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Abstract. The traditional fuzzy C-means clustering algorithm (FCM) based on Euclidean
distance is only applicable to clustering of spherical structures. When applied to text clustering
of photovoltaic data to select similar days, it fails to take into account the difference in the
importance of meteorological factors on photovoltaic power, resulting in a decrease in the
accuracy and efficiency of data clustering. To solve the above problems, a short-term
photovoltaic power prediction method based on improved fuzzy C-means clustering (IFCM) and
bat algorithm optimization Elman neural network (BA-Elman) combination model was proposed.
First, the improved fuzzy C-means clustering algorithm is used to select training samples with
higher similarity to the forecast day, and then the Elman neural network prediction model
optimized by bat algorithm trained by selected training samples. Finally, according to the actual
data of a photovoltaic power station in Qinghai Province, a simulation experiment is carried out
to verify the effectiveness of the method and model.

Keywords: fuzzy C-means clustering, bat algorithm, neural network, photovoltaic power
generation, short term power prediction

1 Introduction

In recent years, with the adjustment of China’s energy structure, solar energy, as a clean and renewable
new energy, has developed rapidly, and it is gradually developing from an independent system to a large-
scale grid connection [1-2]. However, the output power of photovoltaic power generation system has
great volatility and randomness, and its large-scale photovoltaic grid connection will increase the
instability of the power system and affect the safe operation of the power grid [3]. If the variation law of
photovoltaic output can be predicted and timely fed back to the power dispatching department, the
dispatching plan can be arranged in advance and the reserve capacity of the system can be reduced, thus
improving the stability and economy of power grid operation.

Photovoltaic power prediction can be divided into indirect method and direct method [4]. Due to the
need for the prediction of illumination amplitude, indirect prediction method needs high accuracy and
relatively detailed meteorological information, which will lead to high prediction cost, so it is seldom
used in China. The direct prediction method generally takes historical photovoltaic power generation data
and meteorological data as the input of the model, and uses relevant theories and models for prediction.
The prediction model has strong universality and low cost, which is the mainstream method for
photovoltaic power generation power prediction at present [5].

Literature [6] calculated the correlation coefficient between historical day data through Euclidean
distance, and defined the “near far” degree of photovoltaic power and day type, and finally used the
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sample set of similar days as the training sample of BP neural network model. Literature [7] first used
FCM clustering algorithm for similar daily clustering, then established CG-DBN prediction model
according to the clustering category, and finally used this model for short-term photovoltaic power
prediction. The literature [8] uses the FCM algorithm to cluster the meteorological data of the similar day
and the forecast day, and uses Elman neural network algorithm to establish a fuzzy clustering-Elman
neural network prediction model to predict photovoltaic output. However, none of the above methods
takes into account the difference in importance of different meteorological factors on photovoltaic power
generation. It is not enough to reflect the essential characteristics of daily meteorological data to select
similar days only by using correlation degree or Euclidean distance. The training samples selected are not
accurate enough to affect the final photovoltaic power prediction accuracy.

Firstly, while some researchers also use clustering combination prediction method of clustering
algorithm and Elman neural network to predict photovoltaic power, for the multi-attribute mixed data
such as photovoltaic weather data, the traditional FCM algorithm can not measure the heterogeneity
between samples and classes, and will ignore the influence of meteorological factors on photovoltaic
power. Secondly, as the Elman neural network adopts the error back propagation algorithm (BP
algorithm) to correct the weights, it is inevitable that there will be defects such as falling into the local
optimal value and slow convergence rate [9]. Therefore, the key research point of this paper is how to
improve the FCM algorithm to improve its clustering performance of photovoltaic meteorological data,
select more accurate model training samples, and use bat algorithm to optimize the Elman neural network
to easily fall into local optimal value, slow convergence speed and other defects. The main technical
contributions of this paper are summarized as follows:

Firstly, the weight values of relevant factors of each meteorological feature are calculated. Combined
with this weight value, a membership calculation formula combining Euclidean distance and covariance
coefficient is proposed, and the performance of the improved algorithm is analyzed.

Bat algorithm is used to optimize the parameters of Elman neural network.

Simulation experiments are conducted based on real data. The experimental results show that the
prediction accuracy of the proposed method is significantly improved compared with that of the
traditional method.

The rest of the paper is structured as follows: Section 2 discusses the strengths and weaknesses of
existing writings. Section 3 briefly describes the principle of FCM algorithm, calculates the weight of
relevant factors of each meteorological feature, and gives the specific improvement steps and
performance analysis of FCM algorithm. Section 4 gives the detailed steps of bat algorithm to optimize
Elman neural network. Section 5 builds the experiment to carry on the simulation analysis. At last, the
thesis is summarized and the future work is prospected.

2 Related Work

FCM algorithm gets the final clustering result according to the membership degree of each subclass of
the sample, and proper modification of membership degree is conducive to improving the clustering
performance of the algorithm.

Literature [10] used Markovnikov distance to replace Euclidean distance in FCM algorithm, and
applied this algorithm to the clustering of high-dimensional texts, which improved the clustering effect of
the algorithm. Literature [11] introduced fuzzy entropy constraint, improved FCM algorithm, resolved
membership degree and clustering center formula, and improved the noise resistance of the algorithm.

The original design of FCM algorithm is to cluster the point sets in space. In practice, incomplete data
and other forms of data, such as mixed data and interval data, need to be processed. The basic FCM
algorithm cannot directly cluster these data.

For mixed data, literature [12] extended Euclidean distance and applied it to the clustering of mixed
data to measure the heterogeneity between samples and classes, so that it can reflect the heterogeneity
between objects and classes more accurately under the same framework and improve the clustering
performance of the algorithm for mixed data. Literature [13] proposed a similarity measure for mixed
data, which took data information into full consideration and reduced the impact of noise on clustering
results. The algorithm proposed in literature [14] (hereinafter referred to as SFCM), based on the
information entropy within and between classes, weighted different types of attributes of mixed data,
took into account the difference in importance of different attributes, and improved the clustering effect
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of the algorithm. When FCM algorithm is applied to the clustering analysis of photovoltaic
meteorological data, different meteorological factors have great differences in the influence on
photovoltaic output power, which is a key factor affecting the clustering effect of the algorithm. Based on
the above literature, the improved algorithm proposed in literature [14] is more suitable for the clustering
analysis of photovoltaic meteorological data than other algorithms.

Although the algorithm proposed in literature [14] carries out weighted processing for different types
of attributes of data, and the difference in importance of different attributes is considered, this algorithm
still used Euclidean distance to calculate the sample membership degree. For the sample data with
spherical space, good clustering effect can be obtained, while the weighted sample space is non-spherical,
which results in the limited clustering performance of this algorithm in the photovoltaic meteorological
data. In order to solve this problem, a membership calculation formula combining Euclidean distance and
covariance coefficient is proposed after determining the weight coefficient of meteorological
characteristic factors. The validity of the algorithm is proved by experiments.

3 Data Clustering Based on IFCM

3.1 Basic Principles of Fuzzy C-Means

The FCM algorithm is a data clustering method based on the optimization of the objective function [15-
16]. The basic principle of FCM is as follows: set a data sample X =(x,, x,,--, x, ), and each sample has
m indicator indicating its characteristics, that is x;, = {x,, x,,,---, x,,}(i=1,2,---,n) . Among them, a

m

subset of sample set X is the fuzzy cluster set Z,, Z,, ..., Z. . The objective function of FCM is:

C n

Jeow (U.Z.X)=3"3ul(d,) (1)

i=l j=1

where U is the membership matrix of each sample and Z is the cluster center matrix; X is the sample

matrix; u, is the i th cluster center membership of the jth sample; b is a weighted index representing
the data clustering ambiguity; d,; is the Euclidean distance from the i th cluster center to the jth sample,

[}

and is defined as follows:

dij = (i(xje _Zie)2J 5 )

(1) Initialize u, . Randomly selects value b, at the same time, for each point x; and each cluster Z,,

the membership degree u, takes a value between 0 and 1, and u, satisfies the following constraints:

C

Zuy.zl 1<j<n

i=1

u,; €[0,1] 1<i<c1<j<n, 3

n
0<Zuﬁ<n 1<i<e
j=1

(2) Calculate the centroid. For cluster Z,, the corresponding centroid z; is defined by:
7 =——i, )

(3) Update fuzzy pseudo-division.
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The FCM continuously calculates the centroid and fuzzy pseudo-division of each cluster until the
termination condition is reached (the absolute value of all u, changes is less than the specified threshold

?).
3.2 Calculation of Weights of Factors Related to Meteorological Characteristics

When calculating the similarity of daily feature vectors, if the average weight is used, this average weight
has a local similarity tendency. In the case of discrete measurement values, the point with the large point
similarity measurement value determines the overall similarity, causing calculation errors [17]. In order
to solve the local tendency caused by the average weight coefficient in the selection process of the
training samples of the prediction model, the entropy weight method is used to calculate the weight
coefficient in each meteorological factor in this paper.

The entropy weight method is one of the most widely used methods for objectively determining
weights. Its basic principle is as follows: there are sample data for » historical days, each sample has m

meteorological parameters, forming an nxm order data matrix 4=[a,],, , where a, represents the

value of the e th meteorological parameter in the i th historical days. The entropy of the e th
meteorological parameter is:

E,=5-)" hnh,

i=] ie ie?

e=1,2,--,m, (6)

aie

1
where 6 =———, h, = —*“—.
Inn Zizlal_e

When £, =0, make 4, Inh, =0, then the weight of the e th meteorological parameter is:
1-E,

=— " 7
" TY0-E) N

where o, €[0,1], Za}e =1.
e=1
In literature [18], by analyzing the correlation between photovoltaic power generation and
meteorological factors [18] the main meteorological factors affecting photovoltaic power generation are
atmospheric temperature, solar irradiance, relative humidity and wind speed. This paper takes the actual
data of a photovoltaic power station in Qinghai Province as an example, and selects meteorological
characteristics related factors: daily maximum temperature (7, ), daily minimum temperature (7, ),

ax

daily average temperature (7, ), daily relative humidity (R, ), daily average wind speed (V), daily

Vg

average Irradiance (/_ ) and the calculation results are shown in Table 1.

avg

Table 1. Meteorological feature weight coefficient

Meteorological factors T T.. T, R, 14 I,
Weighting coefficient 0.044 0.016 0.073 0.012 0.021 0.834

3.3 Improved Fuzzy C-means Algorithm

The FCM algorithm calculates the membership function value of the sample according to Euclidean
distance. In the calculation process, the weight coefficient of each sample attribute is set to be the same,
that is the data space is a spherical space. In this case, the FCM algorithm can get better clustering results.
When selecting similar days for photovoltaic prediction models, the influence of various meteorological
factors on photovoltaic power is different, so the data space may appear non-spherical. In view of the
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above problems, after determining the weight coefficients of the meteorological characteristics, formula
u; for calculating the membership degree combining Euclidean distance and covariance coefficient is

proposed.
S, =adj +Br; . (8)

d:/ = \/[i wez (xje - Zie)z] > (9)

m - J—
2

Z a)e (xje - xje )(Zie - Zie)

e=l1

1
Ty

(10)

1 °

- m - m _ 1
2 2 2 2
[Zwe (xje _xje) Za)e (Zie _Zie)h]z
e=l1 e=1

2
c S b-1
u) =1/Z[LJ . (11)

‘ i\ Sy
where o, is the weight value of the e th feature of the sample, e=(1,2,---,m); a and [ are the weight
coefficients of d; and r; ,and a+ B =1 (there, «=0.5, #=0.5).

After clustering the samples, the category of the new samples can be identified by pattern recognition:
select the new cluster center, and then calculate the membership degree between the new sample and
each cluster center according to formula (11). The category with the largest membership is taken as the
category of the new sample.

3.4 Evaluation of FCM Algorithm Before and After Improvement

In order to evaluate the effectiveness of the fuzzy clustering algorithm, the partition entropy coefficient
PE, the partition coefficient PC, and the improved partition coefficient MPC were selected to compare
and analyze the clustering effect of the FCM algorithm before and after improvement [19].

(1) The calculation formula of the divided entropy coefficient PE is as follows:

1 n C
PE = —;Zzu,j log(u,) , (12)

i=l j=I
where 7 is the number of cluster samples, C is the number of cluster centers, the range of PE values is
[O, log(C)] , the closer the value is to 0, the better the clustering effect is, and the closer the value is to

log(C), the more blurred the clustering effect is.
(2) The calculation formula of the division coefficient PC is as follows:

PC=lZn:ZC:u; , (13)
[r=ur=E

where the value range of PC is [1/ C, 1] , the closer the value is to 1, the better the clustering effect is, and
the closer the value is to 1/C, the more fuzzy the clustering effect is.

(3) Optimized the monotonic tendency of PC and PE by using the improved partition coefficient MPC.
The calculation formula is as follows:

MPC:I—%(l—PC). (14)

(4) Objective function value and number of iterations: The objective function value of the FCM
algorithm can measure whether the cluster center can accurately represent the indicators of each
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meteorological feature center. The smaller the objective function value, the better the clustering effect,
and the less the number of iterations indicates that the algorithm is more efficient.
The parameters of the FCM algorithm are set as follows: fuzzy index b =2, iteration termination

threshold ¢ =1.0x 10°, maximum number of iterations D =100, number of clustering centers ¢ =3,

FCM algorithm, the algorithm proposed in literature [14] and [FCM algorithm evaluation indicators, and
the objective function values and iteration times are shown in Table 2 and Fig. 1.

Table 2. Comparison of evaluation indexes of FCM, the algorithm proposed in literature [14] and [FCM

Algorithm PE PC MPC
FCM 0.7961 0.5401 0.6934
The algorithm proposed in literature [14] 0.7512 0.5821 0.7231
IFCM 0.7265 0.6214 0.7476
40
FCM algorithm
36 | — Algorithm in literature[14]
\ — IFCM algorithm
5] !
=
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Fig. 1. The objective function value change curve of FCM, the algorithm proposed in literature [14] and
the IFCM algorithm

As can be seen from Table 2, the indexes of both the algorithm proposed in literature [14] and the
IFCM algorithm are superior to the traditional FCM algorithm, while the indexes of the algorithm
proposed in literature [14] are also improved.

As can be seen from Fig. 1., both the algorithm proposed in literature [14] and the IFCM algorithm are
superior to the traditional FCM algorithm in the number of iterations and the minimum value of the
objective function. The number of iterations when the objective function value of IFCM algorithm
reaches the minimum value (10) is less than that of the algorithm proposed in literature [14] reaches the
minimum value (14). At the end of algorithm iteration, the minimum objective function of IFCM (5.7) is
also smaller than that of the algorithm proposed in literature [14] (9.23). Comparing the objective
function value and iteration number of the IFCM algorithm and the algorithm proposed in literature [14]
shows that the IFCM algorithm can achieve a smaller objective function value in a smaller number of
iterations than the algorithm proposed in literature [14] algorithm, and its convergence efficiency and
clustering effect are both has seen an increase.

4 Photovoltaic Power Prediction Model

4.1 Elman Neural Network

Elman neural network is a local recursive internal delay feedback neural network. It contains input layer,
hidden layer, receiving layer and output layer, has the characteristics of self-organization and self-
learning, and its unique receiving layer adds hidden layer and output layer node feedback, enhancing the
accuracy of network learning [20]. The Elman network structure is shown in Fig. 2.

79



Short-term Photovoltaic Power Prediction Based on IFCM and BA-Elman

f

X)) ><Xe(k)  Y(k)
~—

Input laver Hidden laver Receiving laver Outputlayer

Fig. 2. Structure of Elman-NN

The mathematical model of Elman neural network is:

X(k)=F(W'X, (k)+Wu(k-1)), 15)
X, (k)=2X (k)+X(k-1), (16)
Y (k)=g(W’X(k)). a7

where In the formula: Y (k) -output vector; g(*) -output neuron activation function; A -self-connected
feedback gain, X, (k)-receive unit output at time k ; X (k) -hidden unit output at time & ; W' -receiving-

hidden layer node weight matrix at time k , W -input-hidden layer node weight matrix at time &, W° -
hidden-output layer node weight matrix at time & ; F' (*) -sigmoid function; u(k) -input vector.

Elman neural network has strong robustness, objectivity and versatility, and it has good application
value and prospect in the field of prediction containing feature quantities of nonlinear time series. When
the Elman neural network is used to build the prediction model, the initial weights and thresholds are
randomly generated, so the algorithm has a slow convergence rate, and it is easy to fall into a local
minimum [21], which ultimately leads to low prediction accuracy of photovoltaic power. Therefore, it is
necessary to optimize its initial weights and thresholds.

4.2 Basic Principles of the Bat Algorithm

The bat algorithm is a heuristic algorithm based on bat echolocation proposed by Yang in 2010 [22]. This
algorithm simulates the changing law of pulse emission frequency and pulse loudness during bat foraging,
using an adjustable frequency technique is used to enlarge the search range of solution space, and the
balance between global search and local search is realized by automatic scaling.

Assume that the speed of a bat at time 7 is v,, its position is /;, and the best solution among all bats in

the current population is /. According to the idea of echo localization, the speed and position update
formula of the bat is as follows:

.f& :.fmin +(fmax _.fmin)/’l H (18)
vo=vi '+ (I =1 )y (19)
=1+, (20)

where f

min

and f

max

are the minimum and maximum frequencies of the pulse emission, respectively;

HE [0, l] is a random vector subject to uniform distribution.

80



Journal of Computers Vol. 32 No. 2, 2021

For local search, once a solution is selected from the existing optimal solutions, the next solution /

new

of each bat is generated nearby in a random walk, that formula is:

new

l,.=1,,+nd", 21

where 77 is a random number in the interval [0, 1]; A = <A§> is the average loudness of all bats at this

moment; /,, is any one of the current optimal solutions for each bat individual.

In order to control the global search ability and local search ability of the algorithm, the pulse emission
loudness A4, and the pulse emission rate R, are introduced during the iteration. When bats find food, 4,

decreases and R, increases. The expression formula is as follows:

A7 =64, (22)

Ry = Ry[1—-exp(-y1)]. (23)

where ¥ is the pulse emissivity increase coefficient, o is the pulse loudness attenuation coefficient, all

are constant; R, is the maximum pulse emissivity, and R," is the pulse emissivity at time #+1.

4.3 BA Optimized Elman Neural Network

Step 1: Initialize the neural network structure. First, initialize the number of nodes in the input layer, the
hidden layer, the receiving layer and the output layer, and then import the training data.

Step 2: Initialize the bat population. Initialize the population size N the position /; and the velocity
v, (9 =1,2,---,N ) of the @ th individual bat, the pulse emission loudness A4,, the pulse emission rate R,,
the pulse loudness attenuation coefficient y , the maximum iteration times S and search accuracy ¢

The range of the pulse frequency is f, ., ~ fiu -
Step 3: Confirm the fitness function Fitness(6) of the bat algorithm:

2

1 &Y
Fitness(0) = ;ZZ(yé’a ~Vpa ) . (24)

=1 a=1

where ¢ is the number of samples; yy,, is the predicted value of the a th output node of the & th sample;
Vy.. 18 the actual value corresponding to the a th output node of the & th sample.

Step 4: Calculate the current optimal fitness F,,, of the fitness function Fitness(@) and the current

optimal position /,

est *
Step 5: Generate new solutions according to equations (18)~(20).
Step 6: Generate a random number rand . If rand > R, select an individual’s position as the global

optimal individual position /,,, , and use formula (21) to generate a local individual near it, and calculate

est

the fitness value F_  of the local individual.

new

Step 7: If F is better than F,

ew best

and rand < A, in Step 6, then set the solution as the current global
optimal individual, record its fitness value, and use formulas (22) and (23) to decrease 4, and increase
R,.

Step 8: Determine whether the termination condition is reached, and output the result if the termination
condition is met, otherwise return to Step 5 to continue the iteration.

Step 9: As parameters of Elman neural network, the weights and thresholds corresponding to the
global optimal position of bats are taken, and a photovoltaic power prediction model will be establish.
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5 Forecast Examples and Results Analysis

5.1 Forecast Example

Using historical data from a photovoltaic power plant in Qinghai Province from March 1, 2015 to May
31, 2015. According to historical data, the generation power is basically 0 from 19:00 to 8:00 the next
day, so the sampling time is from 8 to at 19:00 (with a sampling interval of 15 minutes), May 15, 2015
(sunny day) and May 26, 2015 (rainy day) were selected as the forecast days. The meteorological
parameters are shown in Table 3.

Table 3. Forecast daily weather parameters

maximum Lowest average Relative average wind Average
Forecast day L o
temperature  temperature  temperature humidity speed irradiance
2015.5.15 24°C 8°C 16C 31.1% 4.5m/s 737W/m*
2015.5.26 18°C 4°C 13°C 68.2% 6.4m/s 523W/m’

First, the cluster sample is formed after normalization of the historical day meteorological factors
outside the forecast day by formula (25) [23]. Then, IFCM was used to classify the cluster samples into
three categories. Finally, the new sample classification identification is used to determine the category to
which it belongs, which is the training sample of the prediction model.

\___0-min©) 5
max(Q) ~min(Q)

where Q' is the normalized data, Q is the original data.

Relevant parameter settings: the activation function of the Elman neural network uses the sigmoid
function, the learning rate is 0.01, the number of input nodes is 4, the number of nodes in both hidden and
receiving layers is 5 and the number of output nodes is 1. The sum number of the weights and thresholds
is 4*5+5+5*1+1+5*5=56, of which the weight is 50 and the threshold is 6. So the bat individual
dimension is 56, the range of each component in the individual is [-1, 1], the bat population size is 25, the
pulse emission loudness is 0.3, the pulse emission rate is 0.5, the pulse loudness control coefficients are
all 0.98, the echo frequency range [f, .., fun ] 1 [0, 2], the maximum number of iterations is 500, and the

expected error is 0.001.

Using all historical data through the algorithm proposed in literature [14] and Elman neural network
combined forecast method (SFCM-Elman), improved FCM and Elman neural network combined
prediction method (IFCM-Elman), and improved FCM and BA optimized Elman neural network
combined prediction method ( [IFCM-BA-Elman) predicted the photovoltaic power generation on May 15,
2015 (sunny day) and May 26, 2015 (rainy day). The prediction results are shown in Fig. 3. and Fig. 4.
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Fig. 3. PV power prediction sunny curve

82



Journal of Computers Vol. 32 No. 2, 2021

60 T T T T T T T T
— Actual value

—S— SFCM-Elman
IFCM-Elman
—&— |FCM-BA-Elman

o
(=]
T

'S
o
T

Photovoltaic power/kW
8
T

10

8:00 9:00 10:00 11:00 12:00 13(%9 14:00 15:00 16:00 17:00 18:00 19:00
ime

Fig. 4. PV power prediction rainy days curve

5.2 Error Analysis

This paper selects the absolute average error percentage (MAPE) and root mean square error (RMSE) as
the error analysis indicators. MAPE is shown in formula (26) [24], and RMSE is shown in formula (27)
[25]. The error comparison results are shown in Table 4 and Table 5.

n|S Y
MAPE =12'T'|x100%, (26)

nis

i

RMSE = /li(s,. -Y) . 27
n'io

where S, is the actual value of photovoltaic power, ¥, is the predicted value of photovoltaic power, and

1

n is the number of predicted samples.

Table 4. Prediction error (2015.5.15)

Method of prediction MAPE/% RMSE
SFCM-Elman 13.01 5.41
[FCM-Elman 11.31 5.03

IFCM-BA-Elman 8.46 4.23

Table 5. Prediction error(2015.5.26)

Method of prediction MAPE/% RMSE
SFCM-Elman 18.79 5.32
[FCM-Elman 16.12 4.57

IFCM-BA-Elman 12.21 3.42

Fig. 3 to Fig. 4 and Table 4 to Table 5 show that:

(1) When the weather is better (sunny, for example), the absolute mean error percentage and root mean
square error of IFCM-Elman method are reduced by 1.7% and 0.38 respectively compared with SFCM-
Elman method; when the weather conditions are poor (such as cloudy, rainy days), the prediction
accuracy of IFCM-Elman method is significantly higher than that of SFCM-Elman method, and its
absolute mean error percentage and root mean square error are reduced by 2.67% and 0.75 respectively.

(2) The prediction effect of using IFCM algorithm to select similar day combined with optimized
neural network compared with the prediction accuracy of the IFCM algorithm combined with a single
neural network, is obviously improved. The absolute mean error percentage and root mean square error
of the IFCM-BA-Elman method are reduced compared to the IFCM-Elman method 2.85% and 0.8
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(sunny), 3.91% and 1.15 (rainy), respectively.

(3) On the basis of the improved FCM algorithm proposed in literature [14], this paper introduces the
covariance coefficient and proposes a combination of Euclidean distance and covariance coefficient
formulas of membership degree is applied to the photovoltaic meteorological data clustering. The
performance comparison and photovoltaic power prediction experiments show that the proposed
improved algorithm is effective and the accuracy of similar samples selected in practical application is
higher.

6 Conclusion

Aiming at the problem of selecting similar days in short-term photovoltaic power prediction, this paper
first calculates the influence weight of each meteorological factor on photovoltaic power generation by
entropy weight method, and then puts forward a membership degree calculation formula combining
European distance and covariance coefficient on the basis of traditional FCM clustering analysis, which
reduces the number of training samples and their degree of difference. Based on the prediction of Elman
neural network, the initial weights and thresholds are further optimized by bat algorithm, which makes
the Elman neural network converge to a better solution more quickly, and further improves the efficiency
and accuracy of photovoltaic power prediction model. Comparison of experimental results shows that
compared with the prediction method of FCM algorithm combined with neural network, the proposed
method and prediction model can effectively improve the prediction accuracy of short-term photovoltaic
power. In the future, this method can be combined with data preprocessing to further improve the
prediction accuracy and application scope.

Acknowledgements

This work was supported by the “Thirteenth Five-Year Plan” for scientific and technological research
and planning of the Education Department of Jilin Province (JJKH20200121KJ).

References

[1] Y.-F. Gong, Z.-X. Lu, Y. Qiao, Q. Wang, An overview of photovoltaic energy system output forecasting technology,
Automation of Electric Power Systems 40(4)(2016) 140-151.

[2] H. Li, F.-Q. Zhao, A. Jiao » L.-D. Chen, H.-H. Chen, L. Sun, A review of research on complementary generation of CSP
and coal-fired units, Journal Of Northeast Electric Power University 39(6)(2019) 8-14.

[3] S.-Y.Li, Q.-Y. Xia, J.-D. Zhao, Q.-S. Tan, Analysis of inrush current characteristics of transformer in photovoltaic power
generation system, Journal Of Northeast Electric Power University 40(2)(2020) 28-36.

[4] M. Ding, Z. Liu, R. Bi, W.-P. Zhu, Photovoltaic output prediction based on grey system correction-wavelet neural network,
Power System Technology 39(9)(2015) 2438-2443.

[5S1 Y.-F. Wang, Y.-C. Fu, H. Xue, DMCS-WNN prediction method of photovoltaic power generation by considering solar
radiation and chaotic feature extraction, Proceedings of the CSEE 39(Suppl. 1) (2019) 63-71.

[6] X.-L. Yuan, J.-H. Shi, J.-Y. Xu, Short-term power forecasting of photovoltaic generation considering weather type index,
Proceedings of the CSEE 33(34)(2013) 57-64+S8.

[71 Z.-M. Li, Z.-L. Gao, C.-X. Liang, Short-term prediction of photovoltaic power based on combination of FCM and CG-
DBN, Modern Electric Power 36(5)(2019) 62-67.

[8] J.-J. Zhang, Q. Zhang, Y. Ma, J.-H. Ma, J.-J. Ding, Fuzzy clustering-Elman neural network model for short-term

photovoltaic power generation prediction, Electrical Measurement & Instrumentation 57(12)(2020) 46-51.

84



Journal of Computers Vol. 32 No. 2, 2021

[91 W.-Q. Zhao, Y. Li, MPPT based on neural network optimized by intelligent water drop algorithm, Electric Power
Automation Equipment 37(7)(2017) 8-12.

[10] C.-X. Li, Y.-J. Tan, J.-S. Kong, Applying mahalanobis distance-based text clustering algorithm in automatic paper marking
system, Computer Applications and Software 32(4)(2015) 80-82+86.

[11] S.-Y. Liao, J.-F. Zhang, A.-Q. Liu, Fuzzy C means clustering algorithm by using fuzzy entropy Constraint, Journal of
Chinese Computer Systems 35(2)(2014) 379-383.

[12] X.-X. Chang, Y.-Q. Zhang, A Partition-Based Clustering Algorithm for Mixed Data, Computer Applications and Software
31(6)(2014) 154-157.

[13] H.-J. Sun, G.-H. Shan, Y.-L. Gao, T. Yuan, Algorithm for clustering of high-dimensional data mixed with numeric and
categorical attributes, Computer Engineering and Applications 51(8)(2015) 128-133.

[14] X.-W. Zhao, J.-Y. Liang, An Attribute Weighted Clustering Algorithm for Mixed Data Based on Information Entropy,
Journal of Computer Research Development 53(5)(2016) 1018-1028.

[15] D.-F. Yang, Q.-K. Ma, Y. Wang, M.-J. Peng, Optimal Configuration of Stand-Alone Microgrid Capacity Considering
Volatility of Photovoltaic Output, Journal of Northeast Electric Power University 39(4)(2019) 19-26.

[16] J. Cao, L.-J. Zhang, L. Hou, Z.-H. Chen, H. Zhang, Traffic Status Recognition Based on Information Entropy Weighted
FCM, Computer Applications and software 35(10)(2018) 68-73.

[17] Q. Sun, J.-G. Yao, J. Zhao, M. Jin, L.-F. Mao, T. Mao, Short-term Bus Load Integrated Forecasting Based on Selecting
Optimal Intersection Similar Days, Proceedings of the CSEE 33(4)(2013) 126-134+S16.

[18] Q. Dai, S.-X. Duan, T. Cai, C.-S. Chen, Z.-H. Chen, C. Qiu, Short-term PV Generation System Forecasting Model Without
Irradiation Based on Weather Type Clustering, Proceedings of the CSEE 31(34)(2011) 28-35.

[19] R.-T. Yue, N. Han, Y.-F. Zhao, Sub-health State Classification Method of Area Control Position Based on Entropy-FCM
Algorithm, Safety and Environmental Engineering 27(1)(2020) 204-208.

[20] W. Zhang, D.-J. Mao, X.-Y. Dai, MPSO-Elman Wind Power Prediction Model based on Entropy Association Data Mining,
Journal of Engineering for Thermal Energy and Power 34(6)(2019) 165-171.

[21] G.-Q. Mei, The Research on Improved Elman Neural Network and Parameter Optimization Algorithm, [dissertation]
Southwest University 2017.

[22] Y. Wu, J.-W. Lei, L.-S. Bao, C.-Z. Li, Short-term load forecasting based on improved grey relational analysis and neural
network optimized by Bat Algorithm, Automation of Electric Power Systems 42(20)(2018) 67-72.

[23] M. Yang, B.-Z. Dai, L. Liu, A review of wind power probabilistic prediction, Journal Of Northeast Electric Power
University 40(2)(2020) 1-6.

[24] M. Yang, H.-Y. Liu, Y. Sun, B.-J. Li, A study on real-time prediction of wind power based on atomic sparse decomposition
and support vector machine, Journal Of Northeast Electric Power University 40(3)(2020) 1-7.

[25] M. Ding, C. Zhang, B. Wang, R. Bi, L.-Y. Miao, J.-F. Che, Short-term forecasting and error correction of wind power

based on power fluctuation Process, Automation of Electric Power Systems 43(3)(2019) 2-9.

85




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (Adobe RGB \0501998\051)
  /CalCMYKProfile (Japan Color 2001 Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHT <FEFF005b683964da300c9ad86a94002851fa8840002b89d27dda0029300d005d0020005b683964da300c8f3851fa0033003000300064002851fa88400029300d005d00204f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        8.503940
        8.503940
        8.503940
        8.503940
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 9.354330
      /MarksWeight 0.141730
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed true
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


