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Abstract: With the steady development of the new-type power system and the continuous construction of the
" dual carbon" targets, the "new interactive mode of source and load" has emerged as an inevitable trend in the ener-
gy transformation of the power system. The power load, characterized by diversity and flexibility, is an important com-
ponent of the power system. Research on its prediction scenario analysis and prediction model is crucial for the opera-
tion, maintenance, and planning of the new power system. In order to conduct in-depth research on the progress and
breakthroughs made in the field of load forecasting under the background of artificial intelligence, we focus on load fore-
casting in the new-type power system. We summarize the necessity and practicality of current load forecasting and intro-
duced five typical load forecasting scenarios in a classified manner. In addition, we conduct a systematic analysis on
the load forecasting model based on artificial intelligence, and compare the characteristics of single forecasting models
and combination forecasting models with artificial neural network , deep learning algorithms and ensemble learning algo-
rithms in machine learning. Furthermore, we elaborate on the current application status of various models in the field of
load forecasting, aiming to provide a reasonable reference for the construction of a new mode of source load interaction
in the new-type power system within the framework of the " double carbon" targets.
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Fig. 12 Curve of load forecasting results
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Tab. 2  Error results of the load forecasting models

F5i70 RMSE MAE MAPE R?
LSTM 183.24  120.93 1.53% 0.989 0
BiLSTM 176.05  116.67 1.45% 0.989 8
CNN 66. 76 52.42 0.76% 0.997 1
GRU 163.05  112.20 1.41% 0.991 3
CNN-LSTM  54.44 39.83 0. 49% 0.999 0
CNN-GRU  52.67 36. 49 0. 46% 0.999 1
XGBoost 64. 88 47.43 0. 63% 0.998 2
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