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Abstract

Under the background of material intensification and intelligent supply chain management, this
paper builds a set of top-down and bottom-up prediction models based on protocol inventory de-
mand analysis, application system engineering theory and modern demand chain management
theory. Based on the predictive model, this paper establishes a procurement demand forecasting
system suitable for the procurement demand characteristics of the power system, and applies a
large amount of historical data to analyze the forecasting effect for different life cycle stages and
different demand types. In the analysis process, this paper improves the prediction accuracy by
continuously adjusting the model parameters, and in the process of continuously improving the
demand forecasting system, solidifies the top-down forecasting model, and finally builds a large
planning system based on the project’s full-process visualization platform.
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Figure 1. Big data procurement demand forecasting model
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Figure 2. Bottom-up demand forecasting model framework for power materials
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Figure 3. Up-bottom demand forecasting model framework for power materials
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Table 1. Overall distribution of item clustering
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