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Abstract: Accurate photovoltaic (PV) power forecasting allows for better integration and management
of renewable energy sources, which can help to reduce our dependence on finite fossil fuels, drive
energy transitions and climate change mitigation, and thus promote the sustainable development
of renewable energy sources. A convolutional neural network (CNN) forecasting method with a
two-input, two-scale parallel cascade structure is proposed for ultra-short-term PV power forecasting
tasks. The dual-input pattern of the model is constructed by integrating the weather variables and the
historical power so as to convey finer information about the interaction between the weather variables
and the PV power to the model; the design of the two-branch, two-scale CNN model architecture
realizes in-depth fusion of the PV system data with the CNN’s feature extraction mechanism. Each
branch introduces an attention mechanism (AM) that focuses on the degree of influence between
elements within the historical power sequence and the degree of influence of each meteorological
variable on the historical power sequence, respectively. Actual operational data from three PV plants
under different meteorological conditions are used. Compared with the baseline model, the proposed
model shows a better forecasting performance, which provides a new idea for deep-learning-based
PV power forecasting techniques, as well as important technical support for a high percentage of PV
energy to be connected to the grid, thus promoting the sustainable development of renewable energy.

Keywords: photovoltaic power forecasting; dual input; deep learning; attention mechanism;
convolutional neural network

1. Introduction
1.1. Motivation

Since the United Nations Intergovernmental Panel on Climate Change put forward the
goal of “carbon neutrality” in October 2018, some countries around the world have taken a
series of initiatives, among which developing renewable energy sources, achieving energy
transitions, and reducing fossil fuel consumption to build a green and low-carbon energy
system are some of the important measures for achieving global carbon neutrality [1].
According to the 2022 International Renewable Energy Agency statistics [2], 2021 was a
strong year for energy transitions. By the end of 2021, renewables accounted for 38% of
the global installed capacity, adding nearly 257 GW of renewable energy. Solar power
alone accounted for over half of the renewable additions, with a record 133 GW. As a high
percentage of photovoltaic (PV) power continues to be connected to the grid, the efficiency,
security, and stability of its access pose great challenges to the robust operation of the power
system [3]. Accurate PV power forecasting can improve the efficiency of the PV power
system, realize the balance and stability of the power system, reduce energy costs and
carbon emissions, and promote the sustainable development of renewable energy sources,
which is of great significance to the sustainable development of energy.
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1.2. Related Works

In recent years, numerous scholars have studied PV power forecasting techniques.
Different forecasting theories have been applied to different forecasting time scales. Based
on the different time scales of power system operation, PV power forecasting can be classi-
fied into ultra-short-term [4], short-term, and medium- to long-term forecasts. Short-term
forecasts are generally used for power system power balance and economic dispatch, day-
ahead generation planning, day-ahead trading in the power market, and transient stability
assessment. Medium- and long-term forecasts are mainly used for power system mainte-
nance scheduling and generation forecasting. Ultra-short-term forecasts are generally used
for real-time dispatching, solving grid frequency regulation problems, and power quality
assessment. According to the different theories involved in the forecasting research, they
are divided into physical methods, statistical methods, and artificial intelligence methods
(machine learning (ML) and deep learning (DL)). The physical methods are based on the
principle of PV power generation and combine numerical weather prediction (NWP) data
with the PV system’s parameters to build a physical model to directly calculate the PV
power prediction results. Its modeling relies on detailed system geographical information,
system parameters., and accurate meteorological data, and the forecasting accuracy de-
pends heavily on the accuracy of the NWP data, which is still limited [5], and few studies
have applied them to PV power forecasting tasks for shorter time scales [6]. Statistical
methods are used to establish and optimize the mapping relationship between the historical
samples and actual PV power using curve fitting and parameter estimation with the objec-
tive of error minimization. Compared with the physical methods, statistical methods do not
need to consider many parameters of the PV systems and complex PV conversion models
and are relatively simple to model [7]. However, statistical methods require high-quality
input data and a large amount of historical data processing work, which increases the
difficulty of the data acquisition and processing [8]. In addition, statistical methods cannot
extract the nonlinear features in the data, which can produce large forecasting errors for
high-dimensional data. Many ML methods have been applied to the domain of PV power
forecasting and have shown superior forecasting performance over the physical and statis-
tical methods [9], such as support vector regression (SVR) [10], decision trees (DTs) [11],
extreme learning machines (ELMs) [12], and artificial neural networks (ANNs) [13]. Most
of the machine learning models have a wide range of applications in solving small sample
nonlinear problems, but they are hardly applicable to scenarios with higher-dimensional
data inputs and large datasets. Traditional shallow neural network models are still limited
in their ability to express complex nonlinear relationships among data, and they are also
constrained in their ability to generalize to complex classification problems [14].

Compared with shallow models, DL emphasizes the depth of the model feature struc-
ture and automatically learns the abstract features in the samples through layer-by-layer
feature transformation, which is more capable of expressing the complex nonlinear rela-
tionships between the data and maximizing the completeness and diversity of the feature
information. Deep learning methods mainly include generative adversarial networks
(GANSs) [15], recurrent neural networks (RNNSs) [16], CNNs [17], stacked autoencoders
(SAEs) [18], deep belief networks (DBNs) [19], etc.

In recent years, more and more scholars have applied DL methods to PV power
forecasting tasks. The most typical of them are CNNs and hybrids of CNN and RNN
variants, which exhibit excellent prediction performance. The significant advantage of
CNNs over other deep learning models is the use of local connectivity and a shared
weight structure, which greatly reduces the number of parameters to be trained and
increases the training speed. When large numbers of complex data are involved, the
CNN multilayer structure can extract deeper nonlinear features of the data and better
explain the abstract features and deep invariant structures inherent in the data [20]. In
addition, CNNs do not require a pre-training process, so they are more suitable for real-
time applications [21]. These advantages make CNNs an attractive choice among the
PV power forecasting methods. Research work [22] proposes a hybrid model based on
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wavelet transform (WT) [23] with a CNN applied to a short-term PV power forecasting task.
The input PV power sequence is decomposed into several different frequency sequences
using WT, and then a separate CNN is used for each frequency sequence to generate the
predictions. The results show that a higher forecasting accuracy is achieved than when
using the model without WT. Research work [24] proposes an integrated multivariate PV
power forecasting model based on VMD-CNN-BiGRU. The PV power is decomposed into
several sub-models using variable mode decomposition (VMD) [25] and then combined
with other meteorological variables to form several new multivariate sub-models. Then,
the CNN_BiGRU network is used for the forecasting of each sub-model. The results show
that the model considering the meteorological variables has better performance. Research
work [26] applies CNNs to daily wind and solar radiation forecasts, respectively. The
inputs to the CNN are taken from a multivariate numerical weather prediction system, and
the study shows that the forecasts outperform a support vector machine (SVM). Research
work [27] applies two novel CNNs, namely ResNet and DenseNet, to day-ahead PV power
forecasting. The method uses historical PV power sequences of different frequencies jointly
with other meteorological elements’ data as the input to the model. The study performed
point forecasting and probabilistic forecasting tasks, and the accuracy and reliability of
the proposed forecasting method are demonstrated. Research work [28] compares the
day-ahead PV power forecasting results of three models, a CNN, Long Short-Term Memory
(LSTM) [29], and CNN_LSTM, on multivariate PV datasets of different lengths. The results
show that both the CNN and CNN_LSTM achieved better forecasting results compared
to LSTM. In research work [30], two hybrid models (CNN_LSTM and ConvLSTM) are
proposed to forecast the power of a PV plant from one day to one week in advance. The
forecasts are performed on univariate (containing only historical power) and multivariate
(containing multiple weather variables) datasets, respectively. The forecasting results are
compared with the LSTM model, and the proposed method obtains more accurate forecasts.

Considering that neural networks are limited by their own computational power
and their information processing capabilities [31], attention mechanisms (AMs) have been
introduced into neural network structures. In the field of artificial intelligence, AMs
have become an important component of neural network structures. AMs allow neural
networks to focus on a subset of their input features, thus improving their ability to process
information [32]. They have been applied to PV power forecasting by individual scholars
in the latest research. Research work [33] combines an AM with ConvLSTM to utilize the
AM to adjust the weights of physical a priori features and historical PV data in the input
data. The experimental results show that the proposed method significantly improves the
accuracy of annual PV generation forecasting. In research work [34], an attention-based
long- and short-term spatio-temporal neural network prediction model (ALSM) is proposed
using multivariate sequences as the input, which combines a CNN and LSTM and applies
an AM to the output part of the whole network, aiming to capture both the short- and
long-term temporal patterns, and finally achieves hourly PV power generation prediction
during the daytime.

From the above recent studies, it can be found that deep learning models with CNN
structures are increasingly used for PV power forecasting tasks. These studies mainly
focus on investigating the methods of combining CNNs with other models, with the aim
of combining the respective advantages of multiple models to obtain better prediction
performance than using a single model. However, this approach of combining other models
exploits the advantages of each model while mixing in their respective disadvantages (e.g.,
LSTM is limited in its ability to extract spatial features [33]). How to design architectures
that maximize the advantages of the models based on the actual scenario’s requirements
can be further investigated. In addition, these studies basically use a single-input model,
with a single target sequence as the only input to the model or a multivariate sequence (a
combination of target and weather variable sequences) as the only input to the model. The
single target series input mode only provides the model with the dependencies between
the elements of the target series and does not take into account the effects of other weather
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variables on the trend in the target series. The multivariate sequence input model takes
into account the effects of the weather variables but lacks targeted extraction of the depen-
dencies between the target sequence elements. How to provide the model with a more
comprehensive and fine-grained input mode for the constraint relationships between the
target series elements can be further investigated.

1.3. The Research Work in This Paper

Inspired by the above studies, this paper proposes a dual-input CNN model based
on a two-head AM incorporating multiple meteorological variables, DI_ACNN:S, for ultra-
short-term PV power forecasting tasks. Different from previous studies, this method makes
full use of the PV system data, innovatively splits the input data into two combinations,
and provides the model with input features containing two different levels of information;
the dual-branch architecture is used to extract and focus on important feature constraints
for different time scales and to improve the upper limit of the model’s own learning ability.
The overall approach focuses on the deep integration of PV system data with the deep
learning model to maximize the diversity and completeness of the extracted features, so as
to obtain accurate and comprehensible PV power forecasting results.

The main research work can be summarized as follows:

e The DI_ACNN model is proposed. A deep learning network is designed to improve
the forecasting accuracy by innovatively considering three aspects simultaneously: the
data source, algorithm operation mechanism, and information processing capability.

e  The PV input data innovatively are split into two sets (a historical power dataset and a
mixed historical power and meteorological variable dataset), which are deeply fused
with the subsequent two sets of dual-scale convolution to provide finer input features
for the model.

e A dual-scale convolutional cascade double-head AM structure is innovatively pro-
posed. It fully utilizes the CNN’s spatio-temporal cross-feature extraction capability
and focuses on the important features while extracting the long-time and short-time
dependencies in the sequences, thus enhancing the feature learning capability of
the CNN.

o  The proposed method is validated using a case study based on three real PV generation
datasets with different meteorological conditions in China.

The paper is organized as follows: Section 2 describes the data used and the method-
ology employed in this study and the predictive performance evaluation index. Section 3
details the multiple experiments conducted in this study and the corresponding rated
conclusions. Section 4 summarizes the entire study.

2. Materials and Methods
2.1. Data Collection and Preprocessing

The experimental data in this paper are actual operational data from three PV plants
with meteorological differences in China, with a resolution of 15 min and a data length
of one year (35,040 sample points). The rated capacities of plants 1, 2, and 3 are 50 MW,
20 MW, and 35 MW. The data contain seven variables, namely active power (kW), total irra-
diance (W/m?), normal direct irradiance (W /m?), horizontal scattered irradiance (W/m?),
temperature (°C), humidity (%), and air pressure (hPa). To illustrate the meteorological
differences between the three PV plants, Figure 1 gives a box plot of all the meteorological
variables provided in the data, with the top and bottom part of the box representing the
75% quantile and 25% quantile, which means that the box contains 50% of the data. Thus,
the width of the box also represents the degree of volatility of the data over a one-year time
horizon. The symbol “x” in Figure 1 represents the annual mean of the corresponding
variable. In addition, the maximum and minimum values of the variables, the values of the
top and bottom edges of the boxes, and the median line (short horizontal line on the boxes)
are indicated in Figure 1, where the median lines of the three irradiances almost coincide
with the 25% quantile of the boxes. As can be seen from Figure 1, the total irradiance
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Total irradiance

and horizontal scattered irradiance of both plant 1 and plant 3 are relatively close to each
other and are both higher than those of plant 2. The normal direct irradiance of plant 1 is
the lowest, while that of plant 3 is the highest. Plant 3 has the highest temperature and
a relatively concentrated temperature range throughout the year. Plant 2 has the lowest
temperature. The temperature of plant 1 is between that of plant 2 and plant 3. Plant 2 has
the highest air pressure. Plant 3 has the lowest air pressure. Plant 1 has the lowest relative
humidity. Plant 2 has the highest relative humidity, much higher than that of plant 1. Plant
3’s relative humidity is between plant 1’s and plant 2’s.
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Figure 1. Box diagrams of the meteorological variables.

In this study, we considered all meteorological variables and finally selected five
meteorological variables, namely, total irradiance, normal direct irradiance, horizontal
scattered irradiance, temperature, and relative humidity. Figure 2 shows the trends of the
five meteorological variables and power for five consecutive days on the three plants (All
three irradiance levels have been reduced by a factor of 10 for clarity), and it can be seen
from this that there is an intuitive connection between the five meteorological variables
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selected and the power. These five meteorological variable sequences will be used together
with the power sequences as inputs to the multivariate input branch of the proposed model
and to the baseline models with multivariate inputs.
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Before all PV historical data (PV power and selected meteorological variables) are fed
into the forecasting model, basic pre-processing such as outlier identification, vacant value
filling and normalization operations need to be performed to reduce the impact on model
performance due to data quality. The annual datasets for the three PV plants are divided as
shown in Figure 3 [35].

Training data( ) testing data( )

f : \r L )
: Y Y :
Data used to train the model Data used validate the model

(80% of Training data) (20% of Training data)
Figure 3. The division of the input history data.

2.2. The One-Dimensional CNN Structure and Feature Extraction Mechanism

A CNN is a multilayer supervised learning neural network with a convolutional
structure designed to greatly reduce memory usage, and its three key operations are local
perceptual field, weight sharing, and pooling operations [36]. A CNN can be summarized
as a three-layer structure, with an input layer, a hidden layer, and an output layer. The
convolutional and down-sampling layers of the low hidden layer are important units for
realizing the feature extraction function, and the fully connected (FC) layers of the high
hidden layer correspond to the hidden layer of a traditional multilayer perceptron and the
classifier of logistic regression.

A 1D CNN has 2D input and output data and is mainly used for time series. So, this
paper uses a 1D CNN to perform the PV power forecasting task. Figure 4 depicts the feature
extraction process of a 1D CNN with one convolutional kernel and one convolutional layer.
Multiple kernels and multiple convolutional layers can be obtained by extending on this
basis. The input layer is an n x m matrix. The size of the convolution kernel in the
convolution operation part is 2 (2 rows), and the kernel slides along the 2D matrix of
the input layer from top to bottom with steps of 1 (stride = 1). Each step is a convolution
operation for a local data window, and the symbol “®” represents the convolution operation.
The above operation is the so-called local perception mechanism. The data window slides,
resulting in changing input, but the weights W of the convolution kernel are fixed, i.e.,
the weight sharing mechanism. After the convolution kernel convolves the input feature
map X, a bias term b is added, and then an activation function (sigmoid, tanh, or ReLU,
etc.) is passed to obtain the convolution layer feature map Y. The mapping relationship
between the input and output of the convolution operation part of the figure is shown in
Equation (1).

yi=o(W®X;+b) ey

where i represents the number of the top-down sliding window in the input matrix, y
represents the element of the convolutional layer feature map Y, and o represents the
activation function. The activation function introduces nonlinear factors to enhance the
ability of neural networks to fit complex nonlinear functions. The pooling operation part is
performed by a pooling kernel (kernel size = 2, stride = 2) to carry out simple operations
on the neurons of Y in the window range, such as averaging, maximizing, etc., to obtain
the pooled layer feature map Z. The pooling operation reduces the dimensionality of the
convolutional layer and extracts more important features, while also effectively controlling
overfitting. The FC layer in Figure 4 is used to integrate the distributed features extracted
from the previous pooling layer and pass them to the output layer by matching the scale of
the model output.
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Figure 4. One-dimensional CNN data processing flow.

2.3. The Attention Mechanism

An AM is essentially a resource allocation mechanism that changes the way resources
are allocated according to the importance level of the target of attention, so that the re-
sources are tilted more toward the object of attention. In this study, we apply it in the
convolutional network layer. In CNNSs, the resources to be allocated by the AM are the
weight parameters, and more weight parameters are assigned to the objects of attention
during the training process of the model so as to filter out useful information from a large
amount of information and achieve the purpose of improving the feature extraction ability
for the objects of attention.

In this paper, we construct a two-headed attention network, as shown in Figure 5. The
two input layer feature vectors are x = [x1, Xy, ..., x,] and X’ = [x1/, %o/, ..., x,//]. First, two
parallel dense layers (dense layer 1 and dense layer 2, i.e., two heads) are used to assign
weights to the corresponding input layer feature vectors x and X/, respectively, to obtain
weight vectors a = [a1, ay, ..., ay] and a’ = [a1/, a2, . . ., a,'], whose elemental expressions are
shown in Equations (2) and (3) as:

a; = 0(z;) 2

a; = o(z) 3)

where ¢ is the activation function ReLU, and z; and z/ have the expressions shown in
Equations (4) and (5):

z; = Dense(x;) 4)

z; = Dense(x}) (5)

Then, vectors a and 4’ are concatenated to obtain a new attention weight vector A, and
the original feature map vectors x and x” are concatenated to obtain a new vector X. Finally,

vectors X and A are multiplied by elements to obtain the output feature vector C weighted
by the AM, whose elemental expression is shown in Equation (6):

Cm=AneXy (m=1,2,...,2n). (6)
So far, adaptive adjustment of the importance of the input features is achieved.

2.4. The Framework and Functions of the Proposed Model

Neural networks mimic the human brain, and the more information is obtained from
the outside world, the more this helps the network to make more accurate judgments about
things. Following this idea, this study designs the model DI_ACNN:Ss for ultra-short-term
PV power forecasting, and the proposed model framework is shown in Figure 6.



Sustainability 2024, 16, 2786 9 of 21

Input x Dense layer 1 Attention weight a

Vector X

Attention output C

! elementwise
multiplication i i

concatenate: concatenate
Head 1

| ReLu !

Dense layer 2 Attention weight a' 0

Figure 5. The structure of the attention network.
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Figure 6. The framework of the proposed model.

The pre-processed data will be used as the input for the proposed model. The model
uses a dual-input mode with univariate data as one type of input (an n x 1-dimensional
matrix of historical power series) and multivariate data as the other type of input (an
n x m-dimensional feature matrix containing historical power series), as shown in the
matrix on the left side of Figure 6, where n represents the length of the input series and m
represents the number of features. Each small rectangle in the two input matrixes represents
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a sequence element, and ft1, ft; .. ., ft; represent the input feature variables, such as power,
irradiance, temperature, etc. The multivariate input branch mainly provides the model
with information on the temporal and spatial constraints between each feature sequence
element. Although the constraint information between the target sequence elements is
also included in this feature information, it is not intuitive, which will make the learning
process of the subsequent model difficult. Therefore, in this study, a single target sequence
input branch is added to provide the model with the constraint information between the
target sequence elements intuitively. The dual-input mode deeply fuses the PV data with
the model structure to provide the model with more refined input feature information and
improve the model’s learning efficiency.

Then, a cascade structure of dual-scale convolution + a two-headed AM is designed
for each of these two inputs, as shown in the area inside the orange and green arrows
in Figure 6. The dual-scale convolution layer is set with two convolution kernels of a
small and large size (kernel 1 and kernel 2 in Figure 6), the smaller one for extracting the
short-time dependencies between the sequence elements and the larger one for extracting
long-time dependencies. Then, the convolutional layer feature map is downscaled (2D
tensor) using the global maximum pooling method to match the input dimensionality
required by the attention module. The two-head attention module is used to focus on
the important features of the dual-scale convolutional structure feature map; for example,
in attention module 1 in Figure 6, head 1 focuses on feature map Global maxpooling1D_11
and head 2 focuses on feature map Global maxpoolinglD_12, and the whole module finally
implements the adaptive adjustment of the feature importance of the combined feature
concatenate 11. The proposed cascade structure deeply fuses the input feature data with the
feature extraction mechanism of the CNN to extract finer features while putting focus on
the important features, thus improving the learning ability of the model.

Then, Repeat Vector is used as a network adapter to convert the two sets of feature maps
after the feature focus into a 3D tensor and concatenate the two to match the data format
required by the high hidden layer of the CNN.

Finally, the above 3D feature map is extracted further using the high hidden layer
of the CNN to obtain more abstract feature information, and then the FC layer is used to
classify and output it to complete the forecasting. This design of a multi-CNN and an AM
cooperatively extracting features gives full play to the layer-by-layer feature extraction
ability of the CNN and maximizes the diversity and completeness of the feature information
extracted by the model.

More specific parameter selection will be described in detail in Section 3.

2.5. Evaluation Indexes

In order to be able to objectively assess the forecasting performance of the proposed
model from multiple perspectives, five commonly used evaluation indexes are selected
in this study: MAE (Mean Absolute Error), NMAE (Normalized Mean Absolute Error),
RMSE (Root Mean Square Error), NRMSE (Normalized Root Mean Square Error), and R?
(Coefficient of Determination).

MAE measures the mean of the forecast residuals and is insensitive to outliers in
the data, while RMSE measures the variance in the residuals and is sensitive to outliers
and penalizes larger errors more. They have the same units as the actual values and can
visually express the accuracy of the forecasting results, with smaller MAE and RMSE values
implying the higher accuracy of the forecasting model.

NMAE and NRMSE are two evaluation metrics normalized to the MAE and RMSE,
respectively, which are used to evaluate the performance of the model on different data. A
smaller value means a better performance of the model on the data.

The above evaluation indexes can assess the accuracy of the forecasting results but
cannot judge the degree of fit between the forecasting curve and the actual curve. R? quan-
tifies the degree of the fit between the forecasted values and the actual measurements and
represents the proportion of the actual measurements that is explained by the forecasting
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model, which is a unit-less fraction with a value from 0 to 1. The closer the value is to 1, the
better the forecasting curve is fitted to the curve of the actual measurements, and the more
explainable the model is. The formula for each evaluation index is as follows:

18 .
MAE = =Y " |p: — pi| )
3
NMAE = —Mf‘ E (8)
P
18 5
RMSE = [=Y " (pr— pr) &)
3
NRMSE = RA;fSE (10)
AN\2
Y (pt —pt)
RR=1--t (11)

Zt; (Pt - ?test)z

where p; denotes the measured values of power, p; denotes the predicted values of power,
7 denotes the mean value of the entire historical power data, 7,,,, is the mean value of the
test set of power data, and n represents the number of predicted power sample points.

3. Experiments and Results
3.1. Experimental Settings

The following five experiments are conducted in this paper, each on the three sets
of PV data presented above: (1) Input branch ablation experiment: To demonstrate the
superiority of the dual-input mode of the proposed model, we first let the historical power
input branch and the multivariate input branch perform the forecasting task separately as
the input of the whole model and then compare the two sets of results with the forecasting
results of the proposed model. (2) Dual-scale convolution ablation experiment: To verify the
feature extraction ability of dual-scale convolution, in the proposed model, we keep one of
the two scale convolution structures to perform the forecasting task separately and compare
their forecasting results with those of the proposed model. (3) AM ablation experiments: To
verify the role of the two-headed attention module in improving the model performance,
the experimental results of the dual-input multi-CNN model with the attention module
removed are compared with the proposed model. (4) To demonstrate the forecasting
performance of the proposed model, the forecasting results of the proposed model are
compared with the baseline model with traditional input modes. (5) To investigate the effect
of different meteorological conditions on the model performance, the forecasting results
of the proposed model on three sets of PV data with different meteorological conditions
are compared.

The parameters involved in the proposed model are shown in Table 1. The labeling of
each layer corresponds to the labeling of each layer in Figure 6. To verify the superiority
of the proposed model, we use both the single CNN model in conventional input mode
and the CNN_LSTM [28] model in conventional input mode as the baseline models with
excellent performance in the field of PV power forecasting. The parameters of the CNN
part of CNN_LSTM are the same as those of the single CNN, the number of filters in the
convolutional layer is 64, the kernel size is 2, and the maximum pooling layer kernel size is
2. The number of neurons in the LSTM in CNN_LSTM is 128, and the number of neurons
in the FC layer is 256. The number of FC neurons in the single CNN is 64. All the other
parameters are the same as those of the proposed model. All the above parameters are
finalized using the trial-and-error method.
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Table 1. The parameters of the proposed model.

The Layers for DI_ACNNs Parameters of Each Layer

ConvlD 11

Filters: 64, kernel size: 2, stride = 1, activation: ‘relu’, padding: ‘same’

Global_MaxPooling1D 11 -

Dropout 11 Rate=0.1
Conv1D 12 Filters: 64, kernel size: 16, stride: 1, activation: ‘relu’, padding: ‘same’
GlobalMaxPooling1D 12 -
Dropout 12 Rate =0.1
Attention module 1 (Head1) Neurons: 64, activation: ‘relu’, kernel_regularizer: 12 (0.0001)
Attention module 1 (Head2) Neurons: 64, activation: ‘relu’, kernel_regularizer: 12 (0.0001)
Multiply 1 -
RepeatVector 1 8
ConvlD_21 Filters: 64, kernel size: 2, stride: 1, activation: ‘relu’, padding: ‘same’
GlobalMaxPooling1D 22 -
Conv1D 22 Filters: 64, kernel size: 16, stride: 1, activation: ‘relu’, padding: ‘same’
GlobalMaxPooling1D 22 -
Attention module 2 (Head1) Neurons: 64, activation: ‘relu’, kernel_regularizer: 12 (0.0001)
Attention module 2 (Head2) Neurons: 64, activation: ‘relu’, kernel_regularizer: 12 (0.0001)
Multiply 2 -
RepeatVector 2 8
Concatenate 3 -
ConvlD 3 Filters: 64, kernel size: 4, stride: 1, activation: ‘relu’, padding: ‘same’
MaxPooling1D 3 Pool kernel size: 2, stride: 2
flatten -
Fully connected Neurons: 64, activation: ‘relu’, kernel_regularizer: 12 (0.0001)
Output Power (t+ 1)
Others Epochs: 200; EarlyStopping:monitor: ‘mse’; Batch-size: 32 (plantl), 32 (plant2), 48

(plant3); patience: 5; min_delta: 0.0001

The first column of the table represents the name of each layer in the proposed model, and the serial number
labeled after the name represents the specific location of the layer in the model, which corresponds to the location
of the layer that has been labeled with the same serial number in Figure 6.

3.2. Results and Discussion

In the branch ablation experiments, the MAE and RMSE of the univariate input mode,
multivariate input mode, and the proposed model are compared, and the experimental
results are shown in Table 2. Input 1_CNN represents a univariate input mode, which
has only historical power sequences as input variables, and Input 2_CNN represents a
multivariate input mode, which has a mixture of historical power series and weather
variable series as the input variables. It can be seen that the forecasting accuracy of the
proposed model is higher than that of each input branch alone for the three different PV
plants. Figure 7a,b show the percentage boosts in the MAE and RMSE of the proposed
models relative to the two single-input models, respectively. Relative to the univariate
input mode and the multivariate input mode, the percentage boosts in the MAE for the
proposed model are 19.9% and 23.91%, and the percentage boosts in the RMSE are 10.4%
and 9.54%, respectively, for plant 1; for plant 2, the percentage boosts in the MAE for the
proposed model are 21.63% and 31.5%, and the percentage boosts in the RMSE are 14.13%
and 12.3%; for plant 3, the percentage boosts in the MAE for the proposed model are 19.34%
and 35.74%, and the percentage boosts in the RMSE are 1.5% and 13.58%, respectively.
From the above data, it can be seen that the MAE of the proposed model on the data from
the three PV plants has improved to a great extent in general compared with each input
branch alone. The RMSEs of the proposed models are also both improved. The above
results show that the proposed model deeply integrates the PV data with the network
architecture through the dual-input mode, which provides richer feature information to the
model than the original data input mode and obtains a higher forecasting accuracy.
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Table 2. The forecasting results of the proposed model and the two single-input model.

Plant 1 (50 MW) Plant 2 (20 MW) Plant 3 (35 MW)

Model

MAE

RMSE MAE RMSE MAE RMSE

DI_ACNNSs
Input 1_CNN
Input 2. CNN

0.668
0.834
0.878

1.782 0.250 0.699 0.392 1.063
1.989 0.319 0.814 0.486 1.079
1.970 0.365 0.797 0.610 1.230

The bolded values in the table represent the optimal accuracy values.

Input 1_CNN Input 2_CNN

(@)

Input 1_CNN Input 2_CNN

(b)

Figure 7. Percentage boosts in MAE (a) and RMSE (b) of the proposed models relative to the two
single-input modes in the branch ablation experiments.

In the dual-scale convolution ablation experiment, we separately convolve the input
data using the convolutional structures of two scales and then compare their forecasting
results with those of the proposed model (dual-scale convolution), and the experimental
results are shown in Table 3. DI_ACNN s (kernel 1) represents the model with a small-scale
(kernel size = 2) convolution structure, and the size of convolution kernel 1 is 2, which is
mainly used to extract the short-time dependencies of the adjacent elements of the input
sequence; DI_ACNNS5s (kernel 2) represents the model with a large-scale (kernel size = 16)
convolution structure, and the size of convolution kernel 2 is 16, which is mainly used
to extract the long-time dependencies between the input sequence elements of the input
sequence. It can be seen that the forecasting accuracy of the proposed model is higher than
that of the model with a single-scale convolutional structure for three different.

Table 3. The forecasting results comparison of the proposed model and the models with single-scale
convolutional structure.

Model

Plant 1 (50 MW) Plant 2 (20 MW) Plant 3 (35 MW)

MAE RMSE MAE RMSE MAE RMSE

DI_ACNNSs
DI_ACNN (kernel 1)
DI_ACNN (kernel 2)

0.668 1.782 0.250 0.699 0.392 1.063
0.758 1.868 0.366 0.806 0.454 1.099
0.717 1.823 0.300 0.740 0.398 1.080

The bolded values in the table represent the optimal accuracy values.
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PV plants. Figure 8a,b show the percentage boosts in the MAE and RMSE of the
proposed models relative to the models with a single-scale convolutional structure, respec-
tively. Relative to the model with a small-scale convolution structure and the model with a
large-scale convolution structure, the percentage boosts in the MAE for the proposed model
are 11.87% and 6.83%, and the percentage boosts in the RMSE are 4.6% and 2.25%, respec-
tively, for plant 1; for plant 2, the percentage boosts in the MAE for the proposed model are
31.69% and 16.67%, and the percentage boosts in the RMSE are 13.28% and 5.5%; for plant
3, the percentage boosts in the MAE for the proposed model are 13.66% and 1.5%, and the
percentage boosts in the RMSE are 3.3% and 1.6%, respectively. The above results show
that the dual-scale convolutional structure deeply fuses the PV data with the CNN feature
extraction mechanism, which extracts both the short-term dependencies and long-term
dependencies among the sequence elements, improves the feature extraction capability of
the CNN, and enables the whole model to obtain more accurate forecasting results.

DI_ACNN (kernel 1) = DI_ACNN (kemnel 2)
(b)

Figure 8. Percentage boost in MAE (b) and RMSE (a) of the proposed models relative to the models
with single-scale convolutional structure in the dual-scale convolution ablation experiment.

In the AM ablation experiments, the MAE and RMSE of the model with the two-
headed attention module removed (DI_CNNs) and the proposed model are compared,
and the experimental results are shown in Table 4, from which it can be seen that the
forecasting accuracy of the proposed model is higher than that of the model without the
attention structure for three different PV plants. For plant 1, the proposed model has an
MAE percentage boost of 8.49%, while the RMSE has a negative percentage boost of 0.1%.
For plant 2, the MAE percentage boost of the proposed model is 4.2%, and the RMSE
percentage boost is 3.8%; for plant 3, the MAE percentage boost of the proposed model
is 3.7%, and the RMSE percentage boost is 1.1%. From the above data, it can be seen that
the proposed model has an improved forecasting accuracy for all three PV plant datasets
compared to the model with the two-headed attention module removed. Plant 1 has the
most significant MAE boost, while the RMSE is basically not improved, but the performance
is still improved according to a comprehensive view. In conclusion, the introduction of
the two-headed attention module improves the learning capability of the network and
enhances the performance of the overall model.
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Table 4. Forecasting result comparison of the proposed model and the model with the two-headed
attention module removed.

Model Plant 1 (50 MW) Plant 2 (20 MW) Plant 3 (35 MW)
ode

MAE RMSE MAE RMSE MAE RMSE
DI_ACNNSs 0.668 1.782 0.250 0.699 0.392 1.063
DI_CNNs 0.730 1.780 0.261 0.706 0.407 1.075

The bolded values in the table represent the optimal accuracy values.

Table 5 shows the MAE, RMSE, and R? of the forecasting results for the proposed
model and the baseline models with conventional input patterns (CNN and CNN_LSTM)
on the data from the three plants, where the prefix “Multivar” represents the multivariate
input mode, and the prefix “Univar” represents the univariate input mode, from which it
can be seen that the proposed model achieves a higher forecasting accuracy than all the
baseline models for all three plants. The R? of both the proposed model and the baseline
model is above 0.98 on the data of the three plants, which indicates that all the models have
a better data fitting ability. The maximum R? value of 0.99 is obtained for all the models on
plant 3, indicating that all the models fit the data best on these data.

Table 5. The forecasting results comparison of the proposed model and the baseline models.

Model Plant 1 (50 MW) Plant 2 20 MW) Plant 3 (35 MW)
MAE RMSE R? MAE RMSE R? MAE RMSE R?
DI_ACNNSs 0.668 1.782 0.98 0.250 0.699 0.98 0.392 1.063 0.99
Multivar_CLSTM [30] 0.853 1.844 0.98 0.274 0.738 0.98 0.542 1.160 0.99
Univar_ CLSTM 0.734 1.854 0.98 0.419 0.908 0.98 0.487 1.121 0.99
Multivar_CNN [30] 0.858 1.818 0.98 0.284 0.742 0.98 0.481 1.122 0.99
Univar_CNN 0.776 1.881 0.98 0.397 0.895 0.98 0.500 1.124 0.99

The bolded values in the table represent the optimal accuracy values.

Figure 9a,b show the percentage boosts in the MAE and RMSE of the proposed models
relative to each baseline model, respectively. From the figures, it can be seen that the
accuracy of the proposed model is improved over each baseline model, with the MAE
boost being larger in aggregate. Compared with the baseline model with the multivariate
input mode, the proposed model shows the best forecasting performance on plant 3 with a
maximum percentage boost for the MAE of 27.67% and a maximum percentage boost for
the RMSE of 8.63%. Compared to the baseline model with a univariate input pattern, the
proposed model shows the best forecasting performance on plant 2 with a maximum boost
in the MAE of 40.33% and a maximum boost in the RMSE of 23.02%. This also shows that
the Univar_CLSTM model exhibits different forecasting performances on different data
and exhibits the worst forecasting performance on the data from plant 2, indicating the
relatively poor applicability of the Univar_CLSTM model.

The above RMSE and MAE values are more focused on quantitatively describing the
accuracy of the model forecasting. In order to provide a more intuitive description of the
ability of the proposed model to fit the actual curve, Figures 10-12 show the forecasting
results of the proposed model and the baseline model on the three plants’ data for five
consecutive days compared to the actual values. It can be seen that the forecasting results
of the proposed model are closer to the actual values for all three plants” data, indicating
that the proposed model has the best ability to fit the data.

Finally, this paper investigates the effect of input data with different meteorological
conditions on the proposed model’s forecasting performance. To describe the model’s
performance, NMAE and NRMSE are introduced to compare the differences in the model’s
performance on different data. Figure 13 shows the NMAE and NRMSE of the proposed
model for the three plants. It can be seen that the forecasting performance of the proposed
model is the best for plant 3 and the worst for plant 2, and the performance on plant 1 is



Sustainability 2024, 16, 2786

16 of 21

very close to that on plant 2 but slightly better than that on plant 2. From the analysis of
the meteorological conditions at the three plants in Section 2.1, plants 1 and 3 have a very
similar annual mean total irradiance, both higher than plant 2. Plant 3 has a significantly
higher annual mean normal direct irradiance than the other two plants, while the annual
mean pressure is the lowest of the three plants and the annual mean temperature is the
highest of the three plants, with a small fluctuation range. The annual mean total irradiance,
horizontal scattered irradiance, and temperature of plant 2 are the lowest among the three
plants, and the annual mean air pressure and relative humidity are the highest among
the three plants. The differences between the meteorological conditions at plant 2 and
the other two plants are still relatively large. In conclusion, the proposed model shows
small performance differences in the three plants with different meteorological conditions,
demonstrating good applicability.
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Figure 9. Percentage boost in MAE (a) and RMSE (b) of the proposed models relative to each baseline
model in the comparison experiments with the baseline models.
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Figure 10. Forecasting results of the proposed model and the baseline models on the plant 1 data for

five consecutive days compared to the actual values.
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Figure 11. Forecasting results of the proposed model and the baseline models on the plant 2 data for

five consecutive days compared to the actual values.
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Figure 12. Forecasting results of the proposed model and the baseline models on the plant 3 data for
five consecutive days compared to the actual values.
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Figure 13. Comparison of NMAE and NRMSE of the proposed model on data from three plants.

4. Conclusions

In this paper, a dual-input CNN model based on a two-head AM incorporating
multiple meteorological variables, DI_ACNN:S, is proposed for an ultra-short-term PV
power forecasting task. Three possible measures to improve the forecasting accuracy
are considered innovatively: first, the dual-input pattern of the model is constructed by
incorporating meteorological variables and historical electricity, so that the interaction
information between the meteorological variables and PV power can be transmitted to the
model in a more fine-grained way; then, a two-branch dual-scale convolution structure
is designed to deeply integrate the PV data with the feature extraction mechanism of the
CNN and to extract the long-term dependency and short-term dependency relationships
in the feature sequences, respectively, so as to improve the feature extraction capability
of the CNN; finally, a two-head AM is introduced based on the dual-scale convolution
structure to focus on the important features in the dual-scale convolution feature map, so as
to improve the learning capability of the whole network. These three measures, combined
with the design of a multi-CNN parallel cascade hybrid structure, give full play to the



Sustainability 2024, 16, 2786

19 of 21

advantages of the CNN algorithm and the layer-by-layer feature extraction capability, so
that the model is able to extract finer, more diversified, and deeper nonlinear features and
exhibits excellent prediction performance. The specific findings are as follows:

e To demonstrate the effectiveness of the dual-input pattern proposed in this paper,
input branch ablation experiments were conducted on data from three plants. The
experimental results show that the proposed model in this paper obtains a higher
forecasting accuracy compared with the traditional single-input mode, obtaining
a maximum MAE percentage boost of 35.74% for plant 3 and a maximum RMSE
percentage boost of 14.3% for plant 2.

o  To verify the feature extraction capability of the proposed dual-scale convolutional
structure, a dual-scale convolutional structure ablation experiment was conducted.
The experimental results show that the forecasting accuracy of the proposed model
is higher than that of the model with a single-scale convolutional structure on the
data from all three plants. The maximum percentage boost in the MAE and the
maximum percentage boost in the RMSE are obtained for plant 2, which are 31.69%
and 16.67%, respectively.

e To verify the enhancement of the network’s learning ability by the two-headed AM
proposed in this paper, we conducted an AM ablation experiment. The results show
that the forecasting accuracy of the proposed model is higher than that of the model
without the attention structure on the data of the three plants. A maximum MAE
percentage boost of 8.49% is obtained on plant 1, and a maximum RMSE percentage
boost of 3.8% is obtained on plant 2.

o To demonstrate the superiority of the performance of the proposed model, the fore-
casting results were compared with the baseline models (CNN and CNN_LSTM) with
traditional input patterns. The experimental results show that the forecasting accuracy
of the proposed model is higher than that of the respective baseline models. The
maximum percentage boost in the MAE and the maximum percentage boost in the
RMSE are both obtained on plant 2 with 40.33% and 23.02%, respectively.

e  Theeffect of PV plant data with different meteorological conditions on the performance
of the proposed model was investigated. The experimental results show that the
proposed model has a slight difference in performance on the data of the three plants,
showing good applicability.

In this study, in order to give full play to the layer-by-layer feature extraction capability
of the CNN while considering deep fusion of the PV data and model architecture, as well
as the fusion of the data and CNN feature extraction mechanism, a dual-head AM is intro-
duced to enhance the network learning capability, and a dual-scale parallel cascaded CNN
model architecture is integrated and designed to obtain excellent forecasting performance.
Practice shows that the proposed method performs well on the ultra-short-term PV power
forecasting task. Considering the limitation of CNNs in long-term dependent feature
extraction, in the subsequent study, we will consider the impact of different time-scale
data resolutions on the model performance and try to group the input data according to
different time scale resolutions to construct a model containing more time-scale feature
information, with a view to improving the long-term feature extraction capability of the
model and applying it to PV power forecasting tasks for longer time scales (short-term and
medium- to long-term) so that it can provide reliable technical support for the sustainable
development of PV energy.
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