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Abstract: To address the issue of declining prediction accuracy caused by the lack of
data in newly constructed wind and solar power stations, this paper introduces a transfer
learning-based forecasting approach for wind and photovoltaic power. The method incor-
porates sensitive meteorological feature selection and utilizes a Temporal Convolutional
Network–Attention–Long Short-Term Memory (TCN-ATT-LSTM) model. Spearman’s rank
correlation, mutual information entropy, and Pearson correlation are employed to investi-
gate the relationship between meteorological features and power output. Through evidence
theory, meteorological features with a cumulative contribution exceeding 85% are selected
as inputs for the wind and solar power forecasting model. The TCN-ATT-LSTM network is
pre-trained to extract common knowledge, and transfer learning is applied to fine-tune (FT)
the model through network parameter adjustments. This enables the adaptive model to be
quickly constructed for target wind and solar power stations with limited data, improving
the prediction accuracy. Finally, the effectiveness of the proposed method is validated
through its application to data from a projected wind and solar power station planned for a
region in northwestern China. The proposed method not only enhances forecasting accu-
racy for emerging wind and solar power stations with limited data but also has significant
implications for the renewable energy industry.

Keywords: transfer learning; wind and solar; sensitive meteorological features; power
forecasting

1. Introduction
With the depletion of fossil fuels and the increasing severity of environmental pollu-

tion, the development of renewable energy has become an urgent task. Wind and solar
energy, as green and pollution-free renewable energy sources, have seen a continuous
rise in grid penetration [1–3]. To effectively combat the climate change and energy crisis,
countries around the world are vigorously advancing the low-carbon, clean, and sustain-
able transformation of energy systems to address global climate change, environmental
pollution, and energy strategies [4]. In this context, generating time-series power curves for
wind and solar energy based on meteorological characteristics under natural conditions is
essential for providing reliable data support for power grid planning [5].
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In the current research on wind and solar power forecasting, effectively utilizing
Numerical Weather Prediction (NWP) data is key to improving prediction accuracy [6–8].
NWP data provide various meteorological data including wind direction, wind speed, and
so on, but not all the features are useful for forecasting. Therefore, it is necessary to extract,
select, and optimize sensitive meteorological features from NWP data to improve prediction
accuracy and reduce model complexity. Feature selection methods can be categorized
as the following two types [9]: the first directly selects important features for model
construction without altering the feature data, and the second maps features into a lower-
dimensional space based on data relationships, which is more suited for large datasets
with strong correlations. However, due to the significant variation in NWP data features, it
can introduce noise, ultimately hindering prediction accuracy. Reference [10] presented
a method for ultra-short-term wind speed correction based on NWP data. Reference [11]
introduced a short-term wind power forecasting method that improved prediction accuracy
by detecting and correcting errors within NWP data, thereby enhancing the reliability of
short-term wind power forecasts. Reference [12] utilized the information entropy-based
feature selection principle to effectively select meteorological features that significantly
impact power output. Most current studies on feature selection rely on single correlation
evaluation metrics, such as Pearson, Spearman, or information entropy. However, using a
single metric may introduce biases, leading to errors in feature selection.

Current research on modeling time series power curves for solar and wind energy
is typically classified into two primary categories: mechanism-driven methods and data-
driven methods [13]. Mechanism-driven methods are based on the fundamental principles
of wind and solar power generation, calculating output power through physical formulas
and key meteorological parameters such as wind speed and solar radiation [1]. However,
the complexities of actual operations are always overlooked by these methods, resulting
in smoother simulated curves that differ significantly from real conditions. On the other
hand, data-driven methods utilize artificial intelligence techniques to uncover the complex
nonlinear relationships between meteorological features and power output from measured
data, generating power curves that are more reflective of reality [14,15]. Nevertheless,
data-driven methods require a large amount of historical data, and their performance is
limited when data are scarce.

To address this issue, transfer learning is introduced by migrating a pre-trained wind
and solar power output model, developed using data-rich sites, to newly established sites
with similar characteristics but limited data availability. This approach not only mitigates
the problem of data scarcity and enhances prediction accuracy but also significantly ac-
celerates model training [16]. Reference [17] first employed a pre-trained model to learn
the power and error characteristics of a source-domain photovoltaic power station, then
applied the learned features during model fine-tuning to achieve rapid transfer and to com-
pensate for the insufficient data volume of newly established photovoltaic power stations.
Reference [18] proposed a two-stage transfer learning method for short-term wind power
forecasting. By constructing temporal features and scenario matching, the forecasted wind
speed was preliminarily corrected from both spatial and temporal dimensions, improving
prediction accuracy. However, most of the existing research has focused on transfer learning
among wind and solar stations that are geographically close and limited in historical power
data. Moreover, these studies have been confined to a single type of power station, lacking
investigation into the features of combined wind and solar power output curves. When
there is a considerable geographical distance between source and target domains, it results
in differences in meteorological data distribution. To ensure the quality of the transfer, it
becomes necessary to extract comprehensive meteorological information features from both
domains during the transfer process.
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To address the above issue, this paper proposes a TCN-ATT-LSTM transfer learning
method for wind and solar power forecasting that incorporates sensitive meteorological
feature selection. This approach resolves the challenge of rapidly constructing adaptive
models in data-scarce target wind and solar power sites while significantly improving
prediction accuracy. The remaining structure of this paper is organized as follows. In
Section 2, the overall framework of the proposed model is introduced. In Section 3, the
selection method for sensitive meteorological feature factors and feature extraction by
TCN-ATT-LSTM pretrained network are demonstrated. Case studies are given in Section 4,
and the conclusions are presented in Section 5.

2. Overall Framework of the Model
The proposed method is divided into three main stages, as illustrated in Figure 1.
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Figure 1. Framework of the transfer learning modeling process.

Stage 1 involves the selection of sensitive meteorological features from the source
domain NWP data. The correlation between meteorological features and wind–solar
power output is calculated using the Pearson correlation coefficient, Spearman correlation
coefficient, and mutual information theory. The evidence-based optimization theory is then
applied to select meteorological features with a cumulative contribution rate of over 85%.

Stage 2 is the extraction of power generation features. In this stage, the preprocessed
NWP data from the source domain serves as input for the TCN-ATT-LSTM model, with
historical power data serving as the output. Initially, the attention-based TCN model is
employed to extract deep, significant temporal feature vectors from the NWP data for wind
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and solar power forecasting. Subsequently, the output vectors are transformed into time
series inputs for the LSTM network, capturing both short- and long-term dependencies in
the time series data. Finally, the standard deviation (SD) of the training error is introduced
as an optimization objective for the prediction system.

Stage 3 involves network knowledge transfer, which is the core of the algorithm. The
pre-trained weights and bias parameters of the TCN-ATT-LSTM model from the source
domain are preserved, and the shallow network parameters of the target domain model are
frozen to match those of the source domain, without further training. The target domain
TCN-ATT-LSTM model is then re-trained with target domain data, allowing fine-tuning of
the unfrozen layers’ weights. After training is complete, all network layers are unfrozen,
and the model undergoes a final round of fine-tuning using a very low learning rate.

3. Features Selection and TCN-ATT-LSTM Transfer Learning
3.1. Selection Method for Sensitive Meteorological Features

In this study, Pearson’s correlation coefficient, mutual information entropy, and Spear-
man’s rank correlation coefficient are employed as indicators for selecting sensitive me-
teorological feature factors [19]. The respective formulas for these indices are shown in
Equations (1)–(3):

P(S, X) =

n
∑

i=1

(
Si − S

)(
Xi − X

)
√

n
∑

i=1

(
Si − S

)2
√

n
∑

i=1

(
Xi − X

)2
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∑n

i=1(Gi − G)(Hi − H)√
∑n

i=1 (Hi − H)
2

∑n
i=1 (Gi − G)

2
(3)

where P(S, X) represents the Pearson correlation coefficient. A value closer to 1 indicates a
stronger positive correlation between the two datasets, while a value nearer to −1 signifies
a stronger negative correlation. S denotes the meteorological feature sequence, while X rep-
resents the wind and solar power output sequence. n is the dimension of the corresponding
sequence, and S and X are the mean values of the two sequences, respectively.

H represents information entropy. Mutual information entropy reflects the degree of
association between two variables. The smaller the association, the lower the mutual infor-
mation entropy. When two variables are completely independent, the mutual information
entropy is minimized (equal to zero).

Gi represents the value level of the i-th dimension in the meteorological feature se-
quence, and Hi represents the value level of the i-th dimension in the wind–solar power
sequence. G represents the mean value level of the meteorological feature sequence, and H
represents the mean value level of the wind–solar power sequence. The value of ρ ranges
from −1 to 1. A higher |ρ| value indicates a stronger correlation between the parameters.

The three evaluation metrics mentioned above each possess the ability to measure the
relationship between NWP data and power output. However, relying on a single metric
cannot fully capture the complexity of this relationship. Therefore, this study employs
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evidence-based optimization theory to combine these metrics, resulting in a final composite
confidence score given by Equation (4), as follows:

m(a, b) =


∑

a∩b=A
m1(a)m2(b)

1− ∑
a∩b=A

m1(a)m2(b)
, A ̸= ∅

0, A = ∅
(4)

where m(□) represents the trust function, which calculates the correlation between NWP
data and power output based on the Pearson correlation coefficient, mutual information
entropy, and the Spearman correlation coefficient.

The dual optimization combination is shown in Equation (5), as follows:

m(ab, c) =


∑

a∩b=A
m1(ab)m2(c)

1− ∑
a∩b=A

m1(ab)m2(c)
, A ̸= ∅

0, A = ∅
(5)

On this basis, the optimized combination confidence scores of the meteorological fea-
tures are ranked in descending order. Then, NWP features with a cumulative contribution
rate exceeding 85% are selected [20], thereby achieving the selection of key meteorological
features. And its flowchart is shown in Figure 2.
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3.2. Feature Extraction TCN-ATT-LSTM Pretrained Network
3.2.1. TCN-ATT-LSTM Network

The output power of wind and photovoltaic clusters is a typical complex time-series
structure, characterized by long temporal spans. In predicting the output power at each
time step, only the power information from previous time steps should be considered. To
address this, this paper introduces the Temporal Convolutional Network (TCN), which
integrates dilated causal convolution layers and residual connections [21]. In designing
the pre-trained network, the TCN layer is first used to extract the wind and solar output
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features from the source domain. The structure of the dilated causal convolution in TCN is
shown in Figure 3, with the dilated convolution calculated as shown in Equation (6) below:

F(u) = (x ⊙ d f )(u) =
φ−1

∑
i=0

f (i)Xs−d·i (6)

where x represents the input sequence of meteorological features, u is the position in the
dilated convolution, f is the convolution kernel, ⊙ denotes the convolution operation, d is
the dilation factor, and φ is the size of the convolution kernel.
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The self-attention mechanism can dynamically learn information between data points
to update weights, allowing the model to focus more on important input information
and improve predictive performance. To improve the model’s robustness and accelerate
convergence, this paper incorporates the attention mechanism into the TCN. The residual
unit of the TCN model, enhanced by the attention mechanism, is illustrated in Figure 4.
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The modeling of wind and solar power is a time-series problem, where there is
temporal correlation between adjacent time scales. The Long Short-Term Memory (LSTM)
neural network can effectively handle long-period time series by preserving historically
relevant information that aligns with the sequence characteristics [22]. Therefore, this paper
integrates an LSTM layer into the pre-trained network model to capture and predict both
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short- and long-term dependencies within the time series. The LSTM structure is illustrated
in Figure 5.
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3.2.2. Optimization Objective for the Combined Network

To address the randomness in the prediction results of the combined model, the stan-
dard deviation of training errors is introduced as the optimization objective for the predic-
tion system. The expression for the optimization objective is shown in Equation (7) below:

σSD =

√√√√√ N
∑

i=1

((
Pi − Pi

)
− E

)2

N
(7)

where N represents the total number of samples in the prediction dataset, Pi represents the
validation data of the dataset, Pi represents the predicted data, and E is the mean of the
training errors.

3.3. Knowledge Transfer via Network Parameter FT

In this study, to achieve the transfer of common knowledge about power generation
patterns, the TCN-ATT-LSTM feature extraction network and the rich meteorological data
from the wind and solar power databases in the source domain are used. The structure of
the target domain transfer model is kept consistent with that of the source domain model
to improve the training efficiency of the transfer model.

The optimization objective function for the network parameters in the target domain
includes minimizing the power generation prediction error for wind and solar clusters, as
well as minimizing the representation divergence between the source and target domain
models. The formula is shown in Equation (8) as follows:

min
ξ

( ∑
x∈XT

∥∥∥yT,a − yT, f

∥∥∥2
+ ∑

∥ξT,l−ξT,l−1∥≤ε

∥∥ξT,l − ξT,l−1
∥∥2
) (8)

where XT represents the input set in the target domain, yT, f is the predicted power gen-
eration value in the target domain, yT,a is the actual power generation value in the target
domain, and ξT,l represents the network parameters of the target domain model during the
l-th training iteration.

Equation (8) serves as an additional objective function for network training, with
the goal of preserving as much of the common knowledge as possible. By retraining the
dense layer, the network effectively captures the distinctive characteristics of wind and
solar power output in the target domain, thereby obtaining the optimal frozen pretrained
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network parameters. A smaller learning rate is set for the feature extraction layer to
minimize changes in the parameters of the TCN–Attention and LSTM layers, ensuring
effective fine-tuning of the pretrained network parameters.

4. Case Study and Analysis
The wind–solar data used in this study are derived from the projected wind and solar

power output from a planned power station in a region in northwestern China for the
year 2030. Specifically, data from a photovoltaic (PV) plant (Plant A) and a wind farm
(Plant B) located in a desert area are used as examples. Given the limited availability of
historical data, the source domain historical dataset consists of actual power generation and
meteorological factor data collected over three years. The target domain dataset includes
actual power generation and meteorological factor data for the Kubbei (PV) and Hangjin
(wind) regions, covering the period from 1 March 2024 to 30 March 2024. The sampling
interval is 1 h, and the dataset is split 7:3 for training and testing. The specific TCN-ATT-
LSTM hyperparameter settings are shown in Table 1. In this context, the kernel size refers
to the dimensions of the convolutional kernel, the stride denotes the step size during the
sliding process, and dilation represents the spatial gap between the convolution and the
input data [23].

Table 1. The hyperparameters for the TCN-ATT-LSTM model.

Structure Layer Input Kernel Size Stride Dilation Output

TCN block #1
Dilated Causal Conv-1 4 × 24 3 1 1 16 × 24
Dilated Causal Conv-2 16 × 24 3 1 1 16 × 24

TCN block #2
Dilated Causal Conv-1 16 × 24 3 1 2 16 × 24
Dilated Causal Conv-2 16 × 24 3 1 2 16 × 24

TCN block #3
Dilated Causal Conv-1 16 × 24 3 1 4 16 × 24
Dilated Causal Conv-2 16 × 24 3 1 4 16 × 24

TCN block #4
Dilated Causal Conv-1 16 × 24 3 1 8 16 × 24
Dilated Causal Conv-2 16 × 24 3 1 8 16 × 24

LSTM
LSTM layer 16 × 24 - - - 1 × 16

Fully connected 1 × 16 - - - 1 × 1

4.1. Results of the Sensitive Meteorological Feature Selection Strategy

Table 2 presents the NWP feature selection results from the source domain. For wind
power meteorological features, wind speed has the largest contribution, while large-scale
precipitation has the smallest. For solar power features, sunshine intensity contributes
the most, while air pressure contributes the least, indicating that the selection strategy
results are reasonable. This is because wind speed has a cubic relationship with wind
turbine power generation, while precipitation has minimal impact, only indirectly affecting
equipment like turbines or sensors. Solar power generation is determined by sunshine
intensity—the stronger the sunlight, the higher the power generation. However, changes in
air pressure usually accompany the movement of weather systems, and while low-pressure
areas may be associated with more clouds or rain, the direct impact of air pressure on solar
power generation is minimal, thus resulting in a lower contribution.

In addition, meteorological features contributing over 85% to wind and solar power
generation, as shown in the tables, were selected as inputs for the subsequent prediction
models. The analysis shows that, by selecting key meteorological features, this approach
not only reduces the complexity of input features but also ensures the preservation of
critical information, thereby reducing the model training time to a certain extent.
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Table 2. Result of source domain NWP feature filtering.

Selection Results of Wind Power Meteorological Characteristics

Meteorological Characteristics
Pearson

Correlation
Index

Mutual
Information

Entropy Value

Spearman
Correlation Index

Contribution Rate After
Dual Optimization

Combination

Wind speed at 100 m height 0.80719 0.902547 0.807 0.278669
Wind speed at 70 m height 0.841589 0.925733 0.8415 0.284937
Wind speed at 30 m height 0.830482 0.848707 0.8199 0.247796
Wind speed at 10 m height 0.778506 0.667219 0.7608 0.16816

Wind direction at 100 m height 0.01 0.987157 0.01 0.0000788
Wind direction at 70 m height 0.01 1.019574 0.01 0.0000809
Wind direction at 30 m height 0.01 1.023214 0.01 0.0000816
Wind direction at 10 m height 0.01 1.050781 0.01 0.0000831

Cloud cover 0.174265 0.811323 0.2063 0.014064
Radiation flux 0.095408 0.771664 0.0917 0.005246

Large-scale precipitation 0.099563 0.02651 0.2149 0.000279

Selection Results of PV Meteorological Characteristics

Sunshine intensity 0.828158 0.911613 0.8525 0.225
PV panel temperature detection 0.81939 0.89268 0.8390 0.216

Global horizontal irradiance 0.866445 0.913612 0.8633 0.235
UV index 0.825131 0.766496 0.8326 0.183

Atmospheric temperature 0.50876 0.5556 0.5375 0.0701
Mean wind speed 0.352289 0.442447 0.2515 0.038

Maximum wind speed 0.287183 0.952151 0.2557 0.032
Humidity 0.161997 0.024704 0.3528 0.0005

Air pressure 0.058114 0.026726 0.3339 0.0000179

4.2. Analysis of TCN-ATT-LSTM Network Transfer Learning Prediction Results

After preprocessing the source domain data, the TCN-ATT-LSTM combined neural
network is used for pretraining. The pretrained feature network is then fine-tuned using one
month of target domain data, resulting in a transfer learning prediction network adapted to
the target domain. Figure 6 illustrates the prediction results for wind and solar power using
the transfer learning method. To evaluate the accuracy of the model’s transfer performance,
the differences between the predicted wind and solar power curves and the actual power
curves in the target domain are calculated using metrics such as Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), and the coefficient of determination (R-square, R2).
The relevant calculation formulas are shown in Equations (9)–(11), as follows:

MAE =
1
I

I

∑
i=1

|yi − ŷi| (9)

RMSE =

√√√√1
I

I

∑
i=1

(yi − ŷi)
2 (10)

R2 = 1 −

I
∑

i=1
(yi − ŷi)

2

I
∑

i=1
(yi − y)2

(11)

where the number of prediction points is denoted by I, actual values of wind and solar
power are represented by yi, and the predicted values of WT and PV power are represented
by ŷi.
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Figure 6. Wind and solar power prediction results by TCN−ATT−LSTM transfer learning model. 
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Figure 6. Wind and solar power prediction results by TCN−ATT−LSTM transfer learning model.

For the wind power test set, the MAE, RMSE, and R2 errors are 0.0811, 0.1114, and
0.8895, respectively. For the solar power test set, the MAE, RMSE, and R2 errors are
0.0184, 0.0379, and 0.9771, respectively. The errors mainly occur during steep rises or
drops in the power generation curve. The analysis indicates that the transfer learning
model performs well in predictions, not only accurately capturing the overall trend but
also achieving high prediction accuracy at most precise time points. Overall, the validation
results are satisfactory.

4.3. Comparison of Transfer Learning Method with Other Methods

To highlight the advantages of the transfer learning method and its effectiveness in
handling the challenge of limited historical data, it is compared with other traditional
prediction methods. The results are shown in Figure 7.
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From Table 3, the following can be safely concluded:
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(1) Under conditions of limited historical data, the prediction performance of traditional
deep learning models decreases significantly. Both the RNN and LSTM models show
negative R2 values for the wind and solar power test sets, indicating underfitting. In
contrast, models using transfer learning exhibit significantly lower errors when gener-
ating wind and solar power curves, without signs of underfitting. This demonstrates
the effectiveness of the transfer learning approach.

(2) Compared to the pre-trained method, the proposed model reduces the MAE of wind
and solar power curves by an average of 21.19% and 42.5%, respectively, while
reducing RMSE by 24.11% and 37.25%. The R2 values increase by 12.5% and 4.97%.
This analysis shows that, while the pre-trained network effectively captures the
complex spatiotemporal mapping relationships between meteorological data and
renewable energy output characteristics in the source domain, it is still unable to
achieve efficient prediction when directly applied to the target domain. Target domain-
specific feature data adjustments are required.

(3) Compared to the LSTM model after transfer learning, the proposed method reduces
the MAE by an average of 32.81% for wind power and 34.75% for solar power, while
RMSE decreases by 31.45% and 28.89%. The R2 values increase by 16.47% and 25.82%.
This analysis indicates that the LSTM method cannot fully extract and process all the
features from the source domain. However, by incorporating the TCN-ATT module,
the model’s prediction performance is significantly enhanced.

Table 3. Comparison of prediction performance of each method.

Model Evaluating Indicator WT PV

RNN
MAE 0.2153 0.1314
RMSE 0.2524 0.1506

R2 −0.1455 −0.0611

LSTM
MAE 0.2054 0.1289
RMSE 0.2323 0.1509

R2 −0.0294 −0.2460

Pre-Trained
TCN-ATT-LSTM

MAE 0.1029 0.032
RMSE 0.1468 0.0604

R2 0.7907 0.9308

Transfer Learning
LSTM

MAE 0.1207 0.0282
RMSE 0.1625 0.0533

R2 0.7637 0.9524

Transfer Learning
TCN-ATT-LSTM

MAE 0.0811 0.0184
RMSE 0.1114 0.0379

R2 0.8895 0.9771

5. Conclusions
The study proposes a wind and solar power prediction method based on the selection

of sensitive meteorological features and TCN-ATT-LSTM transfer learning. By using
evidence-based optimization theory, the model effectively refines the selection discrepancies
from various evaluation metrics. Through knowledge transfer, source domain power
generation features are adapted to target domain tasks, enabling accurate wind and solar
power forecasting. Validated using data from the wind and solar power station planning in
northwestern China, the main conclusions are as follows:

1. The model improves transfer learning efficiency by performing NWP feature selection
prior to transfer, selecting meteorological features with a cumulative contribution of
over 85% as input, enhancing the efficiency compared to single evaluation methods;
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2. The TCN-ATT-LSTM model accurately predicts wind and solar power output in both
overall trends and most specific time points, effectively addressing the issue of limited
historical data for power forecasting. Compared to traditional deep learning models
without transfer learning, pre-trained TCN-ATT-LSTM, and transfer learning with
LSTM, this method demonstrates superior performance with significantly higher
accuracy in real-world cases;

3. As new wind and solar power stations collect more operational data, the target do-
main dataset for transfer learning will expand, enhancing forecasting accuracy. With
improved data completeness, the proportion of target domain samples in the training
set will increase, gradually transitioning the approach to deep learning methods.
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