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Fig.1 Overall architecture of load forecasting model
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Short-term power load forecasting method based on CNN-SAEDN-Res
CUI Yang',ZHU Han',WANG Yijian',ZHANG Lu*,LI Yang'
(1. Key Laboratory of Modern Power System Simulation and Control & Renewable Energy Technology,
Ministry of Education,Northeast Electric Power University,Jilin 132012, China;

2. College of Information and Electrical Engineering,China Agricultural University, Beijing 100083, China)
Abstract: The sequence model based on deep learning is difficult to deal with load data mixed with non-
temporal factors, which leads to insufficient forecasting precision. A short-term power load forecasting method
based on convolutional neural network (CNN), self-attention encoder-decoder network (SAEDN) and residual-
refinement (Res) is proposed. The feature extraction module is composed of a two-dimensional convolutional
neural network, which is used to mine the local correlation between data and obtain the high-dimensional
features. The initial load forecasting module is composed of a self-attention encoder-decoder network and a
feedforward neural network. The self-attention mechanism is used for self-attention encoding of high-dimen-
sional features,the global correlation between data is obtain,thus the model is able to retain important infor-
mation in the data mixed with non-temporal factors according to the coupling relationship between data. The
self-attention decoding is performed by the decoding module,and the feedforward neural network is used for
the initial load regression. The residual mechanism is introduced to build the load optimization module, the
residual load is generated, and the initial load is optimized. The example results show that the proposed
method has advantages in terms of forecasting accuracy and forecasting stability.

Key words: short-term power load forecasting; convolutional neural network ;self-attention mechanism;residual

mechanism;load optimization
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Fig.A2 Structure of initial load forecasting module
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Fig.A3 Self-attention mechanism



!

&

itz

®

A4 TR ARIR 54
Fig.A4 Structure of load refinement module

Hodl A B

l

X3 Ik M FEA

FrIFEA NI
i
|
B E A S PRI
!

IR TR 7Y

WA T
|
VB e
]

o G 4

{2 BE R A

A5 FFEA AT TN 75 R R AR
Fig.A5 Flowchart of short-term load forecasting method
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Table A2 The prediction results of the model in this paper are compared with those of the sequence model

HIR TEH REH —H
7%

7 A, 1% E, nw A, 1% E, xw A, 1% E, mw A, 1% E, mw
CNN-SAEDN-Res 96.28 1232 9658 1230 %582 17.30 9637 372
CNN-SAEDN 95.79 14.42 96.49 12.89 95.73 17.65 96.27 1425
CNN 95.89 1427 95.65 15.58 94.64 21.16 95.36 1717
LSTM 95.75 1488 95.35 17.73 95.01 20.47 95.25 1851
CNN-LSTM 95.14 1798 95.47 16.41 9557 17.55 95,50 16.74
GRU 95.14 1654 95.58 15.42 94.79 21.05 95.35 17.03
CNN-GRU 94.48 1828 95.86 15.50 94.46 2141 95.46 1719
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Table A3 The prediction results of the model in this paper are compared with those of the attention model

B1IR TfEH REH —H
ik

7 A, % E, xw A, 1% E, nw A, 1% E, nw A, 1% E, nw
CNN-SAEDN 95.79 1442 96.49 1289 %5.73 1765 927 1425
CNN-SA 95.84 1315 95.65 14.88 94.56 20.86 95.34 1659
CNN-LSTM-SA 95.92 14,63 95.94 14.05 95.45 19.44 95.80 15.59
CNN-GRU-SA 95.81 1451 95.85 14.67 94.97 20.02 95.59 16.20
CNN-CA 95.79 1275 95.41 15.84 95.00 18.40 95.30 1657
CNN-LSTM-CA 95.17 15.97 95.76 1521 95.34 17.64 95.64 15.90
CNN-GRU-CA 95.92 14,60 95.76 15.08 95.57 1737 95.70 1573
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Table A4 Comparison of model forecasting results on a power load
dataset of a region in southern China

—H

Tk Ad 1% Ed IMW THHUE E ms
CNN-SAEDN-Res 97.56 117.69 19.1
CNN 95.85 208.13 3.7
LSTM 95.76 224.37 2.9
CNN-LSTM 96.78 163.29 4.6
GRU 94.49 265.24 2.3
CNN-GRU 96.46 180.14 4.1
CNN-SA 96.37 190.94 5.9
CNN-LSTM-SA 97.15 143.46 7.1
CNN-GRU-SA 97.04 144.68 6.7
CNN-CA 96.30 181.61 5.3
CNN-LSTM-CA 97.19 141.98 6.3

CNN-GRU-CA 96.97 151.10 6.1




