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ABSTRACT 
The power optimization of wind farms and the optimal control of wind turbines require high-precision 
power ultra-short-term prediction for each wind turbine. In order to improve the performance of 
ultra-short-term prediction of wind power, this paper couples the LSTM model with the Logistic model 
and combines it with Graph Convolutional Neural Network (GCN) to construct the ultra-short-term 
prediction model of wind power based on Logistic-LSTM-GCN, and test and analyze the prediction 
performance of the model. Comparing the LASSO, XGboost, LSTM, GRU and TCN-LSTM models, the 
MAE and RMSE of this paper's model are the lowest among all the models, which are 3.34% and 5.89%, 
respectively, and the R² is the highest, which is 79.76%. And the MAE and RMSE predicted by the model 
with inputs of four-dimensional spatio-temporal feature matrix are smaller than the model with inputs 
of one and two dimensions, and the R² value is larger than that of one and two-dimensional model. It 
indicates that the Logistic-LSTM-GCN model based on spatio-temporal information can extract the 
spatio-temporal information of wind farms more effectively, which improves the accuracy of wind 
cluster power prediction. In addition, with the increasing time step, the error indicators MAE, MAPE 
and RMSE are gradually increasing. Taking a time step of 4s for prediction, the prediction error of the 
model is minimized when considering multivariate variables such as wind speed, wind speed 
decomposition component, yaw error, wind direction, and rotor speed. This indicates that the 
multivariate LSTM, logistic and GCN coupled model can significantly improve the performance of ultra-
short-term prediction of wind power. 
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1. Introduction 

With the transformation of the global energy structure and the deepening of the concept of sustainable 
development, wind power, as a clean and renewable form of energy, is receiving more and more 
attention and emphasis. The accurate prediction of wind power is of vital significance to the stable 
operation of the power system, the effective utilization of energy and the economic operation of wind 
farms. Therefore, the study of wind power ultra-short-term prediction method has become a hot topic 
in the current energy field [1-4]. 

Ultra-short-term prediction of wind power refers to the prediction of wind farm output power in 
the next few hours, which is based on the past data of wind speed, wind direction, meteorological 
conditions, etc., and utilizes mathematical models and algorithms to predict the power generated by 
wind farms in the future period [5-8]. Accurate wind power prediction can effectively guide the 
operation and management of wind farms, optimize the power generation plan, improve the power 
generation efficiency, and reduce the energy cost. At the same time, wind power prediction also plays 
an important role in the scheduling of the power system, the optimal configuration and stable 
operation of energy storage equipment [9-11]. Ultra-short-term wind power prediction is mainly 
based on the theoretical foundation of meteorology, aerodynamics, statistics and other disciplines. 
Wind power prediction technology in some foreign wind power developed countries in the 
development of earlier, and has formed a mature prediction technology and complete system [12-15]. 
While China's research in this area is relatively lagging behind, but the progress is faster, up to now, all 
the wind farms connected to the grid in China have been equipped with wind power prediction 
systems [16-17]. 

Literature [18] emphasizes the importance of wind power prediction and describes the application 
of deep learning in wind power prediction. A new gating mechanism is adopted in the LSTM network 
to improve the prediction accuracy of LSTM in wind power prediction. The experimental results 
indicate that the improved LSTM prediction model can improve the prediction accuracy of LSTM 
prediction model in ultra-short-term wind power prediction. Literature [19] proposed a BiGRU-based 
ultra-short-term wind power prediction method. By combining ED architecture with BiGRU time 
series modeling and FT-Attention in order to improve the accuracy of wind power prediction. The 
results show that the method has a good application prospect in ultra-short-term wind power 
prediction. Literature [20] proposes an ultra-short-term wind power segmentation prediction method 
based on extreme weather identification. The prediction performance of the method was verified by 
applying the data from Texas wind farms, and it effectively improved the prediction accuracy. 
Literature [21] proposes an ultrashort-term wind power prediction method based on multivariate 
empirical dynamic modeling, which is characterized by the fact that its effectiveness depends only on 
the potential context hidden in the sequence of state variables, so it can improve the prediction 
accuracy, and the experimental results also validate its effectiveness, and it is able to obtain a more 
ahead of the prediction results. Literature [22] proposed an ultra-short-term wind power prediction 
model based on CEEMDAN with adaptive noise and LSTM network with improved WOA optimization. 
By establishing the IWOA-LSTM prediction model and applying this hybrid model to the ultra-short-
term wind power prediction of a wind farm, the effectiveness of the model was concluded after 
comparison. Literature [23] constructed a combined method combining LSTM and ARMA based on 
VMD. The application of total wind power generation through Elia database shows that the method of 
VMD-LSTM-ARMA is very practical for the prediction of wind power. Literature [24] not only outlines 
the recent research results, performance and possible future scope, but also synthesizes long-term, 
short-term and ultra-short-term wind power forecasting methods and further develops the 
classification of forecasting methods for comparative analysis. Literature [25] aims to critically 
elaborate on the currently proposed ultra-short-term wind power prediction methods. Accordingly, 
the joint power prediction methods under extreme weather scenarios are explored and their 
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effectiveness is confirmed by wind farm examples, and future research directions are proposed. 
Literature [26] describes a combined forecasting method based on day-ahead NWP localization 
techniques. The NWP information and time windows are used to localize the time points with low 
accuracy of rolling WPP forecasts, and a hybrid method combining neural network and continuous 
methods is proposed to forecast future wind power output. The results show that the proposed 
method effectively improves the ultra-short-term prediction accuracy of wind power. Literature [27] 
proposed a method for ultra-short-term wind power prediction using long and short-term memory 
neural networks. The hyperparameters of the LSTM prediction model were determined using the 
Spearman rank correlation coefficient method, and the LSTM prediction model was validated based 
on the measured data. The results show that the method exhibits higher prediction accuracy relative 
to the traditional artificial neural network. 

In this paper, three models, namely LSTM, Logistic and GCN, are coupled and the model inputs are 
set to be multivariate data such as wind speed, wind speed decomposition component, yaw error, wind 
direction, and rotor speed, to realize the effective prediction of ultra-short-term power of wind power. 
In order to evaluate the prediction performance of the model, the Logistic-LSTM-GCN model in this 
paper is first experimentally compared with five commonly used models, namely, LASSO, XGboost, 
LSTM, GRU and TCN-LSTM. Then, the performance of the model is tested from two perspectives, 
namely, time step and unit characteristics, to explore the variation of the model's prediction 
performance under different time steps and the influence of the unit characteristics with different 
combinations of variables on the model's prediction performance. 

2. Logistic-LSTM-GCN based ultra-short-term prediction model for wind power 
generation 

There are some shortcomings in forecasting with a single forecasting model, such as incomplete 
information sources and sensitivity to the form of model settings. Combined forecasting refers to the 
application of two or more forecasting models for forecasting, the combined use of the information 
provided by a single model, in the form of an appropriate weighted average to produce a combined 
forecasting model, as much as possible to improve the accuracy. There are linear combination models, 
optimal linear combination models, Bayesian combination models, transformation function 
combination models, econometric and system dynamics combination models, etc. In this paper, a 
linear combination model combining Logistic model, LSTM model, and GCN model is used for ultra-
short-term prediction of wind power. 

2.1. Logistic and LSTM model bases 

2.1.1. Logistic model. Logistic model, which can also be called logistic regression model, is a 
generalized linear regression analysis model [28]. In this paper, the Logistic model is used to predict 
the ultra-short-term power of wind power, which is given by: 

  
0

0

( )
1

rt

rt

KPe
P t

K P e


   (1) 

where t  is time. K  is the capacity, i.e., the limit that can be reached ( )P t  by growing to the end. 0P  
is the initial capacity, i.e., the number of 0t    moments. r   is the growth rate, r   the larger the 
growth is faster, the faster approaching K   value, r   the smaller the growth is slower, the slower 
approaching K  value. After the establishment of the logistic model in this paper, the nonlinear least 
squares method is used to estimate the parameters of K , 0P , and r , and to predict the future data. 

The Logistic model starts off with a roughly exponential growth in the initial stages. Then the 
increase slows down as it begins to become saturated. Logistic models are commonly used in the fields 
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of data mining, automatic disease diagnosis, economic forecasting, and so on. 

2.1.2. LSTM model. LSTM is a temporal recurrent neural network speciϐically designed to solve the 
long-term dependency problem that exists in general recurrent neural networks (RNNs) [29]. LSTM 
avoids the problem of gradient vanishing or gradient inϐlation by increasing the input thresholds, 
forgetting thresholds, and output thresholds, so that the weights are changing during the self-looping 
process. Due to its unique design structure, LSTM is suitable for processing and predicting important 
events with intervals and delays in the time series. 

The LSTM unit structure flow is shown in Fig. 1, where A  module is the unit structure of LSTM. 
Assuming that ih  is the output value of the state at moment i , ix  is the input value at moment i , 
W   denotes the weight matrix of the corresponding gate, and b   denotes the bias of the 
corresponding gate, the specific flow of LSTM is: 

1) Forgetting threshold: combine the network output of the previous moment with the network 
input of the current moment, and then perform a linear transformation through the sigmoid activation 
function, and map the result to 0~1 as the memory attenuation coefficient tf  , where 1 means 
"complete acceptance" and 0 means "complete ignorance", the formula is as follows: 

   1,t f t t ff W h x b     (2) 

2) Input threshold: determine what new information needs to be saved in the cell state. First, the 
coefficient ti   of the input threshold is obtained using a method similar to the calculation of the 
memory decay coefficient, after which the learned memory tC  of the current state is obtained by a 
linear transformation and the tanh activation function, which is given by the two-step equation: 

   1,t i t t ii W h x b     (3) 

   1tanh ,t C t t CC W h x b    (4) 

3) Cell state update: For the previous moment state 1tC   multiplied by its attenuation coefficient 

tf , plus the memory learned under that moment tC  multiplied by its attenuation coefficient ti , to 
get the state update value, Eq: 

 1t t t t tC f C i C      (5) 

4) Output threshold: firstly, the coefficient to  of the output threshold is obtained by the method 
similar to the calculation of the memory decay coefficient, and then the output value is obtained by 
multiplying with the coefficient after inputting the cell state into tanh, which is given by the two-step 
formula: 

   1,t o t t oo W h x b     (6) 

  tanht t th o C   (7) 
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Fig. 1. Flow diagram of LSTM unit structure 

2.2. Coupled LSTM and Logistic Prediction Models 

Based on the above two models, in this paper, the prediction results of Logistic model and LSTM model 
are used to train the weight parameters by linear regression network. And the prediction is carried 
out in order to get better prediction results. The combined prediction model is defined as: 

 1 1 2 2ŷ x w x w b    (8) 

where model output ŷ  is the prediction of the true cumulative number of diagnosed patients, 1x  is 
the result obtained from the LSTM model, 2x  is the result obtained from the Logistic model, 1w  and 

2w  are the weights, and b  is the bias. 
The loss function is: 
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In model training, a set of model parameters, denoted as *
1w  , *

2w  , *b  , is found and small batch 
stochastic gradient descent is used to optimize the parameters to minimize the average loss of the 
training samples, Eq: 
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Small batch stochastic gradient descent is used to optimize the parameters, and the model 
parameters are iterated as follows: 
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 (11) 

where   denotes the number of samples in each small batch,   is called the learning rate,   too 
large may lead to oscillations and fail to converge, and   too small will lead to slow convergence, so 
it is crucial to choose an appropriate value of  . 

The structure of the established Logistic-LSTM combined prediction model is shown in Fig. 2, in 
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which the LSTM model has four layers of the network: input layer, LSTM layer, fully connected layer, 
and regression output layer, in which the LSTM layer is set to have 200 implied units.The prediction 
results of the Logistic model and the LSTM model are used as two inputs to the linear regression 
network, and the outputs of this combined prediction model are trained by the linear regression 
network. After this combined prediction model, the output result is the prediction result of this 
combined prediction model. 
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Fig. 2. Structure of Logistic-LSTM combined prediction model 

2.3. Ultra-short-term prediction model for wind farms incorporating GCN 

In order to further improve the accuracy of the ultra-short-term prediction of wind power, it is 
necessary to comprehensively consider the time-series correlation of wind speed, the spatial 
correlation of wind farms, and the station loss. Therefore, in this paper, based on the combined 
Logistic-LSTM prediction model, a GCN neural network [30] is introduced to solve the spatial 
correlation problem of wind farms and the station loss problem, while the temporal correlation 
problem is solved by the LSTM network, and ultimately, a deep spatio-temporal network of the ultra-
short-term prediction model of wind power is constructed. 

The model has four layers of neural networks, in which the first layer is a Logistic-LSTM network, 
the input is the data of key historical moments in the wind farm, and the output is a vector containing 
temporal features. The second layer is a GCN network, which builds a graph model with the correlation 
of spatial locations between WTGs, and combines the data output from the Logistic-LSTM network 
layer to form the graph data as inputs, and then extracts information from neighboring nodes 
connected to each node and updates the state of that node, which is used for extracting the spatial 
information within the wind farm. The third layer is also a GCN network, which is used to solve the 
problem of loss in the wind farm station by constructing the topology map of the electrical connections 
of the wind turbines and combining it with the data composition graph data processed by the second 
layer of the network as input. The fourth layer is the full connectivity layer, which integrates the output 
data from the first three layers of the network as the power generation of the entire wind farm. 

2.3.1. GCN networks address spatial correlation issues. The graph convolutional neural network 
utilizes the structural information of the edge-vertex connections of the WTG connectivity graph A  
and the input data of each WTG H   for feature extraction of the implicit graph information. The 
message propagation between layers is given by equation (12) and the feature aggregation between 
turbines is given by equation (13): 

 
1 1

( 1) ( ) ( )2 2l l lH D AD H W
   

  
 

   (12) 



QUANTIFICATION OF ULTRA-SHORT-TERM FORECASTING PERFORMANCE 9413 

 

 

   0.5 0.5 0.5 0.5

0.5 0.5

0.5
0.5

0.5 0.5

1

i i

ik i
k

ii ij j
j k

ii ij ij j
j

ij j
j ii ij

D AD H D A D H

D A D H

D A D

D A D H

A H
D D

 



 
  
 









 





    

 

 

 


 

 (13) 

The spatial correlation between WTGs can be effectively solved by using GCN network. In the 
connection relationship between WTGs in a wind farm, the initial attribute of each node, i.e., the input, 
is the time-series feature vector of WTGs extracted after the LSTM network layer. After the first layer 
of GCN network, the historical operation information of the neighboring units of each WTG is fully 
aggregated, and the feature vector of each node is transformed into m dimensions, outputting n m  
dimensions of data, so that the model takes into account both the temporal characteristics of the wind 
power and the spatial characteristics within the wind farm, and the output of this layer is the power 
generation of the WTGs. 

2.3.2. GCN network to address station losses. Station losses also need to be taken into account when 
performing wind power over short term. The wind turbines in the wind farm are connected together 
through power lines after being boosted by box transformers, and ϐinally boosted and connected to 
the grid through the main transformer of the wind farm. This process will inevitably produce line 
losses, box transformer losses, main transformer losses, etc., these are collectively referred to as 
station losses. Because the station loss is not through the grid connection point to send out part of the 
power, so the station loss does not belong to the wind farm can actually send out the power, in the 
wind farm power ultra-short-term prediction needs to be subtracted from this part of the power loss. 
However, the sources of in-station losses are diverse and difϐicult to estimate, which makes it difϐicult 
to eliminate the impact of direct calculation on its accuracy. Using the graph convolutional neural 
network, we can construct the electrical connection diagram of wind turbines of wind farms according 
to the main electrical wiring diagram of wind farms, and imply the characteristics of the losses in the 
station in the electrical connection diagram of wind turbines, so as to indirectly complete the 
computation of the losses of the converging lines, main transformers and box transformers in the wind 
farms. 

The WTGs are abstracted as nodes in the second layer GCN graph topology, and the power 
transmission paths are abstracted as edges between nodes. The propagation process of the node's own 
attributes in the GCN network well simulates the loss of WTG generation power occurring in the power 
transmission process. The input of the second GCN layer is the output matrix  

1
n mH R   of the first 

GCN layer, and the output features are the power generated by the WTGs in the wind farm,  
2

n mH R  . 
Finally, after the full connectivity layer, the node features 2H  of the n  WTGs are used as inputs to 
output the power generated by the whole wind farm in the next 4 hours. 

3. Analysis of model prediction performance 

3.1. Comparison of model prediction performance 

In order to verify the performance of the Logistic-LSTM-GCN-based ultra-short-term prediction 
model for wind power, this paper first performs an arithmetic analysis to compare the prediction 
performance of this model with other models. 
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In this paper, wind power data from 48 wind farms in Province J from February to September 2023 
are used for simulation experiments. The total installed capacity is 5486.74 MW, and the temporal 
resolution of power and weather elements is 15 min. the September data in the dataset is used as the 
test set, and the data from February to August is used as the training set. The numerical weather 
forecast elements include four weather features: wind speed, wind direction, pressure, and 
temperature. The correlation between the four weather features and the predicted power is shown in 
Figure 3. The darker the color represents the closer the weather feature is to the trend of the power. 

After analysis, the strong correlation feature screened out is wind speed, and wind direction, 
pressure and temperature are weak correlation features. In this paper, the strongly correlated feature, 
i.e., wind speed, is used as the third dimension of the input data, and wind direction, pressure and 
temperature are normalized and weighted according to the correlation size as the third dimension of 
the input data. 

 

Fig. 3. The correlation between NWP and power 

Because the superposition of the four numerical weather forecasts covers the spatial physical 
properties of the whole wind farm, the four-dimensional matrix obtained in this paper by weighting 
them by their correlation with the power generation is the spatio-temporal characteristic matrix. The 
four dimensions of the four-dimensional matrix are: the characteristic time series, the spatial 
distribution of the field stations, the NWP meteorological elements and the wind power clusters. Since 
the data set used in this paper is only one field cluster of a wind farm in Province J, and the fourth 
dimension is 1, the three-dimensional input has the same feature map as the four-dimensional input, 
and this paper only discusses the case of the four-dimensional input. 

In this paper, the processed data are normalized according to Eq. (14) before the prediction, and the 
predicted values obtained at the end of the prediction are then inversely normalized, so that the 
prediction results are guaranteed to be the same magnitude and range as the original data. Namely: 

 
ˆ

i
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i pre Max

Z
Z

Z

Z Z Z

 

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

 (14) 

where: iZ  is the actual value. Ẑ  is the normalized value. MaxZ  is the maximum value in the wind 

power sequence, preZ  is the predicted value, and ˆ
iZ  is the inverse normalized value of the predicted 

value. 
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3.1.1. Data preparation and assessment indicators. In this paper, the coefϐicient of determination 
 2R , the root-mean-square error  RMSE  and the average absolute error  MAE  are used as the 
evaluation indexes to evaluate the results of the inverse normalized wind power prediction, and the 
speciϐic expressions of the above evaluation indexes are as follows: 
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In order to test and illustrate the prediction performance of Logistic-LSTM-GCN network, the 
algorithms such as Extreme Gradient Boosting Decision Tree (EGBDT), Least Absolute Value 
Convergence and Selection Operator Algorithm (LASSO), LSTM, Gated Recurrent Unit (GRU), and TCN-
LSTM are used in this paper for comparison. 

3.1.2. Analysis of experimental results. According to the data prepared above are input into the 
Logistic-LSTM-GCN model proposed in this paper and ϐive commonly used models, namely, LASSO, 
XGboost, LSTM, GRU, and TCN-LSTM, respectively, to make predictions, and a comparison of the 
prediction results of different models is shown in Figure 4. 

Compared with other models, the predicted values of the Logistic-LSTM-GCN model proposed in 
this paper are the closest to the real values, and the prediction error is smaller. 

 

Fig. 4. Compared with other model predictions 

The specific error metrics RMSE, MAE, and R² of the different models are compared as shown in 
Table 1. The proposed Logistic-LSTM-GCN prediction model in this paper has the lowest MAE and 
RMSE and the highest R² among all the models, and its MAE is reduced by an average of 2.91% and 
3.40% compared to LASSO and XGboost, respectively.The RMSE is reduced by an average of 1.30% and 
1.98% compared to LASSO and XGboost, respectively. R², on the other hand, improved by 13.61% and 
16.70% on average, respectively. Comparing with LSTM, GRU and TCN-LSTM, the MAE is reduced by 
5.28%, 6.03% and 3.34% on average, respectively. RMSE was reduced by an average of 3.06%, 5.63% 
and 3.82%, respectively. R² improved by 29.38%, 37.45% and 20.59% on average, respectively. This 
shows that the Logistic-LSTM-GCN network model used in this paper extracts the spatio-temporal 
information of wind farms more effectively and improves the wind cluster power prediction accuracy. 
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Table 1. Comparison of different model 

Error index MAE RMSE R² 

LASSO 0.0625 0.0719 0.6615 

XGboost 0.0674 0.0787 0.6306 

GRU 0.0862 0.0895 0.5038 

LSTM 0.0937 0.1152 0.4231 

TCN-LSTM 0.0668 0.0971 0.5917 

Logistic-LSTM-GCN 0.0334 0.0589 0.7976 

 
Meanwhile, in order to verify whether the model in this paper has effectively extracted the high-

dimensional spatio-temporal information, the input features are classified into three kinds, and the 
one-dimensional input matrix with only wind speed as the input, the two-dimensional input matrix 
with the addition of station information, and the four-dimensional input matrix with the addition of 
spatio-temporal correlation features are modeled and predicted respectively. A comparison of the 
prediction results for different inputs to the model is shown in Figure 5. 

The predicted values of wind power when the model inputs are 3D/4D spatio-temporal features are 
the closest to the real values, i.e., the best prediction of wind power. 

 

Fig. 5. Comparison of prediction results of different input models 

The various prediction error metrics under different inputs of the model are shown in Table 2. The 
results show that the model prediction with four-dimensional spatio-temporal feature matrix inputs 
reduces the RMSE by 1.93% and 0.89% on average compared with the models with one-dimensional 
and two-dimensional inputs, and the MAE reduces by 2.38% and 0.93% on average, and the R² 
improves by 17.70% and 14.59% on average, respectively. Therefore, it can be concluded that the 
Logistic-LSTM-GCN model based on spatio-temporal information can effectively extract the spatio-
temporal features of wind power clusters and improve the model accuracy. 

Table 2. Comparison of different input model 

Error index MAE RMSE R² 

One-dimensional input 0.0605 0.0852 0.6356 

Two-dimensional input 0.0501 0.0707 0.6667 

Three/four dimensional input 0.0412 0.0614 0.8126 
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3.2. Model Testing and Analysis 

In order to further validate the prediction performance of the Logistic-LSTM-GCN model, the 
prediction error test is conducted in this paper in terms of both time step and unit characteristics, 
respectively. 

3.2.1. Evaluation indicators. The size of the error represents the closeness of the predicted value to 
the actual value, and the indicators involved in the analysis in this section include the average absolute 
error  MAE  , the average absolute percentage error  MAPE  , and the root-mean-square error 
 RMSE . 

The value of RMSE  is the open root of the mean square error, which makes the value of the error 
after the open root smaller, and is mainly used to reflect the prediction, the actual value of the deviation. 
RMSE  expression is shown in equation (18): 

  2

1

1
ˆ

N

i i
i

RMSE y y
N 

   (18) 

3.2.2. Prediction Error Testing and Analysis for Different Time Steps. Since the ultra-short-term 
prediction of wind power at different time steps has different signiϐicance for WTGs as well as for wind 
power grid integration, in this section, the prediction of wind power at steps of 1~9s is performed 
respectively. The training data used comes from the wind turbine operation data of a certain model 
from a wind farm in a certain place, and the data is cleaned and interpolated, and the input data is 
adjusted to the input vector format according to the data structure, and inputted into the prediction 
model for prediction. The data used to train the model has a sample size of 2.5 million and the data 
used to test the model has a sample size of 500. 

The prediction error statistics for input vectors with different time steps are shown in Table 3. Since 
wind speed is a strongly correlated feature of wind power, in order to further explore the effect of wind 
speed on wind power prediction, the wind speed is decomposed in this paper, so the types of input 
data for the model in this section include wind speed, wind speed decomposition component, rotor 
speed, yaw error, and wind direction. 

Comparing the error metrics in Table 3, longitudinally, all error metrics are gradually increasing as 
the time step continues to increase. Comparing the MAE metrics, from 1s to 9s, the MAE error per time 
step increases by 2.11KW, 3.35KW, 2.42KW, 0.76KW, 0.65KW, 1.02KW, 1.43KW, and 2.36KW, 
respectively, the RMSE error increases by 2.86KW, 5.10KW, 1.96KW, 2.41KW, 0.75KW, 1.65KW, 2.44KW, 
and 3.22KW, and the MAPE error increases by 0.26%, 0.42%, 0.18%, 0.45%, 0.11%, 0.18%, 0.09%, and 
0.25%, respectively. 
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Table 3. Prediction error of different time steps 

Time step 
Error index 

MAE/kW RMSE/kW MAPE/% 

1s 12.13 15.79 1.56 

2s 14.24 18.65 1.82 

3s 17.59 23.75 2.24 

4s 20.01 25.71 2.42 

5s 20.77 28.12 2.87 

6s 21.42 28.87 2.98 

7s 22.44 30.52 3.16 

8s 23.87 32.96 3.25 

9s 26.23 36.18 3.50 

 
The comparison of the wind power prediction results for 1~3s, 4-6s, and 7-9s are shown in Fig. 6 

(a)~(c), respectively. As can be seen from Fig. 6, the gradual increase of the error index is presented in 
the curve graph, i.e., the fitting degree for the actual power curve graph becomes worse. The reason 
for analyzing the gradual increase of the error is that the training prediction with known data, for the 
current moment, the closer the moment the more accurate the prediction accuracy, the further the 
moment because of a variety of operational status and environmental changes, the existing data can 
not learn the characteristics of the information at that time, it will cause inaccuracy of prediction, 
prediction error becomes larger. Therefore, as the time step increases, the further away the moment 
to be predicted, the higher the prediction error obtained. Meanwhile, for the same prediction model, 
the prediction accuracies of different time steps are relatively high although they change, which 
indicates that the established prediction model has some applicability at different time steps. 

  

(a)1~3s (b)4~6s 
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(c)7~9s 

Fig. 6. Comparison of wind power prediction results 

3.2.3. Prediction Error Testing and Analysis for Different Unit Characteristics. In order to verify the 
effect of the input of different unit state quantities on the prediction accuracy, the prediction accuracies 
in the case of adding different unit state quantities are tested and compared. In order to verify the 
effect of the frequency component of the wind speed decomposition on the prediction accuracy, the 
accuracy of the prediction using the wind speed directly and the prediction using the decomposed 
wind speed are compared. 

The prediction errors of the model input data with different unit characteristics are shown in Table 
4, where the error data are trained based on the Logistic-LSTM-GCN model, 2.5 million data samples 
are used for the training of the model, 500 data samples are used for the testing of the model, and the 
prediction results are taken as 4s as the time step. In the table, DWS stands for decomposed wind 
speed component, YE stands for yaw error, WD stands for wind direction, RS stands for rotor speed, 
and WS stands for undecomposed wind speed. DWS+YE means that the input vector includes 
decomposed wind speed and yaw error. DWS+YE+WD means that the input vector is added with the 
wind direction on top of DWS+YE, and the input vector includes decomposed wind speed, yaw error 
and wind direction. Similarly, DWS+YE+WD+RS means that the input vector includes the decomposed 
wind speed, yaw error, wind direction, and rotor speed, and WS+YE+WD+RS means that the input 
vector includes the undecomposed wind speed, yaw error, wind direction, and rotor speed. 

First, the impact of model inputs of different unit state quantities on the prediction accuracy is 
analyzed, and the input vectors are DWS, DWS+YE, DWS+YE+WD, and DWS+YE+WD+RS, respectively, 
and test comparisons are performed, and the graphs of the power prediction results for the inputs of 
different unit state quantities are shown in Fig. 7. Legends D, DY, DYW, and DYWR in the figure are 
abbreviations for DWS, DWS+YE, DWS+YE+WD, and DWS+YE+WD+RS, respectively. 
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Fig. 7. Input power prediction results of different unit state quantities 

Comparing the three prediction error metrics of MAE, RMSE, and MAPE for different unit state 
volume inputs, the DWS+YE with yaw error added to the input data is reduced by 2.17 KW, 1.27 KW, 
and 0.19%, respectively, compared to the DWS with only the decomposed wind speed component. 
DWS+YE+WD is 0.91KW, 0.21KW and 0.23% less than DWS+YE and 3.08KW, 1.48KW and 0.42% less 
than DWS. DWS+YE+WD+RS is 42.90KW, 57.59KW and 5.66% less than DWS+YE+WD and 45.98KW, 
59.07KW and 6.08% less than DWS. As more state quantities related to unit operation are input to the 
model, the error gradually decreases and the prediction becomes more and more effective. And the 
prediction accuracy is significantly improved after the rotor speed is added to the input data. The 
reason is that, in addition to the main relationship between the generating power of the unit and the 
wind speed, there are also some state quantities affecting the operation, such as the wind direction, 
yaw error, etc. These state quantities affect the process of converting the wind speed into power, and 
taking them into account in the model can make the prediction model fit the actual situation better. At 
the same time, the current rotational speed of the unit reflects the current moment of inertia and the 
operating state at this time, and the current yaw error and the current wind direction of the unit also 
have a strong correlation with the unit's power generation efficiency. The rotor speed is directly 
related to the operation state, which more directly reflects the actual situation, making the addition of 
rotor speed more obvious to improve the prediction accuracy. 

Table 4. Prediction error of different time steps 

Input volume 
Error index 

MAE/kW RMSE/kW MAPE/% 

DWS 68.35 87.42 8.91 

DWS+YE 66.18 86.15 8.72 

DWS+YE+WD 65.27 85.94 8.49 

DWS+YE+WD+RS 22.37 28.35 2.83 

WS+YE+WD+RS 41.65 52.13 5.36 

 
To analyze the effect of decomposition of wind speed on wind power prediction, DWS+YE+WD+RS 

is tested and compared with WS+YE+WD+RS. The results of wind speed decomposition and 
undecomposed power prediction are shown in Fig. 8. 

From Table 4, it can be seen that the MAE, RMSE, and MAPE indexes of DWS+YE+WD+RS are reduced 
by 19.28 KW, 23.78 KW, and 2.53%, respectively, compared to WS+YE+WD+RS. Meanwhile, 
observation of Fig. 8 shows that the fitting of WS+YE+WD+RS is not as effective as DWS+YE+WD+RS 
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in some local extreme parts. The reason for this is that the input of DWS contains wind speed 
decomposition components, which contain high-frequency information of wind speed, and the 
learnable information in the local extreme value part is significant, which makes the model can learn 
directly, and the obtained prediction accuracy is higher and the fitting effect is better. 

 

Fig. 8. Wind velocity decomposition and undecomposed power prediction results 

4. Conclusion 

In this paper, a multivariate wind power ultra-short-term power prediction model coupled with LSTM, 
Logistic, and GCN is constructed, and the performance of the model is tested. 

1) The correlation between four weather features, namely wind speed, wind direction, pressure, and 
temperature, and the predicted wind power is analyzed. The strong correlation feature screened is 
wind speed, while wind direction, pressure and temperature are all weakly correlated features. Thus, 
wind speed is used as the third dimension of the input data, and wind direction, pressure and 
temperature are normalized and weighted according to the magnitude of correlation as the third 
dimension of the input data. 

2) Compare the performance of the proposed Logistic-LSTM-GCN prediction model with LASSO, 
XGboost, LSTM, GRU, and TCN-LSTM, and the MAE, RMSE, and R² of the Logistic-LSTM-GCN model are 
3.34%, 5.89%, and 79.76% respectively, which are smaller than those of the other models, while the 
R² values are all larger than other models, indicating that the model in this paper can effectively extract 
the spatio-temporal information of wind farms and improve the power prediction accuracy of wind 
power clusters. Meanwhile, under different input cases, the prediction error of this paper's model with 
four-dimensional spatio-temporal feature matrix is the smallest and the prediction accuracy is the 
highest, which in turn verifies the effectiveness of the model. 

3) Analyze the effects of time step and unit characteristics on model prediction performance. With 
the increasing time step, all the error indicators are gradually increasing. Comparing the MAE 
indicators, from 1s to 9s, the values of the error indicators MAE, RMSE, and MAPE gradually increase. 
It indicates that as the time step increases, the moment to be predicted is farther away, and the 
prediction error obtained is higher. Meanwhile, the prediction accuracy of the model in this paper still 
maintains a high level in general, indicating that the established prediction model has some 
applicability at different time steps. In addition, the values of MAE, RMSE, and MAPE decrease 
gradually with the increase of the input types of unit state quantities, such as wind speed, yaw error, 
wind direction, and rotor speed, indicating that these state quantities affect the process of converting 
the wind speed into power, and they should be taken into account in the model so that the prediction 
model can better fit the actual situation, and accurate ultra-short-term prediction of wind power can 
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be carried out. 
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