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Research on Cost and Schedule Delay Prediction for Subway
Construction Projects Based on Artificial Neural Networks

FANG Jifei
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Abstract; Subway construction projects often face the risk of overruns of cost and delays of construction
period due to complex geological conditions and dynamic parameter coupling. In this study, a model for
cost and construction period prediction was constructed based on an artificial neural network ( ANN) ,
and the back propagation (ANN-BP) algorithm was used to optimize the network structure and activation
function. Through the verification of engineering data of Jinan Metro, the research results indicate that
the model of hyperbolic tangent function, combined with 5 neuron hidden layers, shows excellent
performance in cost and construction period prediction. Specifically, the coefficient of determination
(R?) of the test set for cost prediction is 0. 899, and the root mean square error (RMSE) is 0. 028. The
test set R” of the construction period prediction is 0. 971, and the RMSE is 0. 024, which is significantly
reduced by 53. 8% compared with the Sigmoid function. Compared with support vector regression (SVR)
and random forest (RF) models, R* of ANN-BP in cost prediction is increased by 18.7% and 9.2%,
respectively, and RMSE is decreased by 32.4% and 22.2%, respectively. In the construction period
prediction, R* is increased by 21. 5% and 14. 0%, respectively, and RMSE is decreased by 28. 9% and
22.6% , respectively. The model effectively captures the nonlinear relationship between surrounding rock
grade and thrust torque by integrating geotechnical mechanical parameters and shield dynamic working

condition data, and the error is concentrated in the range of = 5%. This model provides a high-precision
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tool for cost control and schedule management of tunnel engineering, and its algorithm robustness has

significant application value in complex geological scenarios.

Keywords : subways ; tunnels; artificial neural network ( ANN) ; cost; construction period; hyperbolic

tangent function
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Table 1 Top ten risk factors affecting costs
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Table 2 Top ten risk factors affecting delay
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Table 3 Performance of ANN models with different structures ( cost as output)
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Table 4 Effect of transfer function on performance of ANN model( cost as output)
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Table 5 Performance of ANN models with different structures ( cost as delay)
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Table 6 Effect of transfer function on performance of ANN model( cost as delay)
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Table 7 Comparison of cost prediction performance

of different models
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3.2 KT ANN-BP BRI ZE S T
Il 6 /R T ANN-BP BERUZEFEGR RO iy 45

FEVIZRR Bt , ANN-BP #5570 () P B F8 b5 20 31 R« A0 G
FHUR ] 0.995, UL5E RELR® 4 0.991, ¥ MR 5 22
RMSE 4 0. 022, W&l 6a Fr7w ., i F B, ANN-
BP BRUAPERETE AR 730 R AHOC R L R 2 0. 986, Tk
SEZRBR M 0.971, ¥R 2 RMSE 4 0. 024, &l
6b T/ o 3X AL T ) 4 28 23 5 0 5 JXUJ: 1) 15
RCHUNEE J7 . SR, 2% 5 B o, Mool 4
i, R R? FREZE 0. 869, 1] it 5 G HHLIfE ) FHAE

SR ASE SRR R A G, i DLk ek
USRS AR R 2R, IEAh, XUt 1E-D) PR X (tanh )
AHEETF Sigmoid PREL, 76 T AT il i 45 RMSE [%
1k 94.3% (WL3% 6) 1525 THXIFRER B Re 2200 T2
BT TP R AR R () R, 5 R T A Y A
ANN-BP 7 7E SR T30 v (0 e IR AR, 23R B
BRI R BRI E R0, LSRR i 22, &
7 J&/R T ANN-BP #5875 I B B xof 4~ 301 H 52 PR
FELR P TR,

1 »=0.998 3x + 0.001

T |y=0.987 5x+0.000 3,8
R?=0.990 8

R*=09713 o

0 01 02 03 04 05 06 0 01 02 03 04 05 06

S BUAE B o i SR B

a YIZBrE b R B
B 6 SCil{E S T {E B AH 0 1 43 0T (i i D SE 1R )
Fig. 6 Correlation analysis between measured and

predicted values (delay as output)

0.6r
0.5
0.4}
gos r
021
0.1

0 2.0 4.0 6IO 8|O 160 1‘20 140 IéI»O
FEARE
7 ANN-BP #2805 B B 49 38 iR T
Fig.7 Delay prediction in the testing phase
by using ANN-BP model

[ R, 56U ANN-BP 5 0 7 T 4 4iE 15 7500
HRY PR | A BT TR HE S S8R ) B R (SVR) |
BEHLARR (RF) S5 (L GERLRLHEATXF LE, A3k 8 FT 7R .
LR 7R, ANN-BP 7E 304 1 /Y R %% SVR 42
21. 7% ,RMSE F#A% 29. 4% , F W HARIE L5 R4
B R RO R I T T AR R R R R
ZeH SRR (AT JZ WEREATT ) , ANN-BP A5 ) T
W22 B E LT SVR 5 RF A, — 2040k 73
TESNASTOLT M3 FH

R8 AREBM AT ERERT EE
Table 8 Comparison of delay prediction performance

of different models

] RA(M4E) RMSE (1 144)
SVR 0.798 0.034
RF 0. 852 0. 031
ANN-BP 0.971 0.024
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