Pre prints.org

Article Not peer-reviewed version

Short-term photovoltaic power
forecasting based on a feature
rise-dimensional two-layer
ensemble learning model

Hui Wang, Su Yan, Danyang Ju, Nan Ma, Jun Fang , Song Wang , Haijun Li, Tianyu Zhang, Yipeng Xie,
Jun Wang‘*

Posted Date: 22 September 2023
doi: 10.20944/preprints202309.1565.v1

Keywords: photovoltaic power forecasting; deterministic forecasting; probability interval forecasting;
ensemble learning; feature rise-dimensional method

Preprints.org is a free multidiscipline platform providing preprint service that
is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.



https://sciprofiles.com/profile/1152455
https://sciprofiles.com/profile/1101205

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 September 2023 doi:10.20944/preprints202309.1565.v1

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Short-Term Photovoltaic Power Forecasting Based on
a Feature Rise-Dimensional Two-Layer Ensemble
Learning Model

Hui Wang 7, Su Yan 2, Danyang Ju 3, Nan Ma }, Jun Fang !, Song Wang !, Haijun Li 1,
Tianyu Zhang !, Yipeng Xie ¢ and Jun Wang **

1 School of Information and Electrical Engineering, Shenyang Agricultural University, Shenyang 110866,
China; wanghui33@syau.edu.cn (H.W.); manan1998@stu.syau.edu.cn (N.M.); 2021240109@stu.syau.edu.cn
(J.F.); wangsong@stu.syau.edu.cn (S.W.); 1hj1218@stu.syau.edu.cn (H.L.); zty@stu.syau.edu.cn (T.Z.);

2 School of Arts and Sciences, Northeast Agricultural University, Harbin 150038, China;
yansul81129@163.com (S.Y.);

3 Hulunbuir Power Supply Company of State Grid Inner Mongolia East Electric Power Co., Ltd., Hulunbuir
162650, China; judanyang0518@out look.com (D.].);

4 Liaoyang Power Supply Company of State Grid Liaoning Electric Power Co., Ltd., Liaoyang 111000, China;
herolyxyp@outlook.com.com (Y.X.);

* Correspondence: wddream2016@syau.edu.cn (JJW.)

Abstract: Due to the intermittency and fluctuation of photovoltaic (PV) output power, a high
proportion of grid-connected PV power generation systems has a significant impact on power
systems. Accurate PV power forecasting can alleviate the uncertainty of the PV power and is of great
significance for the stable operation and scheduling of the power systems. Therefore, in this study,
a feature rise-dimensional (FRD) two-layer ensemble learning (TLEL) model for short-term PV
power deterministic forecasting and probability forecasting is proposed. First, based on the
eXtreme Gradient Boosting (XGBoost), Random Forest (RF), CatBoost, and Long-short-term
memory (LSTM) models, a TLEL model is constructed utilizing the ensemble learning algorithm.
Meanwhile, the FRD method is introduced to construct the FRD-XGBoost-LSTM (R-XGBL), FRD-
RE-LSTM(R-RFL), and FRD- CatBoost - LSTM (R-CatBL) models. Subsequently, the above models
are combined to construct the FRD-TLEL model for deterministic forecasting, and perform
probability interval forecasting based on quantile regression(QR). Finally, the performance of the
proposed model is demonstrated with a real-world dataset. By comparing with other models, the
proposed model displays better forecasting accuracy for deterministic forecasting and reliable
forecasting intervals for probability forecasting, and good generalization ability in the datasets of
different seasons and weather types.

Keywords: photovoltaic power forecasting; deterministic forecasting; probability interval
forecasting; ensemble learning; feature rise-dimensional method

1. Introduction

In recent years, under the influence of multiple factors such as climate change, energy security,
economic development, and technological progress, countries around the world have increased their
exploration and development of green new energy, and the energy structure has gradually
transitioned towards "clean" and "low-carbon". As a renewable energy source, solar energy has been
widely and intensively applied due to its strong renewable ability, clean environmental protection,
abundant resources, and convenient development and utilization [1,2]. The proportion of
photovoltaic (PV) power generation in the power system is increasing year by year. According to the
data from the International Energy Agency, by 2027, installed PV power capacity will surpass that of
coal and become the world's largest. However, due to the significant impact of meteorological and
other factors on the PV power output, which has strong intermittency and volatility, these
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characteristics make high-proportion grid-connected PV power systems a huge impact and challenge
to the power system [3]. If the PV power output can be accurately forecasted, it can not only improve
the utilization rate of renewable energy but also help the scheduling department adjust the
scheduling plan to ensure the safe and stable operation of the power system after a high proportion
of PV connections [4].

PV power forecasting methods can be classified into medium-, long-term power forecasting,
short-term power forecasting, and ultra-short-term power forecasting based on different forecasting
time scales [5]. Medium- and long-term power forecasting can forecast the PV power from 1 month
to 1 year. The required accuracy is not high, and it is mainly used for services such as site selection,
design, and consulting of PV power plants [6]. Short-term PV power forecasting can predict the PV
power in the next 1-3 days, and the results are mainly utilized by the dispatch department to
formulate a daily power generation plan [7]. Ultra-short-term PV power forecasting mainly predicts
the PV power output within the next 15 minutes to 4 hours, and the results are mainly used as a
reference for real-time scheduling of the power grid [8]. From the perspective of different modeling
methods, PV power forecasting can be classified into physical methods and statistical methods [9].
Physical methods are based on the use of precise instruments to measure meteorological factors such
as solar irradiance and temperature, and various intelligent algorithms or complex formulas are
utilized to derive calculations for forecasting, which are rarely used in practical production [10]. The
statistical method mainly involves statistical analysis of the historical data on meteorological factors,
as well as the PV output power, to identify the relationship between them and establish a PV power
forecasting model [11]. From the perspective of different forecasting algorithms, PV power
forecasting can be classified into linear forecasting, nonlinear forecasting, and combination
forecasting algorithms [12]. Linear forecasting includes time series analysis, linear regression,
autoregressive integral moving average (ARIMA) algorithm, etc. Nonlinear forecasting includes
Markov chain, support vector machine(SVM), neural network, wavelet analysis, random forest (RF),
deep learning (DL) algorithms, etc. [13]. Rafati et al. [14] presented a univariate data-driven method
to improve the accuracy of very short-term solar power forecasting. The feasibility of the proposed
method is verified by comparing the forecasting results with neural networks, support vector
regression, and RF algorithms. In the literature [15], a SVM was constructed based on the processed
data. The improved ant colony algorithm was used to optimize the parameters of the SVM, which
significantly improved the forecasting accuracy of peak power and nighttime power.

However, using a single forecasting model for forecasting has limitations and often cannot
achieve satisfactory forecasting results. Many scholars consider combining different algorithms.
Huang et al. [16] developed a new time series forecasting based on an algorithm that combines
conditional generative adversarial networks with convolutional neural networks (CNN) and Bi-
directional long short-term memory (Bi-LSTM) to improve the accuracy of hourly PV power
forecasting. Compared with long-short-term memory (LSTM), recurrent neural network (RNN),
backpropagation neural network (BP), SVM, and Persistence models, the proposed model has been
verified to have better performance in forecasting accuracy. Banik and Biswas [17] designed a solar
irradiance and PV power output model using a combination of RF and CatBoost algorithms, and then
conducted long-term monthly prediction using 10 years of solar data and other relevant
meteorological parameters with a sampling interval of 1 hour to verify the feasibility and applicability
of the proposed model. In [18], a day-ahead PV power forecasting model that fuses DL modeling and
time correlation principles was proposed. Firstly, an independent day-ahead PV power forecasting
model based on LSTM -RNN was established, and then the model was modified based on the
principle of time correlation. Guo et al. [19] employed a PV power forecasting model based on
stacking ensemble learning algorithms. The operational state parameters and meteorological
parameters of PV panels were utilized to iteratively train the single model and the stacking model.
The eXtreme Gradient Boosting (XGBoost) algorithm was selected to compare with the Stacking
algorithm to verify the superiority of the proposed model.

The above combination models combine different single PV forecasting models to achieve
complementary advantages and further improve the accuracy of PV power forecasting. However,
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during data processing, some features are filtered out from the original data through some methods
and directly used as input to the model. These methods, which can be called feature dimensionality
reduction, improve the computational efficiency of the model but weaken the initial features. In
addition, errors are inevitable during the training process, so there is still room for improvement in
the accuracy of the forecasting results.

According to different forms of forecasting results, PV power forecasting can be classified into
two main categories: deterministic forecasting and probabilistic forecasting. The output of the
deterministic forecasting model is only the PV power output results at certain time points [20-22],
which cannot evaluate the uncertainty in PV power generation data. Probability forecasting can be
divided into probability interval forecasting [23,24] and probability density forecasting methods [24].
Probability density forecasting can determine the possible values and probabilities of photovoltaic
power output based on the cumulative probability distribution function or probability density
function, including parametric methods [25] and non-parametric methods [26]. Probability interval
forecasting can obtain the forecasting fluctuation range of PV power output, thereby providing an
accurate PV power variation range for scheduling plans to assist in scheduling decisions [26]. In the
literature [27], the natural gradient boosting algorithm was selected to generate PV power probability
forecasting results with different confidence intervals. In the literature [28], firstly, the fuzzy c-means
(FCM) clustering algorithm was used to cluster the numerical weather forecast and historical data of
PV power plants. The white optimization algorithm (WOA) was employed for optimizing the penalty
factor and kernel width of the least squares support vector machine (LSSVM) model. Then, the
clustering numerical weather forecast and historical data of PV power plants were utilized to train
the WOA-LSSVM forecasting model to predict the future day's PV power output. The density
distribution of forecasting error was obtained to generate different confidence intervals. Long et al.
[29] proposed a combined interval forecasting model based on upper and lower bound estimation to
quantify the uncertainty of solar energy prediction. In the proposed model, the boundary was
predicted separately by two forecasting engines. Using extreme learning machine (ELM) as the basic
forecasting engine and automatic encoder technology to initialize the input weight matrix for
effective feature learning. A novel biased convex cost function was developed for ELM to predict the
interval boundary. The convex optimization technique was used to process the output weight matrix
of ELM. Pan et al. [30] proposed a range forecasting method for solar power generation based on a
gated recursive unit (GRU) neural network and kernel density estimation (KDE). The deterministic
forecasting results of solar power generation were acquired using GRU with an attention mechanism.
The error of the deterministic forecasting results was fitted using the KDE method, and the
probability density function and cumulative distribution function of solar power error at different
time periods were achieved. Furthermore, a confidence interval of 90% for solar power output
forecasting was obtained.

Compared with deterministic forecasting, probabilistic forecasting can better evaluate the
uncertainty of PV power output. However, to our knowledge, its research is relatively insufficient,
and further research is still needed.

Therefore, the objective of this study is to propose a feature rise-dimensional(FRD) two-layer
ensemble learning (TLEL) model for short-term PV power deterministic forecasting and probability
interval forecasting to improve forecasting accuracy. More specifically, the raw data is first cleaned
and correlation analysis is conducted between PV power output and various meteorological features.
In addition, weather category construction is performed by the K-means clustering algorithm on
meteorological data lacking meteorological category classification. Then, based on the XGBoost, RF,
CatBoost, and LSTM models, a TLEL model is constructed using an ensemble learning algorithm.
Concurrently, feature engineering is introduced to perform FRD optimization on it. After that, the
FRD-XGBoost- LSTM(R-XGBL), FRD-RE- LSTM(R-RFL), FRD-CatBoost - LSTM (R-CatBL), and TLEL
models are combined using the reciprocal error method to construct the FRD-TLEL Model for the
deterministic forecast. Next, the probability interval forecasting model based on quantile
regression(QR) considering deterministic forecasting results is constructed. Finally, based on the data
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from different seasons and weather types, the effectiveness and superiority of the proposed

forecasting model are verified by comparing it with other models.

The main contributions of the research are summarized as follows:

. Considering the limitations of a single forecasting model, based on the XGBoost, RF, CatBoost,
and LSTM models, combined with the ensemble learning framework pattern, a new short-term
PV power deterministic forecasting model based on TLEL is proposed. This model can weaken
the problem of poor data authenticity and coherence caused by rough data preprocessing to
improve forecasting accuracy.

e  Considering that feature dimensionality reduction during data preprocessing weakens initial
features, the FRD method utilized to optimize forecasting datasets is proposed, which enables
the model to carry more original data features based on ensemble learning. In the proposed FRD-
TLEL model, the forecasting results of the TLEL model and each model optimized by the FRD
method are weighted by the reciprocal error method to obtain the final forecasting results, which
effectively improves the forecasting accuracy.

e The FRD-TLEL model has good generalization ability and is suitable for deterministic
forecasting and probability forecasting in the datasets of different seasons and weather types.
The remainder of this paper is organized as follows: The data sources, data preprocessing, and

forecasting methods are given in Section 2; the forecasting results, comparison, and discussion are

presented in Section 3; Section 4 elaborates on the conclusions and further research suggestions.

2. Methodology

2.1 Framework for Proposed Methods

The overall framework of the PV power forecasting in this paper is shown in Figure 1, which
mainly consists of three modules.
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Figure 1. The flowchart of the PV power forecasting.

1. Data preprocessing. First, the raw PV power output data and meteorological data are cleaned.
Next, the meteorological features are selected by calculating the Spearman correlation coefficient
of the data. Then, the K-means clustering algorithm is employed to construct weather categories.
After that, the data are normalized. Finally, the data are divided into training and test sets based
on cross-validation. Subsequently, the preprocessed dataset used for forecasting is obtained.

2. Deterministic forecasting. Based on the XGBoost, RF, CatBoost, and LSTM models, the TLEL
model is constructed. At the same time, the FRD method is introduced to construct the R-XGBL,
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R-RFL, and R-CatBL models. The above models are combined using the reciprocal error method
to construct the FRD-TLEL model, and then deterministic forecasting results are obtained.

3. Probability interval forecasting. Based on the deterministic forecasting error dataset and
preprocessed dataset, after selecting the loss function and quantile, the quantile forecasting
results are obtained, and the forecasting interval is constructed to acquire the PV power interval
forecasting results based on QR.

2.2. Data Description

The raw data used in this study are obtained from the Desert Knowledge Australia Solar
Center(DKASC)[31] (https://dkasolarcentre.com.au/) . The PV power output refers to the real-time
power generation of PV modules (kW). Other parameters include solar irradiance (W/m?), ambient
temperature (C), relative humidity (% rh), wind speed (m/s), wind direction (°), daily average
precipitation (mm), etc. 15 types. The data is recorded from April 1, 2016, to August 31, 2018, totaling
791 days. The data sampling interval is 5 minutes, with 288 sampling points per day. The 3 o
criterion is utilized to detect outliers in data, for a large amount of missing data within the forecasting
period, all data within that date will be deleted, and for cases of scattered missing data, the pre and
post-data filling interpolation method will be used for processing [32]. Based on the effective power
generation time range in different seasons, the daily forecasting time period from 7:00 to 18:00 is
selected, and the forecasting step is set to 15 minutes. A PV power forecasting data containing 31725
sets of valid data is constructed.

2.3. Correlation Analysis of Multiple Features

Five sets of characteristic variables from historical data, including PV power output, solar
irradiance, ambient temperature, relative humidity, and wind speed are extracted. Through
observation, it can be seen that these five sets of data are all continuous variables. Then, the scatter
plot is used to sequentially determine whether the PV power output and the other four sets of
variables meet linear correlation, as shown in Figure 2.
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Figure 2. Scatter plot of PV power with solar irradiance, ambient temperature, relative humidity, and
wind speed. (a) Solar irradiance; (b) Ambient temperature; (c) Relative humidity; (d) Wind speed.
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From Figure 2, it can be seen that the relationship between PV power and solar irradiance is
linearly correlated, but not linearly correlated with ambient temperature, relative humidity, and
wind speed. Therefore, the Spearman correlation coefficient method is selected to calculate the
correlation [32]. The formula used is as follows:

13 (Rex)~R@) (R~ R)

N - (1)
n o o —
2 \RG)-R 1= (Rwy,)-R
where , is the Spearman correlation coefficient, n is the number of samples, x the value of

a certain meteorological factor, and y is the PV power; R(x;,) and R(y;) are the positional value of

x and y, respectively; Rxv) and Ry are the average positional value of x and y. The thermal

diagram of the Spearman correlation coefficient between PV power and various meteorological
features is shown in Figure 3.

PV power

Irradiance

Ambient temperature

Relative humidity

Wind speed

Figure 3. Thermal diagram of the Spearman correlation coefficient between PV power and var-ious
meteorological factors.

As shown in Figure 3, the PV power is highly positively correlated with solar irradiance,
positively correlated with environmental temperature, negatively correlated with relative humidity,
and almost unrelated to wind speed. Therefore, solar irradiance, environmental temperature, and
relative humidity are selected as the initial input features of the model in this paper.

2.4. Weather Category Construction

Due to the lack of direct indication of weather types in historical data, the K-means algorithm is
used to classify weather types. The K-means algorithm is an iterative clustering analysis algorithm,
whose main function is to automatically classify similar samples into corresponding categories.
Compared with other classification algorithms, the K-means clustering algorithm is simpler and very
effective. It can cluster sample data without prior knowledge of any sample conditions, and the
reasonable determination of k values and initial cluster center points has a significant impact on the
clustering effect [33,34].
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Assuming that the given dataset X contains n objects, i.e. X={X,,X,,X,,*,X,}, where each

object has features of m dimensions. Firstly, initialize k cluster centers, and then calculate the
Euclidean distance between each object and each cluster center. The calculation formula is as follows:

dis(X,.C) = 3" (X, ~C,)* (2)

where X, represents the i-th object, C, represents the j-th cluster center, X, represents the t-th

feature of the i-th object, and C, represents the t-th feature of the j-th clustering center.

The distance from each object to each cluster center is compared in sequence, and the object to
the nearest cluster center is assigned, then k clusters are obtained. The center of the cluster is the mean
of all objects within the cluster in each feature, as shown in Eq.(3):

ZXeS Xi
Cz = |S—i (3)

where C, represents the I-th cluster center, S, represents the I-th cluster, |S| represents the

number of objects in the I-th cluster, and X, represents the i-th object in the I-th cluster.

Based on the data of ambient temperature, relative humidity, and solar irradiance, the maximum,
minimum, and average values of the above parameters on a single day are calculated as input
parameters for K-means clustering. The initial value of k is set to 3. The clustering results of different
seasons are obtained. The clustering centers in spring are shown in Table 1.

Table 1. Clustering centers in spring.

Feature Cluster 1 Cluster 2 Cluster 3

Maximum ambient temperature (C) 29.59 23.34 33.09
Minimum ambient temperature (C) 14.72 16.01 18.54
Average ambient temperature (‘C) 25.06 20.26 28.97
Maximum relative humidity (%rh) 57.32 67.30 40.23
Minimum relative humidity (%rh) 19.26 3743 11.86
Average relative humidity (%rh) 29.92 50.70 18.32

Maximum solar irradiance (W/m?2) 1054.96 551.19 1159.27
Minimum solar irradiance (W/m?2) 26.01 18.61 84.03
Average solar irradiance (W/m2) 543.14 191.09 736.22

As shown in Table 1, for the clustering center of cluster 3, both the average ambient temperature
and the average solar irradiance are the maximum, while the average relative humidity is the
minimum; for the clustering center of cluster 2, both the average ambient temperature and solar
irradiance are the minimum, while the average relative humidity is the maximum; and for the
clustering center of cluster 1, the average values of each feature are in the middle. Therefore, cluster
1 belongs to the category of cloudy days, cluster 2 belongs to the category of rainy days, and cluster
3 belongs to the category of sunny days. Similarly, cluster the meteorological data for each season
separately to obtain the number of different weather types for each season, as shown in Table 2.

Table 2. Number of different weather types in each season.

Seasons Sunny days Cloudy days Rainy days
Spring 88 71 20

Summer 127 33 20

Autumn 79 90 14

Winter 62 86 15
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As seen in Table 2, the number of rainy days is relatively small. To improve the accuracy of the
model forecasting, the two weather types of cloudy and rainy days are merged as cloudy or rainy
days.

2.5. Construction of the TLEL Model

2.5.1. Ensemble Learning

Ensemble learning is a method of constructing and combining multiple single learners to
complete learning tasks. Firstly, multiple single weak learners are trained based on Boosting or
Bagging learning methods, and then learning strategies such as averaging and voting are used to
combine single weak learners to form a strong learner. The strong learners formed through ensemble
learning have more significant generalization performance than single learners [17,35].

The single learner algorithms used in this paper include the XGBoost algorithm, RF algorithm,
and CatBoost algorithm.

2.5.2. XGBoost Algorithm

XGBoost algorithm is an efficient gradient boosting decision tree (GBDT) algorithm, which is
improved from the GBDT. As a forward addition model, it is one of the typical models of Boosting
methods. This algorithm iteratively generates a new tree by fitting residuals, forming a classifier with
higher accuracy and stronger generalization ability. The basic regression tree model used in the
XGBoost model is represented as follows [36]:

5=3h(x) fx)eR @

where 7 is the number of the trees,f: is a function in the function space R, 7.is the fore casting

value of the regression tree, xi is the i-th data input, and R is the set of all possible regression tree
models.

A new function is added to the original model for each iteration. Every new function
corresponds to a tree, and the newly generated tree fits the previous forecasting residual. The iterative
process is as follows:

i =0

A1) A0)

y, _yi.“+-fl(xi) (5)
g =9+ £ (x)

The objective function of the XGBoost model is shown in Eq. (6):
X, =21y 9)+2.0(f) (6)
i=1 k=1

where Zl (v,7) is the difference between the forecasting value of the model and the actual

i=1

value, and Z Q(f.) isthe regular term of the scalar function.
k=1

The regularization penalty function is used to prevent overfitting of the model, as shown in Eq.

(7):
1 T
Q(fk)=7/T+/1EZa)]_2 @)

where T is the number of leaf nodes, y is the penalty function coefficient, @ is the score of the leaf

node, and A is the regularization penalty coefficient.
The XGBoost model seeks to minimize the function objective through iteration. The formula for
each iteration is as follows [37]:
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To find one f that can minimize the objective function, the XGBoost model is expanded in the
Taylor series at f =0 , and higher-order terms are ignored. The approximate expression of the

objective function obtained is as follows:

e300 e ) i) ©)

2.5.3. RF Algorithm

The RF algorithm is an algorithm that integrates multiple trees through ensemble learning. Its
basic unit is the decision tree, which is one of the typical models of Bagging methods. It can run
effectively on large datasets and achieve good results for default value problems[37].

Assuming that the set S contains n different samples {x,,x,,-- x, } , and if one sample is extracted

from the set S with replacement every time, a total of n times are extracted to form a new set S’ , the
probability that theset S° does not contain a certain sample x, (i =1,2,---n) is presented as follows:
. :(1_1j (10)
n

When n—, the value is as follows:
imp=lim[ 17| =" an
When constructing a decision tree, the RF algorithm uses the method of randomly selecting a
split attribute set. Assuming the number of sample attributes is M, the specific process of the RF

algorithm is as follows [38]:

1. Using the Bootstrap method to repeatedly sample and randomly generate T training sets
5,55, 5.

2. Using each training set C,,C,,--,C; to generate a corresponding decision tree. Before selecting
attributes on each non-leaf node, randomly select m attributes from the M attributes as the
splitting attribute set for the current node, and split the node in the best splitting method among
these m attributes.

3. Each tree grows well, so there is no need for pruning.

4.  For the test set sample X, use each decision tree to test it and obtain the corresponding category
Cl (X)’Cz (X)""’CT (X)

5. Using the voting method, select the category with the highest output from T decision trees as
the category to which sample X belongs.

2.5.4. CatBoost Algorithm

CatBoost algorithm is a gradient lifting algorithm based on decision tree improvement. Unlike
traditional neural networks, it does not require a large number of samples as a training set and can
perform high-accuracy forecasting based on small-scale samples. The CatBoost algorithm is one of
the typical models of Boosting class methods. The CatBoost algorithm can solve the problem of
overfitting in traditional GBDT algorithms. It reduces the impact of gradient estimation bias through
unbiased gradient estimation, thereby improving the model's generalization ability [39].

In the traditional GBDT algorithm, the node splitting criterion is the label average value, while
the CatBoost algorithm incorporates prior terms and weight coefficients to reduce the impact of noise
and low-frequency category data on data distribution, as presented in Eq.(12):

IR
A R — (12)
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where x; is the feature of the i-th category of the k-th training sample, £, is the average value of
allx;, y,is the label of the j-th sample, I is the indicator function, p is the added prior term, and a
is the weight coefficient.

A symmetric tree is used as a single learner. The same segmentation rule is applied at all layers
in each iteration, while the left and right subtrees maintain symmetry balance. In a symmetric tree,
the index of leaf nodes is encoded as a binary vector with a length equal to depth, and the
corresponding binary features are stored in a continuous vector. The binary vector is represented as:

d-1
B, =Y 2"B[x,f(t.m)] (13)
m=0

where B, is the binary vector established for sample x, B[x, f(t m)] is the value of the binary

eigenvalues of sample x read from vector B, f(t,m) is the number of binary features, m is the

depth of the tree, and t is the number of trees.

2.5.5. LSTM Algorithm

LSTM neural network is a temporal recurrent neural network that can solve the long-term
dependency problem that exists in general recurrent neural networks. The LSTM neural network is
composed of three parts: an input gate, an output gate, and a forget gate. The structural diagram is
shown in Figure 4 [40,41].

A
h,

“C.

A 4

hey

|
N

Input gate

Xy ! Forget gate
Figure 4. The structure of the LSTM neural network.

The calculation formula for the information inside the LSTM cell is as follows [42]:

i, =0 (W [x 1 ]+0,) (14)
¢, = tanh(VVC [xt,hH]+bc) (15)
¢, =i®+f,®c,, (16)
fi=c(W,[x.h_]+b,) (17)
0, = G(VVH [xt,hH]+b0) (18)
h, = o, tanh(c,) (19)

where x: is the input information at time ; h, and h,_ , are the output information at time ¢ and
t-1, respectively; c, and ¢, ; represent the cell states at time t and #-1; W and b are the weight
coefficients and deviations for each gate, respectively; o and tanh represent the activation
function sigmoid and hyperbolic tangent activation function, respectively; fi, i:, and o: are the state

operation results of the forget gate, input gate, and output gate, respectively.
The input gate is used to control how much new information will be added to the cell state at
each time t, that is, x: and &, are processed by the sigmoid and tanh functions respectively to
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jointly determine what information is stored in the memory cell state. The forget gate determines the
proportion of cell state information that needs to be retained in the current cell state at time #-1.
Moreover, the forget gate reads the information of h+1 and xt, if frwas 0, all information of c+1 will be
discarded, and if fiwas 1, all information of c:1 will be retained. The output gate determines the degree
to which the c: is saved to the cell output at time ¢.

2.5.6. TLEL Model

Considering the limitations of a single learner, this paper constructs the TLEL model based on
ensemble learning using single learners' XGBoost, RF CatBoost, and LSTM models.

In the first layer of the TLEL model, the dataset that has been classified by weather categories
and normalized is used as the input to perform hyperparameter optimization on the single learners'
XGBoost, RF, and CatBoost models. Then the forecasting results of each model are combined as a
subsequent forecasting dataset.

In the second layer of the TLEL model, the subsequent forecasting dataset obtained through the
first layer is utilized as the input to perform hyperparameter optimization on the meta-learner LSTM
model, and the forecasting results of the TLEL model are obtained. The forecasting result setis fi;

and the error data setis ey -

2.6. Construction of the Proposed FRD-TLEL Model

2.6.1. Feature Engineering

Feature Engineering is the process of transforming raw data into features that better express the
essence of a problem, that is, discovering features that have a significant impact on the dependent
variable to improve model performance[43,44]. The implementation methods include feature
dimensionality reduction and the FRD methods.

In this paper, in addition to using the Spearman correlation coefficient to calculate correlation
for feature dimensionality reduction, the use of the FRD method for machine learning is proposed,
which trains the machine learning model by inputting a small number of influence features to obtain
training results containing the model's features as new gain features for further training of the model.
This method can not only preserve the value of the original features in the dataset but also achieve
deep fusion between various models to improve model performance. This method can obtain data
features through single-layer machine learning, with high efficiency in feature acquisition and full-
carrying information.

2.6.2. FRD-TLEL Model

The FRD-TLEL model is proposed in this paper, whose framework is shown in Figure 5. Firstly,
the XGBoost, RF, and CatBoost models are trained separately using the preprocessed dataset as input.
Subsequently, the training results containing corresponding model features are obtained as new gain
features, including the FRD data based on the XGBoost, RF, and CatBoost models, respectively.
Secondly, hyperparameters are optimized for the corresponding LSTM model based on the new gain
features and preprocessed dataset. Then the R-XGBL model, R-RFL model, and R-CatBL model are
constructed. By constructing the R-XGBL model, the forecasting result set f;,o; and error set
erxcer. are obtained. By constructing the R-RFL model, the forecasting result set f; . and error set
errr. are obtained. By constructing the R-CatBL model, the forecasting result set fi . and error
set ey, are obtained. Finally, the forecasting results of the TLEL, R-XGBL, R-RFL, and R-CatBL

models are weighted and combined using the reciprocal error method to obtain the total forecasting
results f,, and errorse,, .

va = a)lfl + wzfz + w3f3 + a’4f4 (20)
o, = f (21)

ﬁ-XGBL + ﬁ—CatBL + %—RFL + ?LEL
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[

o, = (22)
€rxcBL T €r-caL. T €rrrL T CrLEL

o, = G (23)

) =

€rxcBL T €r-casr T €rrrr T E1LEL

®, = Crmin (24)
€rxgBL T €r-car. T €rreL T ETLEL

€py :fA _fPV (25)

. . . .. [ e e e :
where ™ is the weight coefficient of the model; “min, “sec, “thrand “mx are the corresponding

e e e e . .
error values of “TLEL “RXGBL FRRFL gpnd “RCaBL  gorted from small to large, respectively; fi is the

e

forecasting result set corresponding to “min, f2 is the forecasting result set corresponding to “tr,

f3is the forecasting result set corresponding to Cue, i is the forecasting result set corresponding

to ®mx, and fa is the actual PV power. From Eq. (20) to (25), it can be seen that the reciprocal error
method can amplify the advantages of small error models and reduce the disadvantages of large error
models, thereby reducing the overall error of the combined model and achieving the goal of
improving forecasting accuracy.

Preprocessed dataset

: : : : : I

| XGBoost model | | RF model | | CatBoost model | XGBoost model | | RF model ‘ ‘ CatBoost model

FRD-data based on

| FRD-data based on RF ‘ | FRD-data based on

Sub-forecasting dataset |

XGBoost model model CatBoost model
1 1
v vy v
LSTM model | R-XGBL model | | R-RFL model | | R-CatBL model |

} l ll ll—l

| fl‘LEL,eTLEL | ﬁ'{rXGBL,eRVXGBL | ﬂrRFL,eRrRFL I .f;ZrCa{BL,eRrCa{BL

Reciprocal error
method

Deterministic forecasting results
of FDR-TLEL model

Figure 5. Framework of the FRD-TLEL model.

2.7. Probability Interval Forecasting Model Based on QR

The QR model can make up for the shortcomings of ordinary linear regression models.
Compared with traditional least squares regression models, QR can better solve the problem of
dispersed or asymmetric distribution of explanatory variables when the shape of the conditional
distribution is unknown. It can meet the requirements of exploring the global distribution of response
variables while studying the expected mean of response variables, and comprehensively describe the
possible range of dependent variables.

The QR estimation is estimated using the weighted minimum absolute deviation sum method,
which can ignore the influence of outliers. Its results are more stable, which can be used to describe
the global features of response variables and thus mine richer information. The specific
representation of QR model is as follows [45,46]:

Y=g (B.X)+e E[p@)|X]=0, as. (26)
where X is a vector of p-dimensional covariates, Y is a real value response variable, g (-) isan

unknown univariate connection function, ¢(-) is a known function, and ,, is an index coefficient.
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For the recognizability of the model, assume that g, , satisfies ||,|=1 and the first component

is positive. The expression for £, . is as follows:
fo =argminE| o, (Y=g(AX))|. |B=1 A>0 (27)
The loss function is shown in Eq.(28):
P, (u)=u|+(2c-1)u (28)
Assuming {(X, ;) 1<i< n} is an independent and identically distributed sample from (26), an
estimate of £, can be obtained using the local linear method, represented as follows:

ﬁZargmﬂin(minZn:Zn:Pr(x_”f_bjﬂTXi;‘)K[ﬂhXUJ (29)

ab;) i

where X, = X, - X, , K(-) akernel function, and  is bandwidth.

In this study, the steps for probability interval forecasting based on QR are as follows:
(1) Construction of interval forecasting models. Using the preprocessed dataset and the FRD-
TLEL model-based short-term PV power deterministic forecasting errore,, as inputs, a loss function

p.(u) is set, and a QR interval forecasting model considering deterministic forecasting error is

constructed.

(2) Forecasting of quantiles. In this step, we construct a quantile forecasting matrix, select
quantiles, and perform quantile forecasting on PV power data based on the interval forecasting model
established in step (1) to obtain forecasting results at different quantiles.

(3) The construction of forecasting intervals. The quantiles are selected to construct the upper
and lower bounds of the PV power forecasting interval, thereby the forecasting intervals are
generated at different confidence levels.

2.8. Performance Metrics

In this paper, for deterministic forecasting, two performance evaluation metrics, including mean
absolute percentage error(MAPE) and the root mean square error (RMSE) [47,48], are employed to
evaluate the forecasting results. MAPE is a measure of relative error that uses absolute values to avoid
the cancellation of positive and negative errors. A smaller MAPE value indicates better model quality
and more accurate forecasting. RMSE is the arithmetic square root of mean square error, reflecting
the degree of deviation between the true value and the forecasting value. The smaller the RMSE
value, the better the quality of the model and the more accurate the forecasting. These two
performance metrics used for deterministic forecasting models can be expressed by Egs. (30)-(31):

1

MAPE - 100% o

X.

n & (30)

_ /1 (% — 1)
RMSE = n;(x, ) (31)

where )AC,- is the forecasting value of the model, X; is the actual value of PV power , and n is

the number of samples.

In this paper, for probabilistic interval forecasting, the performance metrics consist of prediction
interval coverage percentage (PICP) and prediction interval normalized average width (PINAW)
[49,50], which are indicated as follows:

PICP = %z B (32)
i=1
3 AP
PINAW = 2 (33)
n

where B is a Boolean quantity; if the actual power value is within the range, the value of B is 1,
otherwise it is 0; AP, is the bandwidth of the i-th interval.
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PICP is used to evaluate the accuracy of the forecasting interval. The larger the PICP value, the
higher the accuracy of the model's forecasting. PINAW is employed to evaluate the width of the
interval. The smaller the PINAW value, the narrower the upper and lower boundary range of the
model's forecasting.

3. Forecasting Results and Discussion

In this section, the preprocessed dataset that has undergone data cleaning, correlation analysis,
weather category construction, normalization, and classification of training and test sets is input into
the proposed FRD-TLEL model for deterministic forecasting. The forecasting results of the proposed
model under different seasons and weather types are compared with those of other models. Then
perform probability interval forecasting and compare the interval forecasting results under different
confidence levels, seasons, and weather types. The detailed findings and discussions are provided
below.

3.1. Analysis of Deterministic Forecasting Results

To verify the feasibility of the FRD-TLEL model proposed in this paper, the forecasting results
of this model are compared with XGBoost, RF, CatBoost, LSTM, R-XGBL, R-RFL, R-CatBL, and TLEL
models. A total of 31365 sets of data are selected as the training set from April 1, 2016, to May 1, 2018.
In various clusters, data from a certain day in 2017 are randomly selected as the test set. Among them,
November 18th is a sunny day in spring, and October 22nd is a cloudy or rainy day in spring;
February 26th is a sunny day in summer, and December 21st is a cloudy or rainy day in summer;
March 30th is a sunny day in autumn, and May 5th is a cloudy or rainy day in autumn; August 30th
is a sunny day in winter, and July 25th is a cloudy or rainy day in winter. Figure 6 shows the
comparison between the deterministic forecasting results of the FRD-TLEL, XGBoost, RF, CatBoost,
LSTM, R-XGBL, R-RFL, R-CatBL, and TLEL models, and the actual PV power under different weather
types in each season.
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Figure 6. Comparison of forecasting results of various models under different weather types in
different seasons. (a) sunny day in spring; (b) sunny day in summer; (c) sunny day in autumn; (d)
sunny day in winter; (e) cloudy or rainy day in spring; (f) cloudy or rainy day in summer; (g) cloudy
or rainy day in autumn; (h) cloudy or rainy day in winter.

From Figure 6, it can be seen that the shapes of the PV power curves on sunny days in each
season all rise first and then fall, and the overall distribution is smooth, with occasional slight
fluctuations. On cloudy or rainy days in each season, the PV power curves are distributed in a large
fluctuation curve. The forecasting curves of different weather types in different seasons reflect that
the deterministic forecasting results of the FRD-TLEL model are closer to the actual value than those
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of other models, and the forecasting accuracy of the TLEL model is better than that of every single
model.

The error comparison of different forecasting methods on sunny days in different seasons is
shown in Table 3, and the error comparison of different forecasting methods on cloudy or rainy days
in different seasons is presented in Table 4. The decrease in performance metrics of the FRD-TLEL
model compared to the other 8 models under different seasons and weather types is shown in Figure

7.
Table 3. The error comparison of different forecasting methods on sunny days in different seasons.
. FRD-
Seasons  Metrics XGBoost RF CatBoost LSTM R-XGBL R-RFL R-CatBL TLEL TLEL
Sorin MAPE(%) 4.17 2.08 2.24 2.68 2.77 1.99 2.02 1.92 1.17
pring RMSE(kW) 3.56 2.41 2.58 3.27 2.98 2.11 2.42 2.37 1.37
Summer MAPE(%) 5.34 4.72 6.16 9.33 4.79 3.31 5.55 3.75 2.55
RMSE(kW) 7.6 4.97 7.94 8.19 5.68 3.2 493 4.01 2.66
Autumn MAPE(%) 5.86 5.7 4.14 7.51 4.64 412 3.94 3.82 2.42
RMSE((kW) 491 4.65 4.35 4.11 49 2.08 4.28 4.06 2.05
Winter MAPE(%) 6.69 5.17 9.49 8.23 4.5 4.01 4.33 2.02 1.03
RMSE(kW) 4.64 4.75 3.12 3.53 2.31 2.46 4.34 1.54 1.04
Table 4. The error comparison of different forecasting methods on cloudy or rainy days in different
seasons.
Seasons  Metrics XGBoost RF CatBoost LSTM R-XGBLR-RFL . TLEL KO-
CatBL TLEL
Spring MAPE(%) 7.63 7.29 7.02 7.66 7.14 7.15 6.99 6.95 4.54
RMSE(KkW) 7.72 6.98 6.39 8.4 6.2 5.9 5.95 5.36 4.4
Summer MAPE(%) 5.95 591 6.11 8.03 5.28 4.24 4.92 3.69 2.89
RMSE(kW) 6.3 5.57 5.69 6.67 4.99 4.59 3.53 3.25 3.22
Autumn MAPE(%) 8.69 14.95 11.79 1233 585 1491 8.95 513 4.63
RMSE(kW) 5.79 4.63 3.97 5.22 4.81 4.3 3.79 3.35 3.22
Winter MAPE(%) 8.95 10.08 15.88 1053 6.62 712 10.07 5.49 3.26

RMSE(kW)  6.59 5.92 6.73 5.81 594 441 595 502 3.38

=— MAPE(%)—+— RMSE(LW)

Figure 7. The decrease in performance metrics of the FRD-TLEL model compared to other models
under different seasons and weather types. (a) sunny day in spring; (b) sunny day in summer; (c)
sunny day in autumn; (d) sunny day in winter; (e) cloudy or rainy day in spring; (f) cloudy or rainy
day in summer; (g) cloudy or rainy day in autumn; (h) cloudy or rainy day in winter.
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As shown in Tables 3 and 4, and Figure 7, compared with XGBoost, RF, CatBoost, LSTM, R-
XGBL, R-RFL, R-CatBL, and TLEL models, the FRD-TLEL model has the lowest MAPE and RMSE
and has the best forecasting performance. It has a significant advantage in sunny weather; In cloudy
or rainy weather, due to significant fluctuations of the meteorological factors, the stability of PV
power is reduced, and its forecasting accuracy is slightly lower than that of sunny weather, but it is
still within an acceptable range. Compared with each single model, the TLEL model has higher
forecasting accuracy than the single models without the FRD method.

Taking the sunny day in spring as an example, in comparison with XGBoost, RF, CatBoost,
LSTM, R-XGBL, R-RFL, R-CatBL, and TLEL models, the MAPE of the FRD-TLEL model decreased
by 3%, 0.91%, 1.07%, 1.51%, 1.6%, 0.82%, 0.85%, and 0.75%, respectively, while the RMSE decreased
by 2.19 kW, 1.04 kW, 1.21 kW, 1.9 kW, 1.61 kW, 0.74 kW, 1.05 kW and 1 kW, respectively. Compared
with the single models XGBoost, RF, CatBoost, and LSTM, the MAPE of the TLEL model is reduced
by 2.25%, 0.16%, 0.32% and 0.76%, and the RMSE is reduced by 1.19kW, 0.04kW, 0.21kW and 0.9kW,
respectively.

On the rainy days in spring, in comparison with XGBoost, RF, CatBoost, LSTM, R-XGBL, R-RFL,
R-CatBL, and TLEL models, the MAPE of the FRD-TLEL model decreased by 3.09%, 2.75%, 2.48%,
3.12%, 2.6%, 2.61%, 2.45% and 2.41%, respectively, while the RMSE decreased by 3.32kW, 2.58kW,
1.99kW, 4kW, 1.81kW, 1.5kW, 1.55kW and 0.96kW, respectively. Compared with XGBoost, RF,
CatBoost, and LSTM, the MAPE of TLEL is reduced by 0.68%, 0.34% 0.07%, and 0.71%, respectively,
and the RMSE is reduced by 2.36 kW, 1.62 kW, 1.03 kW, and 3.04 kW, respectively.

3.2. Analysis of Probability Interval Forecasting Results

By combining the deterministic forecasting results of the FRD-TLEL model with QR estimation,
interval forecasting of PV power is made for different seasons and weather types. The interval
forecasting curves of PV power under 95%, 75%, and 50% confidence levels are obtained for sunny
weather and cloudy or rainy weather in each season, as shown in Figures 8-10.
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Figure 8. Forecasting intervals for different seasons and weather types at a 95% confidence level. (a)
sunny day in spring; (b) sunny day in summer; (¢) sunny day in autumn; (d) sunny day in winter; (e)
cloudy or rainy day in spring; (f) cloudy or rainy day in summer; (g) cloudy or rainy day in autumn;
(h) cloudy or rainy day in winter.
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Figure 9. Forecasting intervals for different seasons and weather types at a 75% confidence level. (a)
sunny day in spring; (b) sunny day in summer; (c) sunny day in autumn; (d) sunny day in winter; (e)
cloudy or rainy day in spring; (f) cloudy or rainy day in summer; (g) cloudy or rainy day in autumn;
(h) cloudy or rainy day in winter.
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Figure 10. Forecasting intervals for different seasons and weather types at 50% confidence level. (a)
sunny day in spring; (b) sunny day in summer; (¢) sunny day in autumn; (d) sunny day in winter; (e)
cloudy or rainy day in spring; (f) cloudy or rainy day in summer; (g) cloudy or rainy day in autumn;
(h) cloudy or rainy day in winter.

According to Figures 8-10 and Table 5, it is clear that the PICP levels for each season and weather
type at 95%, 75%, and 50% confidence levels are higher than their basic confidence level, meeting the
confidence conditions for interval forecasting. The PICP and PINAW of interval forecasting results
for each season and weather type decrease with the decrease of confidence level. At a 95% confidence
level, the interval PINAW is the largest and PICP is the highest, while at a 50% confidence level, the
interval PINAW is the narrowest and PICP is the lowest.

Table 5. Interval forecasting performance metrics for different seasons and weather types at different
confidence levels.

Confidence level Weather type Season PICP PINAW(%)
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Spring 1 0.15
Sunny da Summer 0.98 0.32
y day Autumn 0.98 0.26
o5 Winter 0.98 0.23
o Spring 0.93 0.37
‘ Summer 0.96 0.39
Cloudy or rainy day Autumn 0.96 0.34
Winter 0.96 0.41
Spring 0.87 0.09
Sy da Summer 0.91 0.19
y day Autumn 0.89 0.15
) Winter 0.96 0.13
75% Spring 0.71 0.22
. Summer 0.89 0.23
Cloudy or rainy day Autumn 0.82 0.2
Winter 0.89 0.24
Spring 0.56 0.05
Sunmy d Summer 0.64 0.11
unny day Autumn 0.58 0.09
- Winter 0.93 0.08
o Spring 0.52 0.13
) Summer 0.78 0.13
Cloudy or rainy day Autumn 0.71 0.12
Winter 0.8 0.14

4. Conclusions

In this paper, a novel FRD-TLEL model is proposed for short-term deterministic forecasting and

probability interval forecasting of PV power. The main conclusions are summarized as follows:

By introducing the ensemble learning method into the proposed forecasting model, the
limitations of a single forecasting model are changed and the forecasting accuracy is improved.
Based on XGBoost, RF, CatBoost, and LSTM models, the TLEL model for short-term PV power
deterministic forecasting is constructed by using the ensemble learning method. The forecasting
results show that the TLEL model has lower MAPE and RMSE than a single model.

The introduction of the FRD method in the proposed forecasting model has improved the
model's forecasting accuracy and efficiency. By inputting a small number of influential features
to train each single model, the training results containing the model features are obtained, thus
forming new gain features for further training of the models. This method can preserve the value
of the original features in the dataset and achieve deep fusion between various models to
improve model forecasting accuracy. In addition, in this method, data features can be obtained
through a single machine learning model, with high feature acquisition efficiency and full
carrying information.

The forecasting results verify that the proposed FRD-TLEL model is suitable for deterministic
forecasting and probability interval forecasting of PV power in different seasons and weather
types. In deterministic forecasting, compared with XGBoost, RF, CatBoost, LSTM, R-XGBL, R-
RFL, R-CatBL, and TLEL models, the FRD-TLEL model has the minimum MAPE and RMSE in
sunny weather and cloudy or rainy weather in spring, summer, autumn, and winter. Taking the
sunny day in spring as an example, the MAPE of the proposed model decreased by the most to
3% compared to other models, and the RMSE decreased by the most to 2.19kW. This model has
been applied to probability interval forecasting and shows good forecasting performance under
different seasons and weather conditions at 95%, 75%, and 50% confidence levels.

In this study, during the data preprocessing phase, the data interpolation method is used to fill

in the individual missing data. Although this method is simple and easy to understand, in rainy

doi:10.20944/preprints202309.1565.v1
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weather, due to changes in the meteorological environment, PV power and meteorological data may
undergo significant changes in a short time period. At this time, the data interpolated using this
method may have a marked deviation from the true value, which may have adverse effects on
forecasting. How to process the data more finely is one of the feasible directions for our future
research.
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Nomenclature
PV Photovoltaic
ARIMA Autoregressive integral moving average algorithm
SVM Support vector machine
RF Random forest
DL Deep learning algorithm
CNN Convolutional neural network
Bi-LSTM Bi-directional long short-term memory
RNN Recurrent neural network
LSTM Long-short-term memory
FRD-TLEL Feature rise-dimensional two-layer ensemble learning
XGBoost eXtreme Gradient Boosting algorithm
R-XGBL FRD-XGBoost-LSTM
R-RFL FRD-RF-LSTM
R-CatBL FRD- CatBoost - LSTM
QR Quantile regression
FCM Fuzzy c-means clustering algorithm
WOA White optimization algorithm
LSSVM Least squares support vector machine model
ELM Extreme learning machine
GRU Gated recursive unit
KDE Kernel density estimation
MAPE Mean absolute percentage error
RMSE Root mean square error
PICP Prediction interval coverage percentage
PINAW Prediction interval normalized average width
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