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Abstract

With the rapid development of distributed photovoltaic power generation
systems, photovoltaic cluster power forecasting plays a vital role in the stable
operation of power grids and optimal energy dispatching. Due to the large
number of power stations in the PV cluster, wide distribution and high data
dimension, it is not only computationally complex to directly predict all
power stations, but also may reduce the forecasting accuracy due to data
redundancy, so it is particularly important to reasonably select representative
power stations in the cluster forecasting. In order to improve the accuracy
of cluster forecasting, this paper proposes a new representative power sta-
tion selection method based on vector error correction model (VECM), and
uses spatiotemporal graph convolutional network to predict the power of
distributed photovoltaic clusters. Firstly, a VECM is constructed, and the
correlation between each power station and the cluster is analyzed by com-
bining the results of variance decomposition method, and the power stations
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related to the cluster are selected as the representative power stations. Then,
the heron optimization algorithm is introduced to calculate the optimal weight
distribution of each representative power station. Finally, the spatiotemporal
graph convolutional network is constructed by using the historical data of
the representative power stations to realize the feature extraction of complex
spatiotemporal data between photovoltaic power stations, and the power
forecasting data of each representative power station is output, and the cluster
forecasting power is obtained through the optimal weight calculation. An
example is carried out in a distributed photovoltaic cluster in a province to
prove the effectiveness of the proposed method in cluster forecasting.

Keywords: Photovoltaic power forecasting, distributed photovoltaic clus-
ters, vector error correction model, spatial temporal graph convolutional
network.

1 Introduction

Photovoltaic power generation technology is considered one of the most
promising new energy sources because of its high efficiency and direct
conversion of solar energy into electricity without producing any pollutants
[1-4]. In recent years, driven by the goals of “carbon peak™ and “carbon
neutrality”, China’s photovoltaic industry has developed rapidly [5, 6]. Due
to the scattered solar energy resources and low energy density, photovoltaic
power generation is naturally suitable for distributed power generation mode.

In addition, the distribution of wasteland resources and electricity load
in China is extremely uneven, and distributed photovoltaic power genera-
tion will be the optimal form of large-scale photovoltaic application [7].
Distributed photovoltaic power generation is distributed, intermittent, and
fluctuating, and its power generation is greatly affected by weather, seasonal,
and diurnal changes, which makes it difficult to predict and manage the
power output of a single photovoltaic power station, which increases the
difficulty of grid dispatching and stable operation [8, 9]. However, the output
of distributed photovoltaic clusters has better regularity than that of a single
distributed generation system, which greatly improves the accuracy of power
forecasting of distributed photovoltaic power generation and reduces the
difficulty of power forecasting, so it is particularly important to carry out
cluster forecasting [10].

Current research has focused on forecasting using time-series-based
methods, however, PV sites located in similar geographic and climatic



A New Representative Power Station Selection Method 1185

environments often exhibit similar power variations at the same time points
due to the spatial correlation of distributed PV systems. This means that
there is a certain correlation between the historical power of each station and
the future power of neighboring stations, which is a spatiotemporal corre-
lation [11]. Literature [12], a graph convolutional neural network was used
to extract spatial features, and a multi-layer modal subsequence that could
reflect the temporal change characteristics of historical data was constructed
by using a graph convolutional neural network to extract spatial features, and
a bidirectional long short-term memory neural network was used to predict
the power of photovoltaic power generation. In [13], an ultra-short-term
photovoltaic output forecasting method based on graph convolutional neural
network and long short-term memory network (GCN-LSTM) was proposed,
in which the graph convolutional neural network was used to extract the
spatial features of the graph model, and the time series information containing
the spatial features was obtained, and finally the time series data was input
into the long short-term memory network for photovoltaic output forecast-
ing. Literature [14], a combined forecasting model based on the fusion of
temporal features and spatial relationships was proposed, in which multiple
LSTM sub-models were used to extract the temporal features, and the natural
gradient enhancement (NGBoost) algorithm was used for ensemble learning,
then the meteorological parameters were analyzed and the spatial features
were extracted by two-dimensional convolutional neural network (2D-CNN)
for spatial correlation forecasting, and finally the advantages of the two
forecasting models were integrated to construct a spatiotemporal informa-
tion combination forecasting model. Most of the above methods adopt the
method of combined forecasting, and model the temporal and spatial features
separately, which lacks the ability to deeply integrate the two. Therefore,
this paper uses a spatiotemporal graph convolutional network, considers the
evolution of nodes in time series and the spatial relationship between nodes,
captures the feature information in time and space, and effectively integrates
them together for learning and forecasting, so as to capture the complex
spatiotemporal correlation between photovoltaic power plants.

In cluster power forecasting, the selection of representative power stations
is crucial. If the selected representative power station is not typical and cannot
represent the entire cluster, the forecasting accuracy of the cluster cannot
be guaranteed, even if the forecasting accuracy of the representative power
station is high. Therefore, it is crucial to select representative power stations
that are highly correlated with cluster power to improve the forecasting
accuracy. Literature [15], the Pearson correlation coefficient was used as



1186  Wu Yidi et al.

the evaluation index to select representative power stations, and the weight
coefficient representing the electric field was the ratio of the sum of the
installed capacity of the cluster to the installed capacity of the representative
wind farm. In [16], the photovoltaic power stations with high correlation
of cluster output power and high power forecasting accuracy were taken as
representative power stations, and the weight coefficients of each represen-
tative photovoltaic power station were calculated by mathematical statistical
methods. At present, the selection of representative power stations usually
relies on simple statistical indicators, such as Pearson correlation coefficient
or other screening methods based on correlation and power forecasting accu-
racy, which mostly rely on short-term and linear relationships, and ignore the
possible long-term cointegration relationship or dynamic adjustment effect
between power stations and clusters. Literature [17] analyzes the dynamic
relationship between water resource utilization and economic growth in
China by constructing a VECM between total water use and GDP. In [18],
a VECM of battery clusters and battery cells was constructed based on
random voltage fragment data, and the dynamic influence of battery cells on
battery clusters was analyzed. Literature [19] uses the VECM to analyze the
interaction mechanism between multiple industrial industries, quantitatively
characterize the complex coupling relationship between industrial industries,
and realize the accurate forecasting of the load of industrial industries. The
above literature uses the VECM to analyze the long-term and short-term
relationships between variables at the same time, and reflects the dynamic
change law between variables. Therefore, this paper uses VECM and variance
decomposition to select cluster-representative power stations.

In this paper, we propose a new representative power station selection
method based on VECM, and use Spatio-Temporal Graph Convolutional
Networks (STGCN) to predict the power of distributed photovoltaic clusters.
Firstly, the VECM model was constructed, and the correlation between
each power station and the cluster was analyzed by combining the results
of variance decomposition method, and the power stations related to the
cluster were selected as the representative power stations. Then, the Secretary
bird optimization algorithm (SBOA) [20] was introduced to determine the
weights of each representative power station. Finally, the STGCN model is
constructed by using the historical data of the representative power stations to
realize the feature extraction of complex spatio-temporal data between photo-
voltaic power stations, and the power forecasting data of each representative
power station is output, and the cluster forecasting power is obtained through
the optimal weight calculation. An example is carried out in a distributed
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photovoltaic cluster in a province to prove the effectiveness of the proposed
method in cluster forecasting.

2 Representative Power Station Selection and Weight
Calculation

2.1 Vector Error Correction Model

The VECM is an econometric model for non-stationary time series analy-
sis, which is mainly used to study the long-term equilibrium relationship
and short-term dynamic adjustment between multiple time series variables.
VECM is an extension of the vector autoregressive model (VAR), which
introduces cointegration analysis and error correction terms, so that VECM
can capture both short-term fluctuations and the influence of long-term rela-
tionships, so as to solve the problem of ignoring cointegration relations when
processing non-stationary time series data in VAR models, and is suitable for
variables with cointegration relationships.

The mathematical form of VECM is as follows [21]: Remembering time
series vectors P, = [pi,...,Pmyt,---,Pnt|, €ach component is a time
series, and when selected to represent a power station, it can be a power series
for each plant and the entire cluster. For linear regression, the VAR model can
be obtained, and its expression is:

—Pt:AIH—I+A2Pt—2+"‘+Ath—p+5t (1)

where P; is the model variable; P;_,, is the p-order hysteresis of the model
variable.
Performing a differential transformation on Equation (1) yields:

p—1
AP, =[P+ [[AP-k+e @

k=1 k

where: [[ = a3, where a is a matrix of adjustment coefficients, each of
which corresponds to a set of weights of a cointegration combination, 3’ is
a cointegration vector matrix, and each row vector is a cointegration vector;
[[ P:—1 can be expressed as a3’ P;_1, and since (3’ P;_1 is an error correction
term e;_1, the general expression of VECM can be obtained as:

p—1
AP, = ae;_1 + Z H AP, +e; 3)
k=1 k
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The error correction term e;_; reflects the long-term equilibrium rela-
tionship between the variables, and the coefficient matrix o reflects the
adjustment speed of the error correction term to the equilibrium state when
the equilibrium relationship between the variables deviates from the long-
term equilibrium state. The coefficient [[, of the difference term of the
independent variable reflects the effect of short-term fluctuations of each
variable on the short-term change of the dependent variable [22].

2.2 Variance Decomposition Method

According to the above analysis, it can be seen that the correlation between
each power station and the cluster is mainly affected by three parameters,
namely o, 3',[],. For these three parameters, the variance decomposition
method is usually used in VECM to reassemble the information of the
three parameters to extract the key information. The variance decomposition
method quantifies the impact of different factors on overall fluctuations by
breaking down the overall fluctuation (variance) of a complex variable into
the contributions of its individual components.

For Equation (3), transform it and introduce the lag operator L, available:

p
P, = (Z A@’f) P, +e )

k=1
The result is:
P
e = (In = AkL'“> P, )
k=1

Where L* is a k-order lag operator; I,, is the identity matrix.
If the model corresponding to Equation (5) is stationary, then it can be
expressed as an infinite moving average process of the white noise vector,

namely:
P = (Z cm) et (©)
k=0

where C, is the coefficient matrix, which represents the degree of influence
of the first-order hysteresis white noise vector on P;, Cy = I,,.
The corresponding component form of Equation (6) is as follows:

(o] n
k .
pia=3. cejin i=12....n (7)

k=0 j=1
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where cgﬁ-) is the specific element of the coefficient matrix C, which means
the influence of the jth component €;;_j of the k-order lag perturbation
vector on P ;.

Under the premise that the components of €, are not sequence-related and
the covariance matrix is a diagonal matrix, the variance of F; ; is:

n o0 2
d(pit) :Z (Zcﬁ?) ojl, 1=12,...,n 8)

j=1 | \k=0

Where o is the variance of the jth variable.

The variance of P; ; can be decomposed into n uncorrelated influencing
components, and the influence of the jth variable on the ith variable can be
observed according to the relative contribution rate of the variance to the
variance P; ; based on the impact of the variable P ;, that is, the quantita-
tive analysis of the correlation between each power station and cluster can
be realized by calculating the size of R; ;. R;; is calculated as shown in
Equation (9):

oo ¢ (K
_ Zk:o(cz(,j))QUj

R, ;= 9
7 o(pit) ©

2.3 Selection Method of Representative Power Station Based on
VECM Model

The representative power station selection method based on the VECM model
is as follows: firstly, the stationarity test of the power series of each power
station and cluster is carried out, and if there is an unstationary sequence,
the difference method is used to keep each power series of the same order
single whole. Then, under the condition of ensuring the stability of each
power series, the results of Akaike information criterion (AIC), Schwarz
information criterion (SIC) and Hannan-Quinn criterion (HQ) were com-
prehensively evaluated to determine the optimal lag order of the model.
Then, the Johansen test is used to test the cointegration relationship between
power sequences. Then, according to the analysis results of the above steps,
the VECM model was established, and the correlation between each power
station and the cluster was analyzed by combining the results of variance
decomposition method, and the power stations related to the cluster were
selected as the representative power stations. Figure 1 shows the framework
of the representative power plant selection method based on the VECM
model.
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Figure 1 Framework of representative power station selection method based on VECM
model.

2.4 Calculation of the Weights of Representative Power Stations
Based on SBOA

The Secretary Bird Optimization Algorithm is a novel meta-heuristic algo-
rithm inspired by the hunting and avoidance behavior of the secretary bird.
SBOA excels in optimization problems due to its powerful global search
capabilities, dynamic adjustment capabilities, and fast convergence character-
istics. By simulating the predation and escape strategies of the secretary bird,
SBOA can effectively avoid falling into the local optimal and ensure that the
global optimal solution is found. In addition, the SBOA algorithm has a sim-
ple structure and is easy to implement, which is suitable for various complex
nonlinear and multi-peak optimization problems. These advantages enable
SBOA to provide efficient and accurate solutions in practical applications.

The specific process of using SBOA to calculate the weights of represen-
tative power stations is as follows: first, a fitness function is defined as the
square error, that is, the square of the difference between each representative
power station and its corresponding weights and cluster power, which is used
to evaluate the forecasting error of different weight combinations. Then, the
algorithm parameters are initialized to generate the initial population position
according to Equation (10).

Xi,j:lbj—I—rx(ubj—lbj), 1=1,2,...,N, j:1,2,...,Dim (10)

where X; denotes the position of the ith secretary bird; /b; and ub; are the
lower and upper bounds, respectively; 7 is a random number between 0 and
1; Dim is the dimension of the problem variable.
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Then, in each iteration, according to the search strategy of the SBOA, dur-
ing the exploration phase, the location is continuously updated by simulating
the hunting behavior of the secretary bird. The exploratory phase consists of
three stages:

In the first stage, the position of the prey was updated and mathematically
modeled using Equation (11).

While t < %T, afs Pl =@ + (301 — 2 2) X Ry (11)
Where ¢ is the current number of iterations; 7" is the maximum number
of iterations; :1:23.”“” P1 {5 the value of its jth dimension; z, ; and z, 2 are
the stochastic candidate solutions for the first iteration. R; is a randomly
generated array of dimensions of 1 x Dim in the interval [0, 1].

In the second stage, the position of the consumed prey is updated

mathematically using Equations (12)—(13).
RB = randn(1, Dim) (12)

1 2
While =T <t < =T,
263 3

4
t
:L,Z?w Pl _ Tpest + €XP ((T) > X (RB — 05) X (xbest — ZL‘Z,]) (13)

where randn(1l, Dim) is an array of 1 x Dim of dimension randomly
generated from the standard normal distribution; x ez is the current optimal
value.

The third stage of attacking the prey position is updated mathematically
using Equations (14)—(17).

. 2 new P1 t (QX%)
While t > §T’ T = Tpest T 1- T X xij X RL

(14)

RL = 0.5 x Levy(Dim) (15)

Levy(Dim) = s x uxa (16)
v

I'(1+n) xsin(F) z
— 1
’ (w 1) 4
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where (1 — %)(ZX 7) is the nonlinear perturbation factor; Levy(Dim) denotes
the Levy flight distribution function; s is 0.01,  is 1.5, u and v are random
numbers in the interval [0,1]. I' is the gamma function.

The location update for the Exploration stage is represented as:

(18)
else

Xi _ {Xinew Pl’ Zf Finew P1 < Fz
Xia
where X% Pl is the new state of the ith secretary bird in the exploration
stage; F;"°" P1 is the fitness value of its objective function.

Then it enters the escape stage, simulates evasion behavior, finely
searches for and further updates the location in the promising area, calculates
new fitness values, and records and updates the current optimal weight
combination. The escape stage consists of two escape strategies, which are
mathematically modeled as follows:

2
t
new P2 _ ) C1 ¢ Thest + (2x RB—1) x (1 — T> X 5, if rand <r;

Li,j

Cy: i+ Ry x (acr — K x xi’j), else (19)
K = round(1 + rand(1,1)) (20)

where (' corresponds to the strategy of using environmental camouflage;
Cs corresponds to the strategy of direct escape; rand is 0.5, and Ry is an
array with a dimension of (1 x Dim) randomly generated from the normal
distribution. x,- is a random candidate solution for the current iteration; K is
a random number with an integer of 1 or 2; rand(1, 1) is a random number
that is randomly generated between (0,1).

The location update of the escape stage is represented as:

X new P2 Zf Fnew P2 < F
P Z 1)
X, else
where X "¢ P2 is the new state of the ith secretary bird in the escape stage;
Epew P2 is the fitness value of its objective function.

After several iterations, the algorithm finally outputs the optimal weight
combination of representative power stations. The algorithm flow chart is
shown in Figure 2.
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Figure 2 Flow chart of the SBOA algorithm.

3 Spatiotemporal Graph Convolutional Networks

STGCN effectively captures the spatiotemporal dependencies in the data by
performing spatiotemporal convolution operations on the graph structure.
It represents the spatio-temporal data as a graph structure, aggregates and
updates the features of nodes and their neighbors through spatial convolution,
and captures the temporal features by using temporal convolution, which can
flexibly process graph structure data and carry out in-depth feature extraction,
and has powerful spatio-temporal modeling capabilities. For the power data
of photovoltaic power plant clusters with obvious spatiotemporal correlation,
it is difficult for traditional forecasting methods to effectively capture this
complex spatiotemporal relationship, but STGCN can improve the accuracy
and reliability of forecasting through its powerful spatiotemporal feature
extraction ability.

In STGCN, the power data of PV power plants is organized into a
graph, where nodes represent different PV plants and edges represent the
spatial relationships between power stations. The spatial relationship between
power stations is quantified by using the adjacency matrix constructed by the
geographical location information of the power station, and the adjacency
matrix is defined as:

D(i, j)? -
A, ) = exp <_(52])> , D(i,j)<e 22)
0, else
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D(i,j) =2 - R-arcsin

X <\/sin2 (W) + cos(ip) - cos(ip;) - sin? (W))

(23)

where D(i, j) is the geographical distance between the photovoltaic power
station ¢ and j; S is the variance of the distance of the photovoltaic power
station; ¢ is the distance threshold; ¢ is latitude, in radians; A is the longitude,
in radians; R is the radius of the earth, which is usually taken as 6371 km.

The STGCN model includes two spatiotemporal convolution modules,
and each spatiotemporal convolution module contains two temporal convolu-
tion blocks and spatial convolution blocks. The time convolution block first
performs a convolution operation, which regards the time dimension as the
width of the image and the number of nodes as the height of the image,
and uses the convolution kernel to slide in the time dimension to extract the
time features. Secondly, a gating mechanism similar to the Gated Linear Unit
(GLU) is used to adjust the influence of different convolution results. Finally,
the gating results are combined with the convolution results to extract the
time features. The spatial convolutional block uses the adjacency matrix to
perform a weighted sum of the temporal features of each node, and fuses the
features of each node with the features of its neighbors, effectively capturing
the spatial correlation between nodes. The calculation process is shown in
Figure 3.

4 OQOverall Forecast Framework

According to the principle of the above method, a cluster power fore-
casting model considering the spatiotemporal correlation characteristics of
distributed photovoltaic power stations is constructed, and the overall process
of the forecasting model is shown in Figure 4, which is divided into three
parts, namely the selection of representative power stations based on the
VECM model, the weight calculation of representative power stations based
on the secretary bird optimization algorithm, and the cluster power forecast-
ing based on the spatiotemporal graph convolution model. The calculation
steps for the model are as follows:

(1) Data preprocessing: preprocess the historical power data of each power
station, remove outliers, and fill in the missing data.
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Figure 3 Structure of STGCN.

(2) Selection of representative power stations: The stationarity test of the
preprocessed historical power data is carried out, and the optimal lag
order of the model is determined under the condition of ensuring the
stability of each power series. Then, the Johansen test was used to test
the cointegration relationship. Finally, the VECM model is constructed,
and the correlation between each power station and the cluster is ana-
lyzed by combining the results of variance decomposition method, and
the power stations related to the cluster are selected as the representative
power stations.

(3) Weight calculation: The selected historical power data of the represen-
tative power station and the historical power data of the cluster are input
into the Egret optimization algorithm to calculate the optimal weight
value of the representative power station.

(4) Calculate the adjacency matrix: calculate the adjacency matrix accord-
ing to the geographical location information of the power station.

(5) Power forecasting: The spatiotemporal graph convolution model is used
to input the historical power data of the representative power station
and the corresponding adjacency matrix to obtain the predicted power
of each representative power station.

(6) Cluster power calculation: the sum of the predicted power of each
representative power station multiplied by the corresponding weight is
the cluster predicted power.
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Figure 4 Predictive model flow.

5 Case Analysis

5.1 Data Description

In this paper, ten distributed photovoltaic power stations with good data
quality were selected from a distributed photovoltaic power station cluster
in a certain province, and the maximum power of the ten power stations was
777.9 kW, and the time was from January 1, 2021 to December 31, 2021,
with a time resolution of 15 minutes.

5.2 Evaluation Indicators

The Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) are
selected as the evaluation indexes for PV power forecasting. The formula for
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Table 1 Test results of power sequence stationarity
Power Station ~ ADF Statistic  p-value  Smooth or Not

1 —71.6364 0 Yes
2 —84.2071 0 Yes
3 —74.7693 0 Yes
4 —78.9767 0 Yes
5 —76.86 0 Yes
6 —73.8572 0 Yes
7 —84.7832 0 Yes
8 —81.9862 0 Yes
9 —82.3449 0 Yes
10 —70.6854 0 Yes
ALL —89.6796 0 Yes

calculating MAE and RMSE are as follows:

1<~ |P,; — P,
Emae:* = = 24
n; . (24)
Bymse = © zn: A (25)
’I"ITLSC_n C

i=1

where n is the total number of samples; F,; is the true value of the ¢th sample;
P,; is the predicted value of the ith sample; C' is the installed capacity of the
power station.

5.3 Representative Power Station Selection and Weight
Calculation

First, the data is preprocessed, and the missing and abnormal data is pop-
ulated. Due to the large gap in the data of each power station. Therefore,
logarithmic processing is carried out on the data to narrow the gap between
the power data of different power stations.

ADF test was performed on the data. The test results are shown in Table 1.
As can be seen from Table 1, the stationarity test results of each power station
and cluster power series are all “Yes”, indicating that these power sequences
are stationary and do not need to be differentiated to proceed with the next
steps.

A general VAR model was established, and the optimal lag order of the
model was determined to be 97 by using the AIC criterion, SIC criterion and
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Table 2 Results of Johansen’s cointegration test

Trace 5% Ceritical Max Eigen 5% Ceritical

Rank (r) Statistic Value (Trace) Statistic Value (Max Eigen)
0* 10145.2 306.8988 1771.154 73.9355
1* 8374.05 259.0267 1154.687 67.904
2% 7219.363 215.1268 1004.612 61.8051
3% 6214.751 175.1584 1001.905 55.7302
4* 5212.846 139.278 914.3666 49.5875
5% 4298.48 107.3429 838.8558 43.4183
6% 3459.624 79.3422 768.4958 37.1646
7% 2691.128 55.2459 741.3553 30.8151
8* 1949.773 35.0116 681.1245 24.2522
9* 1268.648 18.3985 650.9736 17.1481
10* 617.6748 3.8415 617.6748 3.8415

Note: * indicates significant at the 5% significance level.

HQ criterion. The Johansen cointegration test was performed on the power
sequences, and the test results are shown in Table 2. As can be seen from
Table 2, the data has a cointegration relationship, which satisfies the basic
conditions for building VECM, and the model can be constructed.

The VECM model was constructed, and the variance decomposition of
the constructed VECM error term was performed, and the specific results of
variance decomposition of cluster power are shown in Figure 5. As can be
seen from Figure 5, in addition to the cluster power itself, the power stations
that contribute more to the cluster power are power station 1, 2, 3, 6, and
7, so these five power stations are selected as representative power stations,
and then SBOA is used to calculate the weight of each representative power
station, and the best weight coefficients are obtained: 2.0075, 1.419, 3.2625,
2.5212, 2.5234, and finally the cluster predicted power calculation formula is
as follows:

Po =2.0075x Py +1.419 x P, +3.2625 X P3+2.5212 x Ps+2.5234 x P

(26)
where Pg is the predicted power of the cluster; P;, P», P3, Ps, and P; are the
predicted power of power station 1, 2, 3, 6, and 7, respectively.

Compared with the VECM model, the representative power stations are
selected based on the maximum correlation-minimum redundancy feature
selection method, and the representative power stations are obtained as power
stations 6, 8, 7, 9 and 5, and then the weights of each representative power
station are 2.4376, 1.8956, 1.5068, 2.4855 and 1.8273 respectively, and the
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Figure 5 Variance decomposition results.

Table 3 Forecasting results
Method MAE/% RMSE/%

1 1.94 2.80
2 2.77 3.11
3 2.48 322
4 3.53 7.02

final formula for calculating the predicted power of the cluster is as follows:

Po =2.4376 X Pg+1.8956 x P3+1.5068 x P;42.4855 x Py+1.8273 X Ps

(27
where Pg is the predicted power of the cluster; Fg, Py, Py, Py, and Ps are the
predicted power of power stations 6, 8, 7, 9, and 5, respectively.

5.4 Analysis of Forecast Results

This paper proposes four cluster power prediction methods for comparison:
method 1 uses the VECM model to select the representative power stations,
calculates the weights of each representative power station through SBOA,
and uses STGCN to predict the power of the representative power stations
and weights the sum; Method 2: Directly use the STGCN model to predict
and sum the power of all power stations; Method 3 is similar to Method 1,
which uses the maximum correlation-minimum redundancy method to select
representative power stations; Method 4 is similar to Method 1, but uses the
BiLSTM model instead of STGCN for forecasting.

The forecasting results are shown in Table 3, and the forecasting curve is
shown in Figure 6.
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Figure 7 Error analysis diagram.

In Figure 7, comparing the MAE, MSE, RMSE and MAPE values of the
four methods, the comprehensive index of method 1 is stronger than that of
the other methods, among which, MAE, MSE and RMSE are significantly
lower than those of the other methods, and the MAPE ratio is much lower
than that of method 4 and slightly higher than that of methods 2 and 3, which
shows that the prediction results of method 1 are significantly stronger than
those of the other three methods, and the prediction accuracy is higher.

Compared with method 1 and method 2, the MAE and RMSE of all power
stations are 2.77% and 3.11%, respectively, and the MAE and RMSE of
data representing power stations are 1.94% and 2.80%, respectively, and the
results show that the method of inputting data representing power stations to
predict the cluster power is better. This difference suggests that although the
spatial relationship between all power stations is preserved, the importance of
the power stations cannot be distinguished, which may introduce redundant
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Figure 8 Comparison of forecasting curves of method 1 and method 2.

information and even noise, which may affect the forecasting accuracy.
However, the forecasting after selecting the representative power station can
reduce the data input dimension, make the model calculation more efficient,
and avoid the interference of low correlation or noisy power stations on the
forecasting results, and improve the accuracy of cluster power forecasting.

Compared with the forecasting results of Method 1 and Method 3, the
forecasting accuracy of representative power stations selected based on the
VECM model is higher. Method 3 uses the mRMR method to select represen-
tative power stations, although it can reduce the redundancy information, it
only focuses on the selection of the most correlated and least redundant power
stations, and ignores the influence of long-term cointegration relationship. In
contrast, the VECM model used in Method 1 can identify the cointegration
relationship between each power station and the cluster, capture their long-
term correlation, and reveal the dynamic adjustment process of power station
power to cluster power in the short term, so as to ensure that the selection of
representative power stations is more reasonable and accurate, and improve
the forecasting accuracy of the cluster.

Compared with method 1 and method 4, method 1 uses the STGCN
model for forecasting and method 4 uses the BILSTM model for forecasting,
and the results show that the forecasting error of the cluster power predicted
by the STGCN model is smaller. The STGCN model can model the spatial
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Figure 9 Comparison of forecasting curves of method 1 and method 3.
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Figure 10 Comparison of forecasting curves of method 1 and method 4.

dependence and time series characteristics of power station power data at the
same time, effectively capture the spatiotemporal correlation between power
stations, and make more accurate forecastings. Although the BiLSTM model
can capture the two-way time series dependencies and has strong ability to
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model time series, it cannot capture the spatial correlation between power
stations and can only rely on the time dimension for forecasting, resulting in
incomplete forecasting information, so the forecasting error is larger than that
of the STGCN model.

6 Conclusion

In this paper, a new method for selecting representative power stations based
on VECM model is proposed, and then the weight of each representative
power station is calculated by using the Egret optimization algorithm, and
finally the power forecasting is carried out by using the STGCN model.
Taking a distributed photovoltaic cluster in a province as an example, this
paper analyzes the power forecasting method of distributed photovoltaic
cluster, and obtains the following conclusions:

(1) The STGCN model can effectively capture the spatiotemporal correla-
tion between photovoltaic power stations and improve the forecasting
accuracy of cluster power.

(2) Reasonable selection of representative power stations for forecasting
can effectively remove redundant information, reduce data dimensions,
improve the representativeness of data input, and improve forecasting
performance;

(3) The method of selecting representative power stations by using the
VECM model proposed in this paper can not only reveal the long-term
equilibrium relationship between each power station and the cluster
power, but also capture the dynamic adjustment of the power of each
power station to the cluster power in the short term, so as to ensure that
the selection of representative power stations is more reasonable and
reliable.

The historical power data of photovoltaic power stations are mainly used
for forecasting, and meteorological factors can be considered as auxiliary
characteristics in future research to further improve the accuracy of power
forecasting of photovoltaic clusters.
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