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Abstract

As a pillar industry of the national economy, the construction industry consumes a lot of building
materials while promoting social development. China is promoting the high-quality development
of the construction industry while saving materials and energy saving and emission reduction ac-
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tions, which is of great significance to achieve China’s “double carbon” goal, but also save a lot of
economic costs and resources. An important means to optimize the consumption of building ma-
terials is the fine management of building materials, and the basis of this work is to accurately
forecast building materials, to support the optimal management of building operations, and to
achieve the goal of saving building materials. This project uses a machine learning method to ana-
lyze and study the historical data and influencing factors of building materials and builds a build-
ing materials consumption prediction system to predict the building materials demand in the de-
sign, construction and use stages of buildings. This project aims to provide a theoretical basis and
practical guidance for intelligent construction and sustainable development in the construction
industry.
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Figure 1. Heat map of correlation between features
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Table 1. The grey prediction model predicts the values of the selected features
1 G FUMRRTUN ik ER A

X3 X5 X8 X10 X11 X12
FiMME 1 11,980,347 10,500,423 73,394,636 40,107,127 1678 50,843,506
TimE 2 12,605,948 11,056,891 7,819,751 44,828,110 1774 57,905,229

Table 2. P-value and C-value returned by the grey prediction function to determine the
prediction accuracy level of the screened features
2. REFNERBOREE P A C EX A IFEFHER NS B FRFIE

P C TIIAS P2 55 2%
X3 1.0 0.031 I
X5 1.0 0.053 I
X8 1.0 0.148 I
X10 1.0 0.129 IF
X11 1.0 0.167 32
X12 1.0 0.068 32

MFE 2 ATH1, X3, X5, X8, X10. X11. X12 iX 6 MFAESHIPN#l2 “4F” , nfLUH TH% SVR
ST A o

TRATRG SO BT AT B s, AT A Ak, (A SVR ST AT/ U 1 A0 FiE 2
(R ST RHH FE R 402 3 Fa, IS (2504 5 177 s Bt o LU OR B 158 B 2 521K SVR B AL S RUR L R,
FEA LS 2 () FE 4> 3 2,350,197 55 2,539,184, I AR A )T~ 15 24 3k 158 22 5 v {1 4 0o 438 22 AN,
AR T 55 R2 (AR 435 1, X R B (T R
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Table 3. Predicting the results of numerical linear regression analyses
= 3. FUNBEL M EYIAN TR
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F F (1,13) = 4659.034, p = 0.000
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Figure 2. Plot of true vs. predicted values
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L PRI SRS, Aol AT AR A AR AT B < o5 P RRAS, S v R A R o IR AT oAb A 7 B2 R
BAEEAR . XA THREM MR TS E BN, e BERMEEA MR, USRI e
BEMTEG )], et n] Fra R

5. &g

EFOLAENERET A, AR REER CRENEMN, RN AR REFM R
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