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ABSTRACT: With the increasing complexity of the power
grid structure, the accuracy of automatic generation control
(AGC) instructions executed by units is gradually increasing
the impact on the online control of the power grid. In view of
the fact that the effect of AGC command tracking in some
stations is not accurate, this paper introduced “deep learning”
technology to accurately perceive and evaluate the effect of
AGC control command execution. Firstly, an accurate
identification framework of AGC command execution effect
based on deep learning was proposed, which used deep
independent recurrent neural network (DINdRNN) to accurately
perceive the effect of unit execution command. Secondly, a
preprocessing strategy to speed up model training was
proposed, which realized model input identification based on
historical data of unit operation by analyzing the correlation
characteristics between different input attributes. Finally, an
uncertainty evaluation method for the effect of instruction
execution was proposed, and the DINdRNN-RVM deep fusion
technology was used to give the credibility of the prediction
results within the given output deviation range, which
enhanced the usability of the prediction results from the
perspective of probability. The simulation results showed that
the proposed identification framework and model optimization
method could accurately perceive the accuracy of unit
execution instructions and the reliability of execution results.
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The method proposed in this paper improves the power grid's
accurate perception and prediction of AGC command execution
effect, and can provide support for AGC online decision-making.
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Fig. 1 Recurrent neural network
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Table 3 Quantitative comparison of prediction accuracy
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Table 5 Quantitative comparison between DINARNN

and BP model
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Table 6 Unit actual output and predicted output table
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10 309.29 304.69
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After years of research, automatic generation
control (AGC) has become increasingly mature and has
been widely used. In recent years, with the continuous
increase of new energy power plants, the impact of the
uncertainty of their output can not be ignored. In
engineering practice, AGC often adjusts the output of
thermal power units to keep the power balance of the
system. However, in some areas, due to the aging of
generator equipment and environment, the execution
result of AGC commands often deviates greatly, which
not only leads to the failure of AGC control strategy to
achieve the desired control effect, but also leads to the
occurrence of boundary tie line overrun due to poor
command execution ability.

In view of the above problems, this paper
constructs a deep neural network model and uses
historical data for model training. By using this model,
the AGC system can predict and evaluate the execution
of unit instructions in the operation cycle, so as to
improve the control efficiency.

Based on this idea, this paper proposes a deep
fusion network based on DINdRNN-RVM to predict the
unit output and give the confidence of the prediction
results. The network uses the historical data of the unit
for training, and uses KPCA model to reduce the
dimension of the input variables. This model provides
quantitative decision support for the effect and reliability
of instruction execution in AGC online decision-making.

The specific implementation steps are as follows:

1) The historical data of unit operation is obtained
through API of power grid database.

2) KPCA is used to preprocess the data and reduce
the data dimension. KPCA parameters are determined by
k-fold cross validation grid search algorithm.

S18

3) The DINARNN model is trained with the reduced
dimension data, and the data features are extracted with
the model.

4) The RVM model is trained with data features to
obtain the prediction output and confidence, and then
connected with DINdRNN model to form a fusion model.

5) The pretreatment model and DINdRNN-RVM
model are combined to give the prediction and
confidence evaluation of unit output.

Real data of power grid is used for verification. The
data scale is half a year, the sampling period is 1 minute,
and the total number of data is 262080.

Fig. 1 shows the prediction results of the fusion
model proposed in this paper and other models, and
Fig. 2 shows the prediction and confidence evaluation
results of the fusion model proposed in this paper.
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Fig. 2 Long-term prediction of DINndRNN-RVM model



