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Research on Inventory Prediction Based on Principal Component
Analysis and BP Neural Network

TENG Yanggang,CHEN lJinjie, GE Guilin
( School of Machine Engineering,University of Shanghai for Scienice and Technology,Shanghai 200093,China)

Abstract:In recent years,the ever-increasing costs of human.resources,logistics,and warehousing have led to the rise of
component manufacturing costs.Accurate inventory foreedsts can helprénterprises adjust production plans accordingly,reduce
manufacturing costs,and help maximize profitsiThis paper adopts the PCA method to determine the factors that affect the
inventory,writes python codes to analyze the main factors affécting the inventory,including orders,monthly sales and other
factors,puts forward the JIT zero inventoryas the development direction of enterprise inventory management.Then the
factors that affect the inventory are selected,analyzing and calculating relevant network parameters,establishing BP neural
network,using MATLAB to write the prediction algorithm,predicting the inventory in September,confirming the rationality of
the prediction,and verifying the effectiveness of the algorithm.
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def pca(dataMat, percentage=0.8): HFE4)EE

meanVals=mean(dataMéatsaxis=0)# FI{H

meanRemoved=dataMat—meanVals H##[E{E

covMat=cov(meanRemoved, rowvar=0) #:KiHF=E

eigVals, eigVects=linalg . eig(mat(covMat))

k=eigValPct(eigVals, percentage)

eigVallnd=argsort(eigVals) #HEF

eigVallnd=eigVallnd[: —(k+1).—1] # F 5

redEigVects=eigVects|: ,eigVallnd]

lowDDataMat=meanRemoved*redEigVects # %4k

lowDDataMat reconMat=(lowDDataMat*redEigVects.
T)+meanVals
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Tab.2 Correlation matrix of inventory influencing factors
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Tab.3 Interpretation of total variance
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1 2.616 32.701 32.701
2 2.135 26.684 59.385
3 1.251 15.631 75.017
4 1.001 12.513 87.529
5 0.738 9.22 96.749
6 0.226 2.822 99.571
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Fig.1 Gravel map
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Fig.2 Neural network structure
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Fig.3 Program operation result
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