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ABSTRACT: Responding to the stochasticity and uncertainty in the power height of distributed photovoltaic power
generation. This paper presents a distributed photovoltaic ultra-short-term power forecasting method based on
Variational Mode Decomposition (VMD) and Channel Attention Mechanism. First, Pearson’s correlation coefficient
was utilized to filter out the meteorological factors that had a high impact on historical power. Second, the distributed PV
power data were decomposed into a relatively smooth power series with different fluctuation patterns using variational
modal decomposition (VMD). Finally, the reconstructed distributed PV power as well as other features are input
into the combined CNN-SENet-BiLSTM model. In this model, the convolutional neural network (CNN) and channel
attention mechanism dynamically adjust the weights while capturing the spatial features of the input data to improve
the discriminative ability of key features. The extracted data is then fed into the bidirectional long short-term memory
network (BiLSTM) to capture the time-series features, and the final output is the prediction result. The verification
is conducted using a dataset from a distributed photovoltaic power station in the Northwest region of China. The
results show that compared with other prediction methods, the method proposed in this paper has a higher prediction
accuracy, which helps to improve the proportion of distributed PV access to the grid, and can guarantee the safe and
stable operation of the power grid.

KEYWORDS: Distributed photovoltaic power; channel attention mechanism; convolutional neural network; bidirec-
tional long short-term memory network

1 Introduction
With China’s increasing demand for energy and the growing environmental problems, the vigorous

development of clean and renewable energy has captured widespread attention [1]. Distributed photovoltaic
(DPV) power generation, as a clean and sustainable energy source, has the advantage of low installation and
maintenance costs [2]. DPV is important in improving China’s energy demand and environmental issues.
As of September 2024, China’s installed DPV capacity has reached 341.91 million kilowatts [3]. However,
DPV power is affected by various meteorological factors and geographic locations, resulting in significant
volatility and uncertainty, which poses a considerable challenge and test to the supply-demand balance and
safe operation of the power grid [4]. Therefore, high precision prediction of PV power is of great significance,
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which can not only reduce the uncertainty of PV grid connection and guarantee the stable operation of the
power system, but also enhance the PV consumption capacity and PV power generation efficiency.

For the issue of DPV power forecasting, researchers both domestically and internationally have con-
ducted extensive research, and the prediction methods include physically-driven prediction, data statistical
methods, and artificial intelligence algorithms [5]. The physically driven prediction method is based on the
characteristics of PV cells, installation angle, and other physical parameters, and combined with the PV
cell output characteristic curve to construct a prediction model, using the data provided by the numerical
weather prediction, accurate prediction of future PV power [6,7]. The accuracy of this method relies on
parameter resolution during the modeling process. and the accuracy of the numerical weather forecast.
Data statistical methods do not need specific physical parameters of PV power plants, through the in-depth
analysis of historical data, using statistical models and algorithms to find the potential correlation and law
between historical data, to predict the PV power generation power of the next period [8]. Data statistical
prediction methods mainly include autoregression and moving average model [9], multiple regression
methods [10], Markov chain model [11], and support vector machine model [12]. The above models mainly
make predictions by mining the mapping laws between the inputs and outputs of the prediction model, and
when the time series is highly nonlinear, both the accuracy and robustness of their predictions are affected.

In recent years, continuous breakthroughs in advanced technologies such as deep learning have opened
up new paths for accurately predicting distributed PV output. Deep learning has excellent feature extraction
and nonlinear fitting capabilities and is widely used for PV power prediction [13,14]. Tajjour et al. [15]
migration learning is introduced to train deep neural networks using solar radiation data, significantly
enhancing PV power prediction accuracy. Ren et al. [16] proposed a Quad-kernel deep CNN model
to harness data correlations and enhance PV prediction accuracy effectively. Liu et al. [17] proposed a
new weather classification method and important meteorological features were extracted and input into
an improved LSTM model to accurately predict photovoltaic power generation. Dai et al. [18] used the
random forest approach to extract important features, inputting features into the RepeatVector layer and
the TimeDistributed layer into the Gated Recurrent Unit to enhance PV power prediction accuracy. Hao
et al. [19] proposed an improved temporal convolutional network model and the introduction of a multi-
scale time module that captures dependencies between complex data. However, the process of utilizing
a single neural network for output prediction of distributed photovoltaics faces dual challenges in terms
of prediction accuracy and training time. Incorporating the advantages of multiple deep learning models
becomes an effective strategy to improve prediction accuracy. Agga et al. [20] proposed a hybrid deep
learning model combining CNN and LSTM, where the CNN captures spatial features and the LSTM extracts
temporal dependencies. Limouni et al. [21] combined LSTM and TCN, with LSTM, used to capture temporal
features in the data, and the connection relationship between the extracted temporal features and the output
is established through TCN to output the PV prediction results. Zhou et al. [22] predicted photovoltaic
power by combining three different neural networks CNN-LSTM-attention to form a new hybrid model. Xu
et al. [23] combined GRU and XGBoost models to predict PV power.

The above prediction mainly uses a CNN to extract spatial features, but no attention is paid to the
weight component of the extracted spatial features. At the same time, LSTM only noticed the one-way
data information and did not take into account the influence of the reverse data information. BiLSTM can
synthesize the forward and reverse evolutionary patterns of data sequences. Rao et al. [24] combined three-
layer BiLSTM and a deep neural network to fully mine the inter-data features input into a deep neural
network to improve the accuracy of PV prediction.

The findings of this research indicate that integrating the features of various deep learning models can
enhance the prediction accuracy of nonlinear and nonsmooth sequences. However, existing approaches
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have not yet developed models specifically designed to address the unique characteristics of DPV data. In
addition to constructing hybrid neural network models, existing research has also applied various signal
decomposition techniques in the field of distributed PV prediction, mainly aiming to improve prediction
accuracy and reduce the non-stationarity and uncertainty in PV data. Kong et al. [25] reduced the noise of
solar radiation data by empirical mode decomposition, inputting data into GRU and Attention Mechanism
model, where Attention Mechanism focuses on important features, and finally obtained solar radiation data.
EMD is prone to modal aliasing when processing nonlinear time series. VMD decomposes the original signal
into a specified number of non-recursive variable modes, which can be a good alternative to EMD. Zhao
et al. [26] aimed at the problem of poor accuracy of severe weather prediction, the prediction model of VMD-
KELM is proposed, which uses VMD to decompose the historical data, inputs the data into the KELM model,
and finally outputs the PV prediction results.

This paper presents a distributed photovoltaic ultra-short-term power forecasting method based on
VMD and Channel Attention Mechanism. The main contributions of this paper are as follows:

(1) By combining VMD decomposition with the cosine correlation coefficient, non-stationary noise is
eliminated and the computational time of the neural network is reduced through the decomposition
and reconstruction of the data.

(2) A new hybrid prediction model is proposed, which includes CNN, channel attention mechanism, and
BiLSTM. The channel attention mechanism can effectively extract high-dimensional space features and
dynamically adjust weights.

(3) A robust preprocessing framework is provided for distributed photovoltaic data with small sample size
and high noise.

Through the analysis of a distributed PV power plant dataset from Northwest China and a compar-
ison with existing methods, the proposed approach demonstrates superior prediction accuracy and holds
significant value for engineering applications.

The paper is organized as follows: The second part of this paper introduces the principle of distributed
PV decomposition and reconstruction; the third part introduces the deep learning model construction of this
paper incorporating the channel attention mechanism; the fourth part introduces the ultrashort-term power
prediction process of DPV power generation based on the variational pattern decomposition and the channel
attention mechanism; the fifth part includes the conditions of the arithmetic case, the data preprocessing,
the feature extraction, and the model evaluation indexes as well as the part of the analysis of arithmetic case;
and the sixth part is divided into the conclusion of this paper.

2 Distributed Photovoltaic Power Decomposition and Reconstruction
The output of distributed PV is influenced by various external uncertainties, especially the fluctuation of

weather conditions, which leads to a complex non-stationarity in its time-series characteristics. To realize the
ultra-short-term and high-precision prediction of distributed PV power generation, the intrinsic mechanism
of the non-stationary characteristics needs to be revealed. VMD exhibits noise immunity and robust
properties when dealing with non-stationary signals [26]. Therefore, this paper proposes to decompose the
distributed PV historical data using variational modal decomposition, which aims to effectively decompose
the non-stationary time-series features of distributed PV power generation into multiple narrow-band
signal components with varying center frequencies, and never to reduce the complexity of distributed PV
time series.

The specific steps of VMD decomposition are:
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The input raw signal f(t) is first decomposed to obtain a set of modal functions uk(t) in which each mode
uk(t) is a finite bandwidth signal with a specific center frequency ωk . In this paper, pv(t) is used to represent
the PV output data, and the decomposition algorithm is applied to decompose the PV sequence into several
submodel sequences uk(t).

Each submodule uk(t) does not have the same center frequency ωk and bandwidth, and the following
is how the variational problem is constructed:

(1) Hilbert variation of each submodule uk(t) to obtain its one-sided spectral function.
(2) Convert the frequency of each sub-mode to its corresponding fundamental frequency band, and the

predicted center frequency e− jωk t is used to regulate the sub-modes.
(3) Based on the results of the L2 paradigm of the modulated signal described above, the bandwidth of

each submodule is evaluated and the bandwidth range of each submodule is determined. The objective
function is given as:

min
{uk},{ωk}

{
K
∑
k=1
∥ ∂t [(δ (t) + j

πt ) ⋅ uk (t)] e−jωk t ∥2
2}

s.t.
K
∑
k=1

uk (t) = pv (t)
(1)

where: δ (t) is the impulse function; {uk} is the set of decomposed sub-modalities; {ωk} is the set of center
frequencies corresponding to each component; K represents the number of modal components; pv(t) denotes
the historical power data of the distributed PV.

(4) The above constrained extreme value problem is converted into an unconstrained variational problem
to be solved using the Lagrange multiplier operator λ (t) and the penalty factor α:

L ({uk} , {ωk} , λ) =

α
K
∑
k=1
∥∂t [(δ (t) + j

πt ) ⋅ uk (t)] e−jωk t∥22 +

∥pv (t) −
K
∑
k=1

uk (t)∥
2

2
+ ⟨λ (t) , pv (t) −∑uk (t)⟩

(2)

(5) The unconstrained variational problem that has been transformed is solved used the alternating
direction approach multiplicative operators and the optimization model is updated as shown below.

∧
u

n+1
k (ω) =

∧
pv (ω) − ∑

i≠k

∧
ui (ω) +

∧

λ(ω)
2

1 + 2α (ω − ωk)2
(3)

ωn+1
k =
∫
∞

0 ω ∣∧uk (ω)∣
2

dω

∫
∞

0 ∣
∧
uk (ω)∣

2
dω

(4)

where:
∧
pv (ω), ∧ui (ω),

∧

λ (ω) are the Fourier transforms of each variable. n represents the number of

iterations, ω is the frequency ∧u
n+1
k (ω), ωn+1

k are the kth modal component and the center frequency of the
update, respectively.
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(6) During iterations, the algorithm is considered to have converged and the iterations are stopped by
comparing the magnitude of the change in mode uk (ω) between two neighboring iterations if the
change has become negligibly small (i.e., the relative error is less than the convergence threshold ε).

K
∑
k=1

∥∧u
n+1
k (ω) −

∧
u

n
k (ω)∥

2

2

∥∧u
n
k (ω)∥

2

2

< ε (5)

where: ε is the upper bound of convergence.
The above formula is the termination condition in the algorithm, which is used to determine whether

the iteration can end or not.
The choice of the number of components k is of great significance when decomposing the original signal.

If k is set to a small value, it may trigger the phenomenon of modal under-decomposition, which may reduce
the accuracy of prediction; while too large a value of k may lead to overlapping of modes or the introduction
of unwanted noise. To determine the optimal k value, different k are set and the center frequency of each
component is calculated for each k value.

Since decomposing several different sub-modalities may lead to the problem of excessive computation,
it reduces the subsequent computation. The different historical power curves are reconstructed by calculating
the correlation between each modality after decomposition and historical power for combination. The cosine
value of the sub-modal and historical PV power is utilized as an evaluation criterion, which is calculated by
the formula:

cosΨk =
⟨pvi , pv⟩
∥pvi∥ ∥pv∥ (6)

where: pvi is the ith modal component of PV power; pv is the historical PV power sequence.
The closer the magnitude of the cosine value is to 1, the more relevant the modal component is to the

generation power. Selecting components with high correlation for reconstruction to remove noisy data can
simultaneously cut down the computational complexity of the model.

3 Deep Learning Model Construction for Fusing Channel Attention Mechanisms

3.1 Spatial Feature Extraction
Ultra-short-term power prediction for distributed PV faces significant nonlinear and stochastic chal-

lenges, while traditional statistical methods make it difficult to fully capture the complex features of the
input data. CNN, as a feed-forward neural network architecture, significantly reduces the number of
weight parameters, effectively curtails the model’s complexity, and boosts the computational efficiency and
generalization ability compared to the traditional fully connected neural network [27]. The common CNN
structure mainly consists of a convolutional layer, a pooling layer, and a fully connected layer.

The convolutional layer is the key part of CNN, whose main function is to extract local features in an
image and show excellent performance in processing spatially sequential data. During the computation of the
convolutional layer, the feature maps of the previous layer interact with the convolutional kernel to generate
the output feature maps of the layer. Each output feature map is synthesized from multiple input feature maps
after the convolution operation. The specific computational process of the convolutional layer is summarized
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below:

y(l)
j =
⎛
⎝∑i∈C j

t l−1
i ⊗w(l)

i , j
⎞
⎠
+ b(l)

j (7)

t l
j = f (y(l)

j ) (8)

where: t l
j is the convolutional layer 1 feature map; C j is a set of input feature maps; b(l)

j is the bias; y(l)
j is

the output of the convolution; w(l)
i , j is the convolution kernel; f represents the activation function. In this

research, the rectified linear unit is adopted as the activation function, which is calculated by the formula.

f (x) =max (0, x) (9)

The pooling layer’s core function is to efficiently decrease the number of parameters needed for the
model by reducing the dimensionality of the image. Common pooling methods include average pooling
maximum pooling and several other methods. The maximum pooling layer is used for computation, and
its main function is to retain the most significant features of each local region and ignore unimportant
information. Fig. 1 depicts the basic architecture of the CNN in detail and shows the specific implemen-
tation steps of the convolution operation and pooling operation, where the * symbol is used to label the
convolution operation.

Figure 1: CNN structure diagram

3.2 Adjusting Feature Weights
In this paper, the feature weights are adjusted by the channel attention mechanism, which includes

Squeeze-and-Excitation Networks (SENet). The network architecture consists of two modules, compression,
and excitation, as shown in Fig. 2. First, the compression module aims to reduce the dimension of global
spatial information to reduce its complexity. Subsequently, feature extraction and learning are performed
at the channel dimension level to deeply analyze and identify the important differences among channels.
Finally, the excitation module dynamically assigns different weights to each channel based on the results of
the compression module as a way to achieve effective emphasis and suppression of features [28].
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Figure 2: SENET structure

In a convolutional neural network, each channel corresponds to a feature map, assuming that the size of
the feature map is H ×W. For the purpose of capturing the global channel features, the compression module
conducts Global Average Pooling on the feature maps of every channel. Through this operation, the spatial
dimensions, namely H and W, are compressed into a single scalar. The formula for this is:

Zc =
1

H ×W

H
∑
i=1

W
∑
j=1

Xc (i , j) (10)

where: Xc denotes the feature map of the c channel with size H ×W; Zc is the global mean of the c channel.
The channel description vector Zc generated by the compression module is fed into the excitation

module, which generates the weights of each channel through a nonlinear structure. The data is first
downscaled using a fully connected layer to reduce the number of parameters and computational effort,
with the downscaling rate set to r. Finally, the original number of channels is recovered using another fully
connected layer. This process is connected with a nonlinear activation function.

s = σ (W2δ (W1Z)) (11)

where: σ is the ReLU function; δ is the Sigmoid activation function; W1 is the reduced dimensional weight
matrix and W2 is the ascending dimensional weight matrix.

The channel weights s are redistributed to each channel of the original feature map to achieve channel
attention weighting:

X̃C = SC ⋅ XC (12)

where: SC is the weight of the c channel; X̃C is the weighted feature map.
When CNN performs convolutional operations, the features of different channels are treated equally

and the convolutional kernel processes the features of each channel in the same way. This approach
overlooks the varying significance of different channels for a specific task. The channel attention mechanism
dynamically assigns weights to each channel, emphasizing key channels and suppressing unimportant ones.
The dynamically adjusted channel features can emphasize the key information more, thus improving the
performance of CNN in prediction.

3.3 Temporal Feature Extraction
The LSTM Memory network represents an enhanced version of the recurrent neural network [29]. This

architecture effectively solves the challenge of gradient vanishing and gradient explosion faced by traditional
RNNs during the training phase through its built-in memory cell with a gating regulation mechanism. In this
paper, the extracted spatial features are input to BiLSTM for the prediction of DPV power. The architecture
of the LSTM model can be seen in Fig. 3.
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Figure 3: LSTM structure

The function of the forget gate is to determine which data in the state memory cell should be retained
and which should be forgotten. The adjustment is performed through a weighted summation of the current
input xt and the output ht−1 from the previous time step, combined with a bias term. The information is passed
through a sigmoid activation function σ(x). The value range of the output from this function is between 0
and 1. If the output value is close to 1, the historical information is retained, and vice versa, the historical
information is forgotten. The expression is given as:

ft = σ (Wf ⋅ [ht−1 , xt] + b f ) (13)

where: Wf is the weight matrix and bf is the bias term.
The input gate retains the necessary parts of the state memory cell. T operates by using the current

input data and the previous output data as inputs, which are processed separately by the sigmoid and tanh
activation functions.

The it values in the range [0, 1] and the
∧

Ct values in the range [−1, 1] generated by the input gate are

it used to regulate the extent to which the
∧

Ct new information is superimposed in the state volume, where
larger values indicate higher importance. The expression is:

it = σ (Wi ⋅ [ht−1 , xt] + bi) (14)
∧

Ct = tanh (Wg ⋅ [ht−1 , xt] + bk) (15)

where: Wi, and Wg are weight matrices and bi, bk are bias terms.
Multiply Ct−1 and ft of the previous moment state to forget the information determined to be forgotten,

and then add it ⊗
∧

Ct to get the new memory cell state Ct. The expression is:

Ct = ft ⊗ Ct−1 + it ⊗
∧

Ct (16)

The output gate is mainly used to determine the value of the next hidden state with the expression:

Ot = σ (Wo ⋅ [ht−1 , xt] + bo) (17)
ht = Ot ⊗ tanh (Ct) (18)

where: Wo is the weight matrix and bo is the bias term.
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When handling prediction tasks related to long time series data, the combined effects of multiple
historical and future input points need to be considered. Therefore, this study employs the BiLSTM network,
to address the prediction task. A distinctive feature of the strength of this approach lies in its ability to enhance
the neural network’s capacity to learn and capture future information, thereby effectively addressing the
limitations of unidirectional LSTM networks in data information extraction and representation. Compared
to the traditional unidirectional LSTM network, BiLSTM is capable of learning and extracting features from
the forward and reverse of the input sequence respectively. The BiLSTM neural network improves the ability
to understand the dependency of time series data, thus effectively enhancing the prediction accuracy of the
model. The hidden layer ht of BiLSTM consists of forward

→

ht and backward
←

ht . The expression is:

ht =
→

ht ⊕
←

ht (19)
→

ht = δLST M (ht−1 , xt , ct−1) (20)
←

ht = δLST M (ht+1 , xt , ct+1) (21)

where: ⊕ represents the element-wise sum of the forward and backward output components.
The specific structure is depicted in Fig. 4, where at each time point t, these two LSTM layers with

opposite directions receive input data synchronously. Among them, the forward direction is computed
gradually from the start of the sequence to the moment t, while the backward layer backtracks from the
moment t in the reverse direction to the start of the sequence. Eventually, the final prediction ht is obtained
by effectively integrating the outputs in these two directions.

input

forward

backward

LSTM LSTM LSTMLSTM

LSTM LSTM LSTM

output

h

C

LSTM

Figure 4: BiLSTM structure

4 Ultra-Short-Term Power Prediction Process of Distributed Photovoltaic Based on Variational Mode
Decomposition and Channel Attention Mechanism

Due to solar radiance, wind direction, and other factors, distributed PV data has significant non-
stationarity and nonlinearity, to mitigate the adverse effects of these characteristics on prediction accuracy,
this paper proposes a DPV ultrashort-term power prediction process based on VMD with channel attention
mechanism is shown in Fig. 5.
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Figure 5: Ultra-short-term power prediction process of distributed PV based on variational mode decomposition and
channel attention mechanism

Firstly, the DPV historical power is decomposed into adaptive variational modal decomposition by
VMD to reduce the non-stationarity of the PV power sequence, to avoid the prediction of each mode, which
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leads to too long computation time, the sequence is recombined by calculating the cosine correlation of
each IMF component and the original power generation to form a new prediction sequence, this method
not only effectively reduces the number of predictions but also avoids the problem of error superposition.
Secondly, the reconstructed power sequences are learned by combining a CNN with a channel attention
mechanism. The CNN can well extract the spatial features between the input data. The channel attention
mechanism can assign dynamic weights to each channel, emphasize the key channels, and suppress the
unimportant channels, and the dynamically adjusted channel features can highlight the key information
more, use BiLSTM to extract the time series features of the data, and finally output the prediction results.
The best-trained CNN-SENet-BiLSTM prediction model is obtained by adjusting the network parameters,
and the model framework is illustrated in Fig. 5.

5 Calculation Example Analysis
The experimental computer is configured as Legion Y9000P IRX8 with 13th Gen Intel(R) Core(TM)

i9-13900HX processor, NVIDIA GeForce RTX4060 Laptop GPU 8 GB graphics card, 16 GB of RAM
(5600 MHz) and Python3.12 and Tensorflow2.18 runtime environment.

5.1 Data Presentation and Analysis
To evaluate the effectiveness of the proposed method, data from a distributed PV power plant in

Northwest China is analyzed. The latitude and longitude of this location is 110○12′0.0′′ 8○48′0.0′′. The solar
energy resources in Northwest China are widely distributed, and the region has high solar radiation and long
annual sunshine time. The dataset in the algorithm includes data on direct radiance, temperature, barometric
pressure, humidity, and actual power, and the data has a 15-min resolution. The installed capacity of DPV
power stations in the region is 20 MW. The dataset consists of a full year of data for 2021, with a total of 35,026
data. The dataset in this paper comes from a single distributed PV plant in western China, which has some
limitations in reflecting regional variability. This paper only has data for 2021, which makes it difficult to cover
the long-term climate fluctuations due to the dataset’s time scale. There are also limitations in verifying the
model’s inter-annual stability. This paper sets up two types of arithmetic cases. The first case uses the entire
year of 2021 as a dataset, with data from 01 January 2021, to 31 August 2021, serving as the training set and data
from 01 September 2021, to 31 December 2021, constituting the test set. Observation indicators for the entire
test set are calculated using different models and metrics. The second case validates the algorithm seasonally,
dividing the data into four seasons: spring, summer, fall, and winter. The spring period spans February to
April 2021, the summer period covers May to July 2021, the fall period includes August to October 2021, and
the winter period ranges from November 2021 to January 2022. For each season, the first two months are used
as the training set, while the last month serves as the test set. The model’s validity is verified by calculating
performance indicators for the first week of the test set in each season.

5.2 Data Preprocessing and Feature Extraction
(1) Correlation Analysis

The accuracy of DPV power prediction is affected by a variety of meteorological factors to varying
degrees. If the prediction input factors are insufficient, the model will lead to a decrease in prediction
accuracy due to the lack of information, and conversely, too many input factors may introduce unnecessary
errors, which may lead to poorer prediction results of the model. Consequently, this paper utilizes Pearson’s
correlation coefficient to screen for the highly relevant factors, aiming to boost the prediction accuracy of
the model. The expression is:
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rρ =

n
∑
i=1
(xi − xμ) (yi − yμ)

√
n
∑
i=1
(xi − xμ)

2
√

n
∑
i=1
(yi − yμ)

2
(22)

where: xμ and yμ are the mean values of variables xi and yi, respectively. The correlation coefficient rρ is in
the range of [−1, 1]; when rρ > 0, xi, yi is positively correlated; when rρ < 0, xi, yi is negatively correlated.
The magnitude of the degree to which rρ approaches 1 indicates the magnitude of the correlation between
the variables.

As shown in Table 1, total radiation, direct radiation, scattered radiation, and air temperature are
positively correlated with the actual power, in which their correlation coefficients with the actual power
are 0.45, 0.59, 0.57, and 0.01, respectively, which indicates that the first three characteristic variables have a
large impact on the actual power and that the air temperature produces a relatively small impact that can be
ignored. The characteristic variables that are negatively correlated with the actual power are air pressure and
humidity. Among them, the correlation coefficient of humidity reaches –0.46, and the effect on the actual
power is not negligible. And the correlation coefficient of wind direction is –0.14, respectively, which has
a negligible effect on the actual power. Finally, this paper chooses to use total radiation, direct radiation,
scattered radiation, and historical power as feature inputs in the model.

Table 1: Correlation coefficients and correlation between distributed PV power and other variables

Characterization Correlation coefficient Correlation
Total radiation 0.45 Positive correlation

Direct radiation 0.59 Positive correlation
Diffuse radiation 0.57 Positive correlation
Air temperature 0.01 Positive correlation

Air pressure −0.14 Negative correlation
Humidity −0.46 Negative correlation

(2) Distributed Photovoltaic Power Decomposition and Reconstruction

Historical distributed PV power data often contain a lot of noise, which seriously affects the prediction
accuracy of the model. Therefore, VMD is employed to break down the power generation sequence into
multiple IMF components for denoising. The decomposition outcomes are presented in Fig. 6. and the
final number of IMF components obtained through the experiments are the decomposition of individual
8, intercepting 10 days, respectively. As illustrated in Fig. 6, the frequency of each Intrinsic Mode Function
(IMF) component exhibits greater stability, and the presence of modal mixing is not observed.

As the number of IMF components generated after modal decomposition is too large and predicting
them one by one will result in too large a prediction, the reconstructed distributed PV power is predicted
by calculating the cosine correlation of each IMF component with the historical power generation data,
combining the highly correlated IMF components, and removing the IMF components with low correlation
to obtain the reconstructed distributed PV power. The cosine correlation of the IMF components with the
cosine correlation of historical distributed PV power is shown in Table 2.
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Figure 6: Plot of VMD decomposition results for the intercepted section

Table 2: Cosine correlation between decomposed and raw power

Modal components Cosine coefficients
IMF1 0.51
IMF2 0.18
IMF3 0.20
IMF4 0.0272
IMF5 0.0002
IMF6 0.001
IMF7 0.0006
IMF8 0.0004

5.3 Evaluation Indicators of Model Effectiveness
A single evaluation index does not reflect the model quality well. Therefore, to assess the accuracy of

the prediction model put forward in this paper within the realm of distributed PV power prediction. In this
paper, three metrics, namely the mean absolute error (MAE), root mean square error (RMSE), and coefficient
of determination (R2), as model prediction assessment indicators. Their expressions are as follows:
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where: n represents the total number of predicted samples, ya
i represents the true value, yb

i represents the

predicted value, and Λ
y

a

i represents the mean of the true value.

5.4 Experimental Results and Analysis
In order to verify the superiority of the prediction method proposed in this paper, this method and

other methods are used to predict the examples, respectively. After experiments, this paper uses 2 layers of
convolutional layer and 2 layers of pooling layer. 2 layers of a convolutional layer of neurons were 64 and 256,
with a convolutional kernel size of 3, the activation function to choose the ReLU function; pooling layer to
select the maximum pooling layer, pooling window and the step size is 2; The channel attention mechanism
modifies the weights of channels through global average pooling, a two-layer fully connected layer network
where the first layer is a compression layer with r = 8 and ReLU activation function, and the second layer is
an expansion layer with sigmoid activation function; the number of neurons of BiLSTM is 128; the batch-size
is 600, and the epochs are 100 times. Since distributed PV power generation has a strong diurnal cycle, the
historical data in terms of days can show the characteristics of PV for one day, this paper adopts the historical
meteorological data and the historical power data as inputs to predict the future power output of single and
multi-steps in the form of a sliding window.

First, the effect of adding the VMD decomposition algorithm on improving prediction accuracy is
verified. The new dataset reconstructed by the VMD decomposition process and the original dataset without
decomposition are input into the CNN-SENet-BiLSTM network, respectively, and the same inputs are used
for the algorithms to compare the prediction results. The prediction model which is set to include VMD is set
to Model1, and the model which is directly predicted without decomposition is set to Model2. The evaluation
metrics are shown in Fig. 7, and the waveform plots of the predicted and true values are shown in Fig. 8.

As shown in Figs. 7 and 8, the VMD-treated dataset improves the prediction results. The prediction
result evaluation metrics MAE, RMSE, and R2 after VMD processing are compared with those without
VMD processing, in which MAE is reduced by 16%, RMSE is decreased by 4%, and R2 is increased by 2%.
Secondly, the effectiveness of the proposed CNN-SENet-BiLSTM model in enhancing single-step and multi-
step prediction accuracy is systematically evaluated. The model put forward in this paper is contrasted with
CNN, CNN-LSTM and CNN-BiLSTM, respectively. Where the method proposed in this paper is Model1,
CNN is Model2, CNN-LSTM is Model3, and CNN-BiLSTM is Model4 in Fig. 9. The evaluation indices for
the single-step prediction of each model are presented in Fig. 9, while the overall prediction outcomes are
depicted in Fig. 10.
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Figure 7: Impact of VMD decomposition on assessment indicators

Figure 8: Plot of decomposed and undecomposed prediction results by VMD

Figure 9: Changes in evaluation metrics for single-step predictions of different models
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Figure 10: Plot of results of single-step prediction for different models

As shown in Figs. 9 and 10, Model1 demonstrates superior performance in single-step prediction. The
MAE, RMSE, and R2 values for Model1 in single-step prediction are 0.37, 0.93 MW, and 0.96, respectively.
Furthermore, the MAE values are reduced by 21%, 9%, and 26% compared to Model2, Model3, and Model4,
respectively. The value of MAE is Mean Absolute Error whose lower value suggests that the model is more
effective. The value of RMSE is reduced by 19.8%, 2%, and 20.5% compared to Model2, Model3 and Model4,
respectively. Where the value of R2 is improved by 3%, 1%, and 4% compared to Model2, Model3, and
Model4, respectively. R2 indicates the degree of model fit, the fit of the model is relatively good, but the
model in this paper is also improved compared to other models. The combined prediction method proposed
in this research shows the slightest error between the predicted and actual values, as well as the highest
degree of fitting compared to individual models. This significantly enhances prediction accuracy and reduces
prediction errors. The following evaluation metrics for the multi-step prediction of each model are shown
in Fig. 11, and the overall prediction results are shown in Fig. 12.

Figure 11: Changes in evaluation metrics for multi-step prediction with different models



Energy Eng. 2025;122(6) 2171

Figure 12: Plot of results of multi-step prediction with different models

As shown in Figs. 11 and 12, Model1 demonstrates superior performance in multi-step prediction. The
MAE, RMSE and R2 single-step prediction of Model1 are 0.49, 1.20 MW and 0.93, respectively. where the
value of MAE is reduced by 15%, 6%, and 18% as compared to Model2, Model3, and Model4, respectively.
Where the value of RMSE is reduced by 15%, 2.5%, and 10% compared to Model2, Model3, and Model4,
respectively. Where the value of R2 is increased by 4%, 1%, and 4% compared to Model2, Model3, and
Model4, respectively. Combining the comparison results of the two algorithms for predicting one day
and predicting two days, respectively, it can be seen that compared with CNN, CNN-LSTM, and CNN-
BiLSTM. The distributed PV ultrashort-term power prediction method based on the variational modal
decomposition with the channel attention mechanism proposed in this paper exhibits a more accurate and
stable performance in different time scales.

To further illustrate the superiority of this paper’s model this paper will also compare the changes of
indicators between different models and this paper’s model in different seasons. In this paper, the 7-day
average data in different seasons are used to evaluate different models, and the evaluation indexes of each
model are shown in Table 3. Fig. 13 shows the comparison between the prediction outcomes of various
models and their corresponding real-world results for a few days in spring intercepted in this paper.

As shown in Table 3, Model1 exhibits the smallest mean value across all indices in different seasons.
Specifically, the MAE is reduced by 10.8%, 8.8%, and 12.7% compared to the other models, while the RMSE
is reduced by 9.2%, 4.3%, and 5.3% compared to the respective models. R2 is improved compared to the rest
of the models. In summer and fall, the fit of each model is poorer compared to other seasons, mainly because
the weather fluctuations in summer and fall in a region in northwest China are more variable compared to
other seasons. As shown in Fig. 13, all models demonstrate higher prediction accuracy during sunny days.
During the fluctuating weather, the models face the sudden appearance of the tip value and it is difficult
to predict accurately. This kind of weather is one of the main reasons for prediction errors. As can be seen
in Fig. 13, Model1 predicted values are more in line with the real values, and the prediction performance is
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relatively good. In summary, the model introduced in this study still has good prediction performance under
different seasons.

Table 3: Comparison of different model indicators in different seasons

Season Norm Model1 Model2 Model3 Model4

Spring
MAE 0.43 0.53 0.50 0.45
RMSE 0.86 1.01 0.94 0.87

R2 0.978 0.971 0.974 0.977

Summer
MAE 0.52 0.61 0.56 0.58
RMSE 1.14 1.24 1.15 1.17

R2 0.942 0.932 0.941 0.938

Fall
MAE 0.29 0.35 0.32 0.34
RMSE 0.72 0.84 0.75 0.78

R2 0.938 0.916 0.934 0.930

Winter
MAE 0.40 0.36 0.41 0.49
RMSE 0.85 0.84 0.86 0.95

R2 0.975 0.976 0.975 0.969

Average
MAE 0.41 0.46 0.45 0.47
RMSE 0.89 0.98 0.93 0.94

R2 0.958 0.949 0.956 0.954

Figure 13: Comparison between the predicted and actual values across different models
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6 Conclusion
To achieve accurate distributed PV power predictions and improve real-time grid scheduling, this paper

introduces an ultra-short-term prediction method incorporating variational modal decomposition and a
channel attention mechanism. The approach is validated using distributed PV power generation data from
a region in northwest China. The main conclusions are as follows:

Making full use of the historical data, the historical power data are decomposed by VMD and sorted
according to the magnitude of cosine correlation, and the IMF components with higher correlation are
combined to obtain the reconstructed power data. This effectively reduces the complexity of DPV power
time series and improves the prediction accuracy of DPV power.

The new dataset composed of reconstructed distributed PV modal components is input into the
proposed network, and after the CNN and the channel attention mechanism, the spatial features between
the input data can be well extracted, and the key information can also be more prominent.

The spatial features and key information extracted by CNN-SENet are inputted into BiLSTM to complete
single-step and multi-step prediction, and finally the prediction results are obtained. Compared with other
prediction models, these results are the closest to the real values and have the smallest prediction errors.

In summary, the distributed PV ultra-short-term power prediction method based on variational modal
decomposition and the channel attention mechanism proposed in this paper demonstrates high accuracy and
stability in PV power forecasting. Furthermore, due to the distributed PV installation policies implemented
in China, various regions have integrated a large number of distributed PV resources. The method proposed
in this paper provides accurate predictions of distributed PV power, offering valuable guidance for the
efficient deployment of distributed PV energy. A significant number of distributed PV resources contribute
to the advancement of the national “dual-carbon” policy, effectively reducing China’s carbon emissions.
However, this study focuses solely on the prediction of single-distributed PV stations. Considering the
decentralized characteristics of regional distributed PV systems, future research should emphasize predicting
the output of multiple distributed PV power plants within a region. Different distributed PV power stations,
characterized by varying installed capacities, climatic conditions, and geographic locations, highlight the
importance of exploring the effects of their synergy and aggregation on prediction accuracy.

Acknowledgement: We are very grateful for the support and cooperation of Northeastern Electric Power University,
and thank the editors and reviewers for their valuable comments.

Funding Statement: The study was supported by the Inner Mongolia Power Company 2024 Staff Innovation Stu-
dio Innovation Project “Research on Cluster Output Prediction and Group Control Technology for County-Wide
Distributed Photovoltaic Construction”.

Author Contributions: The authors confirm contribution to the paper as follows: study conception and design: Zhebin
Sun, Wei Wang; data collection: Mingxuan Du, Tao Liang, Yang Liu; analysis and interpretation of results: Mingxuan
Du, Hailong Fan, Cuiping Li; draft manuscript preparation: Xingxu Zhu, Junhui Li. All authors reviewed the results
and approved the final version of the manuscript.

Availability of Data and Materials: Due to the nature of this research, participants of this study did not agree for their
data to be shared publicly, so supporting data is not available.

Ethics Approval: Not applicable.

Conflicts of Interest: The authors declare no conflicts of interest to report regarding the present study.



2174 Energy Eng. 2025;122(6)

Nomenclature
VMD Variational Mode Decomposition
EMD Empirical Mode Decomposition
CNN Convolutional Neural Network
SENet Squeeze-and-Excitation Networks
BiLSTM Bidirectional Long Short-Term Memory
TCN Temporal Convolutional Network
DPV Distributed Photovoltaic
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