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Abstract: Accurate photovoltaic power prediction is of great significance to the stable operation of
the electric power system with renewable energy as the main body. In view of the different influence
mechanisms of meteorological factors on photovoltaic power generation in different irradiation
intervals and that the data-driven algorithm has the problem of regression to the mean, in this
article, a prediction method based on irradiation interval distribution and Transformer-long short-
term memory (IID-Transformer-LSTM) is proposed. Firstly, the irradiation interval distribution is
calculated based on the boxplot. Secondly, the distributed data of each irradiation interval is input
into the Transformer-LSTM model for training. The self-attention mechanism of the Transformer
is applied in the coding layer to focus more important information, and LSTM is applied in the
decoding layer to further capture the potential change relationship of photovoltaic power generation
data. Finally, sunny data, cloudy data, and rainy data are selected as test sets for case analysis.
Through experimental verification, the method proposed in this article has a certain improvement in
prediction accuracy compared with the traditional methods under different weather conditions. In
the case of local extrema and large local fluctuations, the prediction accuracy is clearly improved.

Keywords: photovoltaic power prediction; irradiation interval distribution; Transformer-LSTM;
boxplot; self-attention mechanism

1. Introduction

In recent years, with the depletion of traditional fossil energy and with increasingly
serious global environmental problems [1], countries all over the world have paid more
and more attention to the development of renewable energy [2]. It is a general trend to
replace traditional fossil energy with renewable energy such as wind and solar energy [3,4].
With the advantages of safety, high efficiency, and green economic advantages, solar energy
is widely used around the world [5]. According to the statistics of the International Energy
Agency (IEA) as of 15 December 2023, the total global photovoltaic installed capacity in 2023
has reached 1552.3 GW, and it is predicted to reach 1954.6 GW in 2024, with 402.3 GW of
newly installed capacity. By 2030, to achieve net zero emissions, the photovoltaic installed
capacity needs to reach 6101 GW, that is, about 682.97 GW per year, and the average
annual growth rate needs to reach 14.16%. However, due to the influence of meteorological
factors such as solar radiation and temperature, photovoltaic power generation has a
certain volatility and randomness [6,7]. When a high proportion of photovoltaic power
generation is connected to the grid, the complexity of power grid’s dispatching is increased
to a certain extent, which will have a certain impact on the stable operation of the power
system [8]. Therefore, accurate photovoltaic power prediction is of great significance to the
development of an electric power system with renewable energy as its main body [9].

At present, photovoltaic power prediction mainly includes a physical model method
and a data-driven method [10]. According to the meteorological factors and the parameters
of photovoltaic power generation equipment, the physical model method establishes the
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corresponding photoelectric conversion model to calculate the power of photovoltaic
generation [11]. However, the modeling process of the physical model method is complex
and requires high-quality meteorological forecast data. It is difficult to achieve better
prediction results in practical applications; the data-driven method takes historical data as
the research object, and combines data processing methods and deep learning algorithms
to establish a photovoltaic power generation prediction model to achieve the accurate
prediction of photovoltaic power generation [12]. The current common deep learning
algorithms mainly include LSTM [13], gated recurrent units (GRUs [14]), recurrent neural
networks (RNNs [15]), convolutional neural networks (CNNs [16]), etc. In [17], Wang, K.
stated that the average value, the standard deviation, and the coefficient of variation of the
total horizontal radiation variables were used as clustering features, and the fuzzy C-means
(FCMs) clustering method was used to divide the historical data into sunny, sunny-to-
cloudy, and rainy days. A quantile regression-convolutional neural network-bidirectional
long short-term memory (QR-CNN-BiLSTM) combined prediction model was proposed to
realize the short-term interval prediction of photovoltaic power. In [18], Liu, X. stated that
the levy-flight beetle antennae search (LFBAS) algorithm is used to search similar days, and
the historical days similar to the forecast day are selected from the historical data in real time.
Finally, the searched data of similar days are decomposed, reconstructed, and input into
the GRUs to establish the prediction model of photovoltaic power generation. In [19], Wu
T stated that they applied grey correlation analysis, the Pearson correlation coefficient, and
kmeans++ to realize similar day clustering, and proposed a short-term photovoltaic power
prediction model based on improved extreme gradient boosting-kernel extreme value
learning machine combination. The above methods only focus on the cluster analysis of the
overall meteorological conditions of a certain day, and they study the influence mechanism
of various factors on photovoltaic power generation under different meteorological days.
However, the meteorological factors such as solar radiation and temperature in different
time periods of the same day are also very different. It is difficult to accurately analyze
the mechanisms of various meteorological factors on photovoltaic power generation by
directly taking the overall meteorological conditions of a day as the object. In contrast,
analyzing the mechanisms of photovoltaic generators under specific irradiation intervals
is more conducive to mining the complex mapping relationship between photovoltaic
power generation and various influencing factors. In addition, due to the great volatility
and uncertainty of meteorological data and photovoltaic power generation, the data-
driven algorithm tends to generate average or median values during training, rather than
accurately capturing the dynamic changes and outliers of the data, which is the problem of
the regression to the mean. The prediction in a specific irradiation interval can effectively
reduce the difference between the peak and valley values of the sequence, alleviate the
problem of the regression to the mean of the data-driven algorithm to a certain extent, and
further improve the accuracy of prediction.

In [20], Wang, M. combined the extreme learning machine (ELM) algorithm and the
k-nearest neighbor algorithm to establish and integrate the ELM model for each k-nearest
neighbor, and proposed a probability prediction method based on the evidence extreme
learning machine (EELM). In [21], Meng, A. stated that they used three neural network combi-
nation predictions such as GRUs, LSTM, and RNNs, and applied the Q-learning algorithm
to optimize the combination of three neural network prediction weights, which realized the
complementary advantages of deep learning and had a high accuracy of prediction. In [22],
Tang, Y. stated that they used a parallel model of a dilated convolutional neural network
(DCNN) and BiLSTM. The temporal and spatial features of historical data were extracted
simultaneously by using a temporal neural network and a convolutional neural network in
parallel to effectively improve the prediction accuracy. The above methods can achieve better
prediction results when the meteorological conditions are relatively stable. However, when
the meteorological conditions fluctuate greatly and the amount of the noise of the photovoltaic
power generation data is large, the traditional model is sensitive to noise data, which are easy
to over-fit, and the robustness needs to be improved.
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In view of the above problems, this paper proposes short-term photovoltaic power
prediction based on irradiation interval distribution and Transformer-LSTM. Firstly, the
correlation analysis of meteorological characteristics is carried out to extract the most
relevant meteorological characteristics of photovoltaic power generation. In order to
capture the mapping relationship between various meteorological factors and photovoltaic
power generation under specific meteorological intervals, the boxplot calculation is used
to obtain the distribution of the irradiation intervals, and the isolated forest algorithm is
used to eliminate the irradiation-power outliers in each irradiation interval to improve the
data quality. Secondly, the Transformer-LSTM prediction model of each irradiation interval
is constructed and is input into the corresponding data for training. More important
information is mined through the self-attention mechanism of the Transformer, which can
effectively resist noise and interference. The multi-head attention mechanism can still
ensure good robustness when the meteorological conditions fluctuate greatly. In addition,
the LSTM module is introduced to replace the traditional Transformer decoding layer, and
the sensitivity of LSTM to time series features can further capture the potential change
rules in photovoltaic power generation time series data, so as to further improve the
prediction accuracy and universality of the model. Finally, sunny, cloudy, and rainy days
are selected as test sets, and are input into the corresponding prediction model according
to the irradiation interval. The prediction results of each part are reorganized to obtain the
final result of photovoltaic power prediction.

2. Irradiation Interval Distribution
2.1. Analysis of the Influence Mechanism of Photovoltaic Power Generation Power in Different
Irradiation Intervals

Photovoltaic power generation is mainly determined by irradiation and is affected
by temperature to a certain extent [23]. The irradiation varies greatly in different weather
or different time periods of the same day, and the influence factors in different irradiation
intervals also have different effects on photovoltaic power generation. For example, too
high a temperature will lead to the decrease of photovoltaic power generation, but the
increase in irradiation will lead to an increase in temperature. Under the suitable tempera-
ture of normal irradiation or low irradiation conditions, the influence of temperature on
photovoltaic power generation is relatively small. Therefore, the photovoltaic power gener-
ation process is more complicated under high irradiation and high-temperature conditions,
which has a great influence on the accurate prediction of photovoltaic power generation.
In addition, according to the relevant characteristics of the data-driven algorithm, there is
always a regression to the mean problem in the prediction of the peak and valley values of
the sequence, which will lead to a large prediction error near the extreme value interval of
the sequence. The traditional prediction method does not consider the difference in the
influence of various influencing factors on photovoltaic power generation under different
irradiation interval conditions, which has a great impact on the prediction accuracy of
photovoltaic power generation. Figure 1 is a comparison diagram of photovoltaic predicted
power-irradiation without considering the distribution of the irradiation interval. The data
in Figure 1 comes from the case part of Section 5. The prediction curve in Figure 1 is the
prediction result of the LSTM model in Section 5.5. From the red circle part of the diagram,
it can be seen that the prediction results have large errors under high irradiation and
low irradiation conditions, but the prediction is more accurate under medium irradiation
conditions. This is due to the fact that the time proportion of medium irradiation conditions
is the largest in general, the influence mechanism of each influencing factor on photovoltaic
power generation in different irradiation intervals is different, and the algorithm has the
problem of the regression to the mean.
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Figure 1. A photovoltaic prediction power–irradiation comparison diagram.

In view of the above problems, this paper proposes a photovoltaic power prediction
method considering the distribution of the irradiation interval. The prediction model is
constructed in different irradiation intervals, and the mechanism of each influencing factor
on photovoltaic power generation in different irradiation intervals is fully utilized to reduce
the difference between the peak and valley values of the photovoltaic power generation
sequence in model training, so as to effectively alleviate the problem of the regression to
the mean of the data-driven algorithm.

2.2. Irradiation Interval Distribution Based on a Boxplot and an Isolated Forest

A boxplot is a method based on the minimum value, the first quantile, the median, the
third quantile and the maximum value to describe the center position and dispersion range
of one or more sets of continuous sequence distribution. It can find out the abnormal value
of the data and judge the skewness and tail weight of the data, and can clearly show the
overall distribution of the data [24].

Because the accuracy of the boxplot is easily affected by the median of the data, the
irradiation data should not contain too much low irradiation data. Therefore, this paper
intends to extract the data with irradiations greater than 100 W/m2 into groups A, B, C, and
D, and use the boxplot to show the distribution of irradiation. Figure 2 is the irradiation
box line diagram. From the diagram, it can be seen that the irradiation distribution of the
four groups’ data is basically the same. The irradiation above 600 W/m2 accounts for about
25%, the irradiation between 200 W/m2 and 600 W/m2 accounts for about 50%, and the
irradiation between 100 W/m2 and 200 W/m2 accounts for about 25%. It can be seen from
Section 2.1 that when under the condition of medium irradiation the temperature is less
affected, the photovoltaic power prediction in this irradiation interval is relatively accurate,
and the proportion of medium irradiation is the highest. Therefore, when the irradiation
interval distribution is set, the range of the medium irradiation interval is relatively wide,
and the range of the high irradiation and low-irradiation interval is small. Combined with
the boxplot of each group of irradiation, the initial irradiation interval distribution is set to
be an ultra-low irradiation interval [0, m1) , a low irradiation interval [m1, m2) , a medium
irradiation interval [m2, m3) , and high irradiation interval [m3, m4]. The calculation formula
of each interval is shown in Equation (1).{

mi =
1
n ∑ mi

j, i = 1, 2, 3, j = A, B, C, D
m4 = max

{
m4

A, m4
B, m4

C, m4
D
} (1)
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where mi
j represents the minimum value of group j when i = 2, mi

j represents the first

quantile of group j when i = 2, mi
j represents the third quantile of group j when i = 3,

and mi
j represents the maximum value of group j when i = 4.
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Figure 2. A boxplot of the irradiation groups.

As an unsupervised learning anomaly data detection method, an isolated forest can
quickly identify outliers in data. The main idea is to randomly construct isolated trees,
recursively segment the data set randomly until all sample points are isolated, and finally
evaluate the degree of abnormality of the data points by the path length. The path length
refers to the number of segmentations along the tree from the root node to the data point,
and the path length of the abnormal point is usually relatively short. Figure 3 is the
schematic diagram of outlier detection in an isolated forest algorithm.
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Figure 3. An isolated forest outlier detection schematic diagram.

Considering the characteristics of photovoltaic power generation, this paper intends to
use 5:00–20:00 photovoltaic power generation data to perform outlier detection on the data.
Figure 4 is the outlier detection map of photovoltaic power generation power–irradiation
in each irradiation interval.
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3. Transformer-LSTM Model
3.1. Relevant Principle of Transformer

The Transformer model is a novel neural network architecture based on a self-attention
mechanism, which aims to solve sequence–sequence tasks. Compared with the traditional
neural network, the Transformer model not only solves the long-term dependence problem,
but also can be trained in parallel, which greatly improves the operating efficiency of
the model. The core content of the Transformer model mainly includes a self-attention
mechanism, a multi-head attention mechanism, and position coding [25–27]. Figure 5
shows the internal architecture of the Transformer model.

(1) Self-attention Mechanism

The self-attention mechanism is a key feature of the Transformer, which enables the
model to perform the weighted aggregation of various parts of the input sequence. The
attention scores of the query vector (Q), key vector (K), and weight vector (V) are calculated
using Equation (2). 

Kj = f Wk
j

Vj = f Wv
j

Qj = f Wq
j

(2)

where f is the model input, and Wk
j , Wv

j , Wq
j ∈ Rd×dk is a trainable projection matrix. After

the attention score is scaled, the value matrix is fused by weight summation, and then the
final result is calculated. The calculation formula is shown in Equation (3).

Attention(Q, K, V)j = so f tmax(
QjKT

j√
dk

)Vj (3)

(2) Multi-head Attention

In order to capture different types of relationships, the Transformer uses H parallel
self-attention mechanism (head) calculations, each head captures information in differ-
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ent subspaces by learning different weights. Under the condition of WA ∈ RHdk×d, the
calculation process of the multi-head attention mechanism is shown in Equation (4).

MuliHead(Q, K, V) = Concat(
{

headj
}H

j=1)W
A (4)

(3) Position Coding

Since Transformer does not have built-in sequence order information, position encod-
ing is used to add some information to each position in the input sequence so that the
model can distinguish tags at different positions.

PE(pos,2i) = sin

(
pos

10000
2i

dm

)
(5)

PE(pos,2i+1) = cos

(
pos

10000
2i

dm

)
(6)

where pos refers to the sequence position, i refers to the dimension, and dm refers to the size
of the embedded space dimension.
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3.2. Relevant Principle of LSTM

The original intention of LSTM design is to solve the long-term dependence problem
in RNNs. Its output is affected by both the current time input and the previous time input
and can accurately represent and transmit the information in the long time series without
forgetting the effective information before a long amount of time has passed. Not only
that, LSTM can also solve the problem of gradient disappearance and gradient explosion in
general RNNs.

LSTM is different from general RNNs, which only has a single neural network layer.
Its internal structure has four neural network layers: a forgetting gate, an input gate, a
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memory gate, and an output gate, and interacts in a specific form. The internal network
structure is shown in Figure 6.
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In Figure 6, ft, it, ĉt, and ot represent the forgetting gate, the input gate, the memory
gate, and the output gate in the internal structure of the LSTM, respectively, with ct indicat-
ing the update state of the memory gate, and ht being the output at time t. The calculation
formulas of each part are shown in Equation (7).

it = σ(Wi · [ht−1, xt] + bi)
ft = σ(W f · [ht−1, xt] + b f )
ot = σ(Wo · [ht−1, xt] + bo)
ĉt = tanh(Wc · [ht−1, xt] + bc)
ht = ot ⊗ tanh(ct)

(7)

where σ is the Sigmoid activation function, tanh is the hyperbolic tangent activation
function, W f , Wi, Wc, and Wo are, respectively, the weight matrices of the forgetting gate,
the input gate, the memory gate, and the output gate at time t, ht−1 is the unit output
at the previous time, xt is the input at time t, ct−1 is the state of the memory gate at a
time, b f , bi, bc, and bo are, respectively, the bias vectors of the forgetting gate, the input gate,
the memory gate, and the output gate.

3.3. Relevant Principle of Transformer-LSTM

When the traditional Transformer is applied in the field of time series prediction, the
decoding layer is usually a linear layer, which will lead to a large error in the prediction task
of complex data sets. Therefore, this paper intends to reconstruct the decoding layer based
on the traditional Transformer model structure, modify the traditional decoding layer to be
a fully connected layer, and refer to an LSTM module. Using the superiority of LSTM in
time series prediction, the potential change rules in photovoltaic power generation time
series data are further captured.

The Transformer is a sequence-to-sequence architecture model, which includes an
encoder and a decoder. The Transformer model’s design is modular and flexible, allow-
ing us to replace the components in it to adapt to different scenarios while keeping the
overall framework unchanged. Therefore, the method of replacing the original decoding
layer of the Transformer with LSTM is effective. In addition, the Transformer-LSTM has
superior performance in other fields [28,29], which further verifies the effectiveness of the
Transformer-LSTM model.

The data processing process of the Transformer-LSTM network is divided into intra-
unit data processing and inter-unit data processing. The data is transmitted in two ways to
realize the prediction of photovoltaic power generation, the in-cell processing is responsible
for data parallel processing, and the out-of-cell processing is responsible for data serial
processing. The overall architecture of the Transformer-LSTM model is shown in Figure 7.
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Figure 7. The schematic design of Transformer-LSTM.

The data processing in the unit relies on the independent position coding layer, the
Transformer coding layer and the LSTM decoding layer in the unit. The data advances in
the unit according to the 1⃝ route in Figure 7, and the new input at each moment is position-
coded and Transformer-coded. The encoded data can retain more features to ensure that
the degree of signal attenuation is reduced during the prediction of photovoltaic power
generation. The out-of-cell data processing is realized by the LSTM decoding layer. In the
LSTM network, the time series can be completely saved. This feature can save more time
features in photovoltaic power prediction, realize the serial data processing capability of
the network, and improve the prediction performance of the network. The data transfer
outside the Transformer-LSTM unit is shown in the Figure 7 2⃝ data flow.

4. The Overall Framework of Prediction Based on Irradiation Interval Distribution and
Transformer-LSTM

In order to improve the prediction accuracy of short-term photovoltaic power genera-
tion, this paper proposes a prediction method based on irradiation interval distribution
and Transformer-LSTM, and the specific framework flow is shown in Figure 8.

1. Data preprocessing: Firstly, the original photovoltaic power generation data set is
preprocessed, mainly including the processing of missing values and outliers in the
original data and correlation analysis. The 3σ principle is used to detect the abnormal
values of meteorological factors and photovoltaic power. The missing values and
abnormal values are supplemented or replaced by linear interpolation, and the data
are normalized.

2. Through the Pearson coefficient, the correlation analysis of six meteorological factors,
such as irradiation, air pressure, wind speed, rainfall, temperature, and cloud cover, is
carried out to find out the meteorological factors most related to photovoltaic power
generation: irradiation and temperature.

3. Based on the box line diagram, the distribution of irradiation intervals in photovoltaic
power generation data is observed to calculate the ultra-low irradiation interval [0, m1) ,
low irradiation interval [m1, m2) , medium irradiation interval [m2, m3) and the high
irradiation interval [m3, m4].

4. In order to further improve the data quality of each irradiation interval, the outlier
detection of power–irradiation in each irradiation interval is carried out based on
the isolated forest algorithm, and the outliers in the data are eliminated, which is
conducive to the training of the model.
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5. Construct the prediction model of each irradiation interval, and the data of the
corresponding interval is input into the model training. The test set is numbered
internally, and the interval is input into the model prediction. Finally, the prediction
results of each irradiation interval are reorganized according to the number to obtain
the final prediction results, and the prediction results are evaluated.
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5. Case and Analysis of Experimental Results
5.1. Data Description

The experimental data in this paper are derived from a photovoltaic power station
in a certain area of Southern China, containing numerical weather prediction (NWP)
data and corresponding photovoltaic power generation data for the four months from
1 June 2023 to 30 September 2023, with a time resolution of 15 min. The NWP data
include six meteorological parameters: the irradiance, temperature, atmospheric pressure,
rainfall, total cloud cover, and wind speed. Through the rainfall and total cloud cover,
the data of sunny days, cloudy days, and rainy days are selected as the test set, and the
remaining data are used as the training set. Considering the characteristics of photovoltaic
power generation, this paper only uses 5:00–20:00 photovoltaic power generation data for
simulation experiments.

5.2. Data Preprocessing and Feature Engineering

The original data contains certain abnormal data and missing values; it is proposed
to use the 3σ principle to detect abnormal data, and to use linear interpolation to fill the
data for missing values and abnormal data. In order to avoid the influence of the data
magnitude on the prediction, the normalize function is used to normalize the unified data
magnitude, and the calculation formula is shown in Equation (8).

x′ =
xi − x

δ
(8)

where x and δ are the mean and standard deviation of random variable x, respectively.
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In order to reduce the interference of redundancy in the original meteorological data,
the Pearson correlation coefficient is used to screen the characteristic meteorological factors
with high correlations with photovoltaic power generation as the input data of the model.

The calculation equation of the Pearson correlation coefficient is shown in Equation (9),
and the Pearson correlation coefficient calculation results of each meteorological feature are
shown in Table 1.

r =
cov(X, Y)

SXSY
=

n
∑

i=1
(xi − x)(yi − y)√

n
∑

i=1
(xi − x)2 n

∑
i=1

(yi − y)2

(9)

where cov(X, Y) is the covariance of data sets X and Y. SX and SY are the standard de-
viations of data sets X and Y, respectively. x and y are the average values of the data
sets X and Y, respectively. n is the amount of data.

Table 1. The Pearson correlation coefficients of the meteorological factors.

Meteorological Factors Pearson Correlation Coefficient

Irradiance 0.8569
Temperature 0.6701

Atmospheric Pressure −0.0134
Rainfall −0.1322

Total Cloud Cover −0.1326
Wind Speed −0.0912

From Table 1, it can be seen that the correlation between photovoltaic power generation
and irradiance is the highest, followed by temperature, while the correlation coefficients
between atmospheric pressure, rainfall, the total cloud cover, and wind speed and power
are all less than 0.15, and the correlation with power is too small. Therefore, this paper
selects irradiance and temperature as characteristic meteorological factors input into the
model to predict photovoltaic power generation.

5.3. Evaluating Indicator

In order to evaluate the accuracy of the photovoltaic power prediction model, this paper
uses mean the absolute error (MAE) and root mean square error (RMSE) as the performance
evaluation function. The specific expression is shown in Equations (10) and (11).

MAE =
1
n

n

∑
i=1

∣∣Pi − P̂i
∣∣ (10)

RMSE =

√
1
n

n

∑
i=1

(
Pi − P̂i

)2 (11)

where Pi is the actual value of photovoltaic power generation, P̂i is the predicted value of
photovoltaic power generation.

5.4. The Prediction Results of Each Irradiation Interval

According to the results of the irradiation interval distribution obtained by Section 2.2,
the historical photovoltaic power generation data is input into the corresponding Transformer-
LSTM prediction model according to the irradiation interval distribution, and the SVM,
GRU, LSTM, Transformer, and Transformer-GRU models are constructed as comparison
models. Among them, the SVM model kernel function uses a Gaussian kernel function. The
epochs of the GRU and LSTM models are 100, the batch size is 64, the learning rate is 0.001,
and the activation function is Relu. The epochs of the Transformer, Transformer-GRU, and
Transformer-LSTM models are 100, the batch size is 64, the number of multi-head attentions
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is 8, the learning rate is 0.001, and the activation function is Relu. Then, photovoltaic power
prediction is performed on three test sets of sunny, cloudy, and rainy days. The prediction
results in each irradiation interval are shown in Figure 9, and the prediction performance of
each model is shown in Table 2.
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Figure 9. A prediction error fluctuation diagram of the different irradiation intervals.

Table 2. The prediction errors of each model in the different irradiation intervals.

Predictive Models Evaluation Indicators [0,m1) [m1,m2) [m2,m3) [m3,m4]

SVM
MAE 0.3950 0.7111 0.4322 0.3413
RMSE 0.5345 0.8905 0.5412 0.4625

GRU
MAE 0.3975 0.6002 0.3281 0.3398
RMSE 0.5510 0.7777 0.4057 0.4058

LSTM
MAE 0.3521 0.5744 0.3905 0.3045
RMSE 0.5037 0.7782 0.4607 0.3700

Transformer
MAE 0.3250 0.5311 0.3380 0.2440
RMSE 0.4645 0.6990 0.4032 0.2954

Transformer-GRU
MAE 0.3045 0.5328 0.3396 0.2441
RMSE 0.4376 0.7004 0.4063 0.2951

Transformer-LSTM
MAE 0.2843 0.5310 0.3308 0.2319
RMSE 0.4212 0.6995 0.3956 0.2831

Combined with the analysis of Figure 9 and Table 2, the data of the ultra-low irradiation
interval are mainly concentrated in the time period with the lowest solar radiation in a day,
such as in the morning and evening. The data proportion is basically the same under the
three weather conditions. The irradiance and temperature in this interval are the lowest,
which has the least influence on the photovoltaic power generation process. Compared
with other irradiation intervals, it is the least difficult to predict the photovoltaic power, so
the error fluctuation range is the smallest. Among the single models in this interval, the
Transformer performs best and the prediction error is the smallest, the MAE = 0.3250, and
the RMSE = 0.4645. The combined model shows great improvement over the performance
of the single model. Among them, the Transformer-LSTM prediction model proposed
in this paper performs best: an MAE = 0.2843, an RMSE = 0.4212. Compared with the
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Transformer model, the accuracy of the MAE index is improved by 12.52% and the accuracy
of the RMSE index is improved by 9.32%. Compared with the Transformer-GRU combined
model, the accuracy of the MAE index is improved by 6.63% and the accuracy of the RMSE
index is improved by 3.74%.

The low-irradiation interval data are mainly concentrated in the rainy days. The
irradiance and temperature in this interval are relatively low, and their influence on the
photovoltaic power generation process is relatively small. Compared with other irradiation
intervals, the difficulty of photovoltaic power prediction is relatively small. Therefore, the
error fluctuation range is relatively small and the error range fluctuation during the rainy
days is significantly smaller than that during sunny days and cloudy days. Among the
single models in this interval, the Transformer has the best performance and the smallest
prediction error: an MAE = 0.5311, an RMSE = 0.6998. The Transformer-LSTM combination
model proposed in this paper shows a relatively small improvement compared with
the Transformer.

The data of the middle irradiation interval are mainly concentrated in the cloudy
weather conditions. The irradiance and temperature in this interval are relatively high,
and their influence on the photovoltaic power generation process is relatively large. Com-
pared with other irradiation intervals, the difficulty of photovoltaic power prediction is
relatively large, so the error fluctuation range is relatively large. Among the single models
in this interval, the Transformer performs best and the prediction error is the smallest: an
MAE = 0.3380, an RMSE = 0.4032. Compared with the Transformer-LSTM combination
model proposed in this paper, the accuracy of the MAE index is improved by 2.13%, and
the accuracy of the RMSE index is improved by 1.88%.

Most of the data in the high irradiation interval are concentrated in the sunny days,
and a small part of the data are distributed in the cloudy weather conditions. The irradiance
and temperature in this interval are the highest, which has the greatest influence on the
photovoltaic power generation process. The photovoltaic power generation process in
this interval is also affected by the installed capacity. Compared with other irradiation
intervals, it is the most difficult to predict the photovoltaic power in this interval, so the error
fluctuation range is the largest. In this interval, the Transformer-LSTM prediction model
proposed in this paper performs best: an MAE = 0.2319, an RMSE = 0.2831. Compared
with the Transformer model, the accuracy of the MAE index is improved by 4.96%, and the
accuracy of the RMSE index is improved by 4.16%. Compared with the Transformer-GRU
combination model, the accuracy of the MAE index is improved by 5.00%, and the accuracy
of the RMSE index is improved by 4.07%.

In summary, the Transformer-LSTM prediction model proposed in this paper shows
certain improvement compared with the traditional prediction method under different
irradiation interval conditions, which verifies the effectiveness and robustness of the
proposed method.

5.5. Photovoltaic Power Prediction Results and Comparison

In order to further verify the accuracy and universality of the prediction method
proposed in this paper, five comparison models are constructed to predict sunny, cloudy,
and rainy days, respectively. The model information is shown in Table 3. In Table 3, the
photovoltaic power prediction model based on IID refers to the following process. First,
divide the original data into multiple parts according to the irradiance, and then construct
the photovoltaic power prediction model of each part. Then, the photovoltaic power of
each part is predicted, respectively. Finally, the final photovoltaic prediction power is
obtained by combining the photovoltaic prediction power of each part in chronological
order. The prediction results of each model are shown in Figure 10, and Table 3 provides
the performance indicators of each model.
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Table 3. The prediction error of each model under different weather conditions.

Predictive Models Evaluation Indicators Sun Cloud Rain

LSTM
MAE 1.9092 1.2516 1.2993
RMSE 2.3697 1.4146 1.4855

Transformer
MAE 1.3033 0.9364 0.5267
RMSE 1.7887 1.1979 0.7946

Transformer-LSTM
MAE 0.9275 0.9288 0.7580
RMSE 1.1597 1.1840 0.9963

IID-LSTM
MAE 0.7699 0.6701 0.3081
RMSE 1.0393 0.9105 0.4411

IID-Transformer
MAE 0.8227 0.8070 0.3253
RMSE 1.0595 1.0798 0.4814

IID-Transformer-GRU
MAE 0.8026 0.5900 0.3351
RMSE 0.9935 0.8459 0.4410

IID-Transformer-LSTM
MAE 0.7110 0.5717 0.3007
RMSE 0.9031 0.7971 0.4201
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By observing Tables 2 and 3, it can be found that the photovoltaic power prediction
error in Table 3 which is not based on the IID model is much larger than the photovoltaic
power prediction error in each irradiation interval in Table 2. This is due to the following
reasons. The error data in Table 2 are calculated according to the prediction results of
each irradiation interval. This represents the prediction error of the photovoltaic power
in each irradiation interval. The fluctuation of irradiance and temperature in the same
irradiation interval is small, and their effects on the photovoltaic power generation process
are similar. Therefore, the prediction error of the photovoltaic power is relatively small in
the same irradiation interval. However, the error data in Table 3 that are not based on the
IID model are directly predicted using the original data. The irradiance and temperature in
the original data fluctuate greatly, and their influence on the photovoltaic power generation
process varies greatly. Therefore, the photovoltaic power prediction error that is not based
on the IID model is relatively large in Table 3.

Combined with the analysis of Figure 10 and Table 3, the prediction accuracy of
photovoltaic power generation based on IID is significantly improved under sunny, cloudy,
and rainy conditions, and the peak and valley values of photovoltaic power increase the
most, which can effectively solve the problem of the data-driven algorithm regression to the
mean. When the weather is sunny, the Transformer-LSTM performs best among the models
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without IID: an MAE = 0.9275, an RMSE = 1.1597. Compared with the Transformer-LSTM,
IID-LSTM, IID-Transformer, and IID-Transformer-GRU models, the IID-Transformer-LSTM
combined prediction model proposed in this paper performs superiorly: an MAE = 0.7699,
an RMSE = 1.1597. The accuracy of the MAE index is improved by 23.34%, 7.65%, 13.58%,
and 11.41%, respectively, and the accuracy of the RMSE index is improved by 22.13%,
13%, 14.76%, and 9.10%, respectively. When the weather is cloudy, the Transformer-
LSTM performs best among the models without IID: an MAE = 0.9288, an RMSE = 1.1840.
Compared with the Transformer-LSTM, IID-LSTM, IID-Transformer, and IID-Transformer-
GRU models, the IID-Transformer-LSTM combined prediction model proposed in this
paper performs best: an MAE = 0.5717, an RMSE = 0.7971. The accuracy of the MAE
index is improved by 38.45%, 14.68%, 29.16%, and 3.10%, respectively, and the accuracy of
the RMSE index is improved by 32.68%, 12.45%, 26.18%, and 5.78%, respectively. When
the weather is rainy, the Transformer-LSTM performs best among the models without
IID: an MAE = 0.5267, an RMSE = 0.7946. Compared with the Transformer-LSTM, IID-
LSTM, IID-Transformer, and IID-Transformer-GRU models, the IID-Transformer-LSTM
combined prediction model proposed in this paper performs best: an MAE = 0.3007, an
RMSE = 0.4201. The accuracy of the MAE index is improved by 43.24%, 2.40%, 7.56%, and
10.27%, respectively, and the accuracy of the RMSE index is improved by 47.13%, 4.76%,
12.73%, and 4.73%, respectively.

6. Conclusions

In order to further improve the prediction accuracy of photovoltaic power genera-
tion, this paper proposes a prediction method based on irradiation interval distribution
and Transformer-LSTM, aiming at the different principles of photovoltaic generators in
different irradiation intervals and the problem of the regression to the mean in data-driven
algorithms, and combines NWP data and photovoltaic power generation field power data
in a certain area of Southern China for experimental verification.

(1) Based on the boxplot calculation, the irradiation interval distribution is obtained, and
the isolated forest algorithm is used to eliminate the irradiation–power outliers in each
irradiation interval to optimize the data, so as to fully explore the influence mechanism
of meteorological factors on photovoltaic power generation in each irradiation interval,
and the irradiation interval distribution is used to reduce the difference between the
peak and valley values of the sequence, so as to solve the problem of the regression to
the mean and to improve the prediction accuracy.

(2) This paper proposes a Transformer-LSTM combined prediction model. The coding
layer uses the self-attention mechanism of the Transformer to focus on key information,
and uses LSTM instead of the original decoding layer Transformer, so as to use the
sensitivity of the LSTM to time perception to capture potential changes in photovoltaic
power generation data.

(3) The experimental results show that the prediction accuracy of the proposed method is
significantly improved compared with other prediction models under sunny, cloudy,
and rainy conditions, and the improvement is the largest near the peak and valley
values of the photovoltaic sequence.
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