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Abstract. Photovoltaic power generation represents a pivotal form of renewable energy. Accurate
power prediction is therefore of paramount importance to the advancement of the energy revolution.
This paper examines the Yumara Solar System PV plant in the central region of Australia as a case
study. The research begins with the use of the k nearest neighbor algorithm (KNN) and extreme
gradient boosting algorithm (XGBoost) to pre-process the PV power generation data from the PV
plant. This is followed by the creation of line graphs, which illustrate the changes in variables in the
PV power generation data from the PV plant in 2022. Subsequently, this paper employs the dung
beetle optimization (DBO) algorithm to optimize the long short-term memory (LSTM) network and
construct the DBO-LSTM model. The DBO-LSTM model is further integrated with the extended belief
rule base (EBRB) model under the integrated learning framework. The weight assignments are
reasonable, in accordance with the model features, for the purpose of constructing the DBO-LSTM-
EBRB model for predicting the capacity of photovoltaic power generation. This paper presents
experimental results that demonstrate superior predictive performance of the DBO-LSTM-EBRB
model in comparison to the traditional LSTM and EBRB models. The R2 value achieved for the DBO-
LSTM-EBRB model ranges from 0.950 to 0.978.
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1. Introduction

Solar energy is a significant contributor to the field of renewable energy[1]. Accurate power
prediction is of great significance to promote the energy revolution[2], as it contributes to improving
energy efficiency, optimizing energy usage, and achieving sustainable development in
energy[[3],[4]].However, photovoltaic power generation is unstable[5]. Changes in wind speed,
temperature and other meteorological factors lead to large fluctuations[6], showing intermittent and
random characteristics, which not only brings challenges to power grid dispatching and operation,
but also affects the economic benefits and market competitiveness of photovoltaic power
generation[7].

Currently, a considerable number of scholars have conducted extensive research on the prediction of
photovoltaic power generation. Among these, the prediction method based on artificial intelligence
technology is of particular importance. The commonly used methods include multiverse optimization
(HIMVO) algorithm, artificial neural network (ANN), gated periodic unit (GRU), neighbor
propagation (AP) algorithm, backpropagation (BP) network, etc.

Ma Jun et al.[8] developed a hybrid and improved HIMVO algorithm to optimize the hyperparameters
of support vector machines. It is superior to SVM and MVO-SVM under various weather conditions,
and has the highest accuracy under sunny conditions, with an average absolute percentage error
(MAPE) of only 5.30%. Zhu et al.[9] took meteorological data as input and used ANN model to
predict photovoltaic power generation. In the best case, the mean absolute error (MAE) reaches 3.64%,
which has a high prediction accuracy. Zhang Jin et al.[10] suggested a GRU-attention model, adding
Attention mechanism into the hidden layer of the GRU model to predict accuracy, and its optimal
prediction day determination coefficient (R2) was as high as 0.98. Wang Xiaoxia et al.[11] used AP
algorithm to cluster photovoltaic power stations, realized concurrent forecast of multiple power
stations through short-term time series network (LSTNet), established AP-LSTNET model, and
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realized relatively low prediction error. Niu et al.[12] used particle swarm optimization algorithm
(DIFPSO) based on dynamic inertia factors to optimize the BP network. Combined with the
complementary integrated empirical Mode decomposition (CEEMD) method, the RF-CEEMD-
DIFPSO-BPNN model was constructed to decompose the original data sequence of photovoltaic
power stations into multiple IMF and residual components for prediction. Following the
superimposition of the prediction results for each component in the different typical weather and
performance tests of a kilowatt photovoltaic power station for 3 days, the R2 is as high as 0.99, which
has a high degree of predictive accuracy.

This paper is based on the real-time monitoring indicators of 11 meteorological characteristics
provided by the Yumara Solar System photovoltaic power station in Central Australia in 2022. A
photovoltaic power prediction model based on ensemble learning -- Dung Beetle optimization
algorithm -- Long short-term memory network -- Extended belief rule base (DBO-LSTM-EBRB) was
established to fit the power variation rule of photovoltaic power generation, and provide technical
support for improving the performance of photovoltaic power generation.

2. Research method

2.1. Long short-term memory network

The long short-term memory network incorporates a gate structure based on a recurrent neural
network (RNN) to store cell states, thereby overcoming the limitations of the gradient explosion and
gradient vanishing that are inherent to traditional RNNs. The hidden layer is equipped with a
forgetting gate, an input gate, and an output gate, which enables it to perform both long- and short-
term memory functions. This capability has a beneficial effect on the processing of time series data.

2.1.1. fogetting gate

The forget gate is used to control whether to discard information in the cell state. First, the output of
the hidden layer at t-1 time and the input at the present time are received as input parameters, and
then any value within the range of [0,1] is obtained through the activation function, and it is passed
to the cell. The corresponding formula is as follows:

f = o (Wt [he1, x¢] + br) (D

Where o is the activation function, wy stands the weight coefficient matrix between the output /. of
the hidden layer at time #-1 and the input x; at the current time to the forgetting gate, and by represents
the corresponding bias term.

2.1.2. input gate

Input gates are used to control whether the current input information is written to the cell. The input
gate first creates the input gate parameter i through the o layer, which is used to determine the updated
information;Secondly, new candidate cell states Z‘t are generated through the fanh layer to store the
updated candidate values; Then, the obtained forgetting gate parameter f; is multiplied with the
original cell state Cr; to discard part of the information, and the result obtained by multiplying the
input gate parameter i, with the candidate cell state 2} is added to incorporate the updated information,
so as to receive the most recent cell state C: The corresponding formula is provided below:

it = o (Wi-[he, xc] + bi) (2)
Ce = tanh(We-[he1, ] + be) 3)
Ci = ft X Ce1 + 1t X E:t (4)

Where wi and W, represent the corresponding /4.1 and x: to the input gate activation function ¢ and
tanh weight coefficient matrix respectively, b; and b represent the corresponding bias term
respectively.
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2.1.3. out-gate

Output gates are used to control whether to output information in the cell state. The output gate first
normalizes the values in the updated cell state C; through the tanh layer so that they are in the interval
[-1,1]. Secondly, the output gate parameter o is generated through the o layer to confirm the message
to be output. Then multiply the two parts together to get the final output /. The corresponding formula
is provided below:

ot = 6 (Wo-[he1, Xt], bo) (5)
h = o X tanh (Cy) (0)

Where W, stands the weight coefficient matrix of /.1 and x: to the output gate activation function o,
and b, represents the corresponding offset term.

2.2. Extended belief rule base model

Extended belief rule base (EBRB)[13] reasoning model is based on IF-THEN rules. This model
introduces extended belief rule based on the reasoning model of belief rule base (BRB), combines
uncertain information with belief, synthesizes evidence on the premise of retaining uncertain
information, and the evidence fusion process is clear and transparent. The actual weather conditions
of photovoltaic power generation are more complex, and the nonlinear mapping relationship between
the influence factors and photovoltaic power generation can be intuitively demonstrated by using
EBRB model.

The EBRB model is embedded with the IF-THEN rule of the belief frame, which reflects the
"scenario-response” mapping relationship of the system in a specific scenario. k (k = 1,... , L) The
extended belief rule is provided below:

Rx: IF Uq is { (A, 0(11{,]' Bi=1 .. }/\
A Um IS{ (AM,]': (xl]\(/l.j); ] =1, ., Im }’ (7)
then D is {( Dn, Buk); n =1, .., N) },
with rule weight Ok
and attribute weights {81, ..., 6m }

Among them, o represents the belief on the reference level 4i; of the i premise attribute in article k
Extended belief rule; .« stands the belief level assigned to the result attribute D, in the Extended
belief rule k,if 3, 8,.<1,The information contained in Article k Extended belief rule is complete;
otherwise, the information contained in Article k Extended belief rule is incomplete; 6, represents
the rule weight of article k belief rule; &; represents the attribute weight of the I-th premise attribute.

The detailed modeling steps of EBRB model are provided below:
2.2.1. Initialize the values of key parameters in the EBRB

The expert knowledge is used to give all candidate values in all prerequisite attributes, utility values
of all evaluation levels in result attributes and attribute weights of all prerequisite attributes.

2.2.2. Calculate distributed belief

Suppose there are T sets of data, expressed as <xi, yi>(i=1,..., T), where x; stands the input value
vector of the 1 premise attribute; y; represents the I-th output value; Then, according to the rule based
information transformation technique, the distributed belief of the I-th premise attribute and the result
attribute is calculated. The corresponding formula is provided below:

S (xk,i) =1{ (Ai,,-, a}f,-);j =1, i) (8)

S (k) ={(Dn,Bnk);in=1,--,N} )
Among then,
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o = U (Aij+1) - Xk
Y u (A1) -u(Ay))

(x%ft=0 for t=1,--,Ji and t#j,j+ 1

and O(%fj+1 =1- (X%(,]', if u(Aij <xki<u(Aij+1)), (10)

2.2.3. Calculate individual matching degree

The individual matching degree measures the likeness between the input data and the extended belief
rule. The higher the likeness, the more consistent the input data is with a rule, and the more likely the
rule is to be activated. The degree of matching between the individual premise attribute in Article K
and the extended belief rule is provided below:

Ji — 2
$ G, 0) =1 JZ o, = o) (1)
1 1 — - 2

2.2.4. Calculate activation weight

The activation weight of the Extended Belief Rule k is obtained by integrating the rule weight,
attribute weight, and individual match degree. The corresponding formula is provided below:

5
Wi — Ok H}VI=1 (Sk (Xi,Ui)) — 5= S (12)
2o I, Gt u))8) i=rr11'a§M{8"}

When wi> 0, the k Extended belief rule is activated.
2.2.5. Apply evidential reasoning (ER) algorithm to synthesize belief

All activation rules are synthesized at one time through the analytic formula in the ER algorithm, and
the corresponding formula of the synthesized new belief is as follows:

B = Ht=1 (wk Bik+1-(k)k2iN:1 Bix) - l_[1]?=1 (I'MkziNz1 Bix) (13)
"TEN T (oo Bt 10 2 B - (N-1) Th (- w2 g - T, (1- )

Suppose u(Dn) is the utility value of Dn of the n (n=1,:--, N) result level, then the predicted value
based on EBRB is:

f(x)={(Dn,Bu);in=1,2,..,N} (14)

2.3. Construction of DBO-LSTM-EBRB prediction model

The concept of ensemble learning involves the combination of disparate single algorithms for the
purpose of modeling. This approach has been demonstrated to enhance prediction accuracy by
integrating the outputs of disparate models. Based on the above related principles, this study
integrated learning between the established DBO-LSTM prediction model and EBRB model to build
the DBO-LSTM-EBRB prediction model. The modeling process of the DBO-LSTM-EBRB
prediction model is displayed in Figure 1.
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Figure 11. Modeling process of DBO-LSTM-EBRB forecast model

2.4. Model accuracy evaluation method

This paper employs the evaluation metrics of R2, MAE, and root mean square error (RMSE) to assess
the efficacy of the proposed model. The R? value, which represents the proportion of variance
explained by a regression model, ranges from 0 to 1. A value closer to 1 indicates a stronger ability
of the independent variable to explain the variance in the dependent variable. MAE is the average
absolute discrepancy between the predicted quantity and the true quantity, with the value range being
[0, +0). The closer to 0, the higher the accuracy of the prediction. RMSE is a metric that quantifies
the discrepancy between the predicted and actual values. The range of the RMSE value is [0, +o0). A
smaller value indicates a smaller prediction error for the model and a stronger prediction ability for
the model. The formulas of the above three indexes are shown in equations (15)- (17) :

1 2 (n "y
-Z£1(Yi_}_’)2

(15)

R® =

1 ~
S (16)
MAE my1 Vi

RMSE=\/ii (vi = yi)? (17)
i=1

3. Experimental verification

3.1. Data source and data preprocessing

This study selected the measured PV power time series data of Yumara Solar System PV power
station in 2022. The data set contains the historical power generation data of the photovoltaic power
station and the corresponding meteorological data, namely wind direction, weather temperature, wind
speed, global horizontal radiation, rainfall, max wind speed, air pressure, hail accumulation amount,
pyranometer, temperature probe 1, temperature probe 2, a total of 11 measured data.
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Considering the local climate conditions, the data of the amount of hail accumulation is eliminated in
this paper. Meanwhile, the temperature probe 1 and temperature probe 2 are integrated into the
component temperature by calculating the mean value. Since the effective output period of
photovoltaic power is mainly during the day, this paper adopts the data during the period of 7:00-
18:00 to carry out the research, the data sampling interval is 5 minutes, the data sampling points are
133 per day, and the total data amount is 48,545.

In this paper, the K-nearest neighbor (KNN) algorithm is employed to supplement the missing values
of both independent and dependent variables. By finding K samples that are most similar to the
missing samples and predicting the missing values according to their eigenvalues, the box diagram is
used to detect outliers, and it is found that there are data beyond the upper bound in the data set, and
it is replaced with the upper bound value to eliminate the interference of extreme and anomalous data
on the predictive model. Improve the accuracy of prediction results. Finally, the data are normalized
to achieve comparability among different impact factors.

3.2. Descriptive statistical analysis

A descriptive statistical analysis of variables and photovoltaic power generation, as presented in Table
1, reveals a clear range of changes in the environmental parameters monitored by photovoltaic power
stations. The temperature fluctuates around 24.23°C, the global horizontal radiation value is high,
reaching 526.93 W » m™ on average, and the pressure is stable at a high level (956.15hPa on average),
while the pyranometer varies widely, the minimum value is negative, and the maximum value can
reach 1416.36 W » m?. The component temperature fluctuates around 50.40°C and the power
averages about 276.86kW.

Table 11. Descriptive statistical analysis

Temperatu  Photovoltaic

Index Temperature Radiation Ailr pressure Pyranometer re Probe power
Szﬁgle 48545 48545 48545 48545 48545 48545
Mean 24.23 526.93 956.15 559.56 50.40 276.86
Minimum -0.40 -3.86 940.91 -3.60 30.32 0
25% 18.63 237.25 952.33 258.77 41.67 132.68
50% 24.07 525.10 956.07 568.27 49.66 270.71
75% 30.45 791.46 959.90 861.92 58.37 396.34
Maximum 4291 1407.07 971.58 1416.36 80.12 791.66
MSE 8.16 328.19 5.30 339.30 10.91 178.88

3.3. Correlation analysis

The Pearson correlation coefficient is a statistical measure used to quantify the linear correlation
between two variables, expressed as p. The value range for this statistic is [-1,1]. The value of p is
indicative of the strength of the correlation between the two variables in question. The values of -1,
0 and 1 correspond, respectively, to a complete negative correlation, no correlation and a complete
positive correlation. The closer the absolute value of p is to 1, the stronger the linear correlation
between the two variables. In the data set of this paper, there is a linear relationship between different
impact factors and photovoltaic power generation, so The Pearson correlation coefficient is employed
to quantify the degree of correlation across different impact variables and photovoltaic power
generation.

The corresponding formula is as follows:

_ E(XY) - E(X) E(Y) (18)
p= \/E(XZ) - EZ(X)\/E(YZ) - EZ(Y)

Where X and Y represent two different variables.
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A correlation analysis was conducted to determine the correlation coefficient and the correlation
between photovoltaic power and other variables. The findings are depicted in Table 2. As illustrated
in the accompanying figure, the positive correlation between rainfall and photovoltaic power
generation is relatively weak, with a correlation coefficient of 0.02.The negative correlation between
wind direction and photovoltaic power is weak, and the correlation coefficient is -0.085. Therefore,
the two variables of rainfall and wind direction are deleted to improve the correlation between the
variables and photovoltaic power generation.

Table 22. Correlation coefficient and correlation of PV power with other variables

Feature Correlation coefficient
Wind speed 0.17
Weather Temperature 0.44
Global Horizontal Radiation 0.57
Wind Direction -0.085
Rainfall 0.02
Max Wind Speed 0.24
Air Pressure -0.21
Pyranometer 0.52
Temperature Probe 0.49

3.4. Extreme gradient lifting algorithm feature extraction

The factors that influence the generation of photovoltaic power are numerous and can be reflected in
wind speed, wind direction, temperature, air pressure, global horizontal radiation, and other
characteristics. To enhance the speed and efficacy of the model training process, the extreme gradient
lifting algorithm is employed to identify the most pertinent features within the selected data set. These
features are then selected based on their impact on the prediction of PV power, with the historical
power generation data and corresponding meteorological data serving as the primary sources of
information.

In this study, the extreme gradient lifting algorithm was used to iteratively build a new tree model,
and the importance of the obtained features was ranked, as shown in Figure 2. The first 5 influencing
factors were selected as independent variables, namely, weather temperature, global horizontal
radiation, air pressure, temperature probe and pyranometer, and the corresponding photovoltaic
power generation power was taken as the dependent variable to build the model.

Feature importance

weather temperature - 972.0
global horizontal radiation 4 940.0
air pressure 939.0

temperature probe 754.0

Feature

pyranometer - 742.0

wind speed - 592.0

max wind speed - 248.0

T T T
0 200 400 600 800 1000
Feature Importance

Figure 2. Feature importance result graph
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4. Result analysis

4.1. Seasonal analysis

This paper analyzes the daily changes of the mean, maximum and minimum values of each variable
in the PV power generation data of Yumara Solar System photovoltaic power station in 2022, and
shows the cyclical change trend of these data by drawing a line chart, as shown in Figure 3. The data
indicated a clear trend in the temperature of the atmosphere, with a decrease followed by an increase.
Similarly, the data revealed a trend in the horizontal radiation, with a decrease followed by an increase.
In contrast, the data showed a trend in air pressure, with an increase followed by a decrease. On the
other hand, the pyranometer showed a small trend of first decreasing, then rising and then stable
fluctuating. The overall change trend of module temperature is more consistent with the change of
power, indicating that temperature has a greater impact on power, and directly affects the performance
and efficiency of photovoltaic modules.

Air Pressure Line chart aggregated by day Weather Line chart aggregated by day Temperature Probe Line chart aggregated by day
. Mea N "
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Time Time
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Figure 3. Trend chart of mean and extreme values of each variable

4.2. Prediction result analysis
4.2.1. Analysis of parameter optimization results of DBO-LSTM model

To ascertain the efficacy of the LSTM model optimized by the DBO algorithm, this study selected
the traditional LSTM model and the DBO-LSTM model for a comparative assessment. In order to
avoid experimental contingency, photovoltaic power generation data in February, May, August and
November were randomly selected for analysis and modeling. Parameters of the DBO optimization
algorithm were set as shown in Table 3. By analyzing the change of fitness curve and parameter
optimization process, it is found that in the process of DBO parameter learning, the data in February
achieved the best performance in the 4th iteration, the data in May in the 9th iteration, the data in
August in the 7th iteration and the data in November in the 3rd iteration. The visual results of
hyperparameter optimization process for each month are shown in Figure 4.

Table 3. Parameter setting of DBO

Parameter Value
pop population 5
Maximum iterations 10
Ratio of rolling dung beetles 0.2
Proportion of laying beetles 0.4
Percentage of dung beetles stealing 0.2
The proportion of dung beetles 0.2
Learning rate optimization range [0.001,10]
Neuron number optimization range [10,150]
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Figure 4. Hyperparameter optimization process for each month
4.2.2. Analysis of prediction results of DBO-LSTM-EBRB based on ensemble learning

This study on January 1, 2022 - December 31, photovoltaic power maximum and minimum value of
load-point, within the scope of the selection with interval 6 numerical as the initial value of EBRB
model results property, for [0,158.33,316.67,475.00,633.33,791.66]. At the same time, the utility
value of the initial premise property is set in the same way and the weight of the premise property is
set to equal weight. Set the time step to 8, the number of neurons to 50, the optimizer to the Adam
optimizer, the training rounds to 10, and the batch size to 32.

The weights of EBRB model and DBO-LSTM model are set to 0.4 and 0.6 based on multiple
experiments, and new fitting values are generated by ensemble learning. The parameter optimization
results of EBRB model, LSTM model, DBO-LSTM model and DBO-LSTM-EBRB model were
utilized to forcast the PV power generation data in 4 months respectively. The predicted results are
displayed in Figure 5. The results show that the DBO-LSTM-EBRB model has the most optimal fit
and performance among multiple models, indicating that the DBO-LSTM-EBRB model based on
ensemble learning can effectively make up for the weekness of each single model and precision and
reliability of the predictive model.

Sample size in Augu: st

Figure 5. DBO-LSTM-EBRB Model and Single Model Monthly Forecast Results
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At the same time, it is observed that the DBO-LSTM-EBRB model has excellent performance in the
three key indicators, which is significantly improved compared with the traditional LSTM model,
EBRB model and DBO-LSTM model. The R? value is 0.950-0.978, and the prediction effect is
excellent. This shows that the DBO-LSTM-EBRB model has stronger ability in parameter tuning and
model optimization after integrated learning of DBO-LSTM model and EBRB model.

According to the observation and analysis, photovoltaic power generation began to decline
significantly from May 2022, and for a long time at a low level, indicating that due to unfavorable
weather conditions in autumn and winter, and during this period of time, mostly cloudy and rainy
weather, reducing the direct exposure of solar radiation, low temperature will affect the working
temperature of photovoltaic panels, and then influence the power generation efficiency of
photovoltaic panels.

Table 34. Comparison of prediction results between DBO-LSTM-EBRB model and single model

Month Index EBRB LSTM DBO-LSTM DBO-LSTM-EBRB
R? 0.380 0.775 0.869 0.953
February MAE 94.834 54.814 39.767 23.860
RMSE 126.556 76.179 58.199 34.919
R? 0.503 0.850 0.866 0.950
May MAE 52.385 26.444 25.463 15.493
RMSE 68.277 37.435 35.497 21.634
R? 0.343 0.923 0.939 0.978
August MAE 97.120 28.789 25.476 15.286
RMSE 122.176 41.805 37.269 22.361
R? 0.562 0.895 0.898 0.962
November MAE 77.129 36.346 35.559 21.807
RMSE 100.232 48.954 48.273 29.372

5. Conclusion

(1) The photovoltaic power generation system is susceptible to seasonal fluctuations in the local
climate. Since May 2022, there has been a notable decline in photovoltaic power generation, which
has remained at a low level for an extended period. This decline can be attributed to unfavorable
weather conditions during the autumn and winter seasons, which have resulted in reduced direct solar
irradiation and elevated temperatures, both of which have negatively impacted the performance of
photovoltaic panels. Consequently, this affects the power generation efficiency of the PV panels.

(2) Global radiation and temperature are significant factors affecting the power of photovoltaic power
generation. As the global radiation and temperature gradually decreased from January to July, the
photovoltaic power generation showed a downward trend, and an upward trend from July to
December.

(3) Due to the comprehensive effect of multiple factors, the forecast analysis of 2022 photovoltaic
power generation data shows that the integrated The DBO-LSTM-EBRB model exhibits superior
predictive performance relative to the traditional LSTM and EBRB models, as evidenced by the R2
values of 0.950-0.978. The predictive efficacy of the DBO-LSTM-EBRB model is highly
commendable.
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