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Abstract: To achieve the goals of carbon peaking and carbon neutrality, adjustable load has become emerging regulation
resources of the power grid. In order to solve the mode aliasing phenomenon in EMD and obtain good time perception of
load series, an adjustable load prediction method that combines EEMD with BiLSTM is proposed. The working principles of
EEMD and BiLSTM were expounded. The preprocessed adjustable load series was decomposed by EEMD algorithm, and
then the decomposed component data and original data were used for load prediction modeling and reconstruction,
respectively. Experimental results show that EEMD-BILSTM can effectively express the relation between time sequence
and adjustable load with a high accuracy.
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