5 18 BH 2 KDPEIXFZFZHR(BAMFM) Vol. 18 No. 2
202146 H Journal of Changsha University of Science & Technology ( Natural Science) Jun. 2021

XEHES:1672—9331(2021)02—0049—08

E F RF-PSO-LSSVM W E E &
Iy B T HA IXUBE T il

(R VDB TR 4238 15 i

H

B WM K 410114)

B OE . P R A ST A IR FIUI A A B /> R AR 2 R R R A S T R BB AL AR AR (ran-
dom forest, RF) & % 1 47 7 B (particle swarm optimization, PSO) 8 ¥ 4k #% /)y — 3 32 FF 7] &2 HL (least
squares support vector machine, LSSVM) [ 7 )22 22 5130 H T 39 KBS TN AL RS . R 78 FRAF e 46 5 i BB 8
FAUH ) RE 5020 2 1) e AR R7 AE 748 5 FITT PSO S % LSSVM Y 1E W A6 2 BN % ok 802 Btk AT oA s R
PRGBS B AR LA K F oy, (BT I A 37 A58 280 1) 5 00 1R BE 0 A7 30 UE 5 3P Al . AT SR 4 R AR W JH i g S i A 1
X 1 2 A ST H AT A KU T T BRI R IR B T 93, 7100 A EDRIE BT 94,04 %, BRGNS
T TN v R A AR T R UK SR G 2P S T 2 A ST T XU B S0 Uy v T 45 R n] Oy
rey J2 S H S LR R —E S

KB EEHIH ; TR W0 5 B AT AR AR B s R RS 5 B ke S AR e AL

HESES: TUIT4;TP399 XEAREE: A

Risk prediction of high-rise building project duration
based on RF-PSO-LSSVM
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Abstract: Aiming at the characteristics of small sample data and high feature dimension in
risk prediction of high-rise building project duration., a risk prediction model of high-rise
building project duration was proposed based on least squares support vector machine (LSSVM)
optimized by random forest (RF) algorithm and particle swarm optimization (PSO) algo-
rithm. RF algorithm with obvious advantages in feature selection was used to select the best
feature subset. PSO algorithm was used to optimize the regularization parameters and ker-
nel function parameters of LSSVM. The precision rate, recall rate and F,,, value were used
to verify and evaluate the predictive performance of the proposed model. The research re-
sults show that the average precision rate reaches 93.71% , and the average recall rate rea-
ches 94. 04 % to predict the risk of high-rise building project duration using the proposed model.

The proposed model can accurately predict the risk level of high-rise building project duration, im-
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proves the risk prediction method of high-rise building project duration, and the predicted results

would provide a reference for risk control of high-rise building project duration.

Key words: high-rise building project; risk prediction of duration; random forest algorithm;

particle swarm optimization algorithm; least squares support vector machine
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Fig. 2 Analysis results of principal component
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Fig. 3 Ranking results of RF feature importance
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Fig. 5 Optimizing process of LSSVM parameters
using PSO algorithm
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