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Abstract. Aiming at the problem of high fluctuation and instability of photovoltaic power, a photovoltaic
power prediction method combining two techniques has been proposed in this study. In this method, the fast
correlation filtering algorithm has been used to extract the meteorological features having a strong correlation
with photovoltaic power generation. The complete ensemble empirical mode decomposition with an adaptive
noise model has been used to decompose the data into high and low-frequency components to reduce the data
volatility. Then, the long short-term neural network and the deep confidence network were combined into a new
prediction model to predict each component. Finally, the proposed combined photovoltaic power prediction
method has been analyzed using an example and compared with the other prediction methods. The results show
that the proposed combined prediction method has higher prediction accuracy.
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correlation filtering algorithm.

1 Introduction

In recent years, there has been a significant decrease in non-
renewable energy, leading to the widespread development
and utilization of renewable energy sources such as solar
and wind power. Photovoltaic (PV) power generation is a
clean and environmentally friendly form of energy that
has been adopted in many regions [1]. However, due to
the large fluctuations in PV power output, its integration
with power grid systems presents various security chal-
lenges [2]. Therefore, accurate prediction of PV power gen-
eration is crucial to enhance the safety and stability of the
power system.

Currently, PV power forecasting methods can be
broadly classified into two categories: physical forecasting
and statistical forecasting. The physical forecasting method
involves predicting the PV power output based on the cur-
rent weather and PV station model. However, this
approach is greatly influenced by the PV station and lacks
a guarantee of prediction accuracy. On the other hand, sta-
tistical prediction methods rely on the analysis of historical
power and meteorological data collected from PV stations
to forecast PV power output. Popular statistical forecasting
methods include Markov chain [3], neural network algo-
rithms [4], and extreme learning machine methods [5].
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Markov chain prediction is based on predicting the state
of the next time step using the previous state. Neural
network algorithms utilize known data, self-learning, and
continuous training to identify the mapping relationship
between input and output, approximating any complex
nonlinear function. Extreme learning machine methods
are machine learning algorithms used to solve single hidden
layer neural networks.

Currently, many experts and scholars focus on collecting
artificial intelligence and intelligent algorithms to achieve
improved prediction performance. Literature [6] proposed
a photovoltaic power prediction method combining Support
Vector Regression (SVR) and Kalman filter, but inaccurate
parameter selection of SVR resulted in reduced prediction
accuracy. Literature [7] combined the cuckoo search algo-
rithm with SVR to enhance parameter selection yet failed
to consider the missing data and abnormal cases. In litera-
ture [8], a BP neural network was optimized using the Spar-
row Search Algorithm (SSA) to establish an SSA-BP PV
power prediction model. Literature [9] combined genetic
algorithms and BP neural networks, improving prediction
accuracy to some extent but not in cloudy and rainy
weather.

The shallow neural network algorithms used in the
above literature are relatively basic, with insufficient learn-
ing depth, weak generalization ability, and vulnerable to
local optima [10]. Hence, literature [11-15] proposed using
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deep learning networks, such as Long Short-Term Memory
(LSTM) or Deep Belief Networks (DBN), in photo-voltaic
power prediction to enhance accuracy. Literature [11] com-
bined Empirical Mode Decomposition (EMD), principal
component analysis, and LSTM, but EMD decomposition
had fuzzy aliasing, which affected prediction accuracy.
Literature [12] proposed a prediction method combining
fuzzy neural clustering and LSTM with good clustering
and prediction accuracy but lower accuracy in rainy
weather. Literature [13] combined Ensemble EMD
(EEMD) and LSTM for power prediction of photovoltaic
power stations, yet LSTM showed poor performance and
slow speed in long sequence processing. Literature [14] pro-
posed using the simulated annealing algorithm to optimize
short-term load prediction of deep confidence networks,
reducing the hysteresis of the predicted value but requiring
improved prediction accuracy for peak and trough load
values. Literature [15] proposed a short-term power predic-
tion method combining DBN and Kalman filtering
algorithm, modifying the predicted value and reducing pre-
diction error to improve accuracy. However, these studies
considered only a single prediction algorithm, ignoring the
influence of combining two algorithms on prediction perfor-
mance. Combining both long and short-term neural
networks and deep confidence networks in photovoltaic
power prediction methods would enhance the prediction
system.

Hence, this study proposes a novel photovoltaic power
prediction method that combines Long Short-Term Mem-
ory (LSTM) and Deep Belief Network (DBN) algorithms
with intelligent algorithms. The approach utilizes the Fast
Correlation-Based Feature Selection (FCBF) to identify
meteorological input features with strong correlations to
photovoltaic power generation. Furthermore, the selected
meteorological features are decomposed using the Adaptive
White Noise Complete Empirical Mode Decomposition
with Adaptive Noise (CEEMDAN) to minimize data
volatility. The Sparrow Search Algorithm (SSA) is
employed to optimize the DBN model parameters, and
the combined model of LSTM-SSA-DBN is utilized to fore-
cast the CEEMDAN-decomposed data. The proposed
model is validated through MATLAB simulation experi-
ments, demonstrating its superiority in terms of prediction
accuracy compared to other models.

2 Preliminary data processing

Preprocessing the original data is an essential step to
improve the accuracy of power prediction. Selecting fea-
tures with strong correlations to photovoltaic power and
decomposing the original data can enhance prediction accu-
racy. To ensure that the selected features are suitable for
prediction, this study employs the FCBF and CEEMDAN
methods to preprocess the original data.

2.1 Selection of the meteorological factors

The fast correlation filtering method uses Symmetric Uncer-
tainty (SU) to select the meteorological factors. SU is
expressed as

Table 1. FCBF values of each influencing factor.

Influence factor FCBF
Total radiation 0.2783
Radiation temperature 0.4156
Wind speed 0.5214
Air pressure 1.4272
Relative humidity 4.1256

IG((,On]‘, P)
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(1)

where SU(w,;, P) is the correlation between the meteoro-
logical characteristics w,; and the photovoltaic power cat-
egory P, E(w,;) is the information gain, E(P) is the
information entropy, and G is the empty set in step 1 of
the FCBF algorithm is described below.

By determining the correlation between the features
and categories as well as the relationship between the fea-
tures, the feature subset having a high category correlation
is selected, and the redundant features are deleted. In this
study, photovoltaic power was taken as the category, and
the total radiation, wind speed, radiation temperature, air
pressure, and relative humidity were taken as the character-
istics. It was assumed that the feature set of the photo-
voltaic power station and the class of photovoltaic power
was as shown in Equations (2) and (3), respectively.

W = (wy), x D, (2)

where 7 is the data of the j feature of the weather vector, N
is 100, and D is 6.

P = (pi)N7 (3)

where p; is the photovoltaic power category data of the w;;
weather vector.

The steps of the FCBF algorithm for selecting the input
meteorological characteristics are as follows:

Step 1: Correlation analysis. Set the empty sets G and
Q. Set the forecast threshold ¢ of FCBF as 0.4, calculate
the correlation, SU(w,,;, P) between the W features of the
meteorological dataset and the photovoltaic power cate-
gory, P. If SU(w,;, P) < o, then delete the features w,,
and put the undeleted feature variables into G.

Step 2: Redundancy analysis. Arrange the characteristic
variables in G according to the correlation of SU(w,; P)
from small to large and put the one with the greatest corre-
lation into @. Then, calculate the correlation between the
remaining characteristic variables and those in the set G.
If SU(w,;, w;) > SU(w,, P), then remove from G.

Step 3: Go back to Step 2 until a final set of meteorolog-
ical features is obtained.

Twenty groups of original data values were selected to
take an average value for the FCBF calculation, and the
obtained FCBF' values are shown in Table 1. The time-
varying curve of the photovoltaic power and meteorological
factors is shown in Figure 1.

As can be seen from Table 1 and Figure 1, the total radi-
ation amount, wind speed, and radiation temperature have
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Fig. 1. Time-varying curve of photovoltaic power and the different meteorological factors.

Signal CEEMDAN Decomposition Results

= 10F 9=
oy =
= 0 k=
= 0 S o
& 4f 18
s i
oo &
E 18%MMMM/WWM/\/\/W é
T 12
= 0r 2
= 5t 18
v 20F
s I
= -20C ,%
£ 20 1=
= g
2 ok 1£
L s 2
= 0 <
= -5 ]
- S
£
- 30: T T T T T : E
~ F /
28.5t 1 I 1 1 1 1 |
0 50 100 150 200 250 300 350 400

Samping

Point

Fig. 2. This is a figure Decomposition results of photovoltaic power data.

a strong correlation with photovoltaic power generation.
Therefore, these three factors were selected as the input fac-
tors of the prediction model.

2.2 CEEMDAN data decomposition

CEEMDAN is an enhanced decomposition method based
on the empirical mode decomposition algorithm. It decom-
poses photovoltaic power and its influencing factors into
multiple non-stationary and less linear sub-sequences. For
detailed decomposition steps, refer to the literature [16].
Figure 2 shows the CEEMDAN decomposition results on
a sunny day.

The high-frequency component obtained by CEEM-
DAN decomposition directly reflects the random character-
istics of power changes, while the low-frequency component
and remaining component represent the influence of slow-
changing related factors, such as meteorological factors,
on power data. In the decomposed frequency domain, the

low-frequency component of photovoltaic power data
accounts for a relatively high proportion, and its corre-
sponding component changes relatively slowly, making
the prediction process simple. Hence, a prediction model
with a relatively simple structure is selected to forecast
the low-frequency component. Additionally, to obtain
high-precision overall power prediction results, processing
the high-frequency components is crucial. Since the varia-
tion amplitude and frequency of the high-frequency compo-
nent are large, a higher-precision prediction model is
required.

Considering the above analysis, IMF1-IMF4 are
selected as the high-frequency components, while the
remaining are identified as the low-frequency components.
As predicting the high-frequency component is challenging,
a new neural network of SSA-DBN is chosen as the predic-
tion model for the high-frequency component. On the other
hand, a simple LSTM network model is selected to forecast
the low-frequency component. The final prediction results
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Fig. 4. Schematic showing the model structure of DBN.

are obtained by superimposing the photovoltaic power
prediction.

3 Principles of deep learning

Deep learning networks can alleviate the shortcomings of
shallow neural networks, such as local optimization overfit-
ting and weak generalization performance. LSTM and

Regression
layer

X3 Xn

DBN, which are typical representatives of deep learning
networks, have been widely used in prediction models.

3.1 LSTM prediction model

The LSTM network is a prediction model that improves
on the Recurrent Neural Network (RNN), which effi-
ciently solves the problem of gradient explosion and gradi-
ent disappearance of the classical RNN networks [17]. The
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Fig. 5. Flowchart showing the optimization procedure of the DBN structure using SSA.

LSTM network consists of a “gated structure” with short-
term memory (input gate, forget gate, and output gate)
and a cell state with long-term memory [18]. Its structure
is shown in Figure 3.

The gated structure of the entire LSTM network and
the cell state of the long-term memory are expressed as fol-
lows (Egs. (4)—(8)):

In-gate:
fi=a(Wilhi v, @] + hy). (4)
Forgotten Gate:
iy = o(Wilhi_1, z] + b;). (5)
Out-gate:
C, = tanh (w,[hi_1, 2] + b,). (6)
Memory unit:
Cy=f,Cia+ C. (7)
Output value:
h; = o; tanh (C,), (8)

where ¢ is the sigmoid activation function, W is the
weight matrix, b is the offset parameter, x; is the cell input
at time ¢, ht is cell output at the current time ¢, and C} is
the state at time ¢.

3.2 Optimization of the DBN model by SSA

The DBN model, proposed by Geoffrey Hinton, is composed
of multiple hidden layers and a regression layer [19]. The
DBN algorithm first trains the Restricted Boltzmann

Machine (RBM) of each layer and then uses the Backprop-
agation (BP) algorithm to fine-tune and optimize the initial
value obtained by pretraining, and finally provides the pre-
dicted result. Through unsupervised hierarchical pretrain-
ing and supervised tuning, DBN can deal with the
nonlinear nature of photovoltaic power generation and
obtain better prediction accuracy [20]. The DBN model
structure is shown in Figure 4.

However, the accuracy of the DBN prediction model
completely depends on the manual adjustment of the net-
work parameters. The parameter adjustment procedure
lacks a theoretical basis, its accuracy cannot be guaranteed,
and the process is complicated. In order to overcome the
above limitations, the SSA was introduced in this work to
adjust the parameters of each network structure of the
DBN.

The structure of the SSA consists of a discoverer, an
entrant and reconnaissance, and an early warning mecha-
nism [21]. Using the sparrow’s strong search ability and effi-
cient parameter optimization effect, the network structure
parameters of the DBN were dynamically adjusted. The
SSA algorithm was used to optimize the number of neurons
in the two hidden layers of the DBN and the learning rate of
the entire DBN network in order to find the optimal solu-
tion of the objective function and obtain the optimal
parameters of the DBN network structure.

The entire process of optimizing the DBN structure by
SSA is shown in Figure 5.

3.3 Error evaluation index

This paper uses two commonly used evaluation metrics,
namely Root Mean Square Error (RMSE) and coefficient
of determination (R?), to assess the accuracy of the predic-
tion results. As these metrics are widely known, further
explanation is not necessary here.



6 The Author(s): Science and Technology for Energy Transition 78, 15 (2023)

Import data

Screen the meteorological feature
data set based on FCBF method

Decompose the photovoltaic
dataset by CEEMDAN

LSTM

The component prediction results are
superimposed to obtain the final predicted value

| Error analysis |

Fig. 6. Flowchart of the combined prediction algorithm.

4 Process design of the combined prediction
model

After presenting the data processing and decomposition
procedures and the development of the deep learning model,
this section presents the prediction method combining SSA-
DBN and LSTM to solve the problems of high volatility
and strong randomness of photovoltaic power generation.
The specific process design of the combined prediction algo-
rithm is shown in Figure 6, which is divided into four speci-
fic steps: data preprocessing, data decomposition,
prediction and superposition of each component, and error
analysis.

Data preprocessing: The FCBF method was used to
extract the meteorological factors related to photovoltaic
power generation, and the redundant meteorological factors
were removed to prepare the data for photovoltaic power
generation prediction.

Data decomposition: The CEEMDAN method was used
to decompose the selected data, and the decomposed
components were categorized into high-frequency and low-
frequency components (IMF1-IMF4 are high-frequency
components, and IMF5-RE are low-frequency components),

which reduced the volatility of the data. By performing the
decomposition of data by CEEMDAN, the problem of
decreasing the prediction accuracy caused by data fluctua-
tion was solved.

Data prediction: The high-frequency component of
CEEMDAN decomposition was input into the SSA-DBN
model, and the low-frequency component was input into
the LSTM model for prediction. The prediction results were
superposed to obtain the final prediction results.

Error analysis: Two error indices, Root Mean Square
Error (RMSE) and coefficient of determination (R?), were
used for analyzing the error of the prediction results.

5 Simulation and analysis

To assess the accuracy of the proposed prediction model,
this study utilized the monitoring data of a photovoltaic
power station located in Hubei as the research subject.
The sample data from April was used as training data, with
the total radiation amount, radiation temperature, and
wind speed selected by FCBF used as input, and the radi-
ation amount used as an output to establish the mathemat-
ical model. According to the radiation amount, the weather
in May was divided into three categories: sunny, cloudy,
and rainy, as shown in Figure 7. The sample data from
May was used as the test set. Since photovoltaic power gen-
eration typically occurs during daytime hours, this study
focused on the time period from 7:00 to 19:00 for power pre-
diction, with data recorded every 15 min. MATLAB soft-
ware was used to predict the changes in the three weather
types from 7:00 to 19:00 in the future, and the simulation
results of each prediction model were compared and veri-
fied. The evaluation indexes used were the root mean
square error (RMSE) and the fitting determination coeffi-
cient R?, which are common evaluation metrics in this field.

Table 2 displays the model parameters, including the
network structure parameters, maximum iteration times,
and learning rates of each prediction model.

This paper conducted two sets of comparison experi-
ments to verify the benefits of FCBF and the combined
model. In the first set of experiments, the Fusion Model
(FM) without feature selection was compared with the
combination algorithm that includes feature selection.
The prediction results for sunny, rainy, and cloudy weather
are presented in aFigures 8a—8c. In the second set, BP,
LSTM, SSA-DBN, and the proposed algorithm were com-
pared to highlight the advantages of the combined model.
The prediction results for sunny, rainy, and cloudy weather
are shown in Figures 9a—9c. Additionally, the forecast errors
are presented in Figures 10a—10c.

The results depicted in Figure 8 indicate that the predic-
tion model without the FCBF algorithm for meteorological
feature selection showed significant deviations from the
actual value due to the inclusion of irrelevant input factors,
such as relative humidity and air pressure, leading to
reduced prediction accuracy. In contrast, the proposed com-
bined algorithm employs the FCBF algorithm to screen
input factors and select only those that are highly corre-
lated with photovoltaic power generation, reducing data
redundancy and improving prediction accuracy.
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Table 2. Parameter Settings of the prediction model.
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Fig. 8. Experiment 1 predicted the results. (a) Sunny weather, (b) rainy days, (c) cloudy.
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Fig. 9. Experiment 2 predicted the results. (a) Sunny weather, (b) rainy days, (c) cloudy.

In Experiment 2, the comparison between the single and
combined models demonstrated that the combined model
exhibits the best degree of fitting with the actual value
under different weather types. Particularly, for cloudy
weather type, the prediction error of the proposed model
ranges between —10 MW and 10 MW, whereas other models
exhibit errors between 50 MW and 30 MW. These results

suggest that the combined model
accuracy than other models.

The results presented in Figure 10 indicate that even in
regular sunny weather conditions, BP also exhibits a certain
deviation from the actual value. This can be attributed
to the shallow neural network structure of BP with
limited generalization ability, making it susceptible to local

has better prediction
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Fig. 10. Experiment 2 prediction error. (a) Sunny weather, (b) rainy days, (c) cloudy.
Table 3. Error evaluation indexes of a single model and combination model.
Weather type Error indicator BP LSTM SSA- FM Algorithm of this paper
DBN
Sunny day RMSE 5.2879 5.1879 4.1200 4.058 3.4523
R? 0.9423 0.9512 0.9624 0.9754 0.9891
Rainy day RMSE 5.012 5.1246 4.7815 4.2346 4.0157
R? 0.921 0.931 0.935 0.9528 0.9578
Cloudy day RMSE 4.623 4.712 4.236 4.023 4.012
R? 0.9047 0.924 0.932 0.9526 0.9762

optimization problems. By contrast, the combined predic-
tion model leverages SSA-DBN and BP models to predict
the high and low-frequency components of CEEMDAN
decomposition, respectively, thus, achieving more accurate
prediction results.

The experimental results and error analysis of the two
comparison groups indicate that the FCBF and combina-
tion prediction models perform better than FM and single
models in terms of prediction accuracy. These results vali-
date the proposed predictive model measurement method.
Moreover, to quantitatively assess the accuracy of the error
model, we use different error evaluation indices to calculate
the error of the prediction results for each model. The
calculation results for each model are presented in Table 3.

The following conclusions can be drawn from the error
calculation results of each model in Table 3:

1. The RMSE results of the combined LSTM and SSA-
DBN models were generally lower than those of the
individual models (BP, LSTM, and SSA-DBN), as
indicated by the two error indicators of RMSE and
R?. Under similar weather conditions, the prediction
results in this paper reached a fitting of more than
95% according to the R* calculation results.

. When using only BP, LSTM, and SSA-DBN methods
for prediction, the overall prediction error is largely
due to the complexity of the original data. The pre-
dicted curves of BP, LSTM, and SSA-DBN change
gently, and when the generation power changes dras-
tically, their predicted curves differ greatly from the
actual power curves. Particularly in the case of cloudy
weather, the combined model showed an RMSE
reduction of 15.23%, 17.448%, and 5.583%, respec-
tively, compared to BP, LSTM, and SSA-DBN.

3. The accuracy of the proposed combined model, which
utilizes FCBF feature screening, is improved by
approximately 5.4% compared to the FM without fea-
ture screening. However, FM produced better predic-
tion results than the other models, demonstrating the
superiority of the LSTM and SSA-DBN combination
model.

. The calculation results of RMSE and R? for the single
SSA-DBN model are worse than those of the proposed
model. The RMSE index increased by 19.34%,
19.07%, and 5.558% on sunny, rainy, and cloudy days,
respectively, when compared to the proposed model.

Overall, the proposed prediction method in this paper
shows lower RMSE values compared to BP, LSTM, SSA-
DBN, and FM models, while the R? fitting coefficient is gen-
erally higher than the other models, which supports the
validity and reliability of the proposed method.

6 Conclusion

In this study, a combined photovoltaic power prediction
method based on SSA-DBN and LSTM was proposed in
view of the characteristics of large power fluctuation and
strong randomness of photovoltaic power generation. The
total radiation, radiation temperature, and wind speed were
selected using the fast correlation filtering algorithm as the
input and the generating power as the output. Using the
actual data of a photovoltaic power station in Hubei pro-
vince, the short-term prediction of the photovoltaic power
station for a future day was realized based on three weather
types: sunny, rainy, and cloudy. The following are the key
points of this study:
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1. The FCBF algorithm was used to eliminate the

irrelevant factors and select the meteorological factors
with a strong correlation as the input. The input
factors of total radiation amount, radiation tempera-
ture, and wind speed were selected by calculation
which improved the prediction accuracy to a certain
extent.

The CEEMDAN algorithm was used to decompose
the input data and decompose it into multiple subse-
quences to reduce the volatility of the data.

Using a combination of SSA-DBN and LSTM for pre-
diction, the comparison between the simulation
results and the actual data showed that the combined
model proposed in this study provides a better predic-
tion for the different weather types.
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