%45 11 M Lo

2021 11 H

SRS

Power System Technology

Vol. 45 No. 11
Nov. 2021

XEHS: 1000-3673 (2021) 11-4444-08

FESES: T™M 721

WERFRERE: A FRMREE: 470-40

AT EBLRWGENT R CNN-LSTM
8 £g HAER, 77 Safar Foum

X T, BAF
(LmwARF wF5F818%%, LT #HHEKX 200090 )

Ultra-short-term Power Load Forecasting Based on Cluster Empirical
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ABSTRACT: To reduce the influence of complicated
environmental factors on the results of the ultra-short-term
electrical load forecasting and improve the prediction precision
and operation efficiency of the algorithms, this paper proposes
a CNN-LSTM hybrid prediction algorithm based on the cluster
empirical mode decomposition (CEMD). Firstly, this empirical
mode decomposition (EMD) is used to decompose the load
data into several intrinsic mode functions (IMF) and residual
(Res) with the excellent smoothness and regularity. Secondly,
for the sake of simplify the calculation volume of the
subsequent model, the k-means clustering method is used to
group and integrate the decomposed components. In the mean
time, by analyzing the prediction effect of different clustering
numbers, the optimal clustering tag is selected to construct the
input data of the neural network. After that, the data of each
group are input into the CNN-LSTM hybrid neural network,
where the CNN mines the features between the data to form the
feature vectors which are input into LSTM for prediction.
Finally, all the forecasting results are added linearly to get the
complete forecast load. Compared with the existing models, the
proposed method in this paper has higher prediction accuracy

through the real load test.

KEY WORDS: ultra-short-term load forecasting; CEMD;
CNN; LSTM
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Table 1 Prediction error and time required for different
cluster numbers

REH MAE MAPE/% RMSE FiF 8] /s
1 14.160 8.531 21.339 160.838
2 19.527 8.919 27372 328216
4 12.633 6.934 19.435 666.348
6 8.169 5.861 14.074 1002.822
8 10.076 6.693 15.918 1316.936
10 4357 3.821 5514 1630.899
12 5.113 4.195 5.691 1960.968
14 6.026 4.895 6.935 2439.710
16 5311 4549 6.523 2650.832
17 5.027 4911 7.019 2730.219
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Fig. 7 Final prediction results of the model proposed in
this paper
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Fig. 8 Comparison of the predicted values of the proposed
model with traditional signal models
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Fig. 9 Comparison of the predicted values of the proposed
model with hybrid deep learning models
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