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Abstract: In recent years, with the rapid development of distributed photovoltaic systems (DPVS), the
shortage of data monitoring devices and the difficulty of comprehensive coverage of measurement
equipment has become more significant, bringing great challenges to the efficient management
and maintenance of DPVS. Virtual collection is a new DPVS data collection scheme with cost-
effectiveness and computational efficiency that meets the needs of distributed energy management
but lacks attention and research. To fill the gap in the current research field, this paper provides a
comprehensive and systematic review of DPVS virtual collection. We provide a detailed introduction
to the process of DPVS virtual collection and identify the challenges faced by virtual collection
through problem analogy. Furthermore, in response to the above challenges, this paper summarizes
the main methods applicable to virtual collection, including similarity analysis, reference station
selection, and PV data inference. Finally, this paper thoroughly discusses the diversified application
scenarios of virtual collection, hoping to provide helpful information for the development of the
DPVS industry.

Keywords: distributed photovoltaic; virtual collection; similarity analysis; reference station; data
inference; artificial intelligence

1. Introduction

In the context of the current global energy crisis and increasing environmental pol-
lution, photovoltaic (PV) power generation has received strong support from countries
worldwide due to its high efficiency and cleanliness, rapidly becoming the third largest
renewable energy source after hydropower and wind power [1]. According to the reports of
the International Energy Agency (IEA), more than 175 GW of new PV capacity was installed
worldwide in 2021, accounting for more than half of the new renewable energy capacity.
By the end of 2021, the cumulative installed PV capacity worldwide had exceeded 942 GW.
Figure 1 illustrates the changing dynamics of the global PV market and the substantial
influence of the Chinese PV market [1].

PV stations are mainly divided into two types: centralized systems and distributed
systems. Distributed photovoltaic systems have been rapidly developed due to their flexible
installation, outstanding environmental benefits, and coexistence of power generation
and consumption [2]. As shown in Figure 2, the newly installed capacity of distributed
photovoltaics exceeded that of centralized photovoltaics in 2021 [3]. Therefore, efficient and
accurate access to DPVS operational data is becoming increasingly important. High-quality
operational data can help assess the output performance index of DPVS to improve the
reliability of the PV plant in terms of the operation and maintenance and the accuracy of
DPVS output prediction. It can also provide power companies with accurate electricity
metering and billing audit indicators, better monitoring of the market, and prolong the
service life of DPVS. However, most DPVS are scattered and disorderly, with many points

Energies 2022, 15, 8783. https://doi.org/10.3390/en15238783 https://www.mdpi.com/journal/energies

https://doi.org/10.3390/en15238783
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0001-6310-6986
https://orcid.org/0000-0002-5148-1399
https://doi.org/10.3390/en15238783
https://www.mdpi.com/journal/energies
https://www.mdpi.com/article/10.3390/en15238783?type=check_update&version=2


Energies 2022, 15, 8783 2 of 24

and wide areas. To effectively manage them, a large number of sensors, collectors, and
concentrators need to be deployed to monitor the output of DPVS, as well as dedicated
communication channels, servers, databases, and data monitoring software [4]. However,
higher implementation costs and personal privacy requirements make a significant portion
of PV users reluctant to purchase these data monitoring services, limiting the further
development of the PV industry. In addition, as the scale of distributed PV continues to
expand and the operating environment becomes more complex and diverse, the collection
of its operating data often suffers from transmission blockage and equipment failure. For
this reason, it is crucial and beneficial to develop a cost-effective and computationally
efficient data collection method for large-scale DPVS clusters with relatively small numbers
of sensing devices deployed at strategic locations. If deployed at strategic locations with
proper redundancy, the reduced sensing network can still provide low-cost yet highly
sufficiently accurate measurements of the DPVS networks for various power operations.
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Aware of this need, relevant scholars have been inspired by the virtual collection
concept [4] and have researched virtual collection for DPVS. The core idea of virtual
collection for DPVS is to use the power data of selected reference power stations (RPSs)
in the region as input to infer the power data of other stations through computational
intelligence algorithms. To reduce the number of sensors, Ref. [5] fitted all DPVS station
operation data in the selected region by a deep recurrent denoising autoencoder and



Energies 2022, 15, 8783 3 of 24

introduced a bionic artificial neural network to dynamically select the best subset of
reference stations in the set of candidate RPSs.

It can be seen that there are relatively few studies combining artificial intelligence
algorithms for the virtual collection of DPVS data, an approach which is still in the early
exploration stage. Moreover, there is no comprehensive introduction to current knowledge
in virtual collection research, resulting in a lack of attention to the virtual collection of
DPVS in the industry. Various methods suitable for virtual collection and application
scenarios of the virtual collection have not been summarized. This paper aims to rectify
this by providing a comprehensive review of virtual collection and bringing the attention
of more scholars to this technology. Therefore, we will examine the existing research in
this field to achieve a comprehensive overview, generalization, and summary of virtual
collection technology, particularly in relation to the challenges in its implementation, with
the following specific contributions.

1. This paper explains the specific definition of virtual collection for DPVS, gives the
prerequisites for implementing virtual collection and refines virtual collection tech-
nology into three key steps. In addition, considering the current lack of research on
the virtual collection, this paper illustrates the challenges faced by virtual collection
technology through problem analogy.

2. Given the challenges faced by virtual collection for DPVS data, this paper summarizes
the methods applicable to DPVS similarity analysis, reference power station selection,
and DPVS system data inference in various fields to provide theoretical support for
the development of virtual acquisition technology.

3. In this paper, according to the characteristics of virtual collection for DPVS, four
application scenarios of DPVS virtual collection technology are proposed, giving
diversified practical application values to the virtual collection technology.

4. To the authors’ knowledge, this paper is the first comprehensive introduction, gen-
eralization, and summary of DPVS virtual collection and can provide a theoretical
reference for subsequent research on DPVS virtual collection methods.

The rest of the paper is organized as follows: Section 2 gives an overview of DPVS
virtual collection; Section 3 elaborates on the key steps and corresponding challenges
of the virtual collection; Section 4 summarizes the specific methods applicable to DPVS
virtual collection; Section 5 introduces four application scenarios to which virtual collection
technology is adapted; and the conclusions are presented in Section 6.

2. Overview of DPVS Virtual Collection

The word “virtual” in the virtual collection indicates that the technology does not
collect PV data through collection equipment such as sensors, collectors, and concentrators
in the field. The virtual collection is a new type of inference technology for data that cannot
be collected in real-time or is difficult to collect. Its essence is the system identification and
state estimation of a large system composed of multiple subsystems [5].

As shown in Figure 3, this paper divides the virtual collection process into three steps
according to the implementation conditions of DPVS virtual collection:

1. Similarity analysis of DPVS in the virtual collection region.
2. Selection of reference power stations (RPSs) for virtual collection.
3. Data inference of DPVS, i.e., accurate estimation of the output of all power stations in

the region through computational intelligence.

Firstly, the data of all power stations need to be transmitted to the company’s PV
intelligent operation and maintenance cloud platform through 5G, ZigBee, and other
wireless communication means. Then, the similarity between each power station in terms
of geography, equipment, and climate is analyzed by the similarity analysis method to
obtain the set of power stations that meet the prerequisites for virtual collection. Further, the
best RPSs in the whole PV system are selected through clustering or intelligent optimization
algorithms to deploy the sensing equipment so as to accurately estimate the operation
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data of the whole PV system. In this paper, the stations configured with complete and
normal operation PV data collection devices and are similar to the current stations to
be collected are called RPSs. Finally, the data inference model is built through the PV
intelligent operation and maintenance cloud platform to implement virtual collection.
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The above analysis shows that the following conditions need to be met to implement
DPVS virtual collection: (1) real-time operational data of the RPS is known; (2) the in-
stallation information of the power stations used in virtual collection is known, such as
installed capacity, installation inclination, etc.; and (3) the meteorological factors, terrain
conditions and various parameters of equipment of selected RPSs are similar to those
of power stations to be virtually collected. The following sections will elaborate on the
detailed virtual collection steps and challenges.

3. Process and Challenges of DPVS Virtual Collection

The virtual collection of DPVS data is a new field that few scholars have studied.
Therefore, in this section, to facilitate understanding, we compare and analyze the similari-
ties and differences between the steps of virtual collection and other methods. Focusing on
their similarities, we give directions for DPVS virtual collection research, and then focusing
on their differences, we summarize the challenges faced by DPVS virtual collection. It
is worth noting that this approach to elaboration is novel for the review literature and
can help the reader understand the connections and differences clearly between virtual
collection and other studies.

3.1. Similarity Analysis of Regional DPVS

PV data is most closely correlated with external conditions, and factors such as the
geographic location of the installation site. Environmental factors have a significant impact
on the accuracy of the virtual collection model. Therefore, one of the prerequisites assumed
for the realization of virtual collection is that the station to be collected and the RPS have
similar external factors. From the data point of view, we want the data set to obey similar
distribution patterns as much as possible, thus providing higher-quality input data for
supervised learning. This similarity can make the virtual collection more robust and ensure
the virtual collection data’s accuracy even in weather changes.

To illustrate, Badong County in southwestern Hubei Province, China, and Jiangning
District in Nanjing City, Jiangsu Province, produce widely different power data due to
different terrain, topography, meteorology and other conditions. Figure 4 shows the power
output of PV stations in Badong County and Jiangning District on a typical summer day.
For the DPVS of Jiangning district, using the DPVS operation data of Badong district for
data inference would seriously reduce the accuracy of the virtual collection because of the
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extremely low similarity between them. Therefore, it is necessary to define clusters of PV
stations that satisfy the similarity requirement by similarity analysis in advance.
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Many factors affecting the PV output state are coupled with each other [6]. The main
factors influencing the solar energy conversion process are shown in Figure 5. It can be seen
that the degree of solar irradiance received by the PV module is significantly influenced by
the geographical location and meteorological conditions. The climate is the comprehensive
pattern in the general state of the atmosphere and weather processes in a certain area on
a long timescale, which is an important factor affecting the level of light resources, and
meteorology refers to the physical phenomena of the atmosphere on a short time scale, such
as temperature, clouds, etc. Secondly, the link of solar irradiance to power for conversion
is closely related to the selection of equipment, the design of the station, and electrical
efficiency. After the series of the energy conversion process mentioned above, the final
PV power output is obtained. Therefore, similarity analysis can be performed from two
perspectives: influencing factors (causes) and power output trends (results). However, from
the perspective of influencing factors, it is difficult to analyze the similarity due to the large
number of factors affecting PV output, the significant difference between the dimensions,
and the complex types of characteristics. From the perspective of the PV output trend, the
trend changes are complicated, and the time scale is long, which makes it challenging to
analyze the trend characteristics.
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The importance of data similarity is also reflected in many areas of research. In Ref. [7],
an anomaly identification and reconstruction model based on curve similarity analysis
with a BP neural network is proposed for detecting anomalous and compensating missing
PV historical data. Similar to the virtual collection, the method also requires the power
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of neighboring PV stations. Considering the periodicity of PV power, Ref. [8] proposes a
data cleaning method based on approximate periodic time series, effectively improving
the quality of PV data. Considering the uncertainty of PV power generation due to the
variation in weather conditions, Ref. [9] proposes a prediction framework combining similar
day selection techniques. In this framework, the authors first screen external variables
that can accurately capture the similarity between different days and select dates with
higher similarity based on these external variables for the historical day and the day to be
predicted, thus improving the prediction accuracy. Although the research methods of the
above studies are different, they all desire to obtain higher-quality data. Therefore, we can
mine the similarity analysis methods suitable for virtual collection from these studies.

3.2. RPS Selection for Virtual Collection

Selecting the RPSs is the most crucial step in the virtual collection process. The
RPSs’ real-time power data will be input into the computational intelligence algorithm as
multidimensional features to estimate the output of all regional DPVS. We aim to select the
subset of DPVS among the regional DPVS that can estimate the data of other stations with
higher accuracy. The key to this step is to identify selective sensor locations where the most
important data is collected to monitor the status of all DPVS. Therefore, we will analyze
the differences and associations between the RPS selection step and other methods from
the perspectives of input data and equipment placement.

As shown in Figure 6, from the perspective of input data, the selection of RPSs can be
approximated as the feature selection problem of machine learning. Both aim to improve
the accuracy of the results as much as possible by selecting RPSs (features). Therefore,
although there are few studies on the selection of reference power stations, the relatively
mature feature selection theory can also provide us with inspiration. For data mining
techniques, the feature quality of input data seriously affects the model’s performance,
so many scholars have researched the feature selection problem. Ref. [10] systematically
examined the existing sparse learning models for feature selection from the perspective
of individual sparse feature selection and group sparse feature selection. It analyzed the
differences and connections among various sparse learning models. Ref. [11] proposes a
new incremental feature selection that makes the method robust to dynamically ordered
data. Ref. [12] proposes a grasshopper optimization algorithm that can solve the binary
optimization problem by selecting a subset of features that can better characterize the data
attributes from a large set of original features, thus improving the classification accuracy.
The above studies proposed effective processing for the feature selection problem, which
can provide some theoretical reference for selecting RPSs, such as transforming the RPS
selection into a combinatorial optimization problem. However, it is worth noting that if
a power station is selected as the RPS, it is used as the input feature, and the remaining
power stations are used as the power stations to be collected. It can be seen that the
RPS selection problem for virtual collection is similar to the high-dimensional feature
selection problem [13] yet different from the feature selection in the traditional regression
and classification [14] problems. Therefore, choosing reasonable RPSs is more challenging
than feature selection.

From a sensor placement perspective, the selection of RPSs can also be inspired by the
data aggregation point (DAP) selection problem in smart meters. As shown in Figure 7,
both DAP selection and RPS selection can be regarded as the optimal configuration of
transmission nodes in the system. DAPs are selected to reduce data redundancy and
bandwidth requirements by aggregating data locally at the sensor or intermediate nodes to
form high-quality information and reduce the quality of packets sent to the base station,
thus saving energy and bandwidth. Ref. [15] treats DAP placement as a mixed integer
programming problem and proposes a new heuristic algorithm to minimize installation,
transmission, and delay costs to select the optimal DAP placement location. Ref. [16]
proposes an improved k-means clustering algorithm to assign DAPs, significantly reducing
the number of DAPs installed.
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Although there are certain commonalities between the selection of DAPs and RPSs,
there are still many challenges that need to be studied. Data aggregation points are obtained
with the objective of determining the lowest transmission and delay cost among all SM
layout points to achieve aggregation and transmission of data for the whole system. The
RPS is selected by selecting a subset of PVs among the regional PV systems to achieve a
data estimation of the whole system. Therefore, the elements considered in the selection of
RPSs are more diversified. In addition to communication and equipment costs, the accuracy
of data estimation for the whole system from different RPS sets needs to be considered, as
well as the time and space coupling characteristics, which are lacking in the current study.

3.3. Data Inference for Regional DPVS

The final step of the virtual collection technique is to infer the operational data of the
whole DPVS through an artificial intelligence algorithm. This step maps the relationship
between the RPS and the whole system by building a computational intelligence model
between the RPSs and the power stations to be collected in the region, using the data from
the RPSs selected in the second step as the input. This step is similar to the method used in
PV prediction techniques, both of which require certain historical data as a driver to obtain
the unknown PV output power.

There is relatively little research in the industry on DPVS virtual data inference, with
most studies focusing only on PV power prediction, using historical data, real-time weather,
and other environmental information to predict PV power output. Thankfully, the current
DPVS power prediction algorithms are relatively mature and can provide some theoretical
references for virtual DPVS data collection. However, it is worth noting that data inference
in virtual collection differs from traditional PV prediction in model construction and use.
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Virtual data collection estimates the current PV power output in real time through a data
inference model, whereas the PV predictor estimates the future power output. The input
to the virtual collection model is real-time PV data from the RPSs, and the input to the
PV predictor is historical operational data and environmental information. This real-time
nature makes it necessary that the data inference model for virtual collection has better
robustness and higher accuracy requirements than that for PV prediction.

4. Methods for DPVS Virtual Collection

The previous section introduces the specific implementation steps of virtual collection
and its purpose, and pinpoints the urgent need to provide solutions to the challenges faced
by the above steps. Therefore, this section provides theoretical support for the development
of virtual collection technology by summarizing the methods applicable to DPVS similarity
analysis, RPS selection, and DPVS data inference in various fields. Various methods for
DPVS virtual collection are summarized in Figure 8.
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4.1. Similarity Analysis for Virtual Collection

Similarity analysis refers to mining the association relationship between different
objects based on the attribute values of the data. Many similarity analyses have been widely
used in multivariate statistics, machine learning, and other fields. For the characteristics of
DPVS operation data, this section divides similarity analysis into two categories:

• Distance-based similarity analysis;
• Non-distance-based similarity analysis.
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Table 1 summarizes various similarity metrics and the corresponding references.

Table 1. Summary of similarity analysis and references.

Methods References

Distance-based similarity analysis

Minkowski distance [17–19]

Mahalanobis distance [20,21]

DTW distance [22–24]

Non-distance-based similarity analysis

Pearson correlation coefficient [25,26]

Distance correlation coefficient [27–29]

Cosine similarity coefficient [30,31]

Other similarity coefficients [32–34]

4.1.1. Distance-Based Similarity Analysis

The distance-based similarity analysis evaluates the similarity based on the distance
between samples, and the closer the distance, the higher the similarity. According to
different criteria, the commonly used metrics can be classified as Euclidean distance [17],
Manhattan distance [18], Mahalanobis distance [21], and DTW distance [22].

In this paper, the Euclidean distance and Manhattan distance are uniformly defined by
the Minkowski distance measure. The difference between the two in two-dimensional space
is shown in Figure 9. For two given m-dimensional samples, Xi =

{
xi

1, xi
1, · · · , xi

m
}

and

X j =
{

xj
1, xj

1, · · · , xj
m

}
, the Minkowski distance can be calculated by the following equation:

d(Xi, X j) = p

√
m

∑
k=1

∣∣∣xi
k − xj

k

∣∣∣p (1)
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When p = 1, Equation (1) is the Manhattan distance. As shown in Figure 8, the
Manhattan distance represents the sum of the absolute axis distances of two points on the
standard coordinate system, so it is also called the city block distance or cab distance and is
widely used as a similarity measure for various samples. When p = 2, Equation (1) is the
Euclidean distance. The Euclidean distance is one of the most easily understood distance
algorithms representing the straight-line distance between two points in Euclidean space.
Euclidean distance is also one of the most commonly used similarity analyses, and many
scholars have conducted research based on it. For example, Ref. [19] clusters the historical
PV generation data by Euclidean distance to obtain the similarity day matrix and corrects
the predicted values, thus improving the prediction accuracy.
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The Mahalanobis distance represents the covariance distance of the data and is an effec-
tive method to calculate the similarity of two sample sets at two locations. The Mahalanobis
distance between X and Y samples can be calculated by Equation (2). It is noteworthy that it
takes into account the connection between various characteristics and is scale-independent,
overcoming the influence of the magnitude and feature distribution on the distance mea-
surement in the Mahalanobis distance mentioned above. Ref. [20] applied the Mahalanobis
distance to cluster the prediction errors and meteorological factors to improve the accuracy
of PV power interval prediction, which is the only study that the authors could retrieve so
far in the field of PV.

d(X, Y) =
√
(X−Y)TS−1(X−Y) (2)

Dynamic time warping (DTW), known as the “time-warped” distance measure, is
one of the most popular time series similarity metrics and is calculated as shown in
Figure 10. For distance measurement of two series, Minkowski distance requires strict
alignment, whereas DTW relaxes this alignment restriction and can capture the trend
similarity between different series very well in time series similarity analysis. Ref. [23]
used weighted DTW to measure the similarity of meteorological factors between the days
to be predicted and the historical days. Ref. [24] provides a standardized approach for PV
system design and analysis through the DTW similarity analysis method. Moreover, it has
been proved experimentally that the DTW algorithm is a simple and effective time series
similarity analysis. Therefore, in virtual collection technology, DTW can analyze the time
series similarity of different DPVS.
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Figure 10. The calculation principle of DTW.

4.1.2. Non-Distance-Based Similarity Analysis

The similarity analysis based on non-distance methods is carried out by the similarity
measure function, and generally speaking, the larger the value of the similarity function, the
higher the similarity. Common similarity metric functions include the Pearson correlation
coefficient, distance correlation coefficient, and cosine similarity.

The Pearson correlation coefficient is used to measure the degree of linear correlation
between two variables. It has been widely used in various research fields such as environ-
ment, biology, chemistry, agronomy, and electricity, with as many as 30,703 search results
in WoS. The Pearson correlation coefficient between two variables can be calculated by
Equation (3). Ref. [25] applied the Pearson correlation coefficient to select data samples
similar to the target prediction date as the training samples of the extreme learning machine,
which effectively improved the prediction accuracy of PV power. Ref. [26] used the Pearson
coefficient to extract the main features that affect photovoltaic power generation output
the next time and divided the training set into different groups according to the similarity
of each feature to improve the prediction accuracy. The Pearson correlation coefficient is
calculated as:

ρX,Y =
cov(X, Y)

σXσY
=

∑T
i=1 (Xi − X)(Yi −Y)√

∑T
i=1 (Xi − X)

2
√

∑T
i=1 (Yi −Y)2

(3)
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where cov(X,Y) represents the covariance coefficient between X and Y, and σ represents
the standard deviation of the sample.

However, the Pearson correlation coefficient has a significant drawback in that it only
captures the degree of linear correlation between different variables. Therefore, Szekely [27]
and others defined the concept of the distance correlation coefficient, which can reflect the
degree of nonlinear correlation between different variables and compensate for the short-
comings of the Pearson correlation coefficient. The distance correlation coefficient, which
can be calculated by Equations (4)–(7), has been widely used to mine the degree of nonlinear
correlation between different samples. Ref. [28] applied distance correlation coefficients
to analyze the nonlinear correlation between wind power and numerical weather forecast
data. Ref. [29] extracted feature vectors by distance correlation coefficients and verified the
validity by two industrial cases. The distance correlation coefficient is calculated as:

R2(X, Y) =
v2(X, Y)√

v2(X, X)v2(Y, Y)
(4)

v2(X, Y) =
1
n2

n

∑
i,j=1

Ai,jBi,j (5)

Ai,j =
∥∥Xi − Xj

∥∥
2 −

1
n

n

∑
k=1

∥∥Xk − Xj
∥∥

2 −
1
n

n

∑
l=1
‖Xi − Xl‖2 +

1
n2

n

∑
k,l=1
‖Xk − Xl‖2 (6)

Bi,j =
∥∥Yi −Yj

∥∥
2 −

1
n

n

∑
k=1

∥∥Yk −Yj
∥∥

2 −
1
n

n

∑
l=1
‖Yi −Yl‖2 +

1
n2

n

∑
k,l=1
‖Yk −Yl‖2 (7)

where R2(X, Y) is the distance correlation coefficient of two variables X and Y. Xi, Xj, Xk, Xl
are the i-th, j-th, k-th, and l-th samples of variable X. Yi, Yj, Yk, Yl are the i-th, j-th, k-th, and l-th
samples of variable Y. Both v2(X, X) and v2(Y, Y) can be calculated by the above equations.

The cosine similarity function measures the magnitude of the difference between two
individuals using the cosine of the angle between two vectors in the vector space. The
calculation formula is shown in Equation (8). Unlike the traditional distance calculation,
the cosine similarity function focuses more on the difference in the direction between two
vectors. It is an effective method to measure the similarity between the trends of data
series changes. Ref. [30] used cosine similarity to measure the correlation between reactive
power optimization-related factors and historical load data to assist in finding reactive
power optimization solutions. In Ref. [31], the importance of pixels in the image features
of photovoltaic cells was measured by cosine similarity to achieve defect detection in
photovoltaic cells.

CS(X, Y) =
X ·Y
‖X‖‖Y‖ =

∑i=1 XiYi√
∑i=1 X2

i

√
∑i=1 Y2

i

(8)

With the extensive research on similarity analysis methods, many scholars use other
effective similarity analysis functions in the PV field. Ref. [32] combined gray correlation
analysis with k-means to determine the similarity day and the optimal similarity day for
the forecast day. Ref. [33] proposed a radiometric coordinate analysis method for analyzing
the correlation between various influencing factors and PV power output in different
periods and weather conditions. In Ref. [34], the nonlinear effect of copula function and
propensity correlation measurement is used to extract the critical meteorological factors
that affect wind and PV power generation to improve the interval prediction accuracy of
PV power generation.

In summary, the similarity analysis methods applied to virtual collection are innova-
tively grouped into two categories in this paper: distance-based similarity analysis and
non-distance-based similarity analysis. Combined with the analysis in Section 3.1, the
Minkowski distance can roughly analyze the similarity between different power stations.
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Considering the complexity of the dimensions and types of influencing factors, we can
use the Mahalanobis distance to overcome the influence brought by different magnitudes.
Furthermore, we can also perform the analysis from the perspective of power output trends,
such as using DTW to extract the time characteristics of different PVs output power or using
the Pearson correlation coefficient and cosine similarity function to obtain the correlation
degree between different PVs. In the future, it is necessary to verify these approaches using
physical models.

4.2. RPS Selection Methods for Virtual Collection

Based on the above overview of virtual collection, it can be learned that RPS selection
is similar to the feature selection problem in machine learning and the sensor DAP opti-
mization problem. The essence is to select the most representative DPVS among DPVS
so that the operational data of other DPVS can be well estimated. Therefore, this paper
summarizes the methods that can be applied to RPS selection in two categories:

• Clustering-based algorithms;
• Optimization-based algorithms.

Table 2 summarizes the RPS selection methods and the corresponding references.

Table 2. Summary of algorithms applicable to RPS selection.

Methods References

RPS selection methods based
on clustering algorithms

Partition clustering [35–40]

Hierarchical clustering [41–43]

Density-based clustering [44–48]

Grid-based clustering [49–51]

RPS selection methods based
on optimization algorithms

Natural-like optimization algorithms [52–58]

Evolutionary algorithms [59–64]

Swarm intelligence optimization algorithm [65–71]

4.2.1. RPS Selection Based on Clustering Algorithm

The clustering algorithm is an unsupervised learning algorithm in machine learning,
and it is used in a wide range of scenarios in data science. Its principle is to partition
a data set into different classes or clusters according to specific criteria (e.g., distance).
Effective clustering methods have been proposed by many scholars, which can be classified
as partition clustering [35], hierarchical clustering [41], density-based clustering [44], and
grid-based clustering [49], depending on the principle. Among them, cluster centroids,
which can be considered representatives of clusters, can well characterize the data in the
clusters. Therefore, in the selection of RPSs, the historical operation data of DPVS can be
clustered by clustering algorithms so that the DPVS within each cluster with the closest
distance to the cluster centroid can be selected as the RPS.

Partition clustering is one of the most commonly used methods in the study of time se-
ries clustering algorithms and is usually achieved with the help of metric similarity. Among
them, the similarity metric function can use various distance metric functions as described
in Section 3.1, and the mainstream methods include k-means [36], k-medoids [37], and
fuzzy c-means [38]. Ref. [39] selected the best DAP placement through a k-means clustering
algorithm, effectively reducing the overhead of the data aggregator. Ref. [40] aggregated
wireless sensors through k-means clustering to reduce the number of transmission nodes.

The basic idea of hierarchical clustering is to iteratively merge or split a given set
of data into nested class hierarchy results or class spectral graphs. It has the advantage
that the number of clusters does not have to be specified in advance, and the results of
clustering at different levels can be obtained. Ref. [42] selects the aggregation node with the
lowest cost and highest efficiency through the hierarchical clustering algorithm. Ref. [43]
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proposes an extended hierarchical clustering method for energy-harvesting mobile wireless
sensing networks, thus extending the lifetime of the network sensors. It can be seen that if
the RPS is selected by the hierarchical clustering algorithm without specifying the number
of RPSs.

Density-based and grid-based clustering are often used in combination to divide
the data space into grid cells, map the set of data objects into grid cells, and cluster
them according to the density of each cell. When oriented to time series data, the time
series data is first transformed into another data form [45,46], making it applicable to
traditional clustering algorithms in data mining, including DBSCAN [47], OPTICS [48],
STING [50], and Wave Cluster [51]. It is worth noting that the distance metric has failed
in many cases in a high-dimensional space, so density-based and grid-based clustering
algorithms are suitable for a large number of DPVS clusters in a region. However, it
is difficult to control the performance of virtual collection for a large number of DPVS
clusters, so the density- and grid-based clustering algorithms can be used to divide a large
region into multiple sub-regions. Therefore, the PV clusters within each region satisfy
the similarity requirement, and then the RPV selection is performed by partition and
hierarchical clustering as described above.

4.2.2. RPS Selection Based on Intelligent Optimization Algorithm

The advantage of RPS selection based on a clustering algorithm is that the RPSs can be
selected directly based on the data characteristics by an unsupervised algorithm without
the need to be combined with the data inference model. Although this method is simple
and fast, it is difficult to guarantee the accuracy of virtual collection in practical applications.
Therefore, we can also consider the selection of the reference power station as a binary
optimization problem, which is solved based on the intelligent optimization algorithm.
This approach must be combined with the data inference model to optimize the virtual
collection performance evaluation index as a fitness function. It has the advantage of
having a solid search capability, thus finding the best combination of RPSs. In addition,
constraints can be set to simultaneously optimize the parameters of the data inference
model, thus ensuring the performance of the virtual collection.

The intelligent optimization algorithm is a kind of stochastic search algorithm based
on biological intelligence or natural phenomena, and the current research on intelligent
optimization algorithms is very extensive. In this paper, these intelligent optimization
algorithms are classified into three categories:

• Naturalistic optimization algorithms;
• Evolutionary algorithms;
• Swarm intelligence optimization algorithms.

Naturalistic optimization algorithms are intelligent optimization algorithms that sim-
ulate various natural phenomena and various laws of physics. The most typical repre-
sentative is the simulated annealing optimization algorithm proposed by the American
physicist Metropolis based on the annealing process of solids [52]. Subsequently, Erol, OK
proposed the Big Bang Grand Convergence algorithm in 2006 [53], Rashedi E proposed
the Gravitational Search algorithm in 2009 [54], H. Shareef proposed the Light Search
algorithm in 2015 [55], and Biyanto, TR proposed the Rainwater algorithm in 2019 [56].
Moreover, this class of algorithms is still increasing and is widely used in various con-
figuration optimization problems. Ref. [57] proposed a feature selection method based
on a biogeography-based optimization algorithm and added binary coding to enhance
the algorithm performance. Ref. [58] proposes a feature selection algorithm based on a
binary gravity search algorithm and incorporates mutual information to improve the search
efficiency. These improved strategies can provide inspiration for the selection of RPSs in
virtual collection.

Evolutionary algorithms are intelligent optimization algorithms that simulate the
evolution of natural organisms in the process of reproduction through genetic variation and
the natural law of “survival of the fittest.” Four typical evolutionary algorithms have been
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studied, namely, genetic algorithms based on natural selection and evolutionary mecha-
nisms [59], evolutionary strategy algorithms [60], genetic programming algorithms [61],
and differential evolutionary algorithms [62]. Evolutionary algorithms are robust meth-
ods widely used in different industrial problems, and many scholars have improved on
the original algorithms. A genetic algorithm-based feature selection method is proposed
in [63]. Ref. [64] introduced a hybrid mechanism in the differential evolution algorithm and
further enhanced the feature subset obtained from the binary differential evolution (BDE)
algorithm by using the local search method. It is worth noting that since the RPS selection
is a binary optimization problem, while most evolutionary algorithms are applicable to
both binary and decimal problems, no conversion of variables is required to complete
the RPS selection. Therefore, evolutionary algorithms should be focused on in the RPS
selection problem.

The swarm intelligence optimization algorithm is an intelligent optimization algo-
rithm that simulates the survival behavior of gregarious species in nature. In 1996, M.
Dorigo [65] proposed the ant colony optimization (ACO) algorithm by simulating an ant
colony to choose the shortest path from an anthill to a food source to avoid obstacles. In
1995, Kennedy, an American psychologist, proposed the particle swarm optimization (PSO)
algorithm inspired by the predatory behavior of bird flocks [66]. Later, other scholars
proposed the bat algorithm [67], the whale optimization algorithm (WOA) [68], and the
Harris hawk optimization (HHO) algorithm [69]. These algorithms exhibit advanced and
complex functions through mechanisms such as cooperation, competition, interaction, and
learning. Their potential parallelism and distributed characteristics give them significant
advantages in handling big data. Ref. [70] proposes a whale optimization feature selection
method considering a stability index. Ref. [71] proposes a binary version of a hybrid Gray
Wolf Optimization (GWO) and Particle Swarm Optimization to solve the feature selec-
tion problem. These studies provide inspiration for improvements in swarm intelligence
optimization algorithms to solve the RPS selection problem.

From the above analysis, it can be seen that there are many naturalistic and swarm
intelligence optimization algorithms with high efficiency and global search capability. Since
the type of DPVS is divided into RPS and non-RPS, the selection of RPSs can be regarded as
a combinatorial optimization problem. However, most optimization algorithms are oriented
toward continuous values and are not directly applicable to the selection of RPSs. In order
to apply the above intelligence optimization algorithms to the RPS selection problem, this
paper proposes a typical binary conversion scheme that converts the positions of search
agents into binary values through the conversion function shown in Equations (9) and (10).
More binary optimization schemes can be found in [71–73]. The conversion is calculated
as follows:

Ts(Xd(t)) =
1

1 + e−Xd(t)
(9)

X̃d(t) =
{

1 rd < Ts(Xd(t))
0 rd ≥ Ts(Xd(t))

(10)

where Xd(t) denotes the position of the d-th variable updated according to the original
equation, X̃d(t) denotes the position of the d-th binary variable updated by the transfer
function, and rd is a random number of [0, 1]. When X̃d(t) is 0, the d-th station is the station
to be collected, and when X̃d(t) is 1, the d-th station is the RPS.

In summary, two types of schemes suitable for selecting virtual collection RPSs are
summarized in this paper. The use of the optimization algorithm is superior in terms
of accuracy because it incorporates the data inference model but accordingly results in a
substantial amount of computation. Moreover, using optimization algorithms may lead
to overfitting problems because they rely too much on the data involved in the training.
Therefore, another key to improving virtual collection accuracy is using training data with
the largest possible time scale when selecting RPSs. For a larger number of DPVS, the
clustering algorithm can be combined with the intelligent optimization algorithm to first
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divide the DPVS into different sub-regions by the clustering algorithm and then select the
best RPSs in each region by the intelligent optimization algorithm.

4.3. Data Inference Models for Virtual Collection

Data inference for DPVS virtual collection essentially takes operation data of the RPSs
as input and estimates the data of the whole DPVS in real-time by regression models.
With their excellent fitting performance, models such as long short-term memory (LSTM),
random forests (RF), and Light Gradient Boosting Machine (LightGBM) have become the
most widely used methods at present [74]. Therefore, this paper classifies the current
mainstream algorithms of data inference models applicable to DPVS virtual collection into
two categories:

• Neural network-based models;
• Ensemble learning-based models.

It is worth noting that most of the studies surveyed in this paper are devoted to PV
power prediction due to the lack of data inference models for virtual collection. However,
they both belong to different application scenarios of regression models, and thus can
provide references to each other. Table 3 summarizes data inference models and the
corresponding references.

Table 3. Summary of data inference models and references.

Methods References

Neural network-based data
inference models

Improved traditional artificial neural network [75–78]

Deep neural network [79–87]

Ensemble learning-based
data inference models

Bagging ensemble strategy [88–90]

Boosting ensemble strategy [91–96]

Stacking ensemble strategy [97–99]

4.3.1. Data Inference Based on Neural network

A classical neural network usually consists of an input layer, a hidden layer, and an
output layer, which can store complex mapping relationships through learning without
prior knowledge of the specific mathematical expressions of the inputs and outputs. The
learning parameters in its network usually adopt a back-propagation strategy to find the
combination of parameters that minimizes the network error with the help of the most
rapid gradient information. The structure of a typical neural network model is shown in
Figure 11, and the specific calculation process is shown in Equations (11)–(15):

h = W1 · x + b1 (11)

y = W2 · h + b2 (12)

Loss =
1
2

N

∑
i=1

(y− ŷ)2 (13)

W ← η
∂Loss
∂W

(14)

b← η
∂Loss

∂b
(15)

where x denotes the input data, h denotes the data of the hidden layer, and η denotes
the step size of gradient descent. y and ŷ represent the virtual collection data and actual
data, respectively. W1 represents the weight between the input and hidden layer, and W2
represents the weight between the hidden and output layers. b represents the bias.
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With the increase in training data, the traditional neural network can hardly meet
the demand for efficiency and accuracy, so scholars have made many improvements to
traditional neural networks. Broomhead and Lowe introduced the radial basis function into
the neural network in 1988 to create the radial basis function (RBF) neural network [75].

Subsequently, Zhang et al. proposed wavelet neural networks (WNN) [76], Jiao et al.
proposed multiwavelet neural networks [77], and Yang et al. proposed ridge wave neural
networks [78]. These models showed good potential and value for applications in non-
smooth, nonlinear, non-Gaussian signal and image processing.

With the improvement of computer processing speed and storage capacity, the design
and implementation of deep neural networks have gradually become possible, and the field
of machine learning has entered the era of “deep learning” [79]. Hinton et al. proposed
a two-stage strategy based on “layer-by-layer pre-training” and “fine-tuning” to solve
the problem of training network parameters in deep learning [80]. Subsequently, LeCun
and Geoffrey Hinton proposed self-encoder structures [81], deep belief networks [82], and
convolutional neural networks [83]. To overcome the “gradient explosion problem” in
traditional recurrent neural networks, Hochreiter et al. proposed long- and short-term
memory networks [84].

The above methods have been widely applied to data prediction and inference.
Ref. [85] combined deep belief networks with a gray theory-based data preprocessor
for predicting the power generation of PV plants on the same day. Ref. [86] mines the
critical features of DPVS data by convolutional graph neural networks and captures the
time-dependent features by long short-term memory networks to effectively improve the
solar irradiance prediction accuracy. In Ref. [87], a combined wavelet neural network model
combining improved particle swarm and chaotic optimization algorithms is proposed for
short-term load prediction of integrated energy systems, which significantly improves
prediction accuracy when comparing the traditional artificial neural network model with
wavelet neural network model. For virtual collection, Ge et al. proposed an artificial
neural network with affine optimization [5], which endows the neural network with the
ability to output PV power with uncertainty and thus reduces the impact of the overfitting
phenomenon of an artificial neural network on systems with uncertain solid variables. It
can be seen that the good performance of neural networks in PV power prediction has
been verified by many scholars. Pioneering research has already been performed in the
application of neural networks in virtual collection. Therefore, it is worth exploring how to
further improve neural networks for virtual collection.

4.3.2. Data Inference Based on Ensemble Learning

In addition to neural network-related algorithms, another class of regression models
including support vector machines and decision and the regression tree are also suitable for
virtual collection. However, the generalization ability or robustness of a single learner of this
type is often poor, so some studies have combined multiple learners with certain strategies
to form integrated models to improve the problem-solving ability of the learners. The
commonly used integration strategies are mainly classified as bagging [88], boosting [91],
and stacking [97].

The bagging algorithm was one of the earliest integrated learning algorithms widely
used due to its simple structure and good performance. The algorithm randomly draws
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multiple training subsets from the original training set by self-sampling, then trains in-
dividual learners with different training subsets separately and in parallel, and finally
integrates the results by a voting method. Many kinds of research and improvements
on the bagging algorithm have emerged in recent years, thus effectively improving the
performance of regression models. Among them, the well-known random forest algorithm
introduces random attribute selection in training based on the decision tree as the base
learner to construct bagging integration. Ref. [89] proposed integration of the random
forest, XGBoost, and LightGBM models based on the bagging strategy, thus improving the
prediction accuracy of DPVS power. Ref. [90] compared seven different prediction methods,
including neural network, bagging decision tree, etc. The experimental results show that
bagging decision tree has the best effect.

Unlike the bagging algorithm, the training mechanism of boosting is serial. First, a
weak learner is trained from the training set with initial weights, and the weights of the
training samples are updated according to the learning error of the weak learner. In other
words, the training sample points that have a high learning error rate for the previous weak
learner become higher weights and more important in the next weak learner. Algorithms
of this class include the most classical Adaboost proposed by Yoav Freund [93], XGBoost
proposed by Chen et al. [94], and LightGBM proposed by Ke, GL et al. [95]. In Ref. [96], an
XGBoost-based transient stability prediction was proposed for discovering the relationship
between power system characteristics and transient stability. Ref. [92] combines the new
data filtering program with LightGBM and proposes three levels of prediction models
according to the different adaptability of data sources.

The core idea of the stacking ensemble learning method is that after the training of
several base learners from the initial training data, the prediction results of these learners
are used as a new training set to obtain a new learner. Unlike the bagging and boosting
integration methods, the stacking method can integrate heterogeneous learners. Therefore,
the stacking method has broader room for improvement, and researchers can integrate
different well-performing models by the stacking method to achieve complementary advan-
tages between different models. Ref. [98] proposed a PV power prediction model based on
the stacking integrated learning method which fully combines the advantages of different
models by stacking random forest, XGBoost, and SVR models, and effectively improves
the prediction accuracy. In Ref. [99], two deep learning algorithms, an artificial neural
network and long short-term memory, are used as the base models, and an improved
stacking integration algorithm is used to integrate the two methods. The results show that
this proposed method outperforms individual ANN and LSTM.

The analysis above shows that the relevant algorithms of neural networks have been
researched in-depth and have a wide range of application scenarios. Ensemble learning
can combine different models and give full play to the advantages of different algorithms,
rather than simply weighted fusion, to effectively improve the accuracy of virtual collec-
tion. Moreover, it has been demonstrated that improvement based on the classical neural
network algorithm makes it more applicable to the virtual acquisition of DPVS data and can
effectively improve the virtual acquisition performance [5]. In addition, since the real-time
virtual collection accuracy is affected by multiple factors such as climate, environment,
and irradiation, data derivation models with robustness are an area for potential improve-
ment and worthy of attention. Therefore, traditional neural networks and integrated
algorithms, combined with advanced improvement schemes, offer important supports for
DPVS virtual collection.

5. Application Scenarios of Virtual Collection Technology

With the scale expansion of DPVS, the DPVS application scenarios are more and more
complex and variable. The acquisition of operation and maintenance information often
suffers from incomplete data collection, transmission blockage, and high collection and
transmission costs. Therefore, to bring more scholars’ attention to the practical application
value of virtual collection, this paper innovatively summarizes a variety of application
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scenarios for virtual collection based on multi-source information, including but not limited
to the following:

• DPVS operation data anomaly detection;
• DPVS fault diagnosis;
• DPVS missing data recovery;
• DPVS real-time operation data collection;

Figure 12 summarizes the four application scenarios and the significance of DPVS
virtual collection technology.
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With DPVS modules operating in a complex environment for long periods, some
failure phenomena will inevitably occur under the influence of thermal power and other
external factors [100]. Failure of any component (PV module, converter, inverter, connection
line, etc.) can seriously affect the safety and stability of the entire PV system and may lead to
greater risks if not detected and maintained in a timely fashion. Therefore, it is essential that
the detection of abnormal output status of DPVS is quick and timely, which can be achieved
through online abnormality detection methods to ensure the reliable and stable operation of
DPVS. The first scenario of the virtual collection technology is the anomaly detection of the
real-time operation status of DPVS through the comparison between the virtual collection
data and the actual data. Furthermore, Ref. [101] pointed out that anomaly monitoring can
be effectively achieved by calculating the spatial performance ratio, similarity coefficient,
and characteristic distance using the correlation between different DPVS in the region.
Notably, the method is unsupervised and does not require anomaly samples for learning
so it can be adapted to an intelligent operation and maintenance platform to monitor the
operation status of DPVS in real time.

Artificial intelligence (AI) methods, which do not require additional sensors or infrared
testers and do not rely on mathematical models, are widely used in the field of DPVS fault
diagnosis [102]. Existing AI methods generally use classification models to obtain the
mapping relationship between DPVS array measurement information and fault types.
This process requires a large number of features for training, a large data acquisition
workload, and there is difficulty in guaranteeing fault diagnosis accuracy. Therefore, it
is crucial to effectively acquire feature data that can characterize the fault conditions of
DPVS. When different components are damaged, the timing waveforms of PV arrays show
different characteristics, while the virtual collection data show different deviation trends
from the actual DPVS operation data. In addition, with continuous research on signal
feature extraction, scholars have been able to extract a variety of effective features from the
curves [103]. Therefore, key features can be extracted from the deviation curves as input
for fault diagnosis under different fault situations, thus improving the accuracy of DPVS
fault diagnosis.

The complete operational data of DPVS is crucial for calculating various output
performance indicators and reliability analysis of PV systems [104]. However, it is common
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to lose operational data due to power outages, partial module failures, communication
failures, and maintenance at actual field measurement terminals [105]. Missing data makes
it difficult to analyze and predict the operational data of DPVS, and most machine learning-
based data mining algorithms do not support incomplete data as input. In short, high-
precision data filling is important to improve the quality of PV data and reveal the unknown
characteristics of DPVS operation data. Many current studies rely on interpolation or
prediction models to fill in the missing data [105,106] that require a large amount of
historical data for training. Such methods do not fully utilize the spatio-temporal correlation
characteristics between different PV plants. Therefore, the second application scenario of
virtual acquisition techniques is to provide high-quality infill data for DPVS with missing
data. Moreover, according to virtual collection accuracy achieved in Ref. [5], it is known
that virtual collection-based missing data filling results in values closer to the actual values
than linear interpolation, regression models, and other filling methods.

The first three application scenarios can help improve the quality of collected data
and ensure stable operation but cannot reduce the cost of data collection. The O&M
system needs to monitor many data points, and an acquisition scheme that only relies
on increasing the number of sensors and sampling frequency leads to the cost of data
acquisition, transmission, and storage becoming too high. Therefore, the third application
scenario is to replace the data collection equipment with virtual collection and realize
real-time data collection of the whole system through high-precision data inference models
based on similar power output characteristics between power stations in the region. This
application scenario only requires the long-term deployment of n collection devices (n is
less than the total number of power stations), thus effectively reducing the cost of DPVS
data collection.

To sum up, virtual collection technology has diversified application scenarios in
the PV field. Among them, the first three scenarios do not have strict requirements on
accuracy and have good implementation conditions and theoretical support for long-term
coordination with the acquisition equipment. However, the fourth scenario requires real-
time estimation of the operational data of the DPVS to be collected, and the complex
operational environment imposes higher requirements on the robustness and accuracy of
the model. Therefore, it requires researchers to accumulate sufficient historical data while
fully considering the uncertainty factors in the operation of DPVS, which is relatively more
difficult to implement.

6. Conclusions

Virtual collection is a new, cost-effective and computationally efficient approach for
DPVS data collection. This paper provides a comprehensive review of DPVS virtual
collection challenges, methodologies, and applications, and the following conclusions can
be drawn:

1. The virtual collection process can be subdivided into three steps: similarity analysis,
RPS selection, and PV data inference. Considering that there is little research on
virtual collection at present, this paper reveals the types of problems similar to virtual
acquisition in various fields and analyzes them by analogy so that readers can easily
understand the meaning of virtual collection.

2. The system analysis of this paper shows that the virtual collection technique requires
strict prerequisites and complex data preprocessing. One of the most critical steps is
selecting the reference power station, which determines the quality of the inference
model input.

3. This paper summarizes the methods that can be applied to DPVS virtual collection in
various fields. As can be seen, DPVS virtual collection is a novel and comprehensive
application of artificial intelligence in the PV industry, involving various machine
learning methods, including clustering, optimization, regression, etc.

4. This paper proposes a diversified application scenario of virtual collection in the field
of PV, hoping to contribute to the needs of distributed energy data management in
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the context of carbon peaking and carbon neutrality. Our subsequent research will
be directed at further explaining virtual collection from the perspective of physical
models and providing more examples of virtual collection.
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Abbreviations

The following abbreviations are used in this manuscript:
DPVS Distributed Photovoltaic Systems
IEA International Energy Agency
RPS Reference Power Station
DAP Data Aggregation Point
DTW Dynamic Time Warping
BDE Binary Differential Evolution
ACO Ant Colony Optimization
PSO Particle Swarm Optimization
WOA Whale Optimization Algorithm
HHO Harris Hawk Optimization
GWO Gray Wolf Optimization
LSTM Long Short-Term Memory
RF Random Forests
LightGBM Light Gradient Boosting Machine
RBF Radial Basis Function
AI Artificial Intelligence
WNN Wavelet Neural Networks

Nomenclature

d(X,Y) Distance between two samples
S Covariance matrix
Cov(X,Y) Covariance coefficient
σ Standard deviation
R2(X,Y) Distance correlation coefficient
v2(X,Y) Distance covariance coefficient
CS(X,Y) Cosine similarity
Ts Transfer function
Xd(t) Position of the d-th variable updated according to the original equation
X̃d(t) Position of the d-th binary variable updated by the transfer function
h Output of the hidden layer
η Step size of gradient descent
y Virtual collection data, kW
ŷ Actual data, kW
W1 The weight between the input and hidden layer
W2 The weight between the hidden and output layer
b Bias of the neural network
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