length of lines between the substa-
tion and consumers in transformer areas, which portrays the
level of line loss rate. In general, urban areas have a higher
concentration of consumers and a smaller supply radius than
suburban and rural areas.

3) NUMBER OF CONSUMERS
The combination of this variable and power supply radius
can effectively describe the consumer density of transformer
areas, which helps to realize the clustering of similar areas.

4) DISTRIBUTED PHOTOVOLTAIC ACCESS LEVEL
Appropriate photovoltaic power generation can shorten the
power supply distance for some consumers and effectively
reduce line loss, at this time, the line loss rate of anomalous
transformer area may not be high [27]. However, excessive
PV generation can also lead to power being sent back to the
substation and higher line loss [19]. The distributed PV access
level is calculated by synthesizing the installed PV capac-
ity of transformer areas and the general meter information,
as shown in Equation (1).

α =

T
m∑
i=1

Spv,i

Wz,T + T
m∑
i=1

Spv,i

(1)

In Equation (1), α is the distributed photovoltaic access level
of the transformer area. Spv,i, Wz,T are the installed capacity
of the i-th PV customer in the transformer area and the power
supply of the general meter in the time period to be analyzed,
respectively. T is the time span of the data.

Based on the above analysis and considering the actual sit-
uation, the transformer area classification rules are obtained
as shown in Table 1.

B. EXTRACTION OF OPERATION INDICATORS
The causes of line loss anomaly can be categorized into
technical and non-technical reasons. Among them, technical
reasons mainly include severe three-phase imbalance, no-
load or overload, and low power factor while non-technical
reasons mainly include energy theft and meter malfunction.

Therefore, several operation indicators are selected and the
correlations between them and line loss rate are calculated
to portray the operation status of transformer areas. In turn,
it is able to perform comparative analysis between areas and
identify potential abnormal line loss situation.

1) PHOTOVOLTAIC PENETRATION RATE
Photovoltaic penetration rate is the percentage of total elec-
tricity supplied by distributed PV over a period of time,
reflecting the extent to which distributed PV supports elec-
tricity in the transformer area. It is calculated as shown in
Equation (2).

λ =

m∑
i=1

Wpv,i

Wz +

m∑
i=1

Wpv,i

(2)

In Equation (2),Wpv,i is the amount of electricity supplied per
unit of time by the i-th PV customer, and Wz is the amount
of electricity supplied by the general meter during the same
period.

2) THREE-PHASE IMBALANCE RATE
Excessive three-phase imbalance rate can lead to reduced
equipment operating efficiency and increased heating of
devices and lines, posing a serious hazard to the operation
of transformer areas. According to the enterprise standard
of State Grid Corporation of China (Q/GD W519-2010)
‘‘Procedure for distribution network’’ [28], this indicator is
calculated as shown in Equation (3).

ε =
Imax − Imin

Imax
× 100% (3)
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In Equation (3), Imax and Imin are themaximum andminimum
current RMS values in the three phases, respectively.

3) LOAD FACTOR
This indicator reflects the current status of load carrying for
transformer and PV systems. Typically, the inherent loss in
the lines and devices makes the line loss rate of the trans-
former area high when the area is unloaded, and overloading
causes the equipment to operate less efficiently, which may
likewise lead to an increase in line loss rate.

4) POWER FACTOR
Power factor is the ratio of active power to apparent power
and reflects the efficiency of energy utilization of electrical
equipment in the distribution network. Excessive inductive
load access or improper configuration of equipment may
result in increased reactive power, lower power factor, and
higher line loss rate in transformer areas.

The symbols corresponding to the above four operation
indicators are shown in Table 2.

TABLE 2. Symbols of operation indicators.

C. FEATURE VECTOR CONSTRUCTION AND OUTLIER
DETECTION
Based on the analysis in the previous section, the line
loss rate of a normal transformer area can be expressed as
Equation (4).

Lr = f (λ, ε, η, p) (4)

In Equation (4), Lr is the line loss rate of the area.
If an area has line loss anomaly caused by an abnormal

technical indicator, for example, a high three-phase imbal-
ance rate, the line loss rate function can be expressed as
Equation (5).

Lr = f (λ, ε, η, p, ϕ (ε)) (5)

In Equation (5), consider ϕ(ε) as the additional loss due to
severe three-phase imbalance, which is variable with ε. The
correlation between the sequence of indicator ε and Lr for this
area under this condition should be higher than the normal
range.

If there is energy theft by electricity consumers under a
transformer area, the line loss rate function can be expressed
as Equation (6).

Lr = f (λ, ε, η, p,Wtheft) (6)

In Equation (6), Wtheft is the amount of electricity stolen by
the electricity consumers, which is determined by the con-
sumer’s behavior and not affected by the operation indicators.
Therefore, the independent variables of the function increase
in this case, and the correlation between each operation indi-
cator and the line loss rate sequence should be lower than the
normal range.

The construction of feature vectors of transformer areas is
realized through the correlation analysis between the opera-
tion indicators and line loss rate. Maximal information coef-
ficient (MIC) can effectively evaluate the linear and nonlinear
correlation between two time series with high robustness and
low computational complexity [29], [30], so it is based on it
to realize the time series correlation analysis.

Assume that the time series of photovoltaic penetration rate
and line loss rate for transformer area k are 3 = {λt , t = 1,
2. . .J} and L ={lt , t = 1, 2. . .J}, respectively. Where J is
the length of the time series. The mutual information (MI)
and MIC of the two sequences can be obtained as shown in
Equations (7) and (8), respectively.

M (λ, l) =

∑
λ∈3

∑
l∈L

p (λ, l) log2
p (λ, l)
p (λ) p (l)

(7)

c (λ, l) = max
ab<D

M (λ, l)
log2min (a, b)

(8)

In Equations (7) and (8), M (λ,l) and c(λ,l) each represent
the mutual information and MIC. p(λ,l) is the joint proba-
bility density, p(λ) and p(l) are the edge probability densi-
ties of variables λ and l, respectively, and a and b are the
number of intervals into which each dimension is divided,
D = J0.6 [29].

The correlations between the other three operation indi-
cators and line loss rate time series can be calculated in the
same way as for the photovoltaic penetration rate. Then, the
feature vector of transformer area k can be obtained as shown
in Equation (9).

Ck =
[
cλk , c

ε
k , c

η
k , c

p
k

]T
(9)

Vector Ck shown in Equation (9) reflects the operation status
of transformer area k during the time period being analyzed.
Assuming that a total of K areas is involved in the analysis,
summarizing the feature vectors of each transformer area
gives the total matrix as shown in Equation (10).

C = [C1,C2, . . . ,CK ] (10)

Since the analyzed transformer areas have similar attributes,
their feature vectors are also considered to be not very differ-
ent, and the transformer areas corresponding to outlier vectors
can be regarded as areas with abnormal line loss rate.

Isolation forest (IF) algorithm has good outlier detection
performance. The principle is to randomly select features
and segmentation points, so that the sample falls to the leaf
nodes in the binary tree to form an isolated tree. In turn,
multiple isolated trees are constructed, and the abnormal
sample identification function can be realized by observing
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the path length of the samples from the root node in trees [31].
Typically, outlier samples are more likely to be segmented
into leaf nodes earlier compared to normal samples, and the
paths they travel through are relatively short. The degree
of sample outliers is calculated as shown in Equations (11)
and (12).

s (c,K ) = 2−
E(u(c))
v(K ) (11)

v (K ) = 2 [ln (K − 1) + γ ] −
2 (K − 1)

K
(12)

In Equations (11) and (12), s(c,K ) is the anomaly score of
sample c,E(u(c)) is the average path length of c in the isolated
trees, and γ is Euler’s constant.
The matrix C is partitioned in terms of the dimensions of

the operation indicators and four rounds of outlier detection
are performed. If the anomaly score of an element is higher
than the threshold θ1 =0.6, the transformer area correspond-
ing to the vector in which the element is located is considered
to be anomalous.

D. DIAGNOSIS OF LINE LOSS ANOMALY
Oriented towards the anomalous transformer areas detected
in the previous section, the causes of their anomalies are dis-
cussed. Themean values of the anomaly scores for each of the
operation indicators in normal transformer areas are calcu-
lated separately, and they are used as the basis for dividing the
outlier elements into upper and lower outlier elements. Using
the photovoltaic penetration rate as an example, the mean
value of the score is calculated as shown in Equation (13).

λ =
1
K∗

K∗∑
k∗=1

λk∗ (13)

In Equation (13), K∗ is the number of normal transformer
areas. The calculation of the mean values of the other three
indicators is similar to λ. If the value of outlier element is
higher than the corresponding mean value, name it as upper
outlier element, otherwise name it as lower outlier element.
The diagnosis of line loss anomaly is based on the following
rules.

1) RULE 1
If there is an upper outlier element in the outlier vector, the
anomaly is considered to be caused by the operation indicator
corresponding to that element.

2) RULE 2
If there is no upper outlier element in the outlier vector,
the anomaly is considered to originate from the electricity
consumer side, in other words, there may be some energy
theft electricity consumers in the transformer area.

3) RULE 3
If there are multiple upper outlier elements in the outlier
vector, the indicator corresponding to the element with the

highest anomaly score among them is considered as the cause
of line loss anomaly.

E. DETECTION OF PHOTOVOLTAIC ENERGY THEFT
Considering that line loss anomaly of transformer areas may
be caused by a combination of PV customer energy theft
and electricity consumer energy theft, the PV energy theft
detection is carried out for transformer areas diagnosed with
abnormal photovoltaic penetration rate indicator.

1) SELECTION OF METEOROLOGICAL FACTORS
Photovoltaic power generation is closely related to the mete-
orological conditions of the region. Therefore, the correlation
analysis between numerousmeteorological indicators and PV
power generation is carried out using historical data, and the
variables with strong correlation with PV power generation
are selected for subsequent analysis. This step is imple-
mented based on Pearson Correlation Coefficient (PCC),
which can accurately measure the linear correlation between
two sequences. PCC is able to be obtained by Equation (14).

P(x, y) =

J∑
t=1

(xt − x)(yt − y)√
J∑
t=1

(xt − x)2

√
J∑
t=1

(yt − y)2

(14)

In Equation (14), xt and yt are the t-th number in the time
series.

2) CONSTRUCTION OF PHOTOVOLTAIC ENERGY THEFT
DETECTION MODEL
Since energy theft data is much less than normal data, the
sample set available for model training is usually unbalanced.
Therefore, the photovoltaic energy theft detection model is
constructed based on RUSBoost algorithm. RUSBoost is
combined by Random Under-sampling and AdaBoost. Its
basic principle is that randomly selected majority class sam-
ples and minority class samples form a balanced data set
used to train the weak learners, and then the output of weak
learners are weighted and combined to obtain the final result.
This algorithm is able to show good training results when the
sample set is unbalanced [32].

Variables required for the model include meteorological
indicators and the amount of electricity generated per unit
of time and capacity by PV customers. After completing
the discrimination, the density of anomalies for each PV
customer in each time period is counted using sliding win-
dows. Let the sequence of discrimination result for a PV
customer beR ={rt , t = 1,2,. . . , J}, and each sliding window
contains Twin metering points, if the number of anomalies in
the window exceeds the threshold θ2 =0.5Twin, the customer
is considered to have PV energy theft in that time period.
For such PV customers, with reference to the generation of
normal customers in the same region during the same period,
the amount of electricity stolen by them is estimated and the
time series of line loss rate of the transformer areas to which
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they belong are corrected. The new line loss rate time series
can be calculated as shown in Equation (15).

Lnew =

Wloss −

N∗∑
n=1

Sn
(
Wpv,unit,n −Wpv,unit,average

)
Wz +

m∑
i=1

Wpv,i

(15)

In Equation (15), Wloss is the original line loss of the trans-
former area, Wpv,unit,n and Wpv,unit,average are the measured
value of the unit capacity generation of PV energy theft cus-
tomer n and the average value of the generation of normal PV
customers in the same region, respectively. Sn is the installed
capacity of PV customer n. N ∗ is the number of PV energy
theft customer in the area. It is worth noting that when calcu-
lating the denominator, if user i is an energy theft customer,
its generation Wpv,i needs to be substituted in combination
with Wpv,unit,average and its own installed capacity.
The corrected time series are utilized forMIC-IF algorithm

re-analysis to determine whether there is any anomaly on
the power consumption side of the transformer area, and
the detection results are summarized to generate the final
diagnostic conclusion.

F. TIME SERIES PREPROCESSING
Since both MIC-IF and RUSBoost require the use of multiple
time series data, and the algorithms require the sequences
to be of equal granularity and equal length. Therefore, it is
recommended that the data collection period for time series
is 15 minutes/30 minutes/1 hour and the sequences are guar-
anteed to be of equal length. In addition, missing values in the
sequences are supplemented using Lagrange interpolation.

Based on the analysis in chapter II, the process of line loss
anomaly perception in PV low-voltage transformer area can
be summarized as shown in Fig. 1.

III. EXPERIMENTS
In order to verify the effectiveness of the above method,
20 simulation PV low-voltage transformer areas are con-
structed in combination with the operation data of a PV power
station in western China and the local meteorological data
of the same period. The simulation and programming plat-
form isMATLAB/Simulink and the processor specification is
Intel(R) Core(TM) i7-1260P. Refer to Table 1, the main type
of electricity consumption, power supply radius, number of
consumers and distributed PV access level of the simulation
transformer areas are residential living, 0-100 m, 1-100 and
0.5-1. The time span of the time series for each variable is
1 week and the data collection intervals are all 15 minutes.

Then, some of these transformer areas are selected for
line loss anomaly transformation, obtaining the electricity
consumer energy theft area (Area 5), the PV customer energy
theft area (Area 10), the area where both types of energy
theft exist (Area 15), and the power factor anomaly area
(Area 20).

FIGURE 1. Process of line loss anomaly perception in photovoltaic
low-voltage transformer area.

Based on MIC-IF algorithm, the result of feature vector
extraction for these 20 areas is shown in Table 3, and the result
is plotted as a four-dimensional visualization figure as shown
in Fig. 2. In addition, the result of anomaly scoring is shown
in Fig. 3.

FIGURE 2. Feature vector visualization figure for the transformer areas.

As can be seen from Fig. 3, there are outlier elements
in the feature vectors of area 5, 10, 15, and 20. Based on
Table 3, Equation (13) and related rules, anomaly diagnosis
is made for the above areas. Since the feature vector elements
of area 5 are all lower outliers, it is determined that there is an
anomaly on the electricity consumer side of this transformer
area. In the vectors of area 10 and 15, PV penetration rate is
the highest upper outlier element, so it is determined that there
are anomalies on the PV customer side of these two areas,
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TABLE 3. Result of feature vector extraction.

FIGURE 3. Result of anomaly scoring.

and it is necessary to carry out PV energy theft detection
and re-analysis. In addition, the power factor is the highest
upper outlier element in the vector of area 20, so the line loss
anomaly of this transformer area is diagnosed as power factor
anomaly.

Based on RUSBoost algorithm, PV energy theft detection
is carried out for area 10 and 15. The selected meteorological

variables include temperature, humidity, and radiation inten-
sity. The length of the sliding window is set to 6 hours, that
is, 24 metering points, and the distance of the sliding window
moving each time is also 24 points. The detection results are
shown in Fig. 4.

FIGURE 4. Result of photovoltaic energy theft detection.

The result shows that one PV customer in each of the
two areas had indeed committed energy theft. The amount of
electricity stolen by abnormal customers is evaluated and the
time series of line loss rate are corrected, then the transformer
areas are re-analyzed. The result is shown in Table 4, Fig. 5
and Fig. 6.

TABLE 4. Result of feature vector extraction of re-analysis.

According to Table 4, Fig. 5 and Fig. 6, it can be seen that
the feature vector of area 10 are no longer anomalous, while
PV penetration rate and load factor element in the vector
of area 15 are still outliers and they are both lower outlier
elements. Therefore, it is determined that an anomaly also
existed on the electricity consumer side of area 15.

In summary, the overall results of the proposed method are
as expected, although there are cases where a normal area
(Area 8) ismistakenly detected as abnormal in the re-analysis.

In order to verify the effectiveness of the proposed method,
the model in reference [25] is used to analyze the above areas
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FIGURE 5. Feature vector visualization figure for re-analysis.

FIGURE 6. Re-analysis result of anomaly scoring.

as well, and the detection result is evaluated using Accuracy
and F1-score, as shown in Table 5.

TABLE 5. Result of model comparison.

As shown in Table 5, the Accuracy and F1-score of the
proposed method reach 0.95 and 0.89, respectively, which
are higher than the comparison algorithm, and the model can
provide a reference for practical engineering applications to
a certain extent.

IV. CONCLUSION
In this paper, a line loss anomaly perception method based on
MIC-IF is proposed for PV low-voltage transformer area, and
the main work is as follows.

Firstly, the transformer areas to be analyzed are classified
based on several intrinsic attributes.

Secondly, MIC-IF algorithm is used to construct trans-
former area feature vectors to identify and diagnose potential
abnormal areas.

For areas with abnormal PV penetration rate, based on
RUSBoost, PV energy theft detection is carried out by com-
bining PV power generation and regional meteorological
data, then the amount of stolen energy is evaluated and the
line loss rate time series is corrected for re-analysis.

Finally, the analysis results are summarized and the final
conclusion is generated.

Of course, the proposed method still has some limitations
and shortcomings. The application of themethod presupposes
that transformer areas basically do not have multiple causes
of anomalies in the same time period, and such cases may
lead to a decrease in the detection accuracy of the model.
In addition, the method is implemented based on the hori-
zontal comparison between transformer areas, and is applied
on the assumption that the vast majority of the areas to be
analyzed are normal, if the percentage of abnormal areas is
too high, the accuracy of the method may be reduced due to
anomaly contamination, and it is necessary to combine with
other methods to carry out a comprehensive analysis.
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