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ABSTRACT: It is an important application of load forecasting to predict the power demand of the whole country or a certain
region by using large scale load data. A load integrated forecasting method based on improved K-Means clustering and Elman
neural network is proposed in this paper. Firstly, it is proposed to add city labels to the collected regional users, and then
clustering analysis is carried out on the load of users in the same city, then, a neural network prediction model is established for
the same users considering meteorological factors and finally the forecast results of each category are summarized to obtain the
total load of the city or even region. In this paper, 182 sets of user load in a city in a certain region are taken as examples for
numerical simulation. The results show that the method proposed in this paper can greatly improve the accuracy of load

prediction and achieve high-quality load integrated prediction.
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Fig. 3 Flow chart of load integrated forecasting
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